
NonconvergentDynamicsand CognitiveSystems

Derek Harter
Robert Kozma

Departmentof ComputerScience
Universityof Memphis
Memphis,TN 38152

[dharter|rkozma]@memphis.edu

October23,2003

� 10,050words;51 refs;11figures;1 table

Runninghead:NONCONVERGENTDYNAMICS AND COGNITIVE SYSTEMS

CorrespondingAuthor:

DerekHarter
310DunnHall, Dept.ComputerScience
Universityof Memphis
Memphis,TN 38152

dharter@memphis.edu
http://www.msci.memphis.edu/harterd



NonconvergentDynamicsandCognitiveSystems2

Abstract

Theconditionsandmechanismsfor producing generalintelligentactionin agentsarethe

focusandproperstudyof cognitivescience.Many suchpositionshavebeenproposed,

includingsymbolic andconnectionistviewpoints.New pointsof view arebeginningto

emerge,includingembodiedanddynamicalcognition, but havenot yetbeenfully solidified

into asinglecomprehensiveposition.In thisarticlewepresentonesuchnew viewpoint that

emphasizestheimportanceof nonconvergentdynamicsto theproductionof general

intelligentbehavior. Thisapproachrepresentsa fourthgenerationof connectionistthought,

andis informedfrom new resultsin neuroscienceandcomputationalneurodynamics. We

formulatethenecessaryandsufficient conditionsfor theproductionof intelligentbehavior in

thisapproachto cognitionandintroduceonesuchmodelcapableof meetingtheseconditions.
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NonconvergentDynamicsandCognitiveSystems

Whatarethemechanismsby whichbiologicalorganisms,includinghumanbeings,produce

generalintelligentactionsin orderto survive, reproduceandthrive in their environment?This, in

someform, is oneof thebasicquestionsthatliesat theheartof cognitivescience.Variousideas

havebeenput forwardaspossibleanswersto this question.Metaphorsof cognitionhavebeen

inspiredfrom theadvancedtechnologiesof thetimes,includinghydraulic, phoneswitchboardand

computermetaphors(VonNeumann,1958).Inspirationhasbeensoughtfrom therealmsof

formal logic asthemeansof generalintelligentaction.Othershave lookedto abstractedmodels

of how neuraltissuefunctionsaspossiblyholdingthekey insightsto theproductionof intelligent

behavior.

Historically thestudyof psychologyhasbeenfocusedondiscoveringthecorrelationsand

lawsof humanandanimalintelligentbehavior. Anotherwayof sayingthis is thatit hasbeen

focusedonfiguringout thewhatquestionsof intelligentbehavior. Whatarethecapacitiesof long

andshorttermmemory?Whatarethelearninggainsobservedin differenttutoringandlecturing

strategies?Cognitivescience,andespeciallytheareasof AI andcognitivemodeling,haveon the

otherhandbeenstudyingthestructuresandmechanismsusedby peopleandanimalsto support

generalintelligentbehavior, andsometimesspecificallywhatmechanismscouldaccountfor the

propertiesobservedby psychologicalstudies.Thisapproachto studyingintelligentbehavior can

bethoughtof asaskingthehowquestions.Howcanacollectionof simpleprocessorsstore,

recognizeandcompletepatterns?How doesbrainarchitectureresultin emotion?

Alan Turing,with his famousandeponymousTuring Test suggestedthatintelligenceis a

matterof behavior or behavioral capacity(Haugeland,1997;Turing,1950).Whetherasystemhas

amind,andhow intelligentthatmind is, is determinedby whatit canandcannotdo. In the

Turing Test, therefore, languageability andcapacityis proposedasthebehavior by whichwecan

determineif asystemhasageneralintelligentability ator above thelevel of humanbeings.
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Turingdid not claim thatasystemwouldnotbeintelligentif it couldnotpasshis test;only thatit

would beintelligentif it could.ThereforetheTuring Testprovidesasufficient conditionfor

detectingthepresenceof generalhumanlevel intelligence(thoughnotanecessaryone).

Intelligentbehavior really liesonacontinuum, from simpletropicbehaviorsof singlecelled

organismsto tool andlanguageuseof humanbeings.Wecouldimaginedefininglevelsor

categoriesof intelligence,eachwith anappropriateTuring-likebehavioral testthatcouldbeused

to determineinclusionof asystemin acategory. Suchtestswouldnecessarilynotbeof language

use,but couldtestthingslikememorycapacity(short,andlong term),opportunistic vs. goal

orientationandproblemsolvingin uniquesituations.Suchtestswouldgiveustheability to state

thenecessarycapacitiesandbehaviors thatneedto bepresentto includeasystemin acertain

level of intelligence.

Beingableto defineanddetectlevelsof intelligencethroughoutwardbehavioral

characteristicsis animportantpiecein thestudyof intelligentbehavior. However, sincethe

rejectionof behaviorismandtheriseof AI andcognitivescience,wehavenotonly beeninterested

in thenecessarybehavioral characteristicsthatlet usdetectintelligence,but alsoin thetypesof

internalmechanismsandprocessesthatmight benecessaryandsufficient to producesuch

observedbehaviors. Theopeningupof thestudyof intelligenceto includeinternalmechanisms

hasallowedusto attacktheproblembothfrom theoutsidein, andfrom theinsideout.

Oncewebegin studyingthepossiblemechanismsof intelligence,it is naturalto askif thereis

any simplestsetor categoryof mechanismthatis bothsufficientandnecessaryfor theproduction

of generalintelligentbehavior. Giventhattherearedifferentlevelsof intelligence,aredifferent

mechanismsneededto achieve thesedifferentlevels,or canthesamemechanismsbeused,only

expandedto domore.Previousattemptsto definesuchconditionshave focusedon thingslike the

ability of formal logic likesymbolmanipulationsto performtasksweusuallythink of as

intelligent, likeplayingchessor planningasequenceof tasksto performagoal(Newell, 1980,



NonconvergentDynamicsandCognitiveSystems5

1990).Anothermajormovementhasfocusedon thepowerof simplenon-linearprocessingunits

to remember, recognizeandcompletepatterns(Werbos,1974;Rumelhart,McClelland,& The

PDPResearchGroup,1986).

Anotherwayof discoveringtheconstraintsof intelligence,besidespsychological

experimentation, is to directlyobserve theworkingsof theonly known systemsthatarecapable

of generalintelligentbehavior, biological brains.Thesetypesof directmeasuringof neurological

functioning throughsuchmethodsasEEGrecordingsandbrainimagingtechniqueshave

provideduswith valuablefurtherconstraintson thepossiblesufficientandnecessarydynamics

involvedin cognition. Suchunderstandingleddirectly to earlyconnectionistmodeling results,

andis leadingusevenfurtherin new directions.

Biological brainsareawashin complex, nonconvergentdynamics.Suchcomplex dynamics

haveusuallybeenabstractedaway in connectionistmodels,with theassumptionthatthey arenot

necessaryto theproduction of intelligentbehavior. However, new ideasin nonlineardynamical

systemstheories,bothinsideandoutsideof cognitivescience,havebegunto understandthe

possibleimportantrolesthataperiodicdynamics,suchaschaos,mayplay in self-organizing

systems.

Someresearchersin dynamicalcognitionandneurodynamicshavespeculatedon the

possibilitiesthatmorecomplex, chaoticlikedynamicsmayplay in theroleof adaptivebehavior

(Skarda& Freeman,1987;Freeman,1999;Freeman,Kozma,& Werbos,2000;Kozma&

Freeman,1999,2000,2001).Chaoticdynamicshavebeenobservedin theformationof

perceptualstatesof theolfactorysensein rabbits(Skarda& Freeman,1987).SkardaandFreeman

havespeculatedthatchaosmayplaya fundamentalrole in theformationof perceptualmeanings.

Chaosprovidestheright blendof stability andflexibility neededby thesystem.Essentially,

SkardaandFreemanbelieve thatthenormalbackgroundactivity of neuralsystemsis achaotic

state.In theperceptualsystems,input from thesensorsperturbstheneuronalensemblesfrom the
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chaoticbackground,andtheresultis thatthesystemtransitionsinto anew attractorthat

representsthemeaningof thesensoryinput,giventhecontext of thestateof theorganismandits

environment. But thenormalchaoticbackgroundstateis not likenoise.Noisecannotbeeasily

stoppedandstarted,whereaschaoscanessentiallyswitchimmediatelyfrom oneattractorto

another. This typeof dynamicsmaybeakey property in theflexible production of behavior in

biologicalorganisms.

