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Abstract

Whenwe look at the dynamicsproducedby biological neuronalpopulations,we areimme-

diately struckby the fact that aperiodic,chaoticlike dynamics,appearto be the normalop-

eratingstateof suchsystems.Recentwork hasshown thatsuchaperiodicdynamics,at least

in perceptualsystems,maynot only betheresultof randomperturbationsexperiencedby the

systemfrom externalstimulation,but thatthebrainitself generatesaperiodicdynamicsin or-

derto dealmore�e xibly andreliablywith noisyenvironmentalstimulation.Complex systems

conceptsarehelpingusto understandthepropertiesof nonlinearsystemsthatarefundamen-

tal for theemergenceof complex spatio-temporalpatternsin naturalandbiological systems.

Advancesin neuroscienceandcomputationalneurodynamicsareapplyingtheseconceptsof

self-organizationto understandingthespatio-temporalpatternsobserved in biologicalbrains.

In thispaperwe introduceaneuralpopulationmodelthatis capableof replicatingthegenera-

tion of thesetypesof aperiodicdynamicsobservedin biologicalbrains.We usethemodelto

self-organizecognitive mapsin an autonomousagentthroughthe agentsinteractionwith its

environment.We show how suchhigh-dimensionalspatio-temporaldynamicsmaybeshaped

by environmentalinput andlearningto form chaoticattractorsthatcometo represent'mean-

ings' for theagent.Wediscusshow theinternalgenerationof suchaperiodicdynamicsmayaid



ii

in theformationandrecognitionof suchnoisyenvironmentalstimuli in biologicalorganisms

in generalandin oursimulatedagentsspeci�cally.
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1 Intr oduction

Someresearchersin dynamicalcognitionandneurodynamicshave speculatedon thepossibilities

that aperiodic,chaotic-like dynamicsmay play in the role of adaptive behavior [1, 2, 3, 4, 5].

Chaoticdynamicshave beenobservedin theformationof perceptualstatesof theolfactorysense

in rabbits[1]. Mathematicaltheoriesof thenonconvergentneurodynamicsof perceptionandde-

cisionmakinghave beenproposedbasedon theprinciplesof theolfactoryneurodynamics[6, 7].

Otherresearchershaveanalyzedactivity patternsof primateandhumancortex andreportedonthe

dynamicsof large-scaleneuralorganization[8, 9].

SkardaandFreeman[1] havespeculatedthatchaosmayplayafundamentalrolein theformation

of perceptual'meanings',thatis in learningpatternsthathavesigni�canceto theorganism,whether

harmful or bene�cial. Chaosprovides the right blendof stability and �e xibility neededby the

system,with swift and robust transitionsfrom onecognitive stateto the otherusing �rst order

phasetransitions. Accordingto SkardaandFreeman,the normalbackgroundactivity of neural

systemsis a chaoticstate. In the perceptualsystems,input from the sensorsaswell as internal

feedbackperturbsthe neuronalensemblesfrom the chaoticbackground. The result is that the

systemtransitionsinto a new attractorthat representsthe 'meaning' of the sensoryinput to the

organism,giventhecontext of thestateof theorganismandits environment.

The normal chaoticbackgroundstateis not like noise. Noise cannotbe easily stoppedand

started,whereaschaoscanessentiallyswitch immediatelyfrom oneattractorto another. Also,

aperiodicspatio-temporaldynamicsmay play an importantrole in the rapid learningabilities of

biologicalorganisms.Thechaoticbackgroundstateessentiallyoffersmany choicesof attractors

thatcanberapidly shapedby smallsynapticchangesto form relevantattractorbasins.This type

of dynamicsmaybea key propertyin the�e xible productionof behavior in biologicalorganisms
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[2].

The studyof nonlineardynamicshasexpandedin all areasof sciencein the pastdecadesfor

many reasons.Nonlineardynamicsprovide new conceptualand theoreticaltools that allow us

to understandandexaminecomplex phenomenathat we have never beenable to modelbefore.

Nonlineardynamicsshow up everywhere,in physical systemssuchaselectricalcircuits, lasers,

optical andchemicalsystems.Suchdynamicsare especiallyprevalent in the biological world,

from fractal growth patternsin biological developmentto the self-organizing characteristicsof

populationmodels,andtheimportancein regulatinghealthy biologicalrhythmssuchasthebeating

of theheart.

Nonlinearsystemsin critical stateshave many interestingproperties. Phenomenonsuchas

stochasticand chaoticresonanceare known which enablesuchsystemsto detectthe presence

of signalsmuchbetterin noisyenvironmentsthanlinearsystemsarecapableof doing [5]. Their

greatestinterestlies, however, in their fundamentalrelationshipto self-organizationand emer-

genceof complex patternsandbehaviors in complex environments.Aperiodicdynamicsareboth

anindicationof andamechanismfor theemergenceof suchself-organizingproperties.

