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Abstract

The conditionsandmechanisms$or producirg generaintelligentactionin agentsarethe
focusandproperstudyof cognitive science Marny suchpositionshave beenproposed,
including symbolic andconnectionisviewpoints.New pointsof view arebeginningto
emeqge,including embodiedanddynamicalcognition, but have notyet beenfully solidified
into a singlecomprehensie position. In this article we presenbnesuchnew viewpoint that
emphasizetheimportanceof noncowergentdynamicsto the productionof general
intelligentbehavior. This approactrepresents fourth generatiorof connectionisthough,
andis informedfrom new resultsin neurosciencandcomputatbnal neurodynatrits. We
formulatethe necessargandsufficient conditionsfor the productionof intelligentbehaior in

this approactto cognitionandintroduceonesuchmodelcapableof meetingtheseconditions.
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NoncorvergentDynamicsandCognitive Systems

Whatarethe mechanisméy which biological organisms,includinghumanbeings produce
generaintelligentactionsin orderto survive, reproduceandthrive in their environment?This, in
someform, is oneof thebasicquestionghatlies atthe heartof cognitive science Variousideas
have beenputforwardaspossibleanswergo this question Metaphorsof cognition have been
inspiredfrom theadvancedechnologie®f thetimes,includinghydrauic, phoneswitchboardand
computemetaphorgVon Neumann1958).Inspiraton hasbeensoughtfrom the realmsof
formal logic asthe mean=f generalntelligentaction. Othershave lookedto abstracteanodels
of how neuraltissuefunctionsaspossiblyholdingthekey insightsto the productionof intelligent

behaior.

Historically the studyof psychologyhasbeenfocusedon discoveringthe correlationsand
laws of humanandanimalintelligentbehaior. Anotherway of sayingthisis thatit hasbeen
focusedon figuring out the whatquestionf intelligentbehaior. Whatarethe capacitieof long
andshorttermmemory?Whatarethe learninggainsobsenedin differenttutoring andlecturing
stratgies?Cognitive scienceandespeciallytheareasf Al andcognitve modeling,have onthe
otherhandbeenstudyingthe structuresandmechanismsisedby peopleandanimalsto support
generaintelligentbehaior, andsometimespecificallywhatmechanismsouldaccountor the
propertiesobsenredby psychologicaktudies.This approactto studyingintelligentbehaior can
bethoughtof asaskingthe howquestionsHow cana collectionof simpleprocessorstore,

recognizeandcompletepatterns'How doesbrainarchitectureesultin emotian?

Alan Turing, with his famousandeporymous Turing Ted suggestedhatintelligenceis a
matterof behaior or behaioral capacity(Haugeland1997;Turing, 1950). Whethera systemhas
amind, andhow intelligentthatmindis, is determired by whatit canandcannotdo. In the
Turing Test therefoe, languageability andcapacityis proposedasthe behaior by which we can

determindf asystemhasa generaintelligentability at or above thelevel of humanbeings.
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Turing did not claim thata systemwould not beintelligentif it could not passhis test;only thatit
would beintelligentif it could. Thereforethe Turing Testprovidesa sufficient conditionfor

detectingthe presencef generahumanlevel intelligence(thoughnot a necessarypne).

Intelligentbehaior really lies on a continuum, from simpletropic behaiors of singlecelled
organismsto tool andlanguageuseof humanbeings.We couldimaginedefininglevelsor
categyoriesof intelligence eachwith anapproprate Turing-like behaioral testthatcould be used
to determneinclusionof a systemin a categyory. Suchtestswould necessarilynot be of language
use,but couldtestthingslike memorycapacity(short,andlong term),opportuistic vs. goal
orientationandproblemsolvingin uniquesituations.Suchtestswould give usthe ability to state
thenecessargapacitiesandbehaiors thatneedto be presento includea systemin acertain

level of intelligence.

Beingableto defineanddetectlevels of intelligencethroughoutward behaioral
characteristicss animportantpiecein the studyof intelligentbehaior. However, sincethe
rejectionof behaiorismandtherise of Al andcognitive sciencewe have notonly beeninterested
in thenecessarpehaioral characteristicthatlet usdetectintelligence but alsoin the typesof
internalmechanismandprocessethatmight be necessarandsufficient to producesuch
obsenedbehaiors. Theopeningup of the studyof intelligenceto includeinternalmechanisms

hasallowed usto attackthe problembothfrom the outsidein, andfrom theinsideout.

Oncewe begin studyingthe possiblemechanismsef intelligencejt is naturalto askif thereis
ary simplestsetor categyory of mechanisnthatis both sufficientandnecessaryor the production
of generaintelligentbehaior. Giventhattherearedifferentlevelsof intelligence aredifferent
mechanismseededo achie/e thesedifferentlevels,or canthe samemechanismge used,only
expandedo do more.Previousattemptdo definesuchconditionshave focusedon thingslik e the
ability of formallogic like symbolmanipuhtionsto performtaskswe usuallythink of as

intelligent, like playingchessor planninga sequencef tasksto performa goal (Newell, 1980,
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1990). Anothermajormovementhasfocusedon the power of simplenon-linearprocessinginits
to rememberrecognizeandcompletepatterngWerbos,1974;RumelhartMcClelland,& The
PDPResearclsroup,1986).

Anotherway of discoreringthe constraintf intelligence pesidegpsychological
experimentaibn, is to directly obsere theworkings of theonly known systemghatarecapable
of generaintelligentbehaior, biological brains. Thesetypesof directmeasuringf neurologcal
functioning throughsuchmethodsasEEGrecording andbrainimagingtechniquehave
provideduswith valuablefurtherconstraintsn the possiblesufiicientandnecessargynamics
involvedin cognition Suchunderstandinded directly to early connectionistnodelirg results,

andis leadingusevenfurtherin new directions.

Biological brainsareawashin comple, noncomwvergentdynamics.Suchcomplex dynamics
have usuallybeenabstracte@dway in connectionismodels,with theassumptiorthatthey arenot
necessaryo the productio of intelligentbehaior. However, new ideasin nonlineardynamical
systemgheoriespothinsideandoutsideof cognitive sciencehave begunto understandhe
possiblemportantrolesthataperiodicdynamics suchaschaosmayplay in self-oiganizing

systems.

Someresearcherg dynamicalcognitionandneurodynanushave speculate@dn the
possibilitesthatmorecomple, chaoticlike dynamicsmayplay in therole of adaptve behaior
(Skarda& Freemanl1987;Freeman1999;FreemanKozma,& Werbos,2000;Kozma&
Freeman]1999,2000,2001).Chaoticdynamicshave beenobseredin the formationof
perceptuaktateof theolfactorysensean rabbits(Skarda& Freeman1987).SkardaandFreeman
have speculatedhatchaosmay play afundamentatole in theformationof perceptuameanings.
Chaosprovidestheright blendof stability andflexibility neededy the system Essentially
SkardaandFreemarbelieve thatthe normalbackgroundactiity of neuralsystemss a chaotic

state.In the perceptuakystemsinput from the sensorgerturbshe neuronakensemblefrom the
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chaoticbackgroundandtheresultis thatthe systemtransitionsnto a new attractorthat
representshe meaningof the sensoryinput, giventhe context of the stateof the organismandits
environment But the normalchaoticbackgroundstateis notlik e noise.Noisecannotbe easily
stoppedandstartedwhereashaoscanessentiallyswitchimmeditely from oneattractorto
another This type of dynamicsmaybeakey propery in theflexible production of behaior in
biologicalorganisms.

Thepossibleimportanceandusesof aperiodicdynamicgo intelligencehasnot yet beenfully
exploredin cognitive scienceln this paperwe demonstratevhy aperiodicdynamicsmaybe
importantto intelligentbehaior, anddefinethe necessa andsufiicient conditiors for general
intelligentbehaior if it is truethatsuchdynamicsplay a crucialrole in cognition. We will then
presenbnesuchmodelcapableof producingaperiodicdynamicsfor usein perceptualmemory

andbehaior producingsystems.

