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Abstract

The receptve elds of neuronsin the mammalianprimary visual cortex are orientednot only in
the domainof spacebut in mostcasesalsoin the domainof space-time.While the orientationof a
receptve eld in spacedetermineshe selectvity of the neuronto imagestructuresat a particularorien-
tation,areceptve eld' s orientationin space-timecharacterizegnportantadditionalpropertiessuchas
velocity anddirectionselectvity. Previousstudieshave focusedon explainingthe spatialreceptve eld
propertiesof visual neurondy relatingthemto the statisticalstructureof staticnaturalimages.In this
report,we examinethepossibilitythatthedistinctive spatiotemporgbropertieof visualcorticalneurons
canbeunderstoodn termsof a statisticallyef cient stratgy for encodingnaturaltime varyingimages.
We describean arti cial neuralnetwork that attemptsto accuratelyreconstrucits spatiotemporain-
put datawhile simultaneouslyeducingthe statisticaldependenciebetweenits outputs. The network
utilizes spatiotemporallysummatingneuronsand learnsef cient sparsedistributed representationsf
its spatiotemporahput streamby usingrecurrentateralinhibition anda simplethresholdnonlinearity
for recti cation of neuralresponsesWhenexposedo naturaltime varyingimages neuronsn a simu-
latednetwork developedocalizedreceptve elds orientedin both spaceandspace-timesimilar to the
receptive elds of neuronsn the primaryvisual cortex.

1 Intr oduction

Sincethe seminalexperimentsof Hubel and Wieselover 30 yearsagd Hubel and Wiesel, 1962; 1968, it
hasbeenknown that neuronsin the mammalianprimary visual cortex respondselectvely to stimuli such
asedgesor barsat particularorientations.In mary casesthe neuronsare directionally selectve i.e. they
respondonly to motionin aparticulardirection. An especiallyusefulconceptn characterizingheresponse
propertiesof visual neuronshasbeenthe notion of a receptve eld. Thereceptie eld of a neuronis
classicallyde ned astheareaof visual spacewithin which stimuli suchasbarsor edgescanelicit responses
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from the neuron[Hartline, 1944. Althoughthey area function of both spaceandtime, early depictionsof
visualreceptve elds werecon ned to spatialcoordinates.In recentyears,new mappingtechniqueshave
allowed the characterizatiorof receptie elds in both spaceandtimelEmersoretal., 1987;McLeanand
Palmer 1989;Shaplg etal., 1992;DeAngelisetal., 1993h(seelDeAngelisetal., 1993 for areview). The
nev mappingresultsindicatethatin mostcasesthe receptve eld of avisual neuronchangesver time.
It hasbeennotedthat while the spatialstructureof a receptve eld indicatesneuronalattributessuchas
preferencdor a particularorientationof barsor edgesthe spatiotemporastructureof a neurons receptve
eld governsimportantdynamicalpropertiessuchasvelocity anddirectionselectvityl AdelsonandBermgen,
1985; WatsonandAhumada,1985;Burr et al., 1988. In particulay orientationof a neurons receptve eld
in space-timendicatesthe preferreddirectionof motionwhile the slopeof the orientedsubrgionsgivesan
estimateof the preferredvelocity[McLeanandPalmer 1989;AlbrechtandGeisler 1991;Reidetal., 1991;
DeAngelisetal., 1993b;McLeanetal., 1994.

An attractive approachto understandinghe receptve eld propertiesof visual neuronsis to relate
themto the statisticalstructureof naturalimages. Motivatedby the propertythat naturalimagespossess
a power spectruniField, 1987, Atick andRedlich[Atick, 1992; Atick andRedlich,1992 provided
an explanationof the centersurroundstructureof retinal ganglionreceptve elds in termsof whitening
or decorrelationof outputsin responsedo naturalimages. Several Hebbianlearningalgorithmsfor decor
relation have alsobeenproposedBienenstocket al., 1982; Williams, 1985;Barraw, 1987; Linsker, 1988;
Oja, 1989;Sanger1989;Foldiak, 1990;Atick andRedlich,1993, mary of which performPrincipal Com-
ponentAnalysis (PCA). Although the PCA of naturalimagesproduceslower order componentghat re-
sembleoriented Iters [Baddelg and Hancock,1991;Hancocket al., 1992, the higherordercomponents
areunlike any known neuralreceptve eld pro les. In addition, the receptve elds obtainedare global
ratherthanlocalizedfeaturedetectors. Recently Olshauserand Field shaved that a neuralnetwork that
includesthe additionalconstraintof maximizing the sparsenessf the distribution of outputactuvities de-
velops,whentrained on static naturalimages,synapticweightswith localized, orientedspatialreceptve
elds [OlshauserandField, 1996 (seealso[HarpurandPrager1996;RaoandBallard,1997&andrelated
work on projectionpursuitiHuber 1989 basedearningmethoddIntrator, 1992; Law and Cooper 1994;
Shouwal, 1999). Similar resultshave also beenobtainedusing an algorithm that extracts the indepen-
dentcomponentsf a setof static naturalimagedBell and Sejnavski, 199%. Thesealgorithmsare all
baseddirectly or indirectly on Barlow's principle of redundancyreductioriBarlow, 1961; 1972; 1989;
1994, wherethe goalis to learn“feature detectors"whoseoutputsare as statisticallyindependentis pos-
sible. The underlyingmotivation is that sensoryinputs suchasimagesare generallycomprisedof a setof
independenbbjectsor featureswhosecomponentsare highly correlated. By learningdetectorsfor these
independenfeaturesthe sensorysystemcandevelop accuratenternalmodelsof the sensoryervironment
andcanefciently represengxternaleventsassparseconjunctionsof independenteatures.

