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Abstract
We describea novel methodfor simultaneouslydetectingfacesandestimatingtheir posein real
time. The methodemploys a convolutional network to mapimagesof facesto pointson a low-
dimensionalmanifoldparametrizedby pose,andimagesof non-facesto pointsfar away from that
manifold.Givenanimage,detectinga faceandestimatingits poseis viewedasminimizinganen-
ergy functionwith respectto theface/non-facebinaryvariableandthecontinuousposeparameters.
The systemis trainedto minimize a lossfunction that drivescorrectcombinationsof labelsand
poseto beassociatedwith lowerenergy valuesthanincorrectones.

Thesystemis designedto handleverylargerangeof poseswithoutretraining.Theperformance
of thesystemwastestedonthreestandarddatasets—forfrontalviews,rotatedfaces,andpro�les—
is comparableto previoussystemsthataredesignedto handleasingleoneof thesedatasets.

Weshow thatasystemtrainedsimuiltaneouslyfor detectionandposeestimationis moreaccu-
rateonbothtasksthansimilar systemstrainedfor eachtaskseparately.1

Keywords: facedetection,poseestimation,convolutionalnetworks,energy basedmodels,object
recognition

1. Intr oduction

Thedetectionof humanfacesin naturalimagesandvideosis a key componentin a wide varietyof
applicationsof human-computerinteraction,searchandindexing, security, andsurveillance.Many
real-world applicationswould pro�t from view-independentdetectorsthatcandetectfacesundera
wide rangeof poses:looking left or right (yaw axis),up or down (pitch axis),or tilting left or right
(roll axis).

In this paperwe describea novel methodthatcannot only detectfacesindependentlyof their
poses,but alsosimultaneouslyestimatethoseposes.Thesystemis highly reliable,runsin realtime

1. A morepreliminaryversionof thiswork appearsas:Osadchy etal. (2005).
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on standardhardware,andis robustto variationsin yaw (� 90� ), roll (� 45� ), pitch (� 60� ), aswell
aspartialocclusions.

The methodis motivatedby the idea that multi-view facedetectionand poseestimationare
socloselyrelatedthat they shouldnot beperformedseparately. The tasksarerelatedin thesense
that they could usesimilar featuresand internal representations,and must be robust against the
samesortsof variation:skin color, glasses,facialhair, lighting, scale,expressions,etc. We suspect
that, whentrainedtogether, eachtaskcanserve asan inductive biasfor the other, yielding better
generalizationor requiringfewer trainingexamples(Caruana,1997).

To exploit thesynergy betweenthesetwo tasks,wetrainalearningmachineto mapinputimages
to pointsin a low-dimensionalspace.In thelow-dimensionaloutputspacewe embeda facemani-
fold which is parameterizedby facialposeparameters(e.g.,pitch, yaw, androll). A convolutional
network is trainedto mapfaceimagesto pointson thefacemanifoldthatcorrespondto theposeof
thefacesandnon-faceimagesto pointsfar away from thatmanifold. After training,a detectionis
performedby measuringwhetherthedistanceof theoutputpoint from themanifoldis lower thana
threshold.If thepoint is closeto themanifold,indicatingthata faceis presentin theimage,its pose
parameterscanbeinferredfrom thepositionof theprojectionof thepointontothemanifold.

Tomapinputimagestopointsin thelow-dimensionalspace,weemploy aconvolutionalnetwork
architecture(LeCunetal.,1998).Convolutionalnetworksarespeci�cally designedto learninvariant
representationof images. They caneasily learn the type of shift-invariant local featuresthat are
relevantto facedetectionandposeestimation.More importantly, they canbereplicatedover large
images(appliedto every sub-windows in a large image)at a small fractionof thecostof applying
moretraditionalclassi�ersto everysub-windows in animage.This is aconsiderableadvantage for
building real-timesystems.

As alearningmachineweusetherecentlyproposedEnergy-BasedModels(EBM) thatprovidea
descriptionandtheinferenceprocessandthelearningprocessin asingle,well-principledframework
(LeCunandHuang,2005;LeCunetal., 2006).

Givenaninput (animage),anEnergy-BasedModel associatesanenergy to eachcon�guration
of thevariablesto bemodeled(theface/non-facelabelandtheposeparametersin ourcase).Making
aninferencewith anEBM consistsin searchingfor a con�gurationof thevariablesto bepredicted
thatminimizestheenergy, or comparingtheenergiesof a smallnumberof con�gurationsof those
variables.EBMs have a numberof advantagesover probabilisticmodels:(1) Thereis no needto
computepartitionfunctions(normalizationconstants)thatmaybeintractable;(2) becausethereis
no requirementfor normalization,the repertoireof possiblemodelarchitecturesthat canbe used
is considerablyricher. In our applicationwe de�ne an Energy-BasedModel as a scalar-valued
energy function of threevariables: image,label, andpose,andwe treat poseas a deterministic
latentvariable.Thusbothlabelof animageandposeareinferredthroughtheenergy-minimization
process.

