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Abstract

Aperiodic dynamicsareknown to be essentiain the forma-
tion of perceptualmechanismsand representationin bio-

logical organisms. Advarcesin neurosciencand computa-
tional neurodynanics are helping us understandhe proper

ties of nonlinearsystemsthat are fundamenthin the self-

organizationof stable comple patternsn mary typesof sys-
tems,from biologicalecosystemt humaneconomiesndin

biological brains. In this paperwe introducea neurological
populationmodelthatis capableof replicatingtheimportant
aperiodicdynamic obsenedin biologicalbrains.We usethe
mechanisnto self-oganizecognitive mapsin anautonomos

agent.

Keywords: Self-Omganization,Nonlinea Dynamics, Cog-
nitive Maps

Introduction

The studyof nonlinea dynamicshasblossomedn all areas
of sciencein the pastde@desfor mary reasons.Nonlin-
eardynamicsprovide new corceptial andtheoreticaltools
thatallow usto undestandandexamine comple pherom-
enathatwe have never beenableto tacklebefore Nonlinear
dynamicsseento shov up everywhere in physicalsystems
like electricalcircuits,lasersopticd andchemical systems.
But suchdynamics areespedlly ubiquitous in the biologi-
cal world, from fractal growth patternsin biologicd devel-
opmeant andcity formationto the self-oiganzing charater-
isticsof populationmodds, andtheimportan@ in regulaing
healtty biological rhythmssuchasthebeding of the heat.

Nonlinear systemsin critical stateshave mary interest-
ing propeties. Pheromena suchasstochastiandchaotic
resonane (Kozma & Freema 2001) areknown which en-
ablesuchsystemdo actuallydeted the presencef signals
muchbetterin noisy ervironmentsthan nonlinear systems
are camble of doing. Their greatestinterestlies however
in their fundamatal relationshipto self-oiganizationand
emepgence of comgdex patternsand behaiors in comgdex
ervironments.Comple, aperiodc dynamicsarebothanin-
dicationof andamechanismfor theemegerceof suchself-
organizing properties.

Insights in nonlinea systemstheory are beginning to
be apgdied to undestandingthe dynamics of the brains,
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andhow suchprocessegproducecognition (Freema 199;
Tsuda200L; Freema 2003). Aperiodicdynamicsareknow
to play a fundamental role in the mecranismsfor the self-
organizationof meaningin mammalianpercepual systems
(Skarda& Freemarl987 Freanan1991). Neurolodcal ev-
idene hasshawvn that percgtual mearings (of recogrized
smells)arecreatedhroughthe formationanddissolutionof
chadic attractordn the olfactorybulb. We will discusghis
example of the self-oiganizdion of a pereptualpatternof
mearing. We usethis type of organizationin aperiodc sys-
temsto modd the formation of cognitive mapsin the hip-
pocanpusof biological organsms.

K-Sets: A Neurodynamical Population M odel
of Brain Dynamics

Aperiodic Dynamicsin Olfactory Systems

In their influential pape, Skada & Freenman argued that
chacs, asanemeagentpropaty of intrinsically unstableneu-
ral massesis very importart to brain dynanics. In experi-
mentscarriedout on the olfactorysystemof trainedrabbits,
Freema was able to demastratethe presenceof chaotic
dynamicsin EEG recording and mathemécal modds. In
theseexperiments,Freema and his associatesondtioned
rabbitsto recognze smells,andto respondwith particular
behaiors for particularsmells(e.g. to lick or chew). They
performedEEG recording of the actiity in the olfactory
bulb, beforeandaftertrainingfor thesmells.

The EEG recordirgs reveded that in fact, chaotic dy-
namics(as shavn by the obsened strangeattractors)rep-
resentedhe normalstatewhenthe animalwasattentive, in
the absere of a stimulus. Thesepatternsunderwenta dra-
matic (nonlinea) transitionwhen a familiar stimuluswas
presentecandthe animd displayedrecogition of a previ-
ously storedmemory(througha behaioral resporse). The
patternof actiity changed very rapidly, in responséo the
stimulusin both spaceandtime. The newv dynamical pat-
tern was much more regular and ordered(very muchlike
alimit cycle, thoughstill chaotic of alow dimensionaor-
der). The spatialpatternof this activity representg a well
defined structurethatwasuniquefor ead type of odorthat
waspercetually significart to the animal(e.g. condtioned
torecogrize). Figurel shavs anexanple of sucharecordel
patternafterrecognition of a stimuli of the EEG signalsand
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Figurel: EEG carrierwave patterngleft) andcortour map
(right) of olfactory cortex activity in responseo a recog-
nizedsmellstimulus(from Freenan,1991, p. 80)

