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The responsesof visual cortical neurons during ®xation tasks can be signi®cantlymodulated by stimuli

fr om beyond the classicalreceptive®eld. Modulatory effects in neural responseshave alsobeenrecently

reported in a task where a monkey fr eelyviewsa natural scene. In this paper, we describea hierarchical

network model of visual recognition that explains these experimental observationsby using a form of

the extendedKalman ®lter as given by the Minimum Description Length (MDL) principle. The model

dynamically combinesinput-driven bottom-up signalswith expectation-driventop-down signalsto predict

curr ent recognitionstate. Synaptic weightsin the model are adaptedin a Hebbian manner according to a

learning rule alsoderived fr omthe MDL principle. The resultingprediction/learning schemecanbeviewed

as implementing a form of the Expectation-Maximization (EM) algorithm. The architecture of the model

positsan activecomputational role for the reciprocalconnectionsbetweenadjoining visual cortical areasin

determining neural responseproperties. In particular , themodeldemonstratesthe possibleroleof feedback

fr om higher cortical areasin mediating neurophysiologicaleffectsdue to stimuli fr om beyond the classical

receptive®eld. Simulations of the model are provided that help explain the experimental observations

regarding neural responsesin both fr eeviewing and ®xatingconditions.

1 Intr oduction

Muchof theinformationregardingtheresponsepropertiesof cellsin theprimatevisualcortex hasbeenobtained

by displayingvisualstimuliwithin acell'sreceptive®eldwhile amonkey ®xatesonablankscreenandobserving,

via microelectroderecordings,theneuronalresponseselicitedby thedisplayedstimuli [HubelandWiesel,1968;

Zeki, 1976;Baizeret al., 1977;Andersenet al., 1985;MaunsellandNewsome,1987]. The initial assumption

wasthattheresponsesthusrecordedarenotsubstantiallydifferentfrom thosegeneratedin amorenaturalsetting,

but laterexperimentsshowedthat theresponsesof many visualcorticalneuronscanbe signi®cantlymodulated

by stimuli from beyond the classicalreceptive ®eld[NelsonandFrost,1978;Zeki, 1983;Allman et al., 1985;

DesimoneandSchein,1987;Gulyaset al., 1987;Muller et al., 1996]. Modulatoryeffects in neuralresponses

have alsobeenrecentlyreportedby [Gallantet al., 1994;1995;Gallant,1996] in a taskwherea monkey freely

�

A preliminaryaccountof thiswork appearedas[RaoandBallard,1995b].
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viewsanaturalscene.In theseexperiments,responsesfrom thevisualareasV1, V2, andV4 wererecordedwhile

a monkey freely viewednaturalimages.Theimagesubregionsthatfell within a cell's receptive ®eldduringfree

viewingwerethenextractedfrom theimagesand¯ashedwithin thecell'sreceptive®eldwhile themonkey ®xated

onablankscreen.Surprisingly, theresponsesobtainedwhenthestimuliwere¯ashedduringthe®xationtaskwere

foundto begenerallymuch larger thanwhenthesamestimuli enteredthereceptive ®eldduringfreeviewing.

In thispaper, wedescribeahierarchicalnetworkmodelof dynamicsandsynapticlearningin thevisualcortex

thatprovidesexplanationsfor the above experimentalobservationsby exploiting two fundamentalpropertiesof

the cortex: (a) the reciprocityof connectionsbetweenany two connectedareas[RocklandandPandya,1979;

VanEssen,1985;FellemanandVanEssen,1991], and(b) theconvergenceof inputsfrom lowerareaneuronsto a

higherareaneuron,resultingin largerreceptive®eldsizesfor neuronsin thehigherarea[VanEssenandMaunsell,

1983;DesimoneandUngerleider, 1989]. The reciprocityof connectionsallows feedbackpathwaysto convey

top-downreconstructedsignalsthatserve aspredictionsfor lower level modules,while thefeedforwardpathways

convey theresidualsbetweencurrentrecognitionstateandthe top-down predictionsfrom thehigherlevel. The

largerreceptive®eldsizeof higherlevel neuronsallowsthemto integrateinformationfrom alargerspatialextent,

which in turn permitsthemto in¯uence, via feedbackpathways,lower level unitsoperatingat a smallerspatial

scale.

The modelacknowledgesthe fact that vision is an active, dynamicprocesssubservingthe larger cognitive

goalsof theorganismthat thevisualsystemis embeddedin. In particular, thedynamicsof a corticalmoduleat

a given hierarchicallevel is shown, usingthe Minimum DescriptionLength(MDL) principle [Rissanen,1989;

Zemel, 1994], to assumethe form of an extendedKalman ®lter [Kalman, 1960; Kalman and Bucy, 1961;

Maybeck,1979] whichoptimallyestimatescurrentrecognitionstateby combininginformationfrom input-driven

bottom-upsignalsandexpectation-driven top-down signals. The dynamicsalsoallows a nonlinearprediction

stepthatfacilitatestheprocessingof time-varyingstimuli, andhelpsto counteractthesignalpropagationdelays

introducedby the differenthierarchicallevels of the network. Predictionis mediatedby a setof units whose

weightscanbeadaptedin orderto minimize thepredictionerror. Thetransformationof signalsfrom lower, less

abstractareasto higher, moreabstractareasis achievedvia synapticweightsin thefeedforwardpathwaywhile the

transformationbackis achieved via the feedbackweights,bothof which arelearnedduringexposureto natural

stimuli. This learningis mediatedby a Hebbianlearningrulealsoderivedfrom theMDL principle. Theweights

areshown to approachthetransposesof eachotherwhich in turnallowsthefastdynamicsof theKalman®lterto

beef®cientlyimplemented.Thecombinedprediction/learningschemecanbeviewedasimplementinga form of

theExpectation-Maximization(EM) algorithm[Baumetal., 1970;Dempsteret al., 1977].

We ®rstverify the hypothesisthat reciprocalconnectionsbetweendifferenthierarchicallevels canmediate
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Figure1: A Simple Input EncoderNetwork. Thegoal is to optimally encodeinputsI by ®ndingbestestimates
�

�

,
� �

,

and
�

r for thenetworkparameters
�

,
�

, andr . Optimality is de®nedin termsof leastsquaredreconstructionerrorwherethe

reconstructionof theinput is givenby I ���

�

r .

robustvisualrecognitionby assessingthemodel's performanceon a small trainingsetof realisticobjects. The

modelis shown to recognizeobjectsfrom its trainingsetevenin thepresenceof partialocclusionsandmaintaina

®nediscriminationability betweenhighly similarvisualstimuli. By exposingthenetworkto naturalimages,we

show thatthereceptive®eldsdevelopedat thelowesttwohierarchicallevelsarecomparableto thoseof cellsat the

correspondinglevelsin theprimatevisualcortex. Wethendescribesimulationsof themodelin bothfreeviewing

and®xatingconditionsandshow that thesimulatedneuralresponsesarequalitatively similar to thoseobserved

in theneurophysiologicalexperimentsof [Gallantet al., 1994;1995;Gallant,1996]. We concludeby describing

relatedwork on corticalmodeling,Kalman®lters,andlearning/parameterestimationtechniques(includingthe

relationshipto theEM algorithm),anddiscusstheuseof themodelasacomputationalsubstratefor understanding

a numberof well-known psychophysical/physiologicalphenomenasuchas illusory contours,bistablepercepts,

amodalcompletions,visualimagery, end-stopping,andothereffectsfrom beyondtheclassicalreceptive®eld.

2 A Simple Input EncodingExample

We begin by examininga simple input encodingproblem. In particular, considerthe problemof encodinga

collectionof inputs � 1 �

� 2 �
	�	
	

usinga single-layerrecurrentnetwork(Figure1) with linearactivationunitswhere

thegoalis to minimizethereconstructionerror. In otherwords,for agiven ��
 1 inputvector � , we wouldlike to

minimizethesumof component-wisesquarederrorsasgivenby:

�����

�������

�

���

�

�����

�

���

�

���

(1)

where
�

denotesthe ��
�� feedbackmatrix, therowsof whichcorrespondto thesynapticweightsof unitsin the

feedbackpathway,
�

denotesthe current ��
 1 activation(or internalstate)vectorand  denotesthe transpose

operator. Thevector
�

�

correspondsto thenetwork'sreconstruction�"! of theinput � .
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Notethattheoptimizationfunction
�

is modulatedby two setsof parameters
�

and
�

. Wecanthusminimize
�

by performinggradientdescentwith respectto bothof theseparameters.For agivenvalueof
�

, we canobtain

theoptimalestimate
�

�

of thestatevector
�

accordingto:

Ç�
� �

�

� 1

2

�

�

�

�

�

� 1
�

�

�

� �

�

�

���

(2)

where� 1 �

0determinestheadaptationratefor
�

. Theaboveequationcanbeequivalentlyexpressedin itsdiscrete

form as:
�

�

�����

1
���

�

�

���

�

�

� 1
�

�

�

���

�

�

�

���

� �

(3)

Similarly, for a given valueof
�

, we canobtainthe optimal estimate
�

�

of the generative weight matrix
�

accordingto:
Ç�

�

�

�

� 2

2

�

�

�

�

�

� 2
�

���

�

�

�����

�

(4)

where � 2 �

0 determinesthelearningrate.Equivalently,

�

� �����

1
���

�

� ���

�

�

� 2
�

���

�

� ���

� �����
�

(5)

It is interestingto note that the above rule can be regardedas a form of Hebbianlearning,with presynaptic

activity
�

andpostsynapticactivity
�

� �

�

�

���

. Thedifferencein thelattertermcanbecomputed,for instance,via

inhibitory feedback.Typically, for a given input � duringlearning,
� �

�

�

is allowedto converge to a stabilized

valuebeforetheweights
�

�

areupdated.Thesenew valuesfor
�

�

aresubsequentlyusedfor computingthestate
�

�

for thenext input. Theresultingschemecanthusberegardedasimplementinganon-lineform of thewell-known

Expectation-Maximization(EM) algorithm[Dempsteretal., 1977] (seeSection9.5for adiscussion).Notethatfor

appropriatelysmallpositivevaluesof � 1, thequadraticform of
�

assuresconvergenceof
�

�

to theglobalminimum

of
�

for a giveninput � .

An important featureof the above estimationschemeis that the dynamicsin Equation3 can be readily

implementedin thenetworkof Figure1 if wemakethefeedforwardweightmatrix 	

�

�

�

. By usinga learning

rule for
�

and 	

�

identicalto Equation5 but with a linearweightdecayterm, it canshown that
�

	 converges

approximatelyto
�

�

�

evenwheninitializedto arbitraryrandomvalues(see,for example,[Williams, 1985]).

A numberof variantsof theestimationschemesketchedabove have previously appearedin the literaturein

variousguises.For example,[Daugman,1988] proposesa gradientdescentrule for estimatingthecoef®cientsof

a ®xed basissetof non-orthogonalGabor®lters(seealso[Pece,1992]). Daugman's schemecanbe seento be

essentiallyidenticalto Equation2 wheretherows of
�

�

comprisetheGabor®lterset. On theotherhand,rather

than®xingthebasissetof ®ltersto beGaborfunctions,onecanattemptto learn thebasissetfor some®xedstate

vector
�

. In particular, if we let
� �

�

�

� (the feedforwardresponseassuming	

�

�

�

), Equation4 reduces
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to Oja'ssubspacenetworklearningalgorithm[Oja,1989] andWilliams' symmetricerror-correctionlearningrule

[Williams,1985], bothof whichwereshowntogenerateorthogonalweightvectorsthatspantheprincipalsubspace

(or dominanteigenvectorsubspace)of the inputdistribution. Thus,thepurelyfeedforwardform of thenetwork

performsan operationequivalentto principal componentanalysis(PCA) [Chat®eldandCollins, 1980]. More

recently, learningschemessimilarto theonewepresentedabovehavebeenproposedindependentlyby[Olshausen

andField, 1996] and[HarpurandPrager, 1996]. As above, theseschemescombinethe dynamicsof the state

vector
�

with thelearningof theweights
�

. By additionallyaddinganactivity penalty(derivedfromaªsparseness

functionº) to the dynamicsof the statevector
�

, [OlshausenandField, 1996] demonstratethe developmentof

non-orthogonalandlocalizedbasis®ltersfrom naturalimages.