Training an EBM consistsin �nding valuesof the trainableparameters(which parameterize
theenergy function) thatassociatelow energiesto “desired”con�gurationsof variables,andhigh
energiesto “undesired”con�gurations.With probabilisticmodels,makingtheprobabilityof some
valueslargeautomaticallymakestheprobabilitiesof othervaluessmallbecauseof thenormaliza-
tion. With EBM's makingtheenergy of desiredcon�gurationslow maynot necessarilymake the
energiesof othercon�gurationshigh. Therefore,onemustbe very carefulwhendesigningloss
functionsfor EBMs. In our applicationto facedetectionwe derive a new typeof contrastiveloss
functionthatis tailoredto suchdetectiontasks.
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Thepaperis organizedasfollows. First, someof the relevantprior workson multi-view face
detectionarebrie�y discussed.Section2 discussesthesynergy betweenposeestimationandface
detection,anddescribesthe basicmethodsfor integratingthem. Section3 discussesthe learning
machine,andSection4 givestheresultsof experimentsconductedwith oursystem.Section5 draws
someconclusions.

1.1 PreviousWork

Learning-basedapproachesto facedetectionabound,includingreal-timemethods(Viola andJones,
2001),andapproachesbasedon convolutionalnetworks(Vaillant et al., 1994;GarciaandDelakis,
2002). Most multi-view systemstake a view-basedapproach,which involves building separate
detectorsfor differentviews andeitherapplyingthemin parallel(Pentlandet al., 1994;Sungand
Poggio,1998;SchneidermanandKanade,2000;Li et al., 2002)or usinga poseestimatorto select
the mostappropriatedetector(JonesandViola, 2003;Huanget al., 2004). Anotherapproachis
to estimateandcorrectin-planerotationsbeforeapplyinga singlepose-speci�cdetector(Rowley
et al., 1998b).Someattemptshave beendonein integratingposesearchanddetection,but in much
smallerspaceof poseparameters(FleuretandGeman,2001).

Closertoourapproachis thatof Li etal. (2000),in whichanumberof SupportVectorRegressors
aretrainedto approximatesmoothfunctions,eachof whichhasamaximumfor afaceataparticular
pose.Anothermachineis trainedto convert theresultingvaluesto estimatesof poses,anda third
machineis trainedto convert thevaluesinto a face/non-facescore.Theresultingsystemis rather
slow. SeeYangetal. (2002)for survey of facedetectionmethods.

2. Integrating FaceDetectionand PoseEstimation

To exploit thepositedsynergy betweenfacedetectionandposeestimation,wemustdesignasystem
that integratesthesolutionsto thetwo problems.Merely cascadingtwo systemswheretheanswer
to oneproblemis usedto assistin solvingtheotherwill notoptimallytakeadvantageof thesynergy.
Therefore,bothanswersmustbederivedfrom oneunderlyinganalysisof theinput,andbothtasks
mustbetrainedtogether.

Our approachis to build a trainablesystemthat can map raw imagesX to points in a low-
dimensionalspace(Figure1). In thatspace,wepre-de�nea facemanifoldF(Z) thatweparameter-
ize by theposeZ. We train thesystemto mapfaceimageswith known posesto thecorresponding
pointson the manifold. We alsotrain it to mapimagesof non-facesto pointsfar away from the
manifold.Duringrecognition,thesystemmapstheinput imageX to apoint in thelow dimensional
spaceG(X). Theproximity of G(X) to themanifold thentells uswhetheror not an imageX is a
face.By �nding theposeparametersZ thatcorrespondto thepoint on themanifold that is closest
to thepointG(X) (projection),weobtainanestimateof thepose(Figure2).

2.1 Parameterizing the FaceManif old

We will now describethe detailsof the parameterizationsof the facemanifold. Threecriteria di-
rectedthedesignof the facemanifold: (1) preservingthe topologyandgeometryof theproblem;
(2) providing enoughspacefor mappingthe backgroundimagesfar from the manifold (sincethe
proximity to themanifold indicateswhetherthe input imagecontainsa face);and(3) minimizing
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Face Manifold
parameterized by pose

Train Mapping: G

Low dimensional space

F(Z)

Figure1: Manifold Mapping—Training

Face Manifold
parameterized by pose

Apply Mapping: G

Low dimensional space

F(Z)

Image X

G(X)
�

G(X)-F(Z) �

Figure2: Manifold Mapping—RecognitionandPoseEstimation.
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thecomputationalcostof �nding theparametersof theclosestpointon themanifoldto any point in
thespace.

Let'sstartwith thesimplestcaseof oneposeparameterZ = q, representing,say, yaw. If wewant
to preserve thenaturaltopologyandgeometryof theproblem(the�rst criterion),thefacemanifold
underyaw variationsin the interval [� 90� ;90� ] shouldbe a half circle (with constantcurvature).
Thenaturalway of representinga circle is with sineandcosinefunctions. In this casewe embed
theangleparameterin two dimensionalspace.Now imagesof faceswill bemappedto pointson
the half circle manifold correspondingto q, andnon-faceimageswill be mappedto pointsin the
rest of the two dimensionalspace. Having lots of free spaceto representnon-faceimagesmay
benecessary, dueto theconsiderableamountof variability in non-faceimages.So increasingthe
dimensionof embeddingmighthelpusin betterseparationof faceandnon-faceimages(thesecond
criterion). In thecaseof singleposeparameterwesuggest3D embedding.

