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Abstract

We consider the problem of modeling annotated data|data with multiple
typeswhere the instanceof one type (such asa caption) servesasa description
of the other type (such asan image). We describe three hierarchical probabilis-
tic mixture modelsthat are aimed at such data, culminating in the Corr-LD A
model, a latent variable model that is e�ectiv e at modeling the joint distribu-
tion of both typesand the conditional distribution of the annotation given the
primary type. We take an empirical Bayesapproach to �nding parameter esti-
mates and conduct experiments in held-out likelihood, automatic annotation,
and text-based imageretrieval using the Corel databaseof imagesand captions.

1 In tro duction

Traditional methods of information retrieval and organization are tailored to e�ec-
tiv ely represent and analyzea document in (high-dimensional)word-space.Modern
algorithms for thesetasks, however, must addressthat a document is not merely a
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collection of words, but can be a collection of related text, images,audio, and cross-
references.Performing tasks such as retrieval, classi�cation, and clustering requires
methods of representing multiple typesof high-dimensionaldata and successfullyas-
sociating similar data of di�eren t types.

In previous work, generative probabilistic models have played an important role
in modeling this type of data, often referredto asdyadic or relational. Several models
have been developed that jointly cluster the di�eren t types, �nding latent variable
representations that capture low-dimensionalprobabilistic relationshipsamonginter-
acting setsof variables(Barnard et al., 2002;Brochu and de Freitas, 2003;Cohn and
Hofmann, 2001;Taskar et al., 2001).

In many problems,however, the overall goal is to �nd a conditional relationship
between types, and in such casesimproved performancemay be found in methods
with a more discriminative 
a vor. In particular, correlated data sets often involve
annotation, in which the annotation type servesasa description of the primary type.
Examples include imagesand their captions, papers and their bibliographies, and
genesand their functions. The (discriminative) goal is to build a model that can
provide a description of an unannotated instance of the primary type (e.g., label a
new image or �nd imagesthat are relevant to a query of words). Yet much of the
problem in such domains is to �nd good low-dimensionalrepresentations on which
such conditional relationships can be built, a task that has more commonly been
addressedwithin the generative tradition.

In this paper, we exploretheseissuesin the context of modeling imagesand their
captions. We build a set of increasinglysophisticatedmodelsfor data in this domain,
culminating in correspondence latent Dirichlet allocation (Corr-LD A ), a model that
�nds conditional relationshipsbetweenlatent variable representations of setsof image
regionsand setsof words. We show that, in this classof models, only Corr-LD A
succeedsin providing both an excellent �t of the joint data and an e�ectiv econditional
model of the caption given an image. We demonstrate its use in automatic image
annotation, automatic region annotation, and text-basedimageretrieval.

2 Image/Caption data

Our work hasfocusedon imagesand their captionsfrom the Coreldatabase.Following
previouswork (Barnard et al., 2002),each imageis segmented into regionsby the N-
cuts algorithm (Shi and Malik, 2000). For each region,wecomputea setof real-valued
featuresrepresenting visual propertiessuch assize,position, color, texture, and shape.
Each image and its corresponding caption is represented as a pair (r ; w). The �rst
element r = f r 1; : : : ; rN g is a collection of feature vectorsassociated with the regions
of the image. The secondelement w = f w1; : : : ; wM g is the collection of words of the
caption.

2



We considerhierarchical probabilistic modelsof image/caption data which involve
mixtures over underlying discreteand continuousvariables. Conditional on the values
of theselatent variables, the region feature vectorsare assumedto be distributed as
a multiv ariate Gaussiandistribution with diagonalcovariance,and the caption words
are assumedto be distributed as a multinomial distribution over the vocabulary.

We are interested in models that can perform three tasks: modeling the joint
distribution of an image and its caption, modeling the conditional distribution of
words given an image, and modeling the conditional distribution of words given a
particular regionof an image. The �rst task canbeusefulfor clusteringandorganizing
a largedatabaseof images.The secondtask is useful for automatic imageannotation
and text-based image retrieval. The third task is useful for automatically labeling
and identifying a particular region of an image.

3 Generativ e mo dels

In this section,we describe two hierarchical mixture models of image/caption data,
noting their strengthsand limitations with respect to the three tasksdescribedabove.
We introducea third model, correspondence latent Dirichlet allocation, in which the
underlying probabilistic assumptionsare appropriate for all three tasks.

