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A fundamental feature of the visual cortex is the reciprocity of connectionsbetweenits
many distinct areas. Using the principle of Kalman ®Itering from classicalcontrol theory,
we describehow this reciprocity may allow the cortex to function asa hierarchical predictor.
Feedbackconnectionsin this model carry predictions of lower level neural activities, while
feedforward connectionscornvey 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 recognitionstate and on a longer time scale,enableit to
learn adynamicinternal modelof the visual ervironment. A simulated Kalman ®lter network
embodyingtheseprinciples producedresponsepropertiesthat correlated closelywith those

of neuronsin the primary visual cortex.

The remarkableuniformity and regularity in the structureof the neocorte& haspromptedan
intensesearchover the pastdecaddor the generakcomputationaimechanismsinderlyingcortical
organization.Numerousnodelshave beenproposedo explain variousaspect®f corticalfunction
[1, 2, 3, 4, 5], but a generalcomputationalprinciple hasremainedelusie. In this report, we
suggesthatan attractve candidatdor this purposes the statisticalprinciple of Kalman®Itering
from classicalcontroltheory[6]. We describehow this principle allows the visual cortex to be
modeledasa hierarchicalpredictor Our modelis motivatedby two importantpropertiesof the
cortex: (a) its distinctive laminar input-outputstructure,and (b) the reciprocity of connections
betweerits constituentareas:if areaA projectsto areaB, thenareaB almostinvariably projects
to areaA [7, 8]. While cortico-corticalfeedforwardconnectionshave beenwell-studied,the
importanceof the correspondingeedbackconnectionshas also beenrecentlydemonstratedn
severalneurophysiologicagxperimentsshaving thatneuronan lower areassuchasstriatecortex
areheaily in uencedby feedbackfrom higherareag[9, 10]. An importantfunctionalrole for
feedbackemegesif we posit that the feedbacksignalscarry predictionsof lower level neural
activitiesfrom higher moreabstracaread4]. Thefeedforwarcdconnectionshenneedonly corvey

thedifferencegor residuald5, 28]) betweerthe currentactvity andits predictionfrom the higher
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area. The computationallyattractve ideaof encodingdifferencedbetweeraninput signalandits
predictionfrom a preeisting internalmodelis capturedsuccinctlyby the statisticalconstructof
theKalman®lter[11].

The Kalman®lteris a linear dynamicalsystemthat attemptsto mimic the dynamicbehaior
of anobserednaturalprocesslit doessoby calculating at eachtime instant,an optimalestimate
of the currentstateof the obsered processwhereoptimality is de®nedn termsof maximizing
the posteriorprobability of the stategiven the obsened data[12]. The optimal stateestimateis
usedto predictthe next expectedinput usingan internalmodel of the obsered process. Given
thenext input, the ®ltercomputedhe difference(or residualerror) betweents predictionandthe
actualinput,anduseshisresidualto correctits estimateof thestate. This involves(a) multiplying
theresidualerrorby a gaintermthatre ectsthe uncertaintiesn theinternalmodelandtheinput
measuremenprocess,and (b) addingthis weightedresidualto the previous stateestimate(see
[13]). Thenew correctedestimatas thenusedto predictthenext state therebycompletingonefull
cycle of ®lteroperation.A smallresidualerrorin the Kalman®Iterimpliesthattheinput stimulus
hasbeencorrectlypredictedandrecognized.A largeresidual,on the otherhand,impliesthatthe
stimulusis possiblynovel andthereforeworthy of furtherattention.

