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Abstract
We proposean approachto learningthesemanticsof imageswhich al-
lowsusto automaticallyannotateanimagewith keywordsandto retrieve
imagesbasedon text queries.We do this usinga formalismthatmodels
thegenerationof annotatedimages.We assumethatevery imageis di-
videdinto regions,eachdescribedby acontinuous-valuedfeaturevector.
Givenatrainingsetof imageswith annotations,wecomputeajoint prob-
abilisticmodelof imagefeaturesandwordswhichallow usto predictthe
probabilityof generatinga word given the imageregions. This may be
usedto automaticallyannotateand retrieve imagesgiven a word as a
query. Experimentsshow that our modelsigni�cantly outperformsthe
bestof the previously reportedresultson the tasksof automaticimage
annotationandretrieval.

1 Intr oduction
Historically, librarianshave retrievedimagesby �rst manuallyannotatingthemwith key-
words. Givena query, theseannotationsareusedto retrieve appropriatepictures.Under-
lying this approachis thebelief thatthewordsassociated(manually)with a pictureessen-
tially capturethesemanticsof thepictureandany retrieval basedon thesekeywordswill,
therefore,retrieverelevantpictures.Sincemanualimageannotationis expensive,therehas
beengreatinterestin comingup with automaticwaysto retrieve imagesbasedon content.
Queriesbasedon imageconceptslike color or texture have beenproposedfor retrieving
imagesby contentbut mostusers�nd it dif�cult to queryusingsuchvisualattributes.Most
peoplewould prefer to posetext queriesand �nd imagesrelevant to thosequeries. For
example,oneshouldbe ableto posea querylike “�nd me carson a racetrack”. This is
dif�cult if not impossiblewith many of thecurrentimageretrieval systemsandhencehas
not led to widespreadadoptionof thesesystems.We proposea modelwhich looksat the
probability of associatingwordswith imageregions. Singlepixels andregionsareoften
hardto interpret.Thesurroundingcontext oftensimpli�es the interpretationof regionsas
aspeci�c objects.For example,theassociationof a regionwith theword tiger is increased
by thefactthatthereis a grassregion anda waterregion in thesameimageandshouldbe
decreasedif insteadthereis a region correspondingto the interior of anaircraft. Thusthe
associationof differentregionsprovidescontext while theassociationof wordswith image
regionsprovidesmeaning.Our modelcomputesa joint probabilityof imagefeaturesover
differentregionsin animageusinga trainingsetandusesthis joint probabilityto annotate
andretrieve images.

Moreformally, weproposeastatisticalgenerativemodelto automaticallylearntheseman-
tics of images- that is, for annotatingand retrieving imagesbasedon a training set of
images.We assumethat an imageis segmentedinto regions(althoughthe regionscould



simply be a partitionof the image)andthat featuresarecomputedover eachof thesere-
gions.Givena trainingsetof imageswith annotations,we show thatprobabilisticmodels
allow us to predicttheprobabilityof generatinga word giventhefeaturescomputedover
differentregionsin animage.This maybeusedto automaticallyannotateandretrieve im-
agesgivena word asa query. We show that thecontinuousrelevancemodel- a statistical
generativemodelrelatedto relevancemodelsin informationretrieval - allows usto derive
theseprobabilitiesin a naturalway. Themodelproposedheredirectly associatescontinu-
ousfeatureswith wordsanddoesnot requireanintermediateclusteringstage.Experiments
show that theannotationperformanceof this continuousrelevancemodelis substantially
betterthanany othermodeltestedon thesamedataset.It is almostanorderof magnitude
better(in termsof meanprecision)thanamodelbasedonword-blobco-occurrencemodel,
morethantwo anda half timesbetterthana stateof theart modelderivedfrom machine
translationand1.6 timesasgoodasa discreteversionof therelevancemodel.Themodel
alsoallowsrankedretrieval in responseto atext queryandagainperformsmuchbetterthan
any othermodelin this regard.Our modelpermitsusto automaticallyassociatesemantics
(in termsof words)with picturesandis animportantbuilding stepin performingautomatic
objectrecognition.

