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Abstract

The receptive �elds of neuronsin the mammalianprimary visual cortex areorientednot only in
the domainof space,but in mostcases,alsoin the domainof space-time.While the orientationof a
receptive �eld in spacedeterminestheselectivity of theneuronto imagestructuresata particularorien-
tation,a receptive �eld' s orientationin space-timecharacterizesimportantadditionalpropertiessuchas
velocityanddirectionselectivity. Previousstudieshave focusedonexplainingthespatialreceptive �eld
propertiesof visualneuronsby relatingthemto thestatisticalstructureof staticnaturalimages.In this
report,weexaminethepossibilitythatthedistinctivespatiotemporalpropertiesof visualcorticalneurons
canbeunderstoodin termsof a statisticallyef�cient strategy for encodingnaturaltime varyingimages.
We describean arti�cial neuralnetwork that attemptsto accuratelyreconstructits spatiotemporalin-
put datawhile simultaneouslyreducingthe statisticaldependenciesbetweenits outputs. The network
utilizes spatiotemporallysummatingneuronsand learnsef�cient sparsedistributedrepresentationsof
its spatiotemporalinput streamby usingrecurrentlateralinhibition anda simplethresholdnonlinearity
for recti�cation of neuralresponses.Whenexposedto naturaltime varyingimages,neuronsin a simu-
latednetwork developedlocalizedreceptive �elds orientedin bothspaceandspace-time,similar to the
receptive �elds of neuronsin theprimaryvisualcortex.

1 Intr oduction
Sincetheseminalexperimentsof HubelandWieselover 30 yearsago[HubelandWiesel,1962;1968], it
hasbeenknown thatneuronsin the mammalianprimaryvisual cortex respondselectively to stimuli such
asedgesor barsat particularorientations.In many cases,the neuronsaredirectionallyselective i.e. they
respondonly to motionin aparticulardirection.An especiallyusefulconceptin characterizingtheresponse
propertiesof visual neuronshasbeenthe notion of a receptive �eld. The receptive �eld of a neuronis
classicallyde�nedastheareaof visualspacewithin whichstimuli suchasbarsor edgescanelicit responses

�
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from theneuron[Hartline,1940]. Althoughthey area functionof bothspaceandtime,earlydepictionsof
visualreceptive �elds werecon�ned to spatialcoordinates.In recentyears,new mappingtechniqueshave
allowed thecharacterizationof receptive �elds in bothspaceandtime [Emersonet al., 1987;McLeanand
Palmer, 1989;Shapley etal., 1992;DeAngelisetal., 1993a] (see[DeAngelisetal., 1995] for areview). The
new mappingresultsindicatethat in mostcases,the receptive �eld of a visualneuronchangesover time.
It hasbeennotedthat while the spatialstructureof a receptive �eld indicatesneuronalattributessuchas
preferencefor a particularorientationof barsor edges,thespatiotemporalstructureof a neuron's receptive
�eld governsimportantdynamicalpropertiessuchasvelocityanddirectionselectivity [AdelsonandBergen,
1985;WatsonandAhumada,1985;Burr et al., 1986]. In particular, orientationof aneuron's receptive �eld
in space-timeindicatesthepreferreddirectionof motionwhile theslopeof theorientedsubregionsgivesan
estimateof thepreferredvelocity [McLeanandPalmer, 1989;AlbrechtandGeisler, 1991;Reidetal., 1991;
DeAngelisetal., 1993b;McLeanetal., 1994].

An attractive approachto understandingthe receptive �eld propertiesof visual neuronsis to relate
themto the statisticalstructureof naturalimages.Motivatedby the propertythat naturalimagespossess
a ������� power spectrum[Field,1987], Atick andRedlich[Atick, 1992;Atick andRedlich,1992] provided
an explanationof the center-surroundstructureof retinal ganglionreceptive �elds in termsof whitening
or decorrelationof outputsin responseto naturalimages.SeveralHebbianlearningalgorithmsfor decor-
relationhave alsobeenproposed[Bienenstocket al., 1982;Williams, 1985;Barrow, 1987;Linsker, 1988;
Oja,1989;Sanger, 1989;Foldiak,1990;Atick andRedlich,1993], many of whichperformPrincipalCom-
ponentAnalysis (PCA). Although the PCA of naturalimagesproduceslower ordercomponentsthat re-
sembleoriented�lters [Baddeley andHancock,1991;Hancocket al., 1992], thehigherordercomponents
areunlike any known neuralreceptive �eld pro�les. In addition,the receptive �elds obtainedareglobal
ratherthanlocalizedfeaturedetectors.Recently, OlshausenandField showed that a neuralnetwork that
includesthe additionalconstraintof maximizingthe sparsenessof the distribution of outputactivities de-
velops,whentrainedon staticnaturalimages,synapticweightswith localized,orientedspatialreceptive
�elds [OlshausenandField,1996] (seealso[HarpurandPrager, 1996;RaoandBallard,1997a] andrelated
work on projectionpursuit[Huber, 1985] basedlearningmethods[Intrator, 1992;Law andCooper, 1994;
Shouval, 1995]). Similar resultshave also beenobtainedusing an algorithm that extractsthe indepen-
dentcomponentsof a setof staticnaturalimages[Bell andSejnowski, 1997]. Thesealgorithmsareall
baseddirectly or indirectly on Barlow's principle of redundancyreduction[Barlow, 1961; 1972; 1989;
1994], wherethegoal is to learn“featuredetectors”whoseoutputsareasstatisticallyindependentaspos-
sible. Theunderlyingmotivation is thatsensoryinputssuchasimagesaregenerallycomprisedof a setof
independentobjectsor featureswhosecomponentsarehighly correlated.By learningdetectorsfor these
independentfeatures,thesensorysystemcandevelopaccurateinternalmodelsof thesensoryenvironment
andcanef�ciently representexternaleventsassparseconjunctionsof independentfeatures.

