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Abstract

We discuss an innovative application of compastsd simulations in the study of
cognitive development. Our work builds on previous contributithesfiigld, in which theoretical
models of cognition were implemented in the form of computer prograitesnpt to predict
human reasoning (Newell & Simon, 1972h&i1& Rose 1999). Our computer serves two distinct
functions: (1ilustrate the Piagetian theoretical mad@l(2)simulate it departing from clinical
interview data. We focusathe Pigetian conservation experiment, and collected and analyzed
data from actual (not simulated) intervigits children from 4 to 10 years old.

The interviews were videotaped, transcribed, and coded in terms of parameters of the
computer simulation. The sitidn was then fed these coded data. We were able to perform
different kinds of experiments:

1) Playback the interview and the computer moddbgilde, trying to identify behavior
patterns;

2) Model validation: investigate whether the childOs decikingprocess can be predicted
by the model.

3) Evolving cognitive structures departing from purely simulated data.

We concludavith some remarks about the potentiahfgenibased simulaticas a
methodology for making sensehaf emergence of seliganized lerarchical organization in

human cognition.

Introduction

We discuss an innovative application of compatsEdnodelingn the study of cognitive
development. Our work builds on previous seminal contributithvesfitdd, in which theoretical
models of ognition were implemented in the form of computer prograansitempt to predict
human reasoning (Newell & Simon, 1972; Fi€&cRese 1999)One particular type of contpu



modelingoffers powerful methods for exploring the emergence afrgahizedhierarchical

organization in human cogniti@g+based modeling (ABM; e.g., ONetLogo,0 Wilensky, 1999; OSwarm,0
Langton & Burkhardt, 1997; ORepast,O Collier & Sallach, 2001) enables theoreticians to assign rule
behavior to computer Oagents,O whamdhese entities act independéentlwith awareness

local contingencies, suclhitesbehaviors of other agents. Typical of dgead models is that the
cumulative (aggregate) patterns or behaviors at the macro level are not premeditated or directl
actuated by any of the lovievel, micreelements. For example, flocking birds do not intend to
construct an arroshaped structure (Figure 1), or molecules in a gas are not aware of the Maxwell
Boltzmann distribution. Rather, each element (agen)sfaioOlocalO rules, and the overall pattern
arises as epiphenomenal to these multiple local behaviors i.e., the overall pattern emerges. In the
mid-nineties, researchers started to realize thatagedtmodeling could have a significant impact

in eduation(Resnick& Wilensky 1938; Wilensky & Resnick, 1995or instance, to study the

behavior of a chemical reaction, the student would observe and articulate only the behavior of
individual moleculd'$ the chemical reaction is construed as emerginghiganyriad interactions

of these molecular agents. Once the modeler assigns agents their lecdésitieronodel can

be putinto motion andhe modeler cawatch the overall patterns that emerge.

Figure 1: An agebaéed model of the flozking behavior of birds.
Whereas initially complsystems methods and perspectives arose from the natural sciences,

complexity, emergence, and micro andahexels of description of phenomena are all highly
relevant to research in the social sciences. Indeed, the recent decades have seen a-surge in social
science studies employing ABM (Epstein & Axtell, 1996; Diermeier, 2000; Axelrod, 1997).

We argue thatBM has potential to contribute to the advancement of theanjtiple
ways that we illustrate in this paper: (a) expliditiZiB§! computational environments demand an
exacting level of clarity and specificity in expressing a theoretical model antheroals,
structures, and standard practices to achieve this high leyekughips the computational power

of ABM enables the researcher to mobilize an otherwise static list of conjectured behaviors and
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witness any grodpvel patterns that may edftthrough multiple interactions between the agents

who implement these conjectured behayigremergenskinvestigate intelligence as a collection

of emerget) decentralized behaviarsd () intra/interdisciplinary collaboratiirthe lingua

franca of ABA enables researchers who otherwise use different frameworks, terminology, and
methodologies to understand and critique each othersO theory and even challenge or improve the
theory by modifying and/or extending the computational procedures that urederbdeh

In this paper we focus on the potential of ABlrasearch tool for formulating and
critiquing cognitive development the&®BM has been used to illustrate aspects of cognitive
development (see Abrahamson & Wilensky, BOK&ein Abrahamso& Wilensky, 208) and
collaboration and group work in classrogkhsahamsonBliksteing& Wilensky, 200. We, too,
propose to use ABM to simulate human reasoning, yet we move fopwaspbliyg our simulation
with real data USing the Bifocal Modelifigamework Blikstein& Wilensky, 208).

