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Abstract

Aperiodicdynamicsareknown to beessentialin the forma-
tion of perceptualmechanismsand representationsin bio-
logical organisms.Advancesin neuroscienceandcomputa-
tional neurodynamics arehelpingus understandthe proper-
ties of nonlinearsystemsthat are fundamental in the self-
organizationof stable,complex patternsin many typesof sys-
tems,from biologicalecosystemsto humaneconomiesandin
biological brains. In this paperwe introducea neurological
populationmodelthat is capableof replicatingtheimportant
aperiodicdynamicsobservedin biologicalbrains.Weusethe
mechanismto self-organizecognitivemapsin anautonomous
agent.
Keywords: Self-Organization,Nonlinear Dynamics,Cog-
nitiveMaps

Introduction
Thestudyof nonlinear dynamicshasblossomedin all areas
of sciencein the pastdecadesfor many reasons.Nonlin-
eardynamicsprovide new conceptual andtheoreticaltools
thatallow us to understandandexaminecomplex phenom-
enathatwehaveneverbeenableto tacklebefore. Nonlinear
dynamicsseemto show up everywhere, in physicalsystems
like electricalcircuits,lasers,optical andchemical systems.
But suchdynamicsareespecially ubiquitous in thebiologi-
cal world, from fractal growth patternsin biological devel-
opment andcity formationto theself-organizing character-
isticsof populationmodels,andtheimportancein regulating
healthy biological rhythmssuchasthebeating of theheart.

Nonlinear systemsin critical stateshave many interest-
ing properties. Phenomenon suchasstochasticandchaotic
resonance (Kozma & Freeman 2001) areknown which en-
ablesuchsystemsto actuallydetect thepresenceof signals
muchbetterin noisy environmentsthannonlinear systems
are capable of doing. Their greatestinterestlies however
in their fundamental relationshipto self-organizationand
emergence of complex patternsand behaviors in complex
environments.Complex, aperiodic dynamicsarebothanin-
dicationof andamechanismfor theemergenceof suchself-
organizingproperties.

Insights in nonlinear systemstheory are beginning to
be applied to understandingthe dynamics of the brains,
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andhow suchprocessesproducecognition (Freeman 1999;
Tsuda2001; Freeman 2003). Aperiodicdynamicsareknow
to play a fundamental role in the mechanismsfor the self-
organizationof meaningin mammalianperceptual systems
(Skarda& Freeman1987; Freeman1991). Neurological ev-
idence hasshown that perceptual meanings (of recognized
smells)arecreatedthroughtheformationanddissolutionof
chaotic attractorsin theolfactorybulb. We will discussthis
example of the self-organization of a perceptualpatternof
meaning. We usethis typeof organizationin aperiodic sys-
temsto model the formationof cognitive mapsin the hip-
pocampusof biological organisms.

K-Sets: A Neurodynamical Population Model
of Brain Dynamics

Aperiodic Dynamics in Olfactory Systems
In their influential paper, Skarda & Freeman argued that
chaos,asanemergentproperty of intrinsicallyunstableneu-
ral masses,is very important to braindynamics. In experi-
mentscarriedout on theolfactorysystemof trainedrabbits,
Freeman was able to demonstratethe presenceof chaotic
dynamics in EEG recordings andmathematical models. In
theseexperiments,Freeman andhis associatesconditioned
rabbitsto recognize smells,andto respondwith particular
behaviors for particularsmells(e.g. to lick or chew). They
performedEEG recordings of the activity in the olfactory
bulb, beforeandaftertrainingfor thesmells.

The EEG recordings revealed that in fact, chaotic dy-
namics(as shown by the observed strangeattractors)rep-
resentedthenormalstatewhentheanimalwasattentive, in
theabsenceof a stimulus. Thesepatternsunderwenta dra-
matic (nonlinear) transitionwhen a familiar stimuluswas
presentedandthe animal displayedrecognition of a previ-
ouslystoredmemory(througha behavioral response). The
patternof activity changed, very rapidly, in responseto the
stimulusin both spaceandtime. The new dynamicalpat-
tern was much more regular and ordered(very much like
a limit cycle, thoughstill chaotic of a low dimensional or-
der). The spatialpatternof this activity represented a well
definedstructurethatwasuniquefor each typeof odor that
wasperceptually significant to theanimal(e.g. conditioned
to recognize). Figure1 showsanexampleof sucharecorded
patternafterrecognition of astimuli of theEEGsignalsand



