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Abstract

We proposean approachto learningthe semanticof imageswhich al-

lows usto automaticallyannotateanimagewith keywordsandto retrieve
imageshasedn text queries.We do this usinga formalismthatmodels
the generatiorof annotatedmages.We assumehatevery imageis di-

videdinto regions,eachdescribedy a continuous-aluedfeaturevector

Givenatrainingsetof imageswith annotationswe computeajoint prob-
abilistic modelof imagefeaturesandwordswhichallow usto predictthe
probability of generatinga word giventhe imageregions. This may be
usedto automaticallyannotateand retrieve imagesgiven a word as a
query Experimentsshov that our model signi cantly outperformsthe
bestof the previously reportedresultson the tasksof automaticimage
annotatiorandretrieval.

1 Intr oduction

Historically, librarianshave retrievedimagesby rst manuallyannotatinghemwith key-
words. Givena query, theseannotationsare usedto retrieve appropriatepictures. Under
lying this approachs the belief thatthe wordsassociate@manually)with a pictureessen-
tially capturethe semanticf the pictureandary retrieval basedon thesekeywordswill,
thereforeyetrieve relevantpictures.Sincemanualimageannotatioris expensve, therehas
beengreatinterestin comingup with automaticwaysto retrieve imageshasedn content.
Queriesbasedon imageconceptdik e color or texture have beenproposedor retrieving
imageshy contentout mostusersnd it dif cult to queryusingsuchvisualattributes.Most
peoplewould preferto posetext queriesand nd imagesrelevantto thosequeries. For
example,one shouldbe ableto posea querylike “ nd me carson aracetrack”. Thisis
dif cult if notimpossiblewith mary of the currentimageretrieval systemsandhencehas
not led to widespreadhdoptionof thesesystems.We proposea modelwhich looks at the
probability of associatingvordswith imageregions. Single pixels andregionsare often
hardto interpret. The surroundingcontext oftensimpli es the interpretatiorof regionsas
aspeci c objects.For example theassociatiorof a regionwith thewordtigeris increased
by thefactthatthereis a grassregion anda waterregion in the sameimageandshouldbe
decreased insteadthereis aregion correspondingo theinterior of anaircraft. Thusthe
associatiorof differentregionsprovidescontext while theassociatiorof wordswith image
regionsprovidesmeaning.Our modelcomputesa joint probability of imagefeaturesover
differentregionsin animageusingatraining setanduseshis joint probabilityto annotate
andretrieveimages.

More formally, we proposea statisticalgeneratre modelto automaticallylearnthe seman-
tics of images- thatis, for annotatingand retrieving imagesbasedon a training set of
images.We assumehat animageis seggmentednto regions (althoughthe regionscould



simply be a partition of the image)andthat featuresare computedover eachof thesere-
gions. Givenatraining setof imageswith annotationsywe show that probabilisticmodels
allow usto predictthe probability of generatinga word giventhe featurescomputedover
differentregionsin animage.This maybe usedto automaticallyannotateandretrieve im-
agesgivenaword asa query We shaw thatthe continuouselevancemodel- a statistical
generatie modelrelatedto relevancemodelsin informationretrieval - allows usto derive
theseprobabilitiesin a naturalway. The modelproposecheredirectly associatesontinu-
ousfeatureswith wordsanddoesnotrequireanintermediateclusteringstage Experiments
shav thatthe annotationperformanceof this continuousrelevancemodelis substantially
betterthanary othermodeltestedon the samedataset. It is almostanorderof magnitude
better(in termsof meanprecision}thana modelbasecdnword-blobco-occurrencenodel,
morethantwo anda half timesbetterthana stateof the art modelderived from machine
translationand1.6 timesasgoodasa discreteversionof the relevancemodel. The model
alsoallowsrankedretrieval in responséo atext queryandagainperformsmuchbetterthan
ary othermodelin thisregard. Our modelpermitsusto automaticallyassociatesemantics
(in termsof words)with picturesandis animportantbuilding stepin performingautomatic
objectrecognition.