Previous research on cognitive modeling has gdmaeatgrameworks to model different
tasks, such as shape classificgttamamel & Biederman, 199B)nguage acquisiti@oldman &
Varma, 1995memoryAnderson, Bothell, Lebiere, & Matessa, 1898)ell anore general
purpose model@nderson, 1983; Anderson & Bellezza, 1993; Andgrsebiere, 1998; Just &
Carpenter, 1992; Polk & Rosenbloom, 1824}t was inVlinskyOs Savezy of Mind” theory(19%),
elaborated in collaboration with Seymour Pajpattwe found an adequate foundatioouof
agentbased modgbf cognitiondue toits dynamical, hierarchical, and emepyeperties,
enabling the use simple, programmaldgent rules. Wehosdhe classic&#iagetian conservation
taskto modelpecause Minskand Papennodeled this task with his theanygdwe worked with
children in both transitional and stable phases so as to elicit rich&edailéprovideexamples of
stepby-steppifacal narrative® computer simulation vs. videograplo childrenOs performance on
a conservation task. In the remainder of this papevill introduce Minsi8and Papert@rory,
explain our experiment (a variation on the classical consarfrabhmme task, Piaget, 1952), and

present case studies where simulation and real data are juxtaposed.

The Society of More Model

Conservation of volume 1S probably the best known Piagetian experiment. It has been extensively
studiedandreproduced over the past decgBemget, Gruber, & Voneche, 19M)nsky& Papert
(1986)proposed a computational algorithm to account for childrenOs responses during this
experiment. It is based theirconstruct of the intelligent mind as an emergent phenomenon,
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which grows out of the interaction of Hatelligent cognite agents. MinskyOs theory has been
particularly influential for overcoming the OhomunculusO paradox: if intelligent behavior is controllec
by more primitive intelligent behaviors, we get enmeshed in a recursive explanation which cannot
ultimately accoumor a reasonable theory of the mind. Minsky, therefore, insists on using agents

that are essentially nimtelligent and obey simple rilestelligence, therefore, emerges from these
interactions.

The simplicity of MinskyOs model is, actually, itstreaigttDand a perfect fit for the
agembased modeling paradigrhe first important principle in his model is that agents might
conflict. FOr example, at a given time, a child mightdeatyPlay andSleepas predominant agents.

Play could have subags, such aBlay-with-blocks andPlay-with-animals. If both of these

subagents are equally aroused (in other words, the child is equally attracted to both activities), the
upper agenklay, isparalyzed. Then a second important principle comes intorpleyizpronzise.

The longer an agent stays in conflict, undecided, the weaker it gets compared to its competitors. If
the conflict withirPlay is sustained long enough, its competitors will take control (in tratase,

or Sleep.

MinskyOs fundamentaéiis, thus: Owhenever in conflict, a mental entity cannot (or takes
longer to) decideO. Although relatively simple, this model, as we will see, is surprisingly powerful an
opens up many interesting possibilities for investigation, some of whichesdfibedlin the
paper.

