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Abstract

Contourintegration in low-level vision is believed to occur
basedon lateralinteractionbetweenneuronswith similarori-
entationtuning. The exact neuralmechanismsunderlying
such interactions,and their developmentalorigins, are not
well understood.This papersuggeststhroughcomputational
simulationsthat synchronizedfiring of neuronsmediatedby
patchylateralconnections,formedthroughinput-drivenself-
organization,canserve assucha mechanism.Furthermore,
wearguethatdifferentdegreeof suchpatchyconnectionses-
tablishedduringdevelopmentmay explain why differentar-
easof thevisualfield show differentdegreesof contourinte-
grationin psychophysicalexperiments.

Intr oduction
Contourintegrationin low-levelvisionmeansformingasin-
gle coherentpercept(i.e. a continuouscontour)from a dis-
continuoussequenceof line segments. Humansare very
good at contour integration; understandingthe underlying
mechanismscangiveusinsightsinto how perceptualgroup-
ing canbeimplementedin general.

Psychophysicalexperiments(Field,Hayes,& Hess,1993;
Pettet,McKee,& Grzywacz,1998;Geisleret al., 1999)and
computationalmodels(Yen & Finkel, 1997;Li, 1998;Yen
& Finkel, 1998;Geisleret al., 1999) suggestthat contour
integrationin thevisualcortex maybedueto interactionof
neuronswith similar orientationtuning. Themodelsperfor-
m integrationbasedonpredeterminedsetof constraintssuch
as relative orientationdifference,distance,curvature,and
changein curvaturealong with specificassociationrules,
andthey matchexperimentaldataquitewell. However, how
suchconstraintsareimplementedin thebrainandhow they
emergeduringearlylife of theanimalremainsanopenques-
tion. Furthermore,the modelsdo not explain why contour
integrationperformancewidely differs amongdifferentar-
easof the visual field. For example,contourintegrationis
absentin the peripheralvision (Hess& Dakin, 1997),and
subjective contoursareharderto detectin theuppervs. the
lowerhemifield(Rubin,Nakayama,& Shapley, 1996).

This paperexploresthe possibility that a singlemecha-
nism of synchronizedfiring of neuronsmediatedby self-
organizedlateralconnectionsmay be responsiblefor these
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phenomena.Previouscomputationalstudiesoncorticalself-
organizationhave shown thatstronglateralconnectionsde-
velopbetweenneuronswith similar orientationpreference,
andtheseconnectionscanserveasafoundationfor segmen-
tationandbinding(RF-SLISSOM,or ReceptiveField Spik-
ing LaterallyInterconnectedSynergeticallySelf-Organizing
Map; Choe & Miikkulainen, 1998; Sirosh, 1995; Sirosh,
Miikkulainen, & Choe,1996; Miikkulainen et al., 1997).
This papershows that (1) suchlateral connectionscanal-
soestablishcontourintegration,(2) thespecificlateralcon-
nection patternsnecessaryfor contour integration can be
learnedin an input-driven self-organizingprocesslike the
restof theorientationmap,and(3) theweaker integrationin
peripheralvs. fovealanduppervs. lower hemifieldmayre-
sult from weaker lateralconnectivity patterns,which in 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 basedontheRF-SLISSOM
model of self-organizationand segmentationin the visual
cortex. In RF-SLISSOM,eachcortical neuronreceivesaf-
ferentconnectionsfrom the input layer andlateral (excita-
tory andinhibitory) connectionsfrom otherneuronsin the
cortex. Theconnectionstrengthsself-organizebasedoncor-
relationsin theinput. In thefinal orderedmap,thelateralex-
citationhasashortrange,andcausesneuronsrespondingto
thesameinputobjectto fire synchronously, therebybinding
therepresentationinto asinglecoherentpercept.Thelateral
inhibitory connectionshavealongrange,andestablishcom-
petition betweenrepresentationsof differentobjects. Neu-
rons representingdifferent objectstend to fire at different
times,andthe input is therebysegmentedinto differentob-
jects.