In this paper, we explorethepossibilitythat thedistinctive spatiotemporalreceptive �eld propertiesof
visual corticalneuronscanbe understoodin termsof a statisticallyef�cient strategy for encodingnatural
timevaryingimages[EckertandBuchsbaum,1993;DongandAtick, 1995]. Wedescribeanarti�cial neural
network thatattemptsto accuratelyreconstructits spatiotemporalinputdatawhile simultaneouslyreducing
thestatisticaldependenciesbetweenits outputs,asadvocatedby the redundancy reductionprinciple. Our
approachutilizesa spatiotemporal generativemodelthatcanbeviewedasasimpleextensionof thespatial
generativemodelusedbyHarpurandPrager[HarpurandPrager, 1996], OlshausenandField[Olshausenand
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Field,1996], RaoandBallard[RaoandBallard,1997a], andothers.Thespatiotemporalgenerativemodelal-
lowsneuronsin thenetwork toperformnotjustaspatialsummationof thecurrentinput,but aspatiotemporal
summationof bothcurrentandpastinputsover a �nite spatiotemporalextent. Thenetwork learnsef�cient
sparsedistributedrepresentationsof its spatiotemporalinput streamby utilizing lateralinhibition [Foldiak,
1990] and a simple thresholdnonlinearity for recti�cation of neural responses[Lee and Seung,1997;
Hinton and Ghahramani,1997]. Whenexposedto naturaltime varying images,neuronsin a simulated
network developedlocalizedreceptive �elds orientedin bothspaceandspace-time,similar to thereceptive
�elds of neuronsin theprimaryvisualcortex.

2 Spatial Generative Models

The ideaof spatialgenerative modelshasreceived considerableattentionin recentstudiespertainingto
neuralcoding[HintonandSejnowski, 1986;JordanandRumelhart,1992;Zemel,1994;Dayanetal., 1995;
Hinton and Ghahramani,1997], althoughthe rootsof the approachcanbe tracedback to early ideasin
controltheorysuchasWiener�ltering [Wiener, 1949] andKalman�ltering [Kalman,1960]. In thissection,
we �rst considera classof spatialgenerative modelsthathave previously beenusedin theneuralmodeling
literaturefor explainingspatialreceptive �eld properties[HarpurandPrager, 1996;OlshausenandField,
1996;RaoandBallard,1997a]. Thiswill serve to motivatethespatiotemporalmodelswewill beconcerned
with later.

Assumethatanimage,denotedby a vectorI of � pixels,canberepresentedasa linearcombinationof
asetof

�

basisvectors�������

�

�������	����
 :

I �







���

�

�

����� (1)

Thecoef�cients ��� canberegardedasaninternalrepresentationof spatialcharacteristicsof theimageI , as
interpretedusingthe internalmodelde�ned by the basisvectors �

� . In termsof a neuronalnetwork, the
coef�cients �

� correspondto theactivities or �ring ratesof neuronswhile thevectorsin thebasismatrix �

correspondto thesynapticweightsof neurons.It is convenientto rewrite theabove equationin matrix form
as:

I ��� r (2)

where� is the ���

�

matrixwhosecolumnsconsistof thebasisvectors�

� andr is the
�

� � vectorconsisting
of coef�cients ��� .

Thegoalis to estimatethecoef�cients r for agivenimageand,ona longertimescale,learnappropriate
basisvectorsin � . A standardapproachis to de�ne a least-squarederrorcriterionof theform:

�

��� �




���

�

���

� �

�

� r !

� (3)

�

�

I �

� r !#"

�

I �

� r ! (4)

where
�

� denotesthe $ th pixel of I and �

� denotesthe $ th row of � . Note that
�

� is simply the sumof
squaredpixel-wiseerrorsbetweentheinput I andtheimagereconstruction� r . Estimatesfor � andr can
be obtainedby minimizing

�

�

[Williams, 1985;Daugman,1988;Pece,1992;HarpurandPrager, 1996;
OlshausenandField,1996;RaoandBallard,1997a].
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Onecanobtainaprobabilisticgenerative modelof theimagegenerationprocessby utilizing aGaussian
noiseprocessn to model the differencesbetweenI and � r . The resultingstochasticgenerative model
becomes:

I ��� r � n (5)

If a zeromeanGaussiannoiseprocessn with unit covarianceis assumed,onecanshow that
�

� is theneg-
ative log likelihoodof generatingtheinput I (see,for example,[BrysonandHo, 1975]). Thus,minimizing

�

� is equivalentto maximizingthelikelihoodof theobserveddata.
Unfortunately, in many cases,minimizationof a least-squaresoptimizationfunctionsuchas

�

� with-
out additionalconstraintsgeneratessolutionsthatarefar from beingadequatedescriptorsof the trueinput
generationprocess.For example,a popularsolutionto the least-squaresminimizationcriterion

�

� is prin-
cipalcomponentanalysis(PCA),alsosometimesreferredto aseigenvectoror singularvaluedecomposition
(SVD) of theinputcovariancematrix. PCAoptimizes

�

� by �nding asetof mutuallyorthogonalbasisvec-
torsthatarealignedwith thedirectionsof maximumvariancein theinputdata.This is perfectlyadequatein
thecasewheretheinputdatacloudsareGaussianandcapturingpairwisestatisticssuf�ces. However, statis-
tical studieshave shown thatnaturalimagedistributionsarehighly non-Gaussianandcannotbeadequately
describedusingorthogonalbases[Field,1994]. Thus,additionalconstraintsarerequiredin orderto guide
theoptimizationprocesstowardssolutionsthatmoreaccuratelyre�ect theinputgenerationprocess.

Oneway of addingconstraintsis to take into accounttheprior distributionsof theparametersr and � .
Thus,onecanminimizeanoptimizationcriterionof theform:

�

�

�

��� �

�

r !����

�

� ! (6)

where �

���

! and �

�

��! aretermsrelatedto theprior distributionsof theparametersr and � . In particular,
they denotethenegative log of theprior probabilitiesof r and � respectively. Whenviewedin thecontext
of informationtheory, thesenegative log probabilitytermsin

�

canbeinterpretedasrepresentingthecost
of codingtheparametersin bits (in thebase� ). Thus,thefunction

�

canbegivenaninterpretationin terms
of theminimumdescriptionlength(MDL) principle[Rissanen,1989;Zemel,1994], namely, thatsolutions
arerequirednotonly to beaccuratebut alsoto becheapin termsof codinglength.This formalizesthewell-
known Occam's Razorprinciplethatadvocatessimplicity over complexity amongsolutionsto a problem.
Onemay alsonotethat minimizing

�

is equivalent to maximizingthe posteriorprobabilityof input data
(maximumaposteriori(MAP) estimation).

