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Abstract

Spatiotemporal codessuch assynchronization ofneuronalactivity, offer
significant computational advantages over traditiorsé codesand ourrecent
simulation studies suggest a rofer synchronization in aroad range of
cognitive processes, from contour detection to associative memory. We suggest
that synchronizationmediates Gestalt-based perceptosjanization instriate
cortex, and that the degree of synchronization represents the percaitaate
of an object. Spatiotemporal coding provides an efficient representation for
recognition, and wepropose amedial point hypercolumn representation of
object shape. Finally, weonsider the effects of neuromodulation on
synchronizationandtemporal dynamics in th&ippocampal memory system.
Together, these processes suggest that the corgmal coordination of
synchronization may be a basic component of many cognitive processes.

Introduction

It is a common observation that computation#ficiency dependsupon the
coding systemused to represenhformation--multiplication in roman numerals is
difficult, auditory localizationvia binaural time difference is straightforward. In



considering the role of temporal coding in the nervous system, we sheudfore focus
on how suclhcodescan be used to expediteuralcomputation. Several recent studies
have arguedthat, in comparison tdraditional rate-baseccodes, spike-based temporal
coding---whichmakes use of thprecisespike timing relationships among populations
of neurons--offer improved signal/noise properties, vagthaterinformational capacity,
andfaster processingpeedql]. Simple temporatodingschemes, such as converting
the intensity of a stimulus into phasedelay in firing [2] have proven efficient in
demanding network applications such as continuous stream speech recognition.

We would like toconsiderthe question of how one such spatiotempooale—
synchronization of neuronal activity—-mayovide acommon computationadramework
for cognition. The range, diversitand species-specific nature @ognitive processes
suggests that the brain hasolved a “bag oftricks” [3] to carry out the processes
underlying perceptiomattention, learningandreasoning. The command, control, and
coordination of thesguasi-independerprocessesnto a seamlessintegratedsystem
requires acommon underlying representation—-such a representatiorpravided by
synchronization. Synchronizedactivity occurs throughout the nervous system, and
across species--the interpretationitsf function haseenthe subject of a number of
experimental and theoretical studiegreviewed in[4]). Considerablewvork has been
devoted to the possible role of synchronization as a mechanism for representing binding
relations [5, 6] and as the medium of higher brain function [7]. Recent experiments [8,
9] show a direct correlation between synchronization and visual perception.

One of the frustrations of trying tonodel these processes fisat current
network systemgust don't seem tocapturethe essence obiological systems. No
matter how complex tharchitecture orhow detailed the cellular model,there is
something organic missing. Part of what is missing is provided by closingetisery-
motor loop [10] to allowreal-time interactiorwith the environment. Anothegritical
element is a neural-based control structerg, attention, whicldynamically reallocates
computational strategieendwhich gates learning-based changes siystem properties.
The core ofthe problem, however, is that such systeamsstill ultimately stimulus-
driven, their responses correspond more to sensation rather than perception.

One of thedefining characteristicthat distinguisheperception from sensation
is Gestalt-based perceptuatganization. The Gestalt lawdescribe how stimulus
features are bound and segmented peceivedobjects [11] . Thearray inFigure 1 is
perceived as alternating rows of open and closed circles, and it is difficult to perceive the
array in any other possible manner, e.g., vertical columns. A system whiespionse
to a stimulus, exhibits this type of grouping and binding behawiast becharacterized
as activeand intelligent—it hascrossedthe boundaryfrom sensation to perception.
According to Gestalt principles, binding ibased onthe spatiotemporal relationships
betweenelements: proximity, similarity, common motionplinearity and continuity
(good continuation), closureandsymmetry. These basic lawgredict aperception of
figure versus ground that is consistent withtop-down predictionsbased on a



generic/accidentaliewpoint orBayesian inferenctheory [12]. Howeveryegardless of
the level of description--Gestaltist Bayesian--perceptuarganizationmust ultimately
arise from the properties of visual cortex.

Over the pasfew years, we haveeveloped aeries of model§l3, 14] which
suggestsynchronization-based corticalechanisms for the Gestalt laws. For example,
long-range horizontal connections between oriented cells in supragranular1&yet$§]
may mediate the law of goazbntinuation as well as the law of common motja].
The anatomy (together with intrinsic neuronal properties) determines which nevitbns
synchronize in response to a particular stimulus; the resulting pattern of synchronization
represents the Gestalt-badadding. This pattern of synchronizatiecan bemodulated
by top-down, attentional, or local context-dependent inputs.

