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Abstract

We describea neurally-inspired,unsupervisedlearningalgorithm that
builds a non-lineargenerative model for pairsof faceimagesfrom the
sameindividual. Individualsarethenrecognizedby finding thehighest
relative probabilitypair amongall pairsthatconsistof a testimageand
animagewhoseidentity is known. Ourmethodcomparesfavorablywith
othermethodsin theliterature.Thegenerativemodelconsistsof asingle
layer of rate-coded,non-linearfeaturedetectorsandit hasthe property
that,givena datavector, the true posteriorprobability distribution over
thefeaturedetectoractivities canbeinferredrapidly without iterationor
approximation.Theweightsof thefeaturedetectorsarelearnedby com-
paringthecorrelationsof pixel intensitiesandfeatureactivationsin two
phases:Whenthenetwork is observingrealdataandwhenit is observing
reconstructionsof realdatageneratedfrom thefeatureactivations.

1 Intr oduction

Facerecognitionis difficult whenthenumberof individualsis largeandthetestandtraining
imagesof anindividual differ in expression,pose,lighting or thedateon which they were
taken. In additionto beinganimportantapplication,facerecognitionallowsusto evaluate
differentkindsof algorithmfor learningto recognizeor compareobjects,sinceit requires
accuraterepresentationof fine discriminative featuresin the presenceof relatively large
within-individual variations. This is madeeven more difficult when thereare very few
exemplarsof eachindividual.

Westartbydescribinganew unsupervisedlearningalgorithmfor arestrictedform of Boltz-
mannmachine[1]. We thenshow how to generalizethegenerativemodelandthelearning
algorithmto dealwith real-valuedpixel intensitiesandrate-codedfeaturedetectors.We
thenapplythemodelto facerecognitionandcompareit to othermethods.

2 Inferenceand learning in RestrictedBoltzmann Machines

A RestrictedBoltzmannmachine(RBM) [2] is aBoltzmannmachinewith alayerof visible
units and a single layer of hiddenunits with no hidden-to-hiddennor visible-to-visible�
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Figure1: AlternatingGibbssamplingandthetermsin thelearningrulesof a RBM.

connections.Becausethereis no explainingaway [3], inferencein anRBM is mucheasier
thanin a generalBoltzmannmachineor in a causalbelief network with onehiddenlayer.
Thereis no needto performany iterationto determinethe activities of the hiddenunits,
as the hiddenstates,��� , are conditionally independent given the visible states,��� . The
distributionof ��� is givenby thestandardlogistic function:

�	�
� ����
�� � �
��� 

�������� ����� � � �!�"�"� � (1)

Conversely, thehiddenstatesof anRBM aremarginally dependent soit is easyfor anRBM
to learnpopulationcodesin which unitsmaybehighly correlated.It is hardto do this in
causalbelief networks with one hiddenlayer becausethe generative model of a causal
belief netassumesmarginal independence.

An RBM canbetrainedusingthestandardBoltzmannmachinelearningalgorithmwhich
followsanoisybut unbiasedestimateof thegradientof thelog likelihoodof thedata.One
way to implementthis algorithmis to start the network with a datavectoron the visible
unitsandthento alternatebetweenupdatingall of thehiddenunitsin parallelandupdating
all of thevisible units in parallelwith Gibbssampling.Figure1 illustratesthis process.If
this alternatingGibbssamplingis run to equilibrium,thereis a very simpleway to update
theweightssoasto minimizetheKullback-Leiblerdivergence,#%$ �&� #(' , betweenthedata
distribution, #)$ , andthe equilibrium distribution of fantasiesover the visible units, #(' ,
producedby theRBM [4]: * � �+�-,/.)���
����021435�/.5�"�6����0 187 (2)

where .9� � � � 021 3 is theexpectedvalueof � � � � whendatais clampedon thevisible units
andthe hiddenstatesaresampledfrom their conditionaldistribution given the data,and.5�"�
�:�"0 1;7 is theexpectedvalueof �"�
�:� afterprolongedGibbssampling.

