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Abstract

Thecontet in whichanameappearsn acaptionprovidespowerful cues
astowhois depictedn theassociateimage.We obtain44,773faceim-

agesusinga facedetectorfrom approximatelyhalf a million captioned
news imagesandautomaticallylink namespbtainedusinga nameden-
tity recognizerwith thesefaces. A simple clusteringmethodcan pro-

ducefair results. We improve theseresultssigni cantly by combining
the clusteringprocesswith a modelof the probability thatanindividual

is depictedgiven its context. Oncethe labeling procedures over, we

have an accuratelylabeledset of faces,an appearancenodelfor each
individual depicted,anda naturallanguagemodelthat canproduceac-

curateresultson captionsn isolation.

1 Intr oduction

It is a remarkablefact that picturesandtheir associatednnotationsare complementary
This obsenation hasbeenusedto browse museumcollections([1]) and organizelarge
imagecollections([2, 7, 12, 13]). All of thesepapersusefairly crude“bag of words”
models treatingwordsas oating tagsandlooking at the co-occurrenc®f imageregions
andannotatedvords.In this paperwe shav thatsigni cant gainsareavailableby treating
languagemorecarefully.

Ourdomainis alargedatasebf news photographsvith associatedaptions A facedetector
is usedto identify potentialfacesandanamedentity recognizeto identify potentialnames.
Multiple facesandnamedrom oneimage-captiompair arequite common.The problemis

to nd a correspondencbetweensomeof the facesand names. As part of the solution
we learnan appearancenodelfor eachpicturednameandthe likelihood of a particular
instanceof a namebeingpicturedbasedn the surroundingvordsandpunctuation.

Facerecognition cannotbe sureyed reasonablyin the spaceavailable. Reviews appear
in [6, 10, 11]. Although facerecognitionis well studied,it doesnot work very well in
practice[15]. Onemotivationfor our work is to take the large collectionof news images
andcaptionsassemi-supervisethput andandproducea fully supervisedlatasebf faces
labeledwith names. The resultingdataseexhibits mary of the confoundingfactorsthat
male real-world facerecognitiondif cult, in particularmodesof variation that are not
foundin facerecognitiondatasetgollectedin laboratorieslt is importantto notethatthis
taskis easierthan generalfacerecognitionbecauseeachfacehasonly a few associated
names.
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Figure1: Left: A typical data item consistingof a picture and its associateccaption.

Center: Detectedfacesand namesfor this dataitem. Right: The setof possiblecorre-

spondencefor this dataitem. Our modelallows eac faceto be assignedo at mostone

name ead nameto be assignedo at mostoneface andanyfaceor nameto be assigned
to Null. Our namedentity recaynizer occasionallyidenti es stringsthat do not refer to

actual people(e.g. “Winter Olympics”). Thesenamesare assignedow probability under
our modelandtherefore their assignmento a faceis unlikely. EM iteratesbetweercom-

puting the expectationof the possibleface-namecorrespondenceand updatingthe face

clustess andlanguage model.Unusually we canafford to computeall possibleface-name
correspondencefor a dataitem sincethe numberof possibilitiesis small. For this item,

we correctly choosethebestmatcting “F1 to Null”, “N2 to Null”, and“F2 to N1".

F2

Null Null

Language: Quitesimplecommonphenomenin captionssuggestsingalanguaganodel.
First, our namedentity recognizeroccasionallymarksincorrectnameslike “United Na-
tions”. Thecontet in which theseincorrectdetectionccursuggesthatthey do notrefer
to actualpeople.Secondname-contet pairscanbeweightedaccordingto their probabil-
ity. In acaptionsuchas“Michael Jacksomespondso questioningrhursdayNov. 14,2002
in SantaMaria SuperiorCourtin Santa Maria, Calif., duringa$21million lawsuitbrought
againsthim by Marcel Avramfor failing to appeaattwo millenniumconcerts.”, Michael
Jacksorappearsn a morefavorablecontet (at the beginning of the caption,followed by
averb)thanMarcel Avram (nearthe middle of the caption followedby a preposition).