TheoriesandConditionsof Cognition

SymbolicSystems

Thesymbolicapproacho cognitioncanbestbe seenn Newell andSimon’s physical-symbol
systemhypothesigNewell & Simon,1972,1976;Newell, 1980,1990) A physical-symbol
systemis a physicaldevice thatcontainsa setof interpretabé andcombinabletems(symbok)
anda setof processethatcanoperateon theitems(copying, conjoining creating,anddestrging
themaccordingto instructiors) (Newell & Simon,1976,p. 86). The physical-symbolkystem
hypothesisstateghata physicalsymbolsystemhasthe necessargndsufiicientmeandor general
intelligentaction(Newell & Simon,1976,p. 87). Thisis a strongempiricalclaim on the natureof
intelligence.It stateghatary systenthatmanipulatesymbolsis sufficientfor producirg
intelligentbehaior, andfurther thatall intelligentsystemsarenecessarilymplementationsof
physical-symlol systems.

In practicalterms,thetypesof syntacticmanipuhtionof symbolsfoundin formal logic and
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formal linguistic systemaypifiesthis view of cognition In this viewpoint, externaleventsand
perceptionsretransducednto innersymbolsto representhe stateof theworld. Thisinner
symboliccodestoresandrepresentsll of the systems long-tem knowledge.Actionstake place
throughthelogical manipulationof thesesymbolsto discover solutionsfor the currentproblens
presentedby the ernvironment Problemsolvingtakestheform of a searctthrougha problem
spaceof symbols,andthe searchs performedby thelogical manipuhtion of the symbolsthrough
statedoperationgcopying, conjoining, etc.). Thesesolutionsareimplementedby forming plans
andsendingcommanddo the motor systemto executethe plansin orderto solve the problem.In
thesymbolicviewpoint, intelligenceis typified by andresidesat the level of deliberatve thought
Modernexamplesof systemghatfall within this paradigmincludeSQOAR (Laird, Newell, &

Rosenbloom1987)andACT-R (Anderson Silverstein Ritz, & Jones1977).

Discretesymbolicsystemslo have a competitorwithin the symbolicparadigm.Thesemodels
in generaluseprobabilistt declaratve structuresandareoftenreferredto asgradientmodels.
They aremotivatedby psychologicafindingsthatmembershipn humancateyoriesis oftennot
blackandwhite. Peoplehave ideason the degreeto which a certainexamplebelongsin a
category, andthey have notionsof the prototypical memberof a cateyory. For example,arobin
might be mary peoplesquintessentialdeaof amemberof the’bird’ cateyory, while apenguin
hassomedecidedlyunbirdlike characteristicgswims,doesnt fly) which malkesit seemnot 100%
partof the category of ’bird’. Discretesymbolc systemshave beencriticizedasunhumankein
this regardwhentrying to form perceptuatateyories(thoughsee(Miller & Laird, 1996),for

attemptto allow discretesymbolicsymbolsto displaygradedresponses).

Symbolicsystemsareoftenequatedvith the machinemetaphoiof mind. In this viewpoint of
cognition,the brainis seenin somesenseasa computer The physicalbrainrepresentshe
hardwareof the systemandthe mind representshe software. The machinemetaphois a very

attractve positionfor mary reasonslt explainshow the mind connectswith andcontrolsthe
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body, the old mind-bodyproblem,in away thatdoesnotresortto aform of dualism.

Thesymbolicapproactworkswell asa modelof cognition,andis capableof modelirg mary
impressve examplesof intelligentbehaior in Al. However, challengedo this viewpoint of
cognitionhave appearedphothaspracticalcriticismsof the performanceof suchsystemsand
morephilosophicakhallengedo the physical-symlol systemhypothesis.

Onthepracticalside,symbolicmodelsarenotoiiously inflexible anddifficult to scaleup from
smallandconstrainearnvironmentsto realworld problems.If symbolicsystemsareboth
necessarandsufficient for intelligentbehaior, why do we seemto have suchproblemsn
producingtheflexibility of behaior exhibitedby biologicalorganisms?

Theinability of symbolicsystemgo copewith suchproblens hasleadmary to anewv
viewpoint of cognition.Whenoneviews cognition asmainly working onthelevel of deliberatve
thought,thenthe hardproblemsof intelligenceappeato bethosesuchaslogic andlanguageause.
Fromthis viewpoint, the abilities of organismsto orientthemselesspatio-tenporally, form
perceptuatateyoriesanddevelopbasicmotorskills seemto be easyproblens thatcanbe
immediatelysolved oncebasicsystemsexist to take careof the hardemproblemsof deliberatve
thought.But if the physical-symbb systemhypothesisdoesnot hold anddeliberatve thoughtis
notthebasiclevel whereintelligenceresidesthenthis viewpoint may be exactly backwards.
Thoseabilitiesthataresoeasilydismissedassimplebecausall childrenlearnthemwith seeming
effortlessnesareinsteadseenascomplex andessentiato cognition. Perhapst hastaken mostof
thetime of evolution to solve thesebasicfeaturef intentionalactivity, andlanguageandlogic
arephylogenetcally morerecentandcomparatrely easyto solve oncethe properbaseof

spatio-tempumal skills is in placeto supportthem.

ConnectionisSystems

A connectionistiiew of cognitionprovidesanalternatve theoryof mind to the symbolic

approachTheconnectionisapproacho cognitionhasexistedfor aslong asthe symbolic
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approachHowever, symbolic viewpoints of cognitionhave dominatedhefield of cognitive

scienceuntil aresugenceof interestin connectionismodelsin themid '80s.

Theconnectionisapproachliffersfrom the symbolicparadigmin almostall major
dimensionsConnectionismodelsoffer a subsymbol paradigmwhererepresentationarebuilt
from the changingcontributionsof processinginitsthatrepresenteatureselov thenormallevel
of humansymbolc features Connectionismodelsemphasizgarallelprocessingwhile
symbolicsystemgendto processnformaion in a serialfashion.Connectionistepresentations
aredistributed over mary units,while cognitivist symbolsarestaticlocalizedstructures.
Connectionismodelsoffer mary attractve featuresvhencomparedvith standardgsymbolic
approachesThey have alevel of biological plausibility absenin symbolicmodelsthatallows for
easielvisualizationof how brainsmight processnformation. Paralleldistributedrepresentations
arerobust,andflexible. They allow for patterncompletionandgeneralizatiorperformance
comparabldo biological organisms.They arecapableof adaptve learning.In short,

connectionismodelsareanattractve alternatve modelof cognition.

Theconnectionishypothesignight be statedas: large-scalgarallelismof (relatively simple)
non-linearprocessinginitsdoinglocal processingandproducingdistributedrepresentationare

necessarandsuficientto the producton of generaintelligentbehaior.

FirstGenenation Clark (2001)cateyorizesmodernconnectionismnto threegenerationsThe
first-generatiorof connectionismthatbeganwith the perceptrorandthe work of the
cyberneticist§Rosenblatt1958;McCulloch& Pitts,1943),wasrevivedin themid '80s with the
PDPresearctgroupswork (amongothers)on paralleldistributed processingRumelhartetal.,
1986).First-generatiortonnectionissystemsveretypified by a multi-layerarchitecturgusually
composeadf two or threelayers)with strictly feed-forward connectionsBackpropogtion

learningruleshave beenespeciallysuccessfuin the proliferationof thesemodels(Werbos,
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1974).Sucharchitecturesirevery familiar to practitionersof Al andNeuralNetwork research.
Theseconnectionistodelsof cognitionarevery attractve andimportantfor mary reasonsThey
arebiologically plausiblemodelswith someof theflexibility of pattern-ecognitionand

generalizatiorexhibited by biologicalorganisms.

