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Abstract

Topic modelshaverecentlyemerged as powerful tools
for modelingtopical trendsin documents.Oftentheresult-
ing topicsare broadandgeneric,associatinglarge groups
of peopleandissuesthatarelooselyrelated.In manycases,
it maybedesirableto in�uencethedirectionin which topic
modelsdevelop. In this paper, we explore the ideaof cen-
tering topics around people. In particular, given a large
corpusof imagesfeaturingcollectionsof peopleandassoci-
atedcaptions,it seemsnatural to extract topicsspeci�cally
focussedon each person. Whatwordsare mostassociated
with George Bush? Which with CondoleezzaRice? Since
peopleplay such an important role in life, it is natural to
anchor onetopic to each person.

In thispaper, wepresentPeople-LDA,which usestheco-
herenceof faceimagesin newscaptionsto guidethedevel-
opmentof topics.In particular, weshowhowtopicscanbe
re�ned to be more closelyrelatedto a singleperson (like
George Bush)rather thandescribinggroupsof peoplein a
relatedarea (like politics). To do this we introducea new
graphical modelthat tightly couplesimagesand captions
througha modernfacerecognizer. In addition to produc-
ing topicsthat are peoplespeci�c (usingimagesasa guid-
ing force), the modelalso performsexcellentsoft cluster-
ing of faceimages,usingthe language modelto boostper-
formance. We presenta variety of experimentscomparing
our methodto recentdevelopmentsin topic modelingand
joint image-languagemodeling, showingthatourmodelhas
lowerperplexity for faceidenti�cation thancompetingmod-
elsandproducesmore re�ned topics.

1. Intr oduction

Topic modelshave recentlyemergedaspowerful tools
for modelingtopicaltrendsin documents.Oftentheresult-
ing topicsarebroadandgeneric,associatinglarge groups
of peopleandissuesthatarelooselyrelated.Typical topics
that emerge from a setof newspaperarticlesmight repre-
sentbroadareassuchas“sports”,“politics”, or “the Middle

East”. Of course,aslargenumbersof topicsareextracted
from a setof documentson the samenarrow subject,top-
ics will becomemoreandmorenarrow, and“politics” may
split into “the White House”,“Capitol Hill”, and“the Jus-
ticeDepartment,” or somecomparablesetof morefocussed
topics.

In many cases,it may be desirableto in�uence the di-
rection in which topic modelsdevelop. In this paper, we
explore the ideaof centeringtopicsaroundpeople.In par-
ticular, givena largecorpusof imagesfeaturingcollections
of peopleandassociatedcaptions,it seemsnaturalto extract
topics speci�cally focussedon eachperson. What words
aremostassociatedwith GeorgeBush? Which with Con-
doleezzaRice?Sincepeopleplaysuchanimportantrole in
life, it is naturalto anchor onetopic to eachperson.Weuse
thetermanchorto connotenotonly thatapersonshouldbe
a part of a topic, but that the topic shouldnot drift too far
from thetopicde�ned by thatpersonandtheirassociations.

Below wepresentanew model,People-LDA, whichuses
thecoherenceof faceimagesin news captionsto guidethe
developmentof topics. In particular, we show how topics
canbere�ned to bemorecloselyrelatedto a singleperson
(like GeorgeBush)ratherthandescribinggroupsof people
in a relatedarea(like politics). To do this we introducea
new graphicalmodel that tightly couplesimagesandcap-
tionsthrougha modernfacerecognizer.

Our model produces word topics that are people
speci�c–it tendsto eliminatesecondarypeopleor mixtures
of people,focusingonasinglepersonthatmatchesasubset
of faceimages.In addition,thesepeopletopicsimproveour
ability to clusterfacesoveramethodthatusesonly images.

In addition to producingtopicsthat arepeoplespeci�c
(using imagesas a guiding force), the model can also be
usedto clusterimagesby person,usingthelanguagemodel
to boostperformance.Ourmodelhaslowerperplexity than
competingmodels,meaningit assignshigher log proba-
bilities, on average,to the correctnamefor a given face.
We presenta varietyof experimentscomparingour method
to recentdevelopmentsin topic modelingandjoint image-
languagemodeling.



