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Abstract

Biological organismsdisplay an amazingability during their

ontogenetiaevelopmento adaptvely developsolutionsto the

variousproblemsof survival thattheir environmentspresento

them. Dynamicaland embodiedmodelsof cognition (Clark,

1997; Edelman& Tononi, 2000; Franklin, 1995; Freeman,
1999a,1999b; Freeman& Kozma,2000; Freeman Kozma,
& Werbos2000;Hendriks-Janseri996;Kelso0,1995;Kozma
& Freeman2001; Port& van Gelder,1995; Skarda& Free-
man,1987;Thelen& Smith,1994)arebeaginningto offer new

insightsinto how the numerous,heterogeneouslementsof

neuralstructuresnay self-oiganizeduringthe developmentof

the organismin orderto effectively form adaptve categories
andincreasinglysophisticatedkills, stratgiesandgoals. In

this papemwe presentmodelsof ontogenetiaevelopmentouilt

on neurologicallyinspired,bottom-up ,dynamicapproacheto

embodiedcatgyory formationsuchasthosedoneby Freeman
(1975,1999b),FreemarandKozma(2000),KozmaandFree-
man(2001),Verschurg1998)andEdelman(1987,1989). We

believe that building on suchmechanism$rom an embodied
dynamicalperspectie will produceautonomousagentsthat
display greatly increasedflexibility in their behaior. Such
modelswill represena betterunderstandingf how thebrains
of biologicalorganismaot only form perceptuatateoriesof

theirernvironmentsduringdevelopmentput alsodevelopeffec-

tive patternof behaior throughthedynamicself-oiganization
of neurologicapatternsof actuity.

I ntroduction

Biological organismsdevelop effective behaiors simply by
perceving and acting upon their ervironmentin real time.
Theirlearningis alwaysguidedby theirbasicneeds.Through
their experiencewith theervironment,they begin to embody
anticipateandexploit theregularitiesof theirecologicahiche
in the serviceof theirintrinsic needs.Somemodelsof learn-
ing anddevelopmentfor autonomousystemsare beginning
to display someof theseproperties(Almassy Edelman,&
Sporns,1998; Edelmanet al., 1992; Freeman& Kozma,
2000;Kozma& Freeman2001;VerschureKrése & Pfeifer,
1992; VerschureWray, Sporns,Tononi, & Edelman,1995).
Theseabilitiesincludethe formationof embodiedorganism
significantcateyoriesthroughexperiencethe developmenof
active searchingandanticipationof relevantstimuli; the de-
velopmentof a repertoireof skills, or actionloops, for the
effective transformationof ervironmentalproblemsandthe
exploitationof ervironmentakregularitiesin the serviceof in-
trinsic needs.

In this paperwe will presentsomeof the mostimpor-
tant propertiesof dynamicaland embodiedcognition. We
will alsodiscusghepropertieof ontogeneticevelopmenof

skills, stratggiesandgoalsin biological organismshatmake
it a particularly powerful mechanisnof learning. We will
look at examplesof existing systemghat display properties
of dynamicaland embodiedcognition. And finally we dis-
cussour own plansfor creatingmodelsof the ontogenetic
developmenbf behaior in autonomousidaptve systems.

Embodied Cognition

Embodiedcognitionis an emeging viewpoint in cognitive
sciencehatemphasizemary differingaspectérom thestan-
dard cognitive hypothesis(Clark, 1997; Hendriks-Jansen,
1996; Pfeifer & Scheier1998;Varela,Thompsong& Rosch,
1993). In the standardview of cognition, the mind is the
productof the manipulationof symbolic representationsf
the problemin orderto producesolutionsand generaten-
telligent behaior (Johnson-Laird,1988; Newell & Simon,
1972,1976; Newell, 1990). The ervironmentis perceved
andtransducedhto symbolicrepresentationslhesesymbols
encodethe currentstateof the environmentandthe problem
to be solved. They canbe manipulatedjndependentf the
ervironment,to discover solutionsto the problemand pro-
duceintelligentbehaior for the organism.

In anembodiedview of cognition,intelligencein biologi-
cal organismsdoesnot arisethroughthe staticmanipulation
of amodalsymbolsand representationsinstead,organisms
areseerto beembeddedh theirervironmentsn fundamental
ways. Throughtheir real time experienceswith their bodies
andervironmentsthey beginto embodythesalientaspect®f
situationsin waysthat guide future perceptionandbehaior
towardsimproved performance.Experiencewith their eco-
logical nichedevelopsexpectation®f the environmentalreg-
ularitiesthat are of benefitto the intrinsic needsanddesires
of theorganism.The organismactively learnsto seekout ex-
pectedstimuli thatarerelevantto thedesiresandneed=f the
organismat a particularmoment.

