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ABSTRACT

We present an overview of anew paradigm for tackling long standing computer vision problems. Specifically our
approach isto build statistical models which translate from avisual representations (images) to semantic ones
(associated text). As providing optimal text for training is difficult at best, we propose working with whatever associated
text isavailable in large quantities. Examples include large image collections with keywords, museum image collections
with descriptive text, news photos, and images on the web.

In this paper we discuss how the translation approach can give a handle on difficult questions such as: What counts
as an object? Which objects are easy to recognize and which are hard? Which objects are indi stinguishable using our
features? How to integrate low level vision processes such as feature based segmentation, with high level processes such
as grouping. We also summarize some of the models proposed for translating from visual information to text, and some
of the methods used to evaluate their performance.
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1. INTRODUCTION

What is vision? One answer provided in the first page of David Marr’s book, “Vision”, isthat it isa process of
going from visual information to a representation of what is “present in the world and whereit is’ *. We paraphrase this
even more to say that it is a process of translating from visual information to semantic information. The interesting thing
about emphasizing this view isthat it is amenable to attack by computer programs, provided that we accept language as a
semantic representation. The key isto exploit the large quantities of images with associated text which is now available
astraining data.

In addition to shedding some light on the vision problem, we further argue that utility liesin going from one
representation to the another. For example, going from an image of atiger in the grass, to an action (run away) can be
useful to a prey species. For modern humans, going from that image to the phrase “ tiger in the grass’ can be exploited
in image retrieval and browsing applications. A preliminary analysis of the role of image semantics as represented by
language in content based image retrieval is available?, and a few innovative systems have been built or proposed which
can use text to improve image retrieval®® ¢,

In this paper we give an overview of the translation paradigm for computer vision. The approach isto learn
statistical translation models from large data sets of images with associated text. Currently we segment the images into
regions and represent each region by a collection of its features. As discussed in depth elsewhere &°, the words may also
be preprocessed for better suitability for the task. Learning translation models for the relationships between the image
regions and the words suggests that computer vision can be viewed as aform of data mining. Explicitly, if our data
contains many images with orange stripy regions on avariety of backgrounds with “tiger” among associated words, then
the data set may very well implicitly contain the information that orange stripy regions should be statistically linked with
the word “tiger”. Even more explicitly, consider two images: An orange stripy region surrounded by blue, with
associated words “tiger, water”, and a similar region surrounded by green with associated words “tiger grass’. The fact
that the orange stripy region and the word “tiger” are the only constants, is a strong hint that these should be linked. Of



course, learning atranslation model on areal data set involves dealing with many of forms of noiseincluding
incomplete, erroneous, and irrelevant words, as well as segmentation errors. This reality is one of the reasons why a
statistical approach is most suitable.

In our approach, we do not need to specify in advance what is to be recognized. Some objects will not be
identifiable/recognizable given our features and these ambiguities are identified. This provides a platform to propose
additional features or required data (either by consulting a search engine, or human input). Furthermore we learn to label
image regions without labeled training data. Thisis significant because labeled training datais expensive to obtain in
guantity. Thisisin contrast with text loosely associated with images which is now available in substantial quantities.
Examples include the Corel image collection (4-5 keywords for 40,000 images), a data set that we have been studying
courtesy of the Fine Arts Museum of San Francisco (meta data as well as descriptive paragraphs for many of 83,000
images), news photos with captions (of the order of 1,000 a day available on line), and, of course, the web at large, with
millions of images which have associated text, aworkable part of which can be extracted using a variety of heuristics .

1.1 Practical Applications

Very large collections of images are widespread. As we see below (81.2), there is extensive evidence from the user
studies literature that users would like to search for images on the level of (at least) object semantics. Thisisdifficult to
do with current computer vision methods; linking image information with text annotations might improve such searches.
There are numerous other practical applications for methods that can link text and images, however imperfectly:

Automated image annotation: Numerous organizations manage collections of images for internal use. A typical
workflow is described by the work of Markkula and Sormunen ** who studied the image archive of a Finnish newspaper
(see dso Enser’s work **** on various image archives, which use roughly the same procedure). Archivists receive
pictures and annotate them with words that are likely to be useful keys for retrieving the pictures; journalists then search
the collection using these keywords. Annotation is often difficult and uncertain; it would be attractive to have a
procedure that annotated images automatically. One might auto-annotate by predicting words with high posterior
probability given an image. Examples of automated annotation appear in *** and below.