In this paper we explore the possibility that the distinctive spatiotemporateceptve eld propertiesof
visual cortical neuronscanbe understoodn termsof a statisticallyef cient stratgy for encodingnatural
time varyingimaged EckertandBuchsbaum1993;DongandAtick, 199%. We describeanarti cial neural
network thatattemptgo accuratelyreconstrucits spatiotemporainput datawhile simultaneouslyeducing
the statisticaldependenciebetweenits outputs,asadwcatedby the redundang reductionprinciple. Our
approackhutilizes a spatiotempcell genertive modelthatcanbeviewed asa simpleextensionof the spatial
generatie modelusedby HarpurandPragefHarpurandPrager1996, OlshausemndField[Olshausemnd
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Field,1994, RaoandBallard[RaoandBallard,19974, andothers.Thespatiotemporafjeneratie modelal-
lowsneuronsn thenetwork to performnotjustaspatialsummatiorof thecurrentinput, but aspatiotempaal
summationof both currentandpastinputsover a nite spatiotemporaéxtent. The network learnsef cient
sparsdistributed representationsf its spatiotemporainput streamby utilizing lateralinhibitior{ Foldiak,
1990 and a simple thresholdnonlinearity for recti cation of neural responsed_ee and Seung,1997;
Hinton and Ghahramani1l9917. When exposedto naturaltime varying images,neuronsin a simulated
network developedlocalizedreceptve elds orientedin both spaceandspace-timesimilar to thereceptve
elds of neurondn the primaryvisual cortex.

2 Spatial Generative Models

The idea of spatial generatie modelshasreceved considerableattentionin recentstudiespertainingto
neuralcoding[Hinton and Sejnavski, 1986;JordanandRumelhart1992;Zemel,1994;Dayanetal., 1995;
Hinton and Ghahramani1991, althoughthe roots of the approachcan be tracedback to early ideasin
controltheorysuchasWiener Itering [Wieneg 1949 andKalman Itering [Kalman,1964. In this section,
we rst considera classof spatialgeneratre modelsthat have previously beenusedin the neuralmodeling
literaturefor explaining spatialreceptve eld propertie§Harpurand Pragey 1996; Olshauserand Field,
1996;RaoandBallard,19974& Thiswill sene to motivatethe spatiotemporamodelswe will beconcerned
with later.

Assumethatanimage,denotedby a vectorl of pixels,canberepresentedsa linear combinationof
asetof basisvectors :

| (1)

Thecoefcients canberegardedasaninternalrepresentatiof spatialcharacteristicef theimagel, as
interpretedusing the internal modelde ned by the basisvectors . In termsof a neuronalnetwork, the
coefcients  correspondo the actiities or ring ratesof neuronswhile the vectorsin the basismatrix
correspondo the synapticweightsof neuronslt is corvenientto rewrite theabove equationin matrix form
as:

I r (2)

where isthe matrixwhosecolumnsconsistof thebasisvectors andr isthe vectorconsisting
of coefcients

Thegoalis to estimatehecoefcients r for agivenimageand,on alongertime scale Jearnappropriate
basisvectorsin . A standardapproactis to de ne aleast-square@rror criterion of the form:

r 3)
I ro| r 4)

where denoteghe th pixel of | and denotesthe th row of . Notethat is simply the sumof

squaredpixel-wise errorsbetweenthe input | andtheimagereconstruction r. Estimatedor andr can
be obtainedby minimizing  [Williams, 1985; Daugman,1988; Pece,1992; Harpur and Pragey 1996;
OlshauserandField, 1996;RaoandBallard, 19974



Onecanobtaina probabilisticgeneratie modelof theimagegeneratiomprocessy utilizing a Gaussian
noise processn to model the differencesbetweenl and r. The resulting stochasticgeneratie model
becomes:

I ron %)

If azeromeanGaussiamoiseprocess with unit covarianceis assumedonecanshaw that  is the neg-
ative log likelihood of generatingheinput | (see for example[BrysonandHo, 1979). Thus,minimizing
is equivalentto maximizingthelik elihoodof the obsered data.

Unfortunately in mary casesminimization of a least-squaresptimizationfunction suchas  with-
out additionalconstraintggeneratesolutionsthat arefar from beingadequatealescriptorsof the true input
generatiorprocess.For example,a popularsolutionto the least-squareminimizationcriterion s prin-
cipal componenanalysis(PCA), alsosometimeseferredto aseigervectoror singularvaluedecomposition
(SVD) of theinput covariancematrix. PCAoptimizes by nding asetof mutually orthogonabasisvec-
torsthatarealignedwith thedirectionsof maximumvariancein theinput data. Thisis perfectlyadequatén
thecasewheretheinput datacloudsareGaussiarandcapturingpairwisestatisticssuf ces. However, statis-
tical studieshave shavn thatnaturalimagedistributionsarehighly non-Gaussiamandcannotbe adequately
describedusingorthogonalbasegField, 1994. Thus,additionalconstraintsarerequiredin orderto guide
the optimizationprocesdowardssolutionsthatmoreaccuratelyre ect theinput generatiorprocess.