This learningrule doesnot work well becauseit cantake a long time to approachequi-
librium andthe samplingnoisein the estimateof .<� � � � 0 1 7 canswampthe gradient.
Hinton [1] shows that it is far moreeffective to minimizethedifference between#)$ �=� #('
and #?> �=� #(' where #?> is the distribution of the one-stepreconstructionsof the datathat
areproducedby first picking binaryhiddenstatesfrom their conditionaldistribution given
thedataandthenpicking binaryvisible statesfrom their conditionaldistribution giventhe
hiddenstates.Theexactgradientof this “contrastive divergence”is complicatedbecause
the distribution #?> dependson the weights,but this dependencecansafelybe ignoredto
yield a simple andeffective learningrule for following the approximategradientof the
contrastivedivergence: * � �+� ,/.5� � � � 021 3 �@.)� � � � 021;A (3)

3 Applying RBMs to facerecognition

For imagesof faces,binarypixelsarefarfrom ideal.A simplewayto increasetherepresen-
tationalpower without changingthe inferenceandlearningproceduresis to imaginethat



eachvisibleunit, B , has 
�C replicaswhichall have identicalweightsto thehiddenunits.So
far asthehiddenunitsareconcerned,it makesno differencewhich particularreplicasare
turnedon: it is only thenumberof active replicasthatcounts.Soa pixel cannow have 
D

differentintensities.During reconstructionof theimagefrom thehiddenactivities, all the
replicascansharethecomputationof theprobability, �E� , of turningon,andthenwecanse-
lect F replicasto beon with probability G >H$IKJ FML�N � 
�C � F �:O >QPRL�NTS . We actuallyapproximated
this binomialdistribution by just addinga little Gaussiannoiseto 
�C �M� androunding.The
sametrick canbeusedfor thehiddenunits. Eq. 3 is unaffectedexceptthat � � and � � are
now thenumberof active replicas.

Thereplicatrick canbeseenasa wayof simulatinga singleneuronovera time interval in
whichit mayproducemultiplespikesthatconstitutearate-code.For thisreasonwecall the
model“RBMrate”. We assumedthat thevisible unitscanproduceup to 10 spikesandthe
hiddenunitscanproduceup to 100spikes.We alsomadetwo furtherapproximations:We
replaced�"� and ��� in Eq. 3 by their expectedvaluesandwe usedtheexpectedvalueof ���
whencomputingtheprobabilityof activationof thehiddenunits. However, we continued
to usethestochasticallychosenintegerfiring ratesof thehiddenunitswhencomputingthe
one-stepreconstructionsof thedata,sothehiddenactivitiescannottransmitanunbounded
amountof informationfrom thedatato thereconstruction.

A simpleway to useRBMratefor facerecognitionis to trainasinglemodelonthetraining
set,andto identify afaceby findingthegalleryimagethatproducesahiddenactivity vector
that is mostsimilar to the oneproducedby the face. This is how eigenfacesareusedfor
recognition,but it doesnot work well becauseit doesnot take into accountthe fact that
somevariationsacrossfacesareimportantfor recognition,while somevariationsarenot.
To correctthis, we insteadtrainedan RBMratemodelon pairsof differentimagesof the
sameindividual,andthenweusedthismodelof pairsto decidewhichgalleryimageis best
pairedwith the test image. To accountfor the fact that the model likessomeindividual
faceimagesmorethanothers,wedefinethefit betweentwo facesU > and UWV as X � U >ZY UWV ���X � U V Y U > � � X � U > Y U > � � X � U V Y U V � wherethe goodnessscore X �\[ > Y [ V � is the negative
free energy of the imagepair [ > Y [ V underthe model. Weight-sharingis not used,henceX �\[ > Y [ V �^]� X �\[ V Y [ > � . However, to preserve symmetry, eachpair of imagesof thesame
individual [ >ZY [ V in the training sethasa reversedpair [ V Y [ > in the set. We trainedthe
modelwith 100hiddenunits on 1000imagepairs(500 distinct pairs)for 2000iterations
in batchesof 100, with a learningrateof _a` bdc 
�C PMe for the weights,a learningrateofbfc 
�C Pge for thebiases,andamomentumof C ` h�b .
Oneadvantageof eigenfacesovercorrelationis thatoncethetestimagehasbeenconverted
intoavectorof eigenfaceactivations,comparisonsof testandgalleryimagescanbemadein
thelow-dimensionalspaceof eigenfaceactivationsratherthanthehigh-dimensionalspace
of pixel intensities.Thesameappliesto our face-pairnetwork, asthegoodnessscoreof an
imagepair is a simplefunctionof the total input receivedby eachhiddenunit from each
image.Thetotal inputsfrom eachgalleryimagecanbeprecomputedandstored,while the
total inputs from a test imageonly needsto be computedoncefor comparisonswith all
galleryimages.

