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Abstract

Contourintegrationin low-level vision is believed to occur
basedn lateralinteractionbetweemeuronswith similar ori-
entationtuning. The exact neural mechanismainderlying
suchinteractions,and their developmentalorigins, are not
well understoodThis papersuggestshroughcomputational
simulationsthat synchronizediring of neuronsmediatedby
patchylateralconnectionsformedthroughinput-driven self-
organization,cansene assucha mechanism.Furthermore,
we amguethatdifferentdegreeof suchpatchyconnectiongs-
tablishedduring developmentmay explain why differentar
easof thevisualfield shawv differentdegreesof contourinte-
grationin psychophysicagéxperiments.

Intr oduction

Contourintegrationin low-level vision meandormingasin-
gle coherentpercept(i.e. a continuouscontour)from a dis-
continuoussequenceof line sggments. Humansare very
good at contourintegration; understandinghe underlying
mechanismsangive usinsightsinto how perceptuagroup-
ing canbeimplementedn general.

PsychophysicaxperimentgField,Hayes & Hess1993;
Pettet McKee,& Grzywacz,1998;Geisleret al., 1999)and
computationaimodels(Yen & Finkel, 1997;Li, 1998;Yen
& Finkel, 1998; Geisleret al., 1999) suggestthat contour
integrationin thevisual cortex may be dueto interactionof
neuronswith similar orientationtuning. The modelsperfor
m integrationbasedn predeterminedetof constraintsuch
as relative orientationdifference,distance,curvature, and
changein curvature along with specific associatiorrules,
andthey matchexperimentaldataquitewell. However, how
suchconstraintsareimplementedn the brainandhow they
emegeduringearlylife of theanimalremainsanopenques-
tion. Furthermorethe modelsdo not explain why contour
integration performancewidely differs amongdifferentar-
easof the visualfield. For example,contourintegrationis
absentin the peripheralvision (Hess& Dakin, 1997),and
subjectve contoursare harderto detectin the uppervs. the
lower hemifield(Rubin,Nakayamag& Shapleg, 1996).

This paperexploresthe possibility that a single mecha-
nism of synchronizediring of neuronsmediatedby self-
organizedlateral connectiongnay be responsibldor these
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phenomenaPreviouscomputationastudieson corticalself-
organizatiorhave showvn that stronglateralconnectiongle-
velop betweemeuronswith similar orientationpreference,
andtheseconnectiongansene asafoundationfor sgmen-
tationandbinding (RF-SLISSOM or Receptve Field Spik-
ing LaterallyInterconnecte@®ynepgeticallySelf-Oganizing
Map; Choe & Miikkulainen, 1998; Sirosh, 1995; Sirosh,
Miikkulainen, & Choe, 1996; Miikkulainen et al., 1997).
This papershows that (1) suchlateral connectionscan al-
soestablishcontourintegration, (2) the specificlateralcon-
nection patternsnecessaryfor contour integration can be
learnedin an input-driven self-omganizingprocesdike the
restof the orientationmap,and(3) thewealer integrationin
peripheralvs. fovealanduppervs. lower hemifieldmay re-
sultfrom wealer lateralconnectvity patternswhichin turn
may originatefrom attentionalmodulationof the frequen-
cy andquality of input. In orderto studythesephenomena,
RF-SLISSOMis extendedto includelong-rangeexcitatory
lateralconnections.

Extending RF-SLISSOM for Contour
Integration

Thecontourintegrationmodelis basedntheRF-SLISSOM
model of self-omanizationand segmentationin the visual
cortex. In RF-SLISSOM eachcortical neuronrecevesaf-
ferentconnectiondrom the input layer andlateral (excita-
tory andinhibitory) connectiondrom otherneuronsin the
cortex. Theconnectiorstrengthself-organizebasedn cor-
relationsin theinput. In thefinal orderedmap,thelateralex-
citationhasa shortrange,andcauseseurongespondingo
thesameinput objectto fire synchronouslytherebybinding
therepresentatiomto asinglecoherenpercept.Thelateral
inhibitory connectionhave alongrange andestablistcom-
petition betweernrepresentationsf differentobjects. Neu-
rons representinglifferent objectstend to fire at different
times,andtheinputis therebysegmentednto differentob-
jects.