Oneway of addingconstraintds to take into accountthe prior distributions of the parameters and
Thus,onecanminimize an optimizationcriterion of the form:

r (6)

where and aretermsrelatedto the prior distributions of the parameters and . In particulay
they denotethe negative log of the prior probabilitiesof r and  respectiely. Whenviewedin the context
of informationtheory thesenegative log probabilitytermsin  canbe interpretedasrepresentinghe cost
of codingthe parametern bits (in thebase ). Thus,thefunction canbegivenaninterpretationin terms
of the minimum descriptionlength(MDL) principle[Rissanen1989;Zemel,1994, namely that solutions
arerequirednotonly to beaccurateout alsoto be cheapin termsof codinglength. This formalizesthe well-
known Occams Razorprinciple that adwocatessimplicity over compleity amongsolutionsto a problem.
Onemay alsonotethat minimizing  is equivalentto maximizing the posteriorprobability of input data
(maximuma posteriori(MAP) estimation).
Speci c choicesof and determinethe the natureof internal representationshat will be learned.
For example, Olshauserand Field [Olshauserand Field, 1996 proposedfunctionsof the form
: and to encouragesparseness r. Alternately onecanusea
zero-meamultivariate Gaussiarprior on r [RaoandBallard, 19974 to yield the negative log of the prior
density:
r rr (7
where is apositive constantand denotesa setof lateralweights. Thematrix  representsheinverse
covariancematrix of r. We show in the next sectionthat this choice enforceslateral inhibition among

the outputneuronstherebyencouragingsparsedistributed representationsandleadsto an “anti-Hebbian”
learningrule for the lateralweights equivalentto Foldiak's well-known adaptatiorrule Foldiak, 1994.
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Figurel: Generative Models. (A) Linearspatialgeneratie modelusedin[HarpurandPragey 1996;OlshausemndField, 1996;
RaoandBallard,19974. A giveninputimagel is assumedo be generatedy multiplying a basisvectormatrix ~ with a setof
“hidden” causegepresentedby the spatialresponsesectorr. (B) Spatiotemporageneratre modelusedin this paper An input
imagesequencé , is assumedo be generatedy multiplying a setof basismatrices , , with a
spatiotemporatesponseectorr.

In the caseof , for the sale of simplicity, we will assumea Gaussiardistribution with a covariance
yielding the following valuefor

(8)

where denoteghe sumof square®f the elementf the given matrix.

A nal constraintis motivatedboth by biology andby informationcodingconcernsWe will constrain
the network outputs(coefcients ) to be non-n@ative, acknavledging the fact that the ring rate of a
neuroncannotbe negative. The non-n@atiity constraintis especiallyattractive in information coding
termssinceit causesan in nite densityat for therectied anda consequentow coding costat
[Hinton andGhahramani1994, which encouragesparsenesamongthe outputsof the network.

We areoverlookingthe possibility thata singleneuroncansignalboth positive andnegative quantitiesby raisingor lowering
its ring ratewith respecto a x edbackgroundring ratecorrespondingo zero.



3 Spatiotemporal Generative Models

In the previous section,the input dataconsistedof staticimagesl, andwe useda singlebasismatrix to
capturethe statisticalstructureof the spaceof inputimages.Furthermorethe spatialstructuregiven by the

pixels of theimagel wereinternally representedby a single spatialresponsersectorr. We now drav an
analogybetweertime andspaceto de ne a spatiotemporatjeneratie model.

Supposeour training setconsistsof differentsequencesf imageseach,a given sequencdeingde-
notedby the vectorsl . We will usea setof basismatrices : . For
each , will be usedto capturethe statisticalstructureof the imagesoccurringat the time step in
thetraining sequencesAs will becomeclearin the next section,the underlyingmotivation hereis thatthe
neuronsin the network performnot just a spatialsummation but a space-timesummationof inputs over
a nite spatiotemporakxtent (seeFigure 2). Thus, sinceinputs areweighteddifferentially dependingon
their spatiotemporahistory, we needto learna setof synapticweights onefor eachtime instant . These
spatiotemporasynapticweights,asgivenby the , in turn determinethe spatiotemporateceptve elds
of theneuronsn the network.

A single spatiotempaal responsevectorr will be usedto characterizea given spatiotemporalmage
sequencéor , in muchthe sameway asa singlespatialresponsevectorwaspreviously usedto
characterizéhespatialstructurefor pixelsof agivenstaticimage.Wethusobtainthefollowing
space-timanalogof Equation?2:

I r (9)

Notethatin the specialcasewhere , We obtainEquation2.

From a probabilistic perspectie, one canrewrite Equation9 in the form of the following stochastic
generatie model:

rn (10)
I
wheren is a stochastimoiseprocessaccountingfor the differencesbetween  and r. Onceagain,it
is easyto seethatEquation5 is a specialcaseof the above generatre model,where

We cannow de ne thefollowing space-timeanalogof the optimizationfunction4:
r (12)
I ro| r (12)

This is simply the sum of squaredpixel-wise reconstructiorerrorsacrossboth spaceandtime. As in the
previous section,if n is assumedo be a zeromeanGaussiarwith unit covariance,one canshav that

is the nggative log lik elihood of generatinghe inputsl | . Thus,minimizing is equvalentto
maximizingthelik elihood of the spatiotemporainput sequence.
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As in the previous section by assumingGaussiarpriors onthe parameters, and , weobtainthe
following MDL-basedcostfunction:

rr (13)

We will additionally constrainthe elements of r to be non-ne@ative asdiscussedn the previous section.
Thus,we arenow left with thetaskof nding optimalestimatesfr, ,and . Thiscanbeachie/ed by
minimizing  usinggradientdescenasdiscussedn the next section.