2 RelatedWork

Recently there hasbeensomework on automaticallyannotatingimagesby looking at

the probability of associatingvordswith imageregions. Mori etal. [9] proposeda Co-

occurrenceModelin which they lookedat the co-occurrencef wordswith imageregions

createdusingaregulargrid. Duyguluetal [4] proposedo describeémagesusingavocab-
ulary of blobs. First, regionsare createdusing a segmentationalgorithmlike normalized
cuts. For eachregion, featuresare computedandthenblobs are generatedy clustering
the imagefeaturesfor theseregionsacrossimages. Eachimageis generatedy usinga

certainnumberof theseblobs. Their TranslationModel appliesone of the classicalstatis-
tical machinetranslationmodelsto translatefrom the setof keywordsof animageto the

setof blobsforming theimage.Jeonetal [5] insteadassumedhatthis couldbeviewedas

analogoudo the cross-linguaketrieval problemanduseda cross-mediaelevancemodel

(CMRM) to perform both imageannotationand ranked retrieval. They shaved that the

performanceof the model on the samedatasetwas considerablybetterthanthe models
proposedy Duyguluetal [4] andMori etal. [9]. Blei andJordan3] extendedhe Latent

Dirichlet Allocation (LDA) Model andproposeda CorrelationLDA modelwhich relates
wordsandimages.This modelassumethataDirichlet distribution canbeusedto generate
amixtureof latentfactors.This mixture of latentfactorsis thenusedto generatavordsand

regions. EM is againusedto estimatethis model. Blei andJordanshav a few examples
for labelingspeci ¢ regionsin animage.

The modelproposedn this paperis called Continuous-spac®&elezanceModel (CRM).
Themodelis closelyrelatedto modelsproposediy [3, 5], but thereareseveralimportant
differencesvhichwe will highlightin theremainderof this section.

On the surface, CRM appeargo be very similar to one of the intermediatemodelscon-
sideredby Blei andJordan[3]. Speci cally, their GM-mixture modelemploys a nearly
identicaldependencstructureamongthe randomvariablesinvolved. However, the topo-
logical structureof CRM is quite differentfrom the one employed by [3]. GM-mixture
assumes low-dimensionatopology leadingto a fully-parametricmodelwhere2000r so
“latentaspectsareestimatedisingthe EM algorithm.To contrasthat, CRM makesnoas-
sumptionsaboutthe topologicalstructure andleadsto a doubly non-parametri@pproach,
whereexpectationsare computedover every individual point in the training set. In that
regard,CRM appearsery similarto the cross-mediaelevancemodel(CMRM) [5], which
is also doubly non-parametric.Thereare two signi cant differencesbetweenCRM and
CMRM. First, CMRM is a discretemodeland cannottake advantageof continuousfea-
tures.In orderto useCMRM for imageannotatiorwe have to quantizecontinuoudeature



Figurel: A generatie modelof annotatedmages.Words  in the annotationarei.i.d.
sampledfrom the underlyingmultinomial. Image pixels are producedby rst picking a
setof i.i.d. featurevectors , thengeneratingmageregions from the
featurevectorsand nally stackingtheregionsontop of eachother

vectorsinto a discretevocalulary (similarly to the co-ocurrencendtranslation[4] mod-
els). CRM, ontheotherhand,directly modelscontinuousfeatures.The secondifference
is that CMRM relies on clusteringof the featurevectorsinto blobs Annotationquality
of the CMRM is very sensitve to clusteringerrors,anddependn beingableto a-priori

selecttheright clustergranularity:too mary clusterswill resultin exptremesparsenessf

thespacewhile too few will leadusto confusedifferentobjectsin theimages.CRM does
notrely on clusteringandconsequentlgloesnot suffer from the granularityissues.

We would lik e to stresghatthe differencebetweenCRM andpreviously discussednodels
is notmerelyconceptualln sectiond we will shav thatCRM performssigni cantly better
thanall previosly proposednodelsonthetasksof imageannotatiorandretrieval. To ensure
a fair comparisonwe useexactly the samedatasetand samefeaturerepresentationas
wereusedin [3, 4,5, 9].

3 A Model of Annotated Images

The purposeof this sectionis to introducea statisticalformalismthat will allow usto
model a relationshipbetweenthe contentsof a given image and the annotationof that
image. We will describeanapproacho learninga joint probability disdribution

over the regions of someimageandthewords in its annotation. Knowing the joint
distribution is thekey to solvingtwo importantreal-world problems:

1. Image Annotation. Supposeve aregivena new imagefor which no annotation
is provided. Thatis, we know , butdonotknow . Having ajoint distribution
allows usto computea conditionallikelihood which canthenbe usedto
guesghemostlikely annotation for theimagein question.Thenew annotation
canbepresentedo a user indexed,or usedfor retrieval purposes.

