Namesand Faces

Tamaral. Berg, AlexanderC. Berg, JaetyEdwards,MichaelMaire,
RyanWhite, Yee-Wlye Teh, Erik Learned-Miller D.A. Forsyth
University of California, Berleley

Departmenbf ComputerScience
Berkeley, CA94720

Abstract

We shaw that a large andrealistic face datasetcan be built from news photographsnd
theirassociatedaptions Our datasetonsistof 44,77 3faceimagespbtainedoy applying
aface nder to approximatelyhalf a million captionedhewns images.This dataseis more
realistic than usualfacerecognitiondatasetsbecauseét containsfacescaptured‘in the
wild” in avariety of con gurationswith respecto the camerataking a variety of expres-
sions,andunderillumination of widely varying color. Facesareextractedfrom theimages
andnamedrom the associatedaption.Our systemusesa clusteringprocedurgo nd the
correspondencleetweerfacesandassociatethamesn news picture-captiorpairs.

Thecontet in whichanameappearsn a captionprovidespowerful cuesasto whetherit
is depictedin the associatedmage.By incorporatingsimplenaturallanguageechniques,
we are ableto improve our nameassignmensigni cantly. Oncethe procedureis com-
plete,we have anaccuratelyiabeledsetof facesanappearancenodelfor eachindividual
depicted,and a naturallanguagemodel that can produceaccurateresultson captionsin
isolation.
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1 Intr oduction

Therearemary dataset®f imageswith associateavords.Examplesnclude:col-
lectionsof museunmaterial;the Corelcollectionof imagesary videowith sound
or closedcaptioning;imagescollectedfrom the web with their enclosingweb
pagespr captionechewsimages.

It is a remarkablefact that picturesand their associatecgnnotationsare compli-
mentary This obsenation hasbeenusedto browsemuseuncollections(3), orga-

Preprintsubmittedto Elsevier Science 26 July 2004



President George W. Bush makes a
statemenin the RoseGardenwhile Sec-
retary of Defense Donald Rumsfeld
looks on, July 23, 2003. Rumsfeldsaid
the United Stateswould releasegraphic
photographsf thedeadsonsof Saddam
Hussein to prove they were killed by
Americantroops.Photoby Larry Down-
ing/Reuters

British director Sam Mendes and his
partner actressKate Winslet arrive at
the London premiereof 'The Road to
Perdition’, September18, 2002. The
Ims starsTom Hanks asa Chicagohit
manwho hasa separatdamily life and
co-starsPaul Newman and Jude Law.
REUTERS/DarChung

IncumbentCalifornia Gov. Gray Davis
(news - web sites) leads Republican
challengeBill Simon by 10 percentage
points — although17 percentof voters
are still undecidedaccordingto a poll
releasedOctober22, 2002 by the Pub-
lic Policy Instituteof California.Davisis
shawn speakingo reportersafterhis de-
batewith Simonin Los Angeles,on Oct.
7. (Jim Ruymen/Reuters)

World numberone Lleyton Hewitt of
Australiahits areturnto Nicolas Massu
of Chile at the JapanOpentennischam-
pionshipsin Tokyo October 3, 2002.
REUTERS/ErikaSugita

German supermodelClaudia Schiffer
gave birth to a baby boy by Cae-
sarian section January 30, 2003, her
spokeswomasaid. The babyis the rst
child for both Schiffer, 32, and her hus-
band, British Im producer Matthew
Vaughn, who was at her side for the
birth. Schiffer is seenon the German
television shav 'Bet It...?!" (‘Wetten
Dass...?!")in Braunschweigpn January
26,2002.(Alexandrawinkler/Reuters)

US President George W. Bush (L)

makesremarkswhile Secretaryof State
Colin Powell (R) listensbeforesigning
the US LeadershipAgainstHIV /AIDS

, Tuberculosisand Malaria Act of 2003
at the Departmenbf Statein Washing-
ton, DC. The ve-yearplanis designed
to help prevent and treat AIDS, espe-
cially in morethana dozenAfrican and
Caribbeamations(AFP/Luké-razza)

Fig. 1. Sometypical nens phot@raphswith associateccaptionsfrom our datasetNotice

that multiple facesmayappearin the picturesand multiple namesmayoccurin the asso-
ciatedcaptions.Our taskis to detectfacesin thesepictures,detecthnamesn theassociated
captionsand then correctly label the faceswith names(or “NULL " if the correct name
doesnot appearin the captionor the namedentity recaynizerdoesnot detectthe correct

name).Theoutputof our systenon theseimagesappeasin gurebs.

nizelargeimagecollections(2; 17; 19), segmentimagey9), andrecognizeobjects
(11).

Previous researcthasproducedquite goodresultsby exploiting the complimen-
tary natureof words and pictures,but hasrelied on relatively simpleimageand
word representationgAll of the abore-mentionegapershave representedmnages
asregionsfoundthroughvariousformsof low-level sgmentationin thiswork we
exploit the pastdecadeof computervision researctbuilding specializeddetectors
for certainclassef objectsandfocuson facesin images.Facesarethe bestex-
ampleof a domainwhereobjectdetectionhasbeensuccessfuandvery goodface
detectorsareavailablee.q.(20; 27; 32); we usethedetectorof (20).

Concentratingon objectsin images,in particularfaces,provides the motivation
to similarly emphasizecertainpartsof the associatedext — namedentities.Re-
searchin naturallanguageprocessindhasproducedusefulnamedentity recogniz-
ers,which canidentify speci ¢ substringsnames,n captionsthat may refer to
facesin theassociatedmage.

The basictaskis thento nd a correspondencbetweenthe namesandfaces.A
correspondencss in facta labeling of the faces.As one byproducta correspon-



denceallows building modelsfor individuals' appearances$n additionsucha cor
respondencerovidestraining datafor a naturallanguagemodelrecognizingcon-
text arounda namethatindicatesit will be pictured,andpossiblyhow it will be
pictured. Using thesemodelsan estimatedcorrespondencean be improved. In
this papersolving the correspondoroblemand tting the associatechppearance
andnaturallanguagenodelsarecombinedin aniterative alternatingoptimization
framawork.

1.1 Faces

Facerecognitionis a well studiedproblem. Early recognitiontechniqueswere
basedon nearesheighborclassi ersbasedon pixel values.The nearesheighbor
searchwas mademore ef cient and possiblyrobust using dimensionalityreduc-
tion calledEigenfaces(26; 30). Later, linear discriminantmethodswereproposed
(4) thatutilized classinformationto produceanimproveddistancemetricandbet-
ter recognitionresults.More recently it hasbeenfound that modelsbasedon 3D
structure lighting, and surface appearancé8; 21) or appearancéasedmethods
thatexplicitly modelpose(16) give betterrecognitionrates.Somereviews of face
recognitionmethodsappeatn (15; 35; 21). Thetaskat handin this paperis more
restrictedthangeneralfacerecognition,in thatwe needonly distinguishbetween
a small numberof namesin the correspondingaption.This is a signi cant sim-
pli cation of the facerecognitiontask.As aresult,we canuseafairly simpleface
representatioasdiscussedn section3.3.