Figure 1A depictsa neural network that can implementthe Kalman ®lter outlined above.
The canonicaloperationrequiredby the Kalman®lteris of the type: , Where is a matrix
and is avector In the standardneuralimplementatiorof this type of an operation[14], the
matrix representghe synapticstrengthof neurons(eachrow representshe synapse®f one
neuron)andthecomponent®f thevector denotethepre-synaptienputsto theseneurons.Each
neuroncomputesa weightedsumof its pre-synaptianputsaccordingto the weightsencodedoy
its synapses.Figure 1B illustratesthis operationfor the matrix andthevector—. The axonal
outputvector ~ in thiscaseformstheKalman®Iters predictionof the next expectednput . The
subsequentesidualerror ~ thatisrequiredby the®Iteris generatedby predictive inhibition
of theinput asshavn in Figure 1A. This residualerror signalis then successiely processed

by neuronsrepresentinghe 2bottom-up® gain matrix , the feedforwardmatrix , andthe



normalizationmatrix  beforebeingintegratedby the predictionneurons , which generatehe
next predictedstate™ astheir axonaloutput(seeFigurelA). The predictedstateis transmittedo
thelower level by the feedbackneuronswhosesynapses transformthe higherlevel state™ into

the lower level signal ~—. This signal,which is at the sameabstractiorievel asthe lower level
inputs,is thenusedto inhibit the next setof incomingsignals .

We have developeda hierarchicaform of the Kalman®lterthatallows both bottom-upsignals
from alowerlevel aswell as®top-down® signalsfrom ahigherlevel to in uencethestateestimates
being calculatedat the currentlevel [15]. As in the standardkalman ®lter describedabove,
the top-davn signals  from a higherlevel carry predictionsof the lower level state™. These
predictive signalsgeneratehe top-davn residualerror ~ which is successiely multiplied
by the 2top-down® gain matrix andthe normalizatiormatrix ~ (seeFigurelA) beforebeing
integratedwith the bottom-upweightedresidualto generatéhe nen optimal stateestimate[16].
The optimal stateestimatecanbe maderobustto occlusionsandotherformsof noisein the input
channeldy allowingthegains and  to benon-linearfunctionsof theirrespectre residuals
(for example,see[17]). In sucha setting,the correlationsbetweenthe variouscomponentof
theresidualvectors ~ and ~ specify how the elementsof the correspondingyain
matrices and  shouldbeset,therebydetermininghedegreeof lateralinteractiondetween
neighboringheurongn the Kalman®Iternetwork.

The visual cortex is well-suitedto implementa hierarchicalform of the Kalman®Iter given
its roughly hierarchicalorganizationandits distinctive laminarinput-outputstructure[7, 8]. The
®lterin this casewould computeoptimal stateestimatesof visual eventsoccurringin the distal
ernvironmenttherebyenablingthe cortex to recognizeheseeventsandpredictfutureeventsbased
on a hierarchicalinternalmodelof the visual environment. The internalmodel,which is learned
duringexposureto the ervironment(see[18]), is jointly encodedy the Kalman®Ilterparameters

, ,and ,whichcorrespondothemodi®ableynapsesf neuronsn theKalman®Ilternetwork.
FigurelD shavshow aneuralimplementatiorof thedifferentcomponentsf ahierarchicaKalman

®ltercan®tcomfortablywithin thelaminarstructureof agivencorticalarea.
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In the caseof the primary visual cortex (V1), the modelassumeghat the feedbackconnec-
tionsfrom V1 to V1's thalamicinput site, the dorsallateral geniculatenucleus(dLGN), corvey
predictionsof the expectedactuities of dLGN relay neurons. Thesepredictve signals(denoted
by ~in Figurel) areassumedo inhibit, via inhibitory interneuronsthe actiities of their corre-
spondingdLGN neurongo the extentthat the predictionsmatchthe afferentretinal signals. The
resultingresidualactwities of the dLGN neuronsare corveyedto the cortex via the feedforward
thalamo-corticabathway Ontheirwayto thecortex, theresidualsaremodulatedy a2bottom-up®
gain (analogougo the gain in the Kalman®Iter)which, for example,could be implemented
by theinhibitory neuronsof the thalamicreticularcomplex (includingthe perigeniculatenucleus)
[19]. Themodulatedesidualsignalis thenlinearly ®lteredhroughthesynapsesf layer4 cellsin
V1, which would correspondo thefeedforwardweights  in the Kalman®lter(seeFigurelA).
Thesignalsubsequentlyndegoesanormalizationcorrespondingo thematrix  in theKalman
®lter). A plausiblesitefor this normalizations layer2+3 (composedf layers2 and3), giventhat
this layerrecevesa substantiaprojectionfrom layer4 [20, 21]. Normalizationof response$as
alsobeenproposedy otherauthorgo explain saturatiorof neuralresponsem V1 athighstimulus
contrastg22]. The precedingsequencef neuralprocessingsuf®cesto computethe weighted
Kalmanresidual ~ , whichis usedto correctthepreviousstateestimater  attime
instant (see[13]). The correctedestimatethengenerateshe next stateprediction™ 1 via
thesynapses . Neurondn layer5 appeato beideally locatedfor sucha computationgiventhat
layer 2+3 cells projectextensvely into layer5 [20, 21]. Furthermorelayer5 projectsto layer6,
which is known to be a major sourceof cortico-thalamideedbacl{20]. Layer 6 neuronscould
thereforesynapticallyencodehefeedbackveights of theKalman®Iterandconvey thefeedback
signal ~ 1 tothedLGN for predictiveinhibition of thenext input 1 . Supportfor such
anoperationcomesfrom the work of Murphy andSillito [9] indicatingthat corticofugalfeedback
engagesnhibitory mechanisms thedLGN.

