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Abstract

Most of thework in agent-based socid smulation has assumed highly simplified agent models, with little attention being paid to
the details of individua cognition. Here, in an effort to counteract that trend, we subgtitute aredlistic cognitive agent model
(CLARION) for the smpler models previoudy used in an organizationa design task. On that basis, an exploration is made of
the interaction between the cognitive parametersthat govern individual agents, the placement of agentsin different
organizationd structures, and the performance of the organization. It is suggested that the two disciplines, cognitive modding
and socia simulation, which have so far been pursued in relative isolation from each other, can be profitably integrated.
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1 Introduction
1.1 Abstraction vs. Cognitive Realism in Social Simulation

Computational models of cognitive agents that incorporate awide range of cognitive functiondities (such as various types of
memory/representation, various modes of learning, and sensory motor capabilities) have been developed in both Al and
cognitive science (e.g., Anderson and Lebiere 1998; Sun 2002). In cognitive science, they are often known as cognitive
architectures. Recent developmentsin computationa modeling of cognitive architectures provide new avenuesfor precisely
specifying complex cognitive processes in tangible ways (Anderson and Lebiere 1998).

Artificid intelligence started out with the god of designing functioning intelligent agents. Although the enormous difficulty
of the task hasforced ashift in focusto highly restricted domains of intelligence, some researchers have persisted in putting the
piecestogether with the goal of designing autonomous agents. At the sametime, thereisagrowing interest in multi-agent
interactions that address issues of coordination and cooperation among cognitive agents.

In spite of this, however, most of thework in social Smulation still assumes very rudimentary cognition on the part of the
agents (e.g., Cecconi and Paris 1998; Gilbert 1997). At the sametime, while researchersin cognitive science have devoted
consderable attention to the workings of individua cognition (e.g., Anderson 1983; Klahr et d 1987; Rumelhart and
McCldland 1986; Sun 2002), socioculturd processes and their relationsto individua cognition have generaly not been studied
by cognitive scientists (with some notable exceptions; e.g., Suchman 1987; Hutchins 1995). The cleavage between the two
fiddsis seen in the different journals dedicated to each area (e.g., JASSS, Emergence and CMOT for socid smulations,
versus Cognitive Science, Cognitive Systems Research, and Cognitive Science Quarterly for cognitive modding), aswell
asinthe different conferences (e.g., the Agent 200x seriesin Chicago and the International Conferences on Socid Simulation,
versusthe International Conference on Cognitive Modding), organizations (e.g., the North American Association for
Computational and Organizationa Science and the European Socid Simulation Association versus the Cognitive Science
Society), and scant overlap of authorsin these areas. Mogt of the commonly available socia smulation tools (e.g., Swarm and
RePast) likewise embody very smple agent models.

However, we believe that social Smulation needs cognitive science, because better models of individua cognition can leed
usto abetter understanding of aggregate processes involving multi-agent interaction (Moss 1999; Cagtelfranchi 2001).
Cognitive modelsthat incorporate redistic tendencies, biases and capacities of individua cognitive agents (Boyer and Ramble
2001) can serve asamore redigtic basis for understanding multi-agent interaction. This point has been made beforein the
context of socid smulation (e.g., Edmonds and Moss 2001) aswell asin the context of cognitive realism of game theory



(Kahan and Rapaport 1984) and of multi-agent systems (Sun 2001).

Conversdly, by combining socia smulation and cognitive moddingt, we can learn more about individua cognition.
Traditiona gpproachesto computationa modeling of agents have largely ignored the vitd role of socidly acquired and
disseminated knowledge. By studying cognitive modesin asocid context, rather than in isolation, we might shed morelight on
the sociocultura aspects of cognition and on the cognitive processes involved in multi-agent interaction.

Reflecting agrowing interest in cognitive redism in socid smulation, cognitive agent model s have recently been deployed
inavariety of socid-cognitive systems. Some examplesinclude game playing (West et d, 2003), smulated warfare in urban
environments (Best and Lebiere 2003), and design of avirtual 3D world (Maher et d 2003).

1.2 Advantages of a Cognitively Realistic Approach

As noted above, research on socid smulation has mostly dedt with smplified versons of socid phenomena, involving much
samplified agent models (e.g., Gilbert and Doran 1994; Levy 1992). Such agents are clearly not cognitively redistic, and thus
may result in important cognition-related ingghts being left by thewaysde. Socid interactioniis, after dl, the result of individua
cognition (which includesingtincts, routines, and patterned behavior, aswell as complex conceptua processes). Therefore, the
mechanisms underlying individua cognition cannot beignored in studying multi-agent interaction. At leaedt, theimplications of
these mechanisms should be understood before they are abstracted away. An agent modd that is sufficiently complex to
captureindividua cognitive processes should be adopted.

By using cognitively redlistic agentsin social smulation, we can provide explanations of observed socid phenomena based
onindividua cognitive processes. Thisalows usto do away with assumptionsthat are not cognitively grounded. Often, in
previous Smulations, rather arbitrary assumptions were made, smply because they wereimportant for generating smulations
that matched observed data. We instead make assumptions at alower level. Thisalows usto put more distance between
assumptions and outcomes, and thereby provide deeper explanations.

In this paper, we first describe a more redlistic cognitive moded, named CLARION, which captures the distinction
between explicit and implicit learning. Thismodel has been extensively described in aseries of papers (e.g., Sun 1997; Sun
2002). We then apply thismodel to the problem of organizationa design as presented by Carley et d (1998). Theideahere
isto subgtitute more sophisticated agents, based on CLARION, for the (mostly) smple agents used in the origina task (Carley
et a 1998).

This substitution has much in common with the notion of “docking,” or the dignment of models. Docking, as proposed by
Axtdl and his colleagues, consists of testing whether two models of the same phenomenon can be madeto yield equivaent
results. Thisalows both modelsto be independently vaidated (Axtell et d 1996). Here, asimilar comparison of different
modelsis undertaken, namely between the smpler agent models considered previoudy (Carley et d 1998) and the more
cognitively readlistic model CLARION. However, in contrast to docking as envisioned by Axtell et a, the purpose of this study
isnot to establish a strict equivaence between the models, atask which at any rate is difficult when models are built for
different purposes and according to different theoretical conceptions (Takadama et a 2003). Rather, we want to expose the
differences between the models. By varying the cognitive factors of our model in aparticular organizationd task, and
comparing the results to those of previous, less cognitively redistic smulations, we can arrive at a better picture of the role of
individua cognition in organizetiond learning.