Speci�c choicesof � and � determinethe the natureof internal representationsthat will be learned.
For example,OlshausenandField [OlshausenandField, 1996] proposedfunctionsof the form �

�	�

! �


���


�

���

�

�
! , �

�	�

! ���

�

� and �

�	�

! �

�

������� to encouragesparsenessin r . Alternately, one canusea
zero-meanmultivariateGaussianprior on r [RaoandBallard,1997a] to yield thenegative log of theprior
density:

�

�

r ! ��� r
"��

r (7)

where � is a positive constantand � denotesa setof lateralweights.Thematrix �
� representstheinverse

covariancematrix of r . We show in the next sectionthat this choiceenforceslateral inhibition among
theoutputneurons,therebyencouragingsparsedistributedrepresentations,andleadsto an“anti-Hebbian”
learningrule for the lateralweights

�
equivalentto Foldiak's well-known adaptationrule [Foldiak,1990].
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Figure1: GenerativeModels. (A) Linearspatialgenerativemodelusedin [HarpurandPrager, 1996;OlshausenandField,1996;
RaoandBallard,1997a]. A given input imageI is assumedto begeneratedby multiplying a basisvectormatrix � with a setof
“hidden” causesrepresentedby the spatialresponsevectorr . (B) Spatiotemporalgenerative modelusedin this paper. An input
imagesequenceI ����� , ���	��

���
�

�� , is assumedto begeneratedby multiplying a setof basismatrices������� , ������
��
���

�� , with a
spatiotemporalresponsevectorr .

In thecaseof � , for thesake of simplicity, we will assumea Gaussiandistribution with a covariance����� ,
yielding thefollowing valuefor � :

�

�

� ! ��� ��� � ���

� (8)

where ����� ���
� denotesthesumof squaresof theelementsof thegivenmatrix.

A �nal constraintis motivatedbothby biology andby informationcodingconcerns.We will constrain
the network outputs(coef�cients ��� ) to be non-negative, acknowledging the fact that the �ring rateof a
neuroncannotbe negative.� The non-negativity constraintis especiallyattractive in informationcoding
termssinceit causesan in�nite densityat � for the recti�ed �

� and a consequentlow coding cost at �

[HintonandGhahramani,1997], whichencouragessparsenessamongtheoutputsof thenetwork.

�

We areoverlookingthepossibilitythata singleneuroncansignalbothpositive andnegative quantitiesby raisingor lowering
its �ring ratewith respectto a �x edbackground�ring ratecorrespondingto zero.
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3 SpatiotemporalGenerativeModels

In theprevioussection,the input dataconsistedof staticimagesI , andwe useda singlebasismatrix � to
capturethestatisticalstructureof thespaceof input images.Furthermore,thespatialstructuregivenby the

� pixelsof the imageI wereinternallyrepresentedby a singlespatialresponsevectorr . We now draw an
analogybetweentimeandspaceto de�ne aspatiotemporalgenerative model.

Supposeour trainingsetconsistsof differentsequencesof
�

imageseach,a givensequencebeingde-
notedby the vectorsI

���

! ,
�

� � �������	�

�

. We will usea setof
�

basismatrices �

���

! ,
�

� � ������� �

�

. For
each

�

, �

���

! will be usedto capturethe statisticalstructureof the imagesoccurringat the time step
�

in
thetrainingsequences.As will becomeclearin thenext section,theunderlyingmotivationhereis that the
neuronsin the network performnot just a spatialsummation,but a space-timesummationof inputsover
a �nite spatiotemporalextent (seeFigure2). Thus,sinceinputsareweighteddifferentiallydependingon
their spatiotemporalhistory, we needto learna setof synapticweights, onefor eachtime instant

�

. These
spatiotemporalsynapticweights,asgivenby the �

���

! , in turndeterminethespatiotemporalreceptive �elds
of theneuronsin thenetwork.

A singlespatiotemporal responsevectorr will be usedto characterizea given spatiotemporalimage
sequencefor

�

� � �������	�

�

, in muchthesamewayasasinglespatialresponsevectorwaspreviously usedto
characterizethespatialstructurefor $ � � ������� � � pixelsof agivenstaticimage.Wethusobtainthefollowing
space-timeanalogof Equation2:

I
���

! ���

���

! r �

�

� � �������	�

�

(9)

Notethatin thespecialcasewhere
�

� � , weobtainEquation2.
From a probabilisticperspective, onecanrewrite Equation9 in the form of the following stochastic

generative model: �

�

�

�

��

I
�

�	!

I
���

!

...
I

�

�

!

�	�

�

�

�




�

�

�

�

�

��

�

�

�	!

�

���

!

...
�

�

�

!

�	�

�

�

�




r � n (10)

wheren is a stochasticnoiseprocessaccountingfor thedifferencesbetweenI
���

! and �

���

! r . Onceagain,it
is easyto seethatEquation5 is aspecialcaseof theabove generative model,where

�

� � .
Wecannow de�ne thefollowing space-timeanalogof theoptimizationfunction4:

�

�
�







�

�

�

�




���

�

���

�

���

!

�

�

�

���

! r !

� (11)

�







�

�

�

�

I
���

!

�

�

���

! r !
"

�

I
���

!

�

�

���

! r ! (12)

This is simply the sumof squaredpixel-wisereconstructionerrorsacrossboth spaceandtime. As in the
previous section,if n is assumedto bea zeromeanGaussianwith unit covariance,onecanshow that

�

�

is thenegative log likelihoodof generatingtheinputsI
�

�	!�������� � I
���

! . Thus,minimizing
�

� is equivalentto
maximizingthelikelihoodof thespatiotemporalinputsequence.
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As in theprevioussection,by assumingGaussianpriorson theparametersr , �

���

! and � , weobtainthe
following MDL-basedcostfunction:

�

�

�

� � � r
" � r � ����� � ���

�

��� ��� � ���

� (13)

We will additionallyconstraintheelements��� of r to benon-negative asdiscussedin theprevioussection.
Thus,wearenow left with thetaskof �nding optimalestimatesof r , �

���

! , and � . Thiscanbeachievedby
minimizing

�

usinggradientdescentasdiscussedin thenext section.