As can be seenin the literature,facesare dif cult to recognize.Although face
recognitionis well studiedthedisparitybetweenesultsreportedn researclpapers
andin realworld eld testsof recognitionsystemss quite large (24). It hasbeen
shavn (22) that the performanceof a facerecognitionsystemon a datasetcan
largely be predictedby the performanceof a baselinealgorithm,suchasprincipal

componentnalysison the samedatasetSincerecognitionsystemswvork well on

currentfacedatasetshut poorlyin practice this suggestshatthe datasetsurrently
usedare not representatie of real world settings.Becausecurrentdatasetavere
capturedin the lab, they may lack importantphenomendhat occurin real face
images.To solvefacerecognition systemsill haveto dealwell with adatasethat
is morerealistic,with wide variationsin color, lighting, expressionhairstyleand
elapsedime.

Oneconsequencef ourwork is alabeleddatasetapturedin thewild” consisting
of facesfrom news photographsthatdisplaysthe phenomendoundin realworld
facerecognitiontasks.This datasets derivedfrom alarge collectionof news pho-
tographswith associateaaptionscollectedfrom the world wide web at a rate of
hundreddo over a thousandoer day While the imagesare captionedthe identity
of individual facesis not given. Many imagescontainmultiple faces,andthe as-



Doctor Nikola shows a fork that was removed from an

Israeli woman who swallowed it while trying to catch apresident George W. Bush waves as he leaves
bug that flew in to her mouth, in Poriah Hospital White House for a day trip to North Carolina, Ju
northern Israel July 10, 2003. Doctors performed 25, 2002. A White House spokesman said that |
emergency surgery and removed the fork. (Reuters) would be compelled to veto Senate legislation
creating a new department of homeland security
unless changes are made. (Kevin Lamarque/Re

Fig. 2. In the news dataseta few individuals,like PresidenBush(right), are frequentlyin
the news so we have manypictures of them.Wheeasmostpeople like Dr. Nikola (left)
appearonly a few timesor in only one picture. This distribution re ects what we would
expectfromreal applications.For example in airport securitycameas, a few people (e.g.
airline staf) might be seenoften, but the majority of peoplewould appearinfrequently
Studyinghowrecanition systemperformunderthesecircumstancegs important.

sociatedcaptionscontainmary names.n this paperwe shov good solutionsto
this correspondencproblem,resultingin a facedatasethatis measurablynore
challenginghancurrentfacerecognitiondatasetgsection6).

1.2 Overviav

The procesdor building our face datasetconsistsof: detectingnamesusingthe
opensourcenamedentity recognizeof (10), detectingandrepresentindaceysec-
tion 3), andthenassociatinghosenameswith faces Initially we usea basicclus-
tering methodto assignnamesto faces(section4). This producesquite a good
clustering.However, it ignoresimportantlanguagenformationthatcanbe usedto
produceeven betterresults.For example,the namedentity recognizeroccasion-
ally identi es namesthat do not correspondo actualpeople(e.g.“U.S. Open”).
In section5 we show that, by incorporatingsimple naturallanguagetechniques,
we can determinethe probability of a namebeingpicturedin the corresponding
picture and usethis informationto improve our assignmentsigni cantly. An at-
tractive byproductof our systemis a naturallanguagenodulewhich canbe used
to analyzetext alone.



2 NewsDataset

We have collecteda datasetconsistingof approximatelyhalf a million news pic-
turesand captionsfrom YahooNews over a period of roughly two years.Using
Mikolajczyk's facedetector(20), we extractfacesfrom theseimages;usingCun-
ninghametal's opensourcenamedentity recognize(10), we detectpropernames
in eachof theassociatedaptionsThis givesusa setof facesandnamesassociated
with eachpicture.Our taskis to assignone of thesenamesor null (unnamed}o
eachdetectedace.

Our datasetiffersfrom typical facerecognitiondatasetsn a numberof important
ways:

Pose,expressionand illumination varywidely. Thefacedetectortendsnotto de-
tectlateralviews of facesbut we often encountetthe samefaceilluminatedwith
markedly differentcoloredlight andin a broadrangeof expressionsSpectacles
andmustachearecommon(Figure6). Therearewigs, imagesof faceson posters,
differencesn resolutionandidentikit pictures(e.g.Figure6). Quite oftenthereare
multiple copiesof the samepicture (this is dueto the way news picturesarepre-
paredratherthana collectingproblem)or multiple picturesof the sameindividual
in similar con gurations.Finally, someindividualsaretracked acrosstime which
hasbeenshonvn to hampeifacerecognitionsubstantially(15).

Namefrequencieshave thelongtails thatoccurin naturallanguaggroblems\We
expectthatfaceimagesroughlyfollow the samedistribution. We have hundredgo
thousandsf imagesof afew individuals(e.g.PresidentBush, andalargenumber
of individualswho appearonly a few timesor in only onepicture (e.g.Figure2).
Oneexpectsrealapplicationdo have this property For example,in airportsecurity
cameras few people,securityguardsor airline staf might be seenoften, but the
majority of peoplewould appeatinfrequently Studyinghow recognitionsystems
performunderthesecircumstancess important.

The sheervolume of availabledatais extraordinary We have sharplyreducedhe
numberof faceimagesve dealwith by usingafacedetectoithatis biasedo frontal
facesandby requiringthat facesbe large andrectify properly Even so, we have
adatasethatis comparabldo, or largerthan,the biggestavailablelab setsandis
muchricherin content.Computingkernel PCA andlinear discriminantsfor a set
this sizerequiresspecialtechniquegsection3.3.1).
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Fig. 3. Thefacedetectorcandetectfacesin a range of orientationsasthetop row shows.
Befoe clusteringthe faceimages we rectify themto a canonicalposebottom row. The
facesare recti ed usinga setof SVM's trainedto detectfeatue pointson ead face Us-
ing gradientdescenn the SVM outputs,the bestaf ne transformationis foundto map
detectedeature pointsto canonicallocations.Final recti cation scoesfor ead of these
facesare showncenter (wheee larger scoesindicatebetterperformance)Thismeanghat
incorrectdetectionslike therightmostimage canbediscadedbecausef their poor recti-
cation scoes.

3 Finding and RepresentingFaces

For eachnews picturewe: 1. Detectfacesin theimages(Section3.1). We con ne
ouractuitiesto large,reliably detectedacespf which 44,773arefound.2. Rectify
thosefacesto a canonicalpose(Section3.2). After throwing out poorly recti ed
faces this further reducesour dataseto 34,623faces.3. Transformthe faceinto
arepresentatiosuitablefor the assignmentask(Section3.3). Fromthese34,623
facesawve con ne ourselesto faceswith propemamesgietectedn their correspond-
ing captionsjeaving 30,281facesthe nal setwe clusteron.