2. Image Retrieval. Supposeve aregivena collectionof un-annotatedmagesand
a text query consistingof a few keywords. Knowing the joint model of
imagesand annotationswe can computethe query likelihood for
everyimage in thedatasetWe canthenrankimagesn thecollectionaccording
to theirlik elihoodof having the queryasannotationresultingin a specialcaseof
thepopularLanguageModelingapproacho InformationRetrieval [6].

Theremainderof this sectionis organizedasfollows. In section3.1we discussour choice
of representatiofor imagesandtheir annotationsSection3.2 present@ generatie frame-
work for relatingimage regions with image annotations. Section3.3 provides detailed
estimategor the componentsf our model.

3.1 Representationof Imagesand Annotations

Let denotethe nite setof all possiblepixel colors. We assumethat includesone
“transparent’color , which will be handywhenwe have to layerimageregions. As



a matterof corveniencewe assumethat all imagesare of a x ed size 2 This
assumptiorallows usto represenary imageasanelementof a nite set . We
assumehat eachimagecontainsseveral distinct regions . Eachregion is itself
anelementof andcontainsthe pixels of someprominentobjectin theimage,all pixels
aroundtheobjectaresetto betransparentFor example,in Figurel we have ahypothetical
picturecontainingthreeprominentobjects:atiger, the sunandsomegrass.Eachobjectis
representebly itsownregion: forthesun, forthegrassand for thetiger. The nal
imageis theresultof stackingor layeringtheregionsontop of eachother, asshovn onthe
right sideof Figurel.

In our modelof images.a centralpartwill be playedby a specialfunction which maps
imageregions to real-\aluedvectors . Thevalue represents setof
featuies or characteristicsof animageregion. The featurescouldre ect the position of
anobjectregion, its relative size,a crudere ection of shapeaswell aspredominantolors
andtextures. For example,in Figurel theregion  (sun)is aroundobject,locatedin the
uppetright portionof theimage yellowishin colorwith asmoothtexture. Whenwe model
imagegeneratiorwe will treatthe outputof asagenemtor or a“recipe” for producing
a certaintype of image. For example,a featurevetor canbethoughtof asa
generatofor ary imageregionresemblinga sun-like objectin theupperleft corner

Finally, an annotationfor a givenimageis a setof words drawvn from some
nite vocalulary . We assumehatthe annotationdescribeshe objectsrepresentedby
regions . However, contraryto prior work [4, 3] we do notassumenunderlying
one-to-onecorrespondencketweerthe objectsin theimageannotatiorandwordsin the
annotationlnsteadwe areinterestedn modelingajoint probabilityfor observinga setof
imageregions togethemwith the setof annotationwords

3.2 A Model for Generating Annotated Images

Suppose is the training setof annotatedmages,andlet be anelementof . Ac-
cordingto the previoussection is representedsa setof imageregions
alongwith the correspondin@nnotation . We assumehatthe process
thatgenerated is basedon threedistinct probability distributions. First, we assumehat
thewordsin areani.i.d. randomsamplefrom someunderlyingmultinomial distribu-
tion . Secondtheregions areproducedrom a correspondingetof generator
vectors accordingto a process whichis independentf . Finally, the
generatowrectors arethemselesani.i.d. randomsamplefrom someunderlying
multi-variatedensityfunction
Now let denotetheregionsof someimage , whichis notin thetrain-
ing set . Similarly, let be somearbitrary sequencef words. We
wouldliketo model , thejoint probability of observinganimagede ned by
togethemwith annotatiorwords . We hypothesizehatthe obsenation came
from thesameprocesghatgeneratedneof theimages in thetrainingset . However,
we don't know which procesghatwas,andsowe computean expectationover all images
. Theoverall procesdor jointly generating and is asfollows:

1. Pickatrainingimage with someprobability
2. For :

(a) Picktheannotationword  from the multinomialdistribution
3. For :

(a) Sampleageneratovector from the probability density
(b) Picktheimageregion accordingo the probability