The RF-SLISSOMmodel shows how self-organization
andsegmentationcanbe achieved in a singleunified mod-
el. The long-rangelateral interactionsplay a crucial role
in both behaviors: they establishcompetitionthat drives
self-organization,andthey establishdesynchronizationthat
drivessegmentation.Themodeldoesnot includeany long-
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Figure1: The StackedRF-LISSOM Ar chitecture. ( � ) Themodelneuron.Leaky integratorsateachsynapseperformdecayedsummation
of incomingspikes,andtheoutgoingspikesestablishadynamicspikingthreshold.( � ) Theoverall organizationof theStackedRF-SLISSOM
network. The cortical network consistsof two sub-maps:MAP1 hasshort-rangeexcitation andlong-rangeinhibition, anddrivesthe self-
organizationof thecortex. In MAP2, bothexcitationandinhibition arelong range,establishingsegmentationandbinding.Thetwo mapsare
connectedwith intra-columnarconnectionssothatboththeself-organizationandsegmentationdynamicsareestablishedin bothmaps.

rangeexcitatory connectionsbecausethey were not found
necessaryto modeltheabovebehaviors.

However, it turnsoutthatsuchaparsimoniousmodelcan-
not accountfor filling-in phenomenasuchascontourinte-
gration. Thenetwork hasto beableto bind togetherrepre-
sentationsthatareseparatedby gaps:that is, it hasto have
long-rangeexcitatoryconnectionsthatlink togethertherep-
resentationsof thedifferentsegmentsof a fragmentedcon-
tour.

The RF-SLISSOMmodel is extendedin this paperwith
suchlong-rangeexcitatoryconnections(figure1). For con-
ceptualclarity, thecorticalnetwork is dividedinto two sep-
aratecomponents:(1) MAP1, which is similar to the RF-
SLISSOMcortex with short-rangeexcitatoryandlong-range
inhibitory connections.Thismaphasthetaskof driving the
self-organizationof the network into an orderedmap. (2)
MAP2, which hasthe taskof establishinglong-rangeseg-
mentationandbinding,with long-rangeexcitatory connec-
tionsthatallow contourintegration,andlong-rangeinhibito-
ry connectionsthatallow segmentationof separateobjects.

Thetwo mapsareassumedto beoverlaidin onecortical
network. In otherwords,themodelpredictsthatsomeof the
neuronsin eachhypercolumnare involved in establishing
andmaintainingorganization,whereasothersperformvisual
segmentationandbinding. The detailsof the architecture,
referredto asStackedRF-LISSOM,aredescribednext.

The Network Ar chitecture
Thedetailsof theneuronmodelareshownin figure1� . Each
connectionis a leaky integratorthatperformsexponentially

decayedsummationof incomingspikes,therebyestablish-
ing not only spatialsummation,but alsotemporalsumma-
tion of activity. The spike generatorcomparesthe net in-
put to a thresholdanddecideswhetherto fire a spike. The
thresholdis a sumof two factors:thebasethreshold� and
an exponentiallydecayedsumof pastspikes,formedby a
similar leaky integratorasin theinputsynapses(Eckhornet
al., 1990;Reitboeck,Stoecker, & Hahn,1993).

The overall organizationof the Stacked RF-SLISSOM
modelis shown in figure1� . Thenet input �	��
 � to thespike
generatorof the cortical neuron(in eachmap) at location
( ���� ) at time � consistsof the input from a fixed-sizerecep-
tivefield in theretina,centeredatthelocationcorresponding
to the neuron’s locationin the cortical network, from neu-
ronsaroundthe samelocation in the othermap,and from
neuronsaroundit in thesamemap:
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where � � ,� * , ��3 , and ��A arethe relative strengthsof the af-
ferent, intra-columnar, excitatory, and inhibitory contribu-
tions, # �% 
 ��! is thedecayedsumof spikesof theretinalneu-
ron ( DFE-�>DHG ), & �(�%
 �  � ! is the correspondingafferentconnec-
tion weight, / ,  
 , ! is thedecayedsumof spikesof thecor-
tical neuron(I E ��I G ) of theothercorticalmap, 0 �(�%
 ,- �,.! is the
correspondingintra-columnarconnectionweight, 6