3.1 Facedetection

For facedetectionwe useMik olajczyk’'s implementation(20) of the facedetector
describedy SchneidermandndKanadg27). To build thisfacedetectoyatraining
setof faceandnon-faceimagess usedto determinghe probabilityof anew image
beinga face.Eachimagein the training setis decomposedhto a setof wavelet
coefcients andtheseare binnedinto a histogram(where eachbin corresponds
to a distinct set of coefcients). The probability of a nev imagebeinga faceis
the numberof faceimagesassigneccomparedo the numberof non-faceimages
assignedo its bin. This givesus 44,773faceimages(size 86x86 pixels or larger
with sufcient facedetectionscoresandresizedto 86x86pixels).



3.2 Redcti cation

Before comparingimages,we automaticallyrectify all facesto a canonicalpose.
Recti cation helpsto alignimagessothatcomparisonbetweerfacesareappliedto

correspondingartsof theface.Five supportvectormachinesretrainedasfeature
detectorgqcornersof the left andright eyes, cornersof the mouth,andthetip of

thenose)usingl50handclickedfaces We usethegeometridolur of (5) appliedto

grayscaleatchesasthefeaturesor our SVM.

The geometricblur descriptor rst producessparsechannelsrom the grey scale
image,in this casehalf-wave recti ed orientededge Iter responseatthreeorien-
tationsyielding six channelsEachchannels blurredby a spatiallyvarying Gaus-
sianwith a standarddeviation proportionalto the distanceto the featurecenter
The descriptorsare then sub-sample@ndnormalized.Using geometricblur over
simpleimagepatchegproducesjuite signi cant gainsin recti cation accurag.

A new faceis testedby runningeachSVM over the imagewith a weak prior on
locationfor eachfeature We computeanaf ne transformatiorde ned by theleast
squaresolutionbetweemmaximaloutputsof eachSVM andcanonicalfeaturelo-
cations.We thenperformgradientdescenbn the SVM outputimagesto nd the
afne transformationwhich bestmapsdetectedpointsto canonicalfeatureloca-
tions.Eachimageis thenrecti ed to acommonposeandassigned scorebasen
the sumof its featuredetectoresponseglarger scoreamply betterrecti cation).
Notice thaterrorsin facedetection(Figure 3) canbe removed by thresholdingon
recti cation score.

We lter ourdataseby removing imageswith poorrecti cation scoresandareleft

with 34,623faceimages Eachfaceis automaticallycroppedo aregion surround-
ing the eyes,noseand mouthto eliminateeffects of backgroundon recognition.
The RGB pixel valuesfrom eachcroppedfaceareconcatenatethto a vectorand
usedfrom hereon.

3.3 FaceRepesentation

We modelappearanceasinga mixture modelwith onemixture elementper name
in our lexicon. We needa representatiofor facesin a featurespacewherecom-
parisonsare helpful. Our representatioms obtainedby recti cation of the faces
followed by kernel principal componentsanalysis(kPCA) and linear discrimi-
nantanalysis(LDA). LDA hasbeenshavn to work well for facediscrimination
(36; 4; 15) becausedt usesclassinformationto nd a setof discriminantsthat
pushmeansof differentclassesway from eachother We modelthe distributions
P (f acgname) usinggaussiansvith x edcovariancen this featurespace.
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Fig. 4. To assignfacesto nameswe iterate throughall possibleassignmentsf facesto

namesand chooseeitherthe maximunlikelihoodassignmenbr form an expectedassign-
ment.Here we showa typical dataitem (left), with its detectedacesand namegcenter).

Thesetof possiblecorrespondencef®r this dataitemare shownat right. This setis con-
strainedby thefactthatead facecanhaveat mostonenameassignedo it andead name
can haveat mostoneface assignedput any face or namecan be assignedo Null. Our

namedentityrecaynizeroccasionallydetectphrasedike “Winter Olympics”which do not
correspondto actual people Thesenamesare assignedow probability underour model
andmakingtheir assignmentinlikely. EM iteratesbetweertomputingheexpectedralueof

thesetof possibleface-nameorrespondencesndupdatingthefaceclustes andlanguaje

model.Unusually we canafford to computeall possibleface-nameorrespondencesince
the numberof possibilitiesis small. For this item, we correctly choosethe bestmatding

“F1 to Null’, and“F2 to N1".

3.3.1 kPCAandtheNystiom Approximation

Kernel Principal ComponentsAnalysis: KernelPCA (28) usesa kernelfunction
to ef ciently computea principal componenbasisin a high-dimensionafeature
space relatedto the input spaceby somenonlinearmap. Kernel PCA hasbeen
shawvn to perform betterthan PCA at facerecognition(34). Kernel PCA is per

formedasfollows: Computea kernelmatrix, K, whereK j is thevalueof theker-

nel function comparingimage, andimage (we usea Gaussiarkernel). Center
thekernelmatrix in featurespacgby subtractingoff averagerow, averagecolumn
andaddingon averageelementvalues) Computeaneigendecompositioaf K, and
projectontothe normalizedeigervectorsof K.

Ourdataseistoolargeto dokPCAdirectly asthekernelmatrix K will besizeNxN,
whereN is the the numberof imagesin the datasetand involve approximately



10° imagecomparisonsTherefore we insteadusean approximationto calculate
the eigervectorsof K. IncompleteCholeslky Decomposition(ICD) canbe usedto
calculatean approximationto K with a boundon the approximatiorerror (1), but
this involves accessingall N imagesfor eachcolumn computation(whereN is
the numberof imagesin the datasetcurrently 34,623).This makes computation
relatively lengthy

The Nystrom approximatiormethod(cf (33; 14)) givesa similar result,but allows
the imagesto be accessednly oncein a single batchratherthan oncefor each
columncomputationtherebybeingmuchfasterto computefor large matrices).

The Nystrom methodcomputeswo exactsubset®f K, A andB, andusestheseto
approximateherestof K. Usingthis approximatiorof K, the eigervectorscanbe
approximatecf ciently .

FirsttheN N kernelmatrix, K, is partitionedas

3

2

A B
K=$ £

BT C

withA2 R" "B 2 RN M ngndCc 2 RN m (N n) Here A is asubsebf the
images(in our casel000randomlyselectedmages)omparedo themseles,B is
the comparisorof eachof theimagesof A, to therestof theimagesn our dataset,

andC is approximatedy the Nystrom method.Nystrdm givesan appraximation

A B
for Cas,& = BTA !B. Thisgivesanapproximatiorto K, K = § . ég
B

Thenwe form K, the centeredrersionof our approximatior , by calculatingap-
proximateaveragerow, averagecolumnsums(theseareequalsinceK is symmet-
ric), andaverageelementvalues We canapproximatehe averagerow (or column)

sumas:
2

Al, + B1
KlN:g n N n

BT1,+BTA Bl ,

Wecenterasusual,K = K 11yK 1R 1y + L1K1y.