Browsing support: Museums release parts of their collections onto the web to attract visitors by giving them a
sense of what they would see if they visited. Typically users who know a collection well wish to search it, and those who
don’t, prefer to browse 6. This means it would be attractive to organize the collection in away that made sense to
visitors, and so supported browsing. Collecting together images that |ooked similar and were similarly annotated would
be agood start. Fitting a probability model with an appropriate structure yields quite useful clusters, as described in °.

Auto-illustrate: Commercial image collections can't supply an attractive service to a casual user, because searching
the collection istypically difficult and expensive. A tool that could automatically suggest imagesto illustrate blocks of
text might expose value in the collection by making it possible for casual usersto get reasonable results cheaply. Auto-
illustration is possible if one can obtain images with high probability given text (°%°).

12 How people use image collections

A broad range of computer vision methods have been used to search collections of images. Typically, images are
matched based on features computed from the entire image or from image regions. The literature istoo broad to review
here; there are reviews in %8, With the exception of systems that can identify faces *°, naked people %, pedestrians % or
cars *°, matching is not usually directed toward object semantics.

Typically, users query images on semantics 2 2 2, Recent work of Enser's >4 deals with the disparity between user
needs and what technology supplies. The paper makes hair-raising reading; for example, he cites arequest to a stock
photo library for

“Pretty girl doing something active, sporty in a summery setting, beach - not wearing lycra,
exercise clothes - more relaxed in tee-shirt. Feature is about deodorant so girl should look active -
not sweaty but happy, healthy, carefree - nothing too posed or set up - nice and natural looking”.



Other user studies include the work of 2%, who studied practice at a manually operated newspaper photo archive and
Markkula and Sormunen ** who study practice at a Finnish newspaper's digital photo archive. Keister studied requests
received by the National Library of Medicine's Archive Z.

In the user studies literature, authors break out the semantics of the images requested in different ways, but from our
perspective the important points are:

» that users request images both by object kinds (i.e. a princess) and identities (i.e. the princess of Wales);

» that users request images both by what they depict (i.e. things visible in the picture) and by what they are
about (i.e. concepts evoked by what is visible in the picture);

» that queries based on image histograms, texture, overall appearance, etc. are vanishingly uncommon;

and that text associated with imagesis extremely useful in practice—for example, newspaper archivistsindex largely on
captions ™.

13 Representing collections using images and wor ds

Combining text and images is currently uncommon. A few systems combine text and image data. Search using a
simple conjunction of keywords and image region featuresis provided in Blobworld . Webseer ® uses similar ideas for
guery of images on the web, but also indexes the results of afew automatically estimated image features. These include
whether the image is a photograph or a sketch and notably the output of a face finder. Going further, Cascia et al
integrate some text and histogram datain the indexing 3. Others have also experimented with using image features as
part of a query refinement process "#’. Srihari and others have used text information to disambiguate image features,
particularly in face finding applications >, In 2%, Maron et al. study automatic annotation of images, but work one
word at atime, and offer no method of finding the correspondence between words and regions. Finally, perhaps closest
to our work on predicting words for regionsis the work of Mori et al. %, where co-occurrence statistics are collected for
words and image areas defined by a fixed grid.

14 Annotation, correspondence and recognition

Predicting images using text is conceptually straightforward, if difficult in practice. Predicting text using imagesis
not, because there are two possible tasks one could attack. Firstly, one might attempt to predict annotations of entire
images using al information present. We refer to this task as annotation. Secondly, one might attempt to associate
particular words with particular image substructures—that is, to infer correspondence.

Correspondence is a peculiar feature of object recognition. Current theories of object recognition reason either in
terms of geometric correspondence and pose consistency; in terms of template matching via classifiers; or by
correspondence search to establish the presence of suggestive relations between templates. A detailed review of these
strategies appearsin *’. These types of theory are at the wrong scale to address core issues: in particular, what counts as
an object? (usually addressed by choosing by hand objects that can be recognized using the strategy propounded);
which objects ar e easy to recognize and which are hard? (not usually addressed explicitly); and which objectsare
indistinguishable using our features? (current theories typically cannot predict the equivalence relation imposed on
objects by the use of a particular set of features).

If we view recognition as a statistical process that attaches words to image regions, then these problems are
amenabl e to attack. In this model, we can attack: what counts as an object? by saying that all words (or all nouns, etc.)
count as objects; which objects are easy to recognize? by saying that words that can be reliably attached to image
regions are easy to recognize and those that cannot, are not; and which objects ar e indistinguishable using our
featur es? by finding words that are predicted with about the same posterior probability given any image group—such
objects are indistinguishabl e given the current feature set. if one could predict these annotations, one could save
considerable work). While none of these questions are easy or resolved in this framework, it does offer away to talk
about them.