Insightsin nonlinearsystemstheoryarebeginningto beappliedto understandingthedynamics

of the brains,and how suchprocessesproducecognition [2, 10, 11]. Aperiodic dynamicsare

believed to play a fundamentalrole in the mechanismsfor the self-organizationof meaningin

mammalianperceptualsystems[1, 12]. Neurologicalevidencehasshown thatperceptualmeanings

(of recognizedsmells)arecreatedthroughthe formationanddissolutionof chaoticattractorsin

theolfactorybulb. We will discussthis exampleof theself-organizationof a perceptualpatternof

meaning.Weusethistypeof organizationin aperiodicsystemsto modeltheformationof cognitive

mapsin thehippocampusof biologicalorganisms.
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2 K-Sets: A NeurodynamicalPopulation Model of Brain Dynamics

2.1 Aperiodic Dynamicsin Olfactory Systems

In their in�uential paper, SkardaandFreemanarguedthat chaos,asan emergentpropertyof in-

trinsicallyunstableneuralmasses,is very importantto braindynamics[1]. In experimentscarried

out on the olfactorysystemof trainedrabbits,Freemanwasableto demonstratethe presenceof

chaoticdynamicsin EEG recordingsandmathematicalmodels. In theseexperiments,Freeman

andassociatesconditionedrabbitsto recognizesmells,andto respondwith particularbehaviors

for particularsmells(e.g. to lick or chew). They performedEEGrecordingsof theactivity in the

olfactorybulb, beforeandaftertrainingfor thesmells.

The EEG recordingsrevealedthat in fact chaoticdynamics,asshown by the observed strange

attractors,representedthe normalstatewhenthe animalwasattentive, in the absenceof a stim-

ulus. Thesepatternsunderwenta dramatic(nonlinear)transitionwhena familiar stimuluswas

presentedandtheanimaldisplayedrecognitionof a previously storedmemory, througha behav-

ioral response.The patternof activity changed,very rapidly, in responseto thestimulusin both

spaceandtime. Thenew dynamicalpatternwasmuchmoreregularandordered,very muchlike

a limit cycle, thoughstill chaoticof a low dimensionalorder. The spatialpatternof this activity

representeda well de�ned structurethat wasuniquefor eachtype of odor that wasperceptually

signi�cant to the animal(e.g. conditionedto recognize).Figure1 shows an exampleof sucha

recordedpatternafterrecognitionof a stimuli of theEEGsignalsandtheassociatedcontourmap.

In this �gure afterrecognition,all of theEEGwavesare�ring in phase,with acommonfrequency

which Freemancalledthecarrierwave. Thepatternof recognitionis encodedin theheights(am-

plitudemodulations)of theindividualareas.Theamplitudepatterns,thoughregular, arenotexact

limit cyclesandexhibit low dimensionalchaos. In otherwords,different learnedstimuli were
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Figure1: EEGcarrierwave patterns(left) andcontourmap(right) of olfactorycortex activity in

responseto a recognizedsmellstimulus(from Freeman,1991,p. 80)

storedas a spatio-temporalpatternof neuralactivity, and the strangeattractorcharacteristicof

the attentionstate(beforerecognition)wasreplacedby a new, moreorderedattractorrelatedto

therecognitionprocess.Each(strange)attractorwasthusshown to be linked to thebehavior the

systemsettlesinto whenit is underthein�uence of aparticularfamiliar inputodorant.

Figure2 showstheeffectson thespatialattractorpatterndueto learning.Every timeanew odor

waslearnedby theanimal,all of theexisting attractorpatternschanged.In this �gure thecontour

patternof activity for sawdustis shown (beforelearningthebananaodor)ontheleft, for thenewly

learnedbananaodor (center),andthenagain for sawdust(right, after leaningnew bananaodor).

Thesemapsare snapshotsof the EEG activation of an 8x8 grid of electrodesimplantedin the

olfactorybulb. Noticethatthespatialpatternfor sawdustno longerresemblesits previouspattern.

How, then,do we know that the right mostpatterndoesin fact capturesomemeaningto the

animalaboutthesawdustodor? We only know this throughbehavioral observation. Theanimal

wastrainedto producesomebehavior whenit recognizeda smell (suchaslicking in responseto

sawdustodor), andrewardedwhenit displayedthe appropriatebehavior for the stimuli (by be-

ing givenfood, for example).As externalobserversof boththebehavior of theorganismandthe

internaldynamicsof theolfactoryregion of theanimalsbrain,we only know thattheEEGactiva-

tion patterncapturedin theolfactorybulb hassomeassociationwith thesawdustodorbecausethe
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Figure2: Changein contourmapsof olfactorybulb activity with the introductionof a new smell

stimulus(from Freeman,1991,p. 81). Left, snapshotof activation after recognitionof sawdust

order. Center, activation of samepopulationsafter learningbananaorder. Right, activation of

populationfor samesawdustorderafterlearningnew bananaorder.

animalreliablydisplaystheexternallyconditionedbehavior whenever theEEGpatternis formed.

