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Abstract

Whenwe look at the dynamicsproducedby biological neuronalpopulationswe areimme-
diately struck by the factthat aperiodic,chaoticlike dynamics,appearto be the normal op-
eratingstateof suchsystems.Recentwork hasshavn that suchaperiodicdynamics,at least
in perceptuabystemsmay not only be the resultof randomperturbationgxperiencedy the
systemfrom externalstimulation,but thatthe brainitself generatesperiodicdynamicsn or-
derto dealmore e xibly andreliably with noisyernvironmentalstimulation.Comple systems
conceptsarehelpingusto understandhe propertiesof nonlinearsystemshatarefundamen-
tal for the emepgenceof comple spatio-temporapatternan naturalandbiological systems.
Advancesin neurosciencand computationaheurodynamicsre applyingtheseconceptsof
self-olganizationto understandinghe spatio-temporapatternsobsenedin biological brains.
In this papemwe introducea neuralpopulationmodelthatis capableof replicatingthe genera-
tion of thesetypesof aperiodicdynamicsobseredin biological brains. We usethe modelto
self-olganizecognitve mapsin an autonomousagentthroughthe agentsinteractionwith its
ernvironment.We shav how suchhigh-dimensionaspatio-temporatlynamicsmay be shaped
by ervironmentalinput andlearningto form chaoticattractorghatcometo representmean-

ings' for theagent.We discusshow theinternalgeneratiorof suchaperiodicdynamicanayaid



in the formationandrecognitionof suchnoisy ervironmentalstimuli in biological organisms

in generakndin our simulatedagentsspeci cally.
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1 Intr oduction

Someresearchers dynamicalcognitionandneurodynamictiave speculatean the possibilities
that aperiodic,chaotic-like dynamicsmay play in the role of adaptve behaior [1, 2, 3, 4, 5].
Chaoticdynamicshave beenobseredin the formationof perceptuaktatesof the olfactorysense
in rabbits[1]. Mathematicatheoriesof the noncowvergentneurodynamic®f perceptiorandde-
cisionmakinghave beenproposedasedon the principlesof the olfactoryneurodynamic$6, 7].
Otherresearcherbave analyzedactiity patternsof primateandhumancortex andreportedon the

dynamicsof large-scaleneuralorganization[8, 9].

SkardaandFreemarjl] have speculatedhatchaosmayplay afundamentatolein theformation
of perceptualmeanings' thatisin learningpatternghathave signi canceto theorganismwhether
harmful or bene cial. Chaosprovidesthe right blend of stability and e xibility neededby the
system,with swift and robust transitionsfrom one cognitive stateto the otherusing rst order
phasetransitions. Accordingto Skardaand Freemanthe normalbackgroundactvity of neural
systemss a chaoticstate. In the perceptuakystemsjnput from the sensorsaaswell asinternal
feedbackperturbsthe neuronalensembledrom the chaoticbackground. The resultis that the
systemtransitionsinto a new attractorthat representshe 'meaning' of the sensoryinput to the

organism,giventhe context of the stateof the organismandits ervironment.

The normal chaotic backgroundstateis not like noise. Noise cannotbe easily stoppedand
started,whereaschaoscan essentiallyswitch immediatelyfrom one attractorto another Also,
aperiodicspatio-temporatlynamicsmay play animportantrole in the rapid learningabilities of
biological organisms. The chaoticbackgroundstateessentiallyoffers mary choicesof attractors
thatcanbe rapidly shapedoy small synapticchangego form relevantattractorbasins. This type

of dynamicsmay be a key propertyin the e xible productionof behaior in biological organisms

February22,2005 1



AperiodicDynamicsandCognitive Maps Harter Kozma

[2].

The study of nonlineardynamicshasexpandedin all areasof sciencein the pastdecadedor
mary reasons.Nonlineardynamicsprovide nev conceptualnd theoreticaltools that allow us
to understandcand examine complex phenomenadhat we have never beenableto modelbefore.
Nonlineardynamicsshav up everywhere,in physical systemssuchaselectricalcircuits, lasers,
optical and chemicalsystems. Suchdynamicsare especiallyprevalentin the biological world,
from fractal growth patternsin biological developmentto the self-olganizing characteristicof
populationrmodels andtheimportancen regulatinghealtty biologicalrhythmssuchasthebeating

of theheart.

Nonlinear systemsin critical stateshave mary interestingproperties. Phenomenorsuch as
stochasticand chaoticresonancere known which enablesuch systemsto detectthe presence
of sighalsmuchbetterin noisy ervironmentsthanlinear systemsare capableof doing[5]. Their
greatestinterestlies, however, in their fundamentakelationshipto self-oiganizationand emer
genceof comple patternsandbehaiors in complex ervironments.Aperiodicdynamicsareboth

anindicationof anda mechanisnior the emegenceof suchself-oiganizingproperties.