Figure1. An imagefrom the“Facesin thewild” dataset[3]. As-
sociatedcaption:PresidentBush,center, is �ankedby thecivilian
U.S.administrator of Iraq L. Paul Bremer, right, andSecretaryof
DefenseDonald H. Rumsfeld,left, as he makesremarkson Iraq,
Wednesday, July 23,2003,in theRoseGardenof theWhiteHouse.

1.1. Facesin the Wild

“Facesin thewild” [3] (see�gure 1) is adatasetthatcon-
tainsimagesandassociatedcaptions.Thedatasetwasex-
tractedfrom newsarticlesandcontainsimageswith a large
amountof variationin pose,lighting, backgroundandap-
pearance.Somevariationin appearanceof facesof many
peoplein this datasetcomesfrom motion(sportspersonal-
ities)andmake-up(Hollywoodcelebrities).

Berg et al. [3] �rst presentedmethodsfor clusteringim-
agesfrom thisdataset,focusingparticularyonthenamesof
peoplewritten in eachcaption. They useda named-entity
recognizerto extractnamesfrom thecaptiontext, andthen
usedanalysisof thefaceimagesto chooseoneof therecog-
nizednamesasthe identity of eachfacein thecorrespond-
ing image.While theaccuracy of this methodwasimpres-
sive, therearea numberof limitationsto suchanapproach.

1. First, it reliesheavily on thenamed-entityrecognizer.
Theseprogramscanbebrittle, andit is verydif�cult to
recoverfrom missednames.Theseprogramsalsocan-
not recognizethat termssuchas “the �rst lady” and
“Laura Bush” may refer to the sameperson. If the
nameof a persondoesnot appearin thecaption,then
thepersoncannotbeidenti�ed.

2. Second,themethodignoresimportantcontext andin-
formation provided by non-nametext. Phraseslike
“RoseGarden”and“White House”(see�gure 1) can
providecritical context with which to identify dif�cult
to recognizefaces,even if the nameof the pictured
individual is not shown. By usingsuchauxiliary in-
formation throughcarefully structuredtopic models,
individualscanbeidenti�ed evenwhentheirnamesdo
notdirectlyappearin a givencaption.

1.2. Additional RelatedWork

Latent Dirichlet allocation (LDA) [6] and its variants
havebeensuccessfulin modelingthegenerativeprocessfor
text corpora. They have alsobeensuccessfullyadaptedin
severalcomputervision applications[8]. Barnardet al. [1]
useda variant of LDA as a generative model for multi-
modaldata(imagesandtext). They showedthatusefulan-
notationscanbeobtainedby modelingthejoint distribution
of imagesandassociatedtext. In theirwork, theannotation
wordsarebroadcategoriesof objectsandbackgroundsuch
as“sky”, “grass”,“building” and“people”. They obtained
promisingresultson generalnaturalsceneimages.In this
work, they usedmixturesof Gaussiandistributionsto model
thesegenericimage-regioncategories.

In our task,we wish to developsigni�cantly morepre-
ciseandpowerful modelsin orderto identify speci�c faces.
To this end, we adopt the hyper-featureclassi�er, which
hasbeensuccessfullyusedfor the identi�cation of faces
and cars [9, 10]. In [9], Ferenczet al. showed that the
hyper-featuremodel dramaticallyoutperformsappearance
modelsbaseduponmixture of Gaussiandistributions. In-
steadof modeling the distribution in appearanceof im-
agepatches/regions,Ferenczet al. [9] suggestedmodeling
of the differencein appearancebetweena pair of image
patches/regions. They modeledtwo distributions for dif-
ferencein appearancebetweentwo images,one eachfor
“same” and “dif ferent” people. The performanceof this
systemwasfurther improvedby Jainet al. [10] by training
themodeldiscriminatively.

Becausethe hyper-featuremodel is a generative model
of thedifferencesin appearanceof two faceimages,rather
thana directgenerative modelof theappearanceof a face,
it is non-trivial to incorporateit into anLDA framework. A
signi�cant portionof ourcontributionrepresentstheadjust-
mentof thegraphicalmodelto accommodatethemodeling
of differencesin appearanceratherthanappearance.

