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Abstract

Topic models from the text understanding literature have
shown promising results in unsupervised image categoriza-
tion and object localization. Categories are treated as top-
ics, and words are formed by vector quantizing local de-
scriptors of image patches. Limitations of topic models in-
clude their weakness in localizing objects, and the require-
ment of a fairly large proportion of words coming from the
object. We present a new approach that employs corre-
spondences between images to provide information about
object configuration, which in turn enhances the reliability
of object localization and categorization. This approach is
efficient, as it requires only a small number of correspon-
dences. We show improved categorization and localization
performance on real and synthetic data. Moreover, we can
push the limits of topic models when the proportion of words
coming from the object is very low.

1. Introduction

This paper addresses the problem of unsupervised ob-
ject localization and image categorization. The problem is
challenging because objects of the same type may appear in
different locations, scales, or under occlusions and deforma-
tions. In [19][17][6][8], topic models were used to model
the appearance of each object class by learning the typi-
cal proportions of visual words and have shown promising
results. In this paper we will examine a number of exten-
sions on topic models made previously in literature for the
task of unsupervised image categorization and object detec-
tion in the presence of background clutter. Many of these
extensions have not been analyzed in a comparative man-
ner. Specifically, we will be investigating an approach that
does not use location information at all, and some other ap-
proaches that model the location of patches.

We propose a combination of a topic model approach
and correspondence-based approach, and show significant
improvements over current topic models that model the lo-

Figure 1. Correspondences between patches across images (red
lines on the left) provide strong information of the object config-
uration. This information, shown at the bottom right as a “reward
map”, is incorporated into a topic model in our approach to en-
hance object localization and image categorization.

cation of patches. Our approach is advantageous over exist-
ing topic model approaches due to its non-parametric repre-
sentation of the object’s spatial configuration (see Figure 1).
With this non-parametric representation, we can obtain bet-
ter estimates of the labels for each patch, thereby achieving
significant better localization and categorization results.

We will give an overview of topic models in Section 2.
We will then detail our proposed method in Section 3, and
conduct a series of experiments with synthetic and real data
in Section 4; in particular, we will analyze the performance
extensively with different distortions and data sets, and re-
sults on search engine image re-ranking.

2. Topic models

Topic models such as Probabilistic Latent Semantic
Analysis (PLSA)[11], were originally used in the text un-
derstanding community for unsupervised topic discovery.
In computer vision, topic models have been used to discover
object classes, or topics, from a collection of unlabeled im-
ages. As a result, images can be categorized according
to the topics they contain. In the context of unsupervised
object detection, the object of interest and the background



clutter are the two topics.

Visual words (or textons) [16] are vector quantized local
appearance descriptors from patches or edge curves. Ob-
jects can be represented as collections of visual words. Im-
ages consist of one or more object classes, which often have
significant background clutter.

Following the notations used in the text understanding
community, w ∈ W = {w1, ..., w|W |} is the visual word
associated with a patch, z ∈ Z = {z1, ..., z|Z|} is a hidden
variable that represents the topic associated with a patch,
and d ∈ D = {d1, ..., d|D|} is the index of the image as-
sociated with a patch. In the following, we will investigate
several existing topic models.

2.1. A1: No Location or Shape Info

PLSA has been used as an appearance-based model
[19][17]; no location or shape info is used. PLSA as-
sumes the joint distribution of d, w,and z can be written
as P (d,w, z) = P (d)P (z|d)P (w|z). PLSA is known for
its capability of handling polysemy: if a visual word w is
observed in two images di and dj , then the topic associated
with that word can differ in di and dj : arg max P (z|di, w)
can be different from arg max P (z|dj , w). In other words,
PLSA allows a visual word to have different meanings in
different images.

When w is merely an appearance descriptor and contains
no spatial information, the model does not care about the
spatial ordering of the w’s. This is problematic when spatial
information is an important cue for recognition. Below we
will discuss modified versions of PLSA that consider the
spatial ordering of the w’s in different ways.

2.2. A2: Spatial Location

In [14], the topic model specifies where the object is
more likely located. Let r denote the location of a patch.
For a patch in image d with appearance w and location r, the
joint distribution P (d,w, r) has the form P (d,w, r, z) =
P (d)P (z|d)P (w|z)P (r|z). P (r|z) is a spatial distribution
that models where a patch with topic z is more likely to oc-
cur. This model can be useful in modeling pedestrians for
instance less likely to walk in the sky. Including location
information more or less solves the ambiguity mentioned
in A1, that is, the spatial ordering of w’s now has an im-
pact on the discovery of topics, even when the topic appear-
ance has large ambiguity (large overlap between the distri-
butions P (w|zi) and P (w|zj), i �= j). The spatial distribu-
tion P (r|z) uses the same parameters across all documents,
hence it is a global location model, and it is not translation
nor scale invariant.

d z
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w

Figure 2. The graphical model. The outer plate indicates the graph
is replicated for each image, and the inner plate indicates the repli-
cation of the graph for each patch. The topic variable z is hidden.