Findly, previous experiments and s mulations left open the question of whether their results were generic or tied
specificaly to particular settings of the experiments/'smulations or to particular assumptions regarding cognitive parameters.

Our work is designed to explore awider range of possibilities and ascertain some answersto the above question.

2 The Mode
2.1 Explicit vs. Implicit L earning
Therole of implicit learning in skill acquisition has been widdly recognized in recent years (e.g., Reber 1989; Stanley et d
1989; Anderson 1993; Seger 1994; Proctor and Dutta 1995; Stadler and Frensch 1998). Although explicit and implicit

learning have both been actively studied, the question of the interaction between these two processes hasrarely been
broached. However, despite the lack of study of thisinteraction, it has recently become evident (e.g., in Reber 1989; Seger



1994) that rarely, if ever, isonly one of type of learning engaged. Our review of experimenta data showsthat although one
can manipul ate conditions such that one or the other type of learning is emphasized, both types of learning are nonetheless
usudly present.

To model the interaction between these two types of learning, the cognitive architecture CLARION was devel oped (Sun
and Peterson 1998; Sun et a 2001), which captures the combination of explicit and implicit learning. CLARION mostly learns
in abottom-up fashion, by extracting explicit knowledge from implicit knowledge. Such processes have aso been observed in
human subjects (e.g., Willingham et a 1989; Stanley et d 1989; Mandler 1992).

A mgor design goa for CLARION wasto have a set of tunable parametersthat directly correspond to aspects of
cognition. Thisisin contrast to some cognitive mode s in which performance depends on aset of variablesthat are
mathematically motivated (and hence do not trandate into mechanisms of individua cognition). We have avoided this, so asto
be able to manipulate the parameters of the model and observe the effect on performance as a function of cognition.

2.2 A Summary of the CLARION Mode
We are now ready to describe our modd in greater detail. CLARION is an integrative cognitive architecture with a dua

representational structure (Sun 1997; Sun et d 1998; Sun et d 2001; Sun 2002). It conssts of two levels: atop level that
captures explicit learning, and a bottom level that capturesimplicit learning (see Figure 1).
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Figure 1: The CLARION architecture

At the bottom level, the inaccessible nature of implicit learning is captured by subsymbalic distributed representations
provided by a connectionist network. Thisis because representational unitsin adistributed environment are capable of
performing tasks but are generdly not individualy meaningful (Sun 1995). Learning at the bottom level proceedsin
trial-and-error fashion, guided by reinforcement learning (i.e., Q-learning) implemented in backpropagation neural networks
(Sun and Peterson 1998). Other representations of low-level cognition are also possible, including Bayesian networks (Jensen
1996), hidden Markov moddls (Rabiner 1989), and models with simulated annedling, the latter of which have been usedinan
organizationa task smilar to the one considered in this paper (Carley and Svoboda 1996). However, neurd networks are
more suitable for representing the low-leve structuresinvolved inimplicit learning (in contrast to other methods, which strive to
gpproximate cognitive processes at adightly higher leved).

Atthetop leve, explicit learning is captured by a symbolic representation, in which each element isdiscrete and hasa
clear meaning. Thisaccordswell with the directly ble nature of explicit knowledge (Smolensky 1988, Sun 1995).
Learning at the top level proceeds by first constructing arule that correspondsto a“good” decision made by the bottom levd,
and then refining it (by generdizing or specidizing it), mainly through the use of an “information gain” measure that comparesthe
success ratio of various modifications of the current rule.

A high-level pseudo-code dgorithm that describes the action-centered subsystem of CLARION isasfollows:
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Observe the current state x.
2. Compute in the bottom level the Q-value of each of the possible actions (a,'s) associated with the state x: Q(X, a,), Q(

Xy @), eeey Q(x, a,).

3. Find out dl the possible actions (b,, b,, ...., b,,) at the top level, based on the state x and the rulesin place at the top
leve.

4. Comparethe values of a’swith those of b;'s (which are sent down from the top level), and choose an appropriate
action a.

5. Perform the action a, and observe the next state y and (possibly) the reinforcement r.
6. Update the bottom level in accordance with the Q-Lear ning-Backpropagation algorithm, based on the feedback
information.

7. Update the top level using the Rule-Extraction-Refinement agorithm.
8. Go back to Step 1.

At the bottom level, aQ-valueis an eva uation of the“quality” of an action in agiven state: Q(x, a) indicates how desirable
action aisin gate x. Actions can be sdlected based on Q-values. To acquire the Q-values, Q-learning, areinforcement
learning agorithm (Watkins 1989), isused.

Welearn the amplified Q function asfollows.

ALz, @) = iy + ymam, Oy, &) — Oix, a)) = ofr — (x, a))

where x isthe current state, a isone of the actions, r istheimmediate feedback, and @& &0 £ js et to zero for the
organizational design task that was tackled in this paper, because we rely on immediate feedback in this particular task (details

below). &£+ 4) providesthe error signal needed by the backpropagation agorithm and then backpropagation takes place.
That is, learning isbased on minimizing the following error a each step:
= { e

where i istheindex for an output node representing the action a,.. Based on the above error measure, the backpropagation
agorithm isapplied to adjust internal weights of the network.

Inthetop leve, declarative knowledge is captured in asimple prepositional rule form. We devised an agorithm for
learning declarative knowledge (rules) using information from the bottom leve (the Rul e-Extraction-Refinement, or RER,
agorithm). Thebascideaisasfollows: if an action decided by the bottom level is successful then the agent extractsarule
(with itsaction corresponding to that selected by the bottom level and with its conditions corresponding to the current state),
and addstheruleto the top-level network. Then, in subsequent interactions with the world, the agent refines the extracted rule
by cons dering the outcome of applying therule: if the outcome is successful, the agent may try to generdize the conditions of
the ruleto makeit more universd. If the outcome is unsuccessful, the agent may try to specidize therule, by narrowing its
conditions down and making them exclusive of the current Sate.

