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The responseof visual cortical neurons during ®xationtasks can be signi®cantlymodulated by stimuli
from beyond the classicalreceptive®eld. Modulatory effectsin neural responsedave alsobeenrecently
reported in a task where a monkey freely views a natural scene.In this paper, we describe a 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
current recognitionstate. Synaptic weightsin the model are adaptedin a Hebbian manner accordingto a
learning rule alsoderived fromthe MDL principle. The resulting prediction/leaming schemecanbeviewed
asimplementing a form of the Expectation-Maximization (EM) algorithm. The architecture of the model
positsan active computationalrole for the reciprocal connectionsbetweenadjoining visual cortical areasin
determining neural responseroperties. In particular, the modeldemonstratesthe possiblerole of feedback
from higher cortical areasin mediating neurophysiologicaleffectsdue to stimuli from beyond the classical
receptive®eld. Simulations of the model are provided that help explain the experimental observations

regarding neural responsesn both fr eeviewing and ®xatingconditions.

1 Intr oduction

Much of theinformationregardingthe responsg@ropertiesof cellsin the primatevisual cortex hasbeenobtained
by displayingvisualstimuliwithin a cell's receptve ®eldwhile amonkey ®xateona blankscreerandobserving,
via microelectrodeecordingsthe neuronakesponseslicited by the displayedstimuli [HubelandWiesel,1968;
Zeki, 1976;Baizeret al., 1977;Andersenet al., 1985;MaunsellandNewsome,1987. The initial assumption
wasthattheresponsethusrecordedarenotsubstantiallydifferentfrom thosegeneratedn a morenaturalsetting,
but later experimentsshaved thatthe responsesf mary visual cortical neuronscan be signi®cantlymodulated
by stimuli from beyond the classicalreceptie ®eld[Nelsonand Frost,1978; Zeki, 1983;Allman et al., 1985;
Desimoneand Schein,1987;Gulyaset al., 1987;Muller et al., 1996. Modulatoryeffectsin neuralresponses

have alsobeenrecentlyreportedby [Gallantet al., 1994;1995;Gallant,1996] in a taskwherea monkey freely
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views anaturalscene.ln theseexperimentsyesponsefrom thevisualareasvl, V2, andvV4 wererecordedvhile

amonke freely viewed naturalimages.Theimagesubrgionsthatfell within a cell's receptve ®eldduringfree

viewing werethenextractedfrom theimagesand ashedwithin thecell's receptiie ®eldwhile themonkey ®xated
onablankscreen.Surprisinglytheresponsesbtainedvhenthestimuliwere ashedduringthe®xatiortaskwere

foundto begenerallymud larger thanwhenthe samestimuli enteredhereceptve ®eldduringfree viewing.

In this paperwe describea hierarchicahetworkmodelof dynamicsandsynaptidearningin thevisualcortex
that providesexplanationgor the above experimentalobsenationsby exploiting two fundamentapropertiesof
the cortex: (a) the reciprocity of connectiondetweenary two connectedareas|Rocklandand Pandya,1979;
VanEssen,1985;FellemanandVan Essen1991, and(b) the corvergenceof inputsfrom lower areaneurongo a
higherareaneuronyesultingin largerrecepte ®eldsizesfor neuronsn thehigherareal VanEsserandMaunsell,
1983; Desimoneand Ungerleider 1989. The reciprocityof connectionsallows feedbackpathwaysto cornvey
top-davnreconstructedignalsthatsene aspredictiongor lower level moduleswhile the feedforwardpathways
convey theresidualsbetweencurrentrecognitionstateandthe top-dovn predictionsfrom the higherlevel. The
largerreceptive ®eldsizeof higherlevel neuronsallows themto integrateinformationfrom alarger spatialextent,
whichin turn permitsthemto in"uence, via feedbackpathwaysJower level units operatingat a smallerspatial
scale.

The modelacknavledgesthe fact that vision is an active, dynamicprocesssubservinghe larger cognitive
goalsof the organismthatthe visual systemis embeddedn. In particular the dynamicsof a cortical moduleat
a given hierarchicallevel is shavn, usingthe Minimum DescriptionLength(MDL) principle [Rissanen1989;
Zemel, 1994, to assumethe form of an extendedKalman ®Ilter [Kalman, 1960; Kalman and Bucy, 1961;
Maybeck,1979 which optimally estimategurrentrecognitionstateby combininginformationfrom input-driven
bottom-upsignalsand expectation-dwen top-davn signals. The dynamicsalsoallows a nonlinearprediction
stepthatfacilitatesthe processingf time-varying stimuli, andhelpsto counteracthe signalpropagatiordelays
introducedby the differenthierarchicallevels of the network. Predictionis mediatedby a set of units whose
weightscanbe adaptedn orderto minimize the predictionerror. The transformatiorof signalsfrom lower, less
abstracareado higher moreabstractireads achievedvia synaptioveightsin thefeedforwardpathwaywhile the
transformatiorbackis achieved via the feedbackweights,both of which arelearnedduring exposureto natural
stimuli. Thislearningis mediatedby a Hebbianlearningrule alsoderived from the MDL principle. Theweights
areshawn to approactihetransposesf eachotherwhichin turn allows the fastdynamicsof the Kalman®Iterto
be ef®cientlyimplemented.The combinedprediction/learningchemecanbe viewed asimplementinga form of
the Expectation-Maximizatio(EM) algorithm[Baumetal., 1970;Dempstesetal., 1977.

We ®rstverify the hypothesighat reciprocalconnectiondbetweendifferenthierarchicallevels can mediate
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Figurel: A SimpleInput EncoderNetwork. Thegoalis to optimally encodénputs! by ®ndingbestestimates ,
andr for thenetworkparameters , , andr. Optimality is de®nedh termsof leastsquaredeconstructiorerrorwherethe

reconstructiorof theinputis givenby | r.

robustvisualrecognitionby assessinghe model's performanceon a small training setof realisticobjects. The
modelis shavn to recognizeobjectsfrom its trainingsetevenin the presencef partialocclusionsandmaintaina
®nediscriminationability betweerhighly similar visualstimuli. By exposingthe networkto naturalimages,we
shav thatthereceptie ®eldsevelopedatthelowesttwo hierarchicalevelsarecomparableo thoseof cellsatthe
correspondingevelsin the primatevisualcortex. We thendescribesimulationsof themodelin bothfreeviewing
and®xatingconditionsand shaw thatthe simulatedneuralresponsesire qualitatively similar to thoseobsered
in the neurophysiologicaixperimentsof [Gallantetal., 1994;1995;Gallant,1996]. We concludeby describing
relatedwork on cortical modeling,Kalman®lters,andlearning/parametegstimationtechniquegincludingthe
relationshipgo the EM algorithm),anddiscusgheuseof themodelasa computationasubstratdor understanding
a numberof well-known psychophysical/physiotpcal phenomenauchasillusory contours bistablepercepts,

amodalcompletionsyisualimagery end-stoppingandothereffectsfrom beyondthe classicakeceptie ®eld.
2 A SimpleInput Encoding Example

We bagin by examining a simple input encodingproblem. In particulay considerthe problemof encodinga
collectionof inputs 1 > usinga single-layerecurreninetwork(Figure1) with linearactivationunitswhere
thegoalis to minimizethereconstructiorerror. In otherwords,for agiven linputvector , wewouldlike to

minimizethe sumof component-wissquarecdrrorsasgivenby:

1)

where denoteghe feedbackmatrix, therows of which correspondo the synapticweightsof unitsin the
feedbackpathway denoteghe current 1 activation (or internalstate)vectorand denoteghe transpose

operator Thevector  correspond$o thenetwork'sreconstruction of theinput .



Notethattheoptimizationfunction is modulatedy two setsof parameters and . We canthusminimize
by performinggradientdescentvith respecto bothof theseparametersFor agivenvalueof , we canobtain

theoptimalestimate of thestatevector accordingto:

¢ 51— 1 )

where 1 Odeterminesheadaptatiomatefor . Theabose equatiorcanbeequivalentlyexpressedn its discrete

form as:
1 1 (3

Similarly, for a givenvalueof , we canobtainthe optimal estimate of the generatie weight matrix

accordingo:
¢c 2 4
= 2 (@)
where , 0determineghelearningrate. Equivalently,
1 2 (5)

It is interestingto note that the above rule can be regardedas a form of Hebbianlearning, with presynaptic
actvity andpostsynapti@ctivity . Thedifferencein thelatterterm canbe computedfor instanceyia
inhibitory feedback. Typically, for a giveninput duringlearning, is allowedto corverge to a stabilized
valuebeforetheweights areupdated.Thesenew valuesfor aresubsequentlysedfor computingthe state
for thenext input. Theresultingschemecanthusberegardedasimplementinganon-lineform of thewell-known
Expectation-Maximizatio(EM) algorithm[Dempsteetal., 1977 (seeSectior@.5for adiscussion) Notethatfor
appropriatelysmallpositvevaluesof 1, thequadratidormof assuregornvermgenceof totheglobalminimum
of foragiveninput .

An importantfeatureof the above estimationschemeis that the dynamicsin Equation3 can be readily
implementedn thenetworkof Figurel if we makethefeedforwardveightmatrix . By usingalearning
rulefor and identicalto Equation5 but with a linearweightdecayterm, it canshovnthat  converges
approximatelyto evenwheninitializedto arbitraryrandomvalues(see for example,[Williams, 1989).

A numberof variantsof the estimationschemesketchedabore have previously appearedn theliteraturein
variousguises.For example[Daugman;1989 proposes gradientdescentule for estimatinghe coef®cientsof
a ®ed basissetof non-orthogonaGabor®Ilters(seealso[Pece,1994). Daugmars schemecan be seento be
essentiallyidenticalto Equation2 wheretherows of comprisethe Gabor®lterset. Onthe otherhand,rather
than®xingthe basissetof ®ltersto be Gaborfunctions,onecanattemptto learnthe basissetfor some®xedstate

vector . In particular if we let (the feedforwardresponseassuming ), Equation4 reduces



to Oja's subspacaetworklearningalgorithm[Oja, 1989 andWilliams' symmetricerrorcorrectioriearningrule
[Williams, 1984, bothof whichwereshavnto generat@rthogonalveightvectorshatspartheprincipalsubspace
(or dominanteigervector subspacedf the input distribution. Thus,the purely feedforwardform of the network
performsan operationequivalentto principal componenanalysis(PCA) [Chat®eldcand Collins, 1980. More
recently learningschemesimilarto theonewe presentedbove have beenproposedndependentlpy[Olshausen
andField, 1994 and[HarpurandPrager 1994. As above, theseschemesombinethe dynamicsof the state
vector with thelearningoftheweights . By additionallyaddinganactivity penalty(derivedfrom a@sparseness
function®) to the dynamicsof the statevector , [Olshauserand Field, 1994 demonstratéhe developmentof
non-orthogonadndlocalizedbasis®ltersfrom naturalimages.

