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Abstract

We describea neurally-inspired,unsupervisedearning algorithm that
builds a non-lineargeneratre modelfor pairs of faceimagesfrom the
sameindividual. Individualsarethenrecognizedy finding the highest
relative probability pair amongall pairsthat consistof a testimageand
animagewhoseidentity is known. Our methodcompare$avorably with
othermethodsn theliterature. Thegeneratie modelconsistof asingle
layer of rate-codednon-linearfeaturedetectorsandit hasthe property
that, given a datavector, the true posteriorprobability distribution over
thefeaturedetectoractivities canbeinferredrapidly withoutiterationor
approximation.Theweightsof thefeaturedetectorsarelearnedby com-
paringthe correlationsof pixel intensitiesandfeatureactivationsin two
phasesWhenthenetwork is observingealdataandwhenit is observing
reconstructionsf realdatageneratedrom the featureactivations.

1 Intr oduction

Facerecognitionis difficult whenthenumberof individualsis largeandthetestandtraining

imagesof anindividual differ in expressionpose lighting or the dateon which they were
taken. In additionto beinganimportantapplication facerecognitionallows usto evaluate
differentkinds of algorithmfor learningto recognizeor compareobjects,sinceit requires
accuraterepresentatiorf fine discriminative featuresin the presenceof relatively large
within-individual variations. This is madeeven more difficult whenthereare very few

exemplarsof eachindividual.

We startby describinganew unsupervisetkarningalgorithmfor arestrictedorm of Boltz-
mannmaching[1]. We thenshowv how to generalizeéhe generatie modelandthelearning
algorithmto dealwith real-valuedpixel intensitiesand rate-codedeaturedetectors.We
thenapplythemodelto facerecognitionandcomparet to othermethods.

2 Inferenceand learning in Restricted Boltzmann Machines

A RestrictedBoltzmannmachingRBM) [2] is aBoltzmannmachinewith alayerof visible
units and a single layer of hiddenunits with no hidden-to-hiddemor visible-to-visible
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Figurel: AlternatingGibbssamplingandthe termsin thelearningrulesof a RBM.

connectionsBecausehereis no explainingaway [3], inferencein anRBM is mucheasier
thanin a generalBoltzmannmachineor in a causalbelief network with onehiddenlayer.

Thereis no needto performary iterationto determinethe activities of the hiddenunits,
asthe hiddenstates,s;, are conditionally independent given the visible states,s;. The
distribution of s; is givenby the standardogistic function:
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Corverselythehiddenstatesof anRBM aremarginally dependent soit is easyfor anRBM
to learnpopulationcodesin which units may be highly correlated.It is hardto do this in

causalbelief networks with one hiddenlayer becausehe generatre model of a causal
belief netassumesarginal independence.

p(sj =1]s:) =

An RBM canbetrainedusingthe standardBoltzmannmachinelearningalgorithmwhich
follows a noisybut unbiasedestimateof the gradientof thelog lik elihoodof thedata.One
way to implementthis algorithmis to startthe network with a datavectoron the visible
unitsandthento alternatebetweerupdatingall of the hiddenunitsin parallelandupdating
all of thevisible unitsin parallelwith Gibbssampling.Figure1 illustratesthis processIf
this alternatingGibbssamplingis run to equilibrium, thereis a very simpleway to update
theweightssoasto minimizethe Kullback-LeiblerdivergenceQ°||Q°, betweerthedata
distribution, Q°, andthe equilibrium distribution of fantasiesover the visible units, Q°°,
producedby theRBM [4]:

Aw,-j X <8i8j>Qo — <8;8;>Qee (2)

where< s;s;>qo is the expectedvalueof s;s; whendatais clampedon the visible units
andthe hiddenstatesare sampledfrom their conditionaldistribution given the data,and
<s;8;>Qe istheexpectedvalueof s;s; afterprolongedGibbssampling.

