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Abstract

We presenta new approachfor modelingmulti-modal datasets,focusingon the speci�c case
of segmentedimageswith associatedtext. Learningthe joint distribution of imageregionsand
wordshasmany applications.Weconsiderin detailpredictingwordsassociatedwith wholeimages
(auto-annotation)andcorrespondingto particularimageregions(regionnaming).Auto-annotation
might help organizeandaccesslargecollectionsof images.Region namingis a modelof object
recognitionasa processof translatingimageregionsto words,muchasonemight translatefrom
onelanguageto another. Learningtherelationshipsbetweenimageregionsandsemanticcorrelates
(words)is an interestingexampleof multi-modaldatamining, particularlybecauseit is typically
hardto apply datamining techniquesto collectionsof images.We develop a numberof models
for the joint distribution of imageregionsandwords,includingseveralwhich explicitly learnthe
correspondencebetweenregionsandwords.Westudymulti-modalandcorrespondenceextensions
to Hofmann's hierarchicalclustering/aspectmodel, a translationmodel adaptedfrom statistical
machinetranslation(Brown etal.), andamulti-modalextensionto mixtureof latentDirichlet allo-
cation(MoM-LDA). All modelsareassessedusinga largecollectionof annotatedimagesof real
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scenes.Westudyin depththedif�cult problemof measuringperformance.For theannotationtask,
welook atpredictionperformanceonheldoutdata.Wepresentthreealternativemeasures,oriented
toward differenttypesof task. Measuringtheperformanceof correspondencemethodsis harder,
becauseonemustdeterminewhethera word hasbeenplacedon theright region of animage.We
canuseannotationperformanceasa proxy measure,but accuratemeasurementrequireshandla-
beleddata,andthusmustoccuronasmallerscale.Weshow resultsusingbothanannotationproxy,
andmanuallylabeleddata.

1. Intr oduction

It is a remarkablefactthat,while text andimagesareseparatelyambiguous,jointly they tendnot to
be;this is probablybecausethewritersof text descriptionsof imagestendto leaveoutwhatis visu-
ally obvious(thecolorof �o wers,etc.)andto mentionpropertiesthatareverydif�cult to infer using
vision(thespeciesof the�o wer, say).Thereareawidevarietyof datasetsthatconsistof very large
numbersof annotatedimages.ExamplesincludetheCoreldataset,mostmuseumimagecollections
(for example,http://www.thinker.org/fam/ thinker.html), thewebarchive (http://www.archive.org),
andmostcollectionsof news photographson theweb(whichcomewith captions).Typically, these
annotationsrefer to thecontentof theannotatedimage,moreor lessspeci�cally andmoreor less
comprehensively. For example,theCorelannotationsdescribespeci�c imagecontent,but notall of
it; museumcollectionsareoftenannotatedwith somespeci�c material—theartist,dateof acquisi-
tion,etc.—but oftencontainsomeratherabstractmaterialaswell. In thispaper, wedescribeaseries
of modelsthatlink imagesandtext in variousways.

1.1 Practical Applications

Very large collectionsof imagesarewidespreadanduserswould like to be ableto browseandto
searchthesecollections.A broadrangeof computervisionmethodshavebeenusedto searchcollec-
tionsof images.Typically, imagesarematchedbasedonfeaturescomputedfrom theentireimageor
from imageregions.Theliteratureis toobroadto review here;therearereviews in Forsyth(1999),
ForsythandPonce(2002).With theexceptionof systemsthatcanidentify faces(Schneidermanand
Kanade,2000),naked people(Flecket al., 1996),pedestrians(Orenet al., 1997)or cars(Schnei-
dermanandKanade,2000),matchingis not usuallydirectedtoward objectsemantics.However,
userstudiesshow alargedisparitybetweenuserneedsandwhattechnologysupplies(Armitageand
Enser,1997,Enser,1993,1995). This work makeshair-raisingreading—anexampleis a request
to a stockphotolibrary for “Pretty girl doingsomethingactive, sportyin a summerysetting,beach
- not wearinglycra, exerciseclothes- morerelaxed in tee-shirt.Featureis aboutdeodorantsogirl
shouldlook active - not sweatybut happy, healthy, carefree- nothingtooposedor setup - niceand
naturallooking.”

Other userstudiesinclude the work of Ornager(1996), who studiedpracticeat a manually
operatednewspaperphotoarchive andMarkkula andSormunen(2000),who studypracticeat a
Finnishnewspaper'sdigital photoarchive. Keisterstudiedrequestsreceivedby theNationalLibrary
of Medicine's Archive (Keister,1994). In this literature,authorsbreakout the semanticsof the
imagesrequestedin differentways,but from ourperspective theimportantpointsare:

� that usersrequestimagesboth by object kinds (a princess)and identities(the princessof
Wales);
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� thatusersrequestimagesbothby whatthey depict(thingsvisible in thepicture)andby what
they areabout(conceptsevokedby whatis visible in thepicture);

� that queriesbasedon imagehistograms,texture, overall appearance,etc. are vanishingly
uncommon;

� andthattext associatedwith imagesis extremelyusefulin practice—forexample,newspaper
archivistsindex largely on captions(MarkkulaandSormunen,2000).

Thereareseveralpracticalapplicationsfor methodsthatcanlink text andimages,however imper-
fectly:

� Automatedimageannotation:Numerousorganizationsmanagecollectionsof imagesfor in-
ternaluse.A typical work�o w is describedby thework of MarkkulaandSormunen(2000),
who studiedthe imagearchive of a Finnishnewspaper.1 Archivists receive picturesandan-
notatethemwith wordsthatarelikely to beusefulkeys for retrieving thepictures;journalists
thensearchthecollectionusingthesekeywords.Annotationis oftendif�cult anduncertain;it
wouldbeattractive to haveaprocedurethatannotatedimagesautomatically. Onemightauto-
annotateby predictingwordswith high posteriorprobability given an image. Examplesof
automatedannotationappearin Barnardetal. (2001),BarnardandForsyth(2001)andbelow.

� Browsingsupport:Museumsreleasepartsof their collectionsontothewebto attractvisitors
by giving thema senseof what they would seeif they visited. Typically userswho know a
collectionwell wish to searchit, andthosewho don't, preferto browse(Frostet al., 2000).
This meansit would be attractive to organizethe collection in a way that madesenseto
visitors,andsosupportedbrowsing.Collectingtogetherimagesthatlookedsimilarandwere
similarly annotatedwould be a goodstart. Fitting a probability modelwith an appropriate
structureyieldsquiteusefulclusters,asdescribedin Barnardet al. (2001).

� Auto-illustrate:Commercialimagecollectionscan't supplyan attractive serviceto a casual
user, becausesearchingthecollectionis typically dif�cult andexpensive. A tool thatcould
automaticallysuggestimagesto illustrateblocksof text might exposevaluein thecollection
by making it possiblefor casualusersto get reasonableresultscheaply. Auto-illustration
is possibleif onecanobtain imageswith high probability given text (Barnardet al., 2001,
BarnardandForsyth,2001).

1.2 Annotation, Correspondenceand Recognition

Onecancurrentlyusewordsto searchfor pictures(it is oftenproductive to useasequenceof terms
andthen`jpg' or `jpeg' asaqueryto Google).Thereareavarietyof waysto usewordsandpictures
simultaneously. Themoststraightforward 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 automaticallyestimatedimagefeatures.Theseincludewhetherthe imageis a photograph
or a sketch and notably the output of a face�nder. Going further, Casciaet al. integratesome

1. Also seeEnser'swork (ArmitageandEnser,1997,Enser,1993,1995)onvariousimagearchives,whichuseroughly
thesameprocedure.
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text andhistogramdatain the indexing (La Casciaet al., 1998). Othershave alsoexperimented
with usingimagefeaturesaspartof a queryre�nementprocess(Chenet al., 1999,2000). Srihari
andothershave usedtext informationto disambiguateimagefeatures,particularlyin face�nding
applications(Sriharietal., 1994,Srihari,1991,SrihariandBurhans,1994).

We arenot awareof generalprobability modelsthat link text and images,however. Sucha
modelwouldoffer theusualbene�tsof probabilitymodelsoverbooleanqueries—onedoesn't need
to know exactly theright searchtermsto getusefulresults—but might offer more.Oneis thatone
mightpredicttext givenimages.Therearetwo waysto dothis. Firstly, onemightattemptto predict
annotationsof entire imagesusingall informationpresent. We refer to this taskasannotation.
Secondly, onemightattemptto associateparticularwordswith particularimagesubstructures—that
is, to infer correspondence.

Few datasetscontaincorrespondenceinformation,probablybecauseit 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—animageis “positive” if it containsa tiger somewhere
amongstall theotherstuff and“negative” if it doesn't. MaronandRatan(1998)andMaron(1998)
usedmultiple-instancelearningto train classi�ersto identify particularkeywordsfrom imagedata
usingsuchbags.Ratherthanattemptto sortout all correspondencesbetweenimagestructuresand
wordsdirectly, they build classi�ersfor eachword separately. SatohandKanade(1997)usedco-
occurrencemodelsfor automaticallyassociatingfaceswith namesin video.Finally, perhapsclosest
to our work on predictingwordsfor regionsis thework of Mori et al. (1999),whereco-occurrence
statisticsarecollectedfor wordsandimageareasde�ned by a �x edgrid.