In the following sections,we shav that the above frameavork can be regardedas a specialcaseof a more
generalestimationand learningschemethat hasits rootsin stochastionodelingand Kalman ®Itertheory In
particular usinga hierarchicalstochastianodelof the imagegeneratiormprocesswe formulatean optimization
functionbasedntheminimumdescriptionength(MDL) principle. In theMDL formulation theactivity penalty
of [Olshauserand Field, 1994 arisesas a direct consequencef the assumednodel prior. As we show in
the following sections the resultinglearning/estimatiorschemeallows the modelingof the visual cortex as a

hierarchicaKalmanpredictor
3 The Architecture of the Model

Themodelis a hierarchicallyorganizedneuralnetworkwhereineachintermediatdevel of the hierarchyreceves
bottom-upnformationfromtheprecedindevel aswell astop-davninformationfrom ahigherlevel (seeFigure?).
At eachlevel, the outputsignalsof spatiallyadjacentmodules,eachprocessingts own local image patch,are
combinedandfed asinputto thenext higherlevel, whoseoutputsarein turncombinedwith thoseof its neighbors
andfed into yetanotherhigherlevel, until theentirevisual®eldhasbeenaccountedor. As aresult,thereceptve
®eldsof units becomeprogressiely larger as one ascendghe hierarchicalnetworkin a mannersimilar to that
obsenred in the occipitotemporapathway(Vl V2 V4  IT) of the primatevisual system[Van Essen
andMaunsell,1983; Desimoneand Ungerleider 1989. At the sametime, feedbackpathwaysallow top-dovn
in"uencesto modulatethe outputof noisy lower level modules. From a computationaperspectie, suchan
arrangemenallows a hierarchyof abstracinternalrepresentationt® be learnedwhile simultaneouslgndaving
thesystemwith propertiesessentialor dynamicrecognitiorsuchastheability to form patterncompletiongluring
occlusions. From a neuroanatomicagberspectie, suchan architecturefalls well within the known compleity
of cortico-corticalandintracorticalconnectiongoundin the primatevisual cortex [RocklandandPandya,1979;
GilbertandWiesel,1981;Lund, 1981;Jones1981;Douglasetal., 1989;FellemanandVanEssen1991].

At thelowestlevel, theinputimageis processedn parallelby a large numberof identicalnetworkmodules
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Figure2: The Architecture of the Model. The feedforwardpathwaysfor the ®rsttwo levels are shavn in the top half

of the ®gurewhile the bottomhalf representshe feedbackpathways.Eachfeedforwardweightmatrix — is approximately

thetranspos®f its correspondindeedbackmatrix . Thefeedbackpathwayscarry top-davn reconstructedignalsr  that
sene aspredictionsfor thelower level modules.Thefeedforwardpathwaysarryresidualdbetweerthe currentstateandthe
top-davn predictions andtheseresidualsare®lteredthroughthe feedforwardveightmatrix ~ atthenext level. Thecurrent
statepredictiont  is computedrom the previousstateestimater 1 usingthepredictionweights” andtheactivation
function . Thecurrentstateestimater  at eachlevel is continuallyupdatedoy combiningthe top-davn andbottom-up
residualswith the currentstatepredictionaccordingto the extendedKalman®lterupdateequationgderivedin thetext. The
®gureillustratesthe architecturefor the simple caseof four level 1 modulesfeedinginto a level 2 module. However, this
arrangementanbeeasilygeneralizedn arecursve mannetito the caseof anarbitrarynumberof lower level moduleseeding
into ahigherlevel module whoseoutputsarein turn combinedvith thoseof its neighborsandfedinto yetanothethigherlevel

andsoon, until theentirevisual®eldhasbeencovered.

which tessellatéhe visual®eld. For a givenmodule,the localimagepatchcanbe considerecan -dimensional
vector , whichislinearly®lterecby asetof modi®abl&®ltersasrepresentedytherowsof a feedforward
matrix  of the synapticweightsof units. The synapticweightscomprising  areinitialized to smallrandom
valuesandadaptedn responseo inputstimuli accordingo thesynaptidearningrulesderivedbelon. Theimage
representation in our modelroughly correspondso the representatiomat the LGN while the ®ltersde®nedy
the rows of weightmatrix ~ performan operatiorsimilar to thatcarriedout by simplecellsin layer IV of V1.

The ®lteredmageis de®nedy aresponsevector givenby:
(6)

Theresponseector isfedinto (possiblynonlinearfstate®unitswhichcomputerunningestimates of current
internalstateandpredictthe state™ for the next time instantusingtheir synaptioweights  (seeFigure2). There
alsoexist backprojectioror feedbackunitswith anassociated matrix of 2generatve® weights  which

allow reconstructiorof theinputatthe lower, lessabstractevel from the currentinternalstateat the higher more



abstractevel. Their outputis givenby:

- ()
In additionto bottom-upinput , eachlevel in the hierarchicalnetwork(exceptthe highestlevel) alsorecevesa
top-davnsignal  from a higherlevel module. Thesignal  actsasa predictionof thelower level modules
currentstatevector—, asestimatedy a higherlevel moduleafter takinginto accountfor example,information
from alargerspatialneighborhoodn conjunctionwith the pasthistoryof inputs.

Note thatwhile the abore equationsvere de®nedor the ®rsthierarchicallevel, wherethe bottom-upinput
consistedbf theimage , the sameanalysiscanbe appliedto all levels of the networkwherethe bottom-up
inputis simply the vectorobtainedby combiningthe outputvectorsof several neighboringower-level modules
asillustratedin Figure2 for thesecondevel.

Giventhe abore architecturaketting,we arenow left with the problemof prescribingthe dynamicsfor the
internalstatevectors and™, aswell as appropriatdearningrulesfor the synapticweights , , and . In
the previous section,we achiezed our objective by simply minimizing the reconstructiorerror. As we shallsee,
a more generalstatisticalapproachis to modelthe inputsto the systemas being stochasticallygeneratedy a
hierarchicaimagegeneratiorprocesghatcanbecharacterize@sfollows. First, we assumehatimagesarebeing

generatedy alinearimagingmodelof theform:

(8)

where is a generatre matrix (correspondindo the generatie feedbackweightsin the network)and is a
hiddenstatevector We assumehe meanof the bottom-upnoiseprocess 0. The corresponding

noisecovariancematrixS attime is givenby
S 9)

where istheKroneckerdeltafunctionequalingl if andO otherwise.
We modelthedifferencebetweerthetop-dovn prediction  from a higherlevel andtheactualstatevector

atthecurrentlevel by anotherstochastioiseprocess

(10)
with 0. Thetop-davn noisecovariancematrixS attime is givenby:
S (11)
Giventhecurrentstate , thetransitionto the state 1 atthenext timeinstantis modeledas:
1 12)



where isa(possiblynonlinearyectorvaluedactivationfunction, isthestatetransitionmatrix (corresponding
to the@prediction®weightsin thenetwork),and is a stochastimoiseprocessvith meanandcovariance:
B (13)
- - S (14)
For the derivationsbelow, we assumehatthe threestochastimoiseprocessestroducedabore areuncorrelated
over time with eachotherandwith theinitial statevector
It is convenientto view the generatie weightmatrix — andthe predictionweightmatrix asan

lvector anda 2 1vector respectiely, wherethevectorsareobtainedoy collapsingtherows of the

matrix into a singlevector For example,
(15)
where denoteghe throw of . We characterizehe evolution of the differentunknovn weightswe usedin

thehierarchicaimagingmodelabore by the following dynamicequations:

1 (16)

1 (7)

where and arestochasticoiseprocessesvith meanandcovariancegivenby:

- (18)
- (19)
- - S (20)
- - S (21)

In summary Equations8 through21 re ect our assumedierarchical modelof how visualinputsare being
stochasticallygenerated. The goal of a given cortical moduleis thusto estimate,as closely as possible,its
counterparin the input generationmodel as characterizecy the systemof equationsaboe! It doesso by

minimizing a costfunctionbasedon the Minimum DescriptionLengthprinciple.
4 The Minimum Description Length BasedOptimization Function

In orderto prescribehedynamicsof the networkandderive thelearningrulesfor modifyingthe synapticweight

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

1By corvention,eachestimatethatthe corticalmodulemaintainswill bedifferentiatedrom its counterparin theinputgeneratiommodel

by theoccurrencef the hatsymbol. For examplethe meanof the currentcortical estimateof theactualstatevector will bedenotedy



formalinformation-theoretigersionof thewell-knovn Occams Razorprinciplecommonlyattributedto William
of Ockham(13th-14thcenturyA.D.) [Li andVitanyi, 1993. Brie'y, thegoalis to encodenputdatain away that
balanceghe costof encodingthe datagiventhe useof a modelwith the costof specifyingthe modelitself. The
underlyingmotivationbehindsuchan approachis to accurately®tthe modelto theinput datawhile atthe same
time avoiding over®ttingandallowing generalization.

Supposéhatwe have alreadycomputedh prediction™ of thecurrentstate basedon prior data.In particular
let ~ bethe meanof the currentstatevectorbefoe measuremeruaf theinputdataat the currenttime instant. The

correspondingovariancematrixis givenby:
- - (22)
Similarly, let™ and™ be estimate®f thecurrentweights and calculatedrom prior datawith:

B B (23)

B B (24)

Givenadescriptiorlanguage , data andmodelparameters ,theMDL principleadwcatesninimizingthe

following costfunction[Zemel,1994:
(25)

denotedengthof the description.In our case, consistof the currentinputimage andtop-davn input

,and  consistof theparameters , ,and thatcanbe modulated. Thus,
(26)

The two termson the right handside of the precedingequationare simply the bottom-upandtop-dovn recon-

structionerrors. The costof themodelis givenby:
(27)

In a Bayesianframework, the abose equationcanbe regardedastakinginto accountthe prior modelparameter
distributionswhile Equation26 representshe negative log-likelihood of the datagiven the model parameters.
Minimizing the completecostfunction is thusequialentto maximizingthe posteriorprobabilityof the model

givendata

2Thefeedforwardveightmatrix ~ doesnotappeaamonghemodeltermssincethis matrix canbeconstrainedo bethetransposef the

feedbackveightmatrix ~asaresultof thesynaptidearningrulesdescribedn Section6.