2. Hyper-feature basedfaceidenti�cation

In an image,somepatchesaremoreuseful thanothers
in classifyingthecapturedobjectinto differentclasseslike
helicopter, car, faceetc. Thesepatchesmay not be very
helpful in determiningtheidentitywithin thedetectedclass.
Sometypeof imagepatcheshavesimilarappearancefor all
theobjectsin agivenclass,while othertypesof patchesare
speci�c to one(or few) objectsin that class.We represent
thesepatchesby basicfeatureslike relative position,inten-
sity valuesandedgeenergiesin differentdirections.Using
thesefeatures,we then learn to selectthe most informa-
tive patchesandalsoestimatethevariationsin appearance
of thesepatchesfor the sameobject. Thesebasicfeatures
usedto decidewhethera patchwould beusefulin identify-
ing a particularobjector not, arecalledhyper-features.A



hyper-featurebasedmodelwasshown to be very effective
for identifyingobjectslike carsandfaces[9].

For an objectidenti�cation task,we aregivena pair of
images,(I lef t ; I r ig ht ). Let C bea binary randomvariable
representingidenti�cation label as “same” or “dif ferent”,
andd beacontinuousrandomvariablerepresentingthedif-
ferencein appearancefor a pair of imagepatches.We use
h to representthecomputedhyper-featuresfor the left im-
age,I L , in thegivenimagepair. Thesystemdiscussedin [9]
modelsP(djC = “same”; h) andP(djC = “dif ferent”; h) as
gammadistributionsthataretrainedindependentlyof each
other. Jainetal. [10] furtherimprovedthissystemby amore
directmodelingof thedesiredidenti�cation criterion.They
modeledthe posteriorprobability of the label (“same”' or
“dif ferent”) given the imagepair, P(C = “same”jd;h), as
a variantof logistic regression.For a facerecognitiontask
(on a dataset consistsof unconstrainedimages[3]), this
systemout-performedotherrecognizers[12]. In this work,
we usea faceidenti�er basedon theapproachusedby Jain
etal. [10].

3. People-LDA

For this discussion,we considereachdocumentto be
composedof an imageI , anda captionw; a corpusrep-
resentsa collection of D suchdocuments. As shown in
�gure 2, eachdocumentis modeledas a mixture of peo-
ple topics.In otherwords,for eachdocumenttheremaybe
morethanonepersonappearingin the constituentimage,
andtheassociatedcaptiontext canberelatedto morethan
oneindividual.

People-LDA assumesthe following generative process
for eachmulti-modaldocumentin acorpusD:

1. Choosea multinomial distribution � over K people
from a Dirichlet distribution. i.e. � � D ir (� ), where
� is a Dirichlet prior.

2. For n = 1 to N

(a) Chooseapersonzn from thechosenmultinomial
distribution in step1. zn � M ul tinomial (� ).

(b) Choosea word wn from a personspeci�c distri-
bution � zn .

3. For m = 1 to M

(a) Choosea personzN + m from the chosenmulti-
nomial distribution in step 1. zN + m �
M ul tinomial (� ).

(b) For h = 1 to H

i. Choosea patchI h from theobservedimage
I andcomputeits hyper-features.
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Figure2.Peopleastopics. Theproposedtopicmodelfor modeling
faceimagesandassociatedcaptiontext. Here,� is a multinomial
distribution,which speci�esa mixtureof people-topicsz. For ev-
ery document,we observe a number(M ) of detectedfaceimages
I anda caption,which is a collectionof N wordsw . For every
faceimage,we sampleH patchesand computethe appearance
differenced betweenI anda model-image(oneof I M ). � repre-
sentsthe estimatedparametersfor faceidenti�er asdescribedin
section2. Theoverall parametersfor themodelare� , � , � anda
collectionof K �x edmodelimages,onefor eachperson.

ii. Compute parameters� h from a general-
ized linear model with parameter� , i.e.
p(� h jI h ; � )

iii. Chooseanappearancedifferencedmh from
a person-speci�chyper-featurebaseddistri-
bution,p(dmh jzN + m ; � h ).