2 RelatedWork
Recently, therehasbeensomework on automaticallyannotatingimagesby looking at
the probability of associatingwordswith imageregions. Mori et al. [9] proposeda Co-
occurrenceModel in which they lookedat theco-occurrenceof wordswith imageregions
createdusinga regulargrid. Duyguluet al [4] proposedto describeimagesusinga vocab-
ulary of blobs. First, regionsarecreatedusinga segmentationalgorithmlike normalized
cuts. For eachregion, featuresarecomputedandthenblobsaregeneratedby clustering
the imagefeaturesfor theseregionsacrossimages. Eachimageis generatedby usinga
certainnumberof theseblobs.Their TranslationModelappliesoneof theclassicalstatis-
tical machinetranslationmodelsto translatefrom thesetof keywordsof an imageto the
setof blobsforming theimage.Jeonet al [5] insteadassumedthatthis couldbeviewedas
analogousto thecross-lingualretrieval problemanduseda cross-mediarelevancemodel
(CMRM) to performboth imageannotationandranked retrieval. They showed that the
performanceof the model on the samedatasetwasconsiderablybetterthan the models
proposedby Duyguluet al [4] andMori etal. [9]. Blei andJordan[3] extendedtheLatent
Dirichlet Allocation (LDA) Model andproposeda CorrelationLDA modelwhich relates
wordsandimages.ThismodelassumesthataDirichlet distributioncanbeusedto generate
amixtureof latentfactors.Thismixtureof latentfactorsis thenusedto generatewordsand
regions. EM is againusedto estimatethis model. Blei andJordanshow a few examples
for labelingspeci�c regionsin animage.

The modelproposedin this paperis calledContinuous-spaceRelevanceModel (CRM).
Themodelis closelyrelatedto modelsproposedby [3, 5], but thereareseveral important
differenceswhichwe will highlight in theremainderof this section.

On the surface,CRM appearsto be very similar to oneof the intermediatemodelscon-
sideredby Blei andJordan[3]. Speci�cally, their GM-mixture modelemploys a nearly
identicaldependencestructureamongtherandomvariablesinvolved. However, the topo-
logical structureof CRM is quite different from the oneemployed by [3]. GM-mixture
assumesa low-dimensionaltopology, leadingto a fully-parametricmodelwhere200or so
“latentaspects”areestimatedusingtheEM algorithm.To contrastthat,CRM makesnoas-
sumptionsaboutthetopologicalstructure,andleadsto a doublynon-parametricapproach,
whereexpectationsarecomputedover every individual point in the training set. In that
regard,CRM appearsverysimilar to thecross-mediarelevancemodel(CMRM) [5], which
is alsodoubly non-parametric.Thereare two signi�cant differencesbetweenCRM and
CMRM. First, CMRM is a discretemodelandcannottake advantageof continuousfea-
tures.In orderto useCMRM for imageannotationwe have to quantizecontinuousfeature
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Figure1: A generative modelof annotatedimages.Words ��� in theannotationarei.i.d.
sampledfrom the underlyingmultinomial. Imagepixels areproducedby �rst picking a
setof i.i.d. featurevectors ���	��
�
�
 ��
�� , thengeneratingimageregions ������
�
�
 ��
�� from the
featurevectors,and�nally stackingtheregionson topof eachother.

vectorsinto a discretevocabulary (similarly to theco-ocurrenceandtranslation[4] mod-
els). CRM, on theotherhand,directly modelscontinuousfeatures.Theseconddifference
is that CMRM relieson clusteringof the featurevectorsinto blobs. Annotationquality
of theCMRM is very sensitive to clusteringerrors,anddependson beingableto a-priori
selecttheright clustergranularity:too many clusterswill resultin exptremesparsenessof
thespace,while too few will leadusto confusedifferentobjectsin theimages.CRM does
not rely onclusteringandconsequentlydoesnot suffer from thegranularityissues.

We would like to stressthatthedifferencebetweenCRM andpreviouslydiscussedmodels
is notmerelyconceptual.In section4 wewill show thatCRM performssigni�cantly better
thanall previoslyproposedmodelsonthetasksof imageannotationandretrieval. Toensure
a fair comparison,we useexactly the samedatasetandsamefeaturerepresentationsas
wereusedin [3, 4, 5, 9].

3 A Model of Annotated Images
The purposeof this sectionis to introducea statisticalformalism that will allow us to
model a relationshipbetweenthe contentsof a given imageand the annotationof that
image. We will describeanapproachto learninga joint probabilitydisdribution �����������

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

1. Image Annotation. Supposewe aregivena new imagefor which no annotation
is provided. That is, we know � , but do not know � . Having a joint distribution
allows usto computea conditionallikelihood �����"! �#� which canthenbeusedto
guessthemostlikely annotation� for theimagein question.Thenew annotation
canbepresentedto a user, indexed,or usedfor retrieval purposes.

