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ABSTRACT

We consider the problem of modeling annotated data|data
with multiple typeswhere the instance of one type (such as
a caption) servesas a description of the other type (such as
an image). We describe three hierarchical probabilistic mix-
ture models which aim to describe such data, culminating in
correspndence latent Dirichlet allocation, a latent variable
model that is e ectiv e at modeling the joint distribution of
both typesand the conditional distribution of the annota-
tion given the primary type. We conduct experiments on
the Corel database of images and captions, assessingper-
formance in terms of held-out likelihood, automatic annota-
tion, and text-based image retrieval.

Categoriesand Subject Descriptors

G.3 [Mathematics of Computing ]: Probabilit y and Statis-
tics| statistical computing, multivariate statistics

General Terms
algorithms, experimentation

Keywords

probabilistic graphical models, empirical Bayes, variational
methods, automatic image annotation, image retrieval

1. INTRODUCTION

Traditional methods of information retrieval are organized
around the represertation and processingof a documert in
a (high-dimensional) word-space. Modern multimedia doc-
uments, however, are not merely collections of words, but
can be collections of related text, images, audio, and cross-
references. When working with a corpus of such documerts,
there is much to be gained from represertations which can
explicitly model assaiations among the dierent types of
data.

In this paper, we consider probabilistic models for docu-
ments that consist of pairs of data streams. Our focusis on
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problems in which one data type can be viewed as an anno-
tation of the other data type. Examples of such data include
images and their captions, papers and their bibliographies,
and genesand their functions. In addition to the traditional

goals of retrieval, clustering, and classi cation, annotated
data lends itself to tasks such as automatic data annota-
tion and retrieval of unannotated data from annotation-t ype
queries.

A number of recert papers have considered generative
probabilistic modelsfor such multi-t ypeor relational data [2,
6, 4, 13]. These papers have generally focused on mod-
els that jointly cluster the dierent data types, basing the
clustering on latent variable represertations that capture
low-dimensional probabilistic relationships among interact-
ing sets of variables.

In many annotation problems, however, the overall goal
appearsto be that of nding a conditional relationship be-
tweentypes,and in such casesmproved performance may be
found in methods with a more discriminativ e a vor. In par-
ticular, the task of annotating an unannotated image can be
viewed formally as a classi cation problem|for eadc word
in the vocabulary we must make a yes/no decision. Stan-
dard discriminativ e classi cation methods, however, gener-
ally make little attempt to uncover the probabilistic struc-
ture of either the input domain or the output domain. This
seemsill-advised in the image/word setting|surely there
are relationships among the words labeling an image, and
theserelationships re ect corresponding relationships among
the regions in that image. Moreover, it seemslikely that
capturing these relationships would be helpful in annotat-
ing new images. With these issuesin mind, we approach
the annotation problem within a framework that exploits
the best of both the generative and the discriminativ e tra-
ditions.

In this paper, we build a set of increasingly sophisticated
models for a database of annotated images, culminating in
correspndence latent Dirichlet allocation (Corr-LD A), a
model that nds conditional relationships between latent
variable represertations of sets of image regions and sets
of words. We shaw that, in this classof models, only Corr-
LD A succeedsin providing both an excellert t of the joint
data and an e ectiv e conditional model of the caption given
an image. We demonstrate its usein automatic image anno-
tation, automatic region annotation, and text-based image
retrieval.

2. IMA GE/CAPTION DATA

Our work has focused on images and their captions from
the Corel database. Following previous work [2], each im-



ageis segmered into regions by the N-cuts algorithm [12].
For ead region, we compute a set of real-valued features
represerting visual properties such as size, position, color,
texture, and shape. Each image and its corresponding cap-
tion is represerted as a pair (r;w). The rst elemert r =

fri;:::;rn g is a collection of N feature vectors assaiated
with the regions of the image. The secondelemert w =
fwaq;:::;ww gis the collection of M words of the caption.

We consider hierarchical probabilistic models of image/caption
data which involve mixtures over underlying discrete and
contin uous variables. Conditional on the values of these la-
tent variables, the region feature vectors are assumedto be
distributed as a multiv ariate Gaussian distribution with di-
agonal covariance, and the caption words are assumedto be
distributed as a multinomial distribution over the vocabu-
lary.