Typica current applications of machine learning in object recognition involve a high degree of supervisory input
(e.g. the examples of finding faces, people, cars or digits described above and the summary in *). Manually identifying
every object in alarge training set becomes very difficult to do when the object vocabulary islarge. The analogy



between learning a correspondence model that can associate words with image regions and learning a lexicon, suggests it
is possible to build a process that uses rather less supervisory input. In effect, one builds amodel using unsupervised
methods, marks up the model’ s output, and refits. Thisis a standard process in the machine trandation literature (a good
guide is Melamed's thesis %% see also 34,

2. INPUT REPRESENTATION AND PRE-PROCESSING

Each image is segmented using normalized cuts®. This segmenter shares with most others the occasional tendency
to produce small, typically unstable regions. We represent the 8 largest regions in each image by computing, for each
region, a set of 40 features. The features represent, rather roughly, major visual properties:

» Sizeisrepresented by the portion of the image covered by the region
» Position is represented using the coordinates of the region center of mass normalized by the image
dimensions
» Color is (redundantly) represented using the average and standard deviation of (R,G,B), (L,ab) and (r=R/
(R+G+B), g=G/ (R+G+B)) over theregion.
» Textureisrepresented using the average and variance of 16 filter responses. We use 4 difference of Gaussian
filters with different sigmas, and 12 oriented filters, aligned in 30 degree increments.
» Shapeisrepresented by the ratio of the area to the perimeter squared, the moment of inertia (about the center
of mass), and the ratio of the region areato that of its convex hull.

3. MODEL OVERVIEW

A number of models for serving the annotation and recognition tasks have been developed 3 5%, Here we give a
condensed overview, focusing on translation models. Details and the results of comprehensive tests are available
elsewhere®.

3.1 Discrete data trandation

We begin with amodel inspired by statistical machine trandlation. In machine translation a lexicon links discrete
objects (words in one language) to discrete objects (words in the other language). We must come up with alexicon given
an aligned hitext, which consists of many small blocks of text in both languages, which are known to correspond in
meaning. A traditional example is Hansard for the Canadian parliament, where each speaker’sremarksin French and in
English correspond in meaning. Assuming an unknown one-one correspondence between words, coming up with ajoint
probability distribution linking words in the two languages is a straightforward missing data problem (Brown et al. ). It
is straightforward to create anal ogous image data. We use K-means to vector-quanti ze the set of features representing an
image region. Each region then gets asingle label (blob token).

We now have an aligned hitext consisting of the blobs and the words for each image. We must construct ajoint
probability table linking word tokens (the abstract model of aword, as opposed to an instance) to blob tokens. In the
current work, we use all keywords associated with each image. Because the data set does not provide explicit
correspondences, we have a missing data problem which is easily dealt with as an application of EM *. We refer to this
method as discr ete-translation. The details of the agorithm are provided in Duygulu et al®. In our implementation we
follow Brown et al.*’ and initialize the model with the co-occurrence data. This initiaization point is essentially the
algorithm proposed by Mori et al.* in the case of image parts being simple blocks rather than regions.

3.2 Correspondence from a hierarchical clustering model

The hierarchical combination of clustering and aspect models*** modified for learning the joint probability of
words and blobs *® can be used both for image annotation and for region labeling. Thisis because the vertical structure of
the hierarchical model (aspects) emphasizes that documents (images) are composed of parts. The nodes of the hierarchy
are used to represent the joint probability of image regions and associated text, with images in a given cluster being
considered to be collections of blobs and words generated by independent draws from the same set of nodes. The node
parameters learnt during model fitting can then be used to predict words for new image regions using probabilistic



inference. However, the independent emission of regions and words makes the model less than ideal for recognition, and
modifications have been proposed to tighten the relationship between the two®.

Thefirst approach is to emit words conditioned on the blobs. We labdl variants of this model with the prefix
“dependent” . The second approach further tightens the relationship and insists that words and blobs are emitted as pairs.
To deal with the fact that the number of words and blobsis typically different, we either leave some unassigned, or we
duplicate the emission of some of the words or blobs as need be. This method requires that correspondence between the
blobs and words be estimated during training, which is done using graph matching™*.