To make the projectionandparameterestimationsimple (the third criterion), we embedthis
half-circlein a three-dimensionalspaceusingthreeequally-spacedshiftedcosinefunctions(Figure
3):

Fi(q) = cos(q� a i); i = 1;2;3; q = [�
p
2

;
p
2

]; a = f�
p
3

;0;
p
3

g:

A point on the facemanifold parameterizedby the yaw angleq is F(q) = [F1(q);F2(q);F3(q)].
Whenwerun thenetwork onanimageX, it outputsavectorG(X). Theyaw angleq corresponding
to thepointon themanifoldthatis closestto G(X) canbeexpressedanalyticallyas:

q = arctan
å 3

i= 1Gi(X) cos(a i)

å 3
i= 1Gi(X) sin(a i)

:

Thepointon themanifoldclosestto G(X) is justF(q).
The functionchoiceis not limited to cosine.However cosinesarepreferablesincethey allow

computingthe poseanalytically from the output of the network. Without this property, �nding
theposecouldbeanexpensive optimizationprocess,or evenrequiretheuseof a secondlearning
machine.

Thesameideacanbegeneralizedto any numberof poseparameters.Let usconsiderthesetof
all faceswith yaw in [� 90;90] androll in [� 45;45]. In anabstractway, this setis isomorphicto a
portionof a sphere.Consequently, we canrepresenta point on the facemanifoldasa functionof
thetwo poseparametersby 9 basisfunctionsthatarethecross-productsof threeshiftedcosinesfor
oneof theangles,andthreeshiftedcosinesfor theotherangle:

Fi j (q; f ) = cos(q� a i) cos(f � b j ); i; j = 1;2;3:

For convenience,we rescalethe roll anglesto the range[� 90;90] which allows us to setbi = a i .
With thisparameterization,themanifoldhasconstantcurvature,whichensuresthattheeffectof er-
rorswill bethesameregardlessof pose.Givena9-dimensionaloutputvectorfrom theconvolutional
network Gi j (X), wecomputethecorrespondingyaw androll anglesq; f asfollows:

cc = å i j Gi j (X) cos(a i) cos(b j ); cs = å i j Gi j (X) cos(a i) sin(b j );
sc = å i j Gi j (X) sin(a i) cos(b j ); ss = å i j Gi j (X) sin(a i) sin(b j );

q = 0:5(atan2(cs+ sc;cc� ss) + atan2(sc� cs;cc+ ss)) ;
f = 0:5(atan2(cs+ sc;cc� ss) � atan2(sc� cs;cc+ ss)) .

The processcaneasilybe extendedto includepitch in additionto yaw androll, aswell asother
parametersif necessary.

1201



OSADCHY, LECUN AND M ILLER

F1

F2

F3

Face Manifold

pose
�

3

�

2

�

3

�

2

Figure3: Left: facemanifoldembedding;right: manifoldparametrizationby singleposeparame-
ter. Thevalueof eachcosinefunctionfor oneposeangleconstitutethethreecomponents
of apointon thefacemanifoldcorrespondingto thatpose.

3. Learning Machine

To mapinput imagesto pointsin the low-dimensionalspace,we employ a convolutionalnetwork
architecturetrainedusing Energy Minimization Framework. Next we presentthe detailsof the
learningmachine.

3.1 Energy Minimization Framework

We proposethe following con�guration of the Energy BasedModel (LeCun and Huang,2005;
LeCunet al., 2006). Considera scalar-valuedfunctionEW(Y;Z;X), whereX is a raw image,Z is
a facial pose(e.g.,yaw androll asde�ned above), Y is a binary label: Y = 1 for face,Y = 0 for
non-face.W is a parametervectorsubjectto learning.EW(Y;Z;X) canbeinterpretedasanenergy
function that measuresthe degreeof compatibility betweenthe valuesof X;Z;Y. The inference
processconsistsin clampingX to theobservedvalue(theimage),andsearchingfor con�gurations
of Z andY thatminimizetheenergy EW(Y;Z;X):

(Y;Z) = argminY2f Yg; Z2f ZgEW(Y;Z;X)

wheref Yg = f 0;1g andf Zg = [� 90;90] � [� 45;45] for yaw androll variables.
Ideally, if the input X is the imageof a facewith poseZ, then a properly trainedsystem

shouldgive a lower energy to the facelabelY = 1 thanto thenon-facelabelY = 0 for any pose:
EW(1;Z;X) < EW(0;Z0;X), 8Z0. For accurateposeestimation,thesystemshouldgive a lower en-
ergy to the correctposethanto any otherpose:EW(1;Z0;X) > EW(1;Z;X), 8Z06= Z. Training a
machineto satisfythosetwo conditionsfor any imagewill guaranteethat the energy-minimizing
inferenceprocesswill producethecorrectanswer.