Figure1: EEGcarrierwave patterns(left) andcontour map
(right) of olfactory cortex activity in responseto a recog-
nizedsmellstimulus(from Freeman,1991, p. 80)

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

theassociatedcontour map. In this figureafterrecognition,
all of the EEG waves are firing in phase,with a common
frequency (which Freeman called the carrier wave). The
patternof recognition is encodedin the heights (amplitude
modulations) of the individual areas. The amplitudepat-
terns,though regular, arenot exact limit cyclesandexhibit
low dimensional chaos. In other words, different learned
stimuli were storedas a spatio-temporal patternof neural
activity, andthestrangeattractorcharacteristic of theatten-
tion state(beforerecognition) wasreplaceby a new, more
orderedattractorrelatedto the recognition process. Each
(strange)attractorwasthusshown to belinkedto thebehav-
ior thesystemsettlesinto whenit is under theinfluenceof a
particularfamiliar inputodorant.

Figure2 shows theeffectson thespatialattractorpattern
dueto learning. Every time a new odor waslearnedby the
animal,all of theexisting attractorpatternschanged.In this
figure the contour patternof activity for sawdust is shown
(beforelearningthebananaodor), for thebananaodor, and
thenagain for sawdust. Notice that the spatialpatternfor
sawdustno longerresemblesits previouspattern.Whenever
an odor becomesmeaningful in someway, changesin the
synaptic connections between neurons in differentpartsof
theolfactorycortex takeplace. Justasin theHopfieldmodel
andotherneural networks, thesechangesareableto create
another attractor, andall otherattractorsaremodified asa
resultof this learning.However, in realbrains,theattractors
of perceptualmeaning arenotsimplepointattractors,but are
specificstrangeattractors.

Freeman suggeststhat “an act of perception consistsof
an explosive leapof the dynamic systemfrom the basinof
one(high dimensional,in theattentive state)chaotic attrac-
tor to another (low dimensional stateof recognition) (Free-
man1991). Theseresultssuggestthat the brain maintains

many chaotic attractors,onefor eachodorant an animalor
human beingcandiscriminate. Freeman andSkarda spec-
ulateon many reasonswhy thesechaotic dynamicsmaybe
advantageousfor perceptualcategorization.For one, chaotic
activity continually producesnovel activity patternswhich
can provide a sourceof flexibility in the individual. But
sincechaos is a orderedstate,suchflexibility is under con-
trol. As Kelso (1995) remarks,suchfluctuations continu-
ously probethe system,allowing it to feel its stability and
providing opportunities to discover new patterns.Another
advantageof chaos is that it allows for very rapidswitching
between attractors,which random activity is not ableto do.
Freeman alsoproposedthat suchpatternsarecrucial to the
developmentof nerve cell assemblies.For examplehigh di-
mensional chaosmayprovideaneutral patternof correlation
activity so that learningdoes not occur during theattentive
state.Only uponcollapseof activity to moreordered regions
do regularphasesynchronizationsoccur betweenneural ar-
eas,which allow for Hebbian synapticchangesto reliably
occur.

K-Set Model of Aperiodic Dynamics
The K-set hierarchy, developed by Freeman andassociates
(Freeman1975; 1999; Skarda& Freeman 1987; Freeman
1991), is both a modelof neural population dynamicsand
a descriptionof the architecturesusedby biological brains
for variousfunctional purposes.Theoriginal purposeof the
K-setwasto modelthedynamicsobserved in theolfactory
perceptualsystem.Thelowestlevel of thehierarchy, theK0
set,providesabasicunit thatmodelsthedynamicsof a local
populationof tensof thousandsof neurons.Thedynamicsof
theK0 setaredescribed by asecond orderordinary differen-
tial equationfeeding into anasymmetricsigmoidfunction:
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This equation wasdeterminedby measuringthe electri-
cal responsesof isolatedneuralpopulations to stimulation
andotherconditions. The � and � parameters aretime con-
stantsthatweredetermined throughsuchphysiological ex-
periments.
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is the pulsedensity of the modeled neural

population, in otherwords the average number of neurons
thatarepulsingin thepopulation at any given point in time.��	���


is a nonlinearasymmetricsigmoidfunctiondescribing
theinfluenceof incomingactivation,andis given in equation
2.
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A K0 unit models thedynamicsof anisolatedneuralpop-
ulation. From the basicK0 unit can be built up architec-
tures that capturethe observed dynamics of increasingly
larger functional brain areas. The KI modelsexcitatory-
inhibitory feedback populations. KII models interacting
excitatory-inhibitory populations and correspond to orga-
nizedbrain regionssuchas the olfactorybulb (OB) or the
prepyriform cortex (PC).KIII combine3 or moreKII popu-
lations to model functional brain areassuchas perceptual



cortex or hippocampus, and are capable of aperiodic dy-
namics* of the type observed in theseregions to, for exam-
ple, derive meaning from perceptual senses. In the sim-
ulationspresented in this paper, we usea discretizedver-
sion of the K-model (describedin (Harter& Kozma2003;
2002)) developed for usein large-scaleautonomousagent
simulations.

