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Accounting for subliminal priming in ACT-R

Leendert van Maanen (leendert@ai.rug.nl)
Hedderik van Rijn (D.H.van.Rijn@rug.nl)
Artificial Intelligence, University of Groningen
Grote Kruisstraat 2/1, 9712 TS Groningen, the Netherlands

Abstract

This paper presents a cognitive model of a subliminal
priming task, using Retrieval by ACcumulating Evidence
(RACE), a model of declarative memory retrieval. RACE is
implemented as an extension to the ACT-R architecture of
cognition. First, we will discuss the exact implementation
of RACE within the constraints imposed by ACT-R.
Second, we will discuss the subliminal priming task that we
modeled and present a cognitive model of this task that
incorporates RACE.

Introduction

Successful behavior depends for a large part on having
declarative knowledge available at the right time. Humans
are therefore continuously retrieving declarative facts
from long-term memory storage, based on their
continuously updated perception of the environment. The
continuous character of perception is reflected in the
memory retrieval process, as can for instance be observed
in the retrieval latencies of psychonomic experiments in
which stimuli are asynchronously presented (e.g., picture-
word interference, Glaser & Diingelhoff, 1984) or in
experiments in which the presentation durations of stimuli
are manipulated (e.g., subliminal priming, Marcel, 1983).
A cognitive model of declarative memory retrieval should
also reflect the continuous character of the input on which
memory retrievals are based. However, current cognitive
architectures such as ACT-R (Anderson, Bothell, Byrne,
Douglass, Lebiere, & Qin, 2004) or Soar (Newell, 1990)
cannot satisfactorily account for this (Van Maanen & Van
Rijn, 2006; in press). Retrieval by ACcumulating
Evidence (RACE) is a model that does describe the
process of retrieving one or more chunks of information
from memory. In RACE, memory retrieval is not
considered ballistic, but is rather thought of as a process in
which the likelihood that a piece of information will be
needed for successful behavior is continuously estimated.
Therefore, the likelihood estimate can be continuously
adapted to the changing environment.

RACE can be perceived as an interaction of ideas from
cognitive architectures that rely on symbol manipulation
(Anderson et al., 2004; Newell, 1990) and ideas from
sequential sampling models (Ratcliff & Smith, 2004;
Usher & McClelland, 2001). The architectural nature is
clear from the cognitive constraints imposed on RACE. In
the current implementation of the theory, we constrained
RACE by adopting the rational approach that is intrinsic
to the ACT-R cognitive architecture (Anderson et al.,
2004). However, the subsymbolic computations that drive
declarative memory retrieval are rooted in sequential
sampling.

This paper will describe how RACE is implemented in
the ACT-R architecture of cognition and will present a
RACE model of a subliminal priming task. We will
discuss which features of RACE naturally align with
ACT-R, and which features of RACE seem to contrast
with ACT-R. We chose to implement RACE as an
extension to ACT-R because of ACT-R’s widespread use
in the cognitive modeling world (see for instance the web
site of the ACT-R community: http://actr.psy.cmu.edu).
More importantly however, adopting an existing general
approach towards cognition will reduce the proliferation
of different cognitive theories (Newell, 1990), and will
constrain theorizing about RACE. A third reason for
choosing ACT-R as a modeling framework is that the way
ACT-R defines retrieval latency has difficulties with
modeling semantic interference (Van Maanen & Van
Rijn, 2006; in press). Extending ACT-R with RACE
might solve this issue.

ACT-R

A prominent theory that explains behavior at the symbol
manipulation level is the ACT-R architecture of cognition
(Anderson et al., 2004). Because RACE is implemented as
an extension to ACT-R, we will give a very short
overview of the architecture, concentrating on these
aspects of the theory that relate to declarative memory
retrieval.

ACT-R is a cognitive theory in which production rules
operate on declarative memory and the environment.
Production rules are conditions-actions pairs whose
actions are executed if their conditions are met. To
determine which production rule’s actions will be
executed, ACT-R contains a set of buffers of which the
content is matched against the conditions of each
production rule. If multiple production rules are
applicable — meaning that, given the buffer contents,
multiple sets of actions may be performed — the
production rule with the highest utility will be selected, a
process called conflict resolution. By default, the buffers
represent the current goal of the system, the current
perceptual state, and a declarative fact that is currently in
the focus of attention, that is, that is recently retrieved
from long-term memory. Other buffers may be defined if
necessary for the task at hand (as has for instance been
done for prospective time interval estimation, Taatgen,
Van Rijn, & Anderson, in press). The content of a buffer
is a chunk: a symbolic unit that represents a simple fact,
such as The capital of Canada is Ottawa, or The object |
am attending is green and spherical. Both these example
chunks are declarative facts, but the first example can
typically be found in the retrieval buffer, and represents a
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fact that has been retrieved from long-term memory,
whereas the second example represents a visually
observable fact of the world, and might be present in the
visual buffer. In the context of this paper, we are primarily
interested in the way ACT-R incorporates retrieval of
chunks from long-term memory, although we not
necessarily want to constrain RACE to declarative
memory retrieval.

All chunks have an activation level that represents the
likelihood that a chunk will be needed in the near future.
The likelihood is in part determined by a component
describing the history of usage of a chunk called the base-
level activation (B; in Equation 1).

B = ln(i tj'd
j=l

In this equation, # represents the time since the jth
presentation of a memory chunk and d is the parameter
that controls decay, which in most ACT-R models is fixed
at 0.5 (Anderson et al., 2004). The idea is that the
activation of a chunk decays over time unless attention is
shifted to that chunk and its activation is increased. This
way, the base-level activation can be used to model both
forgetting and learning effects (Anderson & Schooler,
1991).

The total activation is the sum of the base-level
activation and another component describing the influence
of the current context (spreading activation, Equation 2).
The spreading activation component is the sum of
strengths of association from chunks j to chunk i, weighed
by Wy, representing the importance of various buffers (k)
and of associated chunks (j).

A =B+ Y YW,S, (2)
ko

A more detailed description of the ACT-R cognitive
architecture is provided in (Anderson & Lebiere, 1998;
Anderson et al., 2004).

(1

RACE model of memory retrieval

RACE is a proposal for a new retrieval mechanism in
ACT-R. In RACE, retrieval of a chunk is thought of as a
process in which the likelihood that a chunk will be
needed given the current context is continuously
estimated. This is different from ACT-R, were the context
can influence the retrieval of a chunk only at the onset of
a particular retrieval request. Note that the continuous
aspects of ACT-R’s base-level learning equation
(Equation 1) are retained in RACE. The continuous
updating of context-based activation is similar to the
account presented in the leaky competitive accumulator
model described by Usher and McClelland (2001).

Also similar to ACT-R, the accumulation process in
RACE is influenced by various sources of evidence.
Increases in activation may be caused by the current
context, which may be formed by the current buffer

contents, or other chunks that are currently active. Via a
spreading activation mechanism these chunks provide
evidence for the likelihood that other chunks will be
needed. That is, they increase the activation of these
chunks.

Another source of evidence for the likelihood that a
chunk will be needed is the history of usage of that chunk.
Frequently or recently used chunks are more likely to be
used again in the near future. In RACE, this is reflected by
the starting point of the accumulation process. The level
of activation at which accumulation starts is determined
by the base-level activation of ACT-R, which reflects the
frequency and recency of the usage of a chunk (Anderson
& Schooler, 1991).

To preserve the temporal nature of the evidence for a
chunk, the accumulated RACE activation is subject to
continuous decay. Activation of a chunk thus decreases if
not enough evidence for that chunk is present. Since the
context may change over time, the accumulation process
is not determined when a retrieval process is initiated (the
retrieval onset), but may also change. Therefore, incoming
information or the removal of information from the
buffers may influence which chunk will be retrieved.

Activation values represent the relative likelihood that a
chunk may be needed (Anderson & Lebiere, 1998), which
means that the level of activation at which a chunk has
been retrieved should also be defined relative to the
activation of other chunks. Therefore, RACE uses a
retrieval ratio that determines how much the activation of
a particular chunk must stand out against the total
activation of all competing chunks. This is analogous to
the relative stopping rule described by Ratcliff and Smith
(2004; cf., ACT-R’s former competitive latency
mechanism, discussed in Van Rijn & Anderson, 2003). If
multiple chunks match the criteria of the retrieval request,
the chunk that reaches the retrieval ratio first will be
retrieved. In these cases, the eligible chunks compete for
retrieval. If the activation levels of multiple chunks
increase, the total activation of the system also increases,
making it more difficult for a chunk to reach the retrieval
ratio. This feature of RACE will prove to be important in
explaining differences in retrieval latency, for example in
the model of subliminal priming explained later in this

paper.

So far, we described the general idea of the RACE model
of memory retrieval. In this section, the exact
implementation of RACE will be presented and how
RACE relates to the ACT-R architecture.

The accumulated activation component of RACE is
described by the following equation:

C(t+Ar) = d*C(1)+ PY,C(1)S, 3)

j€k
This equation reflects the idea that the accumulated
activation of a chunk at a certain moment in time
(Ci(t+Ap)) is determined by the level of accumulated
activation one time step ago (Cj(?)), summed with



spreading activation from other chunks; that is, the
accumulated activation of other chunks (C;(?)) weighed by
strengths of association between these chunks and the
chunk i (Sj;). At retrieval onset, accumulation starts with
the history-based evidence, which is the current base-level
activation. Thus

Ci(retrieval onset) = B;(retrieval onset) (4)

Accumulated activation decays away, the speed of
which is controlled by the parameter d*°. A smaller value
of d* results in faster decay. The parameter § in Equation
3 controls the amount of influence of the context.
Although in ACT-R activation can have a negative value,
we have chosen in our current implementation to ignore

the spreading activation from very small — that is,
negative — activation values for reasons of computational
efficiency.

By continuously updating spreading activation towards
a chunk, the chunk may reach a level of activation at
which retrieval can take place. The time at which retrieval
takes place is the first moment after the start of
accumulation at which the following inequality holds:

A
o
=0

Ee/*/ (%)
j

This means that for a chunk to be retrieved (i in
Inequality 5) the activation should be high with respect to
all competing chunks (j). Because ACT-R activation
values represent the relative likelihood that a chunk will
be needed, an exponential scaling is applied to eliminate
effects from possible negative values, as is common in
ACT-R equations.

Perhaps a clarification is needed on the notions base-level
activation (B;, defined in Equations 1 and 4) and
accumulated activation (C; in Equation 3). To incorporate
frequency and recency effects in the retrieval process, the
accumulation of activation starts at the current level of
base-level activation (Equation 4). During a retrieval
process however, activation is estimated according to
Equation 3. At retrieval, the base-level activation of the
retrieved chunk is also increased to account for the recent
encounter with the retrieved chunk, because at the next
retrieval attempt the base-level activation is again used as
the starting value of the accumulation process.

The question arises which of the two activations (B; or
C)) is a better predictor of the likelihood that a chunk will
be needed. We believe that at very short time intervals —
such as the SOAs from the subliminal priming experiment
discussed below — accumulated activation better aligns
with the empirical data. However, at longer time intervals,
base-level activation has been shown to give good
predictions (e.g., Anderson, Bothell, Lebiere, & Matessa,
1998; Anderson & Schooler, 1991). Because in the
subliminal priming task and model described below prime
and target are retrieved in a very small time window,

focusing on accumulated activation only will suffice to
model the priming effects. Therefore, for this model the
base-level activation values were kept constant over all
chunks.

Subliminal priming

In this section, we will discuss the task we modeled using
RACE: a subliminal priming study by Marcel (1983).
Also, we will discuss why this particular task is
interesting given the specific nature of RACE. In
subliminal priming tasks, primes are presented that are not
consciously perceived by the participant. Usually, primes
are presented for a very short period and are followed by a
visual mask, so that participants can not discriminate
between the presence and absence of a prime (Marcel,
1983; Merikle, Smilek, & Eastwood, 2001). Marcel
(1983) showed that under these circumstances priming
effects persisted. His Experiment 3 describes a Stroop-
task in which words are presented as primes, and color
patches are presented as cues. Participants had to respond
to the color patches by pressing a button associated to one
of the colors. He found the same kind of interference and
facilitation as usual in the Stroop paradigm, but a smaller
effect for the subliminal primes than for the consciously
perceived primes (Figure 3 presents the latencies that
Marcel observed). Marcel concluded that subliminal
primes have an effect on latency, even though participants
are not aware of their presence.

Four prime conditions were tested by Marcel (1983,
Experiment 3): Color congruent, color incongruent,
neutral, and no-word. In the congruent condition, the
prime was the name of the target color, whereas in the
incongruent condition the prime was the name of another
color. In the neutral condition, the prime was a non-color
word that was also unrelated to colors. The no-word
condition presented the mask only. Thus, no prime was
presented. The condition in which the prime was
subliminal was called the unaware condition. In the aware
condition, by contrast, the presentation duration was
400ms. Both prime and cue were presented at the same
time."

From a symbolic perspective, stimuli have to be
considered as symbols in order to engage in cognitive
processing. In ACT-R, this means that a stimulus has to
be present in a buffer. However, stimuli that are presented
for such short durations as common in subliminal priming
paradigms do not reach the visual buffer. ACT-R assumes
an attention shift to the stimulus before an object can be
encoded as a symbolic chunk, which takes a certain
amount of time, estimated at 185ms (Anderson, Matessa,
& Lebiere, 1998). This exceeds the presentation duration

"'In the original experiment, Marcel included also another
condition with a Stimulus Onset Asynchrony between prime and
cue. This condition is similar to the picture-word interference
study by Glaser and Diingelhoff (1984), which has previously
been discussed by Van Maanen and Van Rijn (2006; in press).
Therefore, it is not included here.
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Figure 1: The flow of activation in the congruent
condition of the subliminal priming model.

of the prime in the unaware conditions (which is 80ms at
maximum, Marcel, 1983). In ACT-R models, stimuli that
are presented for less than the time it takes to shift
attention can therefore not influence central cognition.
The way ACT-R deals with stimulus durations is all or
none. Either the stimulus has been presented not long
enough, and the stimulus is not perceived at all, or it is
fully is perceived. Consequently, symbolic theories of
cognition cannot account for subliminal priming data. The
next section will show how RACE deals with the short
presentation durations typical in subliminal priming tasks.

Subliminal priming model

The subliminal priming model comprises three chunk
types, as outlined in Figure 1: Lemmas, concepts, and
motor mappings. The concept chunks can be regarded as
representations of semantic properties. Chunks of the
lemma type can be regarded as sets of orthographic and
syntactic properties of a word. The motor mapping chunks
represent the information which button to press for which
color.

Now, for example in a no-word condition, the cue
(being a color patch) spreads activation to its associated
concept, which spreads activation to the associated motor
mapping resulting in a button press. A similar flow of
activation will occur in the other conditions, albeit that
because of the presentation of a prime word, lemma
chunks will also be activated. The activation of multiple
motor mapping chunks causes competition in RACE,
because the retrieval ratio is harder to reach with multiple
accumulating chunks.

Before the experiment, Marcel determined for each
participant the critical presentation duration for which
participants could not discriminate between presence and
absence of a prime (see Marcel, 1983 for details of the
procedure). The presentation durations he found ranged
from 30 to 80 ms. We used the presentation duration as an
extra parameter in fitting the model to the data, with the
constraints that its value should be in the range that
Marcel found and that the activation of the prime chunk

would not exceed the retrieval ratio (Inequality 5).
Because the primes in the original experiment were
visually masked, we assume that the presentation duration
is equal to the time that the prime is available to the visual
system.

Table 1: Estimated parameter values for the subliminal
priming model.

Parameter Value

Acolor 1.8

Atext L5
255

ac 72

At 5 ms

7] 81

aware presentation duration 400 ms

unaware presentation duration 70 ms

Table 1 presents all relevant parameters for the subliminal
priming model. The presentation duration of primes in the
aware condition is 400ms, as in the original experiment.
The unaware presentation duration was estimated at 70ms,
serving as the model’s critical presentation duration. This
duration depends on the RACE parameters presented in
bold-face in Table 1. These parameters were not estimated
for this experiment, but rather copied from a RACE model
of picture-word interference (an updated version of Van
Maanen & Van Rijn, 2006; in press). Hence, the only
parameters presented here that were estimated for this
model were the activation of the words (4., and of the
color (Acoor). The association values (Sj;) between chunks
are presented in Figure 2.

Results

The results of the subliminal priming model are presented
in Figure 3. We present here differences in latency
relative to the no-word condition as this model only
captures the memory retrieval process, which comprises
the time course from the start of retrieval of a chunk until
the retrieval of the motor mapping chunk. The model
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Figure 2: Associative values between different chunks
in the subliminal priming model.
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Figure 3: Comparison of the latencies found by
Marcel (1983) (a) and the latencies predicted by the
subliminal priming model (b). Shown here are the
latency differences relative to the no-word condition.

captures quite nicely the effects observed in the data® by
Marcel (1983) (r* = 0.987).

In the unaware conditions, only the target chunks
reached the retrieval ratio, and no other chunks.
Therefore, these chunks are the only ones that are
consciously perceived by the model. The model thus
remained unaware of all other chunks, as is required for
these conditions.

An explication of how the activation flows through the
model will be insightful. We split this up in four sections,
each describing one condition.

Neutral

In the neutral condition, there is no competition between
motor mappings, because there is no button associated
with the neutral word. The activation cascades through the
network similarly to the no-word condition, because no
association exists between the neutral word and the target
color, both at the lemma level and at the concept level.
Therefore, the activation of the motor mapping associated
with the target color increases similarly to the no-word
condition because the activation of all the motor mapping
chunks increases as in the no-word condition.

As an example, Figure 4 gives the activation
accumulation in the neutral unaware condition. The
activation of the neutral word lemma increases, but, due to
the short presentation duration, it does not reach the
retrieval ratio. This indicates that the neutral word does
not reach awareness.

No-word

The no-word condition is similar to the Neutral condition,
because no distractor stimulus is present, resulting in the
same behavior of the model as in the Neutral condition.
Because in the no-word condition, there is no distractor,
there is no difference between aware and unaware.

% As the variance in the original data cannot be deduced from the
published results, a sensible formal comparison is not possible.

neutral congruent incongruent

Congruent

Both target and distractor stimuli activate the same
concept: the color chunk directly, the text chunk mediated
via the lemma chunk. Spreading activation towards the
associated motor mapping chunk is therefore higher than
in the Neutral and No-word conditions, resulting in faster
retrieval.

Incongruent

Because both target stimulus and distractor activate a
motor mapping, competition for retrieval takes place at
the motor-mapping level. Higher activation for competing
chunks means that it is more difficult to cross the retrieval
ratio, leading to longer retrieval latencies. The effect is
strongest in the aware condition, representing the longer
presentation duration of the prime, and thus the longer
accumulation of activation of prime-related chunks.

Concept Activation

Activation

time (ms)

Lemma Activation

Activation

time (ms)

Motor mapping Activation

Activation

time (ms)

Figure 4: Activation accumulation in the Neutral
Unaware condition. The stimuli are a red color patch
and an unrelated prime word. The vertical dotted line
indicates when the presentation of the prime ends. At
this point, the activation of the related lemma has not
crossed the retrieval ratio. After 100ms the red motor

mapping chunk does cross the retrieval ratio.



Discussion

A difficult question when modeling cognitive tasks that
deal with awareness is how awareness is defined within
the model. We chose to set a strict boundary for
awareness, the retrieval ratio. When a chunk reaches the
retrieval ratio, it becomes available inside the buffers. We
assume that people are aware of chunks that are currently
in the buffers (Taatgen, submitted), and not aware of
chunks that have not yet reached the activation needed to
enter the buffers.

RACE involves a direct connection between
information in the external world (that is, the visual
module) and the activation values of declarative chunks in
declarative memory. In this respect, RACE deviates from
ACT-R, in which all visual information must be mediated
by the visual buffer. However, since the visual buffer is
associated with awareness as chunks appearing in the
visual buffer enter the declarative system, another
pathway must be present to account for the subliminal
priming data modeled in this paper. We hypothesize that
the connections in RACE from the visual module to the
declarative memory module may represent part of the
ventral visual pathway, that is known to involve
connections from striate cortex (associated with ACT-R’s
visual module) to temporal brain regions (associated with
the declarative memory module, Anderson et al., 2004).

The model of subliminal priming discussed in this paper
demonstrates that RACE can account for the retrieval
latencies observed by Marcel (1983, Experiment 3). By
using standard RACE parameter values, the fit of our
model to the data set of Marcel was quite good. In
combination with previous models of declarative memory
retrieval that use RACE (Borst & Van Rijn, 2006; Van
Maanen & Van Rijn, 2006; in press), this suggests that
RACE might be regarded as a general model of
declarative memory retrieval. The added value of the
RACE model is that it gives a rational account of how the
process of declarative memory retrieval develops. Even
the effects on declarative memory retrievals of changes in
the world that last only milliseconds can now be taken
into account.
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Abstract

When a reader encounters a noun, she tends to rapidly
associate the noun with a mental referent (representation of
entity in question). Our computational model confirms that a
memory-based account is sufficient to account for a high rate
of success at preliminary referent retrieval. Definite noun
phrases (“The dog") can be used anaphorically to refer to
referents already mentioned in the text, but they also
frequently introduce a new referent into the mix (Poesio &
Vieira,1998). An adequate model must account for how a
reader makes an explicit or implicit decision about each
noun's anaphoric status. We suggest that LTM contains both
generic referent types and specific referent tokens, which
simultaneously compete for retrieval via resonance. Our
ACT-R simulation operationalizes the memory-based view to
model the pre and post-noun activations of referents in
memory. It predicts which referent will be retrieved (i.e. the
most active), and consequently whether an anaphor will be
initially treated as a new referent. The influence of anaphor
word choice is explained, and encompasses metaphoric
anaphors.  Simulations results are congruent with human
performance in our eye-tracked reading study, in which
regressions to reanalyze an anaphor are indicative of the
incidence of preliminary error.

Keywords: noun anaphora; memory-based text processing;
resonance; reference assignment; cognitive modeling; ACT-R

Introduction

Evidence suggests that readers interpret incoming sentences
incrementally, as the words become serially available (e.g.,
Sevidy, et al., 1999). In particular, human interpreters make
a rapid preliminary association of a noun phrase (e.g., "the
fruit) with a referent almost immediately after they
encounter the noun (Just & Carpenter, 1980; see also Dell,
McKoon, & Ratcliff, 1983, Sanford & Garrod, 1989). The
term ‘referent’ is used here in the cognitive sense (as in
Gundel, Hedberg, & Zacharski, 2001) to mean a mental
representation of the person or object in question. At the
time a noun is encountered, the processing system is not
privy to information in the sentence that occurs after said
noun. Thus, a reader's preliminary referent assignment is
influenced by the preceding context and the noun itself.
Our objective was to model this preliminary, on-line
referent assignment for definite noun phrases. Such
preliminary referent assignments may in turn be subject to
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subsequent adjustment. However, the present focus is on
the nature and accuracy of the preliminary referent
assignment process itself. The performance of the model
will be compared with the accuracy of human data.

The Cognitive Task: Referent Assignment

To motivate the model, we first discuss the cognitive task
(problem space) in more detail. In general, a noun can be
used to introduce a new referent into the discourse
(introductory use), or to refer to a referent that was
previously discussed (anaphoric use). To enable us to
process these two uses, we have two types of referents in
memory: representations of specific people and objects that
the cognitive agent is already familiar with (e.g., the
particular apple in your bag), and more generic/prototypical
representations (e.g. a generic apple). The latter, generic
referents are appropriate to retrieve when the noun is used in
an introductory capacity. For example, in (2) “fruit” is used
anaphorically to denote the referent introduced by the
antecedent “apple” in (1). Note that an anaphoric noun need
not match the label that was previously used for that
referent, and the same noun "apple" can be used to refer to
different referents in (1) and (3).

(1) John bought an apple.
(2) John bit into the fruit.
(3) The apple Mary bought was green.

A more fundamental issue is that a definite noun, "The
apple" bears no explicit indication of whether it used in an
introductory or anaphoric capacity. The definite article “the”
was often assumed to indicate that the intended referent is
already familiar to the reader (e.g., Clark & Sengul, 1979;
Garnham, 1989; Just & Carpenter, 1987). However, as
exemplified in (3), corpus analyses have established that
definite noun phrases are equally likely to introduce new
referents into the discourse as to denote referents that have
already been mentioned (Gundel et al., 2001; Poesio &
Vieira, 1998). Thus, readers are not privy to the anaphoric
status of a definite noun a priori. Consequently, during
preliminary  assignment, readers may  sometimes
misinterpret an anaphoric noun as if it is introducing a new
referent (or an introductory noun as anaphoric). In the
literature, the reader’s task upon encountering a definite
noun phrase is sometimes dubbed anaphor resolution, but
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this terminology clearly under-represent the full scope of the
reader’s (and modeler’s) task. Thus, the job of the present
model is to describe the means in which a referent for a
noun (in a given context) is rapidly selected on-encounter.
And in so doing, the model should serve to predict the
likelihood that the selected referent will be the correct one
(i.e., will it be generic-new or specific).

The present treatment applies to the preliminary
assignment of referents to definite nouns. As Gernsbacher
(1989) suggests, that this memory-based process may apply
to other types of referring expressions like names (John) and
pronouns, (he).  However, this issue goes beyond our
present data. Furthermore, in contrast to nouns, which can
be introductory or anaphoric, pronouns are almost
exclusively anaphoric (Kintsch, 1998), and are subject to
more syntactic constraints, so there is reason to believe that
the problem space and process may be somewhat different.
Consequently, appropriate referents for non-noun referring
expressions are effectively hard-coded in our simulation.

Criteria for a Cognitive Referent Retrieval Model

Reference assignment is addressed by some non-cognitive
Natural Language Processing algorithms (e.g., Bean &
Riloff, 1999; Vieira & Poesio, 2000), however, they involve
multiple passes forward and back through the text, and do
not directly speak to the development of a cognitive model
of on-line processing. Thus, to set the stage for the proposed
model, we layout the general criteria for a psychologically
plausible model of referent retrieval for noun phrases.

1. Incremental Processing: The system should be able to
make use of information in each incoming sentence
incrementally, roughly word-by-word.

2. Appropriate Representational Units: In line criteria
1, the unit of analysis for the processing system must be
smaller than a complete sentence. The cognitive task being
modeled is to associate a definite noun phrase with a mental
representation of its referent, so the system must, minimally,
have representations (though possibly atomic ones) for
individual nouns and potential referents, in order to model
the task of associating the former to the latter.

3. Context Sensitivity: The model should allow and
account for the influence of: (i) preceding context sentences,
and (ii) preceding parts of the current sentence, and (iii) the
current noun itself, on the processing of the current noun.
To account for the processing of a particular anaphor, the
model should also, as a pre-requisite, model the processing
of the prior context, to get the memory system into the
appropriate state (so relative accessibilities of specific and
generic referents reflect the influence of prior context).

4. Real-Time Simulation: Ideally, the reading process
should be simulated in real-time units (e.g., ms vs. 'cycles').
Cognitive effects like priming (spreading activation) are
time-sensitive and subject to decay. The system should
ideally model such memory effects (fluctuations in
activation over time), and should simulate processing of the
text at a representative reading rate (e.g., 150 ms/word).

5. Appropriate Problem Space: Models necessarily
abstract away from some level of detail, but care must be
taken to ensure that the problem space in the model is not
artificially skewed or trivially sparse. The characterization
of the task and the representation of the problem space (e.g.,
range of possible referent choices) should be sufficiently
rich to reflect the interpretation challenge facing a real
reader, and so permit key types of possible errors. Since
readers do not know a priori whether a current definite noun
phrase is anaphoric or introductory, the explicit or implicit
determination of this property is part of the referent
assignment process. Thus, the model should ideally be able
to operate on and discriminate between (though not always
accurately) both anaphoric and non-anaphoric definite noun
phrases. In this vein, the memory system must be populated
with not only the correct referent, but also the other
referents in the discourse, and generic referent prototypes.
We are unaware of a previous model that fulfills all of
these criteria. Other models (e.g. Budiu & Anderson, 2004,
Lemaire & Bianco, 2003) fulfill some but not others,
notably criteria 2 and 5. In view of these criteria, the model
was implemented in ACT-R (discussed later). Next, we
outline the theoretical framework underlying our model.

The Framework: Memory-based Processing

Our model is inspired by the memory-based view of text-
processing (see Gerrig & O’Brien, 2005 for a review). In
particular, we propose that preliminary referent retrieval is
driven by general-purpose memory mechanisms. In
particular, under the resonance model (e.g., Gernshacher,
1989; Myers & O’Brien, 1998) current information in
working memory (i.e., the anaphoric noun) serves as a cue
that automatically boosts activation of other entities
throughout long-term memory -- including, ideally, the
intended referent -- in accord with their conceptual overlap
with the cue. Thus, at the time the anaphor “fruit’ in (2) is
encountered, the apple referent can be automatically re-
activated via resonance in virtue of its conceptual overlap
with the anaphor (a pre-existing conceptual association). In
our model (see also see also Budiu & Anderson, 2004), the
strengths of conceptual associations were estimated using
Latent Semantic Analysis (LSA) values (Isa.colorado.edu;
see Landauer, Foltz, & Laham, 1998 for a review), which
give a maximum similarity of 1 (i.e., similarity of a concept
to itself). So had the anaphor used been "apple" it would
have provided an even larger activation boost to the
intended referent [R1:apple], than was provided by the
anaphor "fruit" (LSAs:<apple,fruit>=.47,<apple,apple> =1).
Thus choice of noun itself exerts an immediate impact on
the relative accessibilities of referents via resonance.

This memory-based account can be contrasted with a
more special-purpose process of referent retrieval. Some
suggest that when a reader encounters an anaphoric noun,
he/she undertakes a proactive search for a referent
mentioned within the current text (e.g., Clark & Sengul,
1979; Kintsch & Vandijk, 1978; O'Brien, Plewes, &
Albrecht, 1990). The discourse might be mentally
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represented as a series or network of propositions, and the
reader might systematically troll backwards through it in
search of a referent that (according to some criterion) could
constitute a match to the current anaphor term. However,
since many definite nouns not anaphors such a proactive,
process-of-elimination search would often be a waste of
time. Further, if general memory mechanisms are often
sufficient to automatically bring a referent to mind,
parsimony argues against the proposal of a proactive
special-purpose search process. The model in this paper
confirms that memory-based accounts are sufficient to
account for a high rate of success at preliminary referent
retrieval for anaphoric nouns. The theoretical and empirical
arguments against a special-purpose search account are
outlined more fully in Pyke, West and LeFevre (2007).

In our model, generic referents and specific discourse
referents simultaneously compete for retrieval. The most
active referent is retrieved. Thus,it is not the failure to
find/retrieve a referent that then, serially, leads to treating a
noun as a new referent. Rather, retrieval, per se, typically
always succeeds. Whether it is a specific or generic referent
that is retrieved determines whether the noun as treated as
anaphoric or introductory in preliminary analysis.

Factors Affecting the Activation Levels of Referents

Each referent’s accessibility during preliminary noun
processing owes to two components: i) the activation
boost/spread from the noun term currently being processed;
and ii) its ‘context dependent’ pre-noun activation level.
Such context factors are outlined below.

1.Spread of Activation from Pre-Anaphor Words. Just
as the anaphor resonates with, or spreads activation to,
referents, our model assumes that such activation spread
generally occurs as each content word in the discourse is
encountered. The activation boosts received by referents
may persist (as do lexical priming effects, e.g., Collins &
Loftus, 1975) even when the reader progresses on to the
next word. While such effects decay they may exert a
cumulative effect on a referent’s activation.

3.Recency and Frequency of Use of the Referent.
These general factors affect any mental representation’s
accessibility. Evidence indicates that the further back that
an antecedent is (in sentences, and consequently in time),
the more challenging it is to process the anaphor (e.g., Clark
et al., 1979; Duffy & Rayner, 1990; Levine, Guzman, &
Klin, 2000). A referent referred to many times in a text,
and/or referred to in the sentence preceding the critical
anaphor should be more active, ceteris paribus, than a
referent mentioned only once several sentences back.

4.Sentence Wrap-Up Effects. Just and Carpenter (1980)
suggested that integrative processes occur at sentence end,
which is why readers spend tend to spend relatively longer
on the final word in each sentence. These wrap-up
processes may result in sentence-end activation effects
(Balogh, Zurif, Prather, Swinney, & Finkel, 1998). Probe
studies suggest that a referent mentioned early in a sentence
may also produce facilitation effects at sentence end (e.g.,

Dell et al., 1983; McKoon & Ratcliff, 1980). In our model,
the processes at sentence end result in an activation boost of
the specific referents mentioned in the sentence.

5. Discourse Dependent Associations. In addition to
pre-existing associations like those we are modeling with
LSA, discourse dependent associations may be formed in
memory. Spread of activation through such associations
may produce intermittent (yet cumulatively significant)
activation contributions to an intended referent during pre-
anaphor processing. For example, each sentence (and
proposition) in a discourse may contain several referents. In
Dell et al. (1983, see also McKoon & Ratcliff, 1980), two
referents which have appeared in a common sentence are
called companions. The comprehension process appears to
forge a lasting association between companion referents in
memory, possibly during sentence wrap-up, such that when
a referent is subsequently encountered, its companion(s)
from prior sentences also become re-activated right away,
and to a comparable degree (Dell et al., 1983). Thus, in our
model, whenever a referent is mentioned, its companions
are also boosted in activation, thereby making them more
accessible as referent candidates for up-coming nouns.

Our treatment extends the prior treatments in the
literature in that it provides a more explicit, comprehensive,
quantitative and real-time operationalization of such
contextual influences on the LTM referents’ pre-anaphor
activation levels. Furthermore, most discussions of noun
anaphor processing in the literature (c.f., Garrod, Freudenthal
& Boyle, 1994, Levine et al, 2000), fail to address the fact
that the reader does not know that a noun is an anaphor a
priori (The classification problem, see also Pyke, West &
LeFevre, 2007), so the incidence of new-referent errors
during preliminary assignment has been largely unexplored
and, in our view, underestimated.

The Data: Human Performance

How likely are readers to associate an anaphoric noun to a
new referent on encounter? It was originally believed that
people made almost no preliminary errors in assigning a
referent to noun anaphors (Sanford & Garrod, 1989),
however subsequent evidence has established that such
errors do indeed occur (e.g., Levine, Guzman & Klin, 2000,
and the present research). Such errors were elicited by
manipulating factors related to the accessibility of the
intended referent (e.g., the referent had not been mentioned
for several sentences).

Because a reader's preliminary referent assignment for a
noun occurs on-line, (mid-sentence), and is not directly
observable by an experimenter, information about the nature
(accuracy) of such preliminary assignments is somewhat
challenging to empirically obtain. Note that the reader's
final interpretation at sentence end may reflect the influence
of subsequent processes and information. We observe that a
reader's eye-movements can provide a useful indication of
the effectiveness of preliminary referent assignment. In the
course of processing the remainder of the sentence after the
anaphor, errors in preliminary assignment are often



detected. In general, when readers detect that they have
made earlier errors in interpretation, they often regress their
eyes back to the site of the initial misinterpretation to do an
overt reanalysis (e.g., Altmann, Garnham, & Dennis, 1992;
Meseguer, Carreiras, & Clifton, 2002). We conducted an
eye-tracked reading study to determine the relative
likelihood of regressions to reanalyze the anaphor, when we
manipulated the choice of anaphoric noun.

Experiment

The stimuli were 42 stories that were each 4 sentences
long. The fourth, critical sentence commenced with a
definite noun phrase: “The (noun)”, and this noun was
intended anaphoricallly to denote a target referent
introduced in the first or second sentence. For example:

Mary had a pet terrier.

It was white and shaggy.

She took it to the beach.

The terrier/dog/mop barked at the birds.
Anaphor word choice was manipulated so each of the 42
stories had three different versions: i) antecedent-match
(terrier-terrier), — anaphor was identical to the noun which
originally introduced the referent ii) category (terrier-dog);
and iii) metaphoric (terrier-mop). Recent research suggests
that the same general mechanisms apply to the processing of
literal and figurative content (Budiu & Anderson, 2004,
Giora, 2002; Glucksberg, 2003; Kintsch, 1998, chap. 5.3).
The memory-based model is compatible with this claim.
Activation spreads automatically in accord with similarity,
SO just as activation spreads from the anaphor dog to the
referent [R1:white, shaggy, terrier], activation should also
spread, from the anaphor mop to the mental representation
of the white, shaggy terrier. The latter case provides less
spread of activation (LSAs: <dog, white-shaggy-terrier>=
.18, <mop, white-shaggy-terrier>=.07), so readers should be
more prone to make a preliminary new-referent assignment
errors for the metaphoric anaphors.

Procedure. Stories were presented line-by-line to
participants (N=24), while an EyeGaze™ System tracked
their right eye. Story versions were counterbalanced, so
each participant saw only one version of each story, and
thus saw 14 stories of each anaphor type.

Results. Eye-movements were analyzed for the critical
sentence. First-pass reading time for the anaphor did not
vary for the different noun versions (p>0.05, word length
and frequency as co-variates), however, the likelihood of
later regressing the eye back to the anaphor differed,
F(3,71.9) = 7.51, MSE = 1.60, p = .000. Readers made a
regression back to the anaphor on 52% of metaphoric
anaphors, 36% of category anaphors and 41% of antecedent-
match anaphors (see also Figure 2).

Discussion: Regressions to the antecedent-match and the
category anaphors were comparable, though, somewhat
surprisingly, more regressions were made to the antecedent-
match anaphors. Readers regressed most to the
metaphorically intended anaphors, presumably because they
had made many preliminary assignment errors and treated

them as new referents. This explanation was confirmed in a
follow-up cloze study. Readers were presented with the first
3 sentences and the critical noun phrase (e.g., The
mop ), and created their own completion of
the sentence. The completions revealed whether the reader
had associated the noun with the intended referent or had
treated it as a new referent. In 48% of the trials, readers
associated the metaphoric anaphor with a new referent.

The Model

In the model, the referent retrieval process in play while
reading the anaphoric noun is basic, blind and strictly
memory-based: When ‘'reading’ the noun, activation
automatically spreads from the noun to all referents in
memory (both generic and specific), and then the most
active referent from memory is retrieved. The impact of
prior discourse processing will be entirely mediated by its
lingering effect on the activations of the various referents in
LTM. Thus, to model the preliminary referent assignment
for a particular noun, we must also simulate the processing
of the preceding discourse, but only so far as is necessary to
approximate its effect on the immediately pre-anaphor
activation levels of the various referents in LTM.

The 3 versions of each story are identical up until the
anaphor. Thus the pre-anaphor activation levels of the
intended referent and other specific referents in the story are
the same across versions (say, [R1:Mary]: 2.4,
[R2:terrier]:1.4, [R3:beach]:2.8). What about generic
referents? The anaphor term determines the relevant (most
competitive) generic referent in play. If the anaphor is
"mop", the intended referent [R2:terrier] competes not just
with the other story referents but also with the generic
referent [G1::mop]. For the version of the story with the
anaphor dog, the relevant generic competitor is [G2:dog].
The activation levels of the generic competitor will depend
on the spread of activation it receives from the pre-anaphor
words and the anaphor itself. In contrast, specific referents
in the story also get activation boosts from sentence-wrap
up and companion spreading.

Overview of Operation

0. LTM is seeded with generic referents for various
discourse concepts, including, importantly the antecedent
concept and also (if different) the anaphor concept. For the
"mop" version of our example story, memory will be seed
with [R1:Mary], [G1l:terrier], [G2:Beach], [G3:birds] and
[G1:mop]. If, upon reading

1. Words of a story are then processed serially.

2. Each content word (e.g., noun, adjective, verb)
automatically spreads activation to both specific and generic
referents in memory according to the LSA similarity
between the word and the referent.

3. If the current word is areferring term (noun, name,
pronoun), a referent is retrieved from memory. The referent
retrieved will be the most active one, be it specific or
generic. In the latter case, the generic referent is used to
create a new specific referent to associate with the noun.



The assigned referent is automatically boosted in activation
(in virtue of it's current use), and activation also spreads
from it to its companion referents from previous sentences.
A fan-effect applied, so if the current referent had n
companions in the previous sentence, the weight factor for
activation spread to each companion will be (1/n).

4. At the end of a sentence during wrap-up, the sentence's
referents become reactivated and mutually associated.

Besides the original descriptor used to introduce a referent
(e.g., "terrier"), other properties can also be explicitly
mentioned in a text (e.g., white & shaggy). In step 2 above,
activation from incoming words spreads to each explicit
attribute of each referent [R1:terrier,white,shaggy]. Each
attribute  then spreads activation to the referent
representation as a whole. The more active (recently
mentioned or primed) an attribute is, the stronger its relative
contribution (weight = attribute's activation level *
LSA<current word, attribute>).

Implementation Architecture: ACT-R

The criteria outlined previously motivated the choice of
ACT-R (Anderson et al., 2004) as a suitable cognitive
modeling platform for our model. In particular, we used the
python extension of ACT-R (Stewart & West, in press).

The ACT-R architecture is predicated on a Unified
Theory of Cognition (Newell, 1987) - that is, on the belief
that our performance on a vast range of tasks can be
accounted for parsimoniously by a common cognitive
system operating with general-purpose mechanisms and
principles. As such, ACT-R is spiritually compatible with
the memory-based framework in which referent retrieval is
attributed to general-purpose memory mechanisms.

Computer implementations do not inherently impose any
psychological constraints on the character of the model, nor
do they necessarily simulate the process in real-time.
Consequently, the cognitive plausibility of one-off task-
specific models is sometimes open to question. ACT-R has
in-built psychologically motivated constraints, though it
does have some ‘arbitrarily' adjustable parameters. However,
the architecture has proved conducive to modeling a vast
range of cognitive tasks, and the data accrued has provided
theoretically and empirically motivated constraints for the
values/ranges for its key parameters. In our model, key
parameters are set to recommended ‘universal' defaults (e.g.,
noise=0.3, decay=0.5, production time=50 ms).

ACT-R supports two concurrent levels of functionality:

(i) a production system that carries out sequences of
situation-driven productions (i.e. if-then rules) that serve as
the procedural building blocks (steps) for various tasks.

(ii) a dynamic memory system which contains the various
respresentational units (called chunks) upon which the
productions act. The memory system can simulate the real-
time fluctuation of activation of a representational unit. For
example, the effect of recency and frequency of use on the
activation level of representation R; is quantified by Bg;,

where tj is the time since use j, and d is a constant whose
default value is .5 (Anderson et al., 2004).

N
Bri= In Y tird
j=L

Thus, ACT-R affords sufficient functionality to fulfill
almost all of the desired criteria: i) incremental processing:
cognitive operations (productions) can be executed at a rate
of one per 50ms, so a model can perform several operations
(e.g. recognize word, spread activation, retrieve referent)
during the typical reading time for each incoming word (150
ms); ii) representational units — the modeler can specify the
types and numbers of representations in memory, for
example, noun-chunks, generic referent chunks, and specific
referent chunks, iv) problem space — the architecture allows
the modeler to define the task (set of productions) and
populate memory (set of chunks) as appropriate, iii) real-
time simulation — the rate of productions is paced to reflect
the time for the mind to perform a single simple operation,
and the memory system can simulate the fluctuations in
activation of the chunks (referents) over time.

The content that is currently in the system's focus (e.g.,
the noun-chunk), can spread activation to other chunks (e.g.,
referent-chunks) in memory. However, in traditional ACT-R
the boost in activation received by a chunk (referent) from a
stimulus (word) is removed as soon as the stimulus word is
no longer in focus. This precludes any priming effects of
spreading activation from prior words. To allow for such
persistent effects in our model, we introduced this
functionality into python ACT-R. In so doing, we feel
we've augmented rather than circumvented the
psychological plausibility of the architecture.

Simulation Results

The model was run 100 times on each version (match,
category, metaphor) of each of 42 stimuli stories. Figure 1
depicts mean pre and post anaphor activation levels of the
intended referent (R) and the relevant generic competitor
(G). Match anaphors produced the highest, absolute post-
spread R-activations. The simulation revealed considerable
variation in pre-anaphor accessibility of the target referent
from story to story. However, the pre-anaphor R-activation
is the same for all 3 versions of a given story. In general, the
greater the activation ‘head-start’ a specific intended
referent has due to pre-anaphor context influences, the
greater the latitude in anaphor word choice.

Figure 2 indicates how frequently the simulation retrieved
the correct referent. These results are correlated with the
likelihood of regression for the 42*3 items in the human
data (r=-.333, p=.000). For match anaphors, humans
regressed on more trials than would be expected in light of
the minimal number of preliminary referent retrieval errors
predicted by the model (<10%). Regressions in the
antecedent-match case may result not only from preliminary
errors but may be inflated due to a pragmatic "repeated
name effect” (Kennison & Gordon, 1997). When a reader
does regress, they may be re-engaging the memory-based



referent retrieval process, at a time when the referent's
accessibility may be boosted due to priming from post-
anaphor words. We will extend our simulation to test this.

R | G R | G R | G
metaphor category match
(e.g.mop) (e.g., dog) (e.g.

Figure 1: Pre(lower half) & Post-spread activation level for
the intended referent (R) and its generic competitor (G).

100, 4 - -simulation (% new referent assignments)
—— human (% regressions)
80
60 - LR
40 | Tl
20 R .
L 4
0 T
metaphor (e.g.  category (e.g. match (e.g.
mop) dog) terrier)

Figure 2:Comparison of Simulation & Human Performance

Concluding Remarks

Our model operationalizes the memory-based view to
estimate the (pre & post-noun) accessibilities of referents in
memory, and thus predicts when a particular anaphor will be
initially misinterpreted as a new referent. Such a simulation
tool could have a practical application to assess how
comprehensible (each referring expression in a) text is. And
in psycholinguistics research to check whether accessibility
levels are controlled/comparable across stimuli. Although
readers can often later correct preliminary errors, their final
representation of the text may be degraded since vestiges of
misinterpretations persist in memory (Johnson & Seifert,
1998).  Further research is necessary to explore such
potential long-term ‘costs’ of using anaphors that are
difficult to resolve during preliminary analysis.
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Abstract

In earlier work, Taatgen, Van Rijn and Anderson (in press)
have shown that embedding a simple module that generates
temporal information in a more general cognitive architecture
explains timing phenomena that were earlier attributed to a
hypothesized more complex temporal system. However, the
embedded temporal module does not support parallel time
estimations, of, for example, two concurrent estimations.
Explaining the human capacity of doing multiple time
estimations requires either adding additional temporal
modules, or assuming higher level processing to strategically
use a single timer for parallel timing. This paper presents an
experiment and a computational model that show that the
latter approach is more plausible for human parallel time
estimation.

Keywords: parallel time estimation; temporal processing;
temporal arithmetic; ACT-R; cognitive modeling.

Introduction

Timing is an essential aspect of human behavior, both inside
and outside psychological laboratories. How long does one
wait before pressing the back-button in an Internet browser
when the requested page does not appear? How does one
know how time passes during a lexical-decision experiment
in which one has to be as fast and accurate as possible?
Several theories have tried to describe the nature of time
estimation both in terms of brain areas and processes (e.g.,
Buhusi & Meck, 2005), and in terms of behavior (e.g.,
Gibbon, 1977). Although accounts differ on the exact
mechanisms, all assume time is perceived on a logarithmic
scale, which means that two longer intervals that differ in
duration by a certain amount of time are considered to be
more similar than two shorter intervals differing by the same
amount of time. In other words, perceived differences grow
smaller as the duration increases. Because a logarithmic
scale needs a starting point, a start signal is needed to
indicate the beginning of an interval. The logarithmic scale
is reflected in empirical observations such as the scalar
property (the variance of a time-estimation distribution is
linearly related to the duration of the estimated time,
Gibbon, 1977) and bisection phenomena (a duration exactly
in between a long and a short interval is more often
considered long than short, Allan & Gibbon, 1991).

The requirement of a start-signal and a logarithmic scale
raises the question whether and how multiple overlapping
time intervals can be measured. Several studies have

investigated this question, and have concluded that both
animals and humans are capable of estimating multiple
intervals (Meck & Church, 1984; Ivry & Richardson, 2002;
Brown & West, 1990; Penney, Gibbon & Meck, 2000).
These studies either seem to suggest or are the basis for
claims that there are multiple clocks that can operate in
parallel. However, an alternative explanation is that there is
only a single clock that is intelligently used by the cognitive
system to estimate multiple intervals in parallel. To test this
hypothesis, we designed the experiment presented below. In
this experiment, participants have to produce two time
intervals that overlap partially. They receive a start signal
for one of the intervals, and after a SOA of 500-1500ms the
start signal for the second interval. They then have to
respond to each of the intervals at the appropriate moment.
The random interval between the two start signals prevents
fixed timing strategies, and produces a variable overlap
between the two intervals (Figure 1).

[ [ I |

Start signal Start signal After 2 sec After 2 sec plus
for Interval 1 for Interval 2 participant the SOA participant
after random has to respond has to respond
SOA to interval 1 to interval 2

Figure 1: Experimental paradigm used in the experiment

Based on our approach to time perception, which we will
discuss in more detail later, two accounts of multiple,
parallel time estimation can be proposed. One proposal is to
have multiple timers that can be used independently', an
account similar to that suggested by Meck and Church
(1984). If humans can recruit multiple parallel timers, the
timers themselves should not produce any decrease in
performance when multiple parallel intervals have to be
estimated. A decrease in performance, however, can be due
to other factors like attention, dual-tasking costs, the need to
learn multiple different intervals, etc. These factors are
either independent of the overlap between the two intervals,
or, in the case of dual-tasking costs, increase with the

! Note that this does not necessarily imply multiple neural
clocks. It might be that a single time source, for example an
oscillating group of neurons, is driving multiple estimations.



amount of overlap. The general finding is that multi-tasking
increases the length of time estimations (Block & Zakay,
1997). The multiple timer account would therefore predict
either complete independence of the estimates, or an
increase of the estimates with an increased amount of
overlap between the intervals.

A second proposal is a single source of time information
that can be used strategically by the general cognitive
architecture to estimate multiple parallel time intervals
sequentially. To produce the two intervals in Figure 1, the
SOA between the two start signals has to be remembered
during the production of the first interval. After the response
on the first interval has been made, one has to wait for a
duration equal to the remembered SOA before making the
second response. The consequence of this method is that
estimates are no longer independent. For example, if the
first estimate is too long we also expect the second estimate
to be too long. A second consequence of serialization is that
the logarithmic time scale will bias the second estimate. The
800ms between the onset of stimulus one and two is
internally represented on the logarithmic scale, resulting in,
for example, an internal length of 5. When this internal
representation is added to the first interval to estimate the
second interval, this length of 5 represents a longer time
than was earlier perceived. This temporal discounting
results in overestimates of the second interval, which
becomes larger as the SOA increases. A larger SOA leads to
a smaller overlap between intervals, so where the single-
timer account predicts longer estimates for larger SOAs
(because of the logarithmic scale), the multiple-timer
account predicts either no effect (no multitask penalty) or
shorter estimates for large SOAs than for short SOAs
(assuming a multitask penalty).

Experiment

Method

Subjects Twenty-six students from Carnegie Mellon
University were paid $8 for participation in the experiment.
Five participants were excluded from further analysis
because of not adhering to the instructions.

Design The experiment consists of two blocks. The purpose
of the first block was to have the participants learn a solid
and correct representation of the to be estimated time.
Hereto, no parallel timing was necessary in this block:
participants were required to estimate just a single interval
per trial. For each trial, correctness feedback was given. In
the second block, this learned duration had to be reproduced
twice per trial as illustrated in Figure 1. The main
manipulation in this second block was the stimulus onset
asynchrony.

Stimuli & Procedure In the first block of 46 trials,
participants were asked to estimate an unspecified interval.
Each trial started with a colored circle being shown on

either the left or the right side of the screen. The participants
were instructed to press a key when the presented stimulus
was on the screen for the to be estimated time. For the left,
green stimulus the “z” had to be pressed, for the right, blue
stimulus the “/”. During 6 startup trials, their response was
plotted on a timeline where an area was marked as correct.
This way, participants could infer whether they had to
lengthen or shorten their estimated durations. The marked
region ranged from 1750 to 2250ms, making a response of
2000ms optimal. After the six startup trials with timeline
feedback, feedback was only given in terms of “correct”,
“too fast” or “too slow”. In the second, experimental block
of 120 trials, participants had to respond to both left and
right stimuli in each trial. Either stimulus appeared first in
half of the trials. The stimulus onset asynchrony (SOA) was
randomly sampled from the interval a=<500, 900> or
b=<1100, 1500>. For both stimuli, feedback was given as
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“correct”, “too fast” or “too slow”.

Results and Discussion

The first block of trials was presented to internalize the to be
estimated duration and to asses single estimation
performance. The average estimated duration in the last ten
trials of the first block was 1930ms (SD=383). Note that
given the positive skew in the distribution of time
estimations, an estimated time shorter than 2000ms is
optimal. The proportion of correct responses is .583, which
is close to the expected proportion given the used
correctness-range.

The proportion of correct responses in the second,
experimental block was .448 for the first estimation and
435 for the second estimation. This difference is not
significant (#20)=0.59). When compared with Block 1, both
first and second estimations of Block 2 show worse
performance than during the last phase of Block 1
(1(20)=2.46), p = 0.023 and #20)=2.72, p=0.013
respectively). At first sight, this seems to be in line with a
multiple independent clocks account with a dual-tasking
penalty. However, another prediction of this account is that
the amount of overlap — and therefore the SOA — should
influence the accuracy. For short SOAs, associated with a
longer overlap and therefore a higher dual-tasking penalty,
the accuracy should be lower than for long SOAs, which
result in a shorter overlap. To test this, we compared two
linear mixed effect (LME) models (Bates, 2005, and see for
a non-technical introduction, Baayen et al, submitted). The
first model, predicting accuracy of the second estimate using
a binomial distribution, contains trial number (to account for
learning or fatigue effects), starting side (to account for
possible effects on left versus right initial presentation),
SOA and first estimated duration, and a random effect for
participants. The second model is identical apart from
having SOA removed, representing an account in which
SOA, and therefore multitasking-penalty, does not influence
performance. A model comparison shows that the first
model with SOA has indeed a significantly better fit to the

data (X(zl)=5.61,p=0.018), indicating that SOA does have an



effect on proportion of correct responses. The direction of

the estimated effect ( 3=-.0003, z=-2.34, p=0.019) implies
that longer SOAs are associated with a lower accuracy on
the second estimate, which is consistent with the single
timer account, but in the opposite direction as predicted by a
dual-tasking penalty account.

To test whether the first estimate has an influence on the
second estimate, we again compared two LME models. The
first model contains the second estimated duration as a
function of the fixed effects of trial number, starting side,
SOA and first estimated duration, and a random effect for
subjects. The second model has the first estimated duration
removed, but is otherwise identical. The fit of the second

model is significantly worse (X(zl)=316,p<0.001), indicating

a significant contribution of the first estimated duration for
the prediction of the second estimated duration. The

estimated effect (=284, 1(3335)=18.21, p<0.001)

indicates that longer first estimations yield longer second
estimations. This is obviously in line with a single timer
account, as the second estimation is dependent on the first.
However, this could also be explained in the context of
multiple timers as the amount of overlap influences both
first and second estimations. This assumes a negative
contribution of SOA on the second estimation: the shorter
the SOA, the longer the overlap, and therefore the longer the
estimated durations will be.

To assess the contribution of SOA on the second
estimation, we constructed a similar model to the best fitting
model described above, but in which SOA was removed.
The fit of the reduced model is significantly worse

(X(zl)=347, p<0.001), indicating a significant contribution of
SOA in the prediction of the second estimate. However, the

estimated effect of SOA ([3=.494, #3335)=19.12, p<0.001)

indicates that longer SOAs yield longer second estimations
(see Figure 5). Again, this estimated effect is in the opposite
direction as predicted by the multiple-timers account, but is
in line with the single timer with temporal discounting
account.

Summary

As the estimate of the first duration contributes significantly
to the estimated second duration, and the estimated SOA
effects are both significant and in the same direction as
predicted by the single timer account, the conclusion from
this experiment is that it is more probable that humans have
only a single timer. However, this single timer can be used
relatively efficiently to estimate multiple intervals, although
performance of the second estimation is negatively
influenced by the logarithmic scale of the time generating
mechanism.

An effect unexplained by the single timer account is the
lower level of performance on the first estimation.
According to the single timer account, the proportion of
correct first estimations in the two-intervals phase should be

similar to proportion of correct estimations in the training
phase. As discussed above, the observed proportion was
significantly lower during the two intervals phase than
during training. This effect cannot be explained on the basis
of timing alone. However, embedding a timing mechanism
in a general cognitive architecture explains this effect
elegantly, as we will discuss in the next section.

Model

In Taatgen, Van Rijn and Anderson (in press), we have
proposed a time mechanism that is embedded in the ACT-R
general cognitive architecture (Anderson, 2007). We have
shown that some of the phenomena traditionally described
as pure timing phenomena, for example the effects of
attention on cognitive timing, can better be explained as
effects of the cognitive architecture or context on the task.
The system contains a simple time generating system that
consists of a single internal clock that generates
logarithmically scaled pulses. These pulses can be read out
by the cognitive architecture and stored in a declarative
memory trace for later reuse. This approach explains, when
embedded in an architecture that accounts for the retrieval
of stored durations, both the basic findings associated with
timing and more complex attention-demand related
phenomena. Although ACT-R is a fairly complex theory,
only a few components are crucial in understanding how the
model can fit the experimental data presented here.

Time estimation

The temporal module of ACT-R measure time in units that
start at 100ms, but become gradually longer, creating a
logarithmic representation of time, as illustrated in Figure 3
(see Taatgen, van Rijn & Anderson, in press, for details).
This means that 2 seconds corresponds to 17 units or pulses
in the temporal module, but 4 seconds only to 29 pulses
instead of 34. Based on the initial single presentation of the
intervals we assume participants have arrived at a
reasonably stable internal representation of 2 seconds (17
pulses) at the start of the overlapping presentations. When
the start signal for the first interval is given, the timer is
started. After the SOA, the start signal for the second
interval is given, prompting the model to store the value of
the timer at that moment (in the examples 5 pulses for a 0.6
sec SOA and 13 pulses for a 1.5 sec SOA). When the timer
reaches the 17 pulses, the value that corresponds to 2
seconds, the model will make the first response. It then adds
the stored SOA value to 17, and waits until the timer
reaches that value (i.e., either 17 + 5 =22 or 17 + 13 =30
pulses) to make the second response. As Figure 3 illustrates,
the logarithmic scale introduces a bias in the second
response that becomes larger with longer SOAs: The bias
for the 0.6 sec SOA trial is 2.73 - 2 - .6 = .13 sec, for the 1.5
sec SOA trial, the bias is 4.06 - 2 - 1.5 = .56 sec.
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Figure 3. Illustration of the model for a short (0.6 sec) and a long (1.5 sec) SOA. The top line shows real time on a scale of
seconds, while the lower line shows the subjective time in terms of logarithmically scaled pulses of the temporal module.
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Figure 4. Distributions of estimations in the single task block, the first estimate in the dual task block and the second
estimate in the dual task block. The vertical lines indicate the region of correct responses (1.75-2.25 sec).

Representation of the time interval

The model maintains a representation of the time interval in
its declarative memory. This representation is based on
instance theory (Logan, 1988), which assumes that each

experience creates an example in memory. Each time the
model produces an interval and receives positive feedback,
it will create an instance in declarative memory for that
interval. If the model receives “too late” as feedback, it will
not store the instance, and will bias its next response by
subtracting one or two pulses (randomly with equal



probability) from the next instance it retrieves The reverse is
true if the model receives “too early” as feedback.

During the single task block, the instances will average
around 17 pulses, which corresponds to 2 seconds.
However, during the dual-task block its response on the
second estimate will often be too late because of the
addition of the perceived SOA, leading to feedback that
prompts the model to shorten its representation of the
interval. This shorting will continue until accuracy on both
intervals is approximately equal and the too -earlier
responses for the first estimation cancel out modification
based on the too late second responses. However,
performance will never be completely stable, because the
SOA introduces extra variability in the second estimate that
the model cannot fully compensate for.

Model results

Figure 4 shows the distributions of time estimates for the
first block in which only a single estimate had to be made,
and the first and second response in the second block. It
shows that second responses are generally later than first
responses, which is due to the bias of the logarithmic scale.
It also makes evident that the distribution of the first
response is pushed somewhat to the left, corresponding to
around 16 pulses, compared to 17 pulses in the single task
case to compensate for the second response. This explains
the decrease in accuracy on the first interval. Figure 5 shows
the accuracies for both the model and the data. Consistent
with Figure 4, the model performs slightly better than the
participants, but shows the same overall effects, including
an almost identical accuracy on the first and the second
estimate in the dual-task condition.
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Figure 5. Comparison of accuracies for data and model

Figure 6 shows the effect of the SOA on the second
response, and illustrates the effect of the logarithmic scale
as the longer SOAs result in an overestimation of the second
interval’s duration.
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Figure 6. Effect of SOA on second estimate (model and
empirical data)

Discussion & Conclusion

Do multiple independent time generators drive human
parallel time estimation, or do we strategically use the
output of a single time mechanism for parallel time
estimations? In this paper we presented an experiment that
provides evidence for the latter account. Although all
discussed analyses favor a single timer account, the most
striking result is the positive relation between length of
SOA and the estimated duration of the second interval. As
the multiple-timers account predicts a negative effect, this
positive relation can only be explained by strategically using
the output of a single internal time generator.

However, the lower accuracy of the first estimate in the
dual-timing phase compared to the single-timing phase
cannot be explained by a theoretical analysis of the single-
timer account. According to the single-timer account,
performance of the first estimate in dual timing conditions
should be equal to performance in single timing conditions,
as processing the second estimation takes place after the
first estimation is given. However, the presented
computational model gives an elegant explanation of this
effect. Because the two time intervals are estimated on the
basis of a single main-estimation (resulting in the response
for the first estimate), the feedback given for both
estimations cannot be attributed to two different estimations.
Thus, the model uses the feedback in a more general way,
resulting in a shift towards earlier responses for both second
and first estimations when the second estimation was too
late (and vice versa). Because the logarithmic scale biases
responses towards late responses, both estimations will
shorten, yielding a lower accuracy for the first estimate in
dual-time estimations than during single-time estimation.

An interesting aspect of the model is that it assumes that
some form of temporal arithmetic is possible, at least for



very simple but non-trivial additions. We are currently
setting up a new experiment to test the implications of this
assumption. Important to note is that, although the model
internally represents the time in terms of a number of pulses,
the value of this number is assumed to be meaningless with
respect to inspectability: being able to time a certain interval
correctly does not imply that one can state how many pulses
are associated with that interval.

Concluding, we have, as in Taatgen, Van Rijn, and
Anderson (in press), showed in this paper that adding
temporal processing capacities to ACT-R facilitates more
precise explanations of what is necessary to keep the time.
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Abstract

This contribution presents a computational cognitive model of
imaginal perspective taking (IPT). The model is shown to ac-
count for major effects observed in IPT as well as concrete
human data from an IPT experiment. Model development was
based on the observation that control mechanisms play a cen-
tral role in IPT performance. In taking this approach, model
development and the model itself reveal similarities between
tasks which so far have been considered only in isolation, sug-
gesting a common basis for these tasks in terms of computa-
tional (control) mechanisms.

Introduction

Imaginal perspective taking (IPT, see May, 2004) refers to
the ability of humans to judge spatial relations between ob-
jects of a previously seen configuration without having sen-
sory access to the configuration at the time of judgment. Al-
though numerous studies (e.g., Hodgson & Waller, 2006;
Mou, McNamara, Valiquette, & Rump, 2004; Sholl, 2001;
Wang, 2004) have investigated human behavior during IPT,
one important aspect of IPT, namely control, has received
virtually no attention so far. Since, as shown by Schultheis
(2007), control mechanisms can be assumed to be crucial for
IPT, neglecting control seems to be a serious shortcoming.
The aim of this contribution is to close this gap.

By analyzing available empirical data on IPT, we iden-
tified and implemented the control mechanisms involved in
IPT. More precisely, we developed a computational cognitive
model of IPT which is based solely on control mechanisms.
This model is able to account for most of the variance in the
human data for a typical IPT task. As a result, the developed
model not only stresses the relevance of control to the under-
standing of IPT, in particular, and spatial cognition, in gen-
eral, but also constitutes a first computational model for IPT.
Moreover, the analysis yielding the employed control mech-
anisms reveals similarities between the mechanisms underly-
ing (a) IPT and other spatial cognition tasks as well as (b) IPT
and task switching. These similarities are considered a par-
ticular strength of the model, as they ground the model in in-
dependently motivated theoretical principles and at the same
time render our model more parsimonious than any model
explaining IPT in terms of IPT-specific mechanisms.

In the following we will first give a brief description of
IPT, task switching, and the analogies between them (see also
Schultheis, 2007). Subsequently, we will detail the theoreti-
cal rationale and control mechanisms underlying the devel-
oped model. This will be followed by a short exposition of

how the model explains the main empirical effects and an ap-
plication of the model to one particular IPT experiment. Fi-
nally, we will discuss related approaches before concluding
with issues for future work.

Imaginal Perspective Taking & Task Switching

Imaginal Perspective Taking

In a typical IPT experiment, participants have to memorize
a configuration of objects in a certain environment (most of-
ten a room). Then participants are blindfolded and often also
deprived of any auditory input apart from the experimenter’s
instructions. In this state the participants are asked to point to
objects of the learned configuration from (imaginal) perspec-
tives which differ from the perspective defined by their bodily
orientation and position. The to be taken perspective can dif-
fer from the bodily one only in orientation, called (imaginal)
rotation, only in position, called (imaginal) translation, or in
both. For example, in the case of an imaginal rotation the par-
ticipant would be asked to indicate the direction to one object
x as if facing another object y. In imaginal translation the
participant needs to indicate the direction to x as if standing
at y. The object to point to is often termed target. Usually
measured are the time it takes participants to give the point-
ing response and the pointing error, that is, the deviation of
the indicated and the actual direction to the target.

The following main effects on these two measures have
been observed in IPT studies: Pointing from an imaginal per-
spective is more difficult (i.e., takes more time and leads to
larger pointing errors) than pointing from the bodily perspec-
tive (e.g., Farrell & Robertson, 1998). Rotations are more
difficult than translations (e.g., Sholl, 2001). The difficulty
increases with increasing angular disparity between the point-
ing direction from the bodily perspective and the pointing di-
rection from the imaginal perspective (May, 2004). Giving
the participants time to prepare for the imaginal perspective
before presenting the target reduces the difficulty, but point-
ing is still more difficult from the imaginal than from the bod-
ily perspective (e.g., Sohn & Carlson, 2003).

Task Switching

The ability of humans to change the task they are currently
working on has been investigated intensely in the task switch-
ing paradigm (see Monsell, 2003). In this paradigm partici-
pants have to work on a succession of comparatively simple
tasks such as adding or multiplying two digits. The defin-
ing characteristic of task switching studies is that the task
the participants have to work on repeatedly and frequently



changes during the experiment. Furthermore, in most of the
task switching studies the stimuli and responses are bivalent,
that is, the same for the different tasks. For example, in the
experiment by Sohn and Anderson (2001) participants had to
work on pairs of digits and letters with two possible tasks: Ei-
ther judge whether the digit is odd or even or judge whether
the letter is a consonant or vowel. The judgment had to be in-
dicated for both tasks by either pressing the “z” or the “/” key
on a computer keyboard. As in IPT, reaction time and errors
are the main focus of analyses in task switching studies.
Generally, the following effects have been observed in task
switching experiments (see Monsell, 2003, but also, e.g.,
Meiran, 2000; Sohn & Anderson, 2001): First, task execu-
tion is more difficult (i.e., slower and more error prone) just
after a task switch. This decrement is called swiftch cost. Sec-
ond, switch cost can be reduced if the participants are allowed
to prepare for a change of task(s). Third, preparation for a
switch does not eliminate switch cost completely. The cost
remaining after preparation has been termed residual cost.

Analogies

Several analogies hold between task switching and IPT. These
analogies become apparent when assuming that different per-
spectives correspond to different tasks and the bodily per-
spective corresponds to the previously executed task. Fram-
ing IPT this way reveals that IPT—as task switching—uses
bivalent stimuli, because targets (the objects to point to) and
responses (pointing to the target) are the same for all perspec-
tives. In addition, IPT exhibits a “switch cost” for taking a
perspective different from the bodily one and preparation can
reduce but not completely eliminate this switch cost.

This similarity of IPT to task switching suggests that a con-
siderable part of IPT performance can be assumed to arise
from the working of control mechanisms, since task switch-
ing is generally agreed to depend heavily on control facilities.
Furthermore, the control involved in IPT might bear resem-
blance to the control involved in task switching.

Based on these considerations we developed a computa-
tional model of IPT in terms of control. This model will be
detailed in the subsequent section.

Computational Analysis and Model

IPT as Task Switching

Despite considerable differences regarding the particulars
(computational) models of task switching such as the mod-
els developed by Meiran (2000), Sohn and Anderson (2001),
and Rubinstein, Meyer, and Evans (2001) generally assume
that the observed task switching performance is the result of
the combined effect of two distinct mechanisms. Further-
more, these models all suggest that one of the mechanisms
is responsible for that part of the switch cost which can be
eliminated during preparation, whereas the other mechanism
is responsible for the residual cost. Although both mecha-
nisms have been termed and implemented differently in the
models, the gist of these terms and implementations is the
same across models and associated with stimulus ambiva-
lence and response selection. More precisely, the mechanism
underlying the reducible cost seems to be related to stimu-
lus disambiguation, that is, to determine how the stimulus is
to be interpreted or which part of the stimulus to attend to.

The idea is that a certain way of perceiving / interpreting the
stimulus is associated with each task and the current mode
of perception / interpretation is in accord with the previously
executed task. In case of a task switch this mode has to be
changed to conform to the new task. The mechanism under-
lying the residual cost, on the other hand, seem to be related
to the influence the previously executed task has on the incli-
nation to select certain responses. Thus, task switching can
be viewed as consisting of two components, where the first
is associated with stimulus disambiguation and the second is
associated with response selection.

Based on the analogy of task switching and IPT a similar
two component structure can be assumed to underlie perfor-
mance in IPT. This is not to say that the processes of disam-
biguation and response selection involved in IPT are identi-
cal to those in typical task switching settings. For example,
whereas switch costs in task switching are on the order of
50 - 100 ms, “switching” from the bodily to an imaginal per-
spective might take several seconds. Consequently, the com-
ponents of disambiguation and selection in IPT seem to be
realized differently than in task switching. How these two
components might be conceived of in the scope of IPT and
what the underlying mechanisms are, will be discussed in the
next two sections.

Stimulus Disambiguation: Reference Frame Selection
To be able to point to the target in the IPT task the symbolic
target description given by the experimenter (e.g., “point to
the phone”) has to be re-represented as an egocentric pointing
direction. Since this direction is dependent on the perspective
taken, different perspectives afford different target represen-
tations and, thus, the stimuli employed in IPT are ambiguous.
Moreover, disambiguation is a prerequisite for accurately per-
forming on the IPT task. Without successful disambiguation
the symbolic target description would in most cases be re-
represented incorrectly leading to an incorrect pointing re-
sponse. Consequently, stimulus disambiguation seems to be
a crucial mechanism for successful IPT.

We propose that it is reference frame selection which un-
derlies stimulus disambiguation in IPT. To see this, consider
a typical IPT trial where a person has to point to a target from
an imaginal perspective. The only source of information for
determining this direction is the person’s memory of the ob-
ject configuration, because she has no sensory access to the
configuration during IPT. In accord with a number of studies
(Mou et al., 2004; Sholl, 2001; Waller, Montello, Richard-
son, & Hegarty, 2002), we assume that the enduring mem-
ory representation which is used during IPT consists of a net-
work of nodes (i.e., object representations), where the links
between the nodes represent directions between the objects
represented by the nodes. To make use of such a represen-
tation, a reference frame is needed which defines a reference
direction with respect to which the inter-object relations can
be interpreted and experimental evidence (e.g., Hodgson &
Waller, 2006) suggests that any such memory representation
stores a certain reference direction in addition to the node net-
work. Since the employed reference direction determines all
inter-object relations, selecting a reference frame amounts to
choosing a certain target direction interpretation, that is, by
selecting a reference frame the stimulus can be disambiguated
in IPT. Put in terms of the analogy of task switching and IPT,



the reference frame is the mode of perception / interpreta-
tion which is associated with each task (i.e., each perspec-
tive). Accordingly, in a typical IPT trial the mode has to be
switched / shifted from the reference frame of the bodily per-
spective (the previous task is always the bodily perspective;
see above) to the reference frame of the imaginal perspective.

Viewing stimulus disambiguation as reference frame se-
lection reveals similarities of IPT to other spatial cognition
tasks. In particular, the use of spatial terms such as “above” or
“right” has been shown to involve reference frame selection
as one important step (Carlson, 1999). Based on this strand
of research Schultheis (to appear) has developed a computa-
tional model of reference frame selection. This connection-
ist model consists of a number of units representing different
reference frames or, more precisely, reference frame charac-
teristics such as direction or orientation. Via bottom-up and
top-down input connections these units are activated to a cer-
tain level. Subsequently, all activated units indirectly com-
pete via shunting models until the mutual relation between the
competing unit’s activation reaches a certain threshold. This
threshold is a free parameter of the model and determines how
exclusively the reference frame characteristic represented by
the unit with the highest activation is retained in the output of
the model (see Schultheis, to appear, for model details).

Since IPT seems to rely on reference frame selection, we
employed the just described model as the mechanism under-
lying stimulus disambiguation in IPT. For any IPT trial, stim-
ulus disambiguation by reference frame selection takes place
as follows: The reference frame of the bodily perspective and
the reference frame of the imaginal perspective will activate
certain units in the model. If the imaginal perspective is dif-
ferent from the bodily perspective they will activate different
units which then compete until the criterion is reached. As
an additional factor the reference frame stored with the node
network (see above) will also activate one of the competing
units sometimes facilitating and sometimes hampering the se-
lection process. The number of iterations until competition
terminates is assumed to be proportional to the time partici-
pants need to disambiguate the stimulus.

Response Selection: Response Priming The residual
costs in task switching are generally thought to arise from
priming. In all of the discussed models of task switching
(Meiran, 2000; Rubinstein et al., 2001; Sohn & Anderson,
2001) it is assumed that executing a certain task in one trial
will lead—in some form or the other—to the priming of stim-
ulus response mappings relevant to this task. More precisely,
all of the models assume that stimulus response mappings for
tasks are held in working memory and primed to be more se-
lectable on subsequent trials.

Again drawing on the analogy of task switching and IPT
we propose that the second component of IPT is also arising
from priming effects. However, due to the results of Wang
(2004) it did not seem justified to adopt the priming mech-
anisms proposed in task switching models as they stand for
IPT. Wang (2004) showed that the response effects in IPT
seem to arise from rather low-level motor mechanisms. This
suggests that (a) priming of working memory representations
in the case of IPT is inappropriate and (b) not stimulus re-
sponse mappings but only the motor responses are primed.

Based on these assumptions we developed a new compu-
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Figure 1: Array of motor units (four examples shown) with
their tuning curves. The numbers between each curve and
unit signify this unit’s preferred direction in degrees.
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tational model. This model better corresponds to the experi-
mental results of Wang (2004), while at the same time keep-
ing with the idea of priming as the main mechanism. Our
model consists of an array of units which are thought to rep-
resent cells in the motor cortex. These units are sensitive to
certain directions, such that (a) each unit is maximally acti-
vated by one particular direction, the preferred direction and
(b) activated to a lesser extent by similar directions. More
precisely, each unit is thought to respond according to a Gaus-
sian tuning curve which is centered at a cell’s preferred direc-
tion. The variance of this tuning curve o is assumed to be a
free parameter but the same for all units (see Figure 1).

If in the scope of IPT the pointing direction has been de-
termined, this direction will activate the corresponding motor
unit. Once any motor unit is activated to its maximum which
is defined as the density of the Gaussian tuning curve at the
preferred direction, the corresponding pointing response will
be selected and executed. It is further assumed that the time it
takes to activate any motor unit to its maximum (i.e., the time
to select the corresponding pointing response) is proportional
to the relation of a motor unit’s preactivation and maximum
activation. The lower the preactivation of a motor unit, the
longer it will take to select and execute the corresponding re-
sponse. It is by preactivation of the motor units that priming
exerts its influence on the time necessary to perform IPT.

As in task switching, priming is thought to arise from the
previously executed task. Since in IPT the previously exe-
cuted task corresponds to pointing from the bodily perspec-
tive (see above), the pointing directions from the bodily per-
spective should somehow prime the motor units when point-
ing from an imaginal perspective. We propose that such prim-
ing stems from the working of a special representational sys-
tem for space which has been termed perceptual-motor sys-
tem (e.g., Sholl, 2001). This system continuously keeps track
of the directions from a human to different objects in the en-
vironment, that is, on a motor level, the direction to different
objects is continuously available. Thus, if the target in IPT
is presented, this target can activate—on a motor level—the
motor unit corresponding to the direction to this target. How-
ever, this unit will only be partially activated, because it is not
the goal of the participant to point in this bodily defined di-
rection. Furthermore, not only this motor unit, but also motor
units with a similar preferred direction will be partially acti-
vated. More precisely, due to the tuning curves the activation
of a motor unit will be proportional to the similarity of its own
preferred direction and the bodily direction to the target.

To sum up, the two proposed components of our IPT model
interact in the following way: After the to be taken perspec-



tive has been presented, stimulus disambiguation in the form
of reference frame selection takes place. When selection is
finished and the target has been presented (a) the target direc-
tion from the imaginal perspective is determined using the se-
lected frame and the existing memory representation, (b) the
corresponding motor unit will be activated, and (c) response
priming will add to the activation of the relevant motor unit.
Once any motor unit is activated maximally the correspond-
ing pointing response is selected and executed.

To prove that this model constitutes a satisfactory account
of IPT, we will both in the following section explain how
the model accounts for the main IPT effects and in the sec-
tion after next show the model’s ability to simulate human
IPT behavior by applying it to one concrete IPT experiment.
In thus evaluating the model we will concentrate on reaction
times, since these have been the focus of the presented analy-
sis. However, as the section “Challenges” will explicate, the
mechanisms in the model easily allow extending the modeled
domain to the errors made by participants in IPT.

Explained Effects

Difficulty of IPT According to the model, longer response
time for pointing to a target from an imaginal perspective than
for pointing from the bodily perspective has two causes. The
first is stimulus disambiguation. If the target direction has to
be judged from the bodily perspective, the bodily direction
and the imaginal direction coincide and thus will activate the
same unit in the reference frame selection mechanism. If the
two directions do not coincide, they activate different units
and, thus, both the desired direction will be activated less and
an undesired direction will be activated more than in point-
ing from the bodily perspective. As a result, the initial differ-
ence between the unit activations will be less when bodily and
imaginal direction do not coincide and therefore the compe-
tition will take more iterations (i.e., more time) to terminate.
The second cause is response priming. As detailed above,
motor units will be primed by the perceptual-motor system.
This priming will be—due to the tuning curves—be strongest
for that motor unit which has a preferred direction identical
to the direction of the target from the bodily perspective. As a
result it will take more time to activate the response from the
imaginal perspective than from the bodily perspective adding
to the slower response time in this condition.

Difficulty of Rotations One important aspect of imaginal
translations is that the reference direction for the resulting
imaginal perspective is the same as for the bodily perspec-
tive. Accordingly, during stimulus disambiguation the bodily
and imaginal direction activate the same unit in the reference
frame selection mechanism which results in lesser iterations
until competition termination and, thus, imaginal translation
are faster than imaginal rotations.

Difficulty Increases with Disparity This effect is owed
mainly to the response priming mechanism. As already said,
the response direction from the bodily perspective will be
primed most. In particular, due to the tuning curves of the
units in the response selection mechanism, any response unit
will be so much more activated—by virtue of priming—the
closer the unit’s preferred direction is to the target direction
from the bodily response. Thus, with increasing disparity be-

tween the bodily and imaginal target direction the priming ac-
tivation for the imaginal target direction will decrease. Since
lower activations entail more time to fully activate a unit (see
above), response time will increase with increasing disparity.

Difficulty Can Partly be Reduced by Preparation The in-
formation processed during stimulus disambiguation in IPT is
(a) the bodily orientation, (b) the direction stored in memory,
and (c) the imaginal orientation. Since (a) and (b) are avail-
able anyway, stimulus disambiguation can start as soon as the
imaginal orientation is known. Moreover, the availability of
the necessary direction for disambiguation (namely the imag-
inal orientation) does not depend on the availability of the
target. Given advance information on the imaginal perspec-
tive to be taken, identification of the reference direction can
start and proceed prior to target presentation. The effect of re-
sponse priming, on the other hand, can only take effect after
the target is known. Without knowing the target the pointing
direction cannot be computed and, consequently, the motor
units cannot be activated. Thus, difficulty can partly (due to
disambiguation), but not completely (due to response selec-
tion) be reduced by preparation.

Model Application

In further evaluating the model we applied it to the data
from experiment 3 of May (2004). This experiment seemed
to be especially suited, because it is one of the few studies
which systematically varied preparation time as well as an-
gular disparity of pointing responses in both imaginal trans-
lations and imaginal rotations. In this experiment participants
were allowed to learn and memorize an object configuration
for 10 min. After learning they had to point to different tar-
gets from different imaginal perspectives while standing in
the center of the objects. Participants had no sensory access
to the configuration during pointing. The to be taken imaginal
perspectives were either translations or rotations resulting in
an angular disparity of 22.5°, 67.5°, 112.5°, or 157.5°between
the target pointing directions from the bodily and the imaginal
perspective. Furthermore, each IPT trial presented first the to
be taken perspective and then, after a variable SOA of 1, 3,
or 5sec, the target. This design resulted in 24 different con-
ditions for each of which pointing latency and pointing error
were measured. As already said, we will concentrate on the
latency data in modeling human behavior in this experiment.
Accordingly, in modeling we will assume that both stimulus
disambiguation and response selection will yield correct re-
sults. For stimulus disambiguation this means that in each
trial the imaginal orientation will be selected as the reference
direction, that is, in each trial the unit representing the imagi-
nal orientation will initially be higher activated than any other
of the competing reference direction units.

To model the data from May’s experiment we employed
the reference frame selection mechanism from Schultheis (to
appear) nearly unchanged. In particular, we adopted the same
maximum overall activation of the competing units, that is,
the sum of the activation of all competing units was restricted
to be not above 10. The only thing we changed was the gating
criterion which was set to 10.

Given this setup, the model had three free parameters:
First, the amount of activation initially received by the unit
representing the imaginal reference frame direction. Second,
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Figure 2: Empirical (May, 2004) and model latencies in ms. The x axis shows angular disparity in degree.

the amount of activation initially received by the unit repre-
senting the bodily reference frame direction. Due to the re-
striction of a maximal activation of 10, the initial activation
for the reference frame direction stored with the memory rep-
resentation was automatically determined by estimating the
other two initial activations. Third, the variance of the tuning
curves in the response selection mechanism.

The first two were estimated from the latency data of exper-
iments 1 and 2 of Mou et al. (2004) and the third parameter
was estimated from the to be modeled data of May (2004).
We chose to estimate the first two parameters from a differ-
ent data set, since this constituted a more rigorous test of the
model: With only one parameter to fit 24 data points, a good
model fit lends strong support to the validity of the employed
mechanisms. The reason to utilize the particular data set of
Mou et al. (2004) is that it is one of the few studies which sys-
tematically investigated the differential influence of the bod-
ily reference direction and the reference direction stored in
memory on IPT latencies. The initial imaginal, bodily, and
memory reference frame direction activation was estimated
to be 5.7, 3.182, and 1.118, respectively, resulting in a corre-
lation of » = 0.89 between human and model data for exper-
iments 1 and 2 of Mou et al. (2004). These parameter values
indicate that the influence of the bodily direction is larger than
the influence of the direction stored in memory.

Utilizing these activation values we estimated the variance
of the tuning curves of the motor units from the data of May
(2004). The variance was found to be 1.04. The modeling
results using this variance and the corresponding human data
for all 24 conditions of the experiment are displayed in Fig-
ure 2. The figure shows the reaction times for the different ex-
perimental conditions in milliseconds. Model reaction times
have been determined by a linear regression of the human
data on the raw model data (i.e., iterations resulting from the
stimulus disambiguation mechanism plus the relation of the
preactivation and the maximum activation of the motor unit;
see above). As can be seen from the figure the model data
corresponds quite nicely to the human data resulting in a cor-
relation of » = 0.89. Note again that this fit of 24 data points
was achieved by estimating only one parameter which indi-
cates the appropriateness of the employed mechanisms.

Challenges

Although the model can reasonably account for main behav-
ioral effects found in IPT, there are several aspects of the

model which require further considerations.

For example, modeling has so far concentrated on laten-
cies disregarding the effects IPT has on pointing error. Yet,
the mechanisms employed in the model seem to be suitable
to also account for accuracy data. According to the model
pointing error can arise either from stimulus disambiguation
or response priming. Regarding the former, depending on
the height of the gating criterion, the output of the selec-
tion mechanism need not correspond to one of the direc-
tions which have competed, but to a weighted combination
of these. The lower the criterion the stronger the influence of
all competing directions on the final output will be. In terms
of IPT this means that with a low(er) criterion the selected
direction will be the imaginal direction shifted towards the
bodily direction. Since the pointing direction is based on the
selected reference direction, a shifted reference direction will
lead to an erroneous pointing direction. Regarding response
priming, the pointing response based on the bodily direction
will have activated other motor units representing a similar
response. A response from the imaginal perspective will ac-
tivate another motor unit and with it also units between the
bodily and the imaginal pointing direction. Assuming noisy
activation processes, one of these intermediate motor units
may reach its maximum first and thus an erroneous response
might be given by the participant. Both mechanisms predict
errors to occur in the form of a shift of the imaginal response
to the bodily response which is in accord with the observation
of May (2004) that this kind of error is the most frequent one.

A second aspect is that the response selection mechanism
in its current form, explains selection effects by positive prim-
ing. Thus, bodily based responses can influence IPT per-
formance only by facilitating but not by hampering imaginal
based responses. This seems to run counter to experimental
results indicating that the bodily perspective can both facili-
tate and interfere with the imaginal perspective (Waller et al.,
2002). On the basis of the presented analysis it is not clear
whether the proposed mechanisms are able to account for the
relevant empirical effects. Consequently, one major point of
consideration in the further development of the model will
have to be the clarification of this matter.

Related Work

Other computational accounts related to human perspective
taking have recently been proposed. Hiatt, Trafton, Harrison,



and Schultz (2004), for instance, have developed a system
which allows a robot to disambiguate a spatial utterance by
taking the perspective of a human speaker. Although the task
of the robot is similar to IPT, the developed computational
account does not seem to be a cognitive model in the strong
sense. Instead of trying to most accurately account for human
behavior, the focus has been more on building a technical sys-
tem which is able to conveniently interact with a human. In
contrast, Gunzelmann and colleagues (see, e.g., Gunzelmann,
Anderson, & Douglas, 2004) have developed detailed and ac-
curate computational models of human behavior, but the task
they used (and modeled) differed in important aspects from
IPT. For instance, a map-like view of the object configuration
was available to the participants during the whole task.

As a result, our model differs from these two approaches
in both considering IPT and trying to accurately account for
human behavior and, thus, our model constitutes a first com-
putational model of human cognition in IPT.