Our approach combinesa simple appearancenodelusingkPCA andLDA, with alan-
guagemodel,basedon context. We evaluatebothan EM and maximumlik elihood clus-
teringandshaw thatincorporatinglanguagewith appearanceroducedetterresultsthan
usingappearancalone.We alsoshaw theresultsof thelearnednaturallanguageclassi er
appliedto a setof captionsn isolation.

2 Linking afaceandlanguagemodelwith EM

A naturalway of thinking aboutnameassignments asa hiddenvariableproblemwhere
thehiddenvariablesarethe correctname-acecorrespondencdsr eachpicture. This sug-
gestausinganexpectationrmaximization(EM) procedureEM iterateshetweercomputing
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Figure2: Namesassignedisingour raw clusteringprocedue (before) andincorporatinga
language model(after). Our namedentityrecaynizeroccasionallydetectsncorrectnames
(e.g. “CEO Summit”), but basedon context the language modelassigndow probabilities
to thesenamesmakingtheir assignmentinlikely. Whenmultiple namesare detectedike
“Julia Vakulenlk” and“JenniferCapriati”, the probability for eadh namedepend®n its
contet. Thecaptionfor this picture reads*American JenniferCapriati returnsthe ball to
her Ukrainian opponentlulia Vakulenlo in Paris during..” Thelanguage modelprefersto
assignthename"J enniferCapriati” becausets contet (beginningof the captionfollowed
by a presenttenseverb) indicatesit is more likely to be pictured than “J ulia Vakulenlo”
(middle of the captionfollowedby a preposition). For picturessud the manlabeled“al
Qaeda”to “Null” whete theindividual is not namedin the caption,the language model
correctly assigns‘Null” to theface Astable 1 shows,incorporating a language model
improvesour faceclustes signi cantly.

the expectedvaluesof the setof face-nameorrespondenceggiven a faceclusteringand
languagamodel)andupdatingthe faceclustersandlanguagenodelgiven the correspon-
dencesUnusually it is affordableto computethe expectedvalueof all possibleface-name
correspondencdsr a dataitem sincethe numberof possibilitiesis small.

To useEM we needa modelof how picturesaregeneratedGeneratre model:

To generatea dataitem:
name, context 1. ChooseN, thenumberof namesandF, the
numberof faces.
2. GeneratédN name contet pairs.
pictured 3. For each of these name contet pairs,
generatea binary variable pictur ed con-
AN ditioned on the contet alone (from
' P (pictur edcontext)).
- ;
; 4. For eachpictured = 1, ggperatea face
ace_u face_n . = .
Fu Fn from P (f acgname) (Fn =  pictur ed).
D 5. GeneratdFu = F | Fn otherfacesfrom
P(f ace.

Theparametersecessarjor theEM procesareP (f acgname) (sec2.2),the probability
thata faceis generatedy a given name,P (pictur edcontext) (sec2.3), the probability
thata nameis picturedgivenits context, andP (f ace) the probabilitythata faceis gener
atedwithouta name.
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Figure 3: Left: Exampleclustes usingonly appeaanceto cluster Right: The same
clustess, but usingappeaance+ language to cluster Someclustess get larger (Elizabeth
Dole, Angelina Jolie) becauseof the inclusion of more correct faces. Someclustess get
smaller (AnastasiaMyskina)becauseof the exclusionof incorrectfaces. All clustes get
more accuiate becausehelanguage modelis breakingambiguitiesand giving the cluster
ing a pushin theright direction. Someclustes that do not refer to actual people “U .S.
Open” completeldisappeatusingthelanguage model.Otherclusteslike “Abr ahamLin-
coln” (whois a person,but whoseassociategicturesmostoftenportray peopleotherthan
“AbrahamLincoln”) becomeemptywhenusingthelanguage model,presumablybecause
thesefacesare assignedo the correctnames.

2.1 NameAssignment

For eachimage-captiomair, we calculatethe costsof all possibleassignmentsf nameso
faces(dependentiponthe associatedacesandnames)ndusethe bestsuchassignment.
An exampleof theextractednamesfacesandall possibleassignmentsanbeseerin gure
1.

