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Abstract.

Localist modelsof, for example,the classificationof multidimensionalstimuli,
canrun into problemsif generalizatioris attemptedvhenmary of the stimulusdi-
mensionsareirrelevant to the classificationtaskin hand.A procedures suggested
by which a localistmodelcanlearnprototyperepresentationthat focuson the rele-
vantdimensionnly. Thesepermitgoodgeneralizatiorwhich would be lackingin a
simpleexemplarbasedmodel.

1. Introduction

The researchdescribedhererepresentshe first stagesof developmentof a localist
neuralnetwork for supervisedearningthatimprovesits classificatiorperformancedy

payingattentionto inputdimensiongelevantto thetaskathand.Thework startedvery

muchasan appliedproblemwhich, aswill be seenbenefitsfrom a moretheoretical
analysisthanwasattemptedht first.

1.1 TheProblem

The probleminvolvedthe classificatiorof 50-dimensionalectorsof realswhich had
previously beenderivedfrom gray-scalemagesof faces.Thefaceshadbeenprepro-
cessedusing “morphing” techniquesso asto standardizehe imagesto a common
face-shaperhe 110faceseachcomprising10000 pixel values werethensubjected
to a principalcomponentanalysis(PCA), which allowedthe facesto berepresented
asa compressedectorof 50 numbers Eachnumberrepresents coordinatealong
anaxis correspondingo oneof those50 principal componentgPC)with the highest
eigervalues.Thedetailsof this preprocessinggndthe motivationbehindit, aregiven
in moredetailin [1].

Thefacesetcompriseda numberof subjectseachposing7 differentexpressions,
namelyanger disgustfear, happinessneutral,sadnesandsurprise. The numbersof
eachemotionwere approximatelybalancedandwere 17, 15, 15, 18, 14,17 and 14
respectiely. Each50-dimensional/ectorcould thereforebe labelledby the identity
of the subjectand by the emotionposed.The taskwasto designa localist network
to learnto classify the facesinto categyoriesdefinedby their emotionalexpression.



As will be seenandasis perhapsntuitively obvious, this taskis moredifficult than
classifyingthefacesby identity.

Thedecisionto usealocalistnetwork wasmotivatedby earlierwork (e.g.,[7] [8])
that highlightedthe advantage®f suchmodels.Of course giventhatthe taskis one
of classificationit would have beenpossibleto train, usingtheback-propagatio(BP)
learningrule, a standardhree-layei(of units) network, with 50 input unitsand7 out-
put units eachone representinga localist coding of the correctexpression-catgory.
Nonethelessgiventhe resenationsexpressedy myselfandothers(see[8] andac-
compalying commentaryyith regardto theplausibility of BP learning,analternatie
modelwassought.Similarly, asimpletwo-layernetwork trainedby the delta-rulewas
avoidedin favour of anetwork constrainedguchthateachcategorywasrepresentetly
anoutputunit whoseactivationwould bemaximalfor aprototypicalcategyory member
— nota naturalconsequencef applyingdelta-rulelearning.This constraintencour
agedthe useof aradial-basis-functiofRBF) network, aswill be describedelow.

2. A NaiveFirst Step

A naive first step,that helpedto clarify the natureof the problem,wasto attempt
a simple nearest-neighbourlassificationof a giventestface-patternTo be specific,
eachfacewasclassifiedaccordingo theemotionalabelof its nearesheighbouiin 50-
dimensionakpacePerformancavasextremelypoorfor thefollowing reasonbecause
eachsubjectposedeachexpression(with afew exceptionsit is likely thatthe nearest
faceto that of subjectA posingexpressionl is that of subjectA posinga different
expressionln thesecircumstancesn which distancebetweendifferentexpressions
posedby the samemodelis smalleron averagethandistancebetweendifferentmod-
elsposingthe sameexpressionperformancef a nearesheighbourclassifieris guar
anteedo be poorin the expressionclassificationtask. One might saythat similarity
betweenvectorsis dominatedby identity at the expenseof expression.This is intu-
itively plausible:lt is notdifficult to imaginethat,evenin thefull 10000-dimensional
facespaceanimageof one personposingsurpriseis more similar to an image of
thesamepersonposing,say happinesshanit is to oneof anothemersonposingsur
prise.We can see therefore that the task facedby the network is in somesenseto
learnto pay attentionto thatsubsebf the 50 dimensionsvhich definesa subspacén
which expression®f the sametype do indeedcluster regardlesof the identitiesof
themodels.