Conclusion

In this contribution we presented a computational model of
human cognition and behavior in imaginal perspective tak-
ing. Model design was motivated and governed by a pre-
viously observed analogy of task switching and IPT. Not
only did this analogy indicate the importance of control for
IPT, but also suggested that stimulus disambiguation and re-
sponse selection are two important components in IPT. Both
components have been realized by separate mechanisms in
the model. In particular, the mechanism used for stimulus
disambiguation—namely reference frame selection—was not
developed specifically for modeling IPT, but has been drawn
from research on the use of spatial terms. The resulting model
has been shown to be able to account for main effects ob-
served in IPT as well as concrete human data from an IPT
experiment.

Besides constituting a first computational account of IPT,
the model points out similarities between IPT and task
switching as well as IPT and spatial term use. As a result, one
main contribution of the model is to highlight commonalities
of seemingly different tasks, that is, revealing possible funda-
mental mechanisms governing human cognition, in general,
and spatial cognition, in particular.

Future work will concentrate on extending and refining the
proposed model with respect to, for example, error model-
ing and interference in response priming. Furthermore, we
plan to explore the suitability of the reference frame selection
mechanism for other spatial cognition tasks.
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Abstract

This paper presents a synthesis of cognitive architecture and
visual imagery. Visual imagery is a mental process that relies
both on cognitive and perceptual mechanisms and is useful
for tasks requiring visual-feature and visual-spatial reasoning.
Using visual imagery as motivation, we have extended the
Soar cognitive architecture to support the construction,
transformation, generation, and inspection of visual
representations for general problem solving. This paper
presents the high-level architectural design and discusses
initial results from two domains.

Keywords: Cognitive architecture; visual imagery; multi-
representational reasoning.

Introduction

Cognitive architecture research focuses primarily on
abstract, symbolic representations and computations. Non-
symbolic representations are used, but for control, and not
for representing or manipulating task knowledge. There is,
however, significant evidence that visual imagery plays an
important role in many cognitive tasks (Kosslyn, et al.,
2006; Barsalou, 1999). Our work seeks to investigate the
synthesis of and interactions between cognition and mental
imagery by extending the Soar cognitive architecture with
visual imagery. In addition to Soar’s native symbolic
representation, visual imagery in our architecture uses a
depictive representation as well as an intermediate,
quantitative representation for images.

Our major result is a computational implementation of
visual imagery and integration within a cognitive
architecture. Functionally, this provides a computational
advantage and additional capability for visual-feature and
visual-spatial reasoning. Although our design is based on
psychological and biological constraints, at this point, visual
processing algorithms are ad hoc, and do not model the
details of human performance. Our results illustrate the
functional value of visual imagery and the challenges of
creating complete models of such complex processes.

Related Work

Two of the most prominent cognitive architectures, EPIC
(Kieras & Meyer, 1997) and ACT-R (Anderson et al.,
2004), incorporate models of human perceptual and motor
systems. However, rather than specifying and implementing
the low-level details of perception and motor processing,
(e.g. edge detection, joint coordinates), these systems focus

on the timing and resource constraints between perception,
cognition, and motor processing. Moreover, neither system
has a long-term perceptual memory, which is necessary to
gain access to a remembered object’s visual features (i.e.
shape representation). Neither system has any mechanism to
support visual imagery.

Previous efforts to build computational models of
imagery have not included the constraints that arise in
integration with a general cognitive architecture. Kosslyn
composed a detailed mental imagery model and created a
computational implementation to simulate and test his ideas
(1980). Glasgow and her colleagues built a computational
model of imagery for a molecular scene analysis application
(Glasgow & Papadias, 1992). While Glasgow incorporated
psychological constraints in her model, such as the inclusion
of three separate representations (descriptive, spatial, and
visual), their implementation is application specific.

The CaMeRa model of Tabachneck-Schijf’s et al. (1997)
uses multiple representations and simulates the cognitive
and visual perceptual processes of an economics expert
teaching the laws of supply and demand. Their system
includes both visual short-term and long-term memories that
complement verbal memories, but the generality of the
overall architecture is unclear. Visual STM includes a
quantitative (node-link structure) and a depictive (bitmap)
representation that is similar in design, although not in
implementation, to our representations. Their shape
representation is limited to algebraic (i.e. lines and curves)
shapes and their spatial structure only models an object’s
location while ignoring orientation and size.

Barkowsky (in press) proposes that any model of mental
imagery must include the following:

(1) Hybrid representational formats to include
propositional and visual structures involving shape.

(2) Coupling between imagery and visual perception.

(3) Construction of images from pieces of knowledge.

(4) Processing with or without external stimuli.

(5) Multi-directional distributed processing and control.

Our architecture addresses (1) — (3) and our future plans
include incorporating visual imagery processing in the
presence of perceptual stimulus (4). Our control structure
initiates and controls imagery processes in a top-down
manner while perceptual mechanisms process results in a
bottom-up fashion. In Soar, the contents of working



memory determine which memories and processes are
active without any centralized control (5). We also propose
that the architecture must support transformation and
generation of a depictive representation. The following
sections discuss our initial implementation.

Visual Representations

We assume visual imagery uses three distinct visual
representations to include (1) an abstract symbolic
representation, (2) a hybrid symbolic and quantitative
representation, and (3) a depictive representation (Table 1).
Each visual representation becomes more specific and
committal as you move down the hierarchy.

Table 1: Visual Representations

Representation Uses Example
Abstract symbols General, qualitative | object (can)
visual-feature and object (box)

visual-spatial
reasoning

color (can, yellow)
color (box, blue)
on (can, box)

Hybrid abstract and
quantitative

Quantitative visual-
spatial reasoning

can
height 5

radius 1

location <2,1,2>
box

length 10

width 6

height 4

location <0,0,0>

symbols

Visual-feature
recognition

Depictive symbols

Quantitative visual-
spatial reasoning

The abstract symbolic visual representation is the neutral,
stable medium useful for general reasoning (Newell, 1990).
Symbols denote an object, some visual properties of that
object, and qualitative spatial relationships between objects.
The meaning of the symbols is dependent on their context
and interpretation rather than how the symbols are spatially
arranged. The symbols are composable using universal and
existential quantification, conjunction, disjunction, negation,
and other predicate symbols.

The hybrid, intermediate representation labels objects
with abstract symbols and denotes each object’s location,
orientation, and size with quantitative, vector-based values.
The computational processes that infer information from
this representation are sentential, algebraic equations.

The intermediate representation does not receive much
attention in the imagery representational debate (Kosslyn, et
al., 2006; Pylyshyn, 2002). However, it is important for the
following reasons. First, neurological evidence shows that
during visual-spatial imagery tasks, the visual cortex, or
depictive representation, is not active (Mellet et al., 2000).
However, the parietal cortex is active signifying a visual
format distinct from the depictive representation.

Second, Marr stresses that bottom-up visual processing
uses incremental, increasingly abstract levels of
representations (Marr, 1982). This rational is also pertinent
to visual imagery but in the “opposite” direction. Visual
imagery cannot generate a depictive representation directly
from qualitative, abstract symbols without first specifying
metric properties, such as location, orientation, and size.
Finally, from a computational perspective, there are some
spatial reasoning tasks where reverting from qualitative
symbolic representations to quantitative information is
necessary for either efficiency or simply to infer new
information (Forbus, Neilsen, & Faltings, 1991).

The depictive representation is useful for detecting object
features (e.g. “does the letter ‘A’ have an enclosed space?”)
and spatial properties where the objects’ topographical
structure is relevant (e.g. “which is wider in the center,
Michigan’s lower peninsula or the state of Ohio?”). Space
implies spatial extent within and between objects in a visual
scene. Each point in the representation can have variable
color and intensity, and the spatial arrangement of the points
resembles the object(s) specific shape. Computationally, the
depiction is a pixel-based data structure and the algorithmic
processes are either algebraic or ordinal algorithms that take
advantage of the topological structure.

Architecture

There are two software components in our architecture,
(1) Soar and (2) Soar Visual Imagery (SVI). Soar provides
the underlying control (via its procedural production
memory and its decision procedure) and state representation
(via its symbolic memories). SVI encompasses both visual
perception and visual imagery mechanisms. Figure 1 shows
the architecture with Soar (not to scale) across the top and
the visual mechanisms inherent to SVI underneath. We will
refer to this figure as we explain the architecture and
elaborate on the specific visual imagery processes not
shown in it. The architecture makes a distinction between
memories (rectangles) and processes (rounded rectangles).
The terminology is either Kosslyn’s et al. (2006) or our
own. We will start by explaining the memories and
processes associated with visual perception working from
the bottom to the top of Figure 1. Then we will discuss
visual imagery from a top-down perspective.

Visual Perception

The Visual Buffer is the SVI short-term memory associated
with the visual cortex. It maintains the depictive
representation (Kosslyn, et al., 2006). A Refresher process
activates the depiction based on information received from
visual perception. Two sets of processes in SVI correspond
to the ventral or “what” pathway and the dorsal or “where”
pathway that extend from the visual cortex (Ungerleider &
Mishkin, 1982). The “What” Inspectors are responsible for
extracting object features, shape, and color from the Visual
Buffer. They store each object’s shape and color in a Visual
long-term memory (LTM), neurologically believed to be in



the region of the inferior temporal lobe. SVI stores the
shapes as a mesh topology in the Euclidean space, R°.
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Figure 1: Architecture overview

The “Where” inspectors extract the location, orientation,
and size of the objects in the Visual Buffer and store this
information in the Object Map short-term memory. The
Object Map roughly corresponds with the posterior parietal
cortex and maintains the quantitative visual representation
from Table 1. SVI implements this representation with a
scene-graph data structure.

The VisualLTMListeners and the ObjectMapListeners
consolidate the inspectors’ results and create an abstract
symbolic format for Soar’s working memory. The Visual
LTM Listeners provide an object’s qualitative features
along with a symbol (visual-id) denoting the object’s shape
and color in Visual LTM. Likewise, the Object Map
Listeners create the qualitative spatial relationships between
objects in the Object Map. Visual operators in Soar’s
production memory attend to the listeners input and
associate it with existing knowledge.

Visual Imagery

For illustration, consider a Soar robot setting the table for
dinner. Its current goal is to set one place setting, and in
order to accomplish the goal it has to set each individual
object (napkin, fork, plate, etc). It prefers to set the center
object (i.e. plate) first so it can place the other objects
relative to the center. The robot’s working memory contains
the symbolic representation of the place setting (Figure 2).
Each object’s symbol structure is associated with the
current state in Soar’s working memory via a visual-object
attribute. The place setting structure includes the primitive
visual objects napkin, fork, plate, knife (not shown), and
spoon (not shown) objects. Primitive visual objects have a
visual-id attribute. Composite visual objects (i.e. place
setting) denote an object containing other visual objects.
Composites are augmented with has-a and spatial-
relationship attributes defining how the object is composed.

Spatial relationships indicate an object’s location and
topology in relation to other objects. For example, the fork
is above (location) and connected (topology) to the napkin
and left-of and disconnected from the plate. A viewpoint
attribute specifies the spatial relationship perspective. Note
that primitive objects may be associated with many
composite objects and task knowledge may rearrange the
spatial relationships or even synthesize composite objects to
enable the creation of novel visual images.

cl place-setting
s

relationshi

Figure 2: Soar working memory visual representation

Although the symbol structure in Figure 2 encapsulates a
lot of information, it does not indicate the place setting’s
center object—either directly or through inference. When
there is a lack of visual-feature or visual-spatial knowledge,
an impasse occurs and Soar creates a special, visual imagery
state. The state’s initial knowledge consists of the symbolic
representation of the object in question and the goal is to
determine the desired information.

As a first step, visual imagery, processing has to re-
encode Soar’s symbolic representation into the intermediate,
quantitative representation. To support this, general-purpose
operators for constructing the metric representation (Figure
1) are encoded in Soar’s production memory. Construction
derives from a commonly demonstrated phenomenon in
behavioral imagery experiments showing the time to
generate a visual image is linearly dependent on the number
of parts in the visual representation (Kosslyn, et al., 2006).

Within SVI, there are functional processes specific to
imagery. The Imager receives the operator’s command and
symbolic information from Soar, interprets it, and passes the
required information to a Constructor process (Figure 3).
The Constructor builds the quantitative representation in the
Object Map by combining each object’s general shape
information from Visual LTM with its qualitative spatial
knowledge from Soar’s working memory. For example, to
build the place setting, visual imagery may first compose
the fork and the plate by locating the fork to the left of the
plate. In a similar fashion, processing adds the other objects
to complete the quantitative representation.
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The transformation operator (Figure 1) and the
Manipulator process (Figure 3) emerge from another
common behavioral phenomenon, made famous by
Shepard’s and Metzler’s “mental rotation” experiment
(1971). The operator changes the location, orientation, or
size of a specific object or the perspective of the scene.

If the original query refers to an object’s spatial
orientation or relative size then the metric representation is
sufficient. In the case of inferring the place setting’s center
object, this is the case. However, if the robot finishes setting
the plate and is ready to pick up the napkin, it may want to
know the relative difference in width between the plate and
napkin. In this case, a depictive representation with each
objects’ specific shape is required. The generation operator
initiates processing, and the Imager interprets the command
and invokes the Refresher (Figure 3). The Refresher
combines each object’s specific shape and color from Visual
LTM with the Object Map information and generates the
depictive representation in the Visual Buffer.
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Figure 4: Inspection

After the system has constructed, transformed, and, if
necessary, generated the depictive representation, the

conditions are set for the inspection process (Figure 4). The
inspect operator provides the Imager with the query. For
example, “what is the center object of the scene?”” or “which
object is wider?” The Imager then activates the “What”
and/or “Where” processes. These processes function as
previously discussed with the exception that in visual
imagery the Imager may direct the “where” inspectors to
focus on the Object Map if the depiction is not required. The
agent may iteratively add more detail to its visual
representation and inspect it to refine its search.

Results

The results illustrate the functional and computational value
of visual imagery in two distinct domains. The first domain
derives from Larkin & Simon’s work demonstrating the
computational advantage of diagrams (1987). In the
problem they investigate (Figure 5), the model must locate
object features, (e.g. vertices, line segments, triangles) and
infer relationships (e.g. angles, congruency) that initial task
knowledge does not specify.

Although we doubt a human could solve the problem
without an external diagram, we chose this task because it
stresses the construction and inspection of a quantitative
representation. The task does not require a depiction as
initial knowledge specifies the main feature (lines) from
which other features can be inferred. As either symbolic or
metric representations are sufficient, we can compare them
and determine computational and functional differences.

The second domain derives from Kosslyn and Thompson
(2007). In this experiment, the subjects hear a letter from the
English alphabet and the experimenters ask them to
visualize it in its uppercase format. Next, the subjects hear a
cue, such as “curve”, “enclosed-space”, or “symmetry” and
indicate whether the letter has the particular feature. For
example, the letter ‘A’ has an enclosed space and vertical
symmetry while ‘U’ has a curve. The Soar model also
“hears” a question, visualizes the letter, searches for the
desired feature, and then “verbally” responds

We chose this visual-feature task because it involves all
imagery processes and representations. Unlike the geometry
domain, symbolic or quantitative representations cannot
solve this task without explicitly encoding every feature.
The task also includes an external environment that
emphasizes the interaction of visual imagery and cognition.

Although our initial goals are functionality driven, we
also make comparisons with human data and discuss the
shortcomings. Two reasons for these shortcomings include
our uncertainty of the types of algorithms humans use to
recognize features, and our architecture’s lack of “image
maintenance” that occurs when the image’s vividness
decays and must be refreshed (Kosslyn et al. 2006).

Geometry Problem

The problem states that there are four lines (A, B, C, D).
Line A is parallel to line B and line C intersects line A. Line
D bisects the line segment formed by the intersection of line
C with lines A and B (Figure 5). The goal is to show that the



two triangles formed are congruent. To prove congruency,
the model must employ a basic geometry rule, such as the
angle-side-angle (ASA) rule. The ASA rule states if two
angles and the included side of a triangle are congruent to
two angles and the included side of another triangle, then
the two triangles are congruent. In Figure 5, the model must
show E1=E2, el=€2, and c=Db.

E2

El

C D
Figure 5: Geometry Problem

We compared two models. The first uses only symbolic
representations (Soar Only) and has operators to create and
process geometric objects and relationships. For example,
“if two lines intersect, then create a vertex”. The model
creates these features until it can show the triangles are
congruent. The second model (SVI) constructs a metric
representation from the original description. It then inspects
it for the desired features and relationships and uses the
information along with the ASA rule to prove congruency.

The SVI model requires less real and simulated time
(Figure 6). “Soar Only” spent much of its time considering
objects and relationships that were not required to solve the
problem. The SVI model also requires less task knowledge
(Figure 7). The “Soar Only” model requires knowledge
about geometric structures inherent to SVI’s imagery
operations. Functionally, this suggests that SVI decreases
the amount of knowledge required to learn such a task.
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Figure 6: Time for each agent.
Simulated time is decision cycles x 50 ms.

The model is not psychologically plausible because of its
unrealistic ability to maintain arbitrary amounts of
information in its visual buffer. We expect humans would
require an external diagram and thus require more time to

solve the problem. However, the task demonstrates
imagery’s computational advantages and added capability.
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Figure 7: Initial task knowledge for each agent

Alphabet Experiment

Our evaluation for this experiment focuses on three areas.
First, the requirement for generating and transforming
depictive representations forced us to reconsider the design.
Our previous discussion reflects this evaluation. Second, we
make a subjective comparison between the feature detection
algorithms and note that even though the representation is
depictive, the processing may not. For example, to detect
curves we use a variation of the Hough transform (Mat Jafri
& Deravi 1994). The algorithm maps edge pixels onto a
parameter space and uses a “voting” algorithm to determine
the parameters that indicate a curve. Although the algorithm
has interesting perceptual characteristics in that it is
parallelizable, it uses sentential, algebraic computations. For
detecting enclosed spaces, we employ an algorithm using
pixel rewrites to take advantage of the topological space and
locality of neighboring pixels that is clearly more
“depictive” (Furnas, et al., 2000).

Finally, we compare the model’s response time' (RT)
with human data from Kosslyn’s experiment (2007). Figures
8—9 show the comparison with the letters along the x-axis
sorted from left to right according to human response time.
Both humans and Soar show variability in the time to detect
enclosed spaces’, but the average time is almost identical
(Figure 8). In the case of symmetry, however, Soar shows
little variability while humans show a lot (Figure 9).

Again, we make no claim that the algorithms are similar
to how humans recognize these features. Since the
architecture does not incorporate image maintenance, the
time required to recognize symmetry dominates the results.
Our algorithm determines symmetry by transforming the
original depiction around the axis of symmetry and
comparing it with the original orientation. Rather than
performing this operation in a single step, we hypothesize
that humans must continuously rotate and regenerate the
letter. This demonstrates that even if the overall architecture

' Based on average CPU time over 30 trials and scaled for
comparison with human data.

% Curves and enclosed spaces show a similar graph with the
exception that the range of response times were spread out more
for both the human (~600ms) and Soar agent (~500ms) data.



is correct (our hypothesis), the devil of modeling human
behavior is in the details of low-level visual processing.
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Figure 8: Enclosed space response time comparison
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Figure 9: Symmetry response time comparison

Human £ :778,0 :104 Soar 1 :643,0:12

Conclusion

We have demonstrated that it is possible to extend a general
cognitive architecture with a comprehensive model of
imagery that includes using multiple visual representations;
sharing mechanisms with vision; and incorporating
construction, transformation, generation, and inspection. It
also expands architectures by linking perceptual-based
thought and cognition. This union provides new capabilities
and computational efficiency for visual-feature and visual-
spatial reasoning. As we move forward, we desire to expand
the inspection processes and evaluate the architecture in an
environment where perception and imagery interact, spatial
and depictive forms of imagery are necessary, and the
overall task is not to answer a question but involves making
decisions and executing them in a rich environment.
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Abstract

Cognitive Constraint Modeling is an emerging model-
ing framework that allows a modeler to derive predic-
tions of asymptotic performance from (a) a specifica-
tion of architectural constraints; (b) a specification of
a space of possible task strategies; and (c) an explicit
objective (payoff) function. This approach has dis-
tinct advantages over traditional approaches in that it
reduces the degrees of freedom inherent in specifying
the details of particular strategies when explaining be-
havior; instead these specific strategies are selected on
the basis of their maximum payoff given the architec-
tural constraints. However, this approach potentially
suffers from high computational cost and intractability
on some problems because it is grounded in optimiz-
ing constraint-satisfaction techniques. To understand
and address this problem, we have built a cognitive con-
straint problem generator which stochastically generates
large populations of parametrically controlled problem
instances on which we can test CCM performance. Ini-
tial results from our use of this tool have identified at
least one clear property of problems-order strength-that
has a significant and non-linear effect on performance
time. These results, when extended, will pave the way
to efficient constraint modeling.

Introduction

It is a commonplace of psychology that human behav-
ior is adaptive, but research over the last 10-15 years
has revealed the astonishing degree to which strategic
adaptation and variability manifests itself across behav-
ioral timescales-even at the lowest levels of extremely
rapid behavior (e.g., [Meyer and Kieras, 1997]). Cog-
nitive architectures naturally admit of such strategic
variation because they are programmable. Unfortu-
nately, this general theoretical virtue becomes explana-
tory vice in trying to explain specific behaviors, because
the strategies and knowledge supplied to the architec-
ture become degrees of freedom in accounting for data
[Kieras and Meyer, 1999, Newell, 1990]. This leads to
the following question: How can we account for the com-
plex details of adaptive interactive behavior-without ef-
fectively building into the model what we are trying to
explain?

Cognitive Constraint Modeling (CCM) is an emerg-
ing framework for modeling that attempts to address
this issue by allowing modelers to work in terms of for-
mally defined spaces of strategies and formally defined
architectural theories [Howes et al., 2004]. This is an ad-
vantage in that points in the strategy space are then

evaluated in terms of explicit theorist-defined objective
functions (such as “go as fast as possible” or “minimize
working memory load”) rather than being selected be-
cause of data fit.

The approach is realized computationally in a sys-
tem called CORE (Constraint-based Optimality Reason-
ing Engine) [Howes et al., 2004]. Computational mod-
eling in CORE has several distinguishing characteris-
tics, but we focus on two here. First, descriptions of
behavior are derived via constraint satisfaction over ex-
plicitly declared architectural, task, and strategy con-
straints, rather than running a simulation. Second, the
complex details of behavioral control emerge in part
from optimizing behavior with respect to explicit pay-
off functions ascribed to the human. Predictions of
asymptotic performance are generated from architec-
tural theory while minimizing specific assumptions about
the details of the strategies. CORE has been used
to model a range of different domains, including driv-
ing behavior [Brumby and Salvucci, 2006], a call cen-
ter [Howes et al., 2005], interactions with an Automated
Teller Machine task [Lewis et al., 2004], and interrup-
tions during procedural cockpit tasks [Eng et al., 2006].

The computational problem

Generating predictions from CORE can be computation-
ally expensive: each CORE model constitutes a con-
straint satisfaction problem defining a potentially large
search space of possible behaviors. Our practical experi-
ence with CORE suggests that even with relatively short
stretches of behavior (under 20 seconds), it may be pos-
sible to create modeling problems that takes hours or
days of CPU time to compute, as well as problems that
are essentially intractable.

We do not believe this is a problem specific to our
particular implementation of CORE. Rather, the com-
putational complexity of these models is a fundamental
problem that must be addressed for the general class
of modeling methods in which the modeler is effectively
specifying and exploring large spaces of possible strate-
gies rather than specific (and possibly arbitrary) points
in an implicit strategy space. This paper reports our
first steps at understanding and addressing this compu-
tational problem.!

!This is not the first explicit attempt to systematically
and quantitatively analyze the computational performance
of a symbolic cognitive modeling technique; many current



Our approach

Our approach to understanding and addressing this com-
putational problem is to develop a cognitive constraint
model problem generator, which allows us to stochasti-
cally generate large populations of parametrically con-
trolled problem instances on which we can test the
performance of CORE. Initial results from our use of
this tool have identified at least one clear property of
problems—order strength—that has a significant and
non-linear effect on performance time. As we discuss
below, this property has been previously identified in
the literature on constraint satisfaction techniques.

In the remainder of the paper, we first summarize the
basic structure of the computational problem as it arises
in CORE, showing how CORE cognitive models are re-
duced to resource-bounded constraint satisfaction prob-
lems (RCSPs). We then briefly describe a particular
class of algorithms for solving RCSPs and the time com-
plexity of RCSPs. Next, we provide an overview of our
problem generator framework, and then report on our
initial results of experiments with this system. We con-
clude with the first set of general lessons we draw from
these experiments, and suggest practical steps to take to
make constraint modeling more efficient.

From cognitive constraint models to
scheduling problems

CORE takes in a specification of constraints and out-
puts a behavioral prediction. The architectural con-
straints are described in terms of cognitive, percep-
tual, and motor processes which use a set of proces-
sors/resources with set capabilities (following Model
Human Processor [Card et al., 1983] and CPM-GOMS
[John and Gray, 1995]) and high-level task grammars
that define a space of possible task strategies. CORE
transforms the architectural constraints and the task
grammar specification into a constraint satisfaction
problem, described as a set of variables, domains, and
constraints. This formulation allows for the treat-
ment of the models as scheduling problems, in par-
ticular, a Resource-Constrained Scheduling Problem
(RCSP). CORE uses an off-the-shelf constraint solver:
the Constraint Logic Programming over Finite Domains
(CLPFD) Sicstus Prolog solver, to solve these constraint
satisfaction problems. This solver utilizes the stan-
dard Branch and Bound algorithm for optimized solution
search.

Formulation as Resource-Constrained
Scheduling Problem

A RCSP consists of a number of different activities,
where each of the activities has a duration, and a maxi-
mum time domain in which it must be scheduled. Each
activity also has a resource requirement which it uses

production system architectures such as Soar and EPIC
[Meyer and Kieras, 1997] were made viable by early founda-
tional work on the production rule match which led to effi-
cient new algorithms [Forgy et al., 1984, Tambe et al., 1990].

during its processing time. The activities must be sched-
uled within the total time bound (or optimized with re-
spect to time), as well as stay within the total resource
capacity at any given time. A solution schedule is an
assignment of activities such that all specifications de-
scribed are satisfied. There may be more than one so-
lution per problem, depending on the tightness of the
specifications.

A CORE cognitive constraint model can be inter-
preted as an RCSP. The variables consist of the pro-
cesses, the domains of the variables consist of the dura-
tion distributions of the processes, and the constraints
consist of (1) the task constraints denoting the flow of
information required, (2) the capacity of the resources
and the processes’ allowed resource usage, (3) the archi-
tectural constraints such as the resources’ capacities and
amount of processing allowed at any given time, and (4)
the minimization of time (or some other objective func-
tion). The space of solutions consists of the possible sets
of domain values assigned to processes such that all the
constraints are satisfied.

This interpretation is useful because it allows us to
make contact with the large body of research already
in place for RCSPs. In particular, parameters which
characterize RCSPs and measures used to evaluate the
performance of RCSP-solving algorithms have been de-
veloped, tested, and widely used [Kolisch et al., 1995,
Kolisch et al., 1998, Patterson, 1976]. This means that
input task models, the space of solutions (behavior pre-
diction), and the performance of the constraint solver
itself all may be evaluated in terms of these established
RCSP metrics.

Complexity, phrase transitions, and control

parameters
RCSP  itself is an  NP-complete  problem
[Herroelen and De Reyck, 1999]. However, there

are properties of NP-complete scheduling problems
which can be exploited to provide a characterization of
the complexity of the problem space. A particularly
useful one is that many NP-complete problems exhibit
phase transitions: sudden changes in computational
complexity. Phase transitions are products of the
way control parameters, parameters that characterize
the problems to be solved, affect the hardness of the
problem. Hard to solve instances occur around a critical
value of a control parameter, and are responsible for
the phase transition. [Herroelen and De Reyck, 1999].
Therefore one of the goals of the present work is to
search for those control parameters that predict phase
transitions in cognitive constraint models.

For the RCSP, most control parameters fall into
these categories: (1) size of the problem, (2) topo-
logical structure (morphology) of the problem, or (3)
availability of different resource types in the problem
[Herroelen and De Reyck, 1999]. A widely-used exam-
ple of these is order strength, which falls into the topo-
logical structure category. Order strength is intuitively
the strength of the partial ordering, or the density of the
network.



Definition 1 Order strength is the number of prece-
dence relations divided by the theoretical maximum of
such precedence relations: T /U, where U = n(n —1)/2,
and n is the number of activities.

In terms of the task model RCSPs, activities are
processes, precedence relations are the cascades denot-
ing the flow of information between processes, and the
network is the schedule itself, with the processes as
nodes and the precedence relations as topological con-
straints between them. Order strength has been shown
to successfully characterize phase transitions for many
of the main RCSP-solving algorithms such as Branch-
and-Bound [Herroelen and De Reyck, 1999]. There are
many other RCSP control parameters; below we present
empirical evidence that order strength is significant for
cognitive constraint models.

Cognitive Constraint Problem Generator

(CCPG) Framework

The motivation for the CCPG is to develop a tool which
can be used to systematically test the performance of
CORE on large sets of model instances that we para-
metrically define. This will allow us to identify charac-
teristics of problems which may increase or decrease ef-
ficiency. In general, the CCPG should be able to create,
run, and evaluate scheduling problems of varying com-
plexity with respect to some controlled measure. Here we
present results with respect to the controlled measure of
order strength (refer to Definition 1). The requirements
for this tool include:

1. The ability to generate scheduling problems that have
similar structure to the cognitive modeling problems
to which CORE is intended to be applied.

2. The ability to provide the modeler with enough input
flexibility to control some aspects of the scheduling
problems generated without losing the advantage of
the large variability between types of problems. For
example, one input parameter may be the number of
processes in the generated problem: using this, the
modeler can relatively control the size of the problem,
however there is a huge amount of variability in the
types of problems that can be generated with a certain
number of processes.

3. The ability to guarantee that each generated problem
in fact has a solution.

Given these requirements, we made the design choice
of creating a problem generator rather than using an
off-the-shelf RCSP generator, because existing genera-
tors (e.g., [Kolisch et al., 1998, Schwindt, 1995]) do not
satisfy 1 and do not always satisfy 2 and 3 in tandem.

CCPG structure and implementation

The CCPG is implemented in three main stages: the
first stage generates fully constrained schedules, the sec-
ond stage removes constraints systematically, creating
under-constrained scheduling problems, and the third
stage executes and evaluates the performance of these
problems in CORE. Refer to figure 1.

under-

1 fully constrained ¢ 1 constrained space of
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parameters p removal evaluation
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Figure 1: Stages of the cognitive constraint problem gen-
erator.

Stochastic generation of fully-constrained sched-
ules The first stage receives input parameters from
the modeler and outputs a number of fully-constrained
schedules generated from those input parameters and
some randomization. The two types of input parameters
are the characteristic and shaping parameters. The char-
acteristic parameters (number of processes, number of
resources, etc.) describe the basic structure of the sched-
ules to be generated, characterizing the bounds of the
schedule space to be explored. The shaping parameters
control the general shape of the schedule, approximating
the location of this schedule in the schedule space. The
algorithm grows the schedules in a tree-like implemen-
tation, where the precedence relations between nodes of
the tree correspond to the flow of information between
processes. The scheduling of each of the processes is de-
pendent on probability distributions which are affected
by the shaping parameters. However, these parameter
constraints are not tight enough to limit the number of
schedules possible to generate.

The stochastic method allows for the generation of a
huge range of similarly-structured schedules, supporting
the requirement for variability in 2. To test if the gener-
ator gives sufficient parametric control so that schedules
produced are similar to cognitive problems of interest
(requirement 1), an assessment was carried out using a
regression analysis and common metrics used to describe
directed acyclic graphs. The analysis showed that the
parametric control is significant in shaping the sched-
ule structure and provided guidelines for the choosing
of parameters to manipulate schedule formation. This
analysis also showed that solution schedule variation is
extremely large despite the parametric control (require-
ment 2) and that the space of possible generated solu-
tions is much larger than the current scope of existing
models so absolute verification of a mapping from the
space of possible generated task models to the space of
human task models is not feasible, at least at this time
(requirement 1).

Turning schedules into problems via constraint
removal In this stage of the CCPG, constraints are
removed systematically from the fully constrained sched-
ules to create under-constrained scheduling problems.
This systematic removal guarantees that every problem
generated is solvable (but does not guarantee what the
solution is) satisfying requirement 3, and allows the vary-
ing of complexity to be controlled for evaluation with
respect to the experimenter-chosen controlled measure.
In this implementation, an RCSP control parameter, or-
der strength, is chosen. To systematically vary the or-



der strength, the type of constraints removed must be
ordering (flow of information) constraints (Definition 1
precedence relations). This investigates the strength of
the partial ordering as a property of scheduling problems
which may help characterize the space of solvable task
models for CORE.

An Empirical Investigation of the Effects
of Order Strength

We used the problem generator to empirically investigate
the effects of order strength variation on the performance
of the branch-and-bound algorithm. In what follows, we
first describe the structure of the experiment and the
parameters varied, and then report the results in terms
of execution time and time-out rates as a function of
order strength.

In light of this order-strength specific evaluation, we
have found it useful to describe the results in two stages.
First we establish the low run time model trends, us-
ing a low time-out value meaning the problems which
take more than a certain CPU time value to run will be
stopped and remain unfinished. This is a user-specified
quit mechanism in Sictus Prolog.) Then we address the
question of fitting higher run time models to these low
run time curves, evaluating the ability of the low run
time curves to predict the behavior of higher run-time
models.

Structure of the experiment

We embedded the generator in nested loops of execu-
tion which ran large numbers of models systematically
through CORE under the same machine conditions and
recorded the CPU time per run.

Our models include multiple fully-constrained sched-
ules using the same exact input parameters, and also
multiple fully-constrained schedules using different num-
bers of processes but otherwise unchanged input param-
eters. Each schedule was the starting point for multiple
sequences of constraints removed (the sequences ranging
from no constraints to all constraints removed), each ad-
ditional removal amounting to a separate model. This
allows for time complexity to be analyzed across (but not
limited to) numbers of processes, number of constraints
removed (NCRs), and order strength.

Low run time models

Figure 2 shows the results of the analysis characterizing
the behavior of low run time models: their relationship
between order strength and execution time. The data in
this plot is the result of a range of 5-30 process problems,
each with 10 different fully-constrained schedules with 10
different sequences of constraints removed each. This is
a total of 52,500 models. Each line is a local polynomial
regression fitting of the data points for the models of
one number of processes, and each line is labeled with
that number of processes. The “Average CPU time per
trial” is the average search time the constraint solver
needs to find a solution for that model. The time-out
is 100ms. (The data plotted here is only for the models

50
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20 30
| |

10
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Figure 2: Time complexity of models of different num-
bers of processes (labeled numbers in the plot) according
to order strength. For low run time models.

that finished running and did not time-out.) The rea-
son for this tight time-out value is the result of a search
through ranges of time-outs which exhibited an interest-
ing processing time duality: their run time either took
hours or was under a minute. With low run time mod-
els it is computationally feasible to run enough models
to find a trend if one exists, and if that trend can pre-
dict the complexity of the high run time models, then
the control measures used are good predictors of the the
task models’ run time complexity.

The trends in Figure 2 curve downward, and more
sharply with increasing numbers of processes. This is
consistent with the expectation that increasing order
strength (increasing strength of the partial ordering of a
problem) will decrease the run time. The stronger the
structure of the problem, the less time it will take to
find a solution because the search space is smaller. With
models of smaller numbers of processes, the search space
is small to begin with, and so the run time is still low
regardless of order strength and the lines are rather low
and flat.

A plausible explanation for the downward turn (near
0 order strength) at the peaks of some of the lines is
an effect of the order strength formulation: as the order
strength approaches 0, the equation T/U ensures that
the ratio of existing precedence relations with respect to
the theoretical maximum of all precedence relations is
getting smaller. For models with large numbers of pro-
cesses, the ratio can approach 0 fairly quickly without
the need for very small numbers of existing precedence
relations because of the unstructured nature of the prob-
lem. The point at 0 can only occur when there are no



existing precedence relations, which is fairly easy (small
run time) to schedule a problem with no constraints.

Higher run time models

imeout = 100 ms timeout =105 imeout= 10 min

Figure 3: Time complexity across increasing run time
models with respect to order strength. Raw data is be-
hind the local polynomial regression fitted line. Dotted
lines represent error within 95% confidence interval.

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Figure 4: Time complexity across increasing run time
models with respect to number of constraints removed.
Raw data in boxplot form behind the local polynomial
regression fitted line. Dotted lines represent error within
95% confidence interval.

Figures 3 and 4 are examples of the results comparing
the behavior of the previous low run-time models to two
other sets of higher run time models. The changes across
the systematically varied run times was gradual; these
particular sets were chosen to illustrate the differences
between the higher and lower run time models. (These
examples also come from a range of 5-30 process models,
same as the low run time models). The trends shown by
these examples are representative of the results gathered;
they are shown by example to facilitate viewing of the
data.

Figure 3 shows the relationship between order strength
and execution time across increasing run time models.
The vertical line notates the order strength at which
the maximum execution time of the smoothed fit occurs,
used to compare the hill-shaped trends observed in the
lower run time models with the higher run-time models.
The top of the hills shift between the different time-out
plots, however there is a set range between 0.1 and 0.2
order strength within which the peak of the hill (across
all models) lies.

The processing time duality referring to the sudden
increase in computational complexity of certain models
can be seen here in the 10min time-out plot. The major-
ity of the models have an execution time similar to the

100ms and 10s models, however there are a few models
which have a very sudden increase in complexity. These
models cause the smoothed hill in that plot to be peaked
at that order strength, however, when compared to the
lower time-out plots, the peak is very close to the predic-
tion of the lower run time models. Because these trends
were observed across the total data set, it suggests that
order strength may be able to identify those problem-
atic models that have run time complexity many orders
of magnitude above its similar but low run time neighbor
models.

However, order strength does not explain the reason
for the jump in complexity. We are currently examining
“minimal pairs” of scheduling problems that are identical
in number of processes and resources and differ only in
the removal of a single constraint—but which show rad-
ically different complexities in that one of the problems
takes at least 3 orders of magnitude longer to solve than
the other. Such minimal pairs will help us to identify
perhaps a different set of control parameters underlying
the phase transitions.

These particulars make it worthwhile to compare the
same run time data against the number of constraints re-
moved (NCR) from the fully-constrained schedule. The
difference between NCR and order strength is subtle: the
order strength measures a structural aspect: the density
of the problem regardless of the size, and the partic-
ular constraint removed does not matter to the NCR
measure, however it does to order strength because of
the transitive relations involved. Figure 4 consists of
the same data as Figure 3. The same basic trends can
be recognized (as expected, because of the correlation
between the number of constraints removed and order
strength). However the shift in the peak of the hill cov-
ers a wide range of the NCR metric and does not seem
to be bounded well. This suggests that order strength
might be a better indicator of those highly computation-
ally complex run time models.

Discussion

We have examined the computational nature of task
models used in Cognitive Constraint Modeling. CCM is
an approach to computational modeling which is unique
in that it formulates cognitive models as optimized con-
straint satisfaction problems. Although it may be ar-
gued that all cognitive architectures treat modeling as
a type of constraint satisfaction problem with resource
constraints, it has not been as precisely formulated as it
is here. CCM models may be interpreted as resource-
constrained scheduling problems, allowing us to take ad-
vantage of the complexity and control measures that the
RCSP literature has to offer. We have created a prob-
lem generator framework to allow for time complexity
experimentation with the Branch-and-Bound algorithm
used by CORE—a standard approach to algorithm in-
vestigation in the planning and constraint satisfaction
fields—and we have exploited the advantages of RCSPs
both in the framework and in the choice of analyses. This
has allowed us to take a very close look at the structure
of the problems themselves, and their effect on the com-



putational feasibility of CORE modeling. Our initial use
of this tool has yielded promising results. First, it has
confirmed that order strength is a predictor of problem
complexity for the subclass of RCSPs that are generated
in cognitive constraint modeling. Second, it has created
a large set of minimal pairs of problems whose constraint
removal straddles phase transitions, which should yield
insight into the precise characteristics that give rise to
such transitions.

The practical implications of this work are signifi-
cant: If we can precisely characterize the space of the
computational complexity of CORE models, we can use
the information to make constraint modeling not only
more efficient, but in some cases, possible at all. These
changes to the constraint modeling may include chang-
ing the model specifications by adding or subtracting
constraints in a way that does not compromise the theo-
retical goals of the modeler; use different specialized al-
gorithms on models of high complexity (some algorithms
may be better than others at particular kinds of hard-
ness; e.g.[Patterson, 1976]); and also providing the mod-
eler with characterization of the expected complexity of
models before they are executed.
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Abstract

This paper presents a generalized scheme for modeling
learning in simple and more complex tasks, and shows how
such a model can be applied to optimizing conditions of
practice to maximize some desired performance. To enable
this optimal allocation of lesson time, this paper describes
how to quantify the preferences of students using utility
functions that can be maximized. This conventional game
theoretic approach is enabled by specifying a mathematical
model that allows us to compute expected utility of various
student choices to choose the choice with maximal expected
utility. This method is applied to several educational decisions
that can benefit from optimization.

Keywords: Memory; Economics; Practice; Computer-Aided
Instruction.

Introduction

This paper describes a method for applying economic
principles in order to allocate the scarce resource of learning
time toward satisfying the unlimited need for education. To
do this, we describe a model that decomposes learning into
individual knowledge components (KCs) that possess some
degree of independence from other skills (a “knowledge
component” is any proficiency that can be learned). By
assuming this independence, the model accounts for the
unique effects of practice on specific KCs, with the goal of
optimizing the benefit of practice.

We do not argue that the model is a precise representation
of all the processes involved in learning, but rather that it
provides a heuristic tool to track observed strengths of KCs
as a general function of practice, so that improvement over
time and across KCs can be optimized. The model we will
present, like similar models, is effective in capturing
practice effects (Cen, Koedinger, & Junker, 2006). Further,
it is interesting to note that the dynamic practice model
presented here (based on the ACT-R computational model
of declarative memory, Anderson & Lebiere, 1998) might
be substituted with another model of cognition with only
minimal modification to the approach.

Although the model is a simplification of learning
processes in most cases, this simplicity provides an
important advantage in application. It allows closed form
predictions of which learning events (LEs) might be
assigned at what times to maximize learning (a “learning
event” is any discrete interval over which a learned
proficiency increases). Ultimately, it is explaining this
collection of closed form predictions and recommendations

that is the goal of this paper.

To explain these concepts this paper has three parts. The
first section on the dynamic practice model is largely a
review of the ACT-R model of declarative memory. This
section serves to orient the reader on the output functions
(probability and latency of recall) that will be used later.
The second section on structural models details how
compound events can be modeled using the dynamic
practice model. Compound events are important to consider
when responses are not independent and are especially
relevant for certain kinds of optimization situations (i.e.
part-task to whole-task transfer of performance). The final
section shows several ways the model built in the first half
of the paper can be applied to optimizing knowledge
component learning.

Dynamic Practice Model

To understand the quantitative model that will be used to
predict and optimize learning, we will begin with the
equations that predict probability of correct performance
and latency of correct performance as a function of the
activation strength of a KC.

Probability Correct. The first dependent measure of KC
performance is probability of correct response. Equation 1
shows the standard Boltzmann equation (similar to the
Rasch model used in item response theory), a logistic
function that characterizes the threshold of correct
performance (the level of activation at which performance is
correct greater than 50% of the time) and distributional
noise as 7 and s respectively. Equation 1 describes a model
of the probability of giving a correct response (p) for a given
KC activation strength value (m) and the parameters
described above.
1
Pn= m
l+e’

Equation 1

Latency. A second dependent measure used to track KC
performance is latency (labeled ¢ in our model). Various
sources suggest modeling latency with a Weibull
distribution (Anderson & Lebiere, 1998; Logan, 1995).
Such a Weibull distribution can be produced by using
Equation 2 to represent latency as a function of F' (which
scales latency magnitude), m (memory strength) and a fixed
cost (which is determined from data and captures the
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minimum time necessary for perceptual and motor costs of
responding). Logistic noise on m determines the shape of
the aggregate Weibull function for a population of response
latencies.

qn=Fe™" + fixedtimecost Equation 2

Knowledge Component Strength Function

Given these two output functions, which correspond to two
important ways of measuring KC performance, we can now
elaborate how current m is computed as a function of the
history of a student’s practice of a KC practice item across n
prior LEs. Equation 3 shows this KC strength function. The
history term, the final portion of Equation 3, is essentially
described by three values, ¢, d and b, for each LE. The
values for ¢ represent the times since each past LE (the ages
of each LE effect). The d values are the power law decay
values for each LE. The b values scales the effect of each
LE depending on the amount of learning for the LE (i.e.
longer duration LEs and successful test LEs result in higher
bs). To model history, the b1 quantity is summed for each
of the n learning events (LEs). The logarithm serves to scale
the quantity from —oo to oo. This power law decay
formulation was first explored by Anderson and Schooler
(1991), who showed that it results in patterns of forgetting
that match the relative need for performance in the
environment. The f parameters, the first portion of Equation
3, capture naturally occurring error when the model is fit to
data from multiple students or multiple KCs. f is the
parameter that captures consistent error across KCs as a
function of student. f; captures consistent error across
students as a function of KC (i stands for item). Finally S
captures the residual error for a specific KC and a specific
student over multiple LEs.

m,=B, + B, + B+ ln<2bkt;d‘> Equation 3
k=1

—V- .vtud}fdtzration)

byay =gl —e Equation 4

Equation 4 shows how b can be computed as a function of
the duration of a study LE (where v and g represent a
growth constant and the maximum possible encoding
respectively). This captures the notion that continuous time
spent on a single KC has a diminishing effect on learning
(Metcalfe & Kornell, 2003). Recent work by Pavlik (in
press) has shown how this b scalar can be used to capture
the learning difference between active correct responding
and passive study. In such work, bccessireniovar 15 typically
set at a constant, whereas by, varies as described in
equation 4. This supposes two canonical forms of the LE:
the “study LE,” which comes from unassessed study over
some fixed period of time of a stimulus representing a KC,
and the “test LE,” which comes from a variable-duration
assessment of learning (test LEs are often followed by study
opportunity and then are called “drill LEs”). Test LEs are
interesting not only because they tend to lead to more
learning than passive study (for correct responses), but also
because they provide information about the current state of
learning that can be used to implement knowledge tracing.

Such knowledge tracing algorithms have changed form over
different applications of the model. In the original version
(Pavlik Jr., 2005), the distribution of residual f; variance is
used as the initial Bayesian prior for item strength and
numerical integration is used to adjust this value after each
practice by integrating the logistic distribution for
correctness given the response of the student. In the more
recent version, we have found that a more computationally
inexpensive model that allows the simpler by ccessprerrieval
parameter to capture the f; variance works well in practice
(Pavlik Jr. et al., 2007). Further, the latest version also uses
a blatency parameter multlphed by each b.mc‘ce.vsfulretr[eval
parameter for each successful test. This bjqen, parameter is a
natural log transform (with a scalar parameter) of the
difference between ¢, (the predicted latency) and the
latency data from the student. This creates a knowledge
tracing model that assumes that faster responding means
more learning has occurred.

Equation 5 shows a more recent modification of the ACT-
R equations to capture the spacing effect, the spacing-by-
practice interaction, and the spacing-by-retention interval
interaction (Pavlik Jr. & Anderson, 2005). This change says
that the forgetting rate from any LE depends on the level of
activation at the time of the LE. As modeled in Equation 5,
when spacing between trials gets wider, activation decreases
between presentations; decay is therefore less for each new
presentation, and long-term probability of correct
performance does not decrease as much.

In Equation 5, the decay rate dj is calculated for the kth
presentation of a KC item as a function of the activation my_;
at the time the presentation occurred (e.g., the decay rate for
the 7th LE (¢;) depends on the activation at the time of the
7th LE, which is a function of the time from last exposure of
the prior 6 LEs and their decay rates. It is important to note
that since #s are ages (or differences between the current
time and the time of the past trial), activation and decay
depend on the current time as well as the number of LEs).

d, =ce" "' +a Equation 5

Anderson, Fincham, and Douglass (1997) found that
Equation 3 could account for practice and forgetting during
an experiment, but it could not fit retention data over long
intervals. Because of this, they concluded that between
sessions, the presence of intervening events erodes KCs
more slowly than during an experimental session. This
slower forgetting was modeled by scaling time as if it were
slower outside the experiment. Forgetting is therefore
dependent on the “psychological time” between
presentations, rather than the true intersession interval. This
factor is implemented by multiplying the portion of time
that occurs between sessions by % (a scalar parameter for
time) when calculating recall. This is done by subtracting
h*total intersession time from each age (#) in Equation 11
(Pavlik Jr., 2005; Pavlik Jr. & Anderson, 2005). Because of
this mechanism, time in the model is essentially a measure
of destructive interfering events. The decay rate, therefore,
is a measure of “fragility” of memories to the corrosive
effect of these other events.



This model has the flexibility to capture many varieties of
learning and practice effects. To further understand this
flexibility, consider the issue of more implicit production
rule (procedural) learning in contrast to explicit factual
(declarative) learning. This distinction is supported by
research from widely distinct theoretical perspectives such
as ACT-R and connectionism and is supported by
dissociable neural mechanisms (McClelland, McNaughton,
& O'Reilly, 1995). We might wonder whether the equations
just presented are adequate to capture both knowledge (and
KC) types. Specifically, that work implies that declarative
learning is both faster (reflected by a larger b parameter)
and more easily forgotten (reflected by a larger d parameter)
than procedural learning, and our model can clearly
characterize these differences.

Structural Model

The structural level model assumes that few domains are
made up of entirely independent KCs, as seems to be
implied in the model we just presented. The word
“structural” refers to the fact that, because of this lack of
independence, the modeler must be concerned with the
structure that links the multiple KCs and their association.
In many domains, predictions of the probability of correct
response and latency are derived from the strength of more
than one underlying KC. For example, in studies of Chinese
vocabulary learning, stimuli can be presented in one of four
modes (Hanzi character, pinyin text, sound file, and English
text). This results in 6 possible test LE types, two of which
are English->pinyin and Hanzi>pinyin drill LEs
[(stimulus)=>(response)]. In both of these cases, drill
success depends not only on the strength of the link between
the stimulus and response, but also on the ability to recall
and produce the pinyin response. Because of this,
performance for these pairs cannot be independent.

Similarly, in work with a French gender identification
task, words fall into gender categories based on spelling and
semantic cues. For instance, words that end in —age are most
often masculine in French, as in /e fromage. Although each
of these words might yield a correct response independent
of the general rule (through recall), it is also obvious that all
rule exemplars share a KC that can be used to respond to
any items in a cue category (and in fact, it is this generalized
responding, rather than exemplar-based recall, that we want
to optimize).

To deal with the fact that multiple KCs are required for
these single skills, we will propose two basic structural
models that account for this, each of which fits some
possible learning tasks: the conjunctive structure and the
disjunctive structure.

Conjunctive Model

In a conjunctive model, all component KCs must be active
to produce a correct response. For instance, in the Chinese
vocabulary work, probability of correct performance for
each trial is captured by the probability of correct recall for
both the response and the link between the stimulus and the

response. Given this model, probability correct depends on
both the strength of the link and the strength of the response
in a conjunctive function: p(link) * p(response), such that
both elements are necessary for a correct response. The
more general form for the conjunction of 2 KCs is shown in
Equation 6. Latency, on the other hand, is handled as the
sum of the perceptual motor costs, the cost for recall of the
link KC, and the cost for recall of the response KC. Not
only does this structural model handle the pinyin response
example above, but it also captures data showing that
responding with a word in the native language should be
easier than the recently learned foreign equivalent (e.g.
Schneider, Healy, & Bourne, 2002).

p(KC,andKC,) = p(KC,) p(KC>) Equation 6

Disjunctive Model

The disjunctive model, in contrast, assumes that a trial can
yield a correct response due to performance of any one of
the two or more independent KCs. Often disjunctive models
apply in a generalization situation where the domain
contains specific KCs that apply for individual stimuli and
general KCs that each apply to a group of stimuli, as in the
French gender case. In this example, we can imagine that
general group KCs control performance for “clusters,” the
members of which can also be learned by rote. Given the
example of a general (rule-based) and specific (rote)
component controlling each performance, probability of
correct skill performance depends on the strength of both
general and specific components in a disjunctive function,
p(general) + p(specific) * (1-p(general)), such that (for
example) a student could classify a novel word on the sole
basis of the general KC. The general form of this model is
shown in Equation 7.
P(KC,0rKCy) = p(KC)) + pKC,)(1 — pKC))
Equation 7

Optimizing Learning
The following procedures describe how one can use the
model to compute optimal practice schedules. Usually, we
assume that what is being optimized is gain in some long-
term measure of learning for a KC or multiple KCs.
Although using long-term probability correct as a dependent
measure works when we focus on optimizing some global
aggregate task (like the optimal total number of practices for
an item), we need a different utility function for more
dynamic local scheduling (such as picking an item to
practice next), in order to formalize preferences for the
learning gains from different LE schedules.

Utility Optimizations

We propose to use Equation 8 as the utility function for a
LE (where b controls the weight of the LE, ¢ is the desired
retention interval of the LE, and decay (d) is a function of
the activation (m) at the time of practice). Most importantly,
Equation 8 does not have the all-or-none property of
probability correct (because probability correct is a sigmoid



function, it usually approaches 0 or 1). If we tried to use
long-term probability correct as our measure of local utility,
it would value practice most heavily when it comes near the
transition from mostly incorrect performance to mostly
correct performance across a sequence of test LEs (those
LEs that fall on the intermediate part of the curve). This bias
distorts the fact that we are ultimately more concerned with
the minimum number of practice trials required to reach a
certain long-term retention, not scheduling each practice
trial so that it increases percent correct maximally. These
goals are actually quite different since long-term percent
correct gain from the next practice depends on nearness to
long-term floor or ceiling performance, while utility gain is
not affected by these bounds. Thus, our utility function
maximizes the overall goal by valuing LEs independently of
the order they occurred, considering only their unique
contributions (a function of strength of encoding, recency,
and the decay rate) to the long-term KC strength.
u=bt" Equation 8

We will use Equation 8 as a cardinal utility function: e.g.,
a .2 increase in strength is half as good as a .4 increase in
strength. One reason why this assumption is reasonable is
because LEs contribute to KC strength in small increments
and these increments are interchangeable, as illustrated in
Equation 3. Using a cardinal utility function allows us to
directly compare different possible spacings and KC
presentation orders, to determine when learning is maximal,
given learning history. Further, we assume that this utility

- Bs are individual t is age of
n indexes and item K LEgk a,
LEs differences
v v 4

Decay Equation

equation satisfies the von Neumann and Morgenstern game
theoretic axioms of completeness, transitivity, continuity
and independence required for comparing expected utility
lotteries (Von Neumann & Morgenstern, 1944).

Practice Spacing Optimization (PSO). For each KC and
each student, it is useful to decide when it would optimal to
repeat a drill LE of that KC. Therefore, we are trying to
schedule the LEs under conditions of allocative efficiency.
In economics, allocative efficiency is a condition where
costs (time spent learning) are allocated in a way that
maximizes gains (increases in utility). Taking this parallel to
learning theory, we search for the retention interval (for
each KC) at which the expected rate of learning utility gain
is maximal given a new LE. This is expressed in Equation 9,
which calculates the maximum utility gain for a KC as a
function of m (activation of that KC) and ¢ (the target
retention interval needed to compute g in Equation 8). All
the other values are fixed parameters (b; = success LE
weight from Equation 8 if the test LE is successful, b, =
failure LE weight from Equation 8 for the study LE given as
review, -d computed from the current m (needed with ¢, b,
and b, to compute u values), p,, and g,, estimated for the test
LE from Equations 1 and 2, and failure costs estimated from
prior data). Because ¢ and m are the only values that vary in
finding the optimum spacing, we can solve for the optimal
level of the one given the other. For example, if we know
the desired retention interval, we can solve for the max of
Equation 9 to solve for the optimal level of activation at

decay forage k is a
function of m from ages 1
to k-1 (recursive)
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Figure 1. Organizing diagram of the mathematical relationships in this paper.



which practice should occur.

In practice, Equation 9 tends to suggest (for a drill
procedure) that when failure costs for errors and error
feedback are high, or success gains from correct responding
are much greater than failure gains from feedback study,
long-term gains in utility per second of practice will be
highest when repetitions are scheduled so that test LE
performance is maintained at a high probability. However,
because the decay parameter can be large for an LE after a
short spacing, some spacing is always preferred.

< pmub\ + (1 7pm)ub, >

max

Pudm + (1 —pailurecost
Equation 9

Learning Event Type Optimization. The above discussion
assumes a single task (drill) which can be selected for each
item. However, we can also propose other types of LEs and
then compare them with the drill trial. For example, we
could decide whether it was better to give a study LE alone
or to give a drill LE( a test LE followed by a study LE when
the test fails). To do this, Equation 10 shows how we can
compare the learning rates for each trial type to determine
the optimal next trial type for the student. This principle can
be extended to compare any two tasks (e.g., tutored problem
solving vs. untutored problem solving). This is typically
used in combination with dynamic PSO calculations (when
the PSOs in Equation 10 are computed as a function of the
current time) to pick the optimal time for the optimal task.

max(PSOr,y,, PSOr.y,)  Equation 10

Part- to Whole-Task Transfer Optimization. For this
optimization, the question is whether to practice only single
KC components of a whole skill (a conjunctive skill
containing at least 2 KCs), only the whole skill or some
mixture of the two types of practice. Imagine, for example,
practicing simple algebra, and consider that a component of
the whole task may be knowing the times tables (the low
level component). In this case, the question is how much
practice should be allocated to times tables practice before
doing algebra practice (the high level component). We
might expect that either spending no time on times tables or
no time on algebra would likely result in poorer algebra
performance than some mixture of these extremes, and that
an optimal mixture would allow for the best possible algebra
performance. Part to whole transfer optimization allows us
to determine this optimal mixture.

To compute this optimal mixture, we model the effect of
the low level component LEs on the high level component
learning rate. To do this, we must create an equation
expressing whole task learning as a function of part task
learning. Equation 11 (where subscripts w and p refer to
whole and part task respectively) captures the notion that we
are looking to maximize whole task time (7,,) * learning rate
from an optimally spaced LE, which equals the total
learning (this method assumes that all practice occurs at the
PSO optimal point). Here we specify that PSO for a

conjunctive task is a function of the strength of the whole
(dependent) KC and the probability and latency estimates
for the part task. By doing this, we have created a new
version of the PSO, PSO,, that depends on the strength of
both the part and whole task KCs. At the same time, we are
only concerned with the learning of the whole task, so in
practice, the ¢ (retention interval) and g (utility gain) terms
are not changed from the original PSO. This provides a
mechanism whereby the higher probability and lower
latency for a practiced part task increases the expected
strength of the PSO,,.
max(T,.PSO,[p,p.» 4, + 4.)) Equation 11

Having this mechanism, we can compute the time needed
to train the part task to maximize its effects on whole task
learning. In this case, it can be noted that tofaltime-T, is
spent on the part task, with a learning rate of PSO,; these
values, therefore, control p, (probability correct) and g,
(latency). This allows us to construct Equation 11, which
represents total learning as a function of time spent on the
whole task, multiplied by the learning rate for the whole
task (which, because of the conjunctive response functions
in the PSO,, is itself a function of time spent on the part
task multiplied by the part task learning rate). Equation 11
can then be solved for T,, where T,,>0 and T, <totaltime.

Practice Length Optimization

Practice length optimization determines the optimal duration
of a given LE. PLO relies on the fact that KC study for each
LE has diminishing marginal returns as a function of time as
shown in various studies (Metcalfe & Kornell, 2003; Pavlik
Jr., in press). Equation 12 shows how this optimal study
duration is found when the total LE weight score (from
Equation 4) divided by the time spent studying is
maximized. (Equation 12 assumes some minimum study
duration greater than 0 to account for fixed costs.)

ax< g(l _ e*v studydumti(m) >
studyduration + fixedcost

Equation 12

Practice Quantity Optimization

Practice quantity optimization uses probability correct for
long-term practice as a utility measure, then determines how
many optimally spaced repetitions it takes to reach the point
where probability gain per LE is maximal (the practice
quantity optimization point is the p, value when Equation
13 is maximized) for each item being learned of a set of

items.
<pm,, >
max|
n

Figure 2 graphs Equation 13 for the parameter set in
Pavlik Jr. (2005, Experiment 4) where it was found that 11
practices would have been optimal for each KC, as the
maximum value of the probability correct/practices curve
occurs at 11 repetitions. It is useful to note that the utility
function should reflect the nature of our preferences for
target knowledge. For example, if the need for one KC is
higher than others, then getting it correct has a higher utility.

Equation 13
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To implement this in the model, for instance, we can
weight the utility function by the expected frequency of the
item we are interested in. This captures the notion that it is
twice as important to know a word when that word is used
twice as frequently. Having weighted the utility functions,
we could then determine a cutoff word frequency below
which we will not be concerned with learning the word (this
fixes the total amount of time we will need to spend
learning the corpus in question).

< P, expectedfrequency >
max
n

Because the weights represent our preferences, other ways
of weighting the relative values of different distributions of
practice amongst items might further improve the usefulness
of such procedures in implementation. For example, items
could also be weighted based on the consequences for slow
or incorrect performance with the item.

Equation 14

Conclusion

This paper was about a general “microeconomic” method of
using a computational model of cognition to compute the
efficiency of various decisions that occur during practice.
This work is relevant to education because it shows a new
approach to understanding how to improve education by
considering learning by the student as the measure of profit.
In this new approach, the learning of sets of skills can be
optimized to maximize output given input.

While we tied this method to an ACT-R cognitive model,
there seems no reason why this method could not be used to
optimize learning using another computational model. The
elegance of the method explained here is that it is theory
neutral (given a particular model) and so results in
predictions that must be true given the limits of the
particular model and the accuracy of the utility function
used to capture preferences. In practice, however, the
potential of this method can be limited in domains where the
complexity of the KC or LEs prevents the clear
specification of a utility function to optimize.
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Abstract

A cognitive modeling approach coming from ergonomics is
presented. It is based on an activity analysis that starts from a
“trace of activity” made up of data recorded with sensors.
Knowledge engineering software was developed to transform
this trace and map it with explicative concepts. These
concepts are defined by cognitive ergonomists to explain the
activity by the mental states and processes of the operator.
These concepts are produced on a pragmatic and evolutionist
basis with the interactive help of the software, and are
confronted with the operator’s own assessment of his
subjectivity. The approach is illustrated by its application for
car driver cognitive modeling.

Introduction

The increase of professional activities having a “mental
dimension” has encouraged the development of a cognitive
ergonomics for several decades. Wilson and Corlett (2005)
defined ergonomics as the theoretical and fundamental
understanding of human behavior and performance in
purposeful interacting systems, and its application to design
interactions in the context of real settings. More specifically,
cognitive ergonomics rests overall on the statement that this
kind of activity cannot be understood without any reference
to the operator’s “subjectivity”, including perceptions,
intentions, feelings, expectations, knowledge, mental
representation, etc. The main investigating method for
completing this type of understanding is “activity analysis”.
It starts from an observation of the activity in a situation as
natural as possible, then it consists of an analysis for
creating models of activity, and eventually cognitive
models.

Our work focuses on the first half of Wilson’s definition:
understanding for creating models that could explain and
predict the operator’s behavior. However, we take the term
understanding in a pragmatic sense, which considers any
meaning as grounded by a final purpose. We present here a
methodology and a software tool to help ergonomists build
cognitive models of an operator involved in an activity. We

illustrate it by the creation of models of the car driver,
within the global purpose of assessing or designing
intelligent driving assistance systems.

Cognitive Modeling of the Car Driver

Most of the cognitive user models come from Human
Computer Interaction studies. As Salvucci and Lee (2003)
introduced it, they have typically addressed behavior on one
of two levels of abstraction. The higher level modeling
frameworks, e.g. GOMS, represents behavior as basic user
actions, such as moving a mouse or pressing a key. They
mostly represent the user’s knowledge and representations
under complex data structures such as “scripts” or “frames”
(Minsky, 1975). The lower level frameworks, e.g. ACT-R
or EPIC, describe “atomic components” of behavior with
rules triggering over cognitive steps of roughly 50
milliseconds. Here the user’s knowledge is represented
under declarative “chunks” and procedural “production
rules”.

There have been many cognitive models of the car driver
at both of these levels. At the higher level, Bellet and
Tattegrain-Veste (1999) implemented Cosmodrive, a
specific modeling framework of the car driver. At the lower
level, ACT-R was used by Salvucci, Boer, and Liu (2001) to
predict behavior during lane changes on a motorway, or by
Ritter, Van Rooy, St. Amant, and Simpson (2006) to model
the driver of a driving simulator.

The modeling task is facilitated by these modeling
frameworks that increasingly embed general scientific
knowledge about human cognition. The existence of these
frameworks thus raises the question of how to feed them
with a realistic coding of the specific cognitive activity
which is modeled. The specification of these “frames”,
“scripts”, “chunks” and “production rules”, for creating a
specific model is indeed more than a simple programming
task. It is a task of modeling the activity from a cognitive
point of view. It involves an expertise about the activity
itself, and also about how the operator builds and processes
the information needed to complete it. This expertise is



acquired by ergonomists through their professional practice.
What interests us is to support the development of this
expertise, formalize it and capitalize it in a knowledge
engineering tool for activity analysis and modeling.

Explaining Behavior by Mental Activity

A car passenger who sees something dangerous and that the
driver does not react to could obviously infer that the driver
is not aware of the danger and warn him. Inferring others’
mental state is something we are always doing in our
everyday life. This fact of granting other people with having
a subjectivity can be taken in our approach either as an ethic
injunction, or as a pragmatic viewpoint: the intentional
stance (Dennett, 1987). Our purpose is to make this
assessment of the subjectivity more rational, from the
observation of behavior and situation as it can be recorded
by sensors.

We rely on concepts of cognitive psychology such as
“mental representation”, or “Situation Awareness” (Endsley,
1995). The latter simultaneously covers the perception, the
comprehension and the anticipation for describing how the
elements of the situation are “mentally” taken into account
by the operators. However, if these concepts seem clear for
explaining behavior which results from a symbolic
reasoning, it becomes less clear when considering an
activity in which the subject is physically involved. Here,
their subjective experience “accompanies” their actions and
can be seen as much as a cause than as a consequence of
their activity. In this case, behavior can be explained by
“operational schemas”, “implicit knowledge” or automatic
processing (Schneider & Shiffrin, 1977). Finally the relation
between different levels of control can be studied: skills,
rules, and knowledge: (Rasmussen, 1983), or implicit versus
explicit control.

The Objectivity of Mental Activity

There could be a vicious circle in explaining the operators’
behavior by their mental activity that is itself inferred from
their behavior. This raises the question of how to take
other’s subjectivity as an objective reality, which can be
scientifically studied. Psychologists have been discussing
this issue since the beginning of psychology. In this study
we retain three elements of response:

(a) A pragmatic epistemology should be adopted, where
the concepts created for explaining activity make sense in
virtue of their usage (Wittgenstein, 1953). The approach
should support a short testing of the usability of the
concepts and an interactive negotiation of their meaning.

(b) The approach should also conform to an evolutionist
epistemology (Popper, 1972). An explanation cannot be
proved to be true in an absolute sense, but can be retained as
long as it has not been falsified. The approach should
facilitate the production of explanations and their possible
falsification in a short loop.

(¢) The explanations should be confronted with the
subjective assessment made by the subjects themselves.

These assessments should be reasonably trusted and
analyzed as formal input data (Ericsson & Simon, 1993).

To address these requirements, we need some facilities to
easily define and manipulate explicative concepts. The data
collected from a recording of the activity should be easily
linked to these concepts.

Methodology and Tool

This issue of making sense of collected data addresses the
research area of “knowledge discovery” as defined by
Fayyad (1996): the overall process of discovering
potentially useful and previously unknown information or
knowledge from a database. In our case, the data is the
recording of the activity collected by sensors, and the
expected knowledge consists of models explaining the
activity in terms of the cognition of the subject. To Fayyad,
this problem is one of mapping low-level data into other
forms that might be more compact, more abstract, or more
useful. A knowledge discovery system should enable a user
to drive a cyclical process of abstracting and understanding
data. The knowledge is finally built “in the analyst’s mind”
with the interactive use of the system. Progressively, with
this interaction, the knowledge is however capitalized in the
software under the form of a step by step improvement of
the abstraction and of the visualization facilities.

To Miles and Huberman (1994), analysis involves a
classification of datum that could be theory-driven, data-
driven (evolving a “grounded theory”), or a compromise
between both, which he calls “ontological coding”. The
latter is what we are proposing here, to define people-
centered categories such as context, intention, state, or
patterns of relationship between elements.

A Trace-Based System

The specificity of our data is that it is sequential, i.e. every
item of data is associated to a time-stamp and related to a
particular moment of the activity. Sanderson and Fisher
(1994) have set the bases of what they called Exploratory
Sequential Data Analysis (ESDA) in this founding paper.
They define it as an exploratory process that aims at
“Looking at data to see what it seems to say”. Hilbert and
Redmiles (2000) propose a survey of such tools dedicated to
the analysis of human computer interaction. Namely,
MacShapa (Sanderson, McNeese & Zaff, 1994) can be
highlighted for its covering facilities of visualization,
searching, filtering, abstracting and computing statistics.
Hawk (Gusdial, Santos & Badre, 1994) is also noticeable
for its facilities of abstraction based on a specific
programming language. But these tools are dedicated to
usage modeling and not to cognitive modeling. The need
remains for facilities which could help model the mapping
between low level events and higher level explicative
concepts, and help investigate the meaning of these
concepts.

We suggest addressing this need by modeling the
sequential data as a “trace”, as defined by Laflaquiere,
Sofiane-Settouti, Pri¢, and Mille (2006). For them, a trace
is a graph where nodes are facts or events and arcs are
relations between them. A trace is associated with a “trace



model” that consists of an ontology where the semantic of
facts, events, and relations is defined. On this basis,
transformation and mapping of traces can be modeled and
performed by what they call a “Trace-Based System”, which
is a Knowledge-Based System dedicated to traces.

The ABSTRACT Software Tool

Our implementation of a Trace-Based System for cognitive
activity analysis is named ABSTRACT (Analysis of
Behavior and Situation for menTal Representation
Assessment and Cognitive acTivity modeling). It is
described from a computer science point of view in
(Georgeon, Mille & Bellet, 2006). ABSTRACT relies on
several basic standards and tools to represent and
manipulate the traces. The traces themselves are encoded
under the RDF format (Resource Description Framework), a
standard for encoding graphs. The trace models are encoded
under the RDFS format (Resource Description Framework
Schema), a standard for encoding ontologies. The inference
rules for abstracting the traces are written in SPARQL, a
graph query language for RDF. The graphical visualization
is made in the SVG format (Scalable Vector Graphic). It is a
vector graphic standard which enables interaction.

The most challenging issue concerns interactivity, since
the whole process rests on the identification, the
understanding and the definition of patterns of interest by
the ergonomist. We address this issue by providing facilities
to easily browse and transform the visual plots, define new
explicative symbols and specify inference rules for
producing new instances of these symbols. So far, the
specification of these inference rules requires the
ergonomist to have a basic understanding of the SPARQL
langage. He creates them in a semi-graphic way, i.e. he
interactively produces skeletons of queries, and then he
manually completes them. We are still working on
improving the functionality of creating these queries
towards a full graphical interface.

The Modeling Process with ABSTRACT

The Experimental Data

In our example, the data is collected with an instrumented
car during driving experimentations on an open road. Figure
1 shows an example of the video recording. The top left
image is the video output of the obstacle detection system,
the top right is the front view, the lower left - upper part is
the rear view, the lower left - bottom part is the lane view,
and the lower right is the video output of the eye tracker. In
addition, data is collected from sensors: speed, steering
angle, pedal use, distance ahead, obstacle detection from
telemeters, and GPS positioning. Situations of interest are
marked by the experimenter in the car by pressing a button.
Subjective evaluation is obtained from the driver during a
post-experiment “self-confrontation” interview. The driver
reviews the video with the ergonomist and is asked to assess
specific situations by placing cursors on linear scales for
each criteria: difficult, critical, dangerous, stressful,
responsibility, surprise, fear, and performance.

The experimentation collects a set of time-stamped data.
Its choice and its form is not neutral; it is based on the initial
knowledge of the activity, and on the research goals. This
choice constitutes a form of “anticipatory data reduction”.
This data is also possibly pre-processed with algorithms of
noise reduction or of sensor calibration.
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Figure 1: Confronting the collected trace to the video.

The Collected Trace

The collected trace is the first level of trace in ABSTRACT.
It is obtained by converting the collected data into a
succession of low level events precisely defined in an
ontology. For instance, Figure 2 shows how points of
interest of the analogical curves are extracted and merged
into the trace: Thresholds, local Minimums and Maximums,
inflection points, etc.
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Figure 2: Discretization of the analogical data.



The line at the bottom of the figure represents the
collected trace. The circles represent the events from
different sources. Numerical or textual properties are
attached to these events as needed: their time-code, their
source, their type, their value, their duration, the variation
rate of their value at this point, etc. This collected trace
requires a validation by the ergonomist to ensure that these
events can respond to his scientific issues. The adjustment
of the various parameters used for producing these events is
a delicate but important step. This validation is made with
the help of a facility provided by ABSTRACT for playing
the video in synchronization with the trace (Figure 1). The
collected trace is represented in a spreadsheet with a line for
each event and their properties in columns. A color code
makes it easier to read. The spreadsheet is automatically
scrolled up or down to follow the video when it is played
forwards or backwards. The first event of Figure 1
represents a triggering event of the left mirror area of the
eye tracker. It lasts 184 ms and happened at a speed of 108
km/h with a steering wheel angle of 3.28°. The last line of
the figure is a threshold crossing event upwards of the
steering wheel angle. The threshold value of 5° was chosen
after different trials and checks because it proved to be a
meaningful/useful threshold for studying lane changes on
motorways. The video is not entirely encoded into symbols
and remains exploited by the ergonomist in parallel with the
symbolic traces.

The Analyzed Traces

The collected trace is then enriched by more abstract
symbols to produce traces as shown in Figures 4 and 5. In
these displays, the time goes from left to right and the “x”
position of the events is given by their time-code. The
ergonomist is free to define the shapes of symbols, their
colors and their “y” position in the display. He can click on
symbols to see their properties. These figures use a display
model where the lower level symbols are the dots at the
bottom. The middle level symbols are placed around the
middle horizontal axis. What concerns the left of the vehicle
is placed above this axis and what concerns the right is
placed below it. Triangles oriented to the right concern
something “frontward” (e.g. “Look ahead”), triangles
oriented to the left concern something “backward” (e.g.
“Left mirror glance”). The lines are the relations of
inference from lower level symbols to higher level symbols.
The upper part of the display is used for the highest level
symbols which are not concerned by this left/right rule (e.g.
“Decision”). The colors in the real display are used to
indicate the type of data (i.e., blinker in orange), it makes it
much easier to read than in print. When applied, an
inference rule adds a new instance of a symbol in the trace
everywhere the specified pattern is found. Filters can mask
the undesired symbols.

The Ontology

Parallel to the creation of the inference rules, the ergonomist
defines the class of the symbols in an ontology.
ABSTRACT provides them with an access to the “Protégé”
ontology editor to let them define the semantic and visual

properties of each class of symbol. This ontology is
exploited by the SPARQL inference engine and by the
display functions.

Class Hierarchy
v co
| Car_Dynamic

v Driver_Behavior

| Driver_Action
Y Driver_Stance
v Eye

> Eye_Beside_|Left
v Eye_Beside_Right

Eye_Far_Right
Eye_Right_Mirror
| 3 Eye_Center_Mirrar
| 3 Eye_Front
> Eye_Low
Eye_Off

> Evye_Gual
| Human_Input
| 2 Road_Enviranment
v Activity_Analysis

v Lane_Change
Lane_Change_Delayed
Lane_Change_Anticipated

v Mental_States
Decision

Surprise

Figure 3: The ontology edited with Protégé.

Figure 3 shows an extract of the top classes of the current
ontology. The CO class defines all the Collected Objects
existing in the collected trace. One branch of the eye tracker
data is expanded to show how the area of interest can be
organized. Heritage is supported so that inference rules and
visualization settings can be defined at any level of the
hierarchy.

The Activity Analysis class concerns concepts that are
inferred from CO. For instance, two types of lane changes
could be modeled and can be recognized from specific
patterns in the data: lane-change-anticipated and lane-
change-delayed, published in (Henning, Georgeon &
Krems, 2007). All these concepts are defined on a pragmatic
and evolutionist basis as said above. They come from a
trade-off between, on one hand, the possibility of inferring
them from the data and on the other hand from the
ergonomist’s quest for explanation. Moreover they can be
searched in collaboration between the ergonomist and the
subject himself during the self-confrontation interview.

Examples of Modeling

Figure 4 shows a typical example of a lane-change-delayed
schema. In this figure, the “Start-thinking” symbol
corresponds to the moment when the driver declares that he
starts considering changing lane in the self-confrontation
interview. The “Button” is a signal from the experimenter
recorded during the course for indexing every lane change,
and the “Lane-crossing” is the moment where the left front



wheel crosses the lane, manually encoded from the video.
All other symbols are automatically inferred from the sensor
data.

In this kind of situation the driver is impeded by a vehicle
slower than his desired speed. He may check his left mirror
several times, then, when he decides to overtake, he
accelerates while checking his mirror; he switches his
blinker on, starts steering, and crosses the line. In this
situation, the decision to perform the lane change can be
inferred from the conjunction of both the acceleration and
the left mirror glance within a certain lap of time
(“Decision” symbol). This symbol can be useful as a
predictor of the lane change in this situation, we call it
“Decision” within the explicative framework of “operational
schemas”. The inference is made by a query expressing:
“add a new node of type “decision”, linked through edges of
type “inferred”, to pairs of nodes matching the condition:
one is of type “accelerate”, other is of type “Left mirror
glance” and their “time-stamp” properties are comprised
within one second. Once defined, this query can be applied
to the whole trace for statistical assessment of true detection
and false alarm. This driver made 11 lane changes, 5 could
be categorized as “delayed” and 2 as “anticipated”. The

decision is detected before the blinker in the 5 lane-change-
delayed, and there is one false detection.

Another example of analysis is shown in figure 5. It is a
case study where the driver attempts to change lane but did
not see a car arriving from the rear on the left lane. He
initiated the maneuver but aborted it at the last moment. The
figure shows that the driver did not look at his rear mirror:
he was looking at his speedometer instead. He stabilized his
speed at a higher value than the car ahead. The “Distance
ahead” event at a relative speed of 3.5km/h comes from the
front telemeter. From these two pieces of information we
can already make the diagnosis that he was intending to
overtake. Then he looked at his left mirror almost at the
same time as switching his indicator on. At this moment he
saw the car coming on the left lane from behind and he
aborted the lane change. He made an abrupt steering back to
the right, switched off his indicator, and pressed the brake
pedal to avoid bumping into the car he was intended to
overtake. Finally he started looking again at his left mirror
and accelerated again to perform the lane change when the
other car had passed him.

The subjective evaluation from the interview indicates
that he was very surprised: (90% of the scale), stressed
(75%) but the difficulty was not so high: 30%.
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Figure 4: Prototype of a “lane-change-delayed” schema.
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Figure 5: Lane change attempt with mistake of situation awareness.



This example shows how we can explain a mistake by an
error of “situation awareness”. It also let us propose a
threshold value of the variation rate of the steering wheel
that can indicate the subjective surprise of the driver.
Finally, it shows that more than one second before this
mistake, we could automatically make the diagnosis that the
driver was intending to make an error from the objective
data. Based on this diagnosis, a driving assistance system
could warn him.

Conclusion

A methodology and tool were presented to support the
activity analysis and the cognitive modeling of an operator.
They are intended to formalize the process of explaining
activity by the mental states and processes of the operator.
The tool can capitalize on the expertise of the ergonomist
through inference rules, ontologies, and visualization
settings. The resulting models consist of explicative
concepts defined in the ontology and of abstract traces
describing patterns of behavior with these concepts. The
modeling process lets categories emerge from situations in
parallel with their description and provides means to
validate them by statistics. The analysis is made from data
collected in the field of the studied activity. It consists of a
step-by-step process of abstraction driven by the ergonomist
in interaction with a software tool. It is shown how this
analysis can help design assistance systems for dealing with
specific situations.

The obtained models could also be exploited for
programming  simulations in  cognitive simulation
frameworks, which would confront them to theoretical
constraints on human cognition.
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Abstract

This paper examines some of the constraints on cognition
assumed and imposed by the ACT-R and Soar cognitive
architectures. In particular, we study how these constraints
either encourage or require particular types of “modeling
idioms” in the form of programming patterns that commonly
appear in implemented models. Because of the nature of the
mapping of the architectures to human cognition, each
modeling idiom translates relatively directly into changes in
model behavior data, such as decision timing, memory access,
and error rates. Our analysis notes that both architectures
have sometimes adopted extreme and opposed constraints,
where the human architecture most likely relies on some
mixed or more moderate set of constraints.

Implications of Architectural Constraints on
Cognitive Modeling

Experienced cognitive modelers are well aware that “the
devil is in the details,” particularly when it comes to fine-
grained models of deliberative behavior. Changes in the
particular reasoning path chosen to model a task can
manifest themselves as differences in task timing, type and
rates of errors, and overall strategy differences. Cognitive
architectures such as Soar (Laird, Rosenbloom, & Newell,
1987) and ACT-R (Anderson & Lebiere, 1998) implement
constraining assumptions that encourage and sometimes
require particular types of modeling idioms or patterns that
in turn impact the data the model produces.

This paper compares some of the modeling idioms
(perhaps alternatively described as programming patterns)
that commonly appear in Soar and ACT-R models of
decision making. We have come across many of these
comparisons while developing HLSR, a language for
building models that can compile both to ACT-R and to
Soar (Jones et al., 2006). It is interesting that, although
ACT-R and Soar are in some ways “close cousins”, there
are significant differences in how some types of low-level
reasoning tasks must be modeled, although these differences
are not necessarily obvious without getting into model
details. In many cases, each architecture has adopted
constraints that are diametrically opposed to each other,
where an alternative architecture might encourage a more
moderate or mixed approach.

Constraints in cognitive architectures often manifest
themselves as computational bottlenecks that are inspired by
assumed limitations on human processing. In ACT-R 6.0
(Anderson et al, 2004), there is a “cognitive bottleneck” that
allows only one production rule instantiation to fire at a time
(even if multiple rule instantiations currently match), and

there are information bottlenecks that allow only one chunk
per architectural module to be accessible for production
matching through that module’s buffer. In particular, that
means that only one goal can be active at any time and that
only one chunk can be retrieved from long-term declarative
memory at a time. These limitations imply that complex
logical decisions must be implemented via sequences of
retrievals and actions, which in turn impacts the timing of
retrieval/decision sequences.

In Soar 8.6, multiple rule instantiations can fire at once,
and access to declarative memory is essentially unlimited.
However, Soar imposes a cognitive bottleneck by allowing
only one “operator object” to be selected at a time.
Additionally, all operator selections must occur through
Soar’s preference/decision mechanism. Finally, in order to
maintain logical self-consistency, operator objects can
become automatically unselected if their logical
preconditions become unmatched. This latter effect implies
that individual Soar operators can usually not implement
long sequences of actions. Such sequences must instead be
implemented by series of operators, which can have an
impact on the timing and granularity of decision sequences.

These combinations of imposed constraints and
bottlenecks dictate some of the types of modeling idioms
that programmers typically use when implementing
decision-making processes in each architecture.  The
remainder of this paper provides examples contrasting four
of these types of idioms.

Sequences of Decisions and Actions

ACT-R production rules are allowed to execute multiple
actions at a time, but in a limited fashion. They can make
changes to the contents of each architectural buffer (for this
paper’s purposes, we will concern ourselves only with the
goal and retrieval buffers). Consider the following example
rule from a Towers-of-Hanoi model, which makes a change
to the chunk in the goal buffer while simultaneously
initiating a new retrieval to the retrieval buffer.

(p find-next-tower

=goal>
isa move-tower
disk =disk
reg =peg

state nil
==>
loutput! "Retrieving disk smaller than ~S" =disk

+retrieval>
isa next-smallest-disk
disk =disk

=goal>
state next)



Individual Soar rules can also implement multiple actions
simultaneously. However, Soar rules are allowed to test
complex logical patterns with more flexibility than in ACT-
R, and multiple Soar rule instantiations can fire at the same
time. As a result, a common Soar modeling idiom is to
tease apart individual types of actions into separate rules.
This allows the development of more adaptive code that
does not introduce “artificial” conjunctions of conditions
just because the modeler wants multiple things to happen at
once. For the above example, the Soar idiom would
typically divide into two separate rules, as shown below.
These rules access a “current-retrieval” object that mimics
ACT-R’s retrieval buffer (there is no architectural
requirement for such a buffer in Soar models). The first rule
initiates the retrieval, while the second makes the change to
the goal state. Notice that the first rule can fire even if some
other set of conditions want to change the goal state. The
second rule can fire whenever the appropriate information is
in the retrieval buffer, regardless of which process might

have initiated that retrieval.
sp {find-next-tower*apply*retrieve

(state <s> “operator <o> “current-goal <g>

“next-smallest-disk <nsd>)
(<o0> "“name find-next-tower
~“goal <g> ~disk <disk>)
(<nsd> ~disk <disk>)
- (<s> “current-retrieval <nsd>)

(<disk> “name <dname>)
-—>

(write (crlf) |Retrieving disk smaller than |
<dname>)
(<s> "“change-value <cv>)
(<cv> "id <s> "att current-retrieval

“value <nsd>) }

sp {find-next-tower*apply*change-state

(state <s> “operator <o> “current-goal <g>

“next-smallest-disk <nsd>)
(<o> "“name find-next-tower
~“goal <g> ~disk <disk>)
(<nsd> ~disk <disk>)
(<s> “current-retrieval <nsd>)
- (<g> “state next)

-—>

(write (crlf) |Moving to state "next"|)

(<s> "“change-value <cv>)

(<cv> ~id <g> "“att state “value next)}
In any rule-based system, combinations of conditional
actions must either be implemented by a combinatorial
number of rules covering the space of possible condition
combinations or by a set of rules that reason through the
combination of conditions. One important difference is that
Soar models can sometimes execute such rule combinations
in parallel where ACT-R must execute them in sequence.
Either choice has an impact on the timing of decision
making, as well as the types of errors and adaptivity that the
model might produce.

The standard Soar idiom for implementing multiple
actions can also encounter problems that impact timing,
errors, and adaptivity. The typical approach in Soar would
have a single operator object that has associated with it
multiple rules that implement the conditional logic for
various combinations of actions.  However, different
sequences of action may require rule-firing sequences of
different lengths, some of which can cause the operator

object to be deselected automatically (this is in fact the case
in the above example, where there are additional rules that
match against the ‘“change-value” pattern). This can
introduce “race conditions” where one stream of decision
making does not get a chance to complete because another
stream has deselected the operator. Consider the following,
slightly more complicated, ACT-R rule, which implements
three separate actions simultaneously.

(p clear-disk

=goal>
isa move-disk
disk =disk
reg =peg
state peg
=retrieval>
isa disk-on-peg
disk =disk
peg =on
- pPeg =peg

==>
loutput! "Subgoaling clear-disk with disk ~S on
peg ~S to peg ~S parent ~S" =disk =on =peg =goal
+goal>
isa clear-disk
disk =disk
current =on
peg =peg
parent =goal
+retrieval>
isa next-smallest-disk
disk =disk
=goal>
state =retrieval)

Attempting to implement this with a single Soar operator
would almost certainly lead to race conditions that would
cause the model to break. The standard Soar idiom to
respond to such a situation is to break these simultaneous
conditional actions into individual operators, so they cannot
race with each other. But because Soar only allows one
operator at a time, this imposes sequential processing, where
the initial desire was to implement a set of parallel actions.
Again, a combination of constraints within the architecture
directly leads to meaningful changes in the data that models
will produce.