Correspondenceis a peculiarfeatureof objectrecognition.Currenttheoriesof objectrecogni-
tion reasoneitherin termsof geometriccorrespondenceandposeconsistency; in termsof template
matchingvia classi�ers;or by searchto establishthepresenceof suggestive relationsbetweentem-
plates.A detailedreview of thesestrategiesappearsin ForsythandPonce(2002). Therehasbeen
little work to addressobjectrecognitionat a broadscale.For example,not muchis known on how
to recognizethousandsof differentobjectsfrom datasetsthatarepracticallyavailable. Little can
be saidaboutwhat is easyandwhat is hard to recognizeusinga particularsetof features. It is
reasonableto hopethatthesequestionscanbediscussedif oneseesobjectrecognitionasaprocess
by whichoneusesahugedatasetto learnto put imagestructuresandwordsin correspondence.

This paperexploresa variety of latentvariablemodelsthat canbe usedfor auto-illustration,
annotationandcorrespondence.The�rst stepis to representimageinformation;Section2 describes
therepresentationwehaveadopted.In Section3 wedescribeaseriesof modelsthatlink wordsand
imagedata,withoutexplicit encodingof correspondencebetweenwordsandregions.Thesemodels
areappropriatefor auto-illustrationandannotation.

Thereis an analogybetweenlearninga correspondencemodel that canassociatewordswith
imageregions and learninga lexicon, which suggestsit is possibleto build a processthat uses
ratherlittle supervisoryinput. In effect, onebuilds a modelusingunsupervisedmethods,marks
up the model's output,andre�ts. This is a standardprocessin the machinetranslationliterature
(a goodguide is Melamed's thesis,2001; seealsoJurafsky andMartin, 2000,andManningand
Scḧutze,1999). In Section4 we describea model that usesa vectorquantizedrepresentationof
imageregions to yield a problemexactly analogouswith lexicon learning. This is the simplest
modelthatlearnscorrespondenceexplicitly. It hasthedisadvantagethattherepresentationof image
regions is obtainedindependentof the text annotation. This ignorespotentially importantdata
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aboutwhat imagedifferencesareimportant. More sophisticatedcorrespondencemodelsusetext
datawhile simultaneouslyclusteringrepresentationsof imageregions(Section5).

Partof thispaper's role is to comparenumerousmodels,meaningthatthereareseveraldifferent
variantsof eachtype of model. To keeptrack of themall, eachis allocatedan acronym, which
appearsin bold the�rst timeit is used.Annotationperformanceis fairly straightforwardto evaluate
automaticallyandso large datasetscanbe used,but correspondenceperformanceis rathermore
dif�cult to evaluate. Sincelarge datasetsgiving correspondencedon't exist, we are obliged to
evaluatecorrespondencemanually;this meansevaluationcan't bedoneon a largescale.Section6
describesourmethodsof evaluation,andSection7 givesextensive comparisonof themethods.

2. Input Representationand Preprocessing

Eachimageis segmentedusingnormalizedcuts (Shi andMalik, 2000). This segmenterhasthe
occasionaltendency to producesmall,typically unstableregions.Werepresentthe8 largestregions
in eachimageby computing,for eachregion, a setof 40 features.The featuresrepresent,rather
roughly, majorvisualproperties:

� Sizeis representedby theportionof theimagecoveredby theregion

� Positionis representedusingthecoordinatesof theregion centerof massnormalizedby the
imagedimensions

� Color is (redundantly)representedusing the averageand standarddeviation of (R,G,B),
(L,a,b)and(r=R/(R+G+B),g=G/(R+G+B))over theregion.

� Texture is representedusingthe averageandvarianceof 16 �lter responses.We use4 dif-
ferenceof Gaussian�lters with differentsigmas,and12 oriented�lters, alignedin 30 degree
increments.SeeShi andMalik (2000)for additionaldetailsandreferenceson this approach
to texture.

� Shapeis representedby theratio of theareato theperimetersquared,themomentof inertia
(aboutthecenterof mass),andtheratioof theregion areato thatof its convex hull.

We will refer to a region, togetherwith the features,asa blob. We make no claim that the im-
agefeaturesadoptedarecanonical.They arechosento be computablefor any imageregion, and
be independentof any recognitionhypothesis.We expectthat betteror worsebehavior would be
availableusingdifferentsetsof imagefeatures.It remainsaninterestingopenquestionto construct
featuresetsthat(a) offer very goodperformancefor a particularvision taskand(b) candependon
anemerging objecthypothesisin aninterestingandef�cient way.

3. Annotation Models

Wepresenttwo classesof modelsfor thejoint distribution of text andblobs,andshow how they are
appliedto annotateimages.

3.1 Multi-Modal Hierarchical AspectModels

Our �rst model is a multi-modalextensionof Hofmann's hierarchicalmodel for text (Hofmann,
1998,HofmannandPuzicha,1998). This modelcombinestheaspectmodelwith a soft clustering
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Figure1: Multi-modalextensionof ahierarchicalmodelfor text.

model.As shown in Figure1, imagesandco-occurringtext aregeneratedby nodesarrangedin atree
structure.Thenodesgeneratebothimageregionsusinga Gaussiandistribution, andwordsusinga
multinomialdistribution. Eachclusteris associatedwith a pathfrom a leaf to theroot. Nodesclose
to theroot aresharedby many clusters,andnodescloserto leavesaresharedby few clusters.This
meansthatin aproperly�tted model,nodescloserto theroot tendto emit items(wordsor regions)
sharedby a largenumberof dataelements,andthenodescloserto theleaveseachemit itemsmore
speci�c to smallnumbersof dataelements.

Potentially, both the vertical structure(aspects),and horizontalstructure(clusters),canhelp
modelthedistributionsof interest.Our implementationsupportsall treetopologies,including the
degenerate“linear” topologywherethereareno branchesandthereforeonly onecluster, aswell
astopologieswhich have no vertical structureandthusall modelingis throughclustering. In the
experimentsweconsiderabinarytree,andthelinearcasewith acomparablenumberof nodes.

To theextentthatanimageis in agivencluster, it is generatedby thenodesonthatpath.Taking
all clustersinto consideration,a documentis modeledby a sumover theclusters,weightedby the
probabilitythatthedocumentis in thecluster. Theprocessfor generatingthesetof observationsD
associatedwith adocument,d, canbedescribedby:

p(Djd) = å
c

p(c) Õ
w2W

"

å
l

p(wjl ;c)p(l jd)

# Nw
Nw;d

Õ
b2B

"

å
l

p(bjl ;c)p(l jd)

# Nb
Nb;d

; (1)

wherec indexesclusters,w indexesthewordsin documentd, b indexesthe imageregionsin doc-
umentd, andl indexeslevels. D is thesetof observationsfor thedocument,W is thesetof words
for the document,B is the setof blobs for the document,with D = W [ B. The exponents Nw

Nw;d
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and Nb
Nb;d

areintroducedto normalizefor differing numbersof wordsandblobsin eachimage.Nw;d

denotesthenumberof wordsin documentd, while Nw denotesthemaximumnumberof wordsin
any document.Thisnormalizationworks�ne for theCoreldatabecausethereis notmuchvariance
in Nw;d. The sameappliesfor blobs. This choiceessentiallymakesan imagewith only the word
“sun” comparablewith onewith thewords“sun” and“clouds,” by duplicatingtheword “sun” for
the�rst image.

For wordemissionprobabilities,p(wjl ;c), weusefrequency tables,andfor blobemissionprob-
abilities, p(bjl ;c), we usea Gaussiandistribution with diagonalcovarianceover the featuresfor
theregions. To stabilizetraining,we translateandscaletheregion featuredatato have zeromean
andunit variance.Themodelparametersareconvertedinto theoriginal dataspaceoncetrainingis
complete.Wealsolimit thevarianceof theGaussiandistribution to beat least0.001in thetraining
dataspace.Similarly, the word frequency is forcedto be at leasta small valuegreaterthanzero
(0.01/ vocabulary size),but herethegoalis simply to avoid theneedto do certaincomputationsin
log space.p(l jd) is a trainingdocumentspeci�c prior over thenodeson thepathfrom the leaf to
theroot (verticalweights).

We will referto this asmodel I-0 in theresults(I for “independent”).Following Barnardet al.
(2001)andBarnardandForsyth(2001),wealsoexperimentwith allowing aclusterdependentlevel
structure.Herep(l jd) is replacedwith p(l jc;d) (model I-1). Noticethat thesemodelsarenot true
generative modelsbecausethejoint probabilitydistributionof theimageitemsis describedin terms
of p(l jd) or p(l jc;d) which arespeci�c to thedocumentsin thetrainingset.This makesthemodel
powerful for searchapplications.However, predictionis dif�cult for documentsnot in thetraining
set.Onecanmarginalizeout thetrainingdata,asin Blei et al. (2002).An alternative is to estimate
themixing weightsusinga clusterspeci�c averagecomputedduring training. This latter strategy
appearsto work well, suggestingthat thesetof verticalnodesusedto modela documentis more
signi�cant thanthemixing weights.