We thensolwe for the orthogonalizedapproximateeigervectorsasfollows. First,

wereplaceA andB by their centeredrersionsLet Az bethesquareootof A, and

S= A+ A :BBTA :.DiagonalizeSasS = Us sUJ . ThenK is diagonalized
by:
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ThenwehaveK = V (VT andV TV = | . Giventhisdecompositiomf K we pro-
ceedasusualfor KPCA, by normalizingtheeigervectors ¢ andprojectingk onto
the normalizedeigervectors.This givesa dimensionalityreductionof ourimages
thatmalkesthediscriminationtaskeasier

Nystrom doesnot give the sameerror boundon its approximationto K asICD.
However, we expectthe numberof large eigervaluesof our matrix to be small
asa resultof the smoothingpropertiesof kernelfunctions.This implies that the
effective columnrank of kernelmatricesshouldbe low. Therefore we shouldbe
ableto obsenre all of the columnrankwith a small subsebf the columnsandthe
approximatiorerror shouldbe small. In our matrix we obseredthatthe eigerval-
uesof A do tendto drop off quickly. Becausdhereis nothing specialaboutthis
subsetof faces(they were chosenat randomfrom our set), the effective rank of
thewhole matrix shouldbe small,andthe Nystrom methodshouldprovide a good
approximation.

4 NameAssignmentby Simple Clustering

Our modelof generatingicturesandnamesconsistof rst generatingN names.
For eachof thesenamesa binary variablepictur ed is generatedior every name
with pictured = 1, afaceis generatedThen,if thereareF facesin theimage,
F pictur edunnamedacesaregenerateéccordingo adistribution P (f ace.

A naturalway of thinking aboutnameassignments as a hiddenvariable prob-
lem wherethe hiddenvariablesare the name-acecorrespondence®r eachpic-
ture. Thissuggestsisinganexpectatiormaximization(EM) procedureEM iterates
betweencomputingan expectationover face-nameorrespondenceggivena face
clustering)andupdatingthe faceclustersUnusually it is affordableto enumerate
andconsidenll of theface-nameorrespondencesncethenumberof possibilities
is small.

4.1 NameAssignment

For apicture,to nd thebestassignmenodf namego faceswe calculatethelik eli-
hoodof eachpossibleassignmentEachnamecanbe assignedo at mostoneface,
eachfacecanbeassignedo atmostonenameandnull canbeassignedo ary name

10



or face.An exampleof the extractednamesfacesandall possibleassignmentsan
beseenin gure 4.

Writing P(N) asthe probability of generating\ namesandP(F) asthe probability

of generatingF faces.For an assignmeng; (consistingof a permutationof the

namesandfaces)]etting index into thenameghatarepictured, ( ) index into

thefacesassignedo thepicturednamesand index into thefaceswithoutassigned
namesthelik elihoodof picturex; underassignmeng; , of namedo facess:

Y Y
L(xi;g) =P(N)P(F) P(f (hin) P(f)

ThetermsP (N)P (F) arenotdependenbntheassignmensowe canignorethem
when calculatingthe probability of an assignmentnd focus on the remaining
terms.

Thecompletedatalog likelihoodis:

2 3
X

4 (Pij Iog(L(xi;a,-))5

ipics j Cj

WhereC; is thesetof possibleassignmentfr imagei, andP;; is anindicatorvari-
abletelling which correspondenceccurredin this dataitem. The P; aremissing
datawhoseexpectationsarecomputedn the E step.

This givesa straightfornard EM procedure:

E — updatethe P;; accordingto the normalizedprobability of picturei with as-
signmen.
M —maximizethe parameter® (f acgname) usingsoft counts.

4.2 BestCorrespondences. ExpectedCorrespondence

Givenour hiddenvariableproblemof determiningname-acepairings,from a sta-
tistical point of view EM seemslike the most favorable choice. However, it is
known that, for a variety of vision problemswhereone might reasonablyexpect
EM to be a naturalalgorithm, searchingover missingvariablesperformssignif-
icantly better The bestknown exampleoccurswhen one wishesto estimatethe
fundamentamatrix relatingtwo views of a sceneHere,missingvariablesdentify
which pairsof pointscorrespondThe bestknown methodsfor solving this prob-
lem involve a form of randomizedsearchover missingvariables(RANSAC, rst

describedn (13),andappliedto this problemin (29); or MLESAC, arecentvariant
(31)) andsigni cantly outperformEM on this problem.Thesemethodschoosethe

11



World numberone Lleyton Hewitt of
Australiahits areturnto Nicolas Massu
of Chile at the JapanOpentennischam-
pionshipsin Tokyo October 3, 2002.

statemenin the RoseGardenwhile Sec-
retary of Defense Donald Rumsfeld E
REUTERS/ErikaSugita

looks on, July 23, 2003. Rumsfeldsaid
the United Stateswould releasegraphic —
photographsf thedeadsonsof Saddam
Hussein to prove they were killed by - -
Americantroops.Photoby Larry Down-
ing/Reuters

President George W. Bush makes a 2 ,.\“

German supermodelClaudia Schiffer
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band, British Im producer Matthew
Vaughn, who was at her side for the
birth. Schiffer is seenon the German
television shav 'Bet It...?!" (‘Wetten
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British director Sam Mendes and his
partner actressKate Winslet arrive at
the London premiereof 'The Road to
Perdition’, September18, 2002. The
Ims starsTom Hanks asa Chicagohit
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IncumbentCalifornia Gov. Gray Davis
(news - web sites) leads Republican
challengeBill Simon by 10 percentage
points — although17 percentof voters the US LeadershipAgainstHIV /AIDS
are still undecided accordingto a poll , Tuberculosisand Malaria Act of 2003
releasedOctober22, 2002 by the Pub- at the Departmenibf Statein Washing-
lic Policy Instituteof California.Davis is State colin| 150, DC. The ve-yearplanis designed
shawn speakingo reportersafterhis de- to help prevent and treat AIDS, espe-
batewith Simonin Los Angeles,on Oct. cially in morethana dozenAfrican and
7. (Jim Ruymen/Reuters) m Caribbeamations(AFP/Luké-razza)

US President George W. Bush (L)
makesremarkswhile Secretaryof State
Colin Powell (R) listensbeforesigning

Fig. 5. Givenan inputimage andan associatedaption(imagesabove and captionsto the
right of ead image), our systenmautomaticallydetectsaces(whiteboxes)n theimage and
possiblenamestrings(bold). We usea clusteringprocedue to build modelsof appeaance
for eath nameandthenautomaticallylabel eat of the detectedaceswith a nameif one
exists. Theseautomaticlabelsare shownin boxesbelowthe faces.Multiple facesmaybe
detectedand multiple namesmay be extracted, meaningwe mustdeterminewho is who
(e.g., thepicture of CluadiaSchifter).

assignmenthat maximizesthe completedatalog-likelihood,ratherthantaking an
expectationover missingassignments.

