Neocortical Dynamics at Multiple Scales:
EEG Standing Waves, Statistical M echanics, and Physical Analogs

Lester Ingberand Paul L. Nunéz

ABSTRACT: The dynamic behaor of scalp potentials (EEG) is apparently due to some combination of
global and local processes with important topsdaand bottom-up interactions across spatial scales. In
treating global mechanisms, we stress the importance of myelinated axorappdglays and periodic
boundary conditions in the cortical-white matter system, which is topologically close to a spherical shell.
By contrast, the proposed local mechanisms are multiscale interactions between cortical columns via
short-ranged non-myelinatetbérs. Amechanical model consisting of a stretched string with attached
nonlinear springs demonstrates the general idea. The string produces stansgialogous to lage-

scale coherent EEG obsedrin some brain states. The attached springs are analogous to the smaller
(mesoscopic) scale columnar dynamics. Genenalyexpect string displacement and EEG at all scales to
result from both global and local phenomena. A statistical mechanics of neocortical interactions (SMNI)
calculates oscillatory betimr consistent with typical EEG, within columns, between neighboring
columns via short-ranged non-myelinated fibers, across cortigi@nege via myelinated fibers, and also
derive a $ring equation consistent with the global EEG model.

Keywords: EEG, nonlinear dynamics, standingwes, statistical mechanics, neocortical dynamics, short
term memory

1. Introduction

What makes human brains so specialido they differ from hearts, Viers, and other gians? All ogan
systems are enormously complicated structures, able to repair themselves armbtalkd responses to
external control by chemical or electrical inputetY only brains yield the amazing phenomenon of
consciousness (Nunez, 2010&@omple adaptive g/stems, for which human brains provide the most
prominent @amples, are composed of smaller parts interacting both within and across spatial scales. The
typically exhibit emergent behavior not obviously predictable from knowledge of the individual parts and
have the added capacity to learn froxperience and change their global behaviors by means of feedback
processes. Other examples include stock markets, ecosystems, and all living systems.

Several general features distinguish human brains from othgansy including the hallmark of richer
hierarchical (or multi-scale) interactions. In contrast to simple cognitheories, this paper plicitly
acknavledges brains as highly compledaptve s/stems, emphasizing the critical contribution of cross
scale interactions to their dynamic beioas. In order to minimize communication barriers due to the
complicated mathematics,v&eal analog systems from disparaidds are employed. Neuroscientists are
typically skeptical of brain analogs, typically for good reasonyeuwer, we ae not claiming that brains
are actually just lie gretched strings, social systems, quantum structures, resondigsgdnot plasmas,
disordered solids, chaotic fluids, oryaother non-neural system. Rather siggest that each of these
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systems may exhibit bekiar similar to brain dynamics observed under restrictegeemental
conditions, including the spatial scale of observation. The multiple analogsathiéate deelopment of
complementary models of brain reality.

In mary complex systems, as spatial-temporal scales of observation are increaseggheromena
become evident by virtue of synergistic interactions among smaller-scale entities, whécto seplain

data, typically in a mathematically aesthetic fashion (Haken, 1983; Nicolis & Prigogine, 1943).
example, in the classical thermodynamics of equilibrium systems, it is possible to transition from
microscopic molecular scales to macroscopic scales and ethplanacroscopic variable temperature to
describe the\grage kinetic engy of microscopic molecular agily. Mary complex systems, hwever,
operate in non-equilibrium states, beingsdniby ronlinear and stochastic interactionsr Buch systems,
classical thermodynamics typically does not apply (Ma, 1986).example, the description of weather
and ocean patterns, which includes important features such aletady rely on semi-phenomenological
mesoscopic models, in agreement with molecular theories but not capable of being rigorovady deri
from them. Phase transitions in magnetic systems and symtems similarly modeled (Ma, 1976;
Wilson, 1979; Wilson & legurt, 1974) require careful treatment of a continuum of scales near critical
points. In general, rather than having a general theory of non-equilibrium nonlinear procesd, se
overlapping approaches are employed, typically geared to classes of systems andpafteting on
nonlinear treatments of stochastic systems (Gardi®&3; Haken, 1983; #bo et al, 1973; Nicolis &
Prigogine, 1973;an Kampenl1981).

Given this general outline of complesystems, it should not be surprising that human brains support
mary phenomena arising at different spatial-temporal scalesca then study macroscopic neocortical
phenomena such as electroencephalogrédgEG) by appealing to a chain of arguments dealing with
overlapping microscopic and mesoscopic scales. Sumt 8 detailed in a series of papers presenting a
theory of statistical mechanics of neocortical interactions (Ind982; Ingber 1995a; Ingber & Nunez,
1990). Thisapproach permits us towiop EEG and other models of dynamic processes wharsables

and parameters are closely identified with ensembles of synaptic and neuronal interathens.
mathematical formalism supporting this approach has only recently been made possibiopynéats

in mathematical pysics since the late 1970s, in the field of nonlinear non-equilibrium statistical
mechanics. The origins of this theory are in quantum and gravitational field theory.

2. EEG and other experimental data

The ultimate test of anbrain model is experiment, and different kinds of brain data eaable at
different spatial and temporal scaleStructural or static imaging is accomplished with computed
tomograply (CT) or magnetic resonance imaging (MRI). The label “static imaging” indicates changes on
yearly time scales in heajthbrains or perhaps weeks or months in the case of growing tumors. By
contrast, intermediate time-scale methods liknctional magnetic resonance imaging (fMRI) and
positron emission tomographPET) track brain changesv@ seconds or minutes. Still more rapid
dynamic measures are electroencephalograf@EG) and magnetoencephalograpfMEG), which
operate on millisecond time scales,\pding dynamic images faster than the speed of thought. The “bad”
news is that EEG spatial resolution is quite coarseemieeless, EEG provides most of the existing data
on neocortical dynamic behavior and its relation to cogni¥ents in humansThus, we focus on EEG,

a record of the oscillations of brain electric potential recorded from electrodes on the human scalp.

EEG allows for accurate identaétion of distinct sleep stages, depth of anesthesia, seizures and other
neurological disorders. It alsoveals rolust correlations with cogmite processes occurring during
mental calculations, arking memory and selegé dtention. Scientists are woso acustomed to these

EEG correlations with brain state thatythmay forget just hav remarkable the are. The scalp EEG
provides \ery large-scale and robust measures of neocortical dynamic function. A single electrode yields
estimates of synaptic actionepaged oer tissue masses containing between roughly 100 million and 1
billion neurons. The spacevexaging of brain potentials resulting from extra-cranial recording is a
fortuitous data reduction process forced by current spreading in the head volume corMuctomore
detailed local information may be obtained from intracranial recordings in animals and epileptic patients.
However, intracranial electrodes implanted in living brains provide omgy\sparse spatial eerage,
thereby failing to record the “big picture” of brain functioRurthermore, the dynamic behavior of
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intracranial recordings depends fundamentally on measurement scale, determined mostly by electrode
size. Diferent electrode sizes and locations can result in substantial differences in recorded dynamic
behavior including frequeng content and coherence. Thus, in practice, intracranial data providesnitf
information, not more information, than is obtained from the scalp (Nunez &&am, 2006a).