The RF-SLISSOMmodel shavs how self-organization
andseggmentationcanbe achievedin a single unified mod-
el. The long-rangelateral interactionsplay a crucial role
in both behaiiors: they establishcompetitionthat drives
self-omanizationandthey establishdesynchronizatiothat
drivessggmentation.The modeldoesnot includeary long-
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Figurel: The Stacked RF-LISSOM Ar chitecture. (a) Themodelneuron.Leaky integratorsateachsynapseerformdecayedgsummation
of incomingspikes,andthe outgoingspikesestablista dynamicspikingthreshold.(b) The overall organizatiorof the StaclkedRF-SLISSOM
network. The cortical network consistsof two sub-maps:MAP1 hasshort-rangeexcitation andlong-rangeinhibition, anddrivesthe self-
organizationof thecortex. In MAP2, bothexcitationandinhibition arelong range establishingsggmentatiorandbinding. Thetwo mapsare
connectedvith intra-columnarconnectionsothatboththe self-oganizatiorandsegmentatiordynamicsareestablishednh bothmaps.

rangeexcitatory connectionsbecausehey were not found
necessaryo modeltheabove behaiors.

However, it turnsoutthatsuchaparsimoniousnodelcan-
not accountfor filling-in phenomenauchas contourinte-
gration. The network hasto be ableto bind togetherrepre-
sentationghatareseparatedby gaps:thatis, it hasto have
long-rangeexcitatoryconnectionshatlink togethertherep-
resentation®f the differentsegmentsof a fragmentedcon-
tour.

The RF-SLISSOMmodelis extendedin this paperwith
suchlong-rangeexcitatory connectiongfigure 1). For con-
ceptualclarity, the cortical network is dividedinto two sep-
aratecomponents:(1) MAP1, which is similar to the RF-
SLISSOMcortex with short-rangexcitatoryandlong-range
inhibitory connectionsThis maphasthetaskof driving the
self-organizationof the network into an orderedmap. (2)
MAP2, which hasthe task of establishingong-rangeseg-
mentationandbinding, with long-rangeexcitatory connec-
tionsthatallow contourintegration,andlong-rangenhibito-
ry connectionghatallow segmentatiorof separat®bjects.

Thetwo mapsareassumedo be overlaidin onecortical
network. In otherwords,themodelpredictsthatsomeof the
neuronsin eachhypercolumnare involved in establishing
andmaintainingorganizationwherea®thersperformvisual
segmentationand binding. The detailsof the architecture,
referredto asStaclkedRF-LISSOM,aredescribedext.

The Network Ar chitecture

Thedetailsof theneurormodelareshowvnin figure la. Each
connections a leaky integratorthat performsexponentially

decayedsummationof incoming spikes, therebyestablish-
ing not only spatialsummation but alsotemporalsumma-
tion of actiity. The spike generatorcompareghe netin-

put to a thresholdand decideswhetherto fire a spike. The
thresholdis a sumof two factors:the basethresholdd and
an exponentiallydecayedsum of pastspikes, formedby a
similar leaky integratorasin theinput synapse¢Eckhornet

al., 1990;Reithoeck Stoecler, & Hahn,1993).

The overall organizationof the Stacled RF-SLISSOM
modelis shavn in figure 1b. Thenetinputo; ; to the spike
generatorof the cortical neuron(in eachmap) at location
(4, 7) attime ¢t consistsf theinput from a fixed-sizerecep-
tivefield in theretina,centeredatthelocationcorresponding
to the neurons locationin the cortical network, from neu-
rons aroundthe samelocationin the other map, and from
neuronsaroundit in the samemap:
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wherey,,v., ve, and~; aretherelative strength<of the af-
ferent, intra-columnay excitatory, and inhibitory contribu-
tions,¢,, r, is thedecayedsumof spikesof theretinalneu-
ron (ri,72), Wijrr, 1S the correspondingafferentconnec-
tion weight, {,, ,,, is the decayedsumof spikesof the cor-
tical neuron(py, p2) of theothercorticalmap,v;; p, p, is the
correspondingntra-columnarconnectiorweight, n; (t — 1)
is the decayedsumof spikesfrom the mapneuron(k, ) at
timet — 1, and E;; ,; is the correspondingexcitatory and
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Figure?2: The self-organizedorientation map and patchy lateral connections. (a) The orientationpreferencesf the neuronsn MAP1
areshavn; bothmaps(MAP1 andMAP2) developedsimilar organizations.The gray scaleblack — white — black representpreferences
from 0 to 180degreesasalsoindicatedby the orientedine segments.The maphasorganizednto orientationcolumnssimilar to thosefound
in thevisual cortex. (b) The strengthof excitatory lateralconnection®f neuronat (41,29)of MAP2 is (i.e., atthelocationindicatedby the
arrow in (a)) plottedin gray scale(white — black representsveak — strongconnectiorweight). This neuronis sensitve to 140 degree
orientation,andits lateralconnectiongink it to otherneuronswith the sameorientationpreferencealongthe 140 degreedirectionacrosshe

map.

I;; 1 theinhibitory lateralconnectiorweight.