Secondseneantion Second-generatioconnectionisnbeganto appeaiin theearly’90s.
Second-generatioconnectionisnextendsfirst-generatiometworksto begin to dealeffectively
with dynamicspatio-tenporalevents.First-generatio networks displayedno real capacityto deal
with time or orderin theenvironment Second-generatioconnectiorst systemsaddedrecurrent
connectiongo thenetworksin orderto expandthesecapabilities(Elman,1990,1991).Recurrent
connection@reconnectiongshatconnectaterlayersin the network with earlierlayers.So
second-generatioconnectionishetworksareno longerstrictly feed-fomward,they contain
recurrenconnectionsTheadditionof recurrentconnectionsllows for previous statesof the
network to affect decisionsaboutthe currentinput In essencesecurrenttonnectionprovide a
type of shorttermmemorythatallows for the catgyorizationof patternsextendedn time across
theinputsof thenetwork. This ability to dealwith spatio-temprally extendedpatterngn timeis

animportantadditionto the capabilitiesof connectionissystems.

Third Geneation Third-generatiortonnectionisnis the mostrecentextensionof the
connectionisparadigm.This generatiorof modelsis typified by evenmorecomple« dynamic
andtime involving propertes. Thesemodelsusemorecomple, andbiologically inspired
architecturesalongwith variousrecurrentandhard-codeaonnectionsSo,for example,rather
thanthetypical threelayersof first andsecondyenerationsthird-generabn networks may have
mary areaghatrepresenaindreflectarchitecturesindsubsystemsf biological brains.Because

of theincreasingemphasi®©n dynamicandtime propertiesthird-generatiorconnectionisnhas
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alsobeencalleddynamicconnectionismSeeFigurel for asummaryof Clark’s classificatiorof

connectionisgenerations.

NonlinearDynamicsandCognitve SystemsThe Fourth Generation

Biological brainsexhibit aperiodicoscillationswith a muchmorerich dynamicalbehaior than
fixed-pointandlimit-cycle approxinmationallows. Early connectionissystemsapturedsomeof
theflavor of neuronafunctioning, but abstracte@way muchof this rich dynamicalbehaior in
favor of simplefixed-pointdynamics(Hopfield,1982;Grossbey, 1980;Kohonen1972;
Andersoretal., 1977).Secondandthird generatiorsystemsecapturesomeof the morecomple
dynamicsbecausef recurrentconnectionsandspecializedarchitectureshut mary arestill
parameterizetb ultimately settledown to fixed-pointattractors.The questionof whatuse,if ary,
aperiodicdynamicamayplay in cognitionhaslargely beenignored,or its possiblesignificance
unrealized.The exploration of noncowergentdynamicsin cognitive processemay constitutethe
fourth generatiorof connectionisthoughtin its evolution towardscapturingmoreof the
dynamicsandfunctioning of biological brains.In this sectionwe will arguethat,farfrom being
unnecessargoiseof no usein cognition aperiodicdynamicsarenecessaryor generalntelligent

behaior.

NonlinearDynamicsin Science

The studyof nonlineardynamicshasblossomedn all areasof sciencan the pastdecadegor
mary reasonsNonlineardynamicsprovide new conceptuahndtheoreticatoolsthatallow usto
understanéndexaminecomple« phenomenghatwe have never beenableto tacklebefore.
Nonlineardynamicsseemto shav up everywherejn physicalsystemdik e electricalcircuits,
lasersppticalandchemicalsystemsBut we especiallyseeits ubiquity all aroundusin the
biologicalworld, from fractalgrownth patterngn biologicaldevelopmentandcity formation to the
self-oganizing characteristicef populationmodels,andtheimportancein regulatinghealtly

biologicalrhythmssuchasthe beatingof the heart.
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The studyof nonlineardynamicsis concernedvith systemsvhosetime evolution equations
arenonlinear But why is nonlinearityanimportantpropery of systemsSimply put,in alinear
systemif you changea parameteor perturbthe systemtheamplitudeandfrequeng of the
systemmay changeput the qualitatve natureof the behaior will remainthe same.For example,
perturbirg anoscillatingpendulumdoesnot changethe factthatit continuedo oscillatewith a
regularharmorc motion In anonlinearsystemhowever, this factdoesnot hold. Perturbation®f
the systemcancausea qualitatve changean the behaior of thedynamics. A smallperturbatio
cancausesudderanddramaticchangesn boththe qualitatve andquantitatve behaior of the

system(Hilborn, 1994).

This propertyof nonlinearsystemss importantin atleasttwo ways.A nonlinearsystem
exhibiting aperiodicdynamicss constantlygeneratingandexploring uniqueareasof its possible
behaiors. This generatiorof diversity canbeaveryimportantpropertyin producingflexible,
intelligentbehaior. Also, randomernvironmentalperturbaibns canbe handledoy anonlinear
processwherethey would be disastroudo alinearone. For example,arandomperturbatio to a
portionof beatingheatmusclefiber thatwasgovernedby a linear oscillationwould causethe
fiberto beatin anew period,possiblyconflictingwith otherareasandleadingto fibrillation.
Nonlinearprocessegovernedby anattractorcanbecomeentrainedo oneanotherandevenin
thefaceof randomperturbationshey will eventuallysettlebackdown to beatin synchroy.
Nonlinearprocesseareableto handlerandomervironmentalperturlations,but still maintain

coherentlynamicalstate.Linear processearedestryedby randommess.

Really, nonlineardynamicsaretherule notthe exceptionin systemsbseredin nature.
Almost all realsystemsarenonlinearat leastto someextent. Classicaphysicsandsciencehas
beensurprisingy succeshul in usingidealizedlinearapproximatimsto modelmary physical
processesTherangeof phenomenghatcouldnotbe handledsuccessfullyby linear

approximaion washowever muchgreater But somephenomenait leastarebeginning to be
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understoodhrouch the applicationof nonlineardynamics.To quotea famousmathematician
StanislaudJlam, “Calling the subjectnonlineardynamicss lik e calling zoology’nonelephant
studies™ (Gleick,1987).The studyof linear systemgestrictsscienceo only avery small
portionof the vastrangeof possibledynamics.Thecomple behaior of the brain,we would
argue,is onesuchphenomenavherethe applicationof nonlineardynamicalmodelingcanyield
greatemunderstandig.

In asensesymbolicsystemseento belongin the classicalvein of usingalinear
approximaibn to modela phenomenonin this casethe systemati@applicationof formal logic to
thetasksof problemsolvingandmemory But thesesystemsuffer the sameweaknessethatall
linearapproximatims share.Unexpectedsituationsor perturbatbonscannotbe handledby such
models.We will next look at someof the evidencefor nonlineardynamicsn thefunctioning of

perceptuaheurologicafunctioning.

NoncowemgentDynamicsfor Perception

In theirinfluentialpaper SkardaandFreemar(1987)arguedthatchaosasanemepgentproperty
of intrinsically unstableneuralmassesis very importantto braindynamics.In experiments
carriedout on theolfactorysystemof trainedrabbits,Freemarwasableto demonstrat¢he
presencef chaoticdynamcsin EEGrecordingsandmathematicaimodels.In theseexperiments,
Freemarandhis associatesonditionedrabbitsto recognizesmells,andto respondwith particular
behaiors for particularsmells(e.g.to lick or chew). They performed EEGrecordingsf the
actvity in theolfactorybulb, beforeandaftertraining for the smells.