We expect brain electrical dynamics to vary substantially across spatial scales. Althoughveogniti
scientists and clinicians @ reason to be partly satisfl with the very lar spatial resolution obtained

from scalp EEG data, explorations of\nEEG methods to pkade somewhat higher spatial resolution
continue. A reasonable goal is to recoverages oer “only” 10 million neurons at the one-cm scale in

order to extract more details of the spatial patterns correlated with cognition amtbbeFhis resolution

is close to the theoretical limit of spatial resolution caused by tysiqath separation of sensor and brain
current sources. MEG spatial resolution is also quite limited because its sensor coils are at least three
times further from dominant brain sources than EEG electrodes (Nunez $asximi 2006a). Scalp data

are lagely independent of electrode size because scalp potentials/eneysepace-zeraged by wlume
conduction between brain and scalp. Intracranial recordingdderanuch smaller scale measures of
neocortical dynamics, with scale depending on the electrode size, whichargayer four or fve orders

of magnitude in various practices of electrggiblogy A mixture of coherent and incoherent sources
generates the small and intermediate scale intracranial data. Getieeadipaller the scale of intracranial
potentials, the lower the expected conitibn from coherent sources and the larger tkpeeted
differences from scalp EEG. That is, scalp data are due mostly to sources coherent at the scale of at least
several centimeters with special geometries that encourage the superposition of potentials generated by
mary local sources.

In practice, intracranial EEG may be uncorrelated or only weakly correlated with cognition avidhbeha

The information content in such recordings is limited by sparse spatial sampling and scale-dependent
dynamics. Furthermorenost intracranial EEG data are recorded in lower mammals; extrapolation to
humans imolves additional issues. Thus, higher brain function in humans is more easilyeobatlage

scales. Scientists interested in higher brain function are fortunate in this respect. The technical and ethical
limitations of human intracranial recording force us to emphasize scalp recordings. Xtneszamial
recordings preide estimates of synaptic action at the large scales closely related to cognition and
behavior Thus, EEG preides a windw on the mind, albeit one that is often clouded by technical and
other limitations.

3. Possible physiological basesfor EEG

Since theifst human recording in the early 1920s the physiological bases for the wide varistghofich

EEG actvity, a proverbial “spectral zod,has been somewhat of a mystdry particular human alpha
rhythms, which are quite roist in wide avake (but relaxed) subjects with closed eyes, may be recorded
over nearly all of the upper scalp or cottend hae peferred frequencies near 10 Hz.v&i any
unknavn physical or biological system that produces oscillations at some preferred (or resonant)
frequencyf = w/2m, one of the ifst questions a scientist might ask concerns the origin of the implied
underlying time delay roughly estimated as

rwt (1)

The implied physiological time scales for the most robust human EEG rhythms (1 to 15 Hz) #de

-160 ms. Hawv does this delay range compare with mammalian physiology? Whereas early studies of
membrane time constants in mammalian cowtere very short, typically less than 10 ms, more modern
studies with impreed recording methods report the wide range 20 -100 noel{ket al 1996). But
apparently in vltage-gited channels, thefettive tme constant becomes a “dynamical parameter” that
depends on both membrane voltage and on time, thus genuine time constants are not really”™constant.
Koch et al. argue that the voltage responseety brief synaptic inputs is essentially independent of the
classically defined time constant, which typically\pdesoverestimate®f the response time of neurons.

In summarythese studies suggest that while synaptic delays (PSP rise and decay times) lie in a general
range (within a factor of perhapséd or ten) that might account for dominant EEG frequencies, claims of
close agreement between tietailsof obsered EEG spectra and dynamic theories based on membrane
time constants are not credible. Model parameters can be chosen to “nsatwhtl fEEG data sets,
which, in aly case, can vary widely between individuals and brain states.
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By contrast to these “local” delays at the single neured,lexonal (“global” delays along the longest
white matter (corticocortical) fibers between anterior and posterior regions are estimated to be roughly in
the 30 ms range in humans (Nunez, 1995)ch global delays depend on axon length distribution and
axon propagation speed; thusytlaee expected to be much shorter in smaller mammalian brains if axon
diameters (or propagation speed) are unchanged across speaesiplicate matters, creation of serial
connections between cell assemblies can apparently modify both local (PSP) and global (axon)
characteristic delay times. While both local and global delays appear to be in a generavaable ffor

EEG production, this semi quantitzai dosenation tells us little about the psiological mechanisms
responsible for “special frequencies”dilthe narrav band human alpha rhythms or gamma oscillations
(CH0 Hz), the latter recorded mostly from inside the craniums of humans and lower mammals. Neither
local theories (based on PSP rise and decay times) nor global theories (based on axon delays) can
honestly claim close agreement with EEG data bas#yg on predicted EEG spectral properties; the
underlying physiological parameters (e.g., time constants and axonal delays) are wiot vkitto
sufficient accurag to make auch claims credible. While PN has suggested that the parameters of the
global standing ave theory appear to be known more accurately than local parameters, others may
disagree. Neertheless, weeanagree to search for qualitagi and semi quantitate mwnnections between
theory and EEG experiments that do not require precise physiological parameter knowledge.

The general idea of standing EEGwes that PN first proposed (Nunez, 1972; Nunez, 19743 Wased
on a very simple idea. Arkind of weakly damped, non-dispamsiwave phenomenon propagating in a
medium with characteristic speedan be expected to form standingwss due to waveinterference that
depends on the systesrdze and shape (the boundary conditions). Such phenomena fmcoswample,

in violin and piano strings and mamther vibrating systems. Whereaswes in drings and flutes are
reflected from boundaries, aves in dosed systems lik pherical shells or tori interfere because of
periodic boundary conditions causingwes traveling in opposing directions to meet and combine. As a
result of this interference, preferred (resonant) frequencies persist in such systems. Examples of standing
waves in Ppherical geometry include the quanturavsfunction of the hydrogen atom (both radial and
tangential vaves) and the Schumann resonances of electromagnatiesw the spherical shell formed
by the eartts aurface and the bottom of the ionosphere (tangentaiesvanly). The lowest frequerye
often dominant in such systems, is the fundamental mode. This fundamental fyeigugmen for the
geometries of a spherical shell of radRisr a one dimensional loop of lendth= 277R, perhaps a closed
loop of transmission line (Nunez, 1995), by

Here the geometric constant g is eith@r (spherical shell) or 1 (one dimensional loop). Each cortical
hemisphere is topographically essentially a spherical shell. On the other hand, the postulated medium
characteristic speed is the axon propagation speed in the longer systems of corticocortical axons
forming in the white matter layeSince theseibers may be substantially anisotropic with a preferred
anterior-posterior orientation, it is unclear whether the shell or loop model is the most appropriate.

The wrinkled surface of each cortical hemisphere can be reshaped or mentally inflated (as with a balloon)
to create an equalent spherical shell with effegi radiusR related to its surface area by the relation
-/ A
R=1/-— 3

4 3)
Thus, cerebral corxeand its white matter system of (mostly) corticocortiéhefs is a system sombat
analogous the earth-ionosphere shell. With a brain hemispheric surfac&@@a0—1500 crh or
alternately an anterior-posterior closed cortical looh@60—70 cm (ellipsoid-lie drcumference), and
a dharacteristic corticocortical axon propagation speed 6800—900 cm/sec (dataviewed from four
independent studies in (Nunez, 1995) ), the predicted fundamental cortical fregquedicted by the
naive gplication of Eq (2) is then

f(B-26 Hz (4)

We all this estimate “n&e’ because the fundamental mode freqyedepends on both the yical
shape and material properties of thever medium (cortex-white matter). These latter properties
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determine the dispex& rature of the \aves; that is, the precise manner in whichwes dstort when
propa@ting. Such dispeng properties in corteare expected to depend on the nature and interactions of
the synaptic and action potential fields. Furthermore, cortical freguenst depend on at least one
additional parameter determined by brain state. Thus, estimates in Egs. (2) and (4) cannot be expected to
represent genuine brainawes, even if the corte were actually a spherical shell or closed loop; the
postulated brain aves ae much more likely to be dispersi(f for no other reason than most of Natsre’
waves ae dispersie). Furthermore, the expected neural regkg of cognitve processing (belieed to be
embedded in global synapticawe fields) would be expected to cloud experimental observations of
standing veavephenomenon. One may guess that such netwovkb/enthalamocortical interactions that
can generate preferred frequencies imesg bands, including alpha andamgma. Thus, our scalp
potentials may be viewed as some mixture of interacting global and loadtlyatth of which underlie

and are correlated with various cogretiesents.