This observation led to thealternative model—�rst describedin Barnardet al. (2001)—which
is generative. This model—whichwecall model I-2—gives

p(D) = å
c

p(c) Õ
w2W

"

å
l

p(wjl ;c)p(l jc)

# Nw
Nw;d

Õ
b2B

"

å
l

p(bjl ;c)p(l jc)

# Nb
Nb;d

: (2)

Model Fitting . All of thesemodelsare�t usingtheexpectationmaximizationalgorithm(Demp-
steret al. (1977)).Theupdateequationsarevery similar to thosein HofmannandPuzicha(1998),
exceptof course,the probability expressionsnow includepartsboth for word and region occur-
rences.For modelI-0, we estimatetheverticalmixing weightsfor eachdocumentasin Hofmann
andPuzicha(1998). For model I-1, we estimatethe vertical mixing weightsfor eachdocument
giveneach cluster. For modelI-2, theupdateequationsfor theverticalmixing weightsaresimpler,
aswe just needto computea clusterdependentaverage,ratherthanestimatingquantitiesfor each
document.This canbeasigni�cant memorysaving if thenumberof documentsis large.

Image BasedWord Prediction. To predictwordsfrom imageswe assumethatwe have a new
documentwith asetof observedblobs,B. Wewish to computep(wjB) µ p(w;B) for eachword,w,
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in ourvocabulary:

p(wjB) µ å
c

p(c)p(wjc)p(Bjc)

= å
c

p(c)

"

å
l

p(wjl ;c)p(l jc)

#

Õ
b2B

"

å
l

p(bjl ;c)p(l jc)

# Nb
Nb;d

: (3)

In the caseof modelsI-0 and I-1 we drop the documentindex, d, from the vertical weights,as
we arenormally interestedin applying(3) to documentsoutsidethetrainingset. Furthernotethat
for model I-0, p(l jc) is replacedby p(l ). For the vertical weightswe eitheruseclusterspeci�c
averagemixing weights(labeled“ave-vert” in the results),or estimatep(l jd) by p(l jB) (labeled
“doc-vert”). In previouswork we insteadestimatedp(l jd) by re�tting themodelbasedon B, but
this is moreexpensive anddoesnot give betterresults.Marginalizingout thetrainingdataworked
at leastaswell as“ave-vert” on smalldatasets,but it is very expensive to computeon dataof the
scaleof interest,andthuswe do not reportresultshere.

3.2 Mixtur e of Multi-Modal Latent Dirichlet Allocation

LatentDirichlet allocation(LDA) (Blei et al., 2002) is a generative probabilisticmodelfor inde-
pendentcollectionsof datawhereeachcollectionis modeledby arandomlygeneratedmixtureover
latentfactors.For example,in text modeling,acollectionof wordsmakesup adocumentandLDA
providesa modelof independentlygenerateddocuments(acorpus).

As agenerative model,LDA canreadilybeusedasamodulein amixturemodel.Furthermore,
LDA is extendableto multi-modal data. In particular, the mixture of multi-modal LDA model
(MoM-LD A) assumesthateachimageandcorrespondingwordsweregeneratedby the following
process:

1. Chooseoneof J mixturecomponentsc � Multinomial(h).

2. Conditionedon themixturecomponent,chooseamixtureoverJ factors,q � Dir(a c).

3. For eachof theN words:

(a) Chooseoneof K factorszn � Multinomial(q).
(b) Chooseoneof V wordswn from p(wnjzn;c;b), theconditionalprobabilityof wn given

themixturecomponentandlatentfactor.

4. For eachof theM blobs:

(a) Choosea factorsm � Multinomial(q).
(b) Chooseablob bm from p(bmjsm;c;µ;S), amultivariateGaussiandistribution with diag-

onalcovariance,conditionedon thefactorsm andthemixturecomponentc.

This is depictedasagraphicalmodelin Figure2. Theparametersto MoM-LDA are

� A J-dimensionalmultinomialparameterh.

� A J� K matrixa whereac is is theJ-dimensionalDirichlet parameterconditionedonmixture
component.
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w
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Figure2: Themixtureof multi-modallatentDirichlet allocationmodel.Theouterplaterepresents
therepetitionof I images.EachimagehasM blobsandN words.Theparametersof the
modelarenotdepicted,for simplicity.

� A J � K � V matrix b wherebcz is the distribution over wordsconditionedon the mixture
componentandhiddenfactor.

� A J � K � D matrix µ anda J � K � D matrix S whereµcs andScs areparametersto theD-
dimensionalmultivariateGaussiandistribution over blobs,conditionedon themixturecom-
ponentandhiddenfactor.

Maximumlikelihoodestimatesof theDirichlet, word multinomials,andGaussianparameterscan
beobtainedby theEM algorithmwith avariationalE step.

Givenan imageanda MOM-LDA, we cancomputebothanapproximateposteriorover mix-
turecomponentsand,for eachmixturecomponent,anapproximateposteriorDirichlet over factors.
Using theseparameters,we perform imagebasedword-predictionby �nding the corresponding
distribution over words. Let f denotetheapproximateposteriorover mixturecomponents,andgc

denotethe correspondingapproximateposteriorDirichlet. The distribution over wordsgiven an
image(thatis, acollectionof blobs)is:

p(wjb) =
J

å
c= 1

p(cjf )
K

å
z= 1

p(wjz)
Z

p(zjq)p(qjgc)dq:

Theintegral over q is easilycomputed;it is theexpectationof thezth componentof q � Dir(gc):
Z

p(zjq)p(qjgc)dq =
gcz

å K
y= 1 gcy

:

MoM-LDA is similar to the I-0 modelin that it derivesits predictive abilities from thehigher
level mixturecomponentc. TheunderlyingLDA is usefulasa joint modelbut, on its own, cannot
accuratelypredictwordsfrom images.This is dueto theimplicit assumptionthatwordsandblobs
areexchangeableandthuscanbegeneratedin any order. This issueis describedin Blei andJordan
(2002),wherethe authorsderive a LDA-basedmodelof annotateddatathat is basedon partial
exchangeability. Imagesaregenerated�rst, andwordsaresubsequentlygeneratedfrom theimages.
The resultingmodelcanpredictwordsfrom imageswithout resortingto higherlevel multinomial
mixturecomponents.
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4. SimpleCorr espondenceModels

It is naturalto want to build modelsthatcanpredictwordsfor speci�c imageregions,ratherthan
for a wholeimage.Thereareseveralsimplewaysto do so. Thesimplestis to vector-quantizerep-
resentationsof imageregions,andthendirectlyexploit theanalogywith statisticallexicon learning.
In fact,hierarchicalaspectmodelsandMoM-LDA canyield correspondenceinformation,too.

4.1 DiscreteData Translation

In machinetranslationa lexicon links discreteobjects(wordsin onelanguage)to discreteobjects
(words in the other language).We mustcomeup with a lexicon given an alignedbitext, which
consistsof many smallblocksof text in bothlanguages,whichareknown to correspondin meaning.
A traditionalexampleis Hansardfor the Canadianparliament,whereeachspeaker's remarksin
Frenchand in English correspondin meaning. Assumingan unknown one-onecorrespondence
betweenwords,comingup with a joint probabilitydistribution linking wordsin thetwo languages
is amissingdataproblem(Brown etal.,1993).It is straightforwardto createanalogousimagedata.
We useK-meansto vector-quantizethesetof featuresrepresentingan imageregion. Eachregion
thengetsa singlelabel(blob token).

We now have analignedbitext consistingof theblobsandthewordsfor eachimage.We must
constructa joint probabilitytablelinking word tokens(theabstractmodelof a word,asopposedto
an instance)to blob tokens. In thecurrentwork, we useall keywordsassociatedwith eachimage.
Becausethe datasetdoesnot provide explicit correspondences,we have a missingdataproblem
which is easilydealtwith asanapplicationof EM (seeDuyguluet al., 2002for details).We label
thisapproachasdiscrete-translation.

4.2 Correspondencefrom a Hierarchical Clustering Model

Our hierarchicalclusteringmodelsdo not modelthe relationshipsbetweenspeci�c imageregions
andwordsexplicitly. However, they do encodethis correspondenceto someextent throughco-
occurrencebecausethereis a advantageto having “topics” collectat thenodes.For example,if the
word “tiger” alwaysco-occurswith anorangestripy region andnever otherwise,thentheseitems
will likely begeneratedby a sharednode,astherearefar fewer nodesthanobservations.Thuswe
have thefollowing simplewordpredictionmethodfor asingleblob,b:

p(wjb) µ å
c

p(c)å
l

p(l )p(wjl ;c)p(bjl ;c): (4)

We can further considerthe effect of the other regions throughwhat they say aboutthe cluster
membershipby replacingtheclusterprior, p(c) with p(cjB). We label thesestrategiesas“region-
only” and“region-cluster”in the results. Notice that using(4) is not quite the sameasreplacing
thesetof blobs,B, in (3) with thesingleblob of interest,b. Herewe insist that theword andthe
regioncomefrom thesamenode,whereasin (3) they comefrom thesamecluster, but possiblyfrom
differentnodesassociatedwith thatcluster. Thusto getcorrespondencefrom I-0, I-1, andI-2, we
usethemodelsdifferentlyfrom how they aretrained.
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5. Integrating Corr espondenceand Hierar chical Clustering

None of the methodsdescribedabove are wholly satisfactory for learningcorrespondence.By
vector-quantizingimageregionsindependentof words,we areperverselyignoringpotentiallyuse-
ful trainingdata. We shouldnot expecttoo muchfrom theothermethods,becausethey arebeing
compelledto revealinformationthey werenot trainedto represent.However, thereis a relationship
betweenclusteringandcorrespondence.For example,in translatingfrom Englishto French,the
word “sun” might betranslatedto “soleil,” but if thesurroundingwordsarecomputerrelated,then
theword“sun” shouldremainunchanged,asit is likely abrandof computer. Similarly, agraypatch
is morelikely to bepavementin acity scenethanajunglescene.Thissuggestsbuilding explicit cor-
respondenceinformationinto ourexistinghierarchicalclusteringmodels.Building correspondence
modelsinvolvesstrengtheningtherelationshipbetweenwordsandimageregions.