Therearemary conceptassociatedvith anembodiedper
spectve of cognition. We will briefly presentsomeof the
moreimportantconceptsn the next sections.

Embodied Organisms are Complete Organisms

Biological organismsare currently the only examplescapa-
ble of producingafull rangeof intelligent,adaptie behaior.

Standardrziews of cognitionplaceno specialemphasi®onthe
factthatthesenaturalexamplesof cognitionarecomplete or-

ganismslin thestandardiiew of cognition,it seemslausible
thatby connectingogethemary specializedubsystemthat
solve problemsin limited, specializeddlomains gventuallya



completentelligencewill beproduced.

From an embodiedperspectie, we are not likely to un-
derstandnaturalcognition from sucha piecemealapproach
to studyingandbuilding systems.nstead we mustexamine
andbuild completecognitive systems.In this context, com-
pleterefersto systemghatareautonomousndadaptve. Au-
tonomoussystemsarethosethathave certainintrinsic needs,
andthatareableto producebehaior thatis capableof sat-
isfying thoseneedsconsistentlyover time. Pfeifer (Pfeifer,
1996;Pfeifer& Scheier1998)characterizeautonomyasthe
ability of the organismto maintainits critical, intrinsic val-
ueswithin a zoneof viability. This is often referredto as
“homeostasis”. Adaptivity refersto organismsthat are ca-
pableof modifying their behaior sothatthey canmoreef-
ficiently maintaintheir critical parametersn their zonesof
viability.

Studyingcompletecognitive systemss importantfor sev-
eralreasonsClassicalapproacheto modelingcognitionof-
tentackletoy problemsin limited domains.The hopeis that
the techniquesdevelopedcan then be scaledup to the full
problemsof cognition. This approacho studyingcognition
hasfailed to produceclearinsightsinto how suchmethods
could eventuallybe scaledup. Embodiedcognition,with its
emphasin completesystemsmaintainsthat the answeris
not to startwith toy ervironments.Insteadwe shouldbegin
by studyingsimple, but complete,organisms,in morereal-
istic ervironments(Brooks, 1990; Pfeifer & Scheier 1998).
Only completeorganismsare capableof developingembod-
ied representationanddisplayingintentionalbehavior.

Active, Action-Oriented Representations

Anotherimportantdifferenceof embodiedandclassicalper
specties concernsthe natureof the representationslevel-
opedand usedby the organism. In a classicalperspeciie,
symbolsare seenas passve structureshat are syntactically
manipulatedo producesolutions. In an embodiedperspec-
tive, representationaremuchmoreintimatelytied to thein-
trinsic needsof the organism. Clark (1997)calls suchstruc-
turesaction-orientedrepresentationsAction-orientedrepre-
sentationsare not passie representationsf the stateof the
ervironmentas it exists at sometime. They are continu-
ously updatedfrom sensoryinformation, and they continu-
ously prescribepossibilitiesfor action. Gibson(1979) has
calledthis the conceptof affordanceswheretherepresenta-
tionsafford opportunitiedor actionfor the organism.

TheWorld Represents | tself

Classicalmodelsof cognition often experiencean exponen-
tial explosionof computationapower asthe ervironmentin-

creasesn compleity. An embodiedapproachto cognition
avoids this problembecausét adwcatesthe useof simple,
cheap,action-orientedrepresentations.From an embodied
perspectie, it is betterto use cheapand active sensingto

inform oneselfof the stateof the ernvironment, ratherthan
building complec representationsf theervironment.Brooks
(1995) statesthis principle as “the world is its own best
model”. Embodiedcognitionavoidsthe useof costlyandde-
tailedrepresentationsCheapquick, active, specializedsens-
ing of the ervironmentis preferred. Insteadof maintaining
a comple representatioof the stateof the environment,we

simply direct specializedsensoryapparatugo directly per

ceive the information requiredfor behaior. This approach
helpskeepthe needfor computatiorfrom explodingin com-

plex ervironments.

