Journalof MachineLearningResearcl8 (2003)1107-1135 Submitted4/02; Published2/03

Matching Words and Pictures

KobusBarnard KOBUS@CS.ARIZONA.EDU
ComputerScienceDepartment

University of Arizona

Tucson,AZ85721-0077USA

Pinar Duygulu DUYGULU@CENG.METU.EDU.TR
Departmenbf ComputerEngineering

Middle EastTednical University

Ankara, Turkey

David Forsyth DAF@CS.BERKELEY.EDU
ComputerScienceDivision

University of California

Berlkeley, CA94720-1776USA

Nando de Freitas NANDO@CS.UBC.CA
Departmenbf ComputerScience

University of British Columbia

VancouverB.C.V6T1Z4,Canada

David M. Blei BLEI@CS.BERKELEY.EDU
ComputerScienceDivision

University of California

Berleley, CA94720-1776USA

Michael I. Jordan JORDAN@CS.BERKELEY.EDU
ComputerScienceDivision and Departmenbf Statistics

University of California

Berleley, CA94720-1776USA

Editors: JazKandola,ThomasHofmann,TomasoPoggioandJohnShave-Taylor

Abstract

We presenta new approachfor modeling multi-modal datasets,focusingon the speci ¢ case
of sggmentedimageswith associatedext. Learningthe joint distribution of imageregionsand
wordshasmary applicationsWe considetin detailpredictingwordsassociategvith wholeimages
(auto-annotationandcorrespondingo particularimageregions(region naming).Auto-annotation
might help organizeandaccesdarge collectionsof images. Region namingis a modelof object
recognitionasa procesf translatingimageregionsto words, muchasonemight translatefrom
onelanguagdo another Learningtherelationshipdetweerimageregionsandsemanticcorrelates
(words)is aninterestingexampleof multi-modaldatamining, particularlybecausat is typically
hardto apply datamining techniquego collectionsof images. We develop a numberof models
for the joint distribution of imageregionsandwords, including several which explicitly learnthe
correspondendeetweerregionsandwords. We studymulti-modalandcorrespondencextensions
to Hofmanns hierarchicalclustering/aspecatnodel, a translationmodel adaptedfrom statistical
machinetranslation(Brown etal.), anda multi-modalextensionto mixture of latentDirichlet allo-
cation(MoM-LDA). All modelsareassessedsinga large collectionof annotatedmagesof real
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scenesWe studyin depththedif cult problemof measuringperformanceFor theannotatiortask,
welook atpredictionperformance®n heldoutdata.We presenthreealternatve measureyriented
toward differenttypesof task. Measuringthe performanceof correspondencmethodss harder
becausenemustdeterminewvhethera word hasbeenplacedon theright region of animage. We
canuseannotationperformanceasa proxy measurebut accuratemeasurementequireshandla-
beleddata,andthusmustoccuronasmallerscale.We shaw resultsusingbothanannotatiorproxy,
andmanuallylabeleddata.

1. Intr oduction

It is aremarkabldactthat,while text andimagesareseparatelyambiguousjointly they tendnotto

be;thisis probablybecaus¢hewritersof text descriptionof imagegendto leave outwhatis visu-

ally obvious(thecolorof o wers,etc.)andto mentionpropertieghatareverydif cult toinferusing
vision (thespecie®f the o wer, say). Thereareawide varietyof datasetsthatconsisiof verylarge
numberof annotatedmages Examplesncludethe Coreldataset,mostmuseunimagecollections
(for example,http://wwwthinker.org/fam/ thinker.html), the web archve (http://wwwarchve.og),

andmostcollectionsof news photographsn theweb (which comewith captions).Typically, these
annotationgeferto the contentof the annotatedmage,moreor lessspeci cally andmoreor less
comprehensely. For example the Corelannotationslescribespeci ¢c imagecontentbut notall of

it; museuncollectionsareoftenannotatedvith somespeci ¢ material—theartist, dateof acquisi-
tion, etc.—hut oftencontainsomeratherabstractnaterialaswell. In this paperwe describeaseries
of modelsthatlink imagesandtext in variousways.

1.1 Practical Applications

Very large collectionsof imagesarewidespreadand userswould like to be ableto brovseandto
searchthesecollections.A broadrangeof computenisionmethodshave beenusedto searctrollec-
tionsof images.Typically, imagesarematchedasedn featurecomputedrom theentireimageor
from imageregions. Theliteratureis too broadto review here;therearereviews in Forsyth(1999),
ForsythandPoncg2002).With theexceptionof systemghatcanidentify facegSchneidermaand
Kanade,2000),naked people(Fleck et al., 1996), pedestriangOrenet al., 1997)or cars(Schnei-
dermanandKanade,2000), matchingis not usually directedtoward objectsemantics.However,
userstudiesshawv alarge disparitybetweeruserneedsandwhattechnologysupplieg Armitageand
Enser,1997,Enser,1993,1995). This work makes hair-raising reading—arexampleis a request
to astockphotolibrary for “Pretty girl doingsomethingactive, sportyin a summerysetting,beach
- not wearinglycra, exerciseclothes- morerelaxedin tee-shirt.Features aboutdeodoranso girl
shouldlook actie - not sweatybut hapyy, healthy carefree nothingtoo posedor setup - niceand
naturallooking”

Other user studiesinclude the work of Ornager(1996), who studiedpracticeat a manually
operatedhewspaperphoto archive and Markkula and Sormunen(2000), who study practiceat a
Finnishnewspapess digital photoarchve. Keisterstudiedrequestsecevedby the NationalLibrary
of Medicines Archive (Keister,1994). In this literature,authorsbreakout the semanticsof the
imagesrequestedh differentways,but from our perspectie theimportantpointsare:

that usersrequestimagesboth by object kinds (a princess)and identities (the princessof
Wales);
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thatusersrequesimageshothby whatthey depict(thingsvisible in the picture)andby what
they areabout(conceptsvoked by whatis visible in the picture);

that queriesbasedon image histograms texture, overall appearancegtc. are vanishingly
uncommon;

andthattext associateavith imagess extremelyusefulin practice—forexample,nevspaper
archiistsindex largely on captiong MarkkulaandSormunen2000).

Therearesereral practicalapplicationsor methodgshatcanlink text andimageshoweverimper
fectly:

Automatedmageannotation:Numerousorganizationsmanagecollectionsof imagesfor in-
ternaluse. A typical work ow is describedoy the work of Markkulaand Sormunern(2000),
who studiedthe imagearchie of a Finnishnewvspaper Archivists receve picturesandan-
notatethemwith wordsthatarelikely to be usefulkeys for retrieving the pictures;journalists
thensearchhecollectionusingthesekeywords. Annotationis oftendif cult anduncertainijt
would beattractve to have a procedurghatannotatedmagesautomatically Onemightauto-
annotateby predictingwordswith high posteriorprobability given animage. Examplesof
automateannotatiorappeain Barnardetal. (2001),BarnardandForsyth(2001)andbelow.

Browsingsupport:Museumgaeleaseartsof their collectionsontothewebto attractvisitors

by giving thema senseof whatthey would seeif they visited. Typically userswho know a

collectionwell wish to searchit, andthosewho don't, preferto browse (Frostet al., 2000).
This meansit would be attractve to organizethe collectionin a way that madesenseto

visitors,andsosupportedrowsing. Collectingtogetheimageshatlooked similarandwere
similarly annotatedvould be a good start. Fitting a probability modelwith an appropriate
structureyieldsquite usefulclustersasdescribedn Barnardetal. (2001).

Auto-illustrate: Commercialimagecollectionscant supplyan attractve serviceto a casual
user becausesearchinghe collectionis typically dif cult andexpensve. A tool thatcould
automaticallysuggestmagesto illustrateblocksof text might exposevaluein the collection
by makingit possiblefor casualusersto get reasonablaesultscheaply Auto-illustration
is possibleif onecanobtainimageswith high probability given text (Barnardet al., 2001,
BarnardandForsyth,2001).

1.2 Annotation, Correspondenceand Recognition

Onecancurrentlyusewordsto searcHor pictures(it is often productie to usea sequencef terms
andthen’jpg' or jpeg’ asaqueryto Google).Thereareavarietyof waysto usewordsandpictures
simultaneouslyThe moststraightforvard is to searchusinga simpleconjunctionof keywordsand
imageregion features,a facility provided in Blobworld (Carsonet al., 2002). Webseer(Swain

et al., 1996) usessimilar ideasfor query of imageson the web, but also indexes the resultsof

a few automaticallyestimatedmagefeatures. Theseinclude whetherthe imageis a photograph
or a sketch and notably the outputof a face nder. Going further, Casciaet al. integrate some

1. Also seeEnserswork (ArmitageandEnser,1997,Enser,1993,1995)on variousimagearchives,which useroughly
thesameprocedure.
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text and histogramdatain the indexing (La Casciaet al., 1998). Othershave also experimented
with usingimagefeaturesaspartof a queryre nementprocesgChenetal., 1999,2000). Srihari
andothershave usedtext informationto disambiguatémagefeatures particularlyin face nding
applicationgSriharietal., 1994,Srihari,1991,SrihariandBurhans,1994).

We are not aware of generalprobability modelsthat link text andimages,howvever. Sucha
modelwould offer theusualbene tsof probabilitymodelsover booleamqueries—on&oesnt need
to know exactly theright searchiermsto getusefulresults—Iit might offer more. Oneis thatone
might predicttext givenimages.Therearetwo waysto dothis. Firstly, onemightattempto predict
annotationsof entireimagesusingall information present. We refer to this task as annotation.
Secondlyonemightattemptto associat@articularwordswith particularimagesubstructures—that
is, to infer correspondence

Few datasetscontaincorrespondendaformation,probablybecausd is dif cult to createsuch
datasets. Normally, onehasa collectionof images,eachof which hasa collectionof associated
words. This canbe seenasa form of classi cationproblem,whereinsteadof having labeledex-
amplesonehaslabeledbagsof examples—anmageis “positive” if it containsatiger somevhere
amongsall the otherstuf and“negative” if it doesnt. MaronandRatan(1998)andMaron (1998)
usedmultiple-instancdearningto train classi ersto identify particularkeywordsfrom imagedata
usingsuchbags.Ratherthanattemptto sortout all correspondencdsetweerimagestructuresand
wordsdirectly, they build classi ersfor eachword separately SatohandKanade(1997)usedco-
occurrencenodelsfor automaticallyassociatindaceswith namesn video. Finally, perhapslosest
to our work on predictingwordsfor regionsis thework of Mori etal. (1999),whereco-occurrence
statisticsarecollectedfor wordsandimageareasde ned by a x edgrid.