Thepossibleimportanceandusesof aperiodicdynamicsto intelligencehasnot yetbeenfully

exploredin cognitivescience.In this paperwedemonstratewhy aperiodicdynamicsmaybe

importantto intelligentbehavior, anddefinethenecessary andsufficient conditions for general

intelligentbehavior if it is truethatsuchdynamicsplayacrucialrole in cognition. Wewill then

presentonesuchmodelcapableof producingaperiodicdynamicsfor usein perceptual,memory

andbehavior producingsystems.

TheoriesandConditionsof Cognition

SymbolicSystems

Thesymbolicapproachto cognitioncanbestbeseenin Newell andSimon’s physical-symbol

systemhypothesis(Newell & Simon,1972,1976;Newell, 1980,1990). A physical-symbol

systemis aphysicaldevice thatcontainsasetof interpretableandcombinableitems(symbols)

andasetof processesthatcanoperateon theitems(copying, conjoining, creating,anddestroying

themaccordingto instructions) (Newell & Simon,1976,p. 86). Thephysical-symbolsystem

hypothesisstatesthataphysicalsymbolsystemhasthenecessaryandsufficientmeansfor general

intelligentaction(Newell & Simon,1976,p. 87). This is astrongempiricalclaimon thenatureof

intelligence.It statesthatany systemthatmanipulatessymbolsis sufficient for producing

intelligentbehavior, andfurther thatall intelligentsystemsarenecessarilyimplementationsof

physical-symbol systems.

In practicalterms,thetypesof syntacticmanipulationof symbolsfoundin formal logic and
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formal linguistic systemstypifiesthis view of cognition. In this viewpoint,externaleventsand

perceptionsaretransducedinto innersymbolsto representthestateof theworld. This inner

symboliccodestoresandrepresentsall of thesystem’s long-term knowledge.Actionstakeplace

throughthelogicalmanipulationof thesesymbolsto discoversolutionsfor thecurrentproblems

presentedby theenvironment. Problemsolvingtakestheform of asearchthroughaproblem

spaceof symbols,andthesearchis performedby thelogicalmanipulationof thesymbolsthrough

statedoperations(copying, conjoining, etc.).Thesesolutionsareimplementedby forming plans

andsendingcommandsto themotorsystemto executetheplansin orderto solve theproblem.In

thesymbolicviewpoint, intelligenceis typifiedby andresidesat thelevel of deliberative thought.

Modernexamplesof systemsthatfall within thisparadigmincludeSOAR (Laird, Newell, &

Rosenbloom,1987)andACT-R (Anderson,Silverstein,Ritz, & Jones,1977).

Discretesymbolicsystemsdohaveacompetitorwithin thesymbolicparadigm.Thesemodels

in generaluseprobabilistic declarativestructuresandareoftenreferredto asgradientmodels.

They aremotivatedby psychologicalfindingsthatmembershipin humancategoriesis oftennot

blackandwhite. Peoplehave ideason thedegreeto whichacertainexamplebelongsin a

category, andthey havenotionsof theprototypicalmemberof acategory. For example,a robin

might bemany peoplesquintessentialideaof amemberof the’bird’ category, while apenguin

hassomedecidedlyunbirdlikecharacteristics(swims,doesn’t fly) whichmakesit seemnot100%

partof thecategoryof ’bird’. Discretesymbolic systemshavebeencriticizedasunhumanlike in

this regardwhentrying to form perceptualcategories(thoughsee(Miller & Laird, 1996),for

attemptto allow discretesymbolicsymbolsto displaygradedresponses).

Symbolicsystemsareoftenequatedwith themachinemetaphorof mind. In this viewpointof

cognition,thebrainis seenin somesenseasacomputer. Thephysicalbrainrepresentsthe

hardwareof thesystem,andthemind representsthesoftware.Themachinemetaphoris avery

attractivepositionfor many reasons.It explainshow themind connectswith andcontrolsthe
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body, theold mind-bodyproblem,in away thatdoesnot resortto a form of dualism.

Thesymbolicapproachworkswell asamodelof cognition,andis capableof modeling many

impressiveexamplesof intelligentbehavior in AI. However, challengesto this viewpointof

cognitionhaveappeared,bothaspracticalcriticismsof theperformanceof suchsystemsand

morephilosophicalchallengesto thephysical-symbol systemhypothesis.

On thepracticalside,symbolicmodelsarenotoriously inflexible anddifficult to scaleup from

smallandconstrainedenvironmentsto realworld problems.If symbolicsystemsareboth

necessaryandsufficient for intelligentbehavior, why doweseemto havesuchproblemsin

producingtheflexibility of behavior exhibitedby biologicalorganisms?

Theinability of symbolicsystemsto copewith suchproblemshasleadmany to anew

viewpointof cognition.Whenoneviewscognitionasmainly workingon thelevel of deliberative

thought,thenthehardproblemsof intelligenceappearto bethosesuchaslogic andlanguageuse.

Fromthisviewpoint, theabilitiesof organismsto orientthemselvesspatio-temporally, form

perceptualcategoriesanddevelopbasicmotorskills seemto beeasyproblems thatcanbe

immediatelysolvedoncebasicsystemsexist to takecareof theharderproblemsof deliberative

thought.But if thephysical-symbol systemhypothesisdoesnotholdanddeliberative thoughtis

not thebasiclevel whereintelligenceresides,thenthisviewpointmaybeexactlybackwards.

Thoseabilitiesthataresoeasilydismissedassimplebecauseall childrenlearnthemwith seeming

effortlessnessareinsteadseenascomplex andessentialto cognition.Perhapsit hastakenmostof

thetime of evolution to solve thesebasicfeaturesof intentionalactivity, andlanguageandlogic

arephylogenetically morerecentandcomparatively easyto solveoncetheproperbaseof

spatio-temporal skills is in placeto supportthem.

ConnectionistSystems

A connectionistview of cognitionprovidesanalternative theoryof mind to thesymbolic

approach.Theconnectionistapproachto cognitionhasexistedfor aslongasthesymbolic
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approach.However, symbolic viewpointsof cognitionhavedominatedthefield of cognitive

scienceuntil a resurgenceof interestin connectionistmodelsin themid ’80s.

Theconnectionistapproachdiffersfrom thesymbolicparadigmin almostall major

dimensions.Connectionistmodelsoffer asubsymbolic paradigm,whererepresentationsarebuilt

from thechangingcontributionsof processingunitsthatrepresentfeaturesbelow thenormallevel

of humansymbolic features.Connectionistmodelsemphasizeparallelprocessing,while

symbolicsystemstendto processinformation in aserialfashion.Connectionistrepresentations

aredistributedovermany units,while cognitivist symbolsarestaticlocalizedstructures.

Connectionistmodelsoffer many attractive featureswhencomparedwith standardsymbolic

approaches.They havea level of biologicalplausibility absentin symbolicmodelsthatallows for

easiervisualizationof how brainsmight processinformation. Paralleldistributedrepresentations

arerobust,andflexible. They allow for patterncompletionandgeneralizationperformance

comparableto biological organisms.They arecapableof adaptive learning.In short,

connectionistmodelsareanattractivealternativemodelof cognition.

Theconnectionisthypothesismight bestatedas:large-scaleparallelismof (relatively simple)

non-linearprocessingunitsdoinglocalprocessingandproducingdistributedrepresentationsare

necessaryandsufficient to theproductionof generalintelligentbehavior.

First Generation Clark (2001)categorizesmodernconnectionisminto threegenerations.The

first-generationof connectionism,thatbeganwith theperceptronandthework of the

cyberneticists(Rosenblatt,1958;McCulloch& Pitts,1943),wasrevivedin themid ’80swith the

PDPresearchgroupswork (amongothers)onparalleldistributedprocessing(Rumelhartetal.,

1986).First-generationconnectionistsystemsweretypifiedby amulti-layerarchitecture(usually

composedof two or threelayers)with strictly feed-forwardconnections.Backpropogation

learningruleshavebeenespeciallysuccessfulin theproliferationof thesemodels(Werbos,
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1974).Sucharchitecturesarevery familiar to practitionersof AI andNeuralNetwork research.