4 5>� �J8@:-�
is the decayedsumof spikesfrom the mapneuron( KL�>M ) at
time �N8O: , and ;P�(�%
 4 5 is the correspondingexcitatory and
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Figure2: The self-organizedorientation map and patchy lateral connections. ( S ) Theorientationpreferencesof theneuronsin MAP1
areshown; bothmaps(MAP1 andMAP2) developedsimilar organizations.Thegrayscaleblack T white T black representspreferences
from 0 to 180degreesasalsoindicatedby theorientedline segments.Themaphasorganizedinto orientationcolumnssimilar to thosefound
in thevisualcortex. ( U ) Thestrengthof excitatory lateralconnectionsof neuronat (41,29)of MAP2 is (i.e., at the locationindicatedby the
arrow in ( S )) plottedin gray scale(white T black representsweak T strongconnectionweight). This neuronis sensitive to 140 degree
orientation,andits lateralconnectionslink it to otherneuronswith thesameorientationpreferencealongthe140degreedirectionacrossthe
map.

VCW=X>Y Z�[
theinhibitory lateralconnectionweight.

Theinput is keptconstantwhile thecorticalresponseset-
tles throughthe lateral connections,forming a concentrat-
ed,redundancy-reducedactivationpattern.Theretinalneu-
ronsarespikingconstantlyat eachiterationandthecortical
neuronsareallowed to exchangespikes. After a while, the
neuronsreacha stablerateof firing, andthis rateis usedto
modify theweights.Theafferent,lateralandintra-columnar
weightsaremodifiedaccordingto theHebbianprinciple:

\ W(X%Y ]_^?`ba�c�d \ W(X%Y ]_^?`bafe�g1cihkjmlnW(X-op]q^r ]_^ts \ W=X>Y ]_^ `�afeug-cihvjfl W=X o ]_^�w1x (2)

where \ W=X>Y ]_^?`�a�c is theconnectionweightbetweenneurons`by x2z c and
`b{ x�| c , \ W=X>Y ]_^?`ba_e}g1c

is the previous weight,
j

is the learningrate(
j9~

for afferent,
ji�

for intra-columnar,j9�
for excitatory, and

ji�
for inhibitory connections),

lnW=X
andop]_^

are the averagespiking ratesof the neurons. Those
connectionsthatbecomelessthan0.001in this processare
killed, modelingdeathof unusedconnections.

This processof weightadaptationis repeatedfor a num-
berof input patterns(e.g.orientedGaussians),andtheneu-
ronsbecomegraduallysensitive to particularorientationsat
particularlocations,andthemapformsa global retinotopic
orientationmapsimilar to that in thevisualcortex (Blasdel,
1992; Blasdel& Salama,1986). The self-organizedmap
will thensynchronizeanddesynchronizethe firing of neu-
ronsto indicatebindingandsegmentationof visual input to
differentobjects.

Experimentsand Results
A StackedRF-SLISSOMnetwork with a �����p��� retinaand
a ���t���F� cortex wastrainedfor 30,000iterationswith elon-
gatedGaussianbarsat randomlocationsin the retina(such
input approximatesthelocal featuresof naturalvisualstim-
uli aftertheedgedetectionandenhancementmechanismsin
the retina). Excitatorylateralconnectionsin MAP1 hadan
initial radiusof 3 andgraduallyreducedto 1, andinhibitory
lateralconnectionshada fixedradiusof 7. In MAP2, both
typesof lateral connectionshad a radiusof 19. Afferent
connectionsto theretinahadaradiusof 7 in bothmaps,and
intra-columnarconnectionsaradiusof 1. Duringeachtrain-
ing presentation,the network wasallowed to settlefor 13
time steps(throughequation1) andall connectionsexcept
theinhibitory lateralconnectionswereupdatedaccordingto
equation2. The fixed inhibition providesa baselineglobal
inhibition similar to othercortical models(Eckhornet al.,
1988;von der Malsburg & Buhmann,1992),usedbecause
it is simple and sufficient to establishsegmentation. The
simulationsarenot particularlysensitive to theseparameter
valuesaslong asthey arequalitatively similar.