5.1 Linking Word Emissionand RegionEmissionProbabilities with Mixtur e Weights

In thisapproach,imageregionsaremodeledasin theindependentmodel,but thewordsarenotemit-
tedconditionedon theregions. To implementthis strategy by having theverticalmixtureweights
for the regionscarriesover to that for the words. Thus if a nodecontributes little to the region
emissionfor an image,thenthatnodewill alsocontribute little to theword emission.Correspon-
denceis still implicit, andis calculatedusing(4) above, andthusthis is not a truecorrespondence
method.More formally, we considerthewordsW andthe regionsS in D = B[ W to be handled
asymmetrically.

p(Djd) = å
c

p(c) Õ
w2W

"

å
l

p(wjl ;c)p(l jB;c;d)

# Nw
Nw;d

Õ
b2B

"

å
l

p(bjl ;c)p(l jd)

# Nb
Nb;d

; (5)

wherewe stipulatethat

p(l jB;c;d) µ å
b2B

p(l jb;c;d):

Noticethatwehavechosento computethedistribution inheritedby thewordsonaclusterby cluster
basis(we usep(l jB;c;d) insteadof p(l jB;d)). We denotethis modelby D-0 (D for dependent).In
analogywith the independentcase,we can considerclusterdependentlevel distributions, using
p(l jc;d) insteadof p(l jd) to getD-1, or wecandropthedependency on thetrainingset,usingp(l )
insteadof p(l jd) to getD-2.

To usethemodelfor annotation,we againestimatep(l jd) by p(l jB) (“doc-vert”), andusethis
to computethe word posterior. For labelingregions,applying(4) to predictthe wordsfor a par-
ticular blob makesmoresensethanwith the independentmodelsbecausenow wordsareemitted
conditionedon blobs.As describedlater, if wewish to usesucha modelfor annotation,wesimply
sumthecontributionsof all theblobs. Interestingly, this givesalmostthesameequationsfor word
prediction(equivalentif thereis only oncecluster, asin thelineartopology).
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5.2 Paired Word and RegionEmissionat Nodes

Oursecondmethodfurthertightenstherelationshipbetweentheregionsandwords.Hereweassume
thattheobservedwordsandregionsareemittedin pairssothatD = f (w;b) ig and(1) becomes:

p(Djd) = å
c

p(c) Õ
(w;b)2D

"

å
l

p((w;b)jl ;c)p(l jd)

#

: (6)

We will refer to this as Model C-0 (C for “correspondence”).Models I-1 and I-2 are similarly
modi�ed to get modelsC-1 andC-2. Equation(6) evaluatesthe likelihoodassuminga proposed
correspondence.Sincewe aremostinterestedin trainingon datawherethecorrespondenceis not
provided,weneedto estimatecorrespondenceaspartof thetrainingprocess.Wehaveexperimented
with severalmethodsfor doingso,discussedbelow. Regardless,thisadditionalstepis addedbefore
the E stepin the model �tting process,and the assignmentis thenusedin the estimationof the
expectationof theindicatorvariables.All methodsfor computingthecorrespondenceassumethat
theprobabilitythata word anda segmentcorrespondcanbeestimatedby theprobabilitythatthey
are emittedfrom the samenode. Using w , b to denotethat the word, w, and the region, b,
correspond,we use,in thecaseof C-0:

p(w , b) � å
c

p(c)å
l

p((w;b)jl ;c)p(l jd): (7)

Herewe have madethechoicethat theproposedcorrespondenceshouldbesharedover all cluster
hypotheses.Doingsomakesintuitivesense,andsigni�cantly reducesthenumberof correspondence
estimatesthatarerequired.Notethattrainingis no longerpuregradientdescent(thelog-likelihood
candecreasea smallamountasthetrainingprocessiterates).For truegradientdescent,we would
needto marginalizeoverpossiblecorrespondences,andthis is impractical.Instead,weapproximate
thesumwith thatobtainedby amaximal,or closeto maximalmatch(thisapproximationis common
in theliteratureon statisticallearningof lexicons,seefor exampleMelamed,2001).

We have experimentedwith severalpossiblestrategiesfor estimatingmatchesfrom (7). In this
work we reportresultsusinggraphmatching(Jonker andVolgenant,1987). This algorithmgives
a polynomialtime methodto assignedgesto a bipartitegraphso that eachvertex is connectedto
only vertex, andthesumof costsassociatedwith eachpossibleedgeis minimized. Our costsare
negative log probabilitiesfrom (7), sothatlikelihoodis maximized.

Regardlessof thematchingstrategy, we needto dealwith differing numbersof wordsandre-
gions. In our implementation,we �rst ensurethat therearemoreregionsthanwordsby repeating
theregioncollectionif needed.Thenweensurethattherearesuf�cient wordsby repeatingtheword
collectionuntil thereareasmany wordsasregions.

5.3 CorrespondenceModels,NULL, Fertility and Refusalto Predict

Correspondencecomeswith a variety of annoying dif�culties which we have skatedover above.
Theprimaryissueis thechoiceof correspondencemodel.Shouldtherebea one-onemapbetween
regionsandwords(usuallyimpossible,becauseof thenumbersaredifferent)?In thework described
here,we requireregionsto be linked to words; thereis no option of decidingthata region corre-
spondsto no word. This forcesmodelsof imageregionscorrespondingto particularwordsto cope
with a large pool of outliers. This problemcould, in principle,behandledby appendinga special
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word,NULL, to thetext of eachdataitem andaspecialimageregion,NULL, to theimageregions
of eachdataitem. This is a traditionalsolutionin themachinetranslationliterature;the tendency
of singlewordsin somelanguagesto generatemorethanoneword in others(a propertyreferredto
as“fertility”) canbemodeledexplicitly in this framework (Brown etal., 1993,Melamed,2001).In
our limited experience,suchmodelsarenoteasyto �t to ourdatasets,becauseof atendency to �t a
modelwhereeverywordis generatedby theNULL imageregionsandeveryimageregiongenerates
theNULL word. This is clearly a matterto be resolved by a prior modelof deletionof wordsor
imageregions,respectively. Onecomplicationis thattheprobabilitythatanannotationis absentis
not independentof theannotation—annotators alwaysmention“tigers,” but only sometimesmen-
tion “people.” A simplestrategy thatofferssomebene�ts of directly modelingNULL wordsis to
refuseto predictanannotationwhentheannotationwith thehighestprobabilitygiventheregionhas
too low aprobability;thisdiscouragespredictionsby regionswhoseidentity is moot.This is crude,
becauseit doesn't mitigatetheeffectof all theoutliersin the�tting process.

6. Evaluation Methods

Our annotationmodelscanbe usedon two differentkinds of data. First, we cantry to annotate
imageswhichwerewell representedin theoriginaldataset,for example,annotatingimagesarriving
atanarchive. Second,wecantry to annotateimagesfrom acollectionwhich is notwell represented
by theoriginal trainingdata,for example,performingobjectrecognition.

Correspondencemodelspresentfurtherdif�culties. Theissuenow is whetherwepredictappro-
priatewordsfor eachparticularregion. Typically, theonly way to obtainanaccurateanswerto this
questionis to look atthepicture.Thisform of manualevaluationis verydif�cult to dofor asatisfac-
tory numberof images.A lessstrict,but nonethelessinformative, testis to determinetheannotation
performancefor acorrespondencemodel,on thegroundsthatpoorannotationperformanceimplies
poorcorrespondenceperformance(crucially, thecontrapositive is notnecessarilytrue).

6.1 Measuring Annotation Performance

Wecanmeasureannotationperformanceby comparingthewordspredictedby variousmodelswith
wordsactuallypresentfor held-outdata.In mostdatasets,includingours,imageannotationstyp-
ically omit someobviously appropriatewords.However, sinceour purposeis to comparemethods
this is notasigni�cant problemaseachmodelmustcopewith thesamesetof missingannotations.
Performancecomparisonscanbecarriedoutautomaticallyandthereforeonasubstantialscale.We
expresspredictionperformancerelative to predictionsobtainedusingtheempiricalword frequency
of the training set. Matchingthe performanceempiricaldensityis requiredto demonstratenon-
trivial learning. Doing substantiallybetterthanthis on the Corel datais dif�cult. The annotators
typically provide several commonwords(for example,“sky,” “water,” “people”), andfewer less
commonwords(for example,“tiger”). Thismeansthatannotatingall imageswith, say, “sky,” “wa-
ter,” and“people” is quitea successfulstrategy. Performanceusingtheempiricalword frequency
would bereducedif theempiricaldensitywas�atter. Thusfor this dataset,the incrementof per-
formanceover theempiricaldensityis a sensibleindicator. We look at wordpredictionon heldout
data,andrankmodelsusingthreemeasures.
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6.1.1 MEASURING THE QUALITY OF WORD POSTERIOR DISTRIBUTION