2. Image Retrieval. Supposewe aregivena collectionof un-annotatedimagesand
a text query ��$ % & consistingof a few keywords. Knowing the joint model of
imagesandannotations,we can computethe query likelihood �����

$ % &
! �('�� for

everyimage ) in thedataset.Wecanthenrankimagesin thecollectionaccording
to their likelihoodof having thequeryasannotation,resultingin aspecialcaseof
thepopularLanguageModelingapproachto InformationRetrieval [6].

Theremainderof this sectionis organizedasfollows. In section3.1we discussourchoice
of representationfor imagesandtheirannotations.Section3.2presentsagenerativeframe-
work for relating imageregions with imageannotations.Section3.3 provides detailed
estimatesfor thecomponentsof our model.

3.1 Representationof Imagesand Annotations

Let * denotethe �nite set of all possiblepixel colors. We assumethat * includesone
“transparent”color +-, , which will be handywhen we have to layer imageregions. As



a matterof convenience,we assumethat all imagesare of a �x ed size .0/21 .1 This
assumptionallowsusto representany imageasanelementof a �nite set 3547698;:=< . We
assumethateachimagecontainsseveral distinct regions

�#>�?�@�@�@ >�A

� . Eachregion is itself
anelementof 3 andcontainsthepixelsof someprominentobjectin theimage,all pixels
aroundtheobjectaresetto betransparent.For example,in Figure1 wehaveahypothetical
picturecontainingthreeprominentobjects:a tiger, thesunandsomegrass.Eachobjectis
representedby its own region:

>(?

for thesun,
>�B

for thegrass,and
>�C

for thetiger. The�nal
imageis theresultof stackingor layeringtheregionson topof eachother, asshown on the
right sideof Figure1.

In our modelof images,a centralpartwill beplayedby a specialfunction D which maps
imageregions

>"E

3 to real-valuedvectorsF

EHG IKJ

. The value DML

>(N

representsa setof
features, or characteristicsof an imageregion. The featurescould re�ect the positionof
anobjectregion,its relativesize,acrudere�ection of shape,aswell aspredominantcolors
andtextures.For example,in Figure1 theregion

>�?

(sun)is a roundobject,locatedin the
upper-right portionof theimage,yellowishin colorwith asmoothtexture.Whenwemodel
imagegenerationwe will treattheoutputof D asa generator or a “recipe” for producing
a certaintype of image. For example,a featurevetor F

?

4ODML

>#?�N

canbe thoughtof asa
generatorfor any imageregionresemblinga sun-likeobjectin theupper-left corner.

Finally, an annotationfor a given imageis a setof words
��P

?
@�@�@ P�Q

� drawn from some
�nite vocabulary R . We assumethat the annotationdescribesthe objectsrepresentedby
regions

�#>�?�@�@�@ >�A

� . However, contraryto prior work [4, 3] wedonotassumeanunderlying
one-to-onecorrespondencebetweentheobjectsin the imageannotationandwordsin the
annotation.Instead,weareinterestedin modelinga joint probabilityfor observingasetof
imageregions

��>
?

@�@�@ >
A

� togetherwith thesetof annotationwords
�#P

?
@�@�@ P�Q

� .

3.2 A Model for GeneratingAnnotated Images

SupposeS is the training setof annotatedimages,and let T be an elementof S . Ac-
cordingto theprevioussectionT is representedasa setof imageregions U�VW4

��>
?

@�@�@ >
A

�

alongwith thecorrespondingannotationX
V

4

��PY?�@�@�@ P
Q

� . We assumethat theprocess
thatgeneratedT is basedon threedistinctprobabilitydistributions. First, we assumethat
thewordsin X�V arean i.i.d. randomsamplefrom someunderlyingmultinomialdistribu-
tion Z\[]L_^�` T

N

. Second,the regions U�V areproducedfrom a correspondingsetof generator
vectorsF

?�@�@�@

F

A

accordingto a processZ\abL

>�c

` F

cdN

which is independentof T . Finally, the
generatorvectorsF

?
@�@�@

F

A

arethemselvesan i.i.d. randomsamplefrom someunderlying
multi-variatedensityfunction Z9efLg^h` T