These general ideas do not, by atmetch of the imagination, constitute a brain theory; rather dineply
suggest a ypothesis and related experiments to testréreling andstanding brain waveslf estimate
Eq. (4) had been obtained before the diego of the human alpha rhythm in the 1920s, it wouldeha
provided a plausible, testable prediction. The appropriate experimental question wailcbdia, “Can
brain states be found in which neural natkvactivity is suficiently suppressed to alloobsenation of
simple standing ewves?” Suchimagined experimentsauld have found the predicted EEG oscillations in
the 8-13 Hz band in relaxed subjects (minimal mental load implying minimalorie@ctivity) with
closed eyes (minimal visual processing).

If anything, the estimate Eq. (4) is almésb good,perhaps raising suspicion by critics that parameter
estimates hae keen fudged to ma&ka god story But, only two parameters andL are irvolved in the
crude frequengc estimate. Even if the cortical area estimate wefebpfa factor of two, the frequemc
estimate Eq. (4) would only change 2. The axon speed estimate is based on the four independent
studies reiewed in (Nunez, 1995). When PiNst proposed the idea in 1972, corticocortical prapag
speeds were poorly kmm. Axon speeds in (myelinated) peripheral axons and intracortical (non
myelinated) axons are roughly ten times faster and ten timeersi@spectiely, than corticocortical
axon speeds. That is, human axon speeds varyableast three orders of magnitude depending mainly
on axon diameter and myelination. Thus, the observed alpha frggmenaded a blind prediction of
corticocortical axon speed.

The simple standing brainavemodel emplgs Galilean idealizationsn which maly essential properties

of genuine brains are deliberatelygtexted in order to create a simple, useful model. Galileo modeled
falling bodies with no air resistanceem though he lacked the technology to make air go way.
Similarly, we may lack the technology to fully suppress the brain networks that might eliminate or
obscure standing and wging brain waves, although some anesthesia states may come close to this goal.

The proposed global model is based mostly on thewolilp idea. Scalp potentials (EEG) are generated

by synaptic current sources at small scales; each cubic millimeter of cortical tissue contains more than
100 million synapses. In contrast to this small scale/igGtiEEG data are recorded at macroscopic
(centimeter) scales, thereby presenting major problems fororietwodels attempting connections to
genuine large scale data. The braiavermodel follows the macroscopic dependeatiablesaction
potential and synaptic potential densitider example, the number of excitatory synaptents per

square millimeter of cortical safe. All dependent variables are expressed as functions of time and
cortical location. The basic approach ignores embedded netwavikya@ithough networks ha been
included (approximately) in more advanced models (Nunez, 1989; Jirsa & Haken, T@@&)redicted
resonance frequencies for standirayes in cortex are:

Ve (FALy o
fn LVn (271) n=123,... (5)

The symbols and estimated values are:

v: corticocortical propagation speed (600 - 900 cm/sec).

L: effective front-to-back circumference of one cortical hemisphere after inflation to a smoahesurf
roughly the shape of a prolate spheroidal shell or rugby ball (50 - 70 cm).

A: parameter indicating theali-off in fiber density with cortical distance for the longest corticocortical
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fiber system (0.1 - 0.3 ¢M).

B: nondimensional parameter controlled by neuromodulatgrancreases correspond to increased
background excitability of corte (perhaps from thalamocortical interactions, either chemical or
electrical). Vévefrequeny and damping decrease Asncreases.

f, temporal frequencies (Hz) of fundamental made (1) and @ertones ( > 1) of standing vaves.

Does the theoretical dispersion relation Eq. (3)ehany onnection to genuine EEG? Surely nothing so
simple can do justice to yrcomplex brain! At best it may enjp some approximate connections to brains

in their more globally dominated states, possibly coma, anesthesia, deep sleep, some generalized epileptic
states, and the more globally dominant parts of alpyims. Seeral experimental predictions rely on
Eq. (5), but others follw only from the more general idea of standing angetiag brain waves. Such

data include EEG txaling and standing wawes, phase and groupelocity comparisons with
corticocortical axon speeds, apparentp@gimental) dispersion relations, and comparisons between
cortical and scalp recordingsyrewed in detail elsewhere (Nunez, 1995; Nunez, 2010a; Nunez, 2010b;
Nunez & Srinvasan, 2006a; Nunez & Srimsan, 2006b; Burkitiet al 2000; Nunez, Wingeier &
Silberstein, 2001; \Wigeieret al 2001) Here we outline only the experimental connectigalitng brain

size and axon speeds implied by Eqg. (5).

Three independent studiesvbalooked for a relationship between brain (or head) size and alpha
frequeny in human adults. Wo dudies (Nunez, Reid & Bickford, 1978; Posthuetaal, 2001) did, in

fact, find the predicted mgtive arrelation ( = 0.01 to 0.02 ang = 0.003, respectely). A more recent
study (\aldes-Hernandeet al 2009) found only a small getive crrelation between peak alpha
frequeny and cortical surface area, which failed the siigaifice test | > 0. 05); havever, Satistically
significant relations between\s®al aspects of white matter architecture and peak alpha frequeme
reported. Physiological implications of this latter study are discussed in (Nunez, 2@10bj.these
brain size-related studies properlyckided children. First, the typical brain volume of a four year old
child is about 85% of the adult brain or a linear scatgor of about 95%. Maturation of corticocortical
axon myelination, which continues beyond age 30, is expected to provide a ngechiriluence than
small size changes as axon speeds in myelindiedsfare roughlyife to ten times the speeds in non
myelinated axons. While good quantitaticata on axon maturation rates are unknown to us, increasing
axon speeds are qualitady consistent with the 4 Hz baby rhythm that attenuates with eye closure and is
believed to be me precursor of adult alpha rhythms. EEG freqyegradually increases until the adult-
like 10 Hz hythm is achiged at dout age ten.