The EEGrecordinggevealedthatin fact,chaoticdynamicgasshovn by theobseredstrange
attractorsyepresentethe normalstatewhenthe animalwasattentve, in theabsencef a
stimulus.Thesepatternsunderwent dramatc (nonlinear)transition whenafamiliar stimulus
waspresentedndthe animaldisplayedrecognitionof a previously storedmemoy (througha

behaioral response)The patternof activity changedyery rapidly, in responseo the stimulusin
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Figure2: EEG carrierwave patterngleft) andcontourmap(right) of olfactorycortex actiity in

responseo arecognizedgsmellstimulus (from Freeman1991,p. 80)

bothspaceandtime. The newv dynamicalpatternwasmuchmoreregularandordered(very much
like alimit cycle,thoughstill chaoticof alow dimensionabrder) The spatialpatternof this
activity represented well definedstructurethatwasuniquefor eachtype of odorthatwas
perceptuallysignificantto theanimal(e.g. conditioredto recognize) Figure2 shavs anexample
of sucharecordedoatternafterrecogniton of a stimuli of the EEG signalsandtheassociated
contourmap.In this figure afterrecognitio, all of the EEG wavesarefiring in phasewith a
commonfrequeng (which Freemarcalledthe carrierwave). The patternof recognitionis
encodedn the heights(amplitudemodultions)of theindividual areas.The amplitudepatterns,
thoughregular, arenot exactlimit cyclesandexhibit low dimensionathaos.In otherwords,
differentlearnedstimuli werestoredasa spatio-tempral patternof neuralactvity, andthe
strangeattractorcharacteristiof the attentionstate(beforerecognition)wasreplaceby a new,
moreorderedattractorrelatedto therecognitionprocessEach(strangeattractorwasthusshowvn
to belinkedto thebehaior the systemsettlesinto whenit is underthe influenceof a particular

familiarinput odorant.

Figure3 shavstheeffectson the spatialattractorpatterndueto learning.Every time a new
odorwaslearnedby theanimal,all of the existing attractorpatternschanged!n this figurethe

contourpatternof actvity for savdustis shavn (beforelearningthe bananaodor),for the banana
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Figure3: Changein contourmapsof olfactorybulb activity with the introduction of a new smell

stimulus(from Freeman1991,p. 81)

odor, andthenagain for savdust. Noticethatthe spatialpatternfor savdustno longerresembles
its previous pattern.Whene&er anodorbecomegneaningfulin someway, changesn the synaptic
connectiondbetweemeurongn differentpartsof the olfactorycortex take place.Justasin the
Hopfieldmodelandotherneuralnetworks,thesechangesreableto createanotherattractor and
all otherattractorsaremodifiedasaresultof this learning.However, in realbrains,the attractors

of perceptuameaningarenot simplepointattractorsput arespecificstrangeattractors.

Freemarsuggestshat“an actof perceptiorconsistsof anexplosive leapof the dynamic
systemfrom the basinof one(high dimensionaljn the attentve state)chaoticattractorto another
(low dimensionaktateof recogniton) (Freeman1991). Theseresultssuggesthatthe brain
maintainsmary chaoticattractorspnefor eachodorantananimalor humanbeingcan
discriminate FreemarandSkardaspeculaten mary reasonsvhy thesechaoticdynamicsmay
beadwantageous$or perceptuatateyorization.For one,chaoticactvity continually produces
novel activity patternswvhich canprovide a sourceof flexibility in theindividual. But sincechaos
is aorderedstate suchflexibility is undercontrol. As Kelsoremarkssuchfluctuations
continuouslyprobethe systemallowing it to feelits stability andproviding opporunitiesto
discover new patterngKelso,1995). Anotheradvantageof chaoss thatit allows for very rapid

switchingbetweerattractorswhich randomactuity is notableto do. Freemaralsoproposedhat
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suchpatternsarecrucialto the developmentf nene cell assembliesFor examplehigh
dimensionathaosmay provide a neutralpatternof correlationactvity sothatlearningdoesnot
occurduringtheattentve state.Only uponcollapseof actvity to moreorderedregionsdo regular
phasesynchronizationgccurbetweemeuralareaswhich allow for hebbiansynapticchangego

reliably occur

Necessarand SuficientConditionsof NoncowvergentDynamicalViewpoint

Aperiodicdynamicsplay a significantrole in the organizationof perceptuamechanism
biologicalorganisms.The presenc®f self-oiganizingcritical stateshave alsobeendetectedn
otherbrainsystemsTheseobsenationshave led to the hypothesighatsuchdynamicsare
ubiquitausin brains,andarenecessaryo theflexible organizationof biologicalbehaior.
Symbolicsystemgrovide little insightinto how they maybe connectedvith anernvironmentand
generatrely construcknowledgeaboutthe world they experience Looking at symbolicsystems
asmodelsof biological cognition they arealsosilentonwhy suchaperiodicdynamicsappeain
biologicalbrains.Classicalkconnectionissystemshave yet to explorethe usesof aperiodic
dynamicsn memoryandaction.

Theseobsenationsof the possiblesignificanceof noncowvergentdynamicsn brainshasled

usto speculaten the necessarandsufficient conditionsthey suggestSpecifically:

e Compl&, noncowemgentdynamicsarenecessaryo the production of generaintelligent

behaior.

e An embodiedsystemwith approprate ervironmentaléensorycouplingandinternalstructual
systemdor handlingthe“what”, “where”, “why” and“how” functionsof theagentare

necessaryo the production of generalintelligentbehaior.

e Theexploitationof noncowergentdynamicsby andwithin suchanappropratelyembodied

systemarenecessarandsuficient for producinggeneraintelligentbehaior.
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In essenceve have proposedwo conditiors for the productionof generaintelligentbehaior.
Aperiodicdynamicscharacteristiof critical statesarenecessaryor theflexible self-oiganization
of memoryandbehaior. Thedynamicsof the brainarestronglycoupledwith their ernvironment.
Theinteractionof braindynamicswith the ervironmentalsystemproducesehaior. We will

exploretheseissuedurtherin the next sectionwherewe describeonesuchmodelof cognition.

A NecessarnandSufficient Model for the Productionof GeneralntelligentBehavior

Thediscovery thatbraindynamicsexhibit chaoticfeaturesandfurther, thatthesedynamicsmay
be necessaryor the self-organization of intelligentbehaior hasa profoundimpacton thetypes
of theorieswe shouldproposeo explain cognition In this sectionwe presenbnesuchmodelthat
is capableof meetingthe necessy conditiors for the productionof generaintelligentbehaior

outlinedabove.

K SetPrimer andHistory

TheK-sethierarcly, developedby WalterJ. FreemarandassociategFreeman1975,1999;
Skarda& Freeman1987;Freeman]1991) is botha modelof neuralpopulationdynamicsanda
descriptionof thearchitecturesisedby biologicalbrainsfor variousfunctional purposesThe
lowestlevel of the hierarcly, the KO set,providesa basicunit thatmodelsthe dynamicsof alocal
populationof tensof thousand®f neurons.The dynamicsof the KO setaredescribedy asecond

orderordinarydifferental equationfeedinginto anasymmetricsigmoidfunction:

d*x(t)
d?t

+ (a + b)dx—(t) +x(t) = f(t) (1)

b
“ dt

This equationrwasdeterminedy measuringhe electricalresponsesf isolatedneural
populatiors to stimulatian andotherconditions.Thea andb parameteraretime constantghat
weredeterminedhrough suchphysiologcal experimentsz(t) is the pulsedensityof themodeled

neuralpopulation,in otherwordsthe averagenumberof neuronghatarepulsingin the
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populationatary givenpointin time. f(¢) is anonlinearasymmeti sigmoidfunctiondescribing

theinfluenceof incomingactvation.

A KO unit modelsthe dynamicsof anisolatedneuralpopulation.Fromthe basicKO unit can
be built up architectureshatcapturethe obsereddynamicsof increasinglylargerfunctional
brainareas.TheKI modelsexcitatory-inhibitory feedbackpopulationsKIl modelsinteractirg
excitatory-inhibitory populationsandcorrespondo organizedbrainregionssuchastheolfactory
bulb (OB) or the prepyriform cortex (PC).KIIl combine3 or moreKIl populatiors to model
functionalbrainareassuchascortex or hippocampusandarecapableof aperiodicdynamicsof
thetypeobsenedin theseregionsto, for example,derve meaningfrom perceptuasensesKl1V is
amodelof thebasiclimbic systemcombinirg Klll setsto modelthe"what” (perceptual),
"where” (hippocampabrientaton memory) "why” (forebrainvaluesystem)and”how” (motor
control) of abasicembodiediologicalagent.TheKIV level theoreticallyis sufiicient for the
productionof generalintelligentbehaior suchasthatobseredin reptilesandsimplemammals.