N

.
Now let U�ij4

��>�?#@�@�@ >�A�k

� denotetheregionsof someimage l , which is not in thetrain-
ing set S . Similarly, let X�mn4

��PY?�@�@�@ PoAqp

� be somearbitrarysequenceof words. We
would like to model Z�LrU

its
X

i

N

, thejoint probabilityof observinganimagede�ned by U
i

togetherwith annotationwords X
m . We hypothesizethattheobservation

�

U
ius

X
m

� came
from thesameprocessthatgeneratedoneof theimagesTuv in thetrainingset S . However,
we don't know which processthatwas,andsowe computeanexpectationoverall images

T

E

S . Theoverallprocessfor jointly generatingX
m and U

i is asfollows:

1. Picka trainingimage T

E

S with someprobability ZtwxLdT

N

2. For yo4{z

@�@�@}|

m :

(a) Pick theannotationword
PY~

from themultinomialdistribution Z•[uL_^�` T

N

.

3. For €•4‚z

@�@�@}|

i :

(a) Sampleageneratorvector F�ƒ from theprobabilitydensityZ9e„L_^�` T

N

.
(b) Pick theimageregion

>

ƒ accordingto theprobability Z
a

L

>

ƒ�` F�ƒ

N

1Theassumptionsof �nite colormapand�x edimagesizecaneasilyberelaxedbut requireargu-
mentsthatarebeyondthescopeof this paper.



Figure1 showsagraphicaldependency diagramfor thegenerativeprocessoutlinedabove.
We show theprocessof generatinga simpleimageconsistingof threeregionsanda corre-
sponding3-wordannotation.Notethatthenumberof wordsin theannotation

|

m doesnot
haveto bethesameasthenumberof imageregions

|

i . Formally, theprobabilityof a joint
observation

�

U ius X m � is givenby:

Z�L�U i]s X m

N

4†…

V�‡qw

Z\wYLdT

N

A p

ˆ

~d‰ ?

Z„[uL

Px~

` T

N

A k

ˆ

ƒ

‰ ?�Š	‹ ŒŽ•

Z a L

>

ƒ�` F�ƒ

N

Z•eŽL�F�ƒ=` T

N}•

F�ƒ (1)

3.3 Estimating Parametersof the Model

In this sectionwewill discusssimplebut effectiveestimationtechniquesfor thefour com-
ponentsof the model: Z w , Z [ , Z e and Z„a . Z w LdT

N

is the probability of selectingthe
underlyingmodelof image T to generatesomenew observation U s X . In the absenceof
any taskknowledgewe usea uniform prior ZtwxL•T

N

4Oz�‘“’”w , where ’”w is thesizeof the
trainingset.

Z„aKL

>

` F

N

is a global probability distribution responsiblefor mappinggeneratorvectors
F

EfG I•J

to actualimageregions
>�E

3 . In our casefor every imageregion
>

thereis only
onecorrespondinggeneratorF–4ODML

>(N

, so we canassumea particularlysimpleform for
thedistribution Z

a :

Z
a

L

>

` F

N

4˜—

z�‘-’š™ if DML

>#N

4jF

›

otherwise (2)

where ’
™ is the numberof all regions

>(œ

in 3 suchthat DML

>#œhN

4•F . For the scopeof
thecurrentpaperwe do not attemptto reliably estimate’

™ , insteadwe assumeit to bea
constantindependentof F .

Z
e

Lg^h` T

N

is a densityfunctionresponsiblefor generatingthefeaturevectorsF

?�@�@�@

F

A

, which
arelatermappedto imageregions UqV accordingto Z

a . We usea non-parametrickernel-
baseddensityestimatefor thedistribution Z9e . AssumingU(Vž4

�#>
?

@�@�@ >
A

� to bethesetof
regionsof image T we estimate:

Z
e

LhFf` T

N

4

z

|

A

…

c
‰

?

z

Ÿ  

J�¡ŽJ

` ¢•`r£-¤	¥š¦

LhFK§¨DML

>�c_N N}©

¢Yª

?

L�FK§«DML

>�c_N}N�¬

(3)

Equation(3) arisesout of placinga Gaussiankernelover thefeaturevector DML

>
c

N

of every
region of image T . Eachkernel is parametrizedby the featurecovariancematrix ¢ . As
a matterof conveniencewe assumed¢˜4˜­u^

G

, where
G

is the identity matrix. ­ playes
therole of kernelbandwidth: it determinesthesmoothnessof Z

e aroundthesupportpoint
DML

>
c

N

. Thevalueof ­ is selectedempiricallyonaheld-outportionof thetrainingset S .