Figure2: Changein contou mapsof olfactorybulb activity
with the introdudion of a new smell stimulus(from Free-
man,1991 p. 81)

theassociatedorntour map. In this figure afterrecoqnition,
all of the EEG waves arefiring in phase with a comman
frequerty (which Freema called the carrier wave). The
patternof recogrition is encaledin the heighs (amplitude
moduations) of the individual areas. The amplitude pat-
terns,thowgh regular, arenot exact limit cycles and exhibit
low dimension&a chac. In otherwords, differentlearnel
stimuli were storedas a spatio-tempual patternof neural
actiity, andthe strangeattractorcharaterisic of the atten-
tion state(beforerecoqition) wasreplaceby a new, more
orderedattractorrelatedto the recogiition process. Eath
(strangepttractorwasthusshawvn to belinkedto the behav-
ior thesystemsettlesinto whenit is unde theinfluence of a
particularfamiliarinput odarant.

Figure2 shaws the effectson the spatialattractorpattern
dueto learning. Every time a nev oda waslearnedby the
animal,all of the existing attractorpatternscharged. In this
figure the contour patternof activity for savdust is shovn
(beforelearningthe banana odar), for the baranaodor, and
thenagain for savdust. Notice that the spatial patternfor
savdustnolongerresembledts previous pattern. Wheneer
an oda becanesmeairingful in someway, chargesin the
synapic comectiors between neurors in different partsof
theolfactorycortex take place Justasin theHopfieldmodel
andotherneual networks, thesechangesareableto create
anotter attractor and all other attractorsare modified asa
resultof thislearning.However, in realbrains theattractors
of pereptualmearing arenotsimplepointattractorsput are
specificstrangeattractors.

Freema suggeststhat “an act of percetion consistsof
an explosive leap of the dynamic systemfrom the basinof
one(high dimersional,in the attentive state)chadic attrac-
tor to andher (low dimensioml stateof recogttion) (Free-
man1991). Theseresultssuggesthat the brain maintains

mary chadic attractors,onefor eachodorarn ananimalor

human being candiscriminate. Freema and Skarda spec-
ulateon mary reasonswvhy thesechaotic dynamics may be
adwentageusfor pereptualcateyorization.For ong chaotic

activity cortinually prodwcesnovel actiity patternswhich

can provide a sourceof flexibility in the individual. But

sincechaa is a orderedstate,suchflexibility is under con-
trol. As Kelso (1995) remarks,suchfluctuaions continu-
ously probethe system,allowing it to feel its stability and
providing oppatunitiesto discover new patterns. Another
adwantageof chaa is thatit allows for very rapid switching
betwee attractorswhich randan actity is notableto do.

Freema alsopropaedthat suchpatternsarecrucid to the
developrrentof nene cell assembliestFor examplehigh di-

mensionachac mayprovide anettral patternof correlation
activity sothatlearningdoes not ocaur during the attentve

state.Only uponcollapseof activity to moreorderal regions
do regular phasesynchrorizationsocaur betweenneual ar-

eas,which allow for Hebkian synapticchangesto reliably
occu.

K-Set Model of Aperiodic Dynamics

The K-set hierarcly, developed by Freenman andassociates
(Freemanl975 1999 Skarda& Freeman 1987 Freema
199)), is both a model of neual popuation dynamicsand
a descriptionof the architecturesisedby biologicd brains
for variousfunctiond purposesTheoriginal purposeof the
K-setwasto modelthe dynamics obsered in the olfactory
percetualsystem.Thelowestlevel of the hierarcly, the KO
set,providesabasicunit thatmodelsthedynamicsof alocal
popuation of tensof thousaksof neuwons. Thedynamicsof
theKO setaredescribe by asecom orderordinay differen-
tial equationfeedng into anasymmetricsigmoidfunction:

dPa(t dx(t

dzi ) + (a+ b)% +z(t) = f(t) Q)

This equation was determinecby measuringhe electri-
cal response®f isolatedneuralpopuationsto stimulation
andotherconditions. Thea andb parametes aretime con-
stantsthatwere determiné throughsuchphysiologicd ex-
periments.xz(t) is the pulsedersity of the modded neural
popuation, in otherwordsthe average numbe of neuons
thatarepulsingin the popuation atary given point in time.
f(¢t) is anorlinear asymmetricsigmoidfunction deseibing
theinfluenceof incomingactivation, andis givenin equdion
2.
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A KO unit modds the dynamicsof anisolatedneuralpop-
ulation. From the basicKO unit can be built up architec-
tures that capturethe obsered dynamics of increaingly
larger functioral brain areas. The KI modelsexcitatory-
inhibitory feedack popuations. Kl modds interacting
excitatory-inhibitory popuations and correspad to orga-
nized brain regions suchasthe olfactory bulb (OB) or the
prepyriform cortex (PC).KIIl combire 3 or moreKIl popu-
lationsto model functiond brain areassuchas percepual



cortex or hippacampts, and are capable of apeiodic dy-
namicsof the type obsered in theseregions to, for exam-
ple, derive mearing from percetual senses. In the sim-
ulationspreseted in this paper, we usea discretizedver-
sion of the K-model (describedn (Harter& Kozma20G3;
2002) developal for usein large-scaleautoromousagent
simulations.