Insightsin nonlinearsystemsheoryarebeginningto be appliedto understandinghe dynamics
of the brains,and how suchprocessegproducecognition[2, 10, 11]. Aperiodic dynamicsare
believed to play a fundamentakole in the mechanismgor the self-oiganizationof meaningin
mammaliarperceptuasystemgl, 12]. Neurologicakvidencehasshavn thatperceptuameanings
(of recognizedsmells)are createdthroughthe formationand dissolutionof chaoticattractorsin
theolfactorybulb. We will discusghis exampleof the self-oiganizationof a perceptuapatternof
meaning We usethistypeof organizationin aperiodicsystemdo modeltheformationof cognitive

mapsin the hippocampu®f biologicalorganisms.
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2 K-Sets: A Neurodynamical Population Model of Brain Dynamics

2.1 Aperiodic Dynamicsin Olfactory Systems

In their in uential paper Skardaand Freemararguedthat chaos,asan emepgentpropertyof in-
trinsically unstableneuralmassesis very importantto braindynamicg1]. In experimentscarried
out on the olfactory systemof trainedrabbits,Freemanvasableto demonstrateéhe presencef
chaoticdynamicsin EEG recordingsand mathematicamodels. In theseexperiments Freeman
andassociatesonditionedrabbitsto recognizesmells,andto respondwith particularbehaiors
for particularsmells(e.g. to lick or chew). They performedEEG recordingsof the actiity in the

olfactorybulb, beforeandaftertrainingfor thesmells.

The EEG recordingsrevealedthatin factchaoticdynamics,asshavn by the obsered strange
attractorsrepresentethe normal statewhenthe animalwas attentve, in the absencef a stim-
ulus. Thesepatternsunderwenta dramatic(nonlinear)transitionwhen a familiar stimuluswas
presentecndthe animaldisplayedrecognitionof a previously storedmemory througha beha-
ioral response The patternof actvity changedyery rapidly, in responseo the stimulusin both
spaceandtime. The newv dynamicalpatternwasmuchmoreregularandorderedyery muchlike
a limit cycle, thoughstill chaoticof alow dimensionalorder The spatialpatternof this actvity
represente@ well de ned structurethat wasuniquefor eachtype of odor that was perceptually
signi cant to the animal (e.g. conditionedto recognize).Figure 1 shavs an exampleof sucha
recordedpatternafterrecognitionof a stimuli of the EEG signalsandthe associated¢ontourmap.
In this gure afterrecognitionall of theEEGwavesare ring in phasewith acommonfrequeng
which Freemarcalledthe carrierwave. The patternof recognitionis encodedn the heights(am-
plitude modulationspf theindividual areas.The amplitudepatternsthoughregular, arenot exact

limit cyclesand exhibit low dimensionalchaos. In otherwords, differentlearnedstimuli were
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Figurel: EEG carrierwave patterngleft) andcontourmap (right) of olfactorycortex actwity in

responséo arecognizedsmellstimulus(from Freeman1991,p. 80)

storedas a spatio-temporapatternof neuralactvity, andthe strangeattractorcharacteristicof
the attentionstate(beforerecognition)wasreplacedby a nen, more orderedattractorrelatedto
therecognitionprocess.Each(strange)attractorwasthusshawn to belinkedto the behaior the

systemsettlesinto whenit is underthein uence of a particularfamiliarinputodorant.

Figure2 shavsthe effectson the spatialattractorpatterndueto learning.Every time anew odor
waslearnedby the animal,all of the existing attractorpatternschangedIn this gure the contour
patternof activity for sawdustis shavn (beforelearningthebananador)ontheleft, for the newly
learnedbananaodor (center),andthenagain for savdust(right, afterleaningnewv bananaodor).
Thesemapsare snapshot®f the EEG activation of an 8x8 grid of electrodeamplantedin the

olfactorybulb. Noticethatthe spatialpatternfor savdustno longerresemble#s previouspattern.