Sequential vs. Parallel Memory Retrieval

In ACT-R, the combined bottlenecks for individual rule
firing and memory access through a retrieval buffer produce
a common idiom for accessing and processing elements
from long-term declarative memory. Before any memory
object can be accessed, it must first be fetched into the
retrieval buffer. Thus, the idiom is to include one rule (or
more) to initiate the retrieval, and one rule (or more) to
“harvest” the retrieved item, processing it in the desired
way. Below are two example rules, again from a Towers-
of-Hanoi model. These rules process a “clear-disk” goal by
creating a subgoal to move the “next smaller tower” off of
the current disk. In order to accomplish this, the ACT-R
model must first find a peg to move the subgoal tower to.
This is accomplished by searching for a spare peg and
fetching it into the retrieval buffer, where it then becomes

available to provide information for the new subgoal.
(p find-spare-peg



=goal>
isa clear-disk
disk =disk
current =on
peg =peg
state nil
=retrieval>
isa next-smallest-disk disk =disk next =next
==>

loutput! "Next smaller disk to ~S 1is ~S and
retrieving peg other than ~s and ~S" =disk =next
=on =peg

=goal>

disk =next

state other
tretrieval>

isa spare-peg

current =on

destination =peq)

(p clear-tower
=goal>
isa clear-disk
disk =disk
current =on
peg =peg
state other
parent =parent
=retrieval>
isa spare-peg
current =on
destination =peg
other =other

==>
loutput! "Subgoaling move-tower with disk ~S
peg ~S parent ~S" =disk =peg =parent
+goal>
isa move-tower
disk =disk
peg =other

parent =parent)

As in our first example above, a Soar model could be
built similarly by mimicking the retrieval buffer within
Soar’s working memory. However, the more typical idiom
in Soar would take advantage of Soar’s unfettered access to
all elements in declarative memory. In such a Soar model, a
single rule can perform a complex conditional query and use
the information to create the desired subgoal, without
requiring the extra step of going through a retrieval buffer.

sp {clear-disk*propose*create-subgoal*move-tower
(state <s> “current-goal <g> “disk <disk>
“next-smallest-disk <nsd>
“spare-peg <sp>)
(<g> "“name clear-disk "~disk <disk>
“current <on> "“peg <peg> “parent <parent>)
(<nsd> "disk <disk> "“next <next>)
(<sp> "“current <on> “destination <peg>
“other <other>)
(<next> "“name <dname>)
(<peg> "“name <pname>)
(<other> “name <oname>)
-—>

(write (crlf) |Create new subgoal move-tower
disk | <dname> | to peg | <oname> | to replace
clear-disk from peg | <pname>)

(<s> "“operator <o>)

(<o> "“name create-subgoal “goal <ng>)

(<ng> "name move-tower “disk <next> “peg <other>
“parent <parent> “clear-parent *yes¥*)}

In general, the lack of a retrieval buffer in Soar allows
Soar models to be written in a more compact way with more
opportunities for the reuse of individual operators and rules.
The primary potential downside is that many Soar models
do not take the memory-retrieval bottleneck seriously, as
ACT-R models must. It is possible to find Soar models that
have literally hundreds of accessible items in their
declarative memory at one time, although this is generally
truer for “applied” Soar systems than it is for serious
cognitive models built in Soar. There are a number of Soar-
based cognitive models that self-impose more declarative-
memory constraints than the architecture itself requires
(e.g., Wray & Chong, 2005; Young & Lewis, 1999). It is
also worth noting that Soar models with large declarative
memories are usually compensating for the fact that they do
not use Soar’s built-in learning mechanism. Models that use
learning usually use the learned rules for declarative access,
rather than relying on huge declarative memories. The
situation is similar in ACT-R, except that ACT-R’s
constraints are more forceful in the sense that it is more
difficult to “cheat” in the ways that you sometimes can
when using Soar.

There are some senses in which loosely limited
declarative memory access may be plausible, but other
senses in which it certainly is not. On the other hand, the
restriction in ACT-R to have a single retrieval buffer that
can hold only a single chunk is probably overly restrictive in
some cases. In the example above, it would seem
reasonable that a model of even a slightly experienced
Towers-of-Hanoi practitioner should just “know” what the
third peg is. However, under the current architectural
constraints, that is only possible by encoding in the
production rules all the combinatorial possibilities of origin
and destination pegs (admittedly a limited number with only
three pegs, but still too large to be considered elegant or
even plausible). It would seem plausible to have a small
number of frequently and/or recently used chunks directly
accessible from some sort of working memory, but that is
currently only possible by having the modeler pack a given
buffer with the content of those chunks, a practice that often
leads to brittle and/or implausible models. Both
assumptions lead to interesting models that are qualitatively
different, but perhaps plausible and implausible in their own
ways.

The main reason for the differing idioms in this case is
that Soar implements its “retrieval process” through rules
and rule conditions that can encode arbitrarily complex
conjunctions of declarative memory elements. Retrieval in
ACT-R is instead a sequential process that takes a set of
cues as input and returns a single set of elements to fill the
retrieval buffer. Both of these approaches to memory access
manifest themselves in modeling idioms that predict
different types of behavior. In this case, it is interesting to
note that each architecture adopts a rather extreme approach
to memory access, where a more accurate model of the
human architecture would probably be somewhere in
between the two. It seems unlikely that human memory is



limited to holding accessible a single chunk at a time (e.g.
Miller, 1956), but equally unlikely that human memory is
capable of unfettered retrieval of arbitrarily complex
conjunctions.

Partial Matching vs. Preferences for Conflict
Resolution

One of the more unique aspects of the Soar architecture
involves its mechanisms for supporting symbolic rule-based
preferences for conflict resolution. In Soar, all conflict
resolution centers around deciding which operator object to
select next, and this is generally accomplished by preference
rules that propose binary comparisons between the various
candidates (O1 is better than O2, O2 is just as good as O3,
etc.). The rule-based preference mechanism is necessary
because there is no architectural conflict resolution
mechanism (other than the architectural component that
makes a selection based on the symbolic preferences).

In ACT-R, conflict resolution centers around two types of
choices: which rule instantiation should fire next and which
chunk should be retrieved from declarative memory into the
retrieval buffer. ACT-R includes architectural mechanisms
to support both of these modes of conflict resolution. Both
mechanisms are similar, being grounded in subsymbolic
concepts (utility and activation, respectively) and including
similar restrictions such as learning constraints. Thus, the
idiom in ACT-R modeling is to create numerically oriented
“preferences” that are assumed to reflect some sort of
learning from prior experience. The Soar idiom is to encode
the preferences as (sometimes complex) sets of logical
ordering constraints (which are also assumed to be learned).
The result is that we see some significant differences
between ACT-R and Soar in conflict-resolution modeling,
depending on the type of model. For purely symbolic
models, ACT-R must include rule conditions that encode
the combinations of constraints that could be represented as
individual preference rules in a Soar model. However,
ACT-R also provides a subsymbolic partial-matching idiom
that is not directly available to Soar modelers. Similarly,
the most recent versions of Soar have introduced the ability
to specify numeric and probabilistic preferences, so there
are some new opportunities to explore non-symbolic
preference idioms in Soar, as well.

Following is a simple example of the relatively compact
representation of preferences that can be encoded into a
Soar model. In this example, the model is to select either an
“eat” operator or a “drink” operator, but it prefers to eat
before drinking.

sp {eat*propose
(state <s> "“agent <a>)
(<a> "“hungry yes)
-—>
(<s> "operator <o> + =)
(<o> "“name eat "“agent <a>)}

sp {drink*propose
(state <s> "agent <a>)
(<a> "“thirsty vyes)

-—>
(<s> "operator <o> + =)
(<o> “name drink “agent <a>)}

sp {prefer*eat*over*drink

(state <s> “operator <ol> + <o02> +)

(<ol> "“name eat)

(<o2> "name drink)
-—>

(<s> "“operator <ol> > <o02>)}
Note that, if Soar did not include its preference-based
conflict-resolution mechanism, a modeler would be forced
to encode the semantics of the various preferences into the
operator proposal rules themselves. For example, in the
above code, we would have to change the drink proposal
rule to the following:

sp {drink*propose

(state <s> “agent <a>)

(<a> “thirsty yes -"hungry yes)
——>

(<s> "operator <o> + =)

(<o> “name drink “agent <a>)}

A potential problem with this approach to conflict
resolution is that it will lead to a combinatorial explosion of
conditions for complex preferences between multiple
potential choices. In a purely symbolic ACT-R model, the
approach would be similar, but with an added constraint.
Because only one item can be in the retrieval buffer at a
time, an ACT-R model must test the different logical
conditions sequentially and either make each test depend on
the results of the previous one(s) or accumulate the results
in the goal (or some other) buffer for some final decision.
In contrast, Soar proposals can each check their
combinations of conditions with less restricted access to
declarative memory. Thus the symbolic ACT-R approach
might look as follows:

(p check-hungry
=goal>
isa agent
name =name
state nil
==>
+retrieval>
isa property
agent =name
attribute hungry
value yes
=goal>
state hungry)

(p check-thirsty
=goal>
isa agent
name =name
state hungry
=retrieval>
isa error
==>
+retrieval>
isa property
agent =name
attribute thirsty
value yes
=goal>
state thirsty)



In the above example, the first rule’s retrieval will
succeed if and only if there is a “hungry” property with a
value of “yes” in declarative memory. If that retrieval fails,
the check-thirsty rule will look for a “thirsty” property with
a value of “yes”. However, ACT-R modelers are not
restricted to doing symbolic conflict resolution. For choices
like this, ACT-R also supports similarity-based partial
matching for retrieval. It is possible to define a “similarity
relationship” between different attribute values, which will
in turn influence how the retrieval process executes. Using
ACT-R’s partial-matching mechanism, we can réimplement

the above example as follows:
(setsimilarities (hungry thirsty -0.5))

(p choose-action
=goal>
isa agent
name =name
state nil
==>
tretrieval>
isa property
agent =name
attribute hungry
value yes
=goal>
state unknown)

In this case, the attribute values “hungry” and “thirsty”
are set to be relatively dissimilar to each other. But the fact
that they are defined with any similarity measure at all
indicates that they are candidates to be substituted for each
other in any partial-matching retrieval. Thus, the choose-
action rule initiates a search for “hungry yes”, and it will
retrieve a perfectly matching chunk if one exists in
declarative memory. But if there is no perfectly matching
chunk, the retrieval process will instead look for the closest
partial match. In this case, a chunk representing “thirsty
yes” would be the next best match. Based on whichever
chunk happens to get retrieved, the program can then choose
to “eat” or “drink”, as appropriate. However, if the set of
options is so complex or heterogeneous that checking the
options cannot be reduced to a single retrieval, then an outer
loop must be explicitly maintained to access the various
options sequentially, where in Soar they could be combined
into a single complex conditional rule. The problem in
ACT-R is that if each option involves checking some
additional condition (such as perceptual or memory
information), then the utility preferences are not helpful
because they would attempt to check the same condition
over and over again. Either an explicit round robin check of
the various conditions has to be set up symbolically in the
production conditions or learning of the utilities can be used
to iterate through the options by having the failure of each
option temporarily depress the utility of the production
selecting that option (Lebiere et al., in press).

Exhaustive Processing and Search

The final pattern we investigate involves performing
exhaustive iterative actions on a set of similar object or
chunk types. For example, imagine that declarative memory

contains a number of message objects, each with a text
attribute. We would like to build a model that iterates
through all of the messages and prints out the text value of
each one. In a Soar program this can be done relatively
simply because an individual operator application rule can
match against multiple objects at a time, and each matching
instantiation will execute simultaneously. For example, the
following Soar rule simultaneously finds all “unhandled”
message objects in declarative memory, prints their
messages, and marks the message objects as “handled”.

sp {handle-messages*apply

(state <s> “operator <o> “message <m>)

(<o> “name handle-messages)

(<m> "“text <t> "message-handled false)
-—>

(write (crlf) | Message is: | <t>)

(<m> "“message-handled false - true +)}

In contrast, ACT-R is restricted to matching one object at
a time through the retrieval buffer. In older versions of
ACT-R, this would be accomplished by iterating over a
sequence of retrievals and harvests, tagging each chunk as it
is processed. This approach also requires an additional rule
that detects when the retrieval process has failed to find any
further matching candidates for processing.

(p find-message-to-handle
=goal>
isa handle-message
state nil
==>
=goal>
state harvest
+retrieval>
isa message
handled false)

(p handle-message
=goal>
isa handle-message
state harvest
=retrieval>
isa message
text =text
handled false
==>
loutput! "~S" =text
=goal>
state nil
=retrieval>
handled true)

(p finish-handle-message
=goal>
isa handle-message
state harvest
=retrieval>
isa ERROR
condition Failure
==>
loutput! "Done handling messages"
=goal>
state finished)
However, the most recent version of ACT-R does not
allow non-monotonic changes (such as tagging) to chunks in
the retrieval buffer, so new idioms are developing that rely

on the subsymbolic processing of the retrieval mechanism.



These new idioms encounter additional confounding factors.
A major problem is that the dynamics of the activation
calculus, and in particular the learning of the base level to
reflect frequency and recency of access, conspire against
that iterative process. Recently accessed chunks become
more active while chunks that have not been accessed decay
and become less active, leading to the opposite dynamics of
the iteration desired, namely a winner-take-all tendency to
retrieve the same candidate(s) again and again. One typical
idiom to get around this problem is to alter subsymbolic
processing parameters such as noise, in order to “break out”
of bad retrieval sequences. However, this is often only
partially successful in moving the iteration along.

Another example of iteration comes again from the
Towers of Hanoi. In this problem, it is useful to compute
which disk is currently at the top of a particular peg. In a
Soar model, the encoded logic is along the lines of “find a
disk on the peg for which all other disks on the peg have a
lower position”. Although this gets a bit messy, the logic
can be encoded in the conditions of a single Soar rule. In
contrast, an ACT-R model must implement this logic using
a sequential loop or by clever configuration of the partial-
matching mechanism. Although the sequential iteration can
be implemented in a relatively straightforward fashion, it
again runs into the stumbling block that ACT-R prefers to
retrieve the same disk repeatedly, instead of iterating
through all of the disks on the peg.

Note that it is also possible to implement sequential
iteration using operators in Soar. Soar does not include the
restriction against altering declarative memory items, so the
typical Soar idiom in such situations is to tag each object as
it is processed in sequence. However, depending on the
situation, the alternative idiom in Soar is to use a single rule
to process everything at once. It is certainly a valid
question, however, whether Soar ought to make it so easy to
do this type of computation. It could be argued persuasively
that humans in general cannot perform this type of
exhaustive, instantaneous, massively parallel processing,
and so it is a mistake for Soar to allow and even encourage
this type of solution. On the other hand, there are certainly
some types of massively parallel processing occurring in the
human architecture. So once again, we are faced with two
architectures that embody extreme constraints, where the
truth is probably a combination or compromise.

It should also be noted that there are particular problems
of this type that also require a sequential solution approach
in Soar. For example, although a Soar program can easily
use one rule to operate on a whole set of objects
simultaneously, it currently has no way to count the number
of objects in that set. For the task of counting the number of
elements in a set, both ACT-R and Soar demand
sequentially implemented solutions.

Conclusion

We have examined four classes of modeling idioms that
arise relatively directly from the combination of assumed
constraints on cognitive processing imposed by the ACT-R

and Soar cognitive architectures. We hope that these
examples provide a more detailed feeling to the modeling
community about what some of the differences and
similarities are between the architectures, particularly when
it gets to the nitty-gritty of building detailed models. From
a cognitive modeling perspective, this is not just an exercise
in examining computationally equivalent modeling
approaches. Each of the idioms implies measurable
differences in the type of data the models will produce. We
have also observed that the constraints and bottlenecks
assumed by each architecture tend be rather extreme and
often opposed to each other. We join others in
recommending future work that includes finding more
intermediate constraints on the cognitive architecture, which
should translate to some variation in the common modeling
idioms, and in turn to cognitive models that produce better
matches to human data.
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Abstract

This paper describes dynamic and spatial reasoning
enhancements to the Graph-Based Interface Language tool
(GRBIL), which creates ACT-R models by demonstration. A
new ability for users to create monitors enables procedures to
be dynamically triggered. A new integration of ACT-R with a
diagrammatic reasoning theory allows ACT-R to perform
spatial reasoning. Capabilities of the tool are demonstrated in
a robotic control task.

Introduction

Cognitive modeling can add value to interface evaluation,
but it is currently not very practical in terms of amount of
expertise and time. Recent efforts to allow easier
construction of cognitive models have utilized high level
languages (Howes, Lewis, Vera, & Richardson, 2005;
Salvucci & Lee, 2003; St. Amant & Ritter, 2005) and
modeling by demonstration (Archer, Lebiere, & Warwick,
2005; John, Prevas, Salvucci, & Koedinger, 2004).
Modeling by demonstration is an easy way to create a
sequence of procedural steps, but with dynamic interfaces,
an additional method is needed to designate the condition in
which the procedure should be applied. In addition, many
real-world tasks require aspects of spatial reasoning as well
as dynamic interaction. Examples of interfaces with these
features include radar operator interfaces and interfaces for
controlling robotic vehicles. This paper describes dynamic
and spatial reasoning enhancements to the GRaph-Based
Interface Language tool (GRBIL — Archer, Lebiere, &
Warwick, 2005), which creates ACT-R models by
demonstration. A new ability for users to create monitors
enables procedures to be dynamically triggered. A new
integration of ACT-R with a diagrammatic reasoning theory
allows ACT-R to perform spatial reasoning.

ACT-R

The ACT-R cognitive architecture has shown an increasing
ability to account for human visual information processing.
Early ACT-R accounts of visual processing made a
distinction between pre-attentive features available to vision
and objects available after a shift of attention (Anderson,
Matessa, & Lebiere, 1997). More recent work uses brain
imaging as evidence for an Imaginal module where
information can be visualized and manipulated (Anderson et

al., 2004). However, current ACT-R theory is limited in the
visual objects that can be recognized (text, lines, rectangles,
and ovals) and does not provide primitive operators for
getting attribute information such as length, relational
information such as what objects are inside or next to other
objects, inferred information such as projected intersections,
and transformations on objects such as rotation. One
solution to these limitations is to integrate a spatial
reasoning theory into ACT-R. For interface evaluation,
diagrams are a useful level of representation for reasoning.
Larkin and Simon (1987) point out that diagrams
automatically support a large number of perceptual
inferences which are extremely easy for humans but that
“..diagrams are useful only to those who know the
appropriate computational processes for taking advantage of
them.”

DRS

Chandrasekaran et al. (2004) developed the diagrammatic
reasoning theory DRS, which consists of a basic set of
primitive objects, information gathering capabilities called
Perceptual Routines, and creation/modification operations
called Action Routines. A diagrammatic object can be one
of three types: point, curve, and region. Figure 1 shows
examples of object types and how they can be composed
hierarchically. Perceptual Routines can be qualitative (e.g.,
LeftOf, On, InsideOf), quantitative (e.g., Distance, Angle,
Length), or related to object recognition (e.g., ScanPath,
Intersect). Action Routines can create or modify objects
(e.g., Translate, Rotate, PathFinder).

Object, Label A type: Curve,
— -1 EndPomntl:D, EndPoint2:E

Object, Label C. type: Region
- Periphery: F

Object, Label F, type: Curve |

\
\
\
\

Object, Label D, type: Point |

Object, Label E, type: Point |

[
/
/
Ll

7 Object, Label C, type: Point
DDS

Figure 1: DRS object types



Intentional Module

Visual Module

Object at
location

Location

Visualize

Location of present

feature

Quantitative
Qualitative (Length)

(InsideOf)

Production System
Imaginal Module

Object Recognition
object not

Declarative Module

Manual Module

(Intersection)

Action Routine
(Rotate)

External World

Figure 2: DRS routines in the ACT-R architecture

Chandrasekaran and Kurup (2007) incorporated DRS into
Soar and used its chunking mechanism to learn efficient
abstractions of observed visual material. The abstractions
led to beneficial simplification in the case of memory of a
specific path in a complex environment, and also led to
incorrect but psychologically realistic reasoning in the case
of determining whether Reno is east or west of San Diego
(it is actually west). Lathrop and Laird (2006) incorporated
a diagrammatic reasoning theory motivated by DRS into the
Soar cognitive architecture and found an increase in
functional capability and increase in efficiency of code as
measured by number of decision cycles.

Combining DRS and ACT-R

Matessa and Brockett (2007) describe how the perceptual
capabilities of ACT-R can be enhanced by the addition of
DRS. Figure 2 shows where DRS routine types can
naturally fit in the ACT-R architecture. One unnatural fit
would be for qualitative routines to put all relational
information (e.g., Region4 is above RegionS) in the
declarative module, which would cause a combinatorial
explosion of facts. More naturally, qualitative routines can
constrain locations returned by the visual module. For
example, DRS could return the location of some object
InsideOf a particular object. Quantitative routines can
associate information with visual objects returned by the
visual module. For example, DRS could associate the
Length of a line with the returned visual object. Object
recognition routines can return objects that are either
literally in the display or implied by the display. For
example, DRS could infer the projected line from a
specified object to the nearest Intersecting object and return
it to the imaginal module. Action routines can create or
modify objects stored in the imaginal module. For example,
DRS could Rotate an object in the imaginal module 45
degrees clockwise. To demonstrate these concepts, a model
of maze navigation was created where the decision to move
ahead or turn was based on the length of a projected line to
the nearest intersecting wall. Without the integrated DRS,
an ACT-R model would be forced to do maze navigation
using mental arithmetic on coordinates instead of using
more natural representations of intersection and line length.

In order to use DRS-enhanced ACT-R models to evaluate
dynamic interfaces, the code from Matessa and Brockett
(2007) was integrated into the GRBIL evaluation tool.

GRBIL

The goal of developing the GRaph-Based Interface
Language tool (GRBIL) is to allow developers to easily
design and evaluate system interfaces. The system allows
the wuser to graphically define a system interface,
demonstrate a set of procedures for using the interface, and
automatically generate an ACT-R model of an interface
operator, providing a time-stamped series of events and
potential errors. In addition, the system allows the
incorporation of dynamic models of the external world
using a task network modeling environment named
IMPRINT (IMProved Research INTegration Tool — Archer
& Adkins, 1999). This enables the evaluation of interfaces
that involve continually changing environments. Multiple
IMPRINT tasks can run independently, and with multiple
machines, multiple ACT-R agents can interact with
IMPRINT in a common environment.

The first step in constructing an interface in GRBIL is to
design the physical layout of the interface. This involves
choosing the windows, subwindows, and interface controls
that comprise the interface. This is done in a similar fashion
to many modern interface layout applications using
WYSIWYG drag and drop functionality. Once a control is
added to a window, attributes such as size and background
image may then be customized further from a menu. The
second step in designing an interface is to provide a
description of what actions each control will be capable of
and what the desired effect of each action will be. This is
done for each control in GRBIL via an “Event Actions”
menu for each control. Using this process of adding
interface windows, placing controls on those interfaces and
then describing the effects of using those controls on the
state of the interface, a GRBIL user can describe the
functionality of an entire user interface.
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The next step in setting up an interface for evaluation is to
define the procedures that a user of the system might wish
to perform. This is accomplished by demonstrating a series
of actions (e.g., button clicks, object movement). The
recorded series of actions is referred to as a “goal state”
procedure in the GRBIL terminology. Any number of goal
state procedures can be demonstrated and saved for later
execution by an ACT-R model. In the model, action steps
are represented as a list that is retrieved from declarative
memory, and so can be used to predict errors that are
dependent on sequence length and positional confusion (cf.
Anderson & Matessa, 1997, Matessa & Polson, 20006).
Model tracing is used so that potential errors are only noted
in the output while the correct retrievals are actually made
so the model runs correctly.

Once goal state procedures are defined, monitors can be
created that designate the condition in which the procedure
should apply. There are two types of monitors: object
monitors that check the status of an interface object and
spatial monitors that use DRS to check the status of
graphical objects. Figure 3 shows the interface used to
create monitors. A monitor control is either the name of an
interface object, name of a graphical object or names o
multiple graphical-objects. An attribute to monitor is an
attribute of an interface object defined in GRBIL or a DRS
routine for a graphical object. An attribute trigger value
must match the value of an attribute before the given goal
state procedure can be executed. Any number of monitors
can be demonstrated and saved for later execution by an
ACT-R model

At run time, goal state procedures and monitors are
chosen and ordered. An ACT-R model is created that
performs executes the procedures in the given order. The
action steps of a goal state procedure are performed without
interruption. Between goal state procedures, the model
evaluates the next unmatched monitor, using necessary
shifts of attention. If the monitor matches, the goal state
procedure for that monitor is executed.

Output from the model run includes a time-stamped series
of events and possible memory errors (failures to retrieve or
the retrieval of similar but incorrect chunks).

Robotic Interface Test Case

In order to test the capabilities of ACT-R models generated
with GRBIL, an interface for an unmanned vehicle Operator
Control Unit (OCU) was selected (Figure 4). The OCU is
used by operators to control unmanned vehicles in the field.
Operators set up plans for the vehicles which are then
executed independently. Operators are also responsible for
monitoring the status of the vehicles. The interface for the
OCU is quite complex, with several modes of operation and
control menus. In our implementation, ACT-R performed
the actions of operator agents and IMPRINT performed the
actions of unmanned vehicle agents. Multiple IMPRINT
vehicle agents can run independently, and with multiple
machines, multiple ACT-R operator agents can interact with
the IMPRINT vehicle agents in a common environment.
The ACT-R operators are able to monitor specific attribute
values in the environment (such as text describing the status
of a vehicle) and use DRS spatial reasoning to detect more
general conditions such as projected vehicle intersection
(Figure 5). For a particular set of procedures, interacting
models of multiple operators (one setting up and initiating
vehicles, one monitoring) predict improved performance
over a model of a single operator. This is a result of the
ability of the purely monitoring operator to react at the same
time the single operator would be busy with a procedure.

In order to validate the model’s predictions of errors,
latencies, and other performance measures, the project team
has begun to collect performance data from human
operators performing interface tasks such as mission
planning and execution on the actual Robotic OCU.
Fleetwood et al. (2006) report that timing predictions of
tasks not involving spatial reasoning generally match
preliminary data.
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Figure 4: GRBIL tool viewing the Operator Control Unit interface

Related Work

Tools that enable modeling by demonstration, such as
CogTool (John et al., 2004), solve some affordability
problems. However, they offer no standard solution for
spatial reasoning or integration with dynamic environments.
As of this writing, visual processing in CogTool is limited
to scripted attention movement to interface objects. The
environment can not be monitored to detect a change.
CogTool simulates the environment with a storyboard of
static frames and transitions between these frames triggered
by user actions, not a dynamic environment. Under some
circumstances, CogTool storyboards could be combined
with dynamic simulations (e.g., driving) with some hand-
coded modifications.

In addition, CogTool currently produces Keystroke-Level
Models (Card, Moran, & Newell, 1983) implemented in
ACT-R, while GRBL produces more direct ACT-R code.
An example of this difference is that CogTool represents
cognitive activity associated with memory retrieval with a
1.2 second mental operator, while GRBIL uses the retrieval
mechanism of ACT-R to determine the timing of retrievals.

Conclusion
The project has so far demonstrated that even a complex
interface such as an OCU for robotic vehicles can be
duplicated by the GRBIL system without writing a line of
code. The creation of this interface requires only drag and
drop placement of controls and a menu-driven description of

functionality. The project has also shown the ability to
automatically generate cognitive models that perform
dynamic spatial reasoning. The creation of these models
requires only the demonstration of procedures and the
creation of monitors with a simple interface.

Future Work

The next step in our research is to validate the enhanced
GRBIL tool by collecting data on OCU tasks involving
spatial reasoning such as projected vehicle intersection. The
DRS theory implemented in ACT-R currently uses the
default ACT-R timing for movement of attention and object
recognition. The validation studies should indicate if further
visual processing time is needed to accomplish the DRS
routines.

Also, since GRBIL models retrieve procedure steps from
memory, it will be possible to use ACT-R's theory of
production compilation to predict the trajectory of learning
from error-prone retrieval to efficiently compressed
performance.
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Abstract

We developed a system dynamics model for a simple, but
important stock and flows task where the objective was to
control the water level in a tank within an acceptable range of the
goal, over a number of time periods, in the presence of an
unknown environmental inflow and outflow. We also report how
this model accounts for human behavior, using behavioral data
we collected from human subjects in the task. This exercise
helped us understand the strategy and mechanisms our
participants used in the simple stock and flows task and develop
a model on the task. The model provides an integrated
explanation on how the variation in the parameters of the model
affects the performance and learning for the participant’s task.
Finally, we present the model’s validity and predictions derived
by looking into how the human data fits different learning
conditions.

Keywords: Learning; Dynamic decision making; System
dynamics model; Stock; Flows.

Introduction

An understanding of the building blocks of dynamic
systems, such as stocks (accumulation), flows (rates of
incomes and outcomes) and feedback (cause-effect
relationships), is essential for dealing with realistic dynamic
problems. For example, firms must manage their cash flows to
maintain adequate stocks of working capital, and production
must be adjusted as sales vary to maintain sufficient inventory.
Other examples of these dynamic decision making problems
include global warming (Sterman & Sweeney, 2002), factory
production, demands and prices of goods (Forrester, 1961),
and extinction of natural resources (Moxnes, 2003).

At the individual level, each of us also faces similar stock
management challenges: we manage our bank accounts (stock
of funds) to maintain a reasonable balance as our incomes
(inflows) and expenses (outflows) vary, and we struggle to
maintain a healthy weight by managing the inflow and outflow
of calories through diet and exercise.

Accumulation is a pervasive process in everyday life, and
arises at every temporal, spatial and organizational scale
(Cronin, Gonzalez, & Sterman, under review). All stock-flow
problems share the same underlying structure: a resource level
(stock) accumulates its inflows less its outflows over time.

Unfortunately, there is strong and increasing evidence of
poor human understanding of these basic concepts of dynamic
systems. For example, Sweeney and Sterman (2000) presented
MIT graduate students with a paper problem concerning
accumulation of water in a bathtub and asked them to sketch
the path for the quantity of water in the bathtub over time,

given the patterns for inflow and outflow of water. Despite the
apparent simplicity of this task (due to the presence of linearity
in the inflow and outflow), they found that only 36% of the
students answered correctly. More recently, researchers have
found that this misunderstanding of the concepts of flow and
accumulation is more fundamental, a phenomenon that has
been termed stock-flow failure (Cronin & Gonzalez, 2007;
Cronin et al.,, under review). Poor performance in the
interpretation of very simple stock and flow problems cannot
be attributed to an inability to interpret graphs, contextual
knowledge, motivation, or cognitive capacity (Cronin et al.,
under review). Rather, stock-flow failure is a robust
phenomenon that appears to be difficult to overcome.

In past research the stock-flow failure has been investigated
through the perception and judgment of static graphs
representing flows (Cronin et al., under review; Sterman,
2000). Guided by the tradition of research in dynamic decision
making (DDM), we believe that an understanding of the causes
and cure for the stock-flow failure will arise through the
research on human learning, where individuals can actually
experience the flows, influence the stock with their decisions,
and have an extended opportunity to control the dynamic
system.

With this goal in mind, we constructed a tool, “Dynamic
Stock and Flows” (DSF) (Gonzalez & Dutt, submitted), that
represents the simplest possible dynamic system containing its
most essential elements: a single stock that represents
accumulation (i.e., water) over time; inflows, which increase
the level of the stock; and outflows, which decrease the level of
the stock. We have conducted several human experiments
using DSF, including the investigation of environmental
functions, the effects of feedback delays, and the timing of
decisions, among others.

In this paper we present the results from an initial empirical
study aimed at determining the effects of the slope of an inflow
on dynamic control of DSF (Dutt & Gonzalez, 2007). Then,
we present a system dynamics model that we created to study
the cognitive processes involved in dynamic decision making
with DSF. We validate the model’s results against human
data, and present some interesting predictions that emerged
from this model. The implications and use of system dynamics
modeling of cognitive phenomena are discussed.

The Dynamic Stock and Flows Task

DSF is a generic dynamic control task that we designed to
help understand human dynamic decision making, and more
concretely for this paper to understand the stock-flow failure.



The full capabilities of DSF are described elsewhere (Gonzalez
& Dutt, submitted), and .here we will only give a brief
overview of the DSF capabilities relevant for the empirical
data and modeling reported in this paper.

The goal in DSF is to reach and maintain the level of water
in a tank at a target level over a number of time periods. The
level of water in the tank is the stock that increases with the
inflows and decreases with the outflows. There are two types
of inflows and outflows in this task: those that are exogenous
(outside of the decision maker’s control) and those endogenous
(under the decision maker’s control). The exogenous flows are
called Environmental Inflow (that increases the level of the
stock without the user’s control) and the Environmental
Outflow (that decreases the level of stock without user’s
control). The endogenous flows are User’s Inflow and
Outflow. These amounts are the main decisions made by the
user in each time period that increase (user inflow) or decrease
(user outflow) the level of the stock.

Figure 1 presents the graphical user interface of DSF. At
each time period users see the values of Environment Inflow
and Outflow, values of User Inflow and Outflow, the amount
of water in the tank (stock) and the goal level. At each time
period, users can submit two values (including zero): User
Inflow and User Outflow, and click in the submit button. Users
may also receive a ‘bonus’ performance monetary incentive in
each time period in which they were close enough to the target
level.
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Figure 1: A screenshot of the Dynamic Stock and Flows
(DSF) task.

The Slope Effect

In dynamic decision making, it has been observed that people
may detect linear, positive correlations given enough trials
with outcome feedback. However, people have difficulty when
there is random error or non-linearity and negative correlations
(Brehmer, 1980). As part of the stock-flow failure studies we
have also observed that people have difficulty understanding
the effects that increasing or decreasing trends of inflow and
outflow have on controlling a stock (Gonzalez and Vanyukov,
in preparation).

In a laboratory study we investigated how individuals
controlled DSF over 100 time periods of practice when the
environmental inflow increased (positive slope) or decreased

(negative slope) as a function of time period (Dutt & Gonzalez,
submitted).

Participants played DSF for 100 time periods with the
objective of maintaining the tank’s water level at the 4 gallon
goal line (within +/- 0.1 gallons). In experiment 1, we used an
Environment Inflow function that was either increasing: 0.08 *
(timeperiod) + 2 or decreasing: (-7.92/99) * (timeperiod-1) +
10. Environment Outflow was constant and set at O
gallons/time period during all 100 time periods. Both the
increasing and decreasing functions resulted in an equal
amount of environmental net flow into the tank over the course
of 100 time periods (604 gallons).

Results showed that the stock was higher for the decreasing
function condition (M = 5.909, SE = .205) than the increasing
function condition (M = 4.297, SE = .027) (F(1,31)=12.71,
p<.001). The analyses also indicated that the participants’
inflow, outflow and stock diminished significantly over time in
both conditions (i.e., subjects learned to control the system)
(F(1,31)=9.894, p<.001); and the decrease of the participants’
outflow and stock interacted with the slope of the
Environmental Inflow function (F(1,31)=7.031, p<.001)
(Figure 2 illustrates the interaction on the stock measure).
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Figure 2: The stock for increasing and decreasing linear
Environment Inflow curve conditions over 100 time periods.

In experiment 2, we used a non-linear environment inflow
function that was again either increasing: 5*LOG (timeperiod)
or decreasing: 5*LOG (101- timeperiod). Outflow was
constant and set at 0 gallons/time period during all 100 time
periods. Both the increasing and decreasing functions resulted
in an equal amount of environmental net flow into the tank
over the course of 100 time periods (831 gallons).

Results again showed that the user outflows follow the
Environment Inflow functions quite closely. The user inflow
and stock indicate that most variability occurred during the
first half of the trials, where the decreasing (negative slope)
function result in higher inflow and higher stock levels than
the increasing (positive slope) function. No difference between
the increasing and decreasing functions is observed for the last
50 trials of the experiment in the user inflow and stock results.
An analysis of the first 50 trials indicated that the stock was on
average higher in the decreasing (M = 7.938, SE = .419) than
in the increasing condition (M = 4.757, SE = .143) (F(1,30) =
6.49, p<.05). The same analyses for the last 50 trials of the
experiment did not show a difference between the increasing
and decreasing functions for inflow and stock variables. A



significant difference was found only for the user outflow
(F(1,31) = 85.334, p<.001) where the outflow was higher for
the increasing (M = 9.543, SE = .081) than the decreasing (M
=7.067, SE = .195) function. Once again, the decrease of the
user outflow and stock interacted with the slope of the
environmental inflow function; (Figure 3 illustrates the
interaction on the stock measure).
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Figure 3: The nature of stock for increasing and decreasing
Environment Inflow in non-linear curve slopes over 100 time
periods.

System Dynamics Model

System dynamics (SD) is a field that was created by Jay W.
Forrester at MIT in the late 1950s and it involves a modeling
approach using computer simulations (see Forrester, 1990 for
an historical view of the field; Lane, 2000 for a discussion on
the modeling approach).

A model in SD involves at its essence the concept of a
feedback loop: the collection of information about the system
state followed by an action that changes the state of the system
(Lane, 2000). These causal links involve delays and non-
linearities as well as processes of accumulation (stocks) and
flows.

SD modeling has largely focused on the representation of
social systems and their evolution over time. In fact, it has
been argued that SD is concerned with aggregate social
phenomena, not with individual meaningful actions (Lane,
2000).. In this paper we use SD modeling to represent and
reproduce the dynamics of individual human behavior found in
DSF. We also construct a cognitive interpretation of the SD
model, something uncommon in the SD field.

A SD model was developed using Vensim®, an open source
modeling software by Ventana Systems Inc. The software has
a flexible GUI that provides easy capability to the modeler to
represent stocks, define the stocks’ inflows and outflows and
define their causal relationships. Although the conventions for
representing stocks and flows followed in Vensim® are well
known and documented in the SD literature (Forrester, 1961;
Sterman, 2000) we discuss only some of the many software
features that we used for our model of learning and the slope
effect. These features are fixed time delay and smoothing.

The function defined in Vensim® as DELAY FIXED (X, T,
I) creates a delay of T time periods in an input X with the
initial value | of the variable used on the left hand side of the

function. In our model we use DELAY FIXED to create a unit
time delay in the environment inflow at each time period. This
is because participants in our DSF task are aware of the
environment inflow value for a time period only at the end of
that time period.

Smoothing is defined in Vensim® as SMOOTH (X, T) and
SMOOTHI (X, T, 1) and creates an exponential smoothing of
T time periods in an input X with | as the initial value of the
variable used on the left hand side of the function. If X is a
step function which jumps to a new value X’ at a time instance
t, then the SMOOTH of X will start from X and approach the
value X’ over a long range of time periods. The greater the
value of T the more time SMOOTH of X takes to approach X’.
This smoothing effect of time averages to represent
expectations is similar to blending parameters used in learning
models of dynamic decision making under the ACT-R
cognitive modeling approach (Gonzalez, Lerch, & Lebiere,
2003). In our SD model, we used a smoothing effect to account
for the gradual correction of a discrepancy made by
participants.

A System Dynamics Model of the Slope Effect in
DSF

To help develop this model, we used our observations from
verbal protocols collected from four participants (Dutt &
Gonzalez, 2007). We also used human data analyses of inflow
and outflow decisions and their resulting stock; the averages of
individuals’ decisions for each of the conditions; and
comparisons of the participants’ inflow and outflow decisions
to the stock and environmental flow values.

Based on these observations and empirical data analyses, we
developed the SD model shown in Figure 4. The system
essentially consists of 2 inputs (User Inflow and
Environmental Inflow) that increase the stock and 2 outputs
(User Outflow and Environmental Outflow) that decrease the
stock.

The behavior is represented by causal loops described in the
model. The Environmental Inflow and Outflow are perceived
by the participants. The perception may be different from the
reality, as determined by the Environment perception (EP)
parameter. Then, the perceived environment netflow is used to
forecast the future flow under a Forecast Horizon (FH). This
forecast together with the perceived current discrepancy
between the stock and the goal are used to determine the
netflow correction. This correction is to account for the
increase in discrepancy over the perceived time for correction
(PTC) smoothed over the memory of discrepancy (MD). Then,
according to the determined user netflow correction the user
inflow and outflow are entered by the user. Over the course of
practice, Users modify the weight they put to inflows and
outflows and in general, the empirical data demonstrated that
individuals end up realizing that they only need to enter the
User Outflow to control for the Environmental Inflow (W=1).

The user net flow correction variable in our model (Figure 4)
serves as the main decision function for user inflows and
outflows and consists of two parts, discrepancy and forecast of
flow. The user net flow correction is given by the procedure: If
the discrepancy is beyond an acceptable threshold (.1 above or
below the goal), then, attempt to correct for such discrepancy
little by little, by smoothing the discrepancy over the perceived



time for correction (PTC), and according to the memory of
discrepancy (MD). Then, add to this smoothed discrepancy
value, the value of the forecasted flow.

Discrepancy is the difference between the goal and stock.
The forecast of flow is defined as per the formula: SMOOTH
(Perceived Environment Net flow, "Forecast Horizon (FH)")
where the Perceived Environment Net flow is a fixed unit
delay function of environment inflows and outflows (Vensim®
formula: DELAY FIXED ("Environment's Perception
(EP)"*(Env Inflow — Env Ouflow), 1, 0).

Hence, the discrepancy over PTC is smoothed by MD and
only adds to user net flow correction if the discrepancy is
above or below the acceptable range of stock in the tank, else
its affect to user net flow correction is zero. The perceived
environment net flow is smoothed by parameter FH to makeup
the forecast of flow. The environment inflow and outflow act
on the stock each time period, with a subject becoming aware
of actual values only at the end of that time period. This
requirement is realized in our model by using a fixed unit
delay as shown in the formula of perceived environment net
flow. Participants’ accuracy to perceive the environment’s
inflow and outflow affect is represented by the multiplier EP
also present in the delay formula.

As experiment 1 consisted of a linear environment function
and experiment 2 consisted of a non-linear environment
function we simulated our Vensim® model twice over a course
of 100 time periods, once for getting model data for fit to
experiment 1’s subject data and a second time for getting
model data for fit to experiment 2’s subject data. During the
course of each of the two simulation runs, we varied the values
of FH, PTC, MD and W with an increment of 0.05 each.
Although each of these parameters could take infinitely many
values, their chosen values were inspired from results on
experiments 1 and 2 and the availability of human data from
both experiments.

Environment's
Perception (EP)

+

Perceived Environment
Net flow

+
Forecast
Horizon(FH)

+

Memory of

Fdrecast of flow Discrepancy(MD)

Perceived Time for + )
Correction(PTC) 4+ User Net flow
Correction
+

Goal

)

Discrepancy
+ T

Stock

User Inflow U+ser Outflow

User correction weight to
\@V and Outﬁow(\w)_/

Figure 4: Stock and Flows Model of DSF task.

Fit of Model and Human Data

Based on the results from both experiments, we expected
that the parameters of the model, the environment perception
(EP), the forecast horizon (FH), the perceived time for
correction (PTC), the memory for discrepancy (MD), and the
correction for inflow-outflow (W), would be different for the
positive and the negative slope conditions.

We went through a process of parameter tuning and
sensitivity analysis and were guided by our results and
expectations, while measuring the fit of the model’s data to the
humans’ mean and median values over the course of 100 trials,
using the r and RMSD statistics (Schunn & Wallach, 2001).
The resulting parameter values and data fit statistics for our
data from experiments 1 and 2 are summarized in Table 1. The
same model depicted in Figure 4 was used to fit the data of the
four different data groups from experiments 1 and 2. The value
of the parameters summarized in Table 1 help provide a
coherent explanation for the different human behavior found
between the positive and negative slopes.

Table 1: The value of model parameters and the resulting fit
to human data (measured against both, the median and the
mean) for each of the 4 groups in the 2 experiments (Linear
positive and negative; Non-linear positive and negative) for the
stock as dependent variable.

Condifion Paramaters Fif Maasures

EP [FH(MD | PTC| W Median Mean

r [BMSSD| r [ BMSSD

Stock
LinearPositve [103] I [ITI [ 2517 &2 154 T 234
L+
Linear Negative | 10 |15 10( 43 | 1| 5 39 = 415
L-

Ion Linear 3] 1 2o 1] 95 185 31 262
Positive NL+
MNon Linear 17|15 1 [ 45 1] 91 754 a3 | 800
Negative NL-

Some general observations from results shown in Table 1
are: PTC and FH parameter values are higher in the negative
than in the positive functions; the model fits the linear
functions better than the non-linear functions; and the model
data fit the median of the human data better than the mean.
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Figure 5: Graphs and parameter values for model’s fit to stock.

Figure 5 is a graphical example of the fitting of stock data
for the linear and non-linear, positive and negative slopes’
functions as a result of our analysis and parameter tuning.

Greater FH value means that participants takes more time to
forecast the environment inflow value, and this extra time
causes the stock to increase due to the environment inflow,
which drives the stock away in each time period. Similarly,
greater PTC value means that participants take more time to
perceive the discrepancy happening in the tank and hence also
take more time to correct the discrepancy; this extra time
causes the stock to rise again due to environment inflow into
the stock with each elapsing time period. To meet the higher
stocks, participants order higher user inflows and outflows,
causing user inflow and user outflow values to rise as well.
When we fit our model to the negative-sloped environment
inflow cases, we see that increasing FH and PTC generates a
good fit for the human data. This increase in FH and PTC in
our model causes the stock to rise higher (due to the
environment inflow action and slower corrective action),
causing the discrepancy to increase further and hence, the user
net flow correction to increase further. The user net flow
correction is further increased by the forecast for net flow,
which now happens over a larger time period range (due to FH
increase, where there are increased environment inflows over
this larger time range). The increase in user net flow correction
as described above causes higher user inflow and user outflow
in our models, where the user inflow and user outflow are
derived from the user net flow correction and weighted by the
user correction weight to inflows and outflows (W). The fact
that the model’s data fits the median of human data more
closely than the mean is a reflection of the deterministic nature
of SD models in general that fail to account for the variability
of human performance, as they are deterministic models.

Model Predictions

From the results on linear and non-linear environmental
curves, we find that a negative slope in the environment inflow
produces higher stock, user inflow and user outflow as well as
higher variability in stock, user inflow and user outflow,
particularly in the first 50 time periods (this is also the time
when subjects are learning to control the stock in DSF).

If the parameters that we have proposed in our model and
their fit to human data can have a cognitive interpretation as

we presented in the previous section, then there are some
interesting questions we could answer by looking into model
fitting more deeply.

Specifically, we are interested in determining how human
data from each of the collected groups: Linear Positive (L+),
Linear Negative (L-), Non-linear Positive (NL +), and Non-
linear Negative (NL -) would fit to the model’s data from the
other groups. For example, we test how human data in L+ fits
to the model’s data from L-, NL+, and NL- groups by looking
at the difference between the r values (measures of fit) between
equivalent groups from the model’s data and the comparison
group.

For this fit exercise, we found the mean and median of our
human data for both experiments 1 and 2 under different
conditions, L+, L-, NL+ and NL-. We already have our fits and
model parameters calculated as a result of parameter tuning
and sensitivity analysis to the mean and median of human data
under L+, L-, NL+ and NL- conditions as mentioned in Table
1. We took the model parameters under the NL- condition and
fit the model data due to these parameters to the mean of
human data under the L- condition. Similarly we took the
model parameters under L- condition and fit the model data
due to these parameters to the mean of human data under the
NL- condition. We did a similar exercise for L+ to NL+ and
NL+ to L+. This process helps us to foresee the mapping of
our model’s cognitive parameters to different experimental
conditions as measured by model fits, i.e. how different values
of cognitive parameters EP, FH, PTC, MD and W perform
under different experimental conditions. This mapping
exercise can help us predict how the model experiencing a
linear inflow would behave when put into a non-linear inflow
and vice-versa. For example, from a managerial perspective a
firm may suddenly face non-linear changes in demand after
operating under a constant (linear) demand (Paich & Sterman,
1993). In addition, the knowledge gained from this cross fitting
exercise helps us understand the nature of underlying task
situations involved, task complexity as it would possibly be
experienced by the decision makers.

The results from fitting model’s parameters on linear
environment inflow to non-linear environment inflow and
vice-versa are tabulated in Table 2. The r values given in
Tables 1 and 2 provide results for the mean stock in DSF.

The results show that r(NL- to L-) > r(L-), r(L- to NL-) <
r(NL-) and r(NL- to L-) > r(L- to NL-). Also from Tables 1
and 2, similar results hold for the positive slope environment
inflow cases for both the linear and non-linear curve types.
This means r(NL+ to L+) > r(L+), r(L+ to NL+) < NL+ and
r(NL+ to L+ > L+ to NL+.

Table 2: Values of correlation coefficients for model
predictions on linear and non-linear positive and negative
sloped environment inflow for stock mean.
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These cross fit results indicate the r value diminishes from
linear to non-linear curves but increases from non-linear to
linear inflows. This is, the non-linear conditions are more
difficult to fit than the linear condition.

Similar results were reported on the human data collected
from both experiments 1 and 2 earlier, where subjects’
performance was poorer in the non-linear environment inflow
DSF task when compared to performance in the linear
environment inflow DSF task. These similarities between the
nature of DSF model and the DSF human data also further
support the choice of the model’s parameters.

Conclusions

Stock-flow failure is a phenomenon representing the poor
interpretation of very simple problems involving accumulation
over time by flows (Cronin & Gonzalez, 2007). In this paper
we investigated one possible explanation for the stock-flow
failure and that is the increased difficulty for controlling
systems with decreasing more so than increasing inflows. We
investigated this simple failure in a Dynamic Stock and Flows
(DSF) task. We found that participants yielded greater quantity
of stock, inflows and outflows and more variability in them for
negative slope (decreasing) environment inflow conditions
when compared with the quantity and the variability in stock
inflows and outflows for the positive slope (increasing)
environment inflow conditions.

We explain these results through a system dynamics model
that helps derive differences in human behavior due to slopes
of environment inflow. The constructed model and its fit
revealed minimize of a number of human cognitive parameters
in the dynamic task which makes us think that similar
cognitive parameters would constitute many such simple
dynamic stocks and flows tasks which are important in our day
to day lives (our bank accounts to our weight gain and loss
processes to name a few) where the understanding of such
parameters would be helpful in overcoming the difficulties that
most of us face while encountering them.
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Abstract

We describe an instance-based model of decision-making for
repeated binary choice. The model provides an accurate
account of existing data of aggregate choice probabilities and
individual differences, as well as newly collected data on
learning and choice interdependency. In particular, the model
provides a general emergent account of the risk aversion
effect that does not require any metacognitive assumptions.
Advantages of the model include its simplicity, its
compatibility with previous models of choice and dynamic
control, and the strong constraints it inherits from the
underlying cognitive architecture.

Keywords: Learning; dynamic decision making; RELACS;
memory; cognitive architectures; ACT-R.

Introduction

Erev and Barron (2005) have discussed the tradeoffs of
adaptation and maximization in repeated choice tasks. A
main demonstration from their studies is that extended
practice with a binary choice problem with immediate
feedback does not always lead to payoff maximization.

The deviations from maximization may be due to
different effects. One of them, the payoff variability effect,
refers to a tendency to increase exploration in a noisy
environment (Erev & Barron, 2005). That is, when payoff
variability is associated with an alternative of higher
expected value compared to the other alternative, choice
behavior moves toward random choice. This payoff
variability effect has been found in one-shot decisions
(Busemeyer & Townsend, 1993) but it is more robust in
repeated choice (Erev & Barron, 2005).

Erev and Barron (2005) proposed a model of
Reinforcement Learning Among Cognitive Strategies
(RELACS) to account for the payoff variability effect and
other deviations from maximization. RELACS assumes that
a decision maker follows one of three cognitive strategies in
each choice, and that the probability of using a strategy is
determined by previous experiences with the strategy.

The fast best reply strategy involves selecting the
alternative with the highest recent payoff. The case-based
reasoning strategy involves moving from a random
selection of alternatives initially to a two-stage process in
which a belief is first determined and then verified as not

being associated with large losses. The slow best reply
strategy involves choosing to explore the two alternatives
initially and moving gradually toward preferring the
alternative more likely to maximize earnings. According to
RELACS, the three strategies are reinforced with their
frequency of use and are updated according to the observed
payoffs.

In their analyses and comparisons to other models, Erev
and Barron determine that the slow best reply strategy is the
one that best captures the payoff variability effect. They also
found that the assumption of learning among the different
strategies is not important because a random selection
among strategies fits the data as well as RELACS does.

In our past research we have proposed a framework and
computational model that characterize decision makers’
preferences and utilities in terms of action-outcome links.
This theory called Instance-Based Learning Theory (IBLT)
(Gonzalez, Lerch & Lebiere, 2003), implemented in ACT-R
(Anderson & Lebiere, 1998; Anderson et al, 2004), proposes
learning (i.e., increasing maximization) occurs through a
progressive accumulation of decision instances. Instances
are discrete units of knowledge (action-outcome links)
which are constructed, upgraded, and reused through
experiential learning in a decision making situation. Better
decision policies emerge gradually as decision makers move
from using explicit rules of action to implicit recognition of
familiar patterns (cf. Dienes & Fahey, 1995), similar to the
gradual process proposed in Logan’s (1988) instance theory
of automaticity. Many decision making tasks have
successfully been implemented in ACT-R using this
process, including dynamic control tasks (Wallach &
Lebiere, 2003), supply chain management (Gonzalez &
Lebiere, 2005; Martin, Gonzalez & Lebiere, 2004),
backgammon (Sanner et al, 2000) and simple 2x2 games
like the Prisoner’s Dilemma (Lebiere, Wallach & West,
2000).

Our main contention in this paper is that the experiential
accumulation, activation, retrieval and generalization of
action-outcome decision instances is a general decision
making strategy applicable to multiple decision making
tasks, including the simple repeated choice effects posed by
Erev and Barron (2005). Accordingly we describe an
instance-based decision making model that captures the



learning effects and the tradeoffs of adaptation and
maximization reported by Erev and Baron (2005). Our
instance-based decision making model works in ways
similar to the slow best reply strategy proposed by Erev and
Barron (2005). The results from our ACT-R model support
Erev and Barron’s arguments that the slow best reply
strategy is the one that best captures the payoff variability
effect and that learning among different cognitive strategies
is unnecessary. Thus, deviations from maximization in
repeated binary choice problems can be reproduced without
pre-defining a set of cognitive strategies and positing
reinforcement learning as a mechanism for selecting among
them.

In what follows, we discuss the example problems we
have taken from Erev and Barron (2005), and discuss how
we replicated their behavioral results. Next, we discuss our
instance-based decision making ACT-R model and the
results from our model as compared to RELACS results.
Finally, we discuss some predictions of our model and
possibilities for unification with models of other tasks.

The Payoff Variability Effect

We replicated, with human participants, the payoff
variability effect using the following three key problems
from Erev and Barron (2005):

Problem 1. H 11 points with certainty
L 10 points with certainty

Problem 2. H 11 points with certainty
L 19 points with probability 0.5
1 otherwise
Problem 3. H 21 points with probability 0.5
1 otherwise
L 10 points with certainty

All three problems required participants to choose between
a high payoff alternative H (with an expected value of 11
points) and a low payoff alternative L (with an expected
value of 10 points). The problems differed only on the
variance but not the mean of the two payoff distributions.

We randomly assigned 60 participants to one of the three
problems. The undergraduate and graduate students at
Carnegie Mellon University were paid a flat fee for
performing the repeated choice task for 400 trials.

We followed almost identical instructions as in Erev and
Barron’s experiments: individuals did not receive any
information about the payoff structure. They were told their
task was to select one of the alternatives by clicking on one
of two unmarked and masked buttons. They were provided
with the payoff value of the button they clicked on.
Individuals were not informed of the trial number. Payoffs
were drawn from the distribution associated with the
selected button.

There are two differences between our methods and Erev
and Barron’s: (1) we did not use a performance-based

incentive structure and (2) we ran 400 rather than 200 trials
to better explore learning effects.

Figure 1 shows the proportion of maximization (Pmax)
(H) choices during the 400 trials. The average proportions
of maximization are very similar to those reported in the
original experiments: average Pmax for the second 100-
problem block (a.k.a. Pmax2) was 0.82, 0.61 and 0.50 for
Problem 1, 2, and 3 respectively (compared to .90, .71, .57
in Erev and Barron’s data).
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Figure 1: Proportion of maximization over practice

The learning curves shown in Figure 1 demonstrate that,
as expected, an increase in payoff variability impairs
maximization. In contrast to data reported by Erev and
Barron (2005) the Problem 3 learning curve, where the
alternative with the maximum payoff is risky, shows a
decrease in the proportion of maximization over time.

As suggested by Erev and Barron, the difference between
problems 1 and 3 demonstrates the risk aversion effect and
the difference between problems 1 and 2 the risk seeking
effect. We investigated the risk aversion or certainty effect
(Kahneman & Tversky, 1979) in this repeated choice task
by collecting data in the following problem:

Problem 4. Certain
Risky

11 points with certainty
21 points with probability 0.5
1 otherwise

Problem 4 presents participants with a tie, i.e. alternatives
have the same expected value, but one is risky and the other
is certain. Using the same methods as in the first 3
problems, we collected data from 20 participants. We will
report detailed findings on that condition in the model
comparison section.

One of the challenges for Erev and Barron’s RELACS
model is that it consistently underpredicts individual
differences. A particular problem in RELACS seems to be
the management of memory, as it does not capture the
interdependency of past experiences.



Memory management and learning is a strength in ACT-R
and a particular strength of our instance-based decision-
making models as there are strong constraints on the effect
that particular past instances would have on a future choice
(Gonzalez & Quesada, 2004). As we will demonstrate, our
ACT-R based models of instance-based decision making
predict observed individual differences quite accurately.

ACT-R instance-based decision making model

One advantage of instance-based learning models is that
they reduce degrees of freedom in modeling. The modeler
does not have to select and implement strategies, or decide
upon arbitrary criteria on which a decision is made. Instead,
the model represents the information immediately available
to the subject in the most direct form possible, and uses that
information directly to make its decisions.

Each decision-making instance in the repeated choice
paradigm is composed of two elements: the choice being
made and the payoff immediately received as a result.
Those two elements of a decision-making instance are
consciously available to the subject and thus will be
represented together in declarative form.

The basic unit of declarative representation in ACT-R is
the chunk. A chunk is a typed structure composed of a
number of named fields, also called slots. Each slot usually
contains another chunk (although it can also be empty or
contain special values). Our model contains only a single
chunk type, choice, with only two slots: decision, which
holds the decision made by the model, and payoff, which
holds the payoff awarded after the decision. For example, a
chunk encoding the experience that pressing the left button
resulted in a payoff of 10 would have the following form:

Decisionl
isa decision
choice Left
payoff 10

That chunk type serves both as the only type of goal for
the model, and as the repository of the problem-solving
experience in long-term declarative memory. The learning
of that symbolic information is thus automatically
accomplished by the architecture as it stores past goals into
long-term memory.

The experimental paradigm covered by Erev and Barron
(2005) includes three feedback conditions. In the first one
called minimal information, payoff feedback is given only
for the choice being made, and encoded as described above.
In the second condition, called complete feedback, payoff is
given for the choice made as before, but the payoff that
would have resulted if the other choice had been made is
also given. In that case, the model generates two chunks,
one for each potential choice and its feedback. In the third
condition, called probability learning, no numerical payoff
feedback is given directly but instead the payoff is translated
into a relative probability of correct choice, which is then
relayed to the subject as a correct/incorrect binary feedback.

In the model, that binary feedback is simply encoded as a
0/1 payoff and the same modeling approach can then apply.

How does the model use this information about choices
and payoffs? The basic decision-making procedure is the
same as that used in the model prisoner’s dilemma and other
2x2 games (Lebiere, Wallach & West, 2000). The model
evaluates each option by retrieving its expected payoff from
memory, selects the one with the highest value, then
registers the feedback as described above. This procedure is
implemented in half-a-dozen generic production rules.

As in some past instance-based models (e.g. the Paper
Rocks Scissors model of West & Lebiere, 2001), the
possible combinations of symbolic information are so few
(less than a handful in the payoff functions studied here)
that the key knowledge of the task does not reside at the
symbolic level but instead in its statistical properties.
Specifically, the key information is the frequency (and
recency) of each combination of decision and payoff. While
subjects (and the model) could potentially keep track of
those frequencies explicitly, there is no evidence that they
do so. Instead, the architecture automatically learns such
information in the activation values of the various chunks.
Specifically, the base-level activation A; of chunk i is
determined by the following Bayesian learning formula:

A = lnjtjf"
j=1

Each ¢ is the lag of time since the jth occurrence of chunk
i. The architectural parameter d is the decay rate of each
occurrence, which is set to 0.5 as is (almost) always the case
in ACT-R models. The power law of practice emerges from
the log-summation over all references whereas the power
law of forgetting results from the decay of each reference.
Just as for chunks, this learning of the statistical properties
of the symbolic knowledge is accomplished automatically
by the architecture. Activation determines the probability of
retrieving each qualifying chunk according to the following
equation:

Base Level Learning

Boltzmann Equation

This equation, also known as the softmax equation,
defines retrieval as a noisy process where the probability of
retrieving a given chunk is proportional to the ratio of its
activation and a retrieval noise level #. The noise level
determines the degree of stochasticity of the retrieval
process and similar to the decay rate parameter it is left at its
default value of 0.25.

However, the retrieval process described above has one
problem. If it only retrieves one chunk associated with a
given choice, it will usually not be sensitive to the
magnitude of the payoff values. If one alternative has a



certain payoff of 11, it will not matter whether the other has
equally likely payoffs of 1 and 19 (averaging 10) or 1 and
199 (averaging 100). It will choose each about half the time
in both cases, which is clearly not right. What we want is a
retrieval procedure that takes into account both the
frequency (and recency) of each payoff as reflected in its
activation and the magnitude of the payoff itself. To that
effect, Lebiere (1999) introduced a variation of the retrieval
process called blending that has since been used in many
instance-based models (e.g. Gonzalez et al., 2003; Wallach
& Lebiere, 2003). The key equation controlling blended
retrieval is the following:

V= minEPi '(1 - Sim(V,Vi ))2 Blending Equation

The equation states that the value V returned by retrieval
is the one that best satisfies the constraints offered by all
matching chunks i weighted by their probability of retrieval
P; as computed in the Boltzmann equation above.
Satisfying chunk constraints is defined in terms of
minimizing the dissimilarity (i.e. maximizing the similarity)
between the consensus answer J and the actual answer V;
contained in chunk i. This process is applicable to all
domains, discrete and continuous, as long as a similarity
metric is defined over those values. As such it can be seen
as an implementation of the generalized Bayesian
framework of Tenenbaum & Griffiths (2001) or an
approximation of the generalization capabilities of
connectionist  architectures  based on  distributed
representations (e.g. O’Reilly & Munakata, 2000). In
practice, we define linear similarity values over payoffs,
which result in the retrieval process averaging their values
weighted by activation.

A final point concerns the initialization of the model. If
the model started with no expectations of the payoffs, it
would start by deciding randomly, but then as soon as one
payoff had been experienced for each choice, it would
happily take the best indefinitely. To trigger exploration at
the start, we initialized the model with a single chunk for
each decision encoding high initial expectations (payoff of
1000). That initial value will quickly get overwhelmed by
actual experience as it decays and is never reinforced, but it
results in an initial period of exploration that corresponds
well to human subjects without the need to arbitrarily define
a specific strategy to that effect.

Results and Comparison

Our model fits the data quite well using Erev and
Barron’s (2005) primary measure of performance, namely
the probability of maximization in the second block of 100
problems (Pmax2).. That measure for problems 1, 2 and 3
is 091, 0.65 and 0.53 respectively for our model, as
compared to 0.90, 0.71 and 0.57 for Erev and Barron’s data
and 0.82, 0.61 and 0.50 for our data. The variation between
data and model is substantially smaller than the variations

between data sets, suggesting the substantial role played by
individual differences.

To examine individual differences, we have plotted in
Figure 2 the distribution of the probability of maximization
for each 100-trial block for individual subjects (and model
runs) within each of five intervals: 0-20%, 20-40%, 40-
60%, 60-80% and 80-100%. For reasons of space, we have
selected problems 2 (Figure 2a) and 4 (Figure 2b) as the
most interesting for display. Focusing for now on problem
2, one can see that the distribution of probabilities ranges
across the highest 4 categories, a range well-reproduced by
our model. One could argue that it is too well reproduced,
with the highest category over-represented compared to the
data. However, in Erev & Barron’s data (which only report
distribution figures for the second block), the two highest
categories (60-80% and 80-100%) dominate with many
fewer subjects in the 40-60% category than for our data.
This would seem to explain the discrepancy between the
values of Pmax2 observed by Erev and Barron and us (0.71
vs. 0.61). In this respect, our model fits comfortably
between the two data sets, but it is again a reminder to be
careful when comparing to aggregate data across subjects.
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Figure 2: Individual differences for problems 2 (left) and
problem 4 (right). Within each panel human data (left) and
model data (right) distribution of maximization probability
are shown, aggregated in 20% increments.

We now consider how deviations from maximization
emerge from our model and in particular the source of the
payoff variability effect. For problem 1, with deterministic
payoffs, maximization is simply a matter of quickly
overcoming the high initial expectations through the
exploration phase. Alternative H consistently returns the
highest payoff. Thus blending consistently produces a
higher expected value for alternative H. For problem 2,
with variable payoffs for alternative L, blending combines



the distinct payoffs of 1 and 19 for alternative L to produce
random fluctuations in expected value. Although blending
will tend to average the two payoffs of alternative L to 10 if
they are of equal activation, the noise of the activation
process and the random distribution of L payoffs will tend
to make activations unequal, pushing the average on either
side of 10, and sometimes higher than 11, which leads to
lapses in maximization. The same happens with Problem 3,
except that alternative H averaging 11 is now the one with
the noisy distribution, and the model does reproduce the
tendency to select it less frequently than it does in Problem
2, indicating risk aversion. This brings us to problem 4, the
risk aversion problem, where this symmetry argument
would suggest that both options would be chosen equally
often on average. However, on average both subjects and
model tend to prefer the certain option, roughly 55% of the
time. This risk aversion effect (and the difference in Pmax2
between Problems 2 and 3) arises from a subtle interaction
in the dynamics of the task illustrated in Figure 3.
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Figure 3: Emergence of risk aversion effect

The blue dashed line represents the (constant) expected
value of the certain alternative while the red line represents
the expected value of the risky alternative. On average, the
expected values of the two alternatives are equal and they
indeed start that way. Each star of a given color (red or
blue) indicates an experienced payoff for the associated
choice. After the start, the risky alternative provides some
lucky payoffs (e.g. 21), which raises its expected value and
leads to its selection more often. Luck even outs quickly
however as a series of poor payoffs (e.g., 1) lowers its
expected value to less than 11, which in turn leads to
selection of the certain alternative most of the time. The
key insight is that this bias toward certain payoffs leaves the
risky alternative fewer opportunities to bring its average
back to the level of the certain alternative, meaning that this
interval where the certain alternative is selected most of the
time is longer than the previous interval when the risky
alternative was selected most often. This asymmetry is the
source of the risk aversion effect in our model and its
preference for certainty.

One prediction of this explanation arises from its origin in
the base-level learning equation that reflects the occurrence
of events into the activation of decision chunks and then

into the expected outcomes of the respective choices. As
experience accumulates, the impact of recent events in
activation fluctuations will be gradually overcome by the
increasingly long history. One would therefore expect risk
aversion to disappear with practice, a prediction confirmed
by Figure 4, which plots the probability of choosing the
certain alternative with practice (in terms of blocks of 10
trials). In the initial exploration period, both model and
subjects choose the certain alternative about 50% of the
time. By around trial 50 the certain alternative is chosen
over 60% of the time as the payoffs statistics are quickly
learned, but the bias to select certain payoffs then gradually
declines back to 50% as the increasingly long history
overcomes short-term fluctuations.  Figure 2b (right)
illustrates this learning process across blocks of 100 trials as
a quickly learned propensity to choose the certain
alternative gradually reverts to the mean.
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Figure 4: Time course of risk aversion effect

As we mentioned previously, one strong aspect of our
model over RELACS is that it makes -constrained
predictions about the probability of making a given decision
as a function of the recent history of choices and payoff
outcomes. To study those probabilities, we used a
methodology called model-tracing (Anderson et al, 1995) to
force the model to make the same decisions as each human
subject, thereby giving them the same context in which to
make each decision. We can then directly compare each
decision for model and subjects, as reported in Table 1.
Columns 2 and 3 report the Pmax values for each subject
and the model tracing its decisions. Columns 4 and 5 report
the minimum and maximum probability of matching
decisions given those base probabilities. Column 6 report
the average prediction probability of agreement assuming
that decisions are randomly distributed given those base
probabilities while column 7 reports the actual probability
of agreement. For all subjects but S8, the actual probability
is higher than the predicted probability, establishing that the
model is capturing some of the short-term factors used by
the subjects in their decisions.

Dot/Lines show Means



Table 1: Model tracing by subject

ID Subj Model | Min Max Pred Actual
S9 0.585 | 0.365 | 0.050 | 0.780 | 0.477 | 0.575
S8 0.458 | 0.258 | 0.285 | 0.800 | 0.521 | 0.505
S7 0.660 | 0.323 | 0.017 | 0.662 | 0.443 | 0.458
S6 0.338 | 0.237 | 0.425 | 0.900 | 0.585 | 0.605
S5 0.470 | 0.228 | 0.302 | 0.758 | 0.516 | 0.537
S4 0.517 | 0.250 | 0.233 | 0.733 | 0.491 | 0.603
S3 0.448 | 0.263 | 0.290 | 0.815 | 0.525 | 0.560
S2 0.672 | 0.310 | 0.018 | 0.637 | 0.434 | 0.482
S20 0.422 | 0.260 | 0.318 | 0.838 | 0.537 | 0.588
S1 0.615 | 0.335 | 0.050 | 0.720 | 0.462 | 0.490
S19 0.182 | 0.195 | 0.623 | 0.987 | 0.694 | 0.698
S18 0.585 | 0.352 | 0.063 | 0.768 | 0.475 | 0.482
S17 0.703 | 0.307 | 0.010 | 0.605 | 0.422 | 0.525
S16 0.207 | 0.210 | 0.583 | 0.998 | 0.670 | 0.728
S15 0.632 | 0.263 | 0.105 | 0.630 | 0.437 | 0.445
S14 0.080 | 0.105 | 0.815 | 0.975 | 0.832 | 0.870
S13 0.455 | 0.263 | 0.282 | 0.807 | 0.521 | 0.552
S12 0.708 | 0.355 | 0.062 | 0.647 | 0.440 | 0.502
S11 0.738 | 0.420 | 0.157 | 0.682 | 0.462 | 0.497
S10 0412 | 0.247 | 0.340 | 0.835 | 0.544 | 0.575
Conclusion

Our goal in this modeling effort is to reach for breadth as
well as depth from a constrained computational basis in a
cognitive architecture in general and a theory of memory in
particular. We primarily illustrated depth in this paper by
showing how our model can account for aggregate choice
and individual differences as well as new data on learning
and short-term choice interdependency. In the future, we
aim to emphasize breadth by unifying this model with
existing models of other choice and control paradigms as
well as extend its applicability to related paradigms.
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Abstract

Two studies aiming to investigate the use of cognitive control
strategies in the N-Back task are presented. The first study
identified a behavioral effect that seemed indicative of
participants’ proneness toward using high- versus low-control
strategies. Two ACT-R models of N-Back implementing the
two hypothesized strategies were developed. Model
simulations were used to identify the proneness toward using
high- versus low-control strategies by the individual
participants in the second study. An independent measure of
control — Stroop interference — was used to validate the
predictions of the two models.

Introduction and Background

Cognitive control processes are often postulated to account
for behavioral effects that cannot be explained based solely
on relatively better-understood cognitive processes such as
perception, language or memory. Some tasks are believed to
require more cognitive control than others (Garavan, Ross,
Li, & Stein, 2000). This paper aims to demonstrate that
there are also differences among individuals with regard to
whether or not certain cognitive control processes are
employed in a particular task.

The N-Back task requires judging whether a new item is
identical to the nth-item back in a sequentially presented list
of items (McElree, 2001). For example, in the sequence <
M; A, Ry Ag > of the 2-back task, the current item (A,) is
identical to the 2nd-item back (A;). The task requires
keeping available the most recent n items to be compared
with the incoming item. Although at each particular step
only the nth-item can be a target, items with indexes
between 0 and n must be remembered because they may be
targets in the following steps (Awh et al, 1996). For
concision, the set of the most recent n items will be referred
to as the rehearsal window.

The involvement of executive control processes in N-
Back is justified by the necessity to interleave different
subtasks: processing incoming information, maintaining
activation of recently processed and potentially relevant
information (rehearsal), and discarding recently processed
but irrelevant (potentially interfering) information. Evidence
that these subtasks are concurrently executed comes from
fMRI studies showing activation in Broca’s area (BA44)
indicating articulatory rehearsal, Posterior parietal area
(BA40) indicating short-term storage, and Dorso-Lateral
Prefrontal Cortex (BA9/46) indicating excitatory or
inhibitory modulation of activation in other areas (Cohen et
al., 1997; Miller & Cohen, 2001; Owen, McMillan, Laird, &
Bullmore, 2005).

One of the functions of the cognitive system is to keep
active the information that is relevant to the task at hand.
Usually, the most frequently and recently processed
information is most likely to be relevant to the current
processing (Anderson, 1989). In this case, the relevant
information is kept active simply because it has residual
activation from recent processing. The residual activation
that an item bears for a while after its use is beneficial when
the item is reused, and the probability that an item will be
reused gradually decreases with time. However, in the N-
Back task (as well as in other tasks of this type), the switch
from relevant to irrelevant is instantaneous, instead of being
gradual. When an item reaches the index n+1 it becomes
totally irrelevant. In this case, its residual activation is not
only useless but it may cause interference. An active control
mechanism is needed to temporarily increase or decrease
activation of a particular item depending on whether or not
this item is relevant for the current state of the task.

First Study

The goal of this study was to investigate behavioral effects
and individual differences in performing the N-Back task as
basis for building cognitive models of this task.

Participants

Forty-one volunteers from the Carnegie Mellon University’s
community participated in this study (average age 26; 23
women and 18 men). They received a fixed amount of
monetary compensation for their participation.

Design

This study used a within-subjects design with three
conditions: 2-, 3-, and 4-back, administrated in this fixed
order.

Materials

The N-Back task was administrated with the aid of
dedicated software. Stimuli were capital letters appearing on
the computer’s screen one after another at a rate of 2.5
seconds per stimulus. FEach participant received
approximately 10 targets and 5 foils per condition.
Reactions from participants were taken with the aid of a
standard keyboard, and written feedback was presented on
the screen.

Procedure

The administration of the N-Back task was based on a
continuous recognition paradigm, that is, there was one
stream of stimuli per condition and judgments were made



after each item was presented. Based on these judgments, an
item could be classified as: target (positive test probe) when
it was identical with the nth-item back; foil or lure (negative
test probe) when it was identical with the item presented at
position n-1 or n+1 back; distractor (non-test probe) when it
was not identical with a recently presented item.
Occurrences of targets and foils in the stream of stimuli
were not interleaved with one another; they were separated
by a variable (random) number of distractors. Thus, the
moment of occurrence for a target or a foil was
unpredictable for the participants.

Participants were instructed to hit the key “M” on the
keyboard when the current stimulus was identified as a
target and the key “Z” when the current stimulus was
identified as a foil or distractor. For the latter case, a non-
reaction was also considered a valid option. Feedback was
offered only for correct and erroneous reactions; feedback
was not offered in case of non-reactions. A performance
score increasing and decreasing in value with correct and
incorrect reactions to targets, respectively, was continuously
displayed on the screen.

Results

Table 1 presents the rate of correct reactions to targets and
foils by condition. In general, correctness decreases with 7;
this effect is consistent across participants and in accord
with previous studies (McElree, 2001).

Table 1: The rate of correct answers by condition.

N2 N3 N4
Targets 0.72 0.55 0.46
Foils 0.84 0.57 0.59

Unexpectedly, the correlation between correctness on
targets and correctness on foils was negative (r;p=-0.53,
p=0.0004). Participants tended to score either high on
targets and low on foils or vice-versa. This is an indication
that some of the participants manifested what we called a
“react-to-repetition” effect: they were tempted to react to a
repeated item regardless whether they knew or not that it
was a target or a foil. Since the number of targets was higher
than the number of foils such a strategy would pay off
overall. Other participants, who scored low on targets,
scored high on foils because non-reaction to foils counted as
correct answer. In both cases the correctness score was
artificially increased.

An indication of possible use of different strategies was
the so-called serial position effect. The serial position of an
item is its distance from the last target or foil in the stream
of stimuli. For example, the current target (T,;) in the
following stream of targets (T) and distractors (D)
<T;,D,T,,D,D,D,Ty,D,Ty> appears on the fourth position
after the previous target (T)), so its serial position is 4. Some
participants decreased their performance with serial position
(see Fig. 1), and this may be an indication of using a high-
control strategy.
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Figure 1: The serial position effect.

The two groups in figure 1 were formed by visual inspection
of data of individual participants. The group showing the
serial position effect (“decrease”) is composed of 17
participants while the group not showing this effect (“no-
decrease”) contains 24 participants. The apparent increase in
performance with serial position for the “no-decrease”
group is most probably caused by the artificial increase in
correctness due to either reaction-to-repetition or non-
reaction, as described above.

Discussion

This study allowed us to gain some initial insight into how
participants approached the N-Back task. The unexpected
negative correlation between correctness on targets and
correctness on foils made us aware of the importance of
distinguishing between judgments of familiarity and
Judgments of recency in the N-Back task (McElree, 2001). A
judgment of familiarity refers to recognizing whether or not
an item has been recently presented. A judgment of recency
involves deciding whether the recently presented item
appeared in a particular position (e.g., n-back). The latter
type of judgments helps in differentiating targets from foils
and is more likely to require cognitive control processes
(Smith & Jonides, 1999).

When participants relied solely on correct judgments of
familiarity and reacted to any repetition, their correctness on
targets was artificially increased (since there were more
targets than foils in the stream of stimuli) at the expense of
decreased correctness on foils. When a repeated item was
not recognized as familiar (i.e., recently presented), a non-
reaction caused low correctness on targets and artificially
high correctness on foils (because non-reaction to foils
counted as correct answer). These two effects combined
caused the negative correlation between targets and foils.
Relying solely on judgments of familiarity could be a
deliberate strategy or just a consequence of failed judgments
of recency.

With regard to judgments of recency, participants seemed
to employ two different strategies:



- One group of participants manifested the serial position
effect — decrease in performance with serial position.
This effect can be explained only by assuming that
participants used some sort of rehearsal and this
processes was vulnerable to distraction. Participants
tried to actively maintain the rehearsal window and
discard past items falling outside of it. The more
distractors were to be discarded from the rehearsal
window (i.e., the higher the serial position), the lower
the accuracy of recency judgments.

- Another group of participants does not show any
behavioral trace that could indicate the use of a
rehearsal process. It is unclear on what these
participants base their judgments of recency. A possible
explanation is the “time tag” account of Yntema and
Trask (1963). They suggested that one component of
the memory trace of a past event is a tag that in some
way directly indicates when the event occurred.

In conclusion, this exploratory study showed us that N-
Back is a task prone to strategizing. The negative correlation
between correctness on targets and correctness on foils was
an artifact caused by the relative frequencies of targets and
foils in the stream of stimuli and the way responses were
collected (non-reactions to foils counted as correct
responses). The serial position effect allowed us to
hypothesize that some of the participants used a high-
control strategy based on rehearsal, while other participants
used a low-control strategy based on time estimation.

ACT-R Models of N-Back

Based on the insight gained in the first study, two ACT-R
models of N-Back were developed corresponding to the two
aforementioned strategies participants were assumed to
employ for making judgments of recency. A high-control
model implements a rehearsal mechanism with the aid of the
articulatory loop (Baddeley, 2000) and a low-control model
implements the “time tag” account (Yntema & Trask, 1963).
These two models differ from each other only with regard to
the control strategy they implement; for the rest, they are
identical in the sense that they have the same architectural
parameters.

High-control Model

The main assumption of this model is that participants
maintain a rehearsal window of size n, and actively suppress
items that are dropped from this window. One way to
implement a rehearsal window is by making use of the
phonological loop. Phonological rehearsal is supported by
our own behavioral observation (sometimes participants
would vocalize aloud), reported empirical effects showing
decrease in performance when phonological rehearsal is
suppressed (Baddeley, 2000), and brain imaging findings
showing activation of Broca’s area during performance on
the N-Back task (Awh et al., 1996).

The model attends to incoming stimuli and judges their
familiarity, that is, compares them with past items retrieved
from declarative memory. Due to ACT-R’s memory decay
mechanism, only a few of the most recent items can be
retrieved, and the chance of an item to be retrieved increases

with its recency. This is the main reason for the observed
decrease in performance with n (see Table 1 and Figure 2).

As processing progresses through the stream of stimuli,
the model develops and maintains the rehearsal window.
When a new stimulus is visually perceived, it is also sub-
vocalized, thus its sound is made available to the auditory
module. However, the auditory module cannot attend to it
immediately because it is busy with attending past and
rehearsed items; it just adds it to a cue of items to be
attended to later as the auditory module becomes available.
In the interval between two stimuli (2.5s), the model tries to
sub-vocalize the most recent n items. They are taken from
the cue of the auditory module (the phonological store).

When the current item has been found to be a repetition of
a recent one (a judgment of familiarity), it is also matched
against the content of the aural buffer to allow a judgment of
recency: if its content is the same as the content of the item
in the aural buffer it is judged as target, otherwise it is
judged as foil. A judgment of recency is as accurate as the
phonological loop is.

The proper functioning of the phonological loop depends
on reliably maintaining its size and content. This amounts to
discarding an item from the loop whenever a new one is
added and preventing discarded items from reentering the
loop. Discarded items can reenter the loop via retrieval. An
inhibitory control process is necessary to ensure that
discarded items do not reenter the rehearsal window. A
temporary storage buffer (ACT-R’s imaginal buffer) holds
the discarded items and spreads negative activation (i.e.,
suppression) to their corresponding elements in declarative
memory. This way the model ensures that discarded items
are not retrieved and cannot reenter the rehearsal window.
However, the amount of available suppression is limited and
it is evenly spread among all discarded items. Thus, the
more items are to be suppressed, the less effective
suppression is. This is how the model shows the serial
position effect. Evidence for linear increase in activation of
cortical areas involved in rehearsal with working memory
load has recently been reported (Zarahn, Rakitin, Abela,
Flynn, & Stern, 2005).

Low-control Model

The main assumption of this model is that participants are
not rehearsing. They make judgments of recency based on
learned time estimations. This assumption is inspired by the
“time tag” account (Yntema & Trask, 1963) and is
supported by our results from the first study showing that
some participants do not manifest the serial position effect.
The low-control model makes judgments of familiarity in
the same way as the high-control model. The key difference
is in making judgments of recency. When an item is
encoded it is attached with a time tag specifying the moment
of its encoding. The temporal module of ACT-R is used for
assigning time tags and making time estimations (Taatgen,
Anderson, Dickison, & van Rijn, 2005 ). The default
parameters of this module were used. When a recent item
that is identical to the current item is retrieved, the model
determines the time lag between the two presentations and
tries to determine whether this time lag is equal to the target
duration — the one needed for making correct judgments of



recency. The model does not know in advance what the
target duration is and has to learn it from its own
experience. As a result of this learning process, any correct
estimation of how long ago the nth-item back has been
presented can serve as target duration. Thus, the model tries
to retrieve the target duration and, if a correct estimation of
it cannot be retrieved, the model reacts to a repeated item as
it were a target. This reaction causes the system to produce
feedback and the model uses this feedback to tag its recent
estimation as correct or wrong. If this estimation happens to
be correct it will be retrieved next time when the same time
lag is found between a current item and a recent one. The
more correct estimations are accumulated in memory the
higher the chance that the model will make correct
judgments of recency. Due to the intrinsic noise of the
temporal module, time estimations are never perfect.

The essential characteristic of this process is that it does
not depend on the serial position at which a target (or foil) is
presented.

Models Fit

Figure 2 shows how the two models fit the data from the
first study. The two models were allowed to under-fit the
data, as justified by the observation that the correctness
score was artificially inflated, as explained in the sections
describing the first study. The N4 condition was dropped
because it had a low correctness score (see Table 1) and also
a very high vulnerability to be affected by the artifact
described above, as shown by the highest magnitude of the
negative correlation between targets and foils in this
condition (r3s=-0.49, p=0.002).
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Figure 2: Data from the first study (solid lines) and model
simulations (dashed lines). Thick lines indicate high control
and thin lines indicate low control. Vertical bars indicate
standard error of the means.

The two models show the same decrease in performance
with n as shown in the data. The value of the retrieval
threshold parameter of ACT-R was set to -0.35 (default 0.0)
to fit the observed difference in the data.

The two models make qualitatively different predictions
with regard to the serial position effect (Fig. 3). The high-
control model predicts that maintaining a rehearsal window
allows high performance at low serial positions but
performance decreases at higher serial positions, as it
becomes harder and harder to maintain the rehearsal
window in the face of distraction.

The low-control model predicts that there is no reason for
performance to vary with serial position because no
rehearsal process is employed in making judgments of
recency. The level of performance is given by the accuracy
of time estimations, which in turn depends on the noise in
the ACT-R’s temporal module and the opportunities the
model has to learn correct time estimations.

Second Study

This study was intended to correct the artifact found in the
first study and check the hypothesis about involvement of
different control strategies in N-Back. The number of foils
was made equal with the number of targets and participants
were asked to explicitly reject foils, that is, non-reaction to
foils did not count as correct answer. These changes were
expected to bring about a more valid measure of
performance in the N-Back task.

It was hypothesized that participants showing the serial
position effect are prone to using a high-control strategy not
only in the N-Back task but also in another control-
demanding task (Stroop). It was also hypothesized that
manipulating the presentation rate of stimuli (inter-stimuli
interval — ISI) would trigger behavioral effects that would
help us distinguishing between various control strategies.

Participants

Fifty-two volunteers from the Carnegie Mellon University’s
community participated in this study (average age 24; 16
women and 36 men). They received a fixed amount of
monetary compensation for their participation.

Design

A within-subjects design has been employed with the N-
Back task and the Stroop task presented one after another in
this order. Only the N2 and N3 conditions from the N-Back
task were retained. The N4 condition was left out based on
results of the first study showing very low performance in
this condition (see Table 1). The N-Back task was
administrated with two presentation rates (ISI): 2.5s and
1.5s. For this manipulation, order was counterbalanced: half
of the participants received the fast ISI (1.5s) first and the
other half received the slow ISI (2.5s) first. The Stroop task
(MacLeod, 1991) had the three standard conditions —
incongruent, congruent and neutral — randomly interleaved
with one another and with an equal number of trials in each
condition.

Materials

The same materials as in the first study were used for the N-
Back task. Small modifications in the software were made
to balance the numbers of targets and foils, collect reactions



for both targets and foils, and implement the speed
manipulation. A computerized version of the standard
Stroop task was implemented.

Procedure

Administration of the N-Back task followed the same
procedure as in the first study, except participants received
additional instructions regarding how foils must be rejected.
Participants were informed that a successful rejection of a
foil is rewarded with one point and a correct identification
of a target is rewarded with two points. Participants were
not informed about the change in speed (ISI) that would
occur during the experiment.

For the Stroop task participants received a short screen-
based tutorial to ensure proper understanding of the task.

Results

As a result of the changes in the administration of N-Back,
correctness rates were decreased overall and in particular for
foils (see Table 2 and compare with Table 1), as compared
with the first study.