Correspondences a peculiarfeatureof objectrecognition. Currenttheoriesof objectrecogni-
tion reasoreitherin termsof geometriccorrespondencandposeconsisteng, in termsof template
matchingvia classi ers;or by searcho establisithe presencef suggestie relationsbetweertem-
plates.A detailedreview of thesestratgiesappearsn ForsythandPonce(2002). Therehasbeen
little work to addres®bjectrecognitionat a broadscale.For example,not muchis knowvn on how
to recognizethousand®f differentobjectsfrom datasetsthat are practicallyavailable. Little can
be said aboutwhat is easyandwhatis hardto recognizeusinga particularsetof features.|t is
reasonabléo hopethatthesequestionsanbe discussedf oneseesbjectrecognitionasa process
by which oneusesa hugedatasetto learnto putimagestructuresandwordsin correspondence.

This paperexploresa variety of latentvariablemodelsthat canbe usedfor auto-illustration,
annotatiorandcorrespondencé.he rst stepis to represenimageinformation;Section2 describes
therepresentatiowe have adoptedln Section3 we describea seriesof modelsthatlink wordsand
imagedata,withoutexplicit encodingof correspondendeetweenvordsandregions. Thesemodels
areappropriatdor auto-illustratiorandannotation.

Thereis an analogybetweenlearninga correspondencmodel that can associatevords with
imageregions and learninga lexicon, which suggestst is possibleto build a processthat uses
ratherlittle supervisoryinput. In effect, one builds a modelusing unsuperviseanethods,marks
up the model’s output,andre ts. This is a standardorocessn the machinetranslationliterature
(a goodguideis Melameds thesis,2001; seealso Jurafsly and Martin, 2000, and Manning and
Schitze,1999). In Section4 we describea modelthat usesa vector quantizedrepresentatioiof
imageregionsto yield a problemexactly analogouswith Iexicon learning. This is the simplest
modelthatlearnscorrespondencexplicitly. It hasthedisadwantagehattherepresentationf image
regionsis obtainedindependenbf the text annotation. This ignorespotentially importantdata
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aboutwhatimagedifferencesare important. More sophisticatecorrespondencmodelsusetext
datawhile simultaneouslglusteringrepresentationsf imageregions(Sectionb).

Partof this papers roleis to comparenumerousnodels meaninghatthereareseveraldifferent
variantsof eachtype of model. To keeptrack of themall, eachis allocatedan acrorym, which
appearsn boldthe rst timeit is used.Annotationperformancas fairly straightforvardto evaluate
automaticallyand so large datasetscanbe used,but correspondencperformancas rathermore
dif cult to evaluate. Sincelarge datasetsgiving correspondencdont exist, we are obligedto
evaluatecorrespondencmanually;this meansvaluationcant be doneon a large scale.Section6
describe®ur methodsof evaluation,andSection7 givesextensive comparisorof the methods.

2. Input Representationand Preprocessing

Eachimageis segmentedusing normalizedcuts (Shi and Malik, 2000). This segmenterhasthe
occasionatendenyg to producesmall,typically unstablaegions.We representhe 8 largestregions
in eachimageby computing,for eachregion, a setof 40 features. The featuresrepresentrather
roughly majorvisual properties:

Sizeis representedy the portionof theimagecoveredby theregion

Positionis representedsingthe coordinateof the region centerof massnormalizedby the
imagedimensions

Color is (redundantly)representedising the averageand standarddeviation of (R,G,B),
(L,a,b)and(r=R/(R+G+B),g=G/(R+G+B))overtheregion.

Texture is representedisingthe averageandvarianceof 16 Iter responsesWe use4 dif-
ferenceof Gaussianlters with differentsigmasand12 oriented Iters, alignedin 30 degree
increments.SeeShiandMalik (2000)for additionaldetailsandreference®n this approach
o texture.

Shapes representethy theratio of the areato the perimetersquaredthe momentof inertia
(aboutthe centerof mass)andtheratio of theregion areato thatof its convex hull.

We will referto a region, togetherwith the features,asa bloh We malke no claim that the im-

agefeaturesadoptedare canonical. They are choseno be computabl€or any imageregion, and
be independenbf ary recognitionhypothesis.We expectthat betteror worsebehaior would be

availableusingdifferentsetsof imagefeatureslt remainsaninterestingopenquestiono construct
featuresetsthat (a) offer very goodperformancdor a particularvision taskand(b) candependon

anemeging objecthypothesisn aninterestingandef cient way.

3. Annotation Models
We presentwo classe®f modelsfor the joint distribution of text andblobs,andshav how they are
appliedto annotatémages.

3.1 Multi-Modal Hierarchical AspectModels

Our rst modelis a multi-modal extensionof Hofmanns hierarchicalmodelfor text (Hofmann,
1998,HofmannandPuzicha,1998). This modelcombineshe aspecimodelwith a soft clustering
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Higher level nodes emit
more general words and

/ \ blobs (e.g. sky)
Moderately general

words and blobs

(e.g. sun, sea)
Sun
Sky
e Sea

Figurel: Multi-modal extensionof a hierarchicaimodelfor text.

Lower level nodes emit
more specific words and
blobs (e.g. waves)

model.As shavnin Figurel, imagesandco-occurringext aregeneratethy nodesarrangedn atree
structure.The nodesgeneratdothimageregionsusinga Gaussiardistribution, andwordsusinga
multinomialdistribution. Eachclusteris associatedvith a pathfrom aleafto theroot. Nodesclose
to theroot aresharedoy mary clustersandnodescloserto leavesaresharedy few clusters.This
meanghatin aproperly tted model,nodescloserto theroottendto emititems(wordsor regions)
sharedby alarge numberof dataelementsandthe nodescloserto theleaveseachemititemsmore
speci ¢ to smallnumbersf dataelements.

Potentially both the vertical structure(aspects)and horizontal structure(clusters),can help
modelthe distributions of interest. Our implementatiorsupportsall treetopologies,ncludingthe
degeneratelinear” topologywherethereare no branchesandthereforeonly one cluster aswell
astopologieswhich have no vertical structureandthusall modelingis throughclustering. In the
experimentsve considera binarytree,andthelinearcasewith acomparablenumberof nodes.

To theextentthatanimageis in agivenclusterit is generatedby thenodesonthatpath. Taking
all clustersinto considerationa documenis modeledoy a sumover the clusters weightedby the
probabilitythatthe documents in the cluster Theprocesdor generatinghe setof obserationsD
associateavith adocumentd, canbe describedy:

n # M n # Nb
Ny d Np:d

pDid) = & p© O & pwil:9p(id) O & plbil;opdlid) (1)

c w2W | b2B |
wherec indexesclustersw indexesthe wordsin document, b indexesthe imageregionsin doc-
umentd, and| indexeslevels. D is the setof obserationsfor thedocumentW is the setof words
for the document,B is the setof blobsfor the documentwith D = W[ B. The exponents%
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and%’d areintroducedio normalizefor differing numbersof wordsandblobsin eachimage. Ny
denoteghe numberof wordsin document, while N,, denoteghe maximumnumberof wordsin
ary documentThis normalizatiorworks ne for the Coreldatabecausehereis not muchvariance
in Nywg. Thesameappliesfor blobs. This choiceessentiallymalkes animagewith only the word
“sun” comparablevith onewith the words“sun” and“clouds; by duplicatingthe word “sun” for
the rst image.

For word emissionprobabilities,p(wjl; ¢), we usefrequeng tables andfor blob emissiorprob-
abilities, p(bjl;c), we usea Gaussiardistribution with diagonalcovarianceover the featuresfor
theregions. To stabilizetraining, we translateandscalethe region featuredatato have zeromean
andunit variance.The modelparameterarecorvertedinto the original dataspaceoncetrainingis
complete We alsolimit the varianceof the Gaussiardistribution to be atleast0.001in thetraining
dataspace. Similarly, the word frequeng is forcedto be at leasta small value greaterthan zero
(0.01/ vocalulary size),but herethe goalis simply to avoid the needto do certaincomputationsn
log space.p(ljd) is atrainingdocumentpeci ¢ prior over the nodeson the pathfrom the leaf to
theroot (verticalweights).

We will referto thisasmodel I-0 in theresults(l for “independent”).Following Barnardet al.
(2001)andBarnardandForsyth(2001),we alsoexperimentwith allowing a clusterdependenievel
structure.Here p(ljd) is replacedwith p(ljc;d) (modell-1). Noticethatthesemodelsarenottrue
generatie modelsbecause¢hejoint probabilitydistribution of theimageitemsis describedn terms
of p(ljd) or p(ljc;d) which arespeci c to thedocumentsn thetrainingset. This makesthe model
powerful for searchapplications.However, predictionis dif cult for documentsiotin thetraining
set.Onecanmamginalizeoutthetrainingdata,asin Blei etal. (2002). An alternatve is to estimate
the mixing weightsusinga clusterspeci ¢ averagecomputedduring training. This latter stratgy
appeardo work well, suggestinghatthe setof vertical nodesusedto modela documenis more
signi cant thanthe mixing weights.

This obseration led to the alternatve model— rst describedn Barnardet al. (2001)—which
is generatie. This model—whichwe call model I-2—gives

n #M n # Nb
Nwd No;d

pD)= & p©) O A&pwilioplio O & nbilioplic) (2)
[ w2W | b2B |

Model Fitting . All of thesemodelsare t usingtheexpectatiormaximizatioralgorithm(Demp-
steretal. (1977)). Theupdateequationsarevery similar to thosein HofmannandPuzicha(1998),
exceptof course,the probability expressionsow include partsboth for word and region occur
rences.For modell-0, we estimatethe vertical mixing weightsfor eachdocumentasin Hofmann
and Puzicha(1998). For modell-1, we estimatethe vertical mixing weightsfor eachdocument
givenead cluster For modell-2, the updateequationdor the verticalmixing weightsaresimpler
aswe just needto computea clusterdependengéverage ratherthanestimatingquantitiesfor each
document.This canbeasigni cant memorysaving if thenumberof documentss large.