MinskyCend Papert@mdel of Piagetian experiments stresses the importance.efto
cognitive evolution, especially its reorganiz@tierOPapert Principd@hin the context of the
conservation taskpynger children euld have OotevelO priorityased structures: one aspect
would always be more dominamnt youldalwaysake priority ovesi» and ovetonfined - See
Figurel) and compensatipwhich requires a twevel stucture, is thumexistentMinsky suggests
that, as some perceptual aspects would be more present in the childOs life at a particular age, they
would be more prevalent. For example, being more or less OtallO than parents or other children
would be a coman factfor children since a vesgrly age. On the other hand, being mouwe fat
thin would not be as prevalent.
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Figurel DA onelevel modkefor evaluating Owho has moreO

Later states Minskshe child develops a new OadinétigeO layer that allows for more
complex decisions: igure2, for example, i/ andzhi» are in conflici.e., both agents were
activated by the childOs cognitive appatiaeu®appearanceO administcatmot decide and shuts
off, thenthe 4iszory administratowill take over the decisioas it has onene activated agent below
it.
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Figure2 DNew administrative layer

Experiments/Methods

Our interviews were based on the eatienal format of the conservation of volume
Piagetian experimefitvo elongated blocks of clay of same shape but different color are laid before
the child. One is Othe childOs,0 and the other is Othe experimenterOs.O After the child agrees tha
both arethe same size, the experimenter cuts one block in two, lengthwise, and joins the two parts
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so as to form a block twice as long, then cuts the other block in two, widthwise, to form a block
twice as thick as before. The child is asked whether the atks@ihe sameO or whether either
person has more than the other. According to the childOs response, the interaction then becomes
semiclinical, with the experimenter pursuing the childOs reasoning and challenging him/her with
further questions.
The aproximate time of each interview was 20 minutes. All inteweesvsideotaped and
transcribed, and the data were coded in terms of parameters of the computer sSewrilBaible (
1). The simulation was then fed these coded data. We were able talg@fennkinds of
experiments:
* Playback the interview and the computer model sidey-side, trying to identify
behavior patterns and couch them in terms of the simulated model;
» Model validation: investigate whether the childOs deaisikimg process car b
predicted by the model. We set the model with the childOs initial responses, OrunO it
through to completion, and try to identify whether the simulated cognitive
development matchtdse processes observed.
» Emergence of structuresinvestigate if son@odgety of min@structures are more
prone to emerge than others. For example, would a large number of agents
organized into a odevel OsocietyO be more efficient than a less numerous

population of agents organized in two levels?

The computer model

The modetries to reproduce the clinical interview situation. We first defidsdtiety of
mindO $OM) structure of a Ovirtual childO. Thevirthialchild is presented with random pairs of
virtual blocks, and evaluates if one of the two is Omore®8se0, The model is able to
automatically run multiple times, presentingittialchild with different blocks, and also changing
the rigidness of the structure (in other words, introducing random variations in each branch of the
structure). IrFigure3, we have a screenshot of the mddlglire4 shows the details of theain

window.
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Figure3 BA screenshot of the computer model and its main components.

structure derived from
clinical interviews

model’s “eye” looks
at the board and
“feeds” the cognitive
agents

“Samel!
traveling

up toward
the decision
stage

appearance in confli

‘virtual' board
with clay blocks

administrator

cognitive agent

Figure4. A screenshot of thraodelOs main windd®imilar to the child, the computer OseesO blocks of clay and tries to

determine which bloc

k is Omore.®

To use the model, the first step is to draw a structtire central area tife scree(a

Osocietyf-moreQ). The drawing tools on the bottom right enable users to add nodes and edges, as

well as change their labels, shapes, and sizes.

There are four possible types of nodes, each with a different shape and role:
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RESULT (eye icon) the final destination of tif@rtle)normally placed at the top
part of the structure. This node will show the result of the computatiahe final
response of the virtual chilthe default label for a result is Ol donOt knowO, which
might chage to Omore!!O, Oless!!O, or Odareg!b@n havagentsor managers
attached to them.

MANAGER or administrator (triangles): these nodes might hasagnitive
agentsattached below them, amdesultnode attached above.

Cognitive AGENTS (rounded squarek these agents represent some perceptual
element, such agf®, OthinO or OnumberO.

Cognitive agent€£5TATUS (small dot and a word)the status of an agent, which

can be Omdt®, Old&d, or Osati@.

