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Neur opercolation is a family of stochastic models based on the erattical theory of probabilistic cellular
automata on lattices and random graphs and mativatestructural and dynamical propertieediral
populations. The existence gihase transitions was demonstrated both in continuous and disctate space
models, e.g. in specific probabilistic cellular@mita and percolation models. Neuropercolationnelg¢he
concept of phase transitions to large interactiveutations of nerve cells.
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Probabilistic Cdlular Automata: Definitions and Basic
Properties

Cdlular Automata

In a basic two-state cellular automaton, the sidtmny lattice

point r & 72 s either active or inactive. The lattice is

initialized with some (deterministic or random) figaration. The states of the lattice points ardatpd
(usually synchronously) based on some (deterministprobabilistic) rule that depends on the atitives of
their neighborhood. For related general concepescellular automata such as Conway's Game of Life,
Chua's cellular neural network, as well as thermadyic models like the Ising model and Hopfield nets
(Berlekamp et al, 1982; Kauffman, 1990; Hopfiel882; Brown and Chua, 1999; Wolfram, 2002).
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Bootstrap Percolation _l_gJ.—* —i | T—;
o

In the original bootstrap percolation model, sdes active in e *
»

the original configuration independently with probay p.
The update rule however is deterministic: an acdite
always remains active, and an inactive site becautge if
at least? of its neighbors are active at the givee
(Aizeman and Lebowitz, 1988). If the iterationdmktely
lead to a configuration when all sites become aciiis said
that there is percolation in the lattice. A mairesfion in
bootstrap percolation concerns the presence obladien as
the function of lattice dimensicd | initial probhtyi r, and
neighborhood paramet# . It can be shown thaten th Figure 1: lllustration of percolation on the 2-
infinite lattice Z¢ , there exists a critical probatyil dimensional torus, with local update rule given

= f(d.f) that there is percolation fo = and nc by # = 2, i.e., a site becomes active if at least
pe = f(d, 1), P b= De 2 of its neighbors are active. The first 4

percolqt?on fogj < P, With prob.a.bility one. Th.e. critica iteration steps are shown. At the 8th step all
probability defines a phase transition between it sites become active, i.e., the initial
leading to percolation and conditions which do patcolate configuration percolates over the torus

(Balister et al., 1993, 2000; Bollobas and Stad®@7). For & (Bollobas, 2001).

finite lattice, such as trd  -dimensional to Z‘_{- e th

probability of percolation is a continuous functiof 7, and hence there is no precise threshold Valup .
However the probability of percolation rises rapittom a value close to zero, to a value closen® ear
some threshold functice. = f( N, d, £)

s Example 1 (Percolation threshold on infinite lattices): In the case of the 3-dimensional (infinite)
lattice i d = 3 ), a simple example of local neighborh@odsists of the 6 direct neighbors of the site,
and itself. Selecting =3 means that an inactivelstsomes active if at least 3 of its neighbors are

active. It is shown thatfcd =3 7 =3 the critical prolap p. = 0 (Schonmann, 1992).

» Example 2 (Percolation on thefinitetorus): It is of practical interest to study bootstrapqoéation
on finite lattices. E.g.Z‘_{- denotestd: -dimensidoals of siz N . Fed =3 ¢ =3 , Cerfand

Cirillo (1999) proved the conjecture of Adler, vanter, and Duarte (1990), Adler (1991), extending
the above result of Schonmann (1992), that thesttmie probability is of the orddl/ loglog N | for
a sequence of bootstrap percolation mode V¥V — oo example of percolation on the 2-
dimensional torusd =2 ,ar# =2 isgivenin Fig.1l.

Random Bootstrap Percolation

Standard bootstrap percolation has the strictéiticib that an active site always remains activés Th
condition is relaxed in the random bootstrap pextimh, which can model for example percolation in a
polluted environment (Gravner and McDonald, 19®&cordingly, at every iteration step, an active $it
removed with dilution probabilitg . In the casetbé 2-dimensional lattice with the 2-neighbor ¢ = 2,

the process percolates with probability on(q,.-"j';'E siiwall enough, and there is no percolation in the

opposite case. Generalizations of the original &toap percolation models are abundant. A systematic
overview of the state-of-art of percolation is givia Bollobas and Riordan (2006). Neuropercolation
describes further generalizations of random bampgbercolations motivated by principles of neural
dynamics.