Theinputis keptconstanthile the corticalresponseet-
tles throughthe lateral connectionsforming a concentrat-
ed, redundang-reducedactivation pattern.Theretinal neu-
ronsarespiking constantlyat eachiterationandthe cortical
neuronsareallowedto exchangespikes. After a while, the
neurongreacha stablerateof firing, andthis rateis usedto
modify theweights.Theafferent,lateralandintra-columnar
weightsaremodifiedaccordingto the Hebbianprinciple:

wij,mn(t - 1) + O4‘/'z'_7"X7n71
[wij,mn(t - ]-) + a‘/;ijn]7
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wherew;; mn(t) is the connectionweightbetweemeurons
(i,7) and(m,n), wijmn(t — 1) is the previous weight, «

is the learningrate (a, for afferent,a. for intra-columnay
a, for excitatory, andoy for inhibitory connections)V;; and
Xnn arethe averagespiking ratesof the neurons. Those
connectionghatbecomdessthan0.001in this processare
killed, modelingdeathof unusedconnections.

This processof weightadaptatioris repeatedor a num-
ber of input patternge.g.orientedGaussians)andthe neu-
ronsbecomegraduallysensitve to particularorientationsat
particularlocations,andthe mapforms a global retinotopic
orientationmapsimilar to thatin the visual cortex (Blasdel,
1992; Blasdel & Salama,1986). The self-oganizedmap
will thensynchronizeanddesynchronizé¢he firing of neu-
ronsto indicatebindingandsegmentatiorof visualinput to
differentobjects.

Experiments and Results

A StacledRF-SLISSOMnetwork with a44 x 44 retinaand
a2 x 72 cortex wastrainedfor 30,000iterationswith elon-
gatedGaussiarbarsat randomlocationsin theretina(such
inputapproximateshe local featuresof naturalvisual stim-
uli aftertheedgedetectiorandenhancemenhechanisms
theretina). Excitatorylateralconnectionsn MAP1 hadan
initial radiusof 3 andgraduallyreducedo 1, andinhibitory
lateralconnectionhada fixed radiusof 7. In MAP2, both
typesof lateral connectionshad a radiusof 19. Afferent
connectiongo theretinahadaradiusof 7 in bothmaps,and
intra-columnaiconnectionsradiusof 1. During eachtrain-
ing presentationthe network was allowed to settlefor 13
time steps(throughequationl) andall connectionsexcept
theinhibitory lateralconnectionsvereupdatedaccordingo
equation2. Thefixedinhibition providesa baselineglobal
inhibition similar to other cortical models(Eckhornet al.,
1988;von der Malshurg & Buhmann,1992),usedbecause
it is simple and sufficient to establishsegmentation. The
simulationsarenot particularlysensitve to theseparameter
valuesaslong asthey arequalitatively similar.

A well-formed orientationmap emegedin this process
(figure 2a). Becauseof the intra-columnarconnections,
similar activity patternsformed on both mapsduring self-
organizationandthey developedalmostidenticalorganiza-
tions (only MAP1 is shawvn in figure 2). The lateral con-
nectionswith weightslessthan0.001werekilled in theend,
thusleaving a patchyconnectionprofile (figure 2b). Only
thoseconnectionghatlink areaswith highly-correlatedac-
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Figure3: Contour integration with Stacked RF-SLISSOM. (a) A smoothinput contour (b) A randomlyorientedcontour (d,e) The
MUAs of theareagespondindgo eachline sggmentin (a) and(b). Timeis onthez-axisandthethreerows from topto bottomrepresenMUA

of areal, area2 andarea3 by gray-scalecoding. (c) A comparisorof the correlationcoeficientsbetweenthe MUAs. In eachexperiment
(smoothvs. randomcontours),the MUAs from threeareasin MAP2 were gatheredover 600 iterationsand the correlationsbetweenthe

MUAs werecalculated.The z-axisis theindex for MUA pairs. For example,0, 1, ...

representdMUA pairs(1, 2), (1,3), .... They-axisis

the correlationcoeficient » ascalculatedby equation3. Whenthe contourelementsare smooth,the MUAs are highly correlated but the
correlationis very low whenthe contourelementsarerandomlyorientedrelative to eachother This indicatesthatthe network bindssmooth
contourstogetherthroughsynchronizediring of neuronsbut percevesrandomcontoursas multiple objects. This resultis consistentwvith
experimentaddataandcanbe explainedby the existenceof patchyexcitatorylateralconnectionslevelopedthroughself-oiganization.

tivity, suchasthosealonga continuouscontour remainin
theend.

The patchylateralconnectionshereforeform thefounda-
tion for featurebindingandcontourintegrationin themodel.
The network shouldbe ableto bind togetherseparatedine
segmentdf they arecollinearandtherefordik ely to be part
of the samecontour If their directionsdo not agree they
shouldnot be boundtogetherbecausehey arelikely to be-
long to differentobjects.

