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Abstract - Nonlinear distributed modeling is applied to generate
conditions for the emergence of intentional behaviors afforded
by the environment. The models are based on a nondeter minis-
tic dynamical approach to self-organized formation of categories
using chaotic principles. Continuous and discrete models of the
spatio-temporal dynamics are shown to exhibit phase transitions
manifested in the form of intermittent spatio-temporal struc-
tures, which are studied in simulated environments.

I. INTRODUCTION

Intelligentbehaior is characterizethy flexible andcreative
pursuitof endogenouslgefinedgoalsby the organism.It has
emegedin humansthroughthe stagesof evolution that are
manifestedn brainsandbehaiors of otheranimals. Inten-
tionality is a key conceptby which to link braindynamicsto
goal-orientedbehaior. The basicform of intentionalbeha-
ior is anactof obsenationthroughspaceandtime, by which
informationis soughtfor future action(Freeman2000). Se-
guencesof such acts consitutethe key desiredproperty of
free-roving, semi-autonomousehiclescapableof exploring
remoteenvironmentsthat areinhospitableto humans.Inten-
tionality consistsof the neurodynamicsht which imagesare
createdor future statesandgoals,of commandsequenceby
which to actto pursuitof goals,of predictedchangesn sen-
sory input resultingfrom intendedactionsby which to eval-
uateperformanceandmodificationof the deviceby itself for
learningfrom theresultsof actions.

These principles are well-know among pshychologists,
cognitive scientists, and philisohpers. The new aspect
of our approachis the developmentof a novel tool of
mesoscopic/intermediate-rangeain dynamicsusingnonde-
terministicchaostheoryto understandandsimulatethe con-
structionof meaningfulpatternsof neuralactvity of sensory
perception(FreemarandKozma,2000). We build on neuro-
logically inspired, bottom-upapproache®f embodiedcate-
gory formation(Thelenand Smith,1994;Kelso,1995;Clark,
1997; Almassy EdelmanandSporns,1998; Freeman;1999;
and others). We shav that mathematicatheory of random
graphsand percolationprocesse¢Bollobas, 1985) can pro-
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vide a very powerful supportto understandand interprete
spatio-temporahspectof neurodynamicsPhaseransitions
in randomcellular automatamodelsaredescribedn the sec-
ond part of the paperasan exampleof the nondeterministic
spatio-temporadlynamics.

I1. BACKGROUND ON NEURO-PERCOLATIONS

What distinguishesrain chaosfrom otherkindsis thefil-
amentougexture of neuraltissuecalled neuropil, which is
unlike ary other substancén the known universe(Freeman
1995, Freeman,1999). Neural populationsstemontogenet-
ically in embryosfrom aggreyatesof neuronsthat grow ax-
onsanddendritesand form synapticconnectionsof steadily
increasingdensity At somethresholdthe densityallows neu-
ronsto transmitmorepulsesthanthey receve, sothatanag-
gregateundegoesa statetransitionfrom a zeropoint attractor
to anon-zeropoint attractor therebybecominga population.
Suchapropertyhasheendescribednathematicallyn random
graphs,wherethe connectvity densityis anorderparameter
that caninstantiatestatetransitions(Erdosand Reryi, 1960,
Bollobas,1985). In this context, statetransitionsin neuronal
populationswill beinterpretedasa percolationphenomenon
progressingn the neuropilmedium.

The dendritic currentsof single neuronsthat governpulse
frequenciessum their potentialfields in passingacrossthe
extracellularresistancegiving rise to extraneuronapotential
differencesmanifestedn the EEG, which correspondo the
local meanfields of pulsedensitiesn neighborhoodsf neu-
ronscontributingto thelocalfield potentials.In earlystage of
developmenthesefields appearasdirectcurrent”d.c.” fields
with erraticfluctuationsin the so-called’delta” range,below
1 Hz. The neuronsareexcitatory, andtheir mutualexcitation
providesthe sustainedaperiodicactivity thatneuronsequire
to stayaliveandgrow. Unliketransistorsneuronshave ashort
shelflife if they areisolatedandleft inactive. The actiity of
anexcitatory populationis self-stabilizedoy a non-zeropoint
attractor(Freemaril975),giving riseto afield of nearlywhite
noise,up to a frequeng limit determinedby the durationof
theactionpotentials At somelaterstagetypically in humans
after birth, cortical inhibitory neuronsdevelop or transform