How, then,do we know that the right mostpatterndoesin fact capturesomemeaningto the
animalaboutthe savdustodor? We only know this throughbehaioral obseration. The animal
wastrainedto producesomebehaior whenit recognizeda smell (suchaslicking in responseo
savdustodor), and rewardedwhenit displayedthe appropriatebehaior for the stimuli (by be-
ing givenfood, for example). As externalobserersof boththe behaior of the organismandthe
internaldynamicsof the olfactoryregion of the animalsbrain,we only know thatthe EEG activa-

tion patterncapturedn theolfactorybulb hassomeassociatiorwith the savdustodorbecausehe
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Figure2: Changen contourmapsof olfactorybulb actvity with the introductionof a nev smell
stimulus(from Freeman,1991,p. 81). Left, snapshobf activation after recognitionof savdust
order Centey activation of samepopulationsafter learningbananaorder Right, activation of

populationfor samesavdustorderafterlearningnewv bananarder

animalreliably displaysthe externally conditionedoehaior wheneer the EEG patternis formed.

Anotherinterestingquestionis, given thatthe savdustpatternchangeso drasticallyuponfor-
mation of a new attractorin the olfactory bulb, how is it that the behaioral responsaemains
associatedvith the now deformedattractordynamicsfor savdust? The answerto this question
is certainlynot completelyknown yet. The existing attractorsaremodi ed whena new attractor
is formed, but they arenot destreyed. So the dynamicswe obsere asAM patternsin the EEG
signalscanlook very different,but this only representsa squeezingr stretchingof the attractor
Somehwv partsof the attractorremaininvariantsuchthat otherportionsof the brain (e.g. those
responsibldor thegeneratiorof behaior in responseo the stimuli) recognizeandreactto them.

Wheneer an odor becomesneaningfulin someway, changesn the synapticconnectionse-
tweenneuronsn differentpartsof the olfactorycortex take place. Justasin the Hop eld model
andotherneuralnetworks,thesechangesreableto createanothemattractor andall existing attrac-
torsaremodi ed asaresultof this learning. However, in real brains,the attractorsof perceptual

meaningarenot simplepoint attractorsput arespeci ¢ strangeattractors.

Freemansuggestsan act of perceptionconsistsof an explosive leap of the dynamicsystem
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from the basinof one(high dimensionaljn theattentve state)chaoticattractorto another(low di-
mensionaktateof recognition)’[12]. Theseresultssuggesthatthe brainmaintainsmary chaotic
attractorspnefor eachodorantananimalor humanbeingcandiscriminate.Freemarand Skarda
speculaten mary reasonsvhy thesechaoticdynamicsmay be advantageous$or perceptuatate-
gorization.For one,chaoticactvity continuallyproducesovel actvity patternsvhich canprovide
asourceof e xibility in theindividual. But sincechaoss a orderedstate,such e xibility is under
control. As Kelsoremarkq13], such uctuationscontinuouslyprobethesystemallowing it to feel
its stability and providing opportunitieso discover new patterns.Anotheradvantageof chaosis
thatit allows for very rapid switchingbetweenattractorsywhich randomactvity is notableto do.

Freemaralsoproposedhatsuchpatternsarecrucialto the developmentof nene cell assemblies.

2.2 K-Set Model of Aperiodic Dynamics

TheK-sethierarcly, developedby Freemarandassociatefl4, 2, 1, 12],is bothamodelof neural
populationdynamicsand a descriptionof the architecturesisedby biological brainsfor various
functionalpurposesTheoriginal purposeof the K-setwasto modelthedynamicsobseredin the
olfactoryperceptuasystem.Thelowestlevel of thehierarcly, the KO set,providesabasicunit that
modelsthe dynamicsof a local populationof tensof thousand®f neurons.The dynamicsof the
KO setaredescribedoy a secondorderordinarydifferentialequationfeedinginto anasymmetric

sigmoidfunction:

2
ab” W+ @+ ™V v x = 10 )

This equationwasdeterminedoy measuringhe electricalresponsesf isolatedneuralpopula-
tions to stimulationand other conditions. The a and b parametersare time constantghat were

determinedhroughsuchphysiologicalexperimentsx(t) is the pulsedensityof the modeledneu-
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ral population,in otherwordsthe averagenumberof neuronghatare pulsingin the populationat
ary givenpointin time. f (t) is anonlinearasymmetricsigmoidfunctiondescribingthein uence

of incomingactiation,andis givenin equation2.

e 1

f)=k1 exp —

)] (2)

A KO unit modelsthe dynamicsof anisolatedneuralpopulation.FromthebasicKO unit canbe
built up architectureshatcapturethe obseneddynamicsof increasinglylargerfunctionalbrainar
eas.TheKI modelsexcitatory-inhibitoryfeedbackpopulationsKIl modelsinteractingexcitatory-
inhibitory populationsandcorrespondo organizedbrainregionssuchasthe olfactorybulb (OB)
or the prepyriform cortex (PC).KIlIl combine3 or moreKIl populationgo modelfunctionalbrain
areassuchasperceptuatortex or hippocampusandarecapableof aperiodicdynamicsof thetype
obseredin theseregionsto, for example,derve meaningfrom perceptuakensesin the simula-
tions presentedn this paper we usea discretizedversionof the K-model (describedn [15, 16])

developedfor usein large-scaleautonomousgentsimulations.