4 The FERET database

Our versionof theFERETdatabasecontained1002frontal faceimagesof 429individuals
takenovera periodof a few yearsundervaryinglighting conditions.Of theseimages,818
areusedasboththegalleryandthetrainingsetandtheremaining184aredividedinto four
disjoint testsets:

The i expressiontestsetcontains110imagesof differentindividuals. Theseindividuals
all have anotherimagein thetrainingsetthatwastakenwith thesamelighting conditions
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Figure2: Imagesarenormalizedin fivestages:a)Original image;b) Locatecentersof eyes
by hand;c) Rotateimage;d) Cropimageandsubsampleat b jkclbmj pixels;e)Maskout all
of thebackgroundandsomeof theface,leaving 
Zn j o pixelsin anoval shape;f) Equalize
theintensityhistogram;g) Someexamplesof processedimages.

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

The i days test set contains40 imagesthat comefrom 20 individuals. Eachof these
individualshastwo imagesfrom thesamesessionin thetrainingsetandtwo imagestaken
in asession4 dayslaterorearlierin thetestset.A further28individualswerephotographed
4 daysapartandall 112of theseimagesarein thetrainingset.

The i months testsetis just like the

*
days testsetexceptthatthetimebetweensessions

wasat leastthreemonthsanddifferentlighting conditionswerepresentin thetwo sessions.
This setcontains20 imagesof 10 individuals. A further36 imagesof 9 moreindividuals
wereincludedin thetrainingset.

The i glassestestsetcontains14 imagesof 7 differentindividuals.Eachof theseindivid-
ualshastwo imagesin thetrainingsetthatweretakenin anothersessionon thesameday.
Thetrainingandtestpairsfor anindividualdiffer in thatonepairhasglassesandtheother
doesnot. Thetrainingsetincludesa further24 images,half with glassesandhalf without,
from 6 moreindividuals.

The imagesinclude the whole head,partsof the shoulder, and background. Insteadof
working with whole images,which containmuchirrelevant information,we workedwith
faceimagesthatwerenormalizedasshown in figure2. Maskingout all of thebackground
inevitably loosesthecontourof thefacewhich containsmuchdiscriminative information.
The histogramequalizationstepremovesmost lighting effects,but it alsoremovessome
relevant informationlike the skin tone. For the bestperformance,the contourshapeand
skin tonewouldhave to beusedasadditionalsourcesof discriminative information.

5 Comparative results

We comparedRBMratewith four popularfacerecognitionmethods.The first andsim-
plest is correlation, which returnsthe similarity scoreasthe anglebetweentwo images
representedasvectorsof pixel intensities.This performedbetterthanusingtheEuclidean
distanceasa score.Thesecondmethodis eigenfaces[5], which first projectsthe images
ontotheprincipalcomponentsubspaces,thenreturnsthesimilarity scoreastheanglebe-
tweenthe projectedimages. The third methodis fisherfaces[6]. Insteadof projecting
the imagesontothesubspaceof theprincipalcomponents,which maximizesthevariance
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Figure3: Error ratesof all methodson all testsets. The barsin eachgroupcorrespond,
from left to right, to therank-1,rank-2,rank-4,rank-8andrank-16errorrates.Therank-F
error rateis thepercentageof testimageswherethe F mostsimilar gallery imagesareall
incorrect.

amongtheprojectedimages,fisherfacesprojectstheimagesontoa subspacewhich,at the
sametime,maximizesthebetweenindividual variancesandminimizesthewithin individ-
ual variancesin thetrainingset.Thefinal method,which we shallcall p ppca, is proposed
by Moghaddamet al [7]. This methodmodelsdifferencesbetweenimagesof the same
individual asa PPCA[8, 9], anddifferencesbetweenimagesof different individualsas
anotherPPCA.Thengiven a differenceof two images,it returnsas the similarity score
the likelihoodratio of the differenceimageunderthe two PPCAmodels. It wasthe best
performingalgorithmin theSeptember1996FERETtest[10].

