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I.INTRODUCTION

This paper describes a highesolution calculation of a similar calculation performed in a recent
paper [1],using supercomputer resources nadilable at that time, and are of the quality of resolution
presented in a different system using the same patjrithteode RTHINT [2]. A more detailed
description of the theoretical basis for these calculations can be found in thatapdper previous

papers in this series of statistical mechanics of neocortical interactions (SMNI) [3-18].

The SMNI approach is to ddop mesoscopic scales of neuronal interactions at colunves kef
hundreds of neurons from the statistical mechanics ofwdiatnicroscopic interactions at neuronal and
synaptic scales, poised to study redyi macroscopic dynamics atgienal scales as measured by scalp
electroencephalograph(EEG). Relgant experimental data are discussed in the SMNI papers at the
mesoscopic scales, e.g., as in this pape&dculations, as well as at macroscopic scales of scalp EEG.
Here, we demonstrate that the dedifirings of columnar actity, considered as order parameters of the
mesoscopic system, viop multiple attractors, which illuminate attractors that may be present in the

macroscopic regional dynamics of neocortex.

The SMNI approach may be complementary to other methods of studying nonlinear neocortical
dynamics at macroscopic scaleBor example, EEG and magnetoencephalogyaphta hae been
expanded in a series of spatial principal components (Karhunerelsmpansion). Thecoeficients in
such apansions are identified as order parameters that characterize phase changes ire cogniti

studies [19,20] and epileptic seizures [21,22], which are not considered here.

The calculations gen here are of minicolumnar interactions among hundreds of neurons, within a
macrocolumnar extent of hundreds of thousands of neurons. Such interactopadakon time scales
of several r, wherer is on the order of 10 msec (of the order of time constants of corticamnplal
cells). Thisalso is the obseed time scale of the dynamics of short-term memd¥e hypothesize that
columnar interactions within and/or between regions containing méions of neurons are responsible

for phenomena at time scales ofeal seconds.

That is, the nonlinearvelution as calculated here at finer temporal scaless@ kase of support

for the phenomena observed at the coarser temporal scales, e.g., by establishing mesoscopic attractors a
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mary macrocolumnar spatial locations to process patterns at larger regions domains. Mai®snati to
continue using the SMNI approach to study minicolumnar interactions across macrocolumns and across
regions. For example, this could be approached with a mesoscopic neural network using a confluence of
techniques dran from SMNI, modern methods of functional stochastic calculus defining nonlinear
Lagrangians, adap® dmulated annealing (ASA)[23], and parallel-processing computation, as
previously reported16]. Otherdevelopments of SMNI, utilizing coarser statistical scaling than presented
here, hae keen used to more directly intade with EEG phenomena, including the spatial and temporal

filtering observed experimentally [14,15,17,18].

Section 1l presents a currenkperimental and theoretical context for the vatee of these
calculations. W gress that neocortical interactionségikace at multiple local and global scales and that
a oonfluence of experimental and theoretical approaches across these esgalié&sly will be required to

improve aur understanding of the physics of neocortex.

Section Ill presents our current calculations, summarizing 10 CPU days ofexCda0o
supercomputer resources irvaal figures. These results support the original coarser argumeatsimi

SMNI papers a decade ago [6,8].

Section IV presents our conclusions.

1. EXPERIMENTAL AND THEORETICAL CONTEXT

A. EEG studies

EEG proides a means to study neocortical dynamic function at the millisecond time scales at
which information is processed®&EG provides information for cognieé <ientists and medical doctors.
A major challenge for this field is the igation of these kinds of data with theoretical axgeeimental

studies of the dynamic structures of EEG.

Theoretical studies of the neocortical mediunvehdnvdved local circuits with postsynaptic

potential delays [24-27], global studies in which finite velocity of action potential and periodic boundary
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conditions are importaf28-31], and nonlinear nonequilibrium statistical mechanics of neoctrtdeal

with multiple scales of interactidB-18]. Thelocal and the global theories combine naturally to form a
single theory in which control parameterfeef changes between more local and more global dynamic
behavior [31,32],in a manner somewhat analogous to localized amehded vavefunction states in

disordered solids.