A well-formed orientationmap emergedin this process
(figure 2Q ). Becauseof the intra-columnarconnections,
similar activity patternsformedon both mapsduring self-
organization,andthey developedalmostidenticalorganiza-
tions (only MAP1 is shown in figure 2). The lateral con-
nectionswith weightslessthan0.001werekilled in theend,
thus leaving a patchyconnectionprofile (figure 2R ). Only
thoseconnectionsthat link areaswith highly-correlatedac-
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Figure3: Contour integration with Stacked RF-SLISSOM. ( � ) A smoothinput contour. ( � ) A randomlyorientedcontour. ( � , � ) The
MUAs of theareasrespondingto eachline segmentin ( � ) and( � ). Timeis onthe � -axisandthethreerowsfrom topto bottomrepresentMUA
of area1, area2 andarea3 by gray-scalecoding. ( � ) A comparisonof thecorrelationcoefficientsbetweentheMUAs. In eachexperiment
(smoothvs. randomcontours),the MUAs from threeareasin MAP2 weregatheredover 600 iterationsand the correlationsbetweenthe
MUAs werecalculated.The � -axis is theindex for MUA pairs. For example, �F�'�1���=�=� representsMUA pairs �2�H���1�>�C�2�H�"�-�>�%���=� . The � -axis is
the correlationcoefficient � ascalculatedby equation3. Whenthe contourelementsaresmooth,the MUAs arehighly correlated,but the
correlationis very low whenthecontourelementsarerandomlyorientedrelative to eachother. This indicatesthatthenetwork bindssmooth
contourstogetherthroughsynchronizedfiring of neuronsbut perceivesrandomcontoursasmultiple objects.This result is consistentwith
experimentaldataandcanbeexplainedby theexistenceof patchyexcitatorylateralconnectionsdevelopedthroughself-organization.

tivity, suchasthosealonga continuouscontour, remainin
theend.

Thepatchylateralconnectionsthereforeform thefounda-
tion for featurebindingandcontourintegrationin themodel.
Thenetwork shouldbe ableto bind togetherseparatedline
segmentsif they arecollinearandthereforelikely to bepart
of the samecontour. If their directionsdo not agree,they
shouldnot beboundtogetherbecausethey arelikely to be-
long to differentobjects.

To testthis hypothesis,threeelongatedGaussianbarsar-
rangedin two differentconfigurations,i.e. smoothandran-
domcontours(figure 3� , � ), werepresentedto the network.
For eachinput bar, the numberof spikesgeneratedby the

areaof the cortex that respondedto the bar was counted
at eachtime step(figure 3� , � ). This quantity is called the
Multi-Unit Activity of theresponse,or MUA, andit canbe
usedto identify which areaof the cortex is the mostactive
ateachtimestep.

In order to measuresynchronizationbetweentwo ar-
eas,linear correlationcoefficient � betweentheir MUA se-
quencescanbecalculatedasfollows:

�¡  ¢¤£>¥�¦ £?§©¨¦Jª.¥b« £?§©¨«¬ª ¢ £>¥�¦ £?§©¨¦Jª�®  ¢ £%¥b« £¯§°¨«¬ª�® (3)

where ¦ £ and « £ , ±t ³²�´Hµ¶µ·µ¶´%¸ arethe MUA valuesat time± for the two areasrepresentingthe two differentobjectsin



thescene,and ¨¦ and ¨« arethemeanof eachsequence.
Using¹ this measure,the contourintegrationcapabilityof

thenetwork wastested.Thedegreeof synchrony in thetwo
differentcaseswascompared:in thefirst case,thesegments
lined up to form a smoothcontour, andin thesecond,their
orientationwasrandom(figure3).