3.1 A Gaussian-m ultinomial mixture mo del

We begin by consideringa simple �nite mixture model|the model on which most
previous work in probabilistic modeling of multi-t ype data is based(Barnard et al.,
2002;Brochu and deFreitas, 2003;Taskar et al., 2001). In this model|the Gaussian-
multinomial mixture (GM-Mixture ) shown in Figure 1|a single discrete latent
variable z is used to represent a joint clustering of an image and its caption. As
shown in the �gure, an image/caption is assumedto be generatedby �rst choosing
a value of z, and then repeatedly sampling M region descriptionsr m and N caption
words wn conditional on the chosenvalue of z. The variable z is sampledonceper
image/caption, and is held �xed during the processof generating its components.
The joint distribution of the hidden factor z and the image/caption (r ; w) is:

p(z; r ; w) = p(z j � )
Q N

n=1 p(rn j z; �; � )
Q M

m=1 p(wm j z; � ): (1)

Given a number of desiredfactorsK and a corpusof images/captions,the param-
etersof a GM-Mixture model can be estimatedby the EM algorithm1 This yields
K Gaussiandistributions over featuresand K multinomial distributions over words

1In Section4.2.1,we considerBayesianversionsof all of our modelsin which somethe parameters
are endowed with prior distributions.
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Figure 1: The GM-Mixture model of imagesand captions. Following the standard graphical model
formalism, nodesrepresent random variablesand edgesindicate possibledependence.Shadednodes
are observed random variables; unshadednodesare latent random variables. The joint distribution
can be obtained from the graph by taking the product of the conditional distribution of nodesgiven
their parents (seeEq. 1). Finally, the box around a random variable is a \plate," a notational device
to denote replication. The box around r denotesN replicates of r (this givesthe product in Eq. 1).

which together describe a clustering of the images/captions. Sinceeach image and
its caption are assumedto have beengeneratedconditional on the samefactor, the
resulting multinomial and Gaussianparameterswill correspond. An imagewith high
probability under a certain factor will likely contain a caption with high probability
in the samefactor.

Let us considerthe three tasks under this model. First, the joint probability of
an image/caption can be computedby simply marginalizing out the hidden factor z
from Eq. (1). Second,we can obtain the conditional distribution of words given an
imageby invoking Bayes' rule to �nd p(z j r ) and marginalizing out the hidden factor:

p(w j r ) =
P

z p(z j r )p(w j z):

Finally, we would like to compute a region-speci�c distribution over words. This
task, however, is beyond the scope of the GM-Mixture model. Conditional on
the latent factor variable z, regionsand words are generatedindependently, and the
correspondencebetweenspeci�c regionsand speci�c words is necessarilyignored.

3.2 Gaussian-Multinomial LD A

The latent Dirichlet allocation (LDA) model is a latent variable model that allows
factorsto beallocatedrepeatedlywithin a givendocument or image(Blei et al., 2003).
Thus, di�eren t words in a document or di�eren t regionsin an imagecan comefrom
di�eren t underlying factors, and the document or imageasa whole can be viewed as
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Figure 2: The GM-LD A model of imagesand captions. As opposedto the GM-Mixture model in
Figure 1, each word and image region can potentially be drawn from a di�eren t hidden factor.

containing multiple \topics." This idea can be applied directly to the joint modeling
of imagesand captions.

Gaussian-multinomialLDA (GM-LD A ), shown in Figure 2, assumesthe following
generative process:

1. Samplea Dirichlet random variable � ; this provides a probability distribution
over the latent factors, Mult (� ).

2. For each of the N imageregions:

(a) Samplezn � Mult( � ).

(b) Samplea region description r n conditional on zn .

3. For each of the M words:

(a) Samplevm � Mult( � ).

(b) Samplewm conditional on vm .

Note the importance of the plates. Within an image,all the region descriptionsand
words are generatedwith � held �xed; the latent factors for each word and region
description can (potentially) vary. Each new image/caption is generatedby again
selectingfrom the Dirichlet variable � and repeating the entire process.Thus, we can
view � asa high-level representation of the ensemble of image/caption pairs in terms
of a probability distribution over factors that each image/caption can be assembled
from.
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Figure 3: The graphical model representation of the Corr-LD A model. Note that the variablesym

are conditioned on N , the number of image regions.