Image BasedWord Prediction. To predictwordsfrom imageswe assuméhatwe have a new
documenwith asetof obseredblobs,B. We wishto computep(wjB) u p(w; B) for eachword, w,
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in ourvocalulary:

p(wiB) 1 & p(c)p(wjc) p(Bjc)
" " # Ny

No;d

= 4 (o) %p(wjl:c)p(ljc) bc”) %p(bjl:c)p(ljc) ; (3)
Cc 2B

In the caseof modelsl-0 andI-1 we drop the documentindex, d, from the vertical weights,as
we arenormallyinterestedn applying(3) to documentsutsidethe training set. Furthernotethat
for model -0, p(ljc) is replacedby p(l). For the vertical weightswe eitheruse clusterspeci ¢
averagemixing weights(labeled*ave-vert” in the results),or estimatep(ljd) by p(1jB) (labeled
“doc-vert”). In previouswork we insteadestimatedo(ljd) by re tting the modelbasedon B, but
thisis moreexpensve anddoesnot give betterresults.Marginalizing out the training dataworked
at leastaswell as“ave-vert” on small datasets,but it is very expensve to computeon dataof the
scaleof interestandthuswe do notreportresultshere.

3.2 Mixtur e of Multi-Modal Latent Dirichlet Allocation

LatentDirichlet allocation(LDA) (Blei et al., 2002)is a generatre probabilisticmodelfor inde-
pendentollectionsof datawhereeachcollectionis modeledby arandomlygeneratednixtureover
latentfactors.For example,in text modeling,a collectionof wordsmakesup adocumentindLDA
providesa modelof independentlgeneratedlocumentga corpus).

As ageneratte model,LDA canreadilybe usedasa modulein a mixture model. Furthermore,
LDA is extendableto multi-modal data. In particular the mixture of multi-modal LDA model
(MoM-LD A) assumeshateachimageandcorrespondingvordsweregeneratedy the following
process:

1. Chooseoneof J mixturecomponentg  Multinomial(h).
2. Conditionedon the mixture componentchoosea mixtureoverJ factors,g Dir(ag).
3. For eachof theN words:

(a) Chooseoneof K factorsz, Multinomial(q).

(b) Chooseoneof V wordswy, from p(wnjzs; C; b), the conditionalprobability of wy, given
the mixture componenandlatentfactor

4. For eachof theM blobs:

(a) Chooseafactors,, Multinomial(q).

(b) Chooseablob by, from p(byjsn; ¢, ;' S), a multivariateGaussiardistribution with diag-
onalcovariance conditionedon the factors,, andthe mixture component.

Thisis depictedasa graphicalmodelin Figure2. The parameterso MoM-LDA are

A J-dimensionamultinomialparameteh.

AJ K matrixa wherea. isistheJ-dimensionaDirichlet parameteconditioneconmixture
component.
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—
S
b M
¢ q
z N
|

Figure2: Themixture of multi-modallatentDirichlet allocationmodel. The outerplaterepresents
therepetitionof | images.EachimagehasM blobsandN words. The parametersf the
modelarenot depictedfor simplicity.

AJ K V matrixb whereb; is the distribution over words conditionedon the mixture
componentandhiddenfactor

AJ K Dmatrixpandad K D matrix S whereps andScs are parameterso the D-
dimensionamultivariate Gaussiardistribution over blobs, conditionedon the mixture com-
ponentandhiddenfactor

Maximum likelihood estimate®f the Dirichlet, word multinomials,and Gaussiarparametergan
be obtainedby the EM algorithmwith a variationalE step.

Givenanimageanda MoM-L DA, we cancomputeboth an approximateposteriorover mix-
turecomponentand,for eachmixture componentanapproximategosteriorDirichlet over factors.
Using theseparameterswe performimagebasedword-predictionby nding the corresponding
distribution over words. Let f denotethe approximateposteriorover mixture componentsandg.
denotethe correspondingapproximateposteriorDirichlet. The distribution over words given an
image(thatis, acollectionof blobs)is:

J K z
p(wib) = & p(cif) & pWi2  p(Z9) p(dig)da:
c=1 =1

Theintegral over q is easilycomputedit is the expectatiorof the zh componenbf q  Dir(gc):

Z
p(Z0) plajge)d = — 22—
ay=193y

MoM-LDA is similar to the I-O modelin thatit dervesits predictve abilitiesfrom the higher
level mixture component. TheunderlyingLDA is usefulasa joint modelbut, onits own, cannot
accuratelypredictwordsfrom images.This is dueto theimplicit assumptiorihatwordsandblobs
areexchangeablandthuscanbegeneratedn ary order Thisissueis describedn Blei andJordan
(2002), wherethe authorsderive a LDA-basedmodel of annotateddatathatis basedon partial
exchangeability. Imagesaregeneratedrst, andwordsaresubsequentlgeneratedrom theimages.
Theresultingmodelcanpredictwordsfrom imageswithout resortingto higherlevel multinomial
mixture components.
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4. Simple Correspondenceévodels

It is naturalto wantto build modelsthat canpredictwordsfor speci c imageregions,ratherthan
for awholeimage. Thereareseveral simplewaysto do so. The simplestis to vectorquantizerep-
resentationsf imageregions,andthendirectly exploit theanalogywith statisticalexiconlearning.
In fact, hierarchicalaspecimodelsandMoM-LDA canyield correspondencaformation,too.

4.1 Discrete Data Translation

In machinetranslationa lexicon links discreteobjects(wordsin onelanguage}o discreteobjects
(wordsin the otherlanguage). We mustcomeup with a lexicon given an alignedbitext, which
consistf mary smallblocksof text in bothlanguageswhichareknown to correspondn meaning.
A traditionalexampleis Hansardfor the Canadianparliament,whereeachspealr's remarksin
Frenchandin English correspondn meaning. Assumingan unknavn one-onecorrespondence
betweernwords,comingup with a joint probability distribution linking wordsin thetwo languages
is amissingdataproblem(Brown etal., 1993).t is straightforvardto createanalogousmagedata.
We useK-meansto vectorquantizethe setof featuresepresentinganimageregion. Eachregion
thengetsa singlelabel (blob token).

We now have analignedbitext consistingof the blobsandthe wordsfor eachimage. We must
constructajoint probabilitytablelinking word tokens(the abstracimodelof a word, asopposedo
aninstance)o blob tokens. In the currentwork, we useall keywordsassociateavith eachimage.
Becausehe datasetdoesnot provide explicit correspondencesye have a missingdataproblem
which is easilydealtwith asanapplicationof EM (seeDuyguluetal., 2002for details). We label
this approactasdiscrete-translation

4.2 Correspondencdrom a Hierar chical Clustering Model

Our hierarchicalclusteringmodelsdo not modelthe relationshipshetweenspeci ¢ imageregions
andwords explicitly. However, they do encodethis correspondenct someextent through co-
occurrencéecausehereis a advantageto having “topics” collectat thenodes.For example,if the
word “tiger” alwaysco-occurswith anorangestripy region andnever otherwise thentheseitems
will likely begeneratedby a sharechode,astherearefar fewer nodesthanobsenrations. Thuswe
have thefollowing simpleword predictionmethodfor a singleblob, b:

p(wib) K & p(c) A p(l)p(wil;c) p(bil; 0): ()

c |

We can further considerthe effect of the other regions throughwhat they say aboutthe cluster
membershiy replacingthe clusterprior, p(c) with p(cjB). We labelthesestratgiesas“region-
only” and“region-cluster”in the results. Notice that using (4) is not quite the sameasreplacing
the setof blobs, B, in (3) with the singleblob of interest,b. Herewe insistthatthe word andthe
regioncomefrom thesamenode whereasn (3) they comefrom thesamecluster but possiblyfrom
differentnodesassociatedvith thatcluster Thusto getcorrespondenciom I-0, I-1, andl-2, we
usethe modelsdifferentlyfrom how they aretrained.
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5. Integrating Correspondencend Hierar chical Clustering

None of the methodsdescribedabore are wholly satishctory for learning correspondenceBy
vectorquantizingimageregionsindependentf words,we are penerselyignoring potentiallyuse-
ful training data. We shouldnot expecttoo muchfrom the othermethodsbecausehey arebeing
compelledo revealinformationthey werenottrainedto representHowever, thereis arelationship
betweenclusteringand correspondencekor example,in translatingfrom Englishto French,the
word “sun” might betranslatedo “soleil,” butif the surroundingvordsarecomputerrelated then
theword“sun” shouldremainunchangedasit is likely abrandof computer Similarly, agraypatch
is morelikely to bepavementin acity scendghanajunglesceneThis suggestbuilding explicit cor
respondenciformationinto our existing hierarchicaklusteringmodels.Building correspondence
modelsinvolvesstrengtheningherelationshipbetweernwordsandimageregions.

5.1 Linking Word Emissionand RegionEmissionProbabilities with Mixtur e Weights

In thisapproachimageregionsaremodeledasin theindependentnodel,but thewordsarenotemit-
ted conditionedon theregions. To implementthis stratgy by having the vertical mixture weights
for the regions carriesover to that for the words. Thusif a nodecontrituteslittle to the region
emissionfor animage,thenthatnodewill alsocontritute little to the word emission.Correspon-
denceis still implicit, andis calculatedusing(4) above, andthusthis is not a true correspondence
method. More formally, we considerthe wordsW andtheregionsSin D = B[ W to be handled
asymmetrically

" # " # N

Nw
~ o . . N A~ o . . Noid
p(Djd) = & p(c) O & p(wjl;0)p(ljB;c;d) O a p(bil;c)p(ljd) ; (5)
[ w2W | b2B |

wherewe stipulatethat

p(ljB;c;d) 1 & p(ljb;c;d):
b2B

Noticethatwe have choserto computethedistribution inheritedoy thewordsonaclusterby cluster
basis(we usep(ljB;c; d) insteadof p(ljB;d)). We denotethis modelby D-0 (D for dependent)in
analogywith the independentase,we can considerclusterdependentevel distributions, using
p(ljc;d) insteadof p(ljd) to getD-1, or we candropthedependenconthetrainingset,usingp(l)
insteadof p(ljd) to getD-2.