In the following sections,we show that the above framework canbe regardedasa specialcaseof a more

generalestimationandlearningschemethat hasits roots in stochasticmodelingandKalman ®ltertheory. In

particular, usinga hierarchicalstochasticmodelof the imagegenerationprocess,we formulatean optimization

functionbasedontheminimumdescriptionlength(MDL) principle. In theMDL formulation,theactivity penalty

of [Olshausenand Field, 1996] arisesas a direct consequenceof the assumedmodel prior. As we show in

the following sections,the resultinglearning/estimationschemeallows the modelingof the visual cortex as a

hierarchicalKalmanpredictor.

3 The Ar chitectureof the Model

Themodelis a hierarchicallyorganizedneuralnetworkwhereineachintermediatelevel of thehierarchyreceives

bottom-upinformationfromtheprecedinglevelaswell astop-downinformationfromahigherlevel (seeFigure2).

At eachlevel, the outputsignalsof spatiallyadjacentmodules,eachprocessingits own local imagepatch,are

combinedandfedasinputto thenext higherlevel, whoseoutputsarein turncombinedwith thoseof itsneighbors

andfed into yetanotherhigherlevel, until theentirevisual®eldhasbeenaccountedfor. As aresult,thereceptive

®eldsof unitsbecomeprogressively larger asoneascendsthe hierarchicalnetworkin a mannersimilar to that

observed in the occipitotemporalpathway(V1 � V2 � V4 � IT) of the primatevisual system[Van Essen

andMaunsell,1983;DesimoneandUngerleider, 1989]. At the sametime, feedbackpathwaysallow top-down

in¯uencesto modulatethe outputof noisy lower level modules. From a computationalperspective, suchan

arrangementallowsa hierarchyof abstractinternalrepresentationsto belearnedwhile simultaneouslyendowing

thesystemwith propertiesessentialfor dynamicrecognitionsuchastheability to formpatterncompletionsduring

occlusions. From a neuroanatomicalperspective, suchan architecturefalls well within the known complexity

of cortico-corticalandintracorticalconnectionsfoundin theprimatevisualcortex [RocklandandPandya,1979;

GilbertandWiesel,1981;Lund,1981;Jones,1981;Douglasetal., 1989;FellemanandVanEssen,1991].

At thelowestlevel, the input imageis processedin parallelby a large numberof identicalnetworkmodules
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Figure2: The Ar chitecture of the Model. The feedforwardpathwaysfor the®rsttwo levels areshown in the top half

of the®gurewhile thebottomhalf representsthefeedbackpathways.Eachfeedforwardweightmatrix
�

is approximately

thetransposeof its correspondingfeedbackmatrix
�

. Thefeedbackpathwayscarry top-down reconstructedsignalsr ��� that

serveaspredictionsfor thelower level modules.Thefeedforwardpathwayscarryresidualsbetweenthecurrentstateandthe

top-down predictions,andtheseresidualsare®lteredthroughthefeedforwardweightmatrix
�

at thenext level. Thecurrent

statepredictionr
�����

is computedfrom thepreviousstateestimate
�

r
���	�

1
�

usingthepredictionweights 
 andtheactivation

function � . Thecurrentstateestimate
�

r
�����

at eachlevel is continuallyupdatedby combiningthe top-down andbottom-up

residualswith thecurrentstatepredictionaccordingto theextendedKalman®lterupdateequationsderivedin the text. The

®gureillustratesthe architecturefor the simplecaseof four level 1 modulesfeedinginto a level 2 module. However, this

arrangementcanbeeasilygeneralizedin arecursivemannerto thecaseof anarbitrarynumberof lower level modulesfeeding

into ahigherlevel module,whoseoutputsarein turncombinedwith thoseof its neighborsandfedinto yetanotherhigherlevel

andsoon,until theentirevisual®eldhasbeencovered.

which tessellatethevisual®eld.For a givenmodule,the local imagepatchcanbeconsideredan � -dimensional

vector � , whichis linearly®lteredby asetof � modi®able®ltersasrepresentedby therowsof a � 
 � feedforward

matrix 	 of thesynapticweightsof units. Thesynapticweightscomprising	 areinitialized to small random

valuesandadaptedin responseto inputstimuli accordingto thesynapticlearningrulesderivedbelow. Theimage

representation� in our modelroughlycorrespondsto therepresentationat theLGN while the®ltersde®nedby

therows of weightmatrix 	 performan operationsimilar to thatcarriedout by simplecells in layer IV of V1.

The®lteredimageis de®nedby a responsevector � givenby:

�

�

	 � (6)

Theresponsevector� is fedinto � (possiblynonlinear)ªstateºunitswhichcomputerunningestimates
�

�

of current

internalstateandpredictthestate
�

for thenext time instantusingtheirsynapticweights 
 (seeFigure2). There

alsoexist � backprojectionor feedbackunitswith anassociated� 
�� matrix of ªgenerativeº weights
�

which

allow reconstructionof theinputat thelower, lessabstractlevel from thecurrentinternalstateat thehigher, more
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abstractlevel. Theiroutputis givenby:

�

!

�

�

�

(7)

In additionto bottom-upinput � , eachlevel in thehierarchicalnetwork(exceptthehighestlevel) alsoreceivesa

top-down signal
�

��� from a higherlevel module. Thesignal
�

��� actsasa predictionof thelower level module's

currentstatevector
�

, asestimatedby a higher-level moduleafter takinginto account,for example,information

from a largerspatialneighborhoodin conjunctionwith thepasthistoryof inputs.

Note thatwhile the above equationswerede®nedfor the®rsthierarchicallevel, wherethe bottom-upinput

consistedof the image �

���

�

, the sameanalysiscanbe appliedto all levels of the networkwherethe bottom-up

input is simply thevectorobtainedby combiningtheoutputvectorsof several neighboringlower-level modules

asillustratedin Figure2 for thesecondlevel.

Given theabove architecturalsetting,we arenow left with the problemof prescribingthedynamicsfor the

internalstatevectors
�

�

and
�

, aswell asappropriatelearningrulesfor the synapticweights
�

, 
 , and 	 . In

theprevioussection,we achieved our objective by simply minimizing thereconstructionerror. As we shall see,

a moregeneralstatisticalapproachis to model the inputsto the systemasbeingstochasticallygeneratedby a

hierarchicalimagegenerationprocessthatcanbecharacterizedasfollows. First,weassumethatimagesarebeing

generatedby a linearimagingmodelof theform:

�

���

���

� ���

� �

���

�

�����	� ���

�

(8)

where
�

is a generative matrix (correspondingto the generative feedbackweightsin the network)and
�

is a

hiddenstatevector. We assumethe meanof the bottom-upnoiseprocess

 ���

�	�
���

��� �

0. The corresponding

noisecovariancematrixS
�	�

at time
�

is givenby



� ���	� ���

�

���	� ���

����� �

S
�	� ���

�	�

���

�

�

�

(9)

where
�

is theKroneckerdeltafunctionequaling1 if
�

�

�

and0 otherwise.

Wemodelthedifferencebetweenthetop-downprediction
�

��� from ahigherlevel andtheactualstatevector
�

at thecurrentlevel by anotherstochasticnoiseprocess
�

��� :

�

���

���

� � �

���

�

���

���

���

�

(10)

with

 ���

���

���

�����

0. Thetop-downnoisecovariancematrixS��� at time
�

is givenby:


�� �

���

���

�

�

���

���

�

�

� �

S���

���

�	�

���

�

�

�

(11)

Giventhecurrentstate
�

���

�

, thetransitionto thestate
�

��� �

1
�

at thenext time instantis modeledas:

�

��� �

1
�����

�




���

���

���

���

��� ���

�

(12)
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where
�

isa (possiblynonlinear)vector-valuedactivationfunction, 
 is thestatetransitionmatrix(corresponding

to theªpredictionºweightsin thenetwork),and
�

is a stochasticnoiseprocesswith meanandcovariance:



� � ���

� � �

�����

�

(13)



� ��� ���

�

�

� ���

���

��� ���

�

�

� ���

� �

�

� �

S
���

�	�

���

�

�

�

(14)

For thederivationsbelow, we assumethatthethreestochasticnoiseprocessesintroducedabove areuncorrelated

over timewith eachotherandwith theinitial statevector.

It is convenientto view the ��
 � generativeweightmatrix
�

andthe � 
�� predictionweightmatrix 
 asan

� � 
 1 vector � anda �

2

 1 vector � respectively, wherethevectorsareobtainedby collapsingtherows of the

matrix into a singlevector. For example,

�

�

��

�

�

�

�

�1
�

�2
...

�

�

�

���

�

�

	

(15)

where
��


denotesthe � th row of
�

. We characterizetheevolutionof thedifferentunknown weightswe usedin

thehierarchicalimagingmodelabove by thefollowingdynamicequations:

�

�����

1
� �

�

���

�

� �
�

���

�

(16)

�

�����

1
� �

�

���

�

����
 ���

�

(17)

where
�

�

and
�




arestochasticnoiseprocesseswith meanandcovariancesgivenby:



� �
�

���

��� �

�
�

���

�

(18)



� ��
 ���

��� �

��
 ���

�

(19)


�� � ��� ���

�

�

� � ���

� �

����� ���

�

�

��� ���

� �

�

� �

S
� ���

� �

���

�

�

�

(20)



� ���



���

�

�

�



���

���

� �



���

�

�

�



���

� �

�

� �

S



���

� �

���

�

�

�

(21)

In summary, Equations8 through21 re¯ect our assumedhierarchical modelof how visual inputsarebeing

stochasticallygenerated. The goal of a given cortical module is thus to estimate,as closely as possible,its

counterpartin the input generationmodelas characterizedby the systemof equationsabove.1 It doesso by

minimizinga costfunctionbasedontheMinimum DescriptionLengthprinciple.

4 The Minimum Description Length BasedOptimization Function

In orderto prescribethedynamicsof thenetworkandderive thelearningrulesfor modifyingthesynapticweight

matrices,we makeuseof the Minimum DescriptionLength(MDL) principle[Rissanen,1989;Zemel,1994], a

1By convention,eachestimatethat thecorticalmodulemaintainswill bedifferentiatedfrom its counterpartin theinputgenerationmodel

by theoccurrenceof thehatsymbol.Forexample,themeanof thecurrentcorticalestimateof theactualstatevector
�

will bedenotedby
�

�

.
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formal information-theoreticversionof thewell-knownOccam's Razorprinciplecommonlyattributedto William

of Ockham(13th-14thcenturyA.D.) [Li andVitanyi, 1993]. Brie¯y, thegoalis to encodeinputdatain away that

balancesthecostof encodingthedatagiventheuseof a modelwith thecostof specifyingthemodelitself. The

underlyingmotivationbehindsuchanapproachis to accurately®tthemodelto theinputdatawhile at thesame

timeavoidingover®ttingandallowinggeneralization.