1Theassumptionsf nite colormapand x edimagesizecaneasilybe relaxed but requireargu-
mentsthatarebeyondthe scopeof this paper



Figurel shavs agraphicaldependengdiagramfor the generatie procesutlinedabove.
We shawv the procesf generatinga simpleimageconsistingof threeregionsanda corre-
sponding3-word annotation Note thatthe numberof wordsin theannotation ~ doesnot
haveto bethesameasthenumberof imageregions . Formally, the probabilityof ajoint
obsenation is givenby:

1)

3.3 Estimating Parametersof the Model
In this sectionwe will discusssimplebut effective estimationtechniquedor thefour com-

ponentsof the model: , and . is the probability of selectingthe
underlyingmodelof image to generatesomenew obsenation . In the absenceof
ary taskknowledgewe usea uniform prior , Where s thesizeof the
trainingset.
is a global probability distribution responsiblefor mappinggeneratorvectors
to actualimageregions . In our casefor every imageregion thereis only
one correspondingyenerator , SOwe canassumea particularly simpleform for
thedistribution
if
otherwise @
where is the numberof all regions in  suchthat . For the scopeof

the currentpaperwe do not attemptto reliably estimate , insteadwe assumat to bea
constanindependentf

is adensityfunctionresponsibldor generatinghe featurevectors , which
arelatermappedo imageregions  accordingto . We usea non-parametrikernel-
baseddensityestimatefor the distribution . Assuming to bethe setof
regionsof image we estimate:

= @)

Equation(3) arisesout of placinga Gaussiarkernelover the featurevector of every

region of image . Eachkernelis parametrizedy the featurecovariancematrix . As

a matterof corveniencewe assumed , Where is theidentity matrix. playes

therole of kernelbandwidth it determineshesmoothnessf  aroundthe supportpoint
. Thevalueof is selectecempiricallyon a held-outportionof thetrainingset

is the multinomial distribution thatis assumedo have generatedhe annotation
of image . We usea Bayesianframework for estimating . Let be

the simplex of all multinomialdistributionsover . We assumea Dirichlet prior over
thathasparameters . Here is aconstantselectecempirically and s the
relative frequeng of observingtheword in thetraining set. Introducingthe obsenation
resultsin a Dirichlet posteriorover with parameters . Here
is the numberof times occursin the obsenation . Computingthe expectation

overthis Dirichlet posteriorgivesusthefollowing Bayesiarestimatefor

(4)

4 Experimental Results
To provide ameaningfulcomparisorwith previously-reportedesults,we use,withoutary
modi cation, the dataseprovided by Duygulu et al.[4] 2. This allows usto comparethe

2Availableat http://www.cs.arizona.edu/peopletius/ research/data/ecc2002



Models Co-occurencg Translation] CMRM CRM
#wordswith recall 19 49 66 107 +62%
Resultson 49 bestwords,asin[1, 5]

Meanperword Recall - 0.34 0.48 0.70 +46%
Meanperword Precision - 0.20 0.40 0.59 +48%
Resultson all 260words
Meanperword Recall 0.02 0.04 0.09 | 0.19 +111%
Meanperword Precision 0.03 0.06 0.10 | 0.16 +60 %

Table1: Comparingrecall andprecisionof the four modelson the taskof automaticim-
ageannotation. Our model (CRM) substantiallyoutperformsall other models. Percent
improvementsareover the bestpreviously-reportedesults(CMRM).

performancef modelsin astrictly controlledmanner Thedatasetonsistof 5,000images
from 50 Corel Stock Photocds. Eachcd includes100 imageson the sametopic. Each
image containsan annotationof 1-5 keywords. Overall thereare 371 words. Prior to
modeling,everyimagein the datasets pre-sgmentednto regionsusinggeneral-purpose
algorithms,suchas normalizedcuts[11]. We usepre-computedeaturevector for
every sggmentedregion . The featuresetconsistsof 36 features:18 color features,12
texture featuresand 6 shapefeatures. For detailsof the featuresreferto [4]. Sincewe
directly modelthe generatiorof featurevectors,thereis no needto quantizefeaturedata,
aswasdonein [1, 4, 5]. We dividedthedataseinto 3 parts- with 4,000trainingsetimages,
500evaluationsetimagesand500imagesn thetestset. The evaluationsetis usedto nd
systemparametersAfter xing theparametersye memgedthe 4,000trainingsetand500
evaluationsetimagesto make a new training set. This correspondso the training setof
4500imagesandthetestsetof 500imagesusedby Duyguluetal [4].