Theinformation gain (IG) measure of aruleis computed (in this organizationa design task) based on theimmediate
feedback at every step when theruleisapplied. Theinequality, r > threshold_, determinesthe positivity/negativity of astep
and the rule matching this step (where r isthe feedback received by an agent). The positivity threshold (denoted threshold. .
above) corresponds to whether or not an action is perceived by the agent as being reasonably good.

Based on the positivity of astep, PM (positive match) and NM (negative match) counts of the matching rulesare
updated. G iscalculated based on PM and NM:

PM_(A)+cl g2 PM _(B)+cl

IG(A B) =1
(AB)=log, PM_(A)+NM_(A)+c2 PM_(B)+NM (B)+c2

where A and B are two different rule conditions that lead to the same action a, and c1 and c2 are two constants representing
the prior (by default, c1 =1, c2=2). Essentidly, the measure compares the percentages of positive matches under different
conditions A and B.



The generdization operator isbased on the |G measure. Generdization amounts to adding an additiona vaueto one
input dimension in the condition of arule, so that the rule will have more opportunities of matching input. For aruleto be
generdized, thefollowing must hold:

JHT, all) = thresholdemy and maxe 70, Ch =0

where C isthe current condition of arule (matching the current state and action), all refersto the corresponding match-all rule
(with the same action as specified by the origina rule but an input condition that matches any state), and C isamodified
condition equd to C plusoneinput vaue. If the above holds, the new rule will have the condition C withthe highest 1G
measure. The generalization threshold (denoted threshold,,, above) determines how readily an agent will generdizearule.

The specidization operator works in analogous fashion, except that an input dimension is discarded, rather than being
added. Likewise, arule must perform worse than the match-all rule, rather than better, to be considered for specidization.
This processisdescribed in greater detail €lsawhere (Sun et d, 2001). Due to running-time considerations, the specidization
threshold isheld congtant in al smulations reported in this paper.

To avoid the proliferation of usdlessrules, aRER density measureisin place. A dengity of 1/x meansthat arule must be
invoked once per x stepsto avoid deletion dueto disuse. This corresponds to the agent’ s memory for rules, necessitating that
arule come up every oncein awhilein order to be retained.

To integrate the methods from the two levels, anumber of methods may be used. Here, we choose levels stochastically,
using a probability of selecting each level. Other sdlection methods are available aswell (see Sun et d 2001).

When we use the outcome from the bottom level, we use a stochastic process based on the Boltzmann distribution of Q
vauesfor sdecting an action:

egx,a).l':r
pla|x)= S0

")

where x isthe current state, a isan action, and t controls the degree of randomness (temperature) of the process. (This
method isaso known as Luce’ s choice axiom (Watkins 1989). It isfound to match psychologica datain many domains.)

At each leve of the modd, there may be multiple modules, both action-centered modules and non-action-centered
modules (Schacter 1990). In the current study, we focus only on the action-centered subsystem (ACS). Thereareaso
other components, such as working memory, goa structure, and so on.

2.3 Previoudy Simulated Tasks

Many well-known cognitive tasks performed by individua cognitive agents have been smulated using CLARION. The
tasksinclude serid reaction time (SRT) tasks, process control (PC) tasks, categorica inference (Cl) tasks, aphabetica
arithmetic tasks (AA), and the Tower of Hanoi (TOH) task (Sun 2002). Among them, SRT and PC are typical implicit
learning tasks (involving mogtly reactive routines), while TOH and AA are high-level cognitive acquisition tasks (with explicit
processes). In addition, we have smulated a complex minefied navigation (MN) task, which involves complex sequentid
decision-making (Sun and Peterson 1998; Sun et a 2001). We are now in agood position to extend the modeling effort to
capture social cognition processes.

2.4 Implementation

Both CLARION and the current smulation have been implemented as a set of Java packages. The code is available upon
request. For more information, seethe CLARION web page at http://www.cogsci.rpi.edu/~rsun/clarion.html.

3 Organizational Design

The task considered in this paper istaken from organizational research. Research on organizational performance has usualy



focused elther on an organization’ sdesign (i.e., its structure) or on the cognition of its members (i.e., how smart/capable
individuasin the organization are). However, the interaction of these two factors -- cognition and structure -- israrely studied.
Carley et d (1998) introduce a classification task involving different types of organizationa structures and agents. By varying
agent type and Structure together, they are able to study how these factorsinteract with each other. Here, we will build on that
research and extend it, with the aim of studying the interaction of cognition and design in the context of amoreredigtic
cognitive architecture (i.e,, CLARION).

3.1Task

A typicd task faced by organizationsis classification decison making. In aclassfication task, agents gather information about
problems, classify them, and then make further decisions based on the classification. For instance, an organization may classfy
acompany asfinanciadly promising or unpromising, and on that basis decide to approve or not gpprove aloan. Inthiscase, the
task isto determine whether ablip on a screen isahogtile aircraft, aflock of geese, or acivilian aircraft (Carley et a 1998).
Hence, thisisaternary choicetask. It hasbeen used before in studying organizationa design (e.g., in Carley and Prietula
1992; Ye and Carley 1995; Carley and Lin 1995).

In each case, thereisasingle object inthe airspace. The object has nine different attributes, each of which can take on
one of three possible values (e.g., its speed can be low, medium, or high). An organization must determine the Satus of an
observed object: whether itisfriendly, neutral or hostile. There are atota of 19,683 possible objects, and 100 problems are
chosen randomly (without replacement) from this set.

Thetrue status of an object is determinable by adding up al nine characteristic values. If the sumislessthan 17, thenitis
friendly; if the sumisgreater than 19, it is hodtile; otherwise, it isneutrd.

No one single agent has accessto al the information necessary to make achoice. Decisions are made by integrating
separate decisons made by different agents, each of which is based on adifferent set of information. Each organization is
assumed to have sufficient personnd to observe al the necessary information (in adistributed way).