We are interested in models that can perform three tasks:
modeling the joint distribution of an image and its cap-
tion, modeling the conditional distribution of words given an
image, and modeling the conditional distribution of words
given a particular region of an image. The rst task can
be useful for clustering and organizing a large database of
images. The secondtask is useful for automatic image an-
notation and text-based image retrieval. The third task is
useful for automatically labeling and identifying a particular
region of an image.

3. GENERATIVE MODELS

In this section, we describe two hierarchical mixture mod-
els of image/caption data, noting their strengths and limi-
tations with respect to the three tasks described above. We
introduce a third model, correspndenc latent Dirichlet al-
location, in which the underlying probabilistic assumptions
are appropriate for all three tasks.

3.1 A Gaussian-multinomial mixtur e model

We begin by considering a simple nite mixture model|
the model underlying most previous work on the probabilis-
tic modeling of multi-t ype data [2, 13]. In this model|
the Gaussian-multinomial mixture (GM-Mixture ) shown
in Figure 1lla single discrete latent variable z is used to
represert a joint clustering of an image and its caption. As
shown in the gure, animage/caption is assumedto be gen-
erated by rst choosing a value of z, and then repeatedly
sampling N region descriptions r, and M caption words
Wm conditional on the chosenvalue of z. The variable z is
sampled once per image/caption, and is held xed during
the processof generating its components. The joint distri-
bution of the hidden factor z and the image/caption (r;w)
is:

P(ziriw) = p(zj ) ne P(izis )
m-1 P(Wm jZ; ):

Given a xed number of factors K and a corpus of im-
ages/captions, the parameters of a GM-Mixture  model can
be estimated by the EM algorithm®. This yields K Gaus-
sian distributions over features and K multinomial distri-
butions over words which together describe a clustering of
the images/captions. Since eat image and its caption are
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YIn Section 4.2.1, we consider Bayesian versions of all of
our modelsin which somethe parameters are endowved with
prior distributions.
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Figure 1: The GM-Mixture mo del of images and
captions. Following the standard graphical mo del
formalism, nodes represent random variables and
edges indicate possible dependence. Shaded nodes
are observ ed random variables; unshaded nodes are
laten t random variables. The joint distribution can
be obtained from the graph by taking the pro duct of
the conditional distribution  of nodes giv en their par-
ents (see Eq. 1). Finally , the box around a random
variable is a \plate," a notational device to denote
replication. The box around r denotes N replicates
of r (this givesthe rst product in Eq. 1).

assumedto have beengeneratedconditional on the samefac-
tor, the resulting multinomial and Gaussian parameters will
correspond. An image with high probabilit y under a certain
factor will likely contain a caption with high probabilit y in
the samefactor.

Let us consider the three tasks under this model. First,
the joint probabilit y of an image/caption can be computed
by simply marginalizing out the hidden factor z from Eq. (1).
Second, we can obtain the conditional distribution of words
given an image by invoking Bayes'rule to nd p(zjr) and
marginalizing out the hidden factor:

p(wjr) =, p(zjr)p(wjz):

Finally , we would like to compute a region-speci ¢ distribu-
tion over words. This task, however, is beyond the scope of
the GM-Mixture  model. Conditional on the latent factor
variable z, regions and words are generated independertly,
and the correspondencebetweenspeci ¢ regionsand speci ¢
words is necessarilyignored.

3.2 Gaussian-Multinomial LD A

The latent Dirichlet allocation (LD A) model is a latent
variable model that allows factors to be allocated repeatedly
within a given document or image [3]. Thus, di eren t words
in adocument or di eren t regionsin an image can comefrom
di eren t underlying factors, and the document or image as
a whole can be viewed as containing multiple \topics." This
idea can be applied directly to the joint modeling of images
and captions.

Gaussian-multinomial LDA (GM-LD A), shown in Fig-
ure 2, assumesthe following generative process:

1. Sample a Diric hlet random variable ; this provides a
probabilit y distribution over the latent factors, Mult( ).

2. For eath of the N image regions:

(@) Samplez, Mult( ).
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Figure 2: The GM-LD A model of images and cap-
tions. Unlik e GM-Mixture (Figure 1), each word
and image region can potentially be drawn from a
dieren t hidden factor.