Theseconnectionistmodelsof cognitionareveryattractiveandimportantfor many reasons.They

arebiologically plausiblemodelswith someof theflexibility of pattern-recognitionand

generalizationexhibitedby biologicalorganisms.

SecondGeneration Second-generationconnectionismbeganto appearin theearly’90s.

Second-generationconnectionismextendsfirst-generationnetworksto begin to dealeffectively

with dynamicspatio-temporalevents.First-generation networksdisplayednorealcapacityto deal

with time or orderin theenvironment. Second-generationconnectionist systemsaddedrecurrent

connectionsto thenetworksin orderto expandthesecapabilities(Elman,1990,1991).Recurrent

connectionsareconnectionsthatconnectlaterlayersin thenetwork with earlierlayers.So

second-generationconnectionistnetworksareno longerstrictly feed-forward,they contain

recurrentconnections.Theadditionof recurrentconnectionsallows for previousstatesof the

network to affectdecisionsaboutthecurrentinput. In essence,recurrentconnectionsprovidea

typeof shorttermmemorythatallows for thecategorizationof patternsextendedin timeacross

theinputsof thenetwork. Thisability to dealwith spatio-temporally extendedpatternsin time is

animportantadditionto thecapabilitiesof connectionistsystems.

Third Generation Third-generationconnectionismis themostrecentextensionof the

connectionistparadigm.Thisgenerationof modelsis typifiedby evenmorecomplex dynamic

andtime involving properties.Thesemodelsusemorecomplex, andbiologically inspired

architectures,alongwith variousrecurrentandhard-codedconnections.So,for example,rather

thanthetypical threelayersof first andsecondgenerations,third-generationnetworksmayhave

many areasthatrepresentandreflectarchitecturesandsubsystemsof biological brains.Because

of theincreasingemphasisondynamicandtime properties,third-generationconnectionismhas
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alsobeencalleddynamicconnectionism.SeeFigure1 for asummaryof Clark’s classificationof

connectionistgenerations.

NonlinearDynamicsandCognitiveSystems:TheFourthGeneration

Biological brainsexhibit aperiodicoscillationswith amuchmorerich dynamicalbehavior than

fixed-pointandlimi t-cycleapproximationallows. Early connectionistsystemscapturedsomeof

theflavor of neuronalfunctioning, but abstractedawaymuchof this rich dynamicalbehavior in

favor of simplefixed-pointdynamics(Hopfield,1982;Grossberg, 1980;Kohonen,1972;

Andersonetal., 1977).Secondandthird generationsystemsrecapturesomeof themorecomplex

dynamicsbecauseof recurrentconnectionsandspecializedarchitectures,but many arestill

parameterizedto ultimatelysettledown to fixed-pointattractors.Thequestionof whatuse,if any,

aperiodicdynamicsmayplay in cognitionhaslargelybeenignored,or its possiblesignificance

unrealized.Theexploration of nonconvergentdynamicsin cognitiveprocessesmayconstitutethe

fourthgenerationof connectionistthoughtin its evolution towardscapturingmoreof the

dynamicsandfunctioning of biological brains.In this sectionwewill arguethat,far from being

unnecessarynoiseof nousein cognition, aperiodicdynamicsarenecessaryfor generalintelligent

behavior.

NonlinearDynamicsin Science

Thestudyof nonlineardynamicshasblossomedin all areasof sciencein thepastdecadesfor

many reasons.Nonlineardynamicsprovidenew conceptualandtheoreticaltoolsthatallow usto

understandandexaminecomplex phenomenathatwehaveneverbeenableto tacklebefore.

Nonlineardynamicsseemto show upeverywhere,in physicalsystemslikeelectricalcircuits,

lasers,opticalandchemicalsystems.But weespeciallyseeits ubiquity all aroundusin the

biologicalworld, from fractalgrowth patternsin biologicaldevelopmentandcity formation to the

self-organizingcharacteristicsof populationmodels,andtheimportancein regulatinghealthy

biologicalrhythmssuchasthebeatingof theheart.
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Figure 1: Clark’s (2001) classificationof generationsof connectionistsystems. Connectionist

modelshave beenmoving towardsmorebiological architectures,recurrentconnectionsandtime-

varyingdynamics
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Thestudyof nonlineardynamicsis concernedwith systemswhosetime evolutionequations

arenonlinear. But why is nonlinearityanimportantproperty of systems?Simply put, in a linear

systemif youchangeaparameteror perturbthesystem,theamplitudeandfrequency of the

systemmaychange,but thequalitativenatureof thebehavior will remainthesame.For example,

perturbing anoscillatingpendulumdoesnot changethefactthatit continuesto oscillatewith a

regularharmonic motion. In anonlinearsystem,however, this factdoesnothold. Perturbationsof

thesystemcancauseaqualitativechangein thebehavior of thedynamics.A smallperturbation

cancausesuddenanddramaticchangesin boththequalitativeandquantitativebehavior of the

system(Hilborn, 1994).

Thispropertyof nonlinearsystemsis importantin at leasttwo ways.A nonlinearsystem

exhibiting aperiodicdynamicsis constantlygeneratingandexploringuniqueareasof its possible

behaviors. Thisgenerationof diversitycanbeavery importantpropertyin producingflexible,

intelligentbehavior. Also, randomenvironmentalperturbationscanbehandledby anonlinear

process,wherethey wouldbedisastrousto a linearone.For example,a randomperturbation to a

portionof beatingheatmusclefiber thatwasgovernedby a linearoscillationwouldcausethe

fiber to beatin anew period,possiblyconflictingwith otherareasandleadingto fibrillation.

Nonlinearprocessesgovernedby anattractorcanbecomeentrainedto oneanother, andevenin

thefaceof randomperturbationsthey will eventuallysettlebackdown to beatin synchrony.

Nonlinearprocessesareableto handlerandomenvironmentalperturbations,but still maintain

coherentdynamicalstate.Linearprocessesaredestroyedby randomness.

Really, nonlineardynamicsaretherulenot theexceptionin systemsobservedin nature.

Almost all realsystemsarenonlinearat leastto someextent.Classicalphysicsandsciencehas

beensurprisingly successful in usingidealizedlinearapproximationsto modelmany physical

processes.Therangeof phenomenathatcouldnotbehandledsuccessfullyby linear

approximation washowevermuchgreater. But somephenomenaat leastarebeginning to be
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understoodthrough theapplicationof nonlineardynamics.To quotea famousmathematician

StanislausUlam,“Calling thesubjectnonlineardynamicsis likecallingzoology’nonelephant

studies’” (Gleick,1987).Thestudyof linearsystemsrestrictsscienceto only averysmall

portionof thevastrangeof possibledynamics.Thecomplex behavior of thebrain,wewould

argue,is onesuchphenomenawheretheapplicationof nonlineardynamicalmodelingcanyield

greaterunderstanding.

In asense,symbolicsystemsseemto belongin theclassicalveinof usinga linear

approximation to modelaphenomenon.In this casethesystematicapplicationof formal logic to

thetasksof problemsolvingandmemory. But thesesystemssuffer thesameweaknessesthatall

linearapproximationsshare.Unexpectedsituationsor perturbationscannotbehandledby such

models.Wewill next look at someof theevidencefor nonlineardynamicsin thefunctioningof

perceptualneurologicalfunctioning.

NonconvergentDynamicsfor Perception

In their influentialpaper, SkardaandFreeman(1987)arguedthatchaos,asanemergentproperty

of intrinsicallyunstableneuralmasses,is very importantto braindynamics.In experiments

carriedouton theolfactorysystemof trainedrabbits,Freemanwasableto demonstratethe

presenceof chaoticdynamicsin EEGrecordingsandmathematicalmodels.In theseexperiments,

Freemanandhisassociatesconditionedrabbitsto recognizesmells,andto respondwith particular

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

activity in theolfactorybulb, beforeandaftertrainingfor thesmells.