Once the structure is builetsecond step is OactivateO the correct agents. This can be

done manually of automatically:

Manual mode of activation:the user assigns the correct word tagieat status

(Omotd, OlBs or Oséifeone by one, using the drawing tools), clicks on

OActivateO, anlicks on the agents that should be active. Upon activation, a new
OmessengerO will be created undagené with a green label. For example, in

Figure3, all of the three agents are activated (note the theeengprds), as if the

child did evaluate length, thinness and mass at the same time. Those green words are
messengsthat will travel upwar@dong the connecting lingken the model runs.
Automated mode of activationNo user intervention in necesshryhis mode,

pairs of blocks are randomly picked from a preprogrammed Oblock repositoryO and
displayed in the blue area insideMineow(sed-igured). The model automatically

OseesO the blocks and activatergspondent agents.
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Finally, for the computer to OseeO and evaluate each pair of blocks, each configuration of
blocks has an associated list of 5 parameters, which are automatically compared by the model. The!
are:/length of each piece, width of each piece, length of the whole arrangement, width of the whole arrangement, number
of pieces] (Se€Tablel). By comparing the parameters of each block, the model is able to determine

which block is Omore0 in total length, width, nurpbresf and mass.

Tablel. Parametrization of the blocks

Parameters Description Appearance of block
Each block is 8 units long, 1 unit
[81811] thick, the full arrangement is also I

8 x 1, and there is just one block

Each block is 1 unitlong, 1 unit
thick, the arrangement occupies
the total area of is 15 x 1, and
there are 8 of them.

[111518] EEEEEENEDN

Each block is 2 units long, 2 units

[22522] thick, the total area they occupy is - -

5 x 2, and there are 2 of them,

Each block is 4 unitlong, 1 unit
[41411] thick, the total area occupied is 4 x I
1m and there is just 1 unit,

First study: qualitative bifocal validation of the
model

The goal of the first experiment is to validate the model qualitatveévaluate if the
model can minimally account for the different stages of cognitive development seen in the
interviewsBelow, weshow the resultasingObifocaffata (computer simulation alongside human
behavior). We will show how the differentleils (programmed with data from the interviews with
three children) yield a surprisingly similar probabilistic cluster of responses as the interviews

themselves
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Computer model (screen captures)

| Transcriptions/pictures

Child 1

From Child10g6yo) interview, we inferred the
simple model below. Cognitive agents
presumed to be active are marked with a green
outline. Dominance is represented in the model
by the vertical distance to top. For this child,
whenever Number -- the cardinal dimension of
the stimulus -- is contextually salient, it
dominates the decision-making process. Also

OBecause you cut in half, so therds
two pieces , butE It's not as fat as
that. This is kind of fat, but this is
taller. | have moreO.

Tall appears to dominate Thin.

"Less!™

Number is absent from this second interaction.
Even when two other measurements conflict,
one is always dominant. In this case, tall is
more salient.

Researcher: Who has more?

Child1: It's hard to tell now. [tries to
measure the fat one with his fingers,
then compares his fingers with the thin

number
"More!!"

thi
"Less!W

and tall one]. This one [the taller].
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In the third interaction, the experimenter “You have more, because you have
reintroduces Number by cutting his piece in four quarters, | have only two halves.”
four: as predicted by the model, number takes
priority again over tall and thin . When number
is present, the child does not even try to
measure the two sets of blocks.

thi
"Less!"