4 Network Dynamicsand Learning Rules

In this section,we describegradient-descenbasedestimationrules for obtainingoptimal estimatesof r,

and . In thecasewheretheinput consistf batchdata,asin Section4.1,onemayalternatebetween

the optimizationof r for x ed and , andthe optimizationof and for x edr, therebyimple-
mentinga form of the expectation-maximizatioEM) algorithm[Dempsteret al., 1977%. In the caseof

on-linedata,whichis consideredn Section4.2,the optimizationof r occurssimultaneouslywith and
. However, thelearningratesfor and aresetto valuesmuchsmallerthanthe adaptatiorrateof r.

4.1 Estimation of r
An optimal estimateof r canbe obtainedby performingstochastigradientdescenbn  with respector:

r - r r (14)

where governstherateof descentowardsthe minima. Theabove equationis relatively easyto inter
pret: in orderto modify r towardsthe optimal estimatewe needto obtainthe residualerror r
betweenthe input attime and its reconstruction r. Theresidualerrorsfor the varioustime steps
are then spatiotemporallyweightedby their correspondingveights to obtain a spa-
tiotemporalsum,which is modi ed by lateralinhibition dueto theterm r. In aneuralimplementation,
theindividual rows of thematrices would comprisethe synapticweightsof a singlespatiotemporally
summatingneuron.Thus,the th row of would representhe effect of the synapse®f the th neuron
for timeinstant . Figure2A shavs a network implementatiorof the abose dynamics.A possibleproblem
with thisimplementations theneedfor computing globalresidualerrorsat eachiterationof the estimation
processThis becomesspeciallyproblematicn the casewherethe datais beingobtainedon-line sinceone
would needto keepthepast imagesin memoryandin addition,use separatsetsof neurongepresenting
thematrices for generatinghe signals r ateachiteration.
Thedynamicscanbeimplementednorelocally by rewriting Equation14 in thefollowing form:

r r r (15)

where . Note thatthis form of the dynamicsdoesnot requirethat residualerrors
be computedat eachiteration. Rathey we simply performa spatiotemporalltering of theinputsl  using
the synapticweight matrices for andthensubtracttwo lateralterms,oneinvolving
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Figure?2: Alter nate Network Implementations of the Response/ector Dynamics. (A) shavs aglobally recurrentarchitecture
for implementingthe dynamicsof theresponsevectorr (Equationl6). The architectureequiresthe calculationof residualerror
signalslMumford, 1994; Barlow, 1994;Pece 1992; RaoandBallard, 1997hbetweerpredictedimagesandactualimages.These
errorsare ltered by asetof spatiotemporallsummatingneuronsvhosesynapsesepresenthematrices . Theresultis usedto

correctr in conjunctionwith recurrenfateralinhibition andrecti cation. (B) shavs a biologically moreplausiblelocally recurrent
architecturdor implementingthe dynamicsof r. Ratherthancomputingglobalresidualerrors,theinputsaredirectly Itered by a
setof spatiotemporallsummatingneuronsrepresenting . Theresultis thenfurthermodi ed by recurrentexcitation/inhibition

duetotheweights (seetext) aswell aslateralinhibition dueto theweights .



andthe otherinvolving . While the terminvolving is exclusively inhibitory, the componentf the
vector r may be excitatory or inhibitory. Onceagain,the rows of the matrices correspondo
the synapse®f spatiotemporallysummatingneuronswith the th row of representinghe synaptic
weightsof the th spatiotemporaheuronfor time instant .

Expressingheabore dynamicsn its discreteform andaddinga nal constraintof non-neatiity results
in the following equationfor updatingr until corvergenceis achiezedfor the giveninput sequence:

r r r r (16)

where is athresholdnonlinearityfor recti cation: , appliedto all component®f the
givenvector It is interestingto notethe similarity betweernthe dynamicsasgivenby the stochastigradient
descentule above andthoseproposeddy Lee andSeungfor their “Conic” networ LeeandSeung,1997%.
In particular the above equationcanregardedas a spatiotemporakxtensionof the dynamicsusedin the
Conicnetwork. A network implementatiorof this equationis shovn in Figure2B.

4.2 On-Line Estimation

The dynamicsdescribedabore canbe extendedto the more realistic casewherethe inputs are being en-
counteredon-line. Let representhe currenttime instant. The on-line form of Equation15 is thengiven
by:

r r r @7

Expressingheabore dynamicsn its discreteform andenforcingthe constraintof non-ngatiity yieldsthe
following rule for updatingr ateachtime instant:

r r r r (18)

wherethe operator ~ againdenotesrecti cation. In summary the currentspatiotemporaresponses
determinedby threefactors: the previous spatiotemporatesponse |, the past inputsl [

, and lateral inhibition dueto and . Thesethreefactorsat time instant are combinedvia
summationfollowedby recti cation, to yield theresponseattime instant . Theconsideratiorof only
thepast inputsratherthantheentireinput historyin the equationabove is consistenwith the obsenation
thatcorticalneurongorocessstimuli within restrictedemporalepochsof time (see for exampldDeAngelis
etal., 1999).