(b) Sample a region description r, conditional on z,.
3. For eacth of the M words:

(@) Samplevy,  Mult( ).
(b) Sample wy, conditional on vy, .

Note the importance of the plates. Within an image, all
the region descriptions and words are generated with  held
xed; the latent factors for each word and region descrip-
tion can (potentially) vary. Each new image/caption is gen-
erated by again selecting from the Diric hlet variable and
repeating the entire process. Thus, we canview asa high-
level represertation of the ensenble of image/caption pairs
in terms of a probabilit y distribution over factors that ead
image/caption can be assenbled from.

The resulting joint distribution on image regions, caption
words, and latent variables is given as follows:

Prsw; V) =p( ) N P(Za] )P(Tnjzn;; )

M PV )P(Wm jVm; )

As in the simpler LDA model, it is intractable to compute
the conditional distributions of latent variables given ob-
served data under this joint distribution, but e cien t vari-
ational inference methods are available to compute approx-
imations to these conditionals (see [2] for details). Fur-
thermore, we can use variational inference methods to nd
the conditional probability p(wjr) neededfor image anno-
tation/retriev al and the conditional probability p(wjr;rn)
neededfor region labeling.

LDA provides signi cant improvemerts in predictiv e per-
formance over simpler mixture modelsin the domain of text
data [3], and we expect for GM-LD A to provide similar
advantages over GM-Mixture . Indeed, we will seein Sec-
tion 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 probabilit y of imagesand captions
do not necessarilyyield good models of the conditional prob-
abilities that are needed for automatic annotation, text-
based image retrieval, and region labeling. We will argue
that this is due to the lack of a dependency between the
latent factors z, and v, which respectively generated the
imagesand their captions. In the next section, we turn to a
model that aims to correct this problem.
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Figure 3: The graphical model represen tation of the
Corr-LD A model. Note that the variables yn are
conditioned on N, the number of image regions.

3.3 Correspondencd.DA

Weintro duce correspndence LDA (Corr-LD A) asamodel
that combines the exibilit y of GM-LD A with the asscia-
bility of GM-Mixture With this model, we achieve si-
multaneous dimensionality reduction in the represertation
of region descriptions and words, while also modeling the
conditional correspondencebetweentheir respective reduced
represerations.

Corr-LD A is depicted in Figure 3. The model can be
viewed in terms of a generative processthat rst generates
the region descriptions and subsequettly generatesthe cap-
tion words. In particular, we rst generate N region de-
scriptions r, from an LDA model. Then, for eac of the M
caption words, one of the regionsis selectedfrom the image
and a corresponding caption word wp, is drawn, conditioned
on the factor that generated the selectedregion.

discrete indexing variables that take values from 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. Sample Dir( j ).

(@) Samplez, Mult( )

(b) Sample rp p(rjzn; ; ) from a multiv ariate
Gaussian distribution conditioned on z,.

(@) Sampleynm  Unif(1;:::;N)
(b) Sample wm  p(Wjym;z; ) from a multinomial
distribution conditioned on the z,,, factor.

Corr-LD A thus speci es the following joint distribution
on image regions, caption words, and latent variables:

p(r;w; ;z;y)=p( j ) hey P(znj )P(rnjza; ;s )
m:l pP(Ym jN)P(Wm jym;2Z; )

The independenceassumptions of the Corr-LD A model
are a compromise between the extreme correspondence en-
forced by the GM-Mixture  model, where the entire image



and caption are conditional on the samefactor, and the lack
of correspondencein the GM-LD A model, where the image
regions and caption words can conceivably be conditional on
two disparate sets of factors. Under the Corr-LD A model,
the regions of the image can be conditional on any ensenble
of factors but the words of the caption must be conditional
on factors which are presert in the image. In eect, our
model captures the notion that the image is generated rst
and the caption annotates the image.

Finally, note that the correspondence implemented 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 sameregion.

4. INFERENCE AND ESTIMATION

In this section, we describe approximate inference and pa-
rameter estimation for the Corr-LD A model. As a side
e ect of the inference method, we can compute approx-
imations to our three distributions of interest : p(wjr),
p(wjr;rn), and p(w;r).

4.1 Variational inference

Exact probabilistic inferencefor Corr-LD A isintractable;
as before, we avail ourselves of variational inference meth-
ods [7] to approximate the posterior distribution over the
latent variables given a particular image/caption.