Anotherinterestingquestionis, given that thesawdustpatternchangessodrasticallyuponfor-

mation of a new attractorin the olfactory bulb, how is it that the behavioral responseremains

associatedwith the now deformedattractordynamicsfor sawdust? The answerto this question

is certainlynot completelyknown yet. Theexisting attractorsaremodi�ed whena new attractor

is formed,but they arenot destroyed. So the dynamicswe observe asAM patternsin the EEG

signalscanlook very different,but this only representsa squeezingor stretchingof theattractor.

Somehow partsof the attractorremaininvariantsuchthat otherportionsof the brain (e.g. those

responsiblefor thegenerationof behavior in responseto thestimuli) recognizeandreactto them.

Whenever an odor becomesmeaningfulin someway, changesin the synapticconnectionsbe-

tweenneuronsin differentpartsof theolfactorycortex take place. Justasin theHop�eld model

andotherneuralnetworks,thesechangesareableto createanotherattractor, andall existingattrac-

torsaremodi�ed asa resultof this learning.However, in realbrains,theattractorsof perceptual

meaningarenotsimplepointattractors,but arespeci�c strangeattractors.

Freemansuggests“an act of perceptionconsistsof an explosive leap of the dynamicsystem
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from thebasinof one(highdimensional,in theattentivestate)chaoticattractorto another(low di-

mensionalstateof recognition)”[12]. Theseresultssuggestthatthebrainmaintainsmany chaotic

attractors,onefor eachodorantananimalor humanbeingcandiscriminate.FreemanandSkarda

speculateon many reasonswhy thesechaoticdynamicsmaybeadvantageousfor perceptualcate-

gorization.For one,chaoticactivity continuallyproducesnovel activity patternswhichcanprovide

a sourceof �e xibility in theindividual. But sincechaosis a orderedstate,such�e xibility is under

control.As Kelsoremarks[13], such�uctuationscontinuouslyprobethesystem,allowing it to feel

its stability andproviding opportunitiesto discover new patterns.Anotheradvantageof chaosis

that it allows for very rapidswitchingbetweenattractors,which randomactivity is not ableto do.

Freemanalsoproposedthatsuchpatternsarecrucialto thedevelopmentof nervecell assemblies.

2.2 K-Set Model of Aperiodic Dynamics

TheK-sethierarchy, developedby Freemanandassociates[14, 2, 1, 12], is bothamodelof neural

populationdynamicsanda descriptionof the architecturesusedby biological brainsfor various

functionalpurposes.Theoriginalpurposeof theK-setwasto modelthedynamicsobservedin the

olfactoryperceptualsystem.Thelowestlevel of thehierarchy, theK0 set,providesabasicunit that

modelsthedynamicsof a local populationof tensof thousandsof neurons.Thedynamicsof the

K0 setaredescribedby a secondorderordinarydifferentialequationfeedinginto anasymmetric

sigmoidfunction:

ab
d2x(t)

dt2
+ (a + b)

dx(t)
dt

+ x(t) = f (t) (1)

This equationwasdeterminedby measuringtheelectricalresponsesof isolatedneuralpopula-

tions to stimulationandotherconditions. The a andb parametersare time constantsthat were

determinedthroughsuchphysiologicalexperiments.x(t) is thepulsedensityof themodeledneu-
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ral population,in otherwordstheaveragenumberof neuronsthatarepulsingin thepopulationat

any givenpoint in time. f (t) is a nonlinearasymmetricsigmoidfunctiondescribingthein�uence

of incomingactivation,andis givenin equation2.

f (t) = k[1 � exp(�
ex(t ) � 1

k
)] (2)

A K0 unit modelsthedynamicsof anisolatedneuralpopulation.FromthebasicK0 unit canbe

built uparchitecturesthatcapturetheobserveddynamicsof increasinglylargerfunctionalbrainar-

eas.TheKI modelsexcitatory-inhibitoryfeedbackpopulations.KII modelsinteractingexcitatory-

inhibitory populationsandcorrespondto organizedbrainregionssuchastheolfactorybulb (OB)

or theprepyriform cortex (PC).KIII combine3 or moreKII populationsto modelfunctionalbrain

areassuchasperceptualcortex or hippocampus,andarecapableof aperiodicdynamicsof thetype

observed in theseregionsto, for example,derive meaningfrom perceptualsenses.In thesimula-

tionspresentedin this paper, we usea discretizedversionof theK-model (describedin [15, 16])

developedfor usein large-scaleautonomousagentsimulations.

