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Abstract

Topic modelshaverecentlyemepged as powerful tools
for modelingtopical trendsin documentsOftentheresult-
ing topicsare broad and generic,associatingarge groups
of peopleandissueghatarelooselyrelated.In manycases,
it maybedesimableto in uencethedirectionin which topic
modelsdevelop. In this paper we explore the idea of cen-
tering topics around people In particular, givena large
corpusofimagesfeaturingcollectionsof peopleandassoci-
atedcaptions,it seemsatural to extracttopicsspeci cally
focussedn eat person. Whatwords are mostassociated
with Geoge Bush? Whid with Condoleezz&ice? Since
peopleplay suc an importantrole in life, it is natural to
andor onetopicto ead person.

In this paper we presenteople-LDA, which usesheco-
herenceof faceimagesin newscaptionsto guidethedevel-
opmentbof topics. In particular, we showhowtopicscanbe
re ned to be more closelyrelatedto a single person (like
Geoge Bush)ratherthandescribinggroupsof peoplein a
relatedarea (like politics). To do this we introducea new
graphical modelthat tightly couplesimages and captions
througha modernfacerecaynizer In additionto 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 recentdevelopmentsn topic modelingand
jointimage-languayemodeling showingthatour modelhas
lower perplexity for faceidenti cation thancompetingnod-
elsandproducesamote re ned topics.

1. Intr oduction

Topic modelshave recentlyemepged as powerful tools
for modelingtopicaltrendsin documentsOftentheresult-
ing topics are broadand generic,associatingarge groups
of peopleandissueghatarelooselyrelated. Typical topics
thatemepge from a setof newspaperarticlesmight repre-

sentbroadareassuchas“sports”, “politics”, or “the Middle

East”. Of course,aslarge numbersof topicsare extracted
from a setof documenton the samenarron subject,top-

icswill becomemoreandmorenarrav, and“politics” may

split into “the White House”,“Capitol Hill", and“the Jus-
tice Department,or somecomparableetof morefocussed
topics.

In mary casesjt may be desirableto in uence the di-
rectionin which topic modelsdevelop. In this paper we
explorethe ideaof centeringtopicsaroundpeople.In par
ticular, givenalarge corpusof imagesfeaturingcollections
of peopleandassociatedaptionsjt seemsaturalto extract
topics speci cally focussedon eachperson. What words
aremostassociatedvith Geoge Bush? Which with Con-
doleezzaRice?Sincepeopleplay suchanimportantrolein
life, it is naturalto andhor onetopicto eachperson.We use
thetermanchorto connotenot only thata persorshouldbe
a partof a topic, but thatthe topic shouldnot drift too far
from thetopicde ned by thatpersorandtheir associations.

Below we presentinew model,People-LDA, whichuses
the coherencef faceimagesin news captionsto guidethe
developmentof topics. In particular we shov how topics
canbere ned to be morecloselyrelatedto a singleperson
(like Geoge Bush)ratherthandescribinggroupsof people
in arelatedarea(like politics). To do this we introducea
new graphicalmodelthattightly couplesimagesand cap-
tionsthrougha modernfacerecognizer

Our model producesword topics that are people
speci c—it tendsto eliminatesecondarypeopleor mixtures
of people focusingon asinglepersornthatmatches subset
of faceimages.In addition,thesepeopletopicsimprove our
ability to clusterfacesover amethodthatusesonly images.

In additionto producingtopicsthat are peoplespeci ¢
(using imagesas a guiding force), the model can also be
usedto clusterimagesby personusingthelanguagenodel
to boostperformanceOur modelhaslower perpleity than
competingmodels, meaningit assignshigherlog proba-
bilities, on average,to the correctnamefor a given face.
We presenta variety of experimentscomparingour method
to recentdevelopmentsn topic modelingandjoint image-
languagemodeling.



Figurel. An imagefrom the “Facesin thewild” dataset[3]. As-
sociatedcaption: PresidentBush,centeris anked by the civilian
U.S.administator of Iraq L. Paul Bremerright, and Secetary of
DefenseDonald H. Rumsfeld)eft, as he malesremarkson Iraqg,
Wednesdayduly 23,2003,in theRoseGardenof theWhiteHouse

1.1 Facesin the Wild

“Facedn thewild” [3] (seegure 1)isadatasetthatcon-
tainsimagesandassociate@aptions.The datasetwasex-
tractedfrom news articlesandcontainamageswith alarge
amountof variationin pose,lighting, backgroundand ap-
pearance.Somevariationin appearancef facesof mary
peoplein this datasetcomesfrom motion (sportspersonal-
ities) andmalke-up(Hollywoodcelebrities).