In terms of organizationa structures, there are two archetypal structures of interest: (1) teams, in which decision makers
act autonomoudly, individual decisons are trested as votes, and the organization decision isthe mgority decision; and (2)
hierarchies, which are characterized by agents organized in achain of command, such that information is passed from
subordinates to superiors, and the decision of asuperior is based solely on the recommendations of his subordinates (Carley
1992). Inthistask, only atwo-leve hierarchy with nine subordinates and one superior is considered.

In addition, organizations are distinguished by the structure of information accessible by each agent. Therearetwo
varieties of information access. (1) distributed access, in which each agent sees a different subset of three attributes (no two
agents see the same set of three attributes), and (2) blocked access, in which three agents see exactly the same attributes. In
both cases, each attribute is accessible to three agents.

Severd smulation models were considered in the study (Carley et d 1998). Among them, CORP-ELM produces the
most probable classification based on an agent’ s own experience, CORP-P-ELM stochastically produces aclassificationin
accordance with the estimate of the probability of each classification based on the agent’ s own experience, CORP-SOP
follows organizationdly prescribed standard operating procedure (which involves summing up the values of the attributes
avallable to an agent) and thus is not adaptive, and Radar-Soar is a (somewhat) cognitive modd built in SOAR, which is based
on search through problem spaces (Rosenbloom et a 1991).

3.2 Previous Experimental Results

Experiments (in Carley et d 1998) were donein a2 x 2 fashion (organization x information access). In addition, the human
data were compared to the smulations by the aforementioned four models (Carley et a 1998). The data appears to show that
agent cognition interacts with organizationa design. The human dataand the smulation resultsfrom thisstudy (Carley et d
1998) were as shown in Table 1.



Agent/Org. Team (B) Team (D) Hierarchy (B) Hierarchy (D)
Human 50.0 56.7 46.7 55.0
Radar-SOAR 733 63.3 63.3 533
CORP-P-ELM  78.3 717 40.0 36.7
CORP-ELM 88.3 85.0 45.0 50.0
CORP-SOP 81.7 85.0 81.7 85.0

Table 1. Human and simulation data for the organizational design task. D indicates distributed information access, while B
indicates blocked information access. All humbers are percent correct.

The human data showed that humans generdly performed better in team Stuations, especialy when distributed
information accesswasin place. Moreover, distributed information access was generaly better than blocked information
access. Theworst performance occurred when hierarchical organizational structure and blocked information access were used
in conjunction.

It aso suggested that which type of organizationa design exhibit the highest performance depends on the type of agent.
For example, human subjects performed best as ateam with distributed information access, while Radar-SOAR and
CORP-ELM performed the best in ateam with blocked information access. Relatedly, increasing generd intelligence, or
increasing the adaptiveness of agents, tended to degrade the performance of hierarcha organization. With anon-adaptive
agent such as CORP-SOP, there was no difference between the two different organization types.

The above results are interesting because they brought up the issue of the interaction between organizationa type and
intelligencelevel. However, the agent models that were used were, to alarge extent, fairly smplistic. Therefore, the
intelligence leve in these modelswas rather low (including, to alarge extent, the SOAR modd, which essentially encoded a set
of smplerules). Moreover, learning in these smulations was rudimentary: there was no complex learning process as one might
observein human cognition.

With these shortcomings in mind, it isworthwhile to undertake a smulation that involves more complex, more
comprehensive agent models that more accurately capture detailed cognitive processesin more realistic ways. Moreover, with
the use of more cognitively redistic agent models, we may investigate individually the importance of different cognitive
capacities and process detailsin affecting the performance. In CLARION, we can easily vary parameters and options that
correspond to different cognitive capacities and processes and test the resulting performance.

Below, we present four smulationsinvolving the CLARION modd. Inthefirst smulation, we use the aforementioned
radar task (Carley et d 1998) but subgtitute a different cognitive model for the one used previoudy. The second smulation
extends the duration of training given to the agents. In the third smulation, we vary awide range of cognitive parameters of the
mode inafactoriad desgn. Here, we are interested in observing the interaction of different cognitive factors with organizationa
design. Findly, inthefourth smulation, we move away from uniform-agent models and investigate organi zationsin which
agentsdiffer in their cgpabilitiesand limitations.

4 Smulation I: Matching Human Data
We begin with asmple*“docking” smulation (in an absiract sense) -- that is, we use the same setup asin the origina study
(Carley et d 1998; see Section 3.1), but substitute CLARION-based agents for the smpler agents used previoudy. Our am
hereisto gauge the effect of organization and information access on performance (asin the original study), but in the context of
the more cognitively redistic model CLARION.
4.1 Smulation Setup

There are two organizational forms. team and hierarchy. Under the team condition, the input to each agent consists of three of
thearcraft’ s attributes, selected according to ablocked or distributed information access scheme. The condition where a



hierarchy isused is smilar to the team condition, except that a supervisor agent isadded. Theinput to the supervisor
corresponds to the outputs of al nine subordinates.

The actions of each agent are determined by CLARION. At thetop level, RER rulelearning is used to extract rules. At
the bottom level, each agent has a single network that istrained, over time, to respond correctly. The network receives an
externa feedback of O or 1 after each step, depending on whether the target was correctly classified. Dueto the availability of
immediate feedback in thistask, smplified Q-learning is used.

All agents run under asingle (uniform) set of cognitive parameters?, regardless of their role in the organization (later we
ghall vary the parameters).

4.2 Results

Theresults of our smulation are shown in Table 2. 4,000 training cycles (each corresponding to asingle problem, followed by
asingle decision by the entire organi zation) were included in each group. As can be seen, our results closdly accord with the
patterns of the human data, with teams outperforming hierarchies, and distributed access outperforming blocked access. Also,
asin humans, performanceis not grosdy skewed towards one condition or the other, but is roughly comparable across all
conditions (unlike some of the smulation resultsfrom Carley et a 1998). The match with the human dataiis better thanin the
smulations conducted in the origind study (Carley et d 1998).

Agent/Org. Team (B) Team (D) Hierarchy (B) Hierarchy (D)
Humen 50.0 56.7 46.7 55.0
CLARION 53.2 59.3 45.0 494

Table 2. Simulation data for agents running for 4,000 cycles. The human datafrom Carley et a (1998) are reproduced here for
ease of comparison. Performance for CLARION is computed as percentage correct over the last 1,000 cycles.