In theoriginalK model,thepurposeof theKIII setwasto modelthechaoticdynamicsobserved

in ratandrabbitolfactorysystems.[17,18, 19] KII arecapableof oscillatorybehavior, asdescribed

above. Whenthreeormoreoscillatingsystems(KII) of differentfrequenciesareconnectedthrough

positiveandnegative feedback,theincommensuratefrequenciescanresultin aperiodicdynamics.

Thedynamicsof theKIII areproducedin justthismanner, by connectingthreeor moreKII unitsof

differing frequenciestogether. TheKIII setwasnot only capableof producingtime seriessimilar

to thoseobservedin theolfactorysystemsundervaryingconditionsof stimulationandarousal,but

alsoof replicatingpower spectrumdistributionscharacteristicsof biologicalandnaturalsystems

in critical states.[20, 21]
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Thepowerspectrumis ameasureof thepowerof aparticularsignal(or timeseriesasfor example

that obtainedfrom an EEG recordingof a biological brain) at varying frequencies.The typical

powerspectrumof a ratEEG(seeFigure3, top)showsacentralpeakin the20-80Hz range,anda

1=f � form of theslope.Themeasuredslopeof thepowerspectrumvariesaround� = � 2:0. 1=f �

type power spectraareabundantin natureandarecharacteristicof critical states,betweenorder

andrandomness,atwhichchaoticprocessesoperate.Powerspectraof biologicalbrainshavebeen

observedto vary from � = � 1:0 to � = � 3:0. Theatypicalpartof theexperimentalEEGspectra

is thecentralpeak,indicatingstrongeroscillatorybehavior in the
 frequencies.This centralpeak

in the20-80Hz rangeis known asthe
 frequency band,andis associatedwith cognitiveprocesses

in biologicalbrains.TheK-modelsarecapableof replicatingthepowerspectraof biologicalEEG

signals,asshown in Figure3, bottom.[15, 12]

Power spectrumof in vivo EEGrecordingshave thetypical 1=f � slopepower spectrum,which

looks similar to systemsin critical states(except for the peakin the gammarange). Systems

in critical statesare interestingbecausethey are indicative of self-organization. They are not

tunedexternally in order to determinea critical point, naturalsystemshave no one tuning the

parameters,they organizethemselves.They arenearcritical statesin thesensethat thecollective

behavior (of neuronsin thiscase)cannotbeextrapolatedfrom behavior of theindividualelements.

Somedriving eventshave little effect on thesystembut somedriving eventscausea collapse.It

appearsthat the neuralsystemself-organizesin sucha way that ”collapse” in the critical states

areprecipitatedby signi�cant cues. In the caseof perception,theseareperceptualstimuli, like

thecritical presenceof asmallbut signi�cant numberof somemoleculesindicativeof aparticular

odorant.

Recently, a new class of chaotic behavior, called chaotic itinerancy, has been introduced
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Figure3: Thepower spectrumof a rat OlfactoryBulb EEGis simulatedwith theKA-III model.

Thecalculated“1/f ” slopeof theEEGandmodelis approximately-2.0. RatOB datafrom (Kay

04),KA powerspectrumfrom (Harter2004)
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[22, 7, 10], which is relatedto dynamicalbehavior of K-sets. Chaoticitinerancy is observed in

high-dimensionaldynamicalsystemswith trajectoriesevolving throughsuccessionsof “attractor

ruins”, with eachattractorbeingdestroyed assoonasit is reached,andthe systemcontinuously

remainsunstable,asin a searchmode.Resultsby theKIII modelindicatethatthecomplex, inter-

mittent spatio-temporaloscillationsin KIII arepossiblemanifestationsof Tsuda's attractorruins

andchaoticitinerancy in abiologicallyplausibleneuralnetwork model[5, 23].

TheKIII setsarecapableof organizingperceptualcategoriesin thefashionobservedin biological

perceptualsystems.TheKIII usedassuchapatternclassi�er is veryrobustandcompareswell with

morestandardmethodsof patternclassi�cation.[5]

3 Hippocampal Simulation

Theformationof new aperiodicattractorsappearsto bethemechanismby whichmesoscopiclevel

populationdynamicsform representationsof externalstimuli [12, 2]. Such'representations'are,

however, verydifferentin characterfrom traditionalnotionsof staticsymbolsin symbolicsystems.

For one thing, the recognitionprocessis very much a dynamicalprocess,by which noisy and

incompleteperceptions,alongwith internalstatesandexpectationsof theorganism,combineinto

a mechanismthat allows for a rapid collapseor shifting of the dynamicswhenenoughevidence

hasaccumulated.Sucharecognitioncanbeverysuddenandoccurovera largeareaof population.