4.3 Learning Rules

A learningrule for determiningthe optimal estimatefor each canbe obtainedby performinggradient
descenbn with respecto , for each

_ rr (29)



where is the learningrate parameter Note that for the on-line case,l  is replacedby its on-line
counterpart in theabove equation.

Similarly, alearningrule for the lateralweights canbeobtainedby performinggradientdescenbn
with respecto

_ rr (20)

Notethatthisis a Hebbianlearningrule with decay In conjunctionwith the inhibition in the dynamicsof r
(Equation18), the above learningrule canbe seento be equivalentto Foldiak's anti-Hebbianlearningrule
[Foldiak, 1994, if thediagonaltermsof , whichimplementself-inhibition, aresetto zero.

5 Experimental Results

Thealgorithmsderivedin the previous sectionweretestedon asetof ve digitized naturalimagesfrom the
AnselAdamsFiatLux collectionatthe UCR/CaliforniaMuseumof PhotographyFigure3A, imagesrepro-
ducedwith permission) Theimageswereof size pixelswith grayscaleixel valuesbetween and

. Eachimagewaspreprocessely Itering with acircularly symmetricakzero-phasavhitening/lav-pass
Iter with the spatialfrequengy pro le [OlshauserandField, 1996;Atick andRedlich,199%:

(21)
wherethe cut-off frequeng cycles/image. As describedin [Olshauserand Field, 1991, the
whitening componentof the lter performs“sphering” for naturalimagedataby attenuating

the low frequenciesand boostingthe higher frequencies. The low-passexponentialcomponent
helpsto reducethe effects of noise/aliasingat high frequenciesand eliminatesthe artifacts of
usingarectangulasamplinglattice.

Figure3B shavs the frequeng pro le of thewhitening/lav-pass Iter in the 1-D casewhile Figure3C
shaws the 2-D case. The correspondingspatial pro le obtainedvia inverseFourier transformis showvn
in Figure 3D. The spatialpro le resembleghe well-known centersurroundreceptve elds characteristic
of retinal ganglioncells. Atick and Redlich[Atick and Redlich,1992; Atick, 1992 have shawn that the
measuredspatialfrequeng pro les of retinal ganglioncells are well approximatedby Iters resembling

. Figure3E shaws theresultsof Itering animagefrom thetraining setusing

Thetrainingdatacomprisedf sequencesf contiguoudmagepatchesextractedfrom the Itered natural
images.Therelative sizeof a patchis shavn asa box labeledRF in Figure 3E. Startingfrom an
image patch extractedat a randomly selectedocation in a given training image, the next training patch
wasextractedby moving in oneof directionsasshownn in Figure3F. This wasachieved by incrementing
or decrementinghe and/or coordinateof the currentpatchlocation by one accordingto the current
directionof motion. After every imagepatchesthe currentdirectionwassetrandomlyto one of the
possibledirections.Thedirectionwasalsorandomlychangedn caseanimageboundarywasencountered.
A new trainingimagewasobtainedafter every patchestherebycycling throughthe ve preprocessed
trainingimages.

In the rst experiment,a network of neuronswastrainedon sequencesf naturalimagepatchesof
size . Thetemporalextent of processingvassetto , resultingin setsof synapticweight
vectors. Thesevectors,which form the rows of : , wereinitialized to uniformly random
valuesandnormalizedo lengthone. After the presentatiomf eachtrainingimagepatch theresponseector
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Figure3: Training Paradigm. (A) The ve naturalimagesusedin the experiments.The original negativesarefrom the Ansel
AdamsFiat Lux collectionat the UCR/CaliforniaMuseumof Photographyimagesreproducedvith permission).(B) 1-D spatial
frequeny responsepro le of zero-phasevhitening/lav-pass Iter usedfor preprocessinghe naturalimages. (C) The full 2-D
responsegro le of thesamelter. (D) Thepro le in the spacedomainobtainedby inverseFouriertransform(IFT), shaving the
familiar centersurroundreceptve eld characteristiof retinal ganglioncells (seetext). (E) A naturalimageafterbeing ltered
with thecentersurroundlter in (D). Therelative sizeof a receptve eld (samesizeastheinputimagepatches)s shavn
asa box labeled“RF” on the bottomright corner (F) depictsthe processof extractingimage patchesfrom the ltered natural
imagesfor training the neuralnetwork. Patchesareextractedfrom the squarewindow 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 receptve elds) for a singlemodelneuron. The weightsshavn comprisedthe rst row of for

. Thecomponent®f thesevectorswereinitialized to randomvaluesaccordingto the uniform distribution andtheresulting
vectorswere normalizedto length one. (B) shows the samesetof synapticweightsafter trainingthe  -neuronnetwork on
naturalimages(seetext for details). The synapticpro les at eachtime stepresembleorientedGaborwaveletd Daugman,1980;
Marcelja,1984. (C) depictsthesesynapticweightsusinga classical2D receptve eld representationyherethe darkregionsare
inhibitory andthe bright regionsareexcitatory The entiresequencef synapticweightssuggestshatthis neuronis tunedtowards
darkbarsmoving diagonallyfrom the bottomleft cornerof thereceptve eld to thetopright corner