This learningrule doesnot work well becausét cantake a long time to approachequi-
librium and the samplingnoisein the estimateof < s;s; >~ canswampthe gradient.
Hinton [1] shaws thatit is far moreeffective to minimize the difference betweenQ®||Q>°
andQ'||Q> where@! is the distribution of the one-stereconstruction®f the datathat
areproducedy first picking binary hiddenstatesrom their conditionaldistribution given
thedataandthenpicking binary visible statesrom their conditionaldistribution giventhe
hiddenstates.The exactgradientof this “contrastve divergence”is complicatecbecause
the distribution Q! dependson the weights,but this dependenceansafelybe ignoredto
yield a simple and effective learningrule for following the approximategradientof the
contrastve divergence:

Awij x <8;8;>qg0 — <8;8;>1 (3)
3 Applying RBMs to facerecognition

Forimagesof faceshinarypixelsarefarfromideal. A simplewayto increaseherepresen-
tational power without changingthe inferenceandlearningproceduress to imaginethat



eachvisible unit, ¢, has10 replicaswhich all have identicalweightsto the hiddenunits. So
far asthe hiddenunits areconcernedit makesno differencewhich particularreplicasare
turnedon: it is only the numberof active replicasthatcounts.Soa pixel cannow have 11
differentintensities.During reconstructiorof theimagefrom the hiddenactities, all the
replicascansharethe computatiorof the probability, p;, of turningon, andthenwe canse-
lectn replicasto beon with probability (ﬁ?)npi (10 — n)(-P:), We actuallyapproximated
this binomial distribution by just addinga little Gaussiamoiseto 10p; androunding. The
sametrick canbe usedfor the hiddenunits. Eq. 3 is unafectedexceptthats; ands; are
now the numberof active replicas.

Thereplicatrick canbe seenasaway of simulatinga singleneuronoveratime interval in
whichit mayproducemultiple spikesthatconstitutearate-code For thisreasorwe call the
model“RBMrate”. We assumedhatthevisible units canproduceup to 10 spikesandthe
hiddenunits canproduceup to 100 spikes.We alsomadetwo furtherapproximations\We
replaceds; ands; in Eq. 3 by their expectedvaluesandwe usedthe expectedvalueof s;
whencomputingthe probability of activation of the hiddenunits. However, we continued
to usethe stochasticallychoserintegerfiring ratesof the hiddenunitswhencomputingthe
one-stepeconstructionsf thedata,sothe hiddenactiities cannottransmitanunbounded
amountof informationfrom the datato thereconstruction.

A simpleway to useRBMratefor facerecognitionis to trainasinglemodelon thetraining
set,andto identify afaceby findingthegalleryimagethatproduces hiddenactuity vector
thatis mostsimilar to the one producedby the face. This is how eigenfaicesare usedfor

recognition,but it doesnot work well becausét doesnot take into accountthe factthat
somevariationsacrossfacesareimportantfor recognition,while somevariationsarenot.
To correctthis, we insteadtrainedan RBMrate modelon pairsof differentimagesof the
sameindividual,andthenwe usedthis modelof pairsto decidewhich galleryimageis best
pairedwith the testimage. To accountfor the fact that the modellikes someindividual
faceimagesmorethanothers we definethefit betweertwo facesf; andf; asG(f1, f2) +

G(f2, f1) — G(f1, f1) — G(f2, f2) wherethe goodnesscoreG(v;,vs) is the negative
free enegy of the imagepair vy, v2 underthe model. Weight-sharings not used,hence
G(v1,v2) # G(va,v1). However, to presere symmetry eachpair of imagesof the same
individual vy, v9 in the training sethasa reversedpair vs,v; in the set. We trainedthe
modelwith 100 hiddenunits on 1000imagepairs (500 distinct pairs)for 2000iterations
in batchesof 100, with a learningrate of 2.5 x 10~° for the weights,a learningrate of

5 x 109 for the biasesanda momentunof 0.95.

Oneadwantageof eigenficesover correlationis thatoncethetestimagehasbeencorverted
into avectorof eigenficeactivations,comparisonsf testandgalleryimagesanbemaden
thelow-dimensionabkpaceof eigenficeactivationsratherthanthe high-dimensionaspace
of pixel intensities. Thesameappliesto our face-paimetwork, asthegoodnesscoreof an
imagepair is a simplefunction of the total input received by eachhiddenunit from each
image.Thetotal inputsfrom eachgalleryimagecanbe precompute@dndstored while the
total inputsfrom a testimageonly needsto be computedoncefor comparisonsith all
galleryimages.