Transformingenergiesto probabilitiescaneasilybedonevia Gibbsdistribution:

P(Y;ZjX) = exp(� bEW(Y;Z;X))=
Z

y2f Yg;z2f Zg
exp(� bEW(y;z;X))

whereb is anarbitrarypositive constant,andf Yg andf Zg arethesetsof possiblevaluesof y and
z. With this formulation,wecaneasilyinterprettheenergy minimizationwith respecttoY andZ as
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Convolutional
network

Analytical mapping
onto face manifold

�

Gw(X)-F(Z) �

Gw(X) F(Z)

W (param)

X (image)

E (energy)

Z (pose) Y (label)

T

Switch

Figure4: Architectureof theMinimum Energy Machine.

a maximumconditionallikelihoodestimationof Y andZ. This probabilisticinterpretationassumes
that the integral in the denominator(the partition function) converges. It is easyto designsuch
an energy function for our case.However, a properprobabilisticformulationwould requireus to
usethenegative log-likelihoodof the trainingsamplesasour lossfunction for training. This will
requireusto computethederivativeof thedenominatorwith respectto thetrainableparametersW.
Thisis unnecessarycomplicationwhichcanbealleviatedby adoptingtheenergy-basedformulation.
Removing thenecessityfor normalizationgivesuscompletefreedomin thechoiceof the internal
architectureandparameterizationof EW(Y;Z;X), aswell asconsiderable�e xibility in thechoiceof
thelossfunctionfor training.

Ourenergy functionfor afaceEW(1;Z;X) is de�nedasthedistancebetweenthepointproduced
by thenetwork GW(X) andthepointwith poseZ on themanifoldF(Z):

EW(1;Z;X) = kGW(X) � F(Z)k:

Theenergy function for a non-faceEW(0;Z;X) is equalto a constantT thatwe caninterpretasa
threshold(it is independentof Z andX). Thecompleteenergy functionis:

EW(Y;Z;X) = YkGW(X) � F(Z)k+ (1� Y)T:

Thearchitectureof themachineis depictedin Figure4. Operatingthis machine(�nding theoutput
labelandposewith thesmallestenergy)comesdown to �rst �nding: Z = argminZ2f ZgjjGW(X) � F(Z)jj ,
andthencomparingthis minimum distance,kGW(X) � F(Z)k, to the thresholdT. If it' s smaller
than T, then X is classi�ed as a face,otherwiseX is classi�ed as a non-face. This decisionis
implementedin thearchitectureasaswitch, thatdependsuponthebinaryvariableY.

For simplicity we �x T to bea constant.Although it is alsopossibleto make T a functionof
poseZ.
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3.2 Convolutional Network

We employ a Convolutional Network asthe basicarchitecturefor the GW(X) function that maps
imagepointsin theface-space.Thearchitectureof convolutionalnetsis somewhat inspiredby the
structureof biologicalvisualsystems.Convolutionalnetshave beenusedsuccessfullyin a number
of visionapplicationssuchashandwritingrecognition(LeCunetal.,1989,1998),andgenericobject
recognition(LeCunetal.,2004).Severalauthorshaveadvocatedtheuseof ConvolutionalNetworks
for objectdetection(Vaillant et al., 1994;Nowlan andPlatt,1995;LeCunet al., 1998;Garciaand
Delakis,2002).

Convolutionalnetworksare“end-to-end”trainablesystemthatcanoperateonraw pixel images
andlearnlow-level featuresandhigh-level representationin an integratedfashion. Eachlayer in
a convolutional net is composedunits organizedin planescalled featuremaps. Eachunit in a
featuremaptakesinputsfrom a smallneighborhoodwithin thefeaturemapsof thepreviouslayer.
Neighboringunits in a featuremapareconnectedto neighboring(possiblyoverlapping)windows.
Eachunit computesa weightedsumof its inputsandpassestheresultthrougha sigmoidsaturation
function.All unitswithin afeaturemapsharethesameweights.Therefore,eachfeaturemapcanbe
seenasconvolving thefeaturemapsof thepreviouslayerswith small-sizekernels,andpassingthe
sumof thoseconvolutionsthroughsigmoidfunctions.Units in a featuremapdetectlocal features
atall locationson thepreviouslayer.

Convolutional netsareadvantageousbecausethey canoperateon raw imagesandcaneasily
learnthe typeof shift-invariantlocal featuresthatarerelevant to imagerecognition.Furthermore,
they arevery ef�cient computationallyfor detectionandrecognitiontasksinvolving a sliding win-
dow over largeimages(Vaillantetal., 1994;LeCunetal., 1998).