r wasupdatedaccordingto the on-line estimationrule given by equation18 with and
The weights were adaptedat eachtime stepusing equation19 with and :
Similarly, the lateralweights wereadaptedisingequation20 with and . The
diagonalof , representingelf-inhibitory decaytermsor the “leakiness”parameterin theleaky integrator
equationl8, was x edat , althoughqualitatively similar resultswereobtainedf the diagonalwasalso
additionallyadaptedalongwith thelateralweights. Thelearningrateparameters and weregradually
decreasedby dividing with every imagepresentationsind a stablesolution was arrived at after
imagepresentations.
Figure 4 shaws a set of synapticweight vectors( rst row of for ) for a

model neuronbefore and after learning (A and B respectiely). Sincethesesynapticvectorsform the
feedforvard weightingfunction of neuronsin the network (seeFigure2B), they canberoughly interpreted
as‘receptive elds” or spatialimpulseresponsdunctionsfor time steps . Thereceptve elds
afterlearningresembldocalizedGaborwaveletswhich have previously beenshovn to well approximatehe
receptve eld weightingpro les of simplecellsin the mammaliarprimary visual cortex{ Daugman,1980;
Marcelja,1980;OlshauserandField, 1996. In addition,the modelneuroncanbe seento betunedtowards
dark barsmoving diagonallyfrom the bottom left cornerof the receptie eld to thetop right corner A
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Figure5: Further Examplesof Receptive Fields (RF size= ). (a) through(p) shav examplesof synapticweightsfor
sixteenothermodelneuronsfrom the network describedn Figure4. Several varietiesof orientationselectvity canbe discerned,
with eachneuronbeingtunedtowardsa particulardirectionof motion. Otherneuronssuchasthosedepictedn (0) and(p), appear
to beselectve for orientedimagestructureghatareapproximatelystationaryor containmotionalongthe preferredorientation.

numberof otherexamplesof receptve elds developedby the network areshown in Figure5. The setof
spatiotemporasynapticweightstogetherform an overcompletesetof basisfunctionsfor representing
spatiotemporainput sequences.

In a secondsetof experimentswe investigatedthe importanceof recti cation andlateralinhibition in
learningvisual cortex-like receptve elds. Threenetworks usingthe samesetof parametersinitialization
conditions,andtraining patchesasthe oneusedin Figures4 and5 were subjectedo threedifferentcon-
ditions. In the rst network, recti cation wasremoved but the lateral weightswere learnedand usedas
beforewhile in the secondnetwork, the lateralweights(including the diagonalterms)were disabledbut
recti cation wasretained.Thethird network wastrainedwithout eitherlateralinhibition or recti cation of
responsesFigure 6 compareghe resultsobtainedafter imagepresentationgor the samemaodel
neuronasin Figure4. This speci c exampleaswell asthe resultsobtainedfor othermodelneuronsin the
networks suggesthat both lateralinhibition andrecti cation arenecessaryor obtainingsynapticpro les
resemblingvisual corticalreceptie elds.

In athird setof experimentsthe resultsobtainedfor receptve elds wereveri ed in the
case.Thetraining paradigminvolving the naturalimagepatchesvasidenticalto the case.A network
of neuronswastrainedon sequencesf naturalimage patchesof size . Thetemporalextent
of processingvassetto . The parametersveresetasfollows: : : :
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Figure6: The Needfor Lateral Inhibition and Recti cation during Learning. The gure shavs thesynapticpro les obtained
aftertraining for the sameneuron(from Figure4) with identicalinitial conditionsandidenticaltraining regimesbut with lateral
inhibition and/orrecti cation removed. As canbe seenfrom this speci ¢ example,which is typical of the resultobtainedfor other
neuronsgn the networks, both lateralinhibition andrecti cation appeaito be necessaryor obtainingsynapticpro les resembling
visual cortical receptve elds. Neitherrecti cation nor lateralinhibition aloneseemedo sufce to producethe desiredneural
receptie elds.

: , and . Thediagonalof was x edat . Thelearningrate
parameters and weregraduallydecreasety dividing with every imagepresentationanda
stablesolutionwasarrived at after imagepresentations.

Figure7 showvsasetof synapticweightvectors(or receptive elds) for amodelneuronbeforeand

afterlearning. The modelneuroncanbe seento betunedtowardsdark horizontalbarsmoving dovnwards.
Several otherexamplesof receptve elds developedby the network areshavn in Figure8. A majority of
theseneuronsappeatto be tunedtowardsorientedimagestructureamoving in a particulardirection. Some
neurons suchasthe oneshavn in (k), exhibit more complex dynamics,involving two or moreinhibitory
subrgionscoalescingnto onewhile otherneuronssuchastheoneshavn in (l), appeato betunedtowards
orientedimagestructureghatareeitherapproximatelystationaryor containsomeform of motionalongthe
preferredorientation.

The space-timeaeceptie elds for the modelneuronsin Figure7 and8 areshavn in Figure9. These
- plots were obtainedby integrating the 3-D spatiotemporateceptve eld dataalongthe neurons pre-
ferredorientation,asillustratedin the top two rows of the gure. Theinverseof the slopeof the oriented
subrg@ionsin the space-timereceptive eld provides an estimateof the neurons preferredvelocity (see,
for example,[AdelsonandBergen,1983). Thus,in the caseof the top two rows in the gure, the slope
is approximately indicating a preferredspeedof approximately pixel/time stepfor thesetwo neurons
in their respectie directions. The space-timaeceptve elds in Figure9 (b) through(l) arethosefor the
modelneuronsin Figure 8 (b) through(l). Note thateventhoughthe trainingimagewindow moved at
pixel/time step,in somecasessuchas(d) and(h), the preferredspeeds lessthan pixel/time stepdueto
the well-known “apertureeffect” [AdelsonandMovshon,1982. In the extremecaseof an approximately
stationaryreceptve eld asin (I), the space-timeeceptie eld indicatesapreferredspeedf zero.