As ourmodelsarepredictive in nature,weestimatetheKullback-Leibler(KL) divergencebetween
thecomputedpredictive distribution, q(wjB), andthe targetdistribution, p(w). Unfortunately, the
target distribution is not known, and for this we simply assumethat the actualwordsshouldbe
predicteduniformly, andthatall otherwordsshouldnot bepredictedat all. By de�nition, theerror
contribution for onedocumentwith thismeasure,E(model)

KL , is givenby:

E(model)
KL = å

w 2 vocabulary
p(w) log

p(w)
q(wjB)

: (8)

To furthersmoothq(wjB), weaddtheminimumof theempiricalworddistributionandrenormalize.
To computea combinedmeasurefor a groupof images,we simply averagethequantityin (8) over
thatset.We canrelatethis to theconditionallog likelihood(normallycomputedon heldout data).
If thereareK wordsfor theimageunderconsideration,Sincep(w) = 1=K for w 2 observed, and0
otherwise,andwe declare0log 0

q = 0,

E(model)
KL =

1
K å

w 2 observed
log

p(w)
q(wjB)

= constant �
1
K å

w 2 observed
logq(wjB):

Whenaveragedover the imagesin the held out set,this is essentiallythe held out log likelihood,
conditionedon the imageregions,weightedso that eachimagecontributesroughly the same,re-
gardlessof the numberof wordsit has. As mentionedabove, we expressperformancerelative to
that usingthe empiricalword distribution of the testdata,andwe furtherarrangeit so that larger
valuescorrespondto betterperformance.Speci�cally, wereport:

EKL =
1
N å

data

�
E(empirical)

KL � E(model)
KL

�
:

which is negative when the model is worsethan the prior and positive when it is better. This
adjustmenthasseveralbene�ts.First, it is immediatelyclearwhenwearedoingwell (thenumberis
positive), andsecond,it reducesthevarianceof valuescomputedon differentsets,asthedif�culty
of thesetis partly re�ectedin E(empirical)

KL .

6.1.2 HOW WELL DO MODELS PREDICT WORDS?

Onthewhole,abetter�tting modelshouldpredictabettersetof words,but weneedsomeconcrete
measurementof the goodnessof the omittedwords. The dif�culty hereis that oneneedsa loss
function, and traditional zero-oneloss is highly misleading. For most conceivable applications,
certainerrors(“cat” for “tiger”) arelessoffensive thanothers(“car” for “vegetable”).Becausethe
numberof classesthatwecanpredictis large(thesizeof thevocabulary),wenormalizethecorrect
andincorrectclassi�cations.

Speci�cally, we computeE(model)
NS = r=n� w=(N � n) whereN is thevocabulary size,n is the

numberof actualwordsfor the image,r is the numberof wordspredictedcorrectly, andw is the
numberof wordspredictedincorrectly. This scoregivesa valueof 0 for bothpredictingeverything
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andpredictingnothing,and1 for predictingexactly theactualword set(no falsepositives,no false
negatives). Thescorefor predictingexactly thecomplementof theactualword setis -1. As in the
KL case,wereportthedifferenceof thiserrorandthatfor theempiricalworddistribution,suchthat
largervaluescorrespondto betterperformance(thatis E (model)

NS � E(empirical)
NS )

Thenumberof wordspredicted,r + w, canbe determinedby thealgorithmon a caseby case
basis.Thusonebene�t of thismeasureoversimplycountingthenumberof correctwordsin a �x ed
numberof guessesis that it canbeusedto rewarda goodestimateof how many wordsto predict.
Theword predictionscoresreportedherearebasedon predictingall wordswhich exceeda certain
probabilitythreshold.

As is clearfrom Figure4, a valuefor the thresholdwhich maximizesthe performanceof the
comparisonmethod(trainingdataword frequency) is alsoa goodvaluefor mostothermethodsof
wordprediction,andthereforeweusedthisvaluecomputedontrainingdatafor thereportedresults.
Finally, we reportthe resultsusinga simplerbut relatedword predictionmeasure,E (model)

PR = r=n,
basedon then bestwords.Thusif therearethreekeywords,“sky,” “water,” and“sun,” thenn = 3,
andwe allow themodelsto predict3 wordsfor that image.Therangeof this scoreis clearlyfrom
0 to 1.

6.2 Measuring CorrespondencePerformance

Measuringtheperformanceof methodsthatpredictaspeci�c correspondencebetweenregionsand
wordsis dif�cult, becauseimagesmustbecheckedby hand.This limits thesizeof thepool thatcan
beused,andalsomeansthatmeasurementsmaycontainsigni�cant noise(it is surprisinglydif�cult
to establish,andstick to, anexactpolicy aboutwhatregionsshouldcarry, say, thelabel“people”).
However, wecanusearegionbasedmethodfor annotationby summingover thewordposteriorsfor
all theregions.Furthermore,wecanreasonablyexpectthatamethodthatcannotpredictannotations
accuratelyis unlikely to predictcorrespondencewell. This meansthatannotationmeasuresoffer a
plausibleproxy.

6.2.1 USING ANNOTATION AS A PROXY

Wereportresultsusingboththeimagebasedandregionbasedwordpredictionmethods.For theim-
agebasedmethods,wecan(anddo)computetheannotationsin thenaturalway. However, asecond
strategy is to usethesemethodsasregion basedmethods,andthencomputetheimageannotations
as for the region basedmethods. Recall that all our annotationmodelscan provide correspon-
dence,despitenot beingexplicitly trainedto do so(we identify this by thesuf�x es“region-only”
and“region-cluster”).Whenwe computeregion word posteriorsusingtheimagebasedannotation
methods,thewordposteriorsdonotnecessarilysumto onebecausethereis norequirementin these
modelsthateachregion emitsany word. However, we enforcethis requirementby normalizingthe
posteriorsfor eachregion beforesummingthem. The annotationperformanceof correspondence
modelscanbeassessedby marginalizingout thecorrespondencefrom themodel,andthentesting
themodelasanannotationmodel.Thismeansthatthemeasuresof errordescribedaboveapplyin a
straightforward fashion.Noticethatthisdoesnot testthecorrespondencecomponentof themodel,
but a model that performspoorly by this measureis likely to be unhelpful as a correspondence
model.
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6.2.2 MANUAL CORRESPONDENCE SCORING

To corroboratetheabove measure,we alsoscoresomecorrespondenceresultsby hand.While this
methoddirectly looks at the correspondence,it doesrequirehumanjudgment. We handlabeled
eachregion in a numberof imageswith every appropriateword in the vocabulary. We insisted
that the region hasa plausiblevisual connectionto thechosenwords. Thustheword “ocean” for
“coral” would be judgedincorrectlybecausethe oceanis transparent.Other dif�culties include
words like “landscape”and “valley” which normally apply to larger areasthanour regions,and
“pattern” which can arguably be designatedas correctwhenever it appears,but we scoredit as
incorrectbecause“pattern” recognitionisn't particularlyhelpful. Someregionscouldnotbelinked
with any vocabulary term, and theseregions were omitted from considerationin computingthe
scores.Producingthelabeleddatasetis clearlya timeconsuminganderrorproneprocess,andthus
weareonly ableto usethisgroundtruth for a modestnumberof images(50 imagesfor eachof ten
testsets).With thehandlabeledset,we areableto computethesamemeasuresasfor the image
annotationcase,althoughover amuchsmallertestset.

7. Experiments

Forourexperimentsweusedimagesfrom160CD'sfromtheCorelimagedataset.EachCDhas100
imagesononerelatively speci�c topicsuchas“aircraft.” Fromthe160CD'swedrew samplesof 80
CD's,andthesesetswerefurtherdividedupinto training(75%)and“standard”heldout(25%)sets.
Theimagesfrom theremainingCD'sformedamoredif�cult “novel” heldoutset.Predictingwords
for theseimagesis dif�cult, as we canonly reasonablyexpect successon quite genericregions
suchas“sky” and“water”—everythingelseis noise.Eachsuchsamplewasgivento eachprocess
underconsideration,andthe resultsof 10 of suchsampleswereaveraged.This controlsfor both
theinput dataandEM initialization. ImagesweresegmentedusingN-Cuts(Shi andMalik, 2000).
We excludedwordswhich occurredlessthan20 timesin the testset,which yieldedvocabularies
of the orderof 155 words. We useda modestselectionof featuresfor eachsegment,including
size,position,color, orientedenergy (12 �lters), anda few simpleshapefeatures.For thediscrete
translationmodel,we used500clustersfor vectorquantization.For lineartopologieswe used500
nodes,andthe treeswerebinary treeswith 9 levels (511nodes).For theMoM-LDA method,we
used50 mixturecomponentsand10 latentfactors.

7.1 Annotation Results

We�rst lookedaperformanceof thehierarchicalclusteringbasedmethodsasafunctionof thenum-
berof EM iterationsusedto train themodels.This is importantto checkfor over-�tting, especially
for the modelswhich arenot truly generative. We take onepreemptive strategy to reduce�tting
problems.Wetrain themodelsonasubsetof thedatafor a few iterations,andusethatmodelasthe
startingpoint for trainingonanothersubsetof thedata.This is repeated5 times,to obtainaninitial
point for trainingthefull data.Preliminaryexperimentsindicatedthat therewasgenerallya slight
bene�t for doing so. We have yet to experimenteitherwith temperingthe training assuggested
in HofmannandPuzicha(1998)or stochasticversionsof EM (Celeuxet al., 1995).
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7.1.1 THE NUMBER OF TRAINING ITERATIONS, AND OVER FITTING

Figure3 plotsperformancein termsof KL divergence-basederrorfor severalmodelsasa function
of the numberof training iterations. We limit the plots to 30 iterations,but we have veri�ed that
the trendestablishedby the �rst 30 iterationsholdseven if the trainingcontinuesfor hundredsof
iterations.In general,theresultsindicatethatover-�tting is notabig problem.

