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Abstract

We describea generalframework for modelingtransformationsin the imageplane
using a stochasticgenerative model. Algorithms that resemblethe well-known
Kalman®lterarederivedfrom theMDL principlefor estimatingboththegenerative
weightsand the current transformationstate. The generative model is assumed
to be implementedin cortical feedbackpathwayswhile the feedforwardpathways
implementanapproximateinversemodelto facilitatetheestimationof currentstate.
Using the above framework, we derive modelsfor invariant recognition,motion
estimation,andstereopsis,andpresentpreliminarysimulationresultsdemonstrating
recognitionof objectsin thepresenceof translations,rotationsandscalechanges.

1 INTR ODUCTION

A centralproblemfor thevisualsystemis thatof recognizingobjectsirrespective of transformations
suchastranslations,rotations,andscalechanges.Neurophysiologicalstudiesduringthepastseveral
decadeshaveprovidedsomeimportantcluesregardingthenatureof neuralmechanismsunderlyingthis
invarianceto transformations.HubelandWiesel[6] reportedtheexistenceof ªcomplexº cells in the
primaryvisualcortex whoseresponsesremainedinvariantto the locationof stimuli in their receptive
®eld.Neuronsinvariantto positionor sizeover receptive ®eldsof severaldegreesof visualanglehave
alsobeenreportedin highervisualareassuchasIT in theoccipitotemporal(ventral)pathway[4]. On
theotherhand,neuronsin thedorsalstreamappearto becodingfor varioustypesof transformations.
Forexample,cellsin theareaMSTdhavebeenshowntorespondtotransformationssuchastranslations,
rotations,andexpansions/contractions[2]. Thus, the neurobiologicaldatastronglysuggestthat the
visualsystemfactorsretinalstimuli into object-centeredfeaturesandtheir relative transformations.

We have previously introduceda dynamicKalman®lterbasedmodelof visualrecognition[10]. The
centralideabehindthismodelis thatthevisualcortex canberegardedasanetworkthatgainsenormous
ef®caciesby hierarchicallyencodingimagefeaturesanddynamicallypredictinginput stimuli. This
modelwashoweversusceptibleto imageplanetransformationsof previouslyencodedfeatures.In this
paper, we show that the modelcanbe extendedby includinga ®rst-ordercomponentthat represents
transformationsof input featuresin additionto the zerothorder componentthat representsobject-
centeredfeatures. This parallelsthe functionaldichotomyexhibited by the dorsal(occipitoparietal)
and the ventral (occipitotemporal)pathwaysof the primatevisual cortex [3]. The extendedmodel,
describedin Section3, employstwo separatebut cooperating(hierarchical)networksfor representing
thezerothand®rstordertermsof anobjectmodel.Together, thesenetworksachieve recognitionin the
presenceof objecttransformations.Onenetworkestimatesobjectidentity while the otherestimates
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the relative transformationinducedby a new image. The modelexploits the existenceof reciprocal
connectionsbetweenadjoiningcorticalareas[3] by instantiatingapproximateinverseandgenerative
modelsin the feedforwardandfeedbackconnectionsrespectively for dynamicestimationof current
state.

Themodelalsosuggestsrelativelystraightforwardneuralmechanismsfor motiondetectionandstereop-
sis,whichwebrie¯y explorein Section4. Wedescribepreliminaryexperimentalresultsdemonstrating
the model's recognitionperformancein the presenceof translations,rotationsandscalechanges.In
addition,thereceptive®eldsdevelopedby themodelwhenexposedtotranslatingnaturalimagepatches
qualitatively resemblethereceptive®eldsof simplecellsin V1. Thissuggeststhatsomeof thesecells,
especiallythoseproviding input to areasspecializedfor motionsuchasMT, maybecodingfor image
transformationssuchastranslationsratherthanexclusivelycodingfor raw imagefeaturessuchasedges
or bars.Thus,theobservedinvariantresponseof acomplex cell maybeastraightforwardconsequence
of theability of thesetransformationencodingcellsto accountfor theinducedimagevariations.

2 THE APPROACH

Thekey ideabehindthevariousmodelsdiscussedin thispaperis thatfor mostsmall transformations,
onecanapproximatea transformedimagepatch
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(viewedasan �	� 1 vector)by applyingaTaylor
seriesapproximationarounda referenceimagepatch
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The secondtermin theabove sumis simply theproductof the ����� imageJacobianwith the ��� 1
vector
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, whichdescribestherelativetransformationthattheimagehasundergone.Weassume,
for simplicity, that
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to denotethedifference
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. We canthenmodelthe
above equationusingthefollowingstochasticmodel(cf. [10]):
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is a setof generative weightsapproximatingthe Jacobianand
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is a zero-meanGaussian
noiseprocesswith covarianceS
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is a (possiblynonlinear)vector-valuedactivationfunction,
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is a setof ªpredictionºweightsrepresentingthestatetransitionmatrix, and
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is a Gaussiannoise
processwith mean
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andcovarianceS
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. Giventhisstochasticmodel,thegoalof acorticalmodule
processinga local imagepatchis to estimate,asbestaspossible,the generative weights - andthe
currenttransformationstate
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We useanoptimizationcriterionbasedon theMinimum DescriptionLength(MDL) principle[13] for
optimallyestimatingthemodelparameters- and
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GivendataL andmodelparametersM , theMDL principleadvocatesminimizingthecostfunction:
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Theabove equation,whichcanberegardedasa form of weightedleastsquares,resultsfrom applying
Shannon'soptimalcodingtheoremandusingmultivariateGaussiansfor codingthevariouserrorterms
(cf. [13]). In particular, the®rsttermrepresentsthedatamodelingerror, thesecondandthird represent
errorsin theestimationof thestateandtheweights,andthelasttwo termsareMDL modeltermsthat
actasregularizersandpenalizedataover®tting.