Giventheparameters� , � and� andanobservedimage
I , thejoint distributionof a topicmixture� , asetof N + M
topicsz, asetof N givenwordsw, M detectedfaces,image
difference,d, betweenmodelfaceimageI M is givenby

p(� ; z; w; dj�; � ; �; I ) = p(� j� )
NY

n =1

p(zn j� )p(wn jzn ; � )

�
MY

m =1

p(zN + m j� )
HY

h=1

p(dmh jzN + m ; � h )p(� h jI ; � ): (1)
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Figure3.Variationalmodelfor theproposedtopicmodel. � , � 1:N ,
� 1:M arethefreeparameters.

3.1. Variational inference

The exact probabilistic inferenceis intractablein our
modelaswecannotcomputetheposteriordistribution(like
LDA [6]). Herewe usea fully factorizedmodel,shown in
�gure 3, for thelatentvariables� andz:

q(� ; z) = q(� j
 )
Q N

n =1 q(zn j� n )
Q M

m =1 q(zm j� m ) (2)

with free parameters
 , � and � . 
 is a K -dimensional
Dirichlet parameter, � n and � m are N and M K -
dimensionalmultinomial parameters,respectively. We
then minimize the KL-divergencebetweenthe distribu-
tion q(� ; z) andthetrueposteriorp(� ; zjw ; I ; �; � ; �; I M ).
Taking derivatives of the KL-divergencewith respectto
thevariationalparameters,we obtainthe following update
equations:

� t +1
ni = � iw n exp(	( 
 t

i )) (3)

� t +1
mi = p(dm jzN + m = i; I ; � ) � exp(	( 
 t

i )) (4)


 t +1
i = � t +1

i +
NX

n =1

� t +1
n +

MX

m =1

� t +1
m ; (5)

where	( :) is thedigammafunction. After every roundof
updates� n and� m arenormalizedsothatthey remainvalid
multinomialparameters.

3.2. Parameter estimation

For a givenmulti-modalcorpus,we determinethemax-
imum likelihoodestimatesof the model parametersusing
a modi�cation of thevariationalEM procedure(see[2] for
moredetails). The parameterestimationbecomescompli-
cateddueto our choiceof the form of distributionsto rep-
resentthe imagecomponent.To circumvent this, we train
the faceidenti�er (describedin section2) separatelyand
assumetheparameter� to be�x edwhile estimatingparam-
eters� and � for our model. This correspondsto �nding
maximumlikelihoodparametersfrom a restrictedset.Nev-
ertheless,our experimentsin section5 demonstratetheef-
fectivenessof this approachfor parameterestimation.The
E-stepinfers thevariationalparametersfor eachdocument

giventhecurrentmodelparameters.TheM-stepcomputes
maximumlikelihoodestimatesof themodelparametersus-
ing thevariationaldistribution providedby theE-step.Our
M-stepupdatesaresimilar to thatof Blei et al. [6].

4. Implementation details

In this section,we discusssomeof thedetailsof apply-
ing our proposedmodel (describedin section3) to obtain
people-centeredtopics from a multi-modal dataset. We
considera data set containingphotographs,eachhaving
possiblymorethanonepersonappearingin it, andassoci-
atedcaptioncomposedof oneor two sentencesof plaintext.
This is typical of photographsappearingin newsarticles.

4.1. Unsupervisedselectionof referenceimages

Our proposedmodel,People-LDA, requiresat leastone
referenceimagepercluster. To obtainthereferenceimages,
weselectimageswith only onefaceappearingin it andonly
one namepresentin the correspondingcaptiontext. We
usethe Viola-Jonesdetector[13] for faces.A conditional
random�eld basednamedentity recognizer[11] is usedto
extract namesfrom the captiontext. From this initial se-
lection,we randomlychooseoneexamplepernameasthe
correspondingreferenceimage.Notethatthenamedentity
recognizeris usedonly for selectingreferenceimages,and
not for processingthecaptionwhile trainingor testingthe
model.Thus,our methodis notparticularlysensitive to the
qualityof thechosennamed-entityrecognizer.