Recently plausible connections between the multiple-scale statistical theory and the more
phenomenological global theory were propodet]. Experimentaktudies of neocortical dynamics with
EEG include maps of magnitude distributioveothe scalp [29,33], standardb&rier analyses of EEG
time series [29], and estimates of correlation dimendd85]. Otherstudies hae enphasized that
mary EEG states are accurately described byadeherent spatial modes exhibiting comptemporal
behavior [19-22,29,31]These modes are the order parameters at macroscopic scales that underpin the

phase changes associated with changes of physiological state.

The recent deslopment of methods to impve the spatial resolution of EEG has made it more
practical to study spatial structure. Thevrid@gh resolution methods provide apparent resolution in the
2-3 cm range, as compared to 5-10 cm forveotional EEG[36]. EEG data were obtained in
collaboration with the Swinburne Centre for Applied Neurosciences using 64 electveddéiseoupper
scalp. Thesecalp data are used to estimate potentials at the neocorti@desuifhealgorithms mak
use of general properties of the head volume conduétatraightforvard approach is to calculate the
surface Laplacian from spline fits to the scalp potential digioh. Thisapproach yields estimates

similar to those obtained using concentric spheres models of the head [36].

Here we report on data recorded from one of us (P.L.N), wivdkeaand relaxed with closedyes
(the usual alpha gtthm). Theresulting EEG signal has dominant power in the 9-10 Hz rakge.
Fourier transformed the 64 data channels and passed Fourier coefficients at 10 Hz through our Laplacian
algorithm to obtain cortical durier coeficients. Inthis manner the magnitude and phase structure of
EEG was estimatedA typical Laplacian magnitude and phase plot for 1 sec of EEG vensimoFig. 1.
This structure ws determined to be stable on 1-min time scales; thateiagees wer 1 min exhibit
minimal minute to minute changes when the psychologicgiplogical state of the brain is helddik
By contrast, the structure is quasi-stable on 1-sec time scaeshow this we calculated magnitude and

phase templates based on sarage wer 3 min. We than obtained correlation coefficients by comparing
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magnitudes and phases at each electrode position for one second epochs of data with the templates.
this manner we determined that the structure is quasi-stable on 1 sec time Fhates, correlation
coeficients vary from second to secondeomoderate ranges, as st in Fig. 2. Another interesting

aspect of these data is the periodic behavior of the correlation coefficients; magnitudes and phases

undergo large changes roughiyey 6 sec and then return to patterns that more nearly match templates.

We have previously considered e mesoscopic activity may influence the very large scale
dynamics obserd on the scalfi4]. In some limiting cases (especially those brain states with minimal
cognitive processing), this mesoscopic influence may be sufficiently small so that macroscopic dynamics
can be approximated by a quasi-linear “fluicelikepresentation of neural mass ac{@®-31]. Inthis
approximation, the dynamics is crudely described as standiwgs\in the closed neocortical medium
with periodic boundary conditionsEach spatial mode may exhibit linear or limit cycle behavior at
frequencies in the 2-20 Hz range with mode frequencies partly determined by the size of xhandorte
the action potential velocity in corticocortical fiberBhe phase structure shown in Fig. 1 maywshize

nodal lines of such standingawes.

B. Short-term memory

SMNI has presented a model of short-term memory (STM), to the extefarit sfochastic bounds
for this phenomena during focused selexttention [1,6,8,37-39]transpiring on the order of tenths of a
second to seconds, limited to the retention af27items [40]. This is true een for apparently
exceptional memory performers who, while yhreay be capable of more efficient encoding and nedrie
of STM, and while thg may be more efficient irfichunking” | arger patterns of information into single
items, neertheless are limited to a STM capacity ot Z items [41]. Mechanisms for various STM
phenomena ha& keen proposed across myagpatial scale$42]. This “rule” is verified for acoustical
STM, but for visual or semantic STM, which typically require longer times for rehearsal in an

hypothesized articulatory loop of individual items, STM capacity appears to be limited2¢4B].

Another interesting phenomenon of STM capacixplaned by SMNI is the primgcversus
receng effect in STM serial processing, wherein first-learned items are recalled most error-free, with last-

learned items still more error-free than those in the middle Thebasic assumption being made is that
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a pattern of neuronal firing that persists for man cycles is a candidate to store theeémory” of
actvity that caverise to this pattern. If seral firing patterns can simultaneously exist, then there is the
capability of storing seeral memories. The short-time probability distribution dedifor the neocorte

is the primary tool to seek such firing patterns.