Figure 1: Perceptuarganizationforces stimulus to be grouped akéernating rows of light
and dark dots.

One of themost influentialandintruiging studies in the Gestalt tradition was
carried out 25 years ago by Johansson and colleagues at Ugpsagasity. Johansson
[18] attachedsmall lights to a subject’s joints (elbow, knee, etand viewed the
resulting point motions as the subjealked orran in adarkroom. Johanssofound
that, despite the sparse information provided, it was possibiectmnize ehumanbody
walking or running, and, in fact, all observers immediately perceived the moving dots as
a moving human form. The key to solving the Johansson problem lidisciovering
the hidden correlations between the motions of indivitigats. Spatiotemporatodes,
such as synchronizatioprovide an effectiveand efficient means ofdetecting and
representing such correlations. In teisse, spatiotemporal correlations in gtenulus
signal the presence of object components (e.g. a limb). Recognition of a human form in
motion requires detectingpatiotemporal patterns of synchronization among groups of
cells. More generally, onenight argue that the detection and amplification of
correlation is the central principle of learniagdrecognition in the brain. Theortical
architecture is therefore designed to transgiatiotemporal correlations in tis&imulus
into patterns of synchronization of cell responses. Complex synchronipatitains
have beerpbserved inolfactory recognition[19, 20land throughout cortex [4, 21].
Related patterns are seen in central pattern genefair&3] responsible foproduction
of motion.



Synchronization and the Gestalt Laws

In thinking about the Johansson problem, it is useful to fimisider the
simpler case ofsynchronization in response to static visual displays, focusing on the
recent work of llona Kovacs and her colleagues. It is well known [24] that subjects can
detect a form or contour in a random array of dptsyidedthat the dots comprising the
contour are spaced more closely together than those in the background. [This reflects the
Gestalt law of grouping based on proximity]. iHstead ofdots, orientedline segments
or Gabor functions are used, elements arranged along a smooth contourdesected at
spacingsgreaterthan the spacings of thrandomly oriented backgrounelements [25].

[This reflectsthe Gestalt law ofjood continuation]. Most interestingly, if the line
segments or gabor functions are arranged so that the elements lie along acinsedth
contour, the elements can be spaced at significandigter distancegoughly 1.5 times
background spacings) compared to elements on an open contour [26]. ¢insedare
therefore more salient than open cutyeflecting the Gestalt law of closure].

The most relevant studies, in thisgard,have beercarriedout by Kovacs and
colleagueg24, 26, 28], whohave shown that the criticaparameter isthe ratio of
contour element tdoackgroundelement spacing. For example, in Figurevien
elements on the contoare spacednore closely than thaverage backgrounspacing,
the circular contour pops-out immediately However, when the contour elements are
spaced atwice theaverage backgrounspacing, it is nearlympossible tolocate the
contour. Psychophysical and physiological experiments have shown thedlithece of
a contour depends on the relative orientation, alignment and spacing of elements [25, 29,
30]. These parameteraffect the balance of excitation/inhibition between cells
responding tahe contour elementand must therefore, inour view, affect neuronal
synchronization.

In line with the Johansson experiment, we propose that netgspsnding to
elements on a static contour synchronagjthat the amount afynchronizedactivity
generated by a contour determines its perceptual salience. Kovacs and Juleszriedve
out psychophysical experiments thedn be interpreted astrong evidence for the
involvement of such a synchronization process. The experimerdriigd out with
closed and open contours in which the elements are at threshold spacing—i.e., for a given
background density, the contours are detectable at goéfrmancdevel. Underthese
conditions, if elements are successively added to an open contour, the detectability of the
contourincreasesproportionally. However, the threshold spacing for elements on a
closed contour is much greater, and if one begins with an open contour with elements at
this greaterspacing, the contour is essentiallgdetectablauntil the final elements is
added and the contour is closed, at which point it suddenly and reliably pops-out [26].

! Straight linesareroughly equivalent in salience to circles; thpsedictability
may be an important factor in determining salie[i2€].



Figure 2: Detection of contours composed of individual gabor elements depends upon the
relative spacing and orientation of contour elements relative to elements lrmdkground.
Figure on left has a circular contour with elements spaced w©loszly than background
elements-it is very salient and pops out. Figureright hascircular contour spaced &wice

the separation of background elements-it is difficult to detect (Based on [24]).