TheEEGrecordingsrevealedthatin fact,chaoticdynamics(asshown by theobservedstrange

attractors)representedthenormalstatewhentheanimalwasattentive, in theabsenceof a

stimulus.Thesepatternsunderwentadramatic (nonlinear)transition whena familiar stimulus

waspresentedandtheanimaldisplayedrecognitionof apreviously storedmemory (througha

behavioral response).Thepatternof activity changed,very rapidly, in responseto thestimulusin
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Figure2: EEGcarrierwave patterns(left) andcontourmap(right) of olfactorycortex activity in

responseto a recognizedsmellstimulus(fromFreeman,1991,p. 80)

bothspaceandtime. Thenew dynamicalpatternwasmuchmoreregularandordered(verymuch

likea limit cycle, thoughstill chaoticof a low dimensionalorder). Thespatialpatternof this

activity representedawell definedstructurethatwasuniquefor eachtypeof odorthatwas

perceptuallysignificantto theanimal(e.g.conditionedto recognize).Figure2 showsanexample

of sucha recordedpatternafterrecognitionof astimuli of theEEGsignalsandtheassociated

contourmap.In this figureafterrecognition, all of theEEGwavesarefiring in phase,with a

commonfrequency (whichFreemancalledthecarrierwave). Thepatternof recognitionis

encodedin theheights(amplitudemodulations)of theindividualareas.Theamplitudepatterns,

thoughregular, arenotexactlimit cyclesandexhibit low dimensionalchaos.In otherwords,

differentlearnedstimuli werestoredasaspatio-temporalpatternof neuralactivity, andthe

strangeattractorcharacteristicof theattentionstate(beforerecognition)wasreplaceby anew,

moreorderedattractorrelatedto therecognitionprocess.Each(strange)attractorwasthusshown

to belinkedto thebehavior thesystemsettlesinto whenit is undertheinfluenceof aparticular

familiar inputodorant.

Figure3 shows theeffectson thespatialattractorpatterndueto learning.Every time anew

odorwaslearnedby theanimal,all of theexisting attractorpatternschanged.In this figurethe

contourpatternof activity for sawdustis shown (beforelearningthebananaodor),for thebanana
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Figure3: Changein contourmapsof olfactorybulb activity with the introductionof a new smell

stimulus(from Freeman,1991,p. 81)

odor, andthenagain for sawdust.Noticethatthespatialpatternfor sawdustno longerresembles

its previouspattern.Wheneveranodorbecomesmeaningfulin someway, changesin thesynaptic

connectionsbetweenneuronsin differentpartsof theolfactorycortex takeplace.Justasin the

Hopfieldmodelandotherneuralnetworks,thesechangesareableto createanotherattractor, and

all otherattractorsaremodifiedasa resultof this learning.However, in realbrains,theattractors

of perceptualmeaningarenot simplepoint attractors,but arespecificstrangeattractors.

Freemansuggeststhat“an actof perceptionconsistsof anexplosive leapof thedynamic

systemfrom thebasinof one(highdimensional,in theattentivestate)chaoticattractorto another

(low dimensionalstateof recognition) (Freeman,1991).Theseresultssuggestthatthebrain

maintainsmany chaoticattractors,onefor eachodorantananimalor humanbeingcan

discriminate.FreemanandSkardaspeculateonmany reasonswhy thesechaoticdynamicsmay

beadvantageousfor perceptualcategorization.For one,chaoticactivity continually produces

novel activity patternswhichcanprovideasourceof flexibilit y in theindividual. But sincechaos

is aorderedstate,suchflexibility is undercontrol.As Kelsoremarks,suchfluctuations

continuouslyprobethesystem,allowing it to feel its stability andproviding opportunitiesto

discovernew patterns(Kelso,1995).Anotheradvantageof chaosis thatit allows for very rapid

switchingbetweenattractors,which randomactivity is notableto do. Freemanalsoproposedthat



NonconvergentDynamicsandCognitive Systems17

suchpatternsarecrucialto thedevelopmentof nervecell assemblies.For examplehigh

dimensionalchaosmayprovideaneutralpatternof correlationactivity sothatlearningdoesnot

occurduringtheattentivestate.Only uponcollapseof activity to moreorderedregionsdo regular

phasesynchronizationsoccurbetweenneuralareas,whichallow for hebbiansynapticchangesto

reliablyoccur.

NecessaryandSufficientConditionsof NonconvergentDynamicalViewpoint

Aperiodicdynamicsplayasignificantrole in theorganizationof perceptualmechanismsin

biologicalorganisms.Thepresenceof self-organizingcritical stateshavealsobeendetectedin

otherbrainsystems.Theseobservationshave led to thehypothesisthatsuchdynamicsare

ubiquitousin brains,andarenecessaryto theflexible organizationof biologicalbehavior.

Symbolicsystemsprovide little insightinto how they maybeconnectedwith anenvironmentand

generatively constructknowledgeabouttheworld they experience.Lookingat symbolicsystems

asmodelsof biologicalcognition, they arealsosilentonwhy suchaperiodicdynamicsappearin

biologicalbrains.Classicalconnectionistsystemshaveyet to exploretheusesof aperiodic

dynamicsin memoryandaction.

Theseobservationsof thepossiblesignificanceof nonconvergentdynamicsin brainshasled

usto speculateon thenecessaryandsufficient conditionsthey suggest.Specifically:

� Complex, nonconvergentdynamicsarenecessaryto theproductionof generalintelligent

behavior.

� An embodiedsystemwith appropriateenvironmental/sensorycouplingandinternalstructural

systemsfor handlingthe“what”, “where”, “why” and“how” functionsof theagentare

necessaryto theproduction of generalintelligentbehavior.

� Theexploitationof nonconvergentdynamicsby andwithin suchanappropriatelyembodied

systemarenecessaryandsufficient for producinggeneralintelligentbehavior.
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In essencewehaveproposedtwo conditions for theproductionof generalintelligentbehavior.

Aperiodicdynamicscharacteristicof critical statesarenecessaryfor theflexible self-organization

of memoryandbehavior. Thedynamicsof thebrainarestronglycoupledwith their environment.

Theinteractionof braindynamicswith theenvironmentalsystemproducesbehavior. Wewill

exploretheseissuesfurtherin thenext section,wherewedescribeonesuchmodelof cognition.

A NecessaryandSufficientModel for theProductionof GeneralIntelligentBehavior

Thediscovery thatbraindynamicsexhibit chaoticfeatures,andfurther, thatthesedynamicsmay

benecessaryfor theself-organization of intelligentbehavior hasaprofoundimpacton thetypes

of theoriesweshouldproposeto explaincognition. In thissectionwepresentonesuchmodelthat

is capableof meetingthenecessary conditions for theproductionof generalintelligentbehavior

outlinedabove.

K SetPrimerandHistory

TheK-sethierarchy, developedby WalterJ.Freemanandassociates(Freeman,1975,1999;

Skarda& Freeman,1987;Freeman,1991), is bothamodelof neuralpopulationdynamicsanda

descriptionof thearchitecturesusedby biologicalbrainsfor variousfunctionalpurposes.The

lowestlevel of thehierarchy, theK0 set,providesabasicunit thatmodelsthedynamicsof a local

populationof tensof thousandsof neurons.Thedynamicsof theK0 setaredescribedby asecond

orderordinarydifferential equationfeedinginto anasymmetricsigmoidfunction:

��� ���	��
���� � � � 
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������ � ��
��������
���
(1)

Thisequationwasdeterminedby measuringtheelectricalresponsesof isolatedneural

populations to stimulation andotherconditions.The � and � parametersaretime constantsthat

weredeterminedthrough suchphysiological experiments.
��
����

is thepulsedensityof themodeled

neuralpopulation,in otherwordstheaveragenumberof neuronsthatarepulsingin the
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populationatany givenpoint in time.
��
���

is anonlinearasymmetric sigmoidfunctiondescribing

theinfluenceof incomingactivation.