Tablel summarizesheK-sethierarcly describedbore.

TheKI setprovidesaform of positive feedbackln aKI set,two or moreexcitatory
populatiors areconnectedo oneanother Their mutualexcitationallows for the populationgo
maintaintheir activationlevelsat a steadynon-zerostate. TheKIll setallows for aform of
negative feedbacko be usedby neuralpopulatons.In aKIl, inhibitory populatiors areconnected
with excitatory populatiors. As the excitatory populationbecomesgnoreactie it beginsto more
actively stimulatetheinhibitory population. Theinhibitory population,n turn, theninhibits the
excitatory population andthrougha procesf negative feedbackmaintainshe dynamicsof the
systemwithin certainbounds.Negative feedbacks awell known procesf homeostaticontrol
andis usedextensvely in artificial systemsuchasathermostato maintaina constanroom
temperatureNegative feedbacks characterizethy dampedoscillatoryor cyclic behaior.

Positve andnegative feedbaclkarewell known propertesof biological systemsandwerefirst
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Tablel: Characterizatiownf the hierarcly of K sets.

Type Structure Inherentdynamics Exampledn brain*

KO  Singleunit Nonlinearl/O function All higherlevel K setsare
composeddf KO units
Kl Populationsof excitatory Fixedpointcornvergenceto PG,DG, BG, BS
or inhibitory units zeroor nonzerovalue
Kl Interacting populatils of Periodic,limit cycle oscil- OB, AON, PC,CA1, CA3,
excitatory and inhibitory lations; frequeny in the CA2, HT, BG, BS, Amyg-

units gammaband dala
Klll  Severalinteractirg KIl and Aperiodic, chaoticoscilla- Cortex, HippocampalFor-
Kl sets tions mation,Midline Forebrain
KIV  InteractingKlll sets Spatio-tempmal dynamics Hemisphere-wideoopera-
with global phasetransi- tion of cortical, HF andMF
tions (itinerang) areas coordinatedby the
Amygdala

* Notations: PG - periglanerular;OB - olfactorybulb; AON - anteriorolfactorynucleus;PC
- prepyriform cortex; HF - hippocampalformation; DG - dentategyrus; CAl, CA2, CA3 -
curnuammons sectionf the hippocamps; MF - midlineforebran; BG - basalganglia;HT -
hypothabmus;DB - diagonalband;SP- septum
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exploredextensvely for controlof systemdy cyberneticistfWiener 1965).

In the original K model,the purposeof theKIIl setwasto modelthe chaoticdynamics
obsenedin ratandrabbitolfactorysystemgFreeman;1987;Shimoide,Greenspon& Freeman,
1993;Freemar& Shimoide, 1994).KIl arecapableof oscillatorybehaior, asdescribedibove.
Whenthreeor moreoscillatingsystemgKIl) of differentfrequenciesareconnectedhrough
positve andnegative feedbacktheincomnensuratdrequenciecanresultin aperiodicdynamics.
Thedynamicsof theKIll areproducedn justthis manneyby connectinghreeor moreKIll units
of differing frequenciegsogether TheKIlll setwasnotonly capableof producingtime series
similar to thoseobsenredin the olfactorysystemsindervarying conditionsof stimulationand
arousalput alsoof replicatingpower spectrundistributions characteristicef biologicaland

naturalsystemsn critical stateSolke & Goodwin 2000;Bak, Tang,& Wiesenfeld 1987).

Thepower spectrums a measuref the power of a particularsignal(or time seriesasfor
examplethatobtainedirom an EEG recordingof a biological brain) at varyingfrequenciesThe
typical power spectrunof arat EEG (seeFigure4, top) shavs a centralpeakin the 20-80Hz
range,anda 1/ f* form of the slope. The measuredlopeof the power spectrunvariesaround
a = —2.0. 1/ f> typepower spectraareabundantin natureandarecharacteristiof critical states,
betweerorderandrandomnesstwhich chaoticprocessesperate Pover spectraof biological
brainshave beenobseredto vary froma = —1.0 to a = —3.0. Theatypicalpartof the
experimentaEEG spectras the centralpeak,indicatingstrongeroscillatorybehaior in they
frequenciesThis centralpeakin the 20-80Hz rangeis known asthe~ frequeng band,andis
associateavith cognitive processes biological brains. The K-modelsarecapableof replicating
the power spectraof biological EEG signals,asshavn in Figure4, bottom(Harter& Kozma,

2003;Freemar& Shimoide, 1994;Freeman1995).

TheKIll setshave beenshavn to be capableof organizing perceptuatategoriesin the

fashionobsenredin biological perceptuabystemsTheKIll usedassucha patternclassifieris
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Figure4: The power spectrumof a rat OlfactoryBulb EEGis simulatedwith the KA-1II model.
The calculated'1/f” slopeof the EEG andmodelis approximately-2.0. Rat OB datafrom (Kay
etal., 1995),KA power spectrumfrom (Harter& Kozma,2003)
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very robustandcomparesvell with morestandardnethodsof patternclassificationfKozma&
Freeman2001).

Thedevelopmentof the K-sethierarcty from KO to Klll is necessa for modelingand
explainingthethedynamicsobseredin perceptuaprocessesf biological brains.Not only does
it involve positive andnegative feedbackmechanism$or homeostaticontrol, but alsoutilizes
aperiodicdynamicgfor flexible generatiorandrecognitionof patterns.Thoughwork throughthe
Klll sethave focusedon perceptuatateyory formation,thereis evidencethatthe basicunits of
dynamicsdevelopedby theKIll for perceptiorarealsousedin the organizationof memoryand
behaior dynamics.The expansionof theKIIl setto modelacompleteagent,nvolving the
“What” “Where” “Why” and“How” systemsof condition two will bedescribedn the next

section.

Limbic Systermand IntentionalBehavior

Intentioral behaior, in thewordsof Freeman(2000),is:

... anactof obsenationthrough time andspacepy which informationis soughtfor the
guidanceof futureaction. Sequencesf suchactionsconstitutethe key desiredoropertyof
free-roving, semi-autonorausdevices...Intentionality consistf the neurodynamicgy
whichimagesarecreatedf future statesasgoals,of commandsequenceby whichto actin
pursuitof goals,of predictedchangesn sensoryinputresultingfrom intendedactionsby
which to evaluateperformanceandmodificationof the device by itself for learningfrom the
consequenced its intendedactions.

Intentiorality is aresultof theendogenouge.g.internallygeneratedgonstructiorand
directionof behaior into theworld. We seeit in all biologicalorganisns thatselecttheir own
goals,balanceheir actwities to satisficemultiple, andsometimegonflictingneedsandlearn
from experiencestatisticalregularitiesof their environmentthatareexploitable for survival.
Intentioral behaior hasvery muchto do with the coordinaton of all partsof the body; into
focusedactvity. Thistypeof perceptuabwarenessndcoordinaton is consistentvith the
conceptof situatedandembodiedcognition. As notedbefore the successfulinderstandingf

intentiorality is believedby someto be a morefundamentalvay of understandingognitionasa
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whole,anduponwhich moredeliberatve andlogical reasoningskills of humansarebuilt.

The concepiof intentionalbehaior hasto do with how the biological organismdynamically
organizesandconstructgoal statesandgeneratebehaior to approachevaluateandsatisfy
thosegoals.In amoretradiional autonomais agentview, this boils down to solvingtheaction
selectionproblem,but in away thatdoesnot dependon hard-codinghe goalsanddesiresnto the
organism.Insteadthroughnormaldevelopmentaprogressionssuchgoal statesneedto be
discovered,constructedandhierarchicallyorganized.Baars,amongothers haspostulatech
hierarcly of goalcontets thatprovide afocusfor attentionandaction(Baars,1988).However,
little hasbeenproposedn how suchagoalhierarcly comesto developin anorganism.Thelen
andSmith’s concepif theontogenetidandscapgThelen& Smith,1994)providesthe
beginningsof a metaphoricatepresentationf how a goalhierarcly develops.They believe that
skills aredevelopedby the succesiwe formationanddissolutionof attractordynamics.
Developments seenpy them,asthe hierarchicalbrganizationandconstructiorof the
ontogenetidandscapén the serviceof the needsanddesiresof the organism. This formation of

behaioral sequenc@atternsarewhatareusedto integrateanddirectintentional behaior.

