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Abstract

Thecontext in whichanameappearsin acaptionprovidespowerful cues
asto who is depictedin theassociatedimage.Weobtain44,773faceim-
ages,usinga facedetector, from approximatelyhalf a million captioned
news imagesandautomaticallylink names,obtainedusinga nameden-
tity recognizer, with thesefaces. A simpleclusteringmethodcanpro-
ducefair results. We improve theseresultssigni�cantly by combining
theclusteringprocesswith a modelof theprobability thatan individual
is depictedgiven its context. Oncethe labelingprocedureis over, we
have an accuratelylabeledsetof faces,an appearancemodel for each
individual depicted,anda naturallanguagemodelthat canproduceac-
curateresultsoncaptionsin isolation.

1 Intr oduction

It is a remarkablefact that picturesandtheir associatedannotationsarecomplementary.
This observation hasbeenusedto browse museumcollections([1]) and organizelarge
imagecollections([2, 7, 12, 13]). All of thesepapersusefairly crude“bag of words”
models,treatingwordsas�oating tagsandlooking at theco-occurrenceof imageregions
andannotatedwords.In thispaper, weshow thatsigni�cant gainsareavailableby treating
languagemorecarefully.

Ourdomainis alargedatasetof newsphotographswith associatedcaptions.A facedetector
is usedto identify potentialfacesandanamedentityrecognizerto identify potentialnames.
Multiple facesandnamesfrom oneimage-captionpair arequitecommon.Theproblemis
to �nd a correspondencebetweensomeof the facesandnames.As part of the solution
we learnan appearancemodel for eachpicturednameandthe likelihoodof a particular
instanceof anamebeingpicturedbasedon thesurroundingwordsandpunctuation.

Facerecognition cannotbe surveyed reasonablyin the spaceavailable. Reviews appear
in [6, 10, 11]. Although facerecognitionis well studied,it doesnot work very well in
practice[15]. Onemotivation for our work is to take the largecollectionof news images
andcaptionsassemi-supervisedinput andandproducea fully superviseddatasetof faces
labeledwith names.The resultingdatasetexhibits many of the confoundingfactorsthat
make real-world facerecognitiondif�cult, in particularmodesof variation that are not
foundin facerecognitiondatasetscollectedin laboratories.It is importantto notethatthis
task is easierthangeneralfacerecognitionbecauseeachfacehasonly a few associated
names.
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victory in obtaining the 2010 Winter Olympics bid on late
July 2, 2003 in Prague. Vancouver won with 56 votes 
against 53 votes for Pyeonchang in the second round of
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President and Chief Operating Officer of the Vancouver, 

(rear) smiles while celebrating with compatriots their

F1 = 

F2 = 

N1 = John Furlong, 

N2 = Winter Olympics, 

Figure 1: Left: A typical data item consistingof a picture and its associatedcaption.
Center: Detectedfacesand namesfor this data item. Right: Thesetof possiblecorre-
spondencesfor this data item. Our modelallowseach faceto beassignedto at mostone
name, each nameto beassignedto at mostoneface, andanyfaceor nameto beassigned
to Null. Our namedentity recognizeroccasionallyidenti�es strings that do not refer to
actualpeople(e.g. “Winter Olympics”) . Thesenamesare assignedlow probability under
our modelandtherefore their assignmentto a faceis unlikely. EM iteratesbetweencom-
puting the expectationof the possibleface-namecorrespondencesand updatingthe face
clusters andlanguage model.Unusually, wecanafford to computeall possibleface-name
correspondencesfor a data itemsincethenumberof possibilitiesis small. For this item,
wecorrectlychoosethebestmatching “F1 to Null”, “N2 to Null”, and“F2 to N1”.

Language:Quitesimplecommonphenomenain captionssuggestusingalanguagemodel.
First, our namedentity recognizeroccasionallymarksincorrectnameslike “United Na-
tions”. Thecontext in which theseincorrectdetectionsoccursuggestthatthey donot refer
to actualpeople.Second,name-context pairscanbeweightedaccordingto their probabil-
ity. In acaptionsuchas“Michael Jacksonrespondsto questioningThursday, Nov. 14,2002
in SantaMariaSuperiorCourtin SantaMaria,Calif., duringa$21million lawsuitbrought
againsthim by MarcelAvramfor failing to appearat two millenniumconcerts...”, Michael
Jacksonappearsin a morefavorablecontext (at thebeginningof thecaption,followedby
averb)thanMarcelAvram(nearthemiddleof thecaption,followedby apreposition).