We amphasize that the alpha band aiking humans is clearly much more complicated than implied by
the standing aveconjecture. For manyears it has been known that the alpha band contains a comple
mixture of (at least partly) distinct phenomena distinguished by differentviga¢to mental or motor
activity, eyes opening, etc.), scalp disution (including both apparent globahwebehaior and isolated
cortical patches), frequepsub band, and spatial patterns of coherence. Modern studies of ajiinash
(revieved in (Nunez, 1995; Wgeier et al, 2001; Nunez & Sriniasan, 2006a; Nunez & Srim@san,
2006b) ) hae reconfrmed much of this compkepicture originally deeloped through x@ensve gudies of

both cortical sudce and scalp recordings by EEG pioneers kkrbert JaspeWilder Penfield, Gre

Walter, Ray Cooperand others, obtained mostly in the period 1940-1960. Modern studies suggest that
the alpha band consists of both widespread coherent source activity (global dynamics) and more localized
activity that can be distinguished by various tests of rei@i¢ticoherence, frequegsub band, and spatial
spectra. One may conjecture that the global part consists of standing\efidginaaves and the local

part consists of thalamocortical networks embedded in the global fields (Nunez 8as2imi2006a;
Nunez & Srinvasan, 2006b). But if these are distinct phenomenay @iould the have similar
oscillation frequencies? The answer is not known, but perhaps it has to do with neural plastgtg

global behavior influences local network parameteesdifective membrane time constants gedless of

the underlying pissiology, the data demand that we shoulaid discussions othe alpha rhythmand
substitute the plural formalpha rhythms For mary of these same reasons cross species comparisons of
(multiple) alpha rhythms are especially fiditilt. This model can pxide only relationships not
comprehensie explanations of complephysiological processes!
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4. The Stretched String With Attached Springs

In order to distinguish theories of ¢gr-scale neocortical dynamics, wevéagroposed the labdbcal

theory to indicate mathematical models of cortical or thalamo-cortical interactions for which cortico-
cortical axon propagation delays are assumed to be zero. The underlying time scales in these theories
typically originate from membrane time constantgirg rise to PSP rise and decay times. Thalamo-
cortical networks are also “local” from the wipoint of a surface electrode, which cannot distinguish
purely cortical from thalamocortical networks. Finallgese theories are "local" in the sense of being
independent of global boundary conditions dictated by the size and shape of the cortical-white matter
system. By contrast, we adopt the lagjebal theoryto indicate mathematical models in which delays in

the cortico-cortical fibers forming most of the white matter in humanggedhe important underlying

time scale for the lge scale EEG dynamics recorded by scalp electrodes. Periodic boundary conditions
are generally essential to global theories because the cortical-white matter system is topologically close to
a Ppherical shell.

While this picture of distinct local and global models grossigraimplifies expected genuine dynamic
behaiors with substantial cross- scale interactions, itvisles a cowenient entry point to brain
complexity To facilitate our discussion, Figure 1 si®a stretched string with local stiffness (the little
boxes) as a carenient dynamic metaphor (Nunez, 1995; Ingli®05a) The boxes might be simple linear
springs with natural frequepav, or they might represent nonlinear systemgamized in a comple
nested hierargh The proposed metaphorical relationships to neoxate outlined in Table I. String
displacement is g@rned by the basic string equation

e L0,

s Vg et f(@)e=0 )
For the simple case of homogeneous linear springs attached to a homogeneous linear string &f length
and vavespeed/, the normal modes of oscillatian, are gven by

n
wﬁ=w§+(?ﬂv)2 n=1,23,... @)

In this simple limiting case, the natural oscillation frequencies are seen as having distinct local and global
contritutions gven by the first and second terms on the right side of the last equation, redgedtiis

same dispersion relation occurs faawes in hot plasmas and transmission lines, which might form closed
loops more similar to the periodicoundary condition appropriate for neocortical standiages If the

springs are disconnected, only the global dynamics remain§.t@e string tension is relaxed, only the

local dynamics remains. Next we approach the behavior of the nonlinear system described by the basic
string equation, in which local and alobal effects are intearated.

Fig. 1. The string-springs analog system. The smaledaowright be simple linear springs or
complex structures in a nested hieraycinalogous to columnar scale brain morphology.
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String/Spring Neocortex/White M atter

String displacemend(x, t) Any oortical field (synaptic, firing density,
String wavespeed/ Cortico-cortico axon speed

Spring natural frequenayy Simple cortico-thalamic feedback
Nonlinear stiffnesss? + f[d(x, t)] Multiple-scalenonlinear columnar effects
Relax string tension - 0 Ignore axon delays

Disconnect boxes (springs), f(®) -~ 0 | Ignore local dynamics

Table I. The string-springs system as a neocortical dynamic analog

5. Columnar Scales

Nature has desloped structures at intermediate scales in ymbinlogical as well as in mannon-

biological systems to facilitate fis of information between reladly small and large scales of aqty.

Many systems possess such structures at so-called mesoscopic scales, intermediate between microscopic
and macroscopic scales, where these scales are typically defineit dpee#ch system, and where the
mesoscopic scale typicallyadilitates information between the microscopic and macroscopic scales.
Typically, these mesoscopic scalesyddheir own interesting dynamics.

A statistical mechanics of neocortical interactions (SMNI) for human neccbds been desloped,
building from synaptic interactions to minicolumpamacrocolumnar and regional interactions in
neocort& (Ingber 1982; Ingber1983). Owr a span of about 30 years, a series of about 30 SMNI papers
has been deloped to model columns and regions of neocortex, spanning mm to cm of t&isiM.

uses tools of nonlinear nonequilibrium mudtiate statistical mechanics, a subfield of statistical
mechanics dealing with Gaussian Mawian systems with time-dependent drifts and correlated
diffusions, with both drifts and diffusions nonlinear in their multiple variables.

SMNI has described columnar aity to be an dective mesoscopic scale intermediate between
macroscopic regional interactions and microscopiaged synaptic and neuronal interactioi&ich
treatment of neuronal aeiy, beyond pools of individual neurons, is based sitence @er the past 30

years of mesoscopic neocortical columnar anatomy as well as physiology which possesartheir o
dynamics (Mountcastle, 1978; Buxheden & Casang, 2002). Itis important to note that although
columnar structure is ubiquitous in neocortex, it is by no means uniform nor is it so simplénéo def
across may areas of the brain (Rakic, 2008While SMNI has calculated phenomenaelithort-term
memory (STM) and EEG to validate this model, there is as yet no specific real columnar déditiate v
SMNI's precise functional form at this scalés found in the nature of intermediate scales inyman
chemical and biological systems, neuronal columnar structures display their own influences in neocortical
information processingFor example, it has been proposed that interactions between minicolumns and
complex glial networks, iwolve reciprocal magnetic interaction between neurons and gHEBE)C
influencing cerebral memory and computation (Banaclocha, 2007; |ng®@9b). Thereis ongoing
research into algorithms that minicolumnar and macrocolumnar structures might use for neocortical
information processing (Rinkus, 2010).

When dealing with stochastic systems, there areraleuseful tools @ailable when these systems can be
described by Gaussian-Markan probability distrilntions, @en when thg are in non-equilibrium,
multivariate, and quite nonlinear in their means aadances. SMNhas demonstrated Wwomost likely

states described by such distributions can be calculated from the variational principle associated with
systems, i.e., as Euler-Lagrange (EL) equations directly from the SMNI Lagrangian (Langbathe
1982). ThisLagrangian is the argument in thepenent of the SMNI probability distiition. TheEL
equations are d@eloped from a griational principle applied to this distribution, andytlggve rise to a
nonlinear string model used by nyaneuroscientists to describe global oscillatory activity (Ingber
1995a).

It is olvious that the mammalian brain is complld processes information at nyastales, and it has
mary interactions with sub-cortical structureSMNI is appropriate to just a viescales and deals
primarily with cortical structuresWhile SMNI has included some specific regional circuitry to address
EEG calculations discussed b&)odetails of laminar structure within minicolumns viearot been
included. SucHaminar circuitry is of course important to nyaprocesses and, as stated invjyes
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SMNI papers, it can be included by adding magables. Som&minar structure is implicitly assumed

in phenomena dealing with electromagnetic phenomena that depend on some systematic alignment of
pyramidal neurons. Care has been taken to test SMNI at the appropriate scales, by calculating
experimentally observed phenomena, and to some readers it may be surprising that it is so reasonably
successful in these limited endees. Themathematics used is from a specialized area of vauiite
nonlinear nonlinear nonequilibrium statistical mechanics (Langoeichk1982), and SMNI was therst

physical application of these methods to the brdim.this paperthe mathematics used in all SMNI
publications is not repeated, albeit referenced, but only enough mathematics is used to deal with the topic
being presented.

