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Abstract

We describea generalframenork for modelingtransformationgn the imageplane
using a stochasticgeneratre model. Algorithms that resemblethe well-knovn
Kalman®lterarederivedfrom theMDL principlefor estimatingooththe generatre
weights and the currenttransformationstate. The generatre model is assumed
to be implementedn cortical feedbackpathwayswhile the feedforwardpathways
implementanapproximataénversemodelto facilitatethe estimatiorof currentstate.
Using the above framework, we derive modelsfor invariant recognition, motion
estimationandstereopsisandpresenpreliminarysimulationresultsdemonstrating
recognitionof objectsin the presencef translationstotationsandscalechanges.

1 INTRODUCTION

A centralproblemfor the visual systemis thatof recognizingobjectsirrespectve of transformations
suchastranslationsrotations,andscalechanges.Neurophysiologial studiesduringthe pastseveral
decade$ave providedsomeimportantcluesregardingthenatureof neuralmechanismsinderlyingthis
invarianceto transformations Hubeland Wiesel[6] reportedthe existenceof 2complex® cellsin the
primaryvisual cortex whoseresponsesemainednvariantto the locationof stimuliin their receptie
®eld.Neurongnvariantto positionor sizeover receptve ®eldsof severaldegreesof visualanglehave
alsobeenreportedin highervisualareassuchasIT in the occipitotempora(ventral)pathway[4]. On
the otherhand,neuronsn the dorsalstreamappeaitto be codingfor varioustypesof transformations.
Forexample cellsin theareaMSTdhave beenshavn torespondo transformationsuchastranslations,
rotations,and expansions/contractiorf®]. Thus, the neurobiologicaldatastronglysuggesthat the
visualsystemfactorsretinal stimuliinto object-centerefeaturesandtheirrelative transformations.

We have previously introduceda dynamicKalman®Iterbasedmodelof visualrecognition[10]. The
centralideabehindthismodelis thatthevisualcortex canberegardedasa networkthatgainsenormous
ef®caciedy hierarchicallyencodingimagefeaturesand dynamicallypredictinginput stimuli. This
modelwashowever susceptibléo imageplanetransformationsf previously encodedeatures.In this
paper we shav thatthe modelcanbe extendedby including a ®rst-ordeicomponenthat represents
transformationf input featuresin additionto the zerothorder componenthat representbject-
centeredfeatures. This parallelsthe functionaldichotomyexhibited by the dorsal(occipitoparietal)
and the ventral (occipitotemporalpathwaysof the primatevisual cortex [3]. The extendedmodel,
describedn Section3, employstwo separatdut cooperatinghierarchical)networksfor representing
thezerothand®rstordertermsof anobjectmodel. Togetherthesenetworksachieve recognitionin the
presenceof objecttransformations.One network estimatesobjectidentity while the otherestimates
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the relative transformatiorinducedby a new image. The model exploits the existenceof reciprocal
connectiondetweenadjoiningcortical areag[3] by instantiatingapproximatenverseand generatie
modelsin the feedforwardand feedbackconnectiongespectrely for dynamicestimationof current
state.

Themodelalsosuggestselatively straightforwaracheuraimechanismgor motiondetectiorandstereop-
sis,whichwebrie'y explorein Sectior4. We describepreliminaryexperimentakesultsdiemonstrating
the model's recognitionperformancen the presenceof translationsyotationsandscalechanges.In
addition thereceptve ®elddevelopedby themodelwhenexposedo translatingnaturalimagepatches
qualitatively resemblehereceptive ®eldsof simplecellsin V1. This suggestshatsomeof thesecells,
especiallythoseproviding inputto areasspecializedor motionsuchasMT, maybe codingfor image
transformationsuchastranslationsatherthanexclusively codingfor raw imagefeaturesuchasedges
or bars.Thus,theobsenredinvariantresponsef acomple cell maybea straightforwardconsequence
of theability of thesetransformatiorencodingcellsto accounfor theinducedimagevariations.