In orderto formalize this idea,andtaking an RBF-typeapproach) next tried a
simpletwo-layerclassifierwith 50 input nodesand7 outputnodeseachrepresenting
agivenexpressionTheweight,w;;, incomingto the:" outputnodefrom the j" input
node,representedhe meanvaluealongthe j" dimensionof patternsin classi. On
presentatiomf a givenpattern p, for classificationtheactivation, A; of the:™ output
nodewasgivenby

A=K - f(Z g(ajid;i)) 1)

whereK is aconstantf andg arefunctionsto bedefined o ;; representsheattention
paid by thes" outputnodeto the j" input dimensionandd;; is a measuresqualto



|wj; — pji|, theabsolutevalueof differencebetweerthe j" elemenbf theinputvector
andthecorrespondingveight. Thisideaof attentionalveightingis very similarto that
foundin Nosofsk/’'s generalizedontext model([4]) andKruschke’'s ALCOVE model
([3))with oneexception:in themodeldescribedere eachoutputnodecanallocateits
attentiondifferently. This seemedh usefuldevelopmentincethe dimensiongelevant
to the classificationof oneemotionmight well differ from thoserelevantto the clas-
sification of otheremotions.In the work of Nosofsky and Kruschle, the attentional
parameterdiave beenervisagedas allowing the “stretchingand “shrinking” of the
input spaceto permitmoreappropriateclassificationHerethe aimis for eachoutput
node(i.e., eachemotionclassifier)to learnto stretchandshrinkits input spacein a
mannersuchthatpatternscorrespondingo thatemotionclassarewell clustered.
Thefirst network testedusedthe simplestversionof (1), namely

J

Thereweresevenoutputnodesonefor eachexpressioncateyory, andthe bottom-up
weightvectorto a givennodewassetto the 50-D meanvectorfor the corresponding
catagyory. Classificatiorof a testvectorwasimplementedyy clampingthetestvector
attheinput andactivatingthe outputnodesaccordingto (2). The cateyory of the test
vectorwasassumedo bethatcorrespondingo the mostactive of the outputnodes.

Attentionalweights,a;; in (2), wereinitialized to unity sothatthe classifierstarts
asa l-nearest-neighbouwlassifierin an undistortedinput space We thenattempted
to amelioratethe poor performanceof this classifier(describedearlier) by adjusting
only thevaluesof theattentionalweights.At first, this waseffectedby alearningrule
which canbe qualitatively summarizeas:

1. presenpatternandclassifyby the nearestveightedprototype.

2. if classificationis correctreduceattentionto badly matchingdimensions(i.e.,
thosewith high d;;), increaseattentionto well matchingdimensions.

3. if classificationis incorrectincreaseattentionto badly matchingdimensionsde-
creasdo well matchingdimensions.

The intuition underlyingthis procedurewasthatif a testpatternwas classifiedcor
rectly despitea large mismatch(i.e., d;;) alonga givendimensionthena sensitvity
to valuesalong that dimensionis not likely to be critical in calculatingthe activa-
tion of thenoderepresentinghatcateyory. Corversely for anerroneouslyesponding
catggory node moreattentionshouldbe paidto badly matchingdimensions.
Beyondanintuitive appealjt canalsobe seenthat sucha procedureminimisesa
measuref errorwith respecto theattentionalveightsusinga gradient-descent-based

rule. From(2),

0A4A;
= —dj; 3
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which indicatesthatif we wish to increasehe activation of a givennodein response
to aparticulartestpattern thenwe shouldsubtractvalueproportionatto d;; fromthe
correspondingattentionalweights.A large valueof d;; will leadto a large decrease



in attentionto thatdimensionasmallvalueof d;; will leadto a smallattentionalde-
creaseThe qualitative procedureesnumerate@dbove suggestanincreasen attention
to well-matcheddimensionaunderthesecircumstancesatherthana smalldecrease.
This canbe achieved by renormalizingthe attentionalweightsto a constantsum (or
length)aftereachweightchange.

The simple learningrule describedabove was testedextensiely, using a leave-
one-outcrossalidationregime. (This regimeinvolves,for eachpatternin thetraining
set,training the network on all otherpatternsn the setandtestingthe resultantnet-
work’s performancewith the patternitself — this givesa goodtestof generalization
while maximizingthe size of the training setin eachcase.)While it provedpossible
to increaseperformanceon the training setusingthe attentionalearningrule, gener
alizationperformancevaspoor. The performancenever approachedhe 95% correct
for training patternsand 78% correctfor untrained(leave-one-outkest patternsthat
couldbeachieredusinga standardineardiscriminantanalysison this dataset.