To usethe modelfor annotationye againestimatep(ljd) by p(1jB) (“doc-vert”), andusethis
to computethe word posterior For labelingregions, applying(4) to predictthe wordsfor a par
ticular blob makes more senseghanwith the independentnodelsbecausaow wordsare emitted
conditionedon blobs. As describedater, if we wish to usesucha modelfor annotationwe simply
sumthe contritutionsof all the blobs. Interestingly this givesalmostthe sameequationgor word
prediction(equivalentif thereis only oncecluster asin thelineartopology).
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5.2 Paired Word and RegionEmissionat Nodes

Oursecondnethodfurthertightenstherelationshietweertheregionsandwords.Hereweassume
thatthe obseredwordsandregionsareemittedin pairssothatD = f (w;b);g and(1) becomes:

" #

p(Djd) = & p(c) O a p((wb)jl;c)p(ljd) : (6)
c (wb)2D |

We will refer to this as Model C-0 (C for “correspondence”).ModelsI-1 and|-2 are similarly
modi ed to getmodelsC-1 andC-2. Equation(6) evaluatesthe likelihood assuminga proposed
correspondencesincewe aremostinterestedn training on datawherethe correspondencis not
provided,we needto estimatecorrespondencaspartof thetrainingprocessWe have experimented
with severalmethoddor doingso, discussedbelon. Regardlessthis additionalstepis addedbefore
the E stepin the model tting processandthe assignments thenusedin the estimationof the
expectationof theindicatorvariables.All methodsor computingthe correspondencassumehat
the probability thata word anda segmentcorresponatanbe estimatedy the probability that they
are emitted from the samenode. Usingw, b to denotethat the word, w, andthe region, b,
correspondwe use,in the caseof C-O0:

pw, b) & p(A)a p((wb)il;c)p(ljd): (7)
c |

Herewe have madethe choicethatthe proposedcorrespondencshouldbe sharedover all cluster
hypothesesDoingsomalesintuitive senseandsigni cantly reduceshenumberof correspondence
estimateshatarerequired.Notethattrainingis nolongerpuregradientdescen{the log-likelihood
candecreas@ smallamountasthe training processterates).For true gradientdescentye would
needto maginalizeover possiblecorrespondenceandthisis impractical.Insteadwe approximate
thesumwith thatobtainedby a maximal,or closeto maximalmatch(this approximatioris common
in theliteratureon statisticalearningof lexicons,seefor exampleMelamed,2001).

We have experimentedvith several possiblestratgiesfor estimatingmatchedrom (7). In this
work we reportresultsusinggraphmatching(Jonler andVolgenant,1987). This algorithmgives
a polynomialtime methodto assignedgesto a bipartite graphsothat eachvertex is connectedo
only vertex, andthe sumof costsassociateavith eachpossibleedgeis minimized. Our costsare
negative log probabilitiesfrom (7), sothatlikelihoodis maximized.

Regardlesof the matchingstratgy, we needto dealwith differing numbersof wordsandre-
gions. In ourimplementationwe rst ensurethattherearemoreregionsthanwordsby repeating
theregioncollectionif neededThenwe ensurghattherearesufcient wordsby repeatingheword
collectionuntil thereareasmary wordsasregions.

5.3 CorrespondenceModels, NULL, Fertility and Refusalto Predict

Correspondenceomeswith a variety of annging dif culties which we have skatedover above.

Theprimaryissueis the choiceof correspondencmodel. Shouldtherebe a one-onemapbetween
regionsandwords(usuallyimpossible becausef thenumbersaredifferent)?In thework described
here,we requireregionsto be linked to words; thereis no option of decidingthata region corre-
spondgo noword. This forcesmodelsof imageregionscorrespondingo particularwordsto cope
with a large pool of outliers. This problemcould, in principle,be handledby appendinga special
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word, NULL, to thetext of eachdataitem anda specialimageregion, NULL, to theimageregions
of eachdataitem. This is a traditionalsolutionin the machinetranslationliterature;the tendeng
of singlewordsin somelanguageso generatanorethanoneword in others(a propertyreferredto
as“fertility”) canbemodeledexplicitly in thisframevork (Brown etal., 1993,Melamed,2001).In
ourlimited experiencesuchmodelsarenoteasyto t to ourdatasetsbecausef atendengto t a
modelwhereeverywordis generatedhy theNULL imageregionsandeveryimageregiongenerates
the NULL word. This is clearly a matterto be resohed by a prior modelof deletionof wordsor
imageregions,respectrely. Onecomplicationis thatthe probabilitythatanannotationis absenis
notindependenof the annotation—annotate alwaysmention“tigers; but only sometimesnen-
tion “people” A simplestratgy thatoffers somebene ts of directly modelingNULL wordsis to
refuseto predictanannotationrwhentheannotatiorwith the highestprobabilitygiventheregion has
toolow a probability;this discouragepredictionsby regionswhoseidentity is moot. Thisis crude,
becausdt doesnt mitigatethe effectof all the outliersin the tting process.

6. Evaluation Methods

Our annotationmodelscan be usedon two differentkinds of data. First, we cantry to annotate
imagesvhichwerewell representeth theoriginal dataset,for example,annotatingmagesarriving
atanarchie. Secondwe cantry to annotatemagesrom a collectionwhichis notwell represented
by theoriginal training data for example,performingobjectrecognition.

Correspondencmodelspresenfurtherdif culties. Theissuenow is whethemwe predictappro-
priatewordsfor eachparticularregion. Typically, the only way to obtainanaccurateanswetrto this
guestionis to look atthe picture. Thisform of manualevaluationis very dif cult to dofor asatisfic-
tory numberof images A lessstrict, but nonethelesmformatie, testis to determingheannotation
performancdor a correspondenceodel,onthegroundshatpoorannotatiorperformancémplies
poorcorrespondenceerformancédcrucially, the contrapositie is not necessarilyrue).

6.1 Measuring Annotation Performance

We canmeasurennotatiorperformancédoy comparinghewordspredictedoy variousmodelswith
wordsactuallypresenfor held-outdata. In mostdatasets,includingours,imageannotationgyp-
ically omit someobviously appropriatevords. However, sinceour purposes to comparemethods
thisis notasigni cant problemaseachmodelmustcopewith the samesetof missingannotations.
Performanceomparisonganbe carriedoutautomaticallyandthereforeon a substantiakcale We
expresgpredictionperformanceelative to predictionsobtainedusingtheempiricalword frequeng
of the training set. Matchingthe performanceempirical densityis requiredto demonstrateion-
trivial learning. Doing substantiallybetterthanthis on the Corel datais dif cult. The annotators
typically provide sereral commonwords (for example,“sky,” “watet” “people”), andfewer less
commonwords(for example,“tiger”). Thismeanghatannotatingall imageswith, say “sky,” “wa-
ter” and“people” is quite a successfutratgy. Performanceusingthe empiricalword frequeng
would bereducedf the empiricaldensitywas atter. Thusfor this dataset,the incrementof per
formanceover theempiricaldensityis a sensiblendicator We look atword predictionon held out
data,andrankmodelsusingthreemeasures.
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6.1.1 MEASURING THE QUALITY OF WORD POSTERIOR DISTRIBUTION

As our modelsarepredictive in nature we estimatehe Kullback-Leibler(KL) divergencebetween
the computedpredictive distribution, q(wjB), andthe tamget distribution, p(w). Unfortunately the
tamget distribution is not known, and for this we simply assumehat the actualwords shouldbe

predicteduniformly, andthatall otherwordsshouldnot be predictedat all. By de nition, theerror
(mocel)

contritution for onedocumentwith this measureEy, , is givenhy:
(model) _ o p(w)
E = a p(w) log ——: (8)
“ w2 vocalulary Q(Wj B)

To furthersmoothg(wjB), we addtheminimumof theempiricalword distribution andrenormalize.
To computea combinedmeasurdor a groupof imageswe simply averagethe quantityin (8) over

thatset. We canrelatethis to the conditionallog likelihood (normally computedon held out data).
If thereareK wordsfor theimageunderconsiderationSincep(w) = 1=K for w2 obsewved and0

otherwise andwe declareOIog;1 =0,

mokl) _ 1 o p(w)
E = a log .
“ K w 2 obsewed C](V\ﬂ B)

consart a logg(wiB):

w2 obsered

Whenaveragedover the imagesin the held out set, this is essentiallythe held out log likelihood,
conditionedon the imageregions, weightedso that eachimagecontritutesroughly the same re-
gardlessof the numberof wordsit has. As mentionedabore, we expressperformanceelative to
thatusingthe empiricalword distribution of the testdata,andwe furtherarrangeit sothatlarger
valuescorrespondo betterperformanceSpeci cally, we report:

1 .
ExL = N é E}((ean|r|caI) E}((r’rljodel)
data

which is negatve whenthe modelis worsethan the prior and positve whenit is better This
adjustmenhasseveralbene ts. First, it isimmediatelyclearwhenwe aredoingwell (thenumberis
positive), andsecondijt reduceghe varianceof valuescomputedon differentsets,asthe dif culty

of the setis partly re ectedin E™")

6.1.2 How WELL bO MODELS PREDICT WORDS?

Onthewhole,abetter tting modelshouldpredicta bettersetof words,but we needsomeconcrete
measuremendf the goodnesf the omittedwords. The dif culty hereis that one needsa loss
function, and traditional zero-oneloss s highly misleading. For most concevable applications,
certainerrors(“cat” for “tiger”) arelessoffensve thanothers(“car” for “vegetable”). Becauseahe
numberof classeshatwe canpredictis large (thesizeof thevocalulary), we normalizethe correct
andincorrectclassi cations.