The resulting joint distribution on an image/caption is given as follows:

p(r ; w) =
Z

p(� j � )
� Q N

n=1

P
zn

p(zn j � )p(r n j zn ; �; � )
�

� Q M
m=1

P
vm

p(vm j � )p(wm j vm ; � )
�

d� :

As in the simpler LDA model, it is intractable to compute the conditional distribu-
tions of latent variablesgivenobserveddata under this joint distribution, but e�cien t
variational inferencemethods are available to computeapproximations to thesecon-
ditionals (seeBarnard et al. 2002for details). Furthermore, we can usevariational
inferencemethods to �nd the conditional probability p(w j r ) neededfor imageanno-
tation/retriev al and the conditional probability p(w j r ; r n ) neededfor regionlabeling.

LDA provides signi�cant improvements in predictive performanceover simpler
mixture models in the domain of text data (Blei et al., 2003), and we expect for
GM-LD A to provide similar advantages over GM-Mixture . Indeed, we will see
in Section 5 that GM-LD A does model the image/caption data better than GM-
Mixture . We will also see,however, that good models of the joint probability of
imagesand captionsdo not necessarilyyield good modelsof the conditional probabil-
ities that areneededfor automatic annotation, text-basedimageretrieval, and region
labeling. We will argue that this is due to the lack of a dependencybetween the
latent factors zn and vm which respectively generatedthe imagesand their captions.
In the next section,we turn to a model that aims to correct this problem.
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3.3 Corresp ondence LD A

We introducecorrespondence LDA (Corr-LD A ) asa model that combinesthe 
ex-
ibilit y of GM-LD A with the associabilit y of GM-Mixture . With this model, we
achievesimultaneousdimensionality reduction in the representation of regiondescrip-
tions and words, while also modeling the conditional correspondencebetween their
respective reducedrepresentations.

Corr-LD A is depicted in Figure 3. The model can be viewed in terms of a gen-
erative processthat �rst generatesthe regiondescriptionsand subsequently generates
the caption words. In particular, we �rst generateN region descriptionsr n from an
LDA model. Then, for each of the M caption words, one of the regionsis selected
from the image and a corresponding caption word wm is drawn, conditioned on the
factor that generatedthe selectedregion.

Formally, let z = f z1; z2; : : : ; zN g be the latent factors that generatethe image,
and let y = f y1; y2; : : : ; yM g be discreteindexing variablesthat take valuesfrom 1 to
N with equal probability. Conditioned on N and M , a K -factor Corr-LD A model
assumesthe following generative processfor an image/caption (r ; w):

1. Generate� � Dir( � j � ).

2. For each imageregion r n , n 2 f 1; : : : ; N g:

(a) Generatezn � p(zn j � )

(b) Generater n � p(r j zn ; �; � ) from a multiv ariate Gaussiandistribution con-
ditioned on zn .

3. For each caption word wm , m 2 f 1; : : : ; M g:

(a) Generateym � Unif(1; : : : ; N )

(b) Generatewm � p(w j ym ; z; � ) from a multinomial distribution conditioned
on the zym factor.

Corr-LD A thus speci�es the following joint distribution on imageregions,cap-
tion words, and latent variables:

p(r ; w; � ; z; y) = p(� j � )
� Q N

n=1 p(zn j � )p(r n j zn ; �; � )
�

� Q M
m=1 p(ym j N )p(wm j ym ; z; � )

�
:

The independenceassumptionsof the Corr-LD A model are a compromisebe-
tweenthe extremecorrespondenceenforcedby the GM-Mixture model, wherethe
entire image and caption are conditional on the samefactor, and the lack of corre-
spondencein the GM-LD A model, where the imageregionsand caption words can
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conceivably be conditional on two disparate setsof factors. Under the Corr-LD A
model, the regionsof the imagecanbe conditional on any ensemble of factorsbut the
words of the caption must be conditional on factors which are present in the image.
In e�ect, our model captures the notion that the image is generated�rst and the
caption annotatesthe image.

Finally, note that the correspondenceimplemented by Corr-LD A is not a one-
to-one correspondence,but is more 
exible: all caption words could come from a
subset of the image regions, and multiple caption words can come from the same
region.