After a short introduction to SMNI, the EL equations are presented at both regional and columnar scales.
These EL equations are direct calculations of the nonlinearvaridte EL equations of the SMNI
Lagrangian, giving most likely states of the systehine EL equations are quite general and are well
known in physics for representing strings as well as springs, in simple as well as in xk@ogleastic
systems, at both classical and quantum scales. This is the focus of thjspdpmy how EEG may be
conceptually viewed as a “string of springs.”

6. SMNI

Neocorta has e&olved to use minicolumns of neurons interacting via short-ranged interactions in
macrocolumns, and interacting via long-ranged interactions acrggmseof macrocolumns.This
common architecture processes patterns of information within and among different regions, e.g,, sensory
motor, associatve artex, etc.

As depicted in Figure 2, SMNI delops three biophysical scales of neocortical interactions: (Y43
microscopic neurons (Sommerhai974); (b)-(b") mesocolumnar domains (Mountcastle, 1978); (c)-(c’)
macroscopic gons. SMNIhas deeloped conditional probability distritions at each e, aggreaing

up seeral levels of interactions. In (3 synaptic inter-neuronal interactionsyeeaged oer by
mesocolumns, are phenomenologically described by the mean and variance of atidistHb(both
Poisson and Gaussian distributions were considerednggisimilar results). Similarly, in (a)
intraneuronal transmissions are phenomenologically described by the meamiandevof™ (a Gaussian
distribution). Mesocolumnaravaaged excitatory E) and inhibitory () neuronal ifrings M are
represented in (a’). In (b) the verticalganization of minicolumns is sketched together with their
horizontal stratification, yielding a physiological entitthe mesocolumn. In (b’) theverlap of
interacting mesocolumns at locationsand r’ from timest andt +r is sketched. Herer[110 msec
represents typical periods of columna@ingis. Thisreflects on typical individual neuronal refractory
periods of[1L msec, during which another action potential cannot be initiated, and aae&itactory
period of(10.5—10 msec Future research should determine which of these neuronal time scales are most
dominant at the columnar time scalegako ber. In (c) macroscopic regions of neocori@e depicted

as arising from manmesocolumnar domains. (c’) sketchesviregons may be coupled by long-ranged
interactions.

Most of these papers V& ckalt explicitly with calculating properties of STM and scalp EEG in order to
test the basic formulation of this approach (Ingld®82; Ingber 1983; Ingber 1984; Ingber 1985a;
Ingber 1985b; Ingber & Nunez, 1990; Inghd®91; Ingber1994; Ingber & Nunez, 1995; Inghei995a;
Ingber 1995b; Ingber1996; Ingber 1997; Ingber 1998). TheSMNI modeling of local mesocolumnar
interactions, i.e., calculated to include wengence and dergence between minicolumnar and
macrocolumnar interactions, was tested on STM phenomi&na.SMNI modeling of macrocolumnar
interactions across regions was tested on EEG phenomena.
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l nl <o

Fig. 2. lllustrated are three biophysical scales of neocortical interactions: " Je(a(a
microscopic neurons; (b)-(b’) mesocolumnar domains; (c)-(c’) macroscogmnee
Reprinted with permission from (Inghd©83) by the American Physical Society.

The EEG studies in pveous SMNI applications were focused on regional scales of interactimes.
STM applications were focused on columnar scales of interactidowever, this EEG study is focused

at columnar scales, and it is nast to stress the successes of this SMNI at this columnar socalgg gi
additional support to this SMNI model in this cofiteA previous report considered oscillations in quasi-
linearized EL equations (Inghe2009a), while more recent studies consider the full nonlinear system
(Ingber 2009hb).

6.1. SMNI STM

SMNI studies hee cetailed that maximal numbers of attractors lie within the physical firing spadé of
where G = {Excitatory Inhibitory} = {E, I} minicolumnar firings, consistent withxgerimentally
obsenred capacities of auditory and visual STM, when a Centering mechanism (CM) is enforced by
shifting background noise in synaptic interactions, consistent witlerenental observations under
conditions of selecte dtention (Mountcastlest al, 1981; Ingber 1984; Ingber 1985b; Ingber 1994;

Ingber & Nunez, 1995). This leads to all attractors of the short-time distribution lying approximately
along a diagonal line i space, déctively defining a narre parabolic trough containing these most
likely firing states. This essentially collapses the-tlimensionaM® space down to a one-dimensional
space of most importance. Thus, the predominant physics of STM and of (short-fiber contribution to)
EEG phenomena takes place in this narparabolic trough irfM® space, roughly along a diagonal line
(Ingber 1984).

These calculations were further supported by high-resolutioluten of the short-time conditional-
probability propagator using a numerical path-integral COAEHINT (Ingber & Nunez, 1995).SMNI
correctly calculated the stability and duration of STM, propagation velocities of information across
neighboring columns (Inghbed985a), the observed £72 capacity rule of auditory memory and the
obsenred 4+ 2 capacity rule of visual memory (Ericsson & Chase, 1982; Zhang & Simon, 1985; ,Ingber
1984; Ingber1985b), the primacversus recencrule (Ingber 1995b), random access to memories within
tenths of a second as observed, and Hi d linearity of reaction time with STM information (Hick,
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1952; Jensen, 1987; Ingh&999).

SMNI also calculates o STM patterns (e.g., from a\@n regon or ezen aggregated from multiple
regions) may be encoded by dynamic mimdifion of synaptic parameters (withirkperimentally
observed ranges) into long-term memory patterns (LTM) (Ind9&B).

6.2. Asdeon STM and LTM
Most people are familiar with long-term memory storage, as recorded on their comuater dri

To illustrate dynamic short-term memoigpnsider an ordinary deck of cards used to produce multiple
hands in some card game. Three or four normal human shuffles will typigialy fandomize the deck.

As a result, each meround of hands is dealt from a deck with statistical memories created in earlier
hands. In the poker gamizd card drav, the chances of higher cards being dealt close together will be
greater than in a random deck, and this pattern will be more pronounced for the aces than for lower cards.
This memory is created because players in earlier hands with (say) a pair of aces in the first betting round
will have dscarded three cards, keeping their aces togetar after receiving three e cards. A deck

of cards can hold seral distinct kinds of memory simultaneously.

6.3. SMNI EEG

Using the power of this formal structure, sets of EEG autted potential data from a separate NIH
study collected to inestigate genetic predispositions to alcoholism, were fitted to an SMNI model on a
lattice of regional electrodes to extract brain signatures of STM (In@B87; Ingber 1998). Each
electrode site was represented by an SMNI digiob of independent stochastic macrocolurstaied

M€ variables, interconnected by long-ranged circuitry with delays appropriate to ibmmg-f
communication in neocornte The global optimization algorithm Adapt Smulated Annealing (ASA)
(Ingber 1993) was used to perform maximum likelihood fits of Lagrangians defined by path integrals of
multivariate conditional probabilitiesCanonical momenta indicators (CMI), the momentum components
of the EL equations, were thereby ded for individual's EEG data. The CMI ge better signal
recognition than the vadata, and were used to advantage as correlates of behavioral bisgample

data was used for training (Ingh&®97), and out-of-sample data was used for testing (Ing®@8) these

fits.