In the original K model,the purposeof the KIII setwas
to model the chaotic dynamics observed in rat and rabbit
olfactorysystems(Freeman1987; Shimoide,Greenspon, &
Freeman 1993;Freeman& Shimoide1994). KII arecapable
of oscillatorybehavior, asdescribedabove. Whenthreeor
moreoscillatingsystems(KII) of different frequenciesare
connectedthroughpositive and negative feedback, the in-
commensuratefrequenciescanresultin aperiodic dynamics.
Thedynamicsof theKIII areproducedin just this manner,
by connectingthreeor moreKII unitsof differing frequen-
ciestogether. TheKIII setwasnot only capableof produc-
ing timeseriessimilar to thoseobserved in theolfactorysys-
temsunder varying conditions of stimulationand arousal,
but alsoof replicatingpower spectrumdistributions charac-
teristicsof biological andnaturalsystemsin critical states
(Soĺe & Goodwin 2000; Bak,Tang,& Wiesenfeld1987).

The power spectrumis a measureof the power of a par-
ticular signal (or time seriesas for example that obtained
from anEEGrecordingof abiological brain)atvarying fre-
quencies. The typical power spectrumof a rat EEG (see
Figure3, top) shows a central peakin the 20-80Hz range,
anda
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typepower
spectraareabundantin natureandarecharacteristicof crit-
ical states,between orderandrandomness,at which chaotic
processesoperate. Power spectraof biological brainshave
beenobserved to vary from / �7�8�%2 4

to / �7��9.2 4
. The

atypical part of the experimentalEEG spectrais the cen-
tral peak, indicatingstrongeroscillatorybehavior in the :
frequencies. This central peak in the 20-80 Hz range is
known asthe : frequency band, andis associatedwith cog-
nitive processesin biological brains.TheK-modelsareca-
pableof replicatingthepowerspectraof biological EEGsig-
nals,asshown in Figure3, bottom(Harter& Kozma2003;
Freeman 1991).

The KIII setsarecapableof organizing perceptual cate-
goriesin the fashionobserved in biological perceptual sys-
tems.TheKIII usedassuchapatternclassifieris veryrobust
andcompareswell with morestandard methods of pattern
classification(Kozma& Freeman2001).

Hippocampal Simulation
Experimental Architecture
Perceptual meanings are formed throughaperiodic attrac-
tors in thespatio-temporalactivation of neuronalgroupsin
the perceptual cortex. The samebasicmechanismsof ape-
riodic dynamic in perception arealsousedby thebiological
brainin otherareasto form memory andbehavior producing
structures(Kozma,Freeman, & Erdi 2003). We usetheba-
sicKIII architectureto simulateformationof cognitivemaps
in thehippocampusof anautonomousagent.
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Figure3: Thepower spectrumof a rat OlfactoryBulb EEG
is simulatedwith the KA-III model. The calculated“1/f ”
slopeof theEEGandmodel is approximately-2.0. RatOB
data from (Kay, Shimoide, & Freeman1995), KA power
spectrumfrom (Harter& Kozma2003)

In this experiment,we usedtheKheperavirtual environ-
mentsimulator(Michel 1996). Figure4 (bottomleft) shows
themorphology of theKheperaagent. TheKheperarobotis
a simpleagent thatcontains 8 infra-redand8 light sensors.
It hastwo independently controlledwheelsthat allow it to
move forward, backward, and turn left and right in place.
Theenvironmentfor thisexperimentis shown in figure4. In
theenvironmentweplace8 light sources,whichwill beused
assalientenvironmental locations (i.e. they canbe thought
of asgood food sourcesfor the agent in the environment).
The light sourcesaredetectable to the agent at a distance,
and the rangewherethe food sourceis detectable is indi-
catedin Figure4. In addition to the8 salientenvironmental
locations, thereare4 landmarks. Thelandmarks arealways
detectableto theagent, andit knows thedistanceanddirec-
tion to each of the4 landmarksaspartof its sensoryinfor-
mation.