Our approach combinesa simpleappearancemodelusingkPCA andLDA, with a lan-
guagemodel,basedon context. We evaluateboth an EM andmaximumlikelihoodclus-
teringandshow that incorporatinglanguagewith appearanceproducesbetterresultsthan
usingappearancealone.Wealsoshow theresultsof thelearnednaturallanguageclassi�er
appliedto asetof captionsin isolation.

2 Linking a faceand languagemodelwith EM

A naturalway of thinking aboutnameassignmentis asa hiddenvariableproblemwhere
thehiddenvariablesarethecorrectname-facecorrespondencesfor eachpicture.Thissug-
gestsusinganexpectationmaximization(EM) procedure.EM iteratesbetweencomputing
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Figure2: Namesassignedusingour rawclusteringprocedure(before)andincorporatinga
languagemodel(after). Our namedentityrecognizeroccasionallydetectsincorrectnames
(e.g. “CEO Summit”),but basedon context thelanguage modelassignslow probabilities
to thesenames,makingtheir assignmentunlikely. Whenmultiplenamesare detectedlike
“Julia Vakulenko” and“J enniferCapriati”, theprobability for each namedependson its
context. Thecaptionfor this picture reads“American JenniferCapriati returnstheball to
herUkrainianopponentJulia Vakulenko in Paris during...” Thelanguagemodelprefers to
assignthename“J enniferCapriati” becauseits context (beginningof thecaptionfollowed
by a presenttenseverb) indicatesit is more likely to be pictured than “Julia Vakulenko”
(middleof thecaptionfollowedby a preposition).For picturessuch themanlabeled“al
Qaeda” to “Null” where the individual is not namedin the caption,the language model
correctly assigns“Null” to the face. As table 1 shows,incorporating a language model
improvesour faceclusterssigni�cantly.

the expectedvaluesof the setof face-namecorrespondences(given a faceclusteringand
languagemodel)andupdatingthe faceclustersandlanguagemodelgiven thecorrespon-
dences.Unusually, it is affordableto computetheexpectedvalueof all possibleface-name
correspondencesfor adataitemsincethenumberof possibilitiesis small.

To useEM weneedamodelof how picturesaregenerated.Generative model:

N

name, context

pictured

D

face_u face_n
Fu Fn

To generateadataitem:
1. ChooseN, thenumberof names,andF, the

numberof faces.
2. GenerateN name, context pairs.
3. For each of these name, context pairs,

generatea binary variable pictur ed con-
ditioned on the context alone (from
P(pictur edjcontext)).

4. For eachpictur ed = 1, generatea face
from P(f acejname) (F n =

P
pictur ed).

5. GenerateF u = F ¡ F n otherfacesfrom
P(f ace).

Theparametersnecessaryfor theEM processareP(f acejname) (sec2.2),theprobability
that a faceis generatedby a given name,P(pictur edjcontext) (sec2.3), the probability
thata nameis picturedgivenits context, andP(f ace) theprobabilitythata faceis gener-
atedwithoutaname.
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Figure3: Left: Exampleclusters usingonly appearanceto cluster. Right: Thesame
clusters, but usingappearance+ language to cluster. Someclusters get larger (Elizabeth
Dole, Angelina Jolie) becauseof the inclusionof more correct faces. Someclusters get
smaller(AnastasiaMyskina)becauseof the exclusionof incorrect faces.All clusters get
moreaccuratebecausethelanguagemodelis breakingambiguitiesandgiving thecluster-
ing a pushin the right direction. Someclusters that do not refer to actual people, “U .S.
Open” completelydisappearusingthelanguagemodel.Otherclusters like“Abr ahamLin-
coln” (whois a person,but whoseassociatedpicturesmostoftenportraypeopleotherthan
“Abr ahamLincoln”) becomeemptywhenusingthelanguage model,presumablybecause
thesefacesareassignedto thecorrectnames.