4 Network Dynamicsand Learning Rules

In this section,we describegradient-descentbasedestimationrulesfor obtainingoptimal estimatesof r ,
�

���

! and
�

. In thecasewheretheinputconsistsof batchdata,asin Section4.1,onemayalternatebetween
theoptimizationof r for �x ed �

���

! and � , andtheoptimizationof �

���

! and � for �x edr , therebyimple-
mentinga form of the expectation-maximization(EM) algorithm[Dempsteret al., 1977]. In the caseof
on-linedata,which is consideredin Section4.2,theoptimizationof r occurssimultaneouslywith �

���

! and
�

. However, thelearningratesfor �

���

! and
�

aresetto valuesmuchsmallerthantheadaptationrateof r .

4.1 Estimation of r
An optimalestimateof r canbeobtainedby performingstochasticgradientdescenton

�

with respectto r :

�

r �

�

�

�

�

�

�

�

r
�

�

�







�

�

�

�

���

!

"

��� ���

!

�

�

���

! r !

�

�

� �
� r (14)

where
�

��� � governstherateof descenttowardstheminima.Theaboveequationis relatively easyto inter-
pret: in orderto modify r towardstheoptimalestimate,weneedto obtaintheresidualerror

��� ���

!

�

�

���

! r !

betweenthe input at time
�

and its reconstruction�

���

! r . The residualerrorsfor the varioustime steps
�

� � �������	�

�

are thenspatiotemporallyweightedby their correspondingweights �

���

!

"

to obtaina spa-
tiotemporalsum,which is modi�ed by lateralinhibition dueto theterm �

�
�

r . In aneuralimplementation,
theindividual rowsof thematrices�

���

!

"

wouldcomprisethesynapticweightsof asinglespatiotemporally
summatingneuron.Thus,the $ th row of �

�	�

!

"

would representtheeffectof thesynapsesof the $ th neuron
for time instant

�

. Figure2A shows a network implementationof theabove dynamics.A possibleproblem
with thisimplementationis theneedfor computing

�

globalresidualerrorsateachiterationof theestimation
process.Thisbecomesespeciallyproblematicin thecasewherethedatais beingobtainedon-linesinceone
wouldneedto keepthepast

�

imagesin memoryandin addition,use
�

separatesetsof neuronsrepresenting
thematrices�

���

! for generatingthesignals�

���

! r ateachiteration.
Thedynamicscanbeimplementedmorelocally by rewriting Equation14 in thefollowing form:

�

r �

�

�







�

�

�

�

���

!
"

� ���

!

�

�

��
 r �

�

� �
�

r (15)

where 
 �
�




�

�

�

�

���

!

"

�

���

! . Notethat this form of thedynamicsdoesnot requirethat
�

residualerrors
becomputedateachiteration.Rather, wesimplyperformaspatiotemporal�ltering of theinputsI

���

! using
thesynapticweightmatrices�

���

!

"

for
�

� � �������	�

�

andthensubtracttwo lateralterms,oneinvolving 
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Figure2: Alter nateNetwork Implementationsof the ResponseVector Dynamics.(A) showsagloballyrecurrentarchitecture
for implementingthedynamicsof theresponsevectorr (Equation16). Thearchitecturerequiresthecalculationof � residualerror
signals[Mumford,1994;Barlow, 1994;Pece,1992;RaoandBallard,1997a] betweenpredictedimagesandactualimages.These
errorsare�ltered by asetof spatiotemporallysummatingneuronswhosesynapsesrepresentthematrices������� . Theresultis usedto
correctr in conjunctionwith recurrentlateralinhibition andrecti�cation. (B) showsabiologicallymoreplausiblelocally recurrent
architecturefor implementingthedynamicsof r . Ratherthancomputingglobalresidualerrors,theinputsaredirectly �ltered by a
setof spatiotemporallysummatingneuronsrepresenting������� . Theresultis thenfurthermodi�ed by recurrentexcitation/inhibition
dueto theweights � (seetext) aswell aslateralinhibition dueto theweights� .

8



and the other involving � . While the term involving � is exclusively inhibitory, the componentsof the
vector �

�

��
 r maybeexcitatoryor inhibitory. Onceagain,therows of thematrices�

���

!

"

correspondto
thesynapsesof spatiotemporallysummatingneurons,with the $ th row of �

�	�

!

"

representingthesynaptic
weightsof the $ th spatiotemporalneuronfor time instant

�

.
Expressingtheabovedynamicsin its discreteform andaddinga�nal constraintof non-negativity results

in thefollowing equationfor updatingr until convergenceis achievedfor thegiveninputsequence:

r
�

$ � �	! �

�

r
�

$ ! �

�

�

�







�

�

�

�

���

!

"

� ���

!

�


 r
�

$ !

�

� � r
�

$ ! !���� (16)

where � � �

�

is a thresholdnonlinearityfor recti�cation: �

�

�

�

���
	

���	�

� � ! , appliedto all componentsof the
givenvector. It is interestingto notethesimilarity betweenthedynamicsasgivenby thestochasticgradient
descentruleaboveandthoseproposedby LeeandSeungfor their “Conic” network [LeeandSeung,1997].
In particular, the above equationcanregardedasa spatiotemporalextensionof the dynamicsusedin the
Conicnetwork. A network implementationof thisequationis shown in Figure2B.

4.2 On-Line Estimation
The dynamicsdescribedabove canbe extendedto the morerealisticcasewherethe inputsarebeingen-
counteredon-line. Let � representthecurrenttime instant.Theon-lineform of Equation15 is thengiven
by:

�

r �

�

�







�

�

�

�

���

!

"

� �

�

�

�

�

�

!

�

�

� 
 r �

�

� �
� r (17)

Expressingtheabovedynamicsin its discreteform andenforcingtheconstraintof non-negativity yieldsthe
following rule for updatingr ateachtime instant:

r
�

� � �	! �

�

r
�

� ! �

�

�

�







�

�

�

�

���

!