Interpretation: The OpriorityO model can account for the responses of Child1: he cannot
coordinate two or more measures. In the computer model, also, two measures cannot be
coordinated. Given the same inputs, the computer model and the interview data yield
comparable results.
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Child 2

Child 2 (8yo) has a model with MinskyOs
Oadministrator® &ppearance and history of

the transformations ). With one in conflict, the
other takes control. If the Tall agent reports
Omore0 and thehin agent reports OlessO, then
the Appearance administrator will say nothing -
it is in conflict and cannot decide. However, this
child provided different answer to similar block
configurations. He would alternate between a
mass-conservation explanation (no material

was taken away or added) and a OjoinableO one
(two previously cut pieces can be joined
together to form the original object). It appears
that, even having a more developed SOM
structure, this child is also in a transitional
phase, in which OmassO and Ojoinable take tu
dominating.

yearance in confli

“If you put them back together, you'll
have the same”

Child 2 has a level of administrators , which enables him to background the
appearance and focus on the history of the objects. The blue is OrgoinableO, so both
blocks are the same. During the interview, Child 2 occasionally said that nothing was
added or taken away - a static, rigid model is insufficient to account for those
oscillations, as we will later discuss. The model, again, correctly determines the
combinatorial space and predicts response frequency distribution.
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|
Child 3

For Child 3 (10yo), material taken away? was | OltOs the same, because you still have

far more dominant that joinable? or the same amount, even if you cut in
appearance . half in different ways, because itOs still
in half.O
<
appearance in conflict
joinable
{a thi "Same!!"
"More!l" "Less!!"

Child 3 backgrounds appearance from the start (see, in the model, that these agents
are lower than others) and focuses on confinement (nothing was taken away or added),
and thus concludes that the blocks are still the same.

In this part of the study, we were able to describe the cognitive development of child 1, 2
and 3 solely in terms of the variables of the computer model: the numbes iof tlagestructure
and the relative prominence of certain agents. Child 10s responses could be fleirgb a one
structure, Child 20s responses fit into-wsbstructu but without a clear Oleveling of the agent
Bwhich we will only see in Child 3. Moreowdspth Child 1 and 2 we observed elements of a
transitional phase, which the model can also accountgoonimting slight random variations in

its own structwa, until a stable configuration is reached (see next section).

Second study: understanding the interviews with
non-rigid computer models

To investigate in more depth the relationship between the computer model and the
performance of Child tve coded the twle interview in terms of computerderstandable
parameterdVe used the same parameterizaimployedn the model to describe each pair of
blocks laid before the child. Thus, if the child was presented with a 4 x 2 and a 1 x 8 blocks, the

coding woulde[ 4242 1] and[ 1 8 1 8 1], following the convention already mentioned in this
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paper. Themerated the childOs answer as right or wrong, and also noted which block was
considered to be OmoreQ. The result for Child 1 Eaiblé@gUnder the OBlocksO column, the
childOs choice for the OmoreO block has a light green background.)

Table2 - Responses of Child 1

"#$%& (#)*$+," -).1&3$)01+0#/

[42421] Yes C1: “It's the same.”

[42421]

N No I: “Who has more?” C1: “I have more. This is two, but it's smaller.”

[42421]

[81811] No C1: “I have more. Look at this. We cut it in half and it got taller. This is kind of fat but

[42421] this is taller.”

[81811] No C1: “It's hard to tell. It's hard to tell [measures with his fingers the thickness of both]

[24241] This one [the longer and thinner].”

[81811] No C1: “You have four quarters, | only have two halves. If | would do that [join], we would

[12724] have the same amount.”

[81811] No C1: “You have more. It's a little bit taller.”

[81811]

[42421] “ . ”

[(41411] Yes C1: “l have more. | have two halves, you only have one. | could break it apart.

[41432] C1: “You have more. Because that's 1, 2, 3, 4, 5, 6, 7, 8 [counting]. And the otheris 1, 2.

[(111518] No But if we cut that there, that there, that there, it will be the same amount (cutting the 2
pieces into 8].

[111518] Yes C1: “[Counting] 1,2,3,4,5,6,7,8,and 1, 2,3,4,5,6, 7, 8. It'seven.”

[111518]

(20"3'45'6 76:;<B#))*$+

Wefed the computer model with the same 9 pairs of blocks, and rated the performance of
the computer model comparing the blocks. Four different structures were testédi{la2

1) Agents: OlongO, Othin® and OmassO, no administrative layer

2) Agents: OnumberO®, OlongO, OthinO and OmassO, no administrative layer

3) Agents: Olong@thin® under appearance, OmassO under history.