Emergence of Solutionsthrough Collective Activity

A key conceptof embodiedcognition is the emegenceof

solutionsfrom mary parallel, distributed actiities. In an

embodiedperspectie, intelligenceis seenasemeging from

the parallelactiity of mary cooperatingandcompetingpro-

cessesAs in connectionistnodels parallelemegenceof so-

lutions providesmary benefitsto the behavior of the system.
Suchemegentsolutionsarerobustandresistanto damage;
tolerantof noisy, incompletedata; satisfy generalgoalsand
yet are variableand context dependent.They are alsofast,
ableto producesolutionseasilyin real time demandingen-

vironments. Unlike most classicalconnectionistmodeling,
embodiedcognition views recurrent,non-linearinteractions
asacrucialpropertyin theemegenceof solutions.

Developing Within the Environment

The emegenceof solutionsthroughmary parallelprocesses
is not simply a productof the non-linearinteractionsof com-
ponentsin the organisms brain. Intelligent behaior also
emepgesasthe productof theinteractionof simplebehaiors
with a complex ervironment. Simple, instinctive behaviors
areseenasintelligentwhenthey arecoupledwith local ervi-
ronmentalkcues(Braitenbeg, 1984). Developmentof action-
orientedrepresentationaidsin this processOrganismdearn
simple actionsthat, when coupledwith appropriatdearned
stimuli, yield intelligent, purposefubehaior.

Clark (1997) saysthat embodiedminds useextensie ex-
ternalscafolding. The ecologicalnicheof the organismpro-
vides mary consistentcuesfor intelligent behaior. Most
intelligent behavior in natural organismsinvolves the fast
recognition and exploitation of such opportunities,not in
comple planningandreasoning Also, mostorganismsend
to offloadcomplex planningandreasoningasksontothe en-
vironment. They do this by allowing the stateof the erviron-
mentto representheprogressiorof theproblemsolvingtask.
Oneexample givenby RumelhartMcClelland,andThePDP
ResearchGroup (1986), is in the behaior of peoplewhen
multiplying large numbers.Most peoplecaninstantlyrecog-
nize and producethe answerto simple, singledigit multipli-
cationproblemspf thetype7 x 7 = 49. However, whengiven
the task of multiplying large numberstogether say 4356 X
1897,they invariablyresortto pencilandpaper or evenacal-
culator Peopledo not computelarge chainsof complicated
reasoningndlogic. Insteadhey offloadtherepresentationf
the progresf the taskontothe environmentby maintaining
thestateof the problemsolvingtaskwith ervironmentalkues.
In this case peoplemake markson paper(the ervironment)
to keeptrackof their problemsolving progresswhile reduc-
ing the problemsto thosesimple onesthatthey candirectly
recognizeandsolve. Embodiedcognitionseeghistypeof ex-
ternalscafolding not assimply useful,but asa prevalentand
penasive methodusedby cognitive systemgo reducecom-
putationalcomplexity and performproblemsolving tasksin
realtime.



Better Imperfect than Late

Biological cognitionis exemplified by fast patterncomple-
tion. It hasevolvedto producebehaior in realtime. The
behaior doesnot necessariljhave to be perfect,solong as
it is goodenoughfor the continuedsurvival of the organism
(atleastuntil the next crisis occurs).Organismsarecontinu-
ally presentedith threatsanddangerghat mustbe handled
immediatelyin orderto ensuretheir survival. Suchrequire-
mentsdo not favor solutionsthattake large amountsof time.

Naturalcognitionseemgo be built uponafoundationof fast
patternrecognitionandbehaior generatiorkeyedto threats
and opportunitiesfor action. The embodiedcognitive view-

pointrecognizeshis fundamentafeatureof naturalcognitive
systemsAccordingto PortandvanGelder:

"The cognitive systemis not a discretesequentiama-
nipulator of static representationadtructures;rather it
is a structureof mutually and simultaneoushjinfluenc-
ing change. Its processeslo not take placein the arbi-
trary, discreteime of computeistepsrather they unfold
in the real time of ongoingchangein the ervironment,
the body, andthe nenwoussystem. (Port& van Gelder,
1995,pg. 3)"

The Dynamics of Development

The ontogenetidevelopmentof behavior providesa power

ful mechanism$y which organismdearnto organizeeffec-

tive patternsof behavior for performingthenecessarjasksof

survival. Therearemary propertiesof this type of develop-
ment. It is fundamentallya self-organizingprocessin which

the constraintof bodyandenvironmentguidethe systento-

wardsdiscovering certainpatternsof behavior. Development
of behavior in organismds not somucha procesf finding

comple chainsof effective behaiors, but in finding salient
perceptuatuesandeffective manipulationghatsimplify and
transformthetaskenvironmentinto problemshataredirectly

recognizableand solvable. Problemsolving in naturalcog-

nitive systemsis more often the applicationof mary trans-
formationsuntil the problemis suficiently simplified to be

directly solved. Clark (1997) calls suchphenomenaction
loops. Kirsh andMaglio (1994)call actionsthatare primar

ily performedo transformandsimplify thetaskervironment
epistemicactions.