We have tried both usingexpectationrandmaximumlik elihoodassignmenat each
iterationandhave foundthat usingthe maximumlik elihoodassignmenproduced
betterresults(tablel). Onereasorthis mightbetrueis thatfor casesvherethereis
aclearbestassignmenthe maxandthe averagearebasicallyequivalent.For cases
wherethereis no clearbest EM average®verassignmentslhis averagingmaybe
causingeM to belessaccurateghanmaximumlik elihoodclustering.

The Maximal Assignmentprocesss almostthe sameasthe EM processexcept
insteadof calculatingthe expectedvalue of eachassignmenbnly the maximum
likelihoodassignmenis nonzero.
The Maximal Assignmenprocedure:

M1 —settheP; correspondingo the maximumlikelihoodassignmento 1 and

all othersto 0.
M2 — maximizethe parameter® (f acgname) usingcounts.
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Donald Rumsteld pritney spears Jonn soion

Angelina Jolie Woody Allen Marilyn

Monroe

. Sylvester Stallont
M. Ali

Hans Blix Strom Thurmond  chelsea

Glinton Secretary of State Colin Powell

Sheryl Crow

Leonard
Nemoy

Justin Timberlake
Venus Williams

James Bond

Sophia Loren

Fig. 6. The gure showsa representativesetof clustes, illustrating a seriesof important
propertiesof boththe datasetandthe method1: Somdacesare veryfrequeniandappear
in manydifferent expressionsand poseswith a rich range of illuminations (e.g. clustes
labeledSecretaryof StateColin Pawell, or DonaldRumsfeld. 2: Somefacesare rare, or
appearin eitherrepeatedcopiesof oneor two picturesor only slightly different pictures
(e.g. clusterlabeledChelseaClinton or Sophialoren). 3: Someacesare not, in fact, pho-
tographs(M. Ali). 4: The associationbetweerproper namesand faceis still somevhat
noisy for exampleLeonardNemqgy which showsa nameassociatedvith the wrong face
while other clustes contain mislabeledfaces(e.g. Donald Rulsfeld or Angelina Jolig).
5: Occasionallyfacesare incorrectly detectedvy the facedetector(Strom Thurmond. 6:
somenamesare genuinelyambiguougJamesBond two different facesnaturally associ-
atedwith thename(the r stis an actor who playedJamesBond,the secondan actor who
wasa characterin a JamesBond Im) . 7. Somefacesappearin blad in white (Mari-
lyn Monro@ while mostare in color. 8: Our clusteringis quite resilientin the presence
of spectaclegHansBlix, WoodyAllen), perhapswigs (JohnBolton) and mustabes(John
Bolton).
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4.3 BasicClusteringEvaluation

Becausehis is an unsupervisedask, it is not meaningfulto divide our datainto
training andtestsets.Instead to evaluateour clusteringswe createan evaluation
setconsistingof 1000randomlychoserfacesdrom our datasetWWe handlabelthese
evaluationimageswith their correctnameglabelingwith 'NULL " if the facewas
notnamedn thecaptionor if thenamedentity recognizerfailedto detecthename
in the caption).To evaluatea clusteringwe canlook athow mary facesn theeval-
uationsetarecorrectlylabeledby that clustering.Our basicclusteringproducesa
fairly goodnameassignmentcorrectlylabeling67% of our evaluationfacescor-
rectly.

As canbeseenn tablel, for thebasicclusteringmethodeM correctlylabeled56%
of our testimagescorrectly while the maximalassignmentlusteringlabeled67%
correctly This clearly indicatesthat the maximalassignmenprocedureperforms
betterthanEM for thelabelingtask.

5 Clustering with Context Understanding

Language: The context in which a nameappearsn a captionprovides powerful
cuesasto whetherit is depictedin the associatedmage.Common,quite simple
phenomenan captionssuggestusing a languagemodel. First, our namedentity
recognizeioccasionallymarksphrasedik e “United Nations”aspropernames\We
cantell they are not namesbecausdhey appearin quite differentcontexts from
thenamef actualpeople.Captionwriterstendto supplycontext; e.g.puttingthe
depictednameearly in the caption,usingdepictionindicatorssuchas*“(R)”, etc.
This meanghat context indicateswhethera nameis depictedand canbe usedto
assignprobabilitiesof depictionto name-contet pairs.

In a captionsuchas“Michael Jacksorrespondgo questioningThursdayNov. 14,
2002in SantaMaria SuperiorCourtin Santa Maria, Calif., duringa $21 million
lawsuit broughtagainsthim by Marcel Avram for failing to appearat two mil-
lenniumconcerts.”, Michael Jacksorappearsn a morefavorablecontext (atthe
beginning of the caption,followedby a verb)thanMarcel Avram (nearthe middle
of the caption,followedby a preposition).

Sofarfor our basicclusteringwe have ignoredthe context of our nameswithin the
caption.By incorporatinganguageunderstandingnto our modelwe generatédet-
ter assignmentOur nevw EM proceduras the sameasthe basicclusteringexcept
it iterateshetweercomputinganexpectedsetof face-nameorrespondencdgiven
afaceclusteringandlanguagenodel)andupdatingthe faceclustersandlanguage
modelgiventhe correspondencebirst we formalizeour generatre modelof how
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before - CEO Summit before - U.S. Joint  before - Angelina Jolie before - Ric Pipino before - U.S. Open before - James Bond
after - Martha Stewart after - Null after - Jon Voight after - Heidi Klum  after - David Nalbandian after - Pierce Brosnar

At i Ao Ror TBer G e e Cl ey afer Midhaa Jackaon aftar MU C® after -Naomiweats
after - President George W.

Fig. 7. This gur e showssomeaxamplepictureswith namesassignedisingour raw cluster
ing procedue (before) andassignedisinga correspondencprocedue with incorporated
language model(after). Our namedentity recaynizer sometimesletectsincorrect names
like “CEO Summit”,but thelanguage modelassigndow probabilitiesto thesenamegnak-
ing their assignmentnlikely. Whenmultiple namesare detectedike “Julia Vakulenlo”
and“J enniferCapriati”, theprobabilitiesfor each namedependntheir contet. Thecap-
tion for this picture reads“American Jennifer Capriati returnsthe ball to her Ukrainian
opponentlulia Vakulenko in Paris during.” “Jennifer Capriati” is assignedo the face
giventhelanguaye modelbecausén which sheappeas (beginning of the captionfollowed
by a presenttenseverb) is more likely to be pictured than that of . “Jennifer Capriati”
(middleof the captionfollowedby a preposition).For picturessud asthe oneabove (“al
Qaeda”to “Null”) where the individual is not named the languaye modelcorrectly as-
signs“Null” to theface Astable 1 shows,ncorporating a languaye modelimprovesour

faceclustes signi cantly.

picturesaregeneratedo incorporatea naturallanguagemodel.