It has been noted that experimental data on velocities of propagation of long-rangg@9diBéis
and dened velocities of propagtion of information across local minicolumnar interactions [4] yield
comparable times scales of interactions across minicolumns of tenths of a s@&temdfore, such
phenomena as STM likely are inextricably dependent on interactions at local and global scales, and this is

assumed here.

I11. PRESENT CALCULATIONS

A. Probability distribution and the L agrangian

As described in more detail in a previous paper [1], the short-time conditional probability of
changing firing states within relaxation timef excitatory €) and inhibitory () firings in a minicolumn
of 110 neurons (twice this number in the visual neogprie given by the following summary of
equations. Theinstein summation ceention is used for compactness, whereby ardex appearing
more than once amongdtors in ap term is assumed to be summearpunless otherwise indicated by
vertical bars, e.g.d|. Themesoscopic probability distuttion P is given by the product of microscopic
probability distrilutions p,., constrained such that the agg@e mesoscopic excitatory firings E=

2 ice 0, and the aggrgate mesoscopic inhibitory firings! = 20l T
P= T PS[MC(r;t+1)MC(r';t)]
i
0ad Un

O
=360 oj~ME(t+ )W OY oy -M'(rit+ )0 po,
o DjEIE 0 |:|le |:|j
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=[1 (2r7g°%)*exp(-N7L%) , (1)
G

where the final form is desd using the fact thalN > 100. G represents contributions from bdihand|
sources. Thislefines the Lagrangian, in terms of its first-moment dgftsits second-moment diifsion

matrix g®¢, and its potentiaV/’, dl of which depend sensiily on threshold factor®,

P=(2mr)™*g"?exp(-N7L) ,
L =(2N)(M® - g®)gee(M® - %) + MCJG/(2N7) - V',

V' =Z VG (POME),

g® =-r"}(M® + N® tanhF®) ,
0% = (gog) t = 08 1 INCsechF®
g = det@ce)

Gl. [Glne L A[GL G :
(v - aBVEING - : ASNEIME)

FC =
e Gh21(AlCING 4+ L AlCIMGn 12 ]
{Al(vG'2 + (s))(aG!NC + ~ AGIME)} 2
ag =2 Ag+BY, @)

where AS, and BE, are macrocolumnaaveraged interneuronal synapticfieécies, v& and ¢S are
aveaged means and variances of contitns to neuronal electric polarizations, and nearest-neighbor
interactionsV’ are detailed in other SMNI papd#s6]. M€ andN® in F€ are afferent macrocolumnar
firings, scaled to efferent minicolumnar firings WNDEHO‘3, where N" is the number of neurons in a
macrocolumn. SimilarlyAS andBE have been scaled bid"/N[110® to keepF© invariant. Thisscaling

is for corvenience only For neocortex, due to chemical independence of excitatory and inhibitory
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interactions, the diffusion matrix®® is diagonal.

The abwee cevdopment of a short-time conditional probability for changing firing states at the
mesoscopic entity of a mesocolumn (essentially a macrocoluwgragad minicolumn), can be folded in
time over and over by path-intgyral techniques deloped in the late 1970s to process nvatiate
Lagrangians nonlinear in their drifts andfdgions [45,46].This is further deeloped in the SMNI papers

into a full spatial-temporal field theory across regions of neocortex.

B. PATHINT algorithm

The FATHINT algorithm can be summarized as a histogram procedure that can numerically
approximate the path integral to a high degree of acgaisa sm of rectangles at pointd; of heightP;
and width AM;. For corvenience, just consider a one-dimensional system. The patrahte

representation described akaan be written, for each of its intermediate integrals, as

P(M;t+A0) = [ dM (954 (2mt) ™ exp(-LAD]P(M'; 1)
= [AM'G(M, M3 80P(M; 1) ,
PM; 1) = 3 7(M - M)P,(9)
i=1

O

1 1
D]., (M, _*AMi_l) <M< (MI +7AMi) ,
(M - M) = 2 2 A3)
, aherwise.
O
This yields
P (t +At) = Tij (At)PJ(t) ,
- = - [ M+AaM2 M;+AM;/2 ' I
Ty (89 AM,_; + AM; J-Mi—AMi_llsz M,-J—AM,-illsz GM, M54 . @)



Statistical Mechanics of Neocortical ... -9- Ingberand Nunez

Tjj is a banded matrix representing the Gaussian nature of the short-time probability centered about the
(possibly time-dependent) drifCare must be used in\d#oping the mesh i\M€, which is strongly

dependent on the diagonal elements of the diffusion matrix, e.g.,
AMEC = (Atglelieh2 (5)

Presentlythis constrains the dependence of theadance of each variable to be a nonlinear function of
that \ariable, albeit arbitrarily nonlineam order to present a straightforward rectangular underlying

mesh.