1For thesakeof brevity, we omit theestimationof thepredictionweights V in this expositionbut interested
readersarereferredto [10].
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canbeminimizedin two ways: (a) by adaptingtheestimatefor weights - , and(b) by adaptingthe
estimatefor state
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. In orderto ensurestability, we adaptthe weights - at a muchslower rate than
theprocessestimatingcurrentstate
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Differentiating
N

with respectto - andsettingtheresultto 0, we obtain,aftersomealgebraicmanipu-
lation, the following updaterule for themeanof theoptimalstochasticweightvectorat time
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In a similar manner, we canderive theupdaterulesfor the mean
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. Thepartialderivativesarisefrom a ®rst-order
Taylorseriesapproximationto theactivationfunction

=

. Theabovesetof equationscanberegardedas
implementinga form of theextendedKalman®lter[7].

Onelastissuethatneedsto beaddressedis how thematrix
! 6

requiredby Equation7 is implemented
in themodel. If we assumethatthefeedbackweightsimplementthegenerative modelasgivenby

!

,
a relatively easysolutionis to usea feedforwardmatrix � to approximate
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a learningrule for � similar to Equation5 leadsto �
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asymptotically, evenwheninitializedto
arbitraryrandomvalues.Thebottomunshadedportionof Figure1 summarizesthebasicarchitecture
of a transformationestimatingmodule.

3 INVARIANT RECOGNITION

The previoussectionsketcheda methodfor estimatingthe transformationstate
�

with referenceto a
prior image
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canitself beencoded
in aseparatenetworkwith itsown setof feedforwardandfeedbackweights.2 This involvesastochastic
imagingmodelof theform:
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2A relatedencodingtechniquefor this purposeis theHelmholtzmachine[1].
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Figure1: Ar chitecture of the model. Theshadedportion is partof thehierarchicalarchitectureintroducedin
[10] for estimatingthezerothordercomponentof theinput. Thebottomunshadedportionof the®gureshowsthe
extensionto thearchitecturethatcapturesthe®rstordertransformationsin theinput.
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in theprevioussection.

In summary, themodelfor invariantrecognitionconsistsof two cooperatingnetworks(Figure1), one
thatestimatesobjectidentity

�

asgivenby thereferenceimage
�

0 andanotherthatestimatestherelative
transformation

�

betweenthe currentimage
�

and the referenceimage
�

0. An especiallyattractive
propertyof suchanarrangementis thattheestimateof objectidentityremainsstablein the®rstnetwork
asthesecondnetworkattemptsto accountfor any transformationsbeinginducedin theimageplane,
appropriatelyconveying thetypeof transformationbeinginducedin itsestimatefor

�

. Suchaproperty
hasalsobeenthegoalof somepreviouslyproposedmodelssuchas[5, 8, 9].

4 MOTION AND STEREO

4.1 Motion Estimation

Thereare two possiblewaysof obtainingD
�

. First, asshown in the previous section,we may use
the referenceimage

�

0 predictedby the objectidentity networkandcomputethe differenceD
�

with
respectto this predictedreferenceimage. This allows motionestimationrelative to currenttop-down
prediction.3 An alternatestrategyfor bottom-upmotiondetectionissuggestedbyrecentneurobiological
studies[11] whichindicatethatparvo-andmagnocellularinputsfromtheLGN mayconvergeindirectly
(via layer 4C

S

and4C
T

cells) onto individualpyramidalcells in layer 4B of areaV1 of theprimate
visualcortex. Layer4B cells form themajorsourceof input from V1 to theareaMT which hasbeen
implicatedin motionanalysis.Sincethemagnocellularpathwayis known toconductsignalsatamuch
fasterratethantheparvocellularpathway[3], parvocellularsignals

�

� impingingon4Bpyramidalcells
will alwayslag behindtheir magnocellularcounterparts
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by someconstantoffset. Thus,we can

3Theweights
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V togetherwith � canberegardedasimplementinga bankof separablespatiotemporal
®lters:
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realizesthe spatialweighting functionsfor the inputswhile the predictionweight matrix

	

V

togetherwith � determinesthetemporalweightingfunctionbasedon thepasthistoryof inputs. Theestimatefor
thestatex thusconveystheresponsesof thisbankof spatiotemporal®ltersat agiveninstantin time.
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onceagainapproximatethechangesin thetwo correspondingsignalsvia:
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� , we canapplythealgorithmsfrom Section2 for estimatingtheJacobian(via
a setof weights
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) andtherelativemotionvector
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4.2 Stereopsis

Ratherthanmodelingtwotemporallydifferingchannels
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and
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� fromthesameeyeasabove,wecan
modeltwo spatiallydifferingbinocularchannels
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� and
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from theleft andtherighteyerespectively.
As before,we canthenapproximateoneof thesechannels(say
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� ) usinga Taylor seriesexpansion
aroundtheother:
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, we canapply thealgorithmsfrom Section2 for estimatingtheJacobianvia
a setof weights
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. In this case,the stateestimatefor
�

representsa distributedencodingof stereo
disparity(see,for example,Figure2F).