2 THE APPROACH

The key ideabehindthe variousmodelsdiscussedn this paperis thatfor mostsmalltransformations,
onecanapproximate transformedmagepatch (viewedasan 1 vector)by applyinga Taylor
seriesapproximatiorarounda referencémagepatch ¢ :

0

0 (1)

The secondermin theabore sumis simply the productof the imageJacobiarnwith the 1
vector o , whichdescribesherelative transformatiorthattheimagehasundegone.We assume,
for simplicity, that ¢ anduseD to denotethe difference . We canthenmodelthe
abore equatiorusingthefollowing stochastianodel(cf. [10Q]):

D 2)

where s a setof generatie weightsapproximatinghe Jacobianand  is a zero-meanGaussian
noise processwith covarianceS . For deriving the learningrules, it is convenientto view the
matrix asan 1 vector 12 where denoteshe throw of . The
weights are modeledby the dynamicsystem 1 where  hasmean—
andcovarianceS . Thebehaior of thetransformatiorstate is modeledasthe dynamicsystem
1 where isa(possiblynonlinear)vectorvaluedactivationfunction,
is a setof @prediction® weightsrepresentinghe statetransitionmatrix, and is a Gaussiamoise
processvithmean—  andcovarianceS . Giventhisstochastienodel,thegoalof a corticalmodule
processinga local image patchis to estimate,as bestas possible,the generatie weights andthe
currenttransformatiorstate .

0

We useanoptimizationcriterionbasedon the Minimum DescriptionLength(MDL) principle[13] for
optimally estimatinghemodelparameters and . Assumethatwe have alreadycomputedestimates
—and— basednprior datawith covariances - - and - - .
Givendata andmodelparameters ,theMDL principleadwocatesninimizingthe costfunction:

D s'D - oo
-7 ®3)
The abore equationwhich canberegardedasa form of weightedeastsquarestesultsfrom applying
Shannors optimalcodingtheoemandusingmultivariateGaussiangor codingthevariouserrorterms
(cf. [13]). In particularthe®rsttermrepresentthedatamodelingerror, thesecondandthird represent

errorsin the estimationof the stateandthe weights,andthe lasttwo termsareMDL modeltermsthat
actasregularizersandpenalizedataover®tting.

!For the sakeof brevity, we omit the estimationof the predictionweights  in this expositionbut interested
readersarereferredto [10]. 5



canbe minimizedin two ways: (a) by adaptingthe estimatefor weights , and(b) by adaptinghe

estimatefor state . In orderto ensurestability, we adaptthe weights at a muchslower ratethan

the processestimatingcurrentstate . We ®rstderive the learningrule for modifying . Noticethat
D D where isthe matrix givenby:

(4)

Differentiating with respecto andsettingtheresultto 0, we obtain,aftersomealgebraicmanipu-
lation, the following updaterule for the meanof the optimalstochastiaveightvectorattime (using

):
- ~slp - - (5)
where™ 1 1 and isthematrixobtainedoy replacing with —in thede®nition
of abore. Thecovariancematrix  is updatedaccordingto:

1 - S 1 - 1 (6)
where 1 S 1.

In a similar manner we canderive the updaterulesfor the mean andcovariance of the optimal
transformatiorstate for agivensetof synapticweights attime :

- S'D - - )

1 S 1 1 (8)

where™ 1 1 - 1 and — 1 — S 1 with
the partial derivative beingevaluatedat 1. Thepartialderivativesarisefrom a ®rst-order

Taylor seriesapproximatiorio theactivationfunction . Theabove setof equationcanberegardedas
implementinga form of theextendedKalman®Iter[7].

Onelastissuethatneedgo beaddresseds how thematrix ~ requiredoy Equation? is implemented
in themodel. If we assumeahatthefeedbackweightsimplementthe generatre modelasgivenby
arelatively easysolutionis to usea feedforwardmatrix ~ to approximate . We shaw in [10] that

alearningrulefor  similarto Equation5 leadsto asymptoticallyevenwheninitialized to
arbitraryrandomvalues. The bottomunshadegbortionof Figure1 summarizeghe basicarchitecture
of atransformatiorestimatingnodule.