A K0 unit modelsthedynamicsof anisolatedneuralpopulation.FromthebasicK0 unit can

bebuilt uparchitecturesthatcapturetheobserveddynamicsof increasinglylargerfunctional

brainareas.TheKI modelsexcitatory-inhibitory feedbackpopulations.KII modelsinteracting

excitatory-inhibitorypopulationsandcorrespondto organizedbrainregionssuchastheolfactory

bulb (OB) or theprepyriform cortex (PC).KIII combine3 or moreKII populations to model

functionalbrainareassuchascortex or hippocampus,andarecapableof aperiodicdynamicsof

thetypeobservedin theseregionsto, for example,derivemeaningfrom perceptualsenses.KIV is

amodelof thebasiclimbic system,combining KIII sets,to modelthe”what” (perceptual),

”where” (hippocampalorientationmemory), ”why” (forebrainvaluesystem)and”how” (motor

control)of abasicembodiedbiologicalagent.TheKIV level theoreticallyis sufficient for the

productionof generalintelligentbehavior suchasthatobservedin reptilesandsimplemammals.

Table1 summarizestheK-sethierarchy describedabove.

TheKI setprovidesa form of positive feedback.In aKI set,two or moreexcitatory

populationsareconnectedto oneanother. Theirmutualexcitationallows for thepopulationsto

maintaintheir activationlevelsatasteadynon-zerostate.TheKII setallows for a form of

negative feedbackto beusedby neuralpopulations.In aKII, inhibitory populationsareconnected

with excitatorypopulations. As theexcitatorypopulationbecomesmoreactive it beginsto more

actively stimulatetheinhibitory population. Theinhibitory population,in turn, theninhibits the

excitatorypopulation andthroughaprocessof negative feedbackmaintainsthedynamicsof the

systemwithin certainbounds.Negative feedbackis awell known processof homeostaticcontrol

andis usedextensively in artificial systemssuchasa thermostatto maintainaconstantroom

temperature.Negative feedbackis characterizedby dampedoscillatoryor cyclic behavior.

Positiveandnegative feedbackarewell known propertiesof biological systemsandwerefirst
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Table1: Characterizationof thehierarchy of K sets.

Type Structure Inherentdynamics Examplesin brain*
K0 Singleunit NonlinearI/O function All higher level K setsare

composedof K0 units
KI Populations of excitatory

or inhibitory units
Fixedpoint convergenceto
zeroor nonzerovalue

PG,DG, BG, BS

KII Interacting populations of
excitatory and inhibitory
units

Periodic,limi t cycle oscil-
lations; frequency in the
gammaband

OB, AON, PC,CA1, CA3,
CA2, HT, BG, BS, Amyg-
dala

KIII Several interacting KII and
KI sets

Aperiodic, chaoticoscilla-
tions

Cortex, HippocampalFor-
mation,Midline Forebrain

KIV InteractingKIII sets Spatio-temporal dynamics
with global phase transi-
tions(itinerancy)

Hemisphere-widecoopera-
tion of cortical,HF andMF
areas coordinatedby the
Amygdala

* Notations:PG- periglomerular;OB - olfactorybulb; AON - anteriorolfactorynucleus;PC
- prepyriform cortex; HF - hippocampalformation; DG - dentategyrus; CA1, CA2, CA3 -
curnuammonissectionsof thehippocampus;MF - midlineforebrain; BG - basalganglia;HT -
hypothalamus;DB - diagonalband;SP- septum
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exploredextensively for controlof systemsby cyberneticists(Wiener, 1965).

In theoriginalK model,thepurposeof theKIII setwasto modelthechaoticdynamics

observedin ratandrabbitolfactorysystems(Freeman,1987;Shimoide,Greenspon,& Freeman,

1993;Freeman& Shimoide,1994).KII arecapableof oscillatorybehavior, asdescribedabove.

Whenthreeor moreoscillatingsystems(KII) of differentfrequenciesareconnectedthrough

positiveandnegative feedback,theincommensuratefrequenciescanresultin aperiodicdynamics.

Thedynamicsof theKIII areproducedin just this manner, by connectingthreeor moreKII units

of differing frequenciestogether. TheKIII setwasnotonly capableof producingtime series

similar to thoseobservedin theolfactorysystemsundervaryingconditionsof stimulationand

arousal,but alsoof replicatingpowerspectrumdistributionscharacteristicsof biologicaland

naturalsystemsin critical states(Soĺe& Goodwin, 2000;Bak,Tang,& Wiesenfeld,1987).

Thepowerspectrumis ameasureof thepowerof aparticularsignal(or time seriesasfor

examplethatobtainedfrom anEEGrecordingof abiologicalbrain)at varyingfrequencies.The

typical powerspectrumof a ratEEG(seeFigure4, top) showsacentralpeakin the20-80Hz

range,anda ��� ��� form of theslope.Themeasuredslopeof thepowerspectrumvariesaround

� �! #"%$'&
. �(� �)� typepowerspectraareabundantin natureandarecharacteristicof critical states,

betweenorderandrandomness,atwhichchaoticprocessesoperate.Powerspectraof biological

brainshavebeenobservedto vary from � �� � $& to � �� #*+$&
. Theatypicalpartof the

experimentalEEGspectrais thecentralpeak,indicatingstrongeroscillatorybehavior in the ,
frequencies.Thiscentralpeakin the20-80Hz rangeis known asthe , frequency band,andis

associatedwith cognitiveprocessesin biological brains.TheK-modelsarecapableof replicating

thepowerspectraof biologicalEEGsignals,asshown in Figure4, bottom(Harter& Kozma,

2003;Freeman& Shimoide,1994;Freeman,1995).

TheKIII setshavebeenshown to becapableof organizing perceptualcategoriesin the

fashionobservedin biological perceptualsystems.TheKIII usedassuchapatternclassifieris
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Figure4: Thepower spectrumof a rat OlfactoryBulb EEGis simulatedwith theKA-III model.

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

etal., 1995),KA powerspectrumfrom (Harter& Kozma,2003)
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very robustandcompareswell with morestandardmethodsof patternclassification(Kozma&

Freeman,2001).

Thedevelopmentof theK-sethierarchy from K0 to KIII is necessary for modelingand

explainingthethedynamicsobservedin perceptualprocessesof biological brains.Not only does

it involvepositiveandnegative feedbackmechanismsfor homeostaticcontrol,but alsoutilizes

aperiodicdynamicsfor flexible generationandrecognitionof patterns.Thoughwork throughthe

KIII sethave focusedonperceptualcategory formation,thereis evidencethatthebasicunitsof

dynamicsdevelopedby theKIII for perceptionarealsousedin theorganizationof memoryand

behavior dynamics.Theexpansionof theKIII setto modelacompleteagent,involving the

“What” “Where” “Why” and“How” systemsof condition two will bedescribedin thenext

section.

LimbicSystemandIntentionalBehavior

Intentional behavior, in thewordsof Freeman(2000),is:

... anactof observationthrough time andspace,by which informationis soughtfor the
guidanceof futureaction.Sequencesof suchactionsconstitutethekey desiredpropertyof
free-roving,semi-autonomousdevices...Intentionality consistsof theneurodynamicsby
which imagesarecreatedof futurestatesasgoals,of commandsequencesby which to actin
pursuitof goals,of predictedchangesin sensoryinput resultingfrom intendedactionsby
which to evaluateperformance,andmodificationof thedeviceby itself for learningfrom the
consequencesof its intendedactions.

Intentionality is a resultof theendogenous(e.g.internallygenerated)constructionand

directionof behavior into theworld. Weseeit in all biologicalorganisms thatselecttheir own

goals,balancetheir activities to satisficemultiple, andsometimesconflictingneeds,andlearn

from experiencestatisticalregularitiesof their environmentthatareexploitable for survival.

Intentional behavior hasverymuchto dowith thecoordinationof all partsof thebody, into

focusedactivity. This typeof perceptualawarenessandcoordination is consistentwith the

conceptsof situatedandembodiedcognition. As notedbefore,thesuccessfulunderstandingof

intentionality is believedby someto beamorefundamentalwayof understandingcognitionasa
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whole,anduponwhichmoredeliberativeandlogical reasoningskills of humansarebuilt.