Our generatre modelbecomes:

To generatea dataitem:
(1) ChooseN, the numberof namesand

F, thenumberof faces.
(2) GeneratéN name context pairs.
(3) For eachof thesename contet pairs,

' generatea binary variable pictured
® i. conditionedonthecontext alone(from

P (pictur edcontext)).
face_u  face_p (4) Foreachpictured="1, generataface

F
D from P (f acgname).
(5) Generate- pictur ed otherfaces

from P (f ace.

name, context

pictured

The parameter®f this model are P (f acgname) (sec3), the probability that a
face,f,is generatethy anamen, andP (pictur ed context) (secb.2),theprobability
thata nameis picturedgivenits context.
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5.1 NameAssignment

Nameassignmenbccursin muchthe sameway asthe basicmethod,but incorpo-
ratesalanguagemodelthatrepresentshe probability of anamebeingassignedo
oneof thefacesin theimagegivenits context in the caption.Thelanguagemodel
weightsthe namedoy this probability of beingpictured.This allowstheassignment
to favor nameghataremoreprobablypicturedoverotherlessprobablenamesThis
weightingof certaincorrespondencess/er othersgivesa better nal assignmenof
facesto names.

Writing P(N) asthe probability of generatingN namesP(F) asthe probability of
generating- facesandP (n;; ¢) astheprobabilitiesof generatingiame, andcon-
text ;. For anassignmendy , letting  index into thenameghatarepictured, ( )
index into thefacesassignedo the picturednames, index into thenameghatare
not picturedand index into the faceswithout assignechamesthe lik elihood of
anassignmenincludingnamecontet is:

L(xi;g) =B (N)P(F)P(ng;cy):P (M) v
P(pictured jc )P(f (yjn) (1 P(picturedjc)) P(f)

Again,thetermsP (N )P (F)P (nq; ¢):::P(ny; ¢,) arenotdependenbntheassign-
mentso canbeignoredwhencalculatingthe probability of anassignment.
Thecompletedatalog likelihoodis asbefore:

3
(P log(L (xi; &))°

ipics jCj

X

WhereC; arethesetof possibleassignmentfor imagei, P;; isanindicatorvariable
telling which correspondenceccurredin this dataitem. The P;; aremissingdata
whoseexpectationsaarecomputedn the E step.

This givesanEM procedurdhatincludesupdatingthelanguagenodels:
E — updatethe P; accordingto the normalizedprobability of picturei with as-
signmen.

M — maximizethe parameter$ (f acgname) andP (pictur edcontext) using
soft counts.
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5.2 Languae Repesentation

We needa modelof the probability of a namebeingpicturedbasedon its context
within a caption.To modelthis distribution, P (pictur ed context), we have tried
two differentmethodsa Naive Bayesmodelin which eachof the differentcontext
cueswasassumedndependengivenpictured,anda MaximumEntrogy model.

5.2.1 NaiveBayesModel

For a setof context cues(C;i;f ori 2 1;2;:::n), our Naive Bayesmodelassumes
that eachcueis independengiven the variable pictur ed Using Bayesrule, the
probability of beingpicturedgiventhe cuesis:

. P (pictur edC,):::P(picturedC
P (pictur egCy; Cy; :::Cp) = (p P?pi(l:zureé)p” . dCn)

We learnthe distributions, P (pictur edC;), usingcountsof how often eachcon-
text appearglescribingan assignechame,versushow often that context appears
describinganunassignediame We have onedistribution for eachpossiblecontext
cue,andassumehat context cuesareindependentvhenmodelingthesedistribu-
tions (becauseave lack enoughdatato modelthemjointly).

For contet, we usea variety of cues:the partof speechagsof the word immedi-
atelyprior to thenameandimmediatelyafterthenamewithin thecaption(modeled
jointly), thelocationof thenamein the caption,andthedistanceso thenearest,”,
“7, 7, “(L)7, “(R)” and“(C)” (thesedistancesarequantizedandbinnedinto
histograms)We tried addinga variety of otherlanguaganodelcues put foundthat
they did notincreasdheassignmenaccurag.

We computemaximumlik elihoodestimate®f eachof P (pictur edC;) and
P (pictur ed) usingsoftcounts.

Someindicationsof anamebeingpicturedlearnedoy theNaive Bayesmodelwere:
1. Thecloserthenamewasto thebeginningof thecaption themorelik ely it wasof
beingpictured,2. The“START” tagdirectly beforethenamewasavery goodindi-
catorof the namebeingpictured,3. Namesfollowed by differentforms of present
tenseverbswere goodindicationsof beingpictured,4. The namebeingfollowed
by “(L)", “(R)” and”(C)” werealsosomavhatgoodindicationsof picturedness.
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Billy Crystal Anastasia Myskina Robert Redford Beverly Hills Daryl Hannah

Walt Disney

Claudia Schiffer Daniela Hantuchova Denzel Washington

Bob Beauprez

U.S. Open

Cameron Diaz

Albert Hall

Anna Kournikova

Jay Leno Queen Elizabeth

U.S. Embassy

Avril Lavigne

Mark Geragos

Abraham Lincoln

Fig. 8. Exampleclustes foundusingour basicclusteringmethod seesectior4 for details).
Note that the namesof someclustes are not actual peoples names(e.g. “U .S.Open”,
“Walt Disng/”) andthatthere are clustes with multiple errors (“QueenElizabeth”, “Jay
Leno”).

18



Billy Crystal Anastasia Myskina Robert Redford Beverly Hills Daryl Hannah

Walt Disney
Claudia Schiffer Daniela Hantuchova Denzel Washington
Bob Beauprez
U.S. Open
Cameron Diaz
Albert Hall
Anna Kournikova
Jay Leno Queen Elizabeth
Avril Lavigne
Mark Geragos U.S. Embassy

Fig. 9. Theclustes of gure 8 are improved throughthe useof languaye undestanding
(seesections for details). Thecontet of a namewithin the captionoftenprovidescluesas
to whetherthenameis depicted By analyzingthe context of detectechamespur improved
clusteringgivesthe more accuiate clustes seenabove The namedentity recaynizeroc-
casionallymarkssomephraseslike “U .S.Open” and“Albert Hall” as proper namesBy
analyzingtheir contect within the caption,our systencorrectly determinedhat no faces
shouldbelabeledwith thesephrasesincorpormating language informationalsomalessome
clustes larger (“Robert Redfod”), andsomeclustes more accuiate (“QueenElizabeth”,
“Bob Beaupez”).
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IN Pete SamprasIN of the U.S. celebrateshis victory over Denmarks OUT Kris-
tian PlessOUT atthe OUT U.S.Open OUT at FlushingMeadavs August30, 2002.
Samprasvonthematch6-3 7- 5 6-4. REUTERS/Kevin Lamarque