In theoriginal K model,the purposeof theKIll setwasto modelthechaoticdynamicsobsenred
in ratandrabbitolfactorysystems[17,18, 19] KII arecapableof oscillatorybehaior, asdescribed
above. Whenthreeor moreoscillatingsystemgKIl) of differentfrequenciesreconnectedhrough
positve andnegative feedbacktheincommensuratéequenciesanresultin aperiodicdynamics.
Thedynamicsof theKIll areproducedn justthismanneyby connectinghreeor moreKIl unitsof
differing frequenciesogether TheKlll setwasnotonly capableof producingtime seriessimilar
to thoseobsenredin theolfactorysystemsindervarying conditionsof stimulationandarousalput
alsoof replicatingpower spectrumdistributions characteristic®f biological andnaturalsystems

in critical states[20, 21]
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Thepowerspectrums ameasuref thepower of aparticularsignal(or time seriesasfor example
that obtainedfrom an EEG recordingof a biological brain) at varying frequencies.The typical
power spectrunof arat EEG (seeFigure3, top) shavs a centralpeakin the20-80Hz range anda
1=f form of theslope.Themeasuredlopeof thepowerspectrunvariesaround = 2:0. 1=f
type power spectraare abundantin natureandare characteristiof critical statesbetweenorder
andrandomnessatwhich chaoticprocessesperate Pover spectraof biologicalbrainshave been
obseredtovaryfrom = 1.0to = 3:0. Theatypicalpartof theexperimentaEEG spectra
is the centralpeak,indicatingstrongeroscillatorybehaior in the frequenciesThis centralpeak
in the20-80Hz rangeis known asthe frequeng band,andis associateavith cognitive processes
in biologicalbrains.The K-modelsarecapableof replicatingthe power spectraof biological EEG

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

Power spectrunof in vivo EEG recordingshave thetypical 1=f  slopepower spectrumwhich
looks similar to systemsin critical states(exceptfor the peakin the gammarange). Systems
in critical statesare interestingbecausehey are indicatve of self-oiganization. They are not
tunedexternally in orderto determinea critical point, naturalsystemshave no one tuning the
parametersthey organizethemseles. They arenearcritical statesn the sensehatthe collective
behaior (of neuronsn this case)cannotbe extrapolatedrom behaior of theindividual elements.
Somedriving eventshave little effect on the systembut somedriving eventscausea collapse. It
appearghat the neuralsystemself-oiganizesin sucha way that "collapse”in the critical states
are precipitatedby signi cant cues. In the caseof perceptiontheseare perceptuaktimuli, like
thecritical presencef a smallbut signi cant numberof somemoleculesndicative of a particular

odorant.

Recently a new classof chaotic behaior, called chaotic itinerang, has beenintroduced
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[22, 7, 10], which is relatedto dynamicalbehaior of K-sets. Chaoticitinerany is obseredin
high-dimensionatlynamicalsystemswith trajectoriesevolving throughsuccessionsf “attractor
ruins”, with eachattractorbeingdestrgyed assoonasit is reachedandthe systemcontinuously
remainsunstableasin a searchmode.Resultsby theKlll modelindicatethatthe comple, inter-
mittent spatio-temporabscillationsin Klll are possiblemanifestation®f Tsudas attractorruins
andchaoticitinerang in abiologically plausibleneuralnetwork model[5, 23].

TheKIll setsarecapableof organizingperceptuatategoriesin thefashionobseredin biological
perceptuasystemsTheKIll usedassuchapatternclassi eris veryrobustandcomparesvell with

morestandardnethodof patternclassi cation.[5]

3 Hippocampal Simulation

Theformationof new aperiodicattractorsappearso bethemechanisniby whichmesoscopitevel
populationdynamicsform representationsf externalstimuli [12, 2]. Such'representationsare,
however, very differentin charactefrom traditionalnotionsof staticsymbolsin symbolicsystems.
For onething, the recognitionprocesss very much a dynamicalprocess by which noisy and
incompleteperceptionsalongwith internalstatesandexpectationf the organism,combineinto
a mechanisnthatallows for a rapid collapseor shifting of the dynamicswhenenoughevidence
hasaccumulatedSucharecognitioncanbevery sudderandoccurover alargeareaof population.
And, wheninternal expectationshiasthe systemto look for very faint or small perceptuakues,
theresultcanbe a very sensitve mechanisnthat candetectvery faint stimuli amongvery noisy
ervironmentalconditions.