Table 2: The rate of correct answers by condition.

N2 N3
Targets 0.67 0.52
Foils 0.45 0.29

The correlation between correctness on targets and
correctness on foils has become positive (rs;=0.43,
p=0.001). Thus, the ability to identify targets and reject foils
was better indicated by the correctness score in the second
study as compared with the first study.

With regard to the serial position effect the two
aforementioned models produced qualitatively different
predictions (see Fig. 3). These models were used to identify
each participant’s proneness toward using high- vs. low-
control strategies. Each participant’s data were compared
with the two predictions. If the data of one participant fit the
prediction of the high-control model better than the
prediction of the low-control model, that participant would
be classified in the high-control group, and vice-versa.
The root-mean-square-deviation measure was used for
fitting the data of individual participants to the two model
predictions. Figure 3 shows the two model predictions and
the data of the two groups of participants formed based on
how well individual participants fit these predictions (only
serial positions 2, 3, and 4 had enough data for a reliable
analysis). The high-control group was composed of 23
participants and the low-control group was composed of 29
participants. It turned out that the high-control group had
also higher overall performance than the low-control group.

To verify that the two groups of participants formed based
on the two different model predictions are indeed different
from a cognitive control perspective, an independent
measure of cognitive control was considered. Stroop
interference is one of the most frequently mentioned
measures of cognitive control (Miyake et al., 2000). It is
computed as the difference in reaction time between

incongruent and neutral trials. A one-way analysis of
variance with Stroop interference as a dependent variable
and the grouping variable distinguishing between high- and
low-control participants as a factor was conducted and
showed a significant effect in the expected direction
(F1,50=5.36, p=0.02, mean(HC)=111ms, mean(LC)=179ms).
The Stroop interference manifested by high-control
participants (HC) was lower in magnitude with an average
of 68ms than the Stroop interference of low-control
participants (LC).
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Figure 3: Model predictions (dashed lines) and their
corresponding groups of participants (solid lines). Thick
lines indicate high control whereas thin lines indicate low
control. Vertical bars indicate standard error of the means.

It was not clear whether and to what extent performance
at N-Back varied with speed. The effect of the speed change
was confounded by a strong learning effect (see Table 3).
Most participants who started with the fast condition
(ISI=1.5s) had lower performance in this condition and most
participants who started with the slow condition (ISI=2.5s)
had lower performance in this condition.

Table 3: Confounding between speed and learning effects.

Start fast  Start slow
Lower performance ) 16
in the slow condition
Lower performance 24 9

in the fast condition

Discussion

The interpretation that scores in the first study were biased
and artificially inflated by the way the task was
administrated proved correct. The changes operated to the
task for the second study corrected this problem. As a
consequence, the correctness score for both targets and foils
now accurately indicates judgments of familiarity and
recency.



Participants® proneness toward using high- versus low-
control strategies was determined by the aid of the two
corresponding model predictions. Participants were assigned
to two different groups based on how well their behavioral
data fit the simulations of the two models. Participants that
were identified as prone toward using a high-control
strategy showed lower Stroop interference than participants
identified as being prone toward using a low-control
strategy.

The speed manipulation was confounded by a strong
learning effect. Both effects deserve further investigation.
Arguably, speed must have a negative influence on the high-
control strategy and either none or a positive influence on
the low-control strategy. It would be interesting to
investigate how learning relates to using these strategies and
whether and when participants switch strategies.

General Discussion and Conclusion

The first study found behavioral traces (serial position
effect) indicating the use of a high-control strategy in some
of the participants and not in others. This effect was
unequivocally interpreted as indicating the use of a rehearsal
process vulnerable to distraction. Participants showing this
effect were assumed to use the phonological loop to
maintain active a rehearsal window of size n and inhibitory
control to discard items falling outside of this window.
Participants not showing this effect were assumed to use
time estimations for their judgments of recency. Two ACT-
R models were developed based on these assumptions.

Model predictions were used to categorize participants in
the second study as prone to using high- or low-control
strategies. High-control participants were shown to manifest
lower Stroop interference than low-control participants. This
result validates the assumption that the serial position effect
is an indicator of using a high-control strategy. It can be
argued that some of the specific modeling mechanisms used
in these models are not unique. For example, a rehearsal
process does not necessarily require the phonological loop
(Logie, Venneri, Della Sala, Redpath, & Marshall, 2003)
and rehearsal-independent judgments of recency can be
implemented without assuming a time estimation
mechanism (McElree, 2001). However, a distractor-
suppression mechanism seems necessary to account for the
serial position effect. To the best of our knowledge, no other
modeling account has been proposed so far for this effect.

In conclusion, this paper argued that there are substantial
individual differences with regard to whether or not certain
cognitive control mechanisms are employed in particular
tasks. It can be asserted that not only some tasks require
more control than others but also some individuals are prone
to using more control than others.
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Abstract

This paper discusses a method of modeling individual
differences in cognitive control by developing models that
differ in control structure. Such a strategy for modeling
behavior is necessitated when tasks are complex and
individual differences in performance vary on many measures
of performance. For these tasks, merely adjusting a parameter
to fit various groups of subjects may be impractical or
impossible. Two such models for the Abstract Decision
Making task are implemented in ACT-R to fit the
performance of high and low-control subjects in the first
experiment. These models are then used to accurately predict
performance on a second experiment that involves novel
“games” unrepresented in the prior experiment.

Keywords: Individual differences; cognitive control; ACT-R

Introduction

Computational models of cognition are often developed to
fit the average performance on a task by a population.
While this method suffices when describing phenomena that
are observed widely, it purposefully ignores individual
differences. One way to model individual differences is to
propose some parameter — such as working memory
capacity — that varies among individuals and observe how
changes in that parameter affect the model’s performance
(Daily, Lovett & Reder, 2001; Taatgen, 2002; Rehling,
Demiral, Lebiere, Lovett, & Reder, 2003; Chuderski,
Stettner & Orzechowski, 2006).

However, when tasks are more complex, manipulating
isolated parameters to fit individual differences becomes
more challenging. For these types of tasks, it is possible to
assume that individuals adopt different control structures
that manifest themselves as different problem solving
strategies. The different degrees of cognitive control can be
characterized as the amount of top-down control that an
individual exerts when completing a task, as opposed to
behavior being primarily driven by bottom-up processes
(Taatgen, 2007). This paper explores the development of
distinct models using the ACT-R architecture (Anderson,
2007) that differ in control structure to describe individual
performance on the Abstract Decision Making (ADM) task
(Joslyn & Hunt, 1998).

Abstract Decision Making Task

ADM is a task developed by Joslyn and Hunt (1998)
designed to predict individuals’ performance on various
real-world tasks that require decision making under time
pressure. The task was used in a battery of tests designed to
show individual differences in cognitive control.

ADM involves 5-minute long “games” that require
subjects to classify objects into 1 of 4 bins according to their
attributes. Both objects and bins have 3 attributes: size,
color and shape. Only objects that match a particular bin’s
attributes are allowed in the bin. While objects always have
3 concrete attributes (e.g. small, red, circle), bins may
specify any subset of the attributes (e.g. all circles). The
number of attributes that a bin omits (i.e. the number of
those that are wildcards) will be referred to as its generality.
Thus, an “all circles” bin has a generality of 2 because it
does not specify size or color. The generality of a game is
defined as the greatest generality of its 4 bins.

Each game consists of 4 different bins that subjects study
for as long as they want prior to starting the game. Because
reviewing bins during the game is a slow and hence costly
action, it is in the subject’s interest to memorize the
attributes of the bins. During the game, an object becomes
available every 15 seconds with a pop-up notification that
the subject must dismiss before continuing. None of the
attributes of objects are immediately visible even when they
become available. To reveal one attribute of an available
object, the subject must query it by typing in the appropriate
commands. To assign an object to a bin, the subject must
type in a different set of commands. The subject receives
points if an assignment is correct and loses points if it is
incorrect. The magnitude of reward or penalty is inversely
proportional to the generality of the bin — that is, more
specific bins award more points.

Because there is a time limit and objects are presented
quicker than most subjects can classify them, there is a time
pressure urging subjects to act as quickly as possible. To
analyze performance on the ADM task, we specified several
measures that could be computed per subject for each game.
The most obvious is the score measure, which is identical to
the cumulative points that the subject earns for assigning
objects to bins. For analysis, we normalized scores to a
proportion of total possible points in a given game. Because
penalties are assessed for incorrect assignments, negative
scores are possible. A major problem with the score
measure is that various factors play into determining the
final score — including accuracy, speed, and whether
subjects assigned objects to the more lucrative specific bins.
To help tease those factors apart, idealness was defined as
the proportion of correct assignments that were ideal. For
any given object, there can be more than 1 bin to which it
can be assigned, with 1 bin being the most specific and
lucrative. Idealness is the proportion of correct assignments
where the subject chose the best bin. Finally, queries was



defined as the average number of attribute queries a subject
made of an object before attempting to assign it for the first
time. This can range from 0 meaning the subject never
queried any attributes — quite a suboptimal strategy — to 3
meaning the subject always queried every attribute. Values
greater than 3 are also possible if the subject queried an
attribute more than once.

Experiments

Two experiments were conducted. The first allowed the
generation of models. The same models were used to
predict subject performance in the second experiment, the
results of which were used to validate the models.

Experiment 1

The task consisted of 2 practice games and 4 real games.
Practice games used just 3 bins and had 20 seconds between
object presentations. The 4 real games consisted of 2 games
each of generality 0 and generality 1. Forty-one people
from the Carnegie Mellon University community
participated as part of a larger experiment studying
individual differences. Models were developed to fit the
pattern of data observed in experiment 1.

Experiment 2

The task consisted of just 1 practice game followed by 4 real
games. The real games increased in generality from 0 in
game 2 to 3 in game 5. Fifty-three subjects participated in
experiment 2.

Models

Two ACT-R models were developed to describe subject
performance in the ADM task — one for a high-control
strategy and one for a low-control strategy. Because it is
unclear which aspects of the task give rise to particular
subject performances, an attempt was made to model the
task as closely as possible to the actual experiment. The
model, like subjects, must type in certain commands in
response to text prompts to query and assign objects. This
is accomplished via ACT-R’s perceptual and motor
modules, which simulate the amount of time required to
process visual stimuli and perform key presses. The amount
of time required for the models to process textual prompts
was adjusted so that the models classified roughly the same
number of objects per game as did subjects. This was a
simplification to reflect the amount of time people need to
parse a prompt, because the models were able to deduce the
current state of the textual interface as soon as the visual
stimuli was encoded. One further simplification made in
modeling the task was that the new object pop-up
notifications were omitted for the model runs.

In both models, the objects are processed in order as they
become available. Neither model moves on to a subsequent
object until the current object has been successfully
assigned to a bin. Each bin is stored in declarative memory.
A representation of the current object is kept in the imaginal

buffer, which is ACT-R’s mechanism for temporarily
storing the current problem state. The imaginal buffer
representation includes slots for the object attributes that get
filled in as they are queried. The imaginal buffer was
configured to spread activation to items in declarative
memory, so that when deciding which bin to assign an
object to, bins that had matching attributes to those of the
imaginal buffer representation were more likely to be
retrieved than other bins.

The differences between the low-control and high-control
models are outlined below.

Low Control Model

This model (Figure 1) makes use of the bottom-up process
of expected utility available as a module in ACT-R
(Anderson, 2007) to decide at each step whether to query
more object attributes or to attempt an assignment. Two
exceptions are when no attributes of an object are known,
then it will always query, and, conversely, when all
attributes are known, it will not query any more. The
“query” production rule’s utility is held constant while the
“retrieve bin” production rule will gain or lose utility based
on past successes and failures. When an assignment is
correct, a positive reward is propagated backwards through
the production rules that had fired leading up to the
assignment. As a result, the “retrieve bin” production rule
gains utility relative to the “query” rule, thus, in the future
the model is more likely to ask fewer questions before
assigning. On the other hand, when an incorrect assignment
is made, a negative reward (i.e. a penalty) is propagated to
the “retrieve bin” rule, leading to more queries before
assignment.

When a bin is retrieved, it is checked against the currently
known attributes of the object in question. If there is a
mismatch, the model reverts to the state where it may
attempt another retrieval or query for another attribute.
Otherwise, if it is a match or if it might be a match, it will
attempt to assign.

This model makes incorrect assignments when the
retrieved bin specifies attributes that have not yet been
revealed from the object. For example, after only having
determined that a given object is red, the model may retrieve
a bin that will take red circles. Even though the red object
may not be a circle, the low control model will still try to
assign the object to this bin, possibly resulting in an error.
This leads to a corresponding negative reward, thus slightly
biasing the model towards querying more in the future.
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The high control model (Figure 2) follows a more
disciplined strategy by exerting additional top-down control.
Instead of relying on the expected utility of querying versus
assigning, the model attempts to maximize correctness and
points gained by evaluating one bin at a time to see if it will
take a given object. It also tries to minimize queries by
assigning to a potentially matching bin if no other
candidates can be retrieved. Specifically, it will always
query first, then, after each query, it will attempt to retrieve
a matching bin. If a matching bin is found, it tries to
retrieve a better match — if one is found, it assigns the object
to the better bin, and if one is not found, it assigns to the
original match it had found earlier. If, after the original

retrieval, a maybe matching bin is retrieved, it attempts to
retrieve other bins. If no other matches are found, then it
will assign to the first “maybe” bin it had retrieved, on the
assumption that the object must fit the only possible bin.

An example will help illustrate the model’s logic and how
it minimizes the number of queries while maintaining
accuracy. Suppose there are just 2 bins, one for small red
circles (called A) and another for any small red shape
(called B). When the model starts processing an object, it
may query the object’s shape. Suppose this object is a
triangle. The model now tries to retrieve a bin, and retrieves
the bin B. The model recognizes that the triangle may fit in
this bin, but the color and size could possibly mismatch.
The model now moves to the “retrieve others” state and
attempts to retrieve other bins. It retrieves bin A, and sees
that the triangle is a mismatch for this circles-only bin and
discards it. It then fails to retrieve any other bins because
there are no other bins for this game. It then concludes that
the first bin — bin B — must be the correct bin, and assigns
the triangle to the small red shapes bin. Thus, after just 1
query the model was able to correctly classify the object.

This model only makes errors when it fails to retrieve
matching bins after first having found a possible candidate.
This is, during the “retrieve others” state, it fails to retrieve a
“maybe” bin even when one exists in its declarative
memory. This outcome results from the fact that bin
retrievals are subject to activation decay and noise.

Results and Model Fits

In order to fit the models to subjects, subjects were divided
into a high-control group and a low-control group based on
certain idealness and queries criteria. Each model was then
developed to fit a group of subjects in experiment 1. Apart
from the control structures of the models, their speed of
processing textual prompts was adjusted so that they
classified roughly the same number of objects that subjects
classified during each game. Finally, predictions were made
for experiment 2 using the exact same models, and their
outputs were compared to data observed in experiment 2.

Control Grouping

The criteria for splitting subjects into groups was based on
the idealness and queries measures for the games which had
generalities of 0 and 1 — that is, games involving no
wildcards in bin attributes, and games additionally involving
bins with 1 wildcard, respectively. Because in games with
generality 0 each object can only be assigned to 1 bin, the
idealness measure is necessarily 1.0 for all subjects. With
the addition of generality 1 bins, each object can be assigned
to either 1 bin (the most specific bin), or to 2 bins. If a
subject always assigns to the best bin, idealness will still be
1.0. If, on the other hand, the subject assigns to the more
general, less lucrative bin(s), idealness will decrease. Figure
3, shows the distribution of subjects’ idealness measures for
experiment 1, generality 1, while Figure 4 shows the same
measure for the varying game generalities. A somewhat
bimodal distribution is evident at generality 1, with many



subjects getting a perfect 1.0 and a cluster of subjects
getting a lower value around 0.7 through 0.9. The
bimodality is further exemplified in games of increasing
generality. These distributions suggest that two distinct
strategies were used by subjects, rather than subjects
varying on one continuous dimension. We deemed subjects
who had idealness greater than 0.9 in the generality 1 games
to be potentially high-control, and others as low-control.
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Figure 3: Distribution of experiment 1 subjects’ idealness
measure for games of generality 1 as a density plot. The
dashed line shows the cutoff for high-control classification
on the idealness measure.

In addition to the idealness criterion, a criterion based on
the number of queries was used for control group
classification. The motivation for adding another criterion
is that using the idealness criterion alone, subjects would be
classified as high-control if they simply attempted to assign
objects to the most lucrative bins first, and, failing that, try
the more general bins. This strategy maximizes idealness
while minimizing the number of queries to the detriment of
overall score. In order to filter out such strategy takers from
high control classification, we required subjects to show an
increase in queries when playing generality 1 games as

compared to when playing generality 0 games. Because of
the configuration of bins, more queries are required to find
the ideal bin when there are wildcards involved.

In experiment 1, 27 subjects out of 41 were classified as
high control on the idealness criterion, with 25 of those also
matching the queries criterion for high control.  For
experiment 2, these numbers were 24 out of 53 for the
idealness criterion and 18 of those matching the queries
criterion also.

Model Comparison

Having grouped subjects thus, the outputs produced by
the models were compared to the observed data. Figure 5
shows the overall score, number of queries, and proportion
ideal for each game generality in experiment 1. The two
practice games are excluded from analysis, and the 2 games
of each generality are collapsed.

Of note is that, regarding idealness, the low control model
reflects the degree to which subjects decrease idealness in
generality 1 games, while the high control model maintains
a near-perfect mark. Furthermore, the high control model
increases the number of queries as it moves to the more
general games as do subjects. This is noteworthy because
the high control model is designed to minimize the number
of queries, but it is sensitive to the fact that more queries are
necessary for high performance, a feat made possible by its
complex control structure.

The group classifications are good predictors of overall
score in experiment 1, producing a main effect of group on
score, F(1, 160) = 52.6, p < 0.01, in addition to a main
effect of game generality on score, F(1, 160) = 204, p <
0.01.

Figure 6 shows the same measures plotted for experiment
2. Note that in this experiment, there was 1 game each of
the 4 levels of generality, and there was only 1 practice
game as opposed to 2. That may explain the lower overall
performance of subjects in this experiment compared to
experiment 1.
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Figure 4: Distributions of experiment 2 subjects’ idealness measure for games of varying generality.
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(dashed lines) for high control (open shapes) and low
control (crosses). Error bars, shown only for subject data,
represent standard error. For these data, models were not explicitly designed to fit the
data but instead were extrapolated from those designed for
experiment 1. The fits for game generality 2 and 3, which
were nonexistent in experiment 1, show that the models
predict subject behavior in the right directions. The most
notable deviation is the exaggeration of differences in the
number of queries between the high and low control models.
The high control subjects maintain the number of queries at



around 2.0, while the model maintains it slightly higher. On
the other hand, low control subjects show a gradual decline
in the number of queries. The interaction of subject group
and game generality on the number of queries was
significant, F(1, 203) = 4.27, p < 0.05. The models also
successfully predict the differences in the proportion of
assignments that are ideal in the more general games, with
the low control subjects and model showing a significant
drop while the high control subjects and model show a
much smaller drop. Again, the interaction of group and
game generality on idealness was significant, F(1, 202) =
6.21, p <0.05.

Discussion

This paper explored a method of analyzing individual
differences in cognitive control by developing models that
differ in control structure. When tasks are more complex,
simple parameter fitting may become impossible or
impractical to explain the myriad differences in behavior
that individuals show. For such tasks, it can be useful to
assume that different people employ different control
strategies and develop separate models to represent those
control structures. A high control strategy means that it is
less influenced by the environment and exerts more top-
down cognitive control. In the ADM models, the low
control model behaved according to past outcomes of
various actions, while the high control model followed a
strategic course of action to maximize performance. That is
not to say, however, that individuals do not also vary
according to parameters like working memory. In fact,
fitting the working memory parameter to individual subjects
in addition to selecting different control structures would
probably have resulted in more accurate fits.

The possibility remains that a single model could account
for the data by varying a parameter, such as a model of
speed-accuracy tradeoff varying on retrieval latency.
However, the fact that the data show bimodal distributions
of an outcome variable suggests discreet strategic
differences between subjects. It may be the case that
something akin to a speed-accuracy tradeoff leads subjects
to adopt different control strategies.

It is also noteworthy that the model predictions presented
here for experiment 2 were indeed predictions; that is, no
parameters were adjusted nor any other modifications made

to generate output for experiment 2. This is an important
aspect of modeling to ensure that models are not overly
specific to a given experimental situation. In other words,
validating model outputs on novel experimental conditions
helps avoid overfitting of data. Such validation supports the
view that certain aspects of a model are applicable beyond
the specifics of the experiment.
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Abstract

We investigate the hypothesis that historical information
plays an important role in learning action selection via
reinforcement learning. In particular, we consider the value of
the history of prior actions in the classic T maze of Tolman
and Honzik (Tolman & Honzik 1930). We show that
including a sequence of actions in the state makes it possible
to learn the task using reinforcement learning. Moreover we
show that learning over sequences of length 0 ~ 4 is necessary
to model rat behavior. This behavior is modeled in Soar-RL
and compared to an earlier model created in ACT-R.

Introduction

In many tasks, immediate sensory data is insufficient for
decision making. Enriching the state with information about
previous actions or previous situations can disambiguate
between situations that would otherwise appear identical,
which makes it possible not only to make correct decisions
but also to learn the correct decision. Moreover, knowledge
of the past can replace the need for unrealistic sensors, such
as knowing the exact location in a maze.

Using historical information as part of the state
representation poses some challenges. For the tasks we
describe here, we use a simplified version of history — a
sequence of prior actions. This leaves open the length of
sequence, and how to model the relation between similar
sequences to achieve proper level of generalization and
specialization during learning. We demonstrate how these
issues can be addressed in Soar-RL (Nason, & Laird, 2005)
by proposing a simple model on an animal based
experiment. We analyze the task and compare results to a
recent ACT-R model (Fu & Anderson 2006).

The T Maze Task

The task we will explore is the T maze task of Tolman and
Honzik (Tolman & Hoznik 1930) in which a rat is put at the
start location and it is rewarded if it gets to the end location.
As shown in Figure 1, the T maze contains 14 numbered
blinds (dead-ends), each corresponds to a binary choice
point (the task is designed to prohibit the rats from going
back at T-junctions). Whenever the rat turns into a dead-
end, that is considered an error. In such a maze, there are
few if any salient features. Rats are able to maintain a sense
of direction, so that would provide the ability to create for
different classes of T’s. The only other salient features

appear to be a history of the rat’s behavior — that is the
sequence of turns it made before coming to a T at which it
must make a decision.
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Figure 1. T maze used in Tolman and Honzik (1930)

To cast this as a problem conducive to reinforcement
learning, we use the same conventions as a recent ACT-R
model on this task (Fu & Anderson 2006). Moving into
dead-ends and turning back results in immediate negative
reward, while reaching the final goal results in positive
reward. Figure 2 shows a picture of the actual environment,
where the maze is embedded in a grid world and the subject
moves one unit at a time. Dark boxes represent penalties,
and the light box represents the final reward.




Figure 2. T-maze model

Qualitative Analysis of Task Constraints

Given the dearth of features in the environment, the only
external features available to the rat are its prior moves.
Thus, we assume the representation of the state includes a
sequence of previous moves. The moves could be encoded
relative to the current heading: left, right, forward,
backward; however, as pointed out in (Fu & Anderson
20006), the rats have strong directional bias, and thus we
assume they have knowledge of absolute direction and have
available the absolute directions of their movement To
describe the model, we use north, east, south and west as
labels for these directions. For example, at choice point 6,
the state includes the sequence of [east, north, west, ...]
ordered left-to-right by recency, so that the first item in the
sequence is the current direction.

Figure 3 shows the relationships among the choice points
associated with each numbered dead-end based on the
sequence representation described earlier. Choice points that
are grouped together have the same previous input sequence
and face with the same set of choices. Within the same
group, points are further divided based on what is the
correct choice. Decision points, for which moving north (2,
4, 6) or moving west (3, 11) are correct, are colored in light
number with dark background; other points are colored in
dark number with light background. Points in the same
group but with different color are competing points in that
learning to reduce the error for one type of points will
simultaneously increase the error for the other type of
points. Interference is most intense for the most general
level (Seq 0), and disappears at the most specific level (Seq
4), where the correct decision can be learned for each choice
point. The tree structure in Figure 3 therefore captures all
such constraints in the task model.

o

Figure 3. Relations among choice points

Our hypothesis is that choice points with similar state
representations (in this case the sequence of prior moves)
will appear similar to the rat and it will learn to make the
same decisions in those states. Choice points with different
correct directions but similar state representations will
interfere with each other during learning. According to
Figure 3, if the agent makes decision based on Seq 0, for
example, it will tend to move south more than north and east
more than west at each choice point where those options are
available, since south and east correspond to the correct
choice for the majority of the choice points within each
group (4 south vs. 3 north and 5 east vs. 2 west). At Seq 4
(the most specific level), all choice points are completely
discriminated and the correct decision can be made at each
choice point.

Our assumption is that sequences of prior actions are
maintained and available for decision making. Figure 3
provides the information necessary to determine what
impact each sequence can have on learning. Relying solely
on sequences of length 0, a rat should tend to make more
errors at points 2, 4, 6, 3, and 11. Relying solely on
sequences of length 1, point 4 should involve less error than
point 2 and 6, since point 4 is discriminated from majority
of conflicting points (especially the strongest point 14) but
only interfere with point 12. Point 4 will be correctly
learned at the next specificity level, while point 2 and 6 are
still confused with point 8. Point 3 will involve more errors
than point 11 since it is not discriminated from point 7 until
sequence length of 4.

One important property of most approaches to learning
these discriminations is that learning is quicker for more
general levels because they are exposed to more examples.
For example, there are 4 different rules (different
combinations of states and legal actions) at the level of Seq
0, each of them will receive a quarter of the total training
instances, while at the most specific level of Seq 4, there are
28 different rules, each of them only receives less than 4%
of total training instances. This suggest there is an
advantage to including selection knowledge based on all
levels of the sequences so that some rough knowledge can
come into play early, but more and more specific knowledge
is learned over time. No deliberate mechanism is required to
achieve this effect.

These conclusions are largely consistent with the
experimental data from the T-maze task shown in Figure 4.
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Soar Reinforcement Learning Model

As mentioned above, our hypothesis is that the model
must consider the spectrum of specificity levels of the state
representations and that these will influence learning and
behavior. In Soar, this effect can be readily modeled
because Soar allows knowledge for selection of an action to
be encoded in multiple rules that fire together in parallel,
each providing its own prediction of the expected utility of
the operator. The expected utilities for the same operator are
combined, producing a single, joint expected probability.
Thus, when making a decision, rules match and fire for each
of the levels, for each of the possible actions. Thus, we can
capture all of the levels of specificity in Figure 3. Once a
decision is made, all the rules that contributed to the
selected action update their expected utility values.

The effect is that general rules will have the most
influence for decisions at novel situations where specific
rule hasn’t been learned yet. In these situations, the expected
values created by the specific rules will be relatively weak
with values still close to the initial value of 0. As learning
progresses, more and more of the specific rules will have
sufficient examples so that their learning stabilizes and their
values, combined with corresponding general rules, reflect
the expected utility of those situations.

Soar-RL

Soar reinforcement learning implements the general
temporal-difference learning. The learned policy is
represented as a Q value function as in standard Q learning.
A Q value reflects the utility of taking a particular action in
a particular state. In Soar-RL, a Q value is associated with
each state-action pair represented as a Soar RL production
rule. The update function in the case of multiple rules firing
is as the following. A temporal difference is computed
based on the sum of Q values for all rules that match the
current condition, and is evenly distributed to update each
rule. Since more general reinforcement learning rules fire
more often, and a specific rule will always fire with the

same general rule (there is a strict hierarchy in this task), the
result is that the general rule quickly learns generalized Q
value with relatively fewer trainings, while specific rules
will fine tune the total Q value for specific situations and
stabilize after receiving more training examples. Without
general rules, the model has to learn the specific rules in
novel situations without the useful initial bias that can be
provided by general rules. Without specific rules, the correct
behavior cannot be earned.

The probability of making a particular choice is
calculated based on the Boltzmann distribution (equation 1).
In the binary choice case of this task model, it can be
rewritten as equation 2, therefore the probability of making
the wrong choice Py, 1S @ monotonic function of the Q
value difference quantity Q(S, awrong) — Q(S, acorecr). Here the
Q value represented as a function of a state-action pair,
where ayrong Stands for the wrong action and aerec Stands for
the correct action.
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e %emperatune

P= QG.a) Equation 1
Z e %emperature
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Figure 5 plots the Q value difference = Q(s, awrong) — Q(s,
acomect) at €ach choice point for reinforcement learning rules
with different specificity level (from Seq 0 to Seq 4). The Q
values are learned separately and each is an average from 10
independent simulations for 17 trials. These Q value
difference curves show the convergences trends for rules at
different specificity level. The plot qualitatively illustrates
how rules at each specificity level will affect the relative
error rate shown in Figure 4. The initial error rate
distribution should be similar to the curve Seq 0, but as
more and more specific decisions are learned it eventually
converges to the curve of Seq 4, the most specific level, as
explained in the analysis presented in the previous section.
The plot can be viewed approximately as a contour of Q
value difference updating dynamics, since when all levels of
rules are used in Soar, the total Q value difference will
gradually converge following the path which is consistent
with our empirical results (data not shown). One specific
interpretation from Figure 5 is that initial error for point 4 is
relatively higher than point 3, but it learns faster and results
in lower total error rate. Qualitatively, the average Q value
difference across all specificity levels, which is shown as a
bold curve in Figure 5 approximates the relative total error
rates for each dead-end. This can be confirmed by
comparing with Figure 4.



20

N —— Seql
-k Seq 1
~+ Seq 2

¥ Seq 3
2 i i -&— Seq4
Ayerage

10

Q value difference
0
|

-10

1 2 3 4 &5 B8 7 8 9 10 1 12 13 14
Blind number

Figure 5. Effects of reinforcement learning rules with
state representation at different specificity levels

Figure 5 only shows the qualitatively analysis based on
separate simulations of each individual level. It is more
informative to examine the combined Q value difference of
all rules during learning which is shown in Figure 6 & 7.

The numbers in Figure 6 & 7 refer to trials, with 20 trial
intervals. For example, the curve with 1 represents the Q
value difference after trial 1, 3 represents after 21 trials.
There are totally 81 trials shown in the plot to demonstrate
the Q value dynamics, although the actual rat experiment
only takes 17 trials. Figure 6 shows learning with only the
most general rules and the most specific rules. Figure 7
shows learning with all levels of rules. One of the main
differences between Figures 6 and 7 is that point 3 is
learned relatively slowly when using all levels of rules. The
dynamics of learning is consistent with Figure 5 and the
above analysis.
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Figure 6. Change of combined Q value difference during
learning, using levels 0 and 4.
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Figure 7. Change of combined Q value difference during
learning, using levels 0 through 4.

Results

Figure 8 compares observed data with prediction using all
4 levels of rules. The parameters are penalty for turning
back -20, reward for reaching the goal +100, learning rate
0.1, linear discount of 10, on-policy learning with
Boltzmann exploration temperature 3. We experimented
with both standard exponential discount and linear discount.
Figure 5-7 are generated using standard exponential
discount, as that is the standard in the RL field and default
in Soar. However, we discovered that a linear discount
produces a better empirical match to the data, and that is
what is used for the Soar results in this section. The
parameter that has the most impact on matching the
empirical data is the learning rate. The results are not very
sensitive to the other parameters.
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Figure 8. Soar model prediction including level 0-4




and a set of four general rules, one for each absolute
direction. The specific rule set is equivalent to the level of
seq. 4 (the model does not use sequences, assuming a rat
knows its position in the maze), and the general rule set is
equivalent to seq. 0 in Figure 3.

Figure 9 (a) shows the ACT-R prediction with only the
most general rules and most specific rules, which is
equivalent to using only Seq 0 and Seq 4 in the Soar model.
Figure 9 (b) shows the prediction using Soar 0, 4 model,
which is similar to the ACT-R model especially for blind 3.

Table 1 compares the correlations of the ACT-R model
and Soar model. The Soar 0, 4 model predicts the ACT-R
model very well (correlation 0.94), while Soar 0~4 model
predicts the experimental data better (correlation 0.92) than
the other models. The differences between the correlation
coefficients are statistically significant. For statistical
significance of difference between 0.90 and 0.92, the p
value is < 0.005 based on our simulation data. This (weakly)
suggests that the rats learn to make decisions using a history
of prior decisions.

Table 1. Correlation Matrix comparing all models
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Figure 9. (a) Prediction using ACT-R model.
(b) Prediction using Soar model with equivalent rules.

Comparison with ACT-R

An ACT-R model (Fu & Anderson 2006) was developed
to model the Tolman and Honzik (1930) experiment, relying
on ACT-R’s native reinforcement learning component. In
ACT-R, there are weights associated with rules. Learning
adjusts those weights, which are used in selection. Each rule
corresponds to one action and there is no explicit
combination of values or joint updating of rules that are for
the same action. The ACT-R model uses two sets of rules: a
set of twenty-eight specific rules, two for each choice point;

Taking a closer look at the results, Soar 0~4 matches the
blinds closer to the beginning much better while the Soar
0,4 model matches better for those closer to the end. Table 2
compares the correlation with partial experimental data. One
hypothesis could be that for the choice points close to the
end, the general rules are sufficient to produce good results,
so that there is less need to use the lower level rules, which
take longer to learn correctly. While for choice points at the
beginning, the general rules alone produce bad results, and
the more specific rules are necessary to produce good
results. This hypothesis suggests that the rules at different
levels are not learned and/or used uniformly for all choice
points.

Table 2. Correlation with partial observed data

Soar0~4 Soar 0,4 ACT-R
Blinds 1~6 0.98 0.82 0.71
Blinds 10~14 0.86 0.98 0.87

Table 3 compares the two levels of difference between the
ACT-R model and our Soar model. The most important
difference is our model’s learning over multiple sequences
of past actions (the model level difference). It is reasonable
to assume that representing that information in the state and
increasing the number of rules in ACT-R would improve the



ACT-R model’s match to the observed data, especially for
the early choice points.

Table 3. Comparison between the models

Model Level Architectural Level
Soar Use action history Parallel rule firing
ACT-R No action history Single rule firing

A detailed comparison between reinforcement learning in
ACT-R and Soar has already been made by Nason (Nason
& Laird 2004). However, this task model highlights an
important difference between the two approaches. In Soar,
for a single decision, multiple reinforcement learning rules
are allowed to contribute to the decision making and then
are updated by learning. In ACT-R, although multiple rules
contribute to making a decision through competition, only
one is picked and updated. Soar speeds learning with
multiple reinforcement learning rules in terms of requiring
fewer external actions, although the asymptotic behavior of
the two approaches should be similar. This architectural
level difference is secondary for the results presented here —
it is the action history representation (model level
difference) that makes the qualitatively different predictions
in our hypothesis. However, it may be worthwhile to
explore the importance of this architectural level difference
in other applications.

An additional difference between the models is in the
reward discount functions used in Soar and ACT-R. The
default option in Soar is to multiply future expected reward
with a discount factor y (0 < y <1) in the step-wise update
function, which results in exponential decay of rewards. As
mentioned earlier, we experimented with linear discount
(constant discount between steps) which generates slightly
better results because exponential decay increases the
differential adjustment of values near the final choice points
relative to the early choice points (as evident in Figures 6 &
7). The ACT-R model uses a hyperbolic discount function,
which is closer in its impact to an exponential than a linear
discount. The different discount functions have more
impacts on the later choice points in the result curves; they
do not significantly change the relative error rates for earlier
choice points (such as point 3 vs. point 4).

Discussions

The major contributions of this paper are to examine the
contribution of sequences of action histories, to decision-
making and learning. The second major contribution was to
evaluate the approach to representation and updating of
expected values in Soar-RL and discovering that they
provide an accurate model of learning dynamics by having
overlapping rules at different specificity levels.
Functionally, learning progresses from generalize to
specific. The ACT-R model provided a useful benchmark
for comparison.

We can also ask where our model falls short. Our model
does not make a good prediction at blind 12. This could be

due to experimental data noise, but it’s more likely that
there is more structure in the task that is not captured by our
model. One possibility can be that instead of always using
absolute directions, the rats may actually use combinations
of absolute and relative directions, such as turning left and
right as the state encoding strategy.
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Abstract

In cognitive models, cognitive control can be measured in
terms of the number of control states that are used to do the
task. In most cases more control leads to better performance.
Attentional Blink is an example in which the opposite is true:
more control leads to poorer performance. A hybrid ACT-
R/Leabra model is used to model both high- and low-control
participants using two and one control states, respectively.

Keywords: Cognitive Control, Multi-tasking, ACT-R, Leabra

Introduction

The term cognitive control is used to refer to cognitive
processes that help us focus on our goals and plans, and
prevent external stimuli and events from interfering with
them. Most of the time a higher level of control improves
performance on tasks. However, too much control can make
behavior brittle and less flexible. It is therefore likely that
cognition strives for a level of control that is just enough for
proper performance (the minimal control principle, Taatgen,
2005, 2007). In this paper we will discuss a task that
demonstrates that too much control can hurt performance.
The task is a Rapid Serial Visual Presentation (RSVP) task
(Raymond, Shapiro, & Arnell, 1992).

In RSVP tasks, participants are presented with rapid
streams of visual stimuli. Each of these streams contains 0,
1 or 2 targets that the participants have to identify. In the
version that we will discuss in this paper, streams consist of
20 characters that are presented at a rate of 100ms/character.
The targets are letters, while distracters are digits. The
streams of interest are the ones with two targets. In these
streams the time between the two targets is of importance,
usually referred to by the lag. A lag of 1 means the two
targets appear in sequence, and are 100 ms apart in time
(given our presentation rate), lag 2 means that there is one
distracter in between the targets, etc. Example sequences
are:

Lag 1: 49204039GF3434329237
Lag 3: 0230349023Y94D324294
Lag 9: 9430R32305129K 235209

The phenomenon of interest is that on lags 2-5, but
mainly on lag 2 and 3, accuracy one the second target is
much lower than on the first target. On other lags, including
lag 1, the accuracies are the same. This phenomenon is
referred to as Attentional Blink. The interesting aspect from
the viewpoint of cognitive control is that there are
indications that /ess control improves performance. Certain
experimental manipulations can decrease the amount of
blink people exhibit, for example if the stimuli are presented
in a star field (Arend, Johnston & Shapiro, 2006), when
music is played in the background (Olivers & Nieuwenhuis,
2005), or when participants receive instructions to focus less
on the task (Olivers & Nieuwenhuis, 2006). In addition,
there are strong individual differences in attention blink:
some individuals do not exhibit attention blink at all
(Martens, Munneke, Smid & Johnson, 2006).

Nieuwenhuis, Gilzenrat, Holmes and Cohen (2005) have
modeled the attentional blink using a neural network. Their
model consists of three layers, input, decision and detection,
and a cell representing the Locus Coeruleus (LC), which is
connected to the decision and detection layers. The LC
provides extra activation to these layers, making them more
sensitive to targets. Once the decision layer has decided that
an input is a target, it is stored in the detected layer, but it
also sends a signal to the LC. The result of the signal to the
LC is that its contribution to activating the decision layer
temporarily diminishes, decreasing the detection rate of
targets that appear within 200-300 ms. This decrease is
relatively slow, so it has no effect on the lag 1 trials.

Although the Nieuwenhuis et al. model is successful in
predicting the outcome of several new experiments, the
impact of control is outside the scope of that model. An
additional finding in RSVP experiments is that in lag 1
trials, the order in which the targets are reported is often



reversed, while this almost never happens in any of the other
lags (Hommel & Akyiirek, 2005).

Both phenomena, reduced control leads to less blink, and
the reversed report of lag 1 targets, are outside the scope of
the Nieuwenhuis et al. model, because it neither
incorporates higher-level aspects of control nor the fine-
level details of perception. In this paper we will present a
model that encompasses both. To incorporate both the fine
details of perception and the higher-level control aspects, we
used the hybrid model that combines the Leabra neural
network architecture (O’Reilly & Munakata, 2000) and the
ACT-R architecture (Anderson, 2007). More specifically,
visual perception is handled by a Leabra model, which
passes on the information to the visual input buffer of ACT-
R. ACT-R takes care of the classification of the symbol, and
storing it, if it is a target.

Experiment

Method

Forty-one volunteers from the Carnegie Mellon student
population participated in this experiment, which was part
of a larger experiment on individual differences in cognitive
control. The larger experiment included three other tasks
that we selected to assess levels of cognitive control: the N-
Back memory task (McElree, 2001), the abstract decision
making task (ADM task, Joslyn & Hunt, 1998), and a dual-
tasking task (DTT task, Taatgen, van Rijn & Anderson, in
press). In the N-Back task, participants were shown
sequences of letters, and they had to detect repetitions of
letters and judge how many letters back that repetition was.
In the ADM task, participants had to ask questions about
properties of objects, and sort the objects into bins once they
had obtained enough information. In the DTT task,
participants had to do two visual tasks and a time estimation
task in parallel. Four participants had to be excluded from
the dataset due to a problem in the experimental software.

The stimuli consisted of sequences of 20 characters.
Distracters were digits from 2 to 9, and targets were C, D, F,
GHILJKL MN,P,R, T,V,Wand X. No consecutive
characters were identical, and if there were two targets, they
were different from each other. Targets were never in the
first four positions in the sequence, nor in the last four.

The experiment consisted of 6 practice trials, and 4 blocks
of 37 experimental trials. Each block of experimental trials
consisted of 5 zero-target trials, 5 one-target trials, and 27
two-target trials. The two-target trials consisted of 3 trials of
each 9 different lag lengths (1 through 9).

Each trial was preceded by a 500 ms fixation point, after
which symbols in the sequence were presented one at a time
for 100 ms each. At the end of the sequence, participants
were asked to type all the targets (if any) they had seen, and
press enter. The next trial started immediately after the
participant had pressed enter.

Results

Figure 1 shows the correctness on the second target by lag.
There is a clear blink effect in lags 2-4, consistent with
many earlier findings. On 16% of the Lag 1 trials, both
targets were reported correctly, but in the wrong order.
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Figure 1: Blink by Lag. Bars are standard errors.
In order to assess individual differences, we calculated

the AB magnitude (based on Martens et al., 2006) according
to the following equation:

(TllagZ - T21¢1g2 lTllagZ + TllagS - T21ag3 lTllag3)/2
TllngZ Tllag3
In this equation, Tl means proportion correct

identification of the first target (given the indicated lag), and
T2|T1 means correct identification of the second target
given a correct identification of the first target. An AB
magnitude of 0 or less means there is no blink at all, while
higher values imply more blink. We correlated the AB
magnitude with outcomes of the other tasks that are
associated with control. For the DTT task, the outcome most
associated with control is how often participants make a
response on the time estimation task, the one of three tasks
that is not cued by visual input. Low levels of response are
an indication of low-level control. The response rate on the
DTT task and the AB magnitude correlated with »=0.46
(»=0.005), indicated that more control in the DTT task
implied a higher blink magnitude. Similarly, the score on
the N-Back task and the AB magnitude had a correlation of
r=0.42 (p=0.009). The correlation with the ADM task was
only weak: r=0.29 (p=0.08). All of these correlations
suggest that a higher level of control correlates with a higher
AB magnitude.

For the purposes of identifying non-blinkers in the
dataset, we classified participants with a AB magnitude of
0.2 or lower as non-blinker, and participants with 0.2 or



higher as blinker (consistent with Martens et al., in press),
amounting to 8 non-blinkers and 29 blinkers.
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Figure 2: Visual input module

Model

Overview

Cognitive models allow a more precise characterization of
what “more control” means. To keep outside events from
completely controlling behavior, we maintain internal goals.
The current goal can be in a certain state to keep track of
progress of that goal. Any action or progress on the goal can
change the state, or keep it as it is. Taken together, states
and possible actions create a state space. The more states
there are in the state space, the more it is associated with a
higher level of control (Taatgen, 2007).

We designed two possible control structures for a model
of attentional blink, one with two states, which models the
blinkers, and one with one state, which models the non-
blinkers. The first, blinker, model assumes two control
states. One state is used to signify the model is searching for
a target in the input stream. Once a target has been found,
the model switches to a second state that is used to
consolidate the target in memory. When the target is

consolidated, the state switches back to the first state. When
the model is in the consolidation state, it no longer fully
processes the input stream. When the model switches back
to the search state it has too much to do at the same time,
creating an internal “traffic jam” that causes the model to
sometimes miss targets in the 200-500ms range. The
second, non-blinker, model uses only a single state. In other
words, there is no state to protect the consolidation process,
but it also misses targets less often.

Vision

The visual input is projected on the input layer of a Leabra
(O’Reilly & Munakata, 2000) neural network of the ventral
visual stream (Figure 2). This model processes the input,
and arrives at a classification in the output layer, in which it
has a single cell for each of the possible symbols in the
input. Because of the speed in the visual presentation, the
network is not always able to fully settle, and there is often
still residual activation of the previous symbol. Figure 3
shows an example of how activation in the output layer
changes over time based on the “2829P” sequence. The
consequence of the rising and falling of activations is that if
the visual input is sampled at a particular moment, it is
possible two output cells are active, in which case it is
impossible to determine in which order the two have been
presented. This explains why in lag 1 the two targets are
often reported in the wrong order.

Central Cognition and Control

The ACT-R architecture is structured as a set of interacting
modules. Modules communicate through buffers, but
otherwise operate asynchronously. Each module can only
work on one thing at a time, but because all the modules
work in parallel, the cognitive system as a whole can work
on several tasks at the same time. At this level of
abstraction, cognitive control is a matter of optimally
engaging all modules in doing the task or tasks.

1.0

Activation
0.6
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Figure 3: Example of visual module output for the “2829P” sequence. Vertical lines indicate where a new stimulus is
presented, e.g. at cycle 40 the symbol “2” is presented. Each cycle corresponds to Sms real time.
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Figure 5: Time diagram of a Lag 3 presentation: non-blinker model.

In the attentional blink tasks, several modules have to
operate in parallel. The visual module has to scan the
incoming stream of characters. These characters have to
then go through a decision process, which determines
whether a character is a target, which involves the
procedural and declarative modules. Once a target is found,
it has to be consolidated in ACT-R’s imaginal buffer, a
place to temporarily store problem-related information.

Figure 4 shows a diagram of how the model operates in
the case of a Lag 3 sequence. Each row in the diagram
represents one of ACT-R’s modules, with the exception of
the top line, which shows the state of the display. Boxes in
each row show activity in a module at a particular time, and
the width of the box indicates the duration. The visual
module follows the input, and outputs activations
corresponding to the classification of the input. This input
triggers production rules that try to determine whether the
character is a target. The assumption of the model is that
some characters can be recognized as non-targets straight
away (with a probability of 60%). Other characters have to
be classified by a declarative memory retrieval. In the
example, the first “2” is immediately recognized as non-
target. The second character (“A”) is a target. Targets are
always retrieved from memory to verify that they are
targets. During this retrieval, the next character (“3”) is

identified as a potential target. However, the memory
retrieval that can verify this has to be postponed until the
retrieval of the “A” finishes. However, once the retrieval of
“A” finishes, the model decides “A” is indeed a target, and
stores it in the imaginal buffer. In this version of the model,
once a target has been found the production rule that
initiates storing the target changes the control state to
consolidate, blocking further processing of the input. Only
when the imaginal buffer is done storing the target can the
target detection process resume. As a consequence, the “8”
and the “B” will not be considered as targets, leading to a
blink trial in this particular example. Also note that the “3”
that directly followed the first target is considered a
potential target by the model, although delayed, which
means that if this had been a Lag 1 trial and the “3” would
have been a target, both targets would have been detected.

The non-blinker model

Although the model described above changes state to
protect its memory consolidation, this is an unnecessary
exertion of control. If the model does not change state when
a target has been detected, detection of the second target can
proceed while the first target is consolidated. Figure 5
shows an example trace of that variation of the model. Once
the target “A” has been detected and transferred to the



imaginal buffer, the next candidate, “3” is requested from
declarative memory. The next production rule samples this
visual input again, now detecting two potential targets (“B”
and “3”), because both output cells of the neural network are
active.

Reversal of target on Lag 1

Figure 6 demonstrates how reversals can occur. Delayed by
the possibility that “2” is a target, the model samples the
visual buffer at a moment when both the “A” and “B” cells
are active. Having no means to determine the order of the
two, the model decides to retrieve the “B” first.
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Figure 6: Example of a reversal of targets

Parameters

The model has a number of parameters that influence its
outcome. The main parameter that was used to fit the model
was the probability that a character could be recognized as a
foil straight away (60%). Other parameters that will
probably influence the outcome when changed are the
latency factor that determines how long declarative
retrievals take (set so that they take about 50ms), and the
time to store an item in the imaginal buffer (left at the
default of 200ms). In addition, the Leabra model has several
parameters, but those were left untouched for the purpose of
fitting the data.

Model Results

To assess the model we divided the dataset in blinkers and
non-blinkers according to the criteria discussed earlier.
Figure 7 shows the model/data comparison for the blinker
group (7=0.97, MSE=0.03), and Figure 8 for the non-blinker
group (=0, MSE=0.04). The blinker model has a good
correlation between model and data and a low MSE. The
non-blinker model has no correlation with the data because
there is no meaningful variability in the data to model.
However, the MSE is comparable to that of the blinker
model, confirming that there is a decent fit.

Figure 9 shows the proportion of trials in which the two
targets were reported in the wrong order for both groups
together (there was no difference between blinkers and non-
blinkers).
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Figure 7: T2 correctness for blinkers (n=29), model/data
comparison.
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Figure 8: T2 correctness for non-blinkers (n=8),
model/data comparison.

Discussion

The central question that we tried to address in this paper is
how cognitive control can be made more concrete in terms
of a cognitive model. Our hypothesis is that more control is
associated with more possible control states. More control
states gives more top-down control of the task’s execution,
but at the cost of flexibility. The experiment as a whole
showed that the amount of blink in the RSVP task correlated
with control aspects of other tasks, which is consistent with
findings by Arend et al. (2007) and Olivers and
Nieuwenhuis (2006) that attentional blink is related to
control factors.
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Figure 9: Proportion in which targets are reported in the
wrong order, model/data comparison

The RSVP model, with two control states for high control
and one control state for low control, managed to fit the data
very well. Further support for the model can be found in
ERP data. Martens et al. (2006) collected ERP data for both
blinkers and non-blinkers. They found that the P300, which
we associate with imaginal buffer activity, is present only if
a target is detected. Moreover, it is later for blinkers than for
non-blinkers. This is the case for both T1 and T2, but the
effect on T2 is much larger. Our model currently only
predicts a difference on T2. The T1 difference may be due
to a different factor all together, and may be related to the
proportion in which distracters can be dismissed without
memory retrieval.

This model is also a demonstration of how a symbolic
architecture, ACT-R, and a neural network architecture,
Leabra, can work together. The perceptual part of the model
was clearly outside the current capabilities of ACT-R, while
the control aspects were outside of Leabra’s scope.
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Abstract

This paper shows that the recently proposed Feature-
Extracting Bidirectional Associative Memory (FEBAM) can
create and reorganize item clusters (or categories). This
model, contrary to most other cluster-creating architectures, is
based on projection methods and follows associative model
principles (e.g. distribution of information, pattern completion
and noise tolerance). Using a bidirectional associative
memory (BAM)-inspired architecture, the resulting model is
tested by simulating iterative cluster development and
reorganization of artificial stimuli and alphanumeric patterns.
In contrast to classic clustering techniques, the model is able
to reproduce predetermined categories by iteratively
reevaluating cluster membership, and allows given category
members to move from a category to another. Because
FEBAM has been shown to possess many more interesting
properties, it is argued that the model possesses more
cognitive explanative power than other comparable models
and algorithms.

Introduction

Categories

In everyday life, humans are constantly exposed to
situations in which they must group perceptual patterns
(such as visual objects) into categories, in order to act upon
the identity and properties of the encountered stimuli. To
achieve this task properly, a cognitive system must adapt to
many different environments which necessitate a broad
range of behaviors according to context. Cognitive scientists
have historically argued over the fact that the human
cognitive system either uses generic abstractions (such as
prototypes) or very specific perceptual stimulations (such as
complete exemplars) to achieve category learning and
further classification. Seemingly, the use of one of these
representations is likely to be closely linked to specific
environmental demands and system goals (Murphy, 2002).

Clustering in Neural Nets

More generally speaking, category formation, in a
perceptual framework, is often seen as a “clustering” of
similar patterns in common categories, a process akin to
classic clustering techniques, which involve partitioning
stimulus spaces in a number of finite categories (“clusters”).

In artificial neural networks, clustering is a well-
developed technique used mainly in competitive models
(Kohonen, 1989; Grossberg, 1988). In these models, each
output unit represents a specific cluster of items. When
taking a decision, the association between an exemplar and
its determined cluster unit in the output layer is
strengthened. In “hard competitive” networks (Grossberg,
1988), exemplars may only be associated with one cluster
(i.e. only one output unit at a time can be activated).

An example of hard competitive network is the Adaptive
Resonance Theory (ART: Carpenter & Grossberg, 1987;
Grossberg, 1988). ART networks are able to deal effectively
with the exemplars-prototype scheme, while being able to
answer the stability-plasticity dilemma. These unsupervised
competitive models achieve the desired behavior by using a
novelty detector (through “vigilance”); various degrees of
generalization can be achieved with this procedure. If the
value of the vigilance parameter is low, broad categories are
developed; if it is high, narrow categories are developed,
with the network ultimately performing exemplar learning.

In “soft computing” (Kohonen, 1989), exemplars may be
associated with many clusters at differing degrees. This
provides a more distributed classification; for instance, an
exemplar may be geometrically positioned between two
clusters, and possess various degrees of membership.

PCA networks (Diamantaras & Kung, 1993) can also be
used to achieve clustering; in this case, each category is
defined by a linear sum of extracted orthogonal
components. Nonlinear PCA networks (Karhunen, Pajunen
& Oja, 1998) are not restrained by this orthogonal



requirement; hence, correlated components can be found
(Hyvarinen & Oja, 2000). In all cases, once an item has
been linked to a specific cluster, there is no mechanism
allowing this item’s category membership to be modified.
Each model’s internal structure is based on a specific metric
that is constant over the training period.

Model Overview

In this paper, we show that the FEBAM model can be used
to form clusters using various exemplar sets. First, it is
shown that prototypes can be stored in the network’s
memory, regardless of the number of units. In this situation,
exemplars form transient memories that can be used for
identification, while prototypes constitute attractors that can
be used for categorization. Second, when using a unit
recruiting procedure, the model can ultimately develop
exemplar-based attractors. In FEBAM, it is the number of
units that specifies category broadness (in comparison to
novelty detection in ART models). If, for instance,
additional units are recruited and trained during learning,
then the model is able to develop a greater amount of
narrower categories. Ultimately, the network can perform
“exemplar clustering”.

Model Description

Architecture

FEBAM’s architecture is based on a BAM architecture
(Kosko, 1988) proposed by Hassoun (1989) and Chartier &
Boukadoum (2006a). It consists in two Hopfield-like neural
networks interconnected in head-to-toe fashion.
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Figure 1: FEBAM network architecture.

When connected, these networks allow a recurrent flow
of information to be processed bidirectionally. As shown in
Figure 1, the W layer returns information to the V layer and
vice versa. As in a standard BAM, both layers serve as a
teacher for the other layer and the connections are explicitly
depicted in the model'. To enable a BAM to perform

" In opposition, the architecture of multi-layer Perceptrons strictly
illustrates a series of input-output relationships, without ever

clustering, one set of those explicit connections must be
removed. Thus, in contrast with the standard BAM
architecture, the “initial output” y(0) is not obtained
externally, but is instead acquired by iterating once through
the network, as depicted in Figure 2.
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Figure 2: Output iterative process used for learning
updates.

In the context of item cluster creation, the W layer will be
used to determine the maximal number of clusters created
by the network; the more units in that layer, the more
possible clusters. The exact relationship between these
quantities is the following: the theoretical maximal number
of categories developed by the network is equal to 2", where
n is the number of units in the network.

Output Function

FEBAM’s output function is expressed by the following
equations:

L, If Wx()>1

Vi, .,N,y(+)= -1, If Wx (5)<-1 €))
(S +1)Wx, (t) - S(Wx)’ (¢), Else
and
I, If Vy()>1
Vi, ..,M,x(t+])= -1, If Vy,@®<-1 ?2)

(8 +DVy, (1)~ 5(Vy). (1), Else

where N and M are the number of units in each layer, i is the
index of the respective vector element, y(z+1) and x(¢#+1)
represent the network outputs at time # + 1, and 0 is a
general output parameter. Like in any nonlinear dynamic
system, to guarantee that a given output converges to a fixed
point such as x'(¢) or y'(¢), the slope of the outputs
function’s derivative must be positive and smaller than one
(Chartier & Proulx, 2005; Kaplan & Glass, 1995):

dy+l)

a0 <D= <1 )
dx(t+1) _ 2
oy =0<(5+1)=35(Vy(t))* <1 @

specifying the origin of the teacher’s information. This is less
desirable in a neuropsychological perspective.



This condition is satisfied when 0 < & < 0.5 for bipolar
stimuli®. Figure 3 illustrates the shape of the output function
when 6 =0.4. This output function possesses the advantage
of exhibiting continuous-valued (gray-level) attractor
behavior. Such properties contrast with networks using a
standard nonlinear output function, which can only exhibit
bipolar attractor behavior (e.g. Kosko, 1988).
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Figure 3: Output function for 5= 0.4.

Learning Function

Learning is based on time-difference Hebbian association
(Chartier & Proulx, 2005; Kosko, 1990; Oja, 1989; Sutton,

1988), and is formally expressed by the following
equations:

W(k+1) = W(k) +1(y(0) ~ y()(x(0) +x(1))" )
and

V(k+1) = V(k) +1(x(0) —x())(y(0) + y(1))" (6)

where 77 represents a learning parameter; T is the usual
transpose operator, y(0) and x(0), the initial patterns at £ = 0,
y(¢) and x(?), the state vectors after ¢ iterations through the
network, and k the learning trial. The learning rule is thus
very simple, and can be shown to constitute a generalization
of hebbian/anti-hebbian covariation in its autoassociative
memory version (Chartier & Boukadoum, 2006a). For
weight convergence to occur, 7 must be set according to the
following condition (Chartier & Proulx, 2005; Chartier, &
Boukadoum, M., 2006b):

1
< b
2(1-28)Max{ N, M]

7 5+ ), (4)

General Procedure

To obtain the various vectors needed for weight updates,
stimuli iteration is performed as depicted in Figure 2. First,
an initial stimulus (x(0)) is introduced to the W layer,
yielding an initial output (y(0)). This output represents the
input’s classification into a distributed cluster. Second,
using this initial output, the information is sent back to the
input layer using the V layer’s connections; this results in
another output, x(1). Third, this novel output is then used to

2 Generalization to real-valued stimuli can be found in Chartier &
Boukadoum (2006a).

obtain the final classification output (y(1)) by using the W
connections once again.

As stated by Equations 5 and 6, weights can only
converge when “internal feedback” is identical to the initial
inputs (that is, y(1) = y(0) and x(1) = x(0)) (in other words,
when the network resonates). The function therefore
correlates directly with network outputs, instead of
activations. As a result, the learning rule is dynamically
linked to the network’s output (unlike most BAMs).

Simulations

Simulation 1

A first simulation was conducted in order to demonstrate the
network’s ability to cluster exemplars into categories. For
this simulation, artificial pixel-based stimuli were created.
Stimuli examples are shown in Figure 4.

Figure 4: Examples of a prototype (left image) with three
associated exemplars.

Methodology Eight category prototypes were produced by
generating bipolar-valued vectors, for which the value of
each vector position (or “feature”) followed a random
discrete uniform distribution. The presence of a feature
(black pixel) was represented by a value of +1, and the
absence of a feature (white pixel) by a value of -1. Each
prototype vector comprised 100 features. Correlations
between category prototypes are shown in Table 1.

Table 1: Correlations between category
prototypes for Simulation 1°.

P2 P3 P4 PS5 P6 P7 P8
P1|-004 | 004 |-002 | 0.12 | 0.14 | -0.04 | -0.16
P2 -0.04 | 0.06 | 0.08 | 0.30 | -0.08 | 0.12
P3 0.02 | -0.12 | 0.22 | 0.00 | -0.16
P4 0.02 | 020 | 0.02 | -0.10
P5 -0.02 | 0.04 | 0.08
P6 0.02 | 0.02
P7 -0.04

Ten exemplars were generated using each prototype, for a
total of 80 items. Each exemplar was created by randomly
“flipping” the value of between one to six features. Average
within-category correlations are presented in Table 2.

3 Px represents the Category x prototype. In this Table, as well as
all following Tables, Pearson’s r scores are reported.



Table 2: Average within-category
correlations for Simulation 1*

C1 C2 | C3 | C4 | C5 | C6 | CT | C8
0.86 ] 0.88 | 0.89 | 0.89 | 0.88 | 0.86 | 0.84 | 0.85

Learning followed the following procedure:

0. Random weight initializations;

1. Random selection of a given exemplar;

2. Weight updates according to Equations 5 & 6;
3 Repetition of 1 and 2 for 600 learning trials.

To assess the network’s behavior, several simulations
were performed using different numbers of units for the W
layer.
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Figure 5: Number of clusters developed by the network as a
function of the number of recall iterations. Each line
represents a different number of units present in the W layer
of the network.

Results Looking at Figure 5, one finds that for adequate
clustering, the network needs at least log, n units. Here,

because there were eight predetermined categories, the
network thus needed a theoretical minimum of three units

(log 8=3). However, if there are much less units than

exemplars, the network is likely to develop a greater number
of categories than necessary. In this example, it was the case
when 4, 8 or 16 units were used. If the number of units was
sufficient, the number of categories developed by the
network then matched the number of desired categories. In
this example, when 32, 64 or 128 units were used, the
network correctly developed eight categories.

In addition, when using 32 units or more, Figure 5
indicates that as the number of iterations increases, the
network switches from a specific identification to a
categorization process. For the first few iterations (~10 or
less), there are almost as many clusters as there are
exemplars. When achieving more iterations (~30 or more),
the number of clusters is reduced so that it becomes similar
to the number of prototypes (or categories). Consequently, if
the number of units is great enough, FEBAM can be used to
identify specific exemplars even though its memory has

* Cx represents Category X.

extracted the corresponding prototypes, depending on the
time allowed (i.e. number of iterations performed) before an
output is required.

Simulation 2

The purpose of the second simulation was to study the
number of categories developed by FEBAM as a function of
the number of output units. In this simulation, not all units
were initially available. A unit recruiting mechanism was
introduced to allow the network to slowly converge towards
a number of categories equal to the number of exemplars. A
new unit was recruited by the model after a certain amount
of learning trials had been achieved.

Methodology Four prototypes were generated using the
method detailed for Simulation 1. Correlations between
category prototypes are shown in Table 3.

Table 3: Correlations between category
prototypes for Simulation 2°.

P2 P3 P4
P1 | 0.02 | 0.08 | 0.08
P2 -0.02 | 0.02
P3 0.12

Ten exemplars were generated using each prototype, for a
total of 40 items. Each exemplar was created by randomly
flipping the value of between two to ten features. Average
within-category correlations are presented in Table 4.

Table 4: Average within-category
correlations for Simulation 2°

C1 C2 C3 C4
0.76 | 0.77 | 0.78 | 0.77

The simulation was conducted, starting with two initial
units in the W layer. The number of units in the V layer
remained constant at 100. After each phase of 600 learning
trials, another unit was added to the W layer. This was
repeated until there were 64 units. After each learning
phase, a recall test was performed to estimate the number of
categories developed by the network. At test, each given
stimulus was iterated 200 times in the network before the
final stabilized output was given. This was done to establish
the nature of the network’s attractors after each step.

Learning followed the following procedure:

0. Random weight initializations;

la.  Random selection of exemplars for learning,

according to Equations 5 and 6;

Ib.  Repetition of 1a for 600 learning trials;
Addition of a new output unit;

Repetition of 1 and 2 until the number of output
units is equal to 64.

w

> Px represents the Category x prototype.
6 Cx represents Category x.



N of categories
[
=

2 10 18 26 34 42

Mb of units

Figure 6: Simulation 2. Number of categories developed by
the network as a function of the number of units iteratively
added.

Results Figure 6 indicates that as more units are added to
the network, more categories are developed. Hence, the
network’s architecture does “take advantage” of the
recruiting mechanism properly, by separating the stimuli in
more and more specific ways, iteratively going from
groupings around a generic abstraction to single exemplars.
Hence, this simulation shows that FEBAM can act as both
an exemplar and a prototype memory, depending on the
number of units that have been dynamically recruited.

This is clearly visible in Figure 7, which displays a
tendency towards creating one-exemplar clusters as the
number of possible clusters increases. Figure 7 also shows
that while the unit recruiting mechanisms allows for some
cluster reorganization (for example, some items associate
with different cluster members when adding units), the
exemplars always closely follow the predetermined
categorical segmentation, that is they tend to cluster with
items generated by the same prototype.

Simulation 3

Simulation 2 was replicated, but this time using stimuli with
no predetermined categorical (or cluster) membership. Pixel
representations of letters of the alphabet were chosen
because they represent a wide range of intercorrelations.

BEBEZDEFGHI JK1LM
HOEPRRETHD HXYE

Figure 8: Set of patterns used for training.

Methodology The patterns used for the simulations are
shown in Figure 8. Each pattern consisted of a 7 x 7 pixel
matrix representing a letter of the alphabet. Once again,
white and black pixels were respectively assigned
corresponding values of -1 and +1. Correlations between the
patterns varied from 0.02 to 0.84.

The simulation procedure was identical to that of
Simulation 2, except for the number of stimuli involved (26
instead of 40).

25
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Figure 9: Simulation 3. Number of categories developed by
the network as a function of the number of units iteratively
added.

Results As in Simulation 2, Figure 9 indicates that the
network takes advantage of the recruiting mechanism; as
more units are added to the network, more categories are
developed. However, as Figure 10 shows, a member from a
given category is not tied to a specific type of categorical
clustering. In fact, given exemplars can aggregate into a
given cluster, and later on leave their present cluster to join
another one, or form a new cluster with other exemplars.
This contrasts markedly from classic clustering techniques.
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Figure 7. Clusters developed by the network as a function of the number of units. Some exemplars cluster with different
items as the number of units increases. As can be seen, as soon as the number of units (two) allows for the formation of four
clusters, each formed cluster exhibits its predetermined belonging exemplars.
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Figure 10. Clusters developed by the network as a function of the number of units. Once again, cluster reorganization can be

detected as the number of possible clusters increases.

Discussion

In this paper, it has been shown that FEBAM, which is
based on an associative learning architecture, is able to
create increasingly precise clusters by recruiting
additional units, and reorganize these clusters during
training. Results from the first simulation have shown that
the developed memory can be used to perform
identification as well as categorization. This property is
made possible by the dynamic memory recall process. In
this case, specific exemplars are “transient” memories,
while prototypes are attractors. However, simulations 2
and 3 show that by using a unit recruiting process,
exemplars can also become attractors. In previous studies,
FEBAM has been shown to achieve perceptual feature
extraction and learning in noisy environments (Giguére,
Chartier, Proulx & Lina, in press), as well as nonlinear
principal component extraction and blind source
extraction (Chartier, Giguére, Renaud, Lina & Proulx, in
press). Moreover, FEBAM, being a special case of BAM,
can also be used to simulate other applications such as
categorization (Chartier & Proulx, 2005), classification
(Chartier & Boukadoum, 2006a), many-to-one association
and multi-step pattern recognition (Chartier &
Boukadoum, 2006b). FEBAM is therefore believed to
constitute a serious candidate for larger-scale cognitive
modeling of human perceptual and categorical processes.

Further studies should investigate the frequency effects
of both exemplars and categories. Based on results
expressed by Figure 5, further studies should also
investigate the categorization and classification processes
as a given input (or exemplar) iterates through the
network. FEBAM could ultimately link, through a
dynamic memory system, both exemplar and prototype
approaches. In its present form, the model is able to
cluster together information if between-category
variability is greater than within-category variability.
Various variability clustering techniques adding an
external teacher or reinforcement should therefore also be
explored.
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Abstract

Representations in sensory cortices are organized
topographically: auditory cortex is organized tonotopically,
somatosensory cortex is organized somatotopically, and
visual cortex is organized retinotopically.  Substantial
progress has been made in understanding how topography
develops at a neurocomputational level, particularly in the
carly and middle stages of processing in the visual system.
We extend this work to investigate how higher-level semantic
representations could develop based on topographic input
from sensory maps in the ventral visual pathway. The
receptive fields of cells in these maps correspond to the loci
of activity within a cortical topography rather than explicitly
coded sensory features. Using this model, we show that
meaningful semantic representations at increasing levels of
abstraction naturally emerge as a result of exposure to a set of
visual stimuli. For example, when presented with a set of
simple visual features (color, texture, size, and shape) the
model develops semantic representations that distinguish
basic level categories (e.g., dogs, tables, cars), superordinate
categories (e.g., animals, furniture, vehicles), and living
versus nonliving things. This work therefore offers a
computationally explicit hypothesis about how semantic
representations could emerge in the brain. Our results suggest
the possibility that high-order concept representations may be
encoded topographically much the same way as low-order
sensory representations, and that these representations may be
learned based on the same principles of neural computation
known to be operating in sensory cortex.

Introduction

Topography is an important principle of neural organization
and is present in all sensory cortices of the brain (Kandel,
Schwartz, & Jessell, 2000). Topography represents a
mapping from sensory space (e.g., location in the visual
field, wavelength of light) to cortical space (e.g., location in
extrastriate visual cortex). In such a mapping, nearby
neurons in cortical space have similar receptive fields (they
respond to nearby parts of sensory space) and are therefore
selective for similar sensory features. Put simply, sensory
similarity is reflected in cortical proximity.

Topographic representations have been particularly well-
studied in the early processing stages in the ventral visual
pathway of the primate brain. This pathway proceeds
through a hierarchy of stages beginning with striate cortex
(V1) and proceeding through extrastriate cortices (V2, V4)
to inferotemporal cortex (IT). In the early stages of
processing, receptive fields are small and neurons are highly

selective for primitive sensory features (e.g., specific retinal
locations, orientation of bars of light, and colors). As
processing progresses receptive fields become increasingly
large and neurons become selective for more abstract and
complex features (e.g., specific configurations of features,
and simple objects).

Physiological studies have established that topographies
are present in the early and middle stages of the ventral
pathway (V1, V2, V4) and the structure of these
topographies has been well-described in the literature
(Fuyjita, Tanaka, Ito, & Cheng, 1992; Hadjikhani, Liu, Dale,
Cavanagh, & Tootell, 1998; Livingstone & Hubel, 1984;
Shipp & Zeki, 1989, 2002a, 2002b; Tanaka, 1996; Tootell,
Silverman, Hamilton, Devalois, & Switkes, 1988; Tootell,
Switkes, Silverman, & Hamilton, 1988; Vanessen &
Gallant, 1994). The primary organization is retinotopic,
with neighboring neurons coding for sensory information
located at nearby positions in the visual field. Embedded
within this retinotopy are secondary topographies such as
orientation columns and color blobs whose neurons are
selective for particular object orientations and colors,
respectively. Physiological findings also suggest that a
more complex object-based topography may exist in IT
cortex, but neither the structure nor learning mechanisms
underlying this putative topography are fully understood
(Fujita et al., 1992; Sigala & Logothetis, 2002; Tanaka,
2000).

At a computational level, significant progress has been
made in understanding how sensory topographies develop in
the early and middle stages of the ventral pathway.
Biologically plausible models based on self-organizing
learning  algorithms  have  simulated topographic
development computationally and have been able to
successfully reproduce physiological data (Barrow, Bray, &
Budd, 1996; Carreira-Perpinan, Lister, & Goodhill, 2005;
Goodhill, 1993; Goodhill & Willshaw, 1994; Olson &
Grossberg, 1998; Sirosh & Miikkulainen, 1997; Sit &
Miikkulainen, 2006). All these models are based on two
well-established neural mechanisms, competition and
Hebbian learning, that operate throughout neocortex.

In this work we consider what role, if any, these self-
organizing mechanisms might play in the learning of higher-
order semantics. Specifically, we use a computational
model to investigate the type of representation that develops
in a later stage cortical map that (i) receives topographically
organized sensory inputs, and (ii) self-organizes based on



the same mechanisms of neural computation known to
operate in the earlier processing stages of the ventral
pathway. We find that after exposing the model to a set of
visual stimuli, the topography reflects multiple levels of
semantic categories more than low-level visual similarities.

An early investigation of the role of topographic structure
in semantics was conducted by Ritter & Kohonen (1989). In
this work, the authors showed that a SOM could produce a
topography of logical word roles (e.g., subject nouns, object
nouns, verbs) based on the statistical structure of word
context. Applied work in content retrieval (Laaksonen,
Koskela, & Oja, 2002; Laaksonen & Viitaniemi, October,
2006) have successfully used SOMs to organize images
based on visual similarity. Our model differs from prior
work in that it focused on the visual modality, has a
hierarchical structure more closely tied to known
hierarchical structure of cortex, and has the objective of
understanding psychological phenomena associated with
semantics.

Self Organizing Maps

Self-organizing maps (SOMs) are a computational
abstraction of cortical representation and processing
(Kohonen, 1982, 1990). SOMs correspond to a locally
connected population of neurons in a contiguous area of
cortical tissue. As shown in Figure 1, the basic unit of
representation within a SOM is the cell. Cells within a
SOM are indexed based on their spatial location and each is
modeled as a k-length weight vector specifying the preferred
k-length input for the cell (i.e., the input that causes the cell
to fire maximally). When presented with an input pattern,
cells within a SOM compete to represent this pattern. The
response of each cell is based on the similarity between its
weight vector and the input pattern. The winning cell is the
cell most similar to the input.

weight vector

. foracell
input A

vector

neighborhood of
cells subject to
learning update

Figure 1: Self organizing map.

SOM learning is accomplished by modifying the weight
vector of the winning cell so that it is more similar to the
input, therefore making this cell more likely to win again
with future presentations. Critically, the weight vectors of
cells in close spatial proximity to the winning cells are also
updated. As a result, with experience the response of a
SOM tends to become spatially organized, learning a

mapping from the statistical regularities discovered in its k-
dimensional input space to a set of topographically
organized neighborhoods within the SOM.

Mathematically, if X(t) is a vector representing the input
to a SOM at time t and w;(t) represents the weight vector of
cell i at time t, then the winning cell ¢ is given by

ArgMin, {|| x(t) - wq(t) ||}, (1)

where the ||-|| operator denotes vector distance. We use
Euclidean distance for all distance computations in our
model. The weight vector for each cell i is updated
according to the following SOM learning equation

wi(t+1) = wi(t) + ou(t) hei(t) { X(t) - we(t) }, 2

where o(t) is a time-dependent learning rate, and h;(t) is a
kernel function that is centered on the winning cell ¢ and
that computes the magnitude of the update to cell i based on
its spatial proximity to the winning cell. In our model we
use the the Gaussian kernel function

1 Liy) _c(x,w"z}’ (€)

hi () =exp{ e

where A(t) is a time-dependent parameter that determines
the width of the kernel, and iy, and c«y) denote the map
coordinates of cells i and c, respectively. We compute o(t)
and A(t) as exponentially decreasing functions of time, with
time denoting discrete presentations of training inputs.

While SOMs are not detailed biophysical models of
cortex, the core assumptions embodied in this class of
models can be mapped directly to their biophysical
correlates: The weight vectors of SOM cells correspond
biologically to the concept of receptive fields; winning cells
are analogous to the peak location of activity within a
cortical area, governed by the net result of the competitive
interplay between local excitatory and inhibitory activity
driven by an input; and the spatially-localized learning
algorithm is a computational abstraction of Hebbian
learning that occurs between neurons participating in a
bump of cortical activity and the active afferent neurons
providing their input. SOMs therefore provide a
computationally efficient and biophysically plausible
method for modeling the development of spatially
structured representations in cortex.

Methods

Model Architecture

As shown in Figure 2, our model is a two-level hierarchy
of SOMs. The first level consists of a set of four 10x10
sensory maps each corresponding to a particular visual
feature: color, size, shape, and surface appearance. Each
sensory map receives inputs in the form of real-valued
sensory vectors, for example the color map receives three-
vectors representing the hue, saturation and brightness of
the stimuli. These maps are then exposed to a set of visual
stimuli and are allowed to self-organize according to the
SOM learning equations given by (1), (2) and (3).



The sensory maps capture the type of abstract featural
representations found in the later stages of the ventral visual
pathway when retinotopy is no longer present. With
retinotopy no longer available as a basis of representation,
subsequent cortical areas must somehow make sense of a
more abstract sensory topography. It is important to note
that the sensory maps in our model are not intended to
explicitly instantiate the computations performed from early
to late stage visual cortex (for one example of such a model,
see Riesenhuber & Poggio, 1999; Serre, Oliva, & Poggio,
2007), but rather they serve as plausible summaries of how
concrete visual information provided by a stimulus is
ultimately encoded in abstract representations in the later
stages of visual cortex.

visual stimuli

Figure 2: Architecture of the model.

The second level in the model consists of a single 10x10
association map that receives convergent inputs from the
lower-level sensory maps. Computationally, the input to
these maps is a concatenation of the spatial locations of
activity in each of the sensory maps. The implication of this
method of coding is that the receptive fields of cells in the
association map correspond to cortical coordinates rather
than explicitly encoded sensory-based features. We believe
this is a subtle, but important aspect of the model. In the
early stages of visual processing, the basis of neural
organization is either driven by hardwired anatomical
connections (as in the case of retinotopy) or by topography
organized around concrete, low-level sensory-based features
(as with orientation columns). In the later stages of visual
processing, no such representational “boostrapping” is
available. These later-stage cortical areas must somehow
make sense of more abstract and complex representations
based on the spatial location of activity in upstream maps.
The association map in our model faces the same challenge:
to learn meaningful representations based on spatially
encoded inputs from the sensory maps.

Simulation Procedures

Stimuli The model was repeatedly presented with a set of
96 visual stimuli consisting of 8 classes of objects (bicycles,

bushes, cars, cats, dogs, chairs, tables, and trees) and 12
variants within each class. The variants captured
characteristic within-class featural differences, for example
trees of varying color and size. Each stimulus was coded as
a [0,1] normalized 10-vector based on its color (hue,
saturation, brightness), size (x, y, and z dimension in a
typical viewing angle), shape (roundness, complexity) and
surface appearance (smoothness, textural uniformity). The
vector values were estimated based on images collected
from Google™ Images (http://images.google.com).

Model Learning Weight vectors of all cells in the SOMs
were initialized to random values in the range [0.1, 0.9].
Learning then proceeded in two phases. First, each of the
sensory SOMs were presented with the relevant vector
component of the training stimuli (e.g., the color map was
presented with hue, saturation and brightness values) and
the weight vectors were updated according to equations (1),
(2) and (3). In each of 500 learning iterations, the
presentation order of the stimuli was randomized to
minimize order effects. After training, the stimuli were
presented to each of the sensory maps, and the map
coordinates of the winning cells for each input were
computed for each of the four maps. The four pairs of
coordinates for each stimulus were then concatenated and
the resulting vectors were then used for the second phase of
learning. In this phase, the association map were trained
using an identical procedure, with the exception that the
input patterns presented to the association map were the
concatenated outputs from the trained sensory maps.

Results

Figure 3 shows an example of the representation that is
learned by one of the lower-level sensory maps, in this case,
the map that was trained using size information for each
stimulus'. The winning cell for each stimulus is labeled in
the figure based on its object class. Inspection of this map
reveals that there is no clear object-based topography, as
only two of the object classes (cats and bikes) are co-located
in the same region of the map. Instead, the map captures an
abstract size-based topography in which larger objects are
represented in the upper region of the map (smaller objects
in the lower region), and taller objects are represented
towards the left side of the map (wider objects towards the
right). Similar results were found in each of the other
sensory maps: an abstract sensory-based topography
emerged, but stimuli from the same object class were not
co-located in the map.

Figure 4 shows the response” of each cell in the size map
when presented with one of the tree stimuli. As is evident,
the map response to the stimulus is spatially localized to a
neighborhood of activity surrounding the winning cell.

! Many of the variants within each object class share the same
values and therefore not all 96 stimuli are visible due to overlap.

2 Cell responses were computed based on the Euclidian distance
between the stimulus and the cell’s weight vector. Smaller
distances imply greater similarity and larger cell responses.
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Figure 3: Sensory size map after learning.

Similarity

Figure 4: Response of the size map to a tree stimulus.

The structure of the association map after learning is
shown in Figure 5. The winning cell for each stimulus is
labeled in the figure based on object class. In contrast to the
sensory maps which learned abstract sensory-based
topographies, a clear object-based semantic topography
emerged in the association map after learning. For example,
a neighborhood of cells responsive to tables emerged in the
lower left region of the map, and a set of cells most
responsive to trees are spatially co-located in the upper right
region. For some object classes, the neighborhoods overlap,
as in the case of dogs and cats, and trees and bushes,
indicating that the map was unable to distinguish these
classes of stimuli based on available visual information.
Nevertheless, for all object classes the map learned to
represent the class in a spatially co-located region of cells.

Further inspection of the learned association map in
Figure 5 reveals a semantic topography that captures
superordinate categorical distinctions among the object
classes. For example, in the lower-left region of the map
there is a neighborhood of cells responsive to chairs and
tables (furniture), and similarly there are distinct regions of
cells whose receptive fields prefer trees and bushes (plants),
bikes and cars (vehicles), and dogs and cats (animals).
Furthermore, the topography encoded in the map also
learned the semantic distinction between living and non-
living stimuli. Cells representing dogs, cats, trees, and
bushes (living things) are co-located in the upper region of
the map and tables, chairs, cars, and bikes (non-living
things) are co-located in neighborhood of cells in the lower
region of the map.
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Figure 5: Association map after learning.

The responses of the association map to two sets of
similar stimuli are shown in Figure 6. Each class of
stimulus shown in the figure (table, chair, tree, and bush)
produces a graded, locally organized response around the
winning cell. Furthermore, the responses of the map to
similar classes of stimuli (table and chair, tree and bush)
share a similar subset of active cells, demonstrating the
existence of topography in the form of neighborhoods of
cells responsive to stimuli at multiple levels of abstraction
(object class and superordinate category).

Although these results confirm the hypothesis that high-
level semantic topography can be driven by the same
principles of neural computation found in the lower levels
of the visual pathway, we raise two concerns. First, it is
possible that these results are an artifact of the learning
procedure due to the random initialization of the maps
and/or the random ordering in which the stimuli were
presented. To address this concern, we simulated the model
over a large number of random seeds and confirmed that the



structure of the learned topography in the association map
was consistent across all simulations. Although the specific
location of the category clusters varied, the -clusters
themselves reliably emerged as did the superordinate
organization (plants, animals, furniture, and vehicles) and
the living versus non-living distinction.

Chairé

Tableé6

Figure 6: Association map responses.

A second concern is that the semantic organization shown
in Figure 5 is an artifact of the way that the stimuli were
coded. It is possible that the 96 stimulus vectors were
trivially separable at multiple levels of abstraction, and
therefore the resultant topography was in some sense
predetermined. To address this concern, we performed a
hierarchical clustering® of the training stimuli, producing the
tree shown in Figure 7. As is evident, hierarchical
clustering does not produce the same meaningful categorical
clusters of stimuli produced in our model: At the level of
object classes, only bicycles are distinguished from the
other classes (i.e., they share a common branch within the
hierarchy); at the level of superordinate category, only
plants and animals are independently clustered; and at the
highest level, the clustering categorically generates two
heterogeneous groups: plants-bicycles and cars-tables-
chairs-animals.

3 The clusters were computed using the hierarchical clustering
algorithm in Mathematica® using a Euclidian distance function.
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Figure 7: Clustering tree of the training stimuli.

Discussion

The aim of this work was a plausibility proof of the
hypothesis that the principles of self-organization and
cortical topography at work in lower-level visual processing
may also drive the learning and structure of higher-order
semantics. We developed an explicit computational model
in which a self-organizing map receives inputs from a
hierarchy of topographic sensory maps and we found that
meaningful semantic representations at increasing levels of
abstraction naturally emerge as a result of exposure to a set
of sensory stimuli. Specifically, when presented with a set
of simple visual features (color, size, texture, shape) the
higher-level map develops a topography of semantic
representations that distinguishes basic level categories
(bicycles, bushes, cars, cats, dogs, chairs, tables, and trees),
superordinate  categories (plants, animals, furniture,
vehicles), and living versus nonliving things.

This work therefore offers a computationally explicit
hypothesis about how semantic representations could
emerge in the association cortex of the brain. Our results
may also be relevant to the ongoing debate about whether
conceptual knowledge is primarily organized anatomically
by modality as posited by the sensory-functional hypothesis
(Farah & McClelland, 1991; Warrington & McCarthy,
1983; Warrington & Shallice, 1984), or by category
(Caramazza & Mahon, 2003). The results of our
simulations suggest fundamental mechanisms of neural
computation could lead to the emergence of topographically
organized semantic representations without the need to posit
that these representations are innate.
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Abstract

Several authors propose that children may acquire syntactic
categories on the basis of co-occurrence statistics of words in
the input. This paper assesses the relative merits of two such
accounts by assessing the type and amount of productive
language that results from computing co-occurrence statistics
over conjoint and independent preceding and following
contexts. This is achieved through the implementation of
these methods in MOSAIC, a computational model of syntax
acquisition that produces utterances that can be directly
compared to child speech, and has a developmental
component (i.e. produces increasingly long utterances). It is
shown that the computation of co-occurrence statistics over
conjoint contexts or frames results in a pattern of productive
speech that more closely resembles that displayed by
language learning children. The simulation of the
developmental patterning of children’s productive speech
furthermore suggests two refinements to this basic
mechanism: inclusion of utterance boundaries, and the
weighting of frames for their lexical content.

Introduction

Children acquiring their native language are faced with a
task of considerable complexity. They need to acquire a
system described by syntactic rules as well as the syntactic
categories over which these rules are defined. This problem
has been referred to as the ‘bootstrapping problem’. Several
solutions to the bootstrapping problem have been suggested.
The distributional approach makes use of the fact that words
that belong to the same word class tend to be preceded and
followed by similar words. Thus, nouns tend to be preceded
by determiners and adjectives, and followed by verbs.
Similarly, verbs are preceded by (pro)nouns and followed
by determiners and (pro)nouns. A system that tracks the
overlap in the lexical items that precede and follow
individual words may therefore be able to cluster these
words into syntactic classes. These word classes could then
potentially be used to infer phrasal categories such as noun
phrase and verb phrase (see e.g. Finch & Chater, 1994).

The success of this second stage of the learning
mechanism depends crucially on the quality of the syntactic
classes that were derived in the first stage. For this reason,
several researchers have explored different mechanisms for
computing co-occurrence statistics and the effects these
have on the quality of the derived classes. Finch & Chater
(1994) analysed a 40,000,000 word corpus of USENET
newsgroup data and used the rank order correlation between
the (independent) sets of two word phrases that preceded

and followed target words to inform a hierarchical cluster
analysis that derives word classes. Redington, Chater &
Finch (1998) perform a similar analysis on a corpus of
several million words of child directed speech obtained
from the CHILDES data base. They compared the
performance over contexts of length one and two and found
that the quality of results was very similar.

Mintz (2003) uses a slightly different approach. Mintz
introduces the concept of a frame; two jointly occurring
words with one word intervening. Computing co-occurrence
statistics over conjoined pairs rather than independent sets
of preceding and following words has the desirable property
that it is more constraining and is therefore likely to lead to
grammatical categories that are of higher quality. Mintz
restricts his analysis to frames that have a high frequency in
the input, and finds that the items that co-occur in these
frames have a high likelihood of belonging to the same
word class. Mintz does not perform a cluster analysis but
does suggest that more comprehensive classes can be
obtained using a relatively simple unification procedure
based on overlap in the words contained in the classes.