To understand these results and their interpretation better, et us examine the curvesthat compare the learning process.
As can be seenin Figure 2, ateam organization, using blocked access, quickly achievesahigh level of performance.

However, theregfter there are very few gains. By contrast, ateam using blocked access starts out dowly but eventudly
achieves a performance nearly as high asthat in the distributed condition.

Under the hierarchal conditions, learning is both dower and more erratic. When accessis distributed, performance
dipsinthefirst few hundred cycles, but afterwardsimproves steadily. The downess of the learning process should not surprise
us, sincetwo layers of agents are being trained (rather than one), with the output of the upper layer depending on that of the
lower layer. In addition, the higher input dimensiondity of the supervisor (nineinputsvs. three inputs for a subordinate) greatly
increases the complexity of the task, leading to alonger training time for the network and to adower process of rule
refinement. Thisisanaogousto the case of humans, where input dimensiondity isknown to be one of the chief determinants of
task complexity (e.g., Berry and Broadbent 1988). When a hierarchy is combined with blocked access, performanceis even
worse, with very little learning taking place.
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Figure 2: Training curvesfor different combinations of organizationa
structure and data access

Throughout the training process, ruleswere encoded at thetop level. A sample rule (randomly selected) extracted by the
supervisor in ahierarcha condition was asfollows:

BEEA230CEGEE 06 —3

Therule should beread asfollows: if input #4 isequd to 1, 2 or 3, and the other inputs are equd to 3, then select action 3
(hodtile aircraft).

5 Simulation I1: Extending the Smulation Temporally

So far, we have considered agents who trained for only 4,000 cycles. The results were interesting, because they were

ana ogous to those of humans. However, the human dataitself was arguably the result of limited training. Inthe original task,
human subjects were presented with only 30 problems (Carley et d 1998). Therefore, it isinteresting to see what will happen
if we extend the length of thetraining. In particular, we are interested in knowing if we the trends seen above (in section 4.2)
will be preserved in the long run. It isextremely important that before we draw any conclusion about human performance, we
understand the context and conditions under which data are obtained, and thereby avoid over-generaizing our conclusions
(e.9., team vs. hierarchy, blocked vs. distributed; of Carley et al 1998).

Figures 3-6 show learning asit occurs over 20,000 (rather than 4,000) cycles. Previoudy, the best-performing condition
was team organization with distributed information access. As can be seenin Figure 3, this condition continuesto improve
dowly after thefirst 4,000 cycles. However, it is overtaken by the team condition where blocked accessis used (Figure 4).
Thus, it seemsthat while teams benefit from adiversified (distributed) knowledge basein theinitia phasesof learning, a
wdll-trained membership with redundant (blocked) knowledge performs better in thelong run.

Inthe hierarcha condition, too, we can see either areversa or disappearance of theinitia trends. Hierarchiesusing
distributed access (Figure 5) now show not only the best, but aso the most stable (least variance) performance of any
condition. Likewise, ahierarchy with blocked access (Figure 6), previoudy aweak performer, showsimpressive gainsin the
long run. Thus, while hierarchiestake longer to train, their performanceis superior inthelong run. Inahierarchy, a
well-trained supervisor is capable of synthesizing multiple data points with greater sengitivity than asimple voting process.
Likewise, the reduced individud variation in blocked accessleads to lessfluctuation in performance in thelong run.

Figure 7 compares the trends discussed in this section and in section 4.2.
Thereisaseriouslesson here: limited data can only alow usto draw limited conclusons -- only with regard to the specific



condition under which the datawere obtained. Thereisanatura tendency for researchersto over-generalize their conclusions,
which only be remedied by more extensveinvestigations. Given the high cost of human experiments, smulation hasalargerole
to play in exploring dternatives and possibilities, especialy socid smulation coupled with cognitive architectures.
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Figure 5: Training curve (hierarchal organization, distributed access)
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6 Smulation I11: Varying Cognitive Parameters

In the two preceding s mulations, agents were run under afixed set of cognitive parameters. Next, let us see what happens
when we vary these parameters, analogousto varying the training length earlier. Thisagain alows usto seethe variability of
results, and thus avoid over-generaization.

As mentioned above, the ability to vary different aspects of cognition is one feature that sets CLARION apart from
many other models, especialy specidized models that are devised to tackle a specific task. Because CLARION capturesa
wide range of cognitive processes and phenomena, its parameters are generic rather than task-specific. Thus, we havethe
opportunity of studying specific issues, such as organizationd design, in the context of agenerd theory of cognition.

In our third smulation, we vary anumber of cognitive parameters and observe their effect on performance. Parameters
arevaried inafull factoria design, such that all combinations of al levels of each parameter are consdered. Thisalowsusto
study both the influence of individua parameters and their interactions with each other.
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6.1 Simulation Setup

Two different sets of parameters of CLARION are separately varied (in order to avoid the prohibitively high cost of
varying al parameters smultaneoudly). These parameters were described in detail in Section 2.2. Thefirst set of parameters
consigts of fundamenta parameters of the modd, including: (1) Reliance on the top versus the bottom level, expressed asa
fixed probability of selecting each level. (2) Learning rate of the neura networks. (3) Temperature, or degree of randomness.

The second set consists of parametersrelated to RER and rule extraction, including: (1) RER positivity threshold,
which must be exceeded for arule to be considered “ successful.” (2) RER density measure, which determines how often a
rule must be invoked in order to beretained. (3) RER generalization threshold, which must be exceeded for aruleto be
generdized.

The two sets of parameters above, aong with information access and organization, are varied together in afactoria
design. For each parameter, 2-3 different levels are tested, resultingina3 x 2 x 2 x 2 x 2 (probability of using bottom level x
learning rate x temperature X organization X information access) design for thefirst set of parameters,anda2 x3 x2x2 x 2
(RER poditivity x RER densty x RER generdization x organization x information access) design for the second set.