Giventhetrue probabilitydistribution (over discreteevents)of thevarioustermsin the above equationsthe

expectedengthof theoptimalcodefor eachtermis givenby Shannors optimalcodingtheoem[Shannon1949:
log (28)

where denoteghe probability of the discreteevent . Sincethe true distributions are unknavn, we
appealto the CentralLimit Theorem[Felle, 1969 andusemultivariateGaussianssthe prior distributionsfor
codingthe varioustermsabose. However, encodingfrom a continuouddistribution requiresthe calculationof
the probability massof a particularsmallinterval of valuesarounda given valuefor usein Equation28 above
[NowlanandHinton,1992;Zemel,1994. Usinga trapezoidahpproximationye may estimatethe massundera
continuougin ourcase Gaussianylensity inaninterval of width aroundavalue tobe

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

Equation28 andignoringthe constantermsdueto the coef®cientof the multivariateGaussians):
st st (29)

For encodingthe modelterms(Equation27), a constanin®nitesimalvidth  may be inappropriatesincesome
valuesof the parametersnay needto be encodednoreaccuratelythanothers.For example,the networkmay be
moresensitve to smallchangesn someparametevaluesthanotherd NowlanandHinton,1992. Onesolution,as
suggestethy [NowlanandHinton, 1997, isto make inverselyproportionato thecurvatureof the costfunction
surface,but this may be computationallyvery expensve. A simpleralternatie, which favors small valuesfor
the parametergjiven the choicebetweensmall andlarge values,is to let  be a zeromeanradially symmetric
Gaussiarfior eachof themodelterms , ,and with variancesnverselyproportionato , ,and respectiely.

Using Equation28, themodelcostthenreducego (ignoringthe constanterms):

(30)

The®rstthreetermsin thesumabove arisefrom the prior Gaussiardensitiefor , ,and asgivenby ~ ,

, and while the latterthreetermsare derived from the zeromeanGaussiansissociateavith

Note that the abore equationimplementsan intuitively appealingtrade-of betweenachiezing a good ®t with

respecto prior predictiong(~, — and™) andsimultaneouslypenalizinglarge valuesfor the parametergactivities
andweights and ). Onemayalsoview the latterthreetermsasregularizers|Poggioetal., 1989 thathelp

preventover®ttingof data,therebyincreasinghe potentialfor generalizatior?.

SThevariance-relatecegularizatiorparameters, ,and maybechoseraccordingo avarietyof techniquegsee [Girosietal., 1999

for referenceshut for the experimentén this paperwe usedappropriatelysmallbut arbitrary®xedvaluesfor theseparameters.
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5 Network Dynamicsand Optimal Estimation of RecognitionState

Thedervationof theestimationalgorithmfor recognitionstateis analogougo thatfor the discreteKalman®lter
asgivenin standardexts suchas[BrysonandHo, 1979 (thecontinuousasefollowsin astraightforwardashion
by applyinga few limits to the differenceequationsn the discretecasel BrysonandHo, 1975). Givennew input

andtop-davn prediction , the optimal estimateof currentstate after measuremenof the new datais a

stochasticodewhosemean andcovariance canbeobtainedby setting:
0 (31)

whichimplies

- st st 0 (32)

After somealgebraiananipulationtheabove equatioryieldsthefollowingupdaterule for themeanof theoptimal

stochasticodeattime :
- st - st - - (33)

wheretheprediction™ is givenby:

- 1 - (34)

It followsthatthe covariancematrix —attime is givenby theupdaterule:

1 g ! g ! 1 (35)

where isthe identitymatrix. The predictionerrorcovariancematrix  is updatedaccordingo:
1 — — S (36)
with the partial derivative being evaluatedat . The partial derivatives arise from a ®rst-ordefTaylor
seriesapproximatiorto the activationfunction around . The abore setof equationscanbe regardedas

implementinga form of the extendedKalman®Iter[Maybeck,1979.

During implementatiorof the algorithm,the covariancematricesS, S , andS canbe approximatedy
matricesS, S , andS estimatedrom sampledata. Further by appealingto a versionof the EM algorithm
(seeSection9.5), we may use ~ and ~ intheequationsabore, where and  arelearnedestimates
whoseupdaterulesare describedn Section6 andthe appendixrespectiely. For neuralimplementationthe
updateequationsabove can be simpli®edconsiderablyby noting that the basis®Itersthat form the rows of
the feedforwardmatrix  ( ; seelearningrule below) alsoapproximatelydecorrelatetheir input, thereby

effectively diagonalizhgthe noisecovariancematrices(seealso[Pentland 1997 for relatedideas). This allows
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the recursve updaterulesto be implementedocally in an ef®cientmannerthroughthe use of recurrentaxon
collaterals.

Equation33 forms the heartof the dynamicstateestimationalgorithm. Note that Equation3 which was
derivedvia gradientdescentn Section? is actuallya specialcaseof Equation33. More importantly Equation33
implementsan ef®cienttrade-of betweeninformationfrom threedifferentsources:the systemprediction™
the top-davn prediction , andthe bottom-updata . Intuitively, the bottom-upand top-donvn gain matrices

~ S land S !canbeinterpretedassignal-to-noiseatios Thus,whenthebottom-upnoisevarianceS is

high (for instancedueto occlusions)the bottom-upterm is givenlessweightin the stateestimation
step(dueto a lower gain matrix) andthe estimate reliesmore on the top-davn term ~ andthe
systemprediction™ . Onthe otherhand,whenthetop-dovn noisevarianceS is high (for instance dueto
ambiguityin interpretatiorby the higherlevel modules) the estimate reliesmoreheavily onthe bottom-up

term andthesystemprediction~ . Finally, if thesystemprediction~ hasalarge noisevariance,
the matrix ~ assumedarger valueswhich implies that the systemrelies more heavily on the top-dovn and
bottom-upinputdataratherthanonits noisyprediction™ . The dynamicsof the networkthusstrivesto achieve

a delicatebalancebetweenthe currentpredictionandthe inputsfrom variouscortical sourceshy exploiting the

signal-to-noiseharacteristicef the correspondingnput channels.Note thatby keepingtrack of the degreeof

correlationdetweerunitsatary givenlevel, thecovariancematricesalsodictatethedegreeof lateral interactions
betweerthe unitsasdeterminedy Equation33.

In summarythe optimalestimateof the currentstatebefoe measuementof currentdatais a stochasticode
with mean™ andcovariance . After measuremerandupdateasgivenby Equations33 and35, the meanand
covariancebecome and respectiely. Themean is updatedy ®lteringthecurrentresidualor 2innovations®
[Maybeck,1979 -~ and ~ using =~ S 'and S !respectiely. Notethatthis requiresthe
existenceof thematrix  for ®Iteringthe bottom-upresidual ~ ~ thatis beingcommunicatedrom the
lower level. Thiscomputatiorcanbereadilyimplementedf thefeedforwardveights — happerto besymmetric

with thefeedbackveights i.e. . Thereforewe needto addresshe questionof how suchfeedforward

andfeedbackweightscanbe developed.

6 Learning the Feedbrward and FeedbackSynaptic Weights

The previous sectiondescribedone methodof minimizing the optimizationfunction . updatingthe
estimateof the currentstate asgivenby and in responseo the input data. However, canbe further
minimizedby additionallyadaptingthe weights , , andthe feedforwardweights aswell. Here,we derive
thelearningrulesfor and . A possiblelearningprocedurefor the predictionweights is describedn the

appendix.Notethatin orderto achieve stability in the estimationof state , theweightsneedto be adaptecht a
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muchslower ratethanthedynamicprocesghatis estimating .

We ®rstderive theweightupdaterule for estimatinghe backprojectior{(generatie) weights . Noticethat:

(37)
where isthe matrix givenby:
(38)
Differentiating with respecto the backprojectiorweights andsettingthe resultto O:
0 (39)

we obtain,after somealgebraicmanipulation the following updaterule for the meanof the optimal stochastic

weightvectorattime (notethatweuse asprescribedy aversionof theEM algorithm- seeSectior9.5):
- st - - (40)

where™ 1 - and isthematrix obtainedby replacing with = in the de®nitiorof

abore. The covariancematricesareupdatedaccordingo:

1 - S 1 — 1 (41)
1 S (42)
where isthe identity matrix. NotethatEquatior40 is simply a Hebbianlearningrule with decay the

presynapti@ctivity beingthecurrentresponses  andthepostsynaptiactiity beingtheresidual
(seefeedbackpathwayin Figure?2).

It is relatively easyto seethat Equation5 which we derived via gradientdescenin Section?2 is in fact a
specialcaseof Equation40 abore. Thus,aswe mentionedn Section2, for the caseof feedforwardprocessing,
where ~ and | thislearningrule (withoutthe covariancematricespecomesdenticalto Williams'
symmetricerrorcorrectionlearningrule [Williams, 1985 andOja's subspaceetworklearningalgorithm[Oja,
1989, both of which perform an operationequivalentto principal componentinalysis(PCA) [Chat®eldand
Collins,1980. Themoregeneraform above whichadditionallyincorporateslynamicgor the statevectorallows
the developmentof non-orthogonahndlocal representationaswell. Anotherinterestingfeatureof the above
learningrule is thetransitionfrom to— 1 . Thisstepallowsthe modelingof intrinsicneuronahoisevia

theterm™ . By assuminga distributionfor this noiseterm (for example,a zero-mearGaussiardistribution)
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andsamplingfrom this distribution, the transitionfrom to— 1 canbemadestochastic.This helpsthe
learningalgorithmavoid local minima andfacilitatesthe searchfor a globalminimum. The weightdecayterm
—  (duetothemodelterm in theMDL optimizationfunction)penalizever®ttingof thedataand
helpsincreasehe potentialfor generalization.