In particular, we de ne the following factorized distribu-
tion on the latent variables:

a;zY)=d( i) a 9Zad on) e AYmi om)
with free (variational) parameters , , and . Each vari-
ational parameter is appropriate to its respective random
variable. Thus is a K -dimensional Diric hlet parameter,
n are N K -dimensional multinomial parameters, and n,
are M N -dimensional multinomial parameters.

Following the general recipe for variational approxima-
tion, we minimize the KL-div ergencebetweenthis factorized
distribution and the true posterior thus inducing a depen-
denceon the data (r;w). Taking derivativeswith respect to
the variational parameters, we obtain the following coordi-
nate ascer algorithm:

1. Update the posterior Diric hlet parameters:

N

i= it o onie

2. For ead region, update the posterior distribution over
factors. Note that this update takesinto accourt the
likelihood that ead caption word was generated by
the same factor as the region:

nio [ p(rnjzn =10 ; )expfEqllog ij 19
exp m:l mn 10 P(Wm jym = N;zZm =i} )

where Eqllog ij 1= ( i) (
digamma function.

i), and s the
3. For each word, update the approximate posterior dis-
tribution over regions:

mn | exp :(:1 ni l0gp(Wm jym = n;za = i; )

These update equations are invoked repeatedly until the
changein KL divergenceis small.

With the approximate posterior in hand, we can nd a
lower bound on the joint probabilit y, p(w;r), and also com-
pute the conditional distributions of interest: p(wjr) and
p(wjr;rn). In annotation, we approximate the conditional
distribution over words as follows:

N

p(wjr) A(znj n)P(Wjzn; ):
n=1 zp
In region labeling, the distribution over words conditioned
on an image and a region is approximated by:

p(wjr;ra) A(znj n)p(Wjzn; ):

Zn

4.2 Parameter estimation

Givena corpus of image/caption data, D = f(rq;wq)g5-; ,
we nd maximum likelihood estimates of the model param-
eters with a variational EM procedure that maximizes the
lower bound on the log likelihood of the data induced by
the variational approximation described above. In particu-
lar, the E-step computes the variational posterior for eac
image and caption given the current setting of the param-
eters. The M-step subsequernly nds maximum likelihood
estimates of the model parameters from expected su cien t
statistics taken under the variational distribution. The vari-
ational EM algorithm alternates between these two steps
until the bound on the expected log likelihood converges.

4.2.1 Smoothingvith empiricalBayes

In Section 5, we show that overtting can be a serious
problem, particularly when working with the conditional
distributions for image annotation. We deal with this issue
by taking a more thoroughgoing Bayesian approach, imp os-
ing a prior distribution on the word multinomial parame-
ters . Werepresert asa matrix whose columns are the
K multinomial parameters for the latent factors. We treat
ead column asa samplefrom an exchangeableDiric hlet dis-
tribution ; Dir( ; ;:::; ) where isascalarparameter.

In place of a point estimate, we now have a smooth pos-
terior p( jD). A variational approach can again be usedto
nd an approximation to this posterior distribution [1]. In-
tro ducing variational Diric hlet parameters ; for eac 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:

D N

— M — .
ij - + d=1 m=1 1(de - ]) n=1 Ni mn,

and we replace all instancesof in the variational inference
algorithm by expfE[log | ]o.

Bayesian methods often assume a noninformativ e prior
which, in the caseof the exchangeable Diric hlet, means set-
ting = 1. With K draws from the prior distribution,
however, we are in a good position to take the empirical
Bayes perspective [9] and compute a maximum likelihood
estimate of . This amounts to a variant of the ML proce-
dure for a Diric hlet with expected su cien t statistics under

. Analogous smoothing algorithms are readily derived for
the GM-Mixture  and GM-LD A models.
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Figure 4: The per-image average negativ e log prob-
abilit y of the held-out test set as a function of the
number of hidden factors (lower numbers are bet-
ter). The horizon tal line is the model that treats
the regions and captions as an indep endent Gaus-
sian and multinomial, resp ectiv ely.