The normal baselinebackgroundstatein perceptualsystemsappearsas a high-dimensional
chaoticattractor When sensoryinformationis receved and impingeson the receptorsthe dy-

namicsof the neuronalpopulationsmay changedramatically Whenthe sensoryinformationis
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remembereds being somethingexperiencedn the past,the neuronaldynamicsfall into a nev
chaoticattractorthat'representsthe recognitionof the stimuli. In biological EEGrecordingsat-
tractorsafterrecognizedstimuli aremoreregularandshawv strongermeriodiccomponentsthough
still chaotic,indicatve of a lower-dimensionakchaoticstate. Failure of the perceptuakystemto
recognizethe stimuli resultsin the attractorremainingin the high-dimensionabasalbackground
state.If this unrecognizedtimuli coincideswith a painor pleasuresignal,a new attractorwill be

formedto capturethe'meaning’ of thenew stimuli.

The samebasicmechanismsf attractorformationin perceptiorarealsobelievedto be usedby
brainsin otherareago form longertermmemoryandbehaior producingstructureg§24]. We use
the basicKA-1ll architecturedescribedoreviously, to simulatethe formationof cognitive maps
in the hippocampu®f anautonomousgent.Onefunction of the hippocampusppeargo bethe
formationof long-termrepresentationsf the environment,which canbe usedto navigateto goal
locations,remembemherefood sourcesandshelterarelocated,etc. Theseernvironmentalrepre-
sentationsare usuallyreferredto ascognitve maps. In this experiment,we shav how aperiodic
attractorscanbe shapedandassociateavith locationsin theagentsernvironment,in away thatwe
speculates similar to the processesisedby the real hippocampuso form cognitive maps.These
attractorshave interestingspatio-temporaproperties. For example, attractorsfor locationsthat
are closeto one anotherwill be moresimilar to eachotherthanlocationsfurther apart. In this
experimentwe demonstrat¢éheformationof aperiodicattractorsn a simulatedorganism,andhow
they cancometo be associatedvith ervironmentallocations. This experimentdoesnot address
how suchattractorscancometo be associateéndconnectedip to meaningfulbehaiors. Future
work is plannedto begin to link suchattractorsto the problemsof behaior generation.We will

next shav how thesetypesof representationsanbeformedin anautonomousigentandhow they
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might be usedto performgoal-directechavigationandrouteplanningtasks.
3.1 Experimental Architecture

In this experiment,we usedthe Webotsvirtual environmentto simulatea Kheperarobot moving
in andlearninganervironment[25]. Figure4 (bottomleft) shavs themorphologyof the Khepera
agent.TheKheperaobotis asimpleagenthatcontains8 infra-redand8 light sensorsThesensors
arepositionedaroundthe peripheryof the body, with mostsensorgoncentratedh thefront of the
robot. Theagenthastwo independentlgontrolledwheelsthatallow it to move forward,backward,
andturnleft or rightin place.Theenvironmentfor this experimentis alsoshovnin Figure4. In the
environmentwe place8 light sourceswhichwill be usedassalienternvironmentallocations.The
light sourcescanbethoughtof aslocationsof food, or someothertype of positive ervironmental
feature. The light sourcesare detectableo the agentat a distance,and the detectionrangeis
indicatedin Figure4. In additionto the 8 salientervironmentallocations,thereare4 landmarks.
Thelandmarksarealwaysdetectabléo theagentandit knowsthedistanceanddirectionto eachof
the4 landmarksaspartof its sensorynformation. Thesdandmarkgprovide ameanof localization

for theagent,sothatit canjudgeits relative positionin the ernvironment.

The architectureof the simulatedhippocampuss shavn in Figure5. The portionsof the archi-
tecturethat form the cognitive map of the ervironmentaresimulatedby a KA-IlIl. Thesearethe
CA1, CA2 andCA3 areasandarebasedn biological evidenceof the structureof the hippocam-
pus. Thoughthemodelcapturesomeaspect®f thearchitecturef thehippocampusnary details
areomittedin themodel. The CA3 andCA1 areaseachcontainan8x8 arrayof KA-1l units(for a
total of 64 unitsin eachCA region). The CA2 layerhasa singleKA-1l unit. Within the CA3 and
CA1l areatheKA-II areconnectedo oneanothervia lateralconnectionsEachof thefour nearest

neighborsareconnectedo oneanother(the edgeswrap aroundto technicallyform a torusout of
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Figure4: Agentmorphology(bottomleft) andervironmentalsetupfor hippocampakimulations.
Theenvironmentcontaindandmarksusedasallocentricreferenceointsby theagentandsalient
environmentallocations,suchasfood sources.The agentis only ableto detectthe presencef a

food sourcewhenit is within a particularrangeof it.
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thearea).Thee; unitsareconnectedo thefour closesineighboringe;'s, andsimilarly thei; units

arealsoconnectedo thefour closesneighbors.