Problemsolvingbehaior in biologicalorganismsoesnot
tendto beencodedsstatic,procedurakteps Instead prgan-
ismsdevelopawide repertoireof actionloopsandepistemic
actions.Developmentof behaior takesthe form of learning
more and betteraction loopsfor the effective manipulation
andtransformatiorof problems.As anorganismsepertoire
of actionloopsgrows, they becomebetterableto dealwith a
widevarietyof subtledifferencesn theproblemghey needo
solve. Their solutionsbecomeboth robustandefficient with
experiencen problemsolvingin the ervironment.

Development of Embodied Cognition

Thelenand Smith (1994), Thelen(1995) ervision the devel-
opmentof behaior in cognitive systemsas an ontogenetic
landscapef stableandunstableattractorsandrepellors. As
the body of the organismchangesnewn opportunitiesfor be-
havior are createdand destrayed. Developmentis seenas

a reductionof the degreesof freedomof the systemasuse-
ful patternsfor solving problemsare discosered. As stable
solutionsto problemsdevelop, thesein turn changethe on-
togenetidandscapeppeningup new opportunitiesfor some
behaiors, andclosingoff opportunitiesfor others.Develop-
mentis thediscovery of stablepatternsf behavior, giventhe
currentconstraintof thebodyandtheenvironment.
Naturalcognitive systemglisplaybothphysicalandbeha-
ioral development.Physicalchangesn a maturingorganism
arecontinuallyreshapinghe ontogenetidandscapedestabi-
lizing previously stablesolutions andforcing the systeminto
finding new patternsof behavior. Naturalcognitive systems
alsodisplaythisflexibility in thedevelopmenbf behaior for
problemsolving. Sequencesf behaiors arenot learnedso
much asbehaiors that changethe stateof the ervironment
andthuscuethe next behaior in the sequence.

Self-Organization of Behavior

Theoriesof the self-olganizationof patternsin nonequilib-
rium systemsprovide new insightsinto the creatvity and
flexibility displayedby biological organisms(Kelso, 1995).
Marny of thedesirablgropertief developmenin biological
organismamalke senseonly in view of non-lineardynamics.
Accordingto Kelso:

“The thesishereis that the humanbrain is fundamen-
tally a pattern-formingself-oiganizedsystemgoverned
by nonlineardynamicallaws. Ratherthan compute,
our brain dwells (at leastfor shorttimes)in metastable
statesit is poisedon thebrink of instabilitywhereit can
switch flexibly and quickly. By living nearcriticality,
thebrainis ableto anticipatethefuture,notsimply react
to thepresent(Kelso,1995,pg. 26)”

Thedevelopmenbf problemsolvingbehaior in biological
organismdisplaystheseimportantproperties.Solutionsare
developedthatareflexible, efficientandquick. Suchsystems
arenot simply reactie, they learnto anticipateandactively
seekout future stimuli.

Bottom Up Neurological M odels of
Categorization and Action

Somesystemdave beendevelopedthatdisplaypropertieof

dynamicandembodiedcognitionasdiscusseabove. In this

sectionwe presenfour interestingexamplesof researchhat
displaydynamic,self-oganizingcategory formationandde-

velopmentof behavior. Theseare all examplesof systems
thathave beenbuilt usingneurologicallyinspired,intermedi-
atelevel neuraldynamics.

Distributed Adaptive Control

Distributed Adaptive Control,or DAC (Pfeifer & Verschure,
1992; Pfeifer & Scheier 1998; Verschureet al., 1992;
Verschure& Pfeifer, 1993; Verschure,1998; Verschure&
Voggtlin, 1999)is an exampleof a model of learningbased
on large scaleneuraldynamics.At its heart,DAC is amodel
of classicalconditioning,or the learnedassociatiorof a re-
sponsdo a conditionedstimuli. In the DAC model,thereare
threelevels of control: reactive, adaptve andreflective con-
trol.