Berg etal. [3] rst presenteanethodsfor clusteringim-
agedrom thisdataset,focusingparticularyonthenameof
peoplewritten in eachcaption. They useda named-entity
recognizerto extractnamesrom the captiontext, andthen
usedanalysisof thefaceimageso chooseoneof therecog-
nizednamesastheidentity of eachfacein the correspond-
ing image. While the accurag of this methodwasimpres-
sive, therearea numberof limitationsto suchanapproach.

1. First, it reliesheavily onthe named-entityecognizer
Theseprogramscanbebrittle, andit is verydif cult to
recoverfrom missedhames.Theseprogramsalsocan-
not recognizethat termssuchas “the rst lady” and
“Laura Bush” may refer to the sameperson. If the
nameof a persondoesnot appeaiin the caption,then
thepersoncannotbeidenti ed.

2. Secondthe methodignoresimportantcontext andin-
formation provided by non-nametext. Phrasedike
“Rose Garden”and“White House”(see gure 1) can
provide critical context with whichto identify dif cult
to recognizefaces,evenif the nameof the pictured
individual is not shavn. By using suchauxiliary in-
formation through carefully structuredtopic models,
individualscanbeidenti ed evenwhentheirnamego
notdirectly appeaiin agivencaption.

1.2 Additional RelatedWork

Latent Dirichlet allocation (LDA) [6] and its variants
have beensuccessfuin modelingthegeneratre procesgor
text corpora. They have alsobeensuccessfullyadaptedn
se/eralcomputervision applicationg8]. Barnardetal. [1]
useda variant of LDA as a generatie model for multi-
modaldata(imagesandtext). They shovedthatusefulan-
notationscanbeobtainedby modelingthejoint distribution
of imagesandassociatediext. In their work, theannotation
wordsarebroadcateyoriesof objectsandbackgroundsuch
as“sky”, “grass”,“building” and“people”. They obtained
promisingresultson generalnaturalsceneimages. In this
work, they usedmixturesof Gaussiamlistributionsto model
thesegenericmage-rgion cateyories.

In our task, we wish to develop signi cantly morepre-
ciseandpowerful modelsin orderto identify speci ¢ faces.
To this end, we adoptthe hyperfeatureclassi er, which
has beensuccessfullyusedfor the identi cation of faces
andcars[9, 10. In [9], Ferenczet al. shaved that the
hyperfeaturemodel dramaticallyoutperformsappearance
modelsbasedupon mixture of Gaussiardistributions. In-
steadof modeling the distribution in appearancef im-
agepatches/rgions,Ferenczet al. [9] suggestedanodeling
of the differencein appearancéetweena pair of image
patches/rgions. They modeledtwo distributions for dif-
ferencein appearanc®etweentwo images,one eachfor
“same” and “dif ferent” people. The performanceof this
systemwasfurtherimprovedby Jainetal. [10] by training
themodeldiscriminatiely.

Becausehe hyperfeaturemodelis a generatre model
of the differencesn appeaanceof two faceimagesrather
thana directgeneratre modelof the appearancef a face,
it is non-trivial to incorporatat into anLDA frameawork. A
signi cant portionof our contributionrepresenttheadjust-
mentof the graphicalmodelto accommodatéhe modeling
of differencesn appearanceatherthanappearance.

2. Hyper-feature basedfaceidenti cation

In animage,somepatchesare more usefulthan others
in classifyingthe capturedobjectinto differentclassedike
helicopter car, faceetc. Thesepatchesmay not be very
helpfulin determiningheidentity within thedetectedatlass.
Sometype of imagepatchedave similar appearancéor all
theobjectsin agivenclasswhile othertypesof patchesare
speci c to one(or few) objectsin that class. We represent
thesepatchedy basicfeaturedik e relative position,inten-
sity valuesandedgeenegiesin differentdirections.Using
thesefeatures,we then learnto selectthe mostinforma-
tive patchesandalsoestimatethe variationsin appearance
of thesepatchedor the sameobject. Thesebasicfeatures
usedto decidewhethera patchwould be usefulin identify-
ing a particularobjector not, are called hyperfeatures.A



hyperfeaturebasedmodelwasshown to be very effective
for identifying objectslike carsandfaced9].

