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A fundamental feature of the visual cortex is the reciprocity of connectionsbetweenits

many distinct areas. Using the principle of Kalman ®ltering fr om classicalcontrol theory,

wedescribehow this reciprocity may allow the cortex to function asa hierarchical predictor.

Feedbackconnectionsin this model carry predictionsof lower level neural activities, while

feedforward connectionsconvey to the higher level the differ encesbetweenthe predictions

and the actual lower level activities. Thesediffer encesallow the higher level to maintain

optimal estimatesof curr ent visual recognitionstateand on a longer time scale,enableit to

learn adynamic internal modelof thevisualenvir onment. A simulatedKalman ®lternetwork

embodyingtheseprinciples producedresponseproperties that correlatedcloselywith those

of neuronsin the primary visual cortex.

The remarkableuniformity andregularity in the structureof the neocortex haspromptedan

intensesearchover thepastdecadefor thegeneralcomputationalmechanismsunderlyingcortical

organization.Numerousmodelshavebeenproposedto explainvariousaspectsof corticalfunction

[1, 2, 3, 4, 5], but a generalcomputationalprinciple hasremainedelusive. In this report, we

suggestthatanattractive candidatefor this purposeis thestatisticalprincipleof Kalman®ltering

from classicalcontrol theory[6]. We describehow this principle allows the visual cortex to be

modeledasa hierarchicalpredictor. Our model is motivatedby two importantpropertiesof the

cortex: (a) its distinctive laminar input-outputstructure,and (b) the reciprocityof connections

betweenits constituentareas:if areaA projectsto areaB, thenareaB almostinvariablyprojects

to areaA [7, 8]. While cortico-corticalfeedforwardconnectionshave beenwell-studied,the

importanceof the correspondingfeedbackconnectionshasalso beenrecentlydemonstratedin

severalneurophysiologicalexperimentsshowing thatneuronsin lowerareassuchasstriatecortex

areheavily in¯uencedby feedbackfrom higherareas[9, 10]. An importantfunctionalrole for

feedbackemergesif we posit that the feedbacksignalscarry predictionsof lower level neural

activitiesfromhigher, moreabstractareas[4]. Thefeedforwardconnectionsthenneedonly convey

thedifferences(or residuals[5, 28]) betweenthecurrentactivity andits predictionfrom thehigher
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area.Thecomputationallyattractive ideaof encodingdifferencesbetweenaninput signalandits

predictionfrom a preexisting internalmodel is capturedsuccinctlyby the statisticalconstructof

theKalman®lter[11].

The Kalman®lteris a lineardynamicalsystemthat attemptsto mimic the dynamicbehavior

of anobservednaturalprocess.It doessoby calculating,at eachtime instant,anoptimalestimate

of the currentstateof theobserved process,whereoptimality is de®nedin termsof maximizing

the posteriorprobabilityof the stategiven the observed data[12]. The optimalstateestimateis

usedto predict the next expectedinput usingan internalmodelof the observed process.Given

thenext input, the®ltercomputesthedifference(or residualerror) betweenits predictionandthe

actualinput,andusesthisresidualto correctits estimateof thestate.This involves(a)multiplying

theresidualerrorby a gaintermthat re¯ects theuncertaintiesin the internalmodelandthe input

measurementprocess,and (b) addingthis weightedresidualto the previous stateestimate(see

[13]). Thenew correctedestimateis thenusedto predictthenext state,therebycompletingonefull

cycle of ®lteroperation.A smallresidualerrorin theKalman®lterimpliesthattheinputstimulus

hasbeencorrectlypredictedandrecognized.A largeresidual,on theotherhand,implies thatthe

stimulusis possiblynovel andthereforeworthyof furtherattention.

Figure 1A depictsa neural network that can implementthe Kalman ®lter outlined above.