And, wheninternalexpectationsbiasthe systemto look for very faint or small perceptualcues,

the resultcanbea very sensitive mechanismthatcandetectvery faint stimuli amongvery noisy

environmentalconditions.

The normal baselinebackgroundstatein perceptualsystemsappearsas a high-dimensional

chaoticattractor. Whensensoryinformation is received and impingeson the receptorsthe dy-

namicsof the neuronalpopulationsmay changedramatically. Whenthe sensoryinformationis
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rememberedasbeingsomethingexperiencedin the past,the neuronaldynamicsfall into a new

chaoticattractorthat 'represents'therecognitionof thestimuli. In biologicalEEGrecordings,at-

tractorsafterrecognizedstimuli aremoreregularandshow strongerperiodiccomponents,though

still chaotic,indicative of a lower-dimensionalchaoticstate. Failure of the perceptualsystemto

recognizethestimuli resultsin theattractorremainingin thehigh-dimensionalbasalbackground

state.If this unrecognizedstimuli coincideswith a painor pleasuresignal,a new attractorwill be

formedto capturethe'meaning' of thenew stimuli.

Thesamebasicmechanismsof attractorformationin perceptionarealsobelievedto beusedby

brainsin otherareasto form longer-termmemoryandbehavior producingstructures[24]. We use

the basicKA-III architecture,describedpreviously, to simulatethe formationof cognitive maps

in thehippocampusof anautonomousagent.Onefunctionof thehippocampusappearsto bethe

formationof long-termrepresentationsof theenvironment,which canbeusedto navigateto goal

locations,rememberwherefood sourcesandshelterarelocated,etc. Theseenvironmentalrepre-

sentationsareusuallyreferredto ascognitive maps. In this experiment,we show how aperiodic

attractorscanbeshapedandassociatedwith locationsin theagentsenvironment,in away thatwe

speculateis similar to theprocessesusedby therealhippocampusto form cognitive maps.These

attractorshave interestingspatio-temporalproperties.For example,attractorsfor locationsthat

arecloseto oneanotherwill be moresimilar to eachother than locationsfurther apart. In this

experimentwedemonstratetheformationof aperiodicattractorsin asimulatedorganism,andhow

they cancometo be associatedwith environmentallocations. This experimentdoesnot address

how suchattractorscancometo beassociatedandconnectedup to meaningfulbehaviors. Future

work is plannedto begin to link suchattractorsto theproblemsof behavior generation.We will

next show how thesetypesof representationscanbeformedin anautonomousagent,andhow they
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mightbeusedto performgoal-directednavigationandrouteplanningtasks.

3.1 Experimental Ar chitecture

In this experiment,we usedtheWebotsvirtual environmentto simulatea Kheperarobotmoving

in andlearninganenvironment[25]. Figure4 (bottomleft) shows themorphologyof theKhepera

agent.TheKheperarobotisasimpleagentthatcontains8 infra-redand8 light sensors.Thesensors

arepositionedaroundtheperipheryof thebody, with mostsensorsconcentratedin thefront of the

robot.Theagenthastwo independentlycontrolledwheelsthatallow it to moveforward,backward,

andturnleft or right in place.Theenvironmentfor thisexperimentis alsoshown in Figure4. In the

environmentwe place8 light sources,which will beusedassalientenvironmentallocations.The

light sourcescanbethoughtof aslocationsof food,or someothertypeof positive environmental

feature. The light sourcesare detectableto the agentat a distance,and the detectionrangeis

indicatedin Figure4. In additionto the8 salientenvironmentallocations,thereare4 landmarks.

Thelandmarksarealwaysdetectableto theagent,andit knowsthedistanceanddirectionto eachof

the4 landmarksaspartof its sensoryinformation.Theselandmarksprovideameansof localization

for theagent,sothatit canjudgeits relativepositionin theenvironment.

Thearchitectureof thesimulatedhippocampusis shown in Figure5. Theportionsof thearchi-

tecturethat form thecognitive mapof theenvironmentaresimulatedby a KA-III. Thesearethe

CA1, CA2 andCA3 areas,andarebasedon biologicalevidenceof thestructureof thehippocam-

pus.Thoughthemodelcapturessomeaspectsof thearchitectureof thehippocampus,many details

areomittedin themodel.TheCA3 andCA1 areaseachcontainan8x8arrayof KA-II units(for a

total of 64 units in eachCA region). TheCA2 layerhasa singleKA-II unit. Within theCA3 and

CA1 area,theKA-II areconnectedto oneanothervia lateralconnections.Eachof thefour nearest

neighborsareconnectedto oneanother(theedgeswraparoundto technicallyform a torusout of
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Figure4: Agentmorphology(bottomleft) andenvironmentalsetupfor hippocampalsimulations.