For an objectidenti cation task,we aregivena pair of
images,(lief t; Irignt ). Let C beabinary randomvariable
representingdenti cation label as “same” or “dif ferent”,
andd bea continuougandomvariablerepresentinghedif-
ferencein appearancéor a pair of imagepatches.We use
h to representhe computechyperfeaturesor the left im-
age| |, inthegivenimagepair. Thesystendiscussedh [9]
modelsP (djC ="“same”; h) andP (djC ="“different” h) as
gammadistributionsthataretrainedindependentlyof each
other Jainetal. [10] furtherimprovedthis systermby amore
directmodelingof thedesireddenti cation criterion. They
modeledthe posteriorprobability of the label (“same™ or
“dif ferent”) giventhe imagepair, P(C =“same’jd;h), as
a variantof logistic regression.For a facerecognitiontask
(on a dataset consistsof unconstrainedmages[3]), this
systemout-performeddtherrecognizerg12]. In this work,
we useafaceidenti er basedn theapproachusedby Jain
etal.[10].

3. People-LDA

For this discussionwe considereachdocumentto be
composedf animagel, 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 eachdocumentheremaybe
more than one personappearingn the constituentimage,
andthe associate@aptiontext canberelatedto morethan
oneindividual.

People-LDA assumeghe following generatie process
for eachmulti-modaldocumentn acorpusD:

1. Choosea multinomial distribution
from a Dirichlet distribution. i.e.
is a Dirichlet prior.

over K people
Dir( ), where

2. Forn=1toN
(a) Chooseapersorg, fromthechosemultinomial
distributionin stepl. z, M ultinomial ( ).
(b) Chooseawordw, from apersonspeci c distri-
bution , .
3. Form=1toM

(a) Choosea personzy +m from the chosenmulti-
nomial distribution in step 1.
M ultinomial ().

(b) Forh=1toH

i. Chooseapatchly, from the obsenedimage
| andcomputeits hyperfeatures.

ZN+m

@

Figure2. Peopleastopics Theproposedopicmodelfor modeling
faceimagesandassociatedaptiontext. Here, is a multinomial
distribution, which speci esa mixture of people-topicz. For ev-
ery documentwe obsere anumber(M ) of detectedaceimages
I anda caption,which is a collectionof N wordsw. For every
faceimage,we sampleH patchesand computethe appearance
differenced betweenl anda model-imaggoneof Iy ). repre-
sentsthe estimatedparameterdor faceidenti er asdescribedn
section2. Theoverall parameteror themodelare , , anda
collectionof K x edmodelimagesponefor eachperson.

ii. Compute parameters , from a general-
ized linear model with parameter , i.e.

P( niln; )

iii. Chooseanappearancdifferenced,, from
a person-speci chyperfeaturebaseddistri-
bution, p(dmn jZn+m; h)-

Giventheparameters, and andanobseredimage
I, thejoint distribution of atopic mixture , asetof N + M
topicsz, asetof N givenwordsw, M detectedacesjmage
differenced, betweermodelfaceimagel v is givenby

W
pCiziwidis 15D =p(]) Pz IP(Wnjzni )
n=1
¥ Y
P(Zn+m] )
m=1 h=1

P(dmh jzn+m: n)PC njls ): (1)
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Figure3. Variational modelfor theproposedopicmode!l , 1.n,
1:m arethefreeparameters.

3.1 Variational inference

The exact probabilistic inferenceis intractablein our
modelaswe cannotcomputethe posteriordistribution (like
LDA [6]). Herewe useafully factorizedmodel,shavn in
gure 3, for thelatentvariables andz:

02 = a0 )N, i w) N, dzm) m) @)

with free parameters, and is a K -dimensional
Dirichlet parameter , and ,, are N and M K-

dimensionalmultinomial parametersrespectiely. We
then minimize the KL-divergence betweenthe distribu-

tion q( ;z) andthetrueposteriorp( ;zjw;l; ; ;; Im).

Taking derivatives of the KL-divergencewith respectto

the variationalparametersye obtainthe following update
equations:

o= L exp(( D) (3)

CLo= pldmizeem =015 ) exp(( D) (@)

it+1 - }+1 + :1+l + |t’r‘:ll (5)
n=1 m=1

where ( :) is thedigammafunction. After every roundof
updates , and , arenormalizedsothatthey remainvalid
multinomial parameters.