These results aye strong quantitatie sipport for an accurate intuié gcture, portraying neocortical
interactions as having common algebraic physics mechanisms that scale across quite disparate spatial
scales and functional or betaral phenomena, i.e., describing interactions among neurons, columns of
neurons, and regional masses of neurons.

The SMNI model has beenvisked to devdop algorithms for better imaging resolution based on use of
synchronized imaging tools, e.g., combining synchronized data from EEGSPETT, MEG, fMRI, etc
(Ingber 2009c). Otheralgorithms use the SMNI model tovd#op algorithms for artificial intelligence
(Ingbet 2007; Ingber2008).

Below, it is reported hav SMNI has calculated oscillatory behavior consistent with typical EEG, within
columns, between neighboring columns via short-ranged non-myelingexd, facross regions via
myelinated fibers, and also dess a $ring equation consistent with the model of global EEG presented
above.

6.4. Chaos

There are manpapers on the possibility of chaos in neocortical interactions, including some that consider
noise-induced interactions (Zhou &uKhs, 2003). This phenomena is useful when dealing with small
networks of neurons, e.g., in some circumstances such as epil&ddl at the columnar scale can be
useful to describe some forms of epilgpag., when columnarirings reach upper limits of maximal
firings.

LI took a model of chaos that might be measured by EE@laped and published by PN and a
colleague (Nunez & Srimésan, 1993; Srimesan & Nunez, 1993), but adding background stochastic
influences and parameters that were agreed to better model neocortical interactions. The resulting
multivariate nonlinear conditional probability distribution was propagatedyntiaousands of epochs,
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using LI's FATHINT code, to see if chaos could exist and persist under such a model (I8gbietasan

& Nunez, 1996).There was absolutely no measurable instance of chaos surviving in this more realistic
contet. Notethat this study was at the columnar scale, not the finer scales of activity of smaller pools of
neurons.

6.5. SMNI Application

Some of the algebra behind SMNI depicts variables and distributions that populate each repessentati
macrocolumn in each geon. While Riemannian terms were calculated when using the Strnatdno
midpoint discretization of the probability distribution (Ingb#982; Ingber 1983), in order to xlicitly

deal with the multiariate nonlinearities, here it dides to use the more readable Ito prepoint
discretization, which is an egqaent numerical distribution when used consistently (Langowtha,

1982).

A derived mesoscopic Lagrangiah defines the short-time probability disttition P of firings in a
minicolumn composed oflL0? neurons, wheré® is the product ofP®, whereG ={E, I} chemically
independent xxitatory and inhibitory firing distributions, by aggating probability distributions of
neuronal ifings p,,, given its just previous interactions with all other neurons in its macrocolumnar
surround.G deS|gnates contributions from bdihandl. The Einstein summation ceention is used for

G indices, whereby repeated indices in a term implies summat@nitaat index, unless summation is
prevented by vertical bars, e.gG|l Notethe use of the-function constraint to agggete stochastic
variables, here from neuronal scales to columnar scales.

P =1 PCIMC(r; t + 7)MC(r'; 1)]
G

O 0o OnN
=Y o> oj - ME(r;t+ )@ oy - M'(r; t+ 1) Po,
o [JE 0of 0

=[1 2nrg®®) " exp(-N7rL°®),
G
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where Ag and Bg, are minicolumnagveraged inter-neuronal synapticfiebcies (4 combinations of
{E, 1} with {E', 1"} fi rings),vg, and gog, are aeraged means and variances of contributions to neuronal
electric polarizations.M® and N€ in F® are afferent macrocolumnairifigs, scaled to &rent
minicolumnar irings by N/N"110°3, where N* is the number of neurons in a macrocolurih(®.
Similarly, AS and BE have been scaled byN'/NC10® to keep F€ invariant. V' are dened
mesocolumnar nearest-neighbor (NN) interactions. Reasonable typical values of the postsynaptic
neuronal parameters are ¢ak to be JS|=0.1IN"/N, ¢S =V0.0FN/N =0.17N"/N. Afferent
contritutions from N*E long-ranged excitatory fibers, e.g., cortico-cortical neuronge men added,
whereN*E might be on the order of 10% of : Of the approximately 18 to 10" neocortical neurons,
estimates of the number of pyramidal cells range from 1/10 to 2/3. Nearly gramidal cell has an
axon b%aonch that makes a cortico-cortical connection; i.e., the number of cortico-ciréicaid of the
order 10°.

Interactions via short-ranged non-myelinated fiberseggiise to the nearest-neighbd interactions
between neighboring columns (Ingh&882; Ingber 1983). WhenEL equations associated the abo
Lagrangian, including/’ terms, are linearized, a dispersion relation was shown to support oscillatory
interactions consistent with typical EEG frequencies (Ingt885a). Thespeed of spread of information
across columns, the propagation velocity in the dispersion relatiasscalculated to be consistent with
experimental data, e.g., observed veoents of attention (Tsal, 1983) and of hallucinationsw@®&o
1982) across the visualeld. Otherresearchers also V& alculated EEG coherence across columns
(Naruseet al, 2009).

The long-ranged circuitry was parameterized (with respect to strengths and time delays) in the EEG
studies described ab® (ngber 1997; Ingber 1998). In this way SMNI presents a peerful
computational tool to include both long-ranged global regional activity and short-ranged local columnar
activity. This nature of physiological connectivity among columrsneacross regions can lead to
oscillatory behavior induced among ngaoolumns.

It is interesting to note that, as originally ded (Ingber 1982; Ingber 1983), the numerator of©

contains information dered from presynaptic firing interactionsT'he location of most stable states of

this SMNI system are highly dependent on the interactions presented in this numBratdenominator

of FC contains information daréd from postsynaptic neuromodular and electrical processing of these
firings. Thenonlinearities present in this denominator dramaticaflycathe number and nature of stable

states at scales zoomed in at magnifications on the order of a thousand times, representing neocortical
processing of detailed information within a sea of stochastic activity.

6.6. Prototypical Cases

Three Cases of neurondlirigs were considered in the first introduction of STM applications of SMNI
(Ingber 1984). Belav is a $1ort summary of these details. Note that while ifisef to define these
Cases using-°®, the full Lagrangian and probability distution, upon which the destion of the EL
equations are based, are themselves quite nonlinear functidtfs, efg., via typerbolic trigonometric
functions, etc.

Since STM duration is long relaé © r, sationary solutions of the Lagrangian L, can be investigated
to determine he mary stable minima < MC > may simultaneously exist within this duratioBetailed
calculations of time-dependent folding of the full time-dependent probability distiib supports
persistence of these stable states within SMNI calculations of edsdecay rates of STM (Ingber &
Nunez, 1995).

It is discovered that more minima of are created, i.e., brought into theypital firing ranges, if the
numerator of € contains terms only i, tending to centeL aboutM® = 0. Thatis, B® is modiied
such that the numerator Bf is transformed to
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The most likely states of the centered systems lie along diagoridIS Bpace, a line determined by the
numerator of the threshold factorf¥, essentially

AEME - AEM' =0, (10)

noting that inF' | — | connectiity is experimentally observed to be very small re&@at cther pairings,
so that At ME — Al M) is typically small only for smalME.

Of course, ay mechanism producing more as well as deeper minima is statistiaatied. Havever,
this particular CM has plausible suppot®(t+7) =0 is the state of afferent firing with highest
statistical weight.l.e., there are more combinations of neuroiaids, o; = 1, yielding this state than
ary other MG(t + 1), e.g.,[2N°*Y2(ZzNC) 2 relative b the statesM® = +NC. Similarly, MS(t) is the
state of efferent firing with highest statistical weigftherefore, it is natural to explore mechanisms
which favar common highly weighted efferent and affereminfjs in ranges consistent witlaviorable
firing threshold factorf ©=0.