Having speci®ed learningrule for the feedbackweights,we needto formulate one for the feedforward
weightssuchthatthe dynamicsexpressedy Equation33 is satis®ed.In otherwords, the feedforwardweight
matrix  shouldbe updatedso asto approximatethe transposeof the feedbackmatrix . Onesolutionis to
assumehatthe feedforwardweightsareinitialized to the samerandomvaluesasthe transposef the feedback
weights,andthento applytherule givenin Equatior40. However, it is highly unlikely thatbiologicalneurongan
have theirsynapsefnitializedin suchacornvenientmanner A morereasonablassumptioris thatthefeedforward
weightsareinitializedindependentlypf thefeedbackweights.

Let representhe vectorizedform of the matrix analogoudo Equation15. Considerthe following

weightmodi®catiorrule for the feedforwardwveightsattime :

- st - - (43)

wherewe use— 1 - with — assumedo be a zero-mearGaussiamoiseprocess.This
is againa form of Hebbianlearning(with decay) the presynaptiactiity thistime beingthe residualimageand
the postsynapti@ctivity beingthe current™ (seefeedforwardpathwayin Figure?2). It is relatively easyto shav

thattheabove rule causeshefeedforwardmatrix to approachhetransposef thefeedbackmatrix,i.e. ,

evenwhenthey startfrom differentinitial conditions.De®nea differencevector as:

(44)
Then,from EquationsA0and43,
- - - - (45)
Asymptotically as™ and— . - andEquatiord5reducego:
0 (46)

Thus,giventhat Oand ispositive de®nitetheexpectedvalueof approachegeroasymptoticallywhich

implies™ . In otherwords(since™ is by de®nition), which satis®ethe conditionneededor

thedynamicsof the network(Equation33)to converge to the optimalresponse&ectorfor agiveninput.
7 Experimental Results

Beforepresentingimulationresultsfor the free viewing and®xationexperimentswe verify the viability of the

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

The ®rstexperimentwas designedo testthe model's performancan a simplerecognitiontask. A hierarchical
networkasshaowvn in Figure2 wasusedwith four level 1 modulesgachprocessingts localimagepatch,feeding
into a singlelevel 2 module. The four level 1 feedforwardmoduleseachcontainedL0 units (rows of ) while
the secondevel modulecontained25. The constants and thatdeterminethe variancesof the MDL model
termsweresetat0 02andO 1 respectiely. Thefeedforwardandfeedbackmatricesweretrainedby exposingthe
networkto grey scaleimagesof ®we objectsasshavn in Figure3 (A). Eachinputimagewasof size128 128
andwassplit into four equalsubimage®f size64 64 thatwerefed to the four level 1 modules. The average
grey level valuesweresubtractedrom eachimageandtheresultingimagenormalizedo unit lengthbeforebeing
inputto thenetwork. For eachinputtrainingimage theentirenetworkwasallowedto stabilizebeforetheweights
wereupdated.Sinceonly staticimageswereused,we used” 1 . Notethatevenwithouta non-linear
predictionstep for anarbitrarysetof possiblynon-orthogonaleightvectors theoptimalresponsef thenetwork
at a given hierarchicallevel remainsa highly non-linearfunction of the input imagethat cannotbe computed
by a singlefeedforwardpassbut rathermustbe recursvely estimatedy usingEquation33 until stabilizationis
achieved(cf. [Daugman1988). Figure3 (B) through(E) illustratetheresponsef thetrainednetworkto various
inputimages.

7.2 Experiment 2: Learning ReceptiveFields from Natural Images

The previous sectiondemonstratedhe model's ability to learninternal representationfor variousman-made
objectsand subsequentlyisetheserepresentationfor robustrecognition. In this section,we askthe question:
whatinternalrepresentationdoesthe networkdevelopif it is exposedto a sequencef arbitrarynaturalimages?
Notethatthis questionbecomesespeciallyrelevantif the networkis to be usedasa modelof the visual cortical
processingluring,for example,freeviewing of naturalimagesandthereforetheinternalrepresentation&uchas
theweights ) developedbythemodelwill needo beatleastyualitatively similarto correspondingepresentations
in the cortex thathave beenreportedn theliterature.

We onceagainemployeda hierarchicahetworkasshown in Figure2 with four level 1 moduledeedinginto a
singlelevel 2 module. Thefour level 1 feedforwardmoduleseachcontained0 units(rowsof ) while thelevel
2 modulecontained?5. Eightgrey scaleimagesof naturaloutdoorscenesvere usedfor trainingthe network.
However, unlike the previousexperiment thereceptive ®eldsof thefour level 1 moduleswereallowedto overlap
asshowvn attheright of Figure4 in orderto qualitatively modelthe overlappingorganizatiorof receptve ®eldof
neighboringellsin thecortex [Hubel,1984. Thus,for eachnaturalimage,a20 20imagepatchwaschoserand
four overlappingl6 16 subimagesoffsetby 4 pixelshorizontallyand/orvertically from eachother werefedas

inputto the lower-level modules.Eachof the subimagesvaspreprocessetly subtractinghe averagegrey level
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Figure3: Resultsfrom Experiment 1: Recognition of Simple Objects. (A) The ®we objectsusedfor training the
hierarchicalnetwork. The ®rstimageadditionally shavs how a givenimagewaspartitionedinto four local subimageshat
werefed to the four correspondindevel 1 modules.(B) through(E) illustratethe responsef thetrainednetworkto various
inputimages.(B) Whena training imageis input, the networkpredictsan almostperfectreconstructedmageresultingin a
residuathatis almosteverywherezero,whichindicatesorrectrecognition.(C) If apartially occludedbjectfrom thetraining
setis input, the unoccludegortionsof theimagetogethercontritute, via thelevel 2 module to predictand®II in themissing
portionsof theinput. (D) Whenthenetworkis presentedvith anobjectthatis highly similarto atrainedobject,the prediction
is thatof the closestesemblingobject(thecarin thetraining set). However, thelargeresidualallows the networkto judgethe
input asa new objectratherthanclassifyingit asthetraining objectandincurring a falsepositive error, anoccurrencéhatis
commonin mostpurelyfeedforwardsystems(E) shavsthatacompletelynovel objectresultsin a predictionimagethatis an
arbitrarymixture of thetrainingimagesandassuch,generatetargeresiduals.Thesystemcanthenchooseo eitherlearnthe

new objectusingEquationgt0 and43, or ignorethe objectif it happenso bebehaiorally irrelevant.
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Figure4: Resultsfrom Experiment 2: Learning ReceptiveFields from Natural Images (A) Threeof the eightimages
usedin training the weights. The boxeson theright show the size of the ®rstandsecond-leel receptie ®eldsrespectiely
onthe samescaleastheimages.Four overlappingGaussiatwindovedimagepatcheextractedfrom the naturalimagewere
fedto thelevel 1 modulesasshavn at the extremeleft in Figure2. Theresponsefom thefour level 1 moduleswerein turn
combinedn asinglevectorandfed to the level 2 module. The effective level 2 receptve ®eldthusencompassgheimage
region spannedy the four overlappinglevel 1 receptie ®eldsasshavn ontherightin (C). (B) Tenof the twenty receptve
®eldg(or spatial®lters)asgivenby therowsof ~  in alevel 1 module. Thesaesemblelassicabrientededge/badetectors,
which have beenpreviously modeledasdifferenceof offset Gaussiansr Gaborfunctions. (C) Six of twentyreceptve ®elds

asgivenby therows of ~  atlevel 2. Theseshav non-linearitiesthat resultfrom higherordercorrelationscapturedby the

level 2 units.

valuefrom eachpixel to approximateheremaoval of DC biasatthelevel of theLGN. Theresultingsubimagevas
windowedbyal6 16Gaussiann orderto preventthespatialfrequeng biasesntroducedy arectangulaimage
samplinglattice. A totalof 12114imagepatchesvereusedfor trainingthe hierarchicahetwork. For eachimage

patch,the networkwasallowedto corverge to the differentoptimalresponsevectors for the differentmodules

at eachlevel beforethe correspondingveights( ) were updated. The variance-dependerbnstants
and weresetto 0 02and0 1 respectiely andthetemporalpredictionstepwassimply ™ 1 asin the
previoussection.

Figure 4 shaws feedforwardsynapticweights  for the level 1 (equivalentto V1) andlevel 2 (V2) units
thatwerelearnedusingEquation43. Thelevel 1 receptie ®eldsesemblenon-orthogonalvavelet-likeedge/bar
detectorsitdifferentorientationsimilartothereceptve ®eldof simplecellsin V1 [HubelandWiesel,1962;1968;
Palmeretal., 1997 (seealso[OlshauserandField, 1996;HarpurandPragey 1996;Bell andSejnavski, 1994).

Thesehave previously beenmodeledas 2D Gaborfunctions[Daugman,1980; Marcelja, 1984 or differenceof
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Gaussiaroperatord Young,1985. The level 2 receptve ®eldswere constructedy propagating unit impulse
responsedor eachrow of theweightmatrix  atthe secondevel to level 0. Thesereceptie ®eldsappearo be
tunedtowardsmorecomplex shapesuchascornerscurves,andlocalizededges.Theexistenceof cellscodingfor
featuresmorecomplex thansimpleedgesandbarshave alsobeenreportedn several electrophysiologicadtudies
of V2 [HubelandWiesel, 1965;Baizeret al., 1977;Zeki, 1974. Thus,boththe ®rstandsecondevel unitsin
themodeldevelopinternalrepresentationthatarecomparabléo thoseof their counterpartén the primatevisual

cortex.
8 Simulationsof FreeViewing and Fixation Experiments

The experimentalresultsfrom the previous sectionsuggesthat the model may provide a useful platform for
studyingcortical function by (a) demonstratinghe model's ef®cay in a simplevisual recognitiontaskand (b)
shaving thatthe learningrulesemployedby the modelare capableof developingreceptive ®eldsthatresemble
corticalcell receptve ®eldweightingpro®les.In this sectionwe returnto thequestiorposedn theintroduction
why do theresponsesf somevisualcorticalneurondiffer sodrasticallywhenthe sameimageregionsenterthe
neuronsreceptve ®eldin free viewing and®xationconditions[Gallantet al., 1994;1995;Gallant,1996]?