Theenvironmentcontainslandmarks,usedasallocentricreferencepointsby theagent,andsalient

environmentallocations,suchasfood sources.Theagentis only ableto detectthepresenceof a

foodsourcewhenit is within aparticularrangeof it.
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thearea).Thee1 unitsareconnectedto thefour closestneighboringe1's,andsimilarly thei 1 units

arealsoconnectedto thefour closestneighbors.

TherearevariousprojectingconnectionsbetweentheCA areas.For simplicity, theareasin this

experimenthave beenfully connectedto one another, and we indicatethis usingbi-directional

arrows in Figure5. Whena layerprojectsto anotherlayer, eachof thee1 (or sometimesi 1) units

projectsto multiple units in theotherlayer. We usea fan-outparameterto determinethe level of

connectivity. For example,if wehaveafan-outof 10betweenareasCA1 to CA3,eachunit in CA1

is connectedto 10 otherunits in CA3. Theprojectingconnectionsthat fan-outto otherareasare

chosenat random.So,in thepreviousexample,the10 projectingfan-outconnectionswould have

beenchosenat randomin thetargetCA3 layer. Thefan-outparameterfor projectingconnections

is chosenso that theareasarefairly sparselyconnected,andre�ect to somedegreetheobserved

projectingconnectivity in thebiologicalhippocampus.

Orientationbeaconsarefed into thehippocampalsimulationthroughtheDG region (Figure5,

left). TheDG layercontainsan8x8matrixof KA-0 units.Orientationsignalsfrom the4 landmarks

arefed into theDG units. Eachof the4 landmarkshas8 unitsassociatedwith thedirectionto the

landmark,and8 units associatedwith the distance.Directionsarebroken into 8 cardinalunits,

North,NorthEast,East,SouthEast,South,SouthWest,WestandNorthWest.Units aresensitive to

thedirectionof aparticularlandmark,thoughweuseagradedresponsewith anormaldistribution,

insteadof a simplewinner-takes-allcon�guration. Similarly thereare8 cardinaldistancevalues

VeryClose,Close,MediumClose,Medium, MediumFar, Far, VeryFar, Distant. Again a graded

responsewith normaldistribution is appliedto theunits.TheDG areafeedsinto theCA3 area.
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Figure5: Architectureof KA-III hippocampalsimulations.TheCA1, CA2 andCA3 areasform a

KA-III. CA1 andCA3 are8x8matricesof KA-II units.CA2 containsasingleKA-II. An example

of theCA3 layeris shown below. Eache1 unit (topsheet)is connectedto its four nearestneighbors

as is eachi 1 unit (bottomsheet). The units at the edgeshave connectionsthat wrap around,so

technicallythe sheetsform tori. The top sheetof excitatory units form KA-II with the bottom

sheetof inhibitory units by connectingwith the unit immediatelyabove/below along with two

otherunits. We show anexampleof theKA-II formationsin the lower-left andupper-right (only

two examplesof the actual64 KA-II formed are shown in the �gure). Hebbianmodi�cation

occursonly amonglateral connectionsin CA1 and CA3. Input from the landmarksfeedsinto

an 8x8 matrix of KA-0 units (DG). Projectingconnectionsbetweenthe CA1, CA2 andCA3 are

formedby fan-outconnectivity, whereeachunit fans-outandconnectswith a numberof units in

theprojectinglayer. Seetext for full description.
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3.2 Method

Learningis performedin theseexperimentsusingHebbianmodi�cation. The lateralconnections

betweenunitsin theCA1 andCA3 areasaretheonly onessubjectedto Hebbianmodi�cation. All

otherweights,including KA-II internalweightsandweightsprojectingbetweenareas,areheld

constant.All weightsareinitialized to small randomvalueswithin somerange.Themodi�cation

of the lateralconnectionsin the CA1 andCA3 areascausesthe attractordynamicsto be shaped

in responseto andby the stimulationfrom the environmentallandmarks.Hebbianmodi�cation,

however, is not turnedon constantly. Hebbianmodi�cation only occurswhentheagentis within

the detectionrangeof a environmentallocation. Proximity to a salientlocationcausesa type of

positive reinforcementsignal.Therefore,attractorsareonly shapedandaffectedwhentherobotis

in environmentallysalientregions.

We usea simplesensory-motormechanismto causewanderingandexplorationbehavior in the

agent. This explorationbehavior is not affectedby the cognitive maplearning,but we will talk

later abouthow the cognitive mapsbuilt by the agentusingaperiodicattractorsmay be usedto

performgoal-directednavigation. Thewanderbehavior is implementedusingKA-0 unitsandis

describedin. [15]

Theagentis allowedto roamin theenvironmentat randomfor 60minutes.While moving in the

environment,theagentlearnsandbuilds a cognitive map. At theendof this learningperiod,we

examinetheattractorsthathavebeenformedto discover theirproperties.