A ®nalissueis therole of cortico-corticafeedbackrom a highervisualareafor example,V2.

As in the caseof cortico-thalamideedbackthe modelassumeshatthe higherarea(V2) corveys



predictionsof the stateatthelower area(V1). Justasin the bottom-upcase the predictve signals
from V2 areassumedo generataesiduals ~ via interactionswith inhibitory interneurons
in thesuper®cidiayers. Theseresidualactvities are®lteredoy cellsin layer2+3,whosesynapses
would encodethe top-davn gain matrix . The ®lteredtop-dovn residuals ~ are
conveyedto two sites: (a) via axoncollateralgo thelayer2+32normalization®neurons , which
integratethesetop-dowvn residualswith the bottom-upresiduals ~ fromlayer4, and
(b) to the highervisualarea(V2), wherethis signalsenesasthe bottom-upweightedresidualfor
thehigherlevel Kalman®Ilter(seeFigure1lC and1D).

In orderto validatethe model, we traineda three-lerel hierarchicalnetwork (Figure 1C) on
a sampleof naturalimagesas shavn in Figure 2A. For eachinput, the networkwasallowed to
convergeaccordingo the Kalman®Ilterdynamicsdescribedabove, andthe feedforwardfeedback
and predictionsynapses , and were adaptedto further minimize the prediction error
usingKalman®Ilterbasedupdateequationspperatingon a slower time scaleat the synapticlevel
(see[18]). Upon corvergenceof the synapseswe examinedthe responseropertiesof neurons
situatedin the differentlaminaeof the modeland comparedhesepropertiesto thoseobsened
in the mammaliarvisual cortex. A surprisinglylarge classof modelneurong87%in layer 2+3)
exhibitedtheclassicaphenomenownf endstoppingneuronghatrespondvigorouslyto abarhave
diminishedresponseasthebarextendsbeyondthe classicakeceptve ®eld[23].

Endstoppinghas previously beencharacterizedas a feedforwardeffect, causedmainly by
lateralinhibition from neighboringcells [3, 23]. Whenviewed as a purely feedforwardeffect,
endstoppin@ppearsomplec andhighly non-linear andhasbeeninterpretedasarisingdueto the
brain'sneedorepresenturvature 3] (seeFigure4). Resultdromoursimulationhoweversuggest
amoregeneralnterpretatiorof 2extra-classical®ffectssuchendstoppingn termsof feedbackand
predictive encoding.Our interpretatiorns supportedy recentneurophysiologicagxperimentsn
V1 shawing thatextra-classicagffectsin layer2+3neuronoftenmanifesthemselesonly 80-100
millisecondsafterstimulusonset stronglysuggestingrole for higherlevel feedbackn mediating

theseeffects[24]. We testedthis hypothesidhy examiningthe responsepropertiesof layer 2+3



neuronsn level 1 (correspondingo V1) of the Kalman®Iternetworkthatwastrainedon natural
images(Figure2). Notethata classof modelneuronsn layer 2+3 computethe ®lteredresidual