The canonicaloperationrequiredby the Kalman®lter is of the type:
���

, where
�

is a matrix

and
�

is a vector. In the standardneuralimplementationof this type of an operation[14], the

matrix
�

representsthe synapticstrengthof neurons(eachrow representsthe synapsesof one

neuron)andthecomponentsof thevector
�

denotethepre-synapticinputsto theseneurons.Each

neuroncomputesa weightedsumof its pre-synapticinputsaccordingto theweightsencodedby

its synapses.Figure1B illustratesthis operationfor the matrix � andthe vector � . The axonal

outputvector � � in thiscaseformstheKalman®lter'spredictionof thenext expectedinput � . The

subsequentresidualerror ���	�
� ��� thatis requiredby the®lteris generatedby predictiveinhibition

of the input � as shown in Figure1A. This residualerror signal is thensuccessively processed

by neuronsrepresentingthe ªbottom-upº gain matrix 
���� , the feedforwardmatrix � , and the
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normalizationmatrix
�

beforebeingintegratedby thepredictionneurons� , which generatethe

next predictedstate� astheir axonaloutput(seeFigure1A). Thepredictedstateis transmittedto

thelower level by thefeedbackneurons,whosesynapses� transformthehigherlevel state� into

the lower level signal � � . This signal,which is at the sameabstractionlevel asthe lower level

inputs,is thenusedto inhibit thenext setof incomingsignals� .

Wehave developedahierarchicalform of theKalman®lterthatallowsbothbottom-upsignals

from alowerlevel aswell asªtop-downº signalsfromahigherlevel to in¯uencethestateestimates

being calculatedat the current level [15]. As in the standardKalman ®lter describedabove,

the top-down signals ����� from a higher level carry predictionsof the lower level state � . These

predictive signalsgeneratethetop-down residualerror � � � ����� � which is successively multiplied

by theªtop-downº gainmatrix 
���� andthenormalizationmatrix
�

(seeFigure1A) beforebeing

integratedwith thebottom-upweightedresidualto generatethenew optimalstateestimate[16].

Theoptimalstateestimatecanbemaderobustto occlusionsandotherformsof noisein the input

channelsby allowing thegains 
���� and 
 ��� to benon-linearfunctionsof their respective residuals

(for example,see[17]). In sucha setting,the correlationsbetweenthe variouscomponentsof

the residualvectors � � � ����� � and � ��� � � � specifyhow the elementsof the correspondinggain

matrices
���� and 
���� shouldbeset,therebydeterminingthedegreeof lateralinteractionsbetween

neighboringneuronsin theKalman®lternetwork.

The visual cortex is well-suitedto implementa hierarchicalform of theKalman®lter, given

its roughlyhierarchicalorganizationandits distinctive laminarinput-outputstructure[7, 8]. The

®lterin this casewould computeoptimal stateestimatesof visual eventsoccurringin the distal

environment,therebyenablingthecortex to recognizetheseeventsandpredictfutureeventsbased

on a hierarchicalinternalmodelof thevisualenvironment. The internalmodel,which is learned

duringexposureto theenvironment(see[18]), is jointly encodedby theKalman®lterparameters

� , � , and � , whichcorrespondto themodi®ablesynapsesof neuronsin theKalman®lternetwork.

Figure1Dshowshow aneuralimplementationof thedifferentcomponentsof ahierarchicalKalman

®ltercan®tcomfortablywithin thelaminarstructureof agivencorticalarea.
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In the caseof the primary visual cortex (V1), the modelassumesthat the feedbackconnec-

tions from V1 to V1's thalamicinput site, the dorsallateralgeniculatenucleus(dLGN), convey

predictionsof the expectedactivities of dLGN relay neurons.Thesepredictive signals(denoted

by � � in Figure1) areassumedto inhibit, via inhibitory interneurons,theactivities of their corre-

spondingdLGN neuronsto theextent that thepredictionsmatchtheafferentretinalsignals.The

resultingresidualactivities of the dLGN neuronsareconveyed to thecortex via the feedforward

thalamo-corticalpathway. Ontheirwayto thecortex, theresidualsaremodulatedbyaªbottom-upº

gain (analogousto thegain 
���� in theKalman®lter)which, for example,couldbe implemented

by theinhibitory neuronsof thethalamicreticularcomplex (includingtheperigeniculatenucleus)

[19]. Themodulatedresidualsignalis thenlinearly®lteredthroughthesynapsesof layer4 cellsin

V1, which would correspondto thefeedforwardweights � in theKalman®lter(seeFigure1A).