4) Agents: OlongO, OmassO under appearance, OthinO under history. (note the displaced
position of OmassO and OthinO

Wefurther tested each structure with different relax&ianstal of 2 simulations whit
the level of Orelaxation® increasing from 0 to 100% in steps of 5%. In the model, the OrelaxationO

corresponds to randomly deforming theadises which the agents havigavel upwards. In
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practical terms, the more OrelaxedO the structure (cl6%e)y tleell@ss determinant the structure
is.

In the following plots, the black line represents the accuracy (in percent) of the model. The
blue line represents the score of the actual child, and the green line is the trend line of the modelOs

performance cue.

Table3 - Different levels of relaxation for different structures

=+)>$+>)%'

As relaxation increases, the model gets more
accurate. The relaxation compensates for the
inadequacy of the model to evaluate situations in
which ‘long’ is not determinant of ‘more’. With
relaxation up to 30%, the model scores as well as the
child. After 30%, it gets better, but the gain tapers off
—at some point, it is just as good as chance.
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Adding ‘number’ to the structure, the overall
accuracy increases from approximately 35% to 55%.
Interestingly, in this more complete model, increased
randomness causes accuracy to decrease. A likely
explanation is that “number” is an efficient
“specialized” evaluator of ‘more’, at least for the
population of blocks laid before the child.
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In this model with administrators, accuracy starts at
100%, and decreases with increase randomness. The
average score of this model, even with high
randomness levels, is far better than the child’s.
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This model is identical to A#3*"'6, except that B.&&
and +20/were switched. A.&&is under .11%.)./$*
and +20/under 20&+#)Che overall score drops
dramatically from 100% to 30%, approaching the
child’s. This is corroborates Minsky’s hypotheses
about the importance of having the ‘right’ agents
under each administrator. If we were to ‘evolve’ a
structure using standard GA algorithms, probably
A#3*"6 would be rapidly selected over A#3*"'@
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Interpretation: The different effeaif relaxation in the modelsO performance is an
important result of this experiment. Simple;leve models increase their performance with
increased relaxation. Complex, specializeeadighacy models lower their performance with high
levels of relaxian. This result might seem trivial: deforming an accurate structure causes it to
perform badly, and deforming a weak structure benefits from random correct hits. However, the
usefulness of this result is that it can be used as a criterion to evdive stigoiures.

Another consequence of this finding is that it suggests that learning might benefit from
relaxation of constraints in different ways, depending on the developmental level, knowledge
domain, and age. We could hyetthat, when childremesfirst learning principles of a knowledge
domain, the learning environment should promote OrandomO connection, wrong moves, unlikely
choices. The primitive structure would benefit from those to evolve administrators. Once
administrators are in place hagrs, a more structured environment is beneficial. To further
investigate this issue, we conducted a third study with more comprehensive runs.

Third study: effect of relaxation on different
structures

To conduct this study, we generated a repositoryddfer&nt 2block configurations.
Those blocks were randomly selected and evaluated by the computer using different SOM
structures. Relaxation ranged from 0% to 300%, with 5 runs for each data point.

Model 1,as expected, had its accuracy increasedargihsied randomness. Accuracy
tapered off around 880%. This is probably around chance, but the number is different from the
expected 33% (three random outcomes) because the distribution of long and thin blocks was not
uniform. Consequently, Model 1 isn@ntextspecifi®if there are more long objects around the

child, it would work more than chance, but when that is not the case, itOs worse than chance.
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Figureb. Speedlandomness vs. accuracy for Model 1

Model 3, howeverpresents a different pictuliebegins with 100% of accuracy, which
decreases dramatically with relaxation. The following plot show resultS 140#0of relaxation:
we can observe that accuracy declines and tapers off around 60%.