6.2 Results

Recall that we are interested in observing performance at both ends of the learning curve -- that is, both after amoderate
amount of training (since results at that point corresponded closely to the human results) and after extensivetraining. Therefore,
inall conditions of the variable-factor smulation, performance was measured both near the start of the smulation (after 4000
cycles) and at the end (after 20,000 cycles).

An ANOVA confirmed the effects of organization [F(1, 24) = 30.28, p < 0.001, MSE = 0.05] and information access
[F(1, 24) = 7.14, p< 0.05, MSE = 0.01] to be significant. Moreover, the interaction of these two factors with length of
training was significant [F(1, 24) = 59.90, p < 0.001, MSE = 0.73 for organization; F(1, 24) = 3.43, p< 0.05, MSE =0.01
for information access|. Theseinteractions, which can be seen in Figures 8-9, reflect the trends discussed above: the
superiority of teams and distributed information access at the start of the learning process, and either the disappearance or
reversa of thesetrendstowardsthe end. Thisfinding isimportant, because it shows that these trends persist acrossawide
variety of settings of cognitive parameters, and do not depend on any one setting of these parameters.

The effect of probability of using the top vs. the bottom level was likewise significant [F(2, 24) = 11.73, p< 0.001, MSE
=0.02]. Moreinterestingly, however, itsinteraction with length of training period was sgnificant aswell [F(2, 24) =12.37, p
<0.001, MSE =0.01]. AscanbeseeninFigure 10, rulelearning isvery useful at the early stages of learning, when increased
reliance on them tends to boost performance. However, by the 20,000th cycle, this effect disgppears. Thisisbecauserules
are crisp guidelines that are based on past success, and as such, they provide a useful anchor at the uncertain early stages of
learning. However, by the end of the learning process, they become too coarse-grained to cover al possible contingencies,
and thus are no more reliable than highly-trained networks. This corresponds to findings in human cognition, where there are
indicationsthat rule-based learning iswiddy used in the early stages of learning, but islater increasingly supplanted by
smilarity-based processes (Pameri 1997; Smith and Minda 1998) and skilled performance (Anderson and L ebiere 1998).
Such trends may partialy explain the poor initial performance of hierarchies (see Section 4.2), since the high input
dimensiondity of asupervisor in ahierarchy dows down the process of rule acquisition (which isessentid at the early stages of
learning).

Predictably, the effect of learning rate was significant [F(2, 24) = 32.47, p < 0.001, MSE = 0.07], and indeed, the
groups with the higher learning rate (0.5) outperformed the groups with the lower learning rate (0.25) by between 5-14%
(averagesare shown in Figure 11). However, there was no significant interaction between learning rate and organization or
information access, which suggests that quicker learners do not differentialy benefit from, say, being in ahierarchy versusa
team. By the same token, the poorer performance of dower learners cannot be mitigated by recourse to a particular
combination of organization and information access.

Let usnow turn to the parameters related to RER rule extraction. Ascan be seenin Figure 12, it is unquestionably better
to have ahigher rule generdization threshold than alower one (up to apoint?). An ANOVA confirmed the Sgnificance of this
effect [F(1, 24) = 15.91, p< 0.001, MSE = 0.01]. Thus, if one restricts the generdization of rules only to those rules that
have proven rdatively successful, the result isahigher-quaity rule set, which leads to better performancein thelong run.
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Redatedly, while the effect of rule density on performance wasingignificant, the interaction between density and
generalization threshold was significant [by an ANOVA; F(2, 24) = 2.93; p<0.05; MSE = 0.01]. Aswe canseeinFigure
13, when rules are of rlatively high quality (i.e., under ahigh generaization threshold) it is advisable to have more of them
available (which is achievable by lowering the dengity). By contrast, when the average quality of rulesislower (i.e., under a
low generdization threshold) it is advantageous to have a quicker forgetting processin place, as embodied by ahigh density
parameter.

Finally, the interaction between generaization threshold and organization was significant at the start of the learning process
[by an ANOVA; F(1, 24) =5.93, p < 0.05, MSE = 0.01], but not at theend. Thisresult (shown in Figure 14) ismore
difficult to interpret, but probably reflectsthe fact that hierarchies, at the sart of the learning process, do not encode very good
rulesto begin with (due to the higher input dimensiondity of the supervisor and the resulting learning difficulty). Thus,
generdizing theserules, even incorrectly, causesreatively little further harm.,

For the rest of the factors considered above (including temperature and RER positivity threshold), no statisticaly
sgnificant effectswerefound. Tables 3-4 summarize the results reported in this section.

Thissimulation confirmed an earlier observation -- namely, that which organizationd structure (team vs. hierarchy) or
information access scheme (distributed vs. blocked) is superior depends on the length of thetraining. It also showed that some
cognitive parameters (e.g., learning rate) have a monoalithic, across-the-board effect under all conditions, whereasin other
cases, complex interactions of factorsare at work. Thisillustrates, once again, the importance of limiting one’s conclusonsto
the specific cognitive context in which they were obtained.
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F df p
Effect of probability of bottom levd usage  11.73 2,24 <0.001

(PROB_BL)

Effect of learning rate 3247 2,24 <0.001
Effect of temperature 289 1,24 NS
Interaction of PROB_BL and time 1237 2,24 <0.001

Table 3. Simulation results for general parameters of the model. Only statistically significant interactions are shown (for main
effects, NS = not significant). Timeis computed as a repeated-measures variable at 4,000 and 20,000 cycles.

F of p
Effect of RER positivity threshold 229 1,24 NS
Effect of RER density 0% 224 NS

Effect of RER generdization threshold 1591 1,24 <0.001

Interaction of dendty and generdization 293 2,24 <0.05
threshold

Interaction of generdizationthresholdand 593 1,24 <0.05
organization after 4,000 cycles

Table 4. Simulation results for parameters related to RER learning.

7 Smulation 1V: Introducing Individual Differences

Thusfar, we have consdered only organizations where the agents were identica in dl respects. Real organizations, however,
cons s of individuaswith widdly varying cognitive capabilities and capacities. 1t would be interesting to extend our modd to
capturethis, for two reasons: first, because we can observe how organizations change in responseto individual cognitive
differences, and second, because we can determine whether certain organizations are better at dealing with such differences.