Speci cally, we computeE,@OOb') =r=n w=(N n) whereN is thevocalulary size,n is the
numberof actualwordsfor theimage,r is the numberof wordspredictedcorrectly andw is the
numberof wordspredictedncorrectly This scoregivesa valueof 0 for both predictingeverything
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andpredictingnothing,and1 for predictingexactly the actualword set(no falsepositives,nofalse
negatives). The scorefor predictingexactly the complemenbf the actualword setis -1. As in the
KL casewe reportthedifferenceof this errorandthatfor theempiricalword distribution, suchthat

largervaluescorrespondo betterperformancethatis E{ o™ (&Pl

The numberof wordspredictedr + w, canbe determinedoy the algorithmon a caseby case
basis.Thusonebene t of this measur@ver simply countingthe numberof correctwordsin a x ed
numberof guessess thatit canbe usedto reward a goodestimateof how mary wordsto predict.
Theword predictionscoregeportedherearebasedon predictingall wordswhich exceeda certain
probabilitythreshold.

As is clearfrom Figure4, a valuefor the thresholdwhich maximizesthe performanceof the
comparisommethod(training dataword frequeng) is alsoa goodvaluefor mostothermethodsof
word prediction,andthereforene usedthis valuecomputedntrainingdatafor thereportedesults.
Finally, we reportthe resultsusinga simplerbut relatedword predictionmeasureESSo‘b') = r=n,
basednthen bestwords. Thusif therearethreekeywords,“sky,” “watet” and“sun; thenn= 3,
andwe allow the modelsto predict3 wordsfor thatimage. The rangeof this scoreis clearlyfrom

Oto1l.

6.2 Measuring Correspondencderformance

Measuringthe performancesf methodghatpredicta speci ¢ correspondenceetweerregionsand
wordsis dif cult, becausémagesnustbechecledby hand.Thislimits thesizeof thepoolthatcan
beused,andalsomeanghatmeasurement®may containsigni cant noise(it is surprisinglydif cult
to establishandstick to, an exactpolicy aboutwhatregionsshouldcarry say the label“people”).
However, we canusearegion basednethodfor annotatiorby summingovertheword posteriorsor
all theregions. Furthermorewe canreasonablgxpectthatamethodthatcannotpredictannotations
accuratelyis unlikely to predictcorrespondenceell. This meanghatannotatiormeasuresffer a
plausibleproxy.

6.2.1 USING ANNOTATION AS A PROXY

We reportresultsusingboththeimagebasedandregion basedvord predictionmethods For theim-
agebasedmethodswe can(anddo) computeheannotationsn thenaturalway. However, asecond
stratgy is to usethesemethodsasregion basednethodsandthencomputetheimageannotations
as for the region basedmethods. Recall that all our annotationmodelscan provide correspon-
dence despitenot beingexplicitly trainedto do so (we identify this by the sufx es“region-only”
and“region-cluster”). Whenwe computeregion word posteriorausingthe imagebasedannotation
methodstheword posteriorslo not necessarilgumto onebecausehereis norequirementn these
modelsthateachregion emitsary word. However, we enforcethis requiremenby normalizingthe
posteriorsfor eachregion beforesummingthem. The annotationperformanceof correspondence
modelscanbe assesselly maginalizing out the correspondencgom the model,andthentesting
themodelasanannotatiormodel. This meanghatthemeasuresf errordescribedbore applyin a
straightforvard fashion.Notice thatthis doesnot testthe correspondenceomponenof the model,
but a modelthat performspoorly by this measurds likely to be unhelpfulasa correspondence
model.
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6.2.2 MANUAL CORRESPONDENCE SCORING

To corroboratéghe abore measurewe alsoscoresomecorrespondenceesultsby hand.While this
methoddirectly looks at the correspondencet doesrequirehumanjudgment. We handlabeled
eachregion in a numberof imageswith every appropriateword in the vocalulary. We insisted
thatthe region hasa plausiblevisual connectionto the chosenwords. Thusthe word “ocean” for
“coral” would be judgedincorrectly becauseahe oceanis transparent.Other dif culties include
wordslike “landscape”and “valley” which normally apply to larger areasthanour regions, and
“pattern” which can arguably be designatedas correctwheneer it appearsput we scoredit as
incorrectbecausépattern” recognitionisn't particularlyhelpful. Someregionscouldnot belinked
with ary vocalulary term, and theseregions were omitted from consideratiorin computingthe
scoresProducinghelabeleddatasetis clearlyatime consuminganderrorproneprocessandthus
we areonly ableto usethis groundtruth for amodestnumberof imageg50 imagesfor eachof ten
testsets). With the handlabeledset,we areableto computethe samemeasuressfor theimage
annotatiorcase althoughover amuchsmallertestset.

7. Experiments

For ourexperimentsve usedmagesrom 160CD'sfrom theCorelimagedataset. EachCD has100

imagesononerelatively speci c topicsuchas“aircraft’” Fromthel1l60CD'swe drev samplesf 80

CD's,andthesesetswerefurtherdividedupinto training (75%)and“standard’held out (25%)sets.
Theimagedrom theremainingCD's formedamoredif cult “novel” heldoutset.Predictingwords

for theseimagesis dif cult, aswe canonly reasonablyexpect succeson quite genericregions

suchas“sky” and“water’—ererythingelseis noise. Eachsuchsamplewasgivento eachprocess
underconsiderationandthe resultsof 10 of suchsamplesvere averaged. This controlsfor both

theinputdataandEM initialization. ImagesweresegmentedusingN-Cuts(ShiandMalik, 2000).

We excludedwordswhich occurredlessthan 20 timesin the testset, which yieldedvocalularies

of the order of 155 words. We useda modestselectionof featuresfor eachsegment,including

size,position,color, orientedenegy (12 lters), andafew simpleshapefeatures.For the discrete
translationmodel,we used500 clustersfor vectorquantization.For lineartopologieswe used500

nodes,andthe treeswerebinary treeswith 9 levels (511 nodes).For the MoM-LDA method,we

used50 mixture componentand10 latentfactors.

7.1 Annotation Results

We rst lookeda performancef thehierarchicaktlusteringpasednethodsasafunctionof thenum-
berof EM iterationsusedto train themodels.This is importantto checkfor over- tting, especially
for the modelswhich are not truly generatre. We take one preemptie stratgy to reduce tting
problems We train themodelson a subsebf thedatafor afew iterationsandusethatmodelasthe
startingpointfor trainingon anothersubsebf thedata. Thisis repeated times,to obtainaninitial
pointfor trainingthefull data.Preliminaryexperimentdndicatedthattherewasgenerallya slight
bene t for doing so. We have yet to experimenteitherwith temperingthe training as suggested
in HofmannandPuzicha(1998)or stochastiorersionsof EM (Celeuxetal., 1995).
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7.1.1 THE NUMBER OF TRAINING ITERATIONS, AND OVER FITTING

Figure3 plots performancen termsof KL divergence-basedrrorfor severalmodelsasa function
of the numberof training iterations. We limit the plotsto 30 iterations,but we have veri ed that
the trendestablishedy the rst 30 iterationsholdsevenif thetraining continuesfor hundredsof
iterations.In generaltheresultsindicatethatover tting is notabig problem.

As onewould expect, performanceon the training setgenerallyimproved with the numberof
iterationswith oneexception.In thecaseof I-0, with severalinferenceproceduresperformancen
thetrainingsetreached peakandthendecreasedrlhisis becaus¢he methodausedfor reasonably
fastinferencewerenecessariladhoc,asl-0 is notgeneratre. Similarbehaior is alsopossiblegbut
intuitively lesslikely) with D-0 andC-0; we did not obsere this behaior for thesemodels.For the
heldoutsetswe foundthatmostof thepossiblebene twasreachedfter10iterationsof thetraining
algorithm,andin mary casesdroppedoff afterthat(mostsererelyin thecaseof I-0). As onewould
alsoexpect,the performancenthe novel set—containingmagesfrom CD's notrepresenteth the
training set—droppednuchfasterthanthat of the standarcheld out set. Evaluatingthe modelon
the novel setsis atestof its ability to learnpropertiesof the datathatgeneralizeo very different
images. For simplicity the restof the resultsreportedin this paperarefor 10 iterations(except
MoM-LDA which wasrun to corvergence). 10 iterationsis roughly optimal for the standarcheld
outdata,andsub-optimafor the novel held out data(5 iterationswould give betterresults).

7.1.2 SCORING ANNOTATIONS WITH THE NORMALIZED SCORE, AND THE EFFECT OF
REFUSAL TO PREDICT

Next we studiedthe behaior of our normalizedscoremeasurga scorecomparingthe predicted
wordswith thoseactuallypresentasin 6.1.2)asa function of the minimal probability requiredto

predictwords (Figure 4). With this measurepredictingeither no words or all words gives zero.
Therefore asexpectedthegenerabehaior is to gofrom zeroto somepeak,andthento dropdown

to zeroagain. The peakfound usingthe training dataempiricalword distribution is usedto seta

conserative refuseto predictlevel usedfor Table2.

7.1.3 COMPARISON OF MODELS USING DIFFERENT SCORES

We provide comprehense annotationresultsin Table 1 (for the predictionscoreof 6.1.2, PR,

EJRo®) - glemeiriealy Taple2 (for the normalizedscoreof 6.1.2,NS, E(no®)  g(&Priealy ang
Table3 (for the KL scoreof 6.1.1, E{T°®)  EL™"@)) * Models|-1 and D-1 are omitted, as

thereperformancas similar to thatof modelsl-0 andD-0. (I-1 (D-1) is a bit betterthan|-0 (D-1)
on training data,slightly betteron held out data,andslightly worseon the novel set. This is not
surprisinggiventhatl-I (D-1) hasmore parametershanl-0 (D-0)). For thelineartopologies,we
give resultsfor only oneof the four inferencemethodsusedin the caseof clusters.The"ave-vert”
methoddoesnot make sensewithout morethanonecluster(andgivespoorresults),andthe other
threemethodsareequialentin the caseof a singlecluster

Closestudyrevealsthatthe resultsarefar from consistenacrosshe threemeasuresTakinga
broadview, the hierarchicaklusteringbasednethodggive surprisinglysimilar resultswhenpaired
with areasonablénferencestratgy (noteerrorestimateprovidedin parenthesis)Perhapsurpris-
ingly, resultswith lineararrangementsf the nodesarealsoroughly comparableThisis discussed
furtherbelow.
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Performance vs iterations on three data sets
for model I-0 with four inference strategies

ave-vert - - - - - region-cluster

— — -doc-vert

region-only

- Training
data

i

KL)-E(model,KL)