By tuning the presynaptic stochastic background, a phenomena observed duringesafeation, F©

can be modified to exhibit predominatelyceéatory firings, inhibitory firings, or some balanced case in-
between, giing rise to Cases EC, IC and BC. during selectitention, giving rise to Cases EC, IC and
BC. Itis observed that visual neocottaas twice the number of neurons per minicolumn as othéne

of neocort&. In the SMNI model this ges rise to fewer and deeper STM states, consistent with the
obsenred 4+ 2 capacity rule of these memory states. These calculations are CasgiCRCAhd BCV

The details of such calculations argegi in previous SMNI papers (Ingbet984; Ingber1985b; Ingber
2009Db).

7. Euler-Lagrange (EL)

The EL equations are deed from the long-time conditional probability distribution of columniangs
over al cortex, represented by, in terms of the Actior5, The path integral has a variational principle,
oL =0 which gives the EL equations for SMNI (Inghet982; Ingber1983).

When dealing when multariate Gaussian stochastic systems with nonlinear drifts and diffusions, it is
possible to work with three essentially mathematically &gt representations of the sameygibs:
Langevin equations — coupled stochastic feliential equations, a dkkerPlank equation — a
multivariate partial differential equation, and a path-gné¢ Lagrangian — detailing thev@ution of the
short-time conditional probability distribution of the variables (Langoetlzd 1982).

While it typically takes more numerical and algebraic expertise to deal with the pagtaiitegrangian,
there are manbeneits, including intuitve rumerical and algebraic toold=or example, the Lagrangian
components and EL equations are essentially the counterpart to classical dynamics,

%L
M = , =
a3S= Gec' = 5aMC/a0a@ME /ot
aL
—~ MG —
Momentum=1T11~ = 76(6MG/at) ,
Force= a'\/liG y
oL 9 oL

F-ma=0: 6L=0=

- — 11
aMC  at a(AMS/at) (11)
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The most-probable firing states ded variationally from the path-integral Lagrangian as the EL
equations represent a reasonabkrage @er the noise in the SMNI systentor mary studies, the noise
cannot be simply disgarded, as demonstrated in other SMNI STM and EEG studi¢$oibthe purpose
here of demonstrating the existence of multiple local oscillatory states that can beedleviti EEG
frequencies, the EL equations sexery well.

The Lagrangian and associated EL equatione fieen deeloped at SMNI columnar scales, as well as
for regional scalp EEG activity by scaling up from the SMNI columnar scales as outlined belo

7.1. Strings

The nonlinear string model was dexd using the EL equation for the electric potentlaimeasured by
EEG, considering one firing variable along the parabolic trough of attractor states being proportonal to
(Ingber & Nunez, 1990).

Since only one ariable, the electric potential is being measured, is reasonable to assume that a single
independent firing ariable might offer a crude description of thisypikes. Furthermorethe scalp
potential® can be considered to be a function of this firirgiable. (Here,'potential” refers to the
electric potential, not an potential term in the SMNI Lagrangian.) In an abbreviated notation
subscripting the time-dependence,

- < P 3>= B(ME, M}) = a(MF- < ME ) +b(M{ - < M' ), (12)

wherea andb are constants, an& & > and < M® > represent typical minima in the trough the
context of fitting data to the dynamic variables, there are three effeotistants,{ a,b, ¢},

®, - ¢ = aMF + bM| (13)

We <ale and aggoste the mesoscopic columnar probability digttions, P, over this columnar ifing
space to obtain the macroscopic conditional probability distributientlbe scalp-potential space:

Po[P] =J'dMEdM'P[ME,M']cS[CD—CD’(ME,M')] (14)

Note that again we use tldefunction constraint to aggyete stochastic ariables, here columnairihg
states into electric potentials. The parabolic trough describae fuxsiifies a form

Po = (2rm0?) Y2 exp(-At J’ dx Lg) ,
Ly = % lod/ot|? + g lod/ox? + g [P + F (D) ,

o? =2M\tla , (15)

whereF () contains nonlinearitieswaay from the troughg? is on the order of /N given the dervation
of L above, and the integral wer x is taken wer the spatial region of interestn general, there also will
be terms linear ia®/0t and ind®d/0x.

Here, the EL equation includes variation across the spatial exferitcolumns in regions,
0 oL d oL oL

3t 3(00/0 T 3% 3(3dia 3D 0 16
ot A(dP/At)  dx A(AP/IX) D (16)
The result is
0’°d %0 oF
—+ [ — + - =
T2 P Poa TV® 59 70 17

The determinant prattor g defined abwe dso contains nonlinear detailsfedting the state of the
system. Sincey is often a small humbgedistortion of the scale oE is avoided by normalizingy/go,
whereg is simplyg evduated atM & = M*& = M' = 0.

If there exist rgions in neocortical parameter space such that we can idgify —c?, y/a = wé, i.e.,
as explicitly calculated using the CM and as\aerin previous SMNI EEG papers,
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then we receer the nonlinear string model.

Note that this string desdtion is only consistent with the global string analog described initbie f
sections of this papeif the spatial extent isxeended across the scalp via long-ranged fibers connecting
columns withM*E" firings. Thisleads to a string of columnghe next section calculates an EL model
that shows that these columns can be viewed as spring analogs.

7.2. Springs
For a gven column in terms of the probability descriptiorvgi aove, the abee B equations are
represented as

o oL AL
dt d(@ME/Ot) OME

o oL AL
ot 9@M'/at) oM

To investigate dynamics of multariate stochastic nonlinear systems, such as neaqgaeeents, it is not
sensible to simply apply simple mean-field theories which assume sharply peakedtidisg;jlsince the
dynamics of nonlinear diffusions in particular are typically washed out.

Previous SMNI EEG studies had demonstrated that simple linearized dispersion relativad tlem

the EL equations support the local generation of frequencies observed experimentally as weihgs deri
diffusive propagation velocities of information across minicolumns consistent with otkgerinental
studies. Theearliest studies simply used a driving fotkeM® in the Lagrangian to model long-ranged
interactions amongilfers (Ingber 1982; Ingber 1983). Subsequenstudies considered gmnal
interactions driving localized columnar activity within these regions (Ingie&6; Ingber 1997; Ingber
1998).

A recent set of calculations examined these columnar EL equations to see if EEG oscillateior beha
could be supported at just this columnar scale, i.e., within a single col@miirst, the EL equations

were quasi-linearized, by extracting dogients of M and dM/dt. The nonlinear coéitients were
presented as graphsep al firing states (Ingber2009a). Thisexacise demonstrated that a spring-type
model of oscillations was plausible. Then a more detailed study was performeldpitg over two

million lines of C code from the algebra generated by an algebraic tool, Maxima, to see what range of
oscillatory behsaior could be considered as optimal solutions satisfying the EL equations (I1200@i).

The answer was fafmative, in that ranges ofut = 1 were supported, implying that oscillatory solutions
might be sustainable just due to columnar dynamics at that dgellay, the full probability distrilition

is evolved with such oscillatory states, confirming this is true.