As onewould expect,performanceon the trainingsetgenerallyimproved with thenumberof
iterations,with oneexception.In thecaseof I-0, with severalinferenceprocedures,performanceon
thetrainingsetreachedapeakandthendecreased.This is becausethemethodsusedfor reasonably
fastinferencewerenecessarilyadhoc,asI-0 is notgenerative. Similarbehavior is alsopossible(but
intuitively lesslikely) with D-0 andC-0;wedid notobserve thisbehavior for thesemodels.For the
heldoutsets,wefoundthatmostof thepossiblebene�t wasreachedafter10iterationsof thetraining
algorithm,andin many cases,droppedoff afterthat(mostseverelyin thecaseof I-0). As onewould
alsoexpect,theperformanceon thenovel set—containingimagesfrom CD'snot representedin the
trainingset—droppedmuchfasterthanthatof thestandardheldout set. Evaluatingthemodelon
thenovel setsis a testof its ability to learnpropertiesof thedatathatgeneralizeto very different
images. For simplicity the restof the resultsreportedin this paperare for 10 iterations(except
MoM-LDA which wasrun to convergence).10 iterationsis roughlyoptimal for thestandardheld
outdata,andsub-optimalfor thenovel heldoutdata(5 iterationswouldgive betterresults).

7.1.2 SCORING ANNOTATIONS WITH THE NORMALIZED SCORE, AND THE EFFECT OF

REFUSAL TO PREDICT

Next we studiedthe behavior of our normalizedscoremeasure(a scorecomparingthe predicted
wordswith thoseactuallypresent,asin 6.1.2)asa functionof theminimal probabilityrequiredto
predictwords (Figure4). With this measurepredictingeitherno wordsor all wordsgiveszero.
Therefore,asexpected,thegeneralbehavior is to gofrom zeroto somepeak,andthento dropdown
to zeroagain. The peakfound usingthe trainingdataempiricalword distribution is usedto seta
conservative refuseto predictlevel usedfor Table2.

7.1.3 COMPARISON OF MODELS USING DIFFERENT SCORES

We provide comprehensive annotationresultsin Table 1 (for the predictionscoreof 6.1.2, PR,
E(model)

PR � E(empirical)
PR ), Table2 (for the normalizedscoreof 6.1.2,NS, E(model)

NS � E(empirical)
NS ) and

Table 3 (for the KL scoreof 6.1.1, E(model)
KL � E(empirical)

KL ). Models I-1 and D-1 are omitted, as
thereperformanceis similar to thatof modelsI-0 andD-0. (I-1 (D-1) is a bit betterthanI-0 (D-1)
on training data,slightly betteron held out data,andslightly worseon the novel set. This is not
surprisinggiven that I-I (D-I) hasmoreparametersthanI-0 (D-0)). For the linear topologies,we
give resultsfor only oneof thefour inferencemethodsusedin thecaseof clusters.The”ave-vert”
methoddoesnot make sensewithout morethanonecluster(andgivespoor results),andtheother
threemethodsareequivalentin thecaseof asinglecluster.

Closestudyrevealsthat theresultsarefar from consistentacrossthethreemeasures.Takinga
broadview, thehierarchicalclusteringbasedmethodsgive surprisinglysimilar resultswhenpaired
with areasonableinferencestrategy (noteerrorestimatesprovidedin parenthesis).Perhapssurpris-
ingly, resultswith lineararrangementsof thenodesarealsoroughlycomparable.This is discussed
furtherbelow.
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Figure3: AnnotationperformanceusingtheKL-divergencebetweenpredictivedensityandtheem-
pirical wordoccurrencedensity, for 4 modelsasa functionof thenumberof trainingiter-
ations.Performanceis relativeto thatfor theempiricalworddistribution,with thevertical
axis beingthe extent to which usingoneof the modelsis betterthanusingthe empiri-
cal distribution (bigger is better). The resultsarethe averageof 10 runswith different
trainingandtestsets.Performanceis shown usingthreedifferenttestsets:the training
set,aheldoutset,andaheldoutsetwhich is substantiallydifferentin characterfrom the
training set. Notice that for I-0, the performanceon the training setactuallydecreases
with increasingiterationsafter the peak. This is due to the ad hoc inferencemethods
introducedto ef�ciently computetherequireddistribution despitethefactthatthemodel
is not truly generative. Theseplotsshow thatfor our task,mostof thebene�t is obtained
after10 iterations.
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Figure4: Normalizedword predictionperformanceversusrefuseto predict level for 4 model.
Whena singlevalueis required(asin Table4) we usea refuseto predictlevel for which
theempiricalword distribution givesthemaximum(x=25). The resultsfor the training
andheldout setswhenusingtheempiricaldistribution arevery closeandthecurvesare
essentiallyon top of oneanother. The refuseto predictlevel is theprobability of word
emissionwhich decreasesexponentiallyfrom left to right (p = 10� (x=10) ), wherex is the
“level” recordedon thex axis). As x increases(and p decreases),thenumberof words
predictedincreases,and,performance�rst increases,andthendecreases.All methods
illustratedhereperformsigni�cantly betterthanpredictionbasedon training word fre-
quency at all refuseto predictlevels.
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Method Trainingdata Heldoutdata Novel data
linear-I-0-doc-vert 0.130(0.003) 0.095(0.003) 0.057(0.003)
binary-I-0-ave-vert 0.130(0.005) 0.082(0.004) 0.023(0.005)
binary-I-0-doc-vert 0.152(0.005) 0.094(0.004) 0.034(0.005)
binary-I-0-region-cluster 0.157(0.005) 0.099(0.004) 0.038(0.005)
binary-I-0-region-only 0.140(0.005) 0.099(0.003) 0.037(0.006)
binary-I-2-ave-vert 0.141(0.005) 0.087(0.003) 0.023(0.004)
binary-I-2-doc-vert 0.137(0.005) 0.090(0.004) 0.036(0.004)
binary-I-2-region-cluster 0.141(0.005) 0.099(0.004) 0.039(0.004)
binary-I-2-region-only 0.133(0.005) 0.104(0.004) 0.040(0.005)
linear-D-0-doc-vert 0.147(0.002) 0.102(0.002) 0.059(0.004)
binary-D-0-ave-vert 0.126(0.005) 0.081(0.003) 0.024(0.005)
binary-D-0-doc-vert 0.160(0.005) 0.094(0.003) 0.037(0.005)
binary-D-0-region-cluster 0.166(0.005) 0.100(0.003) 0.040(0.005)
binary-D-0-region-only 0.143(0.005) 0.103(0.003) 0.038(0.005)
binary-D-2-ave-vert 0.143(0.005) 0.088(0.003) 0.021(0.005)
binary-D-2-doc-vert 0.173(0.005) 0.102(0.003) 0.036(0.005)
binary-D-2-region-cluster 0.177(0.005) 0.108(0.003) 0.039(0.005)
binary-D-2-region-only 0.152(0.005) 0.108(0.003) 0.036(0.005)
linear-C-0-region-only 0.103(0.003) 0.067(0.002) 0.035(0.005)
binary-C-0-ave-vert 0.115(0.004) 0.070(0.003) 0.015(0.005)
binary-C-0-doc-vert 0.137(0.003) 0.078(0.002) 0.025(0.004)
binary-C-0-region-cluster 0.142(0.003) 0.085(0.002) 0.030(0.005)
binary-C-0-region-only 0.128(0.003) 0.085(0.003) 0.032(0.005)
discrete-translation 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)

Table1: Imageannotationperformancefor someof the methodsdevelopedin the text. Methods
I-0 andI2 usehierarchicalclusteringmodelswith clusterconditionalindependence,D-0
andD-2 increasesthedependenceof word emissionon blobs,C-0 integratesstrict corre-
spondence,discrete-translation is thediscretetranslationmethod,andMoM-LDA is latent
Dirichlet allocationwith 50 mixture componentsand10 factors. The valuesarethe in-
creasein theannotationword list predictionscore(measurePR)over thatcomputedusing
theempiricalword distribution (about0.19). Thereareon averageabout3 wordsto pre-
dict, soa valueof 0.1 (goodresulton heldout data)correspondsto predictingabout0.9
of them,asopposedto 0.6 with the empiricaldistribution. Predictingwordsfor images
from the novel CD's is very dif�cult, but all methodsconsistentlydo a little betterthan
theempiricaldistribution on this task.Errors(shown in parentheses)wereestimatedfrom
thevarianceof theword predictionprocessover 10 differenttestsets,with at least1000
samplesin eachsetbeingaveragedfor theresultfor eachset.