3.2 Parameter estimation

For a givenmulti-modalcorpus,we determineghe max-
imum likelihood estimatesof the model parametersising
amodi cation of the variationalEM procedurgsee[2] for
moredetails). The parameteestimationbecomesompli-
cateddueto our choiceof the form of distributionsto rep-
resentthe imagecomponent.To circumwentthis, we train
the faceidenti er (describedin section2) separatelyand
assuméheparameter to be x edwhile estimatingparam-
eters and for our model. This correspondso nding
maximumlik elihoodparameterérom arestrictedset. Nev-
erthelesspur experimentsn section5 demonstratehe ef-
fectivenesf this approacHor parameteestimation.The
E-stepinfersthe variationalparametergor eachdocument

giventhe currentmodelparametersThe M-stepcomputes
maximumlik elihoodestimate®f themodelparametersis-
ing the variationaldistribution provided by the E-step.Our
M-stepupdatesaresimilar to thatof Blei etal. [6].

4. Implementation details

In this section,we discusssomeof the detailsof apply-
ing our proposedmodel (describedn section3) to obtain
people-centeredopics from a multi-modal dataset. We
considera data set containing photographs.eachhaving
possiblymorethanone personappearingn it, andassoci-
atedcaptioncomposeaf oneor two sentencesf plaintext.
Thisis typical of photographsippearingn news articles.

4.1 Unsupenisedselectionof referenceimages

Our proposednodel,People-LDA, requiresat leastone
referencemagepercluster To obtainthereferencémages,
we selecimageswith only onefaceappearingn it andonly
one namepresentin the correspondingcaptiontext. We
usethe Viola-Joneddetector[13] for faces. A conditional
random eld basechamedentity recognizef11] is usedto
extract namesfrom the captiontext. From this initial se-
lection, we randomlychooseone examplepernameasthe
correspondingeferencémage. Note thatthe namedentity
recognizeiis usedonly for selectingreferencamages,and
not for processinghe captionwhile training or testingthe
model. Thus,our methodis not particularlysensitve to the
quality of thechosemamed-entityecognizer

4.2 Inferr eddistrib ution of topicsfor a document

For every documen{imageandcaption,combined) our
modelinfers a distribution over all the possible“people-
topics”. From the graphicalmodel for People-LDA ( g-
ure2),it is notobviousthattheinferredmixture of people-
topicswill capturethe co-occurrenceelationshipbetween
detectedfacesand identi ed namesin the caption text.
However, the properparametewraluesfor the multinomial

(whenmostof the probability massis on one value) do
indeedforce a correspondencbetweennamesand faces.
Since we are learning parameterf the model from the
dataitself, theinferredmixture for a documentakesthe
desiredform. A similar approachwasusedby Barnardet
al. (MoM-LDA) [1] for annotatingmagewith categorical

wordslike “sky”, “grass”and“water”.

4.3 Annotation of facesin animage

For automaticannotationof facesin animage,we need
conditionalprobabilitiesof words(namesn ourtask)given
the faceappearanceA goodmodelof joint probability of
imagesand captionsdoesnot necessarilyprovide goodes-
timatesof conditionalprobabilities. MoOM-LDA is a use-
ful modelfor joint distribution of imagesandtext, it may



Figure 4. Refeenceimage selection Theseimagesare selected
automaticallyasdiscussedhn sectiord.1.

not be effective for annotationof faceswith names. Blei
etal. [4] suggested model(Correspondence-LB) which
captureghe correspondencbetweenwordsandimagere-
gions,andthusmodelsthe conditionalprobability distribu-
tion of wordsgivenaregion.

In People-LDA, theprobabilityof anamegiventhetopic
is providedby aspecializedaceidenti er, which separately
optimizesthe conditionalprobabilitydistribution for classi-
cation. The computedprobabilitiesare usedin inferring
the distribution over people-topicfor a given faceimage
(seeequationd in section3.1). For this reasonwe do not
needto specifyan explicit correspondencbetweernwords
andfaceimagesin our model.

4.4, “UNKNO WN” class

People-LDA annotateshefacesn thegivenimageswith
oneof the selectechamegsection4.1). In principle,it can
notassociatmamedor peoplewhosereferencémagesare
not present. Thus, we needto lter out thosedocuments
(imageandcaption)from the given corpuswherethe cho-
senpeopleareunlikely to appeaiin theimage. Still, other
peoplemayappeamlongwith thechoserpeoplein asingle
image. To handlethesecaseswe usean additional“UN-
KNOWN?" classas annotationfor facesof peoplewhose
referencémagesarenot selected.