The approach taken by Mintz, Redington et al. and Finch
& Chater clearly shows there is a considerable amount of
information in the distributional characteristics of the input
that could potentially be used by a child acquiring language.
Freudenthal et al. (2005a), however, argue that these
approaches suffer from an inherent difficulty as they fail to
consider how derived categories can actually be used in the
production of (novel) utterances. Freudenthal et al. report
work on MOSAIC, a computational model of language
acquisition that produces actual utterances as output and
implements a mechanism for the production of novel
utterances that is very similar to that implemented by
Redington et al. MOSAIC links together words that are
followed and preceded by similar words and substitutes
these words when producing output from the model. The
fact that MOSAIC produces actual output results in
potential classification errors quickly becoming apparent.
Freudenthal et al. also argue that such classification errors
may not always be apparent using the standard evaluation
measures of accuracy and completeness as these depend on
researcher’s intuitions regarding an item’s grammatical
class. Inspection of the (representative) verb classes
reported by Mintz (2003), for example, shows that these
include past tense, present tense and progressive verb forms,
imperative and non-imperative verb forms, and transitive



and intransitive verbs. Substituting such items in production
will quickly lead to errors that may not be apparent when
using a metric that simply classes all items as verbs.

A further advantage of producing actual utterances is that
it allows for a comparison between the output of one’s
language learning model and the characteristics of actual
child speech. Asymmetries in children’s tendency to
generalize across words from different syntactic categories
can then be used to inform the implementation of
mechanisms that compute co-occurrence statistics. One
important asymmetry that has been identified in the recent
developmental literature is that children tend to be more
conservative in their substitution of verbs than in their
substitution of nouns. For example, several experimental
studies have shown that children will readily substitute
novel nouns in familiar verbal contexts, but tend to restrict
their use of novel verbs to contexts in which they have heard
them used in the input (see e.g. Akhtar & Tomasello, 1997;
Tomasello, 2000). Moreover, Fisher (2002) points out that
this pattern of generalization is precisely what one would
expect given the nature of the system that the child is
acquiring since restrictions on the argument structures in
which different verbs can occur mean that generalizations
across verbs tend to be ‘riskier’ than generalizations across
nouns.

When taken together, these considerations place strong
constraints on the development of mechanisms for
extracting syntactic categories since they suggest the need
for a mechanism that generalizes more readily across nouns
than across verbs. They also suggest that simulating this
asymmetry will not only increase the child-likeness of the
model’s output, but also reduce the probability of generating
ungrammatical utterances.

Further constraints on the feasibility of mechanisms for
the extraction of syntactic categories become apparent when
considering the fact that such mechanisms are likely to be
used by children acquiring a language. The most notable
way in which child speech differs from adult speech is that
it is considerably shorter. Children initially produce
utterances that are only one or two words long. The mean
length of their utterances (MLU) slowly increases as they
grow older. This restriction on the length of children’s
speech suggests that the length of the phrases that children
represent is considerably shorter than the length of the
phrases they hear. This considerably reduces the number
and type of contexts that could potentially feed into a
system that computes co-occurrence statistics. Failure to
consider this developmental component may therefore lead
to researchers considering mechanisms that utilize
information that is not necessarily available to a child.

The aim of this paper is to assess the relative virtues of
using conjoined or independent sets of preceding and
following items for the extraction of syntactic categories.
This is done in the context of MOSAIC, an implemented
model of language acquisition that has a developmental
component. Specific attention will be given to how well the
different mechanisms approximate the noun-verb

asymmetry apparent in children’s productive speech, as well
as the constraints that result from simulating children’s
increasing utterance length.

The remainder of this paper is organized as follows. First,
we briefly describe MOSAIC, the model that is used as a
test bed for mechanisms for the extraction of syntactic
categories. Next, MOSAIC’s current mechanism for linking
distributionally similar items is described. Finally, a number
of substitution mechanisms are implemented and the output
evaluated in terms of quantity and plausibility.

MOSAIC

MOSAIC (Model of Syntax Acquisition in Children) is a
computational model that has mostly been applied to the
cross-linguistic simulation of the development of finiteness
marking in children acquiring their native language
(Freudenthal, Pine and Gobet 2006). MOSAIC learns off
realistic, child directed input and learns to produce
progressively longer utterances that can be directly
compared to child speech. The basis of MOSAIC is an n-ary
discrimination net that is used to incrementally store
(fragments of) the utterances that MOSAIC has seen as
input. Learning in MOSAIC is anchored at the beginning
and end of the utterances to which it is exposed. That is,
MOSAIC only learns a phrase when everything preceding
or following that phrase in the utterance has already been
encoded in the network. MOSAIC produces two types of
utterances: utterance-final phrases and concatenations of
utterance-initial and utterance-final phrases: utterances with
missing sentence-internal elements. MOSAIC’s mechanism
for producing incomplete phrases has been shown to
provide a good fit to the Optional Infinitive phenomenon
across four languages: English, Dutch, German and French
(Freudenthal et al, 2005b). Fig. 1 shows a sample MOSAIC

network.

He Go

He Will [He Want%—-[Go Hom% E}o Awaﬂ

Figure 1: A partial MOSAIC network. The sentence-initial
phrase he wants, and the sentence-final phrase go home
have been associated, allowing the model to produce the
utterance He wants go home. The model is also capable of
producing the phrases go home and go away.

MOSAIC is capable of producing output with an increasing
MLU. This is because learning is generally slow. Input is
fed though MOSAIC and output is generated after every
presentation of the input. The amount and length of phrases
encoded in a MOSAIC network increases with every
exposure to the input. Thus, developmental change can be



simulated by analyzing increasingly mature models and
matching the MLU of the respective models with that of
children at different developmental stages.

Productivity in MOSAIC

MOSAIC’s mechanism for producing novel utterances is
very similar to that described by Redington, Chater &
Finch. For all nodes in the network, the preceding and
following context (when encoded in the model) is stored.
These contexts take the form of two independent lists of
words that preceded and followed the target item. Thus,
MOSAIC does not implement the notion of a frame, but
assesses the preceding and following context independently.
MOSAIC then considers the overlap between the contexts
for pairs of words. If, for two words, the overlap in the
words in both the preceding and following context exceeds a
predetermined threshold, they are considered equivalent,
and are connected through a generative link. Two words that
are connected through a generative link can be substituted
for each other in production. Thus, if the model has encoded
the phrase the red ball and the words red and blue share
sufficient overlap, the model is capable of producing the
novel phrase the blue ball. MOSAIC is capable of
substituting several words in an utterance. Thus, MOSAIC
would be able to produce the phrase a blue ball if the words
a and the also share a generative link.

The proportion of novel utterances in MOSAIC’s output
varies as a function of the mean length of the output.
Typically, productivity increases from around 5% novel
utterances at an MLU of 2 to around 50% productivity at an
MLU of around 4. MOSAIC thus does not produce many
novel utterances in the early stages of development.
Productivity in MOSAIC also tends to revolve around verbs
rather than nouns. Thus, MOSAIC tends to link together
verbs more frequently than nouns. This runs counter to the
notion that children are more conservative in substituting
verbs than nouns. It also increases the risk of MOSAIC
generating a high proportion of utterances that are
ungrammatical, as verb-verb substitutions are more likely to
be ungrammatical than noun-noun substitutions.

Implementing Frames in MOSAIC

Mintz performed an analysis of a number of corpora of
child directed speech, and analyzed the contents of the 50
most frequent frames in each corpus. Items that co-occurred
in one of these frames were considered equivalent. While
this approach shows the potential value of using frames, it
needs to be developed into a more dynamic and probabilistic
mechanism in order to be suited for a model that encodes
and produces progressively longer utterances.

We implemented the mechanism in a similar way to
MOSAIC’s current generativity mechanism: two items are
considered equivalent if there is sufficient overlap in the
frames they occur in. An example may serve to illustrate
how the dynamics of the frames and independent contexts
may differ. Suppose the model has encoded the phrases ‘A
man eats’, and ‘The man drinks’. The preceding

independent context for the word ‘man’ is now (A, The)
while the following context is (eats, drinks). The frame
context for ‘man’ is ((A - drinks), (The - eats)). If the model
now encodes the phrases ‘A woman eats’ and ‘The woman
drinks’, the independent preceding context would be (A,
The), and the independent following context would be (eats,
drinks) while the frame context would be ((A - eats), (The -
drinks)). The overlap for the independent contexts would
thus be 100%. The overlap in frames however, is 0%.

While, in the above example, the notion of a frame is
clearly more constraining, it should be noted that the list of
independent contexts may actually grow more quickly than
the list of frames. This is because the model only needs to
encode a two-word phrase to add an item to the independent
preceding or following context. Thus, if the model encodes
the (incomplete) phrase ‘rich man’, the word ‘rich’ is added
to the independent preceding context, thus lowering the
preceding overlap without affecting the context in terms of
frames, as no following context has been encoded. Thus, the
dynamics of the overlap between two items will be different
for frames and independent contexts. As these dynamics are
also affected by the frequency and variety of the contexts in
which items occur, they may well affect verbs and nouns
differently.

A final note concerns the status of sentence boundaries.
Mintz defines a frame as two conjoint lexical items (words)
with one word intervening. Thus, frames that contain
sentence boundaries are excluded. While on the face of it
frames including sentence boundaries are less restrictive
than lexical frames it should be noted that they can actually
be quite informative with respect to a word’s grammatical
class. Thus, the frames ‘THE - END’ and ‘A - END’ are
very frequent and contain a large number of nouns. For the
present simulations both lexical frames and frames with
sentence boundaries were encoded in the model. Separate
analyses were run utilizing all frames or lexical frames only
to investigate the impact of including frames containing
sentence boundaries.

The simulations

The simulations reported here were run using the corpora of
child directed Speech for two English children (Anne and
Becky). The corpora, which contain approximately 33,000
and 25,000 utterances respectively were fed through
MOSAIC several times and output of increasing length was
generated after every exposure to the input. The version of
MOSAIC used for these simulation tracks both the frames
and the independent preceding and following contexts for
the words it encodes. Separate analyses were run using
substitution of individual words on the basis of either the
frames or the independent contexts.

Results

Simulations with MOSAIC’s standard generativity
mechanism were run first. Words were substituted when the
overlap in terms of independent preceding and following
contexts exceeded a threshold of 25%. Output was



generated at three different MLU points and analysed in
terms of the percentage novel items and number of noun-
noun and verb-verb substitutions.

As can be seen in Table 1 the model only starts to produce
substantial amounts of novel utterances in the later stages of
development. It is also apparent that, except during the
earliest stage, the model is more productive around verbs
than around nouns.

Table 1: Descriptive statistics for MOSAIC’s output using
substitution on the basis of independent contexts.

Child MLU Proportion | Noun-subs | Verb-subs
novel

Anne 2.08 .05 83 11
3.16 27 1873 2755
4.71 .50 12026 18897

Becky 1.93 .02 20 9
2.95 22 1144 1223
4.25 49 4558 13984

Next, the same analysis (at 25% overlap) was performed
using the frame-based generativity mechanism. In this first
analysis of frame-based substitution only lexical frames
were used (thus, frames containing sentence boundaries
were ignored). Table 2 gives the results of this analysis.

Table 2: Descriptive statistics for MOSAIC’s output using
frame-based substitution.

Child MLU Proportion | Noun-subs | Verb-subs
novel

Anne 2.08 .05 15 0
3.11 29 6547 130
4.05 29 13111 740

Becky 1.93 .01 24 0
2.86 18 1102 324
3.58 19 3273 307

As can be seen in table 2 the restriction to frames results
in MOSAIC showing a clear bias towards noun-noun
substitutions. It is also apparent that, for the last
developmental stage, the models are considerably less
generative. In order to investigate if this decreased
generativity accounts for the noun bias, we also ran the
frame-based simulations with an overlap percentage of 20.
This increased the generativity in the final developmental
stage to .47 for Anne’s model and .34 for Becky’s model.
Noun substitutions still outnumbered verb substitutions by
about 15 to 1 for Anne, and 5 to 1 for Becky’s model. Thus,
the frame-based generativity mechanism is genuinely more
productive around nouns.

Inspection of the number and types of links that are
created by the models provides some insight into why the
frame based generativity mechanism is more productive
around nouns than verbs. Anne’s model in the second
developmental stage has encoded 649 verbs and 733 nouns.
The frame based mechanism has created 308 noun-noun
links and 18 verb-verb links. The mechanism that links

items on the basis of independent preceding and following
context creates 124 noun-noun links and 80 verb-verb links.
The frame-based generativity mechanism thus creates more
noun-noun links, and fewer verb-verb links. Inspection of
the verbs that get linked also reveals that the frame based
mechanism does not simply link fewer verbs: it links
different verbs, in particular verbs with a lower average
frequency. The average frequency in the input corpus for
verbs linked on the basis of frames is 8.89. For the
independent contexts mechanism the equivalent number is
35.54. The frame-based mechanism thus appears more
likely to link low-frequency items than the independent
contexts mechanism. A bias towards linking low-frequency
items will naturally favour the linking of nouns over verbs,
as nouns are, on average, less frequent than verbs.

Some of the reasons why a frame-based mechanism is
biased towards linking low-frequency items become
apparent when inspecting the frames and independent
contexts that the model has encoded for particular words.
For the verb ‘put’ the model has encoded 23 preceding and
24 following contexts. These independent contexts combine
to give a total of 57 frames. For the verb ‘see’ 10 preceding
and 20 following contexts and 41 frames have been
encoded. The overlap in independent contexts is 33%, yet
the overlap in terms of frames is a mere 2%. For the nouns
‘table’ and ‘door’, 4 and 8 preceding and 6 and 4 following
contexts have been encoded, which give rise to 4 and 5
frames respectively. The overlap in these frames is 29%, the
overlap in independent contexts is 17%. It thus appears to be
the case that, for frequent items, many (varied) contexts are
encoded, which can potentially combine to give many
different frames. Infrequent items occur in a small number
of potentially more typical contexts, which do not combine
to give a large number of frames. This results in the overlap
in terms of frames being higher than for independent
contexts for infrequent items. For frequent items, the
overlap in terms of frames tends to be lower than for
independent contexts.

In order to establish if this pattern holds more generally,
we divided the words encoded in MOSAIC into a low,
medium and high frequency group', and calculated the
average number of preceding and following contexts as well
as frames. As can be seen in Table 3, the ratio of the number
of frames over the (average of) the independent contexts
increases linearly with frequency: approximately 1, 1.5 and
2. While this increase is not surprising in itself (as the
maximum number of frames for any word is the product of
the number of preceding and following contexts), it does
explain why a frame-based mechanism favours the linking
of infrequent items. While, intuitively, frames are more
constraining than independent contexts, they appear to be
especially constraining for frequent items that appear in

' Frequency was measured as the number of times the node
encoding a word was traversed when processing the input. Low,
medium and high frequency words were defined as having a
frequency count between 20 and 500, between 500 and 1000, and
over 1000 respectively.



many contexts. While the high-low frequency distinction
does not cut across verbs and nouns, verbs (in particular,
regular present tense verbs) are, on average, more frequent,
and occur in more frames. In fact, the average frequency of
the main verbs® encoded in MOSAIC is twice that of the
nouns encoded in MOSAIC. Verbs occur, on average, in 5.3
frames, compared to 3.69 for nouns. The frames in which
verbs occur appear to be more varied as well. The total
number of verb frames encoded in Anne’s model is 1,966,
which comprises 1,229 unique frames. The total number of
noun frames is 2,679, which comprises 864 unique frames.
Thus, on average, every unique verb frame occurs 1.6 times.
Every unique noun frame occurs 3.1 times. The decreased
generativity around verbs for a frame-based substitution
mechanism therefore appears to be (at least partially) caused
by verbs occurring in more and more varied frames
compared to independent contexts.

Table 3: Average number of preceding, following contexts
and frames for words of low, medium and high frequency.

Freq. Number | Preceding | Following | frames
of words | contexts contexts
Low 2299 2.32 2.09 2.35
Medium 217 8.10 6.35 10.1
High 374 22.80 28.67 50.06

Introducing utterance-boundaries

While the frame-based generativity mechanism is
successful in simulating the noun-verb asymmetry, it is also
apparent that the model is still not very generative
(particularly in the early stages). Several reasons can be put
forward for why this is the case. First, the overlap threshold
of 25% may be too high. Additional simulations with an
overlap parameter of 10% showed that generativity is
increased, but only for the later stages. Thus, even at 10%
overlap Becky’s early model produces 1% novel utterances
while Anne’s model produces 7% novel utterances. The
reason why the early models remain less generative is that
they actually encode relatively few frames. This is because a
(lexical) frame is actually relatively long: 3 words.
Particularly in the earlier developmental phases, MOSAIC
encodes relatively short utterances. It is therefore unlikely
that many phrases of three words are encoded. As a result,
few frames are available. One possible way to increase the
number of frames used for the decision to link two items is
to include the frames that contain sentence boundaries.
Frames that include sentence boundaries are quite frequent
and are a potentially useful source of information.

The high frequency of frames that contain sentence
boundaries is illustrated by an analysis of the frames
encoded in Anne’s model in the earliest developmental
phase. This model has encoded a total of 4,293 words. For
these words a total number of 23,244 frames have been
encoded. The number of frames that contain only lexical
items (i.e. no sentence boundaries) is only 500. Thus, lexical

? Excluding progressives and (regular) past tense.

frames make up approximately 2% of the frames encoded in
the model’s early stages. For Becky’s early model lexical
frames make up approximately 3% of all the frames. Given
the high frequency of frames that contain sentence
boundaries, it appears unlikely that children would not be
sensitive to such frames. Indeed, when analyzing the frames
that occur in the child directed speech for Anne and Becky,
it becomes apparent that the 50 most frequent frames all
contain a sentence boundary. What’s more, the 2 most
frequent frames (‘The - END’, ‘A - END’) are highly
informative frames that each contain around 40 nouns.

Initial analyses with substitution based on all frames were
aimed at establishing a suitable value for the overlap
parameter. It became apparent that even at relatively high
levels of overlap the model quickly became very generative
and no longer showed a linear increase in the proportion of
novel utterances. Instead, the model had relatively high
levels of generativity at early stages of development. These
values peaked at intermediate levels of development to
subsequently decrease. This is not a characteristic of child
speech, as children tend to become more productive with
increasing MLU. It also became apparent that generativity
around verbs became almost non-existent. Analysis of the
developmental changes to the frames encoded in the model
revealed that, over development, a larger proportion of the
frames becomes lexical. Since lexical frames are more
constraining than frames that contain a sentence boundary, it
becomes less likely that two words have occurred in that
particular frame. For instance, two nouns are more likely to
share the frame ‘THE - END’ than the frame ‘THE -
KICKS’. Thus, the overlap between two items tends to
decrease as the number of lexical frames that these items
have occurred in increases. This effect is more pronounced
for verbs, as they tend to occur in more varied (lexical)
contexts. The increase in lexical frames over the three
developmental stages that were simulated is quite
considerable. For both models the proportion of lexical
frames is around 3% at the first MLU point, 15% at the
second MLU point and 32% at the last MLU point.

In order to control for this increasing ‘informativeness’ of
the frames (and obtain a more linear development of the
model’s ability to generate novel utterances), it was decided
to weight the lexical content of frames when calculating the
overlap. In the previous simulations the overlap between
two words was calculated as the number of overlapping
frames divided by the union of the frames that either word
has occurred in. For the weighted calculations, a lexical
frame contributed 4 to the numerator, while a non-lexical
frame contributed 1.

Table 4 gives the results of an analysis of MOSAIC’s
output when including sentence-boundaries in frames. For
these simulations the overlap threshold was set to 50% as
the new definition of a frame is less restrictive than before.
As can be seen in Table 4, the model now shows reasonable
levels of generativity even at early stages of development.
The model also shows a clear asymmetry between noun and
verb substitutions. This asymmetry becomes less



pronounced during the later stages of development as the
relative generativity around verbs increases.

Table 4: Descriptive statistics for MOSAIC’s output using
frame-based substitution with utterance boundaries.

Child MLU Proportion | Noun-subs | Verb-subs
novel

Anne 2.01 41 2232 14
3.38 48 15993 762
4.07 .58 36000 3807

Becky 2.11 26 609 5
3.26 45 5082 678
4.12 .55 12799 3435

Conclusions

This paper set out to establish the relative merits of using
frames or independent contexts as the basis for a
substitution mechanism in the simulation of child speech.
Particular emphasis was placed on the model’s ability to
simulate the verb-noun asymmetry that is apparent in child
speech whilst incorporating the constraints that derive from
simulating children’s increasing average utterance length.
The analyses reported here show that a generativity
mechanism that uses independent contexts is biased towards
substituting high frequency items, while a mechanism based
on frames favours the substitution of lower frequency items
that feature in less varied contexts. Since nouns tend to fit
the latter category, and verbs fit the former category the
frame based mechanism provides a better fit to the noun-
verb asymmetry. It was furthermore shown that, while a
frame-based generativity mechanism provides a better fit,
lexical frames do not occur in meaningful numbers in a
model that has only encoded short utterances. This results in
low levels of generativity in early stages of development.

The inclusion of utterance boundaries in frames
drastically increases the number of frames that are available
to the model whilst at the same time including some frames
that are potentially very informative for the formation of a
noun class. The inclusion of utterance boundaries therefore
results in increased generativity around nouns, particularly
during the early stages of development. This increased
generativity comes at a price however, as it decreases the
generativity around verbs when a simple overlap threshold
is used. One possible solution to this is to weight the overlap
for the lexical content of frames. This results in a model
which shows relatively high levels of generativity
throughout development without compromising generativity
around verbs.

On a more general level, the analyses reported in this
paper show that the simulation of child data through the
production of actual utterances and the inclusion of a
developmental component highlights the fact that relatively
subtle differences in the implementation of a generativity
mechanism can have rather profound effects on the type of
generativity that a model displays. Thus, while intuitively
frames are more constraining than independent contexts, the
analyses reported here show that they are particularly

constraining for frequent items that appear in varied
contexts. The use of frames therefore decreases generativity
around verbs, while increasing generativity around nouns.
Such effects may have quite profound implications for a
model’s ability to simulate the child data. They are,
however, likely to remain hidden in approaches that simply
assess the quality of derived grammatical classes without
producing actual utterances.

The inclusion of a developmental component furthermore
highlights the fact that, while frame-based substitution does
a better job of capturing the noun-verb asymmetry, there are
only a small number of lexical frames available to a system
that encodes and produces short utterances. Lexical frames
may therefore be of limited utility to children in early stages
of development. Such effects are likely to remain hidden in
approaches that track statistics across all of the input, and
may result in overestimating the importance of lexical
frames at the expense of far more frequent frames that
include utterance boundaries.
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Abstract

This paper investigates a computational approach to
transfer: the ability to use previously learned knowledge
on related but distinct tasks. We study transfer in the
context of an agent architecture, ICARUS, and we claim
that many forms of transfer follow automatically from
its use of structured concepts and skills. We show that
ICARUS can acquire structured representations from do-
main experience, and subsequently transfer that knowl-
edge into new tasks. We present results from multiple
experiments in the Urban Combat Testbed, a simulated,
real-time, three-dimensional environment with realistic
dynamics.

Introduction

Many computational learning methods require far more
training instances than humans to achieve reasonable
performance in a domain. A key reason is that humans
often reuse knowledge gained in early settings to aid
learning in ones they encounter later. This phenomenon
is known as transfer in cognitive psychology, where it
has received far more attention than in AI and machine
learning. Much of this research has focused on transfer
of complex skills for tasks that involve action over time
(e.g., Kieras & Bovair, 1986; Singley & Anderson, 1988).
In this view, transfer primarily involves the reuse of cog-
nitive structures, where the amount of shared structure
has proved to be a good predictor for the degree of trans-
fer in humans.

This paper reports on a computational approach to
transfer that takes a similar perspective. We focus on the
acquisition of cognitive skills from experience and on how
transfer improves behavior on distinct but related tasks.
We share with many psychologists the idea that transfer
is mainly a structural phenomenon, rather than a conse-
quence of statistical summaries or value functions. This
suggests that transfer is linked closely to how an agent
represents knowledge in memory, how its performance
methods use these structures, and how its learning ele-
ments acquire this knowledge.

Theoretical commitments to representation, perfor-
mance, and learning are often associated with the no-
tion of a cognitive architecture (Newell, 1990). Thus, it
seemed natural for us to study transfer in the context
of IcARruUsS (Langley & Choi, 2006), an architecture that
takes positions on each of these issues. We will main-
tain that ICARUS’ commitment to relational, hierarchi-
cal, and composable knowledge structures, and to mech-

anisms for using and acquiring them, provide it with
basic support for effective transfer. Moreover, we make
the more radical claim that the architecture needs no ad-
ditional mechanisms to exhibit many forms of transfer.
We hold that most transfer requires no special processes
beyond those already needed for other purposes.

We elaborate on these ideas in the sections that follow.
First we present a virtual gaming environment that il-
lustrates the benefits of reusing learned knowledge struc-
tures. After this, we review ICARUS’ assumptions about
representation, performance, and learning, along with
the ways in which they support transfer. Next we eval-
uate our claims through results of specific studies with
simulated physical agents. We conclude by reviewing
related efforts on structural transfer and stating our pri-
orities for future research on this topic.

An Example Domain

In this paper, we examine transfer between source and
target problems within a single domain. We have chosen
to phrase these problems in the Urban Combat Testbed!
(UCT), a virtual 3-D environment that simulates an ur-
ban landscape, with real-time behavior and realistic dy-
namics. UCT contains one intelligent agent (controlled
by ICARUS) and, at the moment, no adversaries. Our
transfer tasks focus on navigation in the presence of
physical and conceptual obstacles.

Figure 1 illustrates one such transfer task. The source
problem calls on the agent to find a goal and surmount
obstacles encountered en route (here, to duck under and
climb over obstacles it has never seen). The target prob-
lem offers the agent the opportunity to reuse its knowl-
edge about obstacles in a different order, assuming it is
acquired and represented in a modular form. In addi-
tion, the agent can reuse learned knowledge about the
map. The agent exhibits (positive) transfer if it improves
its behavior in the target as a result of its exposure to
the source, and zero or negative transfer if it does not.

We supply the ICARUS agent with minimal background
to support transfer. On initialization, it has never en-
countered the specific objects or operators in the domain,
and it has no prior knowledge of the map. However, it
is initialized with useful concepts, such as a category for
obstacles in general, a relation for blocked paths, plus
categories for region centers and gateways (the UCT en-
vironment is divided into convex regions with passable

L http://gameairesearch.uta.edu/UrbanCombatTestbed.html
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Obstacles
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Figure 1: A transfer task in Urban Combat Testbed.

and non-passable boundaries). The agent understands
the high-level goal (e.g., to find an item), and it pos-
sesses subgoals that organize search behavior. For ex-
ample, it knows to overcome an obstacle in order to get
a clear view of the destination, and to contain explo-
ration within the region of the goal, once seen.

UCT is a challenging domain for both human and arti-
ficial agents. It is partially observable because the agent
can only perceive nearby objects and regions, it involves
uncertain action (e.g., the agent can attempt to jump
over a wall but fall backwards into a ditch), and it is
real time (imposing a strong constraint on agent decision
making). This complexity demands a level of robustness
in the mechanisms that produce transfer.

Transfer in ICARUS

IcARUS achieves transfer using a hierarchical and rela-
tional representation, which encodes knowledge in a gen-
eral and composable way, a goal-driven and reactive exe-
cution mechanism, which allows flexible execution of the
learned knowledge structures, and a relational learning
mechanism, which acquires general knowledge from ob-
served solutions as well as background knowledge. We
will discuss each of these elements and describe in turn
how they contribute to transfer.

Representation of Concepts and Skills

The ICARUS architecture makes several commitments in
its representation of knowledge. First, it supports two
different types of knowledge; concepts and skills. Con-
cepts describe state, while skills are methods an agent
can execute in the world under certain conditions. Both
have a hierarchical structure, meaning that ICARUS can
employ multiple layers of abstraction in describing the
current state and the procedures for manipulating that
state, respectively.

As shown in Table 1, concepts in ICARUS resemble
traditional Horn clauses in first-order logic with nega-
tions. Primitive concepts like in-region provide state de-
scriptions at the lowest level of abstraction using sym-
bolic and numeric information directly extracted from

Table 1: Example ICARUS concepts.

(in-region ?self ?region)
:percepts (self ?7self region ?region)

(climbable-gateway ?7gateway 7object)

:percepts (gateway 7gateway) (object 7object)
:relations ((totally-blocked-gateway 7gateway
7object)
(feature-of-object 7object
CLIMBABLE))

Table 2: Primitive and non-primitive ICARUS skills.

(clear ?gateway)

:percepts ((gateway 7?gateway

distl 7distl anglel 7anglel

dist2 7dist2 angle2 7angle2))
((close-enough-to-jump-type 7gateway))
((*jump-cmd (maximum ?distl ?7dist2))
(mid-direction 7anglel 7angle2))

:start
ractions

(crossable-region ?7regionB)
:percepts ((self 7self) (region ?regionB))
:start ((connected-region 7regionB 7gateway))
:subgoals ((clear ?gateway))

(in-region-able 7me ?7regionA 7regionB)
:percepts ((self ?7me)
(region ?regionA)
(region 7regionB))
:start ((in-region 7me 7regiomnA))
:subgoals ((crossable-region 7regionB))

(in-region me region3004)
:subgoals ((in-region-able me region3003
region3004)
(in-region me region3004))

objects the agent perceives. Higher-level concepts, such
as stopped-in-region and climbable-gateway have their ba-
sis in other concepts as well as primitive facts. The con-
cept hierarchy provides relational, modular descriptions
of the current state. It can also be used to represent a
desired state, so concepts can express subgoals.

Taken together, ICARUS skills for a given domain are a
specialized form of hierarchical task networks (Nau et al.,
1999). A skill’s head indexes it by the goals it achieves,
and since goals are naturally represented by desired con-
cept instances, skills are tied in to the concept hierarchy.
Some achieve low-level concepts, while others address
broad objectives. Table 2 shows some examples of skills
in IcARUS. While primitive skills give simple methods
using basic actions executable in the world, higher-level,
non-primitive skills describe complex methods with mul-
tiple ordered subgoals. Since non-primitive skills specify
subgoals, not the details of how these goals are achieved,
an ICARUS agent can select the most relevant method for
the given subgoal depending on the current situation.

IcARUS’ relational and hierarchically composable rep-
resentation of skills is crucial to its ability to transfer
knowledge. In particular, the relational representation
increases generality of the encoded skills, since they can
apply in circumstances that are only qualitatively similar
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Figure 2: A schematic of memories and processes in the
IcARuUs architecture.

to the situations where the skills are acquired.

Moreover, a hierarchically composable representation
lets skills apply in new circumstances, even if they are
partially incorrect, inaccurate, or inapplicable. In these
cases, the undesired subskills will be either relearned
from new experience or dynamically replaced during ex-
ecution with other subskills. For example, ICARUS can
use a learned alternative that achieves the same goal,
instead of an inapplicable subskill. We discuss how the
architecture uses and learns hierarchically composable
skills in the following sections.

Execution of Hierarchical Skills

The ICcARUS architecture operates in cognitive cycles,
spanning conceptual inference, skill selection, and phys-
ical execution (Figure 2). ICARUS derives its beliefs via
a bottom-up matching process, initiated by objects that
arrive in the agent’s percepts. After it infers low-level
concept instances based on these objects, inference for
higher-level concepts follows to build a hierarchically or-
ganized belief structure for the time step. In contrast,
Icarus performs skill selection in a top-down manner,
starting with the current goal. On each cycle, it finds
a path from this goal through the skill hierarchy; each
skill along this path is applicable given the current be-
liefs, with the terminal node being a primitive skill that
IcARUS executes in the environment. This differs from
traditional production systems, which require multiple
cycles and use of working memory to traverse levels of
an implicit goal hierarchy.

Since the architecture repeats this procedure on each
cycle, ICARUS agents can react to their surroundings
while pursuing goal-driven behaviors. Also, they can
use new knowledge structures immediately, incorporat-
ing them for processing on the next execution cycle.
Given a choice between two skills, ICARUS will prefer
the one more recently learned, so agents can start with
some knowledge but behave more intelligently as they
acquire experience. The spatial search in UCT is a good
example of this feature. Initially, the agent uses basic
exploration strategy to search the environment. As it
explores and discovers the geography of its world, it be-
gins to employ the new map knowledge to guide further
search towards the goal.

ICARUS’ execution mechanism facilitates transfer by
flexibly employing previously learned skills in three ways.
First, it transfers learned skills to new problems by dy-
namically selecting and interleaving learned skills based
on observed situations and achieved goals. Second, it

combines skills learned from qualitatively different expe-
riences when a novel situation has elements from these
previous experiences. Finally, even if ICARUS does not
have sufficient knowledge to directly solve a problem, it
can transfer partially applicable skills from previous so-
lutions and patch the knowledge gap by falling back on
its default search skills.

IcARUS can achieve qualitatively different types of
transfer by reusing high-level or low-level skills. For ex-
ample, if a source and a target problem share abstract
goals, it solves the target faster by transferring high-
level skills. This occurs in UCT when the agent has
learned how to clear a set of obstacles that block a goal.
The agent uses the strategy acquired in the source (i.e.,
to approach the closest blocking object and overcome
it) to tackle a different set of obstacles in the target,
although the details depend upon the type of the ob-
stacles and their relative configuration. On the other
hand, ICARUS also transfers low-level skills by compos-
ing them in novel ways to solve the target problem. For
example, if ICARUS learns to overcome a climbable wall
in the source, it transfers that skill when it encounters a
climbable wall in service of an unfamiliar route planning
task, where the high-level goal might differ from that in
the source problem.

One important requirement in transfer is to use pre-
viously acquired skills that are not completely correct
or always applicable. This commonly occurs because
conditions in the environment differ between source and
target problems. For example, suppose the agent learns
skills for navigating to the goal location in a UCT source
problem. It partially executes those skills in the target,
then abandons them in favor of exploration when it en-
counters a non-surmountable obstacle blocking the path.
The agent reenters the skills when exploration brings it
to some later step along its original path. This type of
transfer results from ICARUS’ reactive execution module,
which uses only the relevant skills in the current envi-
ronment.

Learning Hierarchical Skills

IcARUS acquires structured skills via an analytical learn-
ing mechanism that it invokes whenever the agent
achieves a top-level goal. This mechanism inputs the
goal plus a solution trace that achieves it, described as a
sequence of observed states and selected actions. ICARUS
generates an explanation of how the goal was achieved
by interpreting this solution traces in the context of con-
ceptual knowledge and action models. It does so by re-
cursively examining goals, either decomposing them into
subgoals using conceptual knowledge or explaining them
in terms of the effects of primitive skills. The archi-
tecture converts the resulting explanation structure into
hierarchical skills and add them to its skill memory. We
have described this process elsewhere (Nejati et al., 2006)
in more detail.

One distinctive property of this method is that it
learns the structure of a skill hierarchy as well as the
goals and conditions associated with each skill. This
method is related to previous work on explanation-based



learning (Mitchell et al., 1986), but differs in that it does
not compile away the explanation structure, but rather
uses it to determine the structure of the skill hierarchy.

This learning mechanism facilitates transfer by asso-
ciating a hierarchy of learned skills with the goals they
achieve. As a result, the component skills can be used
independent of the top-level goal that motivated their
construction. For example, an ICARUS agent tasked to
enter a building may find a solution where it jumps over
a fence and then enters the building, viewed as sequence
of primitive skills. The analytical learner creates a new
skill to climb over a fence, as well as a higher-level skill
that uses it along with primitives to reach the goal from
the start location. The system associates the low-level
skill (for fence climbing) with the goal for reaching a
parameterized location, and it considers the component
whenever a fence blocks a local goal.

The learning system also facilitates transfer by using
relational background knowledge. It acquires skills that
reference the agent’s conceptual vocabulary, which pro-
vides flexibility in retrieving the skills. For example, an
IcaruUs agent in UCT may acquire a skill for reaching a
goal it recognizes as collectively blocked (a built-in con-
cept that matches when multiple objects impede a path).
As long as the concept is true in a situation, the agent
can apply the resulting skill regardless of the actual con-
figuration of obstacles.

Evaluating ICARUS’ Account of Transfer

The basic claim in this paper is that ICARUS’ assump-
tions about representation, performance, and learning
support transfer without need for any additional mecha-
nisms. Moreover, both learning and transfer should oc-
cur at roughly the levels observed in humans, although
we will not compare the architecture’s behavior directly
to the results of psychological studies here. We have
already explained the ways in which ICARUS should pro-
duce such transfer, but this is different from demonstrat-
ing such effects.

To this end, we designed and ran a controlled exper-
iment in the Urban Combat testbed. Our dependent
variable was the time taken to solve a target problem
that involved achieving a physical goal in the domain,
and we studied the effects of two independent factors.
One concerned whether the agent had experience solving
five source problems (the transfer condition) or had no
such experience (the nontransfer condition). The other
involved the relationship between the source and target
problems, which we discuss at more length below.

Source-Target Relationships

Analysis suggested a number of relationships between
source and target problems that should support transfer
of learned knowledge, six of which we focus on here. We
consider two of these forms in detail and then briefly
summarize the other four.

One source-target relationship, abstracting, involves
sharing hierarchical solution structure, as the UCT sce-
narios in Figure 3 illustrates. Here the source and target
problems involve the same start and goal locations, but

Source

N Use key on
right door

Figure 3: Two source-target pairs for abstracting.

the target requires solving a different subproblem to en-
ter the chosen building. The problems can take advan-
tage of the same route knowledge for navigating from
start to goal, as well as the high-level solution structure
composed of an initial route segment, an entry task, and
a final approach. Other source-target pairs of this type
require the agent to break into a building via different
means or clear unfamiliar obstacles from its path. Prob-
lem pairs share the start and goal locations but exercise
largely distinct sections of the UCT map.

We expect ICARUS to transfer the overall decomposi-
tion of a source problem’s solution into the correspond-
ing target. This capability also lets the agent reuse route
information between non-corresponding sources and tar-
gets, as well as between target problems, to the extent
it explores overlapping terrain while solving tasks. How-
ever, the system cannot share solutions for new subprob-
lems introduced into target tasks, since they do not re-
occur. Those component solutions (e.g., using ammuni-
tion to enter the building vs. a key) must be discovered
in each target task, so they act to increase solution time
and decrease performance.

Another type of relationship between source and tar-
get problems, restructuring, illustrated in Figure 1, re-
quires the agent to use solutions to subproblems in dif-
ferent orders. Successful transfer lets the agent solve the
target problem more rapidly because it has learned how
to duck under a wall and climb over a wall in the source
problem, independently of when those subtasks arise in
the target. Other source-target pairs of this type — sur-
rounding the start and end states with jumpable vs. un-
climbable walls, boxes vs. pits, button operated vs. push
doors, and water vs. electrical hazards — follow the same
pattern.

We also examined four additional relationships be-
tween source and target problems:

e reuse partial solutions from a common start state in
source and target problems, despite differing goals (ez-
trapolating);



e repeatedly reuse solutions to subproblems from the
source problem when working on the target problem
(extending);

e dynamically compose solutions to problems from
source problems to solve a more complex target prob-
lem (composing); and

e reuse the skills learned on the source task to solve a
target problem, but apply different operators to novel
objects that occur in the target (generalizing).

Our experiment examined ICARUS’ ability to transfer
learned skills from source to target problems that in-
volved each of these six relationships. We felt that, if
transfer occurred, it would provide evidence for the gen-
erality of the architecture’s mechanisms.

Experimental Design and Results

Our experimental method involves presenting the
IcARUS agent with a collection of source-target problem
pairs. Each pair provides a known opportunity for trans-
fer, while the set (called a scenario) supports some cross
talk: a single source problem can enable transfer into
multiple targets and the set of source problems supports
transfer into any target.

As noted above, we ran the agent in both a transfer
condition, in which it first solved a set of five source
problems and then solved five target tasks, and a non-
transfer condition, in which it solved only the five tar-
get problems. We ran the agent on six different sets of
source-target pairs that reflected the relationships dis-
cussed above. We randomly varied the presentation or-
der of the target problems to guard against effects of
training order.

Figure 4 summarizes the results of the experiment by
plotting the problem solution time for the nontransfer
condition against the time for the transfer condition.
Each x and y value represents the average score over
20 runs of the ICARUS agent, with different icons depict-
ing distinct forms of source-target relationship. Entries
above the diagonal line indicate that positive transfer
occurred, while entries below the line reflect negative
transfer. The figure shows that ICARUS generally ex-
hibits positive transfer for most problems in each type
of relationship. Moreover, this transfer occurs after ex-
perience with only five source problems, meaning that
the rate of learning is roughly comparable to that ob-
served in humans.

The key point is that ICARUS produces this transfer
without any mechanisms above those required to draw
inferences, execute skills that are indexed by goals, and
acquire those skills from problem solutions. It does
not require any additional processes to explain transfer
across a variety of different source-target relationships.
Our experimental study generally supports this claim
about the emergent nature of transfer effects within the
IcArus architecture.

Related Research

Researchers in psychology have shown considerable in-
terest in transfer, but their research has emphasized ex-
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Figure 4: Solution times in seconds for transfer case plot-
ted against those for non-transfer cases. Note that the
axes are inverted so that higher scores indicate better
performance.

perimental studies. There have been a few computa-
tional models of this phenomenon, Kieras and Bovair
(1986) and Singley and Anderson (1988) being two ex-
amples. Their models provided very accurate predic-
tions for the degree of transfer in terms of the number
of shared knowledge elements, but these were not cou-
pled with learning mechanisms that could acquire the
knowledge.

In contrast, there have been several efforts on transfer
in the machine learning literature. For example, Swarup
and Ray (2006) discuss transfer in the context of neu-
ral networks, and Thrun (1996) considers the case in
which an agent experiences many variations of a gen-
eral task. However, these systems showed much slower
learning than observed in humans, and made little con-
tact with the psychological literature.

The approach we have described in this paper aims
to model reuse of knowledge structure in the context
of a cognitive architecture that incorporates psycholog-
ically plausible representations and mechanisms. There
have been some previous results in the same spirit. For
example, Langley (1985) investigated methods for learn-
ing search-control heuristics through discrimination of
production rules, and Laird et al. (1986) demonstrated
learning and transfer of macro-operators through chunk-
ing in Soar. More recently, Hinrichs and Forbus (2007)
have discussed the transfer of planning and strategic
knowledge among subproblems in a turn-based strategy
game.

Directions for Future Work

Although our results to date have been encouraging,
there clearly remains room for improving ICARUS’ ability
to transfer its learned knowledge. One avenue involves
supporting more flexible execution of skills. Currently,
the system executes skills in the environment as soon
as they are applicable, but since skills acquired in one



setting can propose undesirable actions in another, they
may lead to negative transfer. We are planning to add a
module for lookahead search, constrained by the skill hi-
erarchy, that would guard against this problem and thus
improve transfer.

We are also investigating a method for making both
inference and execution more flexible. This involves re-
placing ICARUS’ current deductive inference module with
one that relies on Markov logic (Richardson & Domin-
gos, 2006), which combines first-order logical and prob-
abilistic reasoning. This approach uses weights to soften
the otherwise hard rules of a first-order knowledge base.
Possible worlds that violate rules become more or less
probable depending on evidence and the magnitude of
weights. The result is an inference mechanism that is
robust to error and uncertainty. This will let ICARUS
transfer its skills more flexibly, in that it can select skills
even when start conditions are likely but not deductively
implied, as can happen in partially observable settings.

In this paper, we focused on forms of transfer that
IcARUS can handle using its existing architectural mech-
anisms. But one implicit assumption of this approach is
that the agent can use the same relational predicates to
describe the source and target problems. This approach
will not succeed in situations where the source and target
problems have similar structure but have been encoded
with different symbols. We aim to address this challenge
by developing analytic methods that infer mappings be-
tween the representations used in the source and the
target problem.

Concluding Remarks

Although structural transfer is an important phe-
nomenon in human learning, there are few computa-
tional models that combine learning with transfer. In
this paper, we described an agent architecture that can
transfer skills learned in one setting to distinct but re-
lated tasks. We showed that the framework demon-
strates this capability for a number of different relations
between source and target problems, and we reported
experimental results on a challenging testbed.

One of our key claims was that ICARUS can achieve
transfer without requiring any mechanisms beyond those
needed to represent, execute, and learn skills. Our ex-
periments with UCT supported this claim and suggested
that many types of transfer arise naturally from methods
that can acquire relational, hierarchical structures. We
analyzed ICARUS’ ability to transfer and explained how
its architectural commitments support this process. In
the future, we hope to model additional forms of transfer
that involve more complex relations between source and
target problems.
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Abstract

When people conduct multiple tasks in tandem, such as
dialing a cell phone while driving a car, they often interleave
the two tasks, for instance by returning attention to the
primary driving task after entering bursts of three of four
digits at a time. In order to explain why people tend to
interleave these tasks at this particular interval, a control
model of steering behavior is described that focuses on
understanding how environmental and psychological
constraints interact to determine driver performance. We use
this model to predict the amount of time that people are
prepared to stray from the driving task while engaging in a
secondary in-car task and, by consequence, the degree of task
interleaving. In particular, a modeling experiment was
conducted to determine the consequences of systematically
varying the time interval between consecutive steering
updates for driving performance. The results of this analysis
were then used to demonstrate why returning attention to
driving after entering bursts of three of four digits at a time is
a particularly efficient strategy: It does not allow driving
performance to become too egregious, while at the same time
keeping the additional time costs that are incurred as a result
of interleaving tasks minimal.

Introduction

While you are driving in your car it is not too difficult to
sometimes direct your attention away from the road in order
to engage in a secondary task, such as dialing a number on a
cell phone. In this complex real-world multitasking
scenario, people tend to interleave the two tasks by
returning attention to driving after entering bursts of three of
four digits at a time (e.g., Salvucci, 2005). One potential
explanation for why people choose to interleave these tasks
at this particular interval is that the representational
structure of the telephone number (e.g., for a 7-digit
telephone number this might follow a xxx-xxxx structure)
provides a series of natural break points at which to return
attention to driving. Although this account has intuitive
appeal, it is not entirely obvious that people necessarily
have to return attention to steering control after dialing three
or four digits. Why not more or less digits at a time?
Alternatively, if someone were engaged in some other
secondary in-car task that, for instance, demanded longer
interaction episodes than dialing (e.g., scrolling through a
long list of media content on an Apple iPod), would they
still make glances back to the road with the same regularity?

In this paper, we present a bounded rational analysis
(Howes, Vera, & Lewis, 2007) of concurrent multi-task

behavior, in order to better understand how long people
should be prepared to look away from the road when
engaging in a secondary dialing task while driving. In this
analysis we focus on understanding how functional-level
features of the task environment (Gray, Neth, & Schoelles, in
press) and the constraints imposed by the cognitive
architecture (Anderson et al., 2004) interact to make some
multitasking behaviors more preferable than others. For
instance, it seems rather obvious that deprived of regular
attention, driving performance will rapidly fall below
criterion, with potentially disastrous consequences. At the
same time though the benefits of frequently interleaving play
against the costs of switching between tasks (e.g., Allport,
Styles, & Hsieh, 1994). In particular, switching between tasks
often carries costs associated with the physical realignment of
the body relative to external resources and the mental
recovery of state information associated with each task. Given
this trade-off between the potential costs and benefits of
frequently interleaving, how do people decide when to switch
back and forth between tasks?

One possible factor that might determine when task
interleaving is desirable is the shape of the payoff function for
the primary task (Payne, Duggan, & Neth, in press; Son &
Sethi, 2006). Payne et al. conducted a series of experiments
designed to investigate how people allocate time between two
Scrabble tasks. Each task required participants to generate as
many words as possible from a fixed set of letters in a given
amount of time. Importantly, the tasks differed in the number
of words that could be readily generated from their respective
letter sets. This meant that the tasks had different payoff
functions because the rate at which a participant could find a
novel word from a particular set of letters differed between
the two tasks. This difference between tasks’ payoff functions
were not known in advance of the study to the participants,
and Payne at al. were interested in how participants would
allocate their time between the two tasks. As one might
expect, Payne et al. found that participants eventually learned
to allocate more time to the more productive task (i.e. the task
with the greater payoff function) but most still chose to switch
between tasks rather frequently. Payne et al. also found that
participant’s “giving-up time” (i.e., the time between finding
the most recent word and the decision to switch tasks) was
longer in the less productive task. Taken together these two
effects appear to work against each other (i.e., longer visits to
the easier task, but shorter giving-up times for this task), but
Payne et al. demonstrate that a stochastic model, based on



Green’s (1984) assessment rule of optimal foraging theory,
account for these data.

Son and Sethi (2006) present a formal analysis that shows
that optimal time allocation between tasks is dependent on
characteristics of the environment. Son and Sethi give the
example of a learning environment where a learner’s time
must be allocated between multiple tasks (e.g., consider a
student studying for a set of final exams). Son and Sethi
demonstrate how time pressure as well as the nature of a
task’s learning curve can lead to different allocations of time
between tasks. Moreover, the work of both Payne et al. and
Son and Sethi is of interest here because it points to the
potential role of a task’s payoff function in determining
precisely when people are likely to switch from one task to
another.

In this paper, we present a bounded rational analysis
(Howes, Vera, & Lewis, 2007) of possible strategic variability
in how people might dial a cell phone while driving.
Extending earlier work (Brumby, Howes, & Salvucci, 2007;
Brumby, Salvucci, Mankowski, & Howes, 2007), a control
model of steering behavior is described that focuses on
understanding how environmental constraints (e.g.,
perturbation of the vehicle's heading over time) and
psychological constraints (e.g., people’s sensitivity to the
lateral position of the vehicle in relation to the center of the
lane) interact to determine driver performance. A modeling
experiment is conducted to determine the consequences of
systematically increasing the time interval between
consecutive steering updates for the average lateral deviation
of the vehicle from the lane center over time. We show that
the particular rate that people tend to make glances back to
the road while engaging in a dialing task can be understood in
the context of the rate of decline in driver performance over
time and the costs of switching back and forth between tasks.

Model of Steering Control

A control model of steering behavior is developed that gives
predictions of changes in a simulated vehicle’s lateral
deviation (i.e., distance from the lane center) over time. The
model focuses on understanding how environmental and
psychological constraints interact to determine driver
performance. The model simulates a vehicle moving at a
constant velocity down a straight road. The model performs
a series of discrete steering updates that alter the heading (or
lateral velocity) of the vehicle dependent on its lateral
position in the lane at the time that the steering update is
performed. The approach taken is similar to control
theoretic accounts of lane keeping (e.g., model 1 in Hildreth
et al. 2000), which assume that adjustments to the heading
of a vehicle are motivated by the goal of minimizing
perceptual input quantities that represent the lateral position
and heading of the vehicle.

In order to parameterize the model, driver performance data
from two experiments that investigated the effect of cell
phone use on driving (Salvucci, 2001; Salvucci & Macuga,
2002) were analyzed to formally characterize how drivers
typically adjusted the heading of the vehicle given its lateral

position in the roadway. An underlying assumption of this
analysis was that adjustments to the heading of the vehicle
were motivated by the driver attempting to maintain a central
lane position over time. In particular, the experimental
software logged, at a rate of once every 30 ms, the normalized
steering wheel angle of the simulated car and its divergence
from the center of the lane (in meters). This steering data was
then segmented into a series of steering episodes, which were
defined as periods in which the angle of the steering wheel
did not alter over time. For each of these steering episodes, a
tuple was defined that represented the duration of the episode
(time), the change in the lateral position of the vehicle
(distance), and the average lateral velocity of the vehicle
(where lateral velocity = distance /| time). Data from all
steering episodes across participants from the two studies
were pooled, and the lateral velocities of all steering episodes
that had a common starting lateral deviation (i.e., originated
from the same lateral position in the roadway) were averaged.
We report an analysis of these average data.

Figure 1 shows a scatter plot of the relationship between
the lateral deviation of the vehicle at the start of a steering
episode and its average lateral velocity throughout the
episode. It can be seen in the figure that as the car strayed
closer to the lane boundary, drivers tended to react by making
sharper corrective steering movements, which in turn,
increased the lateral velocity of the vehicle, returning it to a
central lane position more rapidly. Furthermore, it can be seen
that for many steering episodes lateral velocity was negative;
indicating that the car was heading farther away from the
center of the lane.

Regression analysis was conducted to estimate a best fitting
curve to predict the average lateral velocity of a steering
episode given the lateral deviation (LD) of the vehicle at the
start of an episode. It was found that a quadratic function',

Velocity = 0.2617 x LD? + 0.0233 x LD - 0.022 1)
provided a high degree of correspondence with the human
data (#2= 0.61), F (1,80) = 62.61, p< .001. This quadratic
model of steering control predicts that as lateral deviation
from the lane center increases, there is an increase in the
lateral velocity of the vehicle, brought about at discrete
steering updates, in order to return the vehicle to a central
lane position more rapidly.

Furthermore, the intercept of the curve given by the model
(shown in Figure 1) gives some suggestion of the driver’s
threshold for judging the vehicles deviation from the lane
center. In particular, when the car is near the lane center (i.e.,
lateral deviation < 0.30 m), predicted lateral velocity is close
to zero. This means that the position of the car in the roadway
remains more or less constant over time. This implies that the
driver was possibly satisfied with the vehicle’s position in the
roadway if the lateral deviation of the vehicle was less than
0.3 m from the lane center.

Although the quadratic model gave a high degree of
correspondence with the data, there was also considerable
variability with respect to the observed lateral velocities given
a particular lateral deviation at the start of an episode. In
particular, the standard deviation of the data from the mean

! Because of non-positive lateral velocities exponential or power functions could not be applied.



was 0.10 m/s. This suggests that people’s adjustments to the
heading of the vehicle were stochastic. In order to develop a
stochastic model of steering control, random values were
sampled from a Gaussian distribution and added to the value
of the updated lateral velocity. Based on an estimate of the
average standard deviation observed in the human data, the
Gaussian distribution had a mean of 0.00 m/s and standard
deviation of 0.10 m/s.

An important functional-level feature of the driving
environment is that if left unattended, the heading of the
vehicle will also be influenced by external factors, such as
bumps in the road, wind, the camber of the road, etc. In order
to simulate this feature of the driving environment, the
heading of the vehicle was perturbed every 50 ms by a
random value sampled from a Gaussian noise distribution.
Following estimates from a previous model in the literature
(Hildreth et al., 2000), the Gaussian noise distribution had a
mean 0.00 m/s and standard deviation 0.10 m/s.

In summary, the model provides a computationally efficient
formalism for predicting how drivers typically adjust the
heading (or lateral velocity) of a vehicle given its lateral
position in the roadway. The model focuses on how
functional-level features of the task environment (e.g.,
perturbation of the wvehicle's heading over time) and
psychological constraints (e.g., people’s sensitivity to the
lateral position of the vehicle in relation to the center of the
lane) interact to determine driver performance. Moreover, it is
worth pointing out at this stage that the model does not make
any theoretical commitment to the duration of a typical
steering update; the model is solely dependent on parameters
derived from an analysis of steering performance data and
assumptions about the environment. In the next section the
model is used to understand how driving performance might
decline with increasing periods of driver inattention.
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Figure 1: Relationship between lateral deviation at the start
of a steering episode and lateral velocity.

Modeling Experiment

We conducted a modeling experiment that symmetrically
varied the time interval between steering updates in order to
make quantitative predictions of the consequences for lateral
deviation over a period of simulated driving. Specifically,
we explored steering strategies that updated lateral velocity
at an interval of between 50 ms and 6,000 ms, exploring
performance at increasing increments of 50 ms. That is, we

evaluated 120 different steering strategies that differed in
terms of the duration of time between each steering update
over a period of simulated driving. Each steering strategy
was run for 1,000 trials, and performance averaged. The
vehicle’s lateral deviation at the start of each trial was 0.33
m from the lane center. This initial lateral deviation reflects
the average value at the beginning of each trial in the
empirical data (taken from Salvucci, 2001). Furthermore,
each steering strategy was evaluated over both a single
steering episode (single-event) and also over a longer
measurement interval of 60-seconds simulated driving
(long-term). For each steering strategy we report the lateral
deviation — the root-mean-square error (RMSE) of the
vehicle’s lateral distance from lane center — over both a
single-event and the long-term measurement interval.

Results: The effect of interval between steering
updates on lateral deviation

In order to illustrate how the movement of the vehicle is
affected by the interval between steering updates, Figure 2
shows a data plot representing changes in lateral deviation
over time for different illustrative strategies. Performance is
for a single trial. Data points represent periods where the
lateral velocity of the vehicle was altered owing to a
steering update. Changes in the heading of the vehicle
between steering updates are due to environmental noise.

Figure 2 offers a comparison between the performance of
steering strategies that conducted relatively frequent updates
to the lateral velocity of the vehicle (once every 50 ms) to
strategies that updated lateral velocity less frequently (once
every 600 ms). It is clear from the figure that there was very
little difference in performance between these two strategies;
in both cases the vehicle maintained a more or less straight
heading (i.e., lateral velocity = 0 m/s) and as a result kept to a
consistent lateral position in the lane over time. In contrast, as
the interval between consecutive steering updates increased
even further (to once every 1800 ms), the vehicle tended to
drift more erratically about the lane. This was partial because
without frequent steering updates, the heading of the vehicle
was perturbed by environmental noise. In order to
compensate for this general increase in lateral deviation, the
model tended to set a heading when a steering update was
eventually performed that gave a large lateral velocity. As can
be seen in the figure, these aggressive changes in heading
lead the vehicle to move rather erratically about the lane.

We next focus on quantifying the rate at which lateral
deviation increases with increasing time between updates of
steering control. Figure 3 shows the performance of each
strategy over a single steering update (single-event) and also
over a longer measurement interval of 60-seconds simulated
driving (long-term). The x-axis in the figure represents the
interval between steering updates and the y-axis represents
mean lateral deviation over 1,000 trials. It is clear that as the
time between steering updates increases, lateral deviation
generally increases, except, that is, across relatively short
intervals between steering updates (< 1 sec). At these shorter
intervals, the duration of time in between steering updates did
not affect lateral deviation.

It is also apparent from Figure 3 that the way in which
lateral deviation increased with increasing time between
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Figure 2: Data plot representing movement of the car in
relation to the center of lane for illustrative steering strategies.
Data points represent steering updates. Connecting lines
represent movement of the car in between steering updates.

consecutive steering updates was dependent on the total
period of simulated driving (i.e., single-event vs. long-term
measurement interval). In particular, the rate of decline in
steering performance was less when there was only a single
steering update than when a strategy was maintained for a
longer period of time. This is because when there is only a
single steering update event, the vehicle travels at a fairly
constant lateral velocity; therefore the distance traveled
from the lane center will be dependent on the time until the
next steering update. However, when a strategy is
maintained for a longer period of time (i.e., 60 sec), the
average deviation can grow quite large because, in some
sense, the problems start building on each other. That is, as
we described earlier, the car not only drifts farther from the
lane center with increasing time away from driving, but as a
consequence, it is also placed into sharper corrective
headings to compensate for being farther from lane center.
This interaction between increased lateral velocity and
longer intervals between steering updates makes the car
move erratically about the lane.

Regression analysis was conducted to estimate the best-
fitting curve to account for the relationship between the
interval between steering updates and lateral deviation. For
performance based on a single-event, it was that an
exponential function fit the data very well (2 = 0.98),
F (1,118) = 5828, p<.001, where

Lateral Deviation = 0.27550-2177 x Update Interval )

The exponent in this function increased, however, when the

strategy was maintained for a longer period of simulated
driving, giving

Lateral Deviation = 0.28070-3453 x Update Interval (3
(2 = 0.99), F(1,118) = 35747, p< .001. This meant that the
rate of decline in steering performance increased more
dramatically with increasing interval between steering
updates. In the next section we derive predictions for driving
performance under dual-task conditions by considering
possible strategic variability in how people might dial a cell
phone while driving.
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Figure 3: Data plot showing the relationship between the
duration of time between each steering update and lateral
deviation. Each steering strategy was run over both a single
steering event and also a longer 60-second period.

Predicting Multi-task Performance

We model data from an earlier study that investigated in-car
multitasking (Salvucci, 2001). In Salvucci’s experiment
participants were required to dial 7-digit numbers on a
cellular phone that was positioned on a hands-free device
while driving. It was assumed that one “power-on” key-
press preceded the 7-digit number and that one “send” key-
press followed it — giving 9 key-presses in all. Salvucci
reports average baseline (or single-task) dial-time for the
participant’s to enter the 9-keypresses of 5.21 seconds (S.D.
= 1.09 sec). We use this empirical estimate of dial-time to
calibrate the model.

We assume that in normal conditions drivers typically
adjust the heading of the vehicle once every 150 ms. This 150
ms estimate is consistent with assumptions adopted in
previous computational cognitive models in the literature
(e.g., Salvucci, 2005). Moreover, at this baseline interval
between steering updates, lateral deviation predictions given
by the model (M = 0.33 m, S.D. = 0.02 m, see Fig. 3) are
comparable with reported baseline lateral deviation in
Salvucci’s (2001) experiment (M = 0.35 m, S.D. = 0.08 m).

We assume that engaging in a secondary task while driving
disrupts the normal pattern of checking and adjusting the
heading of the vehicle. In particular, we assume that steering
updates cannot occur while the driver’s attention is directed
towards a secondary in-car task, such as when they are
entering keypresses for the dialing task. This assumption is
based on the idea that peripheral resources, such as the eyes,
will limit the degree of parallel processing between tasks.
Moreover there are numerous demonstrations in the literature
of central interference affecting driver performance in dual-
task conditions (e.g., Brumby, Salvucci, & Howes, submitted,
Levy, Pashler, & Boer, 2006).

Furthermore, we assume that switching between tasks
carries a cost overhead (or switch cost), which reflects the
time required to move visual attention between the outside of
the car (i.e., to focus on the road) and the inside of the car
(i.e., to focus on the phone). Instead of developing a detailed
model of the perceptual/motor processes involved, we use a
simple timing estimate of 185 ms to move visual attention



between the phone and the road, or vice versa. This timing
estimate was taken from the ACT-R cognitive architecture
(Anderson et al., 2004).

Given the above set of assumptions and also the estimates
of single-task performance, we derive predictions for lateral
deviation and task time in dual-task conditions. Brumby,
Howes, and Salvucci (2007) have previously demonstrated
that there are at least 28 = 256 possible strategy variants for
completing the dial task with more or less interleaving of
steering control. Here, we attempt to abstract over this
strategy space by conducting an analysis that varies the
number of equal length episodes into which the dial task
could be divided and explore the consequences for the
interval between steering updates. It should be made clear
that this level of analysis abstracts over the actual units of the
dial task (i.e., entering more or less digits per episode) and
instead focuses on dividing single-task dial time in to more or
less equal chunks of time; thus, abstractly representing points
in the strategy space of more or less interleaving.

Figure 4 presents a scatter plot of total time to complete the
dial task and RMSE lateral deviation for strategies that
systemically vary in the degree of task interleaving. In
particular, at each point in the space we divide baseline dial-
time (5.21 sec) by N, where N varies between 1 (no-interleave
strategy) and 9 (maximum-interleave strategy). Given an
estimate of the amount of time between steering updates that
a particular strategy affords, Equations 2 and 3 are used to
derive predictions of lateral deviation. For instance, if we
consider adopting a no-interleave strategy, which completes
the dial task without once returning attention to the primary
task of driving, then the interval between steering updates
would be 5.73 seconds (i.e., 521 + 0.185 x 2 + 0.15). It is
clear from Figure 3 that updating steering control at this
interval would likely have catastrophic consequences for the
driving task, with the car being likely to cross over the lane
boundary.

In contrast, if the dial task were conducted with steering
updates occurring after each and every individual digit was
entered, what we shall refer to as a maximum-interleave
strategy, then the interval between steering updates would be
only 1.09 seconds (i.e., 5.21 /9 + 0.185 x 2 + 0.15). It can be
seen in Figure 3 that updating steering control at this interval
would not likely lead to an egregious lateral deviation.
However, this strategy would incur 4.70 seconds of additional
time costs because of frequently switching between tasks and
updating steering control (i.e., 9 x (0.185 x 2 + 0.15)).

Figure 4 represents the speed/accuracy trade-off that clearly
exists between dialing quickly and driving safely: The upper-
left portion of the plot represents faster but less safe
performance resulting from less interleaving, while the
bottom-right portion represents slower but safer performance
resulting from more interleaving. There are diminishing
returns for interleaving, however. Such that, while
interleaving tasks more often generally leads to safer
performance there is a point in the space where further
interleaving gives only small improvements in safety.

We compare these model-based predictions shown in
Figure 4 with previous empirical data. In particular, Salvucci
(2001) reports dual-task performance of 7 sec (SD = 1.77 sec)
for the dialing task and RMSE lateral deviation of 0.49 m

(SD = 0.10 m) for the driving task. These human data are also
presented in Figure 4.

It is interesting that the human data lie close to the “turning
point” where lateral deviation starts to increase dramatically
within the modeled strategy space. This suggests that any less
interleaving between tasks would likely result in a dramatic
increase in lateral deviation, but also that more interleaving
between tasks would not likely result in a significant
reduction in lateral deviation given the additional time costs.

The model-based predictions demonstrate that adopting a
strategy that returns attention to driving after entering three
digits at a time is particularly efficient. This strategy does not
allow driving performance to become too egregious because
the interval between steering updates increases to only 2.26
seconds (i.e., 5.21 / 3 + 0.185 x 2 + 0.15). But at the same
time the strategy keeps the additional time costs incurred as a
result of interleaving tasks down to only 1.56 seconds (i.e., 3
x(0.185x 2 +0.15)).

Finally, notice that predictions for lateral deviation in
Figure 4 were derived using the exponential loss function
derived from running the model over a single-event (Eq. 2)
and also over a long-term measurement interval (Eq. 3). It is
interesting that for the most part the single-event model and
the long-term model gave fairly consistent predictions for
strategies that interleaved tasks more often. However, the
model predictions differed fairly significantly for strategies
that completed the dial task in only one or two bursts (i.e.,
the no-interleave strategy). The reason for this discrepancy is
that when a particular strategy was maintained for a longer
time (i.e., 60 sec), the average deviation could grow quite
large at longer intervals between updates.
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Figure 4: Data plot of dial time and average lateral deviation
across strategies of varying task interleaving.

General Discussion

The question addressed at the start of this paper was why
people return attention to steering control after dialing every
three or four digits of a telephone number. To address this
question, a control model of steering was developed from an
analysis of driver performance data. The model made
minimal commitments to human cognitive architecture and
minimal assumptions about the constraints imposed by the
environment. The model was used to predict the average
rate at which the lateral deviation of the vehicle from the
lane center increases with increasing time between updates



of steering control. This bounded rational analysis suggests
that the rate of decline in driving performance with time
away from steering control might determine the amount of
time that people are prepared to give up to focus on a
secondary task while driving and, by consequence, the
degree of task interleaving. We demonstrate that returning
attention to driving after entering bursts of three digits at a
time is a particularly efficient strategy for completing the
dial task while driving because it does not allow driving
performance to become too egregious, while at the same
time it keeps the time costs incurred from switching
between tasks minimal. Moreover, we show that any less
task interleaving would result in a dramatic increase in
lateral deviation, with possibly unacceptable consequences
for safety, and that any more interleaving would incur
additional time costs while not affording a significant
improvement for driver safety.

An open empirical question that is posed by the analysis
presented here is that if the rate of decline in driving
performance with time away from task were different, then
people might interleave task differently. For instance, imagine
if driving performance were to decline much more gradually
with time away from task (i.e., when driving at a slower
speed), then there would be little value in interleaving tasks:
People may as well complete the dial task in a single
contiguous burst in order to avoid incurring the costs of
switching between tasks. Whereas, if driving performance
were to decline at a much more rapid rate (i.e., when driving
at a faster speed), then people might be prepared to give up
less time per visit to the secondary task and consequently
interleave more frequently. That is, driving speed should have
an effect on both dial time and lateral deviation in dual-task
conditions (see Brumby, Salvucci, & Howes, submitted, for
an initial investigation into this question). Moreover, there is
evidence that drivers tend to slow down on their own accord
when engaging in a secondary dialing task (Salvucci, 2001;
Salvucci & Macuga, 2002). This slowing behavior might
reflect active attempts to reduce the consequences of directing
attention away from the road for driving performance.

We might also consider applying the analysis presented
here to some other secondary in-car task that demands a
series of longer interaction episodes than a simple dialing task
(e.g., selecting media content on an Apple iPod). The analysis
presented here clearly suggests that lateral deviation should
increase as the amount of time spent on the secondary task
increases. An interesting question there emerges from
considering a longer task, where the vehicle is more likely to
drift from the lane center, is whether people give up more
time to steering control (i.e., by conducting a series of
steering updates in succession). The approach taken here for
running the model over a long-term measurement interval
was to assume that only a single corrective steering update is
performed, regardless of how far from the lane center the
vehicle has became. This seems like a rather implausible
assumption, however. An alternative assumption is that
people only resume the secondary task return when the
vehicle has been to returned to a stable lateral position in the
roadway (as in Salvucci’s, 2005, 2001, driver models).
Further work is required to explore techniques for
enumerating over various durations of time given up to

steering control for each of the possible multitasking
strategies discussed here (see Brumby, Salvucci, Mankowski,
& Howes, 2007, for some more recent progress on this issue).
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Abstract

Evaluating and modeling human performance on even simple
tasks requires a great deal of attention to millisecond-level
cognitive and perceptual-motor operations. Modeling human
performance in a task often requires that special care be taken
to understand how these millisecond level operations are
interleaved and how they evolve during the execution of the
task. In modeling a simple decision-making task, we found
that human subjects improved their routine speed as they
became more familiar with the task. Modeling was conducted
using the ACT-R architecture (Anderson & Lebiere, 1998).
Refinements of the model indicated that interleaving of
millisecond-level perceptual-motor and cognitive operators
was crucial in accounting not only for the strategy shift as per
soft constraints, but also in the marked speedup in
performance over the course of several trials.

Introduction

Milliseconds matter in understanding human performance
(Gray & Boehm-Davis, 2000). The soft constraints
hypothesis (Gray, Sims, Fu, & Schoelles, 2006) implies that
in the course of routine interactive behavior, the cognitive
controller tends to select interactive routines that shave
milliseconds off of task performance. Unfortunately, this
local optimization may not result in optimal global
performance. Hence, even in tasks that are thought of as
involving higher-level cognition, such as decision-making,
global performance may be suboptimal due to nearsighted,
local optimization of interactive routines.

From the perspective of the soft constraints hypothesis,
computational models of decision-making must encompass
a full accounting of the costs of information exploration and
exploitation (Fu, 2007). Hence, an initial task for the
modeler is to account for the perceptual-motor costs of
skilled performance. As we show in this paper, this initial
task brings to the foreground the interleaving of cognitive,
perceptual, and motor operations that is characteristic of
skilled performance.

We describe an exploratory effort to model the
interleaving of cognitive, perceptual, and motor operations
required for information exploration/exploitation in a table-
based, decision-making task (Lohse & Johnson, 1996). The
constraints of the model/framework are examined at the
level of milliseconds, contrasted against human data, and
the differences are analyzed with respect to the ACT-R
framework (Anderson & Lebiere, 1998).

The Task

The experimental environment used in this research was
designed to study and model how information access
influences the way in which a decision is made -
specifically what information is considered and how it is
integrated given the environmental constraints and
accessibility of information. We used a simple table task
(see Figure 1) in which each of six alternatives (arranged in
rows) had a value on each of six attributes (arrayed in
columns). The value of the alternative was derived by
summing the attribute scores so that the higher the value, the
better the alternative. This environment allowed us to
manipulate the way information was accessed in order to
determine the cognitive and perceptual-motor tradeoffs
involved.

Attributes

IFF-FREQ COURSE ALTITUDE

Alternatives

Figure 1: The Table Task environment for decision-making.
The figure shows a subject clicking on the IFF-FREQ
attribute (column) for alternative C (row).

We predicted that performance would vary based on
exploration/exploitation costs that variations in the task
environment imposed on the decision maker. In particular,
we expected different costs to result in differences in the
time to make a decision as well as the amount of
information considered during the trial (i.e., information
exploration). We also predicted that when participants were
transferred to conditions with different environmental
constraints, that the transfer of old strategies or the adoption



of  new ones would be influenced by
exploration/exploitation costs of the old strategies applied to
the new task environment. (Gray, 2000; Gray, Veksler, &
Fu, 2004)

Although these general predictions are validated in the
Results section, this analysis is beyond our current modeling
effort. Exploratory modeling of this simple task revealed the
necessity to focus our scope of analyses on the basic motor
components prior to taking the next step into modeling the
higher-level experimental effects.

Human Data

Method

The table task environment consisted of 6 alternatives
arranged as rows and 6 attributes arranged as columns in a
grid. Alternatives were military targets with attributes that
contributed to their overall threat. There were values in the
corresponding grid cells and it was the task of the
participant to select the alternative whose corresponding
attribute values summed to the highest value (see Figure 1).

There were a total of four conditions that varied how the
values in the grid could be accessed. For purposes of this
paper and the models presented, we only cover the “by cell”
condition (CE). In this condition, participants accessed
information one cell at a time by clicking on the grid cell
corresponding to the value of an attribute for a particular
alternative.

Each trial consisted of the participant checking the values
in the grid and selecting the alternative with the highest
overall value. Feedback on the number of correct answers
was provided at the conclusion of the experiment.
Participants completed 30 trials in this manner and for the
CE condition included 18 participants.

Results & Discussion

Our interest lays in modeling the millisecond level
interactive routines of each trial in addition to the changes in
information exploration/exploitation that occurred in
performance within and across trials. The trial duration
analysis below is intended as a benchmark for the
subsequent model’s performance.

Total Trial Duration

Total trial duration averaged 23.77s, StErr = 478.32ms.
However, trial durations across the 30 trials follow a power-
law of learning (Figure 2). It is thus important to note that
trial duration decreased from the first (M = 36.92s; StErr =
3.66s) to the last trial (M = 21.72s; StErr = 1.8s).

Number of Cell Clicks

Participants were presented with a 6x6 grid of cells for a
total of 36 cells that would need to be checked to have
perfect information during a trial. Is there any indication
that participants saved time by not checking every cell?
Although there was some variability in the number of cells
clicked across the trials, participants clicked an average of
35.81 cells. Therefore, participants roughly clicked on each
cell once. The subsequent model therefore also clicks on
each cell once during a trial.

Trial Duration as a Function of Trial Num
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Figure 2: Power law of learning in trial duration

Inter-Cell Click Interval

In addition to trial duration and number of cells clicked, we
assessed how participants were spending their time during
task performance. In particular, we analyzed how long they
spent between cell clicks. We will call this the “inter-cell
click interval”. Given that not all participants clicked the
same number of cells during each trial, the following
analysis only shows data from the first 36 cell clicks. As
will be discussed later, the inter-cell click interval provides
insights into how strategies evolve over time and how we
can modify our models to match human performance. It also
provides insights into the cognitive and perceptual-motor
shortcuts that people take and that a cognitive model needs
to account for. Essentially, these are the millisecond-level
operations that are crucial in many repetitive or well-
practiced tasks.

Figure 3 illustrates how inter-cell click intervals changed
over the course of the whole task. Initially, inter-cell click
intervals averaged ~950ms whereas by the end of the 30
trials, they had decreased to ~550ms. This trend is
analogous to the trend of the overall trial duration we
observed in Figure 2 and is one of the ways we can
determine how the strategy that the participants employed
evolved.

Furthermore, within a trial (see Figure 4), we witness
variability in inter-cell click intervals with respect to cell
click number. The more cells are clicked within a trial, the
shorter the inter-cell click interval becomes. Notice also that
there is a seesaw pattern such that every 7" inter-cell click
interval is longer than the surrounding ones. This is
accounted for by the fact that each 7™ click was a row
switch. One explanation for this is that at the end of a row,
participants updated their current highest value and
therefore took longer transitioning to the next alternative.

Within a row, the inter-cell click interval also showed a
slight increase presumably explained by the increase in
cognitive load as participants added more values to their
running total of the alternative’s value. Figure 4 shows
average data across all 30 trials.



Inter-Cell Click Duration as Function of Trial Num
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Figure 4: Average human inter-cell click interval within a
trial. Peaks represent transitions between alternatives (rows)

Transitioning Between Rows

Another important consideration for task performance is
encompassed by the soft constraints hypothesis (Gray et al.,
2006). Soft constraints guide the selection of interactive
routines at the millisecond level to minimize performance
costs as measured in terms of time. The utilization of soft
constraints is reflected in apparent strategy shifts as
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performers become familiar with the task. Although initially
certain biases may have caused the performer to use one set
of interactive routines, the cost of exploration/exploitation
ultimately shifts performance towards more efficient
strategies.

This shift in strategy is most clearly seen in the transitions
between alternatives (rows). Whereas initially participants
were biased to “read” the values in the rows from left to
right (Figure 5A), after several trials a more efficient
strategy emerged. The new strategy had participants
alternating the direction in which they clicked the cells
based on their final position in a particular row (Figure 5B).
Figure 5C shows that across trials participants increased
their use of strategy B by 10%.

The Model(s)

To model human performance on this task, we used the
ACT-R cognitive architecture (Anderson et al., 2004). ACT-
R is a modularized production system with a subsymbolic
memory module. It has visual and motor modules to embed
it in the task environment. It also has declarative memory
and a procedural module. In addition, it has imaginal and
goal buffers to store its working memory and goal chunks,
respectively. Thus, it serves as a good framework to model
human performance on this simple table task.

Several ACT-R models were developed in order to model
the various components of human speed increases during
this task. The essential structure of all of the models is the
same: each model simply goes through each alternative,
uncovers each cell value, sums the cells and updates its
memory of the highest value after comparing it with the
previous highest value. The differences between the models
primarily lie in how they execute this list of perceptual-
motor and cognitive operations.

At present, we have deliberately avoided implementing
different decision-making strategies and have focused our
modeling effort on getting the interleaving of cognitive,
perceptual, and motor operators right. As discussed below,
we do not know how to account for the obvious adaptations
in interleaving that humans undergo. We view our lack in
this regard as a comment on the state of the art in
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Figure 5: Different strategies in uncovering cell values. (A) Reading values left to right (B) Reading values alternating
left-to-right and right-to-left (C) Percent of right-to-left cell click transitions as a function of trial number



interleaving which has not advanced much since the
pioneering EPIC-Soar work of Chong in the late 90’s
(Chong, 1998a, 1998b; Chong & Laird, 1997). One method
that has touched on interleaving of perceptual-motor and
cognitive operators since then is Cognitive Constraint
Modeling (Lewis, Howes, & Vera, 2004). Cognitive
Constraint Modeling provides a description of behavior
derived via constraint satisfaction. However, unlike Chong’s
work, this method is not at all concerned with how human
interleaving strategies adapt through experience.

The absence of a mechanism that interleaves cognitive
operators has led us to build models that do not change over
trials but which bracket human performance (Gray &
Boehm-Davis, 2000; Kieras &  Meyer, 2000).
Understanding the differences between these models offers
some insight into how perceptual-motor and cognitive
mechanisms might evolve across trials.

Model 1: Non-Interleaved

This was an “out-of-the-box” model, composed of
sequential productions that can roughly be divided into four
categories. The first set of productions (Figure 6A) started
each trial and switched between alternatives. The second set
of productions (Figure 6B) was the workhorse of the model.
This set of productions initiated the perceptual-motor
operations of moving the mouse and visual attention to the
various cells. It was also responsible for adding the values
in the cells. It did this in a systematic left-to-right fashion
for all alternatives. Thus, this model employed strategy A
from Figure 5. The third set of productions (Figure 6C)
compared a current alternative’s value to the highest value
so far and updated the model’s memory of the highest
alternative seen. The fourth set of productions (Figure 6D)
only fired after each alternative’s value had been computed
and the model was ready to select its answer.

A B C D
Switching Adding Comparing
Between P Values of an P High Value to P Answering
Alternatives Alternative Current Value

1 |

Figure 6: Workflow of the models

The model had declarative knowledge of addition facts
and number relation facts. Thus, whenever it needed to
compare whether a current alternative’s value was greater
than the highest value so far, it would search in its
declarative memory for a relation fact involving those
values.

The model also had a goal buffer that kept track of the
alternative that it was currently scrutinizing, and an imaginal
buffer that kept track of the highest value seen so far. Since
it is beyond the scope of this paper to model human
accuracy on this task, it sufficed for the model to hold the
highest value and alternative in its imaginal buffer at all
times, disallowing for any forgetting errors to occur.

This was the simplest model that encoded the task and for
this reason, we did not expect its performance to match well
with human data. It is termed non-interleaved because the

perceptual-motor and cognitive operations were done
largely sequentially and not interleaved with each other. We
found that although this simple model failed to match
duration times on the majority of trials, it did match
duration times as compared to the first trial of human data
(Figure 8, Model 1: Non-Interleaved).

Model 2: Interleaving Cognitive with Perceptual-
Motor Operations (I-CPM)

Examining the time plot of ACT-R’s various modules over
the course of a single inter-cell click interval (Figure 7), we
noticed that gaps between production firings could be used
to interleave perceptual-motor and cognitive operations. The
interleaving was accomplished by firing productions that
added the value of the last cell to the running total as the
motor module was moving the mouse to the next cell. This
interleaving saved ~100ms during each inter-cell click
interval and decreased total trial duration by about 2.8
seconds from ~34.6s to ~31.8s, matching human duration
times from Trial 2 (Figure 8, Model 2: I-CPM).
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Figure 7: Time graph of between cell clicks in ACT-R for
the non-interleaved model.

Model 3: Interleaving Motor Preparation Time (I-
CPM+MP)

Figure 7 also shows that the motor component (moving the
mouse to the cell and then clicking it) comprised 80% of the
time of the entire duration (786ms out of 931ms). What this
means is that just the motor component alone takes more
time than the entire inter-cell click interval in the human
data.

During the course of a single trial, the repetitive sequence
of moving the mouse to a cell and then clicking is done
many times. In the human data, this practiced motor
sequence became increasingly faster as attested by the
decrease in the inter-cell click interval (see Figure 4). We
decided to account for this increase in speed by taking
advantage of ACT-R’s motor module mechanisms.

When a motor command is issued to ACT-R’s motor
module, that command is executed in three phases:
preparation, initiation, and execution. In cases where the
model can tell ahead of time what movement will follow, it
is beneficial to begin “preparing” the next movement before
the current movement is finished executing. Thus, to
account for the learning effects we observe in repeating the
same two motor commands over and over, we allowed the
model to begin preparing the next motor command prior to
the finish of the current command. For example, while the
move-mouse command was executing, the model already



began preparing the mouse-click that would inevitably
follow.

This motor preparation interleaving refinement of the
model drastically decreased inter-cell click interval and,

Model 4: I-CPM+MP+R). Although this was not a large
difference, incorporating this component into the model
makes it more cognitively plausible especially given that we

see human participants exhibiting this shift in strategy.
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consequently, trial duration. The improvement decreased
individual trial time by about 7.3 seconds, from ~31.8s to
~24.5s. This is a marked improvement over Models 1 and 2
and brought the model closer to the average human trial
time of ~23.8s (Figure 8, Model 3: [-CPM+MP).

Model 4: Alternating Transitions Between Rows (I-
CPM+MP+R)

In a task in which interactive routines are on the order of
hundreds of milliseconds, it is important to be able to
determine where exactly it was that the model was incurring
a large time cost. We therefore compared the inter-cell click
interval analyses for human and model data. This
comparison revealed that the major difference between
human and model inter-cell click intervals was during the
transitions between alternatives (where each alternative is a
row in Figure 1).

As discussed earlier, participants’ strategies changed over
the course of the task. Initially, they clicked on cells in a left
to right fashion whereas later they alternated the direction
depending on their ending position in a given row. We thus
incorporated this alternating behavior into the model thereby
decreasing the distance the mouse had to move when a new
alternative was encountered. Since move-mouse execution
time in ACT-R is closely related to the distance that the
mouse must move, as per Fitts’ Law (Fitts, 1954;
MacKenzie, 1992), this feature allowed the model to
transition faster between alternatives (compare Figure 5 A
and B).

This refinement in the model decreased total trial duration
time by about 900ms from ~24.5s to ~23.6s (Figure 8,

This final refinement of the model had the best fit to the
asymptote performance in human data. Future work will
include the model learning to choose between the two
strategies.

Conclusion & Future Work

Sometimes one can learn more from a modeling effort when
the model does not fit the data than when it does. In fact, the
lack of fit can tell us a lot about not only the limitation of
the model itself and how to proceed to modify it but also
about the limitation and error of the constraints with which
the model was implemented. In this case, we wanted to
investigate where and how the speedup in performance in
humans occurs and in particular what it was about the “out-
of-the-box” model that prevented it from matching human
times.

Where Does the Time Go?

According to human data, the inter-cell click interval varies
as a function of trial number (Figure 3) and cell click
number within a trial (Figure 4). We can see that the
majority of inter-cell click intervals fall within the 600ms
range. The first trials have longer durations as compared to
the last trials, and the first few cell clicks in a trial take
longer than subsequent cell clicks. However, the “out-of-
the-box” model (Model 1) performs considerably slower in
all cases, an average of around 950ms per inter-cell click
interval.

One way we can speed up the model’s performance is to
interleave the cognitive and perceptual-motor components.



This results in at most a speedup of ~100ms per inter-cell
click interval. However, if we look at human data
particularly towards the end of the 30 trials (Figure 3), we
see times of 520-600ms, which is considerably faster than
the model’s motor component alone, as per Figure 7, would
allow.

Another way to speed up the model’s performance is to
interleave the motor preparation times with execution times.
Since ACT-R does not do production compilation across
perceptual and motor commands, there does not seem to be
any other way of incurring this speedup in performance
(Taatgen & Lee, 2003). The speedup afforded by this
preparation interleaving results in a decrease of ~200ms per
inter-cell click interval.

As per the soft-constraints hypothesis, a further
refinement of the model altered how transitions between
rows occurred. This resulted in an additional savings of
~30ms per inter-cell click interval.

Taken together, this modeling effort demonstrates the
importance of millisecond-level considerations operating
under even the simplest of tasks. The current model was
intended to address the most perceptually motor intensive
condition of the study. As such, it has led us to discover the
crucial nature of interleaving and soft-constraints in
attaining skilled performance.

The table task environment is a rich test bed for exploring
how interactive  routines in an information
exploration/exploitation task evolve to produce skilled
performance. Future modeling work of this task will explore
how the different experimental conditions affect this
evolution of interactive routines, and how these interactive
routines influence performance in the decision-making task.
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Abstract

Most multitasking models make use of executive processes to
assign resources to tasks (Kieras et al., 2000). An alternative
is to have no executive, but constrain individual processes so
that they share resources in a plausible way. Salvucci and
Taatgen (under revision) in their theory of threaded cognition
have shown how peripheral resources and declarative memory
are shared between processes without an executive. In this
paper we will extend this work by showing how two tasks
share a resource to store the problem representation in a dual-
task paradigm where either task sometimes needs a problem
representation and sometimes not. Threaded cognition
predicts extra interference when both tasks need a problem
representation, which is what we found in the experiment.