Therearevariousprojectingconnectiondetweerthe CA areas.For simplicity, theareadn this
experimenthave beenfully connectedo one another and we indicatethis using bi-directional
arrovs in Figure5. Whena layer projectsto anotherdayer, eachof thee; (or sometimes;) units
projectsto multiple unitsin the otherlayer We usea fan-outparameteto determinethe level of
connectity. For example,if we have afan-outof 10 betweerareasCA1to CA3, eachunitin CA1
is connectedo 10 otherunitsin CA3. The projectingconnectionghatfan-outto otherareasare
chosematrandom.So,in the previous example,the 10 projectingfan-outconnectionsvould have
beenchoserat randomin thetarget CA3 layer. Thefan-outparametefor projectingconnections
is chosensothatthe areasarefairly sparselyconnectedandre ect to somedegreethe obsered

projectingconnectvity in the biologicalhippocampus.

Orientationbeaconsarefed into the hippocampakimulationthroughthe DG region (Figure5,
left). TheDG layercontainsan8x8 matrixof KA-0 units. Orientationsignalsfrom the4 landmarks
arefed into the DG units. Eachof the4 landmarkshas8 unitsassociatedvith the directionto the
landmark,and 8 units associatedvith the distance.Directionsare broken into 8 cardinalunits,
North, NorthEast East,SouthEastSouth,SouthWest, WestandNorthWest. Units aresensitve to
thedirectionof a particularlandmark thoughwe useagradedesponsevith anormaldistribution,
insteadof a simplewinnertakes-allcon guration. Similarly thereare8 cardinaldistancevalues
VeryClose,Close,MediumClose Medium, MediumFar, Far, VeryFar, Distant. Again a graded

responsevith normaldistributionis appliedto theunits. The DG areafeedsinto the CA3 area.
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Figure5: Architectureof KA-IlIl hippocampakimulations.The CA1, CA2 andCA3 areaform a
KA-Ill. CA1 andCAS3 are8x8 matricesof KA-1I units. CA2 containsasingleKA-Il. An example
of theCA3 layeris shavn belov. Eache; unit (top sheet)s connectedo its four nearesheighbors
asis eachi; unit (bottomsheet). The units at the edgeshave connectionghat wrap around,so
technicallythe sheetsform tori. The top sheetof excitatory units form KA-Il with the bottom
sheetof inhibitory units by connectingwith the unit immediatelyabove/belav alongwith two
otherunits. We shav an exampleof the KA-II formationsin the lower-left andupperright (only
two examplesof the actual 64 KA-Il formed are shavn in the gure). Hebbianmodi cation
occursonly amonglateral connectiondn CA1 and CA3. Input from the landmarksfeedsinto
an 8x8 matrix of KA-0 units (DG). Projectingconnectiondbetweenthe CAl, CA2 andCA3 are
formedby fan-outconnectvity, whereeachunit fans-outandconnectswvith a numberof unitsin

the projectinglayer. Seetext for full description.
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3.2 Method

Learningis performedin theseexperimentsusingHebbianmodi cation. Thelateralconnections
betweerunitsin the CA1 andCA3 areasarethe only onessubjectedo Hebbianmodi cation. All
otherweights,including KA-Il internalweightsand weightsprojectingbetweenareas are held
constantAll weightsareinitialized to smallrandomvalueswithin somerange.Themodi cation
of the lateralconnectionsn the CA1 and CA3 areascauseghe attractordynamicsto be shaped
in responsdo andby the stimulationfrom the ervironmentallandmarks.Hebbianmodi cation,
however, is not turnedon constantly Hebbianmodi cation only occurswhenthe agentis within
the detectionrangeof a ervironmentallocation. Proximity to a salientlocationcausesa type of
positive reinforcemensignal. Therefore attractorsareonly shapedandaffectedwhentherobotis

in ervironmentallysalientregions.

We usea simplesensory-motomechanisno causevanderingandexplorationbehaior in the
agent. This explorationbehaior is not affectedby the cognitve maplearning,but we will talk
later abouthow the cognitive mapshbuilt by the agentusingaperiodicattractorsmay be usedto
performgoal-directechavigation. The wanderbehaior is implementedusing KA-O unitsandis

describedn. [15]

Theagents allowedto roamin theervironmentat randomfor 60 minutes.While moving in the
ervironment,the agentlearnsandbuilds a cognitve map. At the endof this learningperiod,we

examinetheattractorghathave beenformedto discover their properties.