Thearchitecture of thesimulatedhippocampusis shown
in Figure5. The portionsof the architecturethat form the
cognitive mapof the environment aresimulatedby a KA-
III. ThesearetheCA1, CA2 andCA3 areas,andarebased
onbiological evidenceof thestructureof thebiological hip-
pocampus. Each of the CA areascontainsan 8x8 arrayof
KA-II units(for a totalof 64unitsin each CA region). Each
CA areais connectedto theother 2. Theinterconnectionof
these3 CA regions via inhibitory andexcitatory feedback
formsa KA-III unit. TheconnectionsbetweenCA regions
will bechangedvia Hebbianmodification.

Orientationbeaconsarefed into thehippocampal simula-
tion throughthe DG region (Figure5, left). The DG again
contains an 8x8 matrix of KA-II units. Orientationsignals



Figure4: Agentmorphology (bottomleft) andenvironmen-
tal setupfor hippocampal simulations. The environment
contains landmarks, usedasallocentric reference pointsby
theagent, andsalientenvironmental locations,suchasfood
sources.The agent is only ableto detectthe presence of a
foodsourcewhenit is within a particularrangeof it.

Figure5: Architectureof KA-III hippocampal simulations

from the 4 landmarksare fed into the DG units. Each of
the4 landmarks has8 unitsassociatedwith thedirectionto
the landmark, and8 unitsassociatedwith thedistance. Di-
rectionsarebroken into 8 cardinal units,North, NorthEast,
East,SouthEast, South,SouthWest, West and NorthWest.
Units aresensitive to thedirectionof a particularlandmark,
though we usea gradedresponsewith a normal distribu-
tion, insteadof a simple1 unit is active andthe othersbe-
ing inactive (). Similarly thereare8 cardinal distanceval-
uesVeryClose,Close,MediumClose,Medium,MediumFar,
Far, VeryFar, Distant.Again a graded responsewith normal
distribution is appliedto the units. The DG areaconnects
with theCA3 area,andtheconnectionsbetweentheseareas
arealsosubject to Hebbianmodification.

Method
We use two typesof learning in the simulation, Hebbian
modification and habituation. Hebbian modification only
occurs when the robot is within a certainrangeof a light
source.Thereforethelight sourcesprovideacertainvalence
signalthatactsasastimulusto learnenvironmentallysalient
locations. Whentherobot is not within proximity to a light
source,not reinforcement signalis produced. During these
timeshabituation of thestimulusoccurs.This hastheeffect
of lesseningthe responseof the simulatedhippocampus to
unimportantregionsin theenvironment (Kozma& Freeman
2001).

The expectedeffect of this stimulationis to form 2 dis-
tinct typesof dynamicalpatternsin the CA regions. When
theagent is out of rangeof anenvironmentallysalientloca-
tion, thedynamicsshouldbein thehigh-dimensionalchaotic
state,receptive to input but not indicative of recognizing a
salientevent. Whenin rangeof a light source,the system
shouldtransitionto a low dimensional attractor, indicative
of recognition of theimportantlocation.Further, thespatial
amplitudemodulation patternsin theCA regions upon such
recognition shouldform 8 unique patterns,onefor each of
therecognizedregions.

Theagent is allowedto roamin theenvironment,usinga
low level mechanismsto produceefficient,but random wan-
dering. The agent roamsfor sometime, 10,000time steps
in our simulations.In our simulation10 time stepsapprox-
imates1 secondof real world running time, thereforethe
totaledsimulatedtime of anexperimentis 1000 seconds.

Results
We first give examplesof the time seriesproduced in the
CA regions.Two broadclassesof activity patternsorganize
themselvesasaresultof theHebbian andhabituationweight
modifications. The spatial-temporalpatternsstay in a rel-
atively high-dimensionalbackgroundstatewhen the agent
is in an uninteresting location. This patternchangesto a
more regular (e.g. cyclic) patternwhen the agent is close
to a food containing area.Thedifferences in thesepatterns
comeabout asadirectresultof Hebbianmodificationsbeing
contingentonbeingwithin a meaningful area.