We interpretthis experiment as reflecting thenset of synchronization. In a
theoretical study of synchronization amompase-coupledoscillators, Kopell and
Ermentrout [31]showedthat closedchains of oscillators will reliablgynchronizewith
nearest-neighbor coupling, whereas open chains require naadestxt-nearest neighbor
coupling. If contour elements are maximally spaced so disnib effective connections
to nearesnheighbors, then alosedcontour will synchronizewhereas aropen contour
will not. Until, the finalelement isadded to alosedcontour, it is, by definition, an
open contour,and thus will not synchronize (unless the element spacing is
reduced)-however, once the final element is added, synchronization occurs spontaneously.

As shown in figure 3, whave replicatedhese findings in aletailed, cellular
level simulation ofcortical orientation columngterconnectediia anatomicallycorrect
horizontal connections. This network consists of 6 orientation colureash
containing eight 66-compartmemyramidal cells [32] and eight 51-compartmental
interneurons [33]. AMPA, NMDA and GABA, synapsesre compartment specific.
Within a column all cellsare interconnectedith no axonaldelay; 50% of cells are
connected between columns with an average axonal defayoénd apeakconductance
that decreases with receptive field separation. When a contour (closed or opeignis
the responding neurons synchronizand the degree ofsynchronization changes in
proportion to the psychophysical detectability.
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Figure 3: Spike synchronization in a detailed cellular model [33égree ofsynchronization
corresponds to salience of contour. Spikes recorded from 48 pyramidal cellgri@n6ation
columns, spikesfrom cells within anorientation column superimposeexactly, different
shaded spikes correspond to different orientation columns stimulated by the celements.
(Top) Tight synchronization toclosed contour. (2ndow) Degree of synchronization
decreases as contour elements are spaced farther éRrarttow) Removing one elemerftom
closed contour destroysynchrony, (4th row) Halving element spacing on opecontour
restores synchrony.

This approach [14] is able to quantitatively account for a large body of
physiological and psychophysicaldata onthe salience of contours irreduced and
complex images [24, 25, 29, 30, 35\Vhen confrontedvith an image, as shown in
Figure 4, the model extracts those contours which are most salient to human observers.

Figure 4. Perceptual salience estimated bywyachronization mechanism.Results of
cortically-based network processing of real image (left). Traditieugeextraction (middle)
emphasizes highest contragtdges. (Right) Synchronization mediated by long-range
horizontal cortical connections [36] extracts salient contours based on Gestalt factors.



These results suggest that the properties of synchronizatisranscend the
synchronization mechanismand arise directly from the boundary conditions.
Synchronizatiorcanthus serve as aneans ofdetecting closure--bunore generally, it
may reflect anumber ofGestalt-based facto@nd provide a measure ofhe overall
Pragnanz of the stimulus

Synchronization provides a naturalmechanism for mediatingperceptual
grouping. The stimulus in Figure 5 is perceived as 3 columns of vertical bars (due to the
Gestalt law of proximity). Wereated anetwork with nineinterconnectecbrientation
columns, similar to the one described above. Howéargaxonaldelays increaswith
receptive fieldseparation. Axonatielays betweerells in closelyspacedorientation
columns (i.e., thosarrangedvertically in the stimulus)average around ®ns; delays
between other orientation columns average 15 ms. Studiesshawa that shortlelays
allow synchronization whereas long delays introduces phase lags between cell firing [37].
Simulation results show the 9 orientation colunsgachronizeinto 3 distinct groups,
corresponding to the perceptual grouping of ¢limulus. Interestinglypnce one group
of columns is synchronized,the desynchronizing connections actually promote
synchronization in other neuronal populations. This mechanism may thus play a role in
propagating transient groupings in metastable stimulus perception.

Figure 5: Gestalt-based perceptual grouping. Stimulus (shown on leftade up ofvertical
bars arranged so that the dominant percept is of 3 vertical columns. Simulation results of the
72-cell network. Pattern of synchronization reflects perceptual grouping.