3. Theoretical Considerations

It wasdecidedto make a moredetailedtheoreticalanalysisof the problem.In partic-
ular, classificationwasconcevedof asa Bayesiarmaximum-likelihooddecision.For
amultidimensionaNormaldistribution centredon meanvectorm
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wherep(z) is a probability densityfunction and X' is the covariancematrix. This
impliesthat

logp(e) = log K — S 10g(15) ~ 3 (@ ~m)" S @—m) ()

where K is a constant(It is often moreconvenientto dealwith thelogarithmof the
probability ratherthanthe probability itself, sincethe probability valuescanbecome
very small. Looking for a classwith the maximumlog posteriorprobabilityis equiv-
alentto seekingthe classwith the maximum posteriorprobability becausehe log
function is monotonicincreasing.)Variousassumptiongan be madeaboutthe co-
variancematrix for a givencategory. For example,if we assumehatthe off-diagonal
elementsare zero and that the on-diagonalelementg(i.e., the variancesof eachdi-
mension)areequalto (1/a1,1/as,...,1/a,) (Wherethe secondsubscriptedndex
of a;; hasbeendroppedherebecauseve areonly talking aboutthedistribution within
asinglecategory) then

1 1
logp(x) =log K + 3 Z loga; — 3 Z aj(zj —my)? (6)
7j=1 7j=1
wheren isthenumberof inputdimensionsThusthelog probabilitydensityata given
vectorz is given by a constantminusa linear combination(i.e., attentionalweight-
ing) of the dimensionwisealistancesquaredthistime with anadditionalnormalizing



factor Z};l log «;. If this function (with the constaniog K termdroppedfor con-
venience)is allowed to replacethe previous activation function for outputnodesin
our RBF network then,givenatestvectorasinput, theoutputnodeswill respondwith
activationsequalto the posteriorprobability of eachclassgiventhattestvector(as-
suminguniform priors) providing the our two assumptionsretrue, thatis, thatthe
covariancematrix is diagonal,andthatthe attentionalweighton a givendimensionis
equalto the reciprocalof the variancealongthatdimension.Picking the mostactive
output node correspondstherefore,to a maximumlik elihood decisionprocesshat
assumesiniform priors.
Looking atthe partial derivative of log p() with respecto o; gives

Olosp@) _ 1L _ g )
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which is similar to the earlier partial derivative but with the additionall/c; term. A

learningrule basedon this partial derivative hasthe correctform suchthata; tends
towardsthereciprocalof thewithin-classvariancealongthe j* inputdimensionThis
is, of course gxactly asis requiredto satisfythe secondf our assumptionsbove.

Unfortunatelythefirst assumptionthatof diagonahithin-classcovariancematri-
ces,is overly restrictve, evenin caseswhen,ashere thefactthatthe 50-D vectorsare
themselesderived from a PCA ensuredhat the covariancematrix taken acrossthe
whole 110-patterrsetis indeeddiagonal Of courseit is possibleto useafull covari-
ancematrixandto performtheappropriatenathematicatalculationgo givethevalue
of the posteriorlog probability of a given classbut the neuralnetwork implementa-
tion becomesomeavhatcomplicateddueto theappearancef unwantedcrossproduct
terms.Anotherway aroundthis problem the oneadoptechere,is to “whiten” eachof
the classesthatis to preprocesshe membersf a given classsuchthattheir covari-
ancematrix becomesliagonal.Oneway of doingthisis to performclass-conditional
PCAs, thatis, for eachclassperforma PCA using only membersof that class.For
eachclass this resultsin a numberof linear componentgat mostonefewer thanthe
numberof patternsn theclass)epresentin@rotatedspacef reducedlimensionality
for which the class-conditionatovariancematrix is indeeddiagonal.

The structureof a network for implementingthis class-conditionaWwhitening is
shavn in Fig. 1. Eachclasshasa groupof preprocessingodeswhich arededicated,
via PCA (or similar), to the representatiorof membersin that classin a whitened
spaceThereareanumberof self-olganizingnetworkswhich canperformPCA([2, 5,
6,9]), andthesemightbeemployedin thelearningof thelayerl to layer2 connections
for eachclass.This wasnot donefor the preliminarytestspresentedhere.A standard
PCA algorithmwas run separatelyfor eachclassto producedirectly the valuesof
thecorrespondingnetwork weights.Becausef the restrictionsof the PCA algorithm
availableandthefactthatthesmallesibof the classe®nly containedl4 facesthe PCA
was run only on the first 13 valuesof the original 50-dimensionapatternset (i.e.,
thosel3with thehighesteigervalues)o give 13-dimensionalectorsat the outputof
eachof the class-specifipreprocessingnodules Thelayer?2 to Layer 3 weightsthen
encodethe meanvectorsfor eachof the seven classestakenacrossthe preprocessed
patterndor thatclass.
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Figurel: Thestructureof the network

The classificationof a test face now involves the following: the reduced13-
dimensionapatterncorrespondingo thefaceis clampedatlayer1; eachof theclass-
specificpreprocessinghoduleshenprocessethatvector, resultingin sevendifferent
13-D outputvectors onefor eachclassithesevectorsarethenprocessefurtherusing
attentionaleightswhich aresetto thereciprocalof the within-classvariancesn the
whitenedclass-specifispacesAgain, in the preliminarytestingpresentedhere these
weightswere calculatedratherthanlearned.They should,however, be learnablevia
therule describedn (7). Eachoutputnodeactivatesto anextentequalto thelog pos-
terior probability of membershipf the correspondinglass.Picking the mostactive
of the outputnodesimplementsa maximumlik elihood decision.Prior probabilities
canbeincorporatednto the modelby addingthe relevantbiasto eachof the output
units.