I don't knowi: Model 3
' 120
appearance
A 100
history

S 80

g

S R? = 0.8706

E 60

°
& 40
20
long thin mass .

more 0 20 40 60 80 100 120 140 160
same |ESS Speed randomness

Figure6. Relaxation vs. accuracy for Model 3

Model 4 confirmed the results from the previous study: placing the agents in wrong places

in the structure has dramatic effects. In this experiment, accuracy dropped from 100% to around
35%, and increas with randomness.
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Figure?7. Speedglandomness vs. accuracy for Model 4

Conclusions

The computer model can be a useful vehicle both to illustrate the Piagetian theoretical model
and to simulate it departing from interview. ddteough the lens of agdrdsed models, new
properties of MinskyOs model are revealed. Namely, the mature, hierarchical structure of the
cognitive model is stochastically determined, in the sense that across combinatorial initial conditions
and over stitient interactions, the same nsttactures ultimately emerge. Collecting and
analyzing data from actual (not simulated) interviews is an essential phase in the ongoing
improvement of the computer simulation of a theoretical model, such as MinskyCTrsenatie
sensitize us to the crucial components and dimensions of the interactions and to the nature of the
transformations. We are currently exploring the entire combinatorial space of all hypothetical
childrenOs initial mental states and activatisignilation per each of these states. From that
perspective, our data of real participants become cases out of the combinatorial space.
The following aressne conclusions from the three experingggsribed this paper:
1) Relaxation has different effemtsstructure with and without administratdngs
suggests that relaxation, 4aadierror, and changes in the environment could be
factors leading to a natural selection of structukdmsityan nosintelligent
agents.
2) Conventional Opaper and pene@esentations of Piagetian structures might miss
some of the dynamic factam play. For example, we were able to identify in Child

1 and Child 2 some OembryonicO agents, which were present in just part of the
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interaction. Child 2, for instance, wowddiltate between a guimableO and a
OconservethassO explanation in many interactions. Without a probabilistic
approach, we would be obliged to just assume that those children were in a
transitional stage. With the computer representation, we coally aelculate the
number of times that different embryonic agents are aroused, and estimate the
developmental stage of the child. This data could then be fed into the computer
model for further confirmaticdbwe could even envision, for future work,

simuations which could predict the appearance and evolution of embryonic
explanationspecific.

A natural and promising path for this work is to evolve SOM structures
automaticallyWe suggested earlier that the dynamics of this simulation (see
Conclusion 1is such that favorable outcomes would be reinféksede observed

in experiments 2 and 3, random reconnections of agents do notanecholer
resultdPstructure matters The mechanism which we demonstrated shows that
there is digher probabilitfor rdated agents (OlongO and OthinO) to group together
under one particular ag@rthis is the configuration thdglivers théest
performanceOne can imagine that, along many years of cognitive development in
the world, the child will group some sensanidicognitive experiences into certain
categories: i.e., Othin and long belong to appearance@w@yeied spilled relate

to history of the transformationO. What Minsky states, and we verified, is that the
actuatontent of such agentsssirrelevanthan itOs placement within the structure

if they are under a closely related agent. Thus, the categorization process itself
emergently generates intelligent behavior, without any interference from an external
OintelligentO entifyhis appears to be amlication thathe OSociety of MindO
frameworkcould be used with predictive power in Developmental Psy¢hology

especially when coupled with clinical interview data.

References

Abrahamson, D., & Wilensky, U. (200&}ez? 1 ygotsky? 1'm game!: Agent-based modeling for psychology

research. Paper presented at the annual meeting of the Jean Piaget Society, Vancouver,
Canada.

Anderson, J. R. (19838)e Architecture of Cognition. Cambridge, MA: Harvard University Press.
Anderson, J. R., & Bellezza, F. S. {1898 of the mind. Hillsdale, N.J.: L. Erlbaum Associates.

19 of 21



Anderson, J. R., & Lebiere, C. (1998)atomic components of thought. Mahwah, N.J.: Lawrence
Erlbaum Associates.