"

� �

�

�

�

�

�

!

�


 r
�

� !

�

�
�

r
�

� ! !��
�

(18)

wherethe operator � � �

�

againdenotesrecti�cation. In summary, the currentspatiotemporalresponseis
determinedby threefactors:theprevious spatiotemporalresponser

�

� ! , the past
�

inputsI
�

� !��������	� I
�

�

�

�

� �	! , and lateral inhibition due to 
 and � . Thesethreefactorsat time instant � are combinedvia
summation,followedby recti�cation, to yield theresponsesat timeinstant� � � . Theconsiderationof only
thepast

�

inputsratherthantheentireinputhistoryin theequationabove is consistentwith theobservation
thatcorticalneuronsprocessstimuli within restrictedtemporalepochsof time(see,for example,[DeAngelis
etal., 1995]).

4.3 Learning Rules
A learningrule for determiningtheoptimalestimatefor each�

���

! canbeobtainedby performinggradient
descenton

�

with respectto �

���

! , for each
�

� � �������	�

�

:

�

�

���

! �

�

�

�

�

�

�

�

�

���

!

�

�

�

��� ���

!

�

�

���

! r ! r
"

�

�

�

� �

���

! (19)
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where
�

�

� � is the learningrateparameter. Note that for theon-linecase,I
���

! is replacedby its on-line
counterpartI

�

�

�

�

�

�

! in theabove equation.
Similarly, a learningrule for thelateralweights� canbeobtainedby performinggradientdescenton

�

with respectto � :
�

� �

�

���

�

�

�

�

�

�

� �

� rr
"

�

� �

� �
(20)

Notethatthis is a Hebbianlearningrulewith decay. In conjunctionwith theinhibition in thedynamicsof r
(Equation18), theabove learningrule canbeseento beequivalentto Foldiak's anti-Hebbianlearningrule
[Foldiak,1990], if thediagonaltermsof � , which implementself-inhibition,aresetto zero.

5 Experimental Results

Thealgorithmsderivedin theprevioussectionweretestedonasetof � vedigitizednaturalimagesfrom the
AnselAdamsFiatLux collectionat theUCR/CaliforniaMuseumof Photography(Figure3A, imagesrepro-
ducedwith permission).Theimageswereof size

�����

�

�����

pixelswith grayscalepixel valuesbetween� and
�����

. Eachimagewaspreprocessedby �ltering with acircularlysymmetricalzero-phasewhitening/low-pass
�lter with thespatialfrequency pro�le [OlshausenandField,1996;Atick andRedlich,1992]:

�

�

� ! � ���

�

	�

��
������

(21)

wherethe cut-off frequency ��� �

�

��� cycles/image.As describedin [Olshausenand Field, 1997], the
whiteningcomponentof the �lter 


�

� ! � � performs“sphering” for naturalimagedataby attenuating
the low frequenciesandboostingthe higher frequencies.The low-passexponentialcomponent

�

�

� ! �

�
�

	�

��

�

�
�

helpsto reducethe effects of noise/aliasingat high frequenciesand eliminatesthe artifactsof
usinga rectangularsamplinglattice.

Figure3B shows thefrequency pro�le of thewhitening/low-pass�lter in the1-D casewhile Figure3C
shows the 2-D case. The correspondingspatialpro�le obtainedvia inverseFourier transformis shown
in Figure3D. Thespatialpro�le resemblesthe well-known center-surroundreceptive �elds characteristic
of retinal ganglioncells. Atick andRedlich[Atick andRedlich,1992;Atick, 1992] have shown that the
measuredspatialfrequency pro�les of retinal ganglioncells arewell approximatedby �lters resembling

�

�

� ! . Figure3Eshows theresultsof �ltering animagefrom thetrainingsetusing
�

�

� ! .
Thetrainingdatacomprisedof sequencesof contiguousimagepatchesextractedfrom the�ltered natural

images.Therelative sizeof a �

�

� �

�

patchis shown asa box labeledRF in Figure3E. Startingfrom an
imagepatchextractedat a randomlyselectedlocation in a given training image,the next training patch
wasextractedby moving in oneof

�

directionsasshown in Figure3F. This wasachievedby incrementing
or decrementingthe

�

and/or � coordinateof the currentpatchlocationby oneaccordingto the current
directionof motion. After every

�

��� imagepatches,thecurrentdirectionwassetrandomlyto oneof the
�

possibledirections.Thedirectionwasalsorandomlychangedin caseanimageboundarywasencountered.
A new trainingimagewasobtainedafterevery � ��� patches,therebycycling throughthe� ve preprocessed
trainingimages.

In the�rst experiment,a network of �

�

�

neuronswastrainedon sequencesof naturalimagepatchesof
size

�

�

�

. Thetemporalextentof processingwassetto
�

�

�

, resultingin �

�

�

setsof
�

synapticweight
vectors.Thesevectors,which form therows of �

���

!

"

,
�

� � �������	�

�

, wereinitialized to uniformly random
valuesandnormalizedto lengthone.After thepresentationof eachtrainingimagepatch,theresponsevector
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Figure3: Training Paradigm. (A) The� ve naturalimagesusedin theexperiments.Theoriginal negativesarefrom theAnsel
AdamsFiat Lux collectionat theUCR/CaliforniaMuseumof Photography(imagesreproducedwith permission).(B) 1-D spatial
frequency responsepro�le of zero-phasewhitening/low-pass�lter usedfor preprocessingthe naturalimages. (C) The full 2-D
responsepro�le of thesame�lter . (D) Thepro�le in thespacedomainobtainedby inverseFouriertransform(IFT), showing the
familiar center-surroundreceptive �eld characteristicof retinalganglioncells (seetext). (E) A naturalimageafterbeing�ltered
with thecenter-surround�lter in (D). Therelativesizeof a ����� ��� receptive �eld (samesizeastheinput imagepatches)is shown
asa box labeled“RF” on the bottomright corner. (F) depictsthe processof extractingimagepatchesfrom the �ltered natural
imagesfor trainingtheneuralnetwork. Patchesareextractedfrom thesquarewindow asit movesin oneof � directionswithin a
giventrainingimage(seetext from moredetails).
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Figure 4: Example of Receptive Field Dynamics after Learning (RF size = � � � ). (A) shows the initial set of � � �

synapticweights(or receptive �elds) for a singlemodelneuron. The weightsshown comprisedthe �rst row of �������

�

for � �

��
����
�

 � . Thecomponentsof thesevectorswereinitializedto randomvaluesaccordingto theuniformdistributionandtheresulting
vectorswerenormalizedto length one. (B) shows the samesetof synapticweightsafter training the ��� � -neuronnetwork on
naturalimages(seetext for details). Thesynapticpro�les at eachtime stepresembleorientedGaborwavelets[Daugman,1980;
Marcelja,1980]. (C) depictsthesesynapticweightsusinga classical2D receptive �eld representation,wherethedarkregionsare
inhibitory andthebright regionsareexcitatory. Theentiresequenceof synapticweightssuggeststhatthisneuronis tunedtowards
darkbarsmoving diagonallyfrom thebottomleft cornerof thereceptive �eld to thetop right corner.

r wasupdatedaccordingto theon-lineestimationrule givenby equation18 with
�

�
� � �

�

and � � ���

�

� .
Theweights �

���

! wereadaptedat eachtime stepusingequation19 with
�

�

� � � ���

�

and
�

�

� � � � �����

�

.
Similarly, thelateralweights

�
wereadaptedusingequation20 with

� �

� ��� � � � and
���

� � � � ����� �

�

. The
diagonalof � , representingself-inhibitorydecaytermsor the“leakiness”parametersin theleaky integrator
equation18,was�x edat � � �

�

�

, althoughqualitatively similar resultswereobtainedif thediagonalwasalso
additionallyadaptedalongwith thelateralweights.Thelearningrateparameters

�

�

and
�

�

weregradually
decreasedby dividing with � � �

�

every � ����� imagepresentationsanda stablesolutionwasarrivedat after
� ��� � ����� imagepresentations.

Figure 4 shows a set of
�

�

�

synapticweight vectors(�rst row of �

���

!

"

for
�

� � �������	�

�

) for a
model neuronbeforeand after learning(A and B respectively). Sincethesesynapticvectorsform the
feedforwardweightingfunctionof neuronsin thenetwork (seeFigure2B), they canberoughlyinterpreted
as“receptive �elds” or spatialimpulseresponsefunctionsfor time steps

�

� � �������

�

. Thereceptive �elds
afterlearningresemblelocalizedGaborwaveletswhichhavepreviouslybeenshown to well approximatethe
receptive �eld weightingpro�les of simplecellsin themammalianprimaryvisualcortex [Daugman,1980;
Marcelja,1980;OlshausenandField,1996]. In addition,themodelneuroncanbeseento betunedtowards
dark barsmoving diagonallyfrom the bottomleft cornerof the receptive �eld to the top right corner. A
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Figure5: Further Examplesof Receptive Fields (RF size= � � � ). (a) through(p) show examplesof synapticweightsfor
sixteenothermodelneuronsfrom thenetwork describedin Figure4. Severalvarietiesof orientationselectivity canbediscerned,
with eachneuronbeingtunedtowardsaparticulardirectionof motion.Otherneurons,suchasthosedepictedin (o) and(p), appear
to beselective for orientedimagestructuresthatareapproximatelystationaryor containmotionalongthepreferredorientation.

numberof otherexamplesof receptive �elds developedby thenetwork areshown in Figure5. Thesetof
�

�

�

spatiotemporalsynapticweightstogetherform anovercompletesetof basisfunctionsfor representing
spatiotemporalinputsequences.

In a secondsetof experiments,we investigatedthe importanceof recti�cation andlateralinhibition in
learningvisualcortex-like receptive �elds. Threenetworksusingthesamesetof parameters,initialization
conditions,andtrainingpatchesastheoneusedin Figures4 and5 weresubjectedto threedifferentcon-
ditions. In the �rst network, recti�cation wasremoved but the lateralweightswere learnedandusedas
beforewhile in the secondnetwork, the lateralweights(including the diagonalterms)weredisabledbut
recti�cation wasretained.Thethird network wastrainedwithout eitherlateralinhibition or recti�cation of
responses.Figure6 comparesthe resultsobtainedafter � ��� � ����� imagepresentationsfor thesamemodel
neuronasin Figure4. This speci�c exampleaswell astheresultsobtainedfor othermodelneuronsin the
networkssuggestthatboth lateralinhibition andrecti�cation arenecessaryfor obtainingsynapticpro�les
resemblingvisualcorticalreceptive �elds.

In a third setof experiments,theresultsobtainedfor
�

�

�

receptive �elds wereveri�ed in the �

�

� �

�

case.Thetrainingparadigminvolving thenaturalimagepatcheswasidenticalto the
�

�

�

case.A network
of �

���

neuronswastrainedon sequencesof naturalimagepatchesof size �

�

� �

�

. The temporalextent
of processingwassetto

�

� �

�

. Theparametersweresetasfollows:
�

� � � �

�

, � � ���

�

� ,
�

�

� � � ���

�

,
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Lateral Inhibition
With Rectification and

y

x

Lateral Inhibition Only

Rectification Only

Without Rectification or
Lateral Inhibition

Figure6: The Needfor Lateral Inhibition and Recti�cation during Learning. The�gure showsthesynapticpro�les obtained
after training for the sameneuron(from Figure4) with identicalinitial conditionsandidenticaltrainingregimesbut with lateral
inhibition and/orrecti�cation removed.As canbeseenfrom thisspeci�c example,which is typicalof theresultobtainedfor other
neuronsin thenetworks,bothlateralinhibition andrecti�cation appearto benecessaryfor obtainingsynapticpro�les resembling
visual cortical receptive �elds. Neitherrecti�cation nor lateral inhibition aloneseemedto suf�ce to producethe desiredneural
receptive �elds.

�

�

� � � � �����

�

,
���

� � � � � � , and
���

� � � � ����� � . Thediagonalof � was�x edat � � � � . The learningrate
parameters

�

�

and
���

weregraduallydecreasedby dividing with � � �

�

every � ����� imagepresentationsanda
stablesolutionwasarrivedat after � ��� � ����� imagepresentations.