We usetwo typesof learningin the simulation, Hebbianmodi cation as we have indicated
andhabituation.Hebbianmodi cation only occurswhenthe robotis within a certainrangeof a
light source.Whentherobotis not within proximity to a light source no reinforcemensignalis

produced.During thesetimeshabituationof the stimulusoccurs. This hasthe effect of lessening
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therespons®f the simulatedhippocampuso unimportantregionsin the ervironment.[5]

The expectedeffectsof this simulationwith thetwo typesof learning,Hebbianmodi cation and
habituation,is to form 8 distinct attractors(onefor eachlocation). The aperiodicattractorswill
display comple spatio-temporatharacteristics However, they shouldbe identi able suchthat
whenthe agentis within proximity to a particularlocation,the obseredattractorthatis generated

in the CA1 layeris unique.We discusgheresultsof this simulationnext.
3.3 Results

We rst examinethe spatio-temporapatternsproducedn the CA3 region afterlearning. Figure
6 shawvs arepresentationf the spatio-temporapatterndormedin the CA1 region. We measured
theactwity in thefollowing manner Aroundeachof the 8 locationsin theernvironmentwe chose4
testpointsatrandomwithin the proximity rangeof thelocations(seeFigure6 top left corner).We
placedthe agentat eachof these4 testpointsat eachof the 8 locationsfor a half of asecond 500
time stepsof actwity). Thedistanceanddirectioninformationis fed in asinputto the systemand
we capturethe actvity of the e; unitsin the CA3 layer Figure6, left bottom,shovs anexample
of a half secondof actwity capturedn theelunitsin the CAl layerin responséo testpointa at

locationES.

In orderto visualizethe spatio-temporallynamicsof our 32 testswe simplify ourrepresentation
of the capturedime series.Eachof the 32 testsconsistsof 64 time serieswith 500 valueseach.
We representhe amplitudeof eachof the 64 unitsfor the half a secondof actity by takingthe
standarddeviation of the time series. This collapseghe 8x8x500array into an 8x8x1 array of
amplitudevalues. Eachmeasuredtandarddeviation givesus anideaof how active or quiescent
eachunit wasin responséo the input from the environmentalbeaconsWe canthenplot our 8x8

arrayof amplitudesasa contourplot, which we have donein Figure6, right.
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Figure6: AmplitudeModulation(AM) patternformation(right) in the CA1 areafor thesimulation
in responséo four testpointsin proximity to eachof the eightenvironmentallocations.(Left top)
shavs anexampleof 4 testpointschoserat randomin proximity to locationE8. (Left bottom)is
anexampleof a half secondof actwvity of thee; unitsin the CAl layerin responséo testpointa
atlocationE8. Amplitudesfor eachof these64 time serieswere calculatedsimply by usingthe
standarddeviation. These64 measuresf amplitudewerethe valuesusedto producethe contour

mapsthatareshavn. Seetext for full description.
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Figure 7: Resultof clusteranalysison AM vectors. This gure demonstrateshat the spatio-
temporaldynamicsof the CA1 layer clusternicely into 8 attractors. The clusteranalysiswas
performedusingthe 64 vectorof theamplitudedor eachof the 32 testcaseg4 testpointsateach
of the 8 locations). The attractorsalsoform higherlevel basinsthat capture to someextent, the

proximity of thelocationsexperiencedn the ervironment.Seetext for full description.
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Eachcontourplot givesusanideaof the spatio-temporatlynamicsproducedn the CA1 region
in responseéo the particulartestpoint at the particularlocations. The AM patterncontourplots,
therefore,give us anideaof which units are more highly stimulated(higheramplitudesin their
activity) in responseo which locations.Examiningthe AM patternsijt canbeseenhatthe spatio-
temporaldynamicsat eachof the 8 locationsaremoresimilar to oneotherthanto patternsat the
otherlocations.This may not beimmediatelyobvious but, for example,if you examinethe 4 test
pointsat location 1 you will notice a peakof actvity at the mid-bottompart of the layer units.
Othersimilaritiesin the dynamicsamongpoints closeto a location may also beenfound when
examiningthe contourmaps.