There are two reasons for considering these more complex approaches as alternatives to the discrete translation
model in the previous section. The first advantage is that the learning of the blob feature characterizationsis integrated
into the training instead of quantizing before learning the translation model. Currently we use Gaussian distributions
with diagonal covariance matrices for the features, and the parameters of these are learnt during model training along
with the other parameters.

The second advantage is that image clusters can provide context for translation. For example, consider agrey patch.
It could be trandlated into “ pavement” or “mud”. If the images cluster nicely into the appropriate clusters based on al the
blobs taken as a group, then cluster membership can be used to disambiguate certain blobs. Performance naturally
depends on whether the training datais such that the clusters make sense in the testing world. We hasten to add that our
implementation of all the hierarchical modelsis such that atree with no branchesis allowed. In this case, thereis only
one cluster and documents are all generated from the same pool of “aspects’ (following the terminology of Hofmann et
al. Y, In this case the dependent model, the result is amodel which is much like the discrete-trans model in the
previous section, except of course that the features are modeled using a Gaussian distribution for each node, instead of
being discretized.

3.3 Correspondence models, NULL, fertility and refuseto predict

Correspondence comes with a variety of annoying difficulties which we have skated over above. The primary issue
isthe choice of correspondence model. Should there be a one-one map between regions and words (usually impossible,
because of the numbers are different)? In the work described here, we require regions to be linked to words; thereisno
option of deciding that aregion corresponds to no word. This forces models of image regions corresponding to particular
words to cope with alarge pool of outliers. This problem could, in principle, be handled by appending a special word,
NULL, to the text of each dataitem and a special image region, NULL, to the image regions of each dataitem. Thisisa
traditional solution in the machine trandlation literature; the tendency of single words in some languages to generate
more than one word in others (a property referred to as “fertility”) can be modeled explicitly in this framework %%, In
our limited experience, such models are not easy to fit to our datasets, because of atendency to fit amodel where every
word is generated by the NULL image regions and every image region generates the NULL word. Thisisclearly a
matter to be resolved by a prior model of deletion of words or image regions, respectively. One complication is that the
probability that an annotation is absent is not independent of the annotati on—annotators always mention “tigers’, but
only sometimes mention “people”.

A crude strategy that offers some benefits of directly modeling NULL wordsisto refuse to predict an annotation
when the annotation with the highest probability given the region hastoo low a probability; this discourages predictions
by regions whose identity is moot. Thisis crude, because it doesn’t mitigate the effect of all the outliersin the fitting
process.

4. EVALUATION METHODS

There are two ways our models could be used for annotation. In the first, amodé is used to annotate images drawn
from a collection well represented by the original training data (for example, in an application where the model must
annotate images arriving at an archive). In this case, we would like the model to approximate the joint probability of
words and images well. In the second, we will use the model to predict words for images from a collection not well
represented by the original training data; we might reasonably expect object recognition to be a case like this. In this
case, we care mainly about the conditional probability of words given images.



Correspondence models present further difficulties. The issue now is how will we predict appropriate words for
each particular region. Typically, the only way to obtain an accurate answer to this question is to look at the picture. This
form of manual evaluation is very difficult to do for a satisfactory number of images. A less strict, but nonetheless
informative, test is to determine the annotation performance for a correspondence model, on the grounds that poor
annotation performance implies poor correspondence performance (crucialy, the contrapositive is not necessarily true).

4.1 Measuring Annotation Performance

We can measure annotation performance by comparing the words predicted by various models with words actually
present for held-out data. In most data sets, including ours, image annotations typically omit some obviously appropriate
words. However, since our purpose is to compare methods this is not a significant problem as each model must cope
with the same set of missing annotations. Performance comparisons can be carried out automatically and therefore on a
substantial scale. We express prediction performance relative to predictions obtained using the empirical word frequency
of the training set. Matching the performance empirical density is required to demonstrate non-trivial learning. Doing
substantially better than this on the Corel datais difficult. The annotators typically provide several common words (e.g.
“sky”, “water”. “people”), and fewer less common words (e.g. “tiger”). This means that annotating all images with, say,
“sky”, “water”, and “people” is quite a successful strategy. Performance using the empirical word frequency would be
reduced if the empirical density was flatter. Thus for this data set, the increment of performance over the empirical
density is asensible indicator. In the paper detailing the models® we propose three different measures for word
prediction performance: One based on the Kullback-Leibler (KL) divergence between the computed predictive
distribution and an estimate of the target distribution, one based on anormalized version of subtracting incorrect
predictions from correct ones, and one based on observing the number of correct predictions out of n guesses, wherenis
the number of words available in the test image annotation. Thusiif there are three keywords, “sky”, “water”, and “sun”,
then n=3, and we allow the models to predict 3 words for that image.