3 INVARIANT RECOGNITION

The previous sectionsketcheda methodfor estimatingthe transformatiorstate  with referenceto a
priorimage . We have previouslyshavn [10] thatthe priorimage ¢ canitself beencoded
in aseparat@metworkwith its own setof feedforwardandfeedbackveights? Thisinvolvesastochastic
imagingmodelof theform:

0 0 9)
where ¢ is asetof generatie weightsand is aninternalstatevectorcodingobjectidentity, and
is azero-mearGaussiamoiseprocesdgor the2bottom-up®inputwith covarianceS . Thisgeneratie
modelleadsto estimationalgorithmsfor o and similarto thosederivedfor and intheprevious
section:

0 o o Sto o 00 (10)

- oSt o o - (11)

2A relatedencodingechniquédor this purposes the?elmholtzmachine[l].
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Figurel: Architecture of the model. Theshadedportionis partof the hierarchicalarchitecturentroducedin
[10] for estimatingthe zerothordercomponenbf theinput. The bottomunshadegortion of the®gureshavsthe
extensionto thearchitecturghatcaptureghe®rstordertransformationén theinput.

In theabore, 0 1 — 9 1 and™ 0 1 1 - 1. Thestate
covariancematrices gand areupdatedn amannessimilartothatfor and respectiely. Once
again thefeedforwardpathwayis assumedo implementthematrix , necessaryor estimating i.e.

~ pisapproximately ,. Thematrix is de®nedn amannersimilarto  in theprevioussection.

In summarythe modelfor invariantrecognitionconsistf two cooperatinghetworks(Figure 1), one
thatestimate®bjectidentity asgivenby thereferencémage o andanothetthatestimatesherelative
transformation betweenthe currentimage andthe referenceimage o. An especiallyattractve
propertyof suchanarrangemernis thattheestimateof objectidentityremainsstablein the®rstnhetwork
asthe secondnetworkattemptsto accountfor ary transformation®einginducedin theimageplane,
appropriatelyconveying thetypeof transformatiorbeinginducedin its estimatefor . Suchaproperty
hasalsobeenthegoal of somepreviously proposednodelssuchas|5, 8, 9].

4 MOTION AND STEREO

4.1 Motion Estimation

Thereare two possibleways of obtainingD . First, asshown in the previous section,we may use
the referenceimage ¢ predictedby the objectidentity networkand computethe differenceD with

respecto this predictedreferencemage. This allows motionestimatiorrelative to currenttop-davn

prediction® An alternatestrateyy for bottom-upmotiondetectioris suggestetly recenneurobiological
studieg11] whichindicatethatparno-andmagnocellulamputsfrom theLGN mayconvergeindirectly
(vialayer4C and4C cells) ontoindividual pyramidalcellsin layer 4B of areaV1 of the primate
visualcortex. Layer4B cellsform the majorsourceof inputfrom V1 to theareaMT which hasbeen
implicatedin motionanalysis.Sincethemagnocellulapathwayis known to conductsignalsatamuch
fasteratethanthepanocellularpathway 3], panocellularsignals  impingingon4B pyramidalcells

will alwayslag behindtheir magnocellulacounterparts by someconstanbffset. Thus,we can

3Theweights and togethewith canberegardedasimplementingabankof separablspatiotempaal
®lters realizesthe spatialweighting functionsfor the inputs while the predictionweight matrix
togethemwith  determineshetemporalweightingfunction basedn the pasthistory of inputs. The estimatefor
the statex thuscorveystheresponsesf this bankof sp%iotempora@ltersat agiveninstantin time.



onceagainapproximatehe changesn thetwo correspondingignalsvia:
— (12)

De®ningD , We canapplythealgorithmsfrom Section2 for estimatingthe Jacobian(via
asetof weights ) andtherelative motionvector .

4.2 Stereopsis

Ratherthanmodelingtwotemporallydifferingchannels and fromthesameeyeasabove,wecan
modeltwo spatiallydifferingbinocularchannels and fromtheleft andtheright eye respectiely.
As before,we canthenapproximateone of thesechannelgsay ) usinga Taylor seriesexpansion
aroundtheother:

— (13)

De®ningD , we canapplythe algorithmsfrom Section2 for estimatingthe Jacobiarvia

a setof weights . In this case,the stateestimatefor represents distributedencodingof stereo
disparity(see for example,Figure2F).