Supposethatwe have alreadycomputeda prediction
�

of thecurrentstate
�

basedonpriordata.In particular,

let
�

bethemeanof thecurrentstatevectorbefore measurementof theinputdataat thecurrenttime instant.The

correspondingcovariancematrix is givenby:



� �

�

�

���

�

�

�

����� � �

�

(22)

Similarly, let � and � beestimatesof thecurrentweights� and � calculatedfrom prior datawith:



� �

�

�

�

�

�

�

�

�

�

�

� � �

(23)



� �

��� �

�

�

��� �

�

�

� �

 (24)

Givena descriptionlanguage� , data� andmodelparameters� , theMDL principleadvocatesminimizingthe

followingcostfunction [Zemel,1994]:

���

�

�

�

�����

�

�

�

�

�

�������

�

�

�

�

�

���

�

�

�

�

�

���

(25)

�
	��

denoteslengthof thedescription.In our case,� consistsof thecurrentinput image �

���

�

andtop-down input

�

���

���

�

, and � consistsof theparameters
�

, 
 , and
�

thatcanbemodulated.2 Thus,

�

�

�

�

�

�

���
�
�

�

�

� �

�

�����

�

�

�

�

�

���

�

�����

(26)

The two termson the right handsideof the precedingequationaresimply the bottom-upandtop-down recon-

structionerrors.Thecostof themodelis givenby:

�

�

�

�

��� ���

�

�

�����

�

�

�

�

�

���

�

�

�

�

�

���

(27)

In a Bayesianframework, theabove equationcanbe regardedastaking into accountthe prior modelparameter

distributionswhile Equation26 representsthe negative log-likelihoodof the datagiven the modelparameters.

Minimizing thecompletecostfunction
�

is thusequivalentto maximizingtheposteriorprobabilityof themodel

� givendata� .

2Thefeedforwardweightmatrix � doesnotappearamongthemodeltermssincethismatrixcanbeconstrainedto bethetransposeof the

feedbackweightmatrix � asaresultof thesynapticlearningrulesdescribedin Section6.
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Giventhe trueprobabilitydistribution(over discreteevents)of thevarioustermsin theabove equations,the

expectedlengthof theoptimalcodefor eachtermis givenbyShannon'soptimalcodingtheorem[Shannon,1948]:

�

�

�

�

���
�

� log
� ���

�

�

�

(28)

where
� ���

�

�

�

denotestheprobabilityof the discreteevent � . Sincethe truedistributionsareunknown, we

appealto theCentralLimit Theorem[Feller, 1968] andusemultivariateGaussiansastheprior distributionsfor

codingthe varioustermsabove. However, encodingfrom a continuousdistribution requiresthe calculationof

the probabilitymassof a particularsmall interval of valuesarounda given valuefor usein Equation28 above

[NowlanandHinton,1992;Zemel,1994]. Usinga trapezoidalapproximation,we mayestimatethemassundera

continuous(in ourcase,Gaussian)density� in anintervalof width � aroundavalue � to be
� ���

�

�

���

�

�

�

�

�

� .

For encodingthe errors(Equation26), we assume� to be a constantin®nitesimalwidth which yields (using

Equation28andignoringtheconstanttermsdueto thecoef®cientsof themultivariateGaussians):

�

�

�

�

�

�

��� �

�

���

�

���

�

S �

1�	�

�

� �

�

���

� �

�

���

�

���

�

S �

1
���

�

�

���

�

���

(29)

For encodingthemodelterms(Equation27), a constantin®nitesimalwidth � may be inappropriatesincesome

valuesof theparametersmayneedto beencodedmoreaccuratelythanothers.For example,thenetworkmaybe

moresensitivetosmallchangesin someparametervaluesthanothers[NowlanandHinton,1992]. Onesolution,as

suggestedby [NowlanandHinton,1992], is to make� inverselyproportionalto thecurvatureof thecostfunction

surface,but this may be computationallyvery expensive. A simpleralternative, which favors small valuesfor

the parametersgiven the choicebetweensmall andlarge values,is to let � be a zeromeanradially symmetric

Gaussianfor eachof themodelterms� , � , and
�

with variancesinverselyproportionalto 	 , 
 , and � respectively.

UsingEquation28,themodelcostthenreducesto (ignoringtheconstantterms):

�

�

�

�

��� �

�

�

�

���

�

�

�

1 �

�

�

� �

� �

�

�

�

�

�

�

�

1 �

�

�

�

�

� �

��� �

�

�

 
�

1 �

��� �

�

�

�

�

�

�

�

	

�

�

�

�


 �

�

� (30)

The®rstthreetermsin thesumabovearisefrom thepriorGaussiandensitiesfor
�

, � , and � asgivenby �

�

� �

�

�

,

�

�

�

� � �

, and �

�

�

�

 

�

while the latterthreetermsarederivedfrom thezeromeanGaussiansassociatedwith � .

Note that the above equationimplementsan intuitively appealingtrade-off betweenachieving a good®t with

respectto prior predictions(
�

, � and � ) andsimultaneouslypenalizinglargevaluesfor theparameters(activities

�

andweights � and � ). Onemayalsoview the latterthreetermsasregularizers[Poggioet al., 1985] thathelp

preventover®ttingof data,therebyincreasingthepotentialfor generalization.3

3Thevariance-relatedregularizationparameters
 , � , and� maybechosenaccordingto avarietyof techniques(see [Girosi et al., 1995]

for references)but for theexperimentsin thispaper, weusedappropriatelysmallbut arbitrary®xedvaluesfor theseparameters.
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5 Network Dynamicsand Optimal Estimation of RecognitionState

Thederivationof theestimationalgorithmfor recognitionstateis analogousto thatfor thediscreteKalman®lter

asgivenin standardtextssuchas[BrysonandHo,1975] (thecontinuouscasefollowsin astraightforwardfashion

by applyinga few limits to thedifferenceequationsin thediscretecase[BrysonandHo, 1975]). Givennew input

� andtop-down prediction
�

��� , the optimal estimateof currentstate
�

after measurementof the new datais a

stochasticcodewhosemean
�

�

andcovariance
�

canbeobtainedby setting:

�

���

�

�

�

�

�

�

�

0 (31)

which implies
�

�

1 �

�

�

�

���

�

�

�

S�

1�	�

�

���

�

�

� �

� S �

1
���

�

�

���

�

�

� �

�

�

�

� �

0 (32)

After somealgebraicmanipulation,theaboveequationyieldsthefollowingupdaterulefor themeanof theoptimal

stochasticcodeat time
�

:

�

�

���

��� �

���

�

� � �

�

S�

1�	�

�

���

�

�

���

� �

� �

S �

1
���

�

�

���

�

�

���

� �

� �

�

�

���

�

(33)

wheretheprediction
�

is givenby:

�

��� �

1
�����

�




���

�

�

�

���

� �

� � ���

�

(34)

It followsthatthecovariancematrix
�

at time
�

is givenby theupdaterule:

� ���

���

� �

�

1 ���

�

� �

�

S �

1�	�

���

�

� �

S �

1
���

���

�

�

�

�

�

�

1 (35)

where
�

is the � 
�� identitymatrix. Thepredictionerrorcovariancematrix
�

is updatedaccordingto:

� ��� �

1
���

�

�

�

�

� ���

�

�

�

�

�

���

�

�

S
���

�

(36)

with the partial derivative beingevaluatedat
���

�

�

���

�

. The partial derivativesarisefrom a ®rst-orderTaylor

seriesapproximationto the activation function
�

around
�

�

���

�

. The above setof equationscanbe regardedas

implementinga form of theextendedKalman®lter[Maybeck,1979].

During implementationof the algorithm,the covariancematricesS, S
�	�

, andS��� canbe approximatedby

matrices
�

S,
�

S
�	�

, and
�

S��� estimatedfrom sampledata. Further, by appealingto a versionof the EM algorithm

(seeSection9.5),we mayuse
�

�

�

and 


�


 in theequationsabove, where
�

and 
 arelearnedestimates

whoseupdaterulesare describedin Section6 and the appendixrespectively. For neuralimplementation,the

updateequationsabove can be simpli®edconsiderablyby noting that the basis®ltersthat form the rows of

the feedforwardmatrix 	 (
�

�

�

� ; seelearningrule below) alsoapproximatelydecorrelatetheir input, thereby

effectively diagonalizingthenoisecovariancematrices(seealso[Pentland,1992] for relatedideas).This allows
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the recursive updaterulesto be implementedlocally in an ef®cientmannerthroughthe useof recurrentaxon

collaterals.

Equation33 forms the heartof the dynamicstateestimationalgorithm. Note that Equation3 which was

derivedvia gradientdescentin Section2 is actuallyaspecialcaseof Equation33. More importantly, Equation33

implementsan ef®cienttrade-off betweeninformationfrom threedifferentsources:thesystemprediction
�

���

�

,

the top-down prediction
�

��� , andthe bottom-updata � . Intuitively, the bottom-upandtop-down gain matrices
� �

�

�

S�

1�	� and
�

�

S �

1
��� canbeinterpretedassignal-to-noiseratios. Thus,whenthebottom-upnoisevariance

�

S
�	�

is

high(for instance,dueto occlusions),thebottom-upterm
�

� �

�

�

���

� �

is givenlessweightin thestateestimation

step(dueto a lower gain matrix) andthe estimate
�

�

���

�

reliesmoreon the top-down term
�

�

���

�

�

���

� �

andthe

systemprediction
�

���

�

. On the otherhand,whenthe top-down noisevariance
�

S��� is high (for instance,dueto

ambiguityin interpretationby thehigher-level modules),theestimate
�

�

���

�

reliesmoreheavily on thebottom-up

term
�

���

�

�

���

� �

andthesystemprediction
�

���

�

. Finally, if thesystemprediction
�

���

�

hasa largenoisevariance,

the matrix
�

assumeslarger valueswhich implies that the systemrelies more heavily on the top-down and

bottom-upinputdataratherthanonits noisyprediction
�

���

�

. Thedynamicsof thenetworkthusstrivesto achieve

a delicatebalancebetweenthe currentpredictionandthe inputsfrom variouscortical sourcesby exploiting the

signal-to-noisecharacteristicsof thecorrespondinginput channels.Note thatby keepingtrackof the degreeof

correlationsbetweenunitsatany givenlevel, thecovariancematricesalsodictatethedegreeof lateral interactions

betweentheunitsasdeterminedby Equation33.

In summary, theoptimalestimateof thecurrentstatebefore measurementof currentdatais a stochasticcode

with mean
�

andcovariance
�

. After measurementandupdateasgivenby Equations33 and35, themeanand

covariancebecome
�

�

and
�

respectively. Themean
�

�

is updatedby®lteringthecurrentresidualsor ªinnovationsº

[Maybeck,1979]
�

� �

�

� �

and
�

�

���

�

���

using
� �

�

�

S �

1�	� and
�

�

S �

1
��� respectively. Note that this requiresthe

existenceof the matrix
�

� for ®lteringthe bottom-upresidual
�

� �

�

���

that is beingcommunicatedfrom the

lower level. Thiscomputationcanbereadilyimplementedif thefeedforwardweights 	 happento besymmetric

with thefeedbackweights
�

i.e. 	

�

�

� . Therefore,we needto addressthequestionof how suchfeedforward

andfeedbackweightscanbedeveloped.

6 Learning the Feedforward and FeedbackSynapticWeights

The previous sectiondescribedone methodof minimizing the optimizationfunction
���

�

�

�

�

: updatingthe

estimateof the currentstate
�

as given by
�

�

and
�

in responseto the input data. However,
�

canbe further

minimizedby additionallyadaptingtheweights � , � , andthe feedforwardweights � aswell. Here,we derive

the learningrulesfor � and � . A possiblelearningprocedurefor the predictionweights � is describedin the

appendix.Notethat in orderto achieve stability in theestimationof state
�

, theweightsneedto beadaptedat a
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muchslower ratethanthedynamicprocessthatis estimating
�

.