4.2 Measuring Correspondence Performance

M easuring the performance of methods that predict a specific correspondence between regions and wordsis
difficult, because images must be checked by hand. This limits the size of the pool that can be used, and also means that
measurements may contain significant noise (it is surprisingly difficult to establish, and stick to, an exact policy about
what regions should carry, say, the label “peopl€e”). However, we can use a region based method for annotation by
summing over the word posteriors for all the regions. Furthermore, we can reasonably expect that a method that cannot
predict annotations accurately is unlikely to predict correspondence well. This means that annotation measures offer a
plausible proxy.

When we use annotation as a proxy, we insist that the methods predict words for each region, even if thereisa
better inference method for annotation available for that model. However, when we compute region word posteriors
using the image based annotation methods, the word posteriors do not necessarily sum to one because thereis no
requirement in these models that each region emits any word. We enforce this requirement by normalizing the posteriors
for each region before summing them.

To corroborate the annotation proxy measure, we al so score some correspondence results by hand. While this
method directly looks at the correspondence, it does require human judgment. We hand labeled each region in a number
of images with every appropriate word in the vocabulary. We insisted that the region has a plausible visual connection to
the chosen words. Thus the word “ocean” for “coral” would be judged incorrectly because the ocean is transparent.
Other difficulties include words like “landscape” and “valley” which normally apply to larger areas than our regions, and
“pattern” which can arguably be designated as correct whenever it appears, but we scored it as incorrect because
“pattern” recognition isn't particularly helpful. Some regions could not be linked with any vocabulary term, and these
regions were omitted from consideration in computing the scores. Producing the labeled dataset is clearly atime
consuming and error prone process, and thus we are only able to use this ground truth for a modest number of images
(50 images for each of ten test sets). With the hand labeled set, we are able to compute the same measures as for the
image annotation case, although over amuch smaller test set.



5. EXPERIMENTS

For our experiments we used images from 160 CD's from the Corel image data set. Each CD has 100 images on one
relatively specific topic such as"aircraft”. From the 160 CD's we drew samples of 80 CD’s, and these sets were further
divided up into training (75%) and “standard” held out (25%) sets. The images from the remaining CD’ s formed a more
difficult “novel” held out set. Predicting words for these images is difficult, as we can only reasonably expect success on
guite generic regions such as “sky” and “water”—everything else is noise.

Each such sample was given to each process under consideration, and the results of 10 of such samples were
averaged. This controls for both the input data and EM initiaization. |mages were segmented using N-Cuts . We
excluded words which occurred less than 20 times in the test set, which yielded vocabularies of the order of 155 words.
We used amodest selection of features for each segment, including size, position, color, oriented energy (12 filters), and
afew simple shape features. For the discrete translation model, we used 500 clusters for vector quantization.

A fairly comprehensive set of results focusing on model comparison is already available *. Here we take the
opportunity to provide afew additional results. We consider in more detail when the clustering context is being helpful
given our data set and chosen topology. Thus we test versions of the hierarchical models for the independent aspect
based model *°, both with a 511 node binary tree (labeled -0 in* and independent-binary below), and with avertical list
of 500 nodes (labeled independent-vertical below). In this second configuration, this model is quite like the aspect model
of Hofmann et al. **, except, of course, the probability distributions for each node are joint distributions over both region
features and words. Similarly, we test the dependent version of the model with binary tree topology (labeled D-0in
and dependent-binary below), as well as without clusters (labeled dependent-vertical below) . Because we are interested
in the implications for recognition, we predict the words using the image regions and summing the results, as opposed to
using the image regions together. However, because we are interested in the effect of the cluster context, we use cluster
information to bias the weights of the nodes based on cluster membership. Specifically, we use the “region-cluster”
inference process (described in ).

Annotation results are provided in Table 1. Figure 1 shows region annotations for afew sample images. We labeled
each region with the word with maximal probability, but it important to realize that the complete word posterior is
computed and available to processes that can useit. In Table 2 we provide quantitative correspondence results computed
over 50 images from each of the 10 held out sets.

These preliminary results indicate that we are not making as much use of the context as supplied by cluster
membership as we would like. Despite a clear advantage of using cluster information when evaluating the training set,
the results on the held out set are mixed, with adight indication that we are better off not using the clusters. For the
novel images, the results clearly show that the cluster information is a hindrance. Since these images are so different than
the training images, it is perhaps not surprising that the clusters found in training do not make sense, but the degree of
detriment was greater than expected.