A possibleansweris suggestedby therecognitionresultsin Figure3 (C). In particular the ®gureshavs that
theresponsesf neuronsdependot only ontheimagein the cell's receptve ®eldbut alsoon theimagesin the
receptve ®eldsof neighboringcells. This suggestghata cell's responsanay be modulatedto a considerable
extentby the surroundingcontext in which the cell's stimulusappearsdueto the presencef top-dovn feedback
in conjunctionwith lateralinteractionsnediatecby the covariancematrices , S !, andS ! (seeEquation33).

For comparisorwith Gallantetal.'selectrophysiologicakecordingresults we assumedhatthecell responses
recordeccorrespondo theresidual ~ inthemodel(seeFigure2).* Qualitatively similarresultsareobtained
by measuringhe ®lteredbottom-upresidual.For the simulationexperimentswe modeledcellsin V1 andV2 as
shavn in Figure?2 (with four level 1 modulesfeedinginto a singlelevel 2 module)but the modelcanbe readily
extendedto moreabstrachighervisualareaswith a higherdegreeof cornvergenceat eachlevel. The parameters

weresetto thesamevaluesasin Section7.2. Thefeedforwardandfeedbaclweightsweresetequalto thevalues

4 The primatevisual cortexis a laminarstructurethat canbe dividedinto six layers [FellemanandVan Essen1991]. The supragranular
pyramidalcells(e.qg.layerlll) typically projectto layerlV of thenexthighervisualareawhile infragranulapyramidalge.g.layerV/VI) send
axonsbackto layersl, V and/orVI of the precedindower area[Van Essen1985;FellemanandVanEssen,1991]. Thearchitectureof the
model(Figure 2) suggestshat the supragranulacells may carrytheresidual i~ r to the nextlevel while the infragranularcell axons
couldcorveythe currenttop-davn prediction” F( | orr ) tothelowerlevel. Thebottom-upresidual | ~ t wouldthenbe®ltered
by layer |V cells(whosesynapsesncode ) with the helpof interneuronsvhichimplementthelateralinteractionslueto the covariances.
Theestimater ~ would presumablybe computedby infragranularcells (whosesynapsesould encode ) duringthe courseof predicting
r 1 ; the presencef recurrentaxoncollaterals[Lund, 1981 amongthesecellsis especiallysuggestie of sucharecursve computation.

Thesefunctionalinterpretation®f corticalcircuitry arehowever speculatie andrequirerigorousexperimentaton®rmation.
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learnedduring prior exposureto naturalimagesasdescribedn Section7.2. Thefree viewing experimentsvere
simulatedby makingrandom@eye-movements®to imagepatcheswithin a given naturalimageandallowing the
entirenetworkto corvergetill all cell responsestabilized;the responsevalues(as given by the residual)were
thenrecorded. For determiningthe responseof a cell during the ®xationtask, only the imageregion that fell
in the cell's receptive ®eldduringfree viewing wasdisplayedandthe cell's responsenoted. The cell responses
recordedverenumericalquantitieghatcouldbe usedto generatespikesin a moredetailedneuronmodel. Since
the eye-morementswereassumedo be random, thetemporalpredictionstepinvolving  wasnotusedin these
simulationsbut we neverthelessxpectit to play animportantrole in future simulationghatemploytemporalas
well asspatialcontext in predictingstimuli.

Figure5 shavsthesimulationresults.As notedabore, theresponsef a givencell atary level is determined
notjustby theimagefalling within its receptve ®eldbut alsoby theimagesin thereceptve ®eldsof neighboring
cellssincetheneighboringnodulesfeedinto the higherlevel which corveys the appropriatéop-dovn prediction
backto the lower level: the betterthe top-dovn prediction , the smallerthe residual ~ and hence,
the smallerthe response.In the caseof free viewing animage,the neighboringmodulesplay an active role in
contributing to the top-davn predictionfor ary cell andthe existenceof this larger spatialcontext allows for
smallerresponse general. Thisis shavnin Figure5 (A) wherethegivencell'sresponsénitially increasesintil
appropriatéop-davnsignalscauseheresponséo diminishto astabilizedevel. Ontheotherhand,in the®xation
task, only the image subrgion thatfell in a cell's receptve ®eldduring free viewing is displayedon a blank
screen.Theabsencef ary contextual informationresultsin a muchlessaccurateop-davn predictiondueto the
lack of contributionsfrom neighboringnodulesandhence a relatively largerresponses elicitedasillustratedin
Figure5 (B). The histogramf responsei the simulationsof ®xationandfree viewing conditionsare shavn
in Figure5 (C). The resultsshav thatin mostbut not all casesthe responseén free viewing are substantially
reduced. This is consistentvith the free viewing data[Gallant,1996 andthe datafrom accompaying control
experiments(seebelov). Perhapghe mostinterestingfeatureof the free viewing versus®xationhistogramss
thatthey overlap,suggestinghatthereductionin responsess nota binaryall or nonephenomenombut ratherone

thatis dependenbn the speci®a@bility of the higherlevel unitsto predictthe currentstateat the lower level.

9 Discussion

In relatedexperiments[Gallantet al., 1999, it was obsened that responsesvere sometimesalso suppressed
by enlaging the stimulusbeyond the cell's receptie ®eldin the ®xationtask. More recently Gallant has
shavn thatin mary casesthe responsattenuatiorobsered duringfree viewing canbe duplicatedin a static
®xationtaskin which a review 2movie® recreatinghe spatiotemporatequencef imagepatchedhatenteredhe

receptve ®eldduring free viewing is presentedo the monkey, the review stimuli beingthreetimesthe size of
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Figure5: FreeViewing and Fixation Simulation Results (A) An exampleof the dynamicresponsef acell to animage
patchin the simulatedcaseof freeviewing. (B) Theresponsef the samecell to the sameimagepatchbut underconditions
of ®xation. (C) The histogramsf responseaccumulateaver 20 cellsin a ®rstlevel modulefor 500imagepresentations,
shawving the ®xationresponseflight grey) comparedo the free viewing responsegblack). Responsesbtainedduring free
viewing werefoundto bein generamuchdiminishedthanthoseobtainedduringthe ®xationtask. As thegraphdepictsmore
than80%of thefreeviewing responsele within the®rsthbin in thehistogramthe®xationdistribution, ontheotherhand,has

amuchlongertail thanthefreeviewing distribution.
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the classicalreceptie ®eld[Gallant,1996. The resultsfrom both of theseexperimentswhich do not involve
ary eye movementsJend supportto our explanationof the suppressiof responsegsoccurringlargely dueto
contritutionsfrom neighboringmodulesin responseo the global input stimuli, ratherthanbeingthe resultof
oculomotorpredictive mechanismgsuchasthe ashifter circuit® of [AnderserandVan Essen1987). However,
this doesnot precludethe possibility of suppressiordue to oculomotorpredictionsoccurringin other visual
corticalareasgespeciallythosen theparietalcortex, whichareconnectedo oculomotorstructure@ndwheresuch
predictive remappingeffectshave beenobsered[Duhameletal., 1994.

A numberof neurophysiologicakffects due to stimuli from beyond the classicalreceptve ®eld can be
explainedwithin the context of the presentmodel as occurringdue to the in uence of top-dawvn predictions.
Take, for example, the classicalphenomenorof end-stoppingor suppressiorof responsesvhenthe stimulus
(e.g.a line) extendsbeyondthe cell's receptie ®eld[Hubel and Wiesel, 1965;1964. This s clearly a highly
anonlinear®propertyof the2hypercomple® cell [HubelandWiesel, 1969 if oneconsiderghecell in isolation;
however, the modelsuggestshatsuch?nonlinearities®mayin fact arisedueto cortico-cortical/geniculo-coidal
and intracorticalinteractionsbetweenlinear cells aswell. An example of this phenomenorns Figure 3 (C)
where a neuralunit participatesn the completionof an occludedimage: the unit's responseappeardo be a
highly non-linearfunction of the input image patch even thoughits actiation functionis linear In the case
of end-stoppingthe presentmodel predictsthat the endsare @stopped®via inhibitory feedbackwheneer the
surroundingand encompassingeceptive ®eldscan predict the cell's local input. The behaior of the cell
appearsnon-linearonly if the cell is viewed in isolation without regard to possibleinteractionsbetweenits
neighborswithin a level andacrosslevels (as suggestedby the covariancetermsandtop-davn feedbacktierms
respectiely in Equation33)° Indeed,experimentsby [Murphy and Sillito, 1987] con®rmthe contritution of
corticalfeedbackn mediatingend-inhibitbnin cellsin thedorsalLGN. In addition,Bolz andGilberthave shavn
thatsupragranulacellsin thecatstriatecortex (V1) losethe propertyof end-stoppingvheninfragranulaicells(in
particular cellsin layerVI) areinactivatedby usingthe inhibitory transmittetGABA [Bolz andGilbert, 1984.
Sinceinfragranularcellsin V1 receie feedbackirom higherextrastriatevisual cortical aread Van Essen,1985;
Fellemanand Van Essen,1991, it is reasonabléo assumethat inactivation of thesecells preventstop-davn
feedbackfrom in uencing the supragranulacells, therebycausingthemto lose their propertyof end-stopping.
Note that otherpropertiesof the supragranulacells suchas orientationselectvity were foundto remainintact,

which is in agreementwith our model. Furtherevidencefor the fundamentalole of top-davn feedbackin

5 Notethatthis doesnot precludetheexistencaf non-lineameuronsn the cortex. Non-linearities(within the dynamicrangeof acortical
neuron)areaccountedor in two waysby the presentmodel: (a) singleunitsin themodelcodeboth positive andnegatve quantitiesvhereas
the cortexmayemploymultiple neurondor this purposetherebycausinghe appearancef a non-linearity;(b) themodelallows for neurons

with non-linearactivationfunctionsin the predictionstep(Equation34) at eachhierarchicalevel.
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in"uencing neuralactivity atlower cortical levelsis provided by the work of [MignardandMalpeli, 1991] who
shav thatcells in the upperlayersof V1 canbedrivenin the absenceof directbottom-upinputfrom the LGN.
However, additionallydestroyingv2 profoundlyreducedhe upperlayerneuralactivity which led [Mignardand
Malpeli, 1991] to concludethatthe causeof the upperlayer activity wasin fact top-davn feedbackfrom V2.
Given the above obsenations, it may be possibleto attribute othertypesof 2non-speci®suppressionin V1
cells (suchascross-orientatiorinhibition [DeAngeliset al., 1994) to bottom-up/topdown cortico-corticaland
lateralinteractionssuchasthoseoccurringin Equation33 ratherthanto purelynormalization-baseguppression
mechanism$Heeger et al., 1994. Also, in thelight of the abore discussionthe modelpredictsthatmuchless
responsesuppressiorshouldbe obsered in Gallantet al.'s free-viaving experimentsif top-davn feedbackis
precludedfor instancepy intracorticalpharmacologicaieansasin theexperimentsof[Bolz andGilbert, 1986
or via destructiorof highercortical areasasin the experimentsof [MignardandMalpeli, 1991].