We usetwo typesof learningin the simulation,Hebbianmodi�cation as we have indicated

andhabituation.Hebbianmodi�cation only occurswhenthe robot is within a certainrangeof a

light source.Whentherobot is not within proximity to a light source,no reinforcementsignalis

produced.During thesetimeshabituationof thestimulusoccurs.This hastheeffect of lessening
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theresponseof thesimulatedhippocampusto unimportantregionsin theenvironment.[5]

Theexpectedeffectsof thissimulationwith thetwo typesof learning,Hebbianmodi�cation and

habituation,is to form 8 distinct attractors(onefor eachlocation). The aperiodicattractorswill

displaycomplex spatio-temporalcharacteristics.However, they shouldbe identi�able suchthat

whentheagentis within proximity to aparticularlocation,theobservedattractorthatis generated

in theCA1 layeris unique.Wediscusstheresultsof thissimulationnext.

3.3 Results

We �rst examinethespatio-temporalpatternsproducedin theCA3 region after learning. Figure

6 shows a representationof thespatio-temporalpatternsformedin theCA1 region. We measured

theactivity in thefollowing manner. Aroundeachof the8 locationsin theenvironmentwechose4

testpointsat randomwithin theproximity rangeof thelocations(seeFigure6 top left corner).We

placedtheagentat eachof these4 testpointsat eachof the8 locationsfor a half of a second(500

time stepsof activity). Thedistanceanddirectioninformationis fed in asinput to thesystemand

we capturetheactivity of thee1 units in theCA3 layer. Figure6, left bottom,shows anexample

of a half secondof activity capturedin thee1units in theCA1 layer in responseto testpoint a at

locationE8.

In orderto visualizethespatio-temporaldynamicsof our32tests,wesimplify ourrepresentation

of thecapturedtime series.Eachof the32 testsconsistsof 64 time serieswith 500valueseach.

We representtheamplitudeof eachof the64 units for thehalf a secondof activity by taking the

standarddeviation of the time series. This collapsesthe 8x8x500array into an 8x8x1 arrayof

amplitudevalues.Eachmeasuredstandarddeviation givesusan ideaof how active or quiescent

eachunit wasin responseto theinput from theenvironmentalbeacons.We canthenplot our 8x8

arrayof amplitudesasacontourplot, whichwehavedonein Figure6, right.
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Figure6: AmplitudeModulation(AM) patternformation(right) in theCA1 areafor thesimulation

in responseto four testpointsin proximity to eachof theeightenvironmentallocations.(Left top)

shows anexampleof 4 testpointschosenat randomin proximity to locationE8. (Left bottom)is

anexampleof a half secondof activity of thee1 units in theCA1 layer in responseto testpoint a

at locationE8. Amplitudesfor eachof these64 time serieswerecalculatedsimply by usingthe

standarddeviation. These64 measuresof amplitudewerethevaluesusedto producethecontour

mapsthatareshown. Seetext for full description.
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Figure 7: Resultof clusteranalysison AM vectors. This �gure demonstratesthat the spatio-

temporaldynamicsof the CA1 layer clusternicely into 8 attractors. The clusteranalysiswas

performedusingthe64 vectorof theamplitudesfor eachof the32 testcases(4 testpointsat each

of the8 locations).Theattractorsalsoform higher-level basinsthat capture,to someextent, the

proximity of thelocationsexperiencedin theenvironment.Seetext for full description.
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Eachcontourplot givesusanideaof thespatio-temporaldynamicsproducedin theCA1 region

in responseto theparticulartestpoint at theparticularlocations.TheAM patterncontourplots,

therefore,give us an ideaof which units aremorehighly stimulated(higheramplitudesin their

activity) in responseto which locations.ExaminingtheAM patterns,it canbeseenthatthespatio-

temporaldynamicsat eachof the8 locationsaremoresimilar to oneotherthanto patternsat the

otherlocations.This maynot beimmediatelyobviousbut, for example,if you examinethe4 test

pointsat location1 you will noticea peakof activity at the mid-bottompart of the layer units.

Othersimilarities in the dynamicsamongpointscloseto a locationmay alsobeenfound when

examiningthecontourmaps.