5 EXPERIMENT AL RESULTS AND CONCLUSIONS

Figure2 shows somepreliminaryexperimentalresultsfor invariantrecognitionusinga small setof
man-madeobjects.4 The resultssuggestthat many apparentlynon-linearresponsesof cells may in
fact be explainedby feedbackandcooperationwithin the larger context of networksthat the cell is
directly or indirectly connectedto. For example,the invariantresponseof a ªcomplexº cell appears
highlynon-linearwhenviewedin isolation,but thisinvariancecanalsobeexplainedbyconsideringthe
responsesof cells in a companionnetworkthataccountsfor the®rstorderterms. As the inputshifts,
thezerothorderresponseof thecomplex cell remainsunchangedbecausethedeviationcanbemodeled
by a ®rstordervariationasdepictedin theexamplein Figure2F. Thisexplanationis furthersupported
by theemergenceof simplecell-likereceptive®eldsin thenetworkwhenexposedto translatingnatural
imagepatches(Figure3).

The experimentsdescribedin this paperusedsingle-level networks.However, themodellendsitself
naturallyto a hierarchicalestimationscheme(see[10] for anexample). In this moregeneralscheme,
expectationbasedtop-down signalsare fed back from a higher level moduleoperatingat a larger
spatialscale.Thesearedynamicallycombinedwith bottom-upsignalsto producereliableestimatesof
recognitionandtransformationstateateachhierarchicallevel. Top-down feedbackbecomesespecially
desirablein thepresenceof occlusionsandnoisychannelssinceit allows themodelto rely on higher
levelestimateswhenthebottom-upinputbecomesnoisy, andviceversa.Thehierarchicalstructurealso
countersthewell-knownapertureproblemin motionestimationby integratinginformationfrom larger
spatialextentsat higherlevelsandfeedingbacktheestimatesto lower levels. A naturalconsequence
of sucha schemeis a gradualincreasein receptive ®eldsizesasoneascendsthe hierarchicalobject
identity/transformationnetworks,in many wayssimilar to theincreasein receptive®eldsizesfoundin
successively higherareasin theventral/dorsalvisualpathways[12].

An interestingpossibility is to allow interactionsbetweencorrespondinglevels of the two otherwise
parallelhierarchicalnetworks. This is especiallydesirablein light of the fact that the Taylor series
approximationis generallynot valid for large transformationsat the lowest level. By modelingthe
differencesnot justat thelowestlevel (asin thispaper)but alsoat thehigherlevels,theTaylorseries
approximationscanonceagainbe usedto accountfor transformationsat successively larger scales.
Indeed,thereexistsconsiderablecross-talkandanatomicalconnectionsbetweenthedorsalandventral
streams[3]. Investigationof suchmutually-interconnectedhierarchicalnetworksconstitutesanactive
directionof futureresearch.

4Sincethesepreliminarysimulationsusedstatic images,we modeledthe predictionstepsimply asx
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Figure2: Experimental Results. (A) shows the objectsusedfor training a pair of single-level cooperating
networks.Theboxontheextremeright imageshowsthesizeof thereceptive®eld.(B) showsthe®vefeedforward
synapticweightvectors(asgivenby therows of

�

�

) for thezerothorder(objectidentity) network. (C) through
(E) show threeof thelearnedweightvectors(enlargedherefor clarity) developedby thenetworkfor translation(5
pixelsin 8 directions),rotation(10

�

clockwise/counterclockwise), andexpansion/contraction(10%scalechange)
respectively. (F) through(H) show someexamplesof typicalrecognitionbehavior,whereaninputimageis factored
into anobjectidentity componentin network1 andtherelative transformationin network2. Thetwo imagesat
theextremeright arethereconstructedtop-down predictions
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0r and
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x respectively.
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Receptive field size

B

A

Figure3: Receptive®eldsfor translation fr om natural images.(A) showsthenaturalimagesusedfor training
a pair of single-level cooperatingnetworks. A given imagepatchwastranslatedin 8 different directionsby 1
pixel with respectto an original referencepatch. (B) shows the receptive ®elds(synapticweightsasgiven by
� �

) developedby the ®rst-ordertransformationestimatingnetwork. Theseresemblethe orientedwavelet-like
receptive ®eldpro®lesof simplecells in V1 thathavebeenpreviouslymodeledasGaborfunctionsor difference
of Gaussians.
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