5. RESULTS

In this section, we presert an evaluation of all three mod-
els on 7000 images and captions from the Corel database.
We held out 25% of the data for testing purp osesand used
the remaining 75% to estimate parameters. Each image is
segmerted into 6-10 regions and is assaiated with 2-4 cap-
tion words. The vocabulary contains 168 unique terms.

5.1 Testsetlik elihood

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

Figure 5 illustrates the results. As expected, GM-LD A
provides a much better t than GM-Mixture Further-
more, Corr-LD A providesasgood a t asGM-LD A. This
is somewhat surprising since GM-LD A is a lessconstrained
model. However, both models have the samenumber of pa-
rameters; their similar performance indicates that, on aver-
age, the number of hidden factors usedto model a particular
image is adequate to model its caption.?

5.2 Automatic annotation

Given a segmerted image without its caption, we can use
the mixture models described in Section 3 to compute a
distribution over words conditioned on the image, p(wjr).
This distribution re ects a prediction of the missing caption
words for that image.

2Empirically , when K = 200,we nd that in only two images
of the test set does the GM-LD A model use more hidden
factors for the caption than it doesfor the image.

5.2.1 Captionperplexity

To measurethe annotation quality of the models, we com-
puted the perplexity of the given captions under p(wjr) for
eadh image in the test set. Perplexity, which is usedin the
language modeling community, is equivalent algebraically
to the inverse of the geometric mean per-word likelihood
(again, lower numbers are better):

perplexity = expf o M logp(Wm jra)=

Figure 5 (Left) shows the perplexity of the held-out cap-
tions under the maximum likelihood estimates of each model
for dierent values of K. We seethat overtting is a seri-
ous problem 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 [2], 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 using the empirical
Bayesprocedure from Section 4.2.1. The over tting of GM-
Mixture  has been corrected. Once smoothed, it performs
better than GM-LD A despite the GM-LD A model's supe-
rior performance in joint likelihood.

We found that GM-LD A does not provide good con-
ditional distributions for two reasons. First, it is \over-
smoothed." Computing p(wjr) requires integrating a dif-
fuse posterior (due to the small number of regions) over all
the factor dimensions. Thus, the factors to which ead re-
gion is assaiated are essetially washedout and, asK gets
large, the model's performance approachesthe performance
of the simple maximum likelihood estimate of the caption
words.

Second,GM-LD A easily allows caption words to be gen-
erated by factors that did not contribute to generating the
image regions (e.g., when K = 200, 54% of the caption
words in the test set are assignedto factors that do not
appear in their corresponding images). With this freedom,
the estimated conditional Gaussian parameters do not nec-
essarily re ect regions that 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 latent factors in the conditional Gaus-
sian (for image regions) correspond with the latent factors
in the conditional multinomial (for caption words). Fur-
thermore, by allowing caption words to be allocated to dif-
ferent factors, the Corr-LD A model achieves superior per-
formance to the GM-Mixture  which is constrained to as-
sociating the ertire image/caption to a single factor. Thus,
with Corr-LD A, we can achieve a competitive t of the
joint distribution and nd superior conditional distributions
of words given images.

5:1 Mqg:

5.2.2 Annotationexamples

Figure 6 shows ten sampleannotations|the top v ewords
from p(wjr)lcomputed by ead of the three models for
K = 200. These examples illustrate the limitations and
power of the probabilistic models described in Section 3
when used for a practical discriminativ e task.
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@ Corr-LDA: GM-LDA:

1. PEOPLE, TREE 1. HOTEL, WATER
2. SKY, JET 2. PLANE, JET

3. SKY, CLOUDS
4. SKY, MOUNTAIN
5. PLANE, JET

6. PLANE, JET

4. PLANE, JET
5. WATER, SKY
6. BOATS, WATER

Li

Figure 7: An example of automatic region lab eling.

The GM-LD A model, as shown quantitativ ely in the pre-
vious section, givesthe least impressive performance of the
three. First, we seewashing out e ect described above by
the fact that many of the most common words in the corpus
| words like \w ater" and \sky" | occur in the predicted
captions for all of the pictures. Second,the predicted cap-
tion rarely predicts the object or objects that are in the pic-
ture. For example, it misses\jet" in the picture captioned
clouds, jet, plane, a word that both other models predict
with high accuracy.