7.1 A Single Weak L earner

Agentswere organized in ahierarchy, and distributed information accesswas used. All agents were identical, except for one
agent, which was amuch dower learner than the others (Iearning rate of 0.01 as compared to 0.25 for other agents).

At the end of the task, the supervisor’ s network (at the bottom level) was anayzed by summing up the absolute values
of the weights corresponding to the outputs of each subordinate agent. Thisalows usto compare the relative influences of
different agents on the supervisor’ sdecison. Under this comparison, the summed weights for the dow-learning agent were
shown to be much lower than the other sums (by afactor of at least 2 in al cases). In other words, a supervisor gradudly
learnsto pay |ess attention to the recommendations of consistently weak performers. Additionally, overal performance for the
hierarchy dropped by only 3-4%. Thus, hierarchies are flexible enough to ded with asingle week performer, while showing
only adight degradation in performance.

7.2 Variable Learning Rates

In thissmulation, each agent had adifferent learning rate (instead of having just one agent that differsfrom therest). Learning
rates for the agents ranged between 0.10 and 0.40, with the average being 0.25. The supervisor had alearning rate of 0.25.
The results of the smulation followed the same trends as reported in Section 5, with hierarchies outperforming teams
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(after 20,000 cycles). However, here the margin by which teams were outperformed was significantly greater (by 6-11%) than
in the condition where al agentswereidentica. Thisisnot surprising, since the team’ s decision-making process -- that
majority vote -- isincapable of taking individua differencesinto account. By contrast, asupervisor can easly emphasize one
subordinate over another, based on the past success of their recommendations. A more developed discussion of the impact of
weak learnersin an organization can be found elsawhere (Carley 1992).

8 Discussion
8.1 Advantages of Cognitive Realism in Social Simulation

This study suggeststhat a more cognitively redistic smulation, with CLARION, can better capture human performance datain
theradar task. Unlike smpler modds, which often exhibit speciaized intelligence, and thus do very well on some conditions,
but poorly on others (for instance, in teams vs. hierarchies), our model, with its more genera-purpose learning architecture,
performs reasonably well across avariety of conditions. Thisis consistent with the human results (of Carley et d 1998).
Furthermore, after amoderate amount of training, the trends observed closely match the human data. More specificaly, teams
learn faster and better than hierarchies, due to the smpler structure of teams and the difficulty of training acompetent
supervisor. Additionaly, distributed accessis superior to blocked access, showing the advantages of a variegated knowledge
base a the early stages of learning. Thus, cognitive redlism in socid smulation can lead to mode s that more closely capture
human results, even though socia and organization smulations tend to be at a higher level and thus often gloss over the details
of cognitive processes.

Moreover, by usng CLARION, we are able to formulate deeper explanations for the results observed. For instance,
based on our observations, one may formulate the following possible explanation: the poorer performance of hierarchies early
on (see Section 4.2) may be due, at least in part, to the longer training time needed to encode high-dimensiona information for
the supervisor, which leads to fewer useful rules being acquired at thetop level. Thisin turnimpacts performance, sincerule
learning is especidly important in the early stages of learning (see Section 6.2). Such explanations are only possible when the
mode iscognitively redidic.

In addition to offering deeper explanations, cognitive realism can lead to greater predictive power for socia smulations.
As has often been pointed out (e.g., in Carley 1992), the results of socia smulations should not be taken as*“facts,” but rather
as predictionsthat can be empirically verified. The ability to produce testable predictions, then, isavital measure of the
usefulness of asmulation. In this connection, there are two significant advantages to using cognitively redigtic agentsin socia
amulaions. Firg, if themodd istruly reflective of human cognitive processes, then its predictionswill more often prove
accurate. Second, predictions that contain references to aspects of human cognition (e.g., explicit vs. implicit learning) will be
more illuminating and relevant than onesthat refer to theinterna parameters of an artificid modd (e.g., momentum in aneurd
network) or to external measures only (e.g., percent correct).

In CLARION, we can vary parameters and optionsthat correspond to cognitive processes and test their effect on
performance. Inthisway, CLARION can be used to predict human performance, and to furthermore help performance by
prescribing optimal or near-optimal cognitive abilities for specific tasks and organizationa structures. Such prescriptionsfall
into two generd categories. First, some prescriptions may help usto assign agents to organizational roles based on their
individua cognitive capacities. For instance, we may learn that a hierarchy’ s performance hinges crucidly on having a
quick-learning agent asits supervisor, or dternatively, we may discover that quicker-learning supervisors do not significantly
affect the overal performance of the organization. Second, prescriptions generated by CLARION may help usformulate
organizationd policies. Recal, again, the high importance of rule learning at the beginning of the learning process. Based on
this, an organization may decide to emphasi ze standard operationd procedures (i.e., rules) when training new personnd, but to
emphasize case studies (i.e., exemplars) when training experienced employees. The vaue of such prescriptionsis contingent on
the cognitive redlism of the model employed. The more faithfully amode captures aspects of human cognition, the wider the
applicability of its predictions and prescriptions.

As dtated before, this study shares much of its methodol ogy with docking studies, dthough the motivations are dightly
different. Whereasthe primary am of docking is cross-modd vaidation, the current study seeks primarily to investigate
interactions between modd s at the macro (socia) and micro (cognitive) levels. It thus takes amore exploratory approach.
Thisdigtinction is not clear-cut, however, since docking can aso be used in amore exploratory way (Louie et a 2003).
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Moreover, future work with complex cognitive models may include their utilization for vaidation purposes. Phdanand Lin
(2001), for instance, use an organizationd task very smilar to that used by Carley to study different promotion sysiems. Their
model dlowsfor agentswith different learning cagpabilities and thus may be amenable to docking with acognitive modd, such
as CLARION, capable of representing such differences (see section 7). Such work may lead to the subsumption (Axtell
1996) of smpler agent models as aspecid instance of more cognitively redistic models.