Thesignalsubsequentlyundergoesanormalization(correspondingto thematrix
�

in theKalman

®lter).A plausiblesitefor thisnormalizationis layer2+3(composedof layers2 and3), giventhat

this layerreceivesa substantialprojectionfrom layer4 [20, 21]. Normalizationof responseshas

alsobeenproposedby otherauthorsto explainsaturationof neuralresponsesin V1 athighstimulus

contrasts[22]. The precedingsequenceof neuralprocessingsuf®cesto computethe weighted

Kalmanresidual
�

� 
���� ��� �
� � � , which is usedto correctthepreviousstateestimate� �

�

� at time

instant
�

(see[13]). The correctedestimatethengeneratesthe next stateprediction � �

���

1� via

thesynapses� . Neuronsin layer5 appearto beideally locatedfor sucha computation,giventhat

layer2+3 cellsprojectextensively into layer5 [20, 21]. Furthermore,layer5 projectsto layer6,

which is known to be a majorsourceof cortico-thalamicfeedback[20]. Layer 6 neuronscould

thereforesynapticallyencodethefeedbackweights� of theKalman®lterandconvey thefeedback

signal � � �

���

1 � to thedLGN for predictive inhibition of thenext input � �

���

1 � . Supportfor such

anoperationcomesfrom thework of MurphyandSillito [9] indicatingthatcorticofugalfeedback

engagesinhibitory mechanismsin thedLGN.

A ®nalissueis theroleof cortico-corticalfeedbackfrom ahighervisualarea,for example,V2.

As in thecaseof cortico-thalamicfeedback,themodelassumesthatthehigherarea(V2) conveys
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predictionsof thestateat thelowerarea(V1). Justasin thebottom-upcase,thepredictivesignals

from V2 areassumedto generateresiduals� ��� � � � � via interactionswith inhibitory interneurons

in thesuper®ciallayers.Theseresidualactivitiesare®lteredby cellsin layer2+3,whosesynapses

would encodethe top-down gain matrix 
���� . The ®lteredtop-down residuals
 ��� � � � � ��� � are

conveyedto two sites:(a)via axoncollateralsto thelayer2+3ªnormalizationºneurons
�

, which

integratethesetop-down residualswith thebottom-upresiduals� 
 ��� ��� � � � � from layer4, and

(b) to thehighervisualarea(V2), wherethis signalservesasthebottom-upweightedresidualfor

thehigherlevel Kalman®lter(seeFigure1C and1D).

In orderto validatethe model,we traineda three-level hierarchicalnetwork(Figure1C) on

a sampleof naturalimagesasshown in Figure2A. For eachinput, the networkwasallowed to

convergeaccordingto theKalman®lterdynamicsdescribedabove,andthefeedforward,feedback

and prediction synapses� , � and � were adaptedto further minimize the prediction error

usingKalman®lter-basedupdateequations,operatingon a slower time scaleat thesynapticlevel

(see[18]). Upon convergenceof the synapses,we examinedthe responsepropertiesof neurons

situatedin the different laminaeof the modelandcomparedthesepropertiesto thoseobserved

in themammalianvisual cortex. A surprisinglylargeclassof modelneurons(87%in layer2+3)

exhibitedtheclassicalphenomenonof endstopping: neuronsthatrespondvigorouslyto abarhave

diminishedresponsesasthebarextendsbeyondtheclassicalreceptive®eld[23].

Endstoppinghas previously beencharacterizedas a feedforwardeffect, causedmainly by

lateral inhibition from neighboringcells [3, 23]. Whenviewed asa purely feedforwardeffect,

endstoppingappearscomplex andhighly non-linear, andhasbeeninterpretedasarisingdueto the

brain'sneedto representcurvature[3] (seeFigure4). Resultsfromoursimulationshoweversuggest

amoregeneralinterpretationof ªextra-classicalºeffectssuchendstoppingin termsof feedbackand

predictive encoding.Our interpretationis supportedby recentneurophysiologicalexperimentsin

V1 showing thatextra-classicaleffectsin layer2+3neuronsoftenmanifestthemselvesonly 80-100

millisecondsafterstimulusonset,stronglysuggestingarolefor higherlevel feedbackin mediating

theseeffects[24]. We testedthis hypothesisby examiningthe responsepropertiesof layer 2+3
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neuronsin level 1 (correspondingto V1) of theKalman®lternetworkthatwastrainedon natural

images(Figure2). Note thata classof modelneuronsin layer2+3 computethe®lteredresidual