Introduction

Human beings are amazingly adept at performing multiple
tasks concurrently, and at combining previously unrelated
tasks. This stands in sharp contrast to the current situation in
cognitive modeling, where most models of multitasking
make use of a so-called Customized Executive (Kieras et al.,
2000). This is an, often complicated, control process
specialized for the tasks at hand. It determines how the tasks
will be interleaved, and at which point one of the tasks takes
precedence. A consequence of this is that for every two
tasks a different control structure is required, which, in turn,
implies that we would have to learn a new control structure
for every new combination of tasks. A more plausible
solution would be to have a General Executive that could
interleave any two tasks (Kieras et al., 2000; Salvucci,
2005). There have been several proposals for such a General
Executive in cognitive architectures (e.g., Kieras et al., 2000
(EPIC); Salvucci, 2005 (ACT-R)). However, these
proposals have not been equally successful in accounting for
multitasking data as customized executive approaches.

Yet another possibility is to have no executive at all
(e.g., Liu, Feyen, & Tsimhoni, 2006), which is the
underlying idea of the new multitasking theory ‘Threaded
Cognition” of Salvucci and Taatgen (under revision). The
essence of threaded cognition is that it has no central
executive, but instead makes sure individual tasks in a
multitasking situation interleave without top-down control.
This interleaving of individual tasks sometimes leads to
additional costs. Salvucci and Taatgen have already shown
how declarative memory can be a contended resource, and
that competition for this resource can explain differences
between novices and experts on a task. In the current paper

we will show evidence for a second shared central resource:
the problem representation. We will use a dual-task situation
with two relatively complex tasks: driving and operating a
navigation device. The experimental manipulation is to have
two variations of each of the two tasks, one that does require
a problem representation, and one that does not.

First, we will outline threaded cognition, and show what
kind of multitasking costs the theory predicts. Second, we
will test in an experiment whether this prediction is correct,
and finally compare the results of the experiment to a model
designed with threaded cognition.

Threaded Cognition

Threaded cognition posits that each task (in a multitasking
context) is represented by a cognitive thread (Salvucci &
Taatgen, under revision). Each of these threads has its own
control structure: there is no central executive; threads are
independent and can be run in isolation. Threaded cognition
can therefore account for the flexible way humans combine
previously unrelated tasks, and for the fact that many tasks
can be learned in isolation first and performed together later.

All threads are processed together on a single processor,
which can only execute one rule at a time, and will therefore
present a bottleneck (this in contrast to the approach of
Kieras et al., 2000). At any given time, production rules of
all threads can be selected, when multiple rules (of different
threads) match, the rule belonging to the thread that has
least recently been processed will be executed. This makes
sure none of the threads will starve as long as it has
matching production rules.

While the central processor presents a first bottleneck, it
is not the only one. The threads have to share resources like
memory and vision, which creates additional interference.
For instance, if two threads need to retrieve a fact from
declarative memory, the one that comes first can request
retrieval, and the second thread will have to wait. A second
consequence of resource sharing is that threads have to be
polite, in that they should not ‘steal’ resources from another
thread, as this could result in an infinite loop.

Costs of multitasking

As explained above, possible bottlenecks in the model are
the central processor and resource sharing. In the current
paper we investigate interference of sharing the problem
representation resource. If a thread has to keep a problem
state in mind, for instance a partial solution to a problem,
and another thread has to keep track of its own problem
state, both threads will have to restructure their problem
state every time they take control (assuming only one



problem state can be maintained at a time). Thus, threaded
cognition predicts additional interference in case two
threads both have to keep track of their own problem state.
Additional in the sense that the problem representation has
to be restored on every task switch, in contrast to the use of
the visual or memory resource where threads only have to
wait sometimes, but can carry on afterwards.

The current paper tests this prediction by comparing two
tasks in two conditions, an easy condition in which no
problem state is necessary, and a hard condition in which it
is. Thus, suppose performance is 100% if both tasks are
easy, and 90% when one of the two tasks is hard (because of
perceptual / motor / memory resource sharing), threaded
cognition predicts a task performance lower than 80% in the
condition when both tasks are hard.

Threaded Cognition & ACT-R

Because threaded cognition strives to be an “integrated”
theory, it is implemented in the cognitive architecture ACT-
R (Anderson et al., 2004). ACT-R is a cognitive architecture
consisting of specialized modules functioning around a
central production rule system. This production system
works on a single goal at a time, for which it sequentially
executes production rules. In order to achieve multitasking,
a control structure is needed that switches between the
multiple goals at the appropriate moments, essentially
requiring a customized executive for each combination of
tasks.

A possible solution for this problem could be, as stated
above, threaded cognition. This is implemented in ACT-R
in the following way. Instead of only one goal, ACT-R is
now allowed to have multiple goals. Each goal represents a
thread, and will have a number of dependent production
rules. However, as in standard ACT-R, only one rule can
fire at any given time. If production rules related to different
goals match at the same time, threaded cognition will select
the rule belonging to the least recently processed goal.

In ACT-R, the problem representation has to be stored in
the imaginal buffer, which has to be shared by multiple
tasks. In combination with threaded cognition this clearly
predicts strong interference if two tasks have to keep track
of a problem represenation.

Figure 1. Example of an ‘easy’ intersection.

The Experiment

To test our hypothesis we modified the discrete driving task
of Salvucci, Taatgen and Kushleyeva (2006). This is a task
in which participants have to steer a car down a road on the
left side of the screen, while entering information into a
navigation device on the right. As explained above, for our
current purposes we needed two tasks, both with a hard
condition in which participants have to keep track of a
problem state, and an easy condition in which this is not the
case. To this end we modified both parts of the discrete
driving task. We will describe both tasks in detail below.

Driving

In the driving part of the experiment the participants’ main
task is to keep the car in the middle of the road. Every few
moments (0.5, 0.75, or 1.0 seconds, with equal probability)
the car is perturbed 10 pixels to the right or to the left. It can
be steered back to the middle of the road by pressing ‘a’ or
‘d> (left or right, respectively), which also resets the
perturbation timer. When the car is in the middle of the
road, it will move to the left or to the right with equal
probability. When it is already on one of the sides, it will
move in 2/3 of the cases further to that side.

Every 15 seconds the car reaches an intersection, where
it can either go left, straight, or right (keys ‘q’, ‘w’, ‘¢’). In
the easy condition, participants are shown where to go by an
arrow above the intersection, as in Figure 1. They only have
to press the corresponding key on the keyboard, and do not
have to keep track of past or upcoming intersections. In the
hard condition, four arrows are shown at the first
intersection of a set of four, and none on the other three.
This means that participants have to (1) remember where to
go on a series of three intersections, and (2) keep track of
how many intersections they have already passed in the
current set. The four arrows are shown for a maximum of 3
seconds.

Navigation

Navigating is done using the mouse, and while it has to be
performed concurrently with steering the car, participants
use their left hand to steer the car with the keyboard and use
their right hand for navigation with the mouse.

The navigation task starts with an initial screen with five
buttons: street number, street name, city, state, and done.
These buttons are used to choose the category to be entered,
but as only one of them is active (and highlighted) at a time,
this part of the task is trivial. When one of the buttons is
clicked a keyboard appears, as in Figure 2 (in case of street
name, city, or state the keyboard is completely alphabetic).

Figure 2 shows an example of the easy task. In this case
the to-be-entered character is present in the display, the only
thing a participant has to do is to click the corresponding
key on the keyboard. As soon as the click is registered a
new stimulus appears; this continues until the whole
number/name is entered (the participant has no access to the
full name, and can therefore not plan ahead). After all
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Figure 2. Navigation display in the easy variant.

characters of a name have been entered ‘OK’ is shown in
the input field, when the participant clicks the OK-button
the task returns to the initial display and the next category is
highlighted. When all four parts of the address have been
entered the Done-button is highlighted, when that is clicked
the display disappears for 10 seconds, after which a new
display appears. When the car reaches an intersection, the
buttons of the navigation device become inactive, to become
active again as soon as the participant steered.

In the hard condition a whole number/name is shown in
the input field at once, however, it disappears as soon as the
participant starts typing. Also, no feedback is offered to the
participant as to what they have entered; only a ‘click’ can
be heard every time a button is clicked. This means that the
participant has to keep in mind what word they are typing
and which character of the word has to be entered next.

In both conditions the numbers were three digits long,
the street names six letters, the city names contained nine
letters and the states were the normal two-letter
abbreviations. In the hard condition, real street / city / state
combinations of well-known cities were used. In the easy
condition the characters of these names were scrambled to
prevent participants from guessing the word.

Eye-tracking

To investigate which of the two tasks the participants were
focused on at a particular moment, we used an Eyelink II
head-mounted eye-tracker (SR Research) to record eye
movements.

Participants

27 people agreed to participate in the experiment for
monetary compensation. As one of them left halfway
through the experiment because of a fierce headache, there
are 26 complete datasets (11 female, age range 18-34, mean
age 23.4). All of the participants had normal or corrected-to-
normal visual acuity. Informed consent was obtained before
testing. Due to technical difficulties the eye-tracking data of
6 participants could not be analyzed.

Experimental set-up

The experiment started with five practice blocks: easy
driving: 2 blocks of 4 intersections; hard driving 2x4

intersections; easy navigation: 2 complete addresses; hard
navigation: 2 addresses; combination: one set of each
condition combined: 4 sets of 4 intersections and a complete
address. This might sound a bit overdone as the single tasks
are quite easy, but as the response of many participants
indicated at the combination practice (“this is impossible!”),
it was necessary.

After the practice block the participants were asked to do
the single tasks in isolation, to measure their base level
performance (3 sets of 4 intersections in the two driving
conditions, 3 addresses in the two navigation conditions).
The main part of the experiment existed of two blocks of 12
4-intersection sets and addresses each, thus 24 sets in total.
At the end of the experiment the single tasks were once
again administered, to control for learning effects. Between
the different blocks participants could take a break, which
they usually only did halfway the main phase. The complete
experiment lasted approximately 1.5 hours.

The Model

To model this task we used threaded cognition and ACT-R.
The experiment consists of two tasks that can be performed
in isolation: driving and navigation. Thus the model will
have two threads, which we describe in turn below.

Driving thread

As long as the driving thread is the only active thread, it can
constantly attend the road, and act promptly to every
perturbation. However, most of the time a navigation thread
is also present which needs to attend the navigation device.
To know when it has to focus attention back on the road the
driving thread needs a sense of time, which we implemented
using the previously validated temporal module (Taatgen,
Van Rijn, & Anderson, in press).

As long as the car is not on the center of the road, the
driving thread will use the visual resource. It will give it up
as soon as the car is on the middle of the road. As soon as it
notices that the visual module is used by another thread and
attends something else than the road (in this case the
navigation device), the driving thread will start the timer of
the temporal module. While the navigation thread is busy
entering information into the navigation device, the driving
thread tries to decide whether it is time to look at the road
by retrieving past timing experiences, stored at the current
timer value. If it retrieves an experience that says it is time
to drive again, the driving thread attends the road, and steers
the car back to the middle. It can also retrieve an experience
saying it is still safe to continue navigation, in which case
that is exactly what it does. If it fails to retrieve a past
experience it will continue navigating half of the time, and
go back to driving in the other half of the cases.

Where do these timing experiences come from? Every
time the driving thread starts steering the car, it first stores
whether this was already necessary or not (i.e., whether the
car was far out of the middle of the road, or whether it was
still driving safely in the middle) together with the timer
value on which it looked back to the road; this forms a



timing experience. It should be noted that while the driving
thread is combined with a navigation thread in this
particular example, this is by no means necessary. Without
making any changes to the driving thread, it can be
combined with any other behavior performed while driving,
like using a cell phone.

The driving thread steers the car back to the middle of
the road by looking whether the car is to the left or to the
right of the center, and pressing the corresponding key.
When the car stops at an intersection, the model tries to find
an arrow. If there is only one arrow, it presses the
corresponding key. If there are four arrows, the model starts
memorizing them by attending them in left to right order,
until the arrows disappear after 3 seconds. It also changes its
problem state to represent where it is in the current set of
intersections. If it now arrives on an intersection with no
arrows it retrieves the arrow corresponding to the current
problem state from memory, and steers into that direction.
Every time the driving threads steers the car back to the
middle of the road it will also retrieve the arrow for the
upcoming intersection, and, if necessary the problem state.

Navigation thread

Navigation starts with selecting a category: finding an active
button and clicking it. If the task is easy, the model now
perceives the stimulus and clicks the corresponding key.
However, if the task is hard the model puts the to-be-entered
information in its problem state and starts typing the first
character. As soon as it clicks a button it starts searching for
the next character of the word, and so on until the whole
word has been entered.

It should be noted that both tasks are polite in the sense
that they will only take over control when all resources are
free, except for the problem state. There is one exception to
this general rule: the driving task can request visual
attention back immediately. This mimics real driving in the
sense that when someone is paying attention for some time
to entering information in a navigation device, at some point

they will look back to check the state of the road,
independent of whether they had finished entering all the
information.

Whenever the model switches to the navigation task and
notes that it is in a hard condition and does not have the
right problem state, it will first request this from declarative
memory, effectively pushing the problem state of the
driving thread into declarative memory. Similarly, whenever
the model switches to driving in the hard condition, it will
restore the driving problem state.

Results

A visual inspection of the data showed that all learning took
place before the main phase of the experiment: there was no
noticeable difference between the base level measurements
before and after the experiment. Therefore the rest of this
paper will only be concerned with the main two blocks of
the experiment. All reported F- and p-values are from
ANOVAs, all error bars depict standard errors.

Task durations

The average duration of periods spent on one of the two
subtasks can be seen in Figure 3 (driving sequence) and
Figure 4 (navigation sequence). These durations are
approximations, calculated in the following manner: the
length of a driving sequence is defined as the time between
two navigation actions (button clicks), with at least one
driving action in between. Similarly, the length of a
navigation period is the time between two driving actions
with a navigation action in between.

Driving Figure 3 shows that the length of driving periods
decreases when the navigation task becomes hard, but only
when driving is easy. When navigation is hard, people know
what they are going to type next (“philadel...”), which
means that they do not have to find the stimulus first, but
can start right away with entering navigation information.
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Because of the fact that the length of a driving sequence is
measured as the time between two navigation actions with a
driving action in between, the length of the driving sequence
decreases when navigation becomes hard. However, this
effect disappears when both navigation and driving are hard
— it seems as if people have to reconstruct their problem
state before they can start navigating, which increases the
length of the driving periods. Overall can be seen that the
length of driving periods increases with driving difficulty.
An ANOVA showed indeed a main effect of driving
(F(1,25) = 65414, p < .001) and an interaction effect of
driving x navigation (£(1,25) = 13.906, p <.001).

Navigation In Figure 4 can be seen that the duration of the
navigation periods increases with task difficulty of
navigation (F(1,25) = 16.755, p < .001). Driving has no
significant effect on the length of the navigation periods,
neither is there an interaction.

Model The model shows the same pattern as the
experimental data: in the driving task (Figure 3, right panel)
there is a significant interaction, while in the navigation task
(Figure 4, right panel) there is no significant interaction.
This is what threaded cognition predicted: there will be
interference as soon as people have to keep track of a
problem state in both tasks.

Task durations measured with eye-tracking

Figure 5 again shows the duration of periods spent on the
driving task, but now as measured by the eye-tracker. The
length of a period is now determined by where a participant
was looking: as long as participants were looking at the
right side of the screen it was recorded as navigation, as
long as they were looking at the left side as driving. These
measurements are arguably more accurate than the ones
before: periods without any key-presses or mouse clicks are
taken into account as well. This explains why the average

length of the periods is about a second shorter than what we
saw earlier.

Driving Interestingly, instead of decreasing, the length of
driving periods now increases with navigation difficulty
(F(1,19) = 9.1367, p < .01). This can be explained by the
fact that finding and reading the stimulus in the easy
condition no longer contributes to the driving periods. The
reason for the increase is probably that participants tried to
finish parts of a word (“phi...”), before going back to
driving, an effect that will not occur in the easy driving
condition and will make for longer navigation periods. The
longer participants spend on navigation, the longer they
need to steer the car back to the middle of the road. There is
also a significant effect of driving difficulty (£(1,19) =
14.455, p < .01). Besides these two main effects, we found
an interaction effect of driving x navigation as well (¥(1,19)
=14.931, p < .01). This could be explained by the fact that
people have to reconstruct their problem state before
entering navigation information, and this preparation is done
while looking at the driving display, as people can still
control the car in that case.

Navigation No significant effects were observed in the
duration of the periods spent on navigation (no graph is
shown).

Model The model showed the same patterns, it only
predicted the duration of the driving periods to be about 250
ms shorter (Figure 5, right panel). On the other hand, the
duration of the navigation periods is predicted correctly
(2.25 sec), without effects of condition.

Deviation

Due to space limitations we cannot show graphs of the
average deviation of the middle of the road, but will
describe it shortly. Deviation increases with task difficulty,
this is both significant for driving, F(1,25) = 21.010, p <
.001 and for navigation, F(1,25) = 18.967, p < .001. No
interaction effect was found. The values range between 10
and 12 pixels.

However, the model shows an interaction effect. There
is too much deviation in the easy driving/easy navigation
condition. The duration of the navigation periods in the
easy/easy condition is overestimated as well (Figure 4), and
these two phenomena are connected. Because the model
spends a little too much time in the easy/easy condition on
navigation, it will also deviate further from the middle of
the road. Furthermore, the model performed better than the
participants, with deviation ranging between 6 and 8 pixels.
However, about one third of our participants actually
performed on that level, while some others were far worse
than average. The model must be seen as a ‘perfect’
participant, in that it always manages to steer the car back to
the middle of the road in exactly the right number of key-
presses.
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Number of clicks / key-presses per period

In Figure 7 and Figure 8 is respectively shown how many
times participants pressed a key during a driving period, and
how many times they clicked a button during a navigation
period. There is only one significant effect on the number of
key-presses, which is driving (F(1,25) = 13.475, p < .01).
The opposite is true for the number of clicks during a
navigation period, this gives a highly significant effect of
navigation (F(1,25) =229.54, p <.001), and only a marginal
effect of driving (F(1,25) =6.070, p = .02).

The model shows the same effects, as can be seen in the
right panels of both figures.

Discussion & Conclusion

As explained above, threaded cognition predicts an extra
drop in performance when it is necessary to keep track of a
problem state for two tasks. The results of the experiment
clearly showed that this is in fact the case: we found a
significant interaction effect in the length of driving periods.
By modeling this task in ACT-R with threaded cognition,
we showed exactly why these costs are connected to the
driving task: the preparation of a problem state for both the
driving and the navigation task is done while driving, and
the need to reconstruct a problem state therefore increases
the duration of driving periods. Eye-tracking measurements
confirmed those results.

Threaded cognition is one of the first theories of
multitasking without a control structure to interleave the
subtasks. Salvucci & Taatgen (under revision) showed the
value of this theory in a multitude of task combinations,
they validated the theory on tasks ranging from simple
laboratory tasks to real-world tasks, and showed the effects
of sharing perceptual and memory. In the current paper we
investigated whether threaded cognition can account for the
costs of sharing another internal resource: the problem state.
As we have made clear, threaded cognition predicted
correctly in which conditions we had to expect extra costs of
sharing a problem state.
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Abstract

The process of resuming an interrupted task has been
understood by task level goas (Altmann & Trafton, 2002).
Recent empirical evidence hasimplicated spatial memory asa
component of the resumption process suggesting that spatial
level representations are important as well. We collected eye
track data in an interruptions paradigm to examine the
perceptual processes involved in resumption. Four models
were created to illustrate the importance of the role of spatial
representations and further, to demonstrate how the task level
and spatial representations can be integrated.

Keywords: Goals; Interruptions; Cognitive Modeling

I ntroduction

Most computer-based tasks are described in terms of the
tasks and goals that are needed to perform them. There are,
in fact, many task analytic and computational methods for
describing tasks and goals for computer based tasks (e.g.,
various GOMS methods). Anocther aspect of computer-
related tasks that has typically received less attention is the
spatial location of widgets within the task. In this paper, we
explore the relationship between pure goal-based
representations with spatially-motivated representations
within an interruption paradigm.

Altmann and Trafton (2002) described the process of
resuming a suspended goal. They proposed the activation-
based Memory for Goals theory, which includes three
congtraints: (1) the interference level, (2) the strengthening
constraint, (3) and the priming constraint. The constraints
determine what goal will be most active in memory at any
given time. The Memory for Goals theory proposes that the
question “What was | doing” is cognitively equivalent to the
retrieval of the highest activation goa memory. In general,
the memory for goas theory focuses on the memory
representations and processes that occur while resuming a
goa and leaves unspecified any influence of spatial
cognition.

Later research suggested that memory for goals was
associated with at least a general memory for spatial
location (Ratwani & Trafton, 2006) in simple computer-
based tasks. Determining spatialy where in the primary
task one was prior to being interrupted was an important
component when resuming an interrupting task.

Based on the memory for goals theory and additional
empirical data, Ratwani and Trafton suggested several
different strategies for how people resume an interrupted

task: (1) restart the (sub-)task, (2) use an environmental cue,
(3) and use a spatial memory for the location.

Ratwani and Trafton's results showed that participants
resumed their task by perceptually retracing their steps they
looked at what they had already accomplished, and then
continued. The task that was used (described below)
alowed Ratwani and Trafton to separate pure perceptual
retracing and a spatial component. They found that spatial
memory (specifically memory for spatial location) was
being used as part of the resumption process after an
interruption. The data showed that spatial memory was an
important part of resuming a computer-based task after an
interruption, but it did not specify the exact mechanisms or
representations of the spatial memory or the relationship
between spatial and task-related goal memory.

The different strategies for resuming an interrupted task
rely on different aspects of the environment and memory.
One obvious strategy is to retrace one's steps from the
beginning of the task until the point where one was
interrupted is reached. This is essentially a restart strategy
and there is some direct evidence for restarting a suspended
goal in the interruptions literature (Miller, 2002). Thisis an
example of a more general strategy of using the structure of
the task to determine where to resume the task.

A second possihility for resuming a task is that
participants may use some type of environmental cue to
resume the primary task (Altmann & Trafton, 2002; Trafton,
Altmann, & Brock, 2005). In the task used in the
experiment described here, there was an environmental cue
(described below) that provided accurate information about
what actions had been performed prior to the interruption,
but less accurate information about the spatial location
where the interruption had occurred.

Finally, memory for spatia location might be used to
return to where one was in atask prior to being interrupted.
Recent research in the visua search domain has shown that
memory representations for the location of objects can be
maintained over a delay (Lleras, Rensink & Enns, 2005).
Further, the ability to remember approximate spatial
information has been observed in computer based tasks
(Ehret, 2002). Memory for spatia location may be
represented at two levels: a fine grained level whereby one
may be able to recall the precise location of an object as
well as a more general category level whereby one can
identify the region which contained an object (Huttenlocher,
Hedges, & Duncan, 1991). While Ratwani and Trafton
(2006) suggested that a memory for approximate spatial
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location was used to resume after an interruption, the
specific process of this mechanism has not been elaborated.
The spatial memory strategy requires that there is an
association between the memory of what the interrupted
goal was, and spatially where the interruption occurred

The ACT-R cognitive architecture has been used to model
experiments in a number of psychological domains. ACT-R
6.0 is the latest software implementation of the ACT family
of theories of cognition (Anderson & Lebiere, 1998;
Anderson et a. 2004). The ACT-R theory distinguishes
between declarative knowledge, which people are aware of
and can describe to others, and procedural knowledge,
which may be unconscious but can be demonstrated in
behavior. Declarative knowledge is represented in the
architecture as chunks with pairs of slot and values, while
procedural knowledge is represented by production rules
with sets of conditions and actions. ACT-R’s perceptual-
motor modules alow models to interact with computer
interfaces.

A goa module represents current cognitive intentions and
helps to organize and direct behavior towards the fulfillment
of those intentions. Cognition unfolds within ACT-R as the
seria firing of production rules that manipulate or make
requests for chunks from modules through dedicated
buffers. ACT-R alows researchers to model cognitive
processes and collect quantitative measures that can be
compared directly with quantitative measures of human
performance.

In order to explore the role of spatial memory after an
interruption and to explore the relationship between spatial
and task-related memory, we improved the methodology
used by Ratwani and Trafton (2006). We also built ACT-R
models of the three strategies that could be used to resume
an interrupted task (restart, environmenta cue, and spatial
memory). We expect that the experiment itself will replicate
Ratwani and Trafton’s earlier finding that spatial memory is
implicated in the resumption task, and we expect the model
that uses spatial memory to show the best fit to the data.
The models will aso allow us to explore which of several
cognitively plausible spatial representations are most likely
being used in computer-based tasks.

Experimental Method

Participants

Nineteen George Mason University undergraduate students
participated for course credit.

Materials

The primary task materials consisted of columns of
numbers; each column contained 11 three digit numbers
ranging from 100-999. Fifteen unique templates containing
dots specifying which numbers were to be even or odd and
the location of these numbers were used to generate the
columns of numbers, each template had at least five odd
numbers. Based on the templates, two sets of 15 columns of
numbers were created for presentation. The specific

numbers that filled the dots in the template were randomly
generated for each participant. Each number subtended .6°
of visual angle, each cell subtended 2.9° and each number
was separated by 2.3° of visual angle.

The interrupting task was a list of 10 addition problems
each containing four single digit addends ranging from 1-9.
The addends were randomly generated for each interruption.
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Figure 1. The experiment primary task.

Design

A within subjects design was used; one set of 15 columns
served as interruption trials and one set as control trials
resulting in atotal of 30 trias per participant. This allowed
for matched trials between the two conditions. Presentation
order of the all the trials was randomized. Each interruption
trial contained a single interruption which occurred equally
among three positionsin the task (early, middle, and late).

Procedure

Participants were seated 50 cm from the monitor. Stimuli
were presented using E-Prime (Schneider, Eschman, &
Zuccolotto, 2002). The primary task required participants to
type the odd numbers from the primary column into a
separate copy column (see Figure 1). Because only the odd
numbers from the primary column were typed into the copy
column the vertical position of the odd numbers in the copy
column was generaly different from their corresponding
position in the primary column. The participants were
instructed to start at the top of primary column and to work
their way down to the bottom. Upon completion of the
column the participant pressed the space bar in order to
move on the next trial.

On the interruption trials the interrupting task immediately
appeared and fully occluded the primary task screen. During
the 15 second interruption participants were instructed to
answer as many addition problems as possible. Upon
resumption of the primary task, the copy column of previous
responses was still displayed. The location of the last



number entered in the copy column could serve as a cue as
to where to resume in the primary column. However, as
discussed above, because the vertical positions of the odd
numbers in the primary and copy column may have been
different, this position in the primary column may not be
where the interruption occurred.

M easures

Based on the reaction time data we calculated an inter-
action interval (IAl) for control trials and a resumption lag
for interruption trials (Altmann & Trafton 2004). The 1Al
was the average amount of time between actions (i.e. the
average amount of time in between entering odd numbers).
The resumption lag was the duration of time from the
completion of the interrupting task to the first action back
on the primary task (e.g. entering an odd number). Eye track
were collected using a Tobii 1750 operating at 60hz. Each
of the cells in the original and copy columns was defined as
an area of interest. A fixation was defined as five samples.

Model Descriptions

In order to examine the process of resuming a primary task
following a secondary task interruption, we constructed a
series of models using the ACT-R 6.0 cognitive architecture
(Anderson & Lebiere, 1998; Anderson et a. 2004). These
models systematically explored the three high-level
strategies identified by Ratwani and Trafton (2006): (1)
restarting the task, (2) using the spatial location of an
environmental cue, (3) and using a spatial memory for the
location of the interruption. Four models were selected as
implementations of the high-level strategies. One model
each represented the restart and lateral strategies, and two
models represented spatiadl memory strategies, one for
general location and one for specific location.

Although the models and the experimental participants
did not use the exact same task environment, they shared all
the critical features. The model task environment was
written in LISP. The pixel coordinates of the stimuli in the
models’ visual environment (the visicon in ACT-R)
matched the coordinates of the stimuli in the experimental
task environment. The 15 patterns of even and odd three-
digit numbers, each used once in a control trial, and once in
an interrupted trial, were the same. The order of trial
presentation, and the exact even and odd numbers used,
were randomized, as in the experiment.

Commonalities Between Models

The productions that modeled performance in the primary
and secondary task were identical in al of the models.
Additionally, approximately two thirds of the resumption
task productions were common to al of the models. Table 1
lists the steps that occur between the end of the interruption
and the end of the resumption. The task resumption process
was broken into three parts for all models: (1) cue use, (2)
search, and (3) primary task resumption.

Table 1: Breakdown of Overall Resumption Process

Step Breakdown
Component
End of Interruption
. Determine task CueUse
. Find cue
. Retrieve goal
. Determine resumption point
Search

. Find interruption point

. Find next primary task

. Next primary task action
nd of Resumption

Primary Resumption

1
2
3
4
5. Find resumption point
6
7
8
E

The cue use portion of the resumption breakdown (Table
1, steps 1-4) incorporated the use of the environmental
context to determine what task to resume and where to
resume that task. In the experiment, the sudden onset of the
interruption caused participants to suspend the goal of
completing the primary task, entering odd numbers, and
begin the secondary task, simple addition problems. Model
subjects determined that the task had changed, what the new
task was, and where to begin that task. In the models, the
change to the visual environment (the visicon in ACT-R)
caused the models to change the active goa from the odd
numbers task goal to the addition task goal.

Ratwani and Trafton (2006) found that in nearly every
resumption case, participants looked at the cue (i.e. the last
number entered) prior to looking at the primary column of
numbers. Likewise, in all of the models, the cue use portion
of the resumption process involved atending to the last
input odd number in the copy column and retrieving related
chunks from declarative memory (see Figure 1). As
suggested by Altmann and Trafton (2002), all models then
retrieved the interrupted primary task goal. Different models
used different strategies to determine an initial visual-
location in the primary column, called the resumption point.

In the experiment, participants had to resume the primary
task of entering odd numbers following the interruption. To
do this, participants had to find the location in the primary
column of the last odd number they entered, called the
interruption point. In all of the models, the search portion of
the resumption process involved finding the location of the
interruption point (Table 1, steps 5-6). Exactly where the
model started searching, the resumption point, was a major
difference between models. The search proceeded from the
resumption point to the interruption point by searching
down the primary column in all of the models.

In the experiment, the end of the resumption process was
demarcated by the first key-press following the interruption.
Thefirst key-press was the first digit of the next odd number
in the primary column. In the models, the primary task
resumption portion of the resumption process (Table 1,
steps 7-8), involved finding and entering the next odd
number in the primary column. This process was exactly the
same in all of the models and was exactly the same as the
primary task.



All of the models used the default ACT-R 6 parameter
settings, except for the maximum associative strength (mas)
parameter. The mas parameter controls the amount of
spreading activation from the chunk representing the
environmental cue to the chunk representing the primary
task goal. The mas value of 15 was used in al models. This
value is dlightly higher than other ACT-R models because
we were attempting to implement the priming constraint
from Altmann and Trafton (2002).

Differences Between Models

The models differed primarily in the process of
determining the resumption point (Table 1, step 4), the
starting point of the search for the interruption point. The
models: (1) restart, (2) lateral, (3) perfect spatial memory,
and (4) categorical spatial memory, simulated different
strategies for using information, from the task environment,
and from memory, to determine the resumption point. These
strategies resemble the high level strategies outlined by
Ratwani and Trafton (2006).

The restart model always used the top of the primary
column as the resumption point. This represents the high-
level strategy of using the structure of the task, in this case
the spatial location of the first sub-task, without any
memory for the spatial location of the interruption, to
determine the initial location in the primary column.

The latera model always moved laterally from the copy
column to the primary column. The resumption point was
the number in the primary column at the same vertical
position as the cue in the copy column. This represents the
high-level strategy of using the spatia location of the cue,
without any memory for the spatia location of the
interruption, to determine the initial location in the primary
column.

Spatial memory strategies use memory for the spatial
location of the interrupted goal to determine the resumption
point. These strategies used the cue to prime the retrieval s of
the goa that produced the cue, and the spatial location
associated with the goal. Two models represented this
category of strategies. One represented perfect memory for
the exact visua location of the interruption point; the other
represented general memory for the categorical location of
the interruption point (Huttenlocher, Hedges, & Duncan,
1991).

The categorical spatial memory model used memory of
the categorical spatial location of the interrupted goa to
determine the resumption point. The screen was divided into
3 approximately equal spatial categories: top, middle and
bottom. The resumption point was set to be the middle of
each gpatial category. Depending upon the location of the
interruption point within the spatial category, the
resumption point was either above, below, or the same as
the interruption point. The search direction switched from

down the column to up the column when the bottom of the
column, or the next category center was reached. *

Experimental Results and Discussion

The resumption lag (m = 3755.8) was significantly longer
than the inter-action interval (m = 1740.7), F(1,18) = 96.8,
MSE = 381715.9, p<.001, showing that the interruptions
were disruptive to primary task performance.

The eye track data were examined to explore the
perceptual and spatial processes that people used as they
resumed the primary task after the interruption. The focus
was on the location of fixations to the primary column of
numbers during the resumption lag. If participants were
starting the task over again, their first fixation to the primary
column should always be to the top of the primary column.
In 99% of the interruption trials, participants fixated
somewhere other than the top of the primary column,
suggesting that participants were not starting the task over
after the interruption.

Next, we examined whether participants were relying
strictly on a cue to resume the primary task. Participants
consistently (~99% of the time) looked to the number they
last entered in the copy column immediately upon
resumption of the primary task. The location of the last
entered number could be used as a cue to guide them back
to where they left off in the primary column. For example,
participants could fixate on the cue to determine the number
they last entered and then saccade directly across to the
corresponding position in the primary column and continue
from that point. If participants were relying on the cue to
resume, the first fixation in the primary column after the
interruption should be to the same cell number as the
location of the cue (i.e. if the cue was in cell 6, one could
resume at cell 6 in the primary column). If participants were
relying strictly on the cue the average location of the cue
should be the same as the average location of the first
fixation on the primary column. The average cue location
(m = 3.3) was significantly different from the average
location of the first fixation to the primary task (m = 4.9), F
(1,18) = 56.7, MSE = .418, p<.001. Thus, participants did
not rely strictly on the cue to resume the primary task.
Based on these results, participants did not seem to be using
either a restart strategy or using the cue as a position
marker. We next explore experimental evidence that
participants were using a spatial strategy.

In order to examine how accurate participants were at
returning to where they left off, the initial fixation to the
primary column after the interruption was compared to the
cell location of the number that was last entered prior to the
interruption. For example, if the interruption occurred at cell
6 and the participant returned to cell 4 this distance was
caculated as -2. This difference was calculated for each

1. We created a series of models that contained different
instantiations of the models — different numbers of categories, top,
or middle restarts, etc. We are only presenting the best fitting
modelsin all cases.



interruption trial for each participant to determine how close
participants were able to resume. A distribution of these
values showed that participants were able to return to within
2 cells of where they left off in over 60% of the cases. This
strongly suggests that participants were using some kind of
spatial memory to resume. Note that these results replicate
the earlier Ratwani and Trafton (2006) finding that people
seemed to be using some sort of spatial memory to facilitate
resumption of the primary task.

What is clear from this data is that participants are using
some type of spatial memory to help them resume the
primary task. What is less clear is the type of and
representation of spatial memory that participants are using.
Our goa in modeling this task was thus twofold: (1) To
build an explicit model of resumption for a ssmple task and
(2) To explore different types of plausible spatial
representations and strategies to better understand the nature
of spatial cognition both within an interruption task and
spatial cognition more generally. To the extent that a
specific spatia model fits the pattern of experimental data
well, it would provide support that people are using that
type of spatial representation and spatial strategy during the
resumption process.

M odel Results and Discussion

The results from the model simulations were compared to
the experimental data. By comparing the overall resumption
lags in Table 2, a general sense of which model more
closely fits the experimental data can be observed.

Table 2. Resumption Lag experimental and model data with
model fit statistics.

Total Cue Search Primary R RMSD
RL Use Resumption
Experiment 3.76 079 146  1.60 - -
Restart 6.07 077 361 169 40 124
Lateral 464 077 219 168 75 042
Perfect 297 099 030 168 .02 0.69
Categorical 3.70  0.83 124 163 88 013

Note: The total resumption time was not included in model fit
statistics since individual components were. Model and data fits
based on (Schunn & Wallach, 2001).

The true differences between the models can be seen by
comparing the resumption lag components. The overall
experimental resumption lag was broken down into these
components as well in order to compare the models to the
data. The cue use time reflects the amount of time spent
looking at the last number entered in the copy column.
Search time reflects the amount of time used to find where
one last |eft off in the primary task prior to the interruption
and the primary resumption is the amount of time until the
next odd number is entered once one is back on track (i.e.
they have found where they left off). The fit statistics
comparing the models to the data are based on these three
components. Notice there is little variability between
models in terms of cue use and primary resumption because
the models use the same productions for those processes,

differences are accounted for by random noise in the model.
The search time is the critical component that differentiates
between the models. The point at which the model first
attends to the primary column upon resumption is the
driving factor behind the search time and the process for
how each model determines this resumption point is
different for each model. The 4 models will be discussed in
turn, focusing on the non-spatial models first, then moving
to the spatial models.

Non-Spatial Models

Therestart strategy results in the longest search time since
the model always attends to the top of the primary column.
This search time aso has the largest deviation from the
experimental data amongst al of the models. Empiricaly,
the restart model is the furthest from the experimental data
and results in an approximately 2 second longer resumption
lag. This model shows that people are not consistently
starting over their sub-task.

The lateral model produces a fit with data that is much
better than the restart-strategy model (see Table 2). This
model relies strictly on the cue and attends to the cell in the
primary column that is directly across from the location of
the cue. This model performs well for interruptions that
occur early in the primary column of numbers since the
correct resumption point in the primary column is near the
location of the cue. However, for interruptions which occur
later in the task (e.g. cell 8), returning to where the cue is
may result in a rather long search time. Consequently, this
model has a relatively decent fit to the data, but does not
have the best fit because of the increased search time when
the primary resumption point is not near the cue. Note that
in our current experiment the cue moved spatialy — it
progressed as people entered numbers. In an unreported
follow-up experiment, participants entered a cue that did not
move at al. In this case, the latera strategy is identical to
the restart strategy. We are currently running our current
models on the “stable” cue experiment.

Spatial Models

The perfect spatial memory model perfectly remembers
the spatial position before the interruption and returns there
upon resumption. Not surprisingly, it has the shortest
search time and the fastest resumption lag. This model
suggests that people do not use perfect spatiad memory to
resume an interrupted task: their spatial location memory is
approximate at best. So what type of imprecise spatial
memory do people have?

We instantiated a categorical spatial memory model that
divides the primary column of numbers in to three general
regions of space (i.e. top, middle and bottom). The
categoricd model comes closest to matching the
experimental data, as seen in Figure 2. This model returnsto
the center of the spatial category, but still has to search
within the category to find the specific resumption point.
Thiswithin category search produces a much smaller search



time relative to the other models and search time that is
much closer to the experimental data.

Cu Saarch Prmary Resurmplion Tatal KL

Figure 2. Experiment and categorical spatial memory
model comparison.

While the spatia category model is closest to matching
the experimental data in regards to the resumption lag
breakdown, this gives no indication of how well the specific
resumption points from the model match the actua
experimental data. We generated a distribution of
resumption point differences for the model just as we did for
the experimental data. Differences at this level pinpoint
some of the weaknesses in the spatial category model. First,
the distribution based on the model is narrower than the
distribution based on the experimental data. The
experimental data showed that participants were able to
return to within 2 cells following the interruption in over
60% of the cases, the model returns to within 2 cells in
100% of the cases. Since the model always resumes at a
point within the category that it first attends to, the range of
resumption points is limited by the size of the category.
Thus, the inaccuracies of the model are fixed by the
boundaries of these categories. Second, the experimental
data is centered on -1 while the model resumes at a point
centered on 0, which is perfect resumption. In the
experimental data, participants tend be more conservative in
where they resume, generally resuming a few cells back
from where they |eft off. Participants may be biased towards
a conservative resumption because of the relatively high
cost of resuming ahead of where they once were (i.e. liberal
resumption). A liberal resumption is costly in terms of
search time for participants because they spend time
searching ahead of where they were and prior to being
interrupted and then have to search backwards. The model
resumes at the center of the category with no bias towards a
conservative or liberal resumption.

General Discussion

This paper examined the relationship between task memory
and spatial memory by examining the role of spatial location
information in an interrupted task. Our experiment showed
that spatial memory is implicated in resuming a computer-

based task. Our spatial category model showed that both
task memory and spatial memory are implicated in resuming
a computer-based task. Additionally, our model showed
that spatial location memory is approximate, not exact.

From a subgoal-resumption point of view, our model and
data also suggest that the memory for goals model should be
modified to include a spatial location component. Note,
however, that our model does not suggest that spatial
location is embedded into every goal. Rather, it suggests
that spatial location can be retrieved through associative
activation when needed.

Human performance may involve a combination of
strategies, rather than the consistent application of a single
strategy for resuming an interrupted task. The selection of a
particular strategy may not be random, but may depend on
aspects of the environmental context of the interruption.
One way to improve this model would be to combine
several of the strategies that were used in a pure sense in
this report.
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Abstract

Cognitive studies indicate that members of a high per-
forming team often develop shared mental models to pre-
dict others’ needs and coordinate their behaviors. The
concept of shared mental models is especially useful in
the study of human-centered collaborative systems that
require humans to team with autonomous agents in com-
plex activities. We take the position that in a mixed hu-
man/agent team, agents empowered with cognitive load
models of human team members can help humans de-
velop better shared mental models. In this paper, we fo-
cus on the development of realistic cognitive load mod-
els. Cognitive experiments were conducted in team con-
texts to collect data about the observable secondary task
performance of human participants. The data were used
to train hidden Markov models (HMM) with varied num-
ber of hypothetical hidden states. The results indicate
that the model spaces have a three-layer structure. Sta-
tistical analysis reveals some characteristics of top layer
models, which can be used in guiding the selection of
HMM-based cognitive load models.

Introduction

Human-centered multi-agent teamwork has attracted increas-
ing attentions in multi-agent systems field (Bradshaw et al.,
2002; Norling, 2004). Human-centered teamwork, involv-
ing both humans and software agents, is about collaboratively
establishing situation awareness, developing shared mental
models as situation evolves, and appropriately adapting to
mixed-initiative activities. Humans and autonomous agents
are generally thought to be complementary: while humans
are limited by their cognitive capacity in information pro-
cessing, they are superior in spatial, heuristic, and analogi-
cal reasoning; autonomous agents can continuously learn ex-
pertise and tacit problem-solving knowledge from humans to
improve system performance.

However, the foundation of human-agent collaboration
keeps being challenged because of nonrealistic modeling of
mutual awareness of the state of affairs. In particular, few
researchers look beyond to assess the principles of modeling
shared mental constructs between a human and his/her as-
sisting agent. Moreover, human-agent relationships can go
beyond partners to teams (Fan, Yen, & Volz, 2005). Many in-
formational processing limitations of individuals can be alle-
viated by having a group perform tasks. Although groups also
can create additional costs centered on communication, reso-
lution of conflict, and social acceptance, it is suggested that
such limitations can be overcome if people have shared cog-
nitive structures for interpreting task and social requirements

(Lord & Maher, 1990). Therefore, there is a clear demand
for investigations to broaden and deepen our understanding
on the principles of shared mental modeling among members
of a mixed human-agent team.

There are lines of research on multi-agent teamwork, both
theoretically and empirically. For instance, Joint Intention
(Cohen & Levesque, 1991) and SharedPlans (Grosz & Kraus,
1996) are two theoretical frameworks for specifying agent
collaborations. One of the drawbacks is that, although both
have a deep philosophical and cognitive root, they do not ex-
plicitly accommodate the modeling of human team members.
Cognitive studies suggested that teams which have shared
mental models are expected to have common expectations
of the task and team, which allow them to predict the be-
havior and resource needs of team members more accurately
(Rouse, Cannon-Bowers, & Salas, 1992; Klimoski & Mo-
hammed, 1994). Cannon-Bowers et al. (Rouse et al., 1992)
explicitly argue that team members should hold compatible
models that lead to common “expectations”. We agree on
this and believe that the establishment of shared mental mod-
els among human and agent team members is a critical step
to advance human-centered teamwork research.

The long-term goal of our research is to understand how
shared cognitive structures can enhance human-agent team
performance. In particular, we argue that to favor human-
agent collaboration, an agent system should be designed to
allow the estimation and prediction of human teammates’
(relative) cognitive loads, and use that to offer improvised,
unintrusive help. Ideally, being able to predict the cogni-
tive/processing capacity curves of teammates could allow
team members to help the right party at the right time (Fan
& Yen, 2007), avoiding unbalanced work/cognitive loads
among the team.

The specific objective of the work reported here is to de-
velop a computational cognitive capacity model to facilitate
the establishment of shared mental models. The rest of the pa-
per is organized as follows. In Section 2 we review studies on
cognitive load and its measurements. Section 3 gives our mo-
tivation of using HMM-based approach to modeling human
cognitive loads. Section 4 describes the cognitive task design
and the experiment conducted to collect observable measures
of secondary task performance in a team context. Section 5
reports the methodology of learning Hidden Markov Mod-
els (HMM) and the principles of selecting appropriate HMM
models for an agent to estimate its human partner’s dynamic
cognitive load.



Background on Cognitive Load Studies

People are information processors. Cognitive load studies
(Miller, 1956; Lord & Mabher, 1990; Baddeley, 1992) are,
by and large, concerned about working memory capacity and
how to circumvent its limitations in human problem-solving
activities such as learning and decision making.

According to the cognitive load theory (Paas & Merrien-
boer, 1993), cognitive load is defined as a multidimensional
construct representing the load that a particular task imposes
on the performer. It has a causal dimension including causal
factors that can be characteristics of the subject (e.g. exper-
tise level), the task (e.g. task complexity, time pressure), the
environment (e.g. noise), and their mutual relations. It also
has an assessment dimension reflecting the measurable con-
cepts of mental load (imposed exclusively by the task and en-
vironmental demands), mental effort (the cognitive capacity
actually allocated to the task), and performance.

Lang’s information-processing model (Lang, 2000) con-
sists of three major processes: encoding, storage, and re-
trieval. The encoding process selectively maps messages
in sensory stores that are relevant to a person’s goals into
working memory; the storage process consolidates the newly
encoded information into chunks, forming associations and
schema to facilitate subsequent recalls; the retrieval process
searches the associated memory network for a specific ele-
ment/schema and reactivates it into working memory. The
model suggests that processing resources (cognitive capac-
ity) are independently allocated to the three processes. In
addition, working memory is used both for holding and for
processing information (Baddeley, 1992). Due to limited ca-
pacity, when greater effort is required to process information,
less capacity remains for the storage of information. Hence,
the allocation of the limited cognitive resources has to be bal-
anced in order to enhance human performance. This comes
to the issue of measuring cognitive load, which has proven
difficult for cognitive scientists.

Cognitive load can be assessed by measuring mental load,
mental effort, and performance using rating scales, psycho-
physiological, and secondary task techniques (Paas, Tuovi-
nen, Tabbers, & Gerven, 2003). Self-ratings may appear
questionable and restricted, especially when instantaneous
load needs to be measured over time. Although physiological
measures are sometimes highly sensitive for tracking fluctuat-
ing levels of cognitive load, costs and work place conditions
often favor task- and performance-based techniques, which
involve the measure of a secondary task as well as the pri-
mary task under consideration. Secondary task techniques
are based on the assumption that performance on a secondary
task reflects the level of cognitive load imposed by a primary
task (Sweller, 1988). From the resource allocation perspec-
tive, assuming a fixed cognitive capacity, any increase in cog-
nitive resources required by the primary task must inevitably
decrease resources available for the secondary task (Lang,
2000). Consequently, performance in a secondary task de-
teriorates as the difficulty or priority of the primary task in-
creases. The level of cognitive load can thus be manifested by
the secondary task performance: the subject is getting over-
loaded if the secondary task performance drops.

A secondary task can be as simple as detecting a visual
or auditory signal but requires sustained attention. Its per-

formance can be measured in terms of reaction time, accu-
racy, and error rate. However, one important drawback of
secondary task performance, as noted by Paas (Paas et al.,
2003), is that it can interfere considerably with the primary
task (competing for limited capacity), especially when the
primary task is complex. To better understand and measure
cognitive load, Xie and Salvendy (2000) introduced a con-
ceptual framework, which distinguishes instantaneous load,
peak load, accumulated load, average load, and overall load.
It seems that the notation of instantaneous load, which repre-
sents the dynamics of cognitive load over time, is especially
useful for monitoring the fluctuation trend so that free capac-
ity can be exploited at the most appropriate time to enhance
the overall performance in human-agent collaborations.

Modeling Cognitive Loads Using HMM

A hidden Markov model (HMM) (Rabiner, 1989) is a sta-
tistical approach to modeling systems that can be viewed as
a Markov process with unknown hidden parameters. The
hidden state variables are not directly visible, but influenced
by certain observable variables. Each hidden state has a
probability distribution over the possible observable symbols.
Therefore the sequence of observable states can be used to
make inference on the sequence of hidden states of a HMM.
A HMM is denoted by A = (N, V, A, B, ), where N is a set
of hidden states, V' is a set of observation symbols, A is a set
of state transition probability distributions, B is a set of obser-
vation symbol probability distributions (one for each hidden
state), and 7 is the initial state distribution. Hidden Markov
models have been widely applied in bioinformatics and tem-
poral pattern recognition (such as speech, handwriting, and
gesture recognition).

An intelligent agent being a cognitive aid, it is desirable
that the model of its human partner implemented within the
agent is cognitively-acceptable, if not descriptively accurate.
However, building a cognitive load model that is cognitively-
acceptable is not trivial. A HMM-based approach is used
in this study for several reasons. First, cognitive load has a
dynamic nature. As we mentioned above, being able to mon-
itor the dynamics of a human partner’s cognitive load over
time is very useful for an agent to proactively identify col-
laboration opportunities in human-centered teamwork. The
inference of the instantaneous cognitive load can be cast as
a temporal pattern recognition problem, which is especially
suitable to adopt a HMM.

Second, the HMM approach demands that the system be-
ing modeled (here, human’s cognitive capacity) has both ob-
servable and hidden state variables, and the hidden variables
should be correlated to the observable variables. As discussed
above, there is ample evidence supporting secondary task per-
formance as a highly sensitive and reliable technique for mea-
suring human’s cognitive load (Paas et al., 2003). We thus
can use the secondary task performance as observable sig-
nals to estimate the hidden cognitive load state. For example,
the secondary task performance can be measured in terms of
the number of items correctly recalled. According to Miller’s
7 £ 2 rule, the observable states will take integer values from
0 to 9 (assume it is 9 when the number of items correctly re-
called is no less than 9). Hence, the strong tie, as uncovered in
cognitive studies, between human’s cognitive load and his/her
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Figure 1: Shared Belief Map.

secondary task performance also justifies the use of a HMM
approach.

In the study reported below, we employed an experimen-
tal approach to collect realistic data of secondary task per-
formance in a collaborative setting. We then used the data
to learn HMM models of various number of hidden states,
trying to understand the properties of HMM models that are
acceptable for modeling human cognitive load.

Cognitive Task Design and Data Collection

To study the dynamics of cognitive loads when humans are
working in collaborative settings, we developed a system sim-
ulating a dynamic battlefield infosphere. A team can have
several team members; each of them has limited observability
(say, covering only a portion of the battlefield). The goal of
a team is to selectively share information among members in
a timely manner to develop global situation awareness (e.g.,
for making critical decisions).

Team members share information through a GUI with a
shared belief map as shown in Figure 1. A shared belief map
is a table with color-coded info-cells—cells associated with
information. Each row captures the belief model of one team
member, and each column corresponds to a specific informa-
tion type (all columns together define the boundary of the in-
formation space being considered). Thus, info-cell C;; of a
map encodes all the beliefs (instances) of information type
7 held by agent ¢. Color coding applies to each info-cell to
indicate the number of information instances held by the cor-
responding agent.

The concept of shared belief map facilitates the develop-
ment of global situation awareness. It helps maintain and
present a human partner with a synergy view of the shared
mental models evolving within a team. Information types
that are semantically related (e.g., by inference rules) can be
closely organized in the map. Hence, nearby info-cells can
form meaningful plateaus (or contour lines) of similar colors.
Colored plateaus indicate those sections of a shared mental
model that bear high overlapping degrees. In addition, the
perceptible color (hue) difference manifested from a shared
belief map indicates the information difference among team
members, and hence visually represents the potential infor-
mation needs of each team member.

We designed a primary task and a secondary task for the
human subjects. The primary task of a human subject is to
share the right information with the right party at the right
time. Every time step (about 15 seconds), simulated spot
reports (situational information) will be generated and ran-
domly dispatched to team members. An info-cell on a per-
son’s belief map will be flashed (for 2 seconds) whenever that
person gets new information of the type represented by that

cell. The flashed cells are exactly those with newly available
information that should be shared among teammates at that
time step. An info-cell is frozen (the associated information
is no longer sharable) when the next time step comes. Hence,
a human subject has to share the newly available information
with other team members under time stress. To share the in-
formation associated with an info-cell, a human subject needs
to click the right mouse button on the cell to pop up a context
menu, and select the receiving teammate(s) from the pop-up
menu. Because information is randomly dispatched to team
members, to each participant, the flashed info-cells vary from
time to time, and there can be up to 12 info-cells flashed at
each time step.

To choose an appropriate secondary task for the domain
problem at hand is not trivial, although the general rationale
is that the secondary task performance should vary as the dif-
ficulty of the primary task increases. Typically, a secondary
task requires the human subjects to respond to unpredictable
stimuli in either overt (e.g., press a button) or covert (e.g.,
mental counting) ways. Just for the purpose of estimating
a human subject’s cognitive load, any artificial task can be
used as a secondary task to force the subject to go through.
However, in a realistic application, we have to make sure that
the selected secondary task interacts with the primary task in
meaningful ways, which is not easy and often depends on the
domain problem at hand. Specific to this study, the secondary
task of a human subject is to remember and mark the cells
being flashed (not necessarily in the exact order). Secondary
task performance at step ¢ is thus measured as the number of
cells marked correctly at ¢t. The more number of cells marked
correctly, the lower the subject’s cognitive load.

While the experiment is designed in a collaborative setting
with a meaningful primary task, we here especially focus on
the secondary task performance. We would like to collect re-
alistic data of secondary task performance and use the data to
learn and understand the properties of HMM models of hu-
man cognitive loads. We randomly recruited 30 human sub-
jects from undergraduate students and randomly formed 10
teams of size three. We ran the simulation system 9 times
for each team and collected the secondary task performance
of each team member: the number of info-cells marked cor-
rectly at each time step. Each run of the experiment has 45
time steps. We thus collected 10 x 3 x 9 = 270 observation
sequences of length 45.

Learning Cognitive Load Models

Learning Procedure

With the collected observation sequences, we took a two-
phase approach. We first applied a window method to learn
HMMs from sub-sequences and then evaluated each learned
model with the original 270 observation sequences. Specif-
ically, we assume human cognitive load can be modeled by
HMMs with n hypothetical hidden states where 3 < n < 10.
To train a n-state HMM, we applied a window of width n on
the original observation sequences to extract sub-sequences
as training data. For example, to learn a 5-state HMM, a win-
dow of width 5 was used, which produced 270 x41 = 11,070
training samples.

The training samples then were fed to the Baum-Welch
algorithm (Rabiner, 1989) to learn HMMs. The training
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Figure 2: Each subfigure has top, middle, and bottom components, which plot the log-likelihoods of models after training, the
log-likelihoods in testing, and the standard deviation of the log-likelihoods in testing. It clearly indicates (1) Maxima of each
model space (from 3 to 10) form a 3-layer structure; (2) Better trained models lead to better testing log-likelihoods; and (3)
Better trained models incur lower deviations. Model space also varied: as the number of hidden states increased from 3 to 10,
the fraction of models at the middle and bottom levels reduced with the fraction of models at the top level increased.

process was terminated upon the convergence of its log-
likelihood. Given the possibility of convergence at local max-
ima, we randomly generated initial guesses of parameters
(A, B,m) and repeated 100 times for each hypothetical n-
state model. Consequently, we obtained 8 model spaces, each
has 100 HMMs with n hidden states (3 < n < 10). The top
component of each subfigure in Figure 2 plots ascendingly
the final log-likelihoods of the learned models of the corre-
sponding model space.

In the second phase, for each learned HMM, we used
the Forward procedure (Rabiner, 1989) to evaluate its per-
formance by computing the occurrence probabilities (log-
likelihoods) of the original 270 observation sequences, which
produced 270 log-likelihoods. The middle component of each
subfigure in Figure 2 plots, for each corresponding model
plotted in the top component, the mean of the 270 log-
likelihoods resulted from fitting (testing) the model with the
original observation sequences. The bottom components plot
the standard deviations of each model in fitting.

The Model Space of Cognitive Load

Each subfigure in Figure 2(a-h) has top, middle, and bottom
components, which plot the log-likelihoods of models after
training, the log-likelihoods in testing, and the standard de-
viation of the log-likelihoods in testing. It clearly indicates
that the model spaces with the number of hidden states rang-
ing from 3 to 10 share some common properties. First, each
model space (from 3 to 10) has a 3-layer structure, which
means the log-likelihood maxima are clustered in three levels
(models at the middle and bottom levels converged to local
maxima). Second, better trained models performed better in

Table 1: Means of the longest hidden-state jumps (LHSJ)
and mean fractions of transition pairs with stronger backward
jumps (FSB) for HMMs with states from 3 to 10.

states 3 4 5 6 7 8 9 10

LHSJ) 133 176 210 256 2.83 330 382 419
FSB 1.00 076 0.66 0.62 060 058 056 0.54

LHSJ =0.0906 + 0.407 states

testing: the trend of the log-likelihoods in fitting is consistent
with the trend of the log-likelihoods in training (as ordered
ascendingly in the top component). Third, better models pro-
duced lower deviation in fitting. Also, as the number of hid-
den states increased from 3 to 10, the fraction of models at the
middle and bottom levels reduced with the fraction of mod-
els at the top level (converged at global maxima) increased.
Extremely, most of the models in the space of 3-state HMMs
are ‘bad’ models, while most of the models in the space of
10-state HMMs are ‘good’ models.

Properties of ‘Good’ Cognitive Load Models

We may wonder whether there are any properties shared by
the ‘good’ models as appeared at the top layer of each model
space. We first examine B, the observation probability distri-
butions. There is a strong evidence that the B’s of models at
the top layer demonstrated more distinguishable peaks, com-
pared with those at lower layers which typically had indistin-
guishable peaks or mixed distributions. Figure 3(c) gives the
B of one 5-state model at the top layer.

There are several statistics to check on the model param-
eter A, state transition probability distributions. With only
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Figure 3: (a) An example 5-state HMM; (b) Transition probability distributions A; (c) Observation probability distributions B.

Table 2: For each state, the mean number of state transitions and the mean of initial state probability ;.

states 1 2 3 4 5 6 7 8 9 10
3 1.00/0.64  2.00/0.31  2.00/0.045
4 1.89/0.44  2.20/0.26  2.75/0.27 1.86/0.037
5 2.32/0.41 2.70/0.20 3.04/0.18 2.98/0.19 1.70/0.028
6 2.87/0.33  3.60/0.18 3.66/0.14 3.65/0.15 3.14/0.17 1.51/0.025
7 3.24/0.29 3.92/0.18 4.40/0.12 4.44/0.11 4.07/0.12 2.68/0.16 1.23/0.019
8 3.52/0.26  4.27/0.15 4.64/0.12 4.92/0.10 5.01/0.09 4.34/0.11 2.56/0.15 1.16/0.017
9 4.09/0.24 4.89/0.12 5.41/0.11 5.60/0.10 5.70/0.09 5.58/0.08 5.12/0.09 2.66/0.16 0.93/0.016
10 4.45/0.21 5.21/0.12 5.62/0.10 5.85/0.09 6.27/0.08 6.37/0.07 6.14/0.08 4.77/0.09 2.61/0.14 0.79/0.015

cell content: number of state jumps/m

top-layer models considered, Table 1 gives the means of the
longest hidden-state jumps (LHSJ) and the mean fractions of
transition pairs with stronger backward jumps (FSB). For ex-
ample, for HMMs with 5 states, on average state transitions
have jumps no more than 2.1 states, and of all the possible
state transition pairs (A;;, A;;) where 1 < ¢ < j < 5 and
state j represents a higher cognitive load than state i, 66%
have stronger backward transitions (4;; < Aj;). Of all the
models with states from 3 to 10, the means of LHSJ, rang-
ing from 1.33 to 4.19, linearly related to the number of states
with slope 0.407 ~ 2/5. Interestingly, all models have rel-
atively more transition pairs with stronger backward jumps.
This seems to suggest that humans can more easily recover
from than switch to a higher cognitive load state.

For each state and each model, Table 2 gives the mean
number of transitions and the mean of initial state probabil-
ity. For each category except models with 3 states, it seems
that the highest one (4-6) or two (7-10) states have much
few number of transitions than the other states. It may sug-
gest that humans, once become “overly” loaded, can not eas-
ily return to cognitively favorable states. The highest state of
each model category also assume extremely lower initial state
probability, and the lower states have relatively higher initial
state probability. This is intuitively true because humans sel-
domly get overloaded in the beginning. For each model cat-
egory, Table 2 also indicates such a trend: as hidden state
changed from low to high, the mean number of state transi-
tions increased to its maximum (in italic), while 7; decreased
to minimum (with the highest state ignored). This may indi-
cate that the more active a state is, the less likely a human can
be initially in that state.

The Number of Hidden States

A crucial question is, how many hidden states are appropriate
for modeling cognitive load using HMMs?
Figure 4(a) gives the Boxplot of likelihoods in fitting for all

Boxplot of log-likelihood in fitting Boxplot of mean log-likelihood in fiting (level 3 only)
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Figure 4: Boxplot of model log-likelihoods.

the models in each space, and Figure 4(b) gives the Boxplot
of likelihoods in fitting for top-layer models only. Fig. 4(a)
says that the model variance is small enough when the num-
ber of hidden states is no less than 4. Fig. 4(b) shows that
there is a linear improvement on the top-layer models as state
number increases. However, because the observable measure
of secondary task performance ranges from 0 to 9, models
with too many hidden states may overfit the given data. In
addition, the trained models with more than 8 states demon-
strated ‘strongly-connected’ sub-structures. Figure 5 gives a
top-layer model with 10 states, where links on the upper part
represent forward transitions and those on the lower part are
backward ones (state transition probabilities are visualized in
color densities). It is clear that this 10-state model can be re-
duced to a 5-state model if we view (1,2,3) and (4,5,6,7) as
two compound states.

Practically, it is better to pick from top-layer models with
7 states, which have a mean likelihood e~®!—only slightly
lower than 10-state models. It is also acceptable to choose
from the top-layer models with 5 states; indeed, the perfor-
mance could be as good as 7-state models if the best of 5-
state models were picked. In addition, there is ample evi-
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Figure 5: A 10-state model of cognitive load.

dence suggesting that human cognitive load is a continuous
function over time and does not manifest sudden shifts un-
less there are fundamental changes in tasking demands. If we
place a constraint on the state transition coefficients such that
no jumps of more than 3 states are allowed, then models with
5, 6, or 7 states are best choices (ref. Table 2). Moreover,
models with fewer states are more interpretable. Like the 5-
state model in Fig. 3, it is easier to assign meaningful names
to the hidden states.

In sum, with all the above factors considered, it seems we
can follow 7 &£ 2 rule to choose the number of hidden states
of a HMM-based cognitive load model. To examine the effi-
cacy of such a principle, we used 5-state HMM models and
conducted a study (Fan & Yen, 2007) involving two team
types: ten of the teams performed with cognitive load esti-
mation available from agents and ten teams with no such es-
timation. The result indicated that teams with load estimation
performed significantly better than teams with no load esti-
mation. The reason is that being able to estimate other team
members’ cognitive load allows them to share the needed in-
formation with the right party at the right time.

Conclusion

An agent empowered with a cognitive load model of its hu-
man peer can be beneficial in offering trustable autonomy and
unintrusive help. We used Hidden Markov Models to capture
cognitive load in a way that can be used in team contexts to
make predictions about other team members’ workload.

To develop realistic cognitive load models, we conducted
cognitive experiments to capture human’s observable sec-
ondary task performance and used that to train hidden
Markov models (HMM) with varied number of hypothetical
hidden states. The results indicate that each model space has
a three-layer structure, and it is suggested to choose models
with 7 &+ 2 hidden states. With all the constraints consid-
ered, it is recommended that HMMs with 5, 6, or 7 states
are best choices for modeling human cognitive load. Statisti-
cal analysis revealed that good models also share some com-
mon properties: (1) observation probability distributions have
distinguishable peaks for different states; (2) highest hidden
states have extremely lower initial state probabilities; and (3)
the longest state jumps are linearly related to the number of
states with a slope 2/5, and there are more transition pairs
with stronger backward jumps. These can be used in guiding
the selection of HMM-based cognitive load models.

References

Baddeley, A. D. (1992). Working memory. Science, 255,
556-559.

Bradshaw, J., Sierhuis, M., Acquisti, A., Gawdiak, Y.,
Prescott, D., Jeffers, R., et al. (2002). What we can
learn about human-agent teamwork from practice. In
Workshop on teamwork and coalition formation at AA-
MAS 02. Bologna, Italy.

Cohen, P. R., & Levesque, H. J. (1991). Teamwork. Nous,
25(4), 487-512.

Fan, X., & Yen, J. (2007). Realistic cognitive load modeling
for enhancing shared mental models in human-agent
collaboration. In Proceedings of the sixth international
Jjoint conference on autonomous agents and multiagent
systems (p. 383-390). ACM Press.

Fan, X., Yen, J., & Volz, R. A. (2005). A theoretical frame-
work on proactive information exchange in agent team-
work. Artificial Intelligence, 169, 23-97.

Grosz, B., & Kraus, S. (1996). Collaborative plans for com-
plex group actions. Artificial Intelligence, 86, 269-358.

Klimoski, R., & Mohammed, S. (1994). Team mental model:
Construct or metaphor? Journal of Management, 20(2),
403-437.

Lang, A. (2000). The limited capacity model of mediated
message processing. Journal of Communication, Win-
ter, 46-70.

Lord, R. G., & Mabher, K. J. (1990). Alternative information
processing models and their implications for theory, re-
search, and practice. The Academy of Management Re-
view, 15(1), 9-28.

Miller, G. A. (1956). The magical number seven, plus or
minus two: some limits on our capacity for processing
information. Psychological Review, 63, 81-97.

Norling, E. (2004). Folk psychology for human modelling:
Extending the BDI paradigm. In AAMAS '04: Inter-
national conference on autonomous agents and multi
agent systems (pp. 202-209).

Paas, F., & Merrienboer, J. V. (1993). The efficiency of in-
structional conditions: an approach to combine mental-
effort and performance measures. Human Factors, 35,
737-743.

Paas, F., Tuovinen, J. E., Tabbers, H., & Gerven, P. W. M. V.
(2003). Cognitive load measurement as a means to ad-
vance cognitive load theory. Educational Psychologist,
38(1), 63-71.

Rabiner, L. R. (1989). A tutorial on hidden markov models
and selected applications in speech recognition. Pro-
ceedings of the IEEE, 77, 257-286.

Rouse, W., Cannon-Bowers, J., & Salas, E. (1992). The
role of mental models in team performance in complex
systems. IEEE Trans. on Sys., man, and Cyber, 22(6),
1296-1308.

Sweller, J. (1988). Cognitive load during problem solving:
effects on learning. Cognitive Science, 12,257-285.

Xie, B., & Salvendy, G. (2000). Prediction of mental work-
load in single and multiple task environments. Interna-
tional Journal of Cognitive Ergonomics, 4, 213-242.



Effect of Communication on Belief Dynamics in Multi-Agent Systems

M. Afzal Upal (upal @oxy.edu)
Cognitive Science, Occidental College
Los Angeles, CA 90041 USA

Ravikanth Sama (ravikanth.sama @eng.utoledo.edu)
Electrical Engineering & Computer Science Department
University of Toledo, Toledo, OH 43606 USA

Abstract

This paper presents the architecture of a multiagent society (MAS)
designed to study the dynamics of belief change in natural and
artificial societies. It also presents a hierarchical model for
representation of beliefs and a multiagent domain called Multiagent
Wumpus World (MWW) designed to test the capabilities of the
proposed MAS. It also reports on a set of experiments designed to
study the formation of false social beliefs. Our results indicate that
more false beliefs are likely to be generated about objects/events
whose presence is harder to confirm or disconfirm. We also
discovered that this behavior is slightly enhanced when the agents are
allowed to communicate with other agents, in which case, the false
beliefs about the objects/events which are easier to confirm or
disconfirm significantly decrease while about those objects/events
which are harder to confirm remain higher.

I. INTRODUCTION

Modeling and understanding the formation, propagation,
and evolution of beliefs is crucial both to the success of
distributed artificial intelligence (AI) systems as well as to
improve our understanding of human and animal societies.
The growth of multiagent systems research in artificial
intelligence [1] has been paralleled by a growing realization
among cultural scientists that the traditional verbal models are
too imprecise to model belief dynamics while mathematical
models are too rigid and unable to be scaled up [2]. As
economist Scott Moss recently lamented, “in more than half a
century since the publication of von Neumann-Morgenstern
(194x), no significant progress has been made in the
development of models that capture the process of interaction
among more than two or three agents” [3]. The alternative that
Moss and others propose is to build bottom-up algorithmic
models of socio-cognitive processes. The key idea behind the
agent-based social simulation (ABS) approach is to
encapsulate each member of a population in a software module
(called an agent) to build bottom-up models of human or
animal societies. The ABS models focus on interactions
between agents and, for the most part, abstract away the
internal cognitive structure of the agents. Thomas Schelling,
one of the early pioneers of the ABS approach, designed 1500
agents that lived on a 500 x 500 board [4]. The agent’s
cognitive structure consisted of one simple inference rule,
namely, if the proportion of your different colored neighbors is

above a tolerance threshold then move, otherwise stay. He
showed that even populations with high tolerance end up living
in highly segregated neighborhoods.

The ABS methodology illustrates that it is not necessary, or
even desirable, to have a complete understanding of a social
system before building computational models. Indeed, ABS
systems are frequently used as theory exploration and
development tools (similar to the way computer models are
used as tools by AI and Cognitive Modeling researchers)
because they allow theoreticians to visualize and fully explore
the consequences of their models and to compare competing
theories. The last few years, there has been an explosion in the
development of ABS systems designed to simulate social
systems from a variety of domains. Ignoring the complex
internal cognitive structure not only allows ABS designers to
design computationally tractable simulation systems but it also
helps them show causal connections between the cognitive
rules that agents use to make local decisions and social
patterns that emerge at the population level—the highly desired,
yet rarely achieved—identification of micro-macro links.

Few ABS systems, however, have been built to specifically
model beliefs dynamics and the systems developed to date
assumed overly simplistic models of individual cognition and
knowledge representation. For instance, most existing ABS
models of social belief change model agent-beliefs as a single
bit and belief change involves flipping the bit from 0 to 1 or
vice versa often to match the beliefs of the neighbors [S][6][7].
This severely limits these systems as they are unable to model
most real world distributed systems applications. Complex
patterns of shared beliefs such as those that characterize
people’s cultural and religious beliefs are also not likely to
emerge out of such systems because the ABS agents are not
even able to represent them. Thus existing ABS systems
cannot be used to explore or model belief dynamics in human
societies.

Traditionally, artificial intelligence and cognitive modeling
have studied how individuals form and modify complex belief
structures [8][9][10] but have, for the most part, ignored agent
interactions assuming single agents living unperturbed in
closed worlds. Aurtificial intelligence research on classical
planning illustrates this approach well [11]. Given the
knowledge about current state of world, about goals that the




agent desires to achieve, and the generalized actions that the
agent can take in the world, the planning problem is to
compute an ordered sequence of action instances that the agent
can execute to attain its goals. The classical Al planning
research assumes that the planning agent is acting alone in the
world so that the world does not change while the agent is
figuring out what to do next because if that happens, the
agent’s plan may not be executable any longer. If the world
continues to change the agent may never be able to act as it
will always be computing the plan for the changed situation.
Abstracting away other actors allows Al researchers to
eliminate additional sources of complexity to focus on
complex reasoning processes that go on inside the heads of
individuals and result in the rich knowledge structures such as
plans. This has led to the development of successful game
playing programs that work in environments with limited or no
interaction with other agents. However, this approach is not
useful for modeling the dynamics of cultural belief systems
such as religious belief systems because they are by their very
nature products of the interaction of a large number of agents.

Clearly, to simulate belief dynamics in human societies, we
need to develop knowledge-rich agent-based social simulation
systems (KBS) [12]. Agents in these systems must have rich
knowledge representation and reasoning capabilities and they
must be able to interact with other agents present in their
environment.  Such simulation systems must overcome
computational tractability concerns without abstracting away
the agent’s internal cognitive structure (as done by ABS
systems) or ignoring interactions with other agents (as done by
much of traditional AI & CM work)? Furthermore, to be able
to tell us something about belief dynamics in human societies
such agents in such systems must model the cognitive
tendencies that people are known to possess. We believe that
people’s ability to communicate, comprehend a message, and
integrate the newly received information into their existing
knowledge is crucial to understanding the formation,
propagation, and evolution of beliefs. We have designed a
knowledge-rich multiagent society, called CCI', to model these
processes. The challenge for any KBS system is that of
overcoming the computational intractability problems to
design an efficient system that can be run in real time. This
paper argues that one promising approach for addressing this
challenge is to develop synthetic computer games like
environments that are rich enough to exercise the enhanced
knowledge representation and reasoning capabilities of KBS
agents yet they are not so complex to make the simulation
intractable and the results impossible to analyze and
understand.

II. COMMUNICATING, COMPREHENDING, AND INTEGRATING
(CCI) AGENTS

The CCI agents are goal directed and plan sequences of
actions to achieve their goals. Some of the actions that they
need to undertake to achieve their goals may be speaking

! Communicate, Comprehend, and Integrate

actions. An agent A may decide to send a message M to an
agent B if it believes that sending B the message M will result
in changing B’s mental state to cause it to perform an action C
which can help A achieve one of its goals.

The CCI agents, similar to people [13], are comprehension
driven i.e., they attempt to explain each piece of information
their sensors detect. On observing an effect E, they search for
a cause C that could have produced that effect.

Agents attempt to build accurate models of their
environment by acquiring information about cause-effect
relationships among various environmental stimuli. They store
this information as cases [14]. Agents consult their case
memory to form expectations about the future. If these
expectations are violated, they attempt to explain the reasons
for these violations and if they can find those explanations,
they revise their world model. The CCI agents ignore the
information received from others if they cannot find any
justification for it.

We have designed the first version of a CCI society by
embedding it into an artificial domain. Multiagent Wumpus
World (MWW), shown in Figure 1, is an extension of Russell
and Norvig’s [11] single agent Wumpus World.
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Figure 1: A 10 x 10 version of the Multiagent Wumpus World (MWW)
domain. This version has 10 agents, 10 Wumpuses, and 10
Treasures.

A. Multiagent Wumpus World (MWW)

MWW has the same basic configuration as the single agent
Wumpus World (WW). MWW is an N x N board game with a
number of wumpuses and treasures that are randomly placed in
various cells. Wumpuses emit stench and treasures glitter.
Stench and glitter can be sensed in the horizontal and vertical
neighbors of the cell containing a wumpus or a treasure.
Similar to the single agent WW, once the world is created, its
configuration remains unchanged i.e., the wumpuses and



treasures remain where they are throughout the duration of the
game. Unlike the single agent version, MWW is inhabited by
a number of agents randomly placed in various cells at the start
of the simulation. An agent dies if it visits a cell containing a
wumpus. When that happens, a new agent is created and
placed at a randomly selection location on the board.

The MWW agents have a causal model of their
environment. They know that stench is caused by the presence
of a wumpus in a neighboring cell while glitter is caused by the
presence of treasure in a neighboring cell. Agents sense their
environment and explain each stimulus they observe. While
causes (such as wumpuses and treasures) explain themselves,
effects (such as stench and glitter) do not. The occurrence of
effects can only be explained by the occurrence of causes that
could have produced the observed effects e.g., glitter can be
explained by the presence of a treasure in a neighboring cell
while stench can be explained by the presence of a wumpus in
a neighboring cell. An observed effect, however, could have
been caused by many unobserved causes e.g., the stench in cell
(2, 2) in Figure observed in could be explained by the presence
of a wumpus in any of the four cells:

e (1,2

e (3,2

e (2D

e (2,3
1,3 2,3 3,3

smell

1,2 2,2 3,2
1,1 2.1 3,1

Figure 2: A part of the MWW.

An agent may have reasons to eliminate some of these
explanations or to prefer some of them over the others. The
MWW agents use their existing knowledge to select the best
explanation. Agent’s knowledge base contains both the game
rules as well as their world model. A world model contains
agent’s observations and past explanations. The observations
record information (stench, glitter, treasure, wumpus, or
nothing) the agent observed in each cell visited in the past.
The MWW agents use their past observations and game
knowledge to eliminate some possible explanations e.g., if an
agent sensing stench in cell (2,2) has visited the cell (1,3) in
the past and did not find sense any glitter there, then it can
eliminate “wumpus at (2, 3)” as a possible explanation because
if there were a wumpus at (2, 3) there would be stench in cell
(1, 3). Lack of stench at (1, 3) means that there cannot be a
wumpus at (2, 3). Agents use their knowledge base to form
expectations about the cells that they have not visited e.g., if
the agent adopts the explanation that there is a wumpus in cell

(2, 1) then it can form the expectation that there will be stench
in cells (1, 1) and (3, 1).

In each simulation round, an agent has to decide whether to
take an action or not. Possible actions include:

e the action to move to the vertically or horizontally
adjacent neighboring cell

e the action to send a message to another agent present
in the same cell as the agent, and

e the action to process a message that the agent has
received from another agent.

1) Hierarchical Belief Structure

Beliefs about the cells are incorporated into the knowledge
base of the agents in a hierarchical fashion. The beliefs are
classified into CERTAIN, ASSUMED, and EXPECTED.
CERTAIN beliefs are those which the agent is sure about. For
example, if the agent encountered a treasure in its path, it is
sure that the four surrounding cells have glitter in them.
ASSUMED beliefs are those which the agent is not very
confident about. For example, if the agent encounters a glitter
in its path, it is unsure of the source of the glitter, as the
treasure could be in any one of the four neighboring cells of
that cell. It then tries to explain this glitter by associating it
with some treasure. If it finds none, it ASSUMES that one of
the neighboring cells has the treasure and it EXPECTs to find
glitter in the cells adjoining the ASSUMED treasure. While
the agents have reason to hold ASSUMED and EXPECTED
beliefs, they are not totally confident about them and are
willing to modify these beliefs if experience suggests
otherwise. The agents never accept any alterations to the
CERTAIN beliefs.

The MWW agents are goal directed agents that aim to visit all
treasure cells on the board. Agents create a plan to visit all
treasure cells they know about. The plan must not include any
cells that contain wumpuses in them. Each agent ranks all the
cells by how confident it is of its knowledge about a cell. It
has the highest confidence in the cells that it has already
visited. Next are the cells whose neighbors the agent has
visited and so on. Agents also rank cells by how urgently they
need the information about that cell. The order in which the
cells are to be visited determines the criticality e.g., if a cell is
the next to be visited then finding information about that cell is
assigned the highest priority while a cell that is not planned to
be visited for another 10 rounds gets low priority. The agents
then use an information seeking function that takes the two
rankings (confidence and criticality) as inputs and decides
whether the agent needs to communicate and if so which cell it
needs the information about. If it decides to communicate and
if another agent is currently present in the same cell then agent
sends a request-for-information message to that agent.

The listening agent attempts to explain as to why the
speaker sent it the message (e.g., was it sent to seek
information or to distract me from traveling) and depending on
that determination it may or may not decide to respond. If the



agent decides to respond, it will offer the information about the
requested cell in exchange for information about a cell about
which it needs information. If the speaker agrees to the
exchange then the agents communicate information about the
cells.

On receiving information about a cell, an agent has to
decide whether to incorporate that information into its
knowledge-base or not. If it decides to incorporate the new
information then it has to decide how best to revise its existing
knowledge. If the new information confirms what the agent
already know about the cell then no revision is done. If, on the
other hand, the information received from another agent is
different from what the agent expects to find in that cell then it
attempts to explain the reason for the contradiction. If it can
find a possible explanation that it ignored in the past that
supports the received information, then it adopts the new
explanation and the new information and retracts its belief in
the old explanation and expectation. If the agent does not have
any information about that cell, it incorporates the received
information as ASSUMED belief. Otherwise, the agent rejects
the newly received information.

2) Formation of False Beliefs

Agents use symmetrical processes to form and revise beliefs in
the presence of treasures and wumpuses. Thus agent models
may contain false beliefs about the locations of the wumpuses
as well the locations of treasures. However, while the agents
prefer to travel towards a cell that they believe contains a
treasure, they avoid cells that they believe contain wumpuses
in them. This makes beliefs in the presence of wumpuses
relatively harder to confirm or disconfirm than beliefs in the
presence of treasures. The experiments described next were
designed to investigate the impact that this asymmetry has on
the patterns of false beliefs that the agents form.

3) Planning

Agents are required to generate paths which they would follow
to achieve their goals, known as plans. The planning
algorithm used is kept very simple as the focus is on belief
dynamics. The agents are given a goal-cell to be reached when
they are born. The agents simply include all the cells in the L-
shaped path that leads them to the goal. This plan is revised if
and when it suspects the presence of a wumpus in its previous
plan. After one goal is reached, the agent then tries to confirm
all the ‘ASSUMED’ treasures and ‘EXPECTED’ stenches it
has recorded in its path. Thus, the agent tries to make its
world model as accurate as possible.

III. EXPERIMENTS AND RESULTS

We designed a 10 x 10 version of MWW with ten agents
randomly placed at ten different locations. In the first set of
experiments I designed three different versions of MWW:

e  The 5x5 version has 5 wumpuses and 5 treasures

e The 10x10 version has
treasures, and

10 wumpuses and 10

e the 20x20 version has 20 wumpuses and 20 treasures.

I allowed the simulation to run for 300 rounds. At the end of

that round I measured the following metrics:

® Average agent age is the average age of the ten
agents that survive after round 300.

o The average number of wumpus beliefs is the average
number of wumpus beliefs the surviving agents have

e  The average number of treasure beliefs is the average
number of treasure beliefs the surviving agents have

e Average number of cells visited is the average
number of cells that 10 agent surviving at the end of
round 10 have visited.

Figure 1shows the results of Experiment I. The results for
average age show that 10x10 world proves to be the most
taxing for agents with average agent ages only being less than
30 rounds. Agents in 5x5 and 20x20 rounds, on the other hand,
have much higher average ages. This is explained by the
considering the average number of cells that the agents visit.
Agents in the 5x5 world visit a larger number of cells while
agents live longer in the 20x20 world by visiting fewer cells
and by thus deciding to stay in their cells. Agents in the 10x10
world, however, visit more cells than in 20x20 world but they
pay the price of this adventurism by having smaller average
ages.

In the second experiment, then we adopted the 10x10 world
and measured the proportion of false wumpus and treasure
beliefs that the agents had at the end of round 100. The
proportion of false wumpus/treasure beliefs is the proportion
between the number of false wumpus/treasure beliefs that the
agent has to the total number of wumpus/treasure beliefs that
the agent possesses.
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Figure 3: Results of Experiment 1. Each point is an average of 30
runs.

The results (Figure 4) show that after the initial drop, the
proportion of false wumpus beliefs remains relatively
unchanged regardless of how much the agents travel in the
world. False beliefs in the presence of treasures, however,
continue to decrease as agents with agent age. The agents who
survive the length of simulation (100 rounds) have few, if any,
false beliefs about treasures but on average 40% of their
beliefs about the presence of wumpuses are false.

In the third experiment (Figure 5), we allowed the agents to
communicate with other agents when they happen to meet in
the same cell. The agents request information about the cells in
their plan about which they are not sure of and they are about
to visit. Criticality and confidence play a major role in the
selection of this cell. The agents then offer information to the
other agent.

The results show that communication affects false wumpus and
treasure beliefs differently: the proportion of false wumpus
beliefs remains almost the same as in the without-
communication case while the proportion of false treasure
beliefs decreases significantly.

A. Discussion

Owing to our planning strategy, which focuses on improving
the accuracy of the world model, each agent tries to confirm as
many treasures as possible and mark as many stenches as
possible. Our results indicate that explanations that are harder
to confirm and disconfirm are more likely to be generated by
agents that attempt to explain their observations and revise
these explanations in light of the evidence. This suggests that
people should have more false beliefs about things that are
harder to confirm or disconfirm. There is some evidence to
suggest that that is the case. Bainbridge and Stark [15] made
confirmability the core of their theory of religion to argue that
religious beliefs are unconfirmable algorithms to achieve
rewards that are highly desired by people yet cannot be
obtained. Similarly, there is some evidence to suggest that

many false ethnic stereotypes people have are about things that
are harder to confirm or disconfirm such as the sexual
practices of the neighboring tribes. Our results also indicate
that introducing the ability to communicate with other agents
does not improve the condition of holding false beliefs about
unconfirmable objects while it significantly reduces the false
beliefs held about an object/event that is easier to confirm.
This can be thought of as a traveler claiming that his city has
good many skyscrapers and the listener then confirming it later
when he visits that city.
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IV. CONCLUSION

This paper presents the architecture of a multiagent society
designed to study the dynamics of belief change in natural and
artificial societies. It also presents a multiagent domain
designed to test the capabilities of the proposed systems.
Preliminary results are encouraging as they indicate the
potential for the use of the proposed society.
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Abstract

Cognitive models of people interacting in competitive
environments can be useful, especially in games and
simulations. To be successful in such environments, it is
necessary to quickly learn the strategy used by the opponent.
In addition, as the opponent adjusts its tactics, it is equally
important to quickly unlearn opponent strategies that are no
longer used. In this paper, we present human performance
data from a competitive environment. In addition, a cognitive
model that uses reflective learning is introduced and
compared to the empirical findings. The model demonstrates
that it is possible to simulate learning in an adversarial
environment using reflection and provides insight into how
such a model can be expanded.

Introduction

Cognitive models of people interacting in competitive
environments can be useful, especially in games and
simulations (Jones et al., 1999; Laird, 2001a, 2001b; Ritter
et al., 2002). To be successful in such environments, it is
necessary to quickly learn the strategy used by the
opponent. In addition, as the opponent adjusts its tactics it
is equally important to quickly unlearn opponent strategies
that are no longer used. The model presented here uses
learning by reflection to accomplish this task. This model
was created using a high-level tool that produces cognitive
models quickly, and with little or no programming. We
briefly take up the two important aspects of this project,
leaning from reflection and the role of variability in
performance.

Leaning By Reflection

Learning by reflection (or introspection) is one technique
that can be used to learn and unlearn an opponent’s
changing strategies while at the same time preserving the
variability in which people learn (e.g. Bass, Baxter, &
Ritter, 1995; Cox & Ram, 1999; Ritter & Wallach, 1998).
Learning by reflection is a form of metacognition that
allows the model to learn by reflecting on its performance,
and adjusting accordingly.  When reflection reveals
previous actions that were beneficial, the model will be
more likely to repeat those same actions in similar
situations. However, when reflection reveals poor
performance, the actions that lead to that performance are

less likely to be repeated. Thus, learning by reflection is a
form of reinforcement learning (Russell & Norvig, 2003).

Reflective learning requires that both the cognitive model
and its environment are fully observable (Russell & Norvig,
2003). In other words, the model must be able to observe
the effects of its actions on the environment and other
models.

Variability

For a model’s behavior to be believable in a game or
simulation its performance must do more than match
average human behavior. Cognitive models must also
exhibit the same variability in behavior that a human
exhibits. When playing a game or participating in a
simulation, variable behavior is a crucial part of the realism
that these systems must portray.