We canshawv analyticallythatthe spatio-temporatlynamicsshapedn responsdo the erviron-
mentallocationsare more similar to eachotherthanto thosein otherlocations. In Figure7 we
performeda standarcclusteranalysisof the 32 testpatterns.We treatedeach8x8 matrix asa 64
dimensionalvector of amplitudes,and usedeuclideandistanceto measurehe closenes®f the
patterndo oneanother As shavn in the gure, eachof the 4 testpointsat alocationarecloserto
eachotherthanto ary pointin anotherocation. This gure shavs that,in fact, the patterngpro-
ducedwithin aregion areconsistentlynoresimilarto oneanotheythanthoseproducedn another
ervironmentalregion. Theattractorsalsoform higherlevel basinghatcapturefo someextent,the
proximity of the locationsto eachotherexperiencedn the ervironment,for examplelocations8,

1 and3 andalso5, 6 and?.

4 Discussion/Conclusion

The KA-IIl hippocampakimulationdescribedhereforms distinct AM patternsfor the 8 salient
environmentalregions. Thesepatternsare aperiodicspatio-temporahctity in the CA regions.

Thecharacteristiactivity peaksn the AM patternsareconsistenwith dataknovn aboutsocalled
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“place cells” thatform in the hippocampus.Placecells are single cells that have beenobsenred
to re selectvely for ervironmentallocation. Dataon placecells have only beenrecordedfor
single-cellobsenation. However, in our populationmodel, we develop characteristigpeaksof
amplitudeselectvely for location.We would expectto seesimilaramplitudepatternsn biological
hippocampusasdevelopedn ourmodel,andcellsthatparticipaten the populationghatarehighly

active for particularlocationswould indeedlook similar to obsenedplacecells[26].

The experimentgliscussedh this paperuseimmediatereward signalsto shapeaperiodicattrac-
torsinto a kind of cognitive map. It is known thatcognitve mapsarenot, however, really formed
in this manner Cognitve mapscanbe formedwithout immediatereward beingdeliveredto the
animal. Thereis atype of valuejudgmentassociatedvith suchformation,however. Beingin an
unfamiliar location heightensawarenes®f the organism,a type of low-level fear or anxietyre-
sponseThesealteredstatesnaytrigger processeashave beendescribedn this paperthatguide
learning. The responsaliminishesasthe animal becomedamiliar with the ervironment. So a
morerealisticmechanisnwould needto userecognitionandfamiliarity of the currentlocationto

guideandheighternthefear/anxietyresponsewhich wouldin turn affectlearningof thelocation.

Learningin the hippocampu®f the environmentallayoutis so effective thatit appeargo take
only oneor two experienceso becomememorized.This fastor one-shotearningis alsotypical
of anotherfunction of the hippocampusthe formationof so-calledepisodicmemories.In memo-
rizing andrecallingepisodespur brainsarecapableof rememberinginepisodewith only asingle
exposureto the experience.Of course moreemotionallychagedexperiencegendto form much
strongerepisodicmemories. Futureresearchwith thesemodelswill aim to take thesetypesof

mechanismsnoreinto account.

The next stepin this researchs to begin to understandhow suchAM patternsmight be used
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in the serviceof goal-directechavigation. It is known thatif you measurehe onsettime of place
cellsin a biological brain, this time graduallyshifts backin phaseasthe animalmovesthrough
the ervironment[27]. This phaseshift of the onsetof the place cells may be evidenceof the
formationof navigation planningin the biologicalbrain. Onepossibleinterpretations thatwhen
theanimalformsanintentionto travel to agoallocation,asequencef AM patternscycle through
the hippocampusThis sequenc&anbe interpretedassequencesf locationsthe animalintends
to visit, from the currentoneto the next one,etc. in orderto reachthe goal. As theanimalmoves
throughthe ervironment, its ideaof the currentlocation changesandthusthis whole sequence
shifts backin phasein real-timeto representhe next few intendedstepsthe animalis planning
to take. For this type of mechanisnio be organized,the AM patternamustnot simply form in an
isolatedway, but connectionbetweeradjacentocationsmustbeincorporatednto themechanism.
If theagentiearnswhich AM patternsareco-locatedo which others,it maybe possibleto setup
sucha mechanisnto producea goal-directecblanningfor navigatingin the ervironment. These
transitionalassociationsnay be producedby a hierarchicalorganization,where differentareas
form dynamicsthat associatdetweenthe spatio-temporatlynamicsof locationrepresentations.
We are currently examining howv suchan associationatlynamicsmight be learnedand usedto
perform navigation. The transition betweenthe aperiodicattractorsmay resemblethe chaotic

itinerany phenomenoifiL0].

The self-oilganizationof spatio-temporgbatternsn nonlinearsystemsareessentiato cognitve
mechanism#n biological brains. We needto betterunderstandhow suchmechanismsperaten
orderto build bettermodelsof cognitionandsmarterautonomousgents.This paperhasdemon-
stratedonesuchself-oiganizationaimechanisnior thecreationof AM patternsn acognitive map

of anagentservironment.
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