4. Results

PreliminaryresultswereencouragingUsingonly thefirst 13 of the 50 dimensionsn
theoriginalinput patternset,andthe preprocessingtrateyy describedabove, training
patternperformanceof 95% correctwasachieved. Cross-alidation performanceus-
ing aleave-one-oumethod resultedin 93% correct.As a caveatregardingthis latter
figure,we notethatall thetraining patternsvereusedin performingthe class-specific
PCAsfrom which the weightsin the preprocessingtagesverederived; lik ewise, all
patternswere usedin the settingof the class-specifiattentionalweights(i.e. recip-
rocal variances)Theleft-out patternwasnot, however, usedin the calculationof the
class-conditionahearnvectorsor thepreprocessepatterns93%correctis thuslik ely
to beanoverestimatef the crosswalidatedperformancef the network. Nonetheless,
for the reduced13-D input patterns,a linear discriminantanalysisgives only 65%
of training patternscorrectanda crosswalidated(leave-one-outperformancef only



42% correct. This suggestghat the ability of the two-stagenetwork effectively to
modelfully generalwithin-classcovariancematrices,confersa considerablgerfor
manceadvantagethoughatthe costof increasedetwork complexity.

5. Conclusion

The ideasandresultspresentedereare only preliminary but they suggestiway in
which standardunsupervisedearningproceduregsanbe combinedto give a network
whosegeneralizatiorabilities are much improved over simple localist alternatves,
suchasunrefinednearest-neighbouechniquesThe enhancedlassificatiorrelieson
usinga subnetvork dedicatedo eachcategory, which producesasits outputthe pos-
terior probability of that category giventhe teststimulus.Iln doing so, the classifica-
tion network concentrategts “attention” on tranformeddimensionsvhich showv low
within-classvariance Putanothemway, the subnetverk dedicatedo a givenclassex-
aminegheteststimulusfor evidenceof invariantpatternghatcharacterizeéhatclass.

In this preliminarywork, mary implementationashortcutshave beentaken, such
astheexternalcalculationof class-specifi® Csandsubsequenyithin-category vari-
ances .deally, further work would build suchfunctionality into the framework of a
fully self-olganizingnetwork. One interestingpoint to noteis that traditional PCA
pulls out first thoselinear combinationghat “soak up” the mostvariancein the in-
put. Becausef their high variance thesearethe components$o which the subsequent
classificationprocesspaysleastattention.It might be betterto seekto extract first
(nonzero)linear combinationswith low variance sincethesebestcharacterizevhat
is invariantabouta given class,andarethe dimensiongo which mostattentionwill
subsequentlye paid.

The network trainedasdescribedabove, is ableto performclassificationof faces
into emotionalcategyoriesequivalentto a Bayesiamrmaximume-likelihooddecisionrule.
It assumeshatall facesin a given catggory comefrom a single normaldistribution
centrecbnthecategory-mearvector Thisassumptiomightnotbeappropriate-there
may be morethanonedifferent“type” of hapyy face.This suggestshatthe network
might usefully be extendedby performingan early unsupervisedlusteringof faces
from a given class,with whitening and calculationof the log probability performed
separatelffor eachclusterratherthanjust assuminghateachclassis equivalentto a
singlecluster In the examplepresentedhere, however, this proceduredoesnot seem
necessaryo permitgoodclassificatiorperformanceWhichever proceduras used,it
is clearthat the preprocessingetworks generatedor the variousemotionalclasses
will not be appropriatefor otherclassicatiortasks,of the facesinto, say identity or
genderclasses(Comparethe inappropriatenestor a given task of hiddenunits in
a BP nettrainedon anothertask.) If otherclassificationsarerequired,thentraining
canproceedasbefore,with preprocessingetworks addedaccordingly Theresulting
network mightbedescribedasmodular with separatsubnetworksdedicatedowards
the recognitionof emotionsand identities. The doubledissociationghat have been
foundin patientpopulationspetweeremotionandidentity recognition,andbetween
the recognitionof differentemotions,might be seenas supportve of this modular
structure.
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