4 Inference and estimation

In this section,we describe approximate inferenceand parameterestimation for the
Corr-LD A model. As a side e�ect of the inferencemethod, we can compute ap-
proximations to our three distributions of interest : p(w j r ), p(w j r ; r n ), and p(w; r ).

4.1 Variational inference

Exact probabilistic inferencefor Corr-LD A is intractable; as before,we avail our-
selvesof variational inferencemethods (Jordan et al., 1999)to approximate the pos-
terior distribution over the latent variablesgiven a particular image/caption.

In particular, wede�ne the following factorizeddistribution on the latent variables:

q(� ; z; y) = q(� j 
 )
� Q N

n=1 q(zn j � n )
� � Q M

m=1 q(ym j � m )
�

;

with free (variational) parameters
 , � , and � . Each variational parameter is appro-
priate to its respective random variable. Thus 
 is a K -dimensionalDirichlet param-
eter, � n areN K -dimensionalmultinomial parameters,and � m areM N -dimensional
multinomial parameters.

Following the generalrecipe for variational approximation, we minimize the KL-
divergencebetweenthis factorized distribution and the true posterior thus inducing
a dependenceon the data (r ; w). Taking derivativeswith respect to the variational
parameters,we obtain the following coordinate ascent algorithm:

1. Update the posterior Dirichlet parameters:


 i = � i +
P N

n=1 � ni :

2. For each region, update the posterior distribution over factors. Note that this
update takesinto account the likelihood that each caption word wasgenerated
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by the samefactor as the region:

� ni / p(rn j zn = k; �; � ) expf Eq[log� i j 
 ]g

exp
nP M

m=1 � mn logp(wm j ym = n; zm = i; � )
o

;

where Eq[log� i j 
 ] = 	( 
 i ) � 	(
P


 j ), and 	 is the digamma function which
can be approximated by Taylor expansion(Abramowitz and Stegun,1970).

3. For each word, update the approximate posterior distribution over regions:

� mn / exp
nP K

i=1 � ni logp(wm j ym = n; zn = i; � )
o

:

Theseupdate equationsare invoked repeatedly until the changein KL divergenceis
small.

With the approximate posterior in hand, we can �nd a lower bound on the joint
probability, p(w; r ), andalsocomputethe conditional distributions of interest: p(w j r )
and p(w j r ; r n ). In annotation, we approximate the conditional distribution over
words as follows:

p(w j r ) �
NX

n=1

X

zn

q(zn j � n )p(w j zn ; � ):

In region labeling, the distribution over words conditioned on an imageand a region
is approximated by:

p(w j r ; r n ) �
X

zn

q(zn j � n )p(w j zn ; � ):

4.2 Parameter estimation

Given a corpus of image/caption data, D = f (r 1; w1); : : : ; (r D ; wD )g, we �nd maxi-
mum likelihood estimatesof the model parameterswith a variational EM procedure
that maximizes the lower bound on the log likelihood of the data induced by the
variational approximation described above. In particular, the E-step computesthe
variational posterior for each imageand caption given the current setting of the pa-
rameters. The M-step subsequently �nds maximum likelihood estimatesof the model
parametersfrom expectedsu�cien t statistics takenunder the variational distribution.
The variational EM algorithm alternatesbetweenthesetwo stepsuntil the bound on
the expectedlog likelihood converges.

4.2.1 Smoothing with empirical Bayes

In Section 5, we show that over�tting can be a seriousproblem, particularly when
working with the conditional distributions for imageannotation. Wedealwith this is-
sueby taking a morethoroughgoingBayesianapproach, imposinga prior distribution
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on the word multinomial parameters� . We represent � as a matrix whosecolumns
are the K multinomial parametersfor the latent factors. We treat each column as a
samplefrom an exchangeableDirichlet distribution � i � Dir (� ; � ; : : : ; � ) where� is a
scalarparameter.

In place of a point estimate, we now have a smooth posterior p(� j D). A varia-
tional approach can again be usedto �nd an approximation to this posterior distri-
bution (Attias, 2000). Introducing variational Dirichlet parameters� i for each of the
K multinomials, we �nd that the only changeto our earlier algorithm is to replace
the maximization with respect to � with the following variational update:

� ij = � +
P D

d=1

P M
m=1 1(wdm = j )

P N
n=1 � ni � mn ;

andwereplaceall instancesof � in the variational inferencealgorithm by expf E[log� j � ]g.