Brain scientistshave known thatthe minimal nenwous systemthatis capableof supportingthe
basicsof intentionalbehaior is thelimbic system.Phylogenetcally, the developmentof the basic
limbic systentirst appearsn amphibianssuchasthe salamanderThis systemis comprisedof
the phylogeneticallyoldestpartsof the forebrain(involvedin interoceptimm andgoalformation),
alongwith the paleocortg andthe deepetying motar nuclei,aswell assomeform of a primitive

hippocampusFigure5 shavs a schematidllustraton of a prototypical vertebratdimbic system.

Themodelof thebasiclimbic systempresentedhereprovidesa startingframenork upon
which to developmodelsof theformation of hierarchicalgoal-statedlynamics.This basic
architecturealongwith principlesof self-oganizationandchaoticneurodynans, providesa
framawork for the developmenif intentioral behaior in autonomousgentsanda better

understandingf suchmechanism realbrains.
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Figure5: A schematigepresentationf the basicvertebratdimbic system.Therearethreemajor
divisions, sensoryareascortex, and motor areas,alongwith a hippocamps for cognitve maps

andothertypesof long termmemory(from Freeman2001)

Intentiorality is a particularlevel of intelligentbehaior. The catagory of intentionalbehaior
canberecognizedy suchbehaiors as: goaldirectedactvity but notoverly so;performng
opportunstic behaior whensuchopportuntiesarise;orientationin the ervironmentdirected
towardsthe salientgoals;basicmemorysuchasepisodicandcognitive maps;andhierarchical

balancingof multiple sometimesonflictinggoals.

Thearchitectureof thelimbic systemwith its four functioral areasjs a necessargondition
for achieving a basiclevel of intentionalbehaior. Intentionalbehaior is simplerthangeneral
humanlevel intelligence but it is afundamentaprerequisie for a systemto have true

intentiorality beforegenerahumanlevel intelligencecanbe achieved.

Somesimplelong-termmemoryis requiredfor intentionalbehaior to occur Withoutan
episodicmemoy, systemsanbe stuckin aloop of repetitve, unproductve behaiors, suchas
obseredwith waspsandotherinsectsthatdo not posseghefull architectureneededor
intentioral behaior. Episodicmemoryallows the cognitive systemto recognizesuchloops(as

boredom)andbreakout of theunproductve behaior by trying somethinglifferent.



NoncorvergentDynanics andCognitive Systems6

KIV Model

As describedreviously, the purposeof theKIlll setis to modelthe aperiodicdynamicsobsened
in the sensorysystemsof biological brains,andto begin to understandhow suchdynamicsmay
take partin theformation of meaningfor the organism While perceptioris animportant
componentn the productian of intelligentbehaior, it is only a smallpartof thewhole. One
insightof theembodimenmovementis thatstudyingpiecesof the cognitive puzzle(perception,
memory etc.) mayin mary casesnissimportantpointson how behaior emegesfrom thepieces
working togetherasawholein acompleteautonomousgent(FreemanBurke, & Holmes,2003).

TheKIV architecturas amodelof whatbiologistsbelieve maybethe simplestneurological
structurecapableof basicintentioral behaior, thelimbic system(Kozma,Freemang& Erdi,
2003;Kozma& Freeman2003).Thelimbic systems composeaf four basicfunctionalareas:
sensory/perceptuareasmemol andorientation, valuesystem(heedsandgoals)andmotor
systemsThesefour areascanroughly be describedasthe“What” “Where” “Why” and“How”
functionsrespectrely. Figure6 is a schematiagepresentationf the KIV modelof thelimbic
system.

Thehypothesisapturedn theKIV modelis thatthe sametypesof aperiodicdynamicsthat
have beenshavn to be crucialto theformationof meaningn perceptuakystemsarealso
necessaryor theformationof memoryandmotormaps.aswell asthe hierarchicalbrganzation
of competinggoals.Therefore atthe heartof the sensorymemoryandvalencesystemlies aKill
set,whichis capableof producingtherequisiteaperiodicdynamics We will describesachof the

four areadn detail next.

What(Sensory/Brception) As discussegbreviously, aperiodicdynamts have beenobseredin
rabbitsensorysystemsandarebelievedto play animportantpartin the formationof meanings.
In theKIV architecturegxternalsignals(exteroceptiam) arrive from the ernvironment(Figure6

top). Eachsensorychanneis mappednto meaningsf interestto the organism througha



NoncorvergentDynanics andCognitive Systems7

"What" (perception)

Exteroceptors
"Where" [ touch I | vision | |auditior*

- "Wh n
(hippocampal y
long-term memory, (geals
cognitive maps) values)

\ =

-l =
w o ) 5
8 = i
&
@ —
e > 3 =
5 & NG Sle o
H z ) ©
E — E
- — B
c L2 g

—» = 2 |la—
] b 8
s v =

drive [mators

%

Maotion into environment

"How" (motor skills)

Figure6: TheKIV architectureanembodiedbiologically inspired)modelthatis capableof the
hypothesizethecessargonditionsof aperiodiccomputationaheurodynarnts. SeeTablel for a

descriptionof the brainarealabels.Basedon figurefrom (Kozma& Freeman2003)
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procesof theformationof chaoticattractorsdueto learning.In thefigure,the OB (olfactory
bulb), PC (prepyriform cortex) andAON (anteriorolfactorynucleus)arethreegroupsof Kll sets
thatform asensonKiIll. In afull model,eachsensevould be handledby oneor moreKIlll
groupsof its own (notshawn in figure). Theformationandrecognitionof salientmeaningsn the
environmentprovide theanimalwith a senseof “What” importantthings arein its immedate

ervironmentthatcanor shouldbe dealtwith.

Whee (Orientation,Memory) A primitive hippocampsis the centerof morelong termmemory
andorientatian functionsin simplelimbic systemsIn theKIV architecturetheformation of
cognitve mapsof the environment,andthe determnationof the orientaton of the organismin its
environment(bothlocally andglobally) is takencareof in the hippocampusThe orientaton
functionof thehippocampasis depictedn theKIV model(Figure6 left) asreceving orientation
signalsfrom theernvironment. ThethreeCA regions(CA1, CA2 andCA3) form aKIlll setthatis
responsibldor the formation of memoriesof the environmentof the organism Theformaion of
cognitve maps,andsocalledplacecells,in the hippocamps, is performedn the CA KIII set,

andtakesadwantageof theflexibility of aperiodicdynamicsto form suchrepresentations.

Why(Goals,Drives, Value Systems) Figure6 ontheright composeshevaluesystemof the KIV
architectureandmediateghe productionof behaior to guidethe organismin completinggoals
andtasksto satisfyits needs.This systemkeepsrackof thereasonsWhy” the organismis doing
whatit is doing. In the valencesystemjnternalsignalsthatmonitorbasicneedgsuchasfood, or
avoiding damageprefed into the system(Figure6 right). AnotherKll formsthe heartof the

systemfor forming andbalancinga goallandscap®f the organism(HT, DB andseptum).



NoncorvergentDynanics andCognitive Systems9

How (Motor Actions) Themotorsystem(Figure6 bottom)is responsibldor directingactual
effectorsfor “How” the organismwill carryoutbehaiorsin pursuitof its goals.Theamygdala
providesthe goal-orienteddirectionfor the motorsystemthatis superimposedn local tactile

andotherprotectve reflexes.

LearningMechanisms

Four typesof learningareusedin theKIIl componentso form perceptuatateyoriesandother
dynamicgKozma& Freeman2001). Thesetypesof learningincludehebbiantype

reinforcementamongothers.Thoughnotindicatedin our necessarandsufficient conditions,
thesemechanismareimportantpiecesn the puzzlein how suchcomplex aperiodicdynamics

cometo representmeaningdor abiologicalorganism Thefour typesof learningare:

Continualshort-ermlearningof ervironmentalcuesat high ratesduring exploration.