A previous paper [1] attempted to circumvent this restriction by takingqraidge of préous
observations [6,8fhat the most ligly states of the “centered” systems lie along diagonaiSrspace, a

line determined by the numerator of the threshold faessentially
AEME - AEM' =0, ©)

where for neocorte AE is on the order oAF. Along this line, for a centered system, the threstenbtbf
FE=0, andLE is a minimum. However, looking atL', in F' the numerator AtME - AlM') is

typically small only for smalME, since for the neocorteR] < AL.

C. Further considerationsfor high-resolution calculation

However, seveaal problems plagued these calculations. First, aragylimost important, is that it
was recognized that a Sun workstation was barely able to conduct tests at finer mesh resdibisons.
became apparent in a subsequent calculation irfexefit system, which could be processed at finer and
finer meshes, where the resolution of peaks wuch more sataftory [2]. Second, it was difficult, if
not impossible gien the nature of the algorithm discussed\ahdo dsentangle ay possible sources of

error introduced by the approximations based on the transformation used.

The main issues to note here are that the physical boundaries of KifthgstN® are imposed by
the numbers of excitatory and inhibitory neurons per minicolumn imea gégon. Plysically, firings at
these boundaries are unlikely in normal brains, e.g., unlegsatheepileptic or dead Numerically,

PATHINT problems with SMNI diffusions and drifts arise for laigé at these boundaries:
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(@) SMNI has regions of relaly small difusionsg®®" at the boundaries df1® space. Aghe
AM® meshes are proportional tg®€ At)Y?, this could require RTHINT to process relately small
meshes in these otherwiseypltally uninteresting domains, leading to kernels of size tens of millions of
elements. Thesemall diffusions also lead to large Lagrangians which imply velsti small

contributions to the conditional probabilities of firings in these domains.

(b) At the boundaries oM® space, SMNI can ha lamge ngative difts, g°. This can cause
anomalous numerical problems with the Neumann reflecting boundary conditions taken at all boundaries.
For example, ifg®At is sufficiently large and wetive, negdive probabilities can result. Therefore, this

would require quite smalkt meshes to treat properhffecting theAM® meshes throughotl © space.

A quite reasonable solution is to cuf tife drifts and diffusions at the edges by Gaussian falctors

9® - ¢°r,

g = ¢®°T+(@1-TNNC/r,

exp[-(MS/N€)?/C] — exp(-1/C)
| 1-exp(-1/C) ’

r=l

G

(7)

whereC is a cutof parameter and the second term of the transformed diffusion is weighté@i/bythe

value of the SMNI diffusion aM® = 0. Avalue ofC = 0. 2was found to gve good results.

However, the use of this cutbfendered the diffusions approximately constaa the E and thel

firing states, e.g., on the orderdf. Therefore, here the diffusions were taken to be these constants.

While a resolution ofAt =0.5r was taken for the preious RATHINT calculation [1], here a
temporal resolution oAt = 0. 01r was necessary to get well-ddoped peaks of thevelving distribution
for time epochs on the order ofveml r. As dscussed in the Appendix of an earlier paper [6], such a
finer resolution is quite physically reasonable, i.genebeyond aty numerical requirements for such
temporal meshes. That is, defini@dgn that previous study to b, firings of MS(t + At) for 0 At < r
arise due to interactions within memarys far back ap®(t + At - r). Thatis, the mesocolumnar unit
expresses the firings of fafentsM®(t +7) at tme t + 7 as having been calculated from interactions

MS(t) at the r-averaged efferent firing time. With equal likelihood throughout time, any of the N”
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uncorrelated efferent neurons from a surrounding macrocolumn can uatatrib change the
minicolumnar mean firings and fluctuations of thidiruncorrelated minicolumnar fafents. Therefore,
for At < r, at least to resolutioAt = /N and to ordeAt/z, it is reasonable to assume that efferenfescef

a change in derent mean firings oAtM® = MG(t + At) - MC(t)=Atg® with varianceAtg®®. Indeed,
columnar firings (e.g., as measured bgraged goked potentials) are observed to be faithful continuous

probabilistic measures of individual neuronal firings (e.g., as measured by poststimulus histograms) [47].