Basic Principles of Dynamics of Neural M asses

http://www.scholarpedia.org/article/Neuropercola 6/11/200:



Neuropercolatiol- Scholarpedi Page3 of 13

The continuum approach to the brain leads to tine@t of neural mass, and its spatiotemporal agtdan

be interpreted in terms of dynamic system theob({Byantz and Desthexhe, 1986; Schiff et al, 1994;
Hoppensteadt and Izhikevich, 1998; Freeman, 20@in &t al., 2005; Steyn-Ross et al, 2005). Someetsod
utilize encoding in complex cycles and chaoticaatiors (Aihara et al, 1990; Andreyev et &R96; Ishii et al
1996; Borisyuk and Borisyuk, 1997; Kaneko and Ts@i#®1). Ahierarchical approach to neural dynamic
formulated by Freeman (1975, 2001). It is summarizere as the 10 Building Blocks of the dynamics of
neural populations. Here we list the first 5 prples relevant to neuropercolation at present:

m State transition of an excitatory population fromadnt attractor with zero activity to a non-zemd
attractor with steady-state activity by positivedback.

» Emergence of oscillations through negative feedlietkween excitatory and inhibitory neural
populations.

m State transitions from a point attractor to a linyitle attractor that regulates steady-state asicii of
a mixed excitatory-inhibitory cortical population.

= Genesis of chaos as background activity by combieggitive and positive feedback among three or
more mixed excitatory-inhibitory populations.

= Distributed wave of chaotic activity that carriespatial pattern of amplitude modulation made ey th
local heights of the wave.

Various components of these and related neurodynpririciples have been implemented in computational
models. For example, the Katchalsky K-models usetaf ordinary differential equations with distribd
parameters to describe the hierarchy of neural lpgipus starting from micro-columns to the hemiggise
(Freeman et al, 2001; Kozma et al, 2003). Neurapation, on the other hand, uses tools of peramiati
theory and random graphs to model principles ofodynamics based on discrete approach. Extensivie wo
is conducted on the formation and dynamics of stinat and functional clusters in the cortex (Bregs2006;
Sporns, 2006; Jirsa and Mclntosh, 2007). Neuropeatioo describes these effects in discrete moaeld,
future studies aim at establishing the connectietwben discrete and continuous approaches.

Generalizations of Percolation Theory for Neural Masses

Properties of Neuropercolation M odels

Basic bootstrap percolation has the following praps: (i) it is a deterministic process followirgndom
initialization; (ii) the model always progresseime direction, i.e., from inactive states to aztmes and
never backwards. Under such conditions, these mrettieal models exhibit phase transitions with respe
the initialization probabilityr . Neuropercolationodels develop neurobiologically motivated gerigations
of bootstrap percolations. Neuropercolation incoapes the following major conditions inferred basedhe
features of the neuropil, the filamentous neusaue in the cortex.

= Interaction with noise: The dynamics of the interacting neural populatigrisherently non-
deterministic due to dendritic noise and other canaffects in the nervous tissue and external noise
acting on the population. This is expressed by rmthai (1978, 1990): "Whenever he is looking at
any piece of neural tissue, the investigator besoimenediately confronted with the choice between
two conflicting issues: the question of how intteeaviring of the neuropil is strictly predeterminieyd
some genetically prescribed blueprint, and how nfueddom is left tathance within some framewc
of statistical probabilities or some secondary na@édm of trial and error, or selecting connections
according to necessities or the individual histoiyhe animal.” A possible resolution of the
determinism-randomness dilemma was based on theipig described as "randomness in the small
and structure in the large" (Anninos et al. 1978rtH et al. 1970). Neuropercolation includes
randomness in the evolution rules, and it is desecrin random cellular automata and in other models
Randomness plays a crucial role in neuropercolatiodels. The situation resembles the case of
stochastic resonance (Moss and Pei, 1995; Bulsaf&ammaitoni, 1996). An important difference
from chaotic resonance is the more intimate refstiip between noise and the system dynamics, due
to the excitable nature of the neuropil (Kozma gt2001; Kozma, 200:
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= Long axon effects: Neural populations stem ontogenetically in embifyom aggregates of neurons
that grow axons and dendrites and form synaptioections of steadily increasing density. At some
threshold the density allows neurons to transmitenpulses than they receive, so that an aggregate
undergoes a state transition from a zero poinaettir to a non-zero point attractor, thereby beognai
population. Relevant behaviors have been descitbehdom graphs and conditions for phase
transitions are given (Erdos and Renyi, 1960, Bk 1985). In neural populations, most of the
connections are short, but there are a relativelylbng-range connections mediated by long axons
(Das and Gilbert, 1995). The effect of long-rangers are similar to small-world phenomena (Watts,
Strogatz, 1998; Strogatz, 2001) and it is parhefrieuropercolation model.