Thenetwork architectureusedfor trainingis shown in Figure5. It is similar to LeNet5(LeCun
et al., 1998), but containsmore featuremaps. The network input is a 32� 32 pixel gray-scale
image. The �rst layerC1 is a convolutional layer with 8 featuremapsof size28� 28. Eachunit
in eachfeaturemap is connectedto a 5 � 5 neighborhoodin the input. Contiguousunits in C1
take input from neighborhoodon the input that overlapby 4 pixels. The next layer, S2, is a so-
calledsubsamplinglayerwith 8 featuremapsof size14� 14. Eachunit in eachmapis connected
to a 2 � 2 neighborhoodin the correspondingfeaturemap in C1. Contiguousunits in S2 take
input from contiguous,non-overlapping2x2 neighborhoodsin thecorrespondingmapin C1. C3 is
convolutionalwith 20 featuremapsof size10� 10. Eachunit in eachfeaturemapis connectedto
several 5 � 5 neighborhoodsat identical locationsin a subsetof S2's featuremaps. DifferentC3
mapstake input from differentsubsetsof S2to breakthesymmetryandto forcethemapsto extract
differentfeatures.S4 is a subsamplinglayer with 2� 2 subsamplingratioscontaining20 feature
mapsof size5� 5. LayerC5 is aconvolutionallayerwith 120featuremapsof size1� 1 with 5� 5
kernels.EachC5 maptakesinput from all 20 of S4's featuremaps.Theoutputlayerhas9 outputs
(sincethe facemanifold is nine-dimensional)andis fully connectedto C5 (sucha full connection
canbeseenasaconvolutionwith 1� 1 kernels).

3.3 Training with a ContrastiveLossFunction

The vectorW containsall 63;493 weightsand kernel coef�cients in the convolutional network.
They areall subjectto trainingby minimizing a singlelossfunction. A key element,anda novel
contribution,of thispaperis thedesignof thelossfunction.
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Figure5: Architectureof convolutionalnetwork usedfor training. This representsonesliceof the
network with with a 32� 32 input window. Theslice includesall theelementsthatare
necessaryto computea singleoutputvector. The trainednetwork is replicatedover the
full input image,producingoneoutputvectorfor each32� 32 window steppedevery 4
pixelshorizontallyandvertically. Theprocessis repeatedatmultiplescales.

ThetrainingsetS is composedof two subsets:thesetS1 of trainingsamples(1;X i ;Zi) contain-
ing a faceannotatedwith thepose;andthesetS0 of trainingsample(0;X i) containinga non-face
image(background).The lossfunctionL (W;S) is de�ned astheaverageover S1 of a per-sample
lossfunctionL1(W;Zi ;Xi), plustheaverageoverS0 of aper-samplelossfunctionL0(W;Xi):

L (W;S) =
1

jS1j å
i2S1

L1(W;Zi ;Xi) +
1

jS0j å
i2S0

L0(W;Xi): (1)

Facesampleswhoseposeis unknown caneasilybeaccommodatedby viewing Z asa“deterministic
latentvariable”over which theenergy mustbeminimized. However, experimentsreportedin this
paperonly usetrainingsamplesmanuallylabeledwith thepose.

For aparticularpositivetrainingsample(X i ;Zi ;1), theper-samplelossL1 shouldbedesignedin
suchawaythatits minimizationwith respecttoW will maketheenergy of thecorrectanswerlower
thantheenergiesof all possibleincorrectanswers.Minimizing sucha lossfunctionwill make the
machineproducethe right answerwhenrunningthe energy-minimizing inferenceprocedure.We
canwrite this conditionas:

Condition 1

EW(Yi = 1;Zi ;Xi) < EW(Y;Z;Xi) for Y 6= Yi or Z 6= Zi :

Satisfyingthisconditioncanbedoneby satisfyingthetwo following conditions

Condition 2

EW(1;Zi ;Xi) < T and EW(1;Zi ;Xi) < min
Z6= Zi

EW(1;Z;Xi):
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Following LeCunandHuang(2005),weassumethatthelossis a functionalthatdependsonX only
throughthesetof energiesassociatedwith X andall thepossiblevaluesof Z andY. Thisassumption
allowsusto decouplethedesignof thelossfunctionfrom theinternalstructure(architecture)of the
energy function. We alsoassumethat thereexist aW for which condition2 is satis�ed. This is a
reasonableassumption,we merelyensurethatthelearningmachinecanproducethecorrectoutput
for any singlesample.We now show that, with our architecture,if we chooseL1 to be a strictly
monotonicallyincreasingfunctionof EW(1;Zi ;Xi) (over thedomainof E), thenminimizingL1 with
respectto W will causethemachineto satisfycondition2. The�rst inequalityin 2 will obviously
besatis�edby minimizing sucha loss.Thesecondinequalitywill besatis�ed if EW(1;Z;Xi) hasa
single(non-degenerate)globalminimumasafunctionof Z. Theminimizationof L1 with respectto
W will placethisminimumatZi , andthereforewill ensurethatall othervaluesof Z will havehigher
energy. Our energy functionEW(1;Z;X) = jjGW(X) � F(Z)jj indeedhasa singleglobalminimum
asa functionof Z, becauseF(Z) is injectiveandthenormis convex. Thesingleglobalminimumis
attainedfor GW(X) = F(Z). For ourexperiments,wesimplychose:

L1(W;1;Z;X) = EW(1;Z;X)2:

For a particularnegative (non-face)training sample(X i ;0), the per-samplelossL0 shouldbe
designedin sucha way that its minimizationwith respectto W will make the energy for Y = 1
andany valueof Z higher than the energy for Y = 0 (which is equalto T). Minimizing sucha
lossfunctionwill make themachineproducetheright answerwhenrunningtheenergy-minimizing
inferenceprocedure.Wecanwrite theconditionfor correctoutputas:

Condition 3

EW(1;Z;Xi) > T 8Z

whichcanbere-writtenas:

Condition 4

EW(1;Z;Xi) > T Z = argminzEW(1;z;Xi):

Again,weassumethatthereexistsaW for whichcondition4 is satis�ed. It is easyto seethat,with
our architecture,if we chooseL0 to bea strictly monotonicallydecreasingfunctionof EW(1;Z;Xi)
(over the domainof E), thenminimizing L0 with respectto W will causethe machineto satisfy
condition4. For ourexperiments,wesimplychose:

L0(W;0;Xi) = K exp[� E(1;Z;Xi)]

whereK is apositiveconstant.A nicepropertyof this functionis thatit is boundedbelow by 0, and
thatits gradientvanishesweapproachtheminimum.

Theentiresystemwastrainedby minimizing averagevalueof thelossfunctionin Eq. (1) with
respectto the parameterW. We useda stochasticversionof the Levenberg-Marquardtalgorithm
with diagonalapproximationof theHessian(LeCunetal., 1998).
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Figure6: Screenshotfrom annotationtool.

3.4 Running the Machine

The detectionsystemoperateson raw grayscaleimages.The convolutional network is appliedto
all 32� 32 sub-windows of the image,steppedevery 4 pixelshorizontallyandvertically. Because
the layersareconvolutional,applyingtwo replicasof the network in Figure5 to two overlapping
inputwindowsleadsto aconsiderableamountof redundantcomputation.Eliminatingtheredundant
computationyieldsa dramaticspeedup: eachlayerof theconvolutionalnetwork is extendedsoas
to cover theentireinput image. Theoutputis alsoreplicatedthesameway. Due to the two 2� 2
subsamplinglayers,weobtainoneoutputvectorevery4� 4 pixels.

To detectfacesin a size-invariantfashion,thenetwork is appliedto multiple down-scaledver-
sionsof theimageover a rangeof scalessteppedby a factorof

p
2. At eachscaleandlocation,the

network's9-dimensionaloutputvectoris comparedto theclosestpointonthefacemanifold(whose
position indicatesthe poseof the candidateface). The systemcollectsa list of all locationsand
scalesof outputvectorscloserto the facemanifold thanthedetectionthreshold.After examining
all scales,thesystemidenti�es groupsof overlappingdetectionsin the list anddiscardsall but the
strongest(closestto the manifold) from eachgroupwithin an exclusionareaof a presetsize. No
attemptis madeto combinedetectionsor applyany votingscheme.

4. Experimentsand Results

Using thearchitecturedescribedin Section3, we built a detectorto locatefacesandestimatetwo
poseparameters:yaw from left to right pro�le, andin-planerotationfrom � 45 to 45 degrees.The
machinewastrainedto berobustagainstpitchvariation.

In this section,we �rst describethetrainingprotocolfor this network, andthengive theresults
of two setsof experiments.The �rst setof experimentstestswhethertraining for the two tasks
togetherimprovesperformanceon both. The secondsetallows comparisonsbetweenour system
andotherpublishedmulti-view detectors.
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4.1 Training

The imageswe usedfor training were collectedat NEC Labs. All faceimageswere manually
annotatedwith appropriateposes.Theannotationprocesswasgreatlysimpli�ed by usinga simple
tool for specifyinga locationandapproximateposeof a face. The userinterfacefor this tool is
shown in Figure6. Annotationprocessis doneby �rst clicking on themidpointbetweentheeyes
andon the centerof the mouth. The tool thendraws a perspective grid in front of the faceand
the useradjustsit to be parallel to the faceplane. This processyields estimatesfor all six pose
parameters:location(x;y), threeangles(yaw, pitch,androll) andscale.Theimageswereannotated
in sucha way that themidpointbetweentheeyesandon thecenterof themoutharepositionedin
thecenterof theimage.This allows thesetwo pointsto stay�x edwhentheposechangesfrom left
to right pro�le. Thedownsideis thatpro�les occupy only half of theimage.

In this mannerwe annotatedabout30,000facesin imagesfrom varioussources.Eachface
wasthencroppedandscaledsothattheeyemidpointandthemouthmidpointappearedin canonical
positions,10pixelsapart,in 32� 32-pixel imagewith somemoderatevariationof locationandscale.
Theresultingimageswheremirroredhorizontally, to yield roughly60,000faces.Weremovedsome
portion of facesfrom this setto yield a roughly uniform distribution of posesfrom left pro�le to
right pro�le. Unfortunately, theamountof variationin pitch (up/down) wasnot suf�cient to do the
same.This wasthe reasonfor training our systemto be robust againstpitch variationinsteadof
estimatingthe pitch angle. The roll variationwasaddedby randomlyrotatingthe imagesin the
rangeof [� 45;45] degrees.Theresultingtrainingsetconsistedof 52;850,32x32grey-level images
of faceswith uniformdistributionof poses.