2.1 NameAssignment

For eachimage-captionpair, wecalculatethecostsof all possibleassignmentsof namesto
faces(dependentupontheassociatedfacesandnames)andusethebestsuchassignment.
An exampleof theextractednames,facesandall possibleassignmentscanbeseenin �gure
1.

The likelihoodof picturex i underassignmentaj , of namesto facesunderour generative
modelis:

L (x i ; aj ) = P(N )P(F )P(n1; c1):::P(nn ; cn )¤
Y

®

P(pictur ed®jc®)P(f ¾(®) jn®)
Y

¯

(1 ¡ P(pictur ed̄ jc¯ ))
Y

°

P(f ° )

WhereP(N)is theprobabilityof generatingN names,P(F)is theprobabilityof generatingF
faces,andP(n i ; ci ) aretheprobabilitiesof generatingnamei andcontext ci . In assignment
aj , ® indexesinto thenamesthatarepictured,¾(®) indexesinto thefacesassignedto the
picturednames,̄ indexesinto thenamesthatarenotpicturedand° indexesinto thefaces
without assignednames.The termsP(N )P(F )P(n1; c1):::P(nn ; cn ) arenot dependent
ontheassignmentsowecanignorethemwhencalculatingtheprobabilityof anassignment
andfocuson theremainingterms.



IN Pete Sampras IN of the U.S. celebrateshis victory over Denmark's OUT Kristian Pless
OUT at the OUT U.S. Open OUT at FlushingMeadows August30, 2002. Sampraswon the
match6-37- 5 6-4. REUTERS/Kevin Lamarque
Germany's IN Chancellor Gerhard Schroeder IN, left, in discussionwith France's IN Presi-
dent JacquesChirac IN ontheseconddayof theEU summitat theEuropeanCouncilheadquar-
tersin Brussels,FridayOct. 25, 2002. EU leadersareto closea dealFridayon ®nalizingentry
talkswith 10 candidatecountriesaftera surprisebreakthroughagreementon Thursdaybetween
FranceandGermany regardingfarmspending.(APPhoto/EuropeanCommission/HO)
'The Right Stuff ' castmembersIN Pamela Reed IN, (L) poseswith fellow castmemberIN
Veronica Cartwright IN at the 20th anniversaryof the ®lm in Hollywood,June9, 2003. The
womenplayedwivesof astronautsin the®lm aboutearlyUnitedStatestestpilots andthespace
program.The®lm directedby OUT Philip Kaufman OUT, is celebratingits 20thanniversary
andis beingreleasedonDVD. REUTERS/FredProuser
Kraft FoodsInc., the largestU.S. food company, on July 1, 2003saidit would take steps,like
cappingportionsizesandproviding morenutrition information,asit andothercompaniesface
growing concernandeven lawsuitsdueto rising obesityrates. In May of this year, SanFran-
ciscoattorney OUT StephenJosephOUT, shown above, soughtto banOreocookiesin Cali-
fornia – a suit thatwaswithdrawn lessthantwo weekslater. Photoby Tim Wimborne/Reuters
REUTERS/Tim Wimborne

Figure4: Our new procedure givesusnot only betterclusteringresults,but alsoa natural
language classi�er which canbe testedon captionsin isolation. Above: a few captions
labeledwith IN (pictured)andOUT(notpictured)usingour learnedlanguagemodel.Our
language modelhaslearnedwhich contextshavehigh probability of referringto pictured
individualsand which contexts havelow probabilities. We observean 85% accuracy of
labelingwhois portrayedin a picture usingonly our language model.Thetop 3 labelings
are all correct. Thelast incorrectly labels“StephenJoseph”asnot picturedwhenin fact
he is thesubjectof thepicture. Somecontexts that are oftenincorrectly labeledare those
where the nameappears near the end of the caption (usually a cue that the individual
namedis not pictured). Somecueswecouldaddthat shouldimprovetheaccuracyof our
language modelare thenearnessof wordslike “shown”, “pictured”, or “photographed”.

Thecompletedatalog likelihoodis:
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WherePij is anindicatorvariabletelling whichcorrespondenceoccurredin thisdataitem.
ThePij aremissingdatawhoseexpectationsarecomputedin theE step.