Evidence of this shift, between high dimensional back-
ground stateandlow dimensionalrecognition state,canbe
seenin Figures6. In thisfigure,weshow areturnplot of one



Figure6: Statespaceplotsof unit 27 in theCA3 hippocam-
pal region. Top we show theplot whentheagentis outside
of an importantregion. Bottom is the plot whenthe agent
is within anenvironmentallysalientregion. Most unitsde-
velop similarresponses,whichcanbeinterpretedasarecog-
nition of beingin anenvironmentallysalientarea.

of the units from the CA3 area(unit 27) whenit is outside
of a foodarea(left) andwhen it is within (right). Noticethat
the dynamics for the unit aremuchmorecyclic andregu-
lar whenthe agentis in a recognizedarea.The patternsof
mostof theunitsin themodeled hippocampusshow similar
transitionsin their patternsfrom unrecognized to important
areas.

Next we look at theamplitude modulation (AM) patterns
producedby the hippocampalsimulation. Figure7 shows
examplesof theAM patternsformedin theCA3 hippocam-
pal matrix for 2 differentlocationswithin environmental re-
gions2, 4, 6 and8 respectively. The AM patternsshown
arefrom theCA3 hippocampal region. This region has8x8
units,for a total of 64 time series.We measurethestandard
deviation of each of the 64 units for a 50mstime window,
andplot theresultsasan8x8 contour mapof thedeviations
of eachof the units in the area. The AM patterncontour
plots, therefore,give you an ideaof which units aremore
highly stimulated(higher amplitudes in their activity) and
which arelessso. As Figure7 shows, theAM patternsare
more similar to thoseproduced from locations within the
sameenvironmental region.

As a morecomplete testof the formationof unique AM
patterns,we feedrobot with input from randomly selected
locations,within theenvironmentalfoodareas.AM patterns
werecollected for the randomly selectedregions andcom-
paredto one another by calculating the euclidian distance
between eachpattern.This testingshowed that, in fact, the
patternsproducedwithin aregionareconsistentlymoresim-
ilar to oneanother, thanthoseproducedin another environ-
mentalregion.

Figure7: Example of AM Pattern formedin the CA3 hip-
pocampalregion. In this figurewe show a patternfrom two
differentlocationswithin anenvironmentally salientregion
(TopandBottom).Weshow AM patternsfrom environment
regions E4 andE7. Similar AM patternsareorganizedand
exhibited whenthe agent is in the sameenvironmentalre-
gion.

Discussion
The KA-III hippocampal simulationdescribed hereforms
distinctAM patternsfor the8 salientenvironmentalregions.
Thesepatternsareaperiodic spatio-temporalactivity in the
CA regions. Thecharacteristicactivity peaksin theAM pat-
ternsareexamplesof socalled’placecell’ formation.Here
we seehigh activity among certainregionscorrelatedwith
beingin a particularenvironmental location. For example,
lookingattheAM patternfor location8 (Figure7, right) you
noticeX peaks of activity amongtheunits in the region. It
is possibleto interpretthesepeaksasbeingcorrelatedwith
environmental locations,andthereforetypical examplesof
theplacecell.

The next stepin this researchis to begin to understand
how suchAM patternsmight beusedin theserviceof goal-
directednavigation.It is known thatif youmeasuretheonset
time of placecells in a biological brain, this time gradually
shifts backin phaseasthe animalmoves throughthe envi-
ronment. Thisphaseshift of theonsetof theplacecellsmay
be evidenceof the formationof navigation planning in the
biological brain.Onepossibleinterpretationis thatwhenthe
animalformsan intentionto travel to a goal location,a se-
quenceof AM patternscycle through thehippocampus.This
sequence can be interpretedas sequencesof locations the
animalintends to visit, from thecurrentoneto thenext one,
etc. in order to reachthegoal. As theanimalmovesthrough
theenvironment, its ideaof thecurrent location changes,and
thusthiswholesequenceshiftsbackin phasein real-timeto
representthenext few intendedstepstheanimal is planning
to take. For this typeof mechanismto beorganized,theAM
patternsmustnot simpleform in an isolatedway, but con-



nections between adjacent locations must be incorporated
into themechanism. If theagent learnswhich AM patterns
areco-locatedto which others,it maybepossibleto setup
sucha mechanismto produce a goal-directedplanning for
navigatingin theenvironment.

Conclusion
Theself-organization of spatio-temporal patternsin nonlin-
earsystemsareessentialto cognitivemechanismsin biolog-
ical brains.We need to betterunderstandhow suchmecha-
nismsoperate in order to build bettermodelsof cognition
and smarterautonomous agents. This paper has demon-
stratedonesuchself-organizational mechanismfor thecre-
ationof AM patternsin a cognitive mapof anagentsenvi-
ronment.
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