Z\[tL_^�` T

N

is the multinomial distribution that is assumedto have generatedthe annotation
X®V of image T

E

S . We usea Bayesianframework for estimatingZ9[uL_^�` T

N

. Let
G

Z

[ be
thesimplex of all multinomialdistributionsover R . We assumea Dirichlet prior over

G

Z

[

thathasparameters
��¯	°²±b³�´µE

Rx� . Here
¯

is a constant,selectedempirically, and
°¶±

is the
relative frequency of observingtheword

´

in thetrainingset. Introducingtheobservation
X®V resultsin a Dirichlet posteriorover

G

Z

[ with parameters
��¯	°

±Y·

’

±�¸

V

³²´�E

Rx� . Here
’

±�¸

V is thenumberof times
´

occursin theobservation X¹V . Computingtheexpectation
over this Dirichlet posteriorgivesusthefollowing Bayesianestimatefor Z

[ :

Z\[uL

´

` T

N

4

¯	°
±�·

’

±�¸

V

¯
·jº

±“»

’

±
»

¸

V

(4)

4 Experimental Results
To provideameaningfulcomparisonwith previously-reportedresults,weuse,withoutany
modi�cation, the datasetprovidedby Duyguluet al.[4] 2. This allows us to comparethe

2Availableat http://www.cs.arizona.edu/people/kobus/ research/data/eccv2002



Models Co-occurence Translation CMRM CRM
#wordswith recall ¼

›

19 49 66 107 +62%
Resultson49bestwords,asin[1, 5]

Meanper-wordRecall - 0.34 0.48 0.70 +46%
Meanper-wordPrecision - 0.20 0.40 0.59 +48%

Resultsonall 260words
Meanper-wordRecall 0.02 0.04 0.09 0.19 +111%
Meanper-wordPrecision 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 thebestpreviously-reportedresults(CMRM).

performanceof modelsin astrictly controlledmanner. Thedatasetconsistsof 5,000images
from 50 Corel StockPhotocds. Eachcd includes100 imageson the sametopic. Each
imagecontainsan annotationof 1-5 keywords. Overall thereare 371 words. Prior to
modeling,every imagein thedatasetis pre-segmentedinto regionsusinggeneral-purpose
algorithms,suchasnormalizedcuts [11]. We usepre-computedfeaturevector DML

>(N

for
every segmentedregion

>

. The featuresetconsistsof 36 features:18 color features,12
texture featuresand6 shapefeatures. For detailsof the featuresrefer to [4]. Sincewe
directly modelthegenerationof featurevectors,thereis no needto quantizefeaturedata,
aswasdonein [1, 4, 5]. Wedividedthedatasetinto 3 parts- with 4,000trainingsetimages,
500evaluationsetimagesand500imagesin thetestset.Theevaluationsetis usedto �nd
systemparameters.After �xing theparameters,we mergedthe4,000trainingsetand500
evaluationsetimagesto make a new trainingset. This correspondsto the trainingsetof
4500imagesandthetestsetof 500imagesusedby Duyguluet al [4].

4.1 Results:Automatic ImageAnnotation

In this sectionwe evaluatetheperformanceof our modelon the taskof automaticimage
annotation.We aregivenanun-annotatedimage T andareaskedto automaticallyproduce
an annotationX

ƒ�½�¾�¿ . The automaticannotationis thencomparedto the held-outhuman
annotationX�V . We follow the experimentalmethodologyusedby[4, 5]. Given a setof
imageregions U�V weuseequation(1) to arriveat theconditionaldistribution Z�L

P

` UqV

N

. We
take the top 5 wordsfrom that distribution andcall themthe automaticannotationof the
imagein question. Then, following [4], we computeannotationrecall andprecisionfor
every word in the testingset. Recall is the numberof imagescorrectlyannotatedwith a
givenword,dividedby thenumberof imagesthathavethatword in thehumanannotation.
Precisionis thenumberof correctlyannotatedimagesdividedby thetotalnumberof images
annotatedwith that particularword (correctly or not). Recall and precisionvaluesare
averagedover thesetof testingwords.