Intermediag¢-termhabituationto ambiguousirrelevant, noisyinputs.

Long-termreinforcementearningat critical situations(aversie or appetitve) usinghebbian

mechanisms.

Renormalizatiorasneededo maintainhomeostatitability in all units.

Continualshort-ermlearningprovidessnapshotsf actualsensorystatesatany giventime
instant.It providestheinformationfor not only snapshotsf actualsensorystatesput also
sequencesf learningsuchpresenstatesandtherecentpast. This representshe short-term
memoryfunction of the organism,andprovidesa buffer of eventsthathave recentlyoccurred.
Theseeventscanbe passedo morepermanenstoragenvhensalienteventsoccurto the organism
or in theervironmentto triggersuchprocesses.

Habituationis a diminishedresponséo sensoryinput. If asensorysignalis repeatedly

encounteredbut it is never associateavith any meaningéll eventto the organism it gradually
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becomesletunedoy the short-ermsensorandessentiallyignored. Thisis the processy which
we, for exampletuneout suchthingsasenvironmentalnoiselik e the air conditioner.
Hebbianlearningis the procesdy which salientperceptuakventsbecomemeaningfuly
associateavith internalgoalsof the valencesystem.This type of learningis episodic,not
continuousandit producesnorelong-termeffects. Hebbianlearningis a well knovn mechanism
thatinvolvesthe strengtheningf associationdetweerunitsthattendto becomeactive together
Throughthis type of reinforcementenvironmentalcues,suchasaringing bell or aparticular
smell,cancometo beassociateavith salientevents,suchasthe appearancef afood reward.
Theabove learningmethodasmplementincrementachangesn theKlll componerg. As
Kllls arehighly nonlinearunits,learningeffectsmayresultin undesirablelestabilizatiorof the
dynamics. Homeostatiaegulationis a way of achieving stability by maintainng local balances

usingrenormalization

Computatimal Neurodynamicsn Practice

LearningObjectAvoidance

Theoriginal K setsaregoodmodelsof olfactorycorticaldynamics.They canreplicatethe
complex dynamicsandspectreaof biological corticalrecording. Also, notdiscussedhere,the K
setscanlearnandtherebyreplicatesomeof the behaior of rabbitswhenlearningnew olfactory
sensorystimuli. TheK setshave alsobeenextendedio moreabstractasksto demonstratéheir
usein standarcatternrecognitiontasks(Shimoideetal., 1993;Kozma& Freeman2000,2001).
We arecurrently extendingthe K modelto notonly performperceptuatasks but to also
modelthe completebehaior of anorganism from perceptiorto actionandthe stepsneededn
betweenKozmaetal., 2003).Oneof the purpose®f producingthe KA modelwasto providea
simplifiedandefficient systemthatwasstill capableof producingthe typesof dynamicsdeemed
importantto biological organismsn producinggeneraintelligentbehaior. The KA modelis a

discreteversionof theoriginal K setsandis usedto experimentwith autonomos agentgo
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replicateandexplain thedynamicsof cortical systemsn organizing andproducirg behaior

(Harter& Kozma,2003,2002).

Agentand EnvironmentSetup In this sectionwe shov anexampleof usingKA unitsto produce
simplebehaior in anautonomousgent.We usea setup andtaskin the Kheperaenvironment
thathasbeenexploredin the original Distributed Adaptive Contrd modelsof Verschureand
Pfeifer(VerschureKrose,& Pfeifer, 1992).Figure7 shovs the morphology of the Kheperarobot
andtheinternalarchitecturausedto performthe experiment.The Kheperarobotis a simplerobot
thatcontains8 infra-red (labeled/ R; g in thefigure)and8 light sensorgnot usedin this
experiment) In thistask,the simulatedKheperarobotis originally designedvith a setof basic
reflexive behaiors thatallow it to wanderaroundin its environment bumping into obstaclesand
moving away from them. For example,if therobotbumpsinto anobjecton theleft sideof its
body; it backsup alittle andturnsaway to theright andthenattemptgo continueforward. We
useda virtual simulationof the physicalKheperarobotto perform theseexperimentgMichel,
1996). The Kheperarobotis equippedwith two independeninotorsattachedo wheels that

allow therobotto move forward, backwardandturn.

LearningObjectAvoidanceBehavior In Figure7B. we showv thearchitecturausedto perfom
the experiment We hardwirea setof four reflexive behaiors to performappropriateaction
sequence® allow therobotto wanderin the environment. Threeof the behaiors (bump right,
bumpleft, bump front) respondo therobotrunninginto anobstaclgtouch)andtrigger
appropriatdoehaior sequence® escapdrom theobstaclge.g. backup turn awvay, thencontinue

forward). Thefourth behaior causesherobotto instinctively move forward (wander)wheneer

thergarprsxpBAtReiemASHIde20é a setof unitsthatareconnectedo thelong rangeinfra-red
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Figure7: A. Themorphology of the Kheperaagentwith 8 infra red sensorgositionedaroundthe
body and 2 motorsfor movenment. B. The internalarchitectureof the Kheperaagent. Reflexes

are hardcodedo produceexploration of the ernvironment. Sensorggraduallylearnto produce

behaiors to avoid objectsat a distance.
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sensorglabeled'Sensory’in Figure7B.). Theinfra-redsensorgansenseobstacleatadistance
from therobot. Initially thesesensesreconnectedvith randomweightsto the four basicmotor
behaiors. All sensoryunitsarefully connectedo thefour behaiors (notshavniin figure). There
are16 KA-II unitsusedin the sensoryinput, 8 of theseunitsreceve directstimulationfrom the
correspondingnfra-redsensewhile the other8 receve theinverseof theinfra-redsenseWhena
unit recevesdirectstimulationfrom aninfra-red sensorit becomesnostincreasinglyactvatedas
thesensolapproacheanobstaclan the ernvironment. Units thatreceve inversestimulation
becomamnosthighly actvatedwhenthe obstacles far away or no obstacldas detectedy the
sensarThis allows unitsto be sensitve to boththe presencendabsencef anobstaclen a

particulardirectionfrom therobot.

We useHebbianlearning(Kozma& Freeman2001)onthe connectionbetweerthe
'Sensory’andthe’Motor’ units. Sincetheseconnectionsreinitially random typically they do
not affectthe behaior of therobotin the beginning. Thereflexescausetherobotto move around
in theervironment.Lateron therobotmaybumpinto somethingonits left. Thiswill causesome
of theMotor behaiors to be performed,suchasturningright. Sincethe Sensoryunitsthatare
connectedo sensor®n theleft sideof thebody have becomestimulaedwhile approachinghe
obstaclethey remainhighly active whentheright turn behaior is actvated.This allows the
strengthof the connectiorbetweerthe Sensoryunit for detectionof obstacleontheleft andthe
right turn behaior to becomestrengthenedueto learning.Similar strengtheningakesplace
betweernunitsthatsensahe absenc®f obstacle®ntheright andright turn behaior aswell.
Eventuallythelink becomestrongenoughto activatetheright turn behaior whenanobjectis
sensedtadistancepeforetherobotactuallybumpsinto it. Thereforewe cansaythattherobot
haslearnedatype of objectavoidancebehaior throughcouplingof the actwity of its sensors

with its motorbehaiors.