Bayesianmethodsoften assumea noninformativeprior which, in the caseof the ex-
changeableDirichlet, meanssetting � = 1. With K draws from the prior distribution,
however, we are in a good position to take the empirical Bayesperspective (Morris,
1983) and compute a maximum likelihood estimate of � . This amounts to a vari-
ant of the ML procedurefor a Dirichlet with expected su�cien t statistics under � .
Analogoussmoothing algorithms are alsoreadily derived for the GM-Mixture and
GM-LD A models.

5 Results

In this section, we present an evaluation of all three models on 7000 imagesand
captions from the Corel database.We held out 25%of the data for testing purposes
and usedthe remaining 75% to estimate parameters. Each image is segmented into
6-10 regionsand is associated with 2-4 caption words. The vocabulary contains 168
unique terms.

5.1 Test set lik eliho od

To evaluate how well a model �ts the data, we computed the per-image average
negative log likelihood of the test set on all three models for various valuesof K . A
model which better �ts the data will assigna higher likelihood to the test set (i.e.,
lower numbersare better in negative likelihood).

Figure 5 illustrates the results. As expected,GM-LD A providesa much better �t
than GM-Mixture . Furthermore, Corr-LD A providesasgood a �t asGM-LD A .
This is somewhatsurprising sinceGM-LD A is a lessconstrainedmodel. However,
both modelshave the samenumber of parameters;their similar performanceindicates
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Figure 4: The per-imageaveragenegative log probabilit y of the held-out test set asa function of the
number of hidden factors (lower numbers are better). The horizontal line is the model that treats
the regionsand captions as an independent Gaussianand multinomial, respectively.

that, on average,the number of hidden factors usedto model a particular image is
adequateto model its caption.2

5.2 Automatic annotation

Given a segmented image without its caption, we can use the mixture models de-
scribed in Section3 to compute a distribution over words conditioned on the image,
p(w j r ). This distribution re
ects a prediction of the missingcaption words for that
image.

5.2.1 Caption perplexit y

To measurethe annotation quality of the models,we computedthe perplexity of the
given captionsunder p(w j r ) for each imagein the test set. Perplexity, which is used
in the languagemodeling community, is equivalent algebraicly to the inverseof the
geometricmeanper-word likelihood (again, lower numbersare better):

perplexity = expf�
P D

d=1

P M d
m=1 logp(wm j r d)=

P D
d=1 M dg:

2Empirically , when K = 200, we �nd that in only two imagesof the test set does the GM-LD A
model usemore hidden factors for the caption than it doesfor the image.
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Figure 5: (Left) Caption perplexity on the test set for the ML estimatesof the models(lower numbers
are better). Note the seriousover�tting problem in GM-Mixture (values for K greater than �v e
are o� the graph) and the slight over�tting problem in Corr-LD A. (Right) Caption perplexity for
the empirical Bayessmoothed estimatesof the models. The over�tting problems in GM-Mixture
and Corr-LD A have beencorrected.

Figure 5 (Left) shows the perplexity of the held-out captionsunder the maximum
likelihood estimatesof each model for di�eren t valuesof K . We seethat over�tting
is a seriousproblem in the GM-Mixture model, and its perplexity immediately
grows o� the graph (e.g., when K = 200, the perplexity is 2922). Note that in
related work (Barnard et al., 2002), many of the models consideredare variants of
GM-Mixture and rely heavily on an ad-hoc smoothing procedure to correct for
over�tting.

Figure 5 (Right) illustrates the caption perplexity under the smoothed estimates
of each model usingthe empirical Bayesprocedurefrom Section4.2.1. The over�tting
of GM-Mixture hasbeencorrected. Oncesmoothed, it performsbetter than GM-
LD A despitethe GM-LD A model's superior performancein joint likelihood.

We found that GM-LD A does not provide good conditional distributions for
two reasons.First, it is \over-smoothed." Computing p(w j r ) requiresintegrating a
somewhatdi�use posterior (due to the small number of regions) over all the factor
dimensions.Thus, the factorsto which each regionis associatedareessentially washed
out and, asK getslarge, the model's performanceapproachesthe performanceof the
simple ML estimate of the caption words.