Thelikelihoodof picturex; underassignmeng; , of namesto facesunderour generatie
modelis:

L(xii&) =R(N)P(F)P(n3; c):P(Mni )

Y
P (pictur edsjCe)P (f 3(@)iNe) (1 P(pictured-jc)) P(f-)
® - .

WhereP(N)is theprobabilityof generatind\ namesP(F)is theprobabilityof generating-
facesandP (n;; ¢;) aretheprobabilitiesof generatingname; andcontet ¢;. In assignment
8, ® indexesinto the namesghatarepictured,%{®) indexesinto the facesassignedo the
picturednames, indexesinto thenameghatarenotpicturedand® indexesinto thefaces
without assignechames.ThetermsP (N )P (F)P (nq1; ¢):::P(ny; cy) arenot dependent
ontheassignmensowe canignorethemwhencalculatingthe probabilityof anassignment
andfocusontheremainingterms.



IN Pete SamprasIN of the U.S. celebrateshis victory over Denmarks OUT Kristian Pless
OUT atthe OUT U.S.Open OUT at FlushingMeadavs August30, 2002. Samprasvon the
match6-37-5 6-4. REUTERS/Kevin Lamarque

Germary's IN Chancellor Gerhard SchroederIN, left, in discussiorwith Frances IN Presi-
dentJacquesChirac IN ontheseconddayof the EU summitatthe EuropearCouncilheadquar
tersin BrusselsFriday Oct. 25,2002. EU leadersareto closea deal Friday on ®nalizing entry
talkswith 10 candidatecountriesafter a surprisebreakthrougtagreemenon Thursdaybetween
FranceandGermany regardingfarmspending.(ARPhoto/Europeaommission/HO)

'The Right Stuff' castmemberdN Pamela ReedIN, (L) poseswith fellow castmemberIN
Veronica Cartwright IN at the 20th anniversaryof the ®m in Hollywood, June9, 2003. The
womenplayedwivesof astronautsn the ®Im aboutearly United Stategestpilots andthe space
program.The ®Im directedby OUT Philip Kaufman OUT, is celebratingts 20thannversary
andis beingreleasedn DVD. REUTERS/FredProuser

Kraft FoodsInc., the largestU.S. food compaly, on July 1, 2003 saidit would take stepslike
cappingportion sizesandproviding morenutrition information,asit andothercompaniegace
growing concernand even lawsuitsdueto rising obesityrates. In May of this year SanFran-
ciscoattorngg OUT StephenJosephOUT, shavn above, soughtto banOreocookiesin Cali-
fornia— a suit that waswithdrawvn lessthantwo weekslater Photoby Tim Wimborne/Reuters
REUTERS/Tm Wimborne

Figure4: Our new procedue givesus not only betterclusteringresults, but alsoa natural
language classi er which canbetestedon captionsin isolation. Above: a few captions
labeledwith IN (pictured)andOUT (not pictured) usingour learnedlanguage model.Our
language modelhaslearnedwhich contexts havehigh probability of referringto pictured
individuals and which contexts havelow probabilities. We observean 85% accuiacy of
labelingwhois portrayedin a picture usingonly our language model. Thetop 3 labelings
are all correct. Thelastincorrectly labels“StephenJoseph”as not pictured whenin fact
heis the subjectof the picture. Somecontetsthat are oftenincorrectly labeledare those
whele the nameappeas near the end of the caption (usually a cue that the individual
namedis not pictured). Somecueswe could add that shouldimprove the accuracy of our
language modelare the nearnes®f wordslike “shown”, “pictured”, or “photographed”.

Thecompletedatalog likelihoodis:
2 3

X
4 (Pylog(L(xi;a))°

i2pics  j2ass

WhereP;; is anindicatorvariabletelling which correspondenceccurredn this dataitem.
TheP; aremissingdatawhoseexpectationsarecomputedn theE step.