Held out
data

E(prior,KL)-E(model,KL)
o
o

E(prior

Novel
held out
data

15 20 25
Number of iterations
Performance vs iterations on three data sets
for model D-0 with four inference strategies

L
5

ave-vert

region-cluster
— — -doc-vert

region-only

1.5

***** Training
data

KL)-E(model,KL)

Held out
data

E(prior,KL)-E(model,KL)

E(prior

15 20
Number of iterations

1.5

i

bt
@

_0‘:7\ L

oL

Performance vs iterations on three data sets
for model I-2 with four inference strategies
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Figure3: AnnotationperformanceaisingtheKL-divergencebetweerpredictive densityandtheem-
pirical word occurrencalensity for 4 modelsasa functionof the numberof trainingiter-
ations.Performancés relative to thatfor theempiricalworddistribution, with thevertical
axis beingthe extentto which usingone of the modelsis betterthan usingthe empiri-
cal distribution (biggeris better). The resultsarethe averageof 10 runswith different
training andtestsets. Performances shavn usingthreedifferenttestsets:the training
set,aheldoutset,anda held out setwhichis substantiallydifferentin charactefrom the
training set. Notice thatfor I-0, the performanceon the training setactually decreases
with increasingiterationsafter the peak. This is dueto the ad hoc inferencemethods
introducedo ef ciently computetherequireddistribution despitethefactthatthe model
is nottruly generatre. Theseplotsshav thatfor ourtask,mostof the bene tis obtained

after10iterations.
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Figure4: Normalizedword prediction performanceversusrefuseto predictlevel for 4 model.
Whena singlevalueis required(asin Table4) we usearefuseto predictlevel for which
the empiricalword distribution givesthe maximum(x=25). The resultsfor the training
andheld out setswhenusingthe empiricaldistribution arevery closeandthe curvesare
essentiallyon top of oneanother The refuseto predictlevel is the probability of word
emissionwhich decreaseexponentiallyfrom left to right (p= 10 *<10) wherex is the
“level” recordedon the x axis). As x increasegand p decreases}he numberof words
predictedincreasesand, performancerst increasesandthendecreasesAll methods
illustratedhere performsigni cantly betterthan predictionbasedon training word fre-
gueng atall refuseto predictlevels.
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Method Trainingdata | Heldoutdata| Novel data
linearl-0-doc-\ert 0.130(0.003) | 0.095(0.003) | 0.057(0.003)
binary-1-0-ae-vert 0.130(0.005) | 0.082(0.004) | 0.023(0.005)
binary-1-0-doc-ert 0.152(0.005) | 0.094(0.004) | 0.034(0.005)
binary-1-O-rggion-duster | 0.157(0.005) | 0.099(0.004) | 0.038(0.005)

binary-I-O-rgjion-anly

0.140(0.005)

0.099(0.003)

0.037(0.006)

binary-I-2-ae-vert
binary-I-2-doc-ert
binary-I-2-rgjion-duster
binary-I-2-rgjion-anly

0.141(0.005)
0.137(0.005)
0.141(0.005)
0.133(0.005)

0.087(0.003)
0.090(0.004)
0.099(0.004)
0.104(0.004)

0.023(0.004)
0.036(0.004)
0.039(0.004)
0.040(0.005)

linearD-0-doc-\ert

0.147(0.002)

0.102(0.002)

0.059(0.004)

binary-D-0-ae-vert
binary-D-0-doc-ert
binary-D-0-rgion-cluste
binary-D-0-rgion-only

0.126(0.005)
0.160(0.005)
0.166(0.005)
0.143(0.005)

0.081(0.003)
0.094(0.003)
0.100(0.003)
0.103(0.003)

0.024(0.005)
0.037(0.005)
0.040(0.005)
0.038(0.005)

binary-D-2-ae-vert
binary-D-2-doc-ert
binary-D-2-rgion-cluste
binary-D-2-rgion-only

0.143(0.005)
0.173(0.005)
0.177(0.005)
0.152(0.005)

0.088(0.003)
0.102(0.003)
0.108(0.003)
0.108(0.003)

0.021(0.005)
0.036(0.005)
0.039(0.005)
0.036(0.005)

linearC-O-region-ony | 0.103(0.003) | 0.067(0.002) | 0.035(0.005)
binary-C-0-ge-vert 0.115(0.004) | 0.070(0.003) | 0.015(0.005)
binary-C-0-doc-ert 0.137(0.003) | 0.078(0.002) | 0.025(0.004)
binary-C-O-rgion-clste | 0.142(0.003) | 0.085(0.002) | 0.030(0.005)

binary-C-0-rgion-only

0.128(0.003)

0.085(0.003)

0.032(0.005)

discrete-translatio

0.129(0.004)

0.073(0.003)

0.029(0.005)

MoM-LDA

0.053(0.002)

0.050(0.002)

0.038(0.002)

Tablel: Imageannotationperformancdor someof the methodsdevelopedin the text. Methods
I-0 andI2 usehierarchicalclusteringmodelswith clusterconditionalindependencd)-0
andD-2 increaseshe dependencef word emissionon blobs, C-0 integratesstrict corre-
spondencd]iscrete-translatiois thediscreteranslatiormethodandMoM-LDA is latent
Dirichlet allocationwith 50 mixture componentsand 10 factors. The valuesarethe in-
creasan theannotatiorword list predictionscore(measurd®R)over thatcomputedusing
the empiricalword distribution (about0.19). Thereareon averageabout3 wordsto pre-
dict, soavalueof 0.1 (goodresulton held out data)correspondso predictingabout0.9
of them,asopposedo 0.6 with the empiricaldistribution. Predictingwordsfor images
from the novel CD's is very dif cult, but all methodsconsistentlydo a little betterthan
the empiricaldistribution on this task. Errors(shavn in parenthesesyereestimatedrom
the varianceof the word predictionprocessover 10 differenttestsets,with atleast1000
samplesn eachsetbeingaveragedor theresultfor eachset.

In general,the rangeof resultssupportthe key notion that word predictionis facilitated by
honoringthe compositionalnatureof imagesand associatedext. Thatis, words are generally
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Method

Trainingdata

Held outdata

Novel data

linearl-0-doc-\ert

0.301(0.005)

0.174(0.007)

0.081(0.007)

binary-I-0-ae-vert
binary-I-0-doc-ert
binary-I-O-rejion-duster
binary-I-O-rgjion-anly

0.294(0.006)
0.325(0.006)
0.332(0.006)
0.234(0.006)

0.154(0.006)
0.160(0.007)
0.168(0.007)
0.160(0.006)

0.064(0.008)
0.065(0.008)
0.068(0.008)
0.062(0.008)

binary-I-2-ae-vert
binary-I-2-doc-ert
binary-I-2-rgjion-duster
binary-I-2-rgjion-anly

0.331(0.006)
0.322(0.006)
0.324(0.006)
0.228(0.006)

0.164(0.008)
0.170(0.008)
0.179(0.008)
0.163(0.006)

0.068(0.007)
0.074(0.008)
0.076(0.008)
0.068(0.007)

linearD-0-doc-\ert

0.321(0.005)

0.167(0.006)

0.076(0.008)

binary-D-0-ae-vert
binary-D-0-doc-ert
binary-D-0-rgion-cluste
binary-D-0-rgion-only

0.284(0.007)
0.321(0.007)
0.330(0.006)
0.239(0.006)

0.151(0.007)
0.157(0.007)
0.166(0.008)
0.162(0.007)

0.061(0.008)
0.064(0.008)
0.067(0.008)
0.064(0.007)

binary-D-2-ae-vert
binary-D-2-doc-ert
binary-D-2-rgion-cluste
binary-D-2-rgion-only

0.312(0.005)
0.358(0.005)
0.360(0.005)
0.248(0.005)

0.162(0.003)
0.172(0.003)
0.179(0.003)
0.167(0.003)

0.066(0.005)
0.069(0.005)
0.072(0.005)
0.066(0.005)

linearC-0-region-only

0.240(0.005)

0.124(0.007)

0.046(0.006)

binary-C-0-ae-vert
binary-C-0-doc-ert
binary-C-0-rgion-cluster
binary-C-0-rgion-only

0.252(0.006)
0.281(0.006)
0.290(0.006)
0.233(0.006)

0.143(0.007)
0.148(0.006)
0.157(0.007)
0.163(0.006)

0.060(0.008)
0.054(0.007)
0.064(0.007)
0.071(0.006)

discrete-translatio

0.318(0.005)

0.111(0.007)

0.016(0.008)

MoM-LDA

0.125(0.005)

0.107(0.005)

0.041(0.007)

Table2: Imageannotatiorperformancdor someof themethodsdevelopedin thetext. Thevalues
aretheincreasdn the normalizedclassi cation score(measureNS) over that computed
usingtheempiricalworddistribution (about0.425).Therefuseto predictlevel corresponds
very roughlyto predicting80 percentof the words;the increaseof 0.160(typical for our
heldoutdataresults)correspondso reachinghislevel with about40 guesseascompared
with roughly 70 for the empiricaldistribution (vocahulary sizeis around155, depending
onthetestset).Seethe captionfor Table1 for additionaldetails.

associateavith piecesof images,not the entireimage. Building representationfor thosepieces
whichincorporatdbothword andregionfeaturess amuchcleanempproactio word predictionthan
attemptingto represenall images.(The setof objectsis muchsmallerthanthe setof all common
arrangementsf objects).