4 The FERET database

Our versionof the FERETdatabaseontainedl002frontal faceimagesof 429individuals
takenovera periodof afew yearsundervaryinglighting conditions.Of theseimages 818
areusedasboththegalleryandthetrainingsetandtheremainingl84aredividedinto four
disjointtestsets:

The Aexpressiontestsetcontainsl10imagesof differentindividuals. Theseindividuals
all have anotherimagein thetraining setthatwastakenwith the samelighting conditions
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Figure2: Imagesarenormalizedn five stagesa) Originalimage;b) Locatecentersof eyes
by hand;c) Rotateimage;d) Cropimageandsubsampl&t 56 x 56 pixels;e) Maskoutall

of the backgrouncandsomeof the face,leaving 1768 pixelsin anoval shapef) Equalize
theintensityhistogramig) Someexamplesof processedmages.

at the sametime but with a differentexpression. The training setalsoincludesa further
244 pairsof imagesthatdiffer only in expression.

The Adays test set contains40 imagesthat comefrom 20 individuals. Eachof these
individualshastwo imagesfrom the samesessiorin thetraining setandtwo imagestaken
in asessiord dayslateror earlierin thetestset. A further28individualswerephotographed
4 daysapartandall 112 of theseimagesarein thetrainingset.

The Amonthstestsetis justlikethe Adays testsetexceptthatthetime betweersessions
wasatleastthreemonthsanddifferentlighting conditionswerepresenin thetwo sessions.
This setcontains20 imagesof 10 individuals. A further 36 imagesof 9 moreindividuals
wereincludedin thetrainingset.

The Aglassegestsetcontainsl4 imagesof 7 differentindividuals. Eachof theseindivid-
ualshastwo imagesin thetraining setthatweretakenin anothersessioron the sameday.
Thetrainingandtestpairsfor anindividual differ in thatonepair hasglassesandthe other
doesnot. Thetraining setincludesa further 24 images half with glasseandhalf without,
from 6 moreindividuals.

The imagesinclude the whole head, partsof the shouldey and background. Insteadof
working with whole images which containmuchirrelevantinformation,we worked with
faceimagesthatwerenormalizedasshowvn in figure 2. Maskingoutall of thebackground
inevitably loosesthe contourof the facewhich containsmuchdiscriminative information.
The histogramequalizationstepremovesmostlighting effects, but it alsoremovessome
relevantinformationlik e the skin tone. For the bestperformancethe contourshapeand
skintonewould have to be usedasadditionalsourcef discriminative information.

5 Comparativeresults

We comparedRBMrate with four popularfacerecognitionmethods. The first and sim-

plestis correlation, which returnsthe similarity scoreasthe anglebetweentwo images
representedsvectorsof pixel intensities.This performedbetterthanusingthe Euclidean
distanceasa score. The secondmethodis eigenfaced5], which first projectsthe images
ontothe principal componensubspaceghenreturnsthe similarity scoreasthe anglebe-

tweenthe projectedimages. The third methodis fisherfaces[6]. Insteadof projecting
theimagesontothe subspac®f the principal componentswhich maximizesthe variance
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Figure 3: Error ratesof all methodson all testsets. The barsin eachgroupcorrespond,
from left to right, to therank-1,rank-2,rank-4,rank-8andrank-16errorrates.Therankn
errorrateis the percentag®f testimageswherethen mostsimilar galleryimagesareall
incorrect.

amongthe projectedmagesfisherfacesprojectstheimagesonto a subspacevhich, at the

sametime, maximizesthe betweenndividual variancesandminimizesthe within individ-

ual variancesn thetrainingset. Thefinal method which we shallcall dppca, is proposed
by Moghaddamet al [7]. This methodmodelsdifferencesbetweenimagesof the same
individual asa PPCA[8, 9], anddifferenceshetweenimagesof differentindividuals as
anotherPPCA. Thengiven a differenceof two images,it returnsasthe similarity score
the likelihoodratio of the differenceimageunderthe two PPCAmodels. It wasthe best
performingalgorithmin the Septembel 996 FERETtest[10].