ThisgivesastraightforwardEM procedure:

² E – updatethe Pij accordingto the normalizedprobability of picturei with as-
signmentj.

² M – maximizethe parametersP(f acejname) andP(pictur edjcontext) using
soft counts.

2.2 Modeling the appearanceof faces– P(f acejname)

We modelappearanceusinga mixture modelwith onemixture elementper namein our
lexicon. We needa representationfor facesin a featurespacewherecomparisonsare
helpful. Our representationis obtainedby recti�cation of the facesfollowed by kernel
principal componentsanalysis(kPCA) andlineardiscriminantanalysis(LDA) (detailsin
[5]). WemodelthedistributionsP(f acejname) usinggaussianswith �x edcovariance.

To obtainfeatureswe �rst automaticallyrectify all facesto a canonicalpose.Five support
vectormachinesaretrainedasfeaturedetectors(cornersof theleft andright eyes,corners



Model EM MM
AppearanceModel,No LangModel 56% 67%
AppearanceModel+ LangModel 72% 77%

Table1: Above: We randomlyselecteda setof 1000facesfrom our datasetand hand
labeledthemwith their correctnames.Here weshowwhatpercentage of thosefacesare
correctly labeledby each of our methods(EM and maximalcorrespondenceclustering,
MM). For both methods,incorporating a language modelimprovestheir respectiveclus-
teringsgreatly. Standard statisticalknowledge saysthat usingtheexpectedvaluesshould
performbetterthansimplychoosingthemaximalassignmentat each step(MM). However,
wehavefoundthatusingthemaximalassignmentworksbetterthantakinganexpectation.
One reasonthis could be true is that EM averages incorrect facesinto the appearance
model,makingthemeanunstable.

of themouthandthetip of thenose)usingfeaturesconsistingof thegeometricblur of [4]
appliedto grayscalepatches.WethenusekPCA([16]) to reducethedimensionalityof our
dataandcomputelineardiscriminants([3]) on thesinglename,singlefacepictures.

Becauseof thelargesizeof ourdataset,wecannotcomputethekernelmatrix,K for kPCA,
directly. Insteadwe useanapproximationto calculatetheeigenvectorsof K, theNyström
approximation(cf [17, 9]). TheNyström approximationcomputestwo exactsubsetsof K
andusestheseto ef�ciently approximatetherestof K andits eigenvectors(detailsin [5]).

2.3 LanguageModel – P(pictur edjcontext)

Our languagemodelassignsa probability to eachnamebasedon its context within the
caption.Thesedistributions,P(pictur edjcontext), arelearnedusingcountsof how often
eachcontext appearsdescribinganassignedname,versushow often thatcontext appears
describingan unassignedname. We have onedistribution for eachpossiblecontext cue,
andassumethatcontext cuesaremodeledindependently(becausewe lack enoughdatato
modelthemjointly).

For context, we usea variety of cues: the part of speechtagsof the word immediately
prior to thenameandimmediatelyafterthenamewithin thecaption(modeledjointly), the
locationof thenamein thecaption,andthedistancesto thenearest“,”, “.”, “(”, “)”, “(L)”,
“(R)” and“(C)”. We tried addinga variety of otherlanguagemodelcues,but found that
they did not increasetheassignmentaccuracy.

Theprobabilityof beingpicturedgivenmultiple context cues(whereCi arethedifferent
independentcontext cues)canbeformedusingBayesrule:

P(pictur edjC1; C2; :::Cn ) =
P(pictur edjC1):::P(pictur edjCn )

P(pictur ed)n ¡ 1

We computemaximumlikelihoodestimatesof eachof P(pictur edjCi ) andP(pictur ed)
usingsoft counts.

2.4 Bestcorrespondenceand meancorrespondence

Givenour hiddenvariableproblemof determiningcorrectname-faceassignments,from a
statisticspointof view EM seemslikethemostfavorablechoice.However, many computer
vision problemshave observedbetterresultsby choosingmaximumover expectedvalues.
We have tried bothmethodsandfoundthatusingthemaximalassignmentproducedbetter
results(table1). Onereasonthis might betrueis that for caseswherethereis a clearbest
assignmentthemaxandtheaveragearebasicallyequivalent. For caseswherethereis no
clearbest,EM averagesoverassignments,producingameanthathasnorealmeaningsince
it is anaverageof differentpeople's faces.