Suppressiof neuralresponsesiasalsobeenobseredin highervisual cortical areassuchasMT [Allman
etal., 1984, V4 [DesimoneandSchein,1987;Muller etal., 1994 andIT [Miller etal., 1991. Mary of these
experimentsemploytime-varying stimuli suchasdrifting gratingsandwe would thereforeexpectthe responses
to be modulatedwith respecto notjust spatialcontet (asin this paper)but alsorecenttemporalcontect. This
wouldnecessitatearningthepredictionmatrix  (apossiblemethods suggesteéh theappendixjandusingit in
conjunctiorwith anappropriatectiationfunction for predictingspatiotemporahputsasgivenby Equatior34.

Simulationof suchspatiotemporatorticalmodelsconstitutean active directionof futureresearch.
9.1 FreeViewing of Natural Scenedy Humans

An interestingguestionis whetherthe modelconformsto behaioral dataobtainedfrom humansubjectsduring
freeviewing of naturalimages.Experimentsy McConkieandothergMcConkie,1991;GrimesandMcConkie,
1995 appearto be especiallyrelevantin answeringthis equation. In theseexperiments subjectsveregiventhe
primarytaskof rememberingnimagebut they werealsoinformedthatchangesnightbeintroducedn theimage
asthey examineit. They wereaskedto pressa buttonwhenthey detecteda change.During a giventrial, parts
of theimagewaschangediuring certainsaccades Surprisingly the subjectswvere remarkablyunavare of such
prominentthangesstheadditionor deletionof objects,andchangesn color.

The remarkabldnsensitvity of humansubjectso changesn theimageduring@free viewing® mightappear
to contradictthe presenimodelsince,afterall, a changein theimagefrom a previous ®xationshouldintroduce
alarge residuat andhencedirectthe subjects attentionto it. Recentexperimentsin our laboratory[Ballard et

al., 1994 andin McConkie's laboratory[lrwin et al., 1994 in fact do corroboratethis expectation: subjects

6This obsenationappliesto modelsemployingtemporalkcontexto predictpost-saccadistimuli whereashe simulationsdescribedn this

paperusedspatialcontextonly.
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do indeedbecomeaware of the changesf the objectthat was subjectto a changewas relevantto the task at
hand. For example,[Ballard et al., 1996 reportanincreasen ®xationtime of subjectswheneer task-rel@ant
changesareintroducedduringthe courseof a block copyingtask. In addition,neurophysiologicaéxperiments
by [Miller etal., 1991 indicatethatresponse# IT neurondn the monke areattenuatediccordingto whether
or notthe presentedtimulusmatchesa previouslymemorizedobject,yieldinglarge responseéresidualsuring
mismatchesand responsesuppressiorfsmall residuals)during matches. Indeed,the theoreticalframewvork of
Crick andKoch(see for example [Koch,1996) proposeshatvisualavarenessnay becorrelatedvith responses
in highervisualcorticalareassuchasV4 andIT, but probablynotlowerlevel areassuchasV1. Thissupportour
argumentthathigh residualdn lowerlevel areasgspeciallywhenin imageregionsnotrelatedto thetaskathand,

neednotalwaysimply awarenes®f the correspondinghangessin McConkie's experiments.
9.2 lllusory Contours, Amodal Completions,Visual Imagery, and Bi-Stable Percepts

We have shawvn thatthe ability of adjacenimodulesto contrituteto the outputof a neighbor(via feedbackirom
thenext level) endavs themodelwith importantpropertiesuchastheability to form completionsn thepresence
of occlusiongfor example,seeFigure3). The samepropertyalsoallows alternatanterpretation®f phenomena
suchassubjective/illusorcontoursandamodalcompletiongKanizsa,1994. For example,[Grosofetal., 1997
and[von der Heydt et al., 1984 reportthe existenceof neuronsrespondingo illusory contoursin V1 andV2
respectiely. The presentmodelsuggestshattheseresponsesnay be the resultof expectation-basetbp-dovn
feedbackasillustratedby Figure3 (C). In thisregard, the existenceof overlapbetweenadjacenteceptve ®elds
considerabhjhelpsin providing moreaccuratecompletionsascomparedo non-overlappingreceptve ®elds.The
feedbackpathwaysn themodelalsoprovide a convenientsubstratdor realizingvisualimageryasillustratedby
thetop-davn reconstructedmagesn Figure3. IndeedrecentPET studieshave shavn thatimagerysharesome
of the sameneuralsubstrateasperceptiorandcanactivateeventhelowestvisualareagKosslynetal., 1995.
Equation34 allows the effects of intrinsic neuronahoiseto be modeledvia the additive noiseterm™— . By
assumingprobabilitydistributionfor thistermandsamplingrom thisdistributionin Equatio 34, thecomputation
of the recognitionstateestimatescan be madestochastic. An alternatebut equally plausiblemethodto make
the modelstochastids to directly samplethe currentrecognitionstatefrom a Gaussiardistribution with mean
~andcovariance . Eitherof thesesettingscould concevably allow modelingof bistableperceptsand Gestalt
inversionssuchasRubin's vaseor Neder's cube Suchphenomenaouldbe attributedto a lack of corvergence
at the highestlevel to a stableobjecthypothesisiueto large noisevariancesn the top-dovn componenbf the
architecture.The stochastimatureof the modelwould in turn allow periodictransitionsbetweentwo alternate
interpretation®f the samevisualimage(local minimain recognitiorstatespace).Evaluatingtheef®cay of these

ideasremainghe subjectof ongoingsimulations.
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9.3 Comparisonwith RelatedWork on Cortical Modeling

Therehasbeenconsiderablavork in recentyearson determiningthe computationahatureof the cortex andthe
brain[Churchlandand Sejnavski, 1994. This work includesmodelsrangingfrom feedforwardnetworkssuch
asthe hierarchicaPperceptuahetwork®of [Linsker, 1989 andthe2HBF° networksof Poggioandcollaborators
[Poggio1990;Poggioetal., 1992 to bi-directionaPF o w°/control-basednodelssuchasUliman'sCounterstreams
model[Ullman, 1994, Deacons@countercurrentdiffusion°model[Deacon1989 andVanEsseretal.'sDynamic
RoutingCircuit model [Van Essenet al., 1994. While an exhaustve suney is beyond the scopeof this paper
we brie'y outline belav comparison®f the presentmodelwith someclosely relatedmodelsthat employboth
feedforwardaswell asfeedbackconnectiongor perceptiorandlearning.

Perhapghe earliestuse of feedbackmechanismasintegral component®f perceptioncanbe foundin the
classic paperby [Pitts and McCulloch, 1947 in which a negative feedbackmodel of oculomotorcontrol is
proposed.Anotherearly modelin which feedbackplaysa centralrole is thatof [MacKay, 1956 who describes
an automatorthat generategimitative® internalresponseso adaptvely matchincomingsignals. The present
model can be regardedas a concretestochasticsolutionto the 2epistemologicalproblem®that is the subject
of MacKay's work. Feedbackalso playsan importantrole in several more recenttheoriessuchas Carpenter
and Grossbey's adaptve resonanceheory[Carpenterand Grossbey, 1987, Edelmans 2re-entrant®signaling
theory[Edelman,197¢, Fukushimas extendedNeocognitrormodel[Fukushima198d, Harthetal.'s 2Alopex°®
optimizationmodel[Harthetal., 1987, Mumford's modelof the cortex [Mumford, 1994 basedon Grenandes
PatternTheory[Grenanderl976-81, andRolls' theoriesonthehippocampusandcorticalbackprojection§Rolls,
1989, all of which utilize feedbackconnectiongo instantiateforward models[Jordanand Rumelhart,1994 of
theinputdatabut differ in theway top-davn feedbacks comparedandintegratedwith bottom-upinput. Of these,
Mumford's modelis closestin spirit to the ideaspresentedn this paper However, iterative relaxationschemes
suchasthoseproposedy Mumford and othershave beenpreviously dismissecas modelsof perceptiordueto
the large numberof iterationsthat may be requiredto assureconvergence,a fact that contradictsthe rapidity
of recognitionof static stimuli in humansand primates[Thorpe and Imbert, 1989; Oram and Perrett,1992;
Toveeetal., 1993. Themodelproposedn this paperavoidsthepitfalls of steepestiescentelaxationalgorithms
by employingpredictionweights andapproximaténversemodelgasgivenby ) in thefeedforwardpbathway
thatallow rapid (thoughperhapsrudeandnotalwayscorrect)one-shoestimate®f staticstimuli thatarefurther
re®nedy the stateestimatioralgorithmif necessary