 ��� � � � � ��� � . As shown in Figure3A, the typical responseof sucha modelneuron(solid line)

dropsoff sharplyasa testbar extendsbeyond its classicalreceptive ®eld(RF). The attenuation

in responsecanbe attributedto diminishingresiduals� � � � ��� � causedby betterpredictions�����

from level 2 of the state� at level 1, asstimuluslengthis incrementallyincreasedup to the size

of the largerRF of the level 2 modelneurons(seeFigure2D and2E for an example). Suchan

explanationis supportedby theRFpro®lesof level 2 neurons(Figure2C),someof whichappearto

betunedtowardslong line segments.Furthercon®rmationof therole of feedbackin endstopping

was obtainedby disablingthe feedbackconnectionsfrom level 2 to level 1, which eliminated

endstoppingin mostof thelevel 1 modelneurons(Figure3B and3C).Thus,ageneralpredictionof

themodelis thatinactivationof a highercorticalareasuchasV2 or MST shouldcausesubstantial

disinhibitionandeliminationof extra-classicaleffectssuchasendstoppingin layer2+3 neurons

in lowerareassuchasV1 or MT respectively. Preliminaryresultsfrom experimentsinvolving the

inactivationof V2 appearto lendsomesupportto thesepredictions[10].

In summary, our resultsshow thatmany of theapparentlycomplex, extra-classicalresponses

of cortical neuronscan be parsimoniouslyexplained by consideringthe interactionsbetween

feedforwardandfeedbacksignals,ascapturedby thefunctionalresponsesof modelneuronsin the

differentlaminaeof thehierarchicalKalman®lternetwork.Thus,ratherthancharacterizingvisual

corticalneuronsunconditionallyasfeaturedetectors,themodelsuggeststhat it maybeusefulto

view someof them,especiallythoseconveying feedforwardsignalsto a higherarea(suchasthe

layer2+3neurons),asfeature-differenceor residualdetectors. Theseresidualsplayacrucialrolein

enablingthehierarchicalKalman®lternetworkto continuallyadapttheactivitiesof its constituent

neuronsto accuratelypredictincomingstimuli. Simultaneously, but at a slower rate,theresiduals

alsodrivetheadaptationof neuronalsynapsesin thenetwork,therebyfurtherminimizingtheerrors

in prediction. In doingso, thenetworklearnsa hierarchicalanddistributedinternalmodelof its

environmentthatcanbeusedto ef®cientlysubserve thelargercognitivegoalsof theorganism.
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�

�

�

� � �

�

�

���

��� �

�

� (1)

where � �

�

� is the actualhiddenstateof the processat time instant
�

, ���

�

� is the observable

output(for example,animage),� is agenerative(or feedback)matrix thatrelatesthehidden

stateto theobservableoutput,and
�

��� �

�

� is aªbottom-upºGaussiannoiseprocesswith mean

zeroandcovarianceS���

�����

�

���

���

���
	

( � denotesthe expectationoperatorand � denotes

transpose).In addition,thestate� followsthedynamics:

� �

�

�

�

� � �

�

� 1 �

���

�

�

� 1 � (2)
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where � is thestatetransition(or prediction)matrix and
�

is a Gaussiannoiseprocesswith

mean
�

�

�

� andcovarianceS �

�

�

� ���

�

�

�

�

�	�

�

�

�

� � �

�

�

�

� �

�

�

�

� �

�

	

. The®lterminimizesan

optimizationfunction
�

givenby:

�

� � �

�

��� � � � �

�

S�

1
���

� � � � � �

�

��� � � �

���

�

1
��� � � � (3)

where � is a prior estimateof � and
�

is the associatedcovariancematrix (seebelow).

Minimizing
�

is equivalentto maximizingtheposteriorprobabilityof � giveninputdata� [6].

[13] Usingthedynamicmodeldescribedin [12], theKalman®lterprovidesanoptimalestimate� �

of thetruehiddenstate� at time instant
�

:

� � �

�

�

�

� �

�

�

�

�

� 
 ��� ��� �

�

� � � � �

�

� � (4)

where � �

�

� is thepredictedstatefor time
�

generatedfrom theprior stateestimate� � �

�

� 1�

usingtheinternalmodelof thedynamicsof theprocess(see[12] above):

� �

�

�

�

��� � �

�

� 1 �

� �

�

�

� 1 � (5)

Thetwo equationsabove canbecombinedto yield thecompleteKalman®lterequation:

� �

�

�

�

��� � �

�

� 1 �

�

�

� 

���

��� �

�

� 1 �	� � � �

�

� 1� �
	

� �

�

�

� 1� (6)

which can be ef®cientlyimplementedin the neuralcircuit of Figure 1A. The term �

�

�

� 

��� is known astheKalmangainandmodulatesthedegreeto whichtheprediction� �

�

�

is correctedby the incomingsensoryresidual ��� �

�

�	� � � �

�

� � . Theªbottom-upºgainmatrix


 ��� is the inverseof thecovariancematrix S��� , thefeedforwardmatrix � is essentiallythe

transposeof � (see[18]), and
�

is anormalizationmatrixthatmaintainsthecovarianceof the

estimatedstate:
�

�

�

�

�

�

�

�

1
�

�

�

�

� 
 ��� �

�

� � �

�

1, where
�

�

�

�

�

�

�

�

�

� 1 � �

� �

S�

�

� 1 �

(see[6] for details).
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signal � ���

�

� � �

�

� from a higherlevel, andcorrectsthepredictedstateestimate� usingthe

bottom-upandtop-down residuals��� � � � �

�

� � and ��� ��� � � �

�

� � :

�
� �

�

�

�

� �

�

�

�

�

� 
 ��� ��� � � � �

�

� �

�

�


 ��� ��� ��� � � �

�

� �	�

�

�

� � �

�

� � (7)

where� is computedasin [13] above.Theresidualsareweightedby their respectiveKalman

gainmatrices� 1
�

�

� 
���� and � 2
�

�


���� , where 
 ��� is theªtop-downº gainmatrixand

is essentiallytheinverseof thetop-down covariancematrixS��� [15]. As shown in Figure1A,

theprediction � is conveyedasoutputto the lower level by multiplying it with thefeedback

matrix � . Theoutputs� of spatiallyadjacentmodulesat eachlevel arealsoconjoinedand

fed asinput to thenext higherlevel asshown in Figure1C. As a result,higherlevel model

neuronspredict basedon inputs from a larger spatialextent. Consequently, the receptive

®eldsof modelneuronsbecomeprogressively largerasoneascendsthehierarchicalnetwork,

in a mannersimilar to that observed in the occipitotemporalpathway[8]. The decayterm

�

�

�

� � �

�

� � arisesfrom theMDL-basedoptimizationfunction[15] andpenalizesover®tting

of data,therebyencouragingthe networkto generalizeto new situations.In addition,one

can obtain a temporalhierarchyby using exponentiallydecreasingdecayfunctions � for

successively higherlevels;thiscausesthestatesat thehigherlevelsto decayat aslower rate,

therebyallowing predictionbasedon longerhistoricalmemoriesat the higher levels. The

decaytermalsocausesthenetworkto seekhigher-orderstatisticalcorrelationsin the input
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which is a maximumlikelihoodspecialcaseof theKalman®lterframework.

[17] P.J.Huber, RobustStatistics(JohnWiley andSons,NY, 1981).

11



[18] A Hebbianlearningrulefor adaptingthesynapses� wasobtainedby ®rstcollapsingtherows

of thematrix � intoavector � andthenderivingaKalman®lterupdateequationsimilarto the

onefor � [15]: �

�

�

�

�

�

�

�

�

�

���

1 � � � � � �

�

� � �

�

2
�

�

�

� . Thislearningruleinvolvesthefamiliar

additionof acorrectionresidual��� � � � �

�

� � to theprior estimate�

�

�

� , which is de®nedto be

�

�

�

�

� 1 � plusanadditivenoiseterm.Thecorrectionresidualis weightedby againmatrix
�

1

computedfromthestateandbottom-uperrorcovariances[15]. Thelineardecayterm �

�

2
�

�

�

�

servestwopurposes.First, it actsasaregularizerby penalizingover®tting,therebyincreasing

thepotentialfor generalization.Second,a similar learningrule for � causes� to converge
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weights � for time-varying input stimuli [15]. Sincethe endstoppingsimulationsreported

hereinvolvedstaticstimuli, we used� �

� �

1 �

�

� � �

�

� andidentitymatricesfor thebottom-up
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Figure1: Ar chitecture of the Model. (A) BasicKalman®lter(KF) module(shadedbox), showing two inputs
(feedforwardresidualfromlowerlevelandfeedbackpredictionfromhigherlevel)andtwooutputs(feedbackprediction
to lower level andfeedforwardresidualto higherlevel). (B) Neuralimplementationof the basicoperationrequired
by theKalman®lter. Theoutput ��� of the

�

th neuronis theweightedsum: �������
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�

1 �

�

� ��� , where
�

�

� denotesthe
elementin row

�

andcolumn � in the matrix
�

, and ��� is the � th elementin the vector r . For the networkin the
®gure,

�

� 4 and �

� 3. The ®guredepictsthenetworkfor computingthe feedbacksignalsbut thesamedesignis
applicableto all componentsof the®lter. (C) Three-level hierarchicalnetworkcomposedof 3 level 1 KF modules,
analyzing3 local imageregionsandproviding input to a singlelevel 2 module. Levels 0, 1, and2 correspondto
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�

, canbepositiveor negative(positivevalues= bright
regions;negativevalues= darkregions).TheseRFpro®lesresembleclassicalorientededge/bardetectorscharacteristic
of simplecells [23], previously modeledusingdifferenceof offset GaussiansandGaborfunctions[3, 28]. (C) RF
pro®lesof 18 of the128layer4 modelneuronsin the level 2 KF module. (D) Responsesof the32 layer2+3 model
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Figure 3: Endstopping Results. (A) Length tuning curves for two layer 2+3 model neuronsat level 1 with
even-symmetric(left) andodd-symmetric(right) RF pro®les.Both modelneuronsexhibit the decreasein response
characteristicof endstoppingasthebarextendsbeyondtheclassicalRF. Thedashedline representsthecorresponding
activity � of a layer5 modelneuron,andthedottedline representsthetop-down (inhibitory)prediction�
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correspondinglayer6neuronin thelevel 2module.(B) Effectof inactivatingfeedbackfrom level 2. Plottedontheleft
arethelengthtuningcurvesfor a layer2+3modelneuronat level 1 with andwithoutfeedbackfrom level 2 (solidand
dottedline respectively). Tuningcurvesfor a layer2+3 complex cell in cat striatecortex (V1) reportedby Bolz and
Gilbert[21] areplottedontheright for comparison.Disablingtop-downfeedbackeliminatedendstoppingin themodel
neuronin a mannerqualitativelysimilar to thatobservedin thecorticalneuronafter layer6 inactivation(dottedline).
Eliminationof feedbackfrom V2 is known to dramaticallyaffect neuronsin layer6 of V1 [9]. (C) Block histograms
summarizingdistributionof lengthtuningin all 32 layer 2+3 modelneuronsin the centrallevel 1 KF modulewith
feedback(left) andwithout feedback(right) from level 2. End-inhibitionwasquanti®edasthepercentagedifference
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denotingaplateauresponseof zeroto longbars.Asshown,disablingthefeedbackconnectionseliminatedendstopping
(de®nedasgreaterthan50%inhibition) in 84%of thelayer2+3modelneurons[29].
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Figure4: Curvatur e Selectivity in Endstopped Model Neurons. Numerousauthorshave ascribeda role for
endstoppedcortical neuronsin representingcurvature [3, 21, 23]. To ascertainwhethercurvature selectivity is
subsumedby theKalman®ltermodel,we testedtheresponsesof layer2+3endstoppedmodelneuronstocurvededges
usingstimulisimilar to thatusedby [3]. (A) Curvaturestimuli of oppositesignsandincreasingradii of curvatureused
to testmodelneuronsfor curvatureselectivity. Semi-circulararcsof radii rangingfrom 0 to 123pixelswereinput to
thethree-level networkfrom Figure1C,eachverticallyandhorizontallycenteredsuchthatthetangentto thecurve at
mid-arcwasparallelto thelongaxisof thelevel 2 receptive ®eld(dashedbox). Five of thesesemi-circulararcstimuli
areshown superimposedfor comparisonfor eachof thetwo signsof curvature(left andright respectively). (B) (Left)
Curvatureresponsecurvesfor thetwo signsof curvature(solidanddashedlines)for theeven-symmetricendstopped
modelneuronfrom Figure3A. (Right) Curvatureresponsecurvesfor a neuronin cat striatecortex (V1) reportedin
[3]. Bothshow qualitatively similarsymmetricalresponsesto curvaturestimuli of oppositesign. (C) (Left) Response
curvesfor theodd-symmetricendstoppedmodelneuronfrom Figure3A. Negative valueswererecti®edto zeroasin
[3]. (Right)Responsecurvesfor a striatecortex neuronreportedin [3]. Bothshow qualitatively similarasymmetrical
responsesto curvaturestimuli of oppositesign.
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