For eigenfaces,weused199principalcomponents,omitting thefirst principalcomponent,
aswe determinedmanuallythat it encodessimply for lighting conditions.This improved
therecognitionperformanceson all the testsetsexceptfor

*
expression . We useda

subspaceof dimension200 for fisherfaces,while we used10 and30 dimensionalPPCAs
for the within-classandbetween-classmodelof q ppcarespectively. Theseare the same
numbersusedby Moghaddamet al andgivesthebestresultsin oursimulations.Thenum-
berof dimensionsor hiddenunits usedby eachmethodwasoptimizedfor thatparticular
methodfor bestperformance.

Figure3 showstheerrorratesof all fivemethodsonthetestsets.Theresultswereaveraged
over10randompartitionsof thedatasetto improvestatisticalsignificance.Correlationand
eigenfacesperformpoorly on

*
expression , probablybecausethey do not attemptto

ignorethewithin-individual variations,whereastheothermethodsdo. All themodelsdid
verypoorlyonthe

*
months testsetwhich is unfortunateasthis is thetestsetthatis most

like real applications.RBMrateperformedbeston

*
expression , fisherfacesis best

on

*
days and

*
glasses , while eigenfacesis beston

*
months . Theseresultsshow

that RBMrate is competitive with but do not performbetterthanothermethods.Figure
4 shows that after our preprocessing,humanobserversalsohave greatdifficulty with the*
months test set, probablybecausethe task is intrinsically difficult and is madeeven

harderby thelossof contourandskin toneinformationcombinedwith themisleadingoval



Figure4: Ontheleft is a testimagefrom

*
months andontheright arethe8 mostsimilar

imagesreturnedby RBMrate. Mosthumanobserverscannotfind thecorrectmatchwithin
these8.

Figure5: Examplefeatureslearnedby RBMrate. Eachpair of RFsconstitutesa feature.
Top half: with unconstrainedweights;bottomhalf: with non-negativeweightconstraints.

contourproducedby maskingout all of thebackground.

6 Receptive fields learnedby RBMrate

Thetophalf of figure5 showstheweightsof afew of thehiddenunitsaftertraining.All the
unitsencodeglobal features,probablybecausetheimagenormalizationensuresthat there
arestronglong rangecorrelationsin pixel intensities.The maximumsizeof the weights
is C ` Ca
Zn jDb , with mostweightshaving magnitudessmallerthan C ` C C b . Note,however, that
thehiddenunit activationsrangefrom 0 to 100.

On theleft are4 unitsexhibiting interestingfeaturesandon theright are4 unitschosenat
random.Thetopunit of thefirst columnseemsto beencodingthepresenceof mustachein
bothfaces.Thebottomunit seemsto becodingfor prominentright eyebrowsin bothfaces.
Note that thesearefacial featureswhich oftenremainconstantacrossimagesof thesame
individual. In thesecondcolumnaretwo featureswhichseemto encodefor differentfacial
expressionsin thetwo faces.Theright sideof the top unit encodesa smilewhile the left
sideis expressionless.This is reversedin thebottomunit. So thenetwork hasdiscovered
somefeatureswhicharefairly constantacrossimagesin thesameclass,andsomefeatures
which candiffer substantiallywithin a class.

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



negative. This is achievedby resettingnegative weightsto zeroaftereachweightupdate.
Thebottomhalf of figure5 shows someof thehiddenreceptive fields learned.Exceptfor
the4 featureson theleft, all otherfeaturesarelocalandcodefor featureslikemouthshape
changes(third column)andeyesandcheeks(fourthcolumn).The4 featureson theleft are
muchmoreglobalandclearlycapturethefactthatthedirectionof thelighting candiffer for
two imagesof thesameperson.Unfortunately, constrainingtheweightsto benon-negative
stronglylimits therepresentationalpowerof RBMrateandmakesit worsethanall theother
methodson all thetestsets.

7 Conclusions

We have introduceda new methodfor facerecognitionbasedon a non-lineargenerative
model. The generative model can be very complex, yet retainsthe efficiency required
for applications.Performanceon theFERETdatabaseis comparableto popularmethods.
However, unlikeothermethodsbasedon linearmodels,thereis plentyof roomfor further
developmentusingprior knowledgeto constraintheweightsor additionallayersof hidden
units to modelthe correlationsof featuredetectoractivities. Theseimprovementsshould
translateinto improvementsin therateof recognition.
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