Inversemodelsalso play a crucialrole in the forward/inverseopticsmodelof [Kawato et al., 1993 andin
the Helmholtzmachine[Dayanet al., 1995;Hinton et al., 1995, both of which shareconsiderableimilarities

with themodelproposedn this paperandbothof which inspiredmary of thechoicesmadein the presenmodel.
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The Kawato et al. model minimizesthe sum of the reconstructiorerror and a regularizerterm incorporating
a priori knowledgeaboutthe visual world suchas smoothnessf representationsThis is similar to the MDL
optimizationfunction that we use, but without the stochastigperspectie. The Helmholtz machine[Dayanet
al., 1999 is a hierarchicalnetworkthatbuilds a stochastigeneratie modelby usingan inverse(3recognition®)
modelto approximatethe true posteriordistribution of the input data. For modifying the feedback(generatie)
andfeedforward(recognition)weightsof a given stochastidHelmholtzmachine,[Hinton et al., 19959 propose
an elegantlearningmethodknown asthe @Wake-Sleep®algorithm,which is derived usingthe MDL principle.
While thederivationof thealgorithmnecessitatesomeapproximationgndsimpli®cationsyhichmaysometimes
preventit from corvergingto the correctposterioristribution, experimentaresultsusingthealgorithmhave been
positive [Hinton et al., 1995. In this regard, the non-linearform of the model presentedn this paperalso
usesan approximation,namely a ®rst-orderTaylor seriesapproximationto the non-linearactivation function
. A possibleweaknesof the Helmholtzmachine as statedoy [Dayanet al., 1994, is thatrecognitionin the
hierarchicainetworkis a purely bottom-upfeedforwardprocessthe generatie weightsare super uousandplay
norole in mediatingperception.In addition,thereareno lateralinteractiondetweerunitsata givenlevel.” The
modelpresentedn this paperallowsfor relatively complex dynamicinteractiondo occurbetweerntop-dovn and
bottom-upsignalsin additionto somelateralinteractionsasgiven by Equation33 amongthe unitsat eachlevel.
Suchtop-davn/bottan-upinteractionshave beenshavn to occurin awide variety of visualtasksin humangsee
[Churchlandet al., 1994 for a review). Anotherissuenot directly addressedy mary of the modelsabove is
thatof modelingthe dynamicnatureof visionandtherole of predictionin visual processingsee[Softky, 1996
for someagumentsegardingthe necessityof predictionduringperception). The modelpresentedhereinonthe
otherhandis essentiallya hierarchicapredictor/estimatahatcontinuallyre®nests recognitionestimatesateach

level, allowing the visualsystemto anticipateincomingstimuli.
9.4 Comparisonwith RelatedWork on Kalman Filters

Duringthe pastdecadeKalman®ltershave beenusedin computewisionandroboticsfor tacklingawide variety
of problemsrangingfrom motion estimationto contourtracking [Hallam, 1983; Broida and Chellappa,1986;
Ayacheand Faugeras 1986; Matthieset al., 1989;Blake and Yuille, 1992; Dickmannsand Mysliwetz, 1992;
Pentland,1992. Much of this work crucially hingeson the ability to formulate accuratedynamic/physical
modelsof the objectpropertiesbeingestimated.The formulationof suchhand-codeanodelshowever becomes
increasinglydif®cultin morecomplex dynamicervironments.A crucialdifferencebetweernthepresengpproach
andthe approactpredominanin muchof the Kalman®lterliteratureis thatratherthanbeingconcernedolely

with the estimationof statefor a prede®nednodel, we suggesthat Kalman ®lterbasedestimationalgorithms

"However, see[DayanandHinton, 1996] for severalinterestingvariantsof the Helmholtzmachinghataddressomeof theseissues.
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may alsobe usedfor simultaneouslyearningthefeedforwardfeedback andpredictionmodels(®measurement®
and @system® modelsin Kalman ®Ilterterminology)as given by their respectie weight matrices. It remains
to be seenwhethertheselearnedmodelsperform favorably in environmentswhere hand-codednodelshave
provedto be unsatisfactory Anotherimportantdifferenceis the useof a hierarchicaform of the Kalman®lter
Our formulationin this regardis in mary ways similar to the recentproposalsof [Chouet al., 1994a;1994b;
Luettgenand Willsky, 1995 who describean optimal estimationalgorithmfor a classof multiscaledynamic
models. Thesedynamicmodelsare similar in spirit to the one we describedin Section3 albeit without the
temporalpredictionstep. In particulay Chou et al. exploit the analogybetweentime and scale,and de®ne

scale-ecursivelineardynamicmodelsevolving on dyadictrees:

1 (47)

(48)

where denoteghecurrentscaleonthedyadictree(highestvaluesdenoteheleaves),andw andv arezero-mean
white noiseprocessesThis formulationleadsto an elegantestimatioralgorithmrecursve in scale consistingof
anupwardsweepin which informationin a subtreds fusedin a ®ne-to-coarstashion,followedby a dovnward
sweepin which informationis spreadbackthroughthe tree. For the simple linear casewithout the temporal
predictionstep,theiterative algorithmpresentedh this papercanbe seento convergeto approximatelythe same
solutionasthatfoundby the upward/devnwardsweepalgorithmproposedy Chouetal..®

Theequationsisedby Chouetal. abore canbeseerto becloselyrelatedto thefollowing two equationgwhen

de®nean a dyadictree)thatformedpartof themoregeneraktochastienodeldescribedn Section3:

(49)

(50)

wherewe may use 1 1 if happengo beinformationfrom the next higherlevel
and is the part of the higherlevel weight matrix  that generatesnputsfor the given lower level module
(in Figure2, for example,thematrix  for the ®rstlevel modulecorrespondso the top one-fourthrows of the
secondevel matrix asdepictedn the®gure).The correspondencletweerthevarioustermsin thetwo setsof
equationg47 and49, 48 and50)is quitestriking. However, a few importantdifferencesarealsoevident. While
thelinear dynamicsystemmodelin Chouet al.'s framework is usedonly to relatetransitionsfrom onescaleto
the next, the modelusedin this papercanbe seento berecursve in bothscaleandtime. The recursionin scale

is however implicit sinceinformationfrom anotherscaleis handledn a modularfashionsimply asinputfrom a

8We thankPeterDayanfor pointingoutthis equivalence.
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separatsource(asin Equationsl0and49). Thecorrespondingstimatioralgorithmis thusrecursve in timeasin
thestandardalman®lterandallows for predictionin thetemporaldomainateachhierarchicalevel. As stressed
previously, the ability to predictis crucial for perceptiorandaction. Beingstrictly recursve in scale,the Chou
etal. algorithmrequireghatcovariancematrix informationbe propagatedcrosshierarchicalevels. In contrast,
the model presentechere maintainscovarianceinformationlocally at eachlevel. In a biological setting,the
computatiorof covarianceinformationmaybea limiting stepandis perhapdestkeptlocal. A furtheradvantage
of ourformulationis thatit lendsitself naturallyto arbitraryvarietiesof modularizatiorby allowing estimate®f
a given statevariablefrom disparatesourcedo beintegratedaccordingto their signal-to-noiseatios(this paper
illustratesthe exampleof top-dovn andbottom-upsources).A directconsequencef sucha formulationis that
onecanmodelarbitraryconnectionamongdifferent(but related)corticalareaswvhich do notnecessariljhaveto
be relatedin a strictly multiscale,hierarchical fashionasrequiredby the framavork of Chouetal. A ®nalbut
importantdifference,asmentionedn the previous paragraphis the prominentrole accordedo learningin our

approacha subjectnotaddressetty Chouetal.
9.5 Comparisonwith RelatedWork on Learning and Parameter Estimation

The subjectof learningsynapticweightsthatresemblereceptive ®eldweightingpro®lesn thevisual cortex has
receved considerablattentionwithin the neuralmodelingcommunity Early work shovedthatreceptie ®elds
resemblinghoseof simplecellsin thestriatecortex couldbelearnedrom naturaimagesusingalgorithmsanging
from competitize learning[Barraw, 1987 to principalcomponenganalysidHancocketal., 1993. However, these
fell shortof providing a completecharacterizatiomueto limitationssuchasproclivity towardsproducingglobal
and/ororthogonalreceptve ®elds. More recently algorithmsthat producebettercharacterizationsf cortical
receptve ®eldshave beenproposedindependenthby [Olshauserand Field, 1996 and [Harpur and Pragey
1994 (seealso[Bell andSejnavski, 1996), building on previouswork by [Daugman 198§ and[Pece,1994.
As alludedto in Section2, thesealgorithmscan be seento be specialcasesof the learningrule expressedn
Equation40. In particulay the 2sparsenessfunction of [OlshauserandField, 1996 correspondso the MDL
model prior term in Equation27. Using differentencodingdistributionsgivesrise to differentdegrees
of sparsenesandlocalizationin the internalrepresentationsFor example,[Olshauserand Field, 1996 shav
how a variety of non-linearsparsenesfunctionscan be usedto generatdocalizedreceptve ®elds. In our
case,the Gaussiandistribution assumedvhen evaluating leadsto a linear actiity penaltythat favors
distributedcodes;localizationin our modelis provided by the alreadyexisting corticaltopologyof hierarchical,
overlappingreceptve ®elds,whosesize at eachlevel is predeterminedy the local dendritic®eld. Sincethe

learningalgorithmsof [HarpurandPragey 1994 and[OlshauserandField, 1994 arebasedn gradientdescent

9However, [Baddeley1996] presentsomeargumentsagainstsparsenessaximization.
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(asdescribedn Section?), they requirethe speci®catiomf a scheduldor adaptingthe learningrate parameter
whereaghisadaptatiomccursnaturallyin Equatior40dueto thegraduakeductiorin thenoisecovarianceasmore
inputsbecomeavailable. More importantly thelearningrule expressedy Equatior40 aswell asthoseproposed
for theotherweightsin themodeltakeinto accounnotonly bottom-ugnformationbut alsotop-davn expectations
duringweightmodi®cation.This allows for the possibilityof developingtop-dovn guidedtask-elevantinternal
representation¥’

The learningmethodpresentedn this paperis closely relatedto mean®eld methodsfor Bayesianbelief
networks[Saulet al., 1996;Jaakkolaet al., 1996 which usemean®eldequationgor computinglower bounds
on the log-likelihoodbasedcost function. The network parametergthe weightsand biases)are subsequently
learnedby performinggradientascenton the mean®eldderived boundfor the log-likelihood. In comparison,
the learningschemepresentedn this papercan be regardedessentiallyas employingan on-line form of the
Expectation-MaximizatiofEM) algorithm[Dempsteret al., 1977 in which the M-step performsmaximuma
posterioriMAP) estimatiorratherthanmaximumlikelihood(ML) estimation.NotethatML estimatioris simply
a specialcaseof MAP estimationin which thereis no prior information(this correspondso the casewhereno
predictionsare computedrom prior dataas,for example,in Section2). In particular the on-line MAP form of

the EM algorithmis invokedin threedifferentwaysin the presenframawork:

Estimationof the stater: In this case the@hidden® variables(or 2missing® data)consistof the weights

and whilewetreatthestatevector astheparametetobeestimated.Thus,theE-stepnvolvescomputing
the Gaussiardistributionsgivenby — and — . The M-stepthenusesthesedistributionsfrom the
E-stepto compute and , therebymaximizingthe posteriorprobability of the parametewnector (by
minimizingthe MDL-basedcostfunctionof Section4). Note however thatin the casewheretheactivation
function is non-linearthe maximizationin the M-stepis notexactdueto the Taylor seriesapproximation

to usedin thevariousupdateequationgthe sameappliesto the otherM-stepsbelow).