In orderto evaluatethe natureof internalrepresentationssedby the network, we exposedthe trained

14



Figure 7: Example of Receptie Field Dynamics after Learning (RF size= ). (A) shaws the initial setof random
andnormalized synapticweightsfor asinglemodelneuronin a  -neuronnetwork. (B) shaws the samesetof synaptic
weightsaftertraining the network on the ltered naturalimages(seetext for details). (C) depictsthesesynapticweightsusinga
classicalD receptve eld representatiodarkregionsareinhibitory, bright regionsareexcitatory). Thesequencef  synaptic
weightssuggestshatthis neuronis tunedtowardsdark horizontalbarsmoving downwards.

15



t=1 2 3 4 5 6 7
5 e

o = e o e I
b N AAAAAAA LN

U NI Rl
» EE R I

(e)---—_':'-ll—ll—E!_-

'RRRNRNNNAMERRRE
o TR AN AR AR AR LRSS
» N NN N O N S S

. n__—'_'"'__ -
o - e e e = I

VA AAA LA
- T e

o N N N N N (N N U U N
i I e e e e b P e g L~

Figure8: Further Examplesof Receptive Fields (RF size= ). (a) through(l) shav examplesof synapticweightsfor
twelve othermodel neuronsfrom the network usedin Figure7. A majority of theseneuronsaretunedtowardsorientedimage
structuresmoving in a particulardirection. Someneurons,suchasthe one shavn in (k), exhibit more comple« dynamics,for
example,involving two or moreinhibitory subrgions coalescingnto one. Otherneurons,suchasthe oneshawn in (I), appear
to betunedtowardsorientedimagestructureshatare eitherapproximatelystationaryor containsomemotion alongthe preferred
orientation.
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Figure 9: Space-Time Receptive Fields (size =

). The top two rows depictthe processof constructingspace-time

receptve eld pro les from temporalsequencesf 2-D spatialreceptve elds. Thetoprow is from Figure7 while the secondrow
is from Figure8 (a). The - plotsareobtainedby integratingthe 3-D spatiotemporafiataalongthe neurons preferredorientation

(in thesetwo casesalongthe horizontaldirection). Note thatorientationin

- spacendicatesthe neurons preferreddirectionof

motion(in this case upwardsor downwards).In addition,the slopeof approximately in bothcasesndicatesa preferredspeedof
approximately pixel/time stepfor theseneurong(sinceslopeis inversewith the preferredvelocityl AdelsonandBergen,1983).
(b) through(l) shav the space-timeaeceptve elds for the modelneuronsin Figure 8 (b) through(l). In somecasessuchas(d)
and (h), the preferredspeeds lessthan pixel/time stepdueto the apertureeffect{Adelsonand Movshon,1982. In the caseof

(), the preferredspeeds zero.
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network andacompaniometwork withoutthelateralinhibitory weights to asequencefimagesdepicting
abrightverticalbarmoving to theright onadarkbackgroundFigure10). In bothcasestheresponsesf the

modelneuronsin eachnetwork wereplottedashistogramsat eachtime step,with the rst vertical bar
correspondingo therespons®f the rst neuronthesecondo thatof theseconcheuronandsoon. As seen
in Figure 10, the trainednetwork generatesparsedistributed representationsf the spatiotemporalnput
sequencéonly afew neuronsareactive ateachtime step).Ontheotherhand,disablingthelateralinhibitory
connectiongesultsin a muchlarger numberof neuronsbeing active at eachtime step,suggestinghatthe
lateralconnectionglay a crucialrole in generatingsparselistributedrepresentationsf input stimuli.

In the nal setof experiments,we analyzedthe direction selectvity of modelneuronsin the trained

-neuronnetwork. Figure11lillustratesthe experimentaimethodologyused.Eachneuronin the network
wasexposedo orienteddark/brightbarson a bright/darkbackgroundnoving in adirectionperpendiculato
thebar's orientation(bright or darkbarswerechosendependingon which caseelicited the largestresponse
from the neuron). The direction of motion wasvariedfrom  to in stepsof . Figure11B showvs
the caseswvherethe direction of motionis (downwards)and  (upwards)respectiely. Figurel11C
shavs theresponsef the modelneuronin thesetwo casesasafunction of thetime from stimulusonset.As
expectedfrom the structureof its space-timaeceptve eld, theneuronexhibits a signi cant responsdor a
barmoving downwards(preferreddirection)while a bar moving upwards(null direction)elicits little or no
response.