Second,GM-LD A easily allows caption words to be generatedby factors that
did not contribute to generatingthe imageregions(e.g., when K = 200, 54%of the
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True caption
market people
Corr-LDA
people market pattern textile display

GM-LDA

GM-Mixture
people tree light sky water

people market street costume temple

True caption
scotland water
Corr-LDA
scotland water flowers hills tree

GM-LDA

GM-Mixture
tree water people mountain sky

water sky clouds sunset scotland

True caption
bridge sky water
Corr-LDA
sky water buildings people mountain

GM-LDA

GM-Mixture
sky water people tree buildings

sky plane jet water snow

True caption
sky tree water
Corr-LDA
tree water sky people buildings

GM-LDA

GM-Mixture
sky tree fish water people

tree vegetables pumpkins water gardens

True caption
birds tree
Corr-LDA
birds nest leaves branch tree

GM-LDA

GM-Mixture
water birds nest tree sky

tree ocean fungus mushrooms coral

True caption
fish reefs water
Corr-LDA
fish water ocean tree coral

GM-LDA

GM-Mixture
water sky vegetables tree people

fungus mushrooms tree flowers leaves

True caption
mountain sky tree water
Corr-LDA
sky water tree mountain people

GM-LDA

GM-Mixture
sky tree water people buildings

buildings sky water tree people

True caption
clouds jet plane
Corr-LDA
sky plane jet mountain clouds

GM-LDA

GM-Mixture
sky water people tree clouds

sky plane jet clouds pattern

Figure 6: Example imagesfrom the test set and their automatic annotations under di�eren t models.

caption words in the test set are assignedto factors that do not appear in their corre-
sponding images).With this freedom,the estimatedconditional Gaussianparameters
do not necessarilyre
ect regionsthat are correctly annotated by the corresponding
conditional multinomial parameters.While it better models the joint distribution of
words and regions,it fails to model the relationship betweenthem.

Most notably, Corr-LD A �nds much better predictive distributions of words
than either GM-LD A or GM-Mixture . It provides as 
exible a joint distribution
as GM-LD A but guarantees that the image captions are generatedby a subsetof
the factors that appear in their corresponding images. Furthermore, by allowing
caption words to be allocated to di�eren t factors, the Corr-LD A model achieves
superior performanceto the GM-Mixture which is constrainedto associating the
entire image/caption to a single factor. Thus, with Corr-LD A , we can achieve a
competetive �t of the joint distribution and �nd superior conditional distributions of
words given images.

5.2.2 Annotation examples

Figure 6 showsten sampleannotations| the top �v ewordsfrom p(w j r ) | computed
by each of the three models for K = 200. Theseexamplesillustrate the limitations
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6. PLANE, JET

Corr-LDA:
1. HOTEL, WATER

2. PLANE, JET

3. TUNDRA, PENGUIN

4. PLANE, JET

5. WATER, SKY

6. BOATS, WATER

2. SKY, JET

3. SKY, CLOUDS

4. SKY, MOUNTAIN

5. PLANE, JET

1. PEOPLE, TREE

GM-LDA:

2

3

4

5
6

Figure 7: An automatic region labeling example from the test set.

and power of the probabilistic modelsdescribed in Section3 whenusedfor a practical
discriminative task.

The GM-LD A model, as shown quantitativ ely in the previoussection,givesthe
least impressive performanceof the three. First, we seewashingout e�ect described
above by the fact that many of the most commonwords in the corpus| words like
\w ater" and \sky" | occur in the predicted captions for all of the pictures. Second,
the predictedcaption rarely predicts the object or objects that are in the picture. For
example,it misses\jet" in the picture captionedclouds,jet, plane, a word that both
other modelspredict with high accuracy.

The GM-Mixture model performsbetter than GM-LD A , but we seehow this
model relies on the averageimage features and can fail to predict a region in the
image that may not generally occur in other similar images. For example, it omits
\tree" from the picture captionedscotland, water sincethe treesareonly a small part
on the left side of the frame. Furthermore, the GM-Mixture predicts completely
incorrect words if the averagefeaturesdo not easilycorrespond to a commontheme.
For example, the background of �sh, reefs, water is not the usual blue and GM-
Mixture predicts words like \fungus", \tree", and \
o wers."