We ®rstderive theweightupdaterule for estimatingthebackprojection(generative)weights� . Noticethat:

�

���

�

�����

�

���

�

�

�

(37)

where
�

is the ��
�� � matrixgivenby:

�

�

��

�

�

�

�

� �

	�	
	

�

�

�

�

	�	
	

�

...
...

...
...

�

	�	
	

�

�

�

���

�

�

	

(38)

Differentiating
�

with respectto thebackprojectionweights� andsettingtheresultto 0:

�

���

�

�

�

�

�

�

�

0 (39)

we obtain,after somealgebraicmanipulation,the following updaterule for the meanof the optimalstochastic

weightvectorat time
�

(notethatweuse
� � �

���

�

asprescribedbyaversionof theEM algorithm- seeSection9.5):

�

�

���

� �

�

���

�

� � � � ���

� �

S�

1�	�

�

���

� ���

�

�

���

� �

� 	

� �

�

���

�

(40)

where �

��� �

1
� �

�

�

���

�

� �
�

���

�

and
� ���

�

is thematrix obtainedby replacing
�

with
�

���

�

in thede®nitionof
�

above. Thecovariancematricesareupdatedaccordingto:

�
�

���

� �

�

�

�

1 ���

�

� � ���

�

�

S �

1�	�

���

�

� ���

�

�

	

�

�

�

1 (41)

�

�����

1
� �

�
�

���

�

�

S
�

���

�

(42)

where
�

is the � � 
 � � identitymatrix. NotethatEquation40 is simplya Hebbianlearningrule with decay, the

presynapticactivity beingthecurrentresponses
� ���

�

andthepostsynapticactivity beingtheresidual
�

� �

� ���

�

�

���

� �

(seefeedbackpathwayin Figure2).

It is relatively easyto seethat Equation5 which we derived via gradientdescentin Section2 is in fact a

specialcaseof Equation40 above. Thus,aswe mentionedin Section2, for thecaseof feedforwardprocessing,

where
� �

	 � and
�

�

	

� , this learningrule(withoutthecovariancematrices)becomesidenticalto Williams'

symmetricerror-correctionlearningrule [Williams, 1985] andOja's subspacenetworklearningalgorithm[Oja,

1989], both of which performan operationequivalent to principal componentanalysis(PCA) [Chat®eldand

Collins,1980]. Themoregeneralform abovewhichadditionallyincorporatesdynamicsfor thestatevectorallows

the developmentof non-orthogonalandlocal representationsaswell. Anotherinterestingfeatureof the above

learningrule is thetransitionfrom
�

�

���

�

to �

�����

1
�

. Thisstepallowsthemodelingof intrinsicneuronalnoisevia

theterm
�

�
���

�

. By assuminga distributionfor this noiseterm(for example,a zero-meanGaussiandistribution)
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andsamplingfrom this distribution, thetransitionfrom
�

�

���

�

to �

�����

1
�

canbemadestochastic.This helpsthe

learningalgorithmavoid local minimaandfacilitatesthesearchfor a globalminimum. The weightdecayterm

� 	

� �

�

���

�

(dueto themodelterm
�

�

�

�

���

in theMDL optimizationfunction)penalizesover®ttingof thedataand

helpsincreasethepotentialfor generalization.

Having speci®eda learningrule for the feedbackweights,we needto formulateone for the feedforward

weightssuchthat the dynamicsexpressedby Equation33 is satis®ed.In otherwords,the feedforwardweight

matrix 	 shouldbe updatedso asto approximatethe transposeof the feedbackmatrix
�

. Onesolutionis to

assumethat the feedforwardweightsareinitialized to thesamerandomvaluesasthe transposeof the feedback

weights,andthentoapplytherulegivenin Equation40. However, it ishighlyunlikely thatbiologicalneuronscan

have theirsynapsesinitializedin suchaconvenientmanner. A morereasonableassumptionis thatthefeedforward

weightsareinitializedindependentlyof thefeedbackweights.

Let � representthe vectorizedform of the matrix 	

�

analogousto Equation15. Considerthe following

weightmodi®cationrule for thefeedforwardweightsat time
�

:

�

�

���

���

�

���

�

� � � � ���

�

�

S �

1�	�

�

���

� ���

�

�

���

� �

� 	

� �

�

���

�

(43)

wherewe use �

��� �

1
� �

�

�

���

�

� �

�

���

�

with
�

�

���

�

assumedto be a zero-meanGaussiannoiseprocess.This

is againa form of Hebbianlearning(with decay),thepresynapticactivity this time beingtheresidualimageand

thepostsynapticactivity beingthecurrent
�

(seefeedforwardpathwayin Figure2). It is relatively easyto show

thattheabove rulecausesthefeedforwardmatrix to approachthetransposeof thefeedbackmatrix, i.e. 	

�

�

�

� ,

evenwhenthey startfrom differentinitial conditions.De®nea differencevector
�

as:

�

�

�

�

���

�

�

�

�

���

�

(44)

Then,from Equations40and43,

�

�

�

�

���

�

�

�

���

���

� 	

� � �

�

���

�

�

�

���

���

(45)

Asymptotically, as �

���

�

�

�

�

���

�

and �

���

�

�

�

�

���

�

,
�

�

���

�

�

�

���

� �

�

�

andEquation45reducesto:

� 	

�
�

�

�

�

0 (46)

Thus,giventhat 	

�

0 and
�

�

is positivede®nite,theexpectedvalueof
�

approacheszeroasymptotically, which

implies �

�

�

� . In otherwords(since� is 	

� by de®nition),	

�

�

�

� whichsatis®estheconditionneededfor

thedynamicsof thenetwork(Equation33)to convergeto theoptimalresponsevectorfor agiveninput.

7 Experimental Results

Beforepresentingsimulationresultsfor thefreeviewing and®xationexperiments,we verify theviability of the

modelby describingresultsfrom two relatedexperiments.
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7.1 Experiment 1: Learning and RecognizingSimple Objects

The ®rstexperimentwasdesignedto testthemodel's performancein a simplerecognitiontask. A hierarchical

networkasshown in Figure2 wasusedwith four level 1 modules,eachprocessingits local imagepatch,feeding

into a singlelevel 2 module. The four level 1 feedforwardmoduleseachcontained10 units(rows of 	 ) while

the secondlevel modulecontained25. The constants	 and � thatdeterminethevariancesof the MDL model

termsweresetat0
	

02and0
	

1 respectively. Thefeedforwardandfeedbackmatricesweretrainedby exposingthe

networkto grey scaleimagesof ®ve objectsasshown in Figure3 (A). Eachinput imagewasof size128 
 128

andwassplit into four equalsubimagesof size64 
 64 thatwerefed to the four level 1 modules.Theaverage

grey level valuesweresubtractedfrom eachimageandtheresultingimagenormalizedto unit lengthbeforebeing

inputto thenetwork.For eachinputtrainingimage,theentirenetworkwasallowedtostabilizebeforetheweights

wereupdated.Sinceonly staticimageswereused,we used
�

�����

1
���

�

�

���

�

. Notethatevenwithouta non-linear

predictionstep,for anarbitrarysetof possiblynon-orthogonalweightvectors,theoptimalresponseof thenetwork

at a given hierarchicallevel remainsa highly non-linearfunction of the input imagethat cannotbe computed

by a singlefeedforwardpassbut rathermustberecursively estimatedby usingEquation33 until stabilizationis

achieved(cf. [Daugman,1988]). Figure3 (B) through(E) illustratetheresponseof thetrainednetworkto various

input images.

7.2 Experiment 2: Learning ReceptiveFields fr om Natural Images

The previous sectiondemonstratedthe model's ability to learn internal representationsfor variousman-made

objectsandsubsequentlyusetheserepresentationsfor robust recognition. In this section,we askthe question:

whatinternalrepresentationsdoesthenetworkdevelopif it is exposedto a sequenceof arbitrarynaturalimages?

Notethat thisquestionbecomesespeciallyrelevant if thenetworkis to beusedasa modelof thevisualcortical

processingduring,for example,freeviewing of naturalimagesandthereforetheinternalrepresentations(suchas

theweights	 ) developedbythemodelwill needtobeatleastqualitativelysimilartocorrespondingrepresentations

in thecortex thathave beenreportedin theliterature.

Weonceagainemployedahierarchicalnetworkasshown in Figure2 with four level 1 modulesfeedinginto a

singlelevel 2 module.Thefour level 1 feedforwardmoduleseachcontained20units(rowsof 	 ) while thelevel

2 modulecontained25. Eight grey scaleimagesof naturaloutdoorsceneswereusedfor trainingthe network.

However, unlikethepreviousexperiment,thereceptive ®eldsof thefour level 1 moduleswereallowedto overlap

asshown at theright of Figure4 in orderto qualitativelymodeltheoverlappingorganizationof receptive®eldsof

neighboringcellsin thecortex [Hubel,1988]. Thus,for eachnaturalimage,a20 
 20imagepatchwaschosenand

four overlapping16 
 16subimages,offsetby 4 pixelshorizontallyand/orvertically from eachother, werefedas

input to the lower-level modules.Eachof thesubimageswaspreprocessedby subtractingtheaveragegrey level
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B

C

D

E

Input to Network ResidualTop-Down Prediction

A

Figure 3: Results fr om Experiment 1: Recognition of Simple Objects. (A) The ®ve objectsusedfor training the

hierarchicalnetwork. The®rstimageadditionallyshows how a given imagewaspartitionedinto four local subimagesthat

werefed to thefour correspondinglevel 1 modules.(B) through(E) illustratetheresponseof thetrainednetworkto various

input images.(B) Whena training imageis input, thenetworkpredictsanalmostperfectreconstructedimageresultingin a

residualthatisalmosteverywherezero,whichindicatescorrectrecognition.(C) If apartiallyoccludedobjectfrom thetraining

setis input, theunoccludedportionsof theimagetogethercontribute,via thelevel 2 module,to predictand®ll in themissing

portionsof theinput. (D) Whenthenetworkis presentedwith anobjectthatis highly similar to atrainedobject,theprediction

is thatof theclosestresemblingobject(thecarin thetrainingset).However, thelargeresidualallowsthenetworkto judgethe

input asa new objectratherthanclassifyingit asthetrainingobjectandincurringa falsepositive error, anoccurrencethat is

commonin mostpurelyfeedforwardsystems.(E) showsthatacompletelynovel objectresultsin apredictionimagethatis an

arbitrarymixtureof thetrainingimagesandassuch,generateslargeresiduals.Thesystemcanthenchooseto eitherlearnthe

new objectusingEquations40and43,or ignoretheobjectif it happensto bebehaviorally irrelevant.
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B

C

A

Figure4: Resultsfr om Experiment 2: Learning ReceptiveFields fr om Natural Images. (A) Threeof theeightimages

usedin training theweights. Theboxeson theright show thesizeof the®rstandsecond-level receptive ®eldsrespectively

on thesamescaleastheimages.Four overlappingGaussianwindowedimagepatchesextractedfrom thenaturalimagewere

fed to thelevel 1 modulesasshown at theextremeleft in Figure2. Theresponsesfrom thefour level 1 moduleswerein turn

combinedin a singlevectorandfed to the level 2 module. Theeffective level 2 receptive ®eldthusencompassesthe image

region spannedby the four overlappinglevel 1 receptive ®eldsasshown on theright in (C). (B) Tenof the twenty receptive

®elds(or spatial®lters)asgivenby therows of
�

in a level 1 module.Theseresembleclassicalorientededge/bardetectors,

whichhave beenpreviouslymodeledasdifferenceof offsetGaussiansor Gaborfunctions.(C) Six of twentyreceptive®elds

asgivenby therows of
�

at level 2. Theseshow non-linearitiesthat resultfrom higher-ordercorrelationscapturedby the

level 2 units.

valuefrom eachpixel to approximatetheremoval of DC biasat thelevel of theLGN. Theresultingsubimagewas

windowedbya16 
 16Gaussianin ordertopreventthespatialfrequency biasesintroducedbyarectangularimage

samplinglattice. A totalof 12114imagepatcheswereusedfor trainingthehierarchicalnetwork.For eachimage

patch,thenetworkwasallowedto converge to thedifferentoptimalresponsevectors
�

�

for thedifferentmodules

at eachlevel beforethe correspondingweights( 	

�

�

� ) wereupdated.The variance-dependentconstants	

and � weresetto 0
	

02and0
	

1 respectively andthetemporalpredictionstepwassimply
�

�����

1
���

�

�

���

�

asin the

previoussection.