4.1 Results: Automatic Image Annotation

In this sectionwe evaluatethe performanceof our modelon the taskof automaticimage
annotationWe aregivenanun-annotateimage andareaskedto automaticallyproduce

an annotation . The automaticannotationis thencomparedo the held-outhuman
annotation . We follow the experimentalmethodologyusedby[4, 5]. Givena setof
imageregions  we useequation(1) to arrive atthe conditionaldistribution . We

take the top 5 wordsfrom that distribution and call themthe automaticannotationof the
imagein question. Then, following [4], we computeannotationrecall and precisionfor

every word in the testingset. Recallis the numberof imagescorrectlyannotatedwvith a

givenword, divided by the numberof imagesthathave thatword in the humanannotation.
Precisionis thenumberof correctlyannotatedmagedividedby thetotalnumberof images
annotatedwith that particularword (correctly or not). Recall and precisionvaluesare
averagedver the setof testingwords.

We comparethe annotationperformanceof the four models: the Co-occurrencévlodel
[9], the TranslationModel [4], CMRM [5] andthe modelproposedn this paper(CRM).
We reportthe resultson two setsof words: the subsetof 49 bestwordswhich wasused
by[4, 5], andthe completesetof all 260wordsthatoccurin thetestingset. Table1l shavs
theperformancenbothword sets.The gures clearlyshav thatthe modelpresentedhere
(CRM) substabtiallyoutperformgheothermodelsandis theonly oneof thefour capableof
producingreasonableneanrecallandmeanprecisionnumbersvheneverywordin thetest
setis used.In Figure2we provide sampleannotationgor the two bestmodelsin thetable,
CMRM andCRM, shaving thatthe modelin this paperis considerablynoreaccurate.
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Figure2: The generatie modelbasedon contiuousfeature§ CRM) thatis proposechere
performssubstantiallybetterthanthe discretecross-mediaelevancemodel (CMRM) for
annotatingmagesn thetestset.

Querylength 1 word 2 words 3words 4 words

Numberof queries| 179 386 178 24

Relevantimages | 1675 1647 542 67
Precisiomafter5 retrievedimages

CMRM 0.1989 0.1306 0.1494 0.2083

CRM 0.2480 +25% | 0.1902 +45% | 0.1888 +26% | 0.2333 +12%

MeanAveragePrecision
CMRM 0.1697 0.1642 0.2030 0.2765
CRM 0.2353+39% | 0.2534 +54% | 0.3152+55% | 0.4471+61%

Table2: Comparingour modelto the Cross-MediagRelevanceModel (CMRM) on thetask
of imageretrieval. Our model outperformsthe CMRM modelby a wide margin on all
guerysets.Boldface gures markimprovementghatarestatisticallysigni cant according
to signtestwith acon denceof 99%( -value

4.2 Results: Ranked Retrieval of Images

In this sectionwe turn our attentionto the problemof ranked retrieval of images. In the
retrieval settingwe are given a text query and a testingcollection of un-annotated
images. For eachtestingimage we useequation(1) to getthe conditionalprobability
. All imagesin the collectionareranked accordingto the conditionallik eli-
hood . This canbethoughtof asa specialcaseof the popularLangaugeMod-
eling approacho InformationRetrieval, proposeddy Ponteand Croft[6]. In our retrieval
experimentswe do our bestto reproducehe samesettingsthatwereusedby Jeonet.al[g
in theirwork. Following[5], we usefour setsof queriesconstructedrom all 1-, 2-, 3- and
4-word combination®f wordsthatoccurat leasttwice in thetestingset. An imageis con-
sideredrelevantto a givenqueryif its manualannotationcontainsall of the querywords.
As our evaluationmetricswe useprecisionat 5 retrieved imagesandnon-interpolatedw-
erageprecisiort, averagedover the entire query set. Precisionat 5 documentss a good
measuref performancdor a casualuserwho is interestedn retrieving a coupleof rele-
vantitemswithout looking attoo muchjunk. Averageprecisionis moreappropriateor a
professionaliserwhowantsto nd alarge proportionof relevantitems.