Synchronization-Based Recognition

Returning again to the Johansson problemcamsiderthe implications of a
Gestalt-based front-enfk.g., striatecortex) for the process of recognition. In his
original paper, Johansson posed the question of how the motions of 1l@dttieould
signify the motion of a dynamic human form. Part of the answer to this queatiobe
drawnfrom the work of Nowlarand Sejnowski [38], whopointedout that due to the
aperture problem [39], most motion informatiorcncentrated athe discontinuities in
a moving object'sboundaries. Apossiblyrelated idesdhas beersuggested recently by
Kovacs [40] as a result of her psychophysical studies--namely, that the visual system in
its normal operationreducesobjects to a sparsand compact representation, similar to
that discovered byJohansson,and consistent with theidea of a medial point
representation. The medial points of an obgetthe maximallyactivatedpositions on
the medial axis [40]. Medial axes--the set of points minimally distant from twoooe
edges-—-werg@roposed by Marr [39] as aseful representation for recognitioand have
been extensively investigated in computesion. Theadvantage of auch a skeleton-
based representation isthat it reducessurfaces to contours while capturing the
relationshipbetweenobject components—it ihereforeuseful for shape categorizatién.
Mumford and colleagues have recenthgportedtheoreticaland physiological evidence
supporting theaxistence of mediadxis representations in thésual system [41, 42].
These experiments suggest that during the first 60-100 ms of neural processing in striate
cortex, cells respond directly the stimulus, butmmediatelyafterwardsresponses are
accentuated along the medial axis of the stimulus. It is presemgar towhat degree
these delayed responses arise from feedback, but their time course is consistsnttwith
a mechanism. KovaandJulesz [28]observed asimilar enhancement at medial axis
locations in psychophysical studies. Using the stimulus shown in Figure 2fotimely
a region ofincreasedcontrast sensitivity along the riand atthe center ofthe circle.
When gabor elementsere aligned so as tmrm an ellipse,increasedsensitivity was
found atthe two foci of the ellipse. Moreecentexperiments shovincreasedcontrast
gain along the medial axes of rectangles, cardiods, and other shapes [40].

Blum [43] originally suggested a “grassfire” modelr determining themedial
axis of asurface. Activation originating at thdoundary ofthe contourdiffuses across
the surface, but like fire in a field ofgrass,once burned, $ocationcan nolonger be
activated. The medial axesare the lastactivatedregions. A number oflternative
models for generating the medial axes have subsequently been proposed [40]. At the risk
of further theoretical speculation in an experimentally-deprived area, we offer a biological
implementation for such models. &ddition tothe faciliationbetweenelements on a
contourdiscussedibove, psychophysical studies had@umentedchanges in contrast
sensitivity induced in directions orthogonal to the local contour orientation [35]. It has

2 One disadvantage of medial axispresentations is that theyesometimesvery
sensitive to small perturbations in shape



also been shown thabntour-basedaciliation only occurs incells whichreceivedirect

thalamic stimulation—e.g., cells whoseceptive fielddie in the gapsetween contour
elementsare not facilitated, at least in striate cort¢44, 45]. Finally, it hasrecently

been observed, that stimulation of the thalamasresult inwaves of activatiorwhich

slowly propagate across the thalamus [46, 47].

Presentation of a stimulus results in thalamic and cortical activation, transiently
accentuated athe boundary. Ifthe stimulus isperceptuallysalient, cortical cells
responding tahe boundarywill receivefacilitation from their neighbors responding to
the bounding contour, and as discussed abwile,become synchronized. Synchronized
activity spreads from supragranular to infragranular cortical layers, and ifettizck to
the thalamuswherepossibly through T-type calcium channels, it ignites bursting in
geniculate cells. Thisepresentshe initiation of a‘grassfire” inthe geniculatewhich
eventually terminates at theedial points of the retinotopicallprojected representation
of the surface.

To carry this speculation further, an analogoysocess could occur
simultaneously in the cortex, with ongoifgedbackbetweenthe thalamusand cortex.

In the cortex, we envision a set of orientation-specific connections wieelsure the
distance from each cell to the nearestder. Inthe cortical hypercolumuorresponding
to each mediaboint, the activity ineachorientation columrrepresentshe distance to
the objectborder. The distribution of activityacross the hypercolumn is lacal
representation of object shapelhis spatial representation can beonvertedinto a
temporal representation by translatimgput strength(relative border distancejnto a
delay in spike timing, similar to a scheme proposedHbpgfield [2]. To readthis code,
neurons in higher cortical areas (e.g. IT) must detect a temporal pattéefag§among
inputs from a hypercolumn. Use of a temporal code allows a single IT cell to “listen” to
inputs from hypercolumnever a largevisual field. By backprojectingthis temporal
pattern overV1l, a cell in IT could prime recognition of particular structure in a
translation, rotation, and scale invariant manner.