Figure4 shows feedforwardsynapticweights 	 for the level 1 (equivalentto V1) and level 2 (V2) units

thatwerelearnedusingEquation43. Thelevel 1 receptive ®eldsresemblenon-orthogonalwavelet-likeedge/bar

detectorsatdifferentorientationssimilartothereceptive®eldsof simplecellsin V1 [HubelandWiesel,1962;1968;

Palmeret al., 1991] (seealso[OlshausenandField,1996;HarpurandPrager, 1996;Bell andSejnowski, 1996]).

Thesehave previously beenmodeledas2D Gaborfunctions[Daugman,1980;Marcelja,1980] or differenceof
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Gaussianoperators[Young,1985]. The level 2 receptive ®eldswereconstructedby propagatinga unit impulse

responsefor eachrow of theweightmatrix 	 at thesecondlevel to level 0. Thesereceptive ®eldsappearto be

tunedtowardsmorecomplex shapessuchascorners,curves,andlocalizededges.Theexistenceof cellscodingfor

featuresmorecomplex thansimpleedgesandbarshave alsobeenreportedin severalelectrophysiologicalstudies

of V2 [HubelandWiesel,1965;Baizeret al., 1977;Zeki, 1978]. Thus,boththe ®rstandsecondlevel units in

themodeldevelopinternalrepresentationsthatarecomparableto thoseof theircounterpartsin theprimatevisual

cortex.

8 Simulationsof FreeViewing and Fixation Experiments

The experimentalresultsfrom the previous sectionsuggestthat the modelmay provide a usefulplatform for

studyingcortical functionby (a) demonstratingthemodel's ef®cacy in a simplevisual recognitiontaskand(b)

showing that the learningrulesemployedby themodelarecapableof developingreceptive ®eldsthat resemble

corticalcell receptive®eldweightingpro®les.In thissection,we returnto thequestionposedin theintroduction:

why do theresponsesof somevisualcorticalneuronsdiffer sodrasticallywhenthesameimageregionsenterthe

neuron'sreceptive ®eldin freeviewing and®xationconditions[Gallantet al., 1994;1995;Gallant,1996]?

A possibleansweris suggestedby therecognitionresultsin Figure3 (C). In particular, the®gureshows that

theresponsesof neuronsdependnot only on the imagein thecell's receptive ®eldbut alsoon the imagesin the

receptive ®eldsof neighboringcells. This suggeststhat a cell's responsemay be modulatedto a considerable

extentby thesurroundingcontext in which thecell'sstimulusappears,dueto thepresenceof top-down feedback

in conjunctionwith lateralinteractionsmediatedby thecovariancematrices
�

,
�

S �

1�	� , and
�

S �

1
��� (seeEquation33).

For comparisonwith Gallantetal.'selectrophysiologicalrecordingresults,weassumedthatthecell responses

recordedcorrespondtotheresidual
�

�

�

�

���

�

in themodel(seeFigure2).4 Qualitativelysimilarresultsareobtained

by measuringthe®lteredbottom-upresidual.For thesimulationexperiments,we modeledcells in V1 andV2 as

shown in Figure2 (with four level 1 modulesfeedinginto a singlelevel 2 module)but themodelcanbereadily

extendedto moreabstracthighervisualareaswith a higherdegreeof convergenceat eachlevel. Theparameters

weresetto thesamevaluesasin Section7.2. Thefeedforwardandfeedbackweightsweresetequalto thevalues

4 Theprimatevisualcortexis a laminarstructurethatcanbedividedinto six layers [FellemanandVanEssen,1991]. Thesupragranular

pyramidalcells(e.g.layerIII) typically projectto layerIV of thenexthighervisualareawhile infragranularpyramidals(e.g.layerV/VI) send

axonsbackto layersI, V and/orVI of theprecedinglower area[VanEssen,1985;FellemanandVanEssen,1991]. Thearchitectureof the

model(Figure2) suggeststhat thesupragranularcells maycarry the residual
�

r � r ����� to thenext level while the infragranularcell axons

couldconveythecurrenttop-down prediction� r ( � I � � or r � � ) to thelower level. Thebottom-upresidual
�

I � � r � wouldthenbe®ltered

by layerIV cells(whosesynapsesencode� ) with thehelpof interneuronswhich implementthelateralinteractionsdueto thecovariances.

Theestimate
�

r
���

� would presumablybecomputedby infragranularcells (whosesynapsescouldencode� ) duringthecourseof predicting

r
���
	

1� ; thepresenceof recurrentaxoncollaterals[Lund,1981] amongthesecells is especiallysuggestiveof sucharecursivecomputation.

Thesefunctionalinterpretationsof corticalcircuitry arehoweverspeculativeandrequirerigorousexperimentalcon®rmation.
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learnedduringprior exposureto naturalimagesasdescribedin Section7.2. Thefreeviewing experimentswere

simulatedby makingrandomªeye-movementsºto imagepatcheswithin a givennaturalimageandallowing the

entirenetworkto converge till all cell responsesstabilized;the responsevalues(asgivenby the residual)were

thenrecorded. For determiningthe responseof a cell during the ®xationtask,only the imageregion that fell

in thecell's receptive ®eldduringfree viewing wasdisplayedandthecell's responsenoted. The cell responses

recordedwerenumericalquantitiesthatcouldbeusedto generatespikesin a moredetailedneuronmodel.Since

theeye-movementswereassumedto berandom,thetemporalpredictionstepinvolving 
 wasnotusedin these

simulationsbut we neverthelessexpectit to play animportantrole in futuresimulationsthatemploytemporalas

well asspatialcontext in predictingstimuli.

Figure5 shows thesimulationresults.As notedabove, theresponseof a givencell atany level is determined

not justby theimagefalling within its receptive ®eldbut alsoby theimagesin thereceptive ®eldsof neighboring

cellssincetheneighboringmodulesfeedinto thehigherlevel whichconveys theappropriatetop-downprediction

back to the lower level: the betterthe top-down prediction
�

��� , the smallerthe residual
�

�

�

�

���

�

andhence,

the smallerthe response.In the caseof free viewing an image,the neighboringmodulesplay an active role in

contributing to the top-down predictionfor any cell and the existenceof this larger spatialcontext allows for

smallerresponsesin general.Thisis shown in Figure5 (A) wherethegivencell'sresponseinitially increasesuntil

appropriatetop-downsignalscausetheresponsetodiminishtoastabilizedlevel. Ontheotherhand,in the®xation

task,only the imagesubregion that fell in a cell's receptive ®eldduring free viewing is displayedon a blank

screen.Theabsenceof any contextual informationresultsin a muchlessaccuratetop-downpredictiondueto the

lack of contributionsfrom neighboringmodulesandhence,a relatively largerresponseis elicitedasillustratedin

Figure5 (B). The histogramsof responsesin the simulationsof ®xationandfree viewing conditionsareshown

in Figure5 (C). The resultsshow that in mostbut not all casesthe responsesin free viewing aresubstantially

reduced.This is consistentwith the free viewing data[Gallant,1996] andthedatafrom accompanying control

experiments(seebelow). Perhapsthe mostinterestingfeatureof the free viewing versus®xationhistogramsis

thatthey overlap,suggestingthatthereductionin responsesis notabinaryall or nonephenomenonbut ratherone

thatis dependenton thespeci®cability of thehigherlevel unitsto predictthecurrentstateat thelower level.

9 Discussion

In relatedexperiments[Gallantet al., 1995], it was observed that responseswere sometimesalsosuppressed

by enlarging the stimulusbeyond the cell's receptive ®eld in the ®xationtask. More recently, Gallant has

shown that in many cases,the responseattenuationobserved during free viewing canbe duplicatedin a static

®xationtaskin whicha review ªmovieº recreatingthespatiotemporalsequenceof imagepatchesthatenteredthe

receptive ®eldduring free viewing is presentedto the monkey, the review stimuli beingthreetimesthe sizeof
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Figure5: FreeViewing and Fixation Simulation Results. (A) An exampleof thedynamicresponseof acell to animage

patchin thesimulatedcaseof freeviewing. (B) Theresponseof thesamecell to thesameimagepatchbut underconditions

of ®xation. (C) Thehistogramsof responsesaccumulatedover 20 cells in a ®rstlevel modulefor 500 imagepresentations,

showing the®xationresponses(light grey) comparedto the freeviewing responses(black). Responsesobtainedduring free

viewing werefoundto bein generalmuchdiminishedthanthoseobtainedduringthe®xationtask.As thegraphdepicts,more

than80%of thefreeviewing responseslie within the®rstbin in thehistogram;the®xationdistribution,ontheotherhand,has

amuchlongertail thanthefreeviewing distribution.
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the classicalreceptive ®eld[Gallant,1996]. The resultsfrom bothof theseexperiments,which do not involve

any eye movements,lendsupportto our explanationof thesuppressionof responsesasoccurringlargely dueto

contributionsfrom neighboringmodulesin responseto the global input stimuli, ratherthanbeingthe resultof

oculomotorpredictive mechanisms(suchastheªshifter circuitº of [AndersenandVanEssen,1987]). However,

this doesnot precludethe possibility of suppressiondue to oculomotorpredictionsoccurringin other visual

corticalareas,especiallythosein theparietalcortex, whichareconnectedtooculomotorstructuresandwheresuch

predictive remappingeffectshave beenobserved[Duhameletal., 1992].

A numberof neurophysiologicaleffects due to stimuli from beyond the classicalreceptive ®eldcan be

explainedwithin the context of the presentmodelas occurringdue to the in¯uence of top-down predictions.

Take, for example, the classicalphenomenonof end-stopping, or suppressionof responseswhen the stimulus

(e.g.a line) extendsbeyond the cell's receptive ®eld[Hubel andWiesel,1965;1968]. This is clearly a highly

ªnonlinearºpropertyof theªhypercomplexº cell [HubelandWiesel,1965] if oneconsidersthecell in isolation;

however, themodelsuggeststhatsuchªnonlinearitiesºmayin fact arisedueto cortico-cortical/geniculo-cortical

and intracorticalinteractionsbetweenlinear cells as well. An example of this phenomenonis Figure 3 (C)

wherea neuralunit participatesin the completionof an occludedimage: the unit's responseappearsto be a

highly non-linearfunction of the input imagepatcheven thoughits activation function is linear. In the case

of end-stopping,the presentmodelpredictsthat the endsare ªstoppedºvia inhibitory feedbackwhenever the

surroundingand encompassingreceptive ®eldscan predict the cell's local input. The behavior of the cell

appearsnon-linearonly if the cell is viewed in isolationwithout regard to possibleinteractionsbetweenits

neighborswithin a level andacrosslevels (assuggestedby the covariancetermsandtop-down feedbackterms

respectively in Equation33).5 Indeed,experimentsby [Murphy andSillito, 1987] con®rmthe contribution of

corticalfeedbackin mediatingend-inhibitionin cellsin thedorsalLGN. In addition,BolzandGilberthave shown

thatsupragranularcellsin thecatstriatecortex (V1) losethepropertyof end-stoppingwheninfragranularcells(in

particular, cells in layerVI) areinactivatedby usingthe inhibitory transmitterGABA [Bolz andGilbert, 1986].