Method Training data Held out data Novel data
independent-vertical 0.129 (0.003) 0.109 (0.003) 0.056 (0.004)
independent -binary-tree 0.154 (0.003) 0.126 (0.003) 0.038 (0.004)
dependent-vertical 0.145 (0.004) 0.122 (0.004) 0.060 (0.005)
dependent-binary-tree 0.163 (0.004) 0.108 (0.004) 0.040 (0.007)
discrete-tranglation 0.122 (0.004) 0.073 (0.002) 0.028 (0.004)

Table 1. Representative annotation “proxy” evaluation of recognition results showing the effect of cluster context, as well as the effect
of using models which simultaneously learn the feature distribution and the translation model, as compared to the discrete translation
model. Word prediction is computed as the aggregate normalized prediction from the regions, even if a better strategy for annotation
exists for the particular model. The models with binary tree topology are clustering models, and for these, cluster membership was
used to weight the contributions of the nodes. The error measure the increase in performance over that of using the empirical word
distribution (about 0.19). The specific word prediction measure is the ratio of correct words to available words in the test image
annotation. There are on average about 3 words to predict, so a value of 0.11 corresponds to predicting about 0.9 of them (3 * (1.-, as
opposed to under 0.6 with the empirical distribution. Predicting words for images from the novel CD’s is very difficult, but all




methods consistently do a little better than the empirical distribution on this task. Errors (shown in parentheses) were estimated from
the variance of the word prediction process over 10 different test sets, with at least 1000 samples in each set being averaged for the
result for each set.

Method Score

independent-vertical 0.108 (0.009)
independent -binary-tree 0.100 (0.009)
dependent-vertical 0.105 (0.009)
dependent-binary-tree 0.96 (0.009)
discrete-trandation 0.91 (0.009)

Table 2. Correspondence performance as measured over 10 sets of 50 manually annotated images from the held out set.
All values are relative to the performance using the empirical distribution (about 0.089).

8. DISCUSSION

We have provided an overview avariety of methods for predicting words from pictures. Each of these methods can
predict some words rather well, and some can predict correspondence well for some words, too. There are practical
applications for such methods. Furthermore, they offer an intriguing way to think about object recognition. A great deal
remains to be done.

Currently we are working on a number of interesting and promising lines of attack. First, since we have developed a
principled testing paradigm, we can use word prediction performance to evaluate vision tools such as segmentation
algorithms and features. These results should be of general use since our task gets at the heart of vision. Second, we are
working on using the region word posteriors to propose region merges, and help learn object shape. A typical low level
image segmentation program cannot merge the black and white halves of a penguin, asthey are as different in color as
they can be. However, it the two regions have similar word posteriors, then a merge based on high level information can
be proposed.

We currently have little information about the effect of supervision, but we expect that quite small supervisory input
might lead to significant changes in the model. Thisis because missing correspondence information can generate
symmetries in the incomplete data log-likelihood. For example, if “tiger” and “grass’ always appear together, there is no
way to determine which is which; but annotating a small number of images will break this symmetry, and could cause a
substantial change in the model. A reasonable measure of performance of amodel (and an associated fitting algorithm) is
the quantity of supervisory input required to achieve a particular level of performance on some reference collection.

Large scale evaluation of correspondence modelsis genuinely difficult. The problem isimportant. In the not-too-distant
future, there will be recognition systems that can manage vocabularies that are large enough that manual checking of
labeled images is an unsatisfactory test. How can onetell how well such a system works? Our current strategy isto
investigate methods that obtain extrapolated estimates of correspondence performance from proxies applied to test sets
with carefully chosen properties. The key issue seemsto be the entropy of the labels; if it is hard to predict the second
word from the first word for each dataitem in the test collection, then annotation performance is likely to predict
correspondence performance.
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Figure 1. Examples of region based annotation showing a variety of results using the dependent method without cluster information
on images from the held out set. Only the maximal probability word for each region is shown. The task here is very difficult. Some
images illustrate some of the problems which we are currently working on. For example, the word horses on the green areas on the
rightmost image on the top row illustrates the difference between annotation and recognition. The emission of horses would help this
image to have a good annotation score, but the correspondence is incorrect. The reason is that in our data set, horses typically are on
this kind of background, and this kind of background is rare in non-horse images. If two kinds of regions always co-occur, then the
system cannot learn to tell them apart.