German's IN Chancellor Gerhard Schroeder IN, left, in discussiorwith Frances
IN PresidentJacquesChirac IN on the secondday of the EU summitat the Euro-
peanCouncilheadquarters BrusselsFriday Oct. 25, 2002.EU leadersareto closea
dealFridayon nalizing entrytalkswith 10 candidatecountriesaftera surprisebreak-
throughagreemenbn ThursdaybetweenFranceand Germaly regardingfarm spend-
ing.(AP Photo/Europea@ommission/HO)

"The RightStuff' castmemberdN PamelaReedIN, (L) posewwith fellow castmember
IN Veronica Cartwright IN atthe 20thannversaryof the Im in Hollywood, June9,
2003.The womenplayedwivesof astronautsn the Im aboutearly United Stategest
pilots and the spaceprogram.The Im directedby OUT Philip Kaufman OUT, is
celebratingts 20thannversaryandis beingreleasedn DVD. REUTERS/FredProuser

Kraft Foodsinc., the largestU.S. food compary, on July 1, 2003 said it would take
steps,like cappingportion sizesand providing more nutrition information, asit and
other companiedacegrowing concernand even lawsuits due to rising obesityrates.
In May of this year SanFranciscaattorngg OUT StephenJosephOUT, shavn above,
soughto banOreocookiesn California—asuitthatwaswithdravn lessthantwo weeks
later Photoby Tim Wimborne/ReuterREUTERS/Tm Wimborne

Fig. 10. Our new procedue givesus not only betterclusteringresults,but also a natural

language classi er which can be testedsepantely Above: a few captionslabeledwith

IN (pictured) and OUT (not pictured) usingour learnedlanguaye model.Our language

modelhaslearnedwhich contexts havehigh probability of referringto picturedindividuals
andwhich contexts havelow probabilities.\We observean 85%accuracy of labelingwhois

portrayedin a picture usingonly our languaye model.Thetop 3 labelingsare all correct.
Thelastincorrectly labels*StephenJoseph”asnot pictured whenin fact heis the subject
of the picture. Somecontexts that are oftenincorrectly labeledare thosewhere the name
appeas near the end of the caption (usuallya cuethat the individual namedis not pic-

tured). Somecueswe could add that shouldimprove the accuiacy of our languaye model
are thenearnes®f wordslike “shown”, “pictured”, or “photographed”.

5.2.2 MaximumEntropy Model

Maximum Entropy modelshave beenusedextensiely to modelcontext in natural
languagg7). The goal of a Maximum Entropy methodis to choosea modelthat
is consistentvith the obsenred statisticsof the data,but which is otherwiseasuni-

form aspossible To do this, we de ne a setof constraintdhasedn somestatistics
obseredin ourdataandchoosehe modelthatsatis estheseconstraintdut which

hasmaximumconditionalentroyy.

Oneattractionof Maximum Entropy modelsis thatthey give a nice way of mod-

eling a conditionaldistribution with a large numberof featureswithout having to
obsenre every combinationof thosefeatures Maximum Entropy modelsare also
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Model EM | MM

Appearancéodel, No LangModel 56% | 67%

Appearancéodel + N.B. LangModel 72% | 77%

AppearancéModel+ Max EntLangModel | — | 78%

Tablel

Above: To form an evaluationset,werandomlyselectedl000facesfrom our datasetand
handlabeledthemwith their correctnamesHere we showwhatpercentaye of thosefaces
are correctly labeledby ead of our methodgclusteringwithouta languaye model,clus-
tering with our Naive Bayeslanguage modeland clusteringwith our maximumentiopy
language model).Incorpomating a languaye modelimprovesour labeling accuacy signif-
icantly. Standad statisticalknowledg saysthat EM shouldperformbetterthan choosing
the maximalassignmenat ead step.However, we havefoundthat usingthe maximalas-
signmentvorksbetterthanEM for boththebasicclusteringandclusteringwith alanguage
model.Onereasonthis could betrue is that EM is avelaging facesinto the meanthat do
notbelong

relatedto maximumlik elihood;if we areconsideringdistributionsin the exponen-
tial family, thenthemaximumentrogy modelfoundwill bethemodelin thatfamily
thatmaximizesthelik elihoodof thetrainingdata.

If y is the variablepictur ed andx is the context of the namewithin the caption,
thenwe are modelinga distribution p(yjx). The context of a nameconsistsof a
binaryvector(e.g.[1 000100 ... 1]), wherean elementof the vectoris 1 if the
correspondingontect cueis true and zeroif it is not. We usethe samecuesas
beforeexceptinsteadof binningthe distanceto the nearest,”, “.”, “(", “)”, “(L)",

“(R)” and“(C)", thecorrespondingueis trueif thethestringis within 3 wordsof
the name.For the Maximum Entropy modelwe alsoaddcueslooking for speci ¢

strings(“pictured”, “shown”, “depicted”and“photo”).

For eachcontect cue,i, we de ne asetof indicatorfunctions

8

2 1if x(i) = Landy = 0;
fikcy) =, _

~ 0 otherwise

8

2 1if x(i) = 1landy = 1;
fa(xy) = ,

~ 0 otherwise

Our constraintsare that the expectedvalue of eachf with respecto the training
data,p(f ) is equalto the expectedvalueof f with respecto the modelp(f).

This givesan optimizationproblemwherewe wantto maximizethe conditional
entropy of p(yjx) subjecto our setof constraintslf weintroducealagrangemulti-
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Classi er labelscorrect || IN corr. | OUT corr.
Baseline 67% 100% 0%
EM Labelingwith N.B. LanguageModel 76% 95% 56%
MM Labelingwith N.B. LanguageModel 84% 87% 76%
MM Labelingwith maxentLanguagevModel 86% 91% 75%

Table2

Above: To form an evaluationsetfor text labeling we randomlychose430 captionsfrom
our datasetand handlabeledthemwith IN/OUT accoding to whetherthat namewasde-
pictedin the correspondingpicture. To evaluate how well our natural language module
performedon labeling depictionwe look at how our testsetnameswere labeled.“labels

correct” refers to the percentage of nameghatwere correctlylabeled,“IN correct” refers

to thepercentage of IN nameghatwere correctlylabeled,”"OUT correct” refeisto theper

centgge of OUT nameghat were correctly labeled.Thebaseline gur e givesthe accuiacy
of labeling all namesas IN. Incorporating both our Naive Bayesand MaximumEntropy
language modelamprove labelingsigni cantly. Aswith thefacesthemaximumiikelihood
procedue performsbetterthan EM. Namesthat are mostoftenmislabeledare thosethat
appearneartheendof thecaptionor in contetsthat mostoftendenotepeoplewhoare not
pictured.

plier, ; for eachof our constraintshenwe cantransformthisinto anoptimization
problemwherethe entrofy modeltakestheform

PO | exp () ®

To nd themaximumlik elihoodp(yjx), we useimprovediterative scaling thestan-
dardalgorithmfor nding maximumentrogy distributions. Details of this model
andalgorithmaredescribedn (7).