Sinceinfragranularcells in V1 receive feedbackfrom higherextrastriatevisualcorticalareas[VanEssen,1985;

FellemanandVan Essen,1991], it is reasonableto assumethat inactivation of thesecells preventstop-down

feedbackfrom in¯uencing thesupragranularcells, therebycausingthemto losetheir propertyof end-stopping.

Note thatotherpropertiesof the supragranularcells suchasorientationselectivity werefoundto remainintact,

which is in agreementwith our model. Furtherevidencefor the fundamentalrole of top-down feedbackin

5 Notethatthisdoesnotprecludetheexistenceof non-linearneuronsin thecortex.Non-linearities(within thedynamicrangeof acortical

neuron)areaccountedfor in two waysby thepresentmodel: (a) singleunitsin themodelcodebothpositiveandnegativequantitieswhereas

thecortexmayemploymultipleneuronsfor thispurpose,therebycausingtheappearanceof anon-linearity;(b) themodelallows for neurons

with non-linearactivationfunctionsin thepredictionstep(Equation34)at eachhierarchicallevel.
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in¯uencing neuralactivity at lower cortical levels is providedby thework of [MignardandMalpeli, 1991] who

show thatcells in theupperlayersof V1 canbe driven in theabsenceof directbottom-upinput from theLGN.

However, additionallydestroyingV2 profoundlyreducedtheupperlayerneuralactivity which led [Mignardand

Malpeli, 1991] to concludethat the causeof the upperlayer activity was in fact top-down feedbackfrom V2.

Given the above observations,it may be possibleto attribute other typesof ªnon-speci®csuppressionºin V1

cells (suchascross-orientationinhibition [DeAngeliset al., 1992]) to bottom-up/top-down cortico-corticaland

lateralinteractionssuchasthoseoccurringin Equation33ratherthanto purelynormalization-basedsuppression

mechanisms[Heeger et al., 1996]. Also, in the light of theabove discussion,themodelpredictsthatmuchless

responsesuppressionshouldbe observed in Gallantet al.'s free-viewing experimentsif top-down feedbackis

precluded,for instance,by intracorticalpharmacologicalmeansasin theexperimentsof [Bolz andGilbert,1986]

or via destructionof highercorticalareasasin theexperimentsof [MignardandMalpeli, 1991].

Suppressionof neuralresponseshasalsobeenobserved in highervisualcorticalareassuchasMT [Allman

et al., 1985], V4 [DesimoneandSchein,1987;Muller et al., 1996] andIT [Miller et al., 1991]. Many of these

experimentsemploytime-varyingstimuli suchasdrifting gratingsandwe would thereforeexpecttheresponses

to bemodulatedwith respectto not just spatialcontext (asin this paper)but alsorecenttemporalcontext. This

wouldnecessitatelearningthepredictionmatrix 
 (apossiblemethodissuggestedin theappendix)andusingit in

conjunctionwith anappropriateactivationfunction
�

for predictingspatiotemporalinputsasgivenbyEquation34.

Simulationof suchspatiotemporalcorticalmodelsconstitutesanactive directionof futureresearch.

9.1 FreeViewing of Natural Scenesby Humans

An interestingquestionis whetherthemodelconformsto behavioral dataobtainedfrom humansubjectsduring

freeviewing of naturalimages.Experimentsby McConkieandothers[McConkie,1991;GrimesandMcConkie,

1995] appearto beespeciallyrelevant in answeringthisequation.In theseexperiments,subjectsweregiventhe

primarytaskof rememberinganimagebut they werealsoinformedthatchangesmightbeintroducedin theimage

asthey examineit. They wereaskedto pressa buttonwhenthey detecteda change.During a giventrial, parts

of theimagewaschangedduring certainsaccades.Surprisingly, thesubjectswereremarkablyunawareof such

prominentchangesastheadditionor deletionof objects,andchangesin color.

The remarkableinsensitivity of humansubjectsto changesin theimageduringªfree viewingº mightappear

to contradictthepresentmodelsince,afterall, a changein the imagefrom a previous®xationshouldintroduce

a large residual6 andhencedirect the subject's attentionto it. Recentexperimentsin our laboratory[Ballardet

al., 1996] andin McConkie's laboratory[Irwin et al., 1994] in fact do corroboratethis expectation: subject's

6Thisobservationappliesto modelsemployingtemporalcontextto predictpost-saccadicstimuli whereasthesimulationsdescribedin this

paperusedspatialcontextonly.
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do indeedbecomeaware of the changesif the object that wassubjectto a changewas relevant to the taskat

hand. For example,[Ballardet al., 1996] reportan increasein ®xationtime of subjectswhenever task-relevant

changesare introducedduringthe courseof a block copyingtask. In addition,neurophysiologicalexperiments

by [Miller et al., 1991] indicatethatresponsesin IT neuronsin themonkey areattenuatedaccordingto whether

or not thepresentedstimulusmatchesa previouslymemorizedobject,yieldinglargeresponses(residuals)during

mismatchesand responsesuppression(small residuals)during matches. Indeed,the theoreticalframework of

CrickandKoch(see,for example,[Koch,1996]) proposesthatvisualawarenessmaybecorrelatedwith responses

in highervisualcorticalareassuchasV4 andIT, butprobablynotlower level areassuchasV1. Thissupportsour

argumentthathighresidualsin lower level areas,especiallywhenin imageregionsnotrelatedto thetaskathand,

neednotalwaysimply awarenessof thecorrespondingchangesasin McConkie'sexperiments.

9.2 Illusory Contours, Amodal Completions,Visual Imagery, and Bi-StablePercepts

We have shown thattheability of adjacentmodulesto contributeto theoutputof a neighbor(via feedbackfrom

thenext level) endowsthemodelwith importantpropertiessuchastheability to form completionsin thepresence

of occlusions(for example,seeFigure3). Thesamepropertyalsoallowsalternateinterpretationsof phenomena

suchassubjective/illusorycontoursandamodalcompletions[Kanizsa,1990]. For example,[Grosofetal., 1992]

and[von der Heydt et al., 1984] reportthe existenceof neuronsrespondingto illusory contoursin V1 andV2

respectively. The presentmodelsuggeststhat theseresponsesmay be theresultof expectation-basedtop-down

feedbackasillustratedby Figure3 (C). In this regard,theexistenceof overlapbetweenadjacentreceptive ®elds

considerablyhelpsin providingmoreaccuratecompletionsascomparedto non-overlappingreceptive®elds.The

feedbackpathwaysin themodelalsoprovidea convenientsubstratefor realizingvisualimageryasillustratedby

thetop-downreconstructedimagesin Figure3. Indeed,recentPETstudieshave shown thatimagerysharessome

of thesameneuralsubstratesasperceptionandcanactivateeventhelowestvisualareas[Kosslynet al., 1995].

Equation34 allows theeffectsof intrinsicneuronalnoiseto bemodeledvia theadditivenoiseterm
� ���

�

. By

assumingaprobabilitydistributionfor thistermandsamplingfromthisdistributionin Equation34,thecomputation

of the recognitionstateestimatescan be madestochastic.An alternatebut equallyplausiblemethodto make

the modelstochasticis to directly samplethe currentrecognitionstatefrom a Gaussiandistributionwith mean

�

andcovariance
�

. Eitherof thesesettingscouldconceivably allow modelingof bistableperceptsandGestalt

inversionssuchasRubin's vaseor Necker's cube. Suchphenomenacouldbeattributedto a lack of convergence

at thehighestlevel to a stableobjecthypothesisdueto large noisevariancesin the top-down componentof the

architecture.The stochasticnatureof the modelwould in turn allow periodictransitionsbetweentwo alternate

interpretationsof thesamevisualimage(localminimain recognitionstatespace).Evaluatingtheef®cacy of these

ideasremainsthesubjectof ongoingsimulations.
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9.3 Comparisonwith RelatedWork on Cortical Modeling

Therehasbeenconsiderablework in recentyearson determiningthecomputationalnatureof thecortex andthe

brain [ChurchlandandSejnowski, 1992]. This work includesmodelsrangingfrom feedforwardnetworkssuch

asthehierarchicalªperceptualnetworkºof [Linsker, 1988] andtheªHBFº networksof Poggioandcollaborators

[Poggio,1990;Poggioetal.,1992] tobi-directionalª¯o wº/control-basedmodels,suchasUllman'sCounterstreams

model[Ullman,1994], Deacon'sªcounter-currentdiffusionºmodel[Deacon,1989] andVanEssenetal.'sDynamic

RoutingCircuit model [Van Essenet al., 1994]. While an exhaustive survey is beyond thescopeof this paper,

we brie¯y outlinebelow comparisonsof the presentmodelwith somecloselyrelatedmodelsthat employboth

feedforwardaswell asfeedbackconnectionsfor perceptionandlearning.

Perhapsthe earliestuseof feedbackmechanismsasintegral componentsof perceptioncanbe found in the

classicpaperby [Pitts and McCulloch, 1947] in which a negative feedbackmodel of oculomotorcontrol is

proposed.Anotherearlymodelin which feedbackplaysa centralrole is thatof [MacKay, 1956] who describes

an automatonthat generatesªimitativeº internalresponsesto adaptively matchincomingsignals. The present

model can be regardedas a concretestochasticsolutionto the ªepistemologicalproblemº that is the subject

of MacKay's work. Feedbackalsoplaysan importantrole in several more recenttheoriessuchasCarpenter

andGrossberg's adaptive resonancetheory[CarpenterandGrossberg, 1987], Edelman's ªre-entrantºsignaling

theory[Edelman,1978], Fukushima'sextendedNeocognitronmodel[Fukushima,1988], Harthet al.'s ªAlopexº

optimizationmodel[Harthet al., 1987], Mumford'smodelof thecortex [Mumford,1994] basedonGrenander's

PatternTheory[Grenander, 1976-81], andRolls' theoriesonthehippocampusandcorticalbackprojections[Rolls,

1989], all of which utilize feedbackconnectionsto instantiateforward models[JordanandRumelhart,1992] of

theinputdatabut differ in thewaytop-downfeedbackiscomparedandintegratedwith bottom-upinput. Of these,

Mumford's modelis closestin spirit to the ideaspresentedin this paper. However, iterative relaxationschemes

suchasthoseproposedby Mumford andothershave beenpreviously dismissedasmodelsof perceptiondueto

the large numberof iterationsthat may be requiredto assureconvergence,a fact that contradictsthe rapidity

of recognitionof static stimuli in humansand primates[Thorpeand Imbert, 1989;Oram and Perrett,1992;

Toveeetal., 1993]. Themodelproposedin thispaperavoidsthepitfallsof steepestdescentrelaxationalgorithms

by employingpredictionweights 
 andapproximateinversemodels(asgivenby 	 ) in thefeedforwardpathway

thatallow rapid(thoughperhapscrudeandnotalwayscorrect)one-shotestimatesof staticstimuli thatarefurther

re®nedby thestateestimationalgorithmif necessary.