This medial point hypercolumnrepresentation offers severaenefits for a
recognition system. First, provides a compact representation aifject shape—all
information is codedwithin a single hypercolumn through thelative activation of
different orientation columns. The representatieduceshe problem ofscale invariant
recognition to local normalization, and the problem of orientation invariance to a simple
time shift. Symmetries in the object will bmanifested assymmetries in the
representation, transforming the problem of symmdétectioninto something akin to
auditory localization. Since the representatialso reflects the effects of proximity,
continuity, and closure, it serves as an objective function over the Gestalt
laws—providing a measure tiie object’ssalience in addition to a representation of its
shape. Such a representatmnovides a bridge between perceptamdrecognition, and
indicates how atttention and learning could be additionally integrated.
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Figure 6: Medial Point Hypercolumn Representation. A. Experimelata fromKovacs and
Julesz [28] showing increased contrast sensitivity at meudits ofcircle (left) andellipse

(right) Reprinted with persmission from Nature (370, 645, Fig. 2) Copyright(1994).

Macmillan Magazines Ltd. B. Simulation results [14] accounting for medial gatititation

by cortical connections. C. Proposed hypercolumn representtiod shapegtop), middle

row shows activation in orientation columasound the medigboint (intensity codes border
distance), bottom shows hypothetical translation into spatiotemporal code acressation

columns (see text).

The chief benefit ofsuch a representation ithat it makes the spatial
relationships between featurese.g., the geometry, explicit. One can imagine
composing hierarchies of network representatiotieat describethe spatial relation
between object components. For example, representation of a face would icodihg
the relativedistancesand positions ofeach ofthe majorfacial features, asvell as the
overall shape of théead. This representation would be linkedith hypercolumns
devoted to the details of each individual featamel subfeature. The entimepresentation
would be an extended spatiotemporal firing pattern, ¢batd be“detected” by asingle,
well-tunedcell. Activation of this cellcould induce, perhaps at a subthresHeieel,
stirrings of the spatiotemporal pattern, thpedisposing us to seé@e “man in the
moon” as a result of partial activation of the system.

Synchronization-Based Memory

As a final example of how synchronization maypvide acommonframework
for cognitive processes, weonsider a synchronization-basatwchanism for memory



storage and recallWith slight modification, the sameellular mechanismased above

to model orientation columns in visual cortex are usexd to modethe CA3 region of

the hippocampus. The hippocampared associatedstructuresare known to play a
critical role in the consolidation of memory, and are the structuresaficenost severly
damaged inAlzheimer’s disease.The hippocampus is also known to exhibimplex
temporal dynamics in the theta (6-8&) andgamma (20-8Hz) frequencyrange. The
behavioral correlation of these rhythmgisarer inthe hippocampus than in the visual
cortex. Buzsaki, for example, hasoposedthat the hippocampusperates in two
different rhythmically-characterizedtates [48]. During active exploration of the
environment, as new information streams in from cortex, the hippocampus exhibits
prominent gammaand theta frequencyoscillations. Every sooften, in rats at least,
behavior switches to quieterstatecharacterized bygrooming orfeeding; during these
periods the theta oscillations disappear and the hippocampus switches to a predominantly
bursting mode. Buzsdaki argues that in the exploratory state, the hippocarepgaged

in active information processing and memory recall; whereas, iquiescentstate, new
memories are being consolidated.

The gamma oscillationseen in hippocampu&@nd neocortex)are intimately
connected tothe synchronization process. The gamma oscillatianse from
synchronized firing, and conversely, synchronization often oawitts gammafrequency
periodicity. For example, infraub’s model ofmutual interneuroninhibition [49]
(which is the basis of the simulations presented here), the gamma frequency nature of the
synchronization iglue tothe ratio of NMDA, AMPA and GABA, conductance decays.
Buzsaki'sdatasuggests that synchronizatianderliesthe function of the hippocampal
memory system, and we envision the following model. A “memory” casebieed as a
synchronized pattern of neuronal activity, extending ewvee. Asillustrated in Figure
7, a memory igepresented inthe CA3 network as the spatial patternpgfamidal cell
spikes during the time window defined by asingle gamma cycle. Gamma-band
synchronization is induced by a mechanism of mutually inhibitory interneurons [37, 49,
50]. Theta-band oscillations, generated by septal interneurons, clogken@rantinput
to the network from entorhinal cortex, terminaach attractor state, and reset the
network for the next set of entorhinal inputs. Lastly, cholinergic input fronmtgbal
septum is responsible for maintaining otherwise burspyigamidal cells in a single
spike firing mode.