When we look at the effect of topology one importantobseration can be made: Methods
which useimageclusteringarevery relianton having imageswhich arecloseto the training data.
As discusse@bove, we includedclusteringin someof the modelsto exploit context. However, our
resultsindicatethat forcing imagesinto clustersis too stronga conditionfor doing so. Although
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Method Trainingdata | Heldoutdata| Novel data
linearl-0-doc-\ert 1.235(0.02) | 0.688(0.02) | 0.258(0.01)
binary-1-0-ae-vert 1.210(0.03) | 0.563(0.02) | 0.060(0.01)
binary-1-0-doc-ert 1.385(0.02) | 0.587(0.02) | 0.061(0.02)
binary-I-O-rgjion-duster | 1.429(0.03) | 0.651(0.02) | 0.094(0.02)
binary-I-O-rgjion-anly 1.061(0.02) | 0.684(0.02) | 0.160(0.02)
binary-1-2-ae-vert 1.367(0.03) | 0.608(0.02) | 0.084(0.01)
binary-1-2-doc-ert 1.320(0.03) | 0.627(0.02) | 0.129(0.01)
binary-I-2-rgion-duster | 1.342(0.03) | 0.694(0.02) | 0.156(0.01)
binary-1-2-rggion-mly 1.016(0.02) | 0.709(0.02) | 0.211(0.01)
linearD-0-doc-\ert 1.376(0.02) | 0.714(0.02) | 0.268(0.01)
binary-D-0-ae-vert 1.169(0.03) | 0.550(0.02) | 0.057(0.01)
binary-D-0-doc-ert 1.417(0.03) | 0.601(0.02) | 0.074(0.01)
binary-D-0-rgion-clwste | 1.466(0.03) | 0.669(0.02) | 0.105(0.02)
binary-D-0-rgion-only 1.086(0.02) | 0.700(0.02) | 0.175(0.02)
binary-D-2-ae-vert 1.310(0.005) | 0.627(0.003) | 0.089(0.005)
binary-D-2-doc-ert 1.589(0.005) | 0.674(0.003) | 0.102(0.005)
binary-D-2-rgion-clwste | 1.613(0.005) | 0.739(0.003) | 0.132(0.005)
binary-D-2-rgion-only 1.155(0.005) | 0.747(0.003) | 0.180(0.005)
linearC-0-region-only 0.980(0.02) | 0.472(0.02) | 0.106(0.01)
binary-C-0-&e-vert 1.020(0.02) | 0.516(0.02) | 0.071(0.01)
binary-C-0-doc-ert 1.205(0.02) | 0.541(0.02) | 0.042(0.01)
binary-C-0-rgion-clister | 1.254(0.02) | 0.601(0.02) | 0.104(0.01)
binary-C-0-rgion-only 1.015(0.02) | 0.643(0.02) | 0.179(0.01)
discrete-translatio 1.347(0.02) | 0.433(0.002) | -0.072(0.01)
MoM-LDA 0.452(0.01) | 0.401(0.01) | 0.171(0.01)

Table3: Imageannotatiormperformancdor someof the methodslevelopedin thetext asmeasured
by thereductionof the KL divergencefrom thatcomputedusingtheempiricaldistribution
(roughly 4.8). We usethesenumberdargely for comparison—atntuitive absolutescale
is notreadilyavailable. Seethe captionfor Tablel for additionaldetails.

clusteringimprovedthetrainingsetresultsjt slightly degradedperformancentheheldoutimages
from thesameCD's. For thenovel CD's, clusteringsigni cantly reducegperformanceThisis quite
understandablim light of thediscussionn the previous paragraphbut the degreeof degradation—
especiallyin the caseof heldoutimagesfrom the sameCD's astraining—wasunexpected.

Theperformancef thediscrete-translatiowasworsethanthatfor themostsimilarnon-discrete
model(linearD-0-doc). Thisis consistentvith our belief thatit is betterto simultaneouslyearn
the modelsfor the blobsandtheir linkageto words. The performanceon the threedifferentdata
setsindicateshattheremaybeover tting problemsaswell. Thisin turnmaybedueto thefactthat
errorsdueto early quantizatiorareartifactsof thetrainingdata.

Theresultsfor the MoM-LDA modelareworth noting. While the performanceon thetraining
datais worsethanfor theothermodels theannotatiorresultsareonly slightly poorerthantheother
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modelswhenthe testdataresemblegshe training data,andare competitve with the othermodels
whenthetestdataarenovel. ThusMoM-LDA shaws a strongresistanceo over tting. Moreover,
given that the MoM-LDA modelthat we usedhasfar fewer clustersthanthe 10 and 11 models
(MoM-LDA has50 mixturecomponent&nd10 LDA factors,versus256 mixture componentgnd
9 aspecinodelfactorsfor 10 andl1), furtherstudyof largerscaleMoM-LDA modelsis warranted.

Exploiting context is importantto remove ambiguitiesbut our resultsindicatethat we needto
explore moresubtleapproachefor doingso. Of courseclusteringis warrantedor mary applica-
tionssuchasbrowsingandsearchwherecharacterizatiomwf thetraining setis important.However,
for recognition somethingelseis neededo dealwith ambiguity If we think of recognitionasiden-
tifying thesky in animageof ajet, having beenexposedo sky only in junglescenesthenit is clear
thattrying to putthejetimageinto aninappropriateclustershouldyield poorresults.

7.2 Correspondencdresults

Figure6 shaws region annotationgor a few sampleimages.For this resultwe labeledeachregion
with the maximalprobabilityword, usingmodelC-2. In Table4 we provide quantitatve correspon-
denceresultscomputedover 50 imagesfrom eachof the 10 held out sets. Resultsfor eachof the
threeerrormeasuress provided. For region basedvord prediction,it is perhapsnostreasonabléo
predictonly afew wordsfor eachregion. This processs mostcloselystudiedwith the simplekey-
word predictionerror SR EET - Herethe resultssuggesthatthe methodswhich have
beendevelopedto learncorrespondenceo in factdo betterat thistask,relatve to the performance
ontheannotatiorproxy. For, example,usingthe PR measurelinearC-0-region-only scores).067
with the annotatiorproxy, whichis signi cantly exceededy the performancef linearl-0-region-
cluster(sameaslinearl-0-doc-\ert) which scored.094. Usingthe correspondencmeasurethey
arecomparable.

Althoughthe pairedword-blobemissionapproacthadthe intendedeffect of improving corre-
spondenceerformancever annotatiorperformancewe aredisappointedhatits correspondence
performancés still matchedy severalmethodsandsigni cantly betteredby at leastoneof them.
We expectthat we needto integrateNULL's properlyinto this approach.Therearetwo possible
bene ts: First, the model shouldno longer be compelledto predictwordsthatit cannotpredict
and second,the joint probability table may be tted more accuratelybecausehe tting process
shouldbe protectedirom a large numberof outliers causedoy forcing eachregion to correspond
to someword. Currently for both correspondencandannotation)inearD-0-region-orly (sameas
linearD-0-doc-\ert), appeardo be the bestoverall choice,taking all measuresnd datasetsinto
account.

8. Discussion

We have compared variety of methoddor predictingwordsfrom pictures.Eachof thesemethods
canpredictsomewords ratherwell, and somecan predict correspondencwell for somewords,
too. Therearepracticalapplicationgor suchmethodsFurthermorethey offer anintriguingwayto
think aboutobjectrecognition.A greatdealremainsto bedone.

A large variety of othermodelsand tting methodsappeamatural. For example,one might
modelthe conditionaldistribution of imagefeaturesgivena word, asa Gaussiantherewould be
onesuchGaussiarperword. Fitting a modelof this form presentsomepracticaldif culties, but
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Figure5: Speci c word precisionandrecall usingthe discretetranslationmodel. For eachword,
the taskwasto predictit for the imageswhereit was a keyword, and not to predictit
otherwise A word is predictedf it is the maximalword predictedby ary of theblobsin
the image. Precisionis the total numberof correctpredictionsover all images divided
by the numberof predictionsmade(duplicatepredictionscountasa single prediction).
Recallis the total numberof correctpredictionsdivided by the numberof occurrences
as a keyword. Resultsare the averageover the 10 held out datasets. In (a) and (b)
therelationshipbetweerprecisionandrecallis modulatedby the refuseto predictlevel
which changeslongthe cunes. As thelevel increasesfewer wordsare predicted,and
recall goesdown, but the wordswhich are predictedare predictedwith more certainty
andprecisiongoesup. In (a) we shawv theresultsfor somewordswith goodperformance,
and (b) we shav somewordswith poor performance Becausdhe scalesarethe same,
the cunesfor the poorly predictedwordsare all locatedin the bottomleft corner In
(c) therefuseto predictlevel is x ed, but we shav the performancdor the wordsasa
scattemplot. These gures shawv thatwe do quite well on amodestsetof words,andthat
performancentherestis limited.
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Figure6: Examplesof region basedannotatiorusingC-2-paironly onheldout data. The rst two
rows aregoodresults.Theleft imageonrow 3 hassomegoodlabels,but thethreewater
labelsarelikely duemoreto thatword beingcommonin trainingthantheregionfeatures.
Thenext two imageshave lots of correctwordsfor theimage(goodannotation)but most
wordsarenotontherightregion(poorcorrespondencegpeci cally, onthecarimagethe
tiresarelabeled‘tracks; which belongselsavhere. Onthe horseimageneither‘horse”
nor “mares”is in theright place. Thelastbottomright imageis anexampleis complete

failure.
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Method PRmeasure
linearl-0-region-ory 0.099(0.02)
binary-1-0-rgion-cuser | 0.101(0.01)
binary-1-0-rgion-ony 0.103(0.01)
binary-I-2-rgion-cuser | 0.101(0.01)
binary-1-2-rgion-ony 0.093(0.01)
linearD-0-region-only 0.132(0.01)
binary-D-0-rgjion-cluger | 0.096(0.01)
binary-D-0-rgjion-only 0.104(0.01)
binary-D-2-rgion-cluger | 0.103(0.01)
binary-D-2-rgjion-only 0.092(0.01)
linearC-0-region-only 0.101(0.01)
discrete-translation 0.066(0.01)

Table4: Correspondenceerformanceasmeasureaver 10 setsof 50 manuallyannotatedmages
from the held out setusingthe PR measure.All valuesarerelatve to the performance
usingthe empiricaldistribution (about0.094). For this task,the PR is aguablythe most
indicative measurasit correspondso forcing eachregionto only emita smallnumberof
words(the numberof alternatve labels). The NS measurds not appropriatebecausdhe
refuseto predictlevel wascalibratedunderdifferentconditions.Note thatfor comparison
with the annotationresults,linearl-0-region-only andlinearl-0-doc-\ert give the same
results,asdo linearD-0-doc-\ert andlinearD-0-region-only

our initial experimentssuggesit might be worthwhile. Onemight attemptto usemodelselection
methodsof oneform or anothernto suggessynorymouswords—theCorel datasetcontainsboth
“train” and“locomotive”—or wordseffectively synorymousgivenourfeatures—"jet, “plane” and
“bird,” say Onemightalsousemodelselectiormethoddo searcHor appropriatdeaturesets.Note
thatthereis no particularreasorthatfeatureseedo beindependensf identity; animprovedmodel
would predictsomebits of aword'sindex usinga x edfeatureset,andthenpredictotherbits using
featuresconditionedby the rst bits.