5. Experiments

In our experiments,we used10000imagesand asso-
ciated captionsfrom the “Facesin the wild” dataset|[3].
Usingthe unsupervisedelectionof referencamages(dis-
cussedn section4.1), we obtain 1077 distinct names(of
people).For our experimentsye randomlyselect25 names
in the middle frequengy range(20-800ccurrences)These
namescan intuitively be categorizedas relatedto sports;
PeteSampraspolitics; Jacquehiracand entertainment;

WinonaRyder The automaticallyselectedreferenceim-
agesareshavnin gure 4.

Ourfaceidenti er useghetenmostinformative patches,
choseron the basisof the expectedmutualinformationbe-
tween the appearancealifferenceand identi cation label.
We trainedtheidenti cation systemon a setof 500“same”
and500 “different” pair of imagesselectedrom the same
“Facesin thewild” dataset. Notethatthetrainingsetdoes
not containimagesof the 25 peopleusedin our experi-
ments.This furtherdemonstratethe merit of our approach
aslearningfrom oneexample,andsuggestshatour system
shouldwork for larger numberof clustersaswell. For text
processingwe remove very frequentwords (“stop-words”
like“a”, and“the”) usingageneridist, whichis notspeci c
to ourdocumentollection.

We comparePeople-LDA to approacheshat use only
the images(eigenfices-Fishedcesapproach[14], hyper
featuremodel [10]) or only the captions(latent Dirichlet
allocation[6]) andapproachethatusebothimagesandcap-
tions(Berg etal. [3] andBarnardetat.[1] ).

5.1 People-Topics

We presentedPeople-LDA asa modelthat guidestop-
ics to automaticallyemege aroundpeople.In this section,
we demonstratehis by comparingthe imageclustersthat
correspondo differentpeople-topicendthe topic speci ¢
word distributionsfor differentapproaches.

In particular we compareahefollowing threeapproaches
(see gures 5 and6): (a) Image alone for eachimage,we
useour faceidenti er to computethe probability of match-
ing it with thereferencemagegoneimageperperson)and
assigrthisimageto theclusterwith maximummatchprob-
ability. (b) Text alone we rst clusterthe captiontext using
LDA [6]. For eachcaption,we assignthe faceimagesin
the correspondingmageto the mostlikely nameunderthe
inferredmultinomial distribution of topics,andthelearned
topic-speci c word distributions. (¢) People-LDA: cluster
ing obtainedusingour model.

Furthermorein gure 1, wecomparehetenmostlikely
words under the distributions for different people-topics
thatarelearnedusingLDA andPeople-LDA.

5.2 Quantitati ve Evaluation

To quantitatvely evaluatethe annotationquality of dif-
ferentmodels,we manuallylabeledthe imagesusedin our
experimentsandcomputedheperpleity of truelabelunder
differentmodels.We alsoreportthe averageclassaccuray
for classi cation(hardassignment).

As shown in table 2, joint modeling of imagesand
text outperformedall the approacheshat modelimagesor
text alone. Also notethatthe facerecognizerusedin our
model[10] signi cantly outperformedhe otherfacerecog-
nizer. We alsoimplementedanaveapproacthatrandomly



(a) Randomsampledrom four clustersobtainedusingfacerecognition[10] onimages.

(b) The correspondinglustersobtainedoy People-LDA.

Figure5. Clusteringusing(a) image-only and(b) People-LDA. White squaresredravn manuallyontop of someof theimagego highlight
the numberof distinct peoplein a cluster The clustersare cleanedup signi cantly usingour modeland have fewer differentpeoplein
them.Otherclustes are shownat the URL mentionedht the start of the papet

LDA People-LDA
schumacher chretien versace  williams schumacher  chretien spears  williams
chirac bush chretien tennis germaly jean Im cup
koizumi jean spears cup cabinet house city women
prix street poses nal france west star player
grand camgo jean won grand ottava premiere practice
michael michigan britney uribe jean hill poses tennis
palace facility shaws 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

Table 1. Comparisonof mostlikely words for peopletopicsobtainedby two models Eachcolumncorrespondso a topic learnedby the
model(LDA on captiontext only or People-LDA). Thenamewordsareshavn in bold face. Thesearefour representate topicsobtained
usingLDA. TopicsobtainedusingPeople-LDA aremorecenteredaroundonepersoncomparedo thetopicsfor LDA. Moreover, themost
likely namein a topic correspondso the associatedeferencemage. Other topics are shownat the URL mentionedat the start of the

papet

assign®neof thedetectechamesdn thecaptionto thefaces
detectedn thecorrespondingmage.Thisapproactshoved
acceptableesultsasmary captionshave only onenamede-

tectedin them.