= Inhibition: Another important property of neural tissue thabintains two basic types of interactions:
excitatory and inhibitory ones. Increased actiafyexcitatory populations positively influence (érg
their neighbors, while highly active inhibitory meas negatively influence(inhibit) the neurons they
interact with. Inhibition contributes to the emenge of sustained narrow-band oscillatory behavior i
the neural tissue (Aradi et al., 1995; Arbib et 8097). Inhibition is key in various brain strucds;
e.g., hippocampal interneurons are almost excliysimbibitory (Freund and Buzsaki, 1996).
Inhibition is inherent in cortical tissues anddintrols stability and metastability observed inibra
behaviors (Kelso, 1995; Xu and Principe, 2004; did Kozma, 2006; Kelso and Angstrom, 2006;
Kelso and Tognoli, 2007). Inhibitory effects are @art of neuropercolation models.

Neural populations may exhitscale-free behavior in their structure, dynamiesl, function (Aldana and
Larralde, 2004; Sporns, 2006; Scale-Free Neocoiligaamics). Neuronal avalanches have been idedtifi
as processes leading to scale-free dynamics iicabtissue (Beggs et al, 2003). Scale-free behmawio
random graphs has been rigorously analyzed by |aimo methods (Bollobas, 2001; Bollobas and Riarda
2003, 2006). Physical and computational modelingcale-free phenomena, including preferential
attachment, produced some spectacular results ffadbe Barabasi, 2002; Barabasi, 2002; Newman et al
2002). See also Scale-free Neocortical Dynamiay émthis Encyclopedia.

Probabilistic Cellular Automata

A broad family of probabilistic cellular automatadefined oved -dimensional discrete 1Z‘_{- (Batiste
al., 2006). Le 4 be the set of possible statethérsimplest case there are just 2 states: actjverfnactive
(-), which case is considered here. The (closeigjhiberhood of nodir is denoted [, Z‘_{-. At a given
time instant tT becomes active with probabipy high is the function of the state of the site Iz Since
['; is a closed neighborhoop  may depend on the stix :itself. Accordingly,r is a function

p: AT= x A — [0,1] that assigns for each configurati¢®: Iy — A andea€ A robapility Py.q

with Z Paa =1 forall @ . We define a sequence of configurat T, : Z‘_{- — A by setting

acAd
fI:'t-|-1EI.:I = a independently for eacr € Z‘_{- with probabil P, . We stae process with some
specified initial distribution over the tonTg . Theces:T: s calleprobabilistic cellular automaton or
PCA. These models have also been referred torisct processes and have been studied in some cases on
infinite graphs (Holley and Liggett, 1995). ProHagbic cellular automata generalize deterministtidar
automata such as Conway's game of life. Probabilsttomata display very complex behavior, inclgdin
fixed points, stable limit cycles, and chaotic bebes, which pose extremely difficult mathematipabblems
and are beyond reach of thorough analysis in gerigeaeral rigorous results have been achievepeciic
instances.