The Coreldatasetis relatively simplebecausdhe annotationsarenounsselectedrom arela-
tively smallvocalulary. Many datasetscontainfree text annotations.lt is a simple matterto tag
all nouns,throw away all othertext, andregardthe resultasan annotation.Much more might be
possiblefor example,onemightwishto do somenaturallanguagerocessingo identify candidate
annotationghatappeato referto the picture.

Performances almostcertainlyaffectedby the correspondenceodelused;currently we re-
guire that eachregion generatea word and that all words be accountedor. One might require
one-onecorrespondencketweerwordsanda subsetf regions,or inserta NULL asabove. This
slightly modi es the formulationof theEM tting methods.

We currently have little informationaboutthe effect of supervision but we expectthat quite
small supervisoryinput might leadto signi cant changesn the model. This is becausemissing
correspondenceformation can generatesymmetriesn the incompletedatalog-likelihood. For
example,if “tiger” and“grass”alwaysappeatogetherthereis nowayto determinenhichis which;
but annotatinga small numberof imageswill breakthis symmetry and could causea substantial

1132



MATCHING WORDS AND PICTURES

changein the model. A reasonableneasureof performanceof a model(andan associatedtting
algorithm)is the quantityof supervisoryinput requiredto achieve a particularlevel of performance
on somereferencecollection.

Large scaleevaluationof correspondencenodelsis genuinelydif cult. The problemis impor
tant. In the not-too-distanfuture, therewill be recognitionsystemghat canmanagevocahularies
thatarelarge enoughthatmanualcheckingof labeledimagess anunsatisictorytest. How canone
tell how well sucha systemworks? Our currentstratgy is to investigatemethodsthat obtainex-
trapolatecestimate®f correspondenceerformancdrom proxiesappliedto testsetswith carefully
choserpropertiesThekey issueseemgo betheentrofy of thelabels;if it is hardto predictthesec-
ondword from the rst word for eachdataitemin thetestcollection,thenannotatiorperformance
is likely to predictcorrespondencgerformance.

Acknowledgments

This projectis partof the Digital Libraries|Initiative sponsoredy NSFandmary others.Speci -
cally, this materialis baseduponwork supportedy the National ScienceFoundationunderGrant
No. 11S 9817353 KohusBarnardandNandode Freitasalsoreceve fundingfrom NSERC(Canada),
andPinarDuyguluis fundedby TUBITAK (Turkey). David Blei is fundedby a fellowship from
the Microsoft Corporation. We are gratefulto JitendraMalik and Doron Tal for normalizedcuts
software,andRobertWilensky for helpful corversations.

References

L. H. ArmitageandP. G. B. Enser Analysisof userneedin imagearchves. Journal of Information
Science23(4):287-2991997.

K. Barnard P. Duygulu,andD. A. Forsyth.Clusteringart. In IEEE Confeenceon ComputeMsion
andPatternReca@nition, paged|:434-441,Hawaii, 2001.

K. BarnardandD. A. Forsyth. Learningthe semanticsof words and pictures. In International
Confeenceon Computenision, paged|:408-415,2001.

D. Blei andM. Jordan.Modelingannotatediata. TechnicalReportCSD-02-1202U.C. Berkeley
CSDivision,2002.

D. Blei, A. Ng, andM. Jordan. LatentDirichlet allocation. In Advancesn Neual Information
Processindgsystem4 4, 2002.

P F. Brown, S. A. DellaPietra,V. J. Della Pietra,andR. L. Mercer The mathematic®f machine
translation:Parameteestimation.ComputationalLinguistics 19(10):263-311]1993.

C. Carson,S. Belongie, H. Greenspanand J. Malik. Blobworld: Image segmentationusing
expectation-maximizatioandits applicationto imagequerying. IEEE Transactionon Pattern
Analysisand Machine Intelligence 24(8):1026—10382002.

G. Celeux,D. Chauwau,andJ. Diebolt. On stochastioversionsof the EM algorithm. Technical
report2514,INRIA, March1995.

1133



BARNARD, DUYGULU, FORSYTH, DE FREITAS, BLEI AND JORDAN

F. Chen,U. Gaumi, L. Niles,andH. Schtze .Multi-modal browsing of imagesn webdocumentsin
SPIEDocumenRecagnition and Retrieval, 1999.

J.Chen,C.A. BoumanandJ.C. Dalton.Hierarchicabrowvsingandsearctof largeimagedatabases.
IEEE Transaction®n Image Processing9(3):442—-4552000.

A. P. DempsterN. M. Laird, andD. B. Rubin. Maximum likelihood from incompletedatavia
the EM algorithm. Journal of the Royal StatisticalSociety SeriesB (Methodolgical), 39:1-38,
1977.

P. Duygulu,KohusB., J.F. G deFreitas,andD. A. Forsyth. Objectrecognitionasmachinetransla-
tion: Learninga lexicon for a x edimagevocahulary. In The SezenthEuropeanConfeenceon
Computenision, pagedV:97-112,2002.

P. G. B. Enser Queryanalysisin a visualinformationretrieval context. Journal of Documentand
Text Management 1(1):25-39,1993.

P. G.B. EnserProgressn documentatiopictorialinformationretrieval. Journal of Documentation
51(2):126-1701995.

M. M. Fleck,D. A. Forsyth,andC. Bregler. Findingnaked people.In BernardBuxtonandRoberto
Cipolla, editors, 4th EuropeanConfeenceon Computer\Vision, pagesll:591-602. Springer
1996.

D. A. Forsyth. Computervisiontoolsfor nding imagesandvideosequencesLibrary Trends 48
(2):326—355,999.

D. A. ForsythandJ. Ponce.ComputeMsion - A ModernApproad. Prentice-Hall2002.

C. O. Frost,B. Taylor, A. Noakes,S. Markel, D. Torres,andK. M. DrabenstottBrowseandsearch
patterndn adigital imagedatabaselnformationretrieval, 1:287-3132000.

T. Hofmann.Learningandrepresentingopic. A hierarchicamixturemodelfor word occurrencén
documentatabasedn Workshopon learningfromtext andthewely CMU, 1998.

T. Hofmannand J. Puzicha. Statisticalmodelsfor co-occurrencalata. A.l. Memo 1635, Mas-
sachusettinstituteof Technology1998.

R. Jonler and A. Volgenant. A shortestaugmentingpath algorithm for denseand sparsdinear
assignmenproblems.Computing 38:325-3401987.

D. Jurafsky andJ.H. Martin. Speeh and Languagye Processing:An Introductionto Natural Lan-
guage ProcessingComputationalinguisticsand Speeb Reca@nition Prentice-Hall2000.

L.H. Keister Usertypesandqueries:impactonimageaccessystems.In Challengsin indexing
electonic text andimages Learnednformation,1994.

M. La CasciaS. Sethi,andS. Sclarof. Combiningtextual andvisualcuesfor content-baseunage
retrieval ontheworld wideweh In IEEEWorkshopon Content-Baseédcces®f Image andVideo
Libraries 1998.

1134



MATCHING WORDS AND PICTURES

C. ManningandH. Schitze. Foundationsof StatisticalNatural Languaye Processing MIT Press.
CambridgeMA, 1999.

M. Markkula and E. Sormunen. End-usersearchingchallengesndexing practicesin the digital
newspapemphotoarchive. Informationretrieval, 1:259-2852000.

O. Maron. Learningfrom Ambiguity Ph.D.dissertationMassachusettmstitute of Technology
1998.

O. MaronandA.L. Ratan. Multiple-instancdearningfor naturalsceneclassi cation. In TheFif-
teenthinternationalConfeenceon Machine Learning 1998.

D. Melamed. Empirical methodsfor exploiting parallel texts MIT Press,Cambridge,Mas-
sachusett2001.

Y. Mori, H. TakahashiandR. Oka. Image-to-verd transformatiorbasedon dividing andvector
gquantizingmageswith words.In Fir stinternational\Workshopon MultimedialntelligentStoiage
and Retrieval Management(in conjunctionwith ACM MultimediaConfeence1999) Orlando,
Florida,1999.

M. Oren,C. Papageayiou, P. Sinha,andE. Osuna. Pedestriametectionusingwavelettemplates.
In Computewisionand patternrecaynition, pagesl93-9,1997.

S. Ornager View a picture: Theoreticaimageanalysisandempiricaluserstudieson indexing and
retrieval. Swedid_ibrary Reseath, 2(3):31-41,1996.

Shin‘ichi SatohandT. Kanade.Name-it: Associationof faceandnamein video. In Proceeding®f
1997IEEE ComputeMision and Pattern Recgnition (CVPR'97), pages368—373,Junel997.

H. Schneidermamand T. Kanade. A statisticalapproacho 3d objectrecognitionappliedto faces
andcars. In IEEE Confeenceon ComputerVision and Pattern Recgnition, pagel00. IEEE,
2000.

J. Shi and J. Malik. Normalizedcuts and image segmentation. IEEE Transactionson Pattern
Analysisand Machine Intelligence 22(9):888—9052000.

R. K. Srihari. Extracting Visual Informationfrom Text: Using Captionsto LabelHumanFacesin
NewspapePhotaraphs Ph.d.thesis SUNY atBuffalo, 1991.

R. K. SrihariandD. T. Burhans.VisualsemanticsExtractingvisualinformationfrom text accom-
parying pictures.In AAAI'94, Seattle WA, 1994.

R. K. Srihari,R. Chopra,D. BurhansM. VenkataramarandV. Govindaraju.Useof collateraltext
in imageinterpretationIn ARFA Image UndeistandingWorkshop Montergy, CA, 1994.

M. J.Swain, C. Franlel, andV. Athitsos.WebseerAn imagesearctenginefor theworld wideweh
TechnicalReportTR-96-14,ComputerScienceDepartment{Jniversity of Chicago,1996.

1135