Estimationof the geneative weightsu: Here, the hiddenvariablesconsistof the statevector andthe
weights , while theparameteto beestimateds . The E-stepthusinvolvescomputingthedistributions
givenby ~ (or whenfeasible, - seebelowv) and —  which allow the calculation

of and intheM-stepasdiscussedn Section6.

Estimationof predictionweightsv: In this case,the hiddenvariablescomprisethe statevector andthe

weights , andtheparameteto beestimateds thestatetransitionmatrix . Since implementsaMarkov

10A hierarchicallearningmethodfor vectorquantizationin the presencef noiseis presentedn [Luttrell, 1994. This methodallows
single-causenodelswhereashe presenmodelcanencodamultiple-causenodels[DayanandZemel,1995;Saund,1995] (seealso|Luttrell,

19985).
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chainrelatingthe states in time (seeEquation12), the E-stepin this casebecomesnorecomplicatedhan
in thetwo casesabore sincethe optimalestimateof the state is nolongercausalbut dependgemporally
onfutureaswell aspastandcurrentdatavalues. In the caseof hiddenMarkov models(HMMs) [Rabiner
andJuang,1984 (which areanalogouso Kalman®lterswith discretehiddenstates)thisimpassés solved
by usingthefamiliar forward-backwargrocedurawithin the context of the Baum-Welchalgorithm[Baum
etal., 1974 (the Baum-Welch algorithmis incidentallya specialcaseof the EM algorithm). In our case,

we may usea form of optimalsmoothingBrysonandHo, 19759 which, when given the batchinput data

for time 1 , optimally assimilategast,current,andfuture datainto temporally-smoothedtate
estimates (with covariance ) for eachof thetimeinstants 1 . This, alongwith the
computatiorof — , compriseghe E-step. The M-steptheninvolvescomputing and  asdescribed
in the appendix.

It is worth notingthatit maybe desirableén mary casego implementthe variousk- andM-stepsaborve for each
setof parameterin anasynchronoumannetratherthanin strictalternation.For example,thecortex maychoose
to updateits estimatedor the state  muchmorefrequentlythanthosefor and in orderto actin real-time.
Theupdatedor and couldthenbe carriedouteitheron-linebut ata slower ratethan , or alternatelywhen
theorganismis in arestphase.The latter suggestions especiallyattractive in the caseof learning  giventhat
the batchprocessingf datarequiredby the optimal smoothingstepsuggeste@bore may not be appropriaten
mary circumstancethatdemandeal-timeresponsefom the organism.In suchcasesjt mightbe bene®ciafor
theorganismto actbasednits currenton-linestateestimatesvhile simultaneouslgtoringbehaiorally relevant
input sequencefh memoryasbatchdata. Suchstoreddatamay thenbe replayedout at a later time whenthe
organismis in a more quiescenphasein orderto learn or ®ne-tunehe predictionweights . This suggesta

possiblecomputationafole for dreamsleepin facilitatinglearningandmemory
9.6 Summary and Conclusion

Visionis fundamentallya dynamicprocess Any putative modelof thevisualcortex mustthereforeacknavliedge
thisfact andallow the modelingof dynamicprocessesThis papersuggestshatthe hierarchicalstructureof the
visualcortex is well-suitedto implementa multiscaleestimationalgorithmthatcanbe regardedasa hierarchical
form of theextendedKalman®Ilte{Maybeck,1979. At eachhierarchicalevel, thealgorithmrecursiely estimates
the currentrecognitionstateby combining2Zmeasurementinformationfrom top-dovn and bottom-upcortical
moduleswith the predictionthat was madeby usinga 2system®model. The 2system®matrix (the prediction
weights)aswell asthe®measurementtatrices(feedforwardandfeedbackweights)canbe learnedfrom visual
experiencesn adynamicervironment. Thus,theadaptve processem thecortex aremodelecattwo differenttime

scales:afastdynamicstateestimationprocesghatallows the visual systemto anticipateincomingstimuli anda
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slower Hebbiansynapticweightchangemechanism.Both theseprocessesre characterizedy their respectre
meanandcovarianceestimatesvhich arecontinuallyupdated.

Someof the salientfeaturesof the modelas a recognitionsystemwereillustratedby trainingit on a small
numberof man-madebjectsandtestingrecognitionperformance.The modelwasshownn to be robustto partial
occlusionsand confusingstimuli. An ongoingeffort involves a more quantitatve evaluationof the model's
recognitionperformancausingrealisticobjectsin naturalscenesandthevalidationof the modelin thedomainof
humarvisualsearch Preliminaryresultsalongthesetwo directionshave beenpromising RaoandBallard,1995a;
Raoetal., 199d. Whentrainedon naturalimagesthe modeldevelopedfeedforwardreceptie ®eldsjualitatively
resemblinghosefoundat the early hierarchicallevels of the primatevisual cortex. Currentsimulationsinvolve
applyingthe learningalgorithmsto successiely higherlevels of the networkand comparingthe receptie ®eld
propertieghatdevelop to thosefoundat highercortical levels suchasIT. The hierarchicalmodelalso provides
a computationaplatformfor understanding numberof neurophysiological/psychbagsicalphenomenauchas
illusory contours,amodalcompletions,visual imagery bistablepercepts,end-stoppingand other effects that
occurdueto stimulifrom beyondtheclassicareceptie ®eld.In particular we providedsimulationsof themodel
suggestinghatsomeof therecentresultsof [Gallantetal., 1994;1995;Gallant,1996] regardingneuralresponse
suppressioduringfreeviewing of naturalscenesnay be interpretedasoccurringdueto predictionsrom higher
levels of the cortex. While the presentframawvork illustrateshow informationfrom two differentsourcesone
top-davn andthe otherbottom-upmay beintegratedin a givencorticalarea,it is nothardto envision extensions
of themodelwheremorethantwo areadeedinto asingleareaasis evidentin thevisualcortex [FellemanandVan
Essen,1991. Thiswouldentailtherelatively straightforwardexerciseof addingadditionalerror/modekermsto
theoptimizatiorequation®6 and27to accounfor inputsfrom theadditionalareasdeforederving theestimation
algorithms.

A reassurindeatureof themodelis thatit doesnotexplicitly dependntheinputsignalsbeingvisual. Thus,
giventhatthe neocort& is organizedalongsimilar laminarinput-outputprinciplesregardlesf cortical areaor
inputmodality [Creutzfeldt, 1977, it is reasonabléo assumehatthe generaframevork proposedereinmay be
uniformly applicableto othercorticalareassuchasthe parietal,auditory or motorcortex aswell.'* We expectthe

resultsobtainedusingthe currentmodelto play a crucialrole in guidingour futurecorticalmodelingefforts.

11we have recentlyshavn in [RaoandBallard, 1996 how the modelpresentedn this papercanbe extendedo handletransformations
in theimageplane. The resultingestimationschemeparallelsthe functional dichotomybetweenthe dorsal(occipitoparietal)andventral
(occipitotemporalpathwaysn the primatevisual cortex[FellemanandVanEssen1991]. Supportfor the possibility of modelingthe motor
cortexusingKalman®lterlike mechanismsomesfrom thework of [Wolpertetal., 1995 who providestrongpsychophgicalevidencefor

theexistencef suchmechanism# the contextof sensorimotomtegration.
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Appendix
Learningthe PredictionWeights

While the simulationsin the paperusedstaticstimuli andthereforedid not makeuseof the predictionstep,it is
almostcertainthatsuchpredictionsplay animportantrole in the processingf time-varyingstimuli. Therefore,
we suggesin this appendixa possibldearningprocedurdor modifyingthe synapticweights  of the (possibly
nonlinear)predictionunits during exposureto time-varying stimuli. The derivationis similar to that for the

feedbackweights . Giventhecurrentvectorof responses attime , de®ndhe 2matrix tobe:
(51)

Noticethatthe predictionstepcanbestatedas:

B (52)

Differentiatinghe costfunction with respectothevectorof predictionweights andsettingtheresultto zero,

we obtain(usingEquation52 for ~ 1):
— 1 1 - 1 - 0 (53)

whichyieldstheupdaterule (for time ):

- — ! 1 - - - (54)
or moresimply:

- — 1 | - (55)
where™ 1 - and™ 1 - — . Thecorrespondingovariancematrix is
updatechttime asfollows:

1 - 1_ 1 (56)
where isthe 2 2 identity matrix. The partialderivativesare evaluatedat ~ . Notethatin order

to obtaina closed-formexpressionfor updating and , we onceagainapplieda ®rst-ordefTaylor series

approximatiorto aroundthecurrentestimate~ . Thecovariancematrix getsupdatedaccordingo:
1 S (57)
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By appealingo aversionof theEM algorithm(seeSectior9.5),we mayuse 1 1 inEquationb5
above, where 1 is the optimal temporallysmoothedstateestimate[Bryson and Ho, 1975 for time
1¢( ), giveninput datafor eachof the time instantsl (seediscussiorin Section9.5). In certain
circumstancesit might be possibleto usethe on-line estimate 1 in placeof its computationallymore
expensve smoothedcounterpart 1 , thoughsuchan approximatiorhasbeenknown to yield negative
resultsin otherrelatednetworkarchitecturegPeterDayan,personatommunication].Simulationsare currently
underwayto evaluatethe effectivenessof the above learningrule andtherole of temporallysmoothinghe state
estimates.
Intuitively, Equation55 may be regardedas a form of quasi-Hebbiaradaptatiorinvolving the presynaptic
actvity — (which is simply the response at time for linear neurons)and the postsynapticactiity
1 - 1 which indicatesthe error in prediction. Note that computingthe differencein the
predictionerrortermrequiresthe presenceof someform of inhibitory interneurons.nhibitory interneuronsare
alsorequiredby someof the otherestimationalgorithmsderived in this paper Interestingly a wide variety of

suchinterneuron$have beendiscoveredin the primatevisualcortex [Jones1981].
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