This givesa straightforvard EM procedure:

2 E —updatethe P; accordingto the normalizedprobability of picturei with as-
signmen.

2 M — maximizethe parameter$ (f acgname) and P (pictur edicontext) using
softcounts.

2.2 Modeling the appearanceof faces— P (f acgname)

We modelappearancesinga mixture modelwith one mixture elementper namein our
lexicon. We needa representatiorfor facesin a featurespacewhere comparisonsare
helpful. Our representatioris obtainedby recti cation of the facesfollowed by kernel
principal componentanalysis(kPCA) andlinear discriminantanalysis(LDA) (detailsin
[5]). We modelthedistributionsP (f acgname) usinggaussiansvith x edcovariance.

To obtainfeaturesve rst automaticallyrectify all facesto a canonicapose.Five support
vectormachinesaretrainedasfeaturedetectorgcornersof theleft andright eyes,corners



Model EM | MM
AppearancéModel, No LangModel | 56% | 67%
Appearancéodel+ LangModel | 72% | 77%

Table1: Above: We randomlyselecteda setof 1000facesfrom our datasetand hand
labeledthemwith their correct names.Here we showwhat percentaye of thosefacesare

correctly labeledby eact of our methods(EM and maximalcorrespondencelustering

MM). For both methodsjncorporating a language modelimprovestheir respectiveclus-
teringsgreatly Standad statisticalknowled@ saysthat usingthe expectedvaluesshould
performbetterthansimplychoosingthe maximalassignmenat ead step(MM). However,

we havefoundthat usingthe maximalassignmentvorksbetterthantakingan expectation.
One reasonthis could be true is that EM averages incorrect facesinto the appeaance
model,makingthe meanunstable

of themouthandthetip of the nose)usingfeaturesconsistingof the geometricblur of [4]
appliedto grayscalgatchesWe thenusekPCA ([16]) to reducethe dimensionalityof our
dataandcomputdineardiscriminantg[3]) onthesinglename singlefacepictures.

Becausef thelargesizeof our datasetye cannotcomputethe kernelmatrix, K for KPCA,
directly. Insteadwe usean approximatiorto calculatethe eigervectorsof K, the Nystrom
approximation(cf [17, 9]). The Nystrom approximationcomputegwo exact subsetof K
andusestheseto ef ciently approximateherestof K andits eigervectors(detailsin [5]).

2.3 LanguageModel — P (pictur edicontext)

Our languagemodel assignsa probability to eachnamebasedon its contet within the
caption. Thesedistributions, P (pictur edcontext), arelearnedusingcountsof how often
eachcontet appearglescribingan assignechame,versushow oftenthat contet appears
describingan unassignechame. We have onedistribution for eachpossiblecontet cue,
andassumehatcontet cuesaremodeledindependentlyfbecausave lack enoughdatato
modelthemjointly).

For context, we usea variety of cues: the part of speechtagsof the word immediately
prior to the nameandimmediatelyafterthe namewithin the caption(modeledointly), the
locationof the namein the caption,andthe distancedo thenearest,”, “.”, “(", )", “(L)",

“(R)” and“(C)". We tried addinga variety of otherlanguagemodelcues,but found that

they did notincreasehe assignmenéccurag.
The probability of being picturedgiven multiple context cues(whereC; arethe different
independentontet cues)canbeformedusingBayesrule:
P (pictur edC,):::P (pictur edCy)
P (pictur ed)ni 1

P (pictur edCy; Cy;:::Cp) =

We computemaximumlik elihoodestimatesf eachof P (pictur ediC;) andP (pictur ed)
usingsoftcounts.

2.4 Bestcorrespondencend meancorrespondence

Givenour hiddenvariableproblemof determiningcorrectname-aceassignmentsrom a
statisticgpointof view EM seemdik e themostfavorablechoice.However, mary computer
vision problemshave obsenred betterresultsby choosingmaximumover expectedvalues.
We have tried both methodsandfoundthatusingthe maximalassignmenproducedbetter
results(table1). Onereasorthis might betrueis thatfor caseswvherethereis a clearbest
assignmenthe max andthe averagearebasicallyequivalent. For caseswvherethereis no
clearbest,EM average®verassignmentgroducingamearthathasnorealmeaningsince
it is anaverageof differentpeoplesfaces.