During self-organization, patchy lateral connections
formed betweenneuronsthat representcollinear line seg-
ments(figure2). In thefirst casetheseconnectionssynchro-
nize the responsesof the threeareas.No suchconnections
exist for line segmentsthatarenot collinear, andtheMUAs
remaindesynchronizedin thesecondcase.Thiswaythenet-
work perceivesthecollinearsegmentsasoneobject,but the
randomline segmentsasthreeseparateobjects.

Although the examplein figure3 shows only threebars,
theeffect is robust. Thenetwork may integratelong chain-
s of near-collinear line segmentsthis way, whereasa per-
pendicularsegment in the middle will break the integra-
tion. This way the network suggestsa possiblemechanism
for contourintegration,anddemonstrateshow thenecessary
connectionsemerge automaticallyasa sideeffect of Heb-
bianself-organizationof lateralconnections.

Discussion
Whethercontourintegrationoccursor not in themodelde-
pendsonwhetherthecorticalareasareconnectedwith exci-
tatory lateralconnectionsor not. Themodelthereforesug-
gestsanexplanationfor thedifferentcontourintegrationca-
pability of thedifferentvisualareas:integrationis possible
only if focused(i.e. patchy)lateral connectionsexist link-
ing collinear neuronswith similar orientationpreferences.
If peripheralareasandtheuppervisualfield do not receive
denseenoughvisualinput for suchconnectionsto form dur-
ing development,theconnectionsbecomediffuse,resulting
in weaker integration.

Statisticsof imagesprojectedontheretinaindeedsupport
this hypothesis.Reinagel& Zador(1999)showed that hu-
mangazemostoftenfallsuponareaswith highcontrastand
low pixel correlationthanotherareas.As a result,sharpim-
agesprojectmoreoftenon thefoveathantheperiphery, al-
lowing morespecificconnectionsto form. A similarmethod
canbe usedto find out if there’s a differencein statistical
distribution of imagefeaturesin the lower vs. upperhemi-
sphere. Suchstatisticaldifferencetogetherwith Hebbian
self-organizationwould result in differentcontourintegra-
tion capabilityin differentvisualareas.

Anotherwayof verifying thishypothesiswouldbeto rear
an animalwith eye glassesthat flip the input to the upper
andlower hemifield. After the critical period,the animal’s
performanceon contourdetectiontaskcould be measured,
andtheconnectivity patternsformedin theupperandlower
hemifieldanalyzed.Thepredictionis thathigh connectivity
and good integration would occur in the upperhemifield,
insteadof thelowerhemifieldasin normalanimals.

TheStackedRF-SLISSOMnetwork canbetestedfurther
in moreadvancedcontourintegrationandgestaltperception
taskssuchassubjective contourdetectionandoccludedob-
ject recognition. The excitatory lateralconnectionsshould

beableto mediatethesephenomenaaswell. Moreover, ori-
entationmapsfor subjective contoursareknown to exist in
V2 (Shethet al., 1996);theStackedRF-SLISSOMcouldbe
extendedto model V2 as well, therebyextendingour un-
derstandingof the visual self-organizationand function at
higherlevels.

Conclusion
Input-driven self-organizationof afferent, intra-columnar,
and lateral connectionswas shown to give rise to patchy
connectivity patternsthat can facilitatecontourintegration
in thevisualcortex. Themodelalsosuggeststhatdifferent
statisticsof inputpresentations,andtheresultingpatchylat-
eralconnectionpatterns,maybe the causefor thedifferent
degreesof contourintegrationobservedin thedifferentvisu-
al areas.It shouldbepossibleto accountfor otherlow-level
gestaltphenomenaandalsosubjective contoureffectswith
similar computationalprinciples.
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