- . As shavn in Figure 3A, the typical responseof sucha modelneuron(solid line)
dropsoff sharplyasa testbar extendsbeyond its classicalreceptve ®eld(RF). The attenuation
in responsecan be attributedto diminishingresiduals ~ causedoy betterpredictions
from level 2 of the state™ at level 1, asstimuluslengthis incrementallyincreasedip to the size
of the larger RF of the level 2 modelneurongseeFigure2D and 2E for an example). Suchan
explanationis supportedy theRF pro®lef level 2 neurongFigure2C), someof whichappeato
betunedtowardslong line segments.Furthercon®rmatiorof the role of feedbackn endstopping
was obtainedby disablingthe feedbackconnectiondrom level 2 to level 1, which eliminated
endstoppingn mostof thelevel 1 modelneurongFigure3B and3C). Thus,agenerapredictionof
themodelis thatinactivationof a highercorticalareasuchasV2 or MST shouldcausesubstantial
disinhibition and eliminationof extra-classicakffects suchasendstoppingn layer2+3 neurons
in lower areassuchasV1 or MT respectiely. Preliminaryresultsfrom experimentsnvolving the
inactivationof V2 appeatto lendsomesupportto thesepredictionq10].

In summary our resultsshav thatmary of the apparentlycomple, extra-classicalesponses
of cortical neuronscan be parsimoniouslyexplained by consideringthe interactionsbetween
feedforwardcandfeedbacksignals,ascapturedy the functionalresponsesf modelneuronsn the
differentlaminaeof the hierarchicaKalman®lternetwork. Thus,ratherthancharacterizingisual
corticalneuronsunconditionallyasfeaturedetectorsthe modelsuggestshatit may be usefulto
view someof them, especiallythosecornveying feedforwardsignalsto a higherarea(suchasthe
layer2+3neurons)asfeatule-diferenceor residualdetectors Theseresidualglayacrucialrolein
enablingthe hierarchicaKalman®Iternetworkto continuallyadapttheactwities of its constituent
neurondo accuratelypredictincomingstimuli. Simultaneouslybut at a slower rate,theresiduals
alsodrivetheadaptatiorof neuronakynapses thenetwork,therebyfurtherminimizingtheerrors
in prediction. In doing so, the networklearnsa hierarchicalanddistributedinternalmodelof its

ernvironmentthatcanbe usedto ef®cientlysubsere thelargercognitive goalsof the organism.
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B B (4)

where™ is the predictedstatefor time generatedrom the prior stateestimate 1
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- 1 - 1 (5)
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analyzing3 local imageregionsand providing input to a singlelevel 2 module. Levels 0, 1, and 2 correspondo
thelevels of the LGN, V1, andV2 respectiely. (D) A laminarimplementatiorof the basicKF modulein (A). For
comparisonthe interlaminarconnectity in mammalianV1 is shavn in (E) (after[20, 21]). Dottedlinesindicate