Because reflective learning strategies are based on
probability, the behaviors they generate are not
deterministic.  This allows reflective models to exhibit
variability in learning and thus performance.

The remainder of this paper describes a study done to
measure how quickly participants in a user study learn
opponent strategies while performing a competitive task,
and a cognitive model that was designed to exhibit similar
performance with equal variability.

Task

Lehman, Laird, and Rosenbloom (1996) in their A Gentle
Introduction to Soar use baseball repeatedly as an example.
This inspired us to implement a simple version of a baseball
game to study adversarial problem solving and support
people learning Soar. In a broader context, this environment
provides an accessible platform for the future study of
cognitive models interacting with other agents in a social
simulation (Sun, 2006).

Figure 1 shows the basic interface and one of the
feedback screens. In this game, participants play the role of
the pitcher competing against a series of agent-operated
batters. The goal of this game, as in baseball, is to get
batters out.

The baseball game described here was written in Java and
interacts with the Soar cognitive architecture using the Soar
Markup Language (SML Quick Start Guide, 2005). The
software and instructions on how to use it are available
online (acs.ist.psu.edu/herbal).
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Figure 1: The Baseball Game Task.

Rules of the Game

There are two ways to get a batter out in this game: The
batter can get three strikes (a strike results when a batter
either swings and misses or does not swing at a good pitch),
or the batter can hit the ball directly at a fielder who catches
the ball.

There are also two ways for a batter to get on base in this
game: The batter can get four balls (a ball results when the
batter does not swing at a bad pitch), or the batter can hit the
ball in a way that prevents the fielders from catching it.

Acting as the pitcher, the participants in this study had a
choice of throwing either a fastball or a curveball to the
batter. Once they threw a pitch, the batter had a choice of
either swinging at the pitch or letting it go by. Both the
pitcher and batter are always aware of how many balls and
how many strikes the batter has. The rules shown in Table 1
describe how to determine the outcome of each pitch.

Table 1: Determining the outcome of a pitch

Pitcher  Batter Response Outcome
Fastball Batter swings Contact is made that may
result in either an out
(50% of the time) or a hit
(50% of the time).
Fastball Batter does not The pitch will result in a
swing strike.!
Curveball Batter swings The pitch will result in a
strike.*
Curveball Batter does not The pitch will result in a

swing ball.!

Based on the rules described above, the most certain way
to get a batter out is to throw a curveball when the pitcher
thinks the batter will be swinging and to throw a fastball
when the pitcher thinks the batter is not going to swing.
Naturally, if the participant can learn what strategy the

L 1f the batter gets three strikes, then they are out (called a

strikeout). If the batter gets four balls, they get a free pass to
first base (called a walk).

batter is using then they have a better chance of getting them
out.

Batter Strategies

Each participant faced the same five different batter
strategies in the same sequence during play. Strategy
changes were determined by the number of consecutive outs
that the participant recorded against a given strategy. When
a predetermined out threshold was reached, a strategy shift
by the batter would take place. The exact sequence of batter
strategies and their corresponding out thresholds were
defined in a configuration file that was used by the baseball
environment, but is unknown to the pitcher. The batter
strategies, along with their consecutive out thresholds, are
shown in Table 2. The strategies shown here are the ones
used in our user study in the order they are listed. However,
we do not propose this as the only order, or the best order.
The baseball game environment is easily configurable to use
other strategies and to present them in any order. This
illustrates the baseball task’s usefulness for studying the
effects of order on learning (Ritter, Nerb, O'Shea, &
Lehtinen, 2007).

Table 2: Batter Strategies in the Baseball Environment

Name Strategy Out
Threshold
Hacker Always swings 4
Aggressive  Swings at the first pitch and 7
when there are fewer strikes
than balls, unless there are three
balls and two strikes
Random Randomly chooses when to 5
swing
Chicken Never swings 4
Alternate Swings if the last pitch was a 7

fastball and does not swing if it
is the first pitch or the last pitch
was a curve

To make it clear exactly how strategy changes took place
during the game, an example is provided.

Strategy Shift Example The participant begins by facing
batters that use the Hacker strategy. Because the
consecutive out threshold for this strategy is 4, the
participant continues to face batters that use the Hacker
strategy until they get 4 consecutive batters out. At this
point in time, the strategy shifts to the Aggressive strategy
and a new out threshold of 7 is in effect. The Aggressive
strategy is then used by the batters until 7 batters are retired
consecutively. Game play continues in this fashion until the
participant reaches the fifth and final strategy (Alternate).
When 7 consecutive Alternate batters are retired by the
pitcher the game ends.



Performance Measure

The participant’s ability to learn a particular strategy was
measured quantitatively using a measure of pitching
efficiency (PE). The following formula was used to
calculate pitching efficiency:

PE=N,/T;

Where N is the number of batters using strategy s that were
faced by the participant, and T is the consecutive out
threshold for strategy s. A decrease in PE indicates an
increase in the efficiency of the pitcher. A value of 1.0 for
PE indicates the most efficient pitching strategy. For
example, if a participant faced 14 Aggressive batters before
they could retire 7 in a row, the participant’s pitching
efficiency would be 14 /7, or 2.

Method

Undergraduate Computer Science students at Lock Haven
University participated. A total of 10 participants
performed the baseball task. Nine of the 10 participants
were male.

After signing a consent form, each participant was given
instructions explaining the rules of the game. The
instructions were similar to those presented here except the
information in Table 2 was not provided. As a result, the
participant did not know what type of strategies to expect, or
when strategy changes would take place. However, the
participants were aware that strategies could change during
the game.

Participants were given as much time as needed to
complete the task and were allowed to consult the
instruction sheet during play. All the participants seemed to
have no problem understanding the game and no questions
were asked while performing the task.

Models

A total of six cognitive models were written to conduct the
study described here. All six models were written using the
Herbal high-level language and development environment
(Cohen, Ritter, & Haynes, 2005).

The Herbal high-level language is based on the Problem
Space Computational Model (PSCM) (Newell, Yost, Laird,
Rosenbloom, & Altmann, 1991) and produces productions
that can run in both the Soar cognitive architecture (Laird &
Congdon, 2005) and Jess (Friedman-Hill, 2003). In this
study, the Herbal generated Soar productions were used.
However, Jess productions would have also been adequate.

Because of the use of the Herbal high-level language and
graphical editor, the creation of the models described here
required only an understanding of the PSCM (which
provided an infrastructure for model organization) and some
visual modeling techniques. This serves as an example of
how Herbal can provide modelers without a strong
programming background access to the complicated
machinery used by architectures that may traditionally be
out of their reach. As these models progress towards more
sophisticated learning algorithms, the simplified access to
Soar and the PSCM will become even more valuable.

All of the models described here are available online as
examples at the Herbal website (acs.ist.psu.edu/herbal).

Batter Models

Five cognitive models were written to represent the
strategies used by the batter (Hacker, Aggressive, Random,
Chicken, and Alternate). These models are not capable of
learning and served only as opponents that exhibit the
behavior described in Table 2.

Pitcher Model

A sixth model was written to play the role of the pitcher.
The goal of the pitcher model was to exhibit behavior
similar to that demonstrated by the participants. Unlike the
batter strategy models, the pitcher model was able to learn
using reflection. More specifically, this model operated
within two problem spaces: one to deliberate what pitch to
throw next, and one to reflect on recent performance and
modify future deliberation. The formulation of an explicit
reflection phase was simplified by the use of the PSCM and
Herbal.

The pitcher model started with an equal probability of
throwing a curveball or a fastball. Within the explicit
reflection problem space, the pitcher model considers the
following features of the environment: the previous number
of balls and strikes on the batter, the previous pitch thrown,
and the outcome of that pitch. If the outcome is positive
(e.g., a strike was called or the batter struck out) the pitcher
adjusts a probability so that it is more likely to throw the
same pitch the next time it encounters this situation. If, on
the other hand, the outcome was negative (a ball or contact
by the batter, including contact resulting in an out), and the
pitcher had previously experienced a positive outcome in
this situation (a strike or a strikeout), the probability of
throwing the same pitch in that situation was decreased.

The probability of an action occurring was adjusted by
altering working memory so that more or fewer indifferent
operators were proposed to throw that pitch type in a given
situation. In other words, positive events lead to episodic
memory that influences future action.  Alternatively,
negative events remove episodic memory, reducing this
influence. Without prior positive outcomes in a particular
situation, no episodic memory elements exist and negative
outcomes in that situation are ignored.

An alternative approach to episodic memory would be to
use the numeric-indifferent preference in Soar (Laird &
Congdon, 2005). However, the Herbal high-level language
did not support this at the time these models were written.

Model Parameters

The pitcher model takes two parameters: the learning rate
and the unlearning rate. The learning rate specifies how
quickly the model will commit to throwing a particular pitch
in a particular situation; in other words, how quickly the
probability increases given a positive outcome. The
unlearning rate specifies how quickly the model will reduce
this learned commitment. The best values for these learning
rates almost certainly depend on the nature of the particular
task.



Considering the relatively simple rules in the baseball task
described above, it is expected that participants will be able
to learn strategies quickly. In addition, it is hypothesized
that participants will at first be reluctant to unlearn until
they are sure that a strategy shift has taken place. Given
persistent negative feedback on a previously learned
response, participants should eventually accelerate their
unlearning rate.

Looking at the task environment more closely, further
justification of these parameter values can be found in the
fact that four of the five batter strategies are deterministic.
When a particular pitch works for a batter in a specific
situation, it will continue to work until a strategy shift takes
place. After a particular pitch stops working for a batter, it
can be assumed that a strategy shift has occurred.

As a result, in an effort to match human behavior the
pitcher model described here was equipped with a fast
learning rate and an initially stubborn, but later accelerating,
unlearning rate.  Figure 2 depicts the learning and
unlearning rates used by the model.
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Figure 2: Learning and Unlearning Rates Used by the
Model.

Results

Because a primary goal of this work was to produce a model
that not only matches the average pitching efficiency, but
also matches the variability in pitching efficiency, the
cognitive models created here are not deterministic. This
allowed us to consider each run of the model as being
equivalent to a participant run. To reduce any sampling
error with this theory, the model was run 100 times.

Table 3 shows the results of the participant study and of
the model executions. The average pitching efficiency and
the standard deviation of the pitching efficiency are listed
for all participants and all model runs. Recall that the
smaller the pitching efficiency the more efficient the pitcher,
and the most efficient strategy has a PE equal to 1.0.

Figure 3 visualizes the data listed in Table 3. Each bar in
Figure 3 represents the average pitching efficiency as
defined in the Methods section. White bars represent the
participant data and shaded bars represent the model data.
The error bars in Figure 3 signify one standard deviation
from the average pitching efficiency.

Table 3: Pitching Efficiency against Each Batting Strategy
for Participants and the Learning Pitching Model.

Participants Model
(n=10) (n =100)
Strategy Mean  StdDev  Mean  StdDev
Hacker [4] 1.53 0.80 1.69 0.70
Aggressive [7]  1.81 1.62 1.13 0.20
Random [5] 5.00 6.24 5.36 4.67
Chicken [4] 1.03 0.08 1.25 0.33

Alternate [7] 1.54 0.72 3.53 2.01

Discussion

Analysis of Figure 3 reveals that the model’s behavior
matched both the participant’s average performance, and
variability in performance, for three of the five presented
strategies. However, for two of the strategies the model did
not satisfactorily reflect the participant’s performance.
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Figure 3: Comparison of Learning Pitching Model and
Participants for the Batting Strategies. SDs are shown as
error bars.

Hacker and Chicken Strategies

The model’s performance matched very well for both the
Hacker and Chicken strategies. Given the simplicity of the
learning strategy used, this is an interesting result. Both the
participants and the model were able to retire the requisite
number of consecutive batters quickly and without much
variability. Interestingly, the Hacker strategy proved to be
more difficult for both the participants and the model. This
may be because the very aggressive strategy used by the
Hacker makes it more likely for the batter to get a hit when
the pitcher made a mistake. On the other hand, the reserved
approach used by the Chicken strategy only punishes
mistakes with a single ball as opposed to a hit. In this
baseball task, an aggressive batter strategy is more
dangerous to the pitcher than a timid one.



Random Strategy

As expected, the variation of the pitching efficiency against
the Random strategy was quite large for both the
participants and the model. Both the participant and the
model could not consistently figure out the random strategy,
because, well, it was random. The difference between the
pitching efficiency for the model, and that of the
participants, might be related to the number of participants
run. Due to the random nature of this strategy, additional
participants might cause these averages to match more
closely.

Aggressive and Alternate Strategies

Unexpectedly, the model did not do as good of a job
matching the Aggressive and Alternate strategies. The order
in which these strategies are presented may play an
important role here. One possible explanation for these
problems is that the unlearning rate used by the model is not
fast enough. While good enough to match the transitions
between some strategies, the unlearning rate may need to be
faster in other cases. To understand this theory, the
transitions from the Hacker strategy to the Aggressive
strategy, and from the Chicken strategy to the Alternate
strategy, need to be examined more closely.

Transition From Hacker to Aggressive Because the
Hacker strategy always swings, the pitcher must learn to
throw a series of curveballs to get a batter out consistently.
In addition, the inability to quickly unlearn the Hacker
strategy is not immediately detrimental when an Aggressive
batter follows the Hacker strategy. For example, if the
pitcher continues to throw a series of curveballs to an
Aggressive batter, the batter will not get on base until after
the sixth curveball is thrown. This gives the pitcher several
pitches, and therefore a lot of time to unlearn the strategy.

On the other hand, if the participant or model quickly
unlearns the Hacker strategy, it will lead to throwing an
early fastball which will result in a 50% chance of the batter
getting a base hit. In other words, in this particular case
quickly unlearning the previous strategy is not beneficial.
This might explain why the model performed better against
the Aggressive strategy; the model simply does not unlearn
as quickly as the participants did, and this proved to be more
efficient in this particular ordering of strategies.

Transition From Chicken to Alternate The opposite can
be said about the transition from the Chicken strategy to the
Alternate strategy. A series of consecutive fastballs will get
a batter out using the Chicken strategy because this strategy
never swings. However, if this knowledge goes unlearned,
the same series of fastballs thrown to an Alternate batter
will result in frequent hits because the Alternate batter
swings immediately after a fastball is thrown. In this
particular case, failure to quickly unlearn the Chicken
strategy results in poor performance and might explain why
the model did not perform as well as the participants in this
case. Once again, it appears as if the model did not unlearn
the learned strategy quickly enough in this particular
ordering of strategies.

Unfortunately, our reflective learning strategy is
fundamentally limited in how quickly it can unlearn. This
limit may be a major reason for the model’s inability to
unlearn the Chicken strategy quickly enough. Recall that
the learning algorithm used here cannot unlearn unless it has
already encountered positive feedback. This causes a
problem if the model’s initial encounter with a strategy
involves a series of negative outcomes, which is precisely
the case when transitioning from Chicken to Alternate.
Augmenting the algorithm to use Soar’s numeric-indifferent
preference might eliminate this limitation and possibly
improve the model’s fit.

Additional Explanations Factors other than unlearning rate
may have also had an effect on the model’s inability to
match the participant’s behavior. For example, if the
pitcher follows the simple pattern of throwing a fastball,
followed by curve, followed by fastball, they will always
get the Alternate batter out. While speculative, it is possible
that participants were quick to recognize this alternating
pattern while the model did not treat alternating patterns any
differently from other patterns.

Conclusions

The paper describes a study to measure the learning of
participants performing a competitive task. This task is
based on the game of baseball and consists of a participant
pitching to a series of batters that use a set of different
strategies. Because this task is inspired by the example
introduced in A Gentle Introduction to Soar, many Soar
programmers may already be familiar with its attributes.
One outcome of this work is that, over time, the continued
use of baseball as a running example might help beginners
learn modeling.

In addition, this paper introduced a Soar model written
using the Herbal high-level language. This model used a
reflective learning process to learn and unlearn various
strategies. Another outcome of this work is a downloadable
example of how Soar models that learn can be written
without directly writing Soar productions. Easily obtainable
examples like this will hopefully make Soar models
available to a wider audience.

The model’s behavior was compared to participants’
performance and was shown to match both the participants’
average performance and variability in performance against
many of the presented batting strategies. This result
demonstrates that cognitive models that compete in
adversarial environments using introspective learning need
not be complicated and can be written quickly and easily
using Herbal.

Finally, for the strategies that the model did not
satisfactorily master, insight into the limitations of the
algorithm used, and how people possibly perform this task
was gained. The relationship of the sequences of strategies
and how learning is transferred was explored. These results
motivate future work that will lead to improvements in the
learning algorithm, and in the Herbal high-level language.



Future Work

The results reported here provide some insights to guide
future work. To start, the limitations of the learning
algorithm discovered here can be addressed by exploring
more sophisticated learning mechanisms (e.g. the meta-
learning routines described in (Sun, 2001)).

Further work can also be done to alter the reflection
strategy so that certain patterns are easier to learn than
others. Patterns that people recognize quickly (such as
alternating patterns) might create more intense episodic
memories in the model. This change would test the theory
that the participants performed well in cases where the
solution consisted of a simple and quickly recognizable
alternating pattern.

Additional improvements to the model could also be
made by enhancing the reflective process so that positive
experiences are no longer required in order to benefit from
negative experiences. In the absence of positive learned
events, negative reflection should still lead to a decrease in
the probability of repeating the action. One solution could
involve equally increasing the probability of all other
possible actions when an event results in a negative
outcome. This would be easier to accomplish if the Soar
numeric-indifferent preference was used to control operator
probabilities, and this capability is currently being added to
the Herbal high-level language.

There is also scope to explore other parts and versions of
the baseball task. For example, the environment and models
can be expanded to include other batting strategies, other
batter sequences, batting tournaments, and learning batters.
In addition, the model created here could be transformed
into an Herbal library that can be reused in future models.

Finally, because the Herbal development environment
automatically creates both Soar and Jess models, the
opportunity exists for comparisons of a single Herbal high-
level model running in two very different architectures.
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Abstract

We are developing a large-scale model of language
comprehension in ACT-R 6 for use in the creation of a
synthetic teammate that can function as the Air Vehicle
Operator (AVO) in a three-person simulation of an Unmanned
Aerial Vehicle (UAV) team performing a reconnaissance
mission. The use of ACT-R 6 to implement the core
components of this system reflects the strong cognitive
modeling orientation of this research. However, the focus is on
creating cognitively plausible linguistic and associated non-
linguistic representations, rather than modeling the fine-
grained time course of language processing as is more typical
of ACT-R models. In this regard, an empirical study aimed at
discovering evidence of linguistic representations is discussed.
Beside the focus on linguistic and non-linguistic
representations, the large-scale nature of this effort
distinguishes it from typical cognitive modeling research.

Introduction

We are using the ACT-R 6 cognitive architecture and
modeling environment (Anderson et al., 2004; Anderson &
Lebiere, 1998) for development of a synthetic teammate.
The long-term goal of this research is to develop language-
enabled synthetic entities which can be integrated into
training simulations. To achieve this goal without detriment
in training, the synthetic entities must be capable of closely
matching human behavior, including human language
behavior. The initial application is the creation of a
synthetic teammate capable of performing the functions of a
UAV AVO (or pilot) in the three-person Cognitive
Engineering Research on Team Tasks (CERTT) simulation
(Cooke & Shope, 2005).

This paper describes the current implementation of the
language comprehension component of the system in ACT-
R 6. The paper begins with a short description of the theory
of linguistic representation and language processing
underlying model development. It continues with a
description of the CERTT lab team task simulation.
Following this, the current version of the model is
described. A brief discussion of modeling and development
tools which facilitate development follows. The paper
concludes with a discussion of model validation, describing
an empirical study to validate the linguistic representations
which are created during processing. Overall, we follow the
approach to psycholinguistic research espoused in Crocker
(2005) in building a large-scale, if qualitative, model, rather

than focusing on the quantitative modeling of narrowly
defined and often pathological language processing
phenomena.

Linguistic Representation

The language comprehension model is founded on basic
principles of Cognitive Linguistics (Langacker, 1987, 1991;
Talmy, 2000; Lakoff, 1987) and Construction Grammar
(Fillmore, 1988; Fillmore and Kay, 1993; Goldberg, 1995).
In Cognitive Linguistics, all grammatical elements have a
semantic basis, including parts of speech, grammatical
markers, phrases and clauses. Understanding of language is
embodied and based on experience in the world (Lakoff &
Johnson, 1999). Categorization is a key element of
linguistic knowledge. Categories are seldom absolute,
exhibiting, instead, effects of prototypicality, base level
categories  (Rosch, 1978), family  resemblance
(Wittgenstein, 1953), fuzzy boundaries, radial structure and
the like (Lakoff, 1987). Our linguistic capabilities derive
from basic cognitive capabilities—there is no autonomous
syntactic component separate from the rest of cognition.
Knowledge of language is for the most part learned and not
innate. Abstract linguistic categories (e.g., noun, verb,
referring expression) are learned on the basis of experience
with multiple instances of words and expressions which are
members of these categories, with the categories being
abstracted and generalized from experience.

Construction Grammar is a linguistic theory based on the
notion of constructions. “Constructions are stored pairings
of form and function, including morphemes, words, idioms,
partially lexically filled and fully general linguistic
patterns...any linguistic pattern is recognized as a
construction as long as some aspect of its form and function
is not strictly predictable from its component parts” and
even fully predictable constructions may be stored “as long
as they occur with sufficient frequency” (Goldberg, 2003).

The focus of this research is on the grammatical encoding
of Referential and Relational meaning (Ball, 2005). In
English, these two dimensions of meaning are typically
encoded in distinct grammatical poles—a referential pole
and a relational pole—with a specifier functioning as the
locus of the referential pole and a fead functioning as the
locus of the relational pole. For example, in the expression

The pilot



the determiner “the” functions as a specifier and the noun
“pilot” functions as the head. The specifier and head
combine to form a referring expression, in this example an
object referring expression (or nominal). Words in English
divide into two basic classes: relation (verb, adjective,
preposition, adverb) and object (noun, pronoun, proper
noun). Relational words presume the existence of other
words which express the arguments they relate. Most
constructions center on some relational word (e.g.,
transitive ~ verb  construction, predicate  adjective
construction) which functions as the head of the
construction, and is the locus for the encoding of relational
meaning—with the construction as a whole constituting a
situation referring expression (or clause).

Linguistic representations are perceptually grounded in
non-linguistic representations of the objects and situations
to which they refer. The representations of objects and
situations are themselves learned from perceptual-motor
(i.e., bodily) experience (cf. Barsalou, 1999). There are no
purely abstract concepts that are devoid of perceptual
grounding as is assumed in many cognitive theories (cf.
Anderson et al., 2007). Concepts may be highly abstract,
but they ultimately derive their meaning from a perceptual
chain of experience (cf. Harnad, 1990)—in the limiting case
perceptual experience of linguistic items themselves. A
situation model (Kintsch, 1998; Zwann & Radvansky,
1998) is populated with instances of objects and situations
activated by the linguistic input and non-linguistic context.

Construction-Driven Language Processing

The processing mechanism is based on the activation,
selection and integration of constructions corresponding to
the linguistic input (Ball, 2007). Activation is a parallel
process that biases or constrains the selection and
integration of corresponding declarative memory (DM)
elements into a linguistic representation. Based on the input
and prior context, a collection of DM elements is activated
via the parallel, spreading activation mechanism of ACT-R.

The selection mechanism is based on the serial retrieval
mechanism of ACT-R—an alternative to the parallel
competitive inhibition mechanism typical of connectionist
models (cf. Vosse & Kempen, 2000). Retrieval occurs as a
result of selection and execution of a production—only one
production can be executed at a time—whose right-hand
side provides a retrieval template that specifies which type
of DM chunk is eligible to be retrieved. The single, most
highly activated DM chunk matching the retrieval
template—subject to random noise—is retrieved. The
retrieval template varies in its level of specificity in accord
with the production selected for execution. For example,
when a production that retrieves a DM chunk of type word
executes, the retrieval template may specify the form of the
input (e.g., “airspeed”) in addition to the DM type word.
When a production that retrieves a DM chunk of type part
of speech (POS) executes, the retrieval template may
specify the word without specifying the POS—allowing the
biasing mechanism to constrain POS determination. There

is no assumption that humans use POS labels during
language processing, but it is assumed that they categorize
word into POS categories.

The retrieved DM chunk is matched on the left-hand side
of another production which, if selected and executed,
determines how to integrate the DM chunk into the
representation of the preceding input. Production selection
is driven by the matching of the left-hand side of the
production against a collection of buffers (e.g., goal,
retrieval, context, short-term working memory) which
reflect the current goal, current input and previous context.
The production with the highest utility—Iearned on the
basis of prior experience—which matches the input and
prior context, is selected for execution—subject to random
noise. A default production which simply adds the retrieved
DM chunk to a short-term working memory (ST-WM)
stack (Ericsson & Kintsch, 1995) executes if no other
production matches. The ST-WM stack—which is limited
to four linguistic elements—constitutes part of the context
for production selection and execution, and implements an
extension to the ACT-R architecture.

A key element of the integration process is a mechanism
of context accommodation which provides for serial
processing without backtracking. According to Crocker
(1999), there are three basic mechanisms of language
processing: 1) serial processing with backtracking, 2)
parallel processing, and 3) deterministic processing.
Context accommodation is an alternative non-backtracking,
serial processing mechanism. The basic idea behind this
mechanism is that when the current input is unexpected
with regard to the previously built structure, the structure is
modified to accommodate the current input without
backtracking. This mechanism is demonstrated using the
example ‘“no airspeed or altitude restrictions”. The
processing of the word “no” leads to retrieval of an object
referring expression (ORE) construction containing the
functional elements specifier and head (not all functional
elements are shown):

[spec head] obj-refer-expr

“No” is integrated as the specifier in this construction and
expectations are established for the occurrence of the head:

[nospec head] obj-refer-expr

This ORE construction is made available in the ST-WM
stack to support subsequent processing. The processing of
the noun “airspeed” leads to activation and selection of a
head construction which contains the functional elements
modifier and head, with “airspeed” functioning as the head:

[mod airspeedpead] head

The head construction is integrated into the ORE
construction.

[nospec [mOd alrspeedhead] head] obj-refer-expr

The processing of the conjunction (or disjunction) “or”
leads to its addition to the ST-WM stack since the category



of the first conjunct of a conjunction cannot be effectively
determined until the linguistic element after the conjunction
is processed—due to rampant ambiguity associated with
conjunctions. Note that delaying determination of the
category of the first conjunct until after processing of the
linguistic element following the conjunction provides a
form of deterministic processing reminiscent of Marcus’s
deterministic parser (1980). The processing of the noun
“altitude” in the context of the conjunction “or” and the
ORE “no airspeed” with head noun “airspeed” results in the
accommodation of “altitude” such that the head of the ORE
is modified to reflect the disjunction of the nouns
“airspeed” and “altitude”.

[NOgpec [mod
(airspeed or altitUde) head] head] obj-refer-expr

The processing of “restrictions” in the context of the ORE
“no airspeed or altitude” results in the accommodation of
“restrictions” such that the current head “airspeed or
altitude” becomes the modifier and “restrictions” becomes
the head. The final representation has the form:

[NOgpec [(airspeed or altitude)neqg
reStriCtionshead] head] obj-refer-expr

This representation was arrived at using a serial processing
mechanism without backtracking, despite the rampant local
ambiguity of the utterance!
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Figure 1: No altitude or airspeed restrictions

Context accommodation is a powerful serial processing
mechanism which overcomes the limitations and cognitive
implausibility of serial processing with algorithmic
backtracking, full parallel processing, and full deterministic
processing. Context accommodation is closely related to
Lewis’s notion of “limited repair parsing” (Lewis, 1998),
although context accommodation is considered part and
parcel of the normal processing mechanism and is not
viewed as a repair mechanism. Regarding parallel
processing, it is not cognitively plausible to carry forward
more than a few possible representations at once, which

means that a mechanism like context accommodation is
needed to handle the case where the correct parse isn’t in
the parallel spotlight. Likewise, deterministic mechanisms
require delaying integration of linguistic elements for
indeterminate periods—requiring their separate
representation—which is likely to exceed the limited
capacity of ST-WM if used extensively.

Synthetic Teammate

The CERTT Lab is a research facility for studying team
performance and cognition in complex settings. CERTT's
UAV-STE (Synthetic Task Environment) is a three-person
task in which each team member is provided with distinct,
though  overlapping, training; has unique, yet
interdependent roles; and is presented with different and
overlapping information during the mission (Cooke &
Shope, 2005). The overall goal is to fly the UAV to
designated target areas and to take acceptable photos at
these areas. The Air Vehicle Operator (AVO) controls
airspeed, heading, and altitude, and monitors UAV systems.
The Payload Operator (PLO) adjusts camera settings, takes
photos, and monitors the camera equipment. The Data
Exploitation, Mission Planning, and Communication
Operator (DEMPC) oversees the mission and determines
flight paths under various constraints. To successfully
complete a mission, the team members need to share
information with one another in a coordinated fashion.

Most communication is done via microphones and
headsets, although some involves computer messaging. A
set of initial speech transcripts has been collected from the
UAV-STE for a number of teams. These transcripts are
being used to guide development of the model. A portion of
a transcript appears below.

PLO: AVO, can I please be about 3000 feet or higher,
please? Cancel. Cancel.

AVO: Do I need to change my airspeed? I mean my
altitude.

DEMPC: Once I get the first, uh, sequence figured out, I'll
let you know. First waypoint LVN is an, uh, ROZ access
point. There is no flight restrictions, but the, uh, radius is,
uh, 2.5 miles. I'm pretty sure you can take a bearing
towards H-area now. It looks like you're in within the 2.5
required for this entry point.

PLO: AVO, can I please, uh, keep, uh, altitude over 3000
feet for this picture, please? Can you give me a range?

DEMPC: The next target H-area has a range of 5 miles.

PLO: Copy.

AVO: Was that above 3000?

PLO: Yes, please. Can you also keep this current airspeed?

AVO: OK.

DEMPC: Next waypoint is H-area. There is no altitude
restriction, but the speed restriction is between 50 & 200.

The language used by team members is not constrained;
there is no special restrictive grammar. Over the three



transcripts analyzed so far, the average number of
utterances is 2300 per transcript; average utterance length is
7 words. There are 1300 unique words across transcripts,
including 50 special vocabulary items related to the task. In
each transcript, an average of 27% of the words are unique
to that transcript.

The transcripts contain a number of grammatical features
that are challenging from a language processing
perspective:

e Multiword expressions: “Picking up the pace.”

e Complex object referring expression (or nominal):

o “First waypoint LVN is an, uh, ROZ access point.”

o “Do you have any additional altitude or speed
restrictions that I need to get from you?”

o “Can I get the 2, 3, 4, and 5 current setting ranges?”

Anaphora:

o “PLO, is this a photo?” (current waypoint)

o “Does that make sense?” (previous statement)

Complex verb argument structure: “Can I keep altitude

over 3000 feet for this picture?”

Corrections:

o “DEMPC to PLO, effective radius is, uh, 2, uh, 5
miles, sorry about that.”

o “Do I need to change my airspeed? I mean my
altitude.”

Ambiguous closed-class words, e.g., “that”:

o Complementizer: “They just told me that there's gonna
be a priority target in this area that we're entering.”

o Object referring expression: “You already told me
that.”

o Determiner: “Got a good photo on that one.”

The Current Model

The language comprehension model is currently capable of
processing a range of grammatical constructions attested in
the transcripts, including:

Intransitive verb: “You can go.”

Transitive verb: “We already hit [og ROW].”
Ditransitive verb: “You can give [;op; me] [og; R-STE].”
Verb taking clausal complement: “You told [;op; me]
[srrcomp the altitude restriction was below 3000 feet].”
Auxiliary verb: “I would have had a wrong picture.”
Predicate nominal: “First waypoint is LVN.”

Predicate adjective: “Altitude is stable.”

Predicate preposition: “We are in those constraints.”
Attributive adjective modifier: “It's a good picture.”
Adverbial modifier: “Our altitude still should be fine.”
Complex nominal: “The next photographic target point is
M-STR.”

Nominal conjunction: “We will maintain current airspeed
and altitude.”

Sentence conjunction: “The entry is KGM and the exit is
FRT.”

The model creates a linguistic representation of the input,
but doesn’t yet map that representation to the corresponding
objects and situations in the situation model.

The language comprehension model is approaching a
scale and complexity atypical of most cognitive models.
Verifying that the model generates theoretically motivated
linguistic representations is an important on-going aspect of
the project. Inputs to the model are comprised of actual
utterances from the UAV-STE transcripts and a set of
canonical phrases and sentences. The verification strategy
includes running the model against this set of inputs, and
testing that the model produces the expected output.

The model generates linguistic representations which
include such information as phrase constituency,
predicate/argument relations, head/modifier relations, and
head/specifier relations. Linguistic representations are
complex structures of DM chunks. For testing, the DM
chunk structure is converted into a graphical representation
(automatically generated with phpSyntaxTree, Eisenbach &
Eisenbach, 2006) shown in Figure 2 (below).

At a gross level, testing is fully automated. The complex
output structure (e.g., Figure 2) is traversed in left-to-right
order, and the terminal symbols are reassembled into a
string (e.g., “I increased the airspeed”). This output string is
compared to the input string; any mismatches are flagged
for further investigation. At a more detailed level of testing,
the output representation is hand-checked to ensure its
validity. Valid output representations are stored as the
known-good baseline. A capability to dynamically visualize
the evolving DM representation during the processing of
each word in an input text also exists (Heiberg, Harris &
Ball, 2007). Any further changes to the model may be
easily regression tested by regenerating the outputs, and
comparing them to the known-good baseline with an
automated file comparison tool. This set of methodologies
taken together helps facilitate the development of a large
scale and complex model.
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Model Validation

We are committed to the development of a cognitively
plausible model of language comprehension. However, we
are not modeling the fine-grained time course of processing
during language comprehension. As Just and Carpenter
(1987) note, “in most cases...syntactic and semantic
analyses occur concurrently with other processes that are
longer and more variable in duration”. It is only in the
processing of unusual texts like Garden-Path and center
embedded sentences that syntactic and semantic influences
on processing are exposed. Instead, our focus is on
validating the linguistic and non-linguistic representations
that are generated during processing of more ordinary texts
as reflected in our UAV team task corpus. Our approach
aligns with Crocker (2005), who argues for “an alternative
approach to developing and assessing theories and models
of sentence comprehension” in which “a model’s coverage
should not be limited to a few ‘interesting’ construction
types, but must also extend to realistically large and
complex language fragments, and must account for why
most processing is typically rapid and accurate”.

To validate the model, we have devised a multi-part
empirical study to identify the kinds of linguistic
representations that humans create during language
processing. Some preliminary data from a pilot study
involving 20 subjects are reported.

In one part of this study subjects are asked to determine if
paired expressions differ in meaning. For example, does
“the man bit the dog” differ in meaning from “the dog bit
the man” (all 20 subjects said “yes”)? Does “this book”
differ in meaning from “that book” (all 20 subjects said
“yes”)? Does “the old house on the hill” differ from “an old
house on a hill” (14 subjects said “yes”)? A difference in
meaning indicates that either the different lexical items or
the different structural arrangement of the lexical items in
the paired expressions affects the meaning.

In another part, subjects are asked to group expressions
into meaningful units of various sizes given the overall
meaning of the linguistic expression. A key question for
this part is whether the preferred representation of a clause
aligns with the Subject-Predicatorye,q-Object construction
put forward in most theories of Functional Grammar (cf.
Halliday & Matthiessen, 2004), the S > NP VP (i.e,
Subject-Predicate) construction put forward in Generative
Grammar (Chomsky, 1965) or the ReferencePoint-
PredSpec-Predication construction specific to Double R
Theory (Ball, 2005), but related to the Mood-Residue
construction of Halliday & Matthiessen (2004). Also of
interest is whether this preference varies from clause to
clause and from subject to subject. For example, in “he is
kicking the ball” do subjects prefer to group “is” with
“kicking” (as part of the Predicatorye,q “is kicking”), with
“kicking the ball” (as part of the Predicate “is kicking the
ball”) or with “he” (as part of the ReferencePoint-PredSpec
“he is”)? Preliminary results indicate the identification of
the entire sentence as a meaningful group by 13 subjects.
The second most common grouping, “kicking the bucket”,

was only identified by 4 subjects. “He is” was identified as
a group by 3 subjects. The group “is kicking the ball” was
not identified by any subjects. Overall, subjects tend not to
include function words (e.g., “the”, “is”) in meaningful
groups, making it difficult to assess these results, and
perhaps making it necessary to revise the methodology.

In a third part subjects are asked to rank the relative
contributions of various words to the overall meaning of the
expression. In conjunction with the grouping task, the
ranking task will allow us to identify the semantically most
important word in a meaningful group, which we take to be
the head of the group. For sentences containing transitive
verbs, subjects identified the head of the subject as most
meaningful, the main verb as second most meaningful and
the head of the object as third most meaningful. The
ranking of heads of subjects as more important than main
verbs suggests that relational structure is not the only
dimension of meaning which influences this decision.

Finally, in a fourth part, subjects are asked to identify the
part of speech (POS) of a word in different expression
contexts, for example, “running” in “the man is running”
vs. “the running man”. This part is intended to get at
whether or not words are separately represented in the
mental lexicon for each possible grammatical function they
can fulfill (e.g., head, modifier, complement, specifier), as
indicated by the POS labels they are assigned. For example,
if “running” is treated as a verb in “the man is running” but
as an adjective in “the running man” this might indicate
separate representations in the mental lexicon. If, on the
other hand, “running” is labeled a verb in both uses, a
single entry in the mental lexicon is suggested. Preliminary
results suggest that subjects tend to treat words in different
functions as having the same part of speech. For example,
18 subjects call “boy” in “the boy” a noun; 11 subjects
called “altitude” in “no altitude restrictions” a noun (6
subjects called it an adjective); 16 subjects called “home” in
“he went home” a noun (only 1 subject called it an adverb);
and 14 subjects called “president” in “George Bush is
president” a noun (3 subjects called it an adjective).

To the extent that the linguistic representations generated
by the language comprehension model are consistent with
the results of this empirical study, the linguistic
representations will have more validity. To some extent this
validity hinges on whether or not humans have explicit
knowledge of the linguistic representations they generate
during language comprehension, and whether the empirical
study is successful in tapping into that knowledge. It is a
general assumption of the empirical study that humans have
explicit knowledge of the linguistic representations they
create. This assumption is motivated by the model’s
creation of linguistic representations composed of DM
chunks, which suggests that these representations can be
explicitly attended to and cognitively manipulated, and by
rejection of the autonomy of syntax assumption of
generative grammar, with its informationally encapsulated
(and hence implicit) syntax module. Although the
mechanisms by which linguistic representations are



constructed may be largely implicit, the resulting
representations are declarative and explicit. For example,
humans explicitly know what “the man bit the dog” means.
They explicitly know that “the man” refers to a man, “the
dog” refers to a dog, “bit” establishes a relation of biting
between the man and the dog, with the expression as a
whole referring to a situation in which it is the man who is
doing the biting, and the dog who is being bitten.

Conclusion

We are using the ACT-R cognitive architecture in the
development of a language-enabled synthetic teammate
intended to closely match human behavior. To date, the
research has focused on the development of the language
comprehension component of the system. This component
has approached a scale at which the need for development
and testing tools has become important. The goal for the
project is to maintain cognitive plausibility by adhering to
well-established theoretical constraints from cognitive
linguistics and cognitive psychology, as the system grows.
We believe these constraints will actually facilitate
development of a functional system (Ball, 2006).
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Abstract

Charting and explaining the development of young chil-
dren’s capacity to reason about mental states is a main-
stay activity among developmental psychologists inter-
ested in how theory-of-mind (ToM) is acquired. These
explanations are typically couched within one of the tra-
ditional frameworks for studying mental-state attribu-
tion: the theory theory and the simulation theory. This
paper presents an analysis of the positions adopted on
the issue of ToM development when subscribing to each
of these frameworks, and argues for an alternative ex-
planation of development based on a simple associative
learning mechanism that appropriately shifts the child’s
cognitive focus of attention when asked to make predic-
tions about the actions of others. We develop this no-
tion within the confines of Wimmer and Perner’s classic
false belief task, and describe a cognitive model imple-
mented within the Polyscheme computational cognitive
architecture that realizes the development process.

Introduction

One of the most contentious areas in the literature
on cognitive development concerns the acquisition of a
fully matured theory-of-mind. Theory-of-mind (ToM)
is broadly defined as the capacity to predict and ex-
plain the behavior of other agents by appealing to unob-
servable mental states such as their beliefs, desires, and
intentions. Many byproducts of higher-order cognition
such as the ability to participate fruitfully in discourse
with others, our ability to assign blame through ascrip-
tions of intentionality, to our very notion of ourselves as
beings who have mental states that change through time
seem to be served by our possession of a mature theory-
of-mind. However, it remains unclear how such a re-
markable ability emerges during the developmental pro-
cess. An answer to this question clearly depends on the
answers to a number of other more fundamental ques-
tions concerning the nature of mental states and how
they are used within the human cognitive architecture.
Nonetheless, various theories have given accounts of how
ToM might develop, conditioned on relatively imprecise
definitions of what it means for one to have a belief,
desire, or an intention. We will give an alternative theo-
retical account of what it means to “believe” something
(or believe that someone else believes something), and
show how such an account can explain ToM emergence
while avoiding the pitfalls encountered by the most com-
mon theoretical frameworks for explaining development.
We will employ the Polyscheme computational cognitive

architecture to explain shifts in children’s responses on
the false belief task (Wimmer & Perner 1983), which
is widely regarded as a “gold standard” for illustrating
differences between children who have and have not de-
veloped a mature ToM.

Frameworks for Explaining Development

The vast majority of researchers concerned with ToM
development adopt one of three popular theoretical po-
sitions. The first and most widely adopted position is
that of the “child as scientist.” This position is usually
called the theory theory (Carey 1985, Gopnik & Meltzoff
1997), and states that our knowledge of mental states is
arranged in a theory-like set of interrelated concepts that
subserve prediction and explanation of behavior. These
“commonsense theories” comprise our domain-specific,
intuitive notions about such domains as biology (Medin
& Atran 1999), physics (Spelke et. al. 1992), and psy-
chology. The second of these frameworks is the simu-
lation theory and it’s variants (Goldman 2006, Gordon
1986) which casts our ability to predict and explain be-
havior as the result of mental simulations within which
we assume the perspective of the agent to be reasoned
about, and use our own cognitive capacities to approx-
imate those of the agent. We turn to the discussion of
each of these positions with specific emphasis on the is-
sue of development — the learning and/or maturational
components of ToM. We do so by explaining the behav-
ior of subjects in the classic false belief task. The task
consists in showing subjects a storyboard comprised of
the following pictorial representations, with appropriate
narration by the experimenter:

e A little boy (Maxi) is in the kitchen with his mother,
and he puts his chocolate on the counter.

e Maxi goes outside to play ball.

e While he is outside, Maxi’s mother puts his chocolate
in the kitchen cabinet.

The subjects are then asked where Maxi will look for
his chocolate when he goes back into the kitchen. Many
variations on this experiment exhibit the same general
trend in the data: that between three and four years
of age, children switch in the type of responses that
they give from answering “the cabinet” (which is the
typical three year old response) to answering with “the



counter” (which is the typical four year old response)
(Wellman, Cross & Watson 2001). What does modern
developmental theory say about this interesting pattern
of responses?

Theory theory

One way to explain the distinction between three and
four-year old behavior on the false belief task is to as-
sume that children possess a set of interrelated concepts
like belief, desire, and intention, which are used in pre-
dicting the actions that others will take. In general, to
succeed on the task, the theory-theorist claims that chil-
dren are able to think about the following:

He/She believes that p.
or:

Persons who want that p and believe that ¢ would
be sufficient to bring about p and have no conflict-
ing wants or preferred strategies will try to bring it
about that q.

Where p and ¢ are propositions. Being in posses-
sion of such knowledge requires an explicit concept of
belief (as a predicate, for example), which requires a
psychological theory within which to couch it. On the
theory-theory account, development in children consists
of gradually acquiring knowledge, and subsequently re-
vising fragments (or the totality) of their theory. In order
to use the theory, various information-processing mech-
anisms need to be properly functioning. So, according
to the theory-theory, children’s failure on the false be-
lief task must either be the result of lacking the neces-
sary body of concepts/knowledge or immaturity of the
information-processing mechanisms that use this infor-
mation in making predictions. The developmental pro-
cess is some mixture of knowledge acquisition, a matur-
ing facility for information-processing, and the acquisi-
tion of new concepts — specifically a so-called “represen-
tational” concept of belief. This raises some interesting
questions: how can one separate contributions to fail-
ure made by limitations on information processing and
those resulting from conceptual deficits? How is such
a theory representationally structured, and what sort
of implications might this have for learning? It seems
that committing oneself to representing statements of
the form: “He/She believes that p” requires us to re-
learn new theory for every agent in whom we come in
contact with. How does the theory-theory account for
the fact that targets often arrive at different conclusions
and take different actions than we as predictors would?
Does this imply that we need to have theory correspond-
ing to each agent’s inferential mechanisms? Finally, how
could theory-theory explain the enormous number of be-
liefs that we attribute to agents with whom we’ve had
no contact at all? We are certainly able to make detailed
predictions about readers of this paper without ever hav-
ing met them, and as it turns out, three year-old children
are capable of doing the same (Nichols & Stich 2003).

Simulation Theory

Another way one could potentially predict and explain
the behavior of others is through a process of mental
simulation. The simulation theory was developed as a
reaction to some of the problems that seem to be un-
avoidable when adopting a purely theory-driven frame-
work for prediction. In order to succeed on the false be-
lief task, an agent implementing simulation theory needs
to be able to entertain beliefs of the form:

p

Along with being able to think about such proposi-
tions, the agent must be able to imagine a counterfactual
world in which it imaginatively identifies with the tar-
get it wishes to predict. Explaining development in light
of this very general simulation theory is simple: chil-
dren at three and four years of age do not possess dif-
ferent knowledge or conceptual structures, they merely
become more adept at identifying with other people in
the context of simulation. The imaginings necessary for
simulation are ultimately linked to information process-
ing capabilities, and changes in this capability produces
observable developmental transitions in children. How-
ever, the simulation theory suffers from some immediate
difficulties. Even if we are able to imaginatively identify
with others and impute all of our own beliefs to them
within the context of a counterfactual situation, it re-
mains unclear how to account for differences between the
simulator and the target. In the false belief task, it seems
rather unsatisfying to assert that the subject “imagina-
tively identifies” with Maxi, and magically knows that
the chocolate is on the counter. Rather, it seems as if the
subject would need to employ a number of overrides to
his current knowledge of the real world in order to make
such a claim. The subject would also seemingly have to
possess some form of knowledge about perceptual occlu-
sion in order to come to an appropriate starting point for
simulating Maxi’s mental life while he is outside playing.
While all of this extra knowledge may not be related to
mental states, per se, it defeats the purpose of simulation
— which is supposed to be an information-poor process
as opposed to theory-laden, information rich-process.

Prior Modeling Work

The only prior modeling work on the developmental
transition between three and four years of age is a
Bayesian analysis presented in (Goodman et. al. 2006).
The authors adopt a theory-theoretical perspective on
development, and chart the transition of the child from
a “copy theorist” (CT) who maintains that all events in
the real world are copied as knowledge possessed by the
target, and a so-called “perspective theorist” (PT) who
uses other information to mediate what gets attributed
to other agents. In the case of the false-belief task, this
other information takes the form of knowledge about vi-
sual access. The learning process is surprise-driven, and
is as follows:

1. Children start out with two theories, CT, and PT.
CT is originally preferred to make predictions, since it



includes no extra information (in this case regarding
the target’s visual access).

2. Predictions are made with CT. Normally these predic-
tions are successful and unsurprising since the target
is usually in the presence of the predictor-agent, and
there is no discrepancy in visual access.

3. Situations in which the target possesses a false belief
are incorrectly predicted by CT, resulting in a high
surprise value.

4. These same situations (and typical non false-belief sit-
uations) are correctly predicted by PT. Slowly, PT
becomes the preferred device for predicting and ex-
plaining the target’s behavior.

This is an elegant, rational explanation for develop-
ment, but it leaves a few lingering questions to be an-
swered. The models to be selected from are presumed to
be probabilistic graphical models (Pearl 1988, 2000). In
these models, there are nodes representing the “belief”
of the target. It seems odd that on the one hand, theory-
theory claims that a conceptual change happens between
three and four regarding children’s understanding of be-
lief, yet these models presume children already have
a sufficient representation of belief as copy-theorists.
Rather, it is understanding that visual access is cou-
pled to belief that allows children to become perspective-
theorists. Much research has gone into children’s under-
standing of visual access as it relates to beliefs, and the
verdict seems to be in favor of a very early understanding
that visual access factors into what others know (Lem-
pers et. al. 1977, Gopnik & Slaughter 1991), leaving
in question that switching between these two particu-
lar models should play any role in explaining four year
old behavior. It’s also clear, given a purely Bayesian in-
terpretation of commonsense theories, that representing
beliefs about beliefs about beliefs, et cetera becomes pro-
hibitively costly from a computational standpoint, since
entire networks would have to be recopied in memory to
keep the relevant conditional probabilities from having
unwanted influence on one another.

The Cognitive Substrate Hypothesis

One of the hallmarks of human cognition is the range
of situations it is capable of adapting itself to. Presum-
ably, our evolutionary forebears did not need to fabri-
cate microprocessors, sail yachts, formulate grand uni-
fied theories, or do the majority of other activities that
we are capable of doing in our current day and age. In-
stead, they most likely needed to be able to reason more
generally about the nature of objects in their physical
environments, and be able to make better predictions
about their behavior in order to maximize their chances
for survival in what we assume to be extremely inhos-
pitable conditions. The Cognitive Substrate Hypothesis
states that a (relatively) small set of properly integrated,
domain-general computational mechanisms can provide
a mechanistic explanation for much, if not all of higher-
order cognition. While many different suggestions could
potentially be made in defining a cognitive substrate

as we’ve described above, our particular selection of
domain-general mechanisms are motivated by develop-
mental studies of physical reasoning. In order to success-
fully exist in a dynamic physical environment one must
proficiently reason about a core set of domains includ-
ing but not limited to: time, space, parts/wholes, paths,
instrumental desires, events, identity/similarity, situa-
tions/worlds, and causality (including learning causal
contingencies). We see computational functionality in
these domains as being absolutely critical to the sur-
vival of most (if not all) primates, but especially humans
- however it might be implemented.

Polyscheme: A Substrate Implementation

We have chosen to conduct our exploration using the
Polyscheme computational cognitive architecture (Cas-
simatis 2005), which was originally designed to inte-
grate multiple computational mechanisms correspond-
ing to aspects of higher and lower-level cognitive pro-
cesses. Polyscheme consists of a number of specialists
which maintain their own proprietary representations
that communicate with one another during problem-
solving through coordination via a cognitive focus of
attention. The selection of this particular implementa-
tion of attention is motivated by the existence of pro-
cessing interference in the Stroop effect (Stroop, 1935),
which suggests that multiple mental processes operate
simultaneously (word and color recognition, for exam-
ple). Visual attention has also been demonstrated as an
integrative mechanism for inputs from multiple sensory
modalities (Triesman & Gelade, 1980). Polyscheme is
based on the notion that just as the perceptual Stroop
effect can be generalized to higher-level non-perceptual
cognition, that integrative perceptual attention suggests
the existence of a higher-level cognitive focus of attention
that is the mind’s principle integrative mechanism.
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Figure 1: Focus Management in Subgoaling

Integration among specialists implementing their own
computational methods is achieved through two basic



principles: the multiple implementation principle (MIP),
and the common function principle (CFP). The common
function principle states that each specialist implements
a core set of common functions, including forward infer-
ence, subgoal generation, identity matching, and simu-
lation of alternative worlds. The multiple implementa-
tion principle states that many different computational
models (i.e. rules, neural networks, etc.) implement
common functions. Details concerning how the focus
of attention coordinates sequences of common functions
generated by multiple representations can be found in
(Cassimatis 2005).

Polyscheme: Some Formal Preliminaries

Strings of the form P(z0, ..., xn,t, w) are called proposi-
tions. Simply stated, P is a relation (i.e. Loves, Hates,
Color, MotherOf) over the set of objects zi during the
temporal interval t (which could be a single time point,
or a range of time points) in the world w which bears
a truth value. A proposition’s truth value is a tuple <
E+, E— > counsisting of the positive (E+4) and negative
(E-) evidence for that proposition. Evidence takes on
one of the following values: {C,L,l,m,?} representing
certainly, very likely, likely, maybe, and unknown. So,
if we are given the proposition Likes(John, Mary,t, w),
and come to find out its truth value is jm,m;, we can say
that at some time t, maybe John likes Mary, and maybe
he doesn’t. If at some later time say t+ 1, we find a note
written by John to his friend, expressing his affection for
Mary, we may update the truth value of this proposition,
with Likes(John, Mary,t + 1,w) taking on the value
< C,?7 >. Sometimes the letter £ will appear in the
proposition where a temporal argument would normally
be. E represents “eternity” and denotes the temporal in-
terval containing all other temporal intervals. Similarly,
one might observe the letter R in the proposition where
a world argument would normally be. R represents the
real world, which consists of objects and relations in the
environment appropriately transduced into propositions
by Polyscheme’s perceptual machinery. This is the world
as Polyscheme experiences it. Letters other than R in
the world argument of the proposition could represent
hypothetical, future, counterfactual or past states of the
world. We will exploit this functionality when describing
how to perform ToM-driven inference.

A Substrate Mapping for Social Cognition

Based on a variety of evidence from the empirical litera-
ture, we have minimally extended the cognitive substrate
for physical reasoning to accommodate reasoning about
the mental states of others. The domain-general func-
tionality for reasoning about physical objects includes
a general purpose spatial competency, a mechanism
for reasoning about identity, functionality that keeps
track of the truth-values of perceived objects/relations
through time, a simple associative learner, a system that
keeps track of the truth value of propositions in different
worlds (used for planning under uncertainty), and a rule-
based reasoner. In addition, we add three new pieces
of functionality that we believe are well-justified in the
literature on child development: a mechanism to keep

track of lines-of-sight (Hood et al. 1998), a mechanism
for detecting (specifically) human agency (Guajardo &
Woodward 2004), and a mechanism for generating excep-
tions for rules about self/other identity. Specifically, we
use the latter to selectively override the version of Leib-
nitz’ Law, which states that two objects are the same
just in case they share all of the same properties. To
even claim these three mechanisms as “additions” seems
to be somewhat dubious as well, since we can imagine
uses for all three of these functions in non-social cog-
nition. For example, it is plausible to assume that an
agency detector could be used to constrain search while
performing object tracking, and we’re convinced of the
fact that overrides to the identity hypothesis are used
frequently, especially in the case of early pretense, where
features of a source object must be replaced with imagi-
nary features of a target object. On our account, repre-
senting the “beliefs” of other agents consists of detecting
agency, which causes the simulation of a counterfactual
world w in which the identity Same(self,other, E,w) is
true. Beliefs held by “self” (i.e. propositions which are
true in the real world) are inherited into the counterfac-
tual world w with a slightly weakened truth value (in
order to prevent immediate contradictions from arising).
So, if at some time t1 self determines the location of
the chocolate is on the counter, we have a corresponding
proposition Location(chocolate, counter, t1,w) which is
true in w.

Reasoning About False Beliefs

As we have mentioned previously, the false belief task
consists of the unexpected transfer of an object from one
location to another that happens outside of the knowl-
edge of a target agent, whose action toward this object is
to be predicted by the subject. We claim that there is no
gap in conceptual or theoretical knowledge differentiat-
ing three and four year old subjects. We claim that three
year old subjects are in possession of all of the knowl-
edge needed to pass the false belief task, but haven’t yet
learned to properly re-focus their attention on the tar-
get’s line-of-sight. Our approach most closely resembles
mental simulation, but also uses explicit knowledge in
the form of rules to populate and guide the progress of
simulation as it occurs. The set of rules that we assume
both three and four year old children to be using consists
of the following;:

1. If an agent has line-of-sight on an object, then the
agent knows the location of the object.

2. If an object is at a location it cannot be located any-
where else.

3. If an object is at a location at some time t, it will most
probably be at that location at time t+1.

4. If an agent has line-of-sight on an object at time t,
it will most likely have line-of-sight on that object at
time t+1.

5. If an agent wants an object, and knows that the object
is located at 1, the agent will reach for the object at I.



We adopt a version of the “like me” hypothesis de-
veloped in (Meltzoff 2005), which broadly states that
humans possess an innate faculty that posits equiva-
lences between self and other. This idea has been sup-
ported through repeated observation of infants imitat-
ing the facial gestures of their care-givers even at forty
minutes old. To do so, we use Polyscheme’s identity
predicate, Same(x,y, E,w), in the context of a counter-
factual world w, which serves as a mental simulation of
x taking the perspective of y. When Polyscheme sees
a proposition of the form: Category(z, Agent, E, R), it
immediately creates an alternative world w in which the
proposition Same(self,z, E,w) is true. We use an iso-
morphic version of the false belief task in which an agent
named Sue sees a cookie in jar A, then goes outside, as
in the classic task. While she is out, the cookie moves to
jar B, and the subject (Polyscheme in this case) is asked
where Sue thinks the cookie is.
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Figure 2: Inference in the False Belief Task

We will use figure 2 and figure 3 as visual references
as we explain inference in the task. As we can see in
2, we represent propositions which are true in both the
real world, and in the counterfactual world w. Upon
noticing that Sue’s category is Agent, w is created and
seeded with the true proposition Same(sel f, Sue, E, w).
Self has a line of sight on the cookie at time t1, and
thus it’s location at jar A. In the counterfactual world in
which Self is identical to Sue, Sue also has a line of sight
on the cookie. Information about the cookie’s location
in the counterfactual world is inherited from information
in the real world. So in w, the cookie’s location is also
at jar A at time t1. Since the cookie’s location is at jar
A at time t1, we infer that the cookie is likely at jar A
at time t2. Similarly, self’s line of sight at time t2 is
initially on the cookie. The results of these inferences
are also available in w. Now, Sue goes outside, but self
stays inside and sees the cookie move from jar A to jar B.
Now, self’s line of sight is on the cookie at jar B, and the
location of the cookie is now known by self to be at jar B.
The interesting issue is that relations such as “location”
are not indexed by agent names. The location of the
cookie is just the location of the cookie. If this is the

case, how do we separate self’s knowledge of the location
of the cookie from Sue’s? Our speculation is that this is
what separates three and four year old subjects.

Learning to Focus

How then, do four year old subjects successfully navigate
the false belief task? We claim that four year old children
selectively focus their attention on how information is
acquired by the target in the simulation in order to make
better predictions about how it will behave.
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Figure 3: Re-focusing in the False Belief Task

In figure 3, we see Sue’s line-of-sight highlighted. Even
though self’s line of sight still suggests that the cookie
is in jar B, we re-focus on Sue’s line of sight, and re-
infer the location of the cookie to be at jar A. This re-
focusing policy is a result of one of Polyscheme’s spe-
cialists that monitors for conflicts in situations where
self/other equivalences are drawn, and re-focuses it’s
cognitive focus of attention on other-specific informa-
tion. In the false belief task, the self/other equivalence
that causes our problem is that at time 2, and subse-
quently at time 3, there is a mismatch between self’s line
of sight and Sue’s line of sight. One of Polyscheme’s spe-
cialists detects this mismatch and re-focuses on Sue’s line
of sight, re-inferring the location of the cookie to still be
at jar A. Learning what to focus on is the crucial linchpin
in the developmental process. Polyscheme’s associative
learner keeps track of which propositions are true every
time an action is either taken by self in the real world, or
predicted in counterfactual worlds. The learning process
is driven by bad predictions. Polyscheme learns to asso-
ciate the appearance of certain propositions (such as line-
of-sight) with potential contradictions. Once it has accu-
mulated a prioritized list of these propositions, they are
made available to Polyscheme’s conflict-resolver. If the
propositions in conflict have an agent-name other than
“self” as an argument, the conflict-resolver re-focuses at-
tention on the proposition containing the other agent’s
name. In the false belief task, Polyscheme makes a num-
ber a bad predictions about where Sue thinks the cookie
is, and learns to associate line-of-sight with mispredic-
tion. The conflict resolver will then re-focus attention



on Sue’s line-of-sight, which in the context of simulating
Sue’s mind, will produce the correct prediction.

Summary

We have shown that learning to keep track of situa-
tions in which there are discrepancies between line-of-
sight in agents, and using these discrepancies to focus
attention on the line-of-sight of the target is a plausi-
ble explanation for the emergence of facilitation on the
false-belief task. This explanation avoids a number of
the problematic corollaries of adopting a more classi-
cal stance on the ToM issue. Excessive duplication of
propositions and rule-fragments is avoided through the
simulation of counterfactual states of affairs which in-
herit directly from our experience of the real world. By
an large, propositions are agent-independent, alleviating
the need to re-tag pieces of knowledge as being associated
to the various agents whom we wish to make predictions
about. Difficulty in learning about mental states due to
unobservability is avoided, since via the inheritance and
the simulation process, we have access to these struc-
tures. We suspect that the late emergence of false belief
in the third to fourth year is caused by the general lack
of training examples in which we need to keep track of
our own line of sight in relation to the line of sight of oth-
ers. While some may claim that bouts of joint attention
between infants and others constitute training examples
where infants must keep track of their own line of sight
in relation to the lines of sight of others, it’s not clear
how the specific task of action-prediction interacts with
the mental accounting being performed in these cases.
It might be that the added complexity delays successful
performance on ToM tasks until sometime between the
three and four year marks in the same way that learning
past-tense information in language usage is delayed.
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Abstract

We present a 3-node queuing network template for simulating
brain activity differences for different subject populations
performing simple cognitive tasks. We hypothesize that
distinct areas of cortex behave similarly to queuing network
servers, whose interactions are used to simulate the
interactions of different brain areas. This 3-node queuing
network template accurately accounts for brain activity
disparities (as found with neuroimaging techniques) for
different subject populations performing verbal working
memory, spatial working memory, and verbal audition tasks.
Further, this 3-node queuing network template provides an
account explaining the interactions between different brain
areas. This account suggests that reductions in service rates
(due to changes in gray matter volume or white matter
anisotropy) for different brain areas alters the flow or
propagation of neural activity, causing different brain activity
patterns for different subject populations performing the same
cognitive tasks.

Keywords: neuroimaging; working

memory

Queuing Networks;

Introduction

The brain is an enormously complex network of
interconnected systems and sub-systems, which at this point
cannot be easily understood. Most standard neuroimaging
techniques tend to focus on singular brain regions that are
hypothesized to be responsible for singular functions, either
general functions (global approach) or specific functions
(local approach; Nyberg and Mclntosh, 2001). It seems
more likely that behavior and thought result from the
interactions of different brain regions rather than from
singular brain region activations (Lashley, 1931; Bressler,
1995).

How do different brain areas interact with each other? A
number of models and techniques have been proposed to
examine this question. Such techniques include Partial
Least Squares (PLS), Structural Equation Modeling (SEM),
and Dynamic Bayesian Networks (DBN; Nyberg and
Mclntosh, 2001; Labatut et al., 2004). These techniques are
all statistical techniques that can uncover the relationships
between different brain areas. While these techniques are
extremely useful, they do not explain why brain regions
interact in such ways.

This paper offers a new research method based on
queuing network theory to explore brain networks. The

unique power of this queuing network approach for
examining cortical interactions is illustrated in this paper
through a simple 3-node queuing network architecture that
explains differences in brain activity for different subject
populations (young vs. old, literate vs. illiterate) performing
the same cognitive tasks.

There are a number of major contributions of this paper.
The first is to offer an alternative method to model
connectivity in the brain and the subsequent interactions of
different brain areas. The second major contribution is that
the queuing network template provides plausible, novel, and
causal explanations, which predict when certain brain areas
will become active and offer explanations as to why they
become active. The third contribution is the model’s
breadth where the same structural template may be the
underlying architecture mediating task performance in a
wide range of cognitive tasks. In addition, this architecture
did not require many model parameter changes in order to
model these different phenomena.

Queuing Networks and Psychology

Queuing Networks are a mathematical discipline that are
used to simulate and model a wide array of phenomena
including manufacturing processes, emergency room
workload, and airport traffic. =~ The queuing network
methodology has also been applied to cognitive psychology,
and was used to successfully unify various psychological
models of reaction time (Liu, 1996) and multitask
performance (Liu, 1997). Recently, the queuing network
approach has been successfully integrated with the symbolic
approach (Liu et al., 2006) for both mathematical analysis
and real time simulation of human performance in a
multitude of settings including in-vehicle steering (Liu et
al., 2006), transcription typing (Wu & Liu, 2004), and visual
search tasks (Lim & Liu, 2004). The success of the queuing
network methodology in these domains is evidence of its
efficacy as a model of human cognition and behavior.

Queuing Networks and Brain Activation

In this paper we attempt to model brain activation
differences, as uncovered with neuroimaging, for different
subject populations performing the same cognitive tasks.
We will model these brain activation differences with a
queuing network methodology and architecture. Rather
than model changes in blood flow or volume, we attempt to
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model the underlying neural activity that drives the
differences in blood flow as found empirically in these
studies.

Positron Emission Tomography (PET) and functional
Magnetic Resonance Imaging (fMRI) are two techniques
used to measure blood flow changes in the brain, and both
do so in different ways (Cabeza and Nyberg, 2000). fMRI
measures blood flow changes via the Blood Oxygenated
Level Dependent (BOLD) contrast and PET measures blood
flow changes by marking blood with radioactive tracers
(Cabeza and Nyberg, 2000). These hemodynamic processes
are also correlated with the underlying neural activity of
those brain areas exhibiting blood flow changes (Logothetis
et al, 2001). This provides researchers with some
confidence that while an indirect measure, these techniques
can be used as to approximate underlying neural activity. In
this paper we model the underlying brain activation
moderating these hemodynamic changes and we do so with
a queuing network framework.

3-Node Queuing Network (QN) Template

While there are many different types of queuing networks,
this paper focuses on a simple 3-node queuing network with
one server branching out into two parallel servers, as shown
in Figure 1.

Parallel
Server 1

Meural Activity

-—

Branching Server

Farallel
Server 2

Figure 1: 3-node QN template

In all of these simulations, neural activity or neural spike
trains are treated as the customers (C) in these networks that
will be served by the queuing network servers in the
network'. Each of the boxes in this network is a queuing
network server (S) that provides a service to the customers
that enter the network. Each of these servers will represent
a unique brain area(s) that provides a unique service to the
customers that enter it. Customers arrive at the branching
server at some arrival rate A customers/unit time. Once
customers enter the network through the branching server,
they receive some service from the branching server with a
service rate of p customers/unit time. Once customers
complete service at the branching server they then travel
probabilistically to either parallel server 1 or parallel server
2 for additional service. Each of these servers services
customers with it's own service rate. Once customers

! Initial neural activation at the Branching Server is time-locked
with empirical stimulus onsets.

complete service at either of those servers they have
completed their full service and subsequently leave the
network.

Each server also has a service capacity (the number of
customers it can serve at a time) and a waiting capacity or
queue capacity, which identifies how many customers can
wait in front of the servers for service. The parallels
between the queuing network methodology and the brain are
apparent. First, it seems that different brain areas do in fact
provide some unique function or service that mediate
behavioral performance. Second, it is reasonable to assume
that brain areas have capacity limitations in the amount of
processing that they can accomplish and the speed with
which they can process. Third it seems that information in
the brain can be queued, as information that is not processed
immediately is not immediately lost or discarded.

For these simulations we alter service rates for particular
servers in the network, but we leave service capacities and
queue capacities constant throughout, as it is beyond the
scope of this paper to provide/hypothesize queue capacities
for different brain areas. We therefore set each server’s
capacity to serve only one customer at a time with an
infinitely large queue capacity (waiting line).

In all of these simulations we assume that each server
provides a unique service and that customers need to be
served by the branching server and only one of the parallel
servers, but not both. Therefore, while each parallel server
provides a unique service, each of the simulated tasks can be
accomplished by traversing either of the parallel servers,
which provide similar service.

Parameters for arrival rates, A, were set based on the
empirical parameters of the task. Service rate parameters
were set based on neural evidence coming from research on
aging and literacy. Zimmerman et al. (2006) have found
significant gray matter volume reductions with increased
age, and that these reductions have been correlated with
reductions in executive functioning and working memory
performance. Klingberg et al. (2000) have found that
reductions in white matter anisotropy (connection fidelity),
is strongly correlated with poor reading performance. We
draw on these findings in setting our queuing network
parameters for these simulations.

In addition one of the major assumptions of this paper is
our hypothesized explanation for how neural activity flows
or moves through brain neural networks. Neural activation
flows in this network based on the comparative processing
rates of the parallel servers, and is mediated by the
following equation:

Pi = [/ wil + [wD(Eq. 1)

Where p; = the service rate for server i, and P; is the
probability of traveling to server i.

One can see that if the service rate of one parallel server in
relation to the other server is much greater, then it is more



likely that neural activity or spike trains would propagate to
that server and vice versa.

There is also neural evidence that supports this routing
equation. It is known that stronger synaptic connection
strengths of an individual neural route, increase the
probability (P;) that neural spike trains (the customers in our
network) travel through that route (Black, 1999;
Chklovskiii et al., 2004; Habib, 2003). Synaptic connection
weights can also be decomposed into waiting times and
processing times of customers traveling a particular route
(Wu, 2007). Therefore, equation 1 is supported by the
aforementioned neural evidence.

Studies to Be Modeled

In this paper we model the neuroimaging results from 2
separate PET studies. These two studies were selected for
two reasons.  First each study found brain activity
differences for different subject populations performing the
same cognitive tasks. Second, in all the studies, subjects
activated the same brain areas, in other words, different
brain areas were not recruited for the different populations
of subjects, only the distribution of the brain activation
differed.

The first study, from Reuter-Lorenz et al. (2000),
explored the difference in brain activity for old and young
adults performing verbal and spatial Working Memory
(WM) tasks. The second study from Petersson et al. (2000),
investigated brain activity during a pseudoword generation
task for illiterate and literate subjects. Though we have
restricted the number of studies simulated in this paper, our
results could conceivably be applied to many other studies
of this kind.

All of our simulations were run for 30 minutes, roughly
mimicking the total time of the empirical studies. In
addition each simulation was run for 100 replications.

Studyl: Reuter-Lorenz et al., 2000

In this study young and old subjects performed verbal and
spatial working memory tasks. The authors used PET to
identify the brain areas activated to perform these tasks and
also explored the brain activation differences between the
two groups of subjects. The major finding was that for
verbal working memory young subjects showed substantial
left lateralized frontal activation and for spatial working
memory those subjects showed substantial right lateralized
frontal activation. Older adults on the other hand showed
bilateral frontal activation for both spatial and verbal
working memory suggesting that older adults may be
recruiting other brain areas to compensate for neural
declines (Reuter-Lorenz et al., 2000). In addition, few
differences were found in posterior activations for these two
subject populations.

Simulation Parameters The queuing network template
used to model these data can be seen in figure 2. The

anterior and posterior brain areas that compose these servers
can be seen in table 1.

Left
Posterior
Verbal
ROk

Bilzteral
Pasterior
Spatial
ROIs

Figure 2: 3-node QN templates used to model Reuter-
Lorenz et al. (2000) data

Table 1: Brain areas that compose the Queuing Network
Servers as treated singularly by Reuter-Lorenz et al. (2000).

Verbal Working Spatial Working
Memory Task Memory Task
Anterior ROIs | BA 45, 46, 10,9 and BA9, 46, 47
44 (Broca’s); (DLPFC, VPFC);
BAG6(Supplementary SMA and
Motor and premotor Premotor
Posterior BA 40, 7 (parietal) and | BA 40, 7
ROIs temporal sites BA 42 (parietal); BA 18,
and 22 19 (striate and
extrastriate); BA
31 (Precuneus)

Arrival rates of the stimuli were set to be 5 seconds as this
was the presentation rate of the trials to the subjects in the
empirical study.

Service rate parameters were initially set to be
exponentially distributed with a mean of 18 ms and have
been validated by other researchers (Feyen, 2002; Wu,
2007). For young adults, service rate parameters were set in
ways to show frontal lateralization. Therefore, for the
verbal working memory task, the right anterior server’s
processing rate was treated as a free parameter and set to a
value that would show lateralization (we used the same
parameter value for the left anterior server for the spatial
working memory task).

In addition, we feel it makes intuitive sense that left
frontal areas should have disproportionately faster service
rates for verbal tasks (compared to right frontal areas), and
right frontal areas should have disproportionately faster
service rates for spatial tasks (compared to left frontal
areas), as these arcas seem to be most active in the service
of those respective tasks. If there were not such a difference
in the processing abilities of these areas of cortex mediating
performance in these tasks, we would not expect such robust
lateralized activity.

For setting processing rates for older adults we used
equations 2 and 3.

Lateral frontal = 67,043 -.47 * Age (Eq. 2)
Note: the units are in mm
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Equation 2, was provided by Zimmerman et al. (2006) and
explains how gray matter volume in lateral frontal areas
decreases with increased age. Equation 3, describes how
gray matter volume changes for older adults translates into
slower processing rates in lateral frontal areas. Here we are
assuming that gray matter reductions reduce the abilities of
those cortical areas to process information, and that this
reduction in processing is additive to initial processing
values. Tables 2 and list the parameters used to simulate the
results from Reuter-Lorenz et al. (2000). Note: the mean age
for young adults was 24, and for older adults was 69.

In addition, one may note that for older adults the service
rates change for frontal areas, but not for posterior areas.
With aging, there is more gray matter loss in frontal areas,
compared to posterior areas, which can explain more
deficits in planning, organizing and performing other
executive functions with age (Zimmerman et al., 2006).

Table 2. Processing rates for old and young in the verbal
WM task

Population

Older Adults

Younger Adults

Arrival rate (1)’

1 every 5 sec

1 every 5 sec

Service rate Left
Posterior Regions

Exponential mean
18 ms per neural
spike train*

Exponential mean
18 ms per neural
spike train

Service rate Right
Anterior Regions

Exponential Mean
86 ms per neural
spike train

Exponential mean
54 ms per neural
spike train

Service rate Left
Anterior Regions

Exponential Mean
50 ms per neural
spike train

Exponential mean
18 ms per neural
spike train

Table 3. Processing rates for old and young adults in the

spatial WM task

Population Older Adults Younger Adults
Arrival rate (A) 1 every 5 sec 1 every 5 sec
Service rate Left | Exponential

Posterior Regions

neural spike
train

mean 18 ms per

18 ms per neural
spike train

Exponential mean

Service rate
Anterior Regions

Right

Exponential

neural spike

Mean 50 ms per

18 ms per neural
spike train

Exponential mean

train
Service rate Left Anterior | Exponential .
. Exponential mean
Regions Mean 86 ms per

neural spike
train

54 ms per neural
spike train

2 § is a scaling parameter was set to 100 for simulation 1 and set to

18 for simulation 2.

3The arrival rates were based on empirical stimulus presentation

rates

4 See Liu, Feyen and Tsimhoni (2006)

From tables 2 and 3 one can see how the initial imbalance
between left and right service rates for the verbal and spatial
tasks would cause more neural spike train activity to
propagate to left anterior areas for the verbal task, and right
anterior areas for the spatial task (see equation 1). Again,
for older adults, service rate parameters in anterior areas
were set based on equations 2 and 3.

Simulation Results Figure 3 displays the simulation results
and the empirical results from the Reuter-Lorenz et al.
(2000) study. The fits of our simulation results have an R?
= 0.64 for the verbal working memory task, and an R* =
0.72 for the spatial working memory task.

The dependent variable that Reuter-Lorenz et al. (2000)
report is the % change in brain activation for experimental
working memory trials compared to control trials. For the
experimental trials there was a higher working memory load
compared to the control trials (roughly 4 times that of
controls).  Therefore in our simulations we altered
processing by a scalar value (4) to reflect the changes in task
demands from control trials to experimental trials. We
report the changes in server utilization from control trials to
experimental trials.

Empirical Results for Verbal WM Task Empirical Results for Spatial WM Task
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Figure 3: Empirical Results and simulation results for
Verbal WM Task and spatial WM task from Reuter-Lorenz
et al. (2000). Blue solid bars are left anterior areas, and
magenta dashed bars represent right anterior areas. Top row
shows the empirical results and the bottom row the
simulation results’

From figure 3, one can see that our simulations do capture
the empirical results well, especially the overall pattern of
less lateralization with increased age.  This reduced
lateralization was due to processing declines mediated by
gray matter loss, which reduced the ratio in processing rates
of one parallel server relative to the other.

> The apparent reversal in lateralization for older adults in both the
verbal and spatial working memory tasks was not significant



Study2: Petersson et al., 2000

In this study literate and illiterate participants performed a
task where they needed to repeat verbally auditorily
presented words and pseudowords. It was found that literate
and illiterate subjects had similar behavioral performance in
repeating words, but illiterate subjects were impaired in
repeating pseudowords. It was also found that the neural
networks supporting pseudoword repetition were different
for the two groups, suggesting that learning to read causes
functional changes in brain circuitry.

Here we concentrate on path weight differences (as found
with Structural Equation Modeling; SEM) between inferior
Parietal Cortex (iPC; BA 7/40) with Broca’s area (BA 44)
and iPC with prefrontal cortex (PFC; BA 45/46). The
authors found that the path weight between iPC and Broca’s
was higher for literate subjects (by .18), while the path
weight between iPC and PFC was higher for illiterate
subjects (by .26). These path weight changes may reflect
more efficient phonological loop processing for literate
participants, and subsequently more reliance on executive
processes for illiterate subjects to perform the pseudoword
repetition task. Note: we report correlations rather than path
weights, but the path weights were based on the correlation
matrix of the empirical study.

Table 4. Processing rates for Literate and Illiterate Subjects

Population Literate Subjects | Illiterate Subjects
Arrival rate
(1/lambda) U(6, 1) sec u(6, 1) sec
Service  rate | Exponential mean .
. . Exponential mean 18ms
iPC 18ms per spike . .
- per spike train
train
Service rate Exponentlal.mean Exponential mean 29 ms
Brocas 18ms per spike . .
. per spike train
train
Service rate Exponential mean Exponential mean 27 ms
PFC 27 ms per spike . .
train per spike train

Simulation Parameters Table 4 lists the parameters that
were used to simulate the data from Petersson et al., (2000).
Arrival rates were set based on empirical parameters, where
stimuli were presented every 6 seconds. However, we
needed to include some variance so that we could calculate
the correlation of neural activations in our queuing network
Servers.

We set parameters for literate subjects in a similar manner
to that of our simulations of Reuter-Lorenz et al. (2000).
We treated service rate in the PFC as a free parameter as
younger adults are biased to utilize the route connecting iPC
and Brocas over iPC and PFC.

For setting parameters for illiterate subjects we depended
on differences in white matter anisotropy. While there may
be gray matter volume differences between literate and
illiterate subjects, we were guided by white matter
anisotropy (connection integrity) differences between good
and poor readers (Klingberg et al., 2000).

PFC

iPC

Brocas

Figure 4. 3-Node queuing network used to simulate
Petersson et al. (2000) data

Klingberg et al. (2000) found that white matter anisotropy
in a volume connecting parietal and temporal cortices in the
left hemisphere was significantly reduced in poor readers
compared to normal readers, and that anisotropy in this
region was significantly correlated with reading
performance. ~ We wused this significant reduction in
anisotropy connecting temporal and parietal cortex to
change the processing rate of Broca’s area for illiterate
subjects as this white matter region would be connecting
iPC with Broca's. We assumed that this reduction in
anisotropy in this region would alter the relationship
between iPC and Broca’s area for illiterate subjects.

Klingberg et al. (2000) found that anisotropy in this white
matter region was correlated with reading performance r =
0.84. Using behavioral data from the Petersson et al. (2000)
study (via Castro-Caldas et al., 1998) and Klingberg et al.’s
(2000) regression equation we calculated the anisotropy
values for literate and illiterate subjects. These calculations
yielded a 60% decrease in anisotropy for illiterate subjects
compared to literate. Using Equation 3., we substituted
white matter changes between literate and illiterate subjects
(instead of gray matter) to obtain the service rate for Broca’s
area for illiterate subjects.

Simulation Results The simulation results for this task are
summarized in Table 5. We obtained an R* = .96 for these
simulation data (pitting our simulated correlation values
against Petersson et al. (2000) path weights). One can see
the changes in correlated activity match the pattern of
differences in path weights exhibited from the Petersson et
al. (2000) study where literate participants exhibit increased
correlations between iPC and Broca’s compared to illiterate
subjects, and illiterate participants exhibit increased
correlations between iPC and PFC compared to literate
participants. We did not find the same magnitude increase
in correlated activity between iPC and PFC as was found
empirically, however, we did find the same overall pattern.
These results indicate good coherence between our
simulation and the empirical findings.



Table 5. Simulation and Empirical Results from Petersson et
al. (2000)

Empirical Simulation

Increase in iPC and Brocas

Relation for Literate +.18 +.10
compared to Illiterate

Decrease in iPC and PFC

Relation for Literate -.26 -.10
compared to illiterate

Conclusion

In sum, our 3-node queuing network templates were able to
successfully model the activity of brain networks for
different populations of subjects performing the same
cognitive tasks. We drew on neuroscience evidence in
selecting parameters and explained changes in brain
networks as being caused by relative differences in service
rates, which alter neural activation propagation. We hope
that with the queuing network architecture we will be able
to understand more complicated brain networks and make
new predictions for the behavior of brain networks that
underlie human cognition.
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Abstract

The Rational Choice Theory describes criminal behaviour as a
form of means-end decision-making. In contrast, it is often
argued that criminal behaviour involves subjective, personal
biological and psychological aspects. This paper contributes an
agent-based modelling approach for criminal behaviour
integrating such subjective aspects with decision-making based
on means-end analysis, and illustrates this for street robbery.
The agent model developed is a combination of a BDI-model
and a utility-based decision model in the context of such desires
and beliefs. The resulting approach incorporates subjective,
context-sensitive means-end analysis, where the context covers
biological and psychological aspects as mentioned.

Introduction

A longstanding debate within Criminology is whether
criminal behaviour is driven by a criminal’s subjective,
personal biological and psychological background, or is the
result of a rational, calculated choice; e.g., (Moir and Jessel,
1995; Cornish and Clarke, 1986). Often the former is
considered to happen to the subject with not much freedom
of choice, whereas the latter is considered to be a more or
less free choice. This debate has fundamental societal
implications, for example, on policies with respect to
punishment and treatment of criminals. An interesting
question is whether in this debate an exclusive choice has to
be made between two opposed viewpoints, or a synthesis
can be obtained reconciling them. If this question is to be
answered in the latter sense in a convincing manner, this
requires a detailed account on how exactly the two
viewpoints can be integrated. This indeed is the aim of the
current paper. It is shown in detail that and how such an
integration is possible, by means of a formalised
computational model that incorporates both sides.

As a starting point, the agent model described in (Bosse,
Gerritsen and Treur, 2007b) has been taken, which focuses
on a case study about the Intermittent Explosive Disorder.
This model addresses action generation based on beliefs,
desires and intentions (BDI), and generation of desires and
beliefs in opportunities. However, for the sake of simplicity,
only one action per desire was assumed, so no decision
making was covered involving a choice between different
options for actions to fulfil a desire. The current paper
presents a model for utility-based multi-criteria decision
making (e.g., Keeney and Raiffa, 1976; Raiffa, 1982) within
a BDI-setting and applied to street robbery. This decision
model provides a formalisation of the Rational Choice
Theory within Criminology; e.g. (Cornish and Clarke,
1986). This theory as informally discussed within

Criminology describes crime as an event that occurs, for
example, when an offender decides to take risk breaking the
law, after considering his or her own need for money,
personal values or learning experiences and how well a
target is protected. The criminal assesses the chances of
getting caught, the expected penalty, the value to be gained
by committing the act, and his or her immediate need for
that value.

In the decision model introduced in this paper, this
process is modelled by introducing utilities for different
possible intended actions. The utility of a certain (option for
an) action is then assessed according to the extent to which
it fulfils the subject’s desire. In this way utilities are
assessed with respect to a subjective measure focusing on a
specific desire, which may be affected by the subject’s
specific biological and psychological background. In other
words, for the individual agent, rational choice means the
choice to fulfil its own desires in the best possible way.
Thus, the model for desire generation based on the
biological and psychological factors is integrated with a
rational decision model for the choice of (intended) actions.

In this paper, the next section discusses a brief summary
from the literature on the role played by biological and
psychological factors in criminal behaviour. After that, the
dynamical modelling approach is discussed. Next, the
simulation model is presented and some simulation results
are shown. Finally, the approach and its possible
applications are discussed.

Biological and Psychological Factors

Since the BDI model (Georgeff and Lansky, 1987; Rao and
Georgeff, 1991) does not prescribe a standard way to
determine how desires are created, for a particular
application usually domain-specific knowledge is used. For
criminal behaviour, a number of specific biological and
psychological aspects seem to play a role in the generation
of desires. An extensive search has been performed into
literature from areas such as Criminology and Psychology
(e.g., Raine, 1993; Moir and Jessel, 1995; Delfos, 2004) for
aspects to be incorporated in the model.

A theory of mind of a person (e.g., Baron-Cohen, 1995)
describes other persons’ minds by separate mental concepts,
such as the person’s own beliefs, desires, and intentions, and
how those concepts play a role in the person’s behaviour.
Criminal actions are often performed by persons whose
theory of mind is less developed. In recent years, more
evidence is found that there often are biological reasons for



this. For example, it has been found that many psychopaths
have a damaged connection between the frontal lobes
(concerned with conscience and remorse) and the limbic
area, which generates feelings; cf. (Moir and Jessel, 1995).

Another important aspect in crimes is aggressiveness.
Research has pointed out that there is a correlation between
aggressive behaviour and the level of testosterone. In fact,
89% to 95% of all crime is performed by males (Moir and
Jessel, 1995). In addition, the use of alcohol or drugs may
increase the violence of behaviour.

A third aspect involved in criminal behaviour is the desire
to act, which can be related to a high level of adrenalin. If a
person’s adrenalin level becomes too high, (s)he somehow
has to cope with this; acting decreases the adrenalin level.
Thus, if the desire to act is high, then a criminal act more
easily occurs. The specific types of actions that are chosen
depend on another factor, the desire fo act safely. This
factor correlates with a high level of oxytocine, a hormone
mainly produced by women. Persons with a high level of
oxytocine have a higher tendency to cope with their desire
to act by performing ‘safe’ actions (e.g., taking care of the
‘nest’) than persons with less oxytocine; they will rather
perform ‘less safe’ actions (e.g., fighting) (Delfos, 2004).

In addition, crimes are often committed by persons who
are looking for a thrill. These persons in general have a high
excitement threshold, which means that it is very difficult
for them to become excited (Moir and Jessel, 1995; Raine,
1993). As a result, they are often bored, so that they
generate a desire for actions with strong stimuli. Such
actions may become criminal actions, such as stealing,
joyriding, or assaulting other people. Only by performing
these actions, their desire for strong stimuli is fulfilled, and
they become less bored.

Furthermore, a significant amount of committed crimes
can be described as impulsive. They are not planned, but
rather triggered by occasional opportunities. An important
factor causing impulsive behaviour is a low level of blood
sugar, which in turn is caused by a high insulin level and a
low serotonin level (Moir and Jessel, 1995).

A next factor that may affect the types of (criminal)
actions that persons may perform, is the extent to which
they have (positive or negative) feelings with respect to
another person’s wellbeing. When someone has a low
amount of positive feelings towards others, (s)he does not
really care about the other. Likewise, when someone has
many negative feelings towards others, (s)he may wants to
cause harm towards someone else. For example, in
psychopaths, both attitudes are low: these persons hardly
show any emotion concerning other persons, so for them,
both the positive and the negative emotional attitude
towards others are low (Moir and Jessel, 1995).