Finally, as re
ected by the term perplexity results above, the Corr-LD A model
givesthe best performanceand correctly labelsmost of the examplepictures. Unlike
the GM-Mixture model, it can considereach region of a photo independently and
assignit to a di�eren t cluster. The �nal distribution over words re
ects the ensemble
of clusterswhich were assignedto the image regions. Thus, the Corr-LD A model
�nds the trees in the picture labeled scotland, water and can correctly identify the
�sh, even without its usual blue background.

As describedin Section3, the Corr-LD A and GM-LD A modelscanfurthermore
compute a region-baseddistribution over words, p(w j r ; r n ). Figure 7 illustrates a
sampleregion labeling on an imagein the test set. Though both modelshypothesize
the word \plane" and \jet," Corr-LD A placesthem in the reasonableregions2, 5,
and 6 while GM-LD A placesthem in regions2 and 4. Furthermore, Corr-LD A
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Figure 8: Three examples of text-based image retrieval. (Top) Precision/recall curves for three
queries. The horizontal lines are the mean precision for each model. (Bottom) Top �v e results from
a 100-factor Corr-LD A model for the samethree queries.

recognizesthe top region as \sky, clouds" while GM-LD A provides the enigmatic
\tundra, penguin."3

5.3 Text-based image retriev al

There hasbeensigni�cant computerscienceresearch in content-based imageretrieval,
usinga particular query image(possiblya sketch or primitiv e graphic) to �nd match-
ing relevant images(Goodrum, 2000;Wang et al., 2001). Another line of research,

3We cannot quantitativ ely evaluate this task (i.e., compute the region perplexity) becauseour
data doesnot provide ground-truth for the region labels.
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multimedia information retrieval, usesrepresentations of di�eren t data types (such
as text and images)to retrieve documents that contain both (Meghini et al., 2001).

Lessattention, however, has been focusedon text-based image retrieval, an ar-
guably moredi�cult task wherea usersubmits a text query to �nd matching images
for which there is no related text. Previous approacheshave essentially treated this
task asa classi�cation problem, handling speci�c queriesfrom a vocabulary of about
�v e words (Naphadeand Huang, 2001). In contrast, by using the conditional distri-
bution of words given an image,our approach can handle an open-endedvocabulary
and arbitrary queries.

We usea unique form of the languagemodeling approach (Ponte and Croft, 1998)
wherethe document languagemodelsare derived from imagesrather than words. To
obtain an image-speci�c distribution over words, we usethe conditional distribution
p(w j r ) that we can compute for each of the models described in Section 3. This
distribution provides us with a description of an image in word-spacewhich we use
to �nd imagesthat are similar to the words of the query.

More formally, denotean N -word query by q = f q1; : : : ; qN g. For each imager i ,
its scorerelative to the query is:

scorei =
Q N

n=1 p(qn j r i );

wherep(qn j r i ) is the probability of the nth queryword under the distribution p(w j r i ).
After computing the scorefor each image, we return a ranked list of imagesin de-
scendingorder.

Figure 8 illustrates three queriesperformedon the three modelswith 200 factors
and the held-out test set of images. We consideran image to be relevant if its true
caption contains the query words(recall that wemakeno referenceto the true caption
in the retrieval process).As illustrated by the precision/recallcurves,the Corr-LD A
model achievessuperior retrieval performance.It is particularly strong with di�cult
queriessuch as \p eopleand �sh." In this example,there are only six relevant images
of the 2000 image test set and two of them appear in the top �v e. This is due to
the abilit y of Corr-LD A to assigndi�eren t regionsto di�eren t clusters. The model
can independently learn the salient features of \�sh" and \p eople" and e�ectiv ely
combine them to perform retrieval.

6 Summary

We have developed Corr-LD A , a powerful model for annotated data that combines
the advantagesof probabilistic clustering for dimensionality reduction with explicit
modeling of the conditional distributions from which data annotationsare generated.
We have shown on image/caption data that this model can achieve a competitiv e
joint likelihood and superior conditional distribution of words given an image.
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Corr-LD A providesa cleanprobabilistic model for performing various informa-
tion tasksassociated with multi-t ype data such asimages/captions.We have demon-
strated its use in automatic image annotation, automatic image region annotation,
and text-based image retrieval. It is important to note that this model is not spe-
cially tailored for image/caption data. Given good features,the Corr-LD A model
can handle any kind of annotated data such as video/closed-captions,music/text,
and gene/descriptions.
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