In general,the rangeof resultssupportthe key notion that word predictionis facilitatedby
honoringthe compositionalnatureof imagesand associatedtext. That is, words are generally
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Method Trainingdata Heldoutdata Novel data
linear-I-0-doc-vert 0.301(0.005) 0.174(0.007) 0.081(0.007)
binary-I-0-ave-vert 0.294(0.006) 0.154(0.006) 0.064(0.008)
binary-I-0-doc-vert 0.325(0.006) 0.160(0.007) 0.065(0.008)
binary-I-0-region-cluster 0.332(0.006) 0.168(0.007) 0.068(0.008)
binary-I-0-region-only 0.234(0.006) 0.160(0.006) 0.062(0.008)
binary-I-2-ave-vert 0.331(0.006) 0.164(0.008) 0.068(0.007)
binary-I-2-doc-vert 0.322(0.006) 0.170(0.008) 0.074(0.008)
binary-I-2-region-cluster 0.324(0.006) 0.179(0.008) 0.076(0.008)
binary-I-2-region-only 0.228(0.006) 0.163(0.006) 0.068(0.007)
linear-D-0-doc-vert 0.321(0.005) 0.167(0.006) 0.076(0.008)
binary-D-0-ave-vert 0.284(0.007) 0.151(0.007) 0.061(0.008)
binary-D-0-doc-vert 0.321(0.007) 0.157(0.007) 0.064(0.008)
binary-D-0-region-cluster 0.330(0.006) 0.166(0.008) 0.067(0.008)
binary-D-0-region-only 0.239(0.006) 0.162(0.007) 0.064(0.007)
binary-D-2-ave-vert 0.312(0.005) 0.162(0.003) 0.066(0.005)
binary-D-2-doc-vert 0.358(0.005) 0.172(0.003) 0.069(0.005)
binary-D-2-region-cluster 0.360(0.005) 0.179(0.003) 0.072(0.005)
binary-D-2-region-only 0.248(0.005) 0.167(0.003) 0.066(0.005)
linear-C-0-region-only 0.240(0.005) 0.124(0.007) 0.046(0.006)
binary-C-0-ave-vert 0.252(0.006) 0.143(0.007) 0.060(0.008)
binary-C-0-doc-vert 0.281(0.006) 0.148(0.006) 0.054(0.007)
binary-C-0-region-cluster 0.290(0.006) 0.157(0.007) 0.064(0.007)
binary-C-0-region-only 0.233(0.006) 0.163(0.006) 0.071(0.006)
discrete-translation 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: Imageannotationperformancefor someof themethodsdevelopedin thetext. Thevalues
arethe increasein the normalizedclassi�cationscore(measureNS) over that computed
usingtheempiricalworddistribution(about0.425).Therefusetopredictlevel corresponds
very roughly to predicting80 percentof thewords;the increaseof 0.160(typical for our
heldoutdataresults)correspondsto reachingthis level with about40guessesascompared
with roughly70 for theempiricaldistribution (vocabulary sizeis around155,depending
on thetestset).Seethecaptionfor Table1 for additionaldetails.

associatedwith piecesof images,not the entireimage. Building representationsfor thosepieces
whichincorporatebothwordandregionfeaturesis amuchcleanerapproachto wordpredictionthan
attemptingto representall images.(Thesetof objectsis muchsmallerthanthesetof all common
arrangementsof objects).

When we look at the effect of topology, one importantobservation can be made: Methods
which useimageclusteringarevery relianton having imageswhich arecloseto the trainingdata.
As discussedabove,we includedclusteringin someof themodelsto exploit context. However, our
resultsindicatethat forcing imagesinto clustersis too stronga conditionfor doing so. Although
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Method Trainingdata Heldoutdata Novel data
linear-I-0-doc-vert 1.235(0.02) 0.688(0.02) 0.258(0.01)
binary-I-0-ave-vert 1.210(0.03) 0.563(0.02) 0.060(0.01)
binary-I-0-doc-vert 1.385(0.02) 0.587(0.02) 0.061(0.02)
binary-I-0-region-cluster 1.429(0.03) 0.651(0.02) 0.094(0.02)
binary-I-0-region-only 1.061(0.02) 0.684(0.02) 0.160(0.02)
binary-I-2-ave-vert 1.367(0.03) 0.608(0.02) 0.084(0.01)
binary-I-2-doc-vert 1.320(0.03) 0.627(0.02) 0.129(0.01)
binary-I-2-region-cluster 1.342(0.03) 0.694(0.02) 0.156(0.01)
binary-I-2-region-only 1.016(0.02) 0.709(0.02) 0.211(0.01)
linear-D-0-doc-vert 1.376(0.02) 0.714(0.02) 0.268(0.01)
binary-D-0-ave-vert 1.169(0.03) 0.550(0.02) 0.057(0.01)
binary-D-0-doc-vert 1.417(0.03) 0.601(0.02) 0.074(0.01)
binary-D-0-region-cluster 1.466(0.03) 0.669(0.02) 0.105(0.02)
binary-D-0-region-only 1.086(0.02) 0.700(0.02) 0.175(0.02)
binary-D-2-ave-vert 1.310(0.005) 0.627(0.003) 0.089(0.005)
binary-D-2-doc-vert 1.589(0.005) 0.674(0.003) 0.102(0.005)
binary-D-2-region-cluster 1.613(0.005) 0.739(0.003) 0.132(0.005)
binary-D-2-region-only 1.155(0.005) 0.747(0.003) 0.180(0.005)
linear-C-0-region-only 0.980(0.02) 0.472(0.02) 0.106(0.01)
binary-C-0-ave-vert 1.020(0.02) 0.516(0.02) 0.071(0.01)
binary-C-0-doc-vert 1.205(0.02) 0.541(0.02) 0.042(0.01)
binary-C-0-region-cluster 1.254(0.02) 0.601(0.02) 0.104(0.01)
binary-C-0-region-only 1.015(0.02) 0.643(0.02) 0.179(0.01)
discrete-translation 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: Imageannotationperformancefor someof themethodsdevelopedin thetext asmeasured
by thereductionof theKL divergencefrom thatcomputedusingtheempiricaldistribution
(roughly4.8). We usethesenumberslargely for comparison—anintuitive absolutescale
is not readilyavailable.Seethecaptionfor Table1 for additionaldetails.

clusteringimprovedthetrainingsetresults,it slightly degradedperformanceontheheldout images
from thesameCD's. For thenovel CD's,clusteringsigni�cantly reducesperformance.This is quite
understandablein light of thediscussionin thepreviousparagraph,but thedegreeof degradation—
especiallyin thecaseof heldout imagesfrom thesameCD'sastraining—wasunexpected.

Theperformanceof thediscrete-translation wasworsethanthatfor themostsimilarnon-discrete
model(linear-D-0-doc). This is consistentwith our belief that it is betterto simultaneouslylearn
the modelsfor the blobsandtheir linkageto words. The performanceon the threedifferentdata
setsindicatesthattheremaybeover�tting problemsaswell. This in turnmaybedueto thefactthat
errorsdueto earlyquantizationareartifactsof thetrainingdata.

Theresultsfor theMoM-LDA modelareworth noting. While theperformanceon thetraining
datais worsethanfor theothermodels,theannotationresultsareonly slightly poorerthantheother
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modelswhenthe testdataresemblesthe trainingdata,andarecompetitive with the othermodels
whenthetestdataarenovel. ThusMoM-LDA shows a strongresistanceto over�tting. Moreover,
given that the MoM-LDA model that we usedhasfar fewer clustersthan the I0 and I1 models
(MoM-LDA has50 mixturecomponentsand10 LDA factors,versus256mixturecomponentsand
9 aspectmodelfactorsfor I0 andI1), furtherstudyof larger-scaleMoM-LDA modelsis warranted.

Exploiting context is importantto remove ambiguitiesbut our resultsindicatethatwe needto
exploremoresubtleapproachesfor doingso. Of course,clusteringis warrantedfor many applica-
tionssuchasbrowsingandsearchwherecharacterizationof thetrainingsetis important.However,
for recognition,somethingelseis neededto dealwith ambiguity. If we think of recognitionasiden-
tifying thesky in animageof a jet, having beenexposedto sky only in junglescenes,thenit is clear
thattrying to put thejet imageinto aninappropriateclustershouldyield poorresults.

7.2 CorrespondenceResults

Figure6 shows region annotationsfor a few sampleimages.For this resultwe labeledeachregion
with themaximalprobabilityword,usingmodelC-2. In Table4 weprovidequantitative correspon-
denceresultscomputedover 50 imagesfrom eachof the10 heldout sets.Resultsfor eachof the
threeerrormeasuresis provided.For regionbasedwordprediction,it is perhapsmostreasonableto
predictonly a few wordsfor eachregion. This processis mostcloselystudiedwith thesimplekey-
word predictionerror, E(model)

PR � E(empirical)
PR . Heretheresultssuggestthat themethodswhich have

beendevelopedto learncorrespondencedo in factdobetterat this task,relative to theperformance
on theannotationproxy. For, example,usingthePRmeasure,linear-C-0-region-onlyscores0.067
with theannotationproxy, which is signi�cantly exceededby theperformanceof linear-I-0-region-
cluster(sameaslinear-I-0-doc-vert) which scores0.094. Usingthecorrespondencemeasure,they
arecomparable.

Althoughthepairedword-blobemissionapproachhadthe intendedeffect of improving corre-
spondenceperformanceover annotationperformance,we aredisappointedthat its correspondence
performanceis still matchedby severalmethods,andsigni�cantly betteredby at leastoneof them.
We expectthat we needto integrateNULL's properlyinto this approach.Therearetwo possible
bene�ts: First, the modelshouldno longerbe compelledto predictwords that it cannotpredict
andsecond,the joint probability tablemay be �tted moreaccuratelybecausethe �tting process
shouldbe protectedfrom a large numberof outlierscausedby forcing eachregion to correspond
to someword. Currently, for bothcorrespondenceandannotation,linear-D-0-region-only (sameas
linear-D-0-doc-vert), appearsto be the bestoverall choice,taking all measuresanddatasetsinto
account.