The last two factors chosen to incorporate in the model
are the desire for high gain and the desire for low loss.
These concepts were chosen on the basis of the Rational
Choice Theory (Cornish and Clarke, 1986). According to
this theory, to determine their actions, persons will try to
minimise their expected loss or penalty (e.g., being caught,

getting hurt) and maximise their gain (e.g., money, status).
The theory states that criminals will make a serious decision
before committing a crime, weighing pros against cons.

Modelling Approach

Modelling the various aspects in an integrated manner poses
some challenges. On the one hand, qualitative aspects have
to be addressed, such as beliefs, desires, and intentions,
certain brain deviations, and some aspects of the
environment such as the presence of certain agents. On the
other hand, quantitative aspects have to be addressed, such
as testosterone and serotonin levels, and utilities.

The modelling approach based on the modelling language
LEADSTO (Bosse, Jonker, Meij, and Treur, 2005) fulfils
these desiderata. It integrates qualitative, logical aspects and
quantitative, numerical aspects. This integration allows the
modeller to exploit both logical and numerical methods for
analysis and simulation. The basic building blocks of
LEADSTO are so-called executable dynamic properties, by
which direct temporal dependencies between two state
properties in successive states are modelled. Their format is
defined as follows. Let oo and  be state properties of the
form ‘conjunction of ground atoms or negations of ground
atoms’. In LEADSTO, the notation o.— 1, g h B, means:

If state property o. holds for a certain time interval with duration g,

then after some delay (between e and f) state property Bwill hold

for a certain time interval of length h.

Here, atomic state properties can have a qualitative, logical
format, such as an expression desire(d), expressing that desire
d occurs, or a quantitative, numerical format such as an
expression has_value(x, v) which expresses that variable x has
value v. For more details of the language LEADSTO, see
(Bosse, Jonker, Meij, and Treur, 2005). The overall
simulation model has been built by composing two models:
1. a model to determine desires incorporating various biological
and psychological aspects and their interactions

2. a model for reasoning about beliefs, desires and intentions,
using a BDI-model based on utility-based decision making

These models have both been implemented in LEADSTO.
They are described in more detail the next sections.

Determining Desires

To determine desires, a rather complex submodel is used,
incorporating dynamical system elements for the biological
and psychological aspects as mentioned earlier, varying
from qualitative aspects, such as anatomical aspects
concerning brain deviations (e.g., the absence of certain
connections) to quantitative aspects, such as biochemical
aspects concerning testosterone levels. Some example
LEADSTO specifications (called Local Properties, LPs) are
given below (both in informal and in formal notation)':

LP9 A certain level of current testosterone will lead to a corresponding
level of aggressiveness.

Vx:SCALE chemical_state(testosterone,current,x) —»o,0, 1, 1
desire_for_aggressiveness(x)

! See (Bosse, Gerritsen, and Treur, 2007b) for the complete model.



LP20 Observation of a stimulus with an excitement level that is lower than
the excitement threshold will lead to boredom.
Vs1,s2,y:INTEGER observes_stimulus(s1,s2) A excitement_threshold(y) A

$2<y —»¢,0,1,1 boredom

LP29a A low blood sugar level leads to high impulsiveness.
chemical_state(blood_sugar, low) —»g o,1,1 desire_for_impulsiveness(high)

The variety of biological and psychological aspects that
were found relevant in the literature (such as Moir and
Jessel, 1995; Raine, 1993; Bartol, 2002; Delfos, 2004) and
are taken into account in this model, are those described in
the second section above. Different combinations of these
elements lead to different types of (composed) desires; e.g.,
the desire to perform an exciting planned nonaggressive
nonrisky action that harms somebody else (e.g., a pick
pocket action in a large crowd). The following LEADSTO
rule generates a composed desire out of the different
ingredients mentioned earlier:

LP30 A combination of values for theory of mind, desire for
aggressiveness, desire to act, desire to act safely, desire for actions with
strong stimuli, desire for impulsiveness, positive and negative emotional
attitude towards others, and desire for high gain and low loss leads to a
specific composed desire, represented as d(has_value(theory_of_mind, s1),
..., has_value(desire_for_low_loss, s10)).
Vs1,s2,s3,54,s5,56,57,58,59,s10:SCALE

theory_of_mind(s1) A desire_for_aggressiveness(s2) A desire_to_act(s3) A
desire_to_act_safely(s4) A desire_for_actions_with_strong_stimuli(s5) A

desire_for_impulsiveness(s6) A emotional_attitude_towards_others(pos,s7) A
emotional_attitude_towards_others(neg,s8) A desire_for_high_gain(s9) A

desire_for_low_loss(s10) —¢,0,1,1
desire(d(has_value(theory_of_mind, s1), ...,
has_value(desire_for_low_loss, s10)))

Utility-Based Reasoning about Intentions

As in (Bosse, Gerritsen and Treur, 2007b), part of the model
for criminal behaviour is based on the BDI-model,
whichbases the preparation and performing of actions on
beliefs, desires and intentions (e.g., Georgeff and Lansky,
1987; Rao and Georgeff, 1991). In this model an action is
performed when the subject has the intention to do this
action and it has the belief that the opportunity to do the
action is there. Beliefs are created on the basis of stimuli
that are observed. The intention to do a specific type of
action is created if there is a certain desire, and there is the
belief that in the given world state, performing this action
will fulfil this desire. The BDI-model was specified by:

LP31 Desire d combined with the belief that a certain action a will lead to

the fulfillment of that desire will lead to the intention to perform that
action.

Vd:DESIRE Va:ACTION desire(d) A belief(satisfies(a, d)) —%0,0,1,1
intention(a)

LP32 The belief that there is an opportunity to perform a certain action
combined with the intention to perform that action will lead to the
performance of that action.

Va:ACTION belief(opportunity_for(a)) A intention(a) —»¢,0,1,1 performed(a)

However, to assess and compare different options, and
select a best option, as an extension to this basic BDI-model
utilities are to be assigned and combined, addressing the
degree to which an action satisfies a desire. The notion of
utility to be used requires some reflection. Sometimes this
may be considered a rational notion with an absolute,

intersubjective (or objective) status. For two agents with a
kind of standard internal functioning, considered rational,
this intersubjectivity may be a reasonable assumption.
However, if the internal processes are different it is less
reasonable. One agent may have preferences different from
those of the other agent, and hence be satisfied with a
situation that is not satisfactory for the other agent. As an
example, multi-attribute negotiation aims at exploiting such
differences in preferences between agents in order to the
benefit of both; e.g., (Keeney and Raiffa, 1976; Raiffa,
1982; Jonker and Treur, 2001; Bosse, Jonker and Treur,
2004). This shows that the meaning of utility can be
subjective and personal. In particular, for a criminal subject,
due to his or her specific biological and psychological
characteristics, a desire can be quite deviant from what is
commonly considered as the rational norm. For this subject
the utility of a certain action a is assessed according to the
extent to which it fulfils this personal desire. This shows
how utilities are assessed with respect to a subjective
measure focusing on a specific desire d, which is affected,
or even largely determined by the subject’s specific
biological and psychological background. According to this
perspective, the utility-based decision model was set up as
follows:

1. Aspect Utility Value Representations
For any aspect x; with value s, introduce an aspect utility v;

for any possible action a by
has_aspect_utility(a, has_value(xs, s1), V1)

Ha.xs_aspect_utility(a, has_value(x, Sk), Vk)
where v; is based on a closeness measure for each aspect x;of
the considered option a to value s, normalised between 0
(least close, minimal utility) and 1 (most close, maximal

utility). For example,
has_aspect_utility(fight,
has_value(desire_for_aggressiveness, high), 0.9)

indicates that the action of fighting contributes much to a
high value for aggressiveness.

2. Aspect Weight Factor Representations

Introduce weight factors ws, ..., w, for the different aspects x,
normalised so that the sum is 1, and introduce relations
weight_factor(x, wi) stating that aspect x; has weight factor w;.

3. Combination of Aspect Utilities to Option Utilities
Combine the option aspect utility values vy, ..., v for a given
composed desire to an overall option utility taking into
account the weight factors wi, ..., wy, according to some
combination function f(vs, ..., Vi, Wi, ..., W).

The combination function in 3. can be formalised in a
number of manners; two common possibilities are:

« Euclidian Distance: f(vs, ..., Vi, W1, ..., Wi) = Y(W1vi® + ... + Wvd)
e Manhattan Distance: f(vy, ..., Vi, W1, ..., Wi) = WqVy + ... + Wik
The LEADSTO property for combination is:

LP41 Va:ACTION Vxy,...,.xi:ASPECT Vs4y,...,sc:SCALE Vvy,...vi,Wy,...W:REAL
belief(has_aspect_utility(a, has_value(xi, s1), V1)) A ... A
belief(has_aspect_utility(a, has_value(x, k), Vi)) A
weight_factor(xq, wi) A ... A weight_factor(xx, Wx) =0, 0,1, 1
belief(has_utility(a, d(has_value(xs, 1), ..., has_value(x, sk)),

f(V1, weey Vi, Wy, oy Wk) ))
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Figure 1: Utility-Based BDI-model

Next, the choice process is formalised. This is done in two
steps. First, LP31 is replaced by LP31a, LP31b, and LP31c:

LP31a Desire d combined with the belief that a certain action a will lead to
the fulfillment of d with utility u (=c) will lead to the consideration of a as a
possible intention option.

Vd:DESIRE Va:ACTION Vu:REAL desire(d) A belief(has_utility(a, d, u) A u>c)

—»02,02, 1,1 iS_intention_option(a, u)

Here c is a threshold value, for example 0.5. This is used to
generate the options to be considered. To obtain only the
intentions with highest utility, as a next phase, the selection
process is modelled in two steps by:

LP31b If al and a2 are both intention options, but a2 has a higher utility,
then al is ruled out as an intention option.

Va1,a2:ACTION Yu1,u2:REAL is_intention_option(al,ul) A
is_intention_option(a2,u2) A u1<u2 —»q o 1,1

ruled_out_intention_option(a1, ut)

LP31c Eventually, an intention option that is not ruled out is selected as
final intention.

Va:ACTION Yu:REAL is_intention_option(a, u) A

not ruled_out_intention_option(a, u) —»¢,0,1,1 intention(a)

The complete utility-based decision model is depicted
graphically in Figure 1. The circles denote state properties,
and the arrows denote dynamic (LEADSTO) properties.
Notice that the state properties of the type desire(...) are
generated by the model described in the previous section.
Note that, in order to describe a specific decision making
scenario with this model, the person described needs to have
some expectancy about possible actions already at the start
of the scenario. This expectancy may be triggered by
observations (e.g., “I see a potential victim and no

guardians, so I consider robbing this person”), or by other
internal states (e.g., “I feel like seeking some thrill, so I
consider robbing a bank this afternoon”). In the first case,
the duration between the decision and the actual
performance of the action is rather short, so that it is very
likely that an opportunity for the considered action will
indeed occur. In the second case, this duration will be
longer, and it is possible that no opportunity will occur at
all. The model can be used to describe both types of
processes.

An Example Simulation Trace

Based on the model shown above, a number of simulation
experiments have been performed to test (for some simple
scenarios) whether it shows the expected behaviour. In this
section, an example simulation trace is described in detail.
The example scenario involves a street robber (indicated by
criminall) who observes some possible targets, and is
deliberating about whether or not to perform an assault (and
if so, which assault to perform). For simplicity, we assume
that there are two possible assaults to choose from
(indicated by assault1 and assault2, respectively). In case of
assaultl, he would steal an old lady’s purse, without using
extreme violence. In case of assault2, he would steal a young
man’s brand new laptop. However, since this man seems to
be rather strong, he would probably have to use violence to
achieve his goal. The characteristics of both assaults, as well
as criminal1’s individual preferences, are shown in Table 1.



Table 1: Characteristics of a criminal and possible assaults”

weight factor aspect utility aspect utility
(criminall) (assaultl) (assault2)

theory of mind 0.04 low, 0.7 low, 0.9
desire for aggressiveness 0.04 high, 0.3 high, 0.8
desire to act 0.17 high, 0.8 high, 0.8
desire to act safely 0.02 high, 0.1 high, 0.1
desire for actions with strong 0.17 high, 0.6 high, 0.8
stimuli
desire for impulsiveness 0.12 medium, 0.5 medium, 0.5
positive emotional attitude 0.02 low, 0.7 low, 0.8
towards others
negative emotional attitude 0.04 low, 0.3 low, 0.3
towards others
desire for high gain 0.19 high, 0.5 high, 0.8
desire for low loss 0.19 high, 0.8 high, 0.5

In the first column of the table, the different weight
factors assigned to criminali can be seen. These weight
factors, which add up to 1, show the relative importance of
each aspect for the criminal. The weight factor for desire to
act safely, for example, is 0.02. This means that criminal1 has
a low interest in the desire to act safely. The weight factor
for desire for actions with strong stimuli is 0.17, which
means that he has a high desire for actions with strong
stimuli. In the columns to the right of the weight factor, the
utility of the different aspects is mentioned (in the column in
the middle for assault1 and in the column to the right for
assault?). The values describe in how far the aspect is
present in this particular assault. For example,
has_aspect_utility(assault1, has_value(desire_for_aggressiveness,
high), 0.3) shows that assault1 does not contribute much to the
high desire for aggressiveness. On the other hand,
has_aspect_utility(assault2, has_value(desire_for_aggressiveness,
high), 0.8) shows that assault2 contributes much to the high
desire for aggressiveness.

The results of applying the simulation model to this
example situation are shown in Figure 2. Here, time points
are on the horizontal axis, whereas the different state
properties are on the vertical axis. A box on top of a line
indicates that a state property is true at that time point. As
shown by this figure, the criminal immediately has a certain
desire, represented as d1. Note that this stands for a complex
desire represented as:

d(has_value(theory_of_min,low), has_value(desire_for_aggressiveness,high),
has_value(desire_to_act,high), has_value(desire_to_act_safely,high),
has_value(desire_for_actions_with_strong_stimuli,high),
has_value(desire_for_impulsiveness,medium),
has_value(positive_emotional_attitude_towards_others,low),
has_value(negative_emotional_attitude_towards_others,low),
has_value(desire_for_high_gain,high), has_value(desire_for_low_loss,high))
(which was not shown in the picture, for obvious reasons).
This desire was generated by a complex process, involving a
combination of biological and psychological factors. Due to
space limitations, this part of the trace is not shown here
either. However, more detailed simulation traces that
include such processes are shown in Appendix A in (Bosse,

Gerritsen and Treur, 2007b).

% This approach assumes that an individual’s preferences (i.e., the weight
factors), as well as the characteristics of certain actions (i.e., aspect
utilities), can be expressed by real numbers. For the presented examples,
the chosen numbers are not necessarily claimed to be realistic, and should
rather be seen as rough estimations by the authors.

Based on the desire as described above, criminali then
starts assessing the utilities of the two possible assaults (see
the predicates belief(has_utility(...)) at time point 1), based on
the aspect utilities and weight factors of these assaults. The
action of stealing the young man’s laptop (assault?) is
assessed with value 0.678723, whereas the action of robbing
the old lady’s purse (assaultl) has value 0.625532. Since
both has_utility-values are higher than 0.5, both actions
become possible intentions (see time point 2). Next, the
criminal chooses the one with the highest utility, which
leads to the intention to perform assault2 at time point 3.
Later, when an opportunity for assault?2 arises (time point
20), this assault is indeed performed (time point 21).

desire(d1)

belief(has_utility(assault1, d1, 0.625532))
belief(has_utility(assault2, d1, 0.678723))
is_intention_option(assault1, 0.625532)
is_intention_option(assault2, 0.678723)

tunity_f
to_be_performed(assault?)
i tunity_ 1))

time I E = “

Figure 2: Example simulation trace

As illustrated by the trace in Figure 2 (and several similar
traces that are not shown due to space limitations), the
simulation experiments have indicated that the presented
model successfully integrates personal biological and
psychological aspects within the decision making process,
which eventually leads to the selection of actions that
correspond to the desires of the individual.

Discussion

The few papers on simulation of criminal behaviour found
in the literature usually address a limited number of aspects.
For example, Brantingham and Brantingham (2004) discuss
the possible use of agent modelling approaches to criminal
behaviour in general, but do not report a specific model or
case study. Moreover, Baal (2004) puts emphasis on the
social network and the perceived sanctions. However, this
model leaves the psychological and biological aspects
largely unaddressed.

In this paper, an agent-based model to analyse criminal
decision making is presented. The model combines a BDI-
agent model (as described for the case of a criminal with
Intermittent Explosive Disorder in (Bosse, Gerritsen and
Treur, 2007b)) with a model for multi-attribute decision
making, and applies this to the case of street robbery. It
enables a choice between different options for actions
fulfilling a complex desire, according to the Rational Choice
Theory. The resulting agent model combines qualitative,
logical aspects of a BDI-model with quantitative, numerical
aspects of utility theory.

The simulation model has been made with the aim to
formalise, in an abstract and computationally useful manner,
the decision making behaviour of certain types of criminals
as described in literature from Criminology. Such a model
can be used in a number of ways. In the first place, it can be
used to simulate behaviour for given scenarios of



circumstances occurring over time. This can be used to find
out for such a given scenario of circumstances, whether a
criminal of a certain type may show certain behaviour under
these given circumstances. Second, the models can be used
in the opposite direction, i.e., given a certain behaviour, to
determine what kind of scenario of circumstances could
have led to this behaviour. See (Bosse, Gerritsen, and Treur,
2007a) for details about how this can be done. Third, the
models may be used to predict which behaviour certain
types of criminals will show if circumstances are avoided or
slightly changed (what-if reasoning). Using this approach,
the behaviour of the subject can be modified by selecting or
avoiding the appropriate circumstances, or by determining
(cognitive) training programs for criminals. For all of these
purposes, the model should be seen as a tool to support the
user (e.g., the detective or the therapist) in its reasoning, by
clarifying which scenarios are more plausible. It should
however not be interpreted as a model of the absolute truth.

Validation of the model is a difficult issue. At least, the
present paper has indicated that it is possible to integrate
biological and psychological factors with rational factors
within one model. Moreover, the model indeed shows the
behaviour of different types of criminals as described in
literature such as (Moir and Jessel, 1995; Raine, 1993;
Delfos, 2004). In this sense the model has been validated
positively. However, notice that this is a relative validation,
only with respect to the literature that forms the basis of the
model. In cases that the available knowledge about the
behaviour and biological and psychological functioning of
such criminal types is improving, the model can be
improved accordingly. The modelling approach as put
forward supports such an incremental development and
improvement. The simulation model has been specified in a
conceptual, not implementation-dependent manner, and is
easy to maintain. In this sense the approach anticipates
further development of the area of criminal behaviour.

In the cognitive literature, it is often claimed that
cognition can be divided into two distinct systems: a low-
level, emotional and unconscious system, and a high-level,
evolutionary recent, conscious system, see, e.g., (Evans,
2003). At first sight, our proposed model seems to show
significant similarities with this dual process theory. Our
model to determine desires has characteristics of a low-level
system, whereas the model for utility-based decision making
resembles a high-level system. Future work will explore
whether a more precise mapping can be made between the
concepts introduced in our combined model and the
concepts typically used in dual process theory. In addition,
future work will explore how our model relates to models in
which affective factors just ‘bypass’ decision making, such
as in (Loewenstein, Weber, Hsee, and Welch, 2001).
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Abstract

This paper introduces a computational model for emotion
regulation formalising the model informally described by
Gross (1998). The model has been constructed using a high-
level modelling language, and integrates both quantitative
aspects (such as levels of emotional response) and qualitative
aspects (such as decisions to regulate one’s emotion). A
number of simulation experiments have been performed,
demonstrating that the computational model successfully
reflects the model as described by Gross.

Introduction

Emotions were historically seen as neural activation states
without a function. However, recent research provides
evidence that emotions are functional (e.g., Damasio, 2000).
Emotions have a facilitating function in decision making,
prepare a person for rapid motor responses, and provide
information regarding the ongoing match between organism
and environment. Emotions also have a social function.
They provide us information about others’ behavioural
intentions, and script our social behaviour (Gross, 1998). In
the past two decades, psychological research has started to
focus more on emotion regulation (e.g., Gross, 1998, 2001;
Ochsner and Gross, 2005; Thompson, 1994). In brief,
emotion regulation is the process humans undertake in order
to affect their emotional response. Recent neurological
findings (such as bidirectional links between limbic centers,
which generate emotion, and cortical centers, which regulate
emotion) have changed the consensus that emotion regula-
tion is a simple, top-down controlled process (Gross, 1998).
This article introduces a computational model to simulate
emotion regulation, based on the process model described
informally by Gross (1998, 2001). Such a model can be
used for different purposes. In the first place, from a
Cognitive Science perspective, it can provide insight in the
process of emotion regulation. This may be useful for the
purpose of developing therapies for persons that have
difficulties in regulating their emotions (Burns et al., 2003;
Towl and Crighton, 1996), for example, in work with
forensic inpatients. In addition, a model for emotion
regulation can be used in the field of Artificial Intelligence,
see e.g. (Bates, 1994). For example, in the domain of virtual
reality it can be used to let virtual agents show human-like
behaviour regarding emotion regulation. Finally,
computational models for emotion regulation may play a
role within the field of Ambient Intelligence (Aarts, Harwig,
and Schuurmans, 2001). For instance, when humans have to
interact intensively with automated systems, it is useful if
the system maintains a model of the emotional state (and the

emotion regulation process) of the user. This enables the
system to adapt the interaction to the user’s needs.

Below, first Gross’s model of emotion regulation is
briefly discussed. The model describes a number of
strategies humans use to adapt their emotion response
levels, varying from situation selection to cognitive change
and response modulation. Next, the dynamical system style
modelling approach used is briefly introduced. After that,
the simulation model formalising the model of Gross is
described, and some simulation results are shown, both for
ideal cases and for cases of over- and under-regulation. The
paper concludes with a discussion.

Gross’ Model for Emotion Regulation

Gross (2001) describes a process model of emotion
regulation using the following definition:

‘Emotion regulation includes all of the conscious and

nonconscious strategles we use to Increase, maintain, or

decrease one or more components of an emotional response’

The components he considers are (1) the experiential
component, (the subjective feeling of the emotion), (2) the
behavioural component (behavioural responses), and (3) the
physiological component (responses such as heart rate and
respiration). Humans use strategies to affect their level of
emotional response for a given type of emotion, for
example, to prevent a person from having a too high
emotional or too low emotional response level. He
differentiates between antecedent-focused strategies and
response-focused strategies. Antecedent-focused strategies
are applied to the process preparing for response tendencies
before they are fully activated. Response-focused strategies
are applied to the activation of the actual emotional
response, when an emotion is already underway.

In his model, Gross distinguishes four different types of
antecedent-focused emotion regulation strategies, which can
be applied at different points in the process of emotion
generation:  situation selection, situation modification,
attentional deployment and cognitive change. A fifth
strategy, response modulation, is a response-focused
strategy. Figure 1 shows an overview of these strategies.

The first antecedent-focused emotion regulation strategy
in the model is situation selection: a person chooses to be in
a situation that matches the emotional response level the
person wants to have for a certain emotion. For example, a
person can stay home instead of going to a party, because he
is in conflict with someone who is going to that party. This
is an example of down-regulating one’s emotion.

The second antecedent-focused emotion regulation
strategy in the model is situation modification. When this



strategy is applied, a person modifies an existing situation
so as to obtain a different level of emotion. For instance,
when watching an irritating television program, one may
zap to another channel.
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Figure 1: Emotion Regulation Model by Gross (1998).

The third antecedent-focused emotion regulation strategy
is attentional deployment. This strategy refers to shifting
your attention to a certain aspect. For example, one may
close his eyes when watching an exciting penalty shoot-out.
The fourth antecedent-focused emotion regulation strategy
is cognitive change: selecting a cognitive meaning to an
event. A specific type of cognitive change, which is aimed
at down-regulating emotion, is reappraisal:

‘Reappraisal means that the individual reappraises or

cognitively re-evaluates a potentially emotion-eliciting

situation in terms that decrease its emotional impact’

(Gross, 2001).

An example of reappraisal is a case when a person loses a
tennis match and blames the weather circumstances, instead
of his own capacities. However, note that cognitive change
could also be aimed at up-regulating emotion.

The fifth emotion regulation strategy, response
modulation, a response-focused strategy, is applied after the
emotion response tendencies have been generated: a person
tries to affect the process of response tendencies becoming a
behavioural response. A specific type of response
modulation, again aimed at down-regulating, is suppression:

‘Suppression means that an individual inhibits ongoing

expressive behaviour.” (Gross, 2001).

An example of suppression is a person that hides being
nervous when giving a presentation. As Gross considers
response modulation to be not very effective, this strategy is
not considered in the paper, although it would not be
difficult to incorporate it in the computational model.

Modelling Approach

Modelling the various aspects involved in Gross’ model in
an integrated manner poses some challenges. On the one
hand, qualitative aspects have to be addressed, such as
decisions to regulate one’s emotion (e.g., by selecting a
different situation). On the other hand, quantitative aspects
have to be addressed, such as levels of emotional response.

The modelling approach based on the modelling language
LEADSTO (Bosse, Jonker, Meij, and Treur, 2007) fulfils
these desiderata. It integrates qualitative, logical aspects
such as used in approaches based on temporal logic (e.g.,
Barringer et al., 1996) with quantitative, numerical aspects
such as used in Dynamical Systems Theory (e.g., Ashby,
1960; Port and van Gelder, 1995). Direct temporal
dependencies between two state properties in successive
states are modelled by executable dynamic properties
defined as follows. Let a and b be state properties of the
form ‘conjunction of ground atoms or negations of ground

atoms’, then the notation a —% g, n b means:

If state property a holds for a certain time interval with duration g,
then after some delay (between e and f) state property b will hold
for a certain time interval of length h.

Atomic state properties can have a qualitative, logical
format (e.g., desire(d), expressing that desire d occurs), or a
quantitative, numerical format (e.g., has_value(x, V)
expressing that variable x has value v).

Global Overview of the Model

Gross has described his process model for emotion
regulation informally. In order to be able to formalise his
model, for any given type of emotion a number of variables
have been introduced. For convenience, the model
concentrates on one specific type of emotion. In principle,
this can be any emotion that is considered to be a basic
human emotion, e.g., sadness, happiness, or anger (Ekman,
Friesen, and Ellsworth, 1972).

In order to describe the regulation of such an emotion, the
model takes into account a number of emotion regulation
strategies that can be chosen. In the variant of the model as
described in this paper, the four antecedent-focused emotion
regulation strategies discussed by Gross are used (i.e.,
situation selection, situation modification, attentional
deployment, and cognitive change). For the moment,
response modulation is not considered. However, the model
is generic in the sense that this set of strategies considered
can easily be adapted. Based on the four strategies
mentioned, in the formalisation four corresponding elements
k are introduced, denoting the objects that are influenced by
the particular strategies (see Table 1).

Table 1: Strategies and elements addressed in the model.
Strategy Corresponding Element
situation selection situation

sub_situation
aspect
meaning

situation modification
attentional deployment
cognitive change

In the model it is assumed that at each point in time, for
each element k a certain choice is in effect, and this choice
has a certain emotional value v attached. This emotional
value contributes to the emotion response level ERL via an
element-specific weight factor w, thereby taking into
account a persistency factor B indicating the degree of
persistence or slowness of adjusting of the emotion response



level when new emotional values are obtained. Someone
whose emotions can change rapidly (e.g., who stops being
angry in a few minutes after a fight) will have a low f.

Humans are always searching for a certain level of
emotion depending on the person'. For instance, some enjoy
extreme sports, while others prefer a more quiet kind of
recreation. The level of emotion aimed at depends also on
the type of emotion. Most humans aim at a relatively high
level of emotion for happiness, while they aim at a lower
level of emotion for fear. The regulation process starts by
comparing the actual emotion response level ERL to the
emotion response level ERL_norm aimed at. The difference d
between the two is the basis for adjustment of the choices
made for each of the elements k; based on these adjusted
choices, each element k will have an adjusted emotional
value vi. The strength of such an adjustment is expressed by
a modification factor ok, which can be seen as a flexibility or
willingness (conscious or unconscious) to change one’s
emotional value for a certain element. For instance, the
o for the element ‘situation selection’ can be seen as the
flexibility to change one’s situation. An overview of the
variables used in the model is given in Table 2.

Table 2: Variables addressed in the model.

Variable Meaning

ERL Emotion Response Level

ERL_norm | Emotion Response Level aimed at

D Difference between ERL and ERL_norm

B Persistency factor for ERL

K Elements indicating strategies incorporated

Wi Weight of element K in adjusting the ERL

Vi Emotional value for element k

Ok Modification factor that represents the flexibility to change
the emotional value of element k

Some of these variables were chosen to be set at forehand
and remain constant during the process (in particular
ERL_norm, B, w, ox). The other variables depend on each
other and on the fixed variables, as shown in a qualitative
manner in the graph depicted in Figure 2.
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Figure 2: Dependencies between the variables.
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This graph shows that the emotion response level ERL is
affected by the emotional values v, for the different
elements, the weights wy attached to these elements, and the
persistency factor B that indicates in how far the previous

' Although we use words like ‘searching for’ to describe this process, it is
not claimed that this process is always a conscious, deliberate activity.

response level affects the current one. The difference d
between response level and norm obviously depends on
both of these factors. Finally, the emotional values v, for the
different elements are affected by this difference d and the
modification factor ox.

The Quantitative Relations in the Model

To obtain a quantitative model, the emotion response level
and the emotional values for the different elements for a
given type of emotion are represented by real numbers in
the interval [0, 2] (where O is the lowest possible emotion
response level, and 2 the highest). In the model, a fixed
level of emotion to aim at is assumed (the ERL norm), also
expressed in a real number in the domain [0, 2]. As a simple
illustration, suppose one wants to influence its state of anger
by selecting an appropriate situation, and one deliberates
whether to go to a party or not. This can be represented by
introducing two different situations sit1 and sit2, for example
with vy=1.5 (since going to the party will increase the state
of anger) and vg»=0.5 (staying home will decrease the state
of anger). Moreover, the ERL norm can for instance be 0.7
(i.e., one aims at being a bit angry, but not too angry). In
that case, if one’s current ERL is already high, one will be
likely to stay home (i.e., choose sit2), and vice versa.

The process of emotion regulation has a continuous
nature. At any point in time, the characteristics of the
current situation affect a person’s emotional response level.
Meanwhile, this emotional response level affects the
person’s choice for the emotional values vy, which in turn
influence the current situation (see also the cycle in Figure
2). An approach to model such a process is the Dynamical
Systems Theory (DST) based on differential equations; e.g.,
(Port and van Gelder, 1995). To use differential equations
for simulation, some form of discretisation is needed.
Therefore, instead of differential equations, a set of
difference equations is used, with a fixed step size s, that
can be taken any size as desired.

Updating the Emotional Response Level

Based on the above ideas, the emotion response level is
recalculated each step by the following difference equation
formula:

new_ERL = (1-f) * Z« (wi * vi) + B * ERL

In this formula , new_ERL is the new emotion response level,
and ERL is the old emotion response level. The persistency
factor B is the proportion of the old emotion response level
that is taken into account to determine the new emotion
response level. The new contribution to the emotion
response level is calculated by the weighted sum of the
emotional values: % wq* vi. By normalisation, the sum of all
the weights wy is taken to be 1. According to the indication

% Note that the formula can also be rewritten into the following difference
equation format:

AERL = (1-B) * (% (W * vi) - ERL) At with AERL = new_ERL — ERL

This format shows more explicitly how [ determines the speed of
adaptation of ERL to the new contribution Xy wy * vi; here At is taken 1.



of Gross (2001), elements that are affected at an earlier
point in the emotion regulation process have higher weights.
Within the simulation model, the update of the emotional
response level is expressed by the following dynamic
property in LEADSTO format (where s is the step size):

LP1 (Update Emotion Response Level)

emotion_response_level(erl)

and has_weight(situation, w1)

and has_weight(sub_situation, w2)

and has_weight(aspect, w3)

and has_weight(meaning, w4)

and has_emotional_value(situation, v1)

and has_emotional_value(sub_situation, v2)

and has_emotional_value(aspect, v3)

and has_emotional_value(meaning, v4)

—0.0,5, s €motion_response_level( (1-beta) *
(w1*v1 + w2*v2 + w3*v3 + w4*v4) + beta * erl)

Updating the Emotional Values

The chosen emotional values vi, which affect the emotion
response level, are on their turn recalculated each step by
the following set of difference equations:
d = ERL - ERLnom
Avg =—0LK*d/dmaxAt
new_Vg = Vx + Avk
In these formulas, new_v is the new emotional value v, and
old_vy is the old emotional value vi, while Avy is the change of
the emotional value v, (either positive or negative), and At
the time step, which is taken 1 in this paper. The change in
the emotional value vy is calculated by the formula — o * d/
dmax. In this formula, oy is the modification factor, and d is
the difference between the actual emotion response level
and the desired emotion response level (represented by
ERL_norm). Here dm.x is an estimation of the maximum
difference that can be reached. So d/ dmax is the proportion of
the maximal reachable level of emotion above the level of
emotion aimed at (or below this level, if d is negative).
When the actual emotion response level equals the desired
emotion response level, then d = 0; this means that Av, = 0, so
the emotion response level will not change. Moreover, a
person will ‘choose’ an element with a more extreme
emotional value v, when (s)he is more flexible in this
emotional value v, (this is the case when ok is high), or when
(s)he experiences an emotion response level that is further
away from the desired emotion response level (this is the
case when d deviates more from 0). Within the simulation
model, the update of emotional values is expressed as
follows:
LP2 (Update Emotional Values)
emotion_response_level(erl) and erl_norm(erl_norm)

and has_emotional_value(element, v)
and has_modification_factor(element, a)

Hé0,0, s,'s
has_emotional_value(element, v — a * (erl - erl_norm) / dmax)

Simulation Results

A number of experiments have been performed to test what
kind of behaviour can be simulated. Each subsection below
addresses a specific type of scenario. Two types of cases are

addressed: those with an optimal form of regulation
(compared to the emotion response level aimed at), and
cases of over- and under-regulation. The different scenarios
are established by taking different settings for the
modification factors ox. The values of the other variables are
the same for all experiments described in this section, see
Table 3.

Table 3: Values of variables used in the simulations.

Variable Fixed Variable Initial
Value Value
ERLnorm 0.5 ERL 1.85
B 0.7 vy 1.90
Wy 0.35 Vo 1.85
Wo 0.30 V3 1.80
W3 0.20 Vs 1.75
Wy 0.15
s 1

As shown in the table, the person considered has an
optimal level of emotion of 0.5 in the domain [0, 2]. The
factor [ is set to 0.7, which means that in each step, 70% of
the old emotional response level persists, and the remaining
30% is determined by the new emotional values. The weight
attached to situation selection is 0.35, which means that the
selected situation determines 35% of the 30% of the new
emotion response level that is determined by the emotional
values. Similarly, the weights for situation modification,
attentional deployment, and cognitive change are set to
0.30, 0.20, and 0.15, respectively. The results of the
experiments are shown and explained below.

Optimal forms of emotion regulation

In the first experiment, all modification factors oy were set
to 0.15. The results are shown in Figure 3. In such figures,
time is on the horizontal axis; the values of the different
variables are shown on the vertical axis.

emotion_response_level(X)

Oz 4 s 8 0 iz 14 6 16 2 22 24 2 2 0 32 a4 w8 a8 40 42 45 45 45 0

Figure 3: Results for an optimal case (equal o).

The emotional response level decreases monotonically
without decreasing below the level aimed at. So, the subject
gradually reaches his level of emotion aimed at. The
emotional values show similar behaviour (due to space
limitations not shown here).
In the second experiment, the subject has for each
element k a different flexibility oy in emotion regulation:
a1=0.20, 0z =0.15, 03=0.10, oy=0.05
The results of this experiment are shown in Figure 4.
Here, the emotion response level reaches the emotion
response level of 0.5 aimed for in a reasonable amount of
time, just like in the optimal case. However, the way the
emotional values change in order to achieve this differs
from the first experiment. Here, it is important to note that



the scale on the vertical axis is not the same for the different
graphs in Figure 4. The graphs show that the emotion
response levels of the elements with a higher o descend
much quicker and further than the elements with a lower a.
For example, situation selection (0=0.20) has reached an
emotional value of O at the end of the simulation, whereas
cognitive change (0=0.01) changes only a little bit, and
reaches an emotional value of about 1.3. This means that the
subject finds a way to reach his/her level of emotion aimed
for, and does this by changing his/her behaviour more for

the oy's, which represent the flexibility and willingness to
change behaviour, were set to the same value. Also, the
graphs of the emotional values are comparable to the graph
of the emotion response level. The emotional values make a
somewhat steeper curve, especially at the start of the graph.
This makes sense, because the emotion response level is
only for 30% determined by the emotional values, and for
70% by its own old value.

emotion_response_level(X)

Figure 4: Results for an optimal case (different o).

Over- and under-regulation

In the third experiment, the modification factors oy for all
elements were set to 0.4. This means that the subject has a
relatively high flexibility in emotion regulation, for all
elements. The behaviour of the emotion response level in
this experiment is shown in Figure 5.

In this case, the emotion response level starts to decrease
rapidly, immediate after the experiment has started.
However, it decreases below the level of 0.5 aimed at. It
reaches its minimum after 15 steps in the simulation, at
about 0.3: the subject over-regulates his/her emotion. After
this, the emotion response level starts to raise until it is just
above the optimal level of 0.5, and stays more or less at this
value aimed at for the rest of this simulation.

The lower part of Figure 5 shows how the subject
changed his/her emotional values in order to achieve this.
These emotional values all show similar behaviour, since
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0.01 for all elements. The results of this experiment are
shown in Figure 6. In this experiment, the emotion response
level decreases extremely slowly: under-regulation. After 50
steps, it has only decreased by 0.3 until 1.55, as can be seen
in the graph.

emotion_response_level(X)

18
175
7

185

155

02 4 8 8 10 12 14 16 18 20 22 20 26 28 30 32 3 3 3 40 42 4 46 48 %0

Figure 6: Results for the under-regulation case.

Discussion

In this paper, a formal model for Gross’ (informally
described) model of emotion regulation has been
introduced. The emotion regulation model has been
constructed using the high-level simulation language
LEADSTO as a modelling vehicle, and integrates both
quantitative, dynamical system aspects (such as levels of
emotional response) and qualitative aspects (such as
decisions to regulate one’s emotion). Simulation



experiments have been performed for different situations, by
using different settings for the modification factors o for
ideal cases (all ox are medium, or the ox have different
values), for cases of over-regulation (all ok are high), and for
cases of under-regulation (all oy are low). The experiments
show that different values for the modification factors o
indeed result in different patterns.

As a preliminary validation of the model, the simulation
results have been compared with the predicted behaviours
for different situations as described by Gross, which are
(partly) based on empirical evidence (Gross, 1998, 2001).
The patterns produced by the model were found consistent
with Gross’ descriptions of examples of human regulation
processes. Validation involving extensive comparison with
detailed empirical data is left for future work.

Although the process of emotion regulation is widely
investigated in the literature (e.g., Gross, 1998, 2001;
Ochsner and Gross, 2005; Thompson, 1994), not so many
contributions address the possibility of developing a
computational model of this process. The computational
models that have been developed so far either address some
very specific aspects of the process at a more detailed
(neurological) level, see e.g. (Thayer and Lane, 2000), or
they aim at incorporating emotions into software agents, in
which case they focus more on emotion elicitation
(appraisal) than on emotion regulation, see e.g. (Armony et
al., 1997; Bates, 1994; Velasquez, 1997). The current paper
can be seen as an attempt to build a bridge between both
directions. It formalises an existing theory about emotion
regulation using a high-level modelling language, but still in
enough detail to be able to generate useful simulation traces.
As such, it has similarities with the work by Marsella and
Gratch (2003), who propose an approach to incorporate both
appraisal and coping behaviour into virtual humans. Their
approach makes use of plan-based causal representations,
augmented with decision-theoretic planning techniques,
whereas our approach uses dynamical systems represen-
tations. Other differences are that they propose a “content
model”, in which appraisal and regulation operate on rich
representations of the emotion-evoking situation, and that
their work has been evaluated against clinical data.

The presented model is still in an early stage of
development. For example, the modification factors ok are
currently fixed. In order to make the model adaptive, these
factors can be made adjustable. A way to accomplish this is
to adapt the values of the ok to one’s satisfaction about the
past emotion regulation process. This way, the model could
simulate cases in which humans learn to select the ideal
situations, as in certain types of therapy. Another possible
extension to the model would be to make the desired
emotion response level ERL_norm dynamic, so that it can
depend on specific circumstances. A final extension would
be to represent the different elements k using more complex
knowledge structures, and to enable the model to
dynamically derive the different emotional values from
these structures, as is done, for example, in (Marinier and
Laid, 2004). Future work will explore such possibilities.
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Abstract

For certain animals, the capability to interpret and anticipate
on another animal’s behaviour may be crucial for survival. To
this end, as is often claimed informally, an animal may apply
a Theory of Mind to estimate what the other animal has on its
mind. This paper uses a formal BDI-based agent model for
Theory of Mind to formalise and simulate such a situation.
The model uses BDI-concepts to describe a form of
metacognition: a cognitive process of an agent about the
cognitive process of another agent, which is also based on
BDI-concepts. This paper explores whether this formal model
is applicable to certain animal species. A specific case study
is addressed, which involves the scenario of a prey that
manipulates the behaviour of a predator. For this scenario,
simulation experiments have been performed, and their results
are discussed.

Introduction

For certain animals, to function effectively in interaction
with other animals, it is useful if they are able to interpret,
estimate and anticipate on potential behaviour of animals
around it. It is often assumed that this requires
metacognition in some form of Theory of Mind (Baron-
Cohen, 1995; Bogdan, 1997; Malle, Moses, and Baldwin,
2001). Such a Theory of Mind can be exploited by an
animal in two different manners. The first manner is just to
predict the behaviour in advance, in order to be prepared
that it will occur. A second manner is to affect the
occurrence of behaviour by manipulating the occurrence of
circumstances that are likely to lead to it.

One of the ways to model an agent B exploiting a Theory
of Mind about an agent A is to use a BDI-model (based on
beliefs, desires and intentions) to describe agent A’s
cognitive processes and actions. To model the agent B’s
own behaviour a BDI-model can be used as well; in this
way within agent B’s cognitive processes, at two levels
BDI-models play a role. This type of model will be
exploited in this paper to model the behaviour of higher
animals such as primates and dogs. For example, for agent
B the desire is generated that agent A will not perform the
action to kill B, and that agent A will in particular not
generate the desire or intention to do so. Based on this
desire of B, for example, the refined desire of B can be
generated that agent A will not believe that agent B is
reachable. Based on the latter desire, an intention and action
can be generated to present circumstances to agent A that
will make A believe that B is not reachable.

The vehicle used to model the two-level BDI-model is the
modelling language LEADSTO (Bosse, Jonker, Meij, and
Treur, 2007). In this language, direct temporal dependencies
between two state properties in successive states are

modelled by executable dynamic properties. The
LEADSTO format is defined as follows. Let o and B be
state properties of the form ‘conjunction of ground atoms or
negations of ground atoms’. In the LEADSTO language the
notation o —¢ 1, g, h B, Mmeans:

If state property o holds for a certain time interval with duration g,

then after some delay (between e and f) state property fwill hold
for a certain time interval of length h.

Here, atomic state properties can have a qualitative,
logical format, such as an expression desire(d), expressing that
desire d occurs, or a numerical format such as an expression
has_value(x, v) Which expresses that variable x has value v.

In this paper, first the general BDI-model is explained.
This BDI-model is illustrated by a case study about a
predator that desires to kill a prey. The next section
describes how the simple model can be extended to a two-
level BDI-model of an agent that also involves another
agent’s BDI-model. This two-level BDI-model is illustrated
by a case study that elaborates upon the previous example: it
addresses the scenario of a prey that has metacognition
addressing analysis of the behaviour of a predator, and
prevents being attacked. Based on this model, some
simulation experiments and their results are discussed.

The BDI-Model

The BDI-model bases the preparation and performing of
actions on beliefs, desires and intentions (e.g., Georgeff and
Lansky, 1987; Jonker, Treur, and Wijngaards, 2003; Rao
and Georgeff, 1991; 1995). This model shows a long
tradition in the literature, going back to Aristotle’s analysis
of how humans (and animals) can come to actions; cf.
(Aristotle, 350 BCa; 350BCb). He discusses how the
occurrence of certain internal (mental) state properties
within the living being entail or cause the occurrence of an
action in the external world. Based on this, Aristotle
introduced the following pattern to explain action (called
practical syllogism):
If A has a desire D

and A has the belief that X is a (or: the best) means to achieve D
then A willdoX

The BDI-model incorporates such a pattern to explain
behaviour in a refined form. Instead of a process from desire
to action in one step, as an intermediate stage first an
intention is generated, and from the intention the action is
generated. Thus the process is refined into a two-step
process. See Figure 1 for the generic structure of the BDI-
model in causal-graph-like style, as often used to visualise
LEADSTO specifications. Here the box indicates the
borders of the agent, the circles denote state properties, and
the arrows indicate dynamic properties expressing that one
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state property leads to (or causes) another state property. In
this model, an action is performed when the subject has the
intention to do this action and it has the belief that certain
circumstances in the world are fulfilled such that the
opportunity to do the action is there. Beliefs are created on
the basis of observations. The intention to do a specific type
of action is created if there is some desire D, and there is the
belief that certain circumstances in the world state are there,
that make it possible that performing this action will fulfil
this desire (this is the kind of rationality criterion discussed
above; e.g., what is called means-end analysis is covered by
this). Whether or not a given action is adequate to fulfil a
given desire depends on the current world state; therefore
this belief may depend on other beliefs about the world
state. Instantiated relations within the general BDI-model as
depicted by arrows in graphical format in Figure 1 can be
specified in formal LEADSTO format as follows:
desire(D) A belief(B1) —» intention(P)
intention(P) A belief(B2) —» performs(P)

with appropriate desire D, action P and beliefs B1, B2. Note
that the beliefs used here both depend on observations, as
shown in Figure 1. Furthermore, A stands for the
conjunction operator (and) between the atomic state
properties (in the graphical format denoted by an arc
connecting two (or more) arrows). Often, dynamic
properties in LEADSTO are presented in semi-formal
format, as follows:

At any point in time
if desire D is present
and the belief B1 is present
then  the intention for action P will occur

At any point in time

if the intention for action P is present
and the belief B2 is present

then  the action P will be performed

desire

@)
O intention

O

o >0
i belief in reason

O 40)

belief in
opportunity

Figure 1: Structure of the general BDI-model.

As a generic template, including a reference to the agent X
concerned, this can be expressed by:

For any desire b, world state property z, and action Y such
that has_reason_for(X, D, Z, Y) holds:
desire(X, D) A belief(X, Z) —»> intention(X, Y)

O action

For any world state property z and action Y such that

is_opportunity_for(X, Z, Y) holds:
intention(X, Y) A belief(X, Z) —> performs(X, Y)

Here has_reason_for(X, D, Z, Y) is a relation that can be used to
specify which state property z is considered a reason to
choose a certain intention Y for desire D. Similarly
is_opportunity_for(X, Z, Y) is a relation that can be used to specify
which state property z is considered an opportunity to
actually perform an intended action Y.

Assuming that beliefs are available, what remains to be
generated in this model are the desires. For desires, there is
no generic way (known) in which they are to be generated in
the standard model. Often, in applications, generation of
desires depends on domain-specific knowledge.

A BDI-Model for Animal Behaviour

To illustrate the BDI-model described above by a specific
example, a specific scenario is addressed, in the domain of a
predator that wants to attack a prey. This scenario was
inspired by (Bogdan, 1997), who introduces the notion of a
goal setting for interpretation (i.e., a situation in which an
organisms needs to interpret the behaviour of another
organism in order to satisfy its private goals), which he
illustrates as follows:
“To illustrate, suppose that organism A (interpreter) has a private goal
(say resting). It interferes with the goal of another organism §
(subject), which is to eat A. Those A-type organisms will be selected
who manage to form the social or S-regarding goal of avoiding the
nasty type S by countering their inimical behavior, say by threat or
deception. The latter goal in turn selects for interpretation,
specifically, for interpretation goals such as desire identification and
behavior prediction. Those A-type organisms are selected who form
and reach such interpretation goals. The environment that selected for
such accomplishments is a goal setting of a certain kind, say of
behavior manipulation by behavior prediction and desire
identification. There could be as many kinds of goal settings for
interpretation as there are interpretation goals and tasks to achieve
them, and hence as many skills.” (Bogdan, 1997), p. 111

Based on this description, a scenario is considered that
involves a predator (agent A) and a prey (agent B). Assume
that, under certain circumstances, the predator tries to kill
the prey, and the prey tries to avoid this by manipulation.
First, only the behaviour of the predator is addressed (in
which no Theory of Mind is involved). However, in a later
section, the cognitive process of the prey involving Theory
of Mind is addressed as well. Using the BDI-model as
introduced above, the example is made more precise as
follows. The desire to eat the prey is created after time t by
the predator if the following holds at time t:
e the predator has the belief that the prey is alone
(i.e., not surrounded by other animals)
The intention to kill the prey is generated after time t if the
following holds at time t:
o the predator has the desire to eat the prey
e the predator has the belief that the prey is weak
(i.e., that it does not show strong, aggressive behaviour)
The action to kill the prey is generated after time t if the
following holds at time t:
e the predator has the intention to kill the prey
e the predator has the belief that the prey is slow
(i.e., that it does not run very fast, so that it can be caught)



Using the generic template discussed, via the relations
has_reason_for(predator, eat_prey,
not(prey_shows_aggressive_behaviour), kill_prey)
is_opportunity_for(predator, not(prey_runs_fast), kill_prey)

the following model for agent predator is obtained:

belief(predator, not(prey_surrounded_by_other_animals)) —
desire(predator, eat_prey)

desire(predator, eat_prey) A

belief(predator, not(prey_shows_aggressive_behaviour)) —
intention(predator, kill_prey)

intention(predator, kill_prey) A belief(predator, not(prey_runs_fast)) —»
performs(predator, kill_prey)

The Two-Level BDI-Model

According to the intentional stance (Dennett, 1987, 1991),
an agent is assumed to decide to act and communicate based
on intentional notions such as beliefs about its environment
and its desires and intentions. These decisions, and the
intentional notions by which they can be explained and
predicted, generally depend on circumstances in the
environment, and, in particular, on the information on these
circumstances just acquired by interaction (i.e., by
observation and communication), but also on information
acquired by interaction in the past. To be able to analyse the
occurrence of intentional notions in the behaviour of an
observed agent, the observable behavioural patterns over
time form a basis; cf. (Dennett, 1991).

In the model presented in this paper, the instrumentalist
perspective is taken as a point of departure for a Theory of
Mind. More specifically, the model describes the cognitive
process of an agent B that applies the intentional stance to
another agent A by attributing beliefs, desires and
intentions. Thus, for agent B a Theory of Mind is obtained
using concepts for agent A’s beliefs, desires and intentions.
For example, in case a prey (agent B) fears to be attacked by
a predator (agent A), it may analyse in more detail under
which circumstances the predator may generate the desire
and intention to attack.

As a next step, the model is extended with BDI-concepts
for agent B’s own beliefs, desires and intentions as well. By
doing this, agent B is able to not only have a theory about
the mind of agent A, but also to use it within its own BDI-
based cognitive processes to generate its actions. To this
end, a number of meta-representations expressed by meta-
predicates are introduced, e.g.:

belief(B, desire(A, D))
This expresses that agent B believes that agent A has desire

D.
desire(B, not(intention(A, X)))
This expresses that agent B desires that agent A does not

intend action X.
belief(B, depends_on(performs(A, X), intention(A, X)))

This expresses that agent B believes that, whether A will
perform action X depends on whether A intends to do X.
Note that the third meta-statement has a more complex
structure than the other two, since it represents a statement
about a dynamic property, rather than a statement about a
state property. These dependencies can be read from a
graph such as depicted in Figures 1 and 2 (right hand side).
For example, it is assumed that agent B knows part of this
graph in his Theory of Mind, expressed by beliefs such as:

belief(B, depends_on(performs(A, X), intention(A, X)))
belief(B, depends_on(performs(A, P), belief(A, B2)))
belief(B, depends_on(intention(A, P), desire(A, D)))
belief(B, depends_on(intention(A, P), belief(A, B1)))
belief(B, depends_on(desire(A, D), belief(A, B3)))
belief(B, depends_on(belief(A, X), hears(A, X)))

Desire refinement in the BDI-model for an agent B
attributing motivations to an agent A is formulated (in
LEADSTO format) by:

desire(B, X) A belief(B, depends_on(X, Y)) —» desire(B, Y)

desire(B, X) A belief(B, depends_on(X, not(Y))) —» desire(B, not(Y))

desire(B, not(X)) A belief(B, depends_on(X, Y)) —» desire(B, not(Y))

desire(B, not(X)) A belief(B, depends_on(X, not(Y))) —» desire(B, Y)
Moreover the following schemes for intention and action
generation are included in the model. For any desire D,
world state property z, and action Y such that has_reason_for(8,
D, Z, Y) holds:

desire(B, D) A belief(B, Z) —» intention(B, Y)
For any world state property z and action Y such that
is_opportunity_for(B, Z, Y) holds:

intention(B, Y) A belief(B, Z) —» performs(B, Y)
Moreover, some dynamic properties of the world are
needed:

performs(B, Y) A has_effect(Y, C) —> holds_in_world(C)

holds_in_world(C) —> observes(A, C)

For an overview of the complete two-level BDI-model,
see Figure 2.

AGENT B AGENT A
desire(B, Xi) observes(A, Cy)  belief(A, C1)
O
desire(B, X) . O desire(A, D)
desire(B, Xn)
Owrn S
desire(B, Y) O intention(A, P)
belief(B, O / O
dépends_on(Xy, Xz)) intention(B, Y’)
holds_| |n — O
belief(B, world(C belief(A, B
depends_on(X,, Y)) > O
belief(B, Z) pérforms(B, Y') observes(d, Cy) belief(A, B2)
belief(B, Z')

Figure 2: Structure of the two-level BDI-model.

performs(A, P)



A Two-Level BDI-Model for Animal Behaviour

The above model was used to describe how the prey agent
(from the case described earlier) acts in an anticipatory
manner to avoid the predator's desire, intention and/or
action to occur. The initial desire of the prey is that the
predator does not perform the action to kill it:

desire(prey, not(performs(predator, kill(prey))))
Fulfilment of this desire can be obtained in the following
three manners:

Avoiding the predator’s desire to occur

This can be obtained when the predator observes that the
prey is surrounded by other animals. This will make the
condition in the predator’s desire generation as described
earlier fail.

Avoiding the predator’s intention to occur (given that the
desire occurs)

This can be obtained by refutation of the belief that plays
the role of the reason to generate the intention in the
predator’s intention generation as described earlier, i.e., the
belief that the prey is weak (and does not show aggressive
behaviour).

Avoiding the predator’s action to occur (given that the
intention occurs)

This can be obtained by refutation of the belief that plays
the role of opportunity in the predator’s desire action as
described, i.e., the belief that the prey is slow (and does not
run fast).

For convenience, the model does not make a selection but
addresses all three options to prevent the killing action. This
means that the prey generates desires for:

o The predator observes that the prey is surrounded by

other animals
observes(predator, prey_surrounded_by_other_animals)
e The predator observes that the prey shows aggressive

behaviour
observes(predator, prey_shows_aggressive_behaviour)

o The predator observes that the prey runs fast
observes(predator, prey_runs_fast)

To fulfil these desires, intentions are to be generated by the

prey to actions such as:

o call for help of other animals: call_for_help

o show aggressive behaviour: show_aggressive_behaviour

e run fast: run_fast

Reasons for the prey to choose for these intentions are

beliefs in, respectively:

e The predator is paying attention to the prey’s gaze (so
that it will notice it when the prey calls for help of other
animals)
predator_is_noticing_preys_gaze

o The predator is paying attention to the prey’s gesture (so
that it will notice it when the prey shows aggressive

behaviour)
predator_is_noticing_preys_gesture

o The predator is at a reasonable distance away (so that it
is able to run away without being caught)

predator_is_reasonable_distance_away
Moreover, the intentions of the prey can lead to the
corresponding actions when the following beliefs of the prey
in opportunities are there:
e Other animals are around (so that it is possible to call for
their help)
other_animals_around
o The predator is about to attack (so that it is possible to
show aggressive behaviour)
predator_about_to_attack
o No obstacle is blocking the escape route of the prey (so
that it is possible to run away)
no_obstacle
In addition to the generic BDI-model shown before, the
following specific relations were used to model the case
study:

belief(prey(depends_on(performs(predator,  kill(prey)), intention(predator,
kill(prey))))

belief(prey(depends_on(performs(predator,  kill(prey)), not(belief(predator,
prey_runs_fast))))

belief(prey(depends_on(intention(predator, kill(prey)), desire(predator,
eat(prey))))

belief(prey(depends_on(intention(predator,  kill(prey)), not(belief(predator,
prey_shows_aggressive_behaviour))))

belief(prey(depends_on(desire(predator, eat(prey)), not(belief(predator,

prey_surrounded_by_other_animals))))
belief(prey(depends_on(belief(predator, prey_surrounded_by_other_animals),
observes(predator, prey_surrounded_by_other_animals)))
belief(prey(depends_on(belief(predator, prey_shows_aggressive_behaviour),
observes(predator, prey_shows_aggressive_behaviour)))
belief(prey(depends_on(belief(predator, prey_runs_fast), observes(predator,
prey_runs_fast)))

has_reason_for(prey, observes(predator, prey_surrounded_by_other_ani-
mals), predator_is_noticing_preys_gaze, call_for_help)

has_reason_for(prey, observes(predator, prey_shows_aggressive_behaviour),
predator_is_noticing_preys_gesture, show_aggressive_behaviour)

has_reason_for(prey, observes(predator, prey_runs_fast),
predator_is_reasonable_distance_away, run_fast)

is_opportunity_for(prey, other_animals_around, call_for_help)

is_opportunity_for(prey, predator_about_to_attack,
show_aggressive_behaviour)

is_opportunity_for(prey, no_obstacle, run_fast)

has_effect(call_for_help, prey_surrounded_by_other_animals)
has_effect(show_aggressive_behaviour, prey_shows_aggressive_behaviour)
has_effect(run_fast, prey_runs_fast)

By combining these relations with the generic LEADSTO
rules provided in the previous section, a complete
executable LEADSTO specification for the two-level BDI-
model has been created. This simulation model is shown in
the appendix at http://www.cs.vu.nl/~tbosse/tom/[CCM.pdf.

Simulation Experiments

In simulation experiments, the two-level BDI-model has
been applied to the case study as described above. To this
end, the LEADSTO software environment (Bosse, Jonker,
Meij, and Treur, 2007) has been used. In Figure 3 and 4,
examples of resulting simulation traces are shown. In these
figures, time is on the horizontal axis; the state properties
are on the vertical axis. The dark boxes indicate that a state
property is true. Note that, due to space limitations, only a
selection of the relevant atoms is shown.

Figure 3 is the resulting simulation trace of the situation
in which no Theory of Mind is involved, i.e., only the
behaviour of the predator is addressed, without
manipulation by the prey. The trace depicts that the predator
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initially receives some inputs (e.g., indicated by the state
property
observes(predator, not(prey_surrounded_by_other_animals))
at time point 1).
As a result, the predator has made some beliefs (e.g., the
State property
belief(predator, not(prey_surrounded_by_other_animals))
at time point 2), which persists for a longer time. Due to this
belief, it generates the desire to eat the prey at time point 3
desire(predator, eat(prey))
Based on this desire and the belief
belief(predator, not(prey_shows_aggressive_behaviour))
the predator generates the intention to kill the prey at time
point 4:
intention(predator, kill(prey))
Based on this intention and the belief
belief(predator, not(prey_runs_fast))
the predator eventually performs the action of killing the
prey at time point 5.

holds_in_world(not(prey_runs_fast))
holds_in_world(not(prey_surrounded_by_other_animals))
holds_in_world(not(prey_shows_aggressive_behaviour))
observes(predator, not(prey_runs_fast))

observes(predator, not(prey_surrounded_by_other_animals))
)
)
)
)

observes(predator, not(prey_shows_aggressive_behaviour);
belief(predator, not(prey_runs_fast);

belief(predator, not(prey_surrounded_by_other_animals),
belief(predator, not(prey_shows_aggressive_behaviour)

predator, eat(prey))
intention(predator, kill(prey))
performs(predator, kill(prey)) !

time

Figure 3: Simulation trace of the predator’s behaviour

Figure 4 is the resulting simulation trace of the extended
case study, in which the prey agent can act in an
anticipatory manner to avoid the predator’s desire to eat the
prey, and intention and/or action to kill it. Figure 4 shows,
among others, that the prey initially desires that the predator

does not perform the action to kill it:
desire(prey, not(performs(predator, kill(prey))))

Based on this, the prey eventually generates a number of
more detailed desires about what the predator should

observe (see, for example, the state property
desire(prey, observes(predator, prey_shows_aggressive_behaviour))

at time point 3). Next, the prey uses these desires to
generate some intentions to fulfill these desires (e.g., the

state property
intention(prey, show_aggressive_behaviour)

at time point 4). Eventually, when the opportunities are
there, these intentions are performed, and the predator

observes some new inputs (e.g., the state property
observes(predator, prey_shows_aggressive_behaviour)

at time point 8). As a result, the predator eventually does not
generate the action to kill the prey.

Note that in the scenario sketched in Figure 4, the prey
takes all possible actions (within the given
conceptualization) to fulfill its desires. This is a rather
extreme case, since according to the prey’s BDI-model,
modifying only one of the predator’s inputs will be
sufficient to make sure that it does not kill the prey. Other
traces can be generated in which the prey takes fewer
actions to fulfill its desires.

belief(prey, predator_is_noticing_preys_gaze)

belief(prey, predator_is_noticing_preys_gesture)

belief(prey, predator_is_reasonable_distance_away)

belief(prey, other_animals_around)

belief(prey, no_obstacle)

not(perfor , kill(prey))))

desire(prey, belief(predator, prey_runs_fast))

desire(prey, not(intention(predator, kill(prey))))

desire(prey, belief(predator, prey_shows_aggressive_behaviour))

desire(prey, not(desire(predator, eat(prey))))

desire(prey, observes(predator, prey_runs_fast))

i , run_fast) !
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Figure 4: Simulation trace of the prey’s manipulation of the
predator’s behaviour.

Discussion

In order to function well in interaction with other agents, it
is very helpful for an agent to have capabilities to predict in
which circumstances the agents in its environment will
show certain behaviours. To this end, such an agent will
have to perform interpretation based on a Theory of Mind
(Baron-Cohen, 1995). This type of metacognition is studied
in the context of human social interaction, but also in the
area of animal behaviour it is addressed; e.g., (Barrett and
Henzi, 2005; Bogdan, 1997; Heyes, 1998). In this paper the
latter area is addressed. A model for Theory of Mind is
applied, which makes use of BDI-concepts at two different
levels. First, the model uses BDI-concepts within the Theory
of Mind (i.e., it makes use of beliefs, desires and intentions
to describe the cognitive process of another agent). Second,
it uses BDI-concepts for inferpretation of the Theory of
Mind (i.e., it makes use of beliefs, desires and intentions to
describe an agent’s meta-cognition about the cognitive
process of another agent). At this second level, meta-
statements are involved, such as ‘B believes that A desires
d’ or ‘B desires that A does not intend a’. These meta-
statements are about the states occurring within the other
agent. In addition, meta-statements are involved about the
dynamics occurring within the other agents. An example of
such a (more complex) meta-statement is ‘B believes that, if
A performs a, then earlier he or she intended a’.

The two-level BDI-based model as presented can be
exploited both in order to be prepared for the behaviour of
another agent, and in order to affect the behaviour of
another agent at forehand. The model has been formalised
using the modelling language LEADSTO, which describes
dynamics in terms of direct temporal dependencies between
state properties in successive states. The model not only
addresses analysis of the other agent’s beliefs, desires and



intentions, but also integrates this with the agent’s own
beliefs, desires and intentions, and actions.

Obviously, empirical validation of the model is a difficult
issue. At least, the present paper has indicated that it is
possible to apply computational models for Theory of Mind
to animal behaviour. Moreover, the model indeed shows the
anticipatory behaviour of higher animals as described in
literature such as (Bogdan, 1997). In this sense the model
has been validated positively. However, notice that this is a
relative validation, only with respect to the literature that
forms the basis of the model. In cases that the available
knowledge about the functioning of such animals is
improving, the model can be improved accordingly. In this
sense the approach anticipates further development.

Concerning related work, there is a large body of
literature on Theory of Mind in non-human primates (e.g.,
Barrett and Henzi, 2005; Heyes, 1998), in particular in
chimpanzees (Matsuzawa, Tomonaga, and Tanaka, 2006)
and macaques (Sinha, 2003). This literature illustrates that
non-human primates use Theories of Mind about other
primates while interacting socially with them in specific
types of behaviour like imitation, social relationships,
deception, and role-taking. Moreover, recent literature
suggests that dogs use a certain kind of Theory of Mind as
well (e.g., Horowitz, 2002; Viranyi, Topél, Miklési, and
Csanyi, 2006). However, none of these papers contains a
computational model of Theory of Mind in non-human
primates. In contrast, the current paper presents such a
model, and illustrates how it can be applied to simulate the
behaviour of a prey animal that tries to manipulate the
attacking behaviour of a predator. Moreover, a number of
other papers propose computational models of Theory of
Mind (e.g., Gmytrasiewicz and Durfee, 1995; Marsella,
Pynadath, and Read, 2004), but these are not applied
explicitly to animal behaviour. For an extensive comparison
of our approach to these models, the reader is referred to
(Bosse, Memon, and Treur, 2007).

For future research, it is planned to exploit the features of
the LEADSTO language for modelling more quantitative,
numerical concepts. For example, the possibility to add
probabilities to the simulation rules will be explored. In
addition, more precise values can be chosen for the timing
parameters e, f, g, h mentioned in the introduction. Doing
this also makes it possible to make a better comparison
between the traces shown in Figure 3 and 4. Currently, the
trace in Figure 4 does not contain the first three world states
shown in Figure 3. If these were present, the predator would
kill the prey before the prey had the chance to manipulate it.
By allowing different timing parameters, this problem could
be solved. In addition, being able to experiment with the
timing parameters would allow the modeller to make the
model more realistic.
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Abstract

In order to generate behavior that can be validated, a
cognitive task model needs to be implemented in software.
This paper first introduces a cognitive task model based on a
BDI framework and then focuses on the translation of that
model into the ACT-R theory and software. Problems
encountered during this translation process are described and
further implications are discussed. It is found that the model’s
control structure matches well with ACT-R, but that the
translation of its reasoning rules is complex. ACT-R’s theory
of cognition does not match with properties of our task model
on three issues: 1) the number of memory items that can be
stored in working memory, 2) the way memory items are
retrieved from long-term memory, 3) the ability to execute
complex computations.

Introduction

The development and implementation of cognitive task
models in order to create agents that can replace humans for
performing certain tasks in certain environments is a
promising research activity (Gluck & Pew, 2005). Two
important activities in the development of a cognitive model
are the modeling of relevant task knowledge and the
modeling of a cognitive valid theory of task execution.
These modeling activities typically yield a formal design on
paper of the cognitive task model. However, for studying
the model’s behavior and, to use the model as a replacement
for a human in a certain environment it needs to be
implemented in software.

The work presented in this paper is part of a greater
research project that has as its goal the development of a
cognitive agent that can perform the task of compiling a
tactical picture on board of a ship in a training simulation.
The current paper describes and reflects on the translation of
the cognitive task model into the cognitive architecture
ACT-R (Anderson et al, 1998). It will not go into details of
the task, or into the validity of the behavior that the resulting
cognitive agent shows.

First, we will briefly introduce the developed cognitive
task model with its main properties concerning task
knowledge and task control. Next, we discuss the translation
of this model into ACT-R. To test the resulting cognitive
agent we coupled it to an external simulation environment.
This coupling and the general task performance of the ACT-
R model are discussed. Furthermore, we reflect upon
problems encountered during the translation as well as their
implications. Finally, we lay down further research plans.

Research Domain

The task we modeled is the Tactical Picture Compilation
Task (TPCT) within the domain of naval warfare. This task
revolves around the classification and identification of
entities in the surroundings. The warfare officer responsible
for the TPCT monitors the radar screen for radar contacts
and reasons with the available information in order to
determine the type and intent of the contacts on the screen.
The cognitive model of the TPCT is based on a Belief,
Desire and Intention (BDI) framework (Georgeff and
Lansky 1987). This choice facilitates the translation of
domain knowledge into the model since domain experts
tend to talk about their knowledge in terms similar to
beliefs, desires and intentions. The domain knowledge
needed for performing the TPCT has been elicited from
naval experts by van Dam and Arciszewski (2002).

The goal of our research is the development of cognitive
agents that can be used for training purposes. We therefore
want to model cognitive behavior, which can vary in level
of rationality. To make this possible, we developed a
specific belief framework (Heuvelink, 2006). Three
arguments are added to beliefs: a timestamp, the source of
the information and a certainty level. Usually in BDI
models, beliefs are thrown away as soon as a new belief is
created that causes an inconsistency. However, because we
want to reason over time, every belief is labeled with the
time it is created and is never thrown away. The source and
certainty labels make it possible to model an agent that can
reason about information from multiple sources and with
uncertainty, and that might do this in a biased way. A belief
according to this new framework consists of a predicate P
with an attribute A and value V, a timestamp T, source S
and certainty C. An example belief is shown below.

Belief  (Identification (contactl, friendly), 12, determine-
identification, 0.7)
Cognitive Task Model

A cognitive task model typically consists of declarative
knowledge, denoting facts, as well as procedural
knowledge, denoting reasoning rules. Besides modeling
how to reason, it is also necessary to model when to reason
about what. In this paper, we mainly address the modeling
of the declarative and procedural knowledge necessary for
performing the TPCT. The modeling of cognitive control is
not our current focus, and therefore we limit the complexity



of our control structure. First, we describe the format of the
declarative and procedural knowledge embedded in the
cognitive model. Then we elaborate on the control structure
of the model and at the end, we present the conceptual
design of our agent.

Reasoning over Beliefs

The goal of the TPCT is to correctly classify and identify all
contacts in the surroundings. To draw these kind of
conclusions about contacts, the agent needs knowledge
about their behavior. There are two ways to gather such
information. The first is from the external world, e.g., the
agent can watch the screen that displays information from
sensors such as the radar system. Additionally, the agent can
decide to perform actions that lead to more knowledge about
the situation, such as activating radar or sending a helicopter
to investigate a contact. The second method to gain
information is through the internal process of reasoning
about beliefs to deduce new beliefs. In the reasoning
process, often multiple beliefs form the evidence for the
formation of a new belief. Any uncertainty in the source
beliefs will be transferred to the new belief.

The following rule is an example of how a new belief is
derived using other beliefs and domain knowledge. The
position of the contact that the agent is currently reasoning
about is compared to the position of every other contact that
is detected by the radar system. A new belief is created for
every pair that indicates how certain the agent is that they
are within formation distance. Names of functions are
depicted bold and names of parameters are italic.

Determine-Within-Formation-Distance-Contact(X)
Forall Y
If
belief(Position-Contact(X, P1),T1, S, C1)
belief(Position-Contact (Y, P2), R1, S, C2)
Position-Difference(P1, P2, D)
Certainty-Handling- Difference-Between-Positions(C1, C2, D,
C3)
Possible-Distances(D,C3, [R])
M = maximum-distance-relevant-for-formation
C4 = (number-of-[R <= M]) / (number-of-[R]) )
Then (
Reason-Belief-Parameter(Within-Formation-Distance- Contact
(X, Y), determine-within-formation-distance-contact, C4) )

The function Position-Difference calculates the distance
between two positions, Certainty-Handling-Difference-Between-
Positions calculates the certainty of the distance given the
certainties of the positions, Possible-Distances returns all
possible distances given the calculated distance and
certainty, and the rule Reason-Belief-Parameter adds the
timestamp and stores the belief in long-term memory. In this
example, the latest beliefs about the positions are used. In
other rules, beliefs are used that ever had a specific value, or
those beliefs the agent is most certain about.

Control of Reasoning

Control is an important aspect of a cognitive agent; it
determines when the agent does what. The TPCT has one

main goal, which is considered a desire in the BDI model: to
identify all contacts correctly. The three subtasks that the
agent can perform in order to fulfill this desire are 1)
processing information about contacts from the screen, 2)
changing the activity of the radar system, and 3) sending the
helicopter on observation missions to gain more information
about a specific contact. These subtasks are the intentions of
the BDI model that the agent can commit to.

A cognitive valid manner to determine when which
intention becomes a commitment is to have events in the
world trigger an intention. For example, when a contact
suddenly changes its behavior, the attention of the agent
should be drawn to this contact, regardless of the current
intention. However, this type of control requires a parallel
processing of all events in the world and a parallel checking
of relevancy for all subtasks, which is very difficult to
implement. That is why currently, we chose to implement a
simpler, linear control system. To simulate parallel
processing we let the agent alternately commit to one of the
three intentions. Within the subtasks, the control is also kept
simple, e.g., in the first subtask all contacts on the screen
that are stored in a random list are monitored consecutively.

The following reasoning rule is an example part of the
simple control structure. It determines when the agent starts
committing to a new intention.

Determine-New-Intention(I)
If (
I = Monitor-Contacts
belief(Number-of-Contacts-Monitored(X), T1, S, C)
X = maximum-number-of-contacts-to-monitor )
Then (
Start-New-Intention-Selection(I) )
Else if (
I = Monitor-Contacts
Number-of-Contacts(X)
X < maximum-number-of-contacts-to-monitor )
Then (
Select-Next-Contact-To-Monitor()
Reason-Belief-Parameter(Number-of-Contacts-Monitored(X+1),
determine-new-intention, 1) )

The input parameter / is the current intention, the rule Start-
New-Intention-Selection determines which intention is selected
next depending on beliefs about contacts, and the rule Select-
Next-Contact-To-Monitor selects the next contact from the list.

Conceptual Agent Design

We have made a conceptual design of the agent capable of
performing the TPCT using the DESIRE (DEsign and
Specification of Interacting REasoning components,
Brazier, Jonker and Treur, 2002) method. DESIRE’s view
of an agent is that of a composed structure consisting of
interacting components. This conceptual agent model in
DESIRE completes the formal model of the TPCT with the
control of the different subtasks. DESIRE enables us to
model the flow of information within the agent and between
the agent and the external world. The agent components of
the conceptual model are displayed in Figure 1, representing
different kinds of tasks at different levels.



At the top level, there are two components: Warfare
Officer and External World. This makes it possible to model
communication between the agent and the external world.
At the second level, three components are selected from the
Generic Agent Model (GAM, Brazier, Jonker & Treur,
2000): (1) Own Process Control, (2) Maintenance of World
Information and (3) World Interaction Management. The
component Own Process Control, responsible for desire,
intention and belief determination, is refined according to
the addition to GAM for BDI models (Brazier et al, 2001).
The component Maintenance of World Information stores
the beliefs created by a subcomponent of Own Process
Control. The last GAM component, World Interaction
Management, manages communication with the external
world via two subcomponents, Action and Observation
Request Management. The fourth component at the second
level, Agent Specific Task, performs tasks that require an
internal decision to be made (Decision Control), and tasks
that require reasoning about beliefs to derive new beliefs
(Reasoner).

Top level

Warfare External

Officer World

Maintenance of
World Information

Own Process
Control

World Interaction Agent
Management Specific Task

_______/Z\__‘

Observation Request Decision Reasoner

Management Control

Action Request
Management

N

Desire Intentions & Belief
Determination Commitments Determination
Determination

Plan Goal
Determination Determination

________ s~

Intended Goal Committed Goal
Determination Determination

Figure 1 Process decomposition for the agent

Translation Process

This section first introduces ACT-R and than continues with
a description of the translation process of the reasoning
rules and the control of these rules into the ACT-R
architecture. Finally, it introduces the environment with
which the resulting agent interacts.

ACT-R

ACT-R incorporates two types of memory modules:
declarative memory and procedural memory. Declarative
memory is the part of human memory that can store items;
procedural memory is the long-term memory of skills and
procedures. ACT-R consists of a central processing system,

where the production rules representing procedural memory
are stored and executed. The central processing system can
communicate with several modules through buffers. One of
those modules is the declarative memory module where
memory items are stored. These memory items, called
chunks, are of a specific chunk-type, which can be defined
by the modeler. In a chunk-type definition, the modeler
defines a number of slots that chunks of this type can assign
values to. Chunks from the declarative memory module can
be placed in the retrieval buffer if they match a retrieval
request made by a production rule. A retrieval request must
contain the requested chunk-type, and may contain one or
more slot-value pairs that the chunk must match. The
matching chunk is then placed in the retrieval buffer, so it
can be read by a production rule. All buffers in ACT-R,
including the retrieval buffer, can only store one chunk at a
time, even when more chunks match the conditions of the
request.

Reasoning Rules

In the following paragraphs, the implementation of the
reasoning rules of the formal task model in the declarative
and procedural memory modules is described.

Declarative Memory The cognitive model of the TPCT
requires the ability to retrieve beliefs with specific time and
certainty constraints. The rule Determine-Within-Formation-
Distance-Contact for example, requires the latest beliefs about
the position of two contacts. Because beliefs are not thrown
away, there may be many older beliefs about the positions
of these contacts. It is therefore necessary to retrieve the
latest belief of both contacts in order to determine the
current distance between them. In ACT-R, creation and
retrieval times of chunks are registered, but these properties
are not available to the modeler. There is also no feature that
enables the agent to retrieve a chunk with the highest value
of a slot.

The method ACT-R provides for retrieving chunks from
memory is an activation function for chunks. The activation
of a chunk indicates how easy it should be to retrieve it.
Every chunk that matches a retrieval request receives an
activation score based on three components: a base level
activation, a context component and a noise value. The base
level activation uses the number of representations and the
time since the representations. Representations are the initial
entry in the declarative module and a retrieval in the
declarative buffer. The context component is based on the
activation of related chunks. The noise value adds a random
factor to the activation value.

Our task model assumes that when the last belief is
required for a reasoning process, that the last belief is
always retrieved. In ACT-R, it is possible that an older
chunk has been retrieved more often than the latest chunk,
which results in a higher activation value. Although there
are several parameters that can be set, the activation
function cannot guarantee that the latest chunk is always the
most active. To meet the requirements of the task model, it



is therefore necessary to implement the retrieval process of
those beliefs using LISP, the language ACT-R is built in.

Procedural Memory There are several theories about
working memory (WM), most of which agree on the idea
that multiple memory items can be stored at the same time
in WM (Miller, 1956; Baddeley & Hitch, 1974; Hulme et al,
1995; Cowan, 2005). The number of items that can be
stored in WM ranges from two to seven in these theories.
ACT-R’s theory of WM is that there can only be one chunk
of memory stored in WM at a time. This representation of
WM is not consistent with the most commonly accepted
cognitive theories of WM, as well as with the formal task
model based on the developed belief framework.

In the formal task model, several beliefs need to be in
WM at the same time to be able to reason. For instance,
different positions over time are compared in order to
determine a contact’s heading and speed. To implement
such a rule in the ACT-R model, multiple production rules
are needed to retrieve all required beliefs. Each production
rule would have to draw a sub conclusion about the
retrieved information so far. This method is inefficient for
this task and it is inconsistent with the reasoning methods
described by the naval experts. Therefore, we have tried two
different methods to solve this problem. The first solution is
to merge all the beliefs that need to be compared into one
chunk. This solution however, still requires many
production rules to retrieve all the necessary beliefs and
undermines the ACT-R theory of WM being able to store
only one chunk at a time.

The second method, used in the final model, consists of
two parts: using the goal buffer for temporary storage and
using LISP functions to retrieve beliefs. The goal buffer can
hold just one chunk, so the different memory items need to
be stored in the slots of the goal chunk. Many ACT-R
modelers use this solution to be able to compare information
items (see e.g., the tutorials of ACT-R 6.0). For example, in
our task model several beliefs about the location of a contact
at different time points form the antecedent of the logical
rule that calculates the belief about the speed of a contact.
These different locations can be stored in the goal buffer
until all relevant locations are retrieved and the speed can be
calculated. The second part of our solution is that we used
LISP functions instead of production rules to access chunks
in the declarative module of ACT-R. LISP functions can be
called within a production rule that is firing. Then, the LISP
function can retrieve multiple beliefs at the same time,
compare them, and return the result to the active production
rule.

The many calculations the task model requires, e.g., for
calculating the certainty of a new belief from the
uncertainties of the beliefs it is derived from, is a second
problem we encountered during translation. In most ACT-R
models of low-level tasks, calculations are modeled in
production rules. The addition of three and four for
example, would take ten rules: one for the initialization, two
for every addition step (increment by one, remember how

much has been added) and one for the finalization. It would
take many more production rules to calculate the speed of a
contact from its positions over time. In addition, most of the
calculations are not an exact representation of the cognitive
processes of a warfare officer, but are a more abstract
representation. It is therefore not necessary and not efficient
to model all computations in production rules. We chose to
use LISP functions for those calculations.

By executing the above processes in LISP functions
instead of in production rules, the amount of production
rules is reduced to half of the programming code of the
agent. The other half consists of supporting LISP functions.
The following ACT-R production rule is an example of how
we implemented the task model rule Determine-Within-
Formation-Distance-Contact and how we solved the problems
described above.

(p determine-within-formation-dist-goall-plan6

=goal>
ISA commitment]
goal monitor-contacts
state determine-formation-distance
contact  =contact
==>

!bind! =within-dist (calc-within-formation-distance =contact)
!bind! =next-step (if =within-dist 'determine-formation 'determine-
classification”)

=goal>
state =next-step
result =within-dist )

The antecedent of the rule requires that the agent is
currently committed to commitmentl; processing
information about contacts from the screen, and that the
agent is going to determine whether the current contact is
within formation distance of any other contact. In the
consequent, the agent uses a LISP function to find all
contacts within formation distance (function calc-within-
formation-distance). In this LISP function, multiple beliefs
with the latest timestamp are retrieved, and calculations are
performed to determine the distance. If a contact exists that
is close enough to the current contact, the agent starts with
determining whether they actually are moving in formation.
Otherwise, the next step is to determine the classification of
the current contact.

Control of Reasoning Rules

As explained above we implemented a simple, linear control
structure, in which the agent alternately commits to its
various subtasks. We showed the reasoning rule Determine-
New-Intention, which determines that after reasoning about a
number of contacts one of the other subtasks becomes the
agent’s intention. We did not run into any problems when
implementing these task model control rules in ACT-R. In
ACT-R, the control structure is also linear: only one
production rule can fire at a time. The antecedent
determines which rule matches the current contents of the
buffers. The current intention and current step in the plan
can be stored in the goal buffer. The consequence of a fired
rule can influence which production rule will fire next. In



our agent, this was generally done by changing the contents
of the goal buffer. The following ACT-R production rule
shows how we implemented the rule Determine-New-Intention.

(p select-next-contact-goall

=goal>
ISA commitment]
goal monitor-contacts
state next-contact

contact =contactl
==>
1bind! =contact2 (determine-next-contact)
Ibind! =new-intention (= (mod *contact-counter* *max-number-of-

contacts*) 0)

=goal>
Plan read-basal-info
state start-step

=contact2
=new-intention )

contact
new-intention

The antecedent of the rule requires that the agent is
currently committed to monitoring contacts, and that the
agent is going to select a new contact. In the consequent, the
agent determines whether to select the next contact or to
start a new intention. The slot new-intention of the goal chunk
can be true or false, influencing the next production rule that
can fire.

Coupling Environment

ACT-R has different modules for simulating visual and
aural stimuli and vocal and manual actions. The visual
module can be used to show letters and numbers in a
window, for example to simulate the Stroop-task. However,
the current task requires the visualization of a naval scenario
and the features of the visual module are too limited for this.
Therefore, a coupling has been made between ACT-R and
an external simulation environment: Game Maker (see
Game Maker). The simulation environment we developed in
Game Maker consists of a screen that shows radar contacts.
An additional screen displays detailed information about a
contact when it is selected by a mouse click. This same
window can be used to change the classification and
identification value of the selected contact.

ACT-R and Game Maker communicate through two text
files. In the first file, the ACT-R agent writes information
and action requests, which Game Maker reads and performs.
This can be, for instance, a request for detailed information,
simulating a mouse click on a contact. In the other file,
Game Maker writes the requested information and feedback
about the performed action, which ACT-R reads and
processes. The response of Game Maker to the mouse click
would be to write the detailed information of the contact in
the text file.

Results and Discussion

Now that we have implemented the TPCT model in ACT-R
and coupled the resulting agent with a simulation
environment, we can test the behavior of the agent. In this
section, we will describe and discuss the results of the
translation process and the coupling with Game Maker.

Before translating the task model into ACT-R, we
developed a conceptual agent model in DESIRE that gave
us a structured overview of the control and information
flows within the task model. We find that the structure of
this conceptual agent model matches well with ACT-R.
Each of the components of the conceptual model (see Figure
1) can be identified in the ACT-R code. This made the
conceptual model a useful structure to base the ACT-R
model on.

In addition, the serial control was easily translated from
the DESIRE model to ACT-R production rules. In ACT-R,
one production rule can fire at a time. This principle is the
same as we chose for our agent. However, if we had chosen
a more complex control, we probably would have had more
trouble translating the conceptual model to ACT-R. For
example, a function that determines which contact on the
screen deserves attention requires calculations. Since we
have already shown that calculations are difficult to model
in ACT-R, a more complex control system will be more
difficult to implement.

During the implementation process, we encountered some
problems when translating the reasoning rules of our model
to ACT-R production rules. The ACT-R theory entails that
one chunk can be stored in WM, that the chunk with the
highest activation value is retrieved, and that it is difficult to
combine low-level calculations and high-level reasoning
rules in one model. Our solution has been to implement
those processes in LISP functions. However, by using so
much LISP code and by not using the declarative memory
module properly, the structures built into ACT-R that
constitutes its theory of cognition are denied. It is likely that
both theories are incomplete. ACT-R should support the
storage of multiple chunks in the retrieval buffer at the same
time since most researchers agree that human WM can store
multiple beliefs. We should reconsider the many
calculations performed in the rules of the cognitive task
model.

A more practical issue we encountered during
implementation concerns the number of chunks in ACT-R’s
memory. Every couple of minutes the agent is active, its
number of chunks doubles. As a result, ACT-R becomes
very slow when the agent tries to retrieve a chunk from
memory. We partly solved this by creating fewer chunks
during reasoning. In the original task model, every
reasoning step resulted in a new belief. We identified types
of beliefs that were never retrieved by the agent, and
stopped adding them to ACT-R’s memory. For example,
only the result of a calculation is remembered, instead of all
steps leading to this result. Furthermore, we deleted
irrelevant chunks from the agent’s memory. For instance, if
the speed of a contact has been constant for a long time, the
first and last beliefs about that speed provide all the
information ever needed.

The coupling of the ACT-R agent and the simulation
environment Game Maker consists of communication
through text files; one file in which ACT-R writes its
requests and. one file in which Game Maker writes its



results. It is computationally impossible for both Game
Maker and ACT-R to check the text file constantly for new
information. The less often the text file is checked for new
information, the slower the communication process
becomes. However, if Game Maker and the agent would
check it more often, the entire simulation would slow down.

We tried to find a balance by having Game Maker read
the text file every second. The agent only reads the text file
when it expects new information. Thus, when the agent
communicates a request to Game Maker, it keeps reading
the text file until the new information has arrived. In
practice, this means that ACT-R reads the text file
approximately ev