4.2. Inferr eddistrib ution of topics for a document

For everydocument(imageandcaption,combined),our
model infers a distribution over all the possible“people-
topics”. From the graphicalmodel for People-LDA (�g-
ure2), it is notobviousthattheinferredmixture� of people-
topicswill capturethe co-occurrencerelationshipbetween
detectedfacesand identi�ed namesin the caption text.
However, the properparametervaluesfor the multinomial
� (whenmostof the probability massis on onevalue)do
indeedforce a correspondencebetweennamesand faces.
Sincewe are learningparametersof the model from the
dataitself, the inferredmixture � for a documenttakesthe
desiredform. A similar approachwasusedby Barnardet
al. (MoM-LDA) [1] for annotatingimagewith categorical
wordslike “sky”, “grass”and“water”.

4.3. Annotation of facesin an image

For automaticannotationof facesin an image,we need
conditionalprobabilitiesof words(namesin ourtask)given
the faceappearance.A goodmodelof joint probabilityof
imagesandcaptionsdoesnot necessarilyprovide goodes-
timatesof conditionalprobabilities. MoM-LDA is a use-
ful model for joint distribution of imagesandtext, it may



Figure4. Referenceimage selection. Theseimagesareselected
automaticallyasdiscussedin section4.1.

not be effective for annotationof faceswith names. Blei
et al. [4] suggesteda model(Correspondence-LDA) which
capturesthecorrespondencebetweenwordsandimagere-
gions,andthusmodelstheconditionalprobabilitydistribu-
tion of wordsgivena region.

In People-LDA, theprobabilityof anamegiventhetopic
is providedby aspecializedfaceidenti�er, whichseparately
optimizestheconditionalprobabilitydistribution for classi-
�cation. The computedprobabilitiesareusedin inferring
the distribution over people-topicfor a given face image
(seeequation4 in section3.1). For this reason,we do not
needto specifyan explicit correspondencebetweenwords
andfaceimagesin ourmodel.

4.4. “UNKNO WN” class

People-LDA annotatesthefacesin thegivenimageswith
oneof theselectednames(section4.1). In principle,it can
not associatenamesfor peoplewhosereferenceimagesare
not present. Thus,we needto �lter out thosedocuments
(imageandcaption)from thegivencorpuswherethecho-
senpeopleareunlikely to appearin the image.Still, other
peoplemayappearalongwith thechosenpeoplein asingle
image. To handlethesecases,we usean additional“UN-
KNOWN” classas annotationfor facesof peoplewhose
referenceimagesarenot selected.

5. Experiments

In our experiments,we used10000 imagesand asso-
ciatedcaptionsfrom the “Facesin the wild” dataset [3].
Usingtheunsupervisedselectionof referenceimages(dis-
cussedin section4.1 ), we obtain1077distinct names(of
people).For ourexperiments,werandomlyselect25names
in themiddle frequency range(20-80occurrences).These
namescan intuitively be categorizedas relatedto sports;
PeteSampras,politics; JacquesChiracandentertainment;

Winona Ryder. The automaticallyselectedreferenceim-
agesareshown in �gure 4.

Ourfaceidenti�er usesthetenmostinformativepatches,
chosenon thebasisof theexpectedmutualinformationbe-
tween the appearancedifferenceand identi�cation label.
We trainedtheidenti�cation systemona setof 500“same”
and500 “dif ferent” pair of imagesselectedfrom thesame
“Facesin thewild” dataset.Notethat thetrainingsetdoes
not contain imagesof the 25 peopleusedin our experi-
ments.This furtherdemonstratesthemerit of our approach
aslearningfrom oneexample,andsuggeststhatoursystem
shouldwork for largernumberof clustersaswell. For text
processing,we remove very frequentwords(“stop-words”
like“a”, and“the”) usingagenericlist, whichis notspeci�c
to our documentcollection.

We comparePeople-LDA to approachesthat useonly
the images(eigenfaces-Fisherfacesapproach[14], hyper-
featuremodel [10]) or only the captions(latent Dirichlet
allocation[6]) andapproachesthatusebothimagesandcap-
tions(Berg et al. [3] andBarnardet at. [1] ).

5.1. People-Topics

We presentedPeople-LDA asa model that guidestop-
ics to automaticallyemergearoundpeople.In this section,
we demonstratethis by comparingthe imageclustersthat
correspondto differentpeople-topicsandthetopic speci�c
worddistributionsfor differentapproaches.