Theconceptof intentionalbehavior hasto dowith how thebiologicalorganismdynamically

organizesandconstructsgoalstatesandgeneratesbehavior to approach,evaluateandsatisfy

thosegoals.In amoretraditionalautonomousagentview, thisboils down to solvingtheaction

selectionproblem,but in away thatdoesnotdependonhard-codingthegoalsanddesiresinto the

organism.Insteadthroughnormaldevelopmentalprogressions,suchgoalstatesneedto be

discovered,constructed,andhierarchicallyorganized.Baars,amongothers,haspostulateda

hierarchy of goalcontexts thatprovidea focusfor attentionandaction(Baars,1988).However,

little hasbeenproposedonhow suchagoalhierarchy comesto developin anorganism.Thelen

andSmith’s conceptof theontogeneticlandscape(Thelen& Smith,1994)providesthe

beginningsof ametaphoricalrepresentationof how agoalhierarchy develops.They believe that

skills aredevelopedby thesuccessive formationanddissolutionof attractordynamics.

Developmentis seen,by them,asthehierarchicalorganizationandconstructionof the

ontogeneticlandscapein theserviceof theneedsanddesiresof theorganism.This formationof

behavioral sequencepatternsarewhatareusedto integrateanddirectintentionalbehavior.

Brainscientistshaveknown thattheminimal nervoussystemthatis capableof supportingthe

basicsof intentionalbehavior is thelimbic system.Phylogenetically, thedevelopmentof thebasic

limbic systemfirst appearsin amphibians,suchasthesalamander. Thissystemis comprisedof

thephylogeneticallyoldestpartsof theforebrain(involvedin interoception andgoalformation),

alongwith thepaleocortex andthedeeperlying motor nuclei,aswell assomeform of aprimitive

hippocampus.Figure5 showsaschematicillustration of aprototypical vertebratelimbic system.

Themodelof thebasiclimbic systempresentedhereprovidesastartingframework upon

which to developmodelsof theformationof hierarchicalgoal-statedynamics.Thisbasic

architecture,alongwith principlesof self-organizationandchaoticneurodynamics,providesa

framework for thedevelopmentof intentional behavior in autonomousagentsandabetter

understandingof suchmechanismsin realbrains.
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Figure5: A schematicrepresentationof thebasicvertebratelimbic system.Therearethreemajor

divisions,sensoryareas,cortex, andmotor areas,alongwith a hippocampus for cognitive maps

andothertypesof long termmemory(from Freeman,2001)

Intentionality is aparticularlevelof intelligentbehavior. Thecategoryof intentionalbehavior

canberecognizedby suchbehaviors as:goaldirectedactivity but notoverly so;performing

opportunistic behavior whensuchopportunitiesarise;orientationin theenvironmentdirected

towardsthesalientgoals;basicmemorysuchasepisodicandcognitivemaps;andhierarchical

balancingof multiplesometimesconflictinggoals.

Thearchitectureof thelimbic system,with its four functional areas,is anecessarycondition

for achieving abasiclevel of intentionalbehavior. Intentionalbehavior is simplerthangeneral

humanlevel intelligence,but it is a fundamentalprerequisite for asystemto have true

intentionality beforegeneralhumanlevel intelligencecanbeachieved.

Somesimplelong-termmemoryis requiredfor intentionalbehavior to occur. Withoutan

episodicmemory, systemscanbestuckin a loopof repetitive,unproductivebehaviors,suchas

observedwith waspsandotherinsectsthatdonotpossesthefull architectureneededfor

intentional behavior. Episodicmemoryallows thecognitivesystemto recognizesuchloops(as

boredom)andbreakoutof theunproductivebehavior by trying somethingdifferent.



NonconvergentDynamicsandCognitive Systems26

KIV Model

As describedpreviously, thepurposeof theKIII setis to modeltheaperiodicdynamicsobserved

in thesensorysystemsof biological brains,andto begin to understandhow suchdynamicsmay

takepartin theformationof meaningfor theorganism. While perceptionis animportant

componentin theproduction of intelligentbehavior, it is only asmallpartof thewhole.One

insightof theembodimentmovementis thatstudyingpiecesof thecognitivepuzzle(perception,

memory, etc.)mayin many casesmissimportantpointsonhow behavior emergesfrom thepieces

working togetherasawholein acompleteautonomousagent(Freeman,Burke,& Holmes,2003).

TheKIV architectureis amodelof whatbiologistsbelievemaybethesimplestneurological

structurecapableof basicintentional behavior, thelimbic system(Kozma,Freeman,& Erdi,

2003;Kozma& Freeman,2003).Thelimbic systemis composedof four basicfunctionalareas:

sensory/perceptualareas,memory andorientation, valuesystem(needsandgoals)andmotor

systems.Thesefour areascanroughly bedescribedasthe“What” “Where” “Why” and“How”

functionsrespectively. Figure6 is aschematicrepresentationof theKIV modelof thelimbic

system.

Thehypothesiscapturedin theKIV modelis thatthesametypesof aperiodicdynamicsthat

havebeenshown to becrucialto theformationof meaningin perceptualsystemsarealso

necessaryfor theformationof memoryandmotormaps,aswell asthehierarchicalorganization

of competinggoals.Therefore,at theheartof thesensory, memoryandvalencesystemliesaKIII

set,which is capableof producingtherequisiteaperiodicdynamics.Wewill describeeachof the

four areasin detailnext.

What(Sensory/Perception) As discussedpreviously, aperiodicdynamicshavebeenobservedin

rabbitsensorysystems,andarebelievedto playanimportantpartin theformationof meanings.

In theKIV architecture,externalsignals(exteroception) arrive from theenvironment(Figure6

top). Eachsensorychannelis mappedinto meaningsof interestto theorganism, througha
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Figure6: TheKIV architecture,anembodied(biologically inspired)modelthat is capableof the

hypothesizednecessaryconditionsof aperiodiccomputationalneurodynamics. SeeTable1 for a

descriptionof thebrainarealabels.Basedonfigurefrom (Kozma& Freeman,2003)
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processof theformationof chaoticattractorsdueto learning.In thefigure,theOB (olfactory

bulb), PC(prepyriform cortex) andAON (anteriorolfactorynucleus)arethreegroupsof KII sets

thatform asensoryKIII. In a full model,eachsensewouldbehandledby oneor moreKIII

groupsof its own (not shown in figure).Theformationandrecognitionof salientmeaningsin the

environmentprovide theanimalwith asenseof “What” importantthingsarein its immediate

environmentthatcanor shouldbedealtwith.

Where(Orientation,Memory) A primitivehippocampusis thecenterof morelong termmemory

andorientation functionsin simplelimbic systems.In theKIV architecture,theformationof

cognitivemapsof theenvironment,andthedeterminationof theorientationof theorganismin its

environment(bothlocally andglobally) is takencareof in thehippocampus.Theorientation

functionof thehippocampus is depictedin theKIV model(Figure6 left) asreceiving orientation

signalsfrom theenvironment.ThethreeCA regions(CA1, CA2 andCA3) form aKIII setthatis

responsiblefor theformation of memoriesof theenvironmentof theorganism. Theformation of

cognitivemaps,andsocalledplacecells,in thehippocampus, is performedin theCA KIII set,

andtakesadvantageof theflexibility of aperiodicdynamicsto form suchrepresentations.

Why(Goals,Drives,ValueSystems) Figure6 on theright composesthevaluesystemof theKIV

architecture,andmediatestheproductionof behavior to guidetheorganismin completinggoals

andtasksto satisfyits needs.Thissystemkeepstrackof thereasons“Why” theorganismis doing

whatit is doing. In thevalencesystem,internalsignalsthatmonitorbasicneeds(suchasfood,or

avoidingdamage)arefed into thesystem(Figure6 right). AnotherKII formstheheartof the

systemfor formingandbalancingagoallandscapeof theorganism(HT, DB andseptum).
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How(Motor Actions) Themotorsystem(Figure6 bottom)is responsiblefor directingactual

effectorsfor “How” theorganismwill carryoutbehaviors in pursuitof its goals.Theamygdala

providesthegoal-orienteddirectionfor themotorsystem,thatis superimposedon local tactile

andotherprotective reflexes.