Anderson, J. R., Bothell, D., Lebiere, C., & Matessa, M. (1998). An integmated list memory.
Journal of Memory and 1.angunage(38), 341380.

Axelrod, R. M. (1997)be complexity of cooperation: Agent-based models of competition and collaboration.

Princeton, NJ: Princeton University Press.

Blikstein, P., & Wilensky, U. (20Q6Y:ning about learning: Using multi-agent computer simulation to
investigate human cognition. Paper presented at the International Conference of Complex
Science, Boston.

Blikstein, P., & Wilensky, U. (2006). The Missing Link: A Case Study ofaBehdoteling
Toolkits for Constructionist Scientific Investigatio®-dfaedings of the 6th IEEE International
Conference on Advanced 1.earning Technologies (ICALT 2006), Kerkrade, The Netherlands, 980
982.

Blikstein, P., Abrahamson, D., & Wilensky, U. (2006}), wind, and models: Juxtaposing agent-based
computer simulations and clinical-interview data as a methodology for investigating cognitive-developmental
theory. Paper presented at the annual meeting of the Jean Piaget Society, Baltimore, MD.

Collier N., & Sallach, D. (2001). Repast. University of Chicago (2001).
http://repast.sourceforge.net .

Diermeier, D. w. A. M. (200@Government turnover in parliamentary democrgeies/ of
Economic Theory, 94, 4679.

Epstein, J., & Axtell, R. (1996)awing artificial societies: Social science from the bottom up. Washington:
Brookings Institution Press.

Fischer, K. W., & Rose, S. P. (1999). Rulers, models, and nonlinear dynamics: Measurement and
method in developmental research. In G. Savelsbergh,der Waaas, & p. van Geert,

(Eds.) Nonlinear developmental processes (pp. 19F 212). Amsterdam: Royal Netherlands
Academy of Arts and Sciences.

Goldman, S. R., & Varma, S. (1995). CAPing the constintggmation model of discourse
comprehension. In @. Weaver, S. Mannes & C. R. Fletcher (EdSo)yse Comprebension:
Essays in Honor of Walter Kintsch. Hillsdale, NJ: Erlbaum.

Hummel, J. E., & Biederman, I. (1992). Dynamic binding in a neural network for shape recognition.
Psychological Review, 3(99) 480517.

Just, M. A., & Carpenter, P. A. (1992). A capacity theory of comprehension: individual differences in
working memonyPsychological Revien(99), 122149.

Langton, C. & Burkhardt, G. (1997). Swarm. Santa Fe Institute, Santa Fe.

http://lwww.swarm.og/release.html

Minsky, M. (1985). The society of mind. London, England: Hienemann.

Minsky, M. L. (1986)%e society of mind. New York, N.Y.: Simon and Schuster.

Newell, A., & Simon, H. (197 Ryuman problem solving. Englewood Cliffs, NJ: Prentidall.

Piaget, J. (1952)he child's conception of number. London: Routledge & Kegan Paul.

Piaget, J. (1952 child's conception of number. London: Routledge & Kegan Paul.

Piaget, J., Gruber, H. E., & Voneche, J. J. (1B ¢)sential Piager. New York: BasiBooks.

Polk, T. A., & Rosenbloom, P. S. (1994).-ifalgpendent constrains on a unified theory of
cognition. In F. Boller & J. Grafman (EdSgudbook of Neuropsychology (VOl. 9). Amsterdam,
Netherlands: Elsevier.

Resnick, M., & Wilensky, U. (1983 the Deterministic, Centralized Mindsets: A New Thinking for
New Science. Paper presented at the American Educational Research Association conference,
Atlanta, GA.

20 of 21



Wilensky, U. (1999a). NetLogo. The Center for Connected Learning and Cbasedter
Modding, Northwestern University, Evanston hiitp://ccl.northwestern.edu/netlogo/

Wilensky, U., & Resnick, M. (1995). New Thinking for New Sciences: Constructionist Approaches
for Exploring Complexityresented at the annual conference of the American Educational Research
Association.

21 of 21