Thereactvelevel is prewiredin themodel,andrepresents
theintrinsic valuesof the autonomousgent. In the caseof
DAC, therobotinstinctively turnsaway from thingswhenit
bumpsinto them. This representshe valueof avoiding dam-
agefrom collisionswith theernvironment.In additionto acol-
lision sensoraspecialsensoffor targetacquisitionis present.
DAC is hardwiredto move towardsthe targetwhenit is de-
tectedby thetargetsensor

The next level is the adaptve control layer. In this layer
representationsf the statesof long rangesensorsareslowly
associatedvith eventsthat happenin the reactve control
layer So, for example,the systemwill learnto avoid col-
lisions by associatinghe profiles of objectssensedvith the
long rangesensotto collisionsandthe subsequerdctivation
of avoidancebehaior. DAC is alsocapableof learningand
exploiting the regularitiesof the ecologicalnicheit findsit-
selfin. So, if targetsare always found behindopeningsin
walls, DAC is capableof learningthis associatiorandbegins
to searchout suchopeningssincethey tendto leadto finding
thetargetsin theervironment.

Thefinal layer of DAC is the Reflective controllayer. At
this level sequencesf actionsare formedandremembered
through developing sequentialrepresentations. This level
representghe addition of long term memoryto the basic
mechanismsf adaptve learning.

DARWIN

DARWIN (Almassyetal.,1998;Edelman,1987,1989;Edel-
manetal., 1992;Edelman& Tononi,2000;Sporns Almassy
& Edelman,1999; Verschureet al., 1995)is anothemeuro-
logically inspiredmodelthatis capableof learninganddevel-
oping representationsimply by interactingwithin its ervi-
ronment.At the heartof Edelmans DARWIN systemss the
classificationcouple. In a classificationcouple,two mapsof
neuronabroupsreceveinputfrom separatsensorsThetwo
mapsare wired togetherwith mary reentrantconnections.
As a resultof reentrantcoupling and the changeof synap-
tic strengths,correspondinglassificationpatternsbegin to
be associatedndmutually activateoneanotherin the maps.
Thus, for example, the feel (tactile map) and shape(visual
map)of anobjectbecomeunctionally correlatedhroughre-
peatedexperiencewith the objectsin the ervironment. The
correlatedpatternsof actwity in the mapsrepresentoordi-
natedpropertiesof objectsencounteredvithin the erviron-
ment.

DARWIN Il is capableof self-organizingcateyoriesof ob-
jectsthatit encountersn its ervironment,andof learningap-
propriatebehavior patterns. DARWIN is capableof learning
to trackmoving objectsin its environmentandalsoof direct-
ing its manipulatorin a targetedmannerin orderto manipu-
lateits ervironment.DARWIN Il is alsocapableof adaptve
learningof behavior, like DAC. It learnsto associatevisual
propertiesof desirableandundesirablebjects to the feel of
the object. As it gainsexperiencein the ervironment,it no
longerneedgo toucha badobjectin orderto avoid it. It has
formedassociationbetweerthe visualandtactile maps,and
it beginsto avoid undesirablebjectsuponseeingthem.

K111: Mesoscopic Dynamics

Thediscoverythatbraindynamicsoperaten chaoticdomains
hasprofoundimplicationsfor the studyof higherbrainfunc-

tion (Skarda& Freeman,1987). A chaoticsystemhasthe

capacityto createnovel andunexpectedpatternsof activity.

It canjump instantlyfrom onemodeof behaior to anothey
which manifeststhe fact that it hasa collection of attrac-
tors, eachwith its basin,andthatit can move from oneto

anotherin an itineranttrajectory It retainsin its pathway

acrossts basinsa history, which fadesinto its past,just asits

predictability into its future decreasesTransitionsbetween
chaoticstatesconstitutethe dynamicsthatwe needto under

standhow brainsperformsuchremarkablegfeatsas abstrac-
tion of the essential®f figuresfrom comple, unknonvn and
unpredictabléackgroundsgeneralizatiorover examplesof

recurringobjectsnevertwice appearinghe sameyeliableas-
signmento classeghatleadto appropriateactions,andcon-

stantup-datingby learning.