In the original K model, the purposeof theKIlll setwas
to mockl the chadic dynamics obsered in rat and rabht
olfactorysystemgqFreemarl987; Shimoidce, Greenspn, &
Freema 1993;Freemar& Shimoidel99). Kll arecamble
of oscillatory behavior, asdescribedabore. Whenthreeor
more oscillating systemg(KIl) of differentfrequenciesare
conrectedthrough positve and negative feedba&k, the in-
commasuraterequendgescanresultin apeiodic dynamics.
The dynamics of theKIlll areprodwedin just this manne,
by comectingthreeor moreKIl units of differing frequen-
ciestogethe. TheKIll setwasnotonly capableof prodic-
ing time seriessimilarto thoseobsenred in theolfactorysys-
temsunde varying condtions of stimulationand arous$
but alsoof replicatingpower spectrundistributions chaac-
teristicsof biological and naturalsystemsin critical states
(Soke & Goadwin 2000; Bak, Tang, & Wiesenfeld1987).

The power spectrumis a meaureof the power of a par
ticular signal (or time seriesas for example that obtainel
from anEEGrecordingof a biologicd brain)atvarying fre-
guercties. The typicd power spectrumof a rat EEG (see
Figure 3, top) shaws a certral peakin the 20-80Hz range,
anda 1/f* form of the slope. The measuredlopeof the
power spectrunvariesarourd o = —2.0. 1/ f* type power
spectraarealbundantin natureandare chaacteristicof crit-
ical statespetwea orderandrandomrmss at which chaotic
processesoperate Power spectraof biological brainshave
beenobsenred to vary froma = —1.0to @« = —3.0. The
atypicd part of the experimentalEEG spectrais the cen-
tral pe&, indicating strongeroscillatory behaior in the ~
frequerties. This certral pe& in the 20-80 Hz range is
known asthe~ frequency band andis associatedvith cog-
nitive processesin biological brains. The K-modelsareca-
pableof replicatingthepower spectraf biologicd EEGsig-
nals,asshown in Figure 3, bottom(Harter& Kozma2003;
Freema 1997).

TheKIIl setsare camble of organizing perceptual cate-
goriesin the fashionobsenedin biologicd perceptual sys-
tems.TheKIlll usedassucha patternclassifietis veryrobust
and compareswell with more standad methals of pattern
classificationKozmaé& Freemar2001).

Hippocampal Simulation
Experimental Architecture

Percetual meanings are formed through aperiodc attrac-
torsin the spatio-temporahctivation of newronal groupsin

the perceptual cortex. The samebasicmechaismsof ape-
riodic dynanic in perception arealsousedby thebiological

brainin otherareado form memay andbehaior prodicing

structuregKozma,Freema, & Erdi 2003. We usethe ba-
sicKIll architecturdo simulateformationof cogritive maps
in the hippocampus of anautoromousager.

KA-IIl model (Group 3)

Power
5
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Figure3: The power spectrunof arat OlfactoryBulb EEG
is simulatedwith the KA-lll model. The calalated“1/f”
slopeof the EEG andmockl is approxmately-2.0. RatOB
datafrom (Kay, Shimoide & Freeman1995, KA power
spectrunfrom (Harter& Kozma 2003

In this experiment,we usedthe Kheperavirtual erviron-
mentsimulator(Michel 1996. Figure4 (bottomleft) shavs
themorphology of theKhepeaaagen. TheKheperarobotis
a simpleagern thatcontans 8 infra-redand8 light sensors.
It hastwo independertly controlledwheelsthatallow it to
move forward, badkward, andturn left andright in place.
Theervironmentfor this experimentis shavn in figure4. In
theenvironmentwe place8 light sourceswhichwill beused
assalientervironmental locations (i.e. they canbe thoudht
of asgoad food sourcedor the agent in the ervironment).
The light sourcesare detec¢ableto the agent at a distance,
and the rangewherethe food sourceis dete¢ableis indi-
catedin Figure4. In addtion to the 8 salientervironmental
locatiors, thereare4 landmaks. The landmaks arealways
detectableto theagen, andit knows thedistanceanddirec-
tion to ead of the 4 landmarksas part of its sensoryinfor-
mation.