8. Discussion

Wehave comparedavarietyof methodsfor predictingwordsfrom pictures.Eachof thesemethods
canpredictsomewordsratherwell, andsomecanpredictcorrespondencewell for somewords,
too. Therearepracticalapplicationsfor suchmethods.Furthermore,they offer anintriguingwayto
think aboutobjectrecognition.A greatdealremainsto bedone.

A large variety of othermodelsand �tting methodsappearnatural. For example,onemight
modeltheconditionaldistribution of imagefeatures,givena word, asa Gaussian;therewould be
onesuchGaussianperword. Fitting a modelof this form presentssomepracticaldif�culties, but
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Figure5: Speci�c word precisionandrecall usingthediscretetranslationmodel. For eachword,
the taskwasto predict it for the imageswhereit wasa keyword, andnot to predict it
otherwise.A word is predictedif it is themaximalwordpredictedby any of theblobsin
the image. Precisionis the total numberof correctpredictionsover all images,divided
by thenumberof predictionsmade(duplicatepredictionscountasa singleprediction).
Recall is the total numberof correctpredictionsdivided by the numberof occurrences
as a keyword. Resultsare the averageover the 10 held out datasets. In (a) and (b)
therelationshipbetweenprecisionandrecall is modulatedby therefuseto predictlevel
which changesalongthecurves. As the level increases,fewer wordsarepredicted,and
recall goesdown, but the wordswhich arepredictedarepredictedwith morecertainty,
andprecisiongoesup. In (a)weshow theresultsfor somewordswith goodperformance,
and(b) we show somewordswith poor performance.Becausethescalesarethesame,
the curves for the poorly predictedwordsareall locatedin the bottomleft corner. In
(c) the refuseto predict level is �x ed,but we show the performancefor the wordsasa
scatterplot. These�gures show thatwe do quitewell on a modestsetof words,andthat
performanceon therestis limited.
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Figure6: Examplesof region basedannotationusingC-2-pair-only on heldout data.The�rst two
rows aregoodresults.Theleft imageon row 3 hassomegoodlabels,but thethreewater
labelsarelikely duemoreto thatwordbeingcommonin trainingthantheregionfeatures.
Thenext two imageshave lotsof correctwordsfor theimage(goodannotation),but most
wordsarenotontheright region(poorcorrespondence).Speci�cally, onthecarimagethe
tiresarelabeled“tracks,” which belongselsewhere.On thehorseimageneither“horse”
nor “mares” is in theright place.Thelastbottomright imageis anexampleis complete
failure.
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Method PRmeasure
linear-I-0-region-only 0.099(0.02)
binary-I-0-region-cluster 0.101(0.01)
binary-I-0-region-only 0.103(0.01)
binary-I-2-region-cluster 0.101(0.01)
binary-I-2-region-only 0.093(0.01)
linear-D-0-region-only 0.132(0.01)
binary-D-0-region-cluster 0.096(0.01)
binary-D-0-region-only 0.104(0.01)
binary-D-2-region-cluster 0.103(0.01)
binary-D-2-region-only 0.092(0.01)
linear-C-0-region-only 0.101(0.01)
discrete-translation 0.066(0.01)

Table4: Correspondenceperformanceasmeasuredover 10 setsof 50 manuallyannotatedimages
from the held out setusingthe PR measure.All valuesarerelative to the performance
usingtheempiricaldistribution (about0.094). For this task,thePRis arguablythemost
indicative measureasit correspondsto forcingeachregion to only emitasmallnumberof
words(thenumberof alternative labels).TheNS measureis not appropriatebecausethe
refuseto predictlevel wascalibratedunderdifferentconditions.Notethatfor comparison
with the annotationresults,linear-I-0-region-only and linear-I-0-doc-vert give the same
results,asdo linear-D-0-doc-vert andlinear-D-0-region-only.

our initial experimentssuggestit might beworthwhile. Onemight attemptto usemodelselection
methodsof oneform or anotherto suggestsynonymouswords—theCorel datasetcontainsboth
“train” and“locomotive”—or wordseffectively synonymousgivenour features—“jet,” “plane” and
“bird,” say. Onemightalsousemodelselectionmethodsto searchfor appropriatefeaturesets.Note
thatthereis noparticularreasonthatfeaturesneedto beindependentof identity;animprovedmodel
wouldpredictsomebitsof aword's index usinga �x edfeatureset,andthenpredictotherbitsusing
featuresconditionedby the�rst bits.

TheCoreldatasetis relatively simplebecausetheannotationsarenounsselectedfrom a rela-
tively small vocabulary. Many datasetscontainfree text annotations.It is a simplematterto tag
all nouns,throw away all othertext, andregardthe resultasan annotation.Much moremight be
possible;for example,onemightwish to dosomenaturallanguageprocessingto identify candidate
annotationsthatappearto referto thepicture.

Performanceis almostcertainlyaffectedby thecorrespondencemodelused;currently, we re-
quire that eachregion generatea word and that all words be accountedfor. One might require
one-onecorrespondencebetweenwordsanda subsetof regions,or inserta NULL asabove. This
slightly modi�es theformulationof theEM �tting methods.

We currentlyhave little informationaboutthe effect of supervision,but we expect that quite
small supervisoryinput might leadto signi�cant changesin the model. This is becausemissing
correspondenceinformationcangeneratesymmetriesin the incompletedatalog-likelihood. For
example,if “tiger” and“grass”alwaysappeartogether, thereis nowayto determinewhichis which;
but annotatinga small numberof imageswill breakthis symmetry, andcould causea substantial
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changein themodel. A reasonablemeasureof performanceof a model(andan associated�tting
algorithm)is thequantityof supervisoryinput requiredto achieve aparticularlevel of performance
on somereferencecollection.

Largescaleevaluationof correspondencemodelsis genuinelydif�cult. Theproblemis impor-
tant. In thenot-too-distantfuture, therewill be recognitionsystemsthatcanmanagevocabularies
thatarelargeenoughthatmanualcheckingof labeledimagesis anunsatisfactorytest.How canone
tell how well sucha systemworks? Our currentstrategy is to investigatemethodsthatobtainex-
trapolatedestimatesof correspondenceperformancefrom proxiesappliedto testsetswith carefully
chosenproperties.Thekey issueseemsto betheentropy of thelabels;if it is hardto predictthesec-
ondword from the�rst word for eachdataitem in thetestcollection,thenannotationperformance
is likely to predictcorrespondenceperformance.
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C. ManningandH. Scḧutze. Foundationsof StatisticalNatural Language Processing. MIT Press.
Cambridge,MA, 1999.

M. Markkula andE. Sormunen. End-usersearchingchallengesindexing practicesin the digital
newspaperphotoarchive. Informationretrieval, 1:259–285,2000.

O. Maron. Learningfrom Ambiguity. Ph.D.dissertation,MassachusettsInstituteof Technology,
1998.

O. MaronandA.L. Ratan. Multiple-instancelearningfor naturalsceneclassi�cation. In TheFif-
teenthInternationalConferenceonMachineLearning, 1998.

D. Melamed. Empirical methodsfor exploiting parallel texts. MIT Press,Cambridge,Mas-
sachusetts,2001.

Y. Mori, H. Takahashi,andR. Oka. Image-to-word transformationbasedon dividing andvector
quantizingimageswith words.In FirstInternationalWorkshoponMultimediaIntelligentStorage
and Retrieval Management(in conjunctionwith ACM MultimediaConference1999), Orlando,
Florida,1999.

M. Oren,C. Papageorgiou, P. Sinha,andE. Osuna.Pedestriandetectionusingwavelet templates.
In Computervisionandpatternrecognition, pages193–9,1997.

S.Ornager. View a picture:Theoreticalimageanalysisandempiricaluserstudieson indexing and
retrieval. SwedisLibrary Research, 2(3):31–41,1996.

Shin'ichi SatohandT. Kanade.Name-it:Associationof faceandnamein video. In Proceedingsof
1997IEEEComputerVisionandPatternRecognition (CVPR'97), pages368–373,June1997.

H. SchneidermanandT. Kanade. A statisticalapproachto 3d objectrecognitionappliedto faces
andcars. In IEEE Conferenceon ComputerVision and Pattern Recognition, page100. IEEE,
2000.

J. Shi and J. Malik. Normalizedcuts and imagesegmentation. IEEE Transactionson Pattern
AnalysisandMachineIntelligence, 22(9):888–905,2000.

R. K. Srihari. ExtractingVisual InformationfromText: UsingCaptionsto LabelHumanFacesin
NewspaperPhotographs. Ph.d.thesis,SUNY atBuffalo,1991.

R. K. SrihariandD. T. Burhans.Visualsemantics:Extractingvisualinformationfrom text accom-
panying pictures.In AAAI '94, Seattle,WA, 1994.

R. K. Srihari,R. Chopra,D. Burhans,M. Venkataraman,andV. Govindaraju.Useof collateraltext
in imageinterpretation.In ARPA Image UnderstandingWorkshop, Monterey, CA, 1994.

M. J.Swain,C.Frankel, andV. Athitsos.Webseer:An imagesearchenginefor theworld wideweb.
TechnicalReportTR-96-14,ComputerScienceDepartment,Universityof Chicago,1996.

1135