I sotropic Cellular Automata

It is often assumed th ., depends only on the walitf of the set of the neighbors which are inat
state, and on the state of the given site. Thesieta@re calledsotropic. Then the notatiop,  is used

instead 0P + , wherm is the number of active sitel ', and®(z) =— . Similarlyp;" is used for the
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given ™ and with the conditiol(z) =+ . Isotropic models aubstantially more restrictive than the
general case, but they still have complex behagmmetimes including spontaneous symmetry breaking

(Balister et al, 2006). We call the modilly isotropic if i, = p, = p, for all 7. In this case, the site itself

is treated on the same basis as its neighbotse lb¢havior of the isotropic model is unchangedeavhi
interchanging + and -, it is called symmetric.

s Example 3 (Probabilistic Cellular Automata with Majority Voting Rule): The case of two-
dimensional torus is considered of lattice <V x N  efiile ['; be the local neighborhood which
consists of 5 nodes, i.e., the 4 nearest neighdiadghe node itself. For a fixed probability
0 < p< 1, the probabilistic majority voting is expressedaows. The probability of being active
the next time step is given Ip if the majoritytioé nodes in the neighborhood are active, and
(1 — p) if the minority of the nodes are active. Theseadse callec -majority percolation. The
majority voting rule defines an isotopic and symricatnodel with transition probabilities

pg=pi=ps =(1—p)=pF =pf =pF, andp; =p7 =p; =p=pf=pf =pT .
Mean Field Models

Mean field models are related to probabilistic welt automata afllows. In the mean field model, insteac
considering the number of active nodes in the igelcheighborhoo(l” | the activations |f| randomly
selected grid nodes are used in the update ruth (eplacement). Since there is oraering of the neighbor
the transition probabilities depend only on the benof active states in the selec T -tuples. dtaar
that the mean field model does not depend on thaagy of the grid. Considering a 2D torus of size

N x N, the density of active poin g; € [0,1] is definecp: = Nas/N® el Na: is the number

of active nodes on torus attirt> . The denp:y s astan order parameter and it can exhibit various
dynamic behaviors depending on the details of thbabilistic rules. Mean field models are mathensly
more tractable at present and they provide initisight into the dynamics of more general neuroglatmn
models.

M athematical Results on Phase Transitionsin
Neur oper colation

Phase Transitionsin Random M ajority Percolation M odels

In local models, a rigorous proof has been fountheffact that for extremely small valuespf  (degiag
on the size of the lattic/N' ) the model spends g tone in either low- or higliensity configurations befo
the very rapid transition to the other state (Bafiet al., 2005). Fairly good bounds have beendaan the
(very long) time the model spends in the two esaliystable states and on the (comparatively \wryrt)
time it takes to cross from one essentially stabdée to another. The proof is only given for taeecofa very
weak random component. The behavior of the lattiodels differs from that in the mean field modettie
manner of these transitions. For the mean fieldehdchnsitions typically occur when random density
fluctuations result in about one half of the stdtemg active. When this occurs, the model passesigh a
configuration which is essentially symmetric betwdlee low- and high-densigonfigurations, and is equa
likely then to progress to either one. In the t&ttmodels, certain configurations with very low signcan
have a large probability of leading to the highglgnconfiguration, and transitions from low to higensity
typically occur via one of these (non-symmetrichidgurations.

It is also known that there is a constpg < 0.5 suchftita

pg < p = 0.5 the model spends essentially all its time witteagity

very close to 0.5. It is believed, but not proviérat there is a critical probabilip.  wire = 0.134  such
that forp = p. , the model spends most of its time witheasity about 0.5, but f@ < p.  alV
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sufficiently large, the model spends most of itstiin either a low-
density or a high density state.

» Example 4 (Phase Transition in 2D Majority Percolation):
Consider a 2-dimensional torus of sV » N veh -
majority transition rules, when the neighborhoodtems 5
sites. Then one only needs two thin intersectinglbaf active
sites to ensure a high probability of reachinghiuh-density
state in a short time; an example of the requirbdrzd
configuration is shown on Figure 2. The transifi@proven for
probability p o< 1/N? | and it is conjectured to be valid for
broader range of probabilities (Balister et alQ20 Figure 2: Low density configuration

of active sitesona ™ = IV  torus

that nevertheless will with high
probability lead to a high-density

L ar ge-scale Deviationsin M ean-field M odels of

Probabilistic Cellular Automata configuration in time O[ N /p) .
Each band is of width at least 2 and
In mean field models described previously, a ginamber of wraps around the torus.