The architectue of the simulatedhippo@ampusis shavn
in Figure5. The portionsof the arclitecturethat form the
cogritive map of the ervironment are simulatedby a KA-
lll. Thesearethe CA1l, CA2 andCAS3 areasandarebasea
on biological evidenceof the structureof the biological hip-
pocanpus. Ead of the CA areascortainsan 8x8 array of
KA-II units(for atotal of 64 unitsin eat CA region). Eath
CA areais conrectedto the other 2. Theintercomectionof
these3 CA regions via inhibitory and excitatory feedtack
formsa KA-Ill unit. The conrectionsbetween CA regions
will bechargedvia Helbianmodfication.

Orientationbeaonsarefed into the hippocamgl simula-
tion throughthe DG region (Figure5, left). The DG again
contans an 8x8 matrix of KA-II units. Orientationsignals



Figure4: Agentmorphdogy (bottomleft) andenvironmen-
tal setupfor hippccamml simulations. The environment
contans landmaks, usedasallocertric referene pointsby
theagen, andsalientervironmental locdions, suchasfood
sources. The agent is only ableto detectthe presene of a
food sourcewhenit is within a particularrangeof it.

Figure5: Architectureof KA-IIl hippacamgal simulations

from the 4 landmarksare fed into the DG units. Eac of

the 4 landmaks has8 units associatedvith the directionto

the landmak, and8 units associatedvith the distance Di-

rectionsarebrokeninto 8 cardind units, North, NorthEast,
East, SouthEast, South, SouthWést, West and NorthWest.
Units aresensitve to the directionof a particularlandmark,

thouch we use a gradedresponsewith a normal distribu-

tion, insteadof a simple 1 unit is active andthe othersbe-
ing inactive (). Similarly thereare8 cardina distanceval-

uesVerydose,Close,MediumClose,Medium,MediunmFar,

Far, VeryFar, Distant. Again a gradel responsevith normal
distribution is appliedto the units. The DG areaconrects
with the CA3 area,andthe connetionsbetwesntheseareas
arealsosubjed to Hebkian modification.

M ethod

We usetwo typesof learningin the simulation, Hebbian
modification and habitudaion. Hebkan modification only
occus whenthe roba is within a certainrangeof a light
source.Thereforethelight sourcegprovide acertainvalence
signalthatactsasa stimulusto learnenvironmentallysalient
locatiors. Whentherobotis not within proximity to a light
source not reinforcemat signalis produed. During these
timeshabituaion of the stimulusocaurs. This hasthe effect
of lesseninghe responsef the simulatedhippocampsto
unimpatantregionsin theervironment (Kozmaé& Freema
2001).

The expected effect of this stimulationis to form 2 dis-
tinct typesof dynamicalpatternsn the CA regions. When
theagent is out of rangeof anenvironmentallysalientloca-
tion, thedynamicsshouldbein thehigh-dimensionathaotic
state,receptve to input but not indicative of recogrizing a
salientevent. Whenin rangeof a light source,the system
shouldtransitionto a low dimensionattractor indicétive
of recognition of theimportantlocation. Further the spatial
amplitudemodulaion patternsn the CA regions upon such
recoqition shouldform 8 unique patternsonefor ead of
therecogizedregions.

Theagert is allowedto roamin the environment,usinga
low level mectanismgo produceefficient, but randan wan-
dering. The agen roamsfor sometime, 10,000time steps
in our simulations.In our simulation10 time stepsappox-
imates1 secondof real world running time, thereforethe
totaledsimulatediime of anexperimentis 1000 second.

Results

We first give examplesof the time seriesprodu@d in the
CA regions. Two broadclasse®f actiity patternsorganize
themseles asaresultof the Hebbian andhabituationveight
modifications. The spatial-temporapatternsstayin a rel-
atively high-dimensionalbaclground statewhenthe agent
is in an uninteestinglocation This patternchargesto a
moreregular (e.g. cyclic) patternwhenthe agert is close
to afood contaning area. The difference in thesepatterns
comeabou asadirectresultof Helbianmodificationsbeing
contingenton beingwithin a meanirgful area.