To understand the nature of the EL equations, it is useful t@ thie probability spacever which most

likely states xdst. Figure3 presents the probability disttibon over firing space, as theAPHINT code

evdves it wer 1 sec, folding eery /10, or 1000 folding to reach 1 sec. Similar to thevimes
calculations (Ingber & Nunez, 1995), to control larggdige difts at the boundaries which can cause
anomalous numerical problems at the edges of firing space, a simple Gaussfanittutefdth 0.1 vas

taken for the drifts at those boundariekhis cutof was applied as well to the diffusions, which kept the
mesh uniform near the edges, resulting in ther all mesh being within 1-3 (2-4) firing units for non-
visual (visual) Cases. This coarse mesh results in some fine structure in the trough not visible in the
graphs, but thewerall structure of the distributions are cle&ach folding took about 0.045 (0.16) secs

on a dedicated IBM a31p Thinkpad with 1 GB RAM running at 1.8 GHz for non-visual (visual) Cases,
under gcc/g++-4.3.3 under Linux Ubuntu 9.0Bhe kernel is a banded matrix withrap 250K (500K)
non-zero entries for non-visual (visual) Cases. It is clear that columnar STM under all 4 Cases is quite
stable for at least 1 sec. Similar results are obtained for CaseH8CYd IC.

:0,
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Fig. 3. The probability distributionver firing space for case BC is shown as italieps at

times 1@, 20r, 507, and 10Q.
Figure 4 presents the probability distributiomenfiring space for case BCosc, with explicit viing
oscillatory firing states by settingl® - M€ cosggt) with wg = 1. Thetime-dependent folding tak
about 10 secs per iteration on the same Ubuntu machine due to normalization conditions on columns of
the kernel. STMstill persists for ver 1/2 sec, butddes by 1 sec. Similar results are obtained for Cases

BCV, EC and IC.
Of course, the effects of oscillatorgctors will be much greater whert reaches phases such that these
factors pass through zero. Here, the maximum phase reaches 1 with cos chosen as the factor.
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Fig. 4. The probability distributionver oscillatory firing space is shown as itviops at
times 1@, 20r, 507, and 10Q, with explicit oscillatory firing states.

Figure 5 presents the probability distributioverofiring space for case BCreg, with driving oscillatory

firing states from anxéernal column, e.g., from a distant regions, here skt'fo = 10 cosfuet), where a

weight of 10% if gien to these externairings. Sincethe oscillatory forces are from a small percentage

of all neurons represented in the column, e.g., as compared to the case in Figure 4, the changes are
smaller but noticeable. Similar results are obtained for CasesBC#d IC.
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Fig. 5. The probability distribution dren by external oscillatory firings is shown as it
develops at times 16, 207, 50r, and 10Q.

8. Driven by noise

Using SMNI, scenarios mentioned aboan be detailed.For example, if oscillatory behavior is
generated within a gén column — especially a column with the CM on, then these oscillations may be
induced in other columns — especially those with the CM on and with which it has strong stitgnecti
via long-rangedM*E firings which contribute to their local thresholdcfors F€. Therefore it is
reasonable to conjecture that if columrieings of short-rangedtfers M® can oscillate within ranges of
oscillations of long-rangedbers M*E, this could &cilitate information processed at fine neuronal and
synaptic scales to be carried across minicolumns and regional columns witle réfiadiengy. Note that

this activity is at leels of 102 or 10° of the Lagrangian defining a small scale for STM, i.e., zooming in
to still within classical (not quantum) domains of information, e.g., at the scale beingveensitie to
several neurons.



Lester Ingber -20-

While attractor states f1@ been explicitly detailed in previous papers fovesal SMNI models, here
oscillatory states va& been calculated throughout the range of firing spd&een that long-rangeditber
interactions across regions can constrain columnagsg, it is useful to at least learnvia@scillations
may be supported in limited ranges of such constrained firings.

The results she that only under conditions suitable for STM do columnar interactions per se support
spectra of oscillatory betimr wg in observed frequegaanges robust throughot © firing space.In
retrospect, this is not too surprising, since some coherent interactions are likely required to sustain
multiple stable states for STMThis leads to a strong inference that physiological states of columnar
activity receptive o slectve dtention support oscillatory processing in these ranges. Note that\aelecti
attention gen to information processed within avgh regon of neocorte likely requires interactions

with frontal cortex and/or sub-cortical structures not explicitly included in the SMNI model.

The sensitivity of stochastic mudériate nonlinear (multiple quasi-stable states) to nadigti weak
oscillatory forces has been documented inyreggstems (Lindneet al, 2004). Stochasticesonance has

been demonstrated in mammalian brain, using velativeak electric fields to effect sinusoidal signals in
stochastic firings of groups of neurons (Gluckneaml, 1996). InSMNI, noise arises at synaptivés,

and the sensitivity at issue in STM is at the aggexl mesoscopic Vel of columns of neuronal
distributions. Theaveaaged synaptic noise is a parameter which appears in the mean as well as the
covariance of the agggeted system via the thresholdctorsFC. As introduced here at the columnar
level, oscillatory changes in firings within the duration of STM shifts the stable STM stataging f
space, directly affecting access to these states.

The source of the background synaptic noise, especially presynaptic noise whiclisgito the CM,

also is a long-standing area of research (Glucketah 1996). Furtheresearch into the roles of the CM

and columnar support for EEG, together with other proposed mechanisms for cegliainaagnetic
interactions for some control of glial-presynaptic background interactions, includes a path for future
investigations outlined abe o test for quantum-classical interactions that directly support STM by
controlling presynaptic noise.

STM (or working memory), along with seleai (or focused) attention to this mempgye generally
considered important aspects of the “easy” problem of consciousness, e.g., whergeobgectl
correlates of consciousness (NCC) are sought, without addressing the “hard” aspects ofesabjecti
phenomenal states, e.g., “qualia” (Crick & Koch, 1998). In the absence of \&eletténtion,
unconscious processing of information and computation can stllgake using STM.In this contet,

such research in consciousness and unconscious information processing must include the dynamics of
STM.

9. Summary and Conclusion

We havesuggested that dynamic behavior in neocoitedue to some combination of global and local
processes with important top-down and bottom-up interactions across spatial scales, a typical feature of
mary if not most comple physical, biological, social, financial, and other systems.Arefocused on
electroencephalograph(EEG) because EEG provides most of the existing data on the relationship
between ms scale neocortical dynamics and brain state. Although EEG recorded from the human scalp
provides data atvery large spatial scales {g®al cm), it is closely correlated with madistinct kinds of
cognitive processing.

A purely global EEG model stresses myelinated axon paijmg delays and periodic boundary
conditions in the cortical-white matter system. As this system is topologically close to a spherical shell,
standing vaves ae predicted with fundamental frequgrio the typical EEG range near 10 Hz. In sharp
contrast to the purely global model, the proposed local mechanisms are multiscale interactions between
cortical columns via short-ranged non-myelinatéders. A statistical mechanics of neocortical
interactions (SMNI) predicts oscillatory befar within columns, between neighboring columns and via
short-ranged non-myelinateibérs. The columnar dynamics, based partly on membrane time constants,
also predicts frequencies in the range of EEG.

We generally epect both local and global processes to influence EEG at all scales, includingyéhe lar
scale scalp data. Thus, SMNI also includes interactions across cortical regions via myeleased f
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effecting coupling the local and global models. The combined local-global dynamics is demonstrated with
an analog mechanical system consisting of a stretch string (producing starsdies) with attached
nonlinear springs representing columnar dynamics. SMNI is able teederdring equation consistent

with the global EEG model. ®/oonclude that the string-spring systemvides an excellent analog with
several general features that parallel multiscale interactions in genuine neocortex.
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