randomly selected grid nodes are used in the updb€with

replacement). The number of selected sites is chas¢he cardinality

of the neighborhood s |f| . Mean field models haveast one stable fixed point and can have several
stable and unstable fixed points, limit cycles, ahdotic oscillations. For large lattice sV , hlhean
density of active site?;  is givapproximately as a normal distribution. The mefihe normal distributio
is fm(Z), where (for a fully isotropic model):

fmlz) =) ('E')p-r:r‘"fl — z)T=r,

T

Iterations of the ma gi+1 = fm fPt..\-l can result in stable fixethts, limit cycles, or chaotic behavior
depending on the initial valL gg . Various condititvave been derived for stable fixed point solutj@msl
phase transitions between stable fixed points baesm analyzed in various mean field models (Balsteal.,
2006).

m Example 5 (Phase Transitionsin 2D Mean Field Models):
Consider the symmetric fully isotropic mean fielddel on the
2-dimensional lattice. Transition probabilities aeeluced to th
ones given in Example 3. The fixed point is detewdiby the
condition thait: = fi,(1:) . This fixed point is denotedg s
Using the majority update rule, one can readiljvarat a
transcendental equation for the fixed points. it ba shown
that there is a stable fixed point 1p. << p < 0.5 | while #
are two stable and an unstable fixed pointsp << p.  ereH

P. is the critical probability, and the exact vap. = 7/30 is Figure 3: Stable and unstable fixed

derived in the case of neighborhood <|I'| =5 and ritgj points of the mean field models a
update rule. Near the critical point the densitysus the function of the system noi
relationship approximates the following power laghhvior Solid line: stable fixed points, dash:
with very good accurac |p — 0.5| e (p. — p)°, where unstable fixed points.

4 = 0.5, Figure 3 illustrates the stable density valuesadisl
lines. Density level 0.5 is the unique stable fiyaiht of the
process above the critical pop = p. , while it becommestable belovp.

Transition Timein Majority Percolation and Mean Field Models

The average time between transitions is governdtidopverage time it takes for one of these special
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configurations to occur (see Fig. 2), and transgido not typically go through symmetric configioas. A
snapshot of the model transitioning half way froimgh-density to a lovalensity configuration will look ver
different from a snapshot of the transition froow to a high-density configuration. On N > ' torus in
the case of local majority percolation the averéame between transitions exp(O(N logp))  (Balister et

al, 2005). For the mean field model, the averagiéivgatime between transitions exp(O(N*1lag p))

(Balister et al., 2006). The transition itself mwever fast, requiring only tir @(N,/p) . The rapid
transitions between persistent states can be netexbin the context of metastability as introduneHKB
model by Kelso and colleagues (Kelso, 1995; Ketsd Bognoli, 2007). The theoretical results justig use
of the terminology 'neuropercolation’, describing exponentially long waiting period, followed byjaick
transition from one metastable state to anothee.duick transition can be described effectivelnas
percolation phenomenon.

Open Mathematical Problems

Probabilistic cellular automata, random majorityquéation, and various neuropercolation models are
relatively new and little known mathematical obgecthey pose a number of challenging mathematical
problems, including the following ones: What is tiehavior of the -majority cellular automata in the
general case? What are the conditions of stakiies$tds there a phase transition dependinpon ?dées
additional randomness, e.g., rewiring with longgaionnections, influence the dynamics? How torege
the time the system stays in a stable state béféifgs into another stable state? Answering thaseé a lot of
related questions with mathematical rigor is beymrath at present. Computational simulations cawige
guidance for working hypotheses toward further reatatical analysis, as described in the next section

Computational M odels of Neuroper colation and Critical
Behavior

Critical Behavior in Local Probabilistic Cellular Automata

Figure 4: Snapshots of 3 PCA systems with noisel&» = 0.11, 0.134, and 0.20, respectively. Thersgc

diagram illustrates critical behavior, while théet two figures show subcritical (ferromagnetic)l @upercritical
(paramagnetic) regimes.