inhibitoryinteractiongpredictedoy the model.
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Figure2: ReceptiveFields and Model Neuron ResponseObserved after Training. (A) Five naturalimages
usedfor trainingthethree-level hierarchicahetworkof Figure1C (se€[27]). Thetwo upperboxesin thebottomright
cornershaw relatve sizes(16 16and16 26 pixels) of level 1 andlevel 2 receptve ®elds(RFs). (B) Learned
synapticweights(RF weightingpro®lespf 20 of the32layer4 modelneuronsn thelevel 1 KF moduleanalyzingthe
centralimageregion. Flankingimageregionswereanalyzedy two otherlevel 1 modulegFigure1C), eachwith 32
modelneurons.Valuesfor thesesynapseswvhichformrowsof , canbepositive or negative (positive values= bright
regions;negative values= darkregions). TheseRF pro®lesesemblelassicabrientededge/badetectorsharacteristic
of simplecells [23], previously modeledusingdifferenceof offset Gaussiangnd Gaborfunctions[3, 28]. (C) RF
pro®lesof 18 of the 128layer4 modelneuronsn thelevel 2 KF module. (D) Responsesf the 32 layer2+3 model
neurongn the centrallevel 1 moduleto a dark bar (positive values= upwardbars;negative values= downwardbars.
Positive and negative valuesmay be codedby separateneuronsn the cortex). (E) Increasen top-dawvn prediction
accuray asthebarextendsbeyondtheclassicalRF (solid box),upto thesizeof thelevel 2 RF (dashedox) causes
reductionin thelevel 1 top-davn residualswhich manifestdtself asendstoppingn thelayer2+3 modelneurons.
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Figure 3: Endstopping Results (A) Length tuning curves for two layer 2+3 model neuronsat level 1 with
even-symmetriqleft) and odd-symmetriqright) RF pro®les. Both modelneuronsexhibit the decreasen response
characteristiof endstoppingsthebarextendsbeyondtheclassicalRF. The dashedine representshe corresponding
actvity ~ of a layer5 modelneuron,andthe dottedline representshe top-davn (inhibitory) prediction ~ from the
correspondingayer6 neuronin thelevel 2 module.(B) Effectof inactivatingfeedbackrom level 2. Plottedontheleft
arethelengthtuningcurvesfor alayer2+3 modelneuronatlevel 1 with andwithoutfeedbackirom level 2 (solidand
dottedline respectiely). Tuningcurvesfor alayer2+3 comple cell in cat striatecortex (V1) reportedby Bolz and
Gilbert[21] areplottedontherightfor comparisonDisablingtop-davnfeedbackeliminatedendstoppingn themodel
neuronin a mannergualitatively similar to thatobseredin thecorticalneuronafterlayer 6 inactivation (dottedline).
Eliminationof feedbackrom V2 is known to dramaticallyaffect neurondn layer6 of V1 [9]. (C) Block histograms
summarizingdistribution of lengthtuningin all 32 layer 2+3 modelneuronsn the centrallevel 1 KF modulewith
feedback(left) andwithout feedback(right) from level 2. End-inhibitionwasquanti®easthe percentagelifference
betweenpeakresponsend averageplateauresponsdor lengthsgreaterthan18 pixels: (peak- plateau)/peak 100.
Model neuronswere classi®ednto 10 cateyoriesaccordingto their degree of end-inhibition with 100%inhibition
denotingaplateauwesponsef zerotolongbars. As shavn, disablingthefeedbaclkconnectiongliminatedendstopping
(de®nedasgreaterthan50%inhibition) in 84%of thelayer2+3modelneurong29].
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Figure 4: Curvatur e Selectivity in Endstopped Model Neurons Numerousauthorshave ascribeda role for
endstoppectortical neuronsin representingcunvature[3, 21, 23]. To ascertainwhethercunature selectvity is
subsumedby the Kalman®Iltermodel,we testedheresponsesf layer2+3endstoppediodelneurongo curvededges
usingstimulisimilarto thatusedby [3]. (A) Curvaturestimuli of oppositesignsandincreasingadii of curvatureused
to testmodelneurondor curvatureselectvity. Semi-circulararcsof radii rangingfrom 0 to 123pixelswereinputto
thethree-level networkfrom Figure1C, eachvertically andhorizontallycenteredsuchthatthetangento the curve at
mid-arcwasparallelto thelong axisof thelevel 2 receptve ®eld(dashedox). Five of thesesemi-circulararc stimuli
areshavn superimposeébr comparisorfor eachof thetwo signsof curvature(left andright respectrely). (B) (Left)
Curvatureresponseurvesfor the two signsof curvature(solid anddashedines)for the even-symmetrieendstopped
modelneuronfrom Figure3A. (Right) Curvatureresponseurvesfor a neuronin cat striatecortex (V1) reportedin
[3]. Bothshaw qualitatively similar symmetricatresponseto cunvaturestimuli of oppositesign. (C) (Left) Response
cunesfor the odd-symmetriendstoppednodelneuronfrom Figure3A. Negative valueswererecti®edo zeroasin
[3]. (Right)Responseurvesfor a striatecortex neuronreportedn [3]. Bothshav qualitatvely similarasymmetrical

responseto cunaturestimuli of oppositesign.
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