To testthis hypothesisthreeelongatedGaussiarbarsar-
rangedin two differentconfigurationsj.e. smoothandran-
dom contours(figure 3a,b), were presentedo the network.
For eachinput bar, the numberof spikes generatedy the

areaof the cortex that respondedo the bar was counted
at eachtime step(figure 3d,e). This quantityis calledthe
Multi-Unit Activity of theresponsepr MUA, andit canbe
usedto identify which areaof the cortex is the mostactive
ateachtime step.

In order to measuresynchronizationbetweentwo ar-
easlinear correlationcoeficient r betweentheir MUA se-
quenceganbecalculatedasfollows:

Z (mz - _)(yz g) (3)
VT E) SR = E

wherez; andy;, i = 1, ..., N arethe MUA valuesat time
1 for the two areasrepresentinghe two differentobjectsin




thesceneandz andj arethe meanof eachsequence.

Using this measurethe contourintegration capability of
the network wastested.The degreeof synchroty in thetwo
differentcasesvascomparedin thefirst casethe segments
lined up to form a smoothcontour andin the secondtheir
orientationwasrandom(figure 3).

During self-omganization, patchy lateral connections
formed betweenneuronsthat representollinear line segy-
ments(figure 2). In thefirst casetheseconnectionsynchro-
nize the responsesf the threeareas.No suchconnections
exist for line sggmentsthatarenot collinear andthe MUAs
remaindesynchronizeih thesecondtase.Thiswaythenet-
work percevesthe collinearsggmentsasoneobject,but the
randomline sggmentsasthreeseparat®bjects.

Althoughthe examplein figure 3 shavs only threebars,
the effectis robust. The network may integratelong chain-
s of nearcollinearline sggmentsthis way, whereasa per
pendicularseggmentin the middle will breakthe integra-
tion. This way the network suggests possiblemechanism
for contourintegration,anddemonstratekow thenecessary
connectionsemepge automaticallyas a side effect of Heb-
bianself-omganizatiorof lateralconnections.

Discussion

Whethercontourintegrationoccursor notin the modelde-
pendsonwhetherthecorticalareasareconnectedvith exci-
tatory lateralconnectionsr not. The modelthereforesug-
gestsanexplanationfor thedifferentcontourintegrationca-
pability of the differentvisual areas:integrationis possible
only if focused(i.e. patchy)lateral connectionsexist link-
ing collinear neuronswith similar orientationpreferences.
If peripheralareasandthe uppervisualfield do not receve
denseenoughvisualinputfor suchconnectiongo form dur-
ing developmentthe connectiondbecomediffuse,resulting
in wealer integration.

Statisticsof imagesprojectedontheretinaindeedsupport
this hypothesis.Reinagel& Zador(1999)shaved that hu-
mangazemostoftenfalls uponareaswith high contrastand
low pixel correlationthanotherareas As aresult,sharpim-
agesprojectmoreoften on the foveathanthe periphery al-
lowing morespecificconnectiongo form. A similarmethod
canbe usedto find out if theres a differencein statistical
distribution of imagefeaturesin the lower vs. upperhemi-
sphere. Such statisticaldifferencetogetherwith Hebbian
self-omganizationwould resultin differentcontourintegra-
tion capabilityin differentvisualareas.

Anotherway of verifying this hypothesisvould beto rear
an animalwith eye glasseghat flip the input to the upper
andlower hemifield. After the critical period,the animal's
performanceon contourdetectiontask could be measured,
andthe connectvity patterndormedin the upperandlower
hemifieldanalyzed.The predictionis thathigh connectvity
and good integration would occur in the upper hemifield,
insteadof the lower hemifieldasin normalanimals.

The Stacled RF-SLISSOMnetwork canbetestedfurther
in moreadwancedcontourintegrationandgestaltperception
taskssuchassubjectve contourdetectionandoccludedob-
ject recognition. The excitatory lateral connectionshould

beableto mediatethesephenomenaswell. Moreover, ori-
entationmapsfor subjectve contoursareknown to exist in
V2 (Shethet al., 1996);the StacledRF-SLISSOMcouldbe
extendedto model V2 aswell, therebyextendingour un-
derstandingof the visual self-omganizationand function at
higherlevels.

Conclusion

Input-driven self-oganizationof afferent, intra-columnar
and lateral connectionswvas showvn to give rise to patchy
connectvity patternsthat canfacilitate contourintegration
in thevisual cortex. The modelalsosuggestshatdifferent
statisticsof input presentationsgandtheresultingpatchylat-

eral connectiorpatternsmay be the causefor the different
degreeof contourintegrationobsenedin thedifferentvisu-
al areaslt shouldbe possibleto accountfor otherlow-level

gestaltphenomenandalso subjectve contoureffectswith

similar computationaprinciples.
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