As opposed to mean field models, an analyticaltgwius not available for the local models and caotep
simulations are used to study these systems. Reatest neighbor configuration is considered 'rth
majority percolation on the 2-dimensional toruguUfe 4 illustrates the system behaviorpr  valudg,
0.134, and 0.20, respectively. The first paneligf B is forp = 0.11 and one can see the dominance of
active sites (white). This is an illustration oéat nonzero magnetization as in ferromagneticst&ia the
third panel of Fig. «p = 0.20 and the active and inactites are equally likely. The magnetization is elos
to zero (paramagnetic regime). The middle pandtign4 shows a behavior where very large clustérs o
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active and inactive sites are formed. This casebbas calculated fcp = 0.134 | Finite size scaling theory
of statistical physics is applied to charactertm ¢bserved behavior.

The behavior of the local PCA is qualitatively denito mean field models shown in Fig. 3. Namehgre is
a critical probabilityp. , and fcp = p. the stationaryndéy distribution o2 is unimodal, while it
becomes bimodal f¢p << p. . There are two phases, orfehigh density and one with low density,
similarly to mean field models. Calculations shdwatt in the local model, the critical probability i
significantly below the one obtained for the meiaidf p. = 0.134 compared t p. = 0.233, respectively
The exponent of the power law scalincm  nearctitecal point is different as well, compad = 0.5 for
the mean field model, ard = 0.130  for the local model. hdels of finite size scaling from statistical
physics are used to interpret these findings, sgesection.

Critical Exponentsand Finite Size Scaling

The methodology previously developed for Ising sgass systems (Binder, 1981) is applied here to
characterize processes in PCA. If the number avaeind inactive sites is equal at a given time, th
activation densit; becomes 0.5. This correspoadshiasal state in magnetic materials with no
magnetization. Deviations from the 0.5 level at #me are given as |,D1~ - U-5| ) signifyjagnetization. Tk
expected value of magnetizati is estimated ferées 01" iterations as follows:

T
<m z=<|p — 0.5 = 1/T Y |p: — 0.5| . The susceptibility is defined using magnetizam1as:
t=1

Y==1m > — < = For the definition of correlation leng{ , seeadwiec, 1999).

For Ising systems, magnetization, susceptibilibd aorrelation length satisfy a power law scaliegpdvior
near criticality. In order to determine whether teaminology critical behavior is justified in tlase of
neuropercolation models, various statistical propgiof the computed processes have been evaluated.

Recall, that in mean field models, the scaling fammagnetization is given by Ex. 5, near the caiti
probability p. . The scaling laws fcy — aif are defirsgmilarly:

™ ™

X~ |p— P &~ |p—p.

The fourth order cumulants are definecl/ (V,p) =< m* > / < m®* =%  wN & the lattice size,

andp is the noise parameter. Finite size scaliagrthtells that the fourth order cumulants are etgubto
intersect each other at a unique point which igfreshdent of lattice size. The corresponding prdibaloif
this unique point is the critical probability, seig. 5.

In order to test the consistency of the criticdldégor
in neuropercolation models, the identity relatidpst
25+« = 2 has been calculated. Recall that th
identity holds for the critical exponents in Ising

systems (Binder, 1980). This identity is consideas i
a measure of the quality of the estimation on the 5 1 R M. . R .
critical exponents is a given system.

I A E e Rl

The Table 1. Comparison of PCA and R IR |

results of several other models

PCA -

calculations |J ”q ”V ||Err0|1 . ok :
are PCA  ]0.13041.80541.0424/0.02] oI T
summariz§fCA l0.12 |l1.59 |j0.85 [0.13]
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andin |sing (2D J0.125 175 1 Jo |

Figure 5: Critical probability estimation using tfoairth

Table 1. |CML ||0.115 ||1.55 ||O.89 ||0.00| order cumulants given by Eq. 3; the curves cornedpo
along with _ to lattice sizes 45, 64, 91 and 128. The obtairatdevof
the parameters of the Ising system, Toom CA, an De =0.1342:%E 0.00002 (Puljic et al., 2005).

coupled map lattice models (CML). The 'Error" ie

last column indicates the error of the identitydtion

of the critical exponents. As Table 1 shows, thentity function is satisfied with high accuracytive studied
neuropercolation models. This indicates that tleall®CA exhibits behavior close to an Ising model, it
belongs to theveak Ising class (Kozma et al., 2005). This result also lends supjmothe terminology
generalized phase transitions in the context osthdied neuropercolation models. These concepts ar
generalized further in even more complex neuropatiom models with small world effects and inhibiti