In particular, wecomparethefollowing threeapproaches
(see�gures 5 and6): (a) Image alone: for eachimage,we
useour faceidenti�er to computetheprobabilityof match-
ing it with thereferenceimages(oneimageperperson),and
assignthis imageto theclusterwith maximummatchprob-
ability. (b) Text alone: we�rst clusterthecaptiontext using
LDA [6]. For eachcaption,we assignthe faceimagesin
thecorrespondingimageto themostlikely nameunderthe
inferredmultinomialdistribution of topics,andthe learned
topic-speci�c word distributions. (c) People-LDA: cluster-
ing obtainedusingourmodel.

Furthermore,in �gure 1, wecomparethetenmostlikely
words under the distributions for different people-topics
thatarelearnedusingLDA andPeople-LDA.

5.2. Quantitati ve Evaluation

To quantitatively evaluatethe annotationquality of dif-
ferentmodels,we manuallylabeledtheimagesusedin our
experimentsandcomputedtheperplexity of truelabelunder
differentmodels.We alsoreporttheaverageclassaccuracy
for classi�cation(hardassignment).

As shown in table 2, joint modeling of imagesand
text outperformedall theapproachesthatmodelimagesor
text alone. Also notethat the facerecognizerusedin our
model[10] signi�cantly outperformedtheotherfacerecog-
nizer. Wealsoimplementedanä�veapproachthatrandomly



  

 

 

 

 

 

  

 

 

  

 

(a) Randomsamplesfrom four clustersobtainedusingfacerecognition[10] on images.

 

 

    

(b) Thecorrespondingclustersobtainedby People-LDA.

Figure5.Clusteringusing(a) image-only, and(b) People-LDA. Whitesquaresaredrawn manuallyontopof someof theimagesto highlight
the numberof distinct peoplein a cluster. Theclustersarecleanedup signi�cantly usingour modelandhave fewer differentpeoplein
them.Otherclusters are shownat theURL mentionedat thestart of thepaper.

LDA People-LDA
schumacher chretien versace williams schumacher chretien spears williams

chirac bush chretien tennis germany jean �lm cup
koizumi jean spears cup cabinet house city women

prix street poses �nal france west star player
grand cargo jean won grand ottawa premiere practice

michael michigan britney uribe jean hill poses tennis
palace facility shows returns position vote britney left
japan suicide women development announced action watts number

jacques fort italian tokyo michael question mexico montreal
french detroit �nal princess driver government week week

Table1. Comparisonof mostlikely words for peopletopicsobtainedby two models. Eachcolumncorrespondsto a topic learnedby the
model(LDA on captiontext only or People-LDA). Thenamewordsareshown in bold face.Thesearefour representative topicsobtained
usingLDA. TopicsobtainedusingPeople-LDA aremorecenteredaroundonepersoncomparedto thetopicsfor LDA. Moreover, themost
likely namein a topic correspondsto the associatedreferenceimage. Other topicsare shownat the URL mentionedat the start of the
paper.

assignsoneof thedetectednamesin thecaptionto thefaces
detectedin thecorrespondingimage.Thisapproachshowed
acceptableresultsasmany captionshaveonly onenamede-
tectedin them.

People-LDA achievedthelowestlabelperplexity (lower

valuesare better) among the comparedmethods. Both
People-LDA andBarnardetal. [1] outperformtheapproach
usedby Berg etal. [3] sincethey modeltheprobabilitydis-
tribution over all the possiblenamesascomparedto only
the namesdetectedin the captiononly (as doneby Berg



 

 

 

 

   

 

  

 

 

 

 

  

  

 

 

(a) Randomsamplesfrom four clustersobtainedusingLDA oncaptiontext [6].

 

 

 

  

  

(b) Thecorrespondingclustersobtainedby People-LDA.

Figure6. Clusters obtainedusing(a) text-only, and(b) People-LDA. White squaresaredrawn manuallyon top of someof the imagesto
highlight the numberof distinct peoplein a cluster. The clustersarecleanedup signi�cantly usingour modelandhave fewer different
peoplein them.Otherclusters are shownat theURL mentionedat thestartof thepaper.