from excitatory neuronswhich contritute negative feedback,
leadingto the appearancef oscillationsin the gammaspec-
trum of the EEG. The mutualexcitation persistsand,in fact,
is essentiafor themaintenancef thenearlinearrangeof cor
tical oscillationsthroughadepolarizingbias(Freeman1999).

This self-sustainingrandomized steadystatebackground
actiity is the sourcefrom which orderedstatesof macro-
scopicneuralactivity emege,lik e the patternsof wavesatthe
surfacesof deepbodiesof water Neuraltissueshowever, are
notpassve mediathroughwhich effectspropagatédik e waves
in water(FreemarandKozma2000). The brainmediumhas
an intimate relationshipwith the dynamicsthrougha gener
ally weak, subthresholdnteractionof neurons.The synaptic
interactionsof neuronsprovide weak constraintson the par
ticipants,andthe resultingcovarianceappearsn the form of
spatiotemporapattern.In the framework of this researctwe
use mathematicatools of percolationtheoryto explore the
informationprocessingnechanismén brainsastherandom-
izedactwity of myriadsof neuronghatprovidesthe basisfor
self-omganizatiorandhigherbrainfunctions.

Informationprocessingn the proposedchaoticdynamical
memoriesis closelyrelatedto percolationphenomendBol-
lobasand Stacg, 1997; Kauffman, 1990). For aboutforty
yearsnow, percolationtheory hasbeenan active areaof re-
searchat the interface of probability theory combinatorics
and physics(Grimmett 1999). Interestin variousaspectsof
standargercolatiorremainshigh, includingestimate®f crit-
ical probabilities(Balister Bollobasand Stacg 1993; Bal-
ister, Bollobasand Stacg, 2000). In the last decadeand a
half, moreandmorevariantsof the standargercolatiormod-
els have beenstudied. In particulay there hasbeenmuch
work on the family of processeknow as bootstrapperco-
lation (Aizemanand Lebowitz, 1988; Duarte, 1989; Adler,
1991; Schonman,1992; Cerf and Cirillo, 1999, and mary
other papers). Computerexperimentsperformedby physi-
cistshave suggestedhterestingnon-trivial large-scalébeha-
ior, and mary deepmathematicaresultshave beenproved
abouta numberof models.

Percolatiortheorydealswith large scalepropertiesof cer
tain typesof randomgraphs oftenbuilt from latticessuchas
Z™. In thearchetypapercolationproblemthe vertices(sites)
arethepointsof alatticesuchasZ™ with edgesor bondgoin-
ing neighboringsites.In site percolation sitesareopeninde-
pendentlywith probability p andonewishesto answerques-
tions aboutthe size of the connecteccomponentformedby
theseopensites. In particular do infinite connectedtlusters
of opensitesexist? Similar questionsanalsobe asked about
bondpercolationwherethe bondsarechoserto be openwith
a certainprobability. Therearemary variantsof theseprob-
lems. For example,in orientedpercolationone asksfor in-
finite pathsof connectedopensitesthat travel at eachstep
only in certaindirections.Many percolationproblemsexhibit
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phasetransitions,wherefor p lessthansomecritical proba-
bility pcrit only finite clustersexist, andfor p > p.; infi-
nite clustersalmostsurely exist. Randomcellular automata
generalizedeterministiccellular automatasuchas Conway'’s
gameof life. Giventhe compleity of deterministicautomata
it shouldnot comeasa surprisethatrandomautomatalisplay
extremelycomplex behaior thatwill be provedto becrucial
in understandindprainfuctions.