2.3. A3: Spatial Clustering

Recent work by [8][15] are based on the assumption
that an object normally consists of patches that co-exist
tightly rather than scattered around loosely. In [15], the
location and scale of the object is hypothesized through a
spatial distribution P (r|d, z), and the joint distribution is
P (d,w, r, z) = P (d)P (z|d)P (w|z)P (r|d, z). The algo-
rithm for finding the topic and object location and scale
can be viewed as performing joint spatial and appearance
clustering. Different than A2, the parameters for the spa-
tial distribution P (r|d, z) are estimated per image, hence
it provides translation and scale invariance. Notice that
this approach only models the spatial clustering behavior
of patches but it does not model the relative position or the
ordering between patches.

2.4. Common framework

Before we describe our model, let us review the com-
monalities among A1, A2 and A3. They all consist of im-
age characteristic, P (z|d), and topic appearance, P (w|z),
as shown in the graphical model in Figure 2 by d → z and
z → w. In addition, A2 and A3 assign an additional fea-
ture r for each patch that specifies its location. A patch
is then “rewarded” according to how much its location r
agrees with the spatial model. The amount of reward is
specified by the distribution P (r|z) in A2, or P (r|d, z) in
A3. The graphical model in Figure 2 illustrates the more
general case of P (r|d, z); if r is assumed to be independent
of d when given z, then P (r|d, z) reduces to P (r|z).

3. Reward by Correspondence

While A2 and A3 make use of spatial information, nei-
ther of them considers the spatial configuration of patches
coming from the object of interest, which are normally far
more consistent than patches coming from background clut-
ter. In the context of unsupervised object detection, it is
the consistency of patches across images that tells an object
apart from the background clutter: similar objects that ap-
pear repeatedly in the data set will demonstrate a consistent
spatial configuration, while the patches from random back-
ground clutter lack consistent spatial configuration. Sim-



Figure 3. An image and three exemplar images. Red lines indicate correspondences found between patches.

ilarly, in the context of image categorization, same object
classes share similar spatial configurations, which are dis-
tinct for every object class.

Our intent is to extend the topic model framework to in-
corporate information about spatial configuration. Rather
than building a shape model [20][7], we will exploit the fact
that similar objects in different images are more likely to
have strong correspondences and extend the topic model to
include this extra piece of information.

Correspondence-based object recognition has been in the
literature for nearly forty years. Even though computing
correspondence is computationally expensive, it is still pop-
ular, because of its promising performance. Recent work by
[3][4] [9] [13] use correspondence as a central element in
their object recognition framework. However, their model
and learning algorithm differ substantially from what is pro-
posed here.

Our use of correspondence is to provide a non-
parametric representation of the location of the consistent
patches. By using correspondence methods that take into
account the spatial distortion of a correspondence and allow
partial matching, the more matches a patch has, the better
chances the patch belongs to a foreground object, as op-
posed to background clutter.

This piece of information is employed by the topic model
in the form of an extra feature, or reward. More precisely,
the reward for a patch is high when this patch is repeatedly
matched against other patches in other images. On the other
hand, patches from random clutter are less likely to find
as many matches, which results in lower rewards. This is
precisely the notion that objects of interest normally show
higher consistency across images and it is the consistency
that tells an object apart from background clutter or other
objects. The more good matches a patch gets, the higher its
reward, and the resulting reward map, as illustrated in Fig-
ure 1, is a non-parametric representation of the location of
the consistent patches.

It is important to use correspondence methods that re-
spect both appearance and geometric costs. Correspon-
dence methods such as [4] [13] are among these. They mea-
sure the cost of a correspondence by observing how similar
feature points are to their corresponding feature points, and
how much the spatial arrangement of the feature points is
changed. These methods also allow outliers to be excluded

from the correspondence.
Computing correspondences between all pairs of N im-

ages in a data set is expensive. We generate a list of C
exemplars to correspond with each image. By narrowing
down from N to C, we decrease the correspondence com-
putation from N2 times to NC times, which is linear to the
number of images in the data set. We generate the list of
C exemplars by running PLSA and choosing the top ranked
images from each topic. The images are ranked according to
P (d|z). In the experiments, we use 10 exemplars per topic.
See Figure 3 for examples where an image is matched to
some exemplar images.

3.1. Finding Correspondences

We want to find the correspondence between patches
across two images, di and dj , that are appearance-wise and
geometrically consistent. Suppose there are n patches in
di. It would be naive to find the single best match based
on appearance and would not give a geometrically consis-
tent correspondence. Instead, we use the correspondence
algorithm in [13] to find out the appearance and geometric
consistent matches.

We first find the k-nearest neighbors for each patch
based on appearance, with k large enough so that only
appearance-wise very disagreeing matches are excluded.
Suppose candidate match a marries patch p in di and patch
p′ in dj , written in shorthand as a = 〈p, p′〉. The appearance
affinity of the candidate match a, denoted by A(a), is calcu-
lated as the correlation coefficient of the feature descriptors
of patch p and patch p′.