Eviderce of this shift, betwea high dimensioml badk-
grourd stateandlow dimersionalrecoqition state,canbe
seenn Figures6. In thisfigure,we shav areturnplot of one



Figure6: Statespaceplotsof unit 27 in the CA3 hippo@am-
pal region. Top we shav the plot whenthe agentis outside
of animportantregion. Bottom s the plot whenthe agent
is within an environmentally salientregion. Most units de-
velop similarresponsesyhich canbeinterpretedasarecog-
nition of beingin anernvironmentallysalientarea.

of the unitsfrom the CA3 area(unit 27) whenit is outside
of afood area(left) andwhen it is within (right). Noticethat
the dynamics for the unit are muchmore cyclic and regu-
lar whenthe agentis in arecogizedarea. The patternsof
mostof the unitsin the modelal hippocamps shav similar
transitionsin their patternsrom unrecanized to important
areas.

Next we look at the amplituce moduation (AM) patterns
prodiced by the hippo@mpalsimulation. Figure 7 shavs
examplesof the AM patterndormedin the CA3 hippoam-
pal matrix for 2 differentlocationswithin ervironmental re-
gions 2, 4, 6 and 8 respectiely. The AM patternsshovn
arefrom the CA3 hippocampal region. This region has8x8
units, for atotal of 64 time series.We measurehe standard
deviation of eadt of the 64 units for a 50mstime window,
andplot theresultsasan 8x8 cortour mapof the deviations
of eachof the units in the area. The AM patterncornour
plots, therefore,give you an idea of which units are more
highly stimulated(higheramplitucesin their actvity) and
which arelessso. As Figure7 shavs, the AM patternsare
more similar to those produed from locatiors within the
sameervironmental region.

As a morecompléde testof the formation of unique AM
patternswe feedrobot with input from randonty selected
locatiors, within theervironmentalfood areas AM patterns
werecollectal for the randanly selectedregions andcom-
paredto one anothe by calcuating the euclidian distance
betwea eachpattern. This testingshawved that, in fact, the
patterngorodicedwithin aregionareconsistentlynoresim-
ilar to oneanotter, thanthoseprodicedin anotler erviron-
mentalregion.

Figure7: Exampe of AM Patternformedin the CA3 hip-
pocanpalregion. In this figure we show a patternfrom two
differentlocaions within an ervironmentally salientregion
(TopandBottom). We shav AM patterndrom ervironment
regions E4 andE7. Similar AM patternsareorganizedand
exhibited whenthe agent is in the sameenvironmentalre-
gion.

Discussion

The KA-III hippacampa simulationdescibed here forms
distinctAM patterndor the8 salientervironmentalregions.
Thesepatternsare apeiodic spatio-temporahctivity in the
CA regions. Thechaacteristicactvity pealsin theAM pat-
ternsareexamplesof socalled’placecell’ formation. Here
we seehigh actvity amorg certainregions correlatedwith
beingin a particularervironmental location. For exanple,
lookingattheAM patternfor location8 (Figure7, right) you
notice X peds of activity amongthe unitsin theregion. It
is possibleto interpretthesepeaksasbeingcorrelatedwith
environmentallocations,andthereforetypical examplesof
theplace cell.

The next stepin this researchs to begin to undestand
how suchAM patternamight be usedin the serviceof god-
directednavigation. It isknown thatif youmeasure¢heonset
time of placecellsin abiological brain, this time gradwally
shifts backin phaseasthe animalmoves throughthe envi-
ronmen. This phaseshift of the onsetof theplacecellsmay
be evidenceof the formation of navigation planring in the
biological brain. Onepossibleinterpretatioris thatwhenthe
animalforms anintentionto travel to a goallocation,a se-
querceof AM patternsycle through thehippacampus. This
sequ@ce can be interpretedas sequacesof locatiors the
animalintends to visit, from the currentoneto the next one,
etc.in orde to reachthegod. Astheanimalmovesthroug
theernvironment, its ideaof thecurrer location changes and
thusthiswhole sequaceshiftsbackin phasdn real-timeto
representhe next few intendedstepstheanimd is plannirg
to take. For thistypeof mectanismto beorganized,the AM
patternsmustnot simpleform in anisolatedway, but con-



nectiors between adja@nt locatiors must be incorporated
into the mechaism. If the agent learnswhich AM patterns
areco-locatedto which others,it may be possibleto setup
sucha mechanismto produ@ a god-directedplanring for
navigatingin theervironment.

Conclusion

The self-omganizaion of spatio-tempmal patternsn nonlin-
earsystemsareessentiato cognitive mechaismsin biolog-
ical brains. We ned to betterunderstandiow suchmecta-
nismsopeatein orderto build bettermodelsof cogrition
and smarterautonanous agens. This pape hasdemm-
stratedone suchself-oiganizaional mechaism for the cre-
ation of AM patternsin a cognitive mapof an agents envi-
ronmen.
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