When this cutdfprocedure is applied with this temporal mesh, an additional physically satisfying
result is obtained, whereby teM® mesh is on the order of a firing unit through®t® space. The
interesting physics of the interior region as discussed imique papers is still maintained by this

procedure.

D. Four models of selective attention

Three representa® nodels of neocorteduring states of selegt dtention are considered, which

are effected by considering synaptic parameters within experimentally observed ranges.

A model of dominant inhibition describes vaaminicolumnar firings are suppressed by their
neighboring minicolumns. For example, this could be effected by véping nearest-neighbor
mesocolumnar interactions [5], but theexaged effect is established by inhibitory mesocolumns (IC) by
setting At = AF = 2AE =0.0IN"/N. Since there appears to be relely little | —I connectivity we st
Al =0.000IN"/N. The background synaptic noise is¢ako beBF = B = 2BE = 10B| = 0. 002N"/N.

As minicolumns are observed toviea 1110 neurons (the visual coxt@ppears to hae gproximately
twice this density) [48] and as there appear to be a predominari€eowdr | neurons [29]we tale
NE =80 andN' =30. As supported by references taperiments in early SMNI papers, we ¢ak
N“/N = 10% Jg =0 (absence of long-ranged interactiongf, = 10 mV, v&|=0.1mV, and ¢ =0.1
mV. It is discovered that more minima of are created, or “restorédf t he numerator ofC contains
terms only inM®, tending to center the Lagrangian abbUf = 0. Ofcourse, ay mechanism producing
more as well as deeper minima is statisticalyafed. Havever, this particular centering mechanism has
plausible supportM®(t +7) =0 is the state of afferent firing with highest statistical weigFhat is,

there are more combinations of neuronal firings=+1 yielding this state more than yarother
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MC(t +7); e.g., (RV*2(7NC) 2 relative © the statesM® =+N®. Similarly, M*C(t) is the state of
efferent firing with highest statistical weighTherefore, it is natural to explore mechanisms thatrf
common highly weighted efferent andeant firings in ranges consistent withvérable firing threshold

factors F®=0.

The centering effect of the IC model of dominant inhibition, labeled here as'thetel, is quite
easy for the neocortdo accommodate. & example, this can be accomplished simply by readjusting the

synaptic background noise froBE to B'S,

1 1
VE = AP +BPVPN' -~ ABVENE

GNG
VEN

BE = ®)
for bothG = E andG = |. This is modified straightforwardly whengienal influences from long-ranged
firings M*E are included15]. In general,BE and B® (and possiblyAS and A® due to actions of
neuromodulators and; or M*E constraints from long-ranged fibers) aveilble to force the constant in

the numerator to zero, giving an extra degree(s) of freedom to this mech@ighg would be neative,

this leads to unphysical results in the square-root denominafof.oHere, in all examples where this
occurs, it is possible to instead find pm;th'f3 to appropriately shift the numerator Bf.) In this

contet, it is experimentally observed that the synaptic sensitivity of neuronagedgin selecte
attention is altered, presumably by the influence of chemical neuromodulators on postsynaptic

neurons [49].

By this centering mechanism, the moE@, is obtained

cE L 0.5M' -0.28v"
' 0. 1M" +0.05ME +10. 472
0.00aM' -0.5M"
o = )

 742(0.00IM' +0. IME +20. 42

The other ‘extreme’ of normal neocortical firings is a model of dominartitation, effected by
establishing xcitatory mesocolumns (EC) by using the same paramét&$, v, ¢S, Al } asin the IC

model, but settingAE = 2AL = 2AF = 0. 0IN"/N. Applying the centering mechanism to B&EF = 10.2



Statistical Mechanics of Neocortical ... -13- Ingberand Nunez

andB'| = 8. 62. This yields

EE o 0.25M' -0.5M"
B¢ .09 +0. 1M +17.2)2

| 0.008M' -0.25m°
Fle = - e . (10)
712(0.00IM' +0.05M© +12. 4)/2

Now it is matural to examine a balanced case intermediate between IC and EC, labeled BC. This is
accomplished by changingE = AL = AF =0.005N"/N. Applying the centering mechanism to BC,
B'E = 0.438andB'| = 8. 62. This yields

0.25M' —-0.25v "
742(0. 050M = + 0. 05aM' + 7. 40§12

E —
Fec =

0.009v' = 0.25mF
Fec = VL —E : (11)
74/2(0. 00IM ' +0. 050V F + 12. 4)/2

A fourth model, similar to BCfor the visual neocorkes considered as well, BCVIS, whereN©®

is doubled.