Theinitial setof negative trainingsamplesconsistedof 52;850imagepatcheschosenrandomly
from non-faceareasin a varietyof images.For thesecondsetof tests,half of theseimageswere
replacedwith imagepatchesobtainedby runningthe initial versionof thedetectoron the training
imagesandcollectingfalsedetections.

Eachtraining imagewasused5 timesduring training, with randomvariationsin scale(from
x
p

2 to x(1+
p

2)), in-planerotation(� 45� ), brightness(� 20),andcontrast(from 0.8to 1.3).
To trainthenetwork,wemade9 passesthroughthisdata,thoughit mostlyconvergedafterabout

the�rst 6 passes.Thetrainingsystemwasimplementedin theLushlanguage(BottouandLeCun,
2002).Thetotal trainingtime wasabout26 hourson a 2GhzPentium4. At theendof training,the
network hadconvergedto anequalerror rateof 5% on thetrainingdataand6% on a separatetest
setof 90,000images.

A standaloneversionof thedetectionsystemwasimplementedin theC language.It candetect,
locate,andestimatetheposeof facesthatarebetween40and250pixelshigh in a640� 480image
at roughly5 framespersecondona2.4GHzPentium4.

4.2 Synergy Tests

Thegoalof thesynergy testwasto verify thatbothfacedetectionandposeestimationbene�t from
learningandrunningin parallel. To test this claim we built threenetworks with almostidentical
architectures,but trainedto performdifferenttasks.The�rst onewastrainedfor simultaneousface
detectionandposeestimation(combined),thesecondwastrainedfor detectiononly andthe third
for poseestimationonly. The“detectiononly” network hadonly oneoutputfor indicatingwhether
or not its input wasa face. The “poseonly” network wasidenticalto the combinednetwork, but
trainedon facesonly (no negative examples).Figure7 shows theresultsof runningthesenetworks
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Figure7: Synergy test.Left: ROCcurvesfor thepose-plus-detectionanddetection-onlynetworks.
(Thex axis is the falsepositive rateper image).Right: frequency with which thepose-
plus-detectionandpose-onlynetworkscorrectlyestimatedtheyaws within variouserror
tolerances.
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Figure8: Resultson standarddatasets.Left: ROC curvesfor our detectoron the threedatasets.
Thex axis is theaveragenumberof falsepositivesper imageover all threesets,soeach
point correspondsto a singledetectionthreshold.Right: frequency with which yaw and
roll areestimatedwithin variouserrortolerances.

on our 10,000testimages.In both thesegraphs,we seethat thepose-plus-detectionnetwork had
betterperformance,con�rming thattrainingfor eachtaskbene�tstheother.

4.3 Standard Data Sets

Thereis no standarddatasetthatspanstherangeof posesour systemis designedto handle.There
are,however, datasetsthathave beenusedto testmorerestrictedfacedetectors,eachsetfocusing
on a particularvariationin pose.By testinga singledetectorwith all of thesesets,we cancompare
our performanceagainstpublishedsystems.As far aswe know, we arethe �rst to publishresults
for asingledetectoronall thesedatasets.Thedetailsof thesesetsaredescribedbelow:
� MIT+CMU (SungandPoggio,1998;Rowley et al., 1998a)– 130imagesfor testingfrontal face
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detectors.We count517 facesin this set,but the standardtestsonly usea subsetof 507 faces,
because10facesarein thewrongposeor otherwisenotsuitablefor thetest.(Note:about2%of the
facesin thestandardsubsetarebadly-drawn cartoons,whichwedonot intendoursystemto detect.
Nevertheless,we includethemin theresultswe report.)
� TILTED (Rowley etal.,1998b)– 50 imagesof frontal faceswith in-planerotations.223facesout
of 225arein thestandardsubset.(Note: about20%of thefacesin thestandardsubsetareoutside
of the � 45� rotationrangefor which our systemis designed.Again, we still includethesein our
results.)
� PROFILE (SchneidermanandKanade,2000)– 208 imagesof facesin pro�le. Thereseemsto
besomedisagreementaboutthenumberof facesin thestandardsetof annotations:Schneiderman
andKanade(2000)reportsusing347facesof the462thatwefound,JonesandViola (2003)reports
using355, andwe found 353 annotations.However, thesediscrepanciesshouldnot signi�cantly
effect thereportedresults.

We counteda faceasbeingdetectedif 1) at leastonedetectionlay within a circle centeredon
themidpointbetweentheeyes,with a radiusequalto 1.25timesthedistancefrom thatpoint to the
midpoint of the mouth,and2) that detectioncameat a scalewithin a factorof two of the correct
scalefor theface's size.We counteda detectionasa falsepositive if it did not lie within this range
for any of thefacesin theimage,includingthosefacesnot in thestandardsubset.