The GM-Mixture  model performs better than GM-LD A,
but we can see how this model relies on the average im-
age features and fails to predict words for regions that may
not generally occur in other similar images. For example,
it omits \tree" from the picture captioned sootland, water
since the trees are only a small part on the left side of the
frame. Furthermore, the GM-Mixture  predicts completely
incorrect words if the average features do not easily corre-
spond to a common theme. 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, asre ected by the term perplexity results above,
the Corr-LD A model givesthe best performance and cor-
rectly labels most of the example pictures. Unlik e the GM-
Mixture  model, it can assign eac region to a dierent
cluster and the nal distribution over words re ects the en-
semble of clusters which were assignedto the image regions.
Thus, the Corr-LD A model nds the trees in the picture
labeled smtland, water and can correctly identify the sh,
even without its usual blue background.

As described in Section 3, the Corr-LD A and GM-LD A
models can furthermore compute a region-baseddistribution
over words, p(wjr;rn). Figure 7 illustrates a sample region
labeling on an image in the test set® Though both models
hypothesizethe word \plane" and \jet,” Corr-LD A places
them in the reasonableregions 2, 5, and 6 while GM-LD A
places them in regions 2 and 4. Furthermore, Corr-LD A
recognizesthe top region as \sky, clouds" while GM-LD A
provides the enigmatic \tundra, penguin."

5.3 Text-basedimageretrieval

There has beena signi cant amount of computer science
researd on content-basel image retrieval in which a partic-
ular query image (possibly a sketch or primitiv e graphic) is
usedto nd matching relevant images[5]. In another line of
researd, multimedia information retrieval, represenations
of dierent data types(such astext and images) are usedto
retrieve documents that contain both [8].

3We cannot quantitativ ely evaluate this task (i.e., compute
the region perplexity) becauseour data does not provide
ground-truth for the region labels.

3. TUNDRA, PENGUIN

Less attention, however, has been focused on text-basel
image retrieval, an arguably more di cult task where a user
submits a text query to nd matching images for which
there is no related text. Previous approaches have essen-
tially treated this task as a classi cation problem, handling
speci ¢ queries from a vocabulary of about v e words [10].
In contrast, by using the conditional distribution of words
given an image, our approach can handle arbitrary queries
from a large vocabulary.

We use a unique form of the language modeling approach
to information retrieval [11] where the document language
models are derived from imagesrather than words. For each
unannotated image, we obtain an image-speci ¢ distribu-
tion over words by computing the conditional distribution
p(wjr) which is available for the models described in Sec-
tion 3. This distribution provides a description of each image
in word-space which we useto nd imagesthat are similar
to the words of the query.

For eath image r;, its scorerelative to the query is:
he1 P(ChiTi);

where p(g, j ri) is the probabilit y of the nth query word un-
der the distribution p(wjr;). After computing the scorefor
ead image, we return a list of imagesranked in descending
order by conditional likelihood.

Figure 8 illustrates three queries performed on the three
models with 200 factors and the held-out test set of images.
We consider an image to be relevant if its true caption con-
tains the query words (recall that we make no referenceto
the true caption in the retrieval process). As illustrated by
the precision/recall curves,the Corr-LD A model achieves
superior retrieval performance. It is particularly strong with
dicult queriessuch as\p eopleand sh." In this example,
there are only six relevant imagesin the test set and two of
them appear in the top v e. This is due to the ability of
Corr-LD A to assigndierent regionsto dierent clusters.
The model can independertly learn the salient features of
\sh" and \p eople” and e ectiv ely combine them to per-
form retrieval.

scorg =

6. SUMMARY

We have developed Corr-LD A, a powerful model for an-
notated data that combines the advantages of probabilis-
tic clustering for dimensionality reduction with an explicit
model of the conditional distribution from which data an-
notations are generated. In the setting of image/caption
data, we have shown that this model can achieve a competi-
tive joint likelihood and superior conditional distribution of
words given an image.

Corr-LD A provides a clean probabilistic model for per-
forming various tasks assaiated with multi-t ype data such
as images and their captions. We have demonstrated its
usein automatic image annotation, automatic image region
annotation, and text-based image retrieval. It is impor-
tant to note that this model is not specially tailored for
image/caption data. Given good features, the Corr-LD A
model can be applied to any kind of annotated data such as
video/closed-captions, music/text, and gene/functions.
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