In Figure8 we shaw theresultsof learningobjectavoidanceusingthe architectureand

methodsdescribedabove. In thisfigure we shav the averageperformanceof therobotover 50
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Figure 8: Resultsof Kheperasimulation. As time goesby, the robotlearnsto bump into things
lessandless. This figure representshe cumulatve resultsof 50 simulatiors. Time (in seconds)
is alongthe X axis, andthe cumulatve bumpsis plottedalongthe Y axis. We shawv the results

withoutlearning(only reflexive behaior) andwith learningturnedon.

independentlyonductedsimulatiors. We plot boththeresultswith only reflexive behaior (No
Learning)andwith the Sensoryunitsconnectiondeingmanipulatedhrough Hebbian
modification(Learning).Along the X axiswe shav thetime (in secondsjhatthe simulatian has
beenrunning.We plot thetotal numberof timesthatthe robothasbumpedinto anobjectin the
ervironment In the caseof the’No Learning’condition,therobotcontinueso move andbump
into obstaclesn theenvironment.In the Learningcondition, therobotquickly beginsto avoid
objects,andwill eventuallylearnto move throughthe ervironmentwithoutbumpng into

arnythingatall.
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Figure 9: lllustration of the 2D exploration of the ervironment, which containsthreereference
points (landmarls): L1, L2, andL3. The orientatian informationincludesthe distancesand di-
rectiontoward the landmarksfrom the presentpositionof the agent. (from (Kozmaé& Freeman,

2003))

NavigationUsing Reinfocementearningin the HippocampakIll|

As anotherexamplewe presenta modelof hippocampatognitive mapformationandnavigation
usingaKIlll. In this simulationwe useda simple2D ervironment,wherethe movementof the
agentcantake placealongagrid. Consequentlyat ary instancetheagentcanmove in on of four
directionsto a neighbomg pointonthegird. Consideranenvironmentwith givenreference
points/landnarksprovided by orientationbeacongKozma& Freeman2003).In asimple
examplewe will considerthreeorientation beaconsseeFigure9. Thesecouldbethreepointodor
sourcesthreeradiobeaconsthreevisuallandmarksof differentshapeor color, etc. Oneof these
referencepointsis thebase(home)location,the startingpoint for exploratorybehaior. The
othersarelearnedenvironmentalsupportcues.Thereis continuoussamplingof thedirectionand

rangeof the simulatedagentto eachof thesethreelandmarls.
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Orientationbeaconglescribethe actuallocationof theanimalwith respecto areference
systemthatincludeshome,andboth positive (attractve) andnegative (repellent)ernvironmental
cues.Thereferencesystemis notgivena priori, ratherit developsasaresultof the exploratory
activity of theagentandits interactionwith the ervironment. The orientaton signalsarethe
distancesinddirectionswith respecto thelandmarksmeasuredrom the actuallocationof the
agent.For thesignals,we considerthe pastsereraltime stepsasinputs,in additionto the present

time frame.

Reinfocementearningin the Exploratory Mode A practicalexampleis to learngoal-orented
behaior by theagentusingthreelandmarls. In this experiment thelocationsof thelandmarks
areassumedsknown. Formationof landmarksasecdon experiences akey issuein
goal-orienedaction;seee.g. Mataric andBrooks(1999).In theencodingwe usenot only the
instantaneoussadingof the six inputs(threedistanceandthreeangles) put the sequencef the
mostrecentl0 vectors.This meanghattheinputvectorto Klll is 60 =6 x 10 dimensionalLet
theagentrandomlywalk in the ervironmentandrecordthe 6 sensoryreadingscontinuously The
pathof arandomexploration (200steps)startingfrom thelower left cornerof therectangula2D
ervironmentis shovn in Figure10.

Apply the continuowsly measured®0-dimensionainput vectorsto the hippocampakKilil set
for severalhundredstepsandperformreinforcementearning.If the systemmovestowardthe
specifiedgoallocation,we rewardit by conductinga reinforcementearningloop. Onthe other
hand,no learningtakesplace,if therandonly selectedstepwasincorrect,i.e., it steppecaway
from the goallocation.Hebbianlearningmaytake placeduringthewindow whenpositve
reinforcements applied(whentherobotrandomlymovescloserto the goal). Hebbianlearningis
calculatedbasedon theroot meansquarg RMS) intensityof the signalsat eachnode,within a
giventime window of duraticn 128 ms. We useHebbianlearningon the excitatory lateralweights

in CAl, following therule:
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Figure 10: Randomexploraion of the ervironmentin the hippocampahavigation model. The

agentis putin thefour cornersandleft to explorethe ervironment (from (Voicu etal., 2003))
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Here Aw;; is the Hebbianmodificationof theweightbetweemodes andj; lambda is the
Hebbianlearningconstant;R M S; is theroot meansquarefluctuationintensityat nodei;
RM Ssg 4 is the spatialensembleveragefluctuationintensitycalculatedacrossall excitatory
nodesin CA1l. Thelearningconstant\ is experimentallytunedto have optimum performancein

thehippocampaKIll set.

Testingthe Performanceof Learningin HippocampaKIll  Oncethe explorationphasehasbeen
conductedxtensvely, we cantesthow well theagentiearnedthe ervironment.We re-startit
from homeandgive agoallocationto goto. If theagenthaspropery learnedthe ervironment
with respecto thethreeenvironmenal clues,it will navigate efficiently andfind areasonably
optimal pathto the goalbasedn theinternallyformed cognitive mapusingits classification

landscapéearnedn the hippocampakilll.

Theeffect of learningis illustratedin Figurell. After learning,thelengthof thetrajectory
from hometo the neighborlmod of the goal (centrallocationin Figurel11) s significantlyreduced.
It shouldbe notedthat,basedon justthe global orientationinformation,it is very difficult to learn
navigating towardsthe goallocationvery precisely We seein Figure11 thatthe agentdoesnot
stoponceit is in theneighborhod of the goal, ratherit continuesnoving aroundthe goal.

Clearly, it shoulduseanothersensorymodality, lik e vision or distancesensorsto identify the
goalif it is nearbyandmove towardit. Animalsusesucha multi-modalsensing.TheKIV model
hasthe optionof multi-modalsensoryintegrationandthe implementationof this stratgy is in

progress.
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Figurell: The pathof the KIll navigation agentfrom startto goal, following a sessiorwith re-
inforcementiearning. We shav two differenttrials with the agentstartingin the northwestcorner
(left) andthe southwestorner(right). Thegoallocationis in the centerposition Notethe signifi-

cantlyreducedoathwith respecto the casewithoutlearning.(from (Voicu etal., 2003))

Conclusion

In this paperwe have describedsomeof thework on understandingvhy noncowergentdynamics
appeain biologicalbrains,andhow suchdynamicsmight be necessaryo the producton of
intelligentbehaior andcognition Aperiodicdynamicshave beenshavn to beessentiain critical
brainstatesnvolvedin the self-oiganizationof meaningandmemory They have beendetectedn
the organizationof perceptuameaningsn biologicalbrains,andprovedusefulfor pattern
classificatiortasks.Someof the principlesof noncomwergentdynamicsthatappeausefulin the
organizatia of neuronaldynamicshave beenknown for awhile, suchashomeostaticontrol
throughpositive andnegative feedback Evidencehasshavn, however, thatbrainsmake useof
self-oganizing dynamicsthatgo well beyondthis simplemechanism.

Aperiodicdynamicsjf necessarjor perceptuamechanismsareprobablyalsonecessarjor
the self-omganizationof memory goalstructureandresourceallocation,behaior, andmotor
systemsTheformer have beenstudiedfor sometime in neuroandcognitive scienceput we are

only beaginningto form theorieson how they mightfunctionin completesystemsEmbodimenof
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acognitive systempeingstructurallycoupledwith the environment,is alsonecessarjor such
dynamicsto self-oganize.

Biological organismsevolved4 basicfunctionsin becomingntentionalagents*What”,
“Where”, “Why” and“How”. Thesesystemsareinvolvedin shortandlong termmemoy, andthe
formation of structuredor trackingandrealizingthe goalsandneedf theorganism.KIV isa
modelthatincorpaatesaperiodicdynamicsto self-oiganizepatternsof meaningandmemory
alongwith a descriptionof thearchitectureof the4 necessarjunctions,andhow phase
transitionsandattractorsn oneareainfluenceandaffect suchattractordan othersto produce
behaior. We have begunto exploretheformationof aperiodicdynamicsto self-oiganize such

behaior producirg systems.
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