—_— 0.25M' -0.25mM"
Fec_vis = 1/2 7E 7! P2’
71/2(0. 05V © +0. 050V " +20. 4}

| _ 0.008M' -0.25m°
FBC’_VIS = ] —E . 12)
712(0.00IM' +0. 050M © + 26. 8)12

E. Resultsof calculations

Models BC, EC', and IC were run at time resolutions At = 0. 01r, resulting in firing meshes of
AME =0.894427truncated as necessary at one end point to fall within the required rasalyé pfand

AM' =0.547723.To be wre of accuragin the calculations, off-diagonal spreads of firing meshes were
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taken as+5. Thislead to an initial foudimensional matrix of 178 110x 11x 11 = 2 382 490 points,
which was cut down to a kernel of289 020points because the fediagonal points did not cross the
boundaries. Reflectingeumann boundary conditions were imposed by the method of images, consisting
of a point image plus a continuous set of images leading to an error fud€jonA Corvex 120
supercomputer was used, but there were problems with its C cqmapilgc version 2.60 as built and

used. Runscross seeral machines, e.g., Suns, Dec workstations, and Crays, checked reproducibility of
this compiler on this problemit required about 17 CPU min to build the kernel, and about 0.45 CPU min

for eachAt-folding of the distribution.

For model BC_VIS, the same time resolution and-diagonal range was taken, resulting in firing
meshes ofAF =1.26491and AM' =0. 774597,leading to a kernel of size 811 275elements. It
required about 34 CPU min to build the kernel, and about 0.90 CPU min forAedolding of the

distribution.

An initial 5-function stimulus \as presented @€ = M' = 0 for each model. The subsequent
dispersion among the attractors of the systewes giformation about the pattern capacity of this system.
Data was printedvery 100 foldings, representing theokution of one unit ofr. For run BC, data were

collected for up to 56 and for the other models data were collected up to 30

As pointed out in Sec. ll, long-ranged minicolumnar circuitry acroggome and across
macrocolumns within regions is quite important in the neoxoatel this present calculation only
represents a model of minicolumnar interactions within a macrocolumn. Therefore, only thevfirst fe

foldings should be considered as having much physical significance.

Figure 3(a) shows thevaution of model BC after 100 foldings ofAt = 0.01, or one unit of
relaxation timer. Note the existence of ten well\a#oped peaks or possible trappings of firing patterns.
The peaks more distant from the center of firing space wouldsdvesmaller if the actual nonlinear
diffusions were used, since thare smaller at the boundaries, increasing the Lagrangian and diminishing
the probability distrintion. Hawever, there still are tw obvious scales. If both scales are able to be
accessed then all peaks aweilable to process patterns, but if only the larger peaks are accessible, then
the capacity of this memory system is accordingly decreased. This seems to be able to describe the
“7 +£2” rule. Figure 3(b) shows thevaution after 500 foldings at75 note that the integrity of the

different patterns is still present. Figure 3(c) shows tlotugon after 1000 foldings at 0 note the
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deterioration of the patterns. Figure 3(d) shows tlwtudon after 3000 foldings at 30 note that while
the original central peak has swed, nav most of the other peaks V& leen absorbed into the central

peaks and the attractors at the boundary.

Figure 4(a) shows thevalution of model EC after 100 foldings ofat = 0. 01, or one unit of
relaxation timer. Note that, while ten peaks were present at this time for modelnB@ there are only
four well developed peaks, of which only twere quite strong. Figure 4(b) shows thwelation after 1000

foldings at 1@; note that only the ta previously prominent peaks arembarely distinguishable.