Thusfar we have argued for embedding cognitive agents within socid smulation. However, there are severd practical
consderationsthat may limit the gpplicability of amore cognitive approach. Oneistheissue of complexity, which can makeit
difficult to interpret resultsin terms of their precise contributing factors. 1t isnever an easy task to distinguish between results
that genuinely shed light on an issue and onesthat are artifactua, and more complex models may exacerbate this difficulty.
Complexity also leadsto longer running times and hence may raiseissues of scalability. Findly, thereistheissue of choice of
theoretica framework, which may hinge on particular ontologica conceptions of the target phenomenon. Goldspink (2000)
offersadetailed andysis of theseissues.

8.2 Implicationsfor Organizational Design

With greater cognitive realism, socid smulations may be able to uncover findings that will have congderable impact on
organizationa design. It may be suggested that minor differencesin cognition may make significant differencesin terms of
organizationd performance. Conversdy, seemingly significant differencesin cognition may turn out to have littleimpact on
performance. For instance, we discovered that there is an interaction between organization of agents and how readily an agent
will generdizearule (i.e, the generdization threshold). Such aresult could not have been predicted without using asmulation.
On the other hand, an agent’ swillingnessto experiment (i.e., temperature, or randomnessin decision making) had no significant
result on performance. Thus, in many cases, thereisno a priori way of predicting the effects of individua cognitive
mechanisms and parameters. Simulation isrequired in order to generate good predictions. We have found results significantly
different from previous ones (in Carley et d 1998) by varying cognitive (and other) parameters. Thisisonly possiblewith
sufficient cognitive reglism.

Thereisastrong possibility that cognition and organizational design may be able to substitute for each other (Carley et d
1998). Thus, if we view an organization as an aggregate entity, we can see that its performance is determined not just by its
components but dso by the overal structuring. To achieve acertain leve of organizationa performance, therefore, different
combinations of organizationad design and individua cognition can be selected. For instance, recdl that agentsorganizedina
team fared much better when using arigorous (high) generdization criterion, whereasin ahierarchy no such resultswere
observed. Onthisbas's, aset of agentswith a cautious approach towards formulating new policies (in effect, high
generdization threshold) may attempt to improve performance by switching to ateam organization. Alternatively, the
organization may hire more intelligent personnd (i.e., raising the learning rate, which was shown to improve performance across
nearly al conditions). In each case, adifferent combination of cognition and organizationa design is used to generate a better
result.

8.3 High-Level vs. Low-Level Modeling

Wethink of individual cognitive processesasa“lower level” description, and of socid phenomenaasa*higher leve”
description. It istherefore evident that the dengity of descriptions a the higher level is much greater than the density at the
lower level. Thismeansthat ahigher-level description may correspond to avast multiplicity of lower-level descriptions. Each
instance at the higher (or socid) level correspondsto alarge set of instances at the lower (or cognitive) level.

Theories of socia behavior must take this correspondence into account, Since any incons stency between explanations at
the higher and lower levelswould invaidate the theory. Conversdly, if arepresentative set of tests establishes the cons stency
of the socia and cognitive explanations, the theory is considered vaid. Under a successful theory, causal relaionships at the
cognitive level may produce unexpected, but empiricaly verifigble predictions a the socid leve.

The processes that occur at the higher level represent merely atiny fraction of the ones that could conceivably occur,
given aparticular combination of entities at the lower leve. Although nearly any imaginable high-level process may be
described in terms of the low-leve entities, the actua high-level processes that occur depend on a particular combination of
conditions at the deeper level (in the physical sciences, these are known as* boundary conditions’). Thereisno a priori way
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of determining, based on the lower-leve entities, which of the higher-level processeswill actudly occur. Thus, socid processes
areinthissense“ emergent.”

It can be argued that our approach is needlessy reductionist. A higher-level entity may consst of numerous lower-level
entities. Likewise, causd reationships at the higher level may be aproduct of causa relationships at the lower level.
Neverthdess, it is possible to describe causa relationships at the higher level without referring to rel ationships at the lower
level. Why, then, is cognitive redlismin socid smulation necessary? The answer isthat an effective theory must be capable, in
principle at least, of mapping socid phenomenato cognitive attributes. The ability to accurately modd high-level phenomena
through ahigh-leve theory isanecessary, but not sufficient, condition for validity. Thus, for example, the Ptolemaic method of
predicting planetary motion based on epicycles around a series of mathematical pointswas at least as accurate asthe
Copernican modd of motion when the latter wasfirst proposed. By adding additiona epicycles, the Ptolemaic method could
be more accurate till. Nonetheless, atheory based on epicycles around a series of theoretica mathematical points could not
provide the deeper account offered by the Copernican theory of motion, in which an orbit can be traced to the presence of an
astronomically identifiable body in the center of the orbit (Coward and Sun, in press). Thisisthe primary reason why we need
to bridge the two levels.

Conclusons

We have tested our approach of cognitively redistic social smulation by deploying the CLARION architecturein an
organizationa smulation involving multi-agent interaction. The results have been encouraging, yidding severd resultsthat
accord with the psychologicd literature, aswell as afew testable hypotheses. The empirica verification of these hypotheses
should be relaively straightforward in the case of some cognitive factors (e.g., learning rate, which can be plausibly equated
with scores on standardized reasoning tests), but admittedly trickier in others (e.g., generdization threshold).

Along theway, we have argued for an integration of two separate strands of research; namely, cognitive modeling and
socid smulation. Such integration could, on the one hand, enhance the predictive accuracy of socia models (by taking into
account the potentialy decisive effects of individua cognition), and on the other hand, it could lead to greater explanatory
power for these modd s (by identifying the preciserole of individua cognition in collective socia phenomena).
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Notes
1 Theterm “ cognitive modding” is somewhat ambiguous, Snce it has aso been used to refer to the very smple modesused in
previous sociad smulations. Here, we use the term to refer specifically to more devel oped, more complex cognitive models --
for instance, cognitive architectures.
2 Thefollowing parameters were used for dl agents. Temperature = 0.05; Learning Rate = 0.5; Probability of Using
Bottom Level = 0.75; RER Positivity Criterion = 0.0; Density = 0.01; Generalization Threshold = 4.0. See Section 2.2
for adescription of the cognitive parameters.
3 |f we raise the threshold above a certain point, performance dips and an overal U-shaped curveis observed. Thesameis
true for other parameters.
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