This networkcanfunction as arattractor-base@ssociative memory network,
analogous in operation to a Hopfield network [51, 52]. A memomgashedvhen the
network converges to a fixed-point attractor state. Using a small, 24-cell verdiois of
network, we haveshown [53] thatattractorstatesdirectly correspond tahose in a
traditional Hopfield network constructed with a similar synaptic matrix. In a larger, 136-
cell network (64 pyramidal cells, 64 chandelier cells, and 8 basket cells) it is possible to
examine both the fidelity ohuto-associative recall agell as theeffects on memory
storage of the pathological depletion of cholinergic neuromodulation as is seen in



Alzheimer’s disease [54].

For these purposes, wandomly chose fivé4-bit binarystringsto store as memories
(viz. firing pattern of the 64 pyramidal cells), used Hopfield’s [51] algorithraaloulate

synaptic weights, and then used these weightcaétethe maximalconductances of the
excitatory and inhibitory recurrentsynapses. Networkerformancewas evaluated by
measuring the correlation between the network statkeach ofthe storedpatterns as a
function of time. The overlam, with a patterns defined by

mp(t):1—M (1)
N

where d, is the Hammingdistance betweethe current networkstate and the stored
pattern. With this metric, apxactmatch (i.e. the network hagachedthe attractor
state) will givem,=1 while the inverse of the stored pattern will gig=-1.

Corrupted memories we@eated byrandomlyflipping somepercentage of the
bits of the original pattern. Thdegree ofcorruption is shown in Figure 7B as the
overlap between the network state on the first gamma cycle and the stored memory. The
top trace inthe figure shows the networdynamics forthe presentation oforrupted
versions of one of the fivetoredmemories. The correlatidpetween corruptethputs
andthe storedmemories ranges frod0% down to about 50%, yet the networkill
reachesthe appropriate attractor demonstratiegror correction aswell as recall of
memories.

Simulations of the effects of decreasing cholinergic input show thatetteeork
function is quite robust, in that it is capable of performing pattern completion/correction
on highly degradedinput patternseven with [ACh] lowered by 50%  This is
demonstrated ithe second trace diigure 7B where, at 5M of ACh, thenetwork is
still able to reach the appropriate attractor state for vagousiptedinputs. One of the
major effects ofdecreaseeholinergic input is a slowing of the gammlaythm. For
example, at 50M the gammdrequencyslows to the point thahereareonly 7 or 8
gamma cycles per theta cycle. Tdrep in gammafrequencystems from twosources:
1) decreasedepolarization of pyramidalells andinterneuronsand 2)the increase in
both I, and l., causes a lowespike frequency in pyramidal cells for a given
depolarization.

As cholinergic inputdeclines even furthehowever, networkperformance
deteriorates. The bottom twotraces ofFigure 7B demonstratehe results ofreducing
[ACh] to 25 and 1QuM respectively. The gammiequency continues todrop and
eventually the network not only lacks enough ganuy@es toreachthe attractor, but

® Cholinergic inputs inhibit several intrinsic membrane currentsand act to
generally depolarize cells. Cholinergic inputs alsdter the balance of
intrinsic/extrinsic synaptic efficacies (Hasselmo, 1995). We calculateddabee of
cholinergic current inhibition from dose-response cur{é4].



its ability to reconstruct the pattern declines as well.
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Figure 7: Synchronized hippocampal networfd) Spike traces of eigh€CA3 pyramidal and
one basket cell (from a network simulation of 64 pyramidal, 64 chandelier, and 8 baHkt
with idealized theta (6 Hz) population rhythm shown for referertige state of thenetwork

is defined by the spatial pattern of temporally-precise spikaing the timewindow defined

by a single gamma cycle (indicated by spiking of basket cell). Arbitrary patéeensput to
network at the start of a theta cycle; a memoryemched when thaeetwork converges to a
fixed attractor state (indicated bgashedbox). (B) Functional consequences decreased
cholinergic input. Plots, at variousoncentrations of acetylcholine, dhe correlation
between network statend attractor state (1.0 implies perfect recall, 0.0 implies no
correlation). Oscillations are at gamma frequency. At the start of each theta cglelgraded
version of a memory (i.eO<correlation<l) is presented to the networkOver subsequent
gamma cycles, the network attempts to recall thmcorrupted memory. Anormal
physiological levels of Ach (top trace) highly degraded input patterns are correctly recalled by
the network in only a few gamma cycles. As the [ACh] drops, the gamma freqdecmases,
and the network has fewer cycles with which to reach the attractor state.