Figure7showsasetof �

�

� �

�

synapticweightvectors(or receptive�elds) for amodelneuronbeforeand
afterlearning.Themodelneuroncanbeseento betunedtowardsdarkhorizontalbarsmoving downwards.
Severalotherexamplesof receptive �elds developedby thenetwork areshown in Figure8. A majority of
theseneuronsappearto betunedtowardsorientedimagestructuresmoving in a particulardirection.Some
neurons,suchastheoneshown in (k), exhibit morecomplex dynamics,involving two or moreinhibitory
subregionscoalescinginto onewhile otherneurons,suchastheoneshown in (l), appearto betunedtowards
orientedimagestructuresthatareeitherapproximatelystationaryor containsomeform of motionalongthe
preferredorientation.

Thespace-timereceptive �elds for themodelneuronsin Figure7 and8 areshown in Figure9. These
�

-
�

plotswereobtainedby integratingthe3-D spatiotemporalreceptive �eld dataalongtheneuron's pre-
ferredorientation,asillustratedin the top two rows of the �gure. The inverseof theslopeof theoriented
subregions in the space-timereceptive �eld providesan estimateof the neuron's preferredvelocity (see,
for example,[AdelsonandBergen,1985]). Thus,in the caseof the top two rows in the �gure, the slope
is approximately� indicatinga preferredspeedof approximately� pixel/time stepfor thesetwo neurons
in their respective directions.Thespace-timereceptive �elds in Figure9 (b) through(l) arethosefor the
modelneuronsin Figure8 (b) through(l). Note thateven thoughthe training imagewindow moved at �

pixel/timestep,in somecases,suchas(d) and(h), thepreferredspeedis lessthan � pixel/timestepdueto
thewell-known “apertureeffect” [AdelsonandMovshon,1982]. In theextremecaseof anapproximately
stationaryreceptive �eld asin (l), thespace-timereceptive �eld indicatesapreferredspeedof zero.

In orderto evaluatethenatureof internalrepresentationsusedby thenetwork, we exposedthe trained
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Figure7: Example of Receptive Field Dynamicsafter Learning (RF size= ��� � ��� ). (A) shows the initial setof random
andnormalized��� � ��� synapticweightsfor a singlemodelneuronin a ����� -neuronnetwork. (B) shows thesamesetof synaptic
weightsafter trainingthenetwork on the �ltered naturalimages(seetext for details). (C) depictsthesesynapticweightsusinga
classical2D receptive �eld representation(darkregionsareinhibitory, bright regionsareexcitatory). Thesequenceof ��� synaptic
weightssuggeststhatthisneuronis tunedtowardsdarkhorizontalbarsmoving downwards.
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Figure8: Further Examplesof Receptive Fields (RF size= ��� � ��� ). (a) through(l) show examplesof synapticweightsfor
twelve othermodelneuronsfrom the network usedin Figure7. A majority of theseneuronsaretunedtowardsorientedimage
structuresmoving in a particulardirection. Someneurons,suchas the oneshown in (k), exhibit morecomplex dynamics,for
example,involving two or moreinhibitory subregionscoalescinginto one. Otherneurons,suchasthe oneshown in (l), appear
to betunedtowardsorientedimagestructuresthatareeitherapproximatelystationaryor containsomemotionalongthepreferred
orientation.
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Figure9: Space-Time Receptive Fields (size= ��� � ��� ). The top two rows depict the processof constructingspace-time
receptive �eld pro�les from temporalsequencesof 2-D spatialreceptive �elds. Thetop row is from Figure7 while thesecondrow
is from Figure8 (a). The � - � plotsareobtainedby integratingthe3-D spatiotemporaldataalongtheneuron's preferredorientation
(in thesetwo cases,alongthehorizontaldirection).Notethatorientationin � - � spaceindicatestheneuron's preferreddirectionof
motion(in thiscase,upwardsor downwards).In addition,theslopeof approximately� in bothcasesindicatesapreferredspeedof
approximately� pixel/timestepfor theseneurons(sinceslopeis inversewith thepreferredvelocity [AdelsonandBergen,1985]).
(b) through(l) show thespace-timereceptive �elds for themodelneuronsin Figure8 (b) through(l). In somecases,suchas(d)
and(h), thepreferredspeedis lessthan � pixel/timestepdueto theapertureeffect [AdelsonandMovshon,1982]. In thecaseof
(l), thepreferredspeedis zero.
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network andacompanionnetwork withoutthelateralinhibitoryweights� to asequenceof imagesdepicting
abrightverticalbarmoving to theright onadarkbackground(Figure10). In bothcases,theresponsesof the

�

���

modelneuronsin eachnetwork wereplottedashistogramsat eachtime step,with the�rst verticalbar
correspondingto theresponseof the�rst neuron,thesecondto thatof thesecondneuron,andsoon. As seen
in Figure10, the trainednetwork generatessparsedistributedrepresentationsof the spatiotemporalinput
sequence(only afew neuronsareactiveateachtimestep).Ontheotherhand,disablingthelateralinhibitory
connectionsresultsin a muchlargernumberof neuronsbeingactive at eachtime step,suggestingthat the
lateralconnectionsplayacrucialrole in generatingsparsedistributedrepresentationsof inputstimuli.

In the �nal setof experiments,we analyzedthe directionselectivity of modelneuronsin the trained
�

���

-neuronnetwork. Figure11 illustratestheexperimentalmethodologyused.Eachneuronin thenetwork
wasexposedto orienteddark/brightbarsonabright/darkbackgroundmoving in adirectionperpendicularto
thebar's orientation(brightor darkbarswerechosendependingonwhichcaseelicitedthelargestresponse
from the neuron).Thedirectionof motion wasvariedfrom �

�

to
�

���

�

in stepsof
�

�

. Figure11B shows
thecaseswherethedirectionof motion is

�

���

�

(downwards)and
�

�

�

(upwards)respectively. Figure11C
showstheresponseof themodelneuronin thesetwo casesasafunctionof thetimefrom stimulusonset.As
expectedfrom thestructureof its space-timereceptive �eld, theneuronexhibitsa signi�cant responsefor a
barmoving downwards(preferreddirection)while a barmoving upwards(null direction)elicits little or no
response.