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 model to a test set of 430
captions(text alone). In our testset,we handlabeledeach detectednamewith IN/OUT
basedon whetherthe referred namewaspictured within the correspondingpicture. We
thentestedhowwell our languagemodelcouldpredictthoselabels(“labels correct” refers
to the total percentage of namesthat were correctly labeled,“IN correct” thepercentage
of pictured namescorrectly labeled,and “OUT correct” the percentage of not pictured
namescorrectly labeled). The baseline�gur e givesthe accuracy of labeling all names
aspictured. UsingEM to learn a language modelgivesan accuracyof 76%while using
a maximumlikelihood clusteringgives84%. Again the maximumlikelihood clustering
outperformsEM. Namesthataremostoftenmislabeledare thosethatappearneartheend
of thecaptionor in othercontextsthatusuallydenotea namebeingnotpictured.

TheMaximal Assignmentprocessis nearlythesameastheEM processexceptinsteadof
calculatingtheexpectedvalueof eachassignmentonly themaximalassignmentis nonzero.

TheMaximalAssignmentprocedure:
² M1 – setthemaximalPij to 1 andall othersto 0.
² M2 – maximizetheparametersP(f acejname) andP(pictur edjcontext) using

counts.

3 Results

We have collecteda datasetconsistingof approximatelyhalf a million news picturesand
captionsfrom YahooNews overaperiodof roughlytwo years.

Faces:Usingthefacedetectorof [14], we extract44,773largewell detectedfaceimages.
Sincethesepicturesweretaken“in thewild” ratherthanunder�x edlaboratoryconditions,
they representa broadrangeof individuals,pose,expression,illumination conditionsand
time frames.Our facerecognitiondatasetis morevariedthanany otherto date.

Names: We usean opensourcenamedentity recognizer([8]) to detectpropernamesin
eachof theassociatedcaptions.Thisgivesusasetof namesassociatedwith eachpicture.

Scale:We obtain44,773largeandreliablefacedetectorresponses.We rejectfaceimages
that cannotbe recti�ed satisfactorily, leaving 34,623. Finally, we concentrateon images
within whosecaptionswedetectpropernames,leaving 30,281,the�nal setweclusteron.

3.1 Quantitati veResults

Incorporatinga naturallanguagemodelinto faceclusteringproducesmuchbetterresults
thanclusteringon appearancealone. As canbe seenin table1, using,only appearance
producesanaccuracy of 67%while appearance+ languagegives77%. For facelabeling,
usingthe maximumlikelihoodassignment(MM) ratherthanthe average(EM) produces
betterresults(77%vs72%).

Oneneatby-productof ourclusteringis a naturallanguageclassi�er. We canevaluatethat
classi�erontext withoutassociatedpictures.In table2, weshow resultsfor labelingnames
with picturedandnot picturedusingour languagemodel. Using the languagemodelwe
correctlylabel 84% of the nameswhile the baseline(labelingeveryoneaspictured)only
gives67%. The maximumlikelihoodassignmentalsoproducesa betterlanguagemodel
thanEM (76%vs84%).A few thingsthatour languagemodellearnsasindicativeof being
picturedarebeingnearthebeginningof thecaption,beingfollowedby apresenttenseverb,
andbeingnear“(L)”, “(R)”, or “(C)”.



4 Discussion
We have shown previously ([5]) that a goodclusteringcanbe createdusingnamesand
faces.In this work, we show that by analyzinglanguagemorecarefully we canproduce
a muchbetterclustering(table1). Not only do we producebetterfaceclusters,but we
alsolearna naturallanguageclassi�er thatcanbeusedto determinewho is picturedfrom
text alone(table2). We have coupledlanguageandimages,usinglanguageto learnabout
imagesandimagesto learnaboutlanguage.

Thenext stepwill beto try to learna languagemodelfor freetext onawebpage.Onearea
we would like to apply this to is improving googleimagesearchresults.Using a simple
imagerepresentationanda modi�ed context modelperhapswe could link googleimages
with thewordson thesurroundingwebpagesto improve searchresults.
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