Conclusions

We havediscussed synchronization-basewdels for perceptual organization,
recognition,andmemory recall. Our argument for tleentral role of synchronization
arises from three sources. (1) The Johansson problem requires a mechadetecfing
extendedspatiotemporal correlationand synchronization providesuch a mechanism.
Consideration of howGestalt-basegrocessingcould be implemented istriate cortex
leads to a synchronization-basédw of visual processing. (2) Synchronization in the
hippocampus is weldocumentedexperimentally,and provides amechanism for an
attractor-based memory system. (3) Recognition must be coupled to both perception and
memory, as well as attentioand learning, and a similar synchronization-based



mechanism provides a compact representation of object shape. These argilinnesits

on the growingbody of experimentasupport for synchronization throughocortex.

The models discussed malise of similar cellulaand network mechanismand might

be suitable for use in aimtegratedsystem. The use of a commogpresentational
framework makes sense from both an engineering and evolutionary viewpoint. It is also
reasonabldrom an ecological view, since spatiotemporal correlations inwbed are
detected byGestalt-basedircuits and represented bgpatiotemporal correlations in the
brain.

One commonfeature of the modelsdiscussed isthe possible role for
neuromodulation in the control of synchronization. In the thalaamahippocampus,
acetylcholine has documented affects on cell activity and its behavioral consequences. In
visual cortex evidence suggests that acetylcholine activatashattering cells” in
supragranular layers [55]-anatomicaligesepyramidalcells give off thelong-distance
horizontal connectionsliscussecabove, and physiological data indicatesthat they are
involved in the generation of synchronized activity. Koch [&@] others haveproposed
that attention mayoperate by enhancing osuppressing the ability toachieve
synchronization. The close associatioetweenattentionand learning [57] and the
necessity ofcorrelatedinputs for inducing synapticplasticity, suggest a role for
synchronization in a various forms of learning. In tieigard, Merzenicland colleagues
[58] havefound that cholinergicinputs to neocortex enableapid stimulus-dependent
reorganization of receptive fieldproperties and topographic representations.
Acetylcholine is one of a number of modulators which may cary out such functions [59].
The take-home message tikat there may be an interesting relationshigetween
neuromodulation and synchronization in a wide range of cognitive phenomena.

For example,recent evidencd60] suggests that the interactiometween
contour elements in thegerceptuapop-out experimentsliscussecabove are dependent
upon stimulus contrast: at low contrasts, interactians facilitatory, at higher
contrasts, interactionare predominantly suppressive. Severaicent modelshave
attributed this result to contrast-dependent changes in the relative activa@rcitafory
versus inhibitory cells [61]. Suchhenomenanay, however, be indications of the
existence ofdifferent behaviorally-relatedsystem statesperhapsrelated toattention.
Changes in functional connectivity could be controlled by neuromodulaiim,to the
changes seen in hippocampus or invertebrate ganglia.

Clearly, theideas here argremature,and there are significant unresolved
questions. It isunclear whethethe medial point hypercolumnepresentatiomliscussed
above makes sense for 3-D objects, or howiight function inreal-world recognition
problems. More fundamentally, it iglifficult to reconcile the synchronization
hypothesis with the notion of population coding. In the cla&s@y and Singer [62]
experiment twacolinear barsmoving in tandem evokeynchronization among cells of
roughly appropriate orientation preference as the bars pass throughedepiive fields.
It is difficult to envisage how cells with different orientation preferences, firingatge



of rates in response to the bars, can all be synchronized. Recent results from Singer and
Kreiter [63] show that cells ohon-preferrecbrientationareindeedsynchronized if their
preferred orientations can be linked bgraooth contour. Synchronization may thus be
limited to a portion of the stimulus representation.

In conclusion, we should ask whdbessynchronizationoffer that cannot be
fulfilled by a traditional ratecode. The answer, although incomplete, most
importantly, that synchronization integrates tle@resentatiorwith the computation.
As in Al systems in which the operation (e.g. multiplication) and the data hasarte
representatiorthis is afundamentakteptowardsautonomous intelligence. The goal
now is to understandoetter, through theorand experiment, how suclprocesses are
carried out in the brain.
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