We comparethe annotationperformanceof the four models: the Co-occurrenceModel
[9], theTranslationModel [4], CMRM [5] andthemodelproposedin this paper(CRM).
We reportthe resultson two setsof words: the subsetof 49 bestwordswhich wasused
by[4, 5], andthecompletesetof all 260wordsthatoccurin thetestingset.Table1 shows
theperformanceonbothwordsets.The�gures clearlyshow thatthemodelpresentedhere
(CRM)substabtiallyoutperformstheothermodelsandis theonlyoneof thefour capableof
producingreasonablemeanrecallandmeanprecisionnumberswheneverywordin thetest
setis used.In Figure2we providesampleannotationsfor thetwo bestmodelsin thetable,
CMRM andCRM, showing thatthemodelin this paperis considerablymoreaccurate.
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Figure2: Thegenerative modelbasedon contiuousfeatures(CRM) that is proposedhere
performssubstantiallybetterthanthediscretecross-mediarelevancemodel(CMRM) for
annotatingimagesin thetestset.

Querylength 1 word 2 words 3 words 4 words
Numberof queries 179 386 178 24
Relevantimages 1675 1647 542 67

Precisionafter5 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 theCross-MediaRelevanceModel (CMRM) on thetask
of imageretrieval. Our model outperformsthe CMRM model by a wide margin on all
querysets.Boldface�gures markimprovementsthatarestatisticallysigni�cant according
to signtestwith a con�denceof 99%(

°

-value À

›

@

›

z

N

.

4.2 Results:Ranked Retrieval of Images

In this sectionwe turn our attentionto the problemof ranked retrieval of images.In the
retrieval settingwe aregiven a text query X®Á Â Ã anda testingcollectionof un-annotated
images.For eachtestingimage T we useequation(1) to get the conditionalprobability

Z�L�X
Á Â Ã

` U
V

N

. All imagesin the collectionareranked accordingto the conditionallikeli-
hood Z�L�X®Á}Â�Ã=` U(V

N

. Thiscanbethoughtof asa specialcaseof thepopularLangaugeMod-
eling approachto InformationRetrieval, proposedby PonteandCroft[6]. In our retrieval
experimentswe do our bestto reproducethesamesettingsthatwereusedby Jeonet.al[5]
in theirwork. Following[5], we usefour setsof queries,constructedfrom all 1-, 2-, 3- and
4-wordcombinationsof wordsthatoccurat leasttwice in thetestingset.An imageis con-
sideredrelevantto a givenqueryif its manualannotationcontainsall of thequerywords.
As our evaluationmetricswe useprecisionat 5 retrievedimagesandnon-interpolatedav-
erageprecision3, averagedover the entirequeryset. Precisionat 5 documentsis a good
measureof performancefor a casualuserwho is interestedin retrieving a coupleof rele-
vant itemswithout looking at too muchjunk. Averageprecisionis moreappropriatefor a
professionaluserwhowantsto �nd a largeproportionof relevantitems.

Table2 shows theperformanceof our modelon the four querysets,contrastedwith per-
formanceof the CMRM[5] baselineon the samedata. Baselineperformance�gures are
quoteddirectly from thetablesin[5]. We observethatourmodelsubstantiallyoutperforms
theCMRM baselineoneveryqueryset.Improvementsin averageprecisionareparticularly
impressive, our modeloutperformsthebaselineby 40 - 60 percent.All improvementson
1-, 2- and3-word queriesarestatisticallysigni�cant basedon a signtestwith a

°

-valueof

3Averageprecisionis theaverageof precisionvaluesat therankswhererelevantitemsoccur.



Figure3: Example:top5 imagesretrievedin responceto text query“carstrack”

0.01.Wearealsoveryencouragedby theprecisionourmodelshowsat5 retrievedimages:
precisionvaluesaround0.2 suggestthatan averagequeryalwayshasa relevant imagein
thetop5. Figure3 showstop5 imagesretrievedin responseto thetext query“carstrack”.

5 Conclusionsand Future Work
We haveproposeda new statisticalgenerativemodelfor learningthesemanticsof images.
We showed that this modelworks signi�cantly betterthana numberof othermodelsfor
imageannotationandretrieval. Our modelworksdirectly on thecontinuousfeatures.Fu-
turework will includetheextensionof this work to largerdatasets(both trainingandtest
data). We believe this is neededboth for bettercoverageandan evaluationof how such
algorithmsextend to large datasets. Improved featuresetsmay also lead to substantial
improvementsin performance.
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