5 EXPERIMENT AL RESULTS AND CONCLUSIONS

Figure 2 shavs somepreliminary experimentalresultsfor invariantrecognitionusinga small set of
man-madeobjects? The resultssuggesthat mary apparentlynon-linearresponse®f cells may in
fact be explainedby feedbackand cooperatiorwithin the larger context of networksthat the cell is
directly or indirectly connectedo. For example,theinvariantresponsef a 2complex® cell appears
highly non-lineamwhenviewedin isolation,but thisinvariancecanalsobe explainedby consideringhe
responsesf cellsin a companiometworkthataccountdor the ®rstorderterms. As the input shifts,
thezerothorderresponsef thecomple cell remainsunchangedbecauseéhedeviationcanbemodeled
by a ®rstordervariationasdepictedn theexamplein Figure2F. This explanationis furthersupported
by theemepgenceof simplecell-like receptive ®eldsn thenetworkwhenexposedo translatinghatural
imagepatchegFigure3).

The experimentsdescribedn this paperusedsingle-lesel networks. However, the modellendsitself
naturallyto a hierarchicalestimationscheme(see[10] for an example). In this moregeneralscheme,
expectationbasedtop-davn signalsare fed back from a higher level module operatingat a larger
spatialscale. Thesearedynamicallycombinedwith bottom-upsignalsto producereliableestimate of
recognitionrandtransformatiorstateateachhierarchicalevel. Top-davn feedbackbecomegspecially
desirabldan the presencef occlusionsandnoisy channelssinceit allows the modelto rely on higher
level estimatesvhenthebottom-ugnputbecomesoisy, andvice versa.Thehierarchicaktructurealso
counterghewell-known apertue problemin motionestimatiorby integratinginformationfrom larger
spatialextentsat higherlevels andfeedingbackthe estimatego lower levels. A naturalconsequence
of sucha schemeis a gradualincreasen receptve ®eldsizesas one ascendshe hierarchicalobject
identity/transfomationnetworksjn mary wayssimilarto theincreasen receptve ®eldsizesfoundin
successiely higherareadn theventral/dorsaVvisual pathwayg12].

An interestingpossibilityis to allow interactionsbetweencorrespondindevels of the two otherwise
parallelhierarchicalnetworks. This is especiallydesirablein light of the fact thatthe Taylor series
approximatioris generallynot valid for large transformationst the lowestlevel. By modelingthe

differencemotjustat thelowestlevel (asin this paper)but alsoat the higherlevels, the Taylor series
approximationgan onceagainbe usedto accountfor transformationat successiely larger scales.
Indeed thereexistsconsiderableross-talkandanatomicatonnectiondetweerthedorsalandventral
streamd3]. Investigatiorof suchmutually-interconnectebierarchicahetworksconstitutesan active

directionof futureresearch.

4Sincethesepreliminary simulationsusedstaticimages,we modeledthe predictionstepsimply asX
X 1 andlikewisefor r. 5
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Figure 2: Experimental Results. (A) shavs the objectsusedfor training a pair of single-level cooperating
networks.Theboxontheextremerightimageshavsthesizeof thereceptve ®eld.(B) shavsthe®\e feedforward

synapticweightvectors(asgiven by therows of ) for the zerothorder (objectidentity) network. (C) through
(E) shaw threeof thelearnedwveightvectors(enlagedherefor clarity) developedby thenetworkfor translation(5
pixelsin 8 directions),rotation(10 clockwise/counterclockwigeandexpansion/contractiofl0% scalechange)
respectrely. (F) through(H) shav somexamplesf typicalrecognitiorbehaior, whereaninputimageis factored
into anobjectidentity componenin network1 andthe relative transformatiorin network?2. Thetwo imagesat

theextremeright arethereconstructetbp-daovn predictions of and X respectiely.
6
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Figure3: Receptive®eldsfor translation from natural images.(A) shavsthenaturalimagesusedior training
a pair of single-level cooperatingnetworks. A givenimagepatchwastranslatedn 8 differentdirectionsby 1
pixel with respecto an original referencepatch. (B) shaws the receptve ®elds(synapticweightsasgiven by

) developedby the ®rst-ordertransformationestimatingnetwork. Theseresemblethe orientedwavelet-like
receptie ®eldpro®lesof simplecellsin V1 thathave beenpreviously modeledasGaborfunctionsor difference
of Gaussians.
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