We canshow analyticallythat thespatio-temporaldynamicsshapedin responseto theenviron-

mentallocationsaremoresimilar to eachotherthanto thosein otherlocations. In Figure7 we

performeda standardclusteranalysisof the32 testpatterns.We treatedeach8x8 matrix asa 64

dimensionalvectorof amplitudes,andusedeuclideandistanceto measurethe closenessof the

patternsto oneanother. As shown in the�gure, eachof the4 testpointsat a locationarecloserto

eachotherthanto any point in anotherlocation. This �gure shows that, in fact, thepatternspro-

ducedwithin a regionareconsistentlymoresimilar to oneanother, thanthoseproducedin another

environmentalregion. Theattractorsalsoform higher-level basinsthatcapture,to someextent,the

proximity of thelocationsto eachotherexperiencedin theenvironment,for examplelocations8,

1 and3 andalso5, 6 and7.

4 Discussion/Conclusion

The KA-III hippocampalsimulationdescribedhereforms distinct AM patternsfor the 8 salient

environmentalregions. Thesepatternsareaperiodicspatio-temporalactivity in the CA regions.

Thecharacteristicactivity peaksin theAM patternsareconsistentwith dataknown aboutsocalled
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“place cells” that form in the hippocampus.Placecells aresinglecells that have beenobserved

to �re selectively for environmentallocation. Data on placecells have only beenrecordedfor

single-cellobservation. However, in our populationmodel, we develop characteristicpeaksof

amplitudeselectively for location.Wewouldexpectto seesimilaramplitudepatternsin biological

hippocampusasdevelopedin ourmodel,andcellsthatparticipatein thepopulationsthatarehighly

active for particularlocationswould indeedlook similar to observedplacecells[26].

Theexperimentsdiscussedin thispaperuseimmediaterewardsignalsto shapeaperiodicattrac-

torsinto a kind of cognitive map.It is known thatcognitive mapsarenot,however, really formed

in this manner. Cognitive mapscanbe formedwithout immediatereward beingdeliveredto the

animal. Thereis a typeof valuejudgmentassociatedwith suchformation,however. Being in an

unfamiliar locationheightensawarenessof the organism,a type of low-level fear or anxietyre-

sponse.Thesealteredstatesmaytriggerprocessesashave beendescribedin this paperthatguide

learning. The responsediminishesas the animalbecomesfamiliar with the environment. So a

morerealisticmechanismwould needto userecognitionandfamiliarity of thecurrentlocationto

guideandheightenthefear/anxietyresponse,whichwould in turnaffect learningof thelocation.

Learningin thehippocampusof theenvironmentallayout is soeffective that it appearsto take

only oneor two experiencesto becomememorized.This fastor one-shotlearningis alsotypical

of anotherfunctionof thehippocampus,theformationof so-calledepisodicmemories.In memo-

rizing andrecallingepisodes,ourbrainsarecapableof rememberinganepisodewith only asingle

exposureto theexperience.Of course,moreemotionallychargedexperiencestendto form much

strongerepisodicmemories.Futureresearchwith thesemodelswill aim to take thesetypesof

mechanismsmoreinto account.

The next stepin this researchis to begin to understandhow suchAM patternsmight be used
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in theserviceof goal-directednavigation. It is known that if you measuretheonsettime of place

cells in a biological brain, this time graduallyshifts backin phaseasthe animalmovesthrough

the environment[27]. This phaseshift of the onsetof the placecells may be evidenceof the

formationof navigationplanningin thebiologicalbrain. Onepossibleinterpretationis thatwhen

theanimalformsanintentionto travel to agoallocation,asequenceof AM patternscycle through

thehippocampus.This sequencecanbe interpretedassequencesof locationstheanimalintends

to visit, from thecurrentoneto thenext one,etc. in orderto reachthegoal. As theanimalmoves

throughthe environment,its ideaof the currentlocationchanges,andthusthis whole sequence

shifts backin phasein real-timeto representthe next few intendedstepsthe animal is planning

to take. For this typeof mechanismto beorganized,theAM patternsmustnot simply form in an

isolatedway, but connectionsbetweenadjacentlocationsmustbeincorporatedinto themechanism.

If theagentlearnswhich AM patternsareco-locatedto which others,it maybepossibleto setup

sucha mechanismto producea goal-directedplanningfor navigating in theenvironment. These

transitionalassociationsmay be producedby a hierarchicalorganization,wheredifferent areas

form dynamicsthat associatebetweenthe spatio-temporaldynamicsof locationrepresentations.

We arecurrentlyexamininghow suchan associationaldynamicsmight be learnedandusedto

perform navigation. The transitionbetweenthe aperiodicattractorsmay resemblethe chaotic

itinerancy phenomenon[10].

Theself-organizationof spatio-temporalpatternsin nonlinearsystemsareessentialto cognitive

mechanismsin biologicalbrains.We needto betterunderstandhow suchmechanismsoperatein

orderto build bettermodelsof cognitionandsmarterautonomousagents.This paperhasdemon-

stratedonesuchself-organizationalmechanismfor thecreationof AM patternsin acognitivemap

of anagentsenvironment.
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