I11. PHASE TRANSITIONSIN PERCOLATION
MODELS

On afinite grid or torus,we cancompareandomautomata
with the correspondingneanfield model. In the meanfield
modelinsteadof taking a setof specifiedneighborswe take
a subsebf the elementof the grid at random(with replace-
ment). It is clearthatthemearfield modeldoesnotdependn
thetopologyof thegrid, andtheonly informationof relevance
to the site actiity vector X, is given by its cardinality | Xy|.
We definex; to be |X;|/N whereN is the size of the finite
grid or torus. Thusz, € [0,1] givesthe densityof pointsin
X;.

Our real interestlies in randomcellular automataon 7?2
ratherthanthe meanfield models(Balisteret al, 2001). So
one questionis how well do the meanfield modelsapproxi-
matethe correspondingandomautomata Unfortunately the
answeris ‘not very well in general’. Sincethe meanfield
modelis equivalentto thatof a fully isotropicmodel,the best
we could hopefor is thatit approximategully isotropicmod-
els. However, evenfully isotropicmodelscanexhibit behavior
thatis richerthanthatof the meanfield models.

For example take the symmetricfully isotropicmodelwith
po = ., p1 = p2 = 55 Fig. 1 shaws atypical stateof
this modelon the 256 x 256 torus. We can shaov that this
maphastwo stablefixed pointsandanunstablefixed point at
z = 0.5. Thusthe meanfield modelwill have two phases,
oneof low densityandthe otherof high density Therandom
automataloesshow distinctphaseshut they all have densities
of 0.5. Indeedthereseento beatleast8 differentphasesnone
of which areisotropic. This is an example of spontaneous
symmetrybreaking.

The modelis symmetricunderinterchangenf coordinates,
but somephasesonsistof horizontallines andsomephases
consistof verticallines. Thelinesareof width two, sofor each
orientationthereis a choiceof alignmentmod4 in thevertical
or horizontaldirection,giving 8 phasesn total (Kozma,Bal-
ister, Bollobas, Freeman,2001; Balister Bollobas, Kozma,
2001).

For anotherexample considetthesymmetricfully isotropic
modelpy = p1 = p2 = p. Forp < 0.5 thisis an‘Ising’-
like model as we shall seelater For the meanfree model
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Fig. 1. Fig. 1: Symmetricisotropicmodel. Note the presencef
non-isotropicphases

this hasonefixed pointatz = 0.5 for p € [, 3], but for
p < % = 3D.2333 thefixedpointz = 0.5 is unstableand
therearetwo otherfixed pointswhich arestable.Therandom
automatebehaesqualitatively similarly, exceptthatthe criti-
cal probabilityis significantlylower at aboutp, ~ 0.13. For
pe < p < 0.5 it appearghatthe stationarydensitydistribu-
tion of z; for a sufficiently large but finite latticeis unimodal
with peakatp = 3D0.5. Forp < p. thedistribution becomes
bimodal,asonewould expectfrom the meanfield model,and
therearetwo phasesn theinfinite lattice,onewith high den-
sity and one with low density The continuoustime model
beharessimilarly, exceptthat the critical probability is even
lower, ataboutp, =~ 0.10.

Looking at Fig.2 it is at first sight unclearasto whether
therereallyis aphaseransition,sinceevenfor p > 0.14 there
appeato beregionsof highandlow density We givea heuris-
tic reasorfor believing thatthereis indeeda phasetransition
in thismodel.

IV. Conclusions

We proposea novel approachto model natural phenom-
ena,in particular brain processesWe suggesusing statisti-
cal processein the modelsthemseles, replacingstochastic
differentialequationsdy randommodelsof elementaryinter-
actionshetweerbasiccomponentsThisway, we cancompute
dynamicaloscillationsin the modelledsystem.In the frame-
work of this researchye usemathematicatools of random
graphsandpercolatiortheoryto exploreinformationprocess-
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Fig.2. (Q)p = 55

ing mechanismén brains. The randomizedactivity of myri-
adsof neurongrovidesthebasisof formationof neuralpopu-
lationswhich, in turn,leadsto self-oganizatiorandtheemer
genceof goal-orientedrainfunctions.
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