Table 2 shavs the performancenf our modelon the four query sets,contrastedvith per
formanceof the CMRM[5] baselineon the samedata. Baselineperformancegures are
guoteddirectly from thetablesin[5]. We obsene thatour modelsubstantiallyoutperforms
theCMRM baselineon every queryset.Improvementsn averageprecisionareparticularly
impressve, our modeloutperformghe baselineby 40 - 60 percent.All improvementon
1-, 2- and3-word queriesarestatisticallysigni cant basedn a signtestwith a -valueof

3Averageprecisionis the averageof precisionvaluesat therankswhererelevantitemsoccur



Figure3: Example:top 5 imagesretrievedin responceo text query“carstrack”

0.01.We arealsovery encouragethy theprecisionour modelshavs at5 retrievedimages:
precisionvaluesaround0.2 suggesthatan averagequeryalwayshasa relevantimagein
thetop 5. Figure3 shovstop 5 imagesretrievedin responséo thetext query“carstrack”.

5 Conclusionsand Future Work

We have proposed new statisticalgeneratre modelfor learningthe semanticof images.
We showed that this modelworks signi cantly betterthana numberof othermodelsfor

imageannotatiorandretrieval. Our modelworksdirectly on the continuoudeatures.Fu-

turework will includethe extensionof this work to larger datasetgbothtraining andtest
data). We believe this is neededboth for bettercoverageand an evaluationof how such
algorithmsextendto large datasets. Improved featuresetsmay also lead to substantial
improvementsn performance.

6 Acknowledgments

WethankKobusBarnardfor makingtheir datasef4] available. Thiswork wassupportedn
partby theCenterfor IntelligentinformationRetrieval, by theNationalSciencd-oundation
undergrant NSF 11S-9909073and by SFAWARSYSCEN-SDundergrantsN66001-99-
1-8912and N66001-02-1-8903 Jiwoon Jeonis partially supportecby the Government
of Korea. Any opinions, ndings andconclusionsor recommendationsxpressedn this
materialarethe author(s)anddo not necessarilye ect thoseof the sponsor

References

[1] K. Barnard,P. Duygulu,N. deFreitas,D. Forsyth,D. Blei, andM. I. Jordan.Matchingwords
andpictures.Journal of Machine LearningResearh, 3:1107-11352003.

[2] D. Blei (2003) PrivateCommunication.

[3] D. Blei, andM. I. Jordan.(2003) Modeling annotatedlata. In Proceedingf the 26th Intl.
ACM SIGIRConf, pagesl27-1342003

[4] P.Duygulu,K. BarnardN. deFreitas,andD. Forsyth. Objectrecognitionasmachinetransla-
tion: Learningalexiconfor a x edimagevocahulary. In SeventhEuropeanConf on Computer
\ision, pages97-112,2002.

[5] J.Jeon,V. Lavrenko and R. Manmatha.(2003) Automatic Image Annotationand Retrieval
using Cross-MediaReleranceModels In Proceedingsof the 26th Intl. ACM SIGIR Conf,
pagesl19-1262003

[6] PonteJ.M. andCroft, W. B. (1998). A languagenodelingapproactto informationretrieval.
Proceedingsf the21stintl. ACM SIGIR Conf.,page<275-281.

[7] V. Lavrenlko andW. Croft. Relevance-basethnguagemodels. Proceedingsf the 24th Intl.
ACM SIGIRConf, pagesl20-127,2001.

[8] V. Lavrenko, M. ChoquetteandW. Croft. Cross-linguatelevancemodels.Proceeding®f the
25thintl. ACM SIGIRContf, pagesl75-1822002.

[9] Y.Mori, H. TakahashiandR. Oka.lmage-to-vord transformatiorbasedndividing andvector
quantizingimageswith words. In MISRM'99 Fir st Intl. Workshopon Multimedia Intelligent
Storage and Retrieval Management 1999.

[10] H. Schneidermant. Kanade.A StatisticalMethodfor 3D ObjectDetectionAppliedto Faces
andCars.Proc.|EEE CVPR2000:1746-1759

[11] J.ShiandJ.Malik. Normalizedcutsandimagesegmentation.IEEE Transactionson Pattern
AnalysisandMachine Intelligence 22(8):888-9052000.