5.2.3 Comparisorof language models

Usingthe sameevaluationassection4.3, we testedeachof our languagemodels.
Themodelsperformedapproximatelythe sameon our handlabeledtestsetof 1000
faces.As canbe seenin table 1 the Naive Bayeslanguagemodellabeled77% of
thefacescorrectly while the maximumentropy modellabeled78%correctly

Anothertestof a languaganodelis to seehow it performson text alone.To test
this,we handlabeledthenamesn 430randomlyselectedcaptionswith “IN” if the
namewasdepictedin the correspondingictureand“OUT” if it wasnot. On this
evaluationset(without any knowledgeof the associatedimages)the Naive Bayes
model labeled84% of the namescorrectly while the Maximum Entropy model
labeled86% of the namescorrectly(table2).
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Basedon thesetwo tests,we concludethatthe performanceof both modelsis ap-
proximatelythe sameon our dataset.

5.3 Wbrd + Facecontet

One other areawere context could make a differenceis on the image side, the
contet of the facewithin the image.We tried incorporatinga maximumentropy
modelof facecontet givennamecontext (P (context; acgcontext,ame). Thefea-
ture usedfor facecontect waslocationin theimage,andfor namecontext thefea-
tureswere®(L)",“(R)”, “left” and“right”. The maximumentrogy modelcorrectly
learnedthat”(L)” and“left” weregoodindicatorsof the faceimagebeingon the
left side of the image,while “(R)” and“right” were good indicatorsof the face
imagebeingontheright sideof theimage.

However, incorporatingthis modelinto our clusteringschemehadlittle effect on

the correctnesf our labelings(only increasingthe correctnessy 0.3%). The

reasonghis might betrueare:1. Only about10% of all the namesexhibitedthese
contet cues,2. Thenameswith thesecontect cuesarein generaklreadycorrectly
assignedy our systemand3. Thesignalpresenin linking for example“left” and

theimagebeingontheleft sideof theimageis fairly noisy, makingtheirconnection
tentatve.

6 Results

Somequestionsve might askaboutour systemare:How doesanalyzinglanguage
improve our faceclusteringresults?How well doesour learnednaturallanguage
classi er work on text alone?How well doesEM compareto usingthe maximal
assignmenprocedure?

6.1 FaceClusteringwith a Languaye Model

Using the sameevaluationsetupas section4.3 (labeling 1000 randomlychosen
facesfrom our datasewith their correcthames)we canevaluatehow muchlan-
guagecontet helpsour clustering.

Onthissetof faceswe canseen tablel thatby incorporatingalanguagenodelour
performancevasgreatlyincreasedFor the basicclustering67% of the testfaces
are labeledcorrectly while for the clusteringwith incorporatedanguagemodel,
78% of thefacesarelabeledcorrectly
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Jennifer Lopez is one of the celebrities set

to recount their first time....as subjects on
"Entertainment Tonight." Along with Lopez,
stars like Oprah Winfrey and George
Clooney are set to appear on "The Stars'
First Time ... On Entertainment Tonight

With Mary Hart" which will air on CBS on
February 14, 2003. Lopez is seen at a New
York premiere December 8. (Jeff Christensen
Reuters)

Fig. 11. We havecreateda webinterfacefor organizingand browsingnews photayraphs
accoding to individual. Our datasetconsistsof 30,281 faceswith about9,000different
individuals.Here we showa screenshotof our facedictionarytop, oneclusterfromthat
facedictionary (ActressJenniferLopez)left bottom and one of the indexed pictureswith
correspondingcaptionright bottom. Thisfacedictionaryallowsa userto seach for pho-
tographsof an individual as well as giving accesdo the original news phot@raphsand
captionsfeaturingthat individual. It also providesa new way of organizingthe news, ac-
cording to theindividualspresentn its photos.
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We canalsoseefrom table 1 thatusingthe Naive Bayesmodelof context andthe
maximumentropy modelproducevery similar results,77% and78% respectiely.
Thisimpliesthatbothmodelsarefairly goodmodelsof namecontext.

6.2 Depictionldenti cation in Text

Onepleasingby-productof our clusteringis a naturallanguageclassi er (our lan-
guagemodelthat hasbeentrainedon our dataset) We canevaluatethat classi er
on text without associategbictures.To evaluatethis classi er, we createan eval-
uationsetconsistingof 430 randomlychosencaptionsfrom our datasetWe hand
label thesecaptionswith which nameswere depicted(“IN”) andwhich werenot
("*OUT"). By looking at how thesecaptionsarelabeledusingour naturallanguage
classi er, we canjudgeits performancentext alone.

Figure10 shaws theresultsof runningour classi ers(Naive BayesandMaximum

Entropy models)on someof thesecaptions.In table2, we show errorratesfor la-

beling nameswith picturedandnot picturedusingour languagemodel. The best
classi er (MaximumEntropy) we correctlylabels86%of thenameswhile thebase-
line (labelingeveryoneas“IN”) only correctlylabels67% of thenames.

The two languaganodels,Naive Bayesand Maximum Entropy performapproxi-
matelythe sameon this task.

6.3 EMvsMM

EM is thepreferredchoiceof statisticiangor solvingmissingdataproblemsHow-
ever, we have obsenred that choosingthe maximumlik elihood assignmenhasa
large advantageover usingthe expectation As canbe seenin table 1 andtable 2,
the maximalassignmenprocedurg MM) outperformsEM in bothtasks.For face
labeling MM labels 77% of the facescorrectly while EM only labels 72% cor
rectly. For text labeling, MM labels84% of the namescorrectlywhile EM labels
76%correctly

6.4 Initial recaynitiontests

We have performedsomeinitial recognitiontestsonourdatasetWe usedaprobe/gallery
teston 5,870faces(490 individuals)from our datasetwith half usedfor training
andhalf for testing.A commonbaselinefor facerecognitiondatasetss PCA. On
this datasetPCA gave recognitionratesof 9.2%.IncorporatingLDA, thatnumber
increasedo 16.8%. Thesenumbersare quite far from the 90% recognitionrates
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guotedfor mostdatasetsThis indicatesthat our dataseis quite dif cult andwill
be achallengingandusefuldatasefor futurefacerecognitionsystemso use.

7 Conclusion

We have produceda very large andrealisticfacedatasetonsistingof 30,281faces
with roughly 3,000differentindividuals from news photographswith associated
captions.This datasetanbe usedin future facerecognitionwork. Usingboththe
imagesandtext, we areableto correctlylabel faceswith their namesBy incor
poratingcontextual information, this labelingis substantiallyimproved. We have
shawvn that words and picturescan be usedin tandemto produceresultsthat are
betterthanusingeithermediumalone.

We have also createda web interfacethat organizesthe news in a nev way, ac-
cordingto individualspresenin news pictures.Usersareableto browvsethe newns
accordingo individual (Figure11), bring up multiple photograph®f a persorand
view the original news photographsindassociatedaptionsfeaturingthatperson.
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