Figure 5(a) shows thevalution of model IC after 100 foldings ofAt = 0.01, or one unit of
relaxation timer. While similar to model BG here too there are ten peaks within the interior of firing
space. Hwever, quite contrary to that model, here the central peaks are much smaller and therefore less
likely than the middle and the outer peaks (the outer ones prone to being diminished if nonlinear
diffusions were used, as commented orvahsuggesting that the original stimulus pattern at the origin
cannot be strongly contained. Figure 5(b) shows tlobuton after 100 foldings at XQ note that only

the attractors at the boundaries are still represented.

Figure 6(a) shows thevalution of model BC VIS after 100 foldings of\t = 0. 01,0r one unit of
relaxation timer. In comparison to model BCthis model exhibits only six interior peaks, with three
scales of relatie importance. Ifall scales are able to be accessed, then all peaksalebla to process
patterns, but if only the lger peaks are accessible, then the capacity of this memory system is
accordingly decreased. This seems to be able to describe % tdle for visual memory Figure 6(b)
shavs the golution after 1000 foldings at XQ note that these peaks are still strongly represendsb
note that nev other peaks at lower scales are clearly present, numbering on the same order as in the BC
model, as the strength in the original peaks dissipates throughout firing space, but these are much smaller
and therefore much less probable to be acces&sdeen in Fig. 6¢, similar to the B@odel, by 15,

only the original tw large peaks remain prominent.

IV. CONCLUSION

Experimental EEG results arevadable for regional interactions and the evidence supports

attractors that can be considered to process short-term memory under conditions wé stkattion.
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There are manmodels of nonlinear phenomena that can be brought to bear to study these results.

There is not much experimental dataitable for large-scale minicolumnar interactiortdowever,
SMNI offers a theoretical approach, based on experimental data at finer synaptic and neuronal scales, that
develops attractors that are consistent with short-term memory capatigyduration and the stability of
such attractors lidy are quite dependent on minicolumnar circuitry at regional scales, and further study

will require more intensie @lculations than presented here [16].

We havepresented a reasonable paradigm of multiple scales of interactions of the xeaudete
conditions of selecte dtention. Presentlyglobal scales are better representedeeimentally but the
mesoscopic scales are represented in more detail theoretMliaveoffered a theoretical approach to
consistently address these multiple scales[14-16], and more a phenomenological macroscopic
theory [28-32]that is more easily compared with macroscopic d¥lfa. expect that future>@erimental

efforts will offer more knowledge of the neocorett these multiple scales as well.
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FIGURE CAPTIONS

FIG. 1. Magnitude (upper) and phase (lower) at 9 Hz of 1 sec of alpha rhythmnia.sfideplots
represent estimates of potential on the cortical surface calculated from a 64 channel scalp recording
(average center-to center electrode spacing of about 2.7 €hr). estimates of cortical potentiabve
forms were obtained by calculating spatial spline functions at each time slice to obtain analytic fits to
scalp potential distrilitions. Surfce Laplacian aveforms were obtained from second spatial\ditiries
(in the two surface tangent coordinatesMagnitude and phase were obtained from tempooairier
transforms of the Laplacianaveforms. Thisparticular Laplacian algorithm yields estimates of cortical
potential that are similar toverse solutions based on four concentric spheres modes of the Tead.
Laplacian appears to be gt with respect to noise and head model ef#fs Thedark and the lighter
shaded regions are 90° out of phase, suggesting quasi-stable phase structuggonwgtseparated by a
few centimeters 180° out of phase (possible standiagesy. Datarecorded at the Swinburne Centre for

Applied Neurosciences in Melbourne, Australia.

FIG. 2. Changes of alpha rhythm correlation ioents based on comparisons of magnitude (solid
line) and phase (dashed line) plots of sucees&isec epochs of alphaythm compared with spatial
templates based owveartages wer 3 min of data (similar to Fig. 1). The data sha quasistable structure
with major changes in magnitude or phase abwetyes sec, after which the structure tends to return to

the template structure.

FIG. 3. Model BC: (a) the golution atr, (b) the @olution at &, (c) the &olution at 1G, and (d)

the evolution at 3.
FIG. 4. Model EC (a) the golution atr and (b) the eolution at 1G.
FIG. 5. Model IC: (a) the golution atr and (b) the eolution at 1G.

FIG. 6. Model BC VIS: (a) the golution atr, (b) the eolution at 1@, and (c) the golution at

157.
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