People-LDA achievedthe lowestlabel perpleity (lower

values are better) amongthe comparedmethods. Both
People-LA andBarnardetal. [1] outperformtheapproach
usedby Berg etal. [3] sincethey modelthe probability dis-
tribution over all the possiblenamesas comparedo only
the namesdetectedin the captiononly (asdoneby Bergy



(a) Randomsampledrom four clustersobtainedusingLDA on captiontext [6].

(b) Thecorrespondinglustersobtainedoy People-LDA.

Figure6. Clustes obtainedusing(a) text-only, and (b) People-LDA. White squaresare dravn manuallyon top of someof theimagesto
highlight the numberof distinct peoplein a cluster The clustersare cleanedup signi cantly usingour modelandhave fewer different
peoplein them. Otherclustes are shownat the URL mentionedat the start of the papet

Model Perpleity % accuray
Image Only
Zhaoetal. [14] 520.00 24.17 | 22.02 6.11
Hyperfeatureq10] 173.90 3.96 | 44.86 4.30
Text Only
Randomame
from the caption 382.05 23.11 | 31.40 3.82
LDA oncaptiong6] | 1219.60 202.53| 39.07 2.44
Image and Text
Barnardetal. [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-LA 25.99 4.50 58.56 3.59

Table 2. Quantitativeevaluation In rst column, we shav the
perplity of the true label underdifferentmodels(lower values
arebetter).In theseconccolumn,the averageclassaccuraciesire
shavn. Theerrortermscorrespondo 10-fold cross-alidation.

etal.). Ontheotherhand,the methodusedby Berg et al.

hadthe bestaverageclassaccuracieamongthe compared
methods.Their methoddraws advantagefrom thefactthat
mary captionshave a singlenamepresenin them(similar
to our nave approach)Furthermoretheir approactfails to
annotatea faceif the correspondingnameis not presentn
the caption(for example,see gure 7).

For a perfectlabelingof all the facesin the dataset,we
still needto correctthe misclassi edfaces.To dothis, Berg
et al. suggestedhe costof correctingclustereddataasa
evaluationmetric for differentapproachesAn alternatve
view of this costis to consideronly a few top matchesand
computetherecall (fraction of truelabelspresentpf a sys-
tem.In gure 8, our proposednodeloutperformghe other
approaches.

6. Conclusionand Futur e Work

We proposedPeople-LDA asamodelthatguidesseman-
tic topicsto develop aroundpeople. We achieved this by
combiningtwo successfuinodels:hyperfeaturebasedace
identi er andlatentDirichlet allocation,in anovel way. As
perour knowledge,no suchcombinatiorhasbeenproposed



Figure 7. A typical failure casefor Berg et al. [3]: Associated
caption: PresidentGeoige W. Bush(L) speakgo reportes at the
conclusionof a bipartisan congessionalmeeting Septembe#,
2002at the WhiteHouse Bushasled Congiessfor 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
possibldabelfor thedetectedacein thegivenimage.

0.8

0.6

Zhao et al.
Hyper-feature
=—w— |DA on captions 4
Berg et al.
—%— Barnard et al.
=+ Corr-LDA

0.2 q
—©— People-LDA

Recall

04r

0 ; ; ; ;
0 5 10 15 20 25
Maximum rank of the true class

Figure8. Comparisorof recall for differentappmoaceswhenonly

top few matdesare consideed. People-LDA outperformsthe

otherapproachesver mostof the range. The approachusedby

Berg et al. [3] shavs promisingrecall up to rank threebut levels

outasit doesnot considemamesot presenin the caption(none
of the captionsin our datasethadmorethanthreedistinctnames
detectedn them).

for joint modelingof imagesandtext. We show excellent
resultsof generatiorof peoplespeci ¢ topicsfrom a data
setcontainingimagesandassociateadaptions. Our model
outperformeddifferentmodernapproache 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 be sensitve to the numberof topicschosenpar
ticularly for a large numberof latenttopics. Severalricher

models[5] have beenproposedo overcomethis weakness.

Anotherissuewith LDA arisesif we have a highly skewed

distribution of clusterfrequencies. This causesthe very
frequenttermsto 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 appearedvith roughly the samefrequentlyas others.
Recently Elkan[7] proposeda topic modelthataddresses
thisissueof frequeny skewness.Our futurework includes
exploring suchrichermodelsfor multi-modaldocuments.
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