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Abstract. We describe a model of object recognition as machine trans-
lation. In this model, recognition is a process of annotating image regions
with words. Firstly, images are segmented into regions, which are clas-
sified into region types using a variety of features. A mapping between
region types and keywords supplied with the images, is then learned, us-
ing a method based around EM. This process is analogous with learning
a lexicon from an aligned bitext. For the implementation we describe,
these words are nouns taken from a large vocabulary. On a large test
set, the method can predict numerous words with high accuracy. Simple
methods identify words that cannot be predicted well. We show how to
cluster words that individually are difficult to predict into clusters that
can be predicted well — for example, we cannot predict the distinction
between train and locomotive using the current set of features, but
we can predict the underlying concept. The method is trained on a sub-
stantial collection of images. Extensive experimental results illustrate the
strengths and weaknesses of the approach.

Keywords: Object recognition, correspondence, EM algorithm.

1 Introduction

There are three major current types of theory of object recognition. One reasons
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 appears in [4]. 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 recognised using the strategy propounded);
which objects are easy to recognise and which are hard? (not usually
addressed explicitly); and which objects are indistinguishable using our
features? (current theories typically cannot predict the equivalence relation im-
posed on objects by the use of a particular set of features). This paper describes
a model of recognition that offers some purchase on each of the questions above,
and demonstrates systems built with this model.
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Fig. 1. Ezamples from the Corel data set. We have associated keywords and segments
for each image, but we don’t know which word corresponds to which segment. The
number of words and segments can be different; even when they are same, we may have
more than one segment for a single word, or more than one word for a single blob.
We try to align the words and segments, so that for example an orange stripy blob will
correspond to the word tiger.

1.1 Annotated images and auto-annotation

There are a wide variety of datasets that consist of very large numbers of anno-
tated images. Examples include the Corel dataset (see figure 1), most museum
image collections (e.g. http://www.thinker.org/fam/thinker.html), the web
archive (http://www.archive.org), and most collections of news photographs
on the web (which come with captions). Typically, these annotations refer to the
content of the annotated image, more or less specifically and more or less com-
prehensively. For example, the Corel annotations describe specific image content,
but not all of it; museum collections are often annotated with some specific ma-
terial — the artist, date of acquisition, etc. — but often contain some rather
abstract material as well.

There exist some methods that cluster image representations and text to
produce a representation of a joint distribution linking images and words [1,
2]. This work could predict words for a given image by computing words that
had a high posterior probability given the image. This process, referred to as
auto-annotation in those papers, is useful in itself (it is common to index
images using manual annotations [7,12]; if one could predict these annotations,
one could save considerable work). However, in this form auto-annotation does
not, tell us which image structure gave rise to which word, and so it is not
really recognition. In [8], Mori et.al. proposed a method for annotating image
grids using cooccurences. In [9,10], Maron et al. study automatic annotation
of images, but work one word at a time, and offer no method of finding the
correspondence between words and regions. This paper shows that it is possible
to learn which region gave rise to which word.

Recognition as translation One should see this process as analogous to ma-
chine translation. We have a representation of one form (image regions; French)
and wish to turn it into another form (words; English). In particular, our mod-
els will act as lexicons, devices that predict one representation (words; English),
given another representation (image regions; French). Learning a lexicon from
data is a standard problem in machine translation literature (a good guide is
Melamed’s thesis [11]; see also [5, 6]). Typically, lexicons are learned from a form



of dataset known as an aligned bitext — a text in two languages, where rough
correspondence, perhaps at the paragraph or sentence level, is known. The prob-
lem of lexicon acquisition involves determining precise correspondences between
words of different languages. Datasets consisting of annotated images are aligned
bitexts — we have an image, consisting of regions, and a set of text. While we
know the text goes with the image, we don’t know which word goes with which
region. As the rest of this paper shows, we can learn this correspondence using
a variant of EM.

This view — of recognition as translation — renders several important object
recognition problems amenable 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 recognise? by saying that words that can
be reliably attached to image regions are easy to recognise and those that cannot,
are not; and which objects are indistinguishable using our features? by
finding words that are predicted with about the same posterior probability given
any image group — such objects are indistinguishable given the current feature
set.

2 Using EM to learn a Lexicon

We will segment images into regions and then learn to predict words using re-
gions. Each region will be described by some set of features. In machine transla-
tion, a lexicon links discrete objects (words in one language) to discrete objects
(words in the other language). However, the features naturally associated with
image regions do not occupy a discrete space. The simplest solution to this prob-
lem is to use k-means to vector quantize the image region representation. We
refer to the label associated with a region by this process as a “blob.”

In the current work, we use all keywords associated with each image. If we
need to refer to the abstract model of a word (resp. blob) — rather than an
instance — and the context doesn’t make the reference obvious, we will use the
term “word token” (resp. blob token). The problem is to use the training data
set to construct a probability table linking blob tokens with word tokens. This
table is the conditional probability of a word token given a blob token.

The difficulty in learning this table is that the data set does not provide ex-
plicit correspondence — we don’t know which region is the train. This suggests
the following iterative strategy: firstly, use an estimate of the probability table
to predict correspondences; now use the correspondences to refine the estimate
of the probability table. This, in essence, is what EM does.

We can then annotate the images by first classifying the segments to find the
corresponding blobs, and then finding the corresponding word for each blob by
choosing the word with the highest probability.

2.1 EM algorithm for finding the correspondence between blobs
and words
We use the notation of figure 2. When translating blobs to words, we need

to estimate the probability p(a,; = ¢) that in image n, a particular blob b;
is associated with a specific word w;. We do this for each image as shown in
Figure 3.
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