Inversemodelsalsoplay a crucial role in the forward/inverseopticsmodelof [Kawato et al., 1993] andin

the Helmholtzmachine[Dayanet al., 1995;Hinton et al., 1995], bothof which shareconsiderablesimilarities

with themodelproposedin thispaperandbothof which inspiredmany of thechoicesmadein thepresentmodel.
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The Kawato et al. model minimizesthe sum of the reconstructionerror anda regularizerterm incorporating

a priori knowledgeaboutthe visual world suchassmoothnessof representations.This is similar to the MDL

optimizationfunction that we use,but without the stochasticperspective. The Helmholtzmachine[Dayanet

al., 1995] is a hierarchicalnetworkthatbuildsa stochasticgenerative modelby usingan inverse(ªrecognitionº)

modelto approximatethe trueposteriordistributionof the input data. For modifying the feedback(generative)

andfeedforward(recognition)weightsof a given stochasticHelmholtzmachine,[Hinton et al., 1995] propose

an elegant learningmethodknown asthe ªWake-Sleepºalgorithm,which is derived usingthe MDL principle.

While thederivationof thealgorithmnecessitatessomeapproximationsandsimpli®cations,whichmaysometimes

preventit from convergingto thecorrectposteriordistribution,experimentalresultsusingthealgorithmhavebeen

positive [Hinton et al., 1995]. In this regard, the non-linearform of the model presentedin this paperalso

usesan approximation,namely, a ®rst-orderTaylor seriesapproximationto the non-linearactivation function

�

. A possibleweaknessof the Helmholtzmachine,asstatedby [Dayanet al., 1995], is that recognitionin the

hierarchicalnetworkis a purelybottom-upfeedforwardprocess;thegenerative weightsaresuper¯uousandplay

norole in mediatingperception.In addition,thereareno lateralinteractionsbetweenunitsata givenlevel.7 The

modelpresentedin thispaperallowsfor relatively complex dynamicinteractionsto occurbetweentop-downand

bottom-upsignalsin additionto somelateralinteractionsasgivenby Equation33 amongtheunitsat eachlevel.

Suchtop-down/bottom-upinteractionshave beenshown to occurin a widevarietyof visualtasksin humans(see

[Churchlandet al., 1994] for a review). Anotherissuenot directly addressedby many of the modelsabove is

thatof modelingthedynamicnatureof visionandtherole of predictionin visualprocessing(see[Softky, 1996]

for someargumentsregardingthenecessityof predictionduringperception).Themodelpresentedhereinon the

otherhandis essentiallyahierarchicalpredictor/estimatorthatcontinuallyre®nesits recognitionestimatesateach

level, allowing thevisualsystemto anticipateincomingstimuli.

9.4 Comparisonwith RelatedWork on Kalman Filters

Duringthepastdecade,Kalman®ltershave beenusedin computervisionandroboticsfor tacklingawidevariety

of problemsrangingfrom motion estimationto contourtracking [Hallam, 1983;Broida andChellappa,1986;

AyacheandFaugeras,1986;Matthieset al., 1989;Blake andYuille, 1992;DickmannsandMysliwetz, 1992;

Pentland,1992]. Much of this work crucially hingeson the ability to formulateaccuratedynamic/physical

modelsof theobjectpropertiesbeingestimated.Theformulationof suchhand-codedmodelshowever becomes

increasinglydif®cultin morecomplex dynamicenvironments.A crucialdifferencebetweenthepresentapproach

andthe approachpredominantin muchof the Kalman®lterliteratureis that ratherthanbeingconcernedsolely

with the estimationof statefor a prede®nedmodel,we suggestthat Kalman®lterbasedestimationalgorithms

7However, see[DayanandHinton,1996] for severalinterestingvariantsof theHelmholtzmachinethataddresssomeof theseissues.
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mayalsobeusedfor simultaneouslylearningthefeedforward,feedback,andpredictionmodels(ªmeasurementº

and ªsystemº modelsin Kalman ®lter terminology)as given by their respective weight matrices. It remains

to be seenwhethertheselearnedmodelsperform favorably in environmentswherehand-codedmodelshave

provedto beunsatisfactory. Anotherimportantdifferenceis theuseof a hierarchicalform of theKalman®lter.

Our formulationin this regard is in many wayssimilar to the recentproposalsof [Chouet al., 1994a;1994b;

LuettgenandWillsky, 1995] who describean optimal estimationalgorithmfor a classof multiscaledynamic

models. Thesedynamicmodelsare similar in spirit to the one we describedin Section3 albeit without the

temporalpredictionstep. In particular, Chou et al. exploit the analogybetweentime and scale,and de®ne

scale-recursivelineardynamicmodelsevolvingondyadictrees:
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where
�

denotesthecurrentscaleonthedyadictree(highestvaluesdenotetheleaves),andw andv arezero-mean

whitenoiseprocesses.This formulationleadsto anelegantestimationalgorithmrecursive in scale, consistingof

anupwardsweepin which informationin a subtreeis fusedin a ®ne-to-coarsefashion,followedby a downward

sweepin which informationis spreadback throughthe tree. For the simple linear casewithout the temporal

predictionstep,theiterativealgorithmpresentedin thispapercanbeseento convergeto approximatelythesame

solutionasthatfoundby theupward/downwardsweepalgorithmproposedby Chouet al..8

TheequationsusedbyChouetal. abovecanbeseentobecloselyrelatedto thefollowingtwoequations(when

de®nedona dyadictree)thatformedpartof themoregeneralstochasticmodeldescribedin Section3:
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wherewe mayuse
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��� happensto beinformationfrom thenext higherlevel

and
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is the part of the higherlevel weight matrix
�

that generatesinputsfor the given lower level module

(in Figure2, for example,thematrix
�




for the®rstlevel modulecorrespondsto the top one-fourthrows of the

secondlevel matrix
�

asdepictedin the®gure).Thecorrespondencebetweenthevarioustermsin thetwosetsof

equations(47 and49,48and50) is quitestriking. However, a few importantdifferencesarealsoevident. While

the lineardynamicsystemmodelin Chouet al.'s framework is usedonly to relatetransitionsfrom onescaleto

thenext, themodelusedin this papercanbeseento berecursive in bothscaleandtime. The recursionin scale

is however implicit sinceinformationfrom anotherscaleis handledin a modularfashionsimply asinput from a

8We thankPeterDayanfor pointingout thisequivalence.
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separatesource(asin Equations10and49). Thecorrespondingestimationalgorithmis thusrecursivein timeasin

thestandardKalman®lterandallowsfor predictionin thetemporaldomainateachhierarchicallevel. As stressed

previously, theability to predictis crucial for perceptionandaction. Beingstrictly recursive in scale,theChou

et al. algorithmrequiresthatcovariancematrix informationbepropagatedacrosshierarchicallevels. In contrast,

the modelpresentedheremaintainscovarianceinformation locally at eachlevel. In a biological setting,the

computationof covarianceinformationmaybea limiting stepandis perhapsbestkeptlocal. A furtheradvantage

of our formulationis thatit lendsitself naturallyto arbitraryvarietiesof modularizationby allowingestimatesof

a givenstatevariablefrom disparatesourcesto be integratedaccordingto their signal-to-noiseratios(this paper

illustratestheexampleof top-down andbottom-upsources).A directconsequenceof sucha formulationis that

onecanmodelarbitraryconnectionsamongdifferent(but related)corticalareaswhich donotnecessarilyhaveto

be relatedin a strictly multiscale,hierarchical fashionasrequiredby the framework of Chouet al. A ®nalbut

importantdifference,asmentionedin thepreviousparagraph,is theprominentrole accordedto learningin our

approach,a subjectnotaddressedby Chouet al.

9.5 Comparisonwith RelatedWork on Learning and Parameter Estimation

Thesubjectof learningsynapticweightsthatresemblereceptive ®eldweightingpro®lesin thevisualcortex has

received considerableattentionwithin theneuralmodelingcommunity. Early work showedthat receptive ®elds

resemblingthoseof simplecellsin thestriatecortex couldbelearnedfromnaturalimagesusingalgorithmsranging

fromcompetitive learning[Barrow, 1987] toprincipalcomponentanalysis[Hancocketal., 1992]. However, these

fell shortof providing a completecharacterizationdueto limitationssuchasproclivity towardsproducingglobal

and/ororthogonalreceptive ®elds. More recently, algorithmsthat producebettercharacterizationsof cortical

receptive ®eldshave beenproposedindependentlyby [Olshausenand Field, 1996] and [Harpur and Prager,

1996] (seealso[Bell andSejnowski, 1996]), building on previouswork by [Daugman,1988] and[Pece,1992].

As alludedto in Section2, thesealgorithmscan be seento be specialcasesof the learningrule expressedin

Equation40. In particular, the ªsparsenessºfunction of [OlshausenandField, 1996] correspondsto the MDL

modelprior term
�

�

�

�����

in Equation27. Using differentencodingdistributionsgivesrise to differentdegrees

of sparsenessandlocalizationin the internalrepresentations.For example,[OlshausenandField, 1996] show

how a variety of non-linearsparsenessfunctionscan be usedto generatelocalizedreceptive ®elds.9 In our

case,the Gaussiandistribution assumedwhen evaluating
�

�

�

�����

leadsto a linear activity penaltythat favors

distributedcodes;localizationin our modelis providedby thealreadyexistingcortical topologyof hierarchical,

overlappingreceptive ®elds,whosesize at eachlevel is predeterminedby the local dendritic®eld. Sincethe

learningalgorithmsof [HarpurandPrager, 1996] and[OlshausenandField,1996] arebasedon gradientdescent

9However, [Baddeley, 1996] presentssomeargumentsagainstsparsenessmaximization.
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(asdescribedin Section2), they requirethe speci®cationof a schedulefor adaptingthe learningrateparameter

whereasthisadaptationoccursnaturallyin Equation40duetothegradualreductionin thenoisecovarianceasmore

inputsbecomeavailable.More importantly, thelearningruleexpressedby Equation40aswell asthoseproposed

for theotherweightsin themodeltakeintoaccountnotonlybottom-upinformationbutalsotop-downexpectations

duringweightmodi®cation.This allows for thepossibilityof developingtop-down guidedtask-relevant internal

representations.10

The learningmethodpresentedin this paperis closely relatedto mean®eldmethodsfor Bayesianbelief

networks[Saulet al., 1996;Jaakkolaet al., 1996] which usemean®eldequationsfor computinglower bounds

on the log-likelihoodbasedcost function. The networkparameters(the weightsandbiases)aresubsequently

learnedby performinggradientascenton the mean®eldderived boundfor the log-likelihood. In comparison,

the learningschemepresentedin this papercan be regardedessentiallyas employingan on-line form of the

Expectation-Maximization(EM) algorithm[Dempsteret al., 1977] in which the M-stepperformsmaximuma

posteriori(MAP) estimationratherthanmaximumlikelihood(ML) estimation.NotethatML estimationissimply

a specialcaseof MAP estimationin which thereis no prior information(this correspondsto the casewhereno

predictionsarecomputedfrom prior dataas,for example,in Section2). In particular, theon-lineMAP form of

theEM algorithmis invokedin threedifferentwaysin thepresentframework:

� Estimationof thestater : In thiscase,theªhiddenº variables(or ªmissingº data)consistof theweights
�

and 
 whilewetreatthestatevector
�

astheparametertobeestimated.Thus,theE-stepinvolvescomputing

theGaussiandistributionsgiven by
�

�

� ���

and
�

�

�

 

�

. The M-stepthenusesthesedistributionsfrom the

E-stepto compute
�

�

and
�

, therebymaximizingthe posteriorprobabilityof the parametervector
�

(by

minimizingtheMDL-basedcostfunctionof Section4). Notehowever thatin thecasewheretheactivation

function
�

is non-linear, themaximizationin theM-stepis notexactdueto theTaylorseriesapproximation

to
�

usedin thevariousupdateequations(thesameappliesto theotherM-stepsbelow).