Theleft graphin Figure8showsROCcurvesfor ourdetectoronthethreedatasets.Figures9,10
show detectionresultson variousposes.Table1 shows our detectionratescomparedagainstother
multi-view systemsfor which resultsweregivenon thesedatasets.We wantto stressherethatall
thesesystemsaretestedin a posespeci�c manner:for example,a detectortestedon TILTED setis
trainedonly onfrontal tilted faces.Suchadetectorwill notbeableto detectnonfrontal tilted faces.
Combiningall posevariationsin onesystemobviously will increasethenumberof falsepositives,
sincefalsepositivesof view-baseddetectorsarenot necessarilycorrelated.Our systemis designed
to handleall posevariations.Thismakesthecomparisonin Table1 somewhatunfair to oursystem,
but wedon't seeany otherwayof comparisonagainstothersystems.

ThetableshowsthatourresultsontheTILTED andPROFILE setsaresimilarto thoseof thetwo
Jones& Viola detectors,andevenapproachthoseof theRowley etal andSchneiderman& Kanade
non-real-timedetectors.Thosedetectors,however, arenotdesignedto handleall variationsin pose,
anddo not yield poseestimates.More recentsystemreportedin Huanget al. (2004)is alsoreal-
time andcanhandleall posevariation,but doesn't yield poseestimates.Unfortunately, they also
reportthe resultsof posespeci�c detectors.Theseresultsarenot shown in Table1, becausethey
reportdifferentpointson ROC curve in the PROFILE experiment(86:2% for 0.42f.p per image)
andthey didn't teston theTILTED set.Eventhoughthey traineda combineddetectorfor all pose
variations,they did not test it the way we did. Their testconsistsin runningthe full detectoron
thePROFILE setrotatedby [-30, 30] degreesin-plane.Unfortunately, they do not provide enough
detailsto recreatetheir testset.

Theright sideof Figure8 shows our performanceat poseestimation.To make this graph,we
�x edthedetectionthresholdat a valuethat resultedin about0.5 falsepositivesper imageover all
threedatasets.We thencomparedtheposeestimatesfor all detectedfaces(includingthosenot in
thestandardsubsets)againstour manualposeannotations.Notethatthis testis moredif�cult than
typical testsof poseestimationsystems,wherefacesare�rst localizedby hand. Whenwe hand-
localizethesefaces,89%of yaws and100%of in-planerotationsarecorrectlyestimatedto within
15� .
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Figure9: Someexamplefacedetections.Eachwhiteboxshowsthelocationof adetectedface.The
angleof eachbox indicatestheestimatedin-planerotation. Theblackcrosshairswithin
eachbox indicatetheestimatedyaw.
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Figure10: Moreexamplesof facedetections.
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Dataset! TILTED PROFILE MIT+CMU
Falsepositivesper image ! 4.42 26.90 .44 3.36 .50 1.28

Our detector 90% 97% 67% 83% 83% 88%
Jonesand Viola (2003)(tilted) 90% 95% x x
Jonesand Viola (2003)(pro�le) x 70% 83% x
Rowley etal. (1998a) 89% 96% x x
SchneidermanandKanade(2000) x 86% 93% x

Table1: Comparisonsof ourresultswith othermulti-view detectors.Eachcolumnshowsthedetec-
tion ratesfor a givenaveragenumberof falsepositivesper image(theseratescorrespond
to thosefor which otherauthorshave reportedresults).Resultsfor real-timedetectorsare
shown in bold. Notethatoursis theonly singledetectorthatcanbetestedon all datasets
simultaneously.

5. Conclusion

Thesystemwe have presentedhereintegratesdetectionandposeestimationby traininga convolu-
tionalnetwork to mapfacesto pointsonamanifold,parameterizedby pose,andnon-facesto points
far from the manifold. The network is trainedby optimizing a lossfunction of threevariables—
image,pose,andface/non-facelabel.Whenthethreevariablesmatch,theenergy functionis trained
to haveasmallvalue,whenthey donotmatch,it is trainedto havea largevalue.

Thissystemhasseveraldesirableproperties:
� Theuseof aconvolutionalnetwork makesit fast.At typicalwebcamresolutions,it canprocess5
framespersecondona2.4GhzPentium4.
� It is robustto a wide rangeof poses,includingvariationsin yaw up to � 90� , in-planerotationup
to � 45� , andpitch up to � 60� . This hasbeenveri�ed with testson threestandarddatasets,each
designedto testrobustnessagainstasingledimensionof posevariation.
� At the sametime that it detectsfaces,it producesestimatesof their pose.On the standarddata
sets,theestimatesof yaw andin-planerotationarewithin 15� of manualestimatesover 80%and
95%of thetime,respectively.

We have shown experimentallythat our system's accuracy at both poseestimationand face
detectionis increasedby trainingfor thetwo taskstogether.
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