TheKIll model(Freemar& Kozma,2000;Kozma& Free-
man, 2001) consistsof varioussub-units;i.e., the KO, KiI,
andKIll sets. The KO setis a basicprocessingunit, andits
dynamicsis describedby a 2nd order ordinary differential
equation.By couplinga numberof excitatory andinhibitory
KO setsKl(e) andKI(i) setsareformed.Interactionof inter-
connectel(e) andKI(i) setsformstheKIl unit. Examples
of KlI setsin theolfactorysystemaretheolfactorybulb, ante-
rior olfactorynucleusandprepyriform cortex. CouplingKII
setswith feed-forwardandfeedbackconnectionspnearrives
attheKIll system.

Kl shows very good performancen learninginput data
andit cangeneralize=fficiently in variousclassificatiorprob-
lems. KlII hasa high dimensionalchaoticattractorin the
basalstate. It can be destabilizedby sensorystimuli and
switchedto alowerdimensionahttractomwing thatrepresents
apreviously learnedmemorypattern.

Basic Intentional System: The Limbic System

We considemiologicalorganismgo bebehaing intelligently
whenthey actin waysthatwill enhanceheir currentandfu-
turesurvival. Thebehaior exhibitedby biologicalorganisms
is oftenverycreatveandflexible. Yetsuchbehavior is always
directedtowardsthe satistctionof the basicneedsof the or-
ganism.Freemarn(1999a,1999b)describesuchbehaior as
intentional behavior. Intentionality provides a key concept
that links the neurodynamic®f brainsto goal-directedbe-
havior.

One of the primary actsof intentionalbehaior is in di-
recting sensoryobsenationin expectationof informationto
guidefuture actions.Both the formationof expectationsand
the real time dynamicinteractionof the organismwith the
ervironmentareimportantprinciplesof intentionalbehaior.
Freemars view of the mechanism®f intentionality is one
of nonlineardynamicinteractionof heterogeneouseuralel-
ementson mary levels andtime scales. The neurodynamic
architectureof thebrainformsmary recurrenioopsbetween
brain andbrain, brain and body, and organismand erviron-
ment. But the basicarchitectureof intentionalbehaior can
be foundin the simplestandphylogeneticallyoldestpartsof
biologicalbrains:thelimbic system.

Conclusion and Future Directions

In this paperwe have presentedin overview of the dynami-
cal andembodiedcognitive hypothesis.We have alsogiven



an overview of somesystemsthat display category forma-
tion and developmentallearning of the type we are inter-

estedin. We have begun work on our own modelsof the
ontogenetiadevelopmenbf behaior in autonomousystems
(Harter Kozma, & Franklin, 2001a,2001b; Harter, 2001;
Kozma,Harter & Franklin,2001). Our own modelsempha-
sizethe developmentof action-orientedepresentationthat
afford opportunitiedor action-looplik e interactionsbetween
the agentandthe ervironment. Suchmodelsare basedupon
theformationof embodiectateyoriesfrom chaoticnon-linear
dynamics.

We beagin with bottom-upneurologicaimodelsthatareca-
pable of chaotic non-lineardynamics(Freeman& Kozma,
2000; Kozmaé& Freeman2001). Theseneurologicallyin-
spiredmodelsare neitherlow nor high level simulationsof
neurologicalfunction, but insteadcapturebehaior of the
mesoscopidynamicsof brainfunction (Freemar& Kozma,
2000). Thesemodelsof neurologicalfunction are capable
of the dynamicformationof categories. Thesedynamiccat-
egoriescan be thoughtof as modelsof embodiedcategory
formation. We are planningto expandsuchmechanismso
not only form perceptuatateyories,but developanddisplay
action-looplik e skills in the context of the problemdomain.
Our goalsareto seehow far suchmechanismgango in de-
velopingproblemsolvingbehaiors, andto whatextentthese
behaiors mimic thoseseenin naturalcognitive systems.

Eventually we plan to build simplified models of com-
plete limbic systems. We hope that thesemodelswill be
capableof displayingforms of true intentional behaior in
autonomousdaptve systems. Suchmodelsshoulddisplay
someof the characteristidlexibility of the problemsolving
behaior that developsin naturalcognitive agents. We are
developingagentsn cognitively demandingealtimetasken-
vironments.Beginningwith somevirtual ervironmentsJike
the gameof Tetris (Kirsh & Maglio, 1992,1994),we arede-
velopingbottom-upneurologicalmodelsthat are capableof
catgyory formationandthe developmentof behavior in such
ervironments.We hopeto eventuallymove to morecomplex
ervironmentsandrealautonomousobots.
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