� Estimationof the generative weightsu: Here, the hiddenvariablesconsistof the statevector
�

andthe

weights 
 , while theparameterto beestimatedis
�

. TheE-stepthusinvolvescomputingthedistributions

givenby
�

� �

�

�

(or whenfeasible,
�

�

�

���

�

�

� �

� ���

�

�

���

- seebelow) and
�

�

�

 

�

which allow thecalculation

of
�

� and
�

�

in theM-stepasdiscussedin Section6.

� Estimationof predictionweightsv: In this case,the hiddenvariablescomprisethestatevector
�

andthe

weights
�

, andtheparametertobeestimatedis thestatetransitionmatrix 
 . Since
 implementsaMarkov

10A hierarchicallearningmethodfor vectorquantizationin the presenceof noiseis presentedin [Luttrell, 1992]. This methodallows

single-causemodelswhereasthepresentmodelcanencodemultiple-causemodels[DayanandZemel,1995;Saund,1995] (seealso[Luttrell,

1995]).

28



chainrelatingthestates
�

in time(seeEquation12), theE-stepin thiscasebecomesmorecomplicatedthan

in thetwo casesabove sincetheoptimalestimateof thestate
�

is no longercausalbut dependstemporally

on futureaswell aspastandcurrentdatavalues.In thecaseof hiddenMarkov models(HMMs) [Rabiner

andJuang,1986] (whichareanalogousto Kalman®lterswith discretehiddenstates),this impasseis solved

by usingthefamiliar forward-backwardprocedurewithin thecontext of theBaum-Welchalgorithm[Baum

et al., 1970] (theBaum-Welchalgorithmis incidentallya specialcaseof theEM algorithm). In our case,

we mayusea form of optimalsmoothing[BrysonandHo, 1975] which, whengiventhebatchinput data

for time
�

�

1
��	
	
	 �

�

, optimallyassimilatespast,current,andfuturedatainto temporally-smoothedstate

estimates
�

�

���

�

�

�

(with covariance
� ���

�

�

�

) for eachof thetimeinstants
�

�

1
�
	�	
	 �

�

. This,alongwith the

computationof
�

�

� ���

, comprisestheE-step.TheM-steptheninvolvescomputing
�

� and
� 


asdescribed

in theappendix.

It is worthnotingthatit maybedesirablein many casesto implementthevariousE- andM-stepsabove for each

setof parametersin anasynchronousmannerratherthanin strictalternation.For example,thecortex maychoose

to updateits estimatesfor thestate
�

muchmorefrequentlythanthosefor
�

and 
 in orderto act in real-time.

Theupdatesfor
�

and 
 couldthenbecarriedouteitheron-linebut at a slower ratethan
�

, or alternatelywhen

theorganismis in a restphase.The lattersuggestionis especiallyattractive in thecaseof learning 
 giventhat

thebatchprocessingof datarequiredby theoptimalsmoothingstepsuggestedabove may not beappropriatein

many circumstancesthatdemandreal-timeresponsesfrom theorganism.In suchcases,it mightbebene®cialfor

theorganismto actbasedon its currenton-linestateestimateswhile simultaneouslystoringbehaviorally relevant

input sequencesin memoryasbatchdata. Suchstoreddatamay thenbe replayedout at a later time whenthe

organismis in a morequiescentphasein orderto learnor ®ne-tunethe predictionweights 
 . This suggestsa

possiblecomputationalrole for dreamsleepin facilitatinglearningandmemory.

9.6 Summary and Conclusion

Visionis fundamentallya dynamicprocess.Any putativemodelof thevisualcortex mustthereforeacknowledge

this fact andallow themodelingof dynamicprocesses.This papersuggeststhatthehierarchicalstructureof the

visualcortex is well-suitedto implementa multiscaleestimationalgorithmthatcanberegardedasa hierarchical

formof theextendedKalman®lter[Maybeck,1979]. At eachhierarchicallevel, thealgorithmrecursivelyestimates

the currentrecognitionstateby combiningªmeasurementºinformationfrom top-down andbottom-upcortical

moduleswith the predictionthat wasmadeby usinga ªsystemº model. The ªsystemº matrix (the prediction

weights)aswell astheªmeasurementºmatrices(feedforwardandfeedbackweights)canbe learnedfrom visual

experiencesin adynamicenvironment.Thus,theadaptiveprocessesin thecortex aremodeledattwodifferenttime

scales:a fastdynamicstateestimationprocessthatallows thevisualsystemto anticipateincomingstimuli anda
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slower Hebbiansynapticweightchangemechanism.Both theseprocessesarecharacterizedby their respective

meanandcovarianceestimateswhicharecontinuallyupdated.

Someof the salientfeaturesof the modelasa recognitionsystemwere illustratedby training it on a small

numberof man-madeobjectsandtestingrecognitionperformance.Themodelwasshown to berobustto partial

occlusionsand confusingstimuli. An ongoingeffort involves a more quantitative evaluationof the model's

recognitionperformanceusingrealisticobjectsin naturalscenesandthevalidationof themodelin thedomainof

humanvisualsearch.Preliminaryresultsalongthesetwodirectionshavebeenpromising[RaoandBallard,1995a;

Raoetal., 1996]. Whentrainedonnaturalimages,themodeldevelopedfeedforwardreceptive®eldsqualitatively

resemblingthosefoundat theearlyhierarchicallevelsof theprimatevisualcortex. Currentsimulationsinvolve

applyingthe learningalgorithmsto successively higherlevels of the networkandcomparingthe receptive ®eld

propertiesthatdevelop to thosefoundat highercortical levelssuchasIT. The hierarchicalmodelalsoprovides

a computationalplatformfor understandinga numberof neurophysiological/psychophysicalphenomenasuchas

illusory contours,amodalcompletions,visual imagery, bistablepercepts,end-stopping,and othereffects that

occurdueto stimuli from beyondtheclassicalreceptive®eld.In particular, weprovidedsimulationsof themodel

suggestingthatsomeof therecentresultsof [Gallantetal., 1994;1995;Gallant,1996] regardingneuralresponse

suppressionduringfreeviewing of naturalscenesmaybeinterpretedasoccurringdueto predictionsfrom higher

levels of the cortex. While the presentframework illustrateshow informationfrom two differentsources,one

top-downandtheotherbottom-up,maybeintegratedin a givencorticalarea,it is nothardto envisionextensions

of themodelwheremorethantwoareasfeedintoasingleareaasisevidentin thevisualcortex [FellemanandVan

Essen,1991]. Thiswouldentailtherelatively straightforwardexerciseof addingadditionalerror/modeltermsto

theoptimizationequations26and27toaccountfor inputsfrom theadditionalareasbeforederivingtheestimation

algorithms.

A reassuringfeatureof themodelis thatit doesnotexplicitly dependon theinputsignalsbeingvisual. Thus,

giventhattheneocortex is organizedalongsimilar laminarinput-outputprinciplesregardlessof corticalareaor

inputmodality[Creutzfeldt,1977], it is reasonableto assumethatthegeneralframework proposedhereinmaybe

uniformlyapplicableto othercorticalareassuchastheparietal,auditory, or motorcortex aswell.11 Weexpectthe

resultsobtainedusingthecurrentmodelto playa crucialrole in guidingour futurecorticalmodelingefforts.

11We have recentlyshown in [RaoandBallard,1996] how themodelpresentedin this papercanbeextendedto handletransformations

in the imageplane. The resultingestimationschemeparallelsthe functionaldichotomybetweenthe dorsal(occipitoparietal)andventral

(occipitotemporal)pathwaysin theprimatevisualcortex[FellemanandVanEssen,1991]. Supportfor thepossibilityof modelingthemotor

cortexusingKalman®lter-like mechanismscomesfrom thework of [Wolpertet al., 1995] who providestrongpsychophysicalevidencefor

theexistenceof suchmechanismsin thecontextof sensorimotorintegration.
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Appendix

LearningthePredictionWeights

While thesimulationsin thepaperusedstaticstimuli andthereforedid not makeuseof thepredictionstep,it is

almostcertainthatsuchpredictionsplay an importantrole in theprocessingof time-varyingstimuli. Therefore,

we suggestin this appendixa possiblelearningprocedurefor modifyingthesynapticweights � of the(possibly

nonlinear)predictionunits during exposureto time-varying stimuli. The derivation is similar to that for the

feedbackweights� . Giventhecurrentvectorof responses
�

�

at time
�

, de®nethe � 
 �

2 matrix
�

�

to be:

�

�

�

��

�

�

�

�

�

� �

	�	
	

�

�

�

�

�

	�	
	

�

...
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�

	�	
	

�

�

�

�

� �

�

�

	

(51)

Noticethatthepredictionstepcanbestatedas:
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�����

1
� � �
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���
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���

� �

� �����

�

� �
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� ���

�

�

���

� �

� �����

�

(52)

Differentiatingthecostfunction
�

with respectto thevectorof predictionweights� andsettingtheresultto zero,

we obtain(usingEquation52 for
�

��� �

1
�

):
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0 (53)

whichyieldstheupdaterule(for time
�

):
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or moresimply:
�
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(55)

where �

��� �

1
� �

�

�

���

�

� �



���

�

and
�

��� �

1
� � �

�

�

� ���

�

�

���

���

� � ���

�

. The correspondingcovariancematrix is

updatedat time
�

asfollows:
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where
�

is the �

2

 �

2 identitymatrix. The partialderivativesareevaluatedat �

���

� �

�

���

�

. Note that in order

to obtaina closed-formexpressionfor updating
�

� and
�




, we onceagainapplieda ®rst-orderTaylor series

approximationto
�

aroundthecurrentestimate�

���

�

. Thecovariancematrix  getsupdatedaccordingto:

 

�����

1
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���
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(57)

32



By appealingtoaversionof theEM algorithm(seeSection9.5),wemayuse
�

��� �

1
���

�

�

��� �

1
�

�

�

in Equation55

above, where
�

�

��� �

1
�

�

�

is the optimal temporallysmoothedstateestimate[Brysonand Ho, 1975] for time
���

1 (
�

�

), given input datafor eachof the time instants1
�
	
	�	��

�

(seediscussionin Section9.5). In certain

circumstances,it might be possibleto usethe on-line estimate
�

�

��� �

1
�

in placeof its computationallymore

expensive smoothedcounterpart
�

�

��� �

1
�

�

�

, thoughsuchan approximationhasbeenknown to yield negative

resultsin otherrelatednetworkarchitectures[PeterDayan,personalcommunication].Simulationsarecurrently

underwayto evaluatetheeffectivenessof theabove learningrule andtherole of temporallysmoothingthestate

estimates.

Intuitively, Equation55 may be regardedasa form of quasi-Hebbianadaptationinvolving the presynaptic

activity ���

�

�

(which is simply the response
�

� ���

�

at time
�

for linear neurons)and the postsynapticactivity
�

�

�

��� �

1
�

�

�

�

�

��� �

1
���

which indicatesthe error in prediction. Note that computingthe differencein the

predictionerror termrequiresthepresenceof someform of inhibitory interneurons.Inhibitory interneuronsare

alsorequiredby someof the otherestimationalgorithmsderived in this paper. Interestingly, a wide varietyof

suchinterneuronshave beendiscoveredin theprimatevisualcortex [Jones,1981].
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