L ong-range Axonal and Inhibition Effectsin Neuroper colation

Long axon effects are modelled when a certain prapo(

0 = g = 1) of regular lattice connections is replaced (redjitey
randomly selected links (Kozma et al., 2004; Pwjd Kozma, 2005
The case 0g = U  describes completely regular lattirenections, =
while 2 =1 means that all connections are selectedratam as in b i
mean field models. An intermediate valueq)f  chimdzes a syster 1 e oo ;
with some rewiring, just as in the small-world misdgstrogatz, 3
2002).

Figure 6 contains results that generalize the rfielthcase, c.f., Fig.
3. Different Curves correspond to different rewgrimtios (Kozma et Figure 6: Activation density as the
al., 2005). The rightmost curve corresponds tatlean field case (a function of the noise level in systems

] LT ] 'Y} e

connections are rewired), while the leftmost cutescribes the with no random long-range neighbor,
regular lattice with local connections only (no némg). Intermediate "’:1”6‘? Vﬁﬁzéa{fﬁzsrﬁgtﬁsa?f rzfggg;e
situations are shown with the curves between landlmean field g Y '

models.

The critical exponents obtained for models withmas degrees of  Table 2: Critical Exponentsin
small-world effects are given in Table 2; notati@ms same as in Neuropercolation with Small-World
Table 1. In the case of SW (6 %5 ) model, %5  eflttal (SW) Effects

lattice connections are rewired to. Table Il shdiat the non-loca | 3 ” - ”V ||Err0|1
systems may belong to a weak-Ising class, wherbytherscaling '
relationship is approximately satisfied (Puljic, 20a, 2005). [PCAlocall[0.130¢]1.8055(1.0424/0.02
ISW:6.25%0.3071|1.192(]0.9504/0.09 |

|SW:12.594/0.4217(0.9874(0.9244|0.02 |
|SW:100%)/0.4434|0.9371/0.9024/0.02 |

Figure 7: Phase lag values evolving in time fowva-layer lattice ¢
system with 256 channels; (a) Noise le¥8% (subcritical): high syn
noise): there is spontaneous, intermittent desymihation across
synchrony betweechannels is dimini
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The behavior of neuropercolation model with excitatand inhibitory nodes is illustrated on FigDie to
the negative feedback, these models may generst#irsed limit cycle and non-periodic oscillatioginilar
to the behavior previously observed in models basedoupled differential equations. Tégatial distributio
of synchronization shows that the subcritical remjismcharacterized by rather uniform synchronizatio
patterns. On the other hand, supercritical reginmsvs high-amplitude, unstructured oscillations. Neéical
parameters, intermittent oscillations emerge, iegdatively quiet periods of weak oscillations tailed by
periods of intensive oscillations in the synchratiizn (Puljic and Kozma, 2006). The sparseness of
connectivity to and from inhibitory populations a@ts a control parameter, in addition to the systeise

level ¢ and the rewiring ratig
excitatory and inhibitory units.

. The system showRiiys. 7a-c has a fe %

of connectivity between

Example of Ontogenetic Development and Criticality in the Neur opil

The following hypothesis is proposed regarding tt
emergence of critical behavior in the neuropil. Th
neural connectivity is sparse in the neuropil at th
embryonic stage. Following birth, the connectivity
increases and ultimately reaches a critical leatel,
which the neural activity becomes self-sustaining
The brain tissue as a collective system is at tige e
of criticality. The combination of structural pragies
and dynamical factors, like noise level and inpaitg
the system may transit between subcritical, citice
and supercritical regimes. This mechanism is
illustrated on Fig. 8. By way of structural evobuti
the neuropil evolves toward regions of criticality
edge-of-criticality. Once critical regions are
established, the connectivity structure remains
essentially unchanged. However, by adjusting the
noise and/or gain levels, the system can be steer
towards or away from critical regions. Clearly, the
outlined mechanism is incomplete and in realistic
neural systems a host of additional factors play
crucial role. However, the given mechanism is ve
robust and it may provide the required dynamical
behavior in a wide range of real life conditions.
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