LearningMechanisms

Four typesof learningareusedin theKIII componentsto form perceptualcategoriesandother

dynamics(Kozma& Freeman,2001).Thesetypesof learningincludehebbiantype

reinforcement, amongothers.Thoughnot indicatedin ournecessaryandsufficient conditions,

thesemechanismsareimportantpiecesin thepuzzlein how suchcomplex aperiodicdynamics

cometo representmeaningsfor abiologicalorganism. Thefour typesof learningare:

� Continualshort-termlearningof environmentalcuesathigh ratesduringexploration.

� Intermediate-termhabituationto ambiguous,irrelevant,noisyinputs.

� Long-termreinforcementlearningat critical situations(aversiveor appetitive) usinghebbian

mechanisms.

� Renormalizationasneededto maintainhomeostaticstability in all units.

Continualshort-termlearningprovidessnapshotsof actualsensorystatesatany giventime

instant.It providestheinformationfor notonly snapshotsof actualsensorystates,but also

sequencesof learningsuchpresentstatesandtherecentpast.This representstheshort-term

memoryfunction of theorganism,andprovidesabuffer of eventsthathave recentlyoccurred.

Theseeventscanbepassedto morepermanentstoragewhensalienteventsoccurto theorganism

or in theenvironmentto triggersuchprocesses.

Habituationis adiminishedresponseto sensoryinput. If asensorysignalis repeatedly

encounteredbut it is neverassociatedwith any meaningful eventto theorganism, it gradually
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becomesdetunedby theshort-termsensorsandessentiallyignored.This is theprocessby which

we, for example,tuneout suchthingsasenvironmentalnoiselike theair conditioner.

Hebbianlearningis theprocessby whichsalientperceptualeventsbecomemeaningfully

associatedwith internalgoalsof thevalencesystem.This typeof learningis episodic,not

continuous,andit producesmorelong-termeffects.Hebbianlearningis awell known mechanism

thatinvolvesthestrengtheningof associationsbetweenunitsthattendto becomeactive together.

Throughthis typeof reinforcement,environmentalcues,suchasa ringingbell or aparticular

smell,cancometo beassociatedwith salientevents,suchastheappearanceof a food reward.

Theabove learningmethodsimplementincrementalchangesin theKIII components. As

KIIIs arehighly nonlinearunits,learningeffectsmayresultin undesirabledestabilizationof the

dynamics.Homeostaticregulationis awayof achieving stability by maintaining localbalances

usingrenormalization.

ComputationalNeurodynamicsin Practice

LearningObjectAvoidance

TheoriginalK setsaregoodmodelsof olfactorycorticaldynamics.They canreplicatethe

complex dynamicsandspectraof biological corticalrecordings. Also, notdiscussedhere,theK

setscanlearnandtherebyreplicatesomeof thebehavior of rabbitswhenlearningnew olfactory

sensorystimuli. TheK setshavealsobeenextendedto moreabstracttasksto demonstratetheir

usein standardpatternrecognitiontasks(Shimoideetal., 1993;Kozma& Freeman,2000,2001).

Wearecurrently extendingtheK modelto notonly performperceptualtasks,but to also

modelthecompletebehavior of anorganism, from perceptionto actionandthestepsneededin

between(Kozmaetal., 2003).Oneof thepurposesof producingtheKA modelwasto providea

simplifiedandefficient systemthatwasstill capableof producingthetypesof dynamicsdeemed

importantto biological organismsin producinggeneralintelligentbehavior. TheKA modelis a

discreteversionof theoriginalK setsandis usedto experimentwith autonomousagentsto
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replicateandexplain thedynamicsof corticalsystemsin organizingandproducing behavior

(Harter& Kozma,2003,2002).

AgentandEnvironmentSetup In this sectionweshow anexampleof usingKA unitsto produce

simplebehavior in anautonomousagent.Weuseasetupandtaskin theKheperaenvironment

thathasbeenexploredin theoriginal DistributedAdaptiveControl modelsof Verschureand

Pfeifer(Verschure,Kröse,& Pfeifer, 1992).Figure7 shows themorphologyof theKheperarobot

andtheinternalarchitectureusedto performtheexperiment.TheKheperarobotis asimplerobot

thatcontains8 infra-red(labeled-/.103254 in thefigure)and8 light sensors(notusedin this

experiment). In this task,thesimulatedKheperarobotis originally designedwith asetof basic

reflexivebehaviors thatallow it to wanderaroundin its environment, bumping into obstaclesand

moving away from them.For example,if therobotbumpsinto anobjecton theleft sideof its

body, it backsupa little andturnsaway to theright andthenattemptsto continueforward.We

usedavirtual simulationof thephysicalKheperarobotto perform theseexperiments(Michel,

1996).TheKheperarobotis equippedwith two independentmotorsattachedto wheels,that

allow therobotto move forward,backwardandturn.

LearningObjectAvoidanceBehavior In Figure7B. weshow thearchitectureusedto perform

theexperiment. Wehardwireasetof four reflexivebehaviors to performappropriateaction

sequencesto allow therobotto wanderin theenvironment.Threeof thebehaviors (bumpright,

bumpleft, bump front) respondto therobotrunninginto anobstacle(touch)andtrigger

appropriatebehavior sequencesto escapefrom theobstacle(e.g.backup,turnaway, thencontinue

forward).Thefourthbehavior causestherobotto instinctively move forward(wander)whenever

therearenoobstaclesobstructingit.In theexperiment,wealsohaveasetof unitsthatareconnectedto thelong rangeinfra-red
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Figure7: A. Themorphology of theKheperaagentwith 8 infra redsensorspositionedaroundthe

body and2 motorsfor movement. B. The internalarchitectureof the Kheperaagent. Reflexes

are hardcodedto produceexploration of the environment. Sensorsgradually learn to produce

behaviors to avoid objectsatadistance.
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sensors(labeled’Sensory’in Figure7B.). Theinfra-redsensorscansenseobstaclesatadistance

from therobot. Initially thesesensesareconnectedwith randomweightsto thefour basicmotor

behaviors. All sensoryunitsarefully connectedto thefour behaviors (not shown in figure).There

are16KA-II unitsusedin thesensoryinput,8 of theseunitsreceivedirectstimulationfrom the

correspondinginfra-redsense,while theother8 receive theinverseof theinfra-redsense.Whena

unit receivesdirectstimulationfrom aninfra-redsensor, it becomesmostincreasinglyactivatedas

thesensorapproachesanobstaclein theenvironment.Units thatreceive inversestimulation

becomemosthighly activatedwhentheobstacleis farawayor noobstacleis detectedby the

sensor. Thisallowsunitsto besensitive to boththepresenceandabsenceof anobstaclein a

particulardirectionfrom therobot.

WeuseHebbianlearning(Kozma& Freeman,2001)on theconnectionsbetweenthe

’Sensory’andthe’Motor’ units.Sincetheseconnectionsareinitially random,typically they do

notaffect thebehavior of therobotin thebeginning.Thereflexescausetherobotto movearound

in theenvironment.Lateron therobotmaybumpinto somethingon its left. Thiswill causesome

of theMotor behaviors to beperformed,suchasturningright. SincetheSensoryunitsthatare

connectedto sensorson theleft sideof thebodyhavebecomestimulatedwhile approachingthe

obstacle,they remainhighly activewhentheright turnbehavior is activated.Thisallows the

strengthof theconnectionbetweentheSensoryunit for detectionof obstacleson theleft andthe

right turnbehavior to becomestrengtheneddueto learning.Similar strengtheningtakesplace

betweenunitsthatsensetheabsenceof obstacleson theright andright turnbehavior aswell.

Eventuallythelink becomesstrongenoughto activatetheright turnbehavior whenanobjectis

sensedatadistance,beforetherobotactuallybumpsinto it. Thereforewecansaythattherobot

haslearneda typeof objectavoidancebehavior throughcouplingof theactivity of its sensors

with its motorbehaviors.