Classi er labelscorrect || IN correct| OUT correct
Baseline 67% 100% 0%
EM Labelingwith LanguageModel 76% 95% 56%
MM Labelingwith LanguageModel 84% 87% 76%

Table 2: Above: Resultsof applying our learnedlanguage modelto a test set of 430

captions(text alone). In our testset,we handlabeledead detectechamewith INJOUT

basedon whetherthe referred namewas pictured within the correspondingpicture. We

thentestechowwell our language modelcouldpredictthoselabels(“labels correct” refers

to the total percentaye of nameshat were correctly labeled,“IN correct” the percentage

of pictured namescorrectly labeled,and “OUT correct” the percentage of not pictured

namescorrectly labeled). The baseline gur e givesthe accuiacy of labeling all names
aspictured. Using EM to learn a language modelgivesan accutacy of 76% while using
a maximumlikelinood clusteringgives84%. Again the maximumlikelihood clustering
outperformsEEM. Namesghat are mostoftenmislabeledare thosethat appearneartheend
of the captionor in othercontetsthat usuallydenotea namebeingnot pictured.

The Maximal Assignmentprocesss nearlythe sameasthe EM processexceptinsteadof
calculatingthe expectedvalueof eachassignmenbnly themaximalassignmenis nonzero.

TheMaximal Assignmenfprocedure:
2 M1 —setthemaximalP; to 1 andall othersto O.
2 M2 — maximizethe parameter® (f acgname) andP (pictur edcontext) using
counts.

3 Results

We have collecteda datasetonsistingof approximatelyhalf a million news picturesand
captionsfrom YahooNews over a periodof roughlytwo years.

Faces:Usingthefacedetectorof [14], we extract44,773largewell detectedaceimages.
Sincethesepicturesweretaken“in thewild” ratherthanunder x edlaboratoryconditions,
they represent broadrangeof individuals, pose,expressionjllumination conditionsand
time frames.Ourfacerecognitiondatasets morevariedthanary otherto date.

Names: We usean opensourcenamedentity recognizer([8]) to detectpropernamesin
eachof theassociatedaptions.This givesusa setof namesassociateavith eachpicture.

Scale: We obtain44,773large andreliablefacedetectoresponsesWe rejectfaceimages
that cannotbe recti ed satishctorily, leaving 34,623. Finally, we concentraten images
within whosecaptionswe detectpropernamesjeaving 30,281 the nal setwe clusteron.

3.1 Quantitati ve Results

Incorporatinga naturallanguagemodelinto faceclusteringproduceamuchbetterresults
than clusteringon appearancealone. As canbe seenin table 1, using, only appearance
producesanaccurag of 67% while appearance languagegives77%. For facelabeling,
usingthe maximumlik elihood assignmen{MM) ratherthanthe average(EM) produces
betterresults(77%vs 72%).

Oneneatby-productof our clusteringis a naturallanguageclassi er. We canevaluatethat

classi erontext withoutassociategictures.In table2, we shawv resultsfor labelingnames
with picturedandnot picturedusingour languagemodel. Using the languagemodelwe

correctlylabel 84% of the nameswhile the baseling(labeling everyoneas pictured)only

gives67%. The maximumlik elihood assignmenalso producesa betterlanguagemodel

thanEM (76%vs 84%). A few thingsthatourlanguagenodellearnsasindicative of being

picturedarebeingnearthebeginningof thecaption beingfollowedby apresentenseverb,

andbeingnear‘(L)", “(R)", or“(C)".



4 Discussion

We have shown previously ([5]) that a good clusteringcan be createdusing namesand
faces.In this work, we shav that by analyzinglanguagemore carefully we canproduce
a much betterclustering(table 1). Not only do we producebetterfaceclusters,but we

alsolearna naturallanguageclassi er thatcanbe usedto determinewho is picturedfrom

text alone(table2). We have coupledlanguageandimages usinglanguageo learnabout
imagesandimagesto learnaboutlanguage.

Thenext stepwill beto try to learnalanguagemodelfor freetext onawebpageOnearea
we would like to apply this to is improving googleimagesearchresults. Using a simple
imagerepresentatiomnda modi ed context modelperhapsve couldlink googleimages
with thewordson the surroundingvebpageso improve searchresults.
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