A directionselectvity index (DSI) wasde ned for eachmodelneuronas:

PeakResponsén Null Direction

DSI . —
PeakResponsén PreferredDirection

(22)

Thepreferreddirectionwastakento bethedirectionof motioneliciting the largestresponsérom the model
neuronandthe null directionwassetto the oppositedirection. Thus,a neuronwith a peakresponsef zero
in thenull directionandanonzeraresponsén thepreferreddirectionhasaDSl of or . A neuronwith
equalresponsef bothdirectionshave a DSI of zero. Figure12A showvs polarresponselots of four model
neuronswith increasingDSI from left to right. Therightmostplot is for theneuronin Figure11 andits DSI

of con rms its relatively high directionselectvity. Figure12B shows the populationdistribution of
directionselectvity in the  -neuronnetwork. A relatively large proportionof theneurony  of the
or ) hadadirectionselectvity index of or greater

6 Discussion

Theresultssuggesthatmary of theimportantspatiotemporapropertiesof visual cortical neuronssuchas
velocity anddirection selectvity canbe explainedin termsof learningef cient spatiotemporayeneratie

modelsfor naturaltimevaryingimages Ef ciency is de ned notonly in termsof reducingimagereconstruc-
tion errorsbut alsoin termsof reducingstatisticaldependenciebetweemetwork outputs.This redundang

reductionis implementedvia recurrentlateralinhibition asderived from the MDL principle. The network

also utilizes otherlateral connectionswhich are derived from the generatre model. Theselateral excita-

tory/inhibitory connectionglay arole similar to thoseusedin Bayesiarbelief networks for facilitating the
phenomenomf “explaining away” [Pearl,1989. The network additionallyincludesrecti cation of outputs

to encouragesparsenesamongthe network actwities. Although recti cation helpsin the developmentof

sparsalistributedrepresentationggecti cation alonewasfoundto be insufcient in producingsatistctory
space-timeeceptve elds. Likewise,lateralinhibition alonewasalsofoundto beinsufcient.
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Figure 10: Lateral Inhibition and Sparse Distrib uted Representationsof Input Stimuli. To testthe role of the lateral
inhibitory weights (seeFigure2) in generatingsparsedistributedrepresentationgheseweightswereremoved (after learning)
andthe network wasexposedto a bright vertical bar moving to theright. Theresponsesf the neuronsn the network at the
varioustime stepsareshavn ashistogramgthe rst verticalbaris theresponsef the rst neurontheseconds thatof the second
neuron,andsoon). The histogramshave beennormalizedsuchthatthe maximumresponseén eachgraphis one. Theresponses
with lateralinhibition intactare shaovn to theright at eachtime step. As is evident from therelatively sparsenumberof neurons
active at eachtime stepin the “with lateralinhibition” case the existenceof lateralinhibitory connectionsn the network appears
to becrucialfor generatingsparsaistributedrepresentationsf the spatiotemporainput stimuli.
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Figure11: Example of Dir ection Selectiity. The modelneuronfrom Figure7 wastestedfor directionselectvity. (A) shavs
the space-timaeceptve eld of this neuron. (B) depictsthe two input stimuli usedfor testing: a dark horizontalbarin a white
backgroundmoving eitherdownwardsor upwards. (C) shawvs the responsef the neuronasa function of the time from stimulus
onset.As expectedfrom the structureof its space-timeeceptve eld, the neuronexhibits a signi cant responsdor a bar moving
downwards(preferreddirection),reachinga peakresponsef unitsat 11 time stepsfrom stimulusonset.Ontheotherhand,a
barmoving upwards(null direction)elicits little or noresponse.
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Figure 12: Analysis of Direction Selectiity. (A) shavs polar responseplots of four model neuronswhen exposedto bars
orientedata particularangleandmoving in adirectionperpendiculato the orientation.Theradiusof the plot indicateghe strength
of theresponsevhile the angleindicatesthe directionof motion of the bar The sequencef plotsis arrangedrom left to right in

the orderof increasingdirectionselectvity, asgiven by the directionselectvity index DSI (seetext for de nition). The polar plot

ontheextremeright is for theneuronin Figurel1, con rming its relatively high directionselectvity. (B) shaws thedistribution of

directionselectvity in the populationof neurondn thetrainednetwork. A relatively large proportionof the neurons( of

the ) hadadirectionselectvity index of or greater
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Several previous modelsof direction selectvity have utilized recurrentlateral interactionsand recti-
cation [Suarezet al., 1995; Maex and Orban, 1996; Mineiro and Zipser 1997, althoughwithout the
statisticalperspectie pursuedherein. In addition, the receptve elds in mary of theseapproachesvere
hard-wiredby handratherthanlearned. An interestingissueis how the spatiotemporallywarying synap-
tic weightsof neuronsin the presentmodel can be implementedbiologically by intrinsic synapticmech-
anismsand axonal-dendriticinteractionsover time. In this regard, it is possiblethat spacetime recep-
tive elds similar to those obtainedby the presentmethodmay also arise in other neural circuits that
do not explicitly use spatiotemporakynapticweights. Most of the synapticweightsin the trained net-
works were found to be space-timanseparable.The lack of larger numbersof separableeceptve elds
in the trained networks suggestsan alternatve mechanismfor the generationof suchreceptve elds.
Most cortical receptie elds that are space-timeseparablehave a temporalweighting pro le that ap-
proximatesa derivative in time. We have previously shovn[Rao and Ballard, 1997l that a generatie
model basedon a rst-order Taylor seriesapproximationof animage produceslocalized oriented Iters
that computespatial derivatives for estimatingtranslationsin the imageplane. A possibility that we are
currently investigatingis to usea Taylor seriesexpansionof animagein both spaceandtime, andto as-
certainwhethersucha stratg)y producesseparablelters that computederivativesin both spaceandtime.
Otherissuesbeing pursuedinclude explaining contrastnormalizationeffectd Albrecht and Geisler 1991;
Heeger, 1991 andrecastinghe hierarchicafframevork proposedn[RaoandBallard,19974 to accommo-
datethe spatiotemporafjeneratie modelproposecherein.
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