For eigenticeswe used199 principalcomponentspmitting thefirst principalcomponent,
aswe determinednanuallythatit encodessimply for lighting conditions. This improved

the recognitionperformance®n all the testsetsexceptfor Aexpr essi on . We useda

subspacef dimension200 for fisherfaceswhile we used10 and 30 dimensionaPPCAs
for the within-classand between-classnodel of dppcarespectiely. Theseare the same
numberauisedby Moghaddanret al andgivesthe bestresultsin our simulations.The num-

ber of dimensionor hiddenunits usedby eachmethodwas optimizedfor that particular
methodfor bestperformance.

Figure3 shavstheerrorratesof all five methodonthetestsets.Theresultswereaveraged
over 10 randompartitionsof the dataseto improve statisticalsignificance Correlationand
eigenficesperformpoorly on Aexpr essi on , probablybecause¢hey do not attemptto
ignorethe within-individual variations, whereaghe othermethodsdo. All the modelsdid
very poorlyonthe Anont hs testsetwhichis unfortunateasthisis thetestsetthatis most
like real applications. RBMrate performedbeston Aexpr essi on , fisherfacesis best
onAdays andAgl asses , while eigenficess beston Anont hs . Theseresultsshav
that RBMrate is competitive with but do not perform betterthan other methods. Figure
4 shaws that after our preprocessinghumanobsenersalso have greatdifficulty with the
Anont hs testset, probablybecausedhe taskis intrinsically difficult and is madeeven
harderby thelossof contourandskin toneinformationcombinedwith the misleadingoval



Figure4: Ontheleft is atestimagefrom Anont hs andontheright arethe8 mostsimilar
imageseturnedoy RBMrate. Mosthumanobsenerscannotfind the correctmatchwithin
these8.

Figure5: Examplefeaturedearnedby RBMrate. Eachpair of RFsconstitutesa feature.
Top half: with unconstrainedaveights;bottomhalf: with non-ngative weightconstraints.

contourproducecdby maskingout all of thebackground.

6 Receptvefieldslearnedby RBMrate

Thetop half of figure5 shavstheweightsof afew of thehiddenunitsaftertraining. All the
units encodeglobalfeatures probablybecausé¢heimagenormalizationensureghatthere
arestronglong rangecorrelationsin pixel intensities. The maximumsize of the weights
is 0.01765, with mostweightshaving magnitudesmallerthan0.005. Note, however, that
the hiddenunit activationsrangefrom 0 to 100.

Ontheleft are4 units exhibiting interestingfeaturesandon theright are4 unitschoserat
random.Thetop unit of thefirst columnseemdo beencodinghe presencef mustachen
bothfaces.Thebottomunit seemgo becodingfor prominentright eyebravsin bothfaces.
Notethatthesearefacial featureswhich oftenremainconstantacrossmagesof the same
individual. In thesecondtolumnaretwo featuresvhich seento encoddor differentfacial
expressionsn thetwo faces.Theright side of the top unit encodesa smile while the left
sideis expressionlessThis is reversedn the bottomunit. Sothe network hasdiscovered
somefeatureswvhich arefairly constanticrosimagesn the sameclass,andsomefeatures
which candiffer substantiallywithin aclass.

Inspiredby [11], we tried to enforcelocal featuresby restrictingthe weightsto be non-



negative. This is achieved by resettingnegative weightsto zeroafter eachweightupdate.
The bottomhalf of figure5 shovs someof the hiddenreceptve fields learned.Exceptfor
the4 featurentheleft, all otherfeaturesarelocal andcodefor featuredik e mouthshape
changegthird column)andeyesandcheekdqfourth column). The4 featuresontheleft are
muchmoreglobalandclearlycapturethefactthatthedirectionof thelighting candiffer for
two imagesof the sameperson.Unfortunately constrainingheweightsto be non-nejative
stronglylimits therepresentationgdower of RBMrateandmalesit worsethanall theother
methodson all thetestsets.

7 Conclusions

We have introduceda new methodfor facerecognitionbasedon a non-lineargeneratie
model. The generatrte model can be very comple, yet retainsthe efficiency required
for applications.Performancen the FERET databasés comparabldo popularmethods.
However, unlike othermethodsasedon linearmodels thereis plenty of roomfor further
developmentusingprior knowledgeto constrainthe weightsor additionallayersof hidden
unitsto modelthe correlationsof featuredetectoractiities. Theseimprovementsshould
translatento improvementsn therateof recognition.
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