A directionselectivity index (DSI) wasde�ned for eachmodelneuronas:

DSI � �

�

PeakResponsein Null Direction
PeakResponsein PreferredDirection

(22)

Thepreferreddirectionwastakento bethedirectionof motioneliciting thelargestresponsefrom themodel
neuronandthenull directionwassetto theoppositedirection.Thus,aneuronwith apeakresponseof zero
in thenull directionandanonzeroresponsein thepreferreddirectionhasaDSI of � or � ����� . A neuronwith
equalresponsesin bothdirectionshaveaDSI of zero.Figure12A showspolarresponseplotsof four model
neuronswith increasingDSI from left to right. Therightmostplot is for theneuronin Figure11andits DSI
of

�

�

�

���

� con�rms its relatively highdirectionselectivity. Figure12Bshows thepopulationdistribution of
directionselectivity in the �

���

-neuronnetwork. A relatively largeproportionof theneurons( � �

�

of the �

���

or �

�

� ) hadadirectionselectivity index of �

�

� or greater.

6 Discussion
Theresultssuggestthatmany of theimportantspatiotemporalpropertiesof visualcorticalneuronssuchas
velocity anddirectionselectivity canbeexplainedin termsof learningef�cient spatiotemporalgenerative
modelsfor naturaltimevaryingimages.Ef�ciency isde�nednotonly in termsof reducingimagereconstruc-
tion errorsbut alsoin termsof reducingstatisticaldependenciesbetweennetwork outputs.Thisredundancy
reductionis implementedvia recurrentlateralinhibition asderived from theMDL principle. Thenetwork
alsoutilizes otherlateralconnectionswhich arederived from the generative model. Theselateralexcita-
tory/inhibitoryconnectionsplay a role similar to thoseusedin Bayesianbelief networksfor facilitatingthe
phenomenonof “explainingaway” [Pearl,1988]. Thenetwork additionallyincludesrecti�cation of outputs
to encouragesparsenessamongthenetwork activities. Althoughrecti�cation helpsin thedevelopmentof
sparsedistributedrepresentations,recti�cation alonewasfoundto be insuf�cient in producingsatisfactory
space-timereceptive �elds. Likewise,lateralinhibition alonewasalsofoundto beinsuf�cient.
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Figure 10: Lateral Inhibition and SparseDistrib uted Representationsof Input Stimuli . To test the role of the lateral
inhibitory weights � (seeFigure2) in generatingsparsedistributedrepresentations,theseweightswereremoved (after learning)
andthenetwork wasexposedto a bright verticalbarmoving to theright. Theresponsesof the � � � neuronsin thenetwork at the
varioustimestepsareshown ashistograms(the�rst verticalbaris theresponseof the�rst neuron,thesecondis thatof thesecond
neuron,andsoon). Thehistogramshave beennormalizedsuchthat themaximumresponsein eachgraphis one. Theresponses
with lateralinhibition intactareshown to the right at eachtime step. As is evident from therelatively sparsenumberof neurons
active at eachtime stepin the“with lateralinhibition” case,theexistenceof lateralinhibitory connectionsin thenetwork appears
to becrucialfor generatingsparsedistributedrepresentationsof thespatiotemporalinputstimuli.
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Figure11: Example of Dir ection Selectivity. Themodelneuronfrom Figure7 wastestedfor directionselectivity. (A) shows
the space-timereceptive �eld of this neuron. (B) depictsthe two input stimuli usedfor testing: a dark horizontalbar in a white
background,moving eitherdownwardsor upwards.(C) shows theresponseof theneuronasa functionof thetime from stimulus
onset.As expectedfrom thestructureof its space-timereceptive �eld, theneuronexhibits a signi�cant responsefor a barmoving
downwards(preferreddirection),reachingapeakresponseof � � � � unitsat11 timestepsfrom stimulusonset.Ontheotherhand,a
barmoving upwards(null direction)elicits little or noresponse.
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on theextremeright is for theneuronin Figure11,con�rming its relatively highdirectionselectivity. (B) shows thedistributionof
directionselectivity in thepopulationof � � � neuronsin thetrainednetwork. A relatively largeproportionof theneurons( � � � of
the ����� ) hadadirectionselectivity index of
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or greater.
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Several previous modelsof directionselectivity have utilized recurrentlateral interactionsand recti-
�cation [Suarezet al., 1995; Maex and Orban,1996; Mineiro and Zipser, 1997], althoughwithout the
statisticalperspective pursuedherein. In addition,the receptive �elds in many of theseapproacheswere
hard-wiredby handratherthanlearned.An interestingissueis how the spatiotemporallyvarying synap-
tic weightsof neuronsin the presentmodelcanbe implementedbiologically by intrinsic synapticmech-
anismsand axonal-dendriticinteractionsover time. In this regard, it is possiblethat spacetime recep-
tive �elds similar to thoseobtainedby the presentmethodmay also arise in other neuralcircuits that
do not explicitly usespatiotemporalsynapticweights. Most of the synapticweightsin the trainednet-
works werefound to be space-timeinseparable.The lack of larger numbersof separablereceptive �elds
in the trained networks suggestsan alternative mechanismfor the generationof such receptive �elds.
Most cortical receptive �elds that are space-timeseparablehave a temporalweighting pro�le that ap-
proximatesa derivative in time. We have previously shown [Raoand Ballard, 1997b] that a generative
modelbasedon a �rst-order Taylor seriesapproximationof an imageproduceslocalizedoriented�lters
that computespatialderivatives for estimatingtranslationsin the imageplane. A possibility that we are
currentlyinvestigatingis to usea Taylor seriesexpansionof an imagein both spaceandtime, andto as-
certainwhethersucha strategy producesseparable�lters thatcomputederivativesin bothspaceandtime.
Otherissuesbeingpursuedincludeexplainingcontrastnormalizationeffects [AlbrechtandGeisler, 1991;
Heeger, 1991] andrecastingthehierarchicalframework proposedin [RaoandBallard,1997a] to accommo-
datethespatiotemporalgenerative modelproposedherein.
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