Model Perplexity % accuracy
Image Only
Zhaoet al. [14] 520.00� 24.17 22.02� 6.11
Hyper-features[10] 173.90� 3.96 44.86� 4.30

Text Only
Randomname

from thecaption 382.05� 23.11 31.40� 3.82
LDA oncaptions[6] 1219.60� 202.53 39.07� 2.44

Image and Text
Barnardet al. [4] 68.23� 1.38 50.63� 4.01
Corr-LDA [4] 65.77� 2.13 52.50� 2.88
Berg etal. [3] 73.05� 9.36 68.93� 4.69
People-LDA 25.99� 4.50 58.56� 3.59

Table 2. Quantitativeevaluation: In �rst column, we show the
perplexity of the true label underdifferentmodels(lower values
arebetter).In thesecondcolumn,theaverageclassaccuraciesare
shown. Theerrortermscorrespondto 10-foldcross-validation.
.

et al.). On the otherhand,the methodusedby Berg et al.

hadthebestaverageclassaccuraciesamongthecompared
methods.Their methoddraws advantagefrom thefact that
many captionshave a singlenamepresentin them(similar
to ournä�veapproach).Furthermore,theirapproachfails to
annotatea faceif thecorrespondingnameis not presentin
thecaption(for example,see�gure 7).

For a perfectlabelingof all thefacesin thedataset,we
still needto correctthemisclassi�edfaces.To do this,Berg
et al. suggestedthe costof correctingclustereddataasa
evaluationmetric for differentapproaches.An alternative
view of this costis to consideronly a few top matchesand
computetherecall(fractionof truelabelspresent)of a sys-
tem. In �gure 8, our proposedmodeloutperformstheother
approaches.

6. Conclusionand Future Work

WeproposedPeople-LDA asamodelthatguidesseman-
tic topics to develop aroundpeople. We achieved this by
combiningtwo successfulmodels:hyper-featurebasedface
identi�er andlatentDirichlet allocation,in a novel way. As
perourknowledge,nosuchcombinationhasbeenproposed



Figure 7. A typical failure casefor Berg et al. [3] : Associated
caption:PresidentGeorge W. Bush(L) speaksto reporters at the
conclusionof a bipartisan congressionalmeeting, September4,
2002at theWhiteHouse. BushaskedCongressfor nearly$1 bil-
lion to aid IsraelandthePalestinians,�ght thespreadof AIDSand
bolstersecurityat U.S.airports. Sincethe name“Tom Daschle”
is not presentin the caption,Berg et al. do not considerit asa
possiblelabelfor thedetectedfacein thegivenimage.
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Figure8.Comparisonof recall for differentapproacheswhenonly
top few matches are considered. People-LDA outperformsthe
otherapproachesover mostof the range. The approachusedby
Berg et al. [3] shows promisingrecall up to rank threebut levels
out asit doesnot considernamesnot presentin thecaption(none
of thecaptionsin our datasethadmorethanthreedistinctnames
detectedin them).

for joint modelingof imagesandtext. We show excellent
resultsof generationof peoplespeci�c topicsfrom a data
setcontainingimagesandassociatedcaptions.Our model
outperformeddifferentmodernapproachesin soft cluster-
ing of faceimages.

Thereare several issueswith LDA that affect the per-
formanceof our proposedmodel. First is the assumption
that topics are uncorrelated. This causesthe clustering
resultsto besensitive to thenumberof topicschosen,par-
ticularly for a largenumberof latenttopics. Several richer
models[5] havebeenproposedto overcomethis weakness.
Anotherissuewith LDA arisesif we have a highly skewed

distribution of cluster frequencies. This causesthe very
frequent terms to appearin multiple clusters. To avoid
this problem in our implementation,the most frequent
terms(stop-words in the captions)were removed. Also,
in our selecteddata set we are consideringindividuals
who appearedwith roughly the samefrequentlyasothers.
Recently. Elkan [7] proposeda topic modelthataddresses
this issueof frequency skewness.Our futurework includes
exploringsuchrichermodelsfor multi-modaldocuments.
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