In Figure8 weshow theresultsof learningobjectavoidanceusingthearchitectureand

methodsdescribedabove. In this figureweshow theaverageperformanceof therobotover50
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Figure8: Resultsof Kheperasimulation. As time goesby, the robot learnsto bump into things

lessandless. This figure representsthe cumulative resultsof 50 simulations. Time (in seconds)

is alongthe X axis, andthe cumulative bumpsis plottedalongthe Y axis. We show the results

without learning(only reflexivebehavior) andwith learningturnedon.

independentlyconductedsimulations. Weplot boththeresultswith only reflexivebehavior (No

Learning)andwith theSensoryunitsconnectionsbeingmanipulatedthroughHebbian

modification(Learning).Along theX axisweshow thetime (in seconds)thatthesimulation has

beenrunning.Weplot thetotal numberof timesthattherobothasbumpedinto anobjectin the

environment. In thecaseof the’No Learning’condition,therobotcontinuesto moveandbump

into obstaclesin theenvironment.In theLearningcondition, therobotquickly beginsto avoid

objects,andwill eventuallylearnto move throughtheenvironmentwithoutbumping into

anythingatall.
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Figure9: Illustration of the 2D explorationof the environment, which containsthreereference

points(landmarks): L1, L2, andL3. The orientation informationincludesthe distancesanddi-

rectiontoward the landmarksfrom the presentpositionof the agent. (from (Kozma& Freeman,

2003))

NavigationUsingReinforcementLearningin theHippocampalKIII

As anotherexamplewepresentamodelof hippocampalcognitivemapformationandnavigation

usingaKIII. In this simulationweusedasimple2D environment,wherethemovementof the

agentcantakeplacealongagrid. Consequently, atany instance,theagentcanmove in onof four

directionsto aneighboring point on thegird. Consideranenvironmentwith givenreference

points/landmarksprovidedby orientationbeacons(Kozma& Freeman,2003).In asimple

examplewewill considerthreeorientation beacons;seeFigure9. Thesecouldbethreepointodor

sources;threeradiobeacons,threevisuallandmarksof differentshapeor color, etc.Oneof these

referencepointsis thebase(home)location,thestartingpoint for exploratorybehavior. The

othersarelearnedenvironmentalsupportcues.Thereis continuoussamplingof thedirectionand

rangeof thesimulatedagentto eachof thesethreelandmarks.
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Orientationbeaconsdescribetheactuallocationof theanimalwith respectto a reference

systemthatincludeshome,andbothpositive (attractive)andnegative (repellent)environmental

cues.Thereferencesystemis notgivenapriori, ratherit developsasa resultof theexploratory

activity of theagentandits interactionwith theenvironment.Theorientationsignalsarethe

distancesanddirectionswith respectto thelandmarks,measuredfrom theactuallocationof the

agent.For thesignals,weconsiderthepastseveraltime stepsasinputs,in additionto thepresent

time frame.

ReinforcementLearningin theExploratoryMode A practicalexampleis to learngoal-oriented

behavior by theagentusingthreelandmarks. In thisexperiment, thelocationsof thelandmarks

areassumedasknown. Formationof landmarksbasedonexperienceis akey issuein

goal-orientedaction;seee.g.Mataríc andBrooks(1999).In theencoding,weusenotonly the

instantaneousreadingsof thesix inputs(threedistancesandthreeangles),but thesequenceof the

mostrecent10vectors.Thismeansthattheinput vectorto KIII is 60= 6 x 10dimensional.Let

theagentrandomlywalk in theenvironmentandrecordthe6 sensoryreadingscontinuously. The

pathof a randomexploration (200steps)startingfrom thelower left cornerof therectangular2D

environmentis shown in Figure10.

Apply thecontinuously measured60-dimensionalinput vectorsto thehippocampalKIII set

for severalhundredstepsandperformreinforcementlearning.If thesystemmovestowardthe

specifiedgoallocation,we rewardit by conductinga reinforcementlearningloop. On theother

hand,no learningtakesplace,if therandomly selectedstepwasincorrect,i.e., it steppedaway

from thegoallocation.Hebbianlearningmaytakeplaceduringthewindow whenpositive

reinforcementis applied(whentherobotrandomlymovescloserto thegoal).Hebbianlearningis

calculatedbasedon therootmeansquare(RMS) intensityof thesignalsateachnode,within a

giventimewindow of duration 128ms.WeuseHebbianlearningon theexcitatorylateralweights

in CA1, following therule:
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Figure10: Randomexploration of the environmentin the hippocampalnavigation model. The

agentis put in thefour cornersandleft to exploretheenvironment. (from (Voicuetal., 2003)).
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Here
6F7G8;:

is theHebbianmodificationof theweightbetweennodesi andj; H ��IJ� � � is the

Hebbianlearningconstant;.1>!? 8 is therootmeansquarefluctuationintensityatnodei;

.1>!?A@CBAD is thespatialensembleaveragefluctuationintensitycalculatedacrossall excitatory

nodesin CA1. Thelearningconstant
<

is experimentallytunedto haveoptimumperformancein

thehippocampalKIII set.

TestingthePerformanceof Learningin Hippocampal KIII Oncetheexplorationphasehasbeen

conductedextensively, wecantesthow well theagentlearnedtheenvironment.Were-startit

from homeandgiveagoallocationto go to. If theagenthasproperly learnedtheenvironment

with respectto thethreeenvironmental clues,it will navigateefficiently andfind a reasonably

optimalpathto thegoalbasedon theinternallyformedcognitivemapusingits classification

landscapelearnedin thehippocampalKIII.

Theeffectof learningis illustratedin Figure11. After learning,thelengthof thetrajectory

from hometo theneighborhoodof thegoal(centrallocationin Figure11) is significantlyreduced.

It shouldbenotedthat,basedon just theglobalorientationinformation,it is verydifficult to learn

navigating towardsthegoallocationveryprecisely. Weseein Figure11 thattheagentdoesnot

stoponceit is in theneighborhoodof thegoal,ratherit continuesmovingaroundthegoal.

Clearly, it shoulduseanothersensorymodality, likevision or distancesensors,to identify the

goalif it is nearbyandmove towardit. Animalsusesuchamulti-modalsensing.TheKIV model

hastheoptionof multi-modalsensoryintegrationandtheimplementationof this strategy is in

progress.
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Figure11: Thepathof theKIII navigation agentfrom startto goal, following a sessionwith re-

inforcementlearning.We show two differenttrials with theagentstartingin thenorthwestcorner

(left) andthesouthwestcorner(right). Thegoallocationis in thecenterposition. Notethesignifi-

cantlyreducedpathwith respectto thecasewithout learning.(from (Voicuetal., 2003))

Conclusion

In thispaperwehavedescribedsomeof thework onunderstandingwhy nonconvergentdynamics

appearin biologicalbrains,andhow suchdynamicsmight benecessaryto theproductionof

intelligentbehavior andcognition. Aperiodicdynamicshavebeenshown to beessentialin critical

brainstatesinvolvedin theself-organizationof meaningandmemory. They havebeendetectedin

theorganizationof perceptualmeaningsin biologicalbrains,andprovedusefulfor pattern

classificationtasks.Someof theprinciplesof nonconvergentdynamicsthatappearusefulin the

organization of neuronaldynamicshavebeenknown for awhile, suchashomeostaticcontrol

throughpositiveandnegative feedback.Evidencehasshown, however, thatbrainsmakeuseof

self-organizingdynamicsthatgowell beyondthis simplemechanism.

Aperiodicdynamics,if necessaryfor perceptualmechanisms,areprobablyalsonecessaryfor

theself-organizationof memory, goalstructureandresourceallocation,behavior, andmotor

systems.Theformerhavebeenstudiedfor sometime in neuroandcognitivescience,but weare

only beginningto form theoriesonhow they might functionin completesystems.Embodimentof
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acognitivesystem,beingstructurallycoupledwith theenvironment,is alsonecessaryfor such

dynamicsto self-organize.

Biological organismsevolved4 basicfunctionsin becomingintentionalagents:“What”,

“Where”, “Why” and“How”. Thesesystemsareinvolvedin shortandlong termmemory, andthe

formationof structuresfor trackingandrealizingthegoalsandneedsof theorganism.KIV is a

modelthatincorporatesaperiodicdynamicsto self-organizepatternsof meaningandmemory,

alongwith adescriptionof thearchitectureof the4 necessaryfunctions,andhow phase

transitionsandattractorsin oneareainfluenceandaffect suchattractorsin othersto produce

behavior. Wehavebegunto exploretheformationof aperiodicdynamicsto self-organizesuch

behavior producing systems.
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