Suppose b = 〈q, q′〉. Then the geometric affinity is de-
fined as:

G(a, b) ≡ max(0, 1 − Cd · ‖(
−→
pp′ −−→

qq′)‖√
‖−→pp′‖‖−→qq′‖

) (1)

G(a, b) is dimensionless so it does not change when the two

vectors
−→
pp′ and

−→
qq′ are multiplied by a constant. Cd controls

how tolerant this metric is to distortion.
The final affinity matrix M has elements M(a, b) =

G(a, b)A(a)A(b), where a = 〈p, p′〉 and b = 〈q, q′〉. Pairs
of candidate matches will have low affinity M(a, b) if ei-
ther the geometric affinity or one of the appearance affini-
ties is low. The correspondence algorithm we adopt from



[13] figures out the final geometrically and appearance-wise
consistent matches based on the dominant eigenvector of
the affinity matrix M . Partial matching is achieved by set-
ting the parameter Cd in Equation 1 large enough (we use
Cd = 1.5), so that candidate matches that potentially match
by appearance but distort the correspondence too much are
excluded from the final result.

3.2. The reward map

The geometrically and appearance-wise consistent cor-
respondences that are found in the previous section tell us
which patches often co-occur; it also ensures us that, when
patches co-occur, they co-occur in a geometrically consis-
tent manner. We count the number of matches each patch
has and create a “reward map” (Figure 1). In the context
of unsupervised object detection, we would expect patches
from the object of interest to have more matches, thus the
reward value is a good indicator of whether a patch belongs
to the object of interest.

Using the reward map to locate the object of interest is
often not good enough. As we will explain later in better
detail, the reward map is indeed correlated with the topic
variables z, but the correlation is not high enough to provide
accurate estimation of the topic. In fact, the“quality” of the
reward map depends on the number of exemplars ones uses.
Unless we use a very large set of exemplars (which would
be inefficient, because finding correspondences is at least
linear to the number of exemplars), many patches from the
foreground object will not have consistent matches in other
images. This is because the intra-class variation of simi-
lar objects in the real world is often very large, and hav-
ing appearance-wise and geometrically consistent matches
is rare.

Instead of directly using the reward map to locate the
object, we use the framework in Section 2.4. We con-
sider the reward value of each patch as an additional fea-
ture r that is related to the hidden topic variable z. Em-
pirically, we found that using P (r|z) performs better than
using P (r|d, z), probably because of fewer parameters and
less overfitting. We learn the parameters using the EM al-
gorithm:

E − step :
P (z|d, r, w) = k1P (z|d)P (w|z)P (r|z) (2)

M − step :

P (w|z) = k2

∑
d,r

m(d,w, r)P (z|d, r, w) (3)

P (z|d) = k3

∑
w,r

m(d,w, r)P (z|d, r, w) (4)

P (r|z) = k4

∑
w,d

m(d,w, r)P (z|d, r, w) (5)

where k1, ..., k4 are normalization constants, and
m(d,w, r) is a co-occurrence matrix that keeps the
counts of triples (d,w, r) [11].

A typical distribution of P (r|z) is shown in Figure 4.
Notice that we have quantized the reward values into 4 bins
using k-means quantization. It is interesting to see that
background topic zBG has almost all its rewards concen-
trated at the first bin (because patches originated from back-
ground clutter often have very few matches), while the fore-
ground topic zFG has rewards distributed more evenly. Still,
the first bin of both topics is highly concentrated, which
implies that directly using reward values to tell foreground
from background has a lot of ambiguity. This is still true
if we quantize the rewards into a larger number of bins.
Hence, instead of directly using the reward values for ob-
ject detection, we integrate this correspondence-based in-
formation into a topic model. The EM algorithm will fig-
ure out from data how to make judgements from these two
“sensors”: the correspondence sensor (which provides re-
wards, {r}) and the appearance sensor (which provides vi-
sual words, {w}). This integration allows us to use a very
small number of exemplars. Even so, the performance sig-
nificantly improves over traditional topic models, A1 to A3,
as we will show later.

r1 r2 r3 r4

zFG 0.36 0.37 0.20 0.07

zBG 0.97 0.02 0.01 ≈0.00

Figure 4. A typical P (r|z).

3.3. Remarks

By using correspondences, we introduce spatial config-
uration into topic models. We don’t make assumptions and
postulate a model for the shape of the object. Neither do we
make assumptions as in A2 and A3, about the location and
clustering of the object. These are all implicitly taken into
account by using the reward map. It will be of future inter-
est to combine A2 and A3 together in this correspondence-
based topic model framework. Here is a summary of the
advantages of this framework:

1. The nice property of PLSA (namely, handling poly-
semy) is inherent in the new method.

2. PLSA can only handle polysemy across documents but
not within documents: the same visual word wj can be
assigned to different topics in different images (context
dependency) but a visual word within an image will al-
ways be assigned the same topic, regardless of its spa-



tial relationship with other patches. The additional fea-
ture r allows handling polysemy within a document.

3. In situations where finding geometrically consistent
matches is difficult (e.g. , when objects have large de-
formations), methods that purely rely on correspon-
dence would fail. In this case, the reward map would
turn out flat or erroneous. However, our method will
learn this fact and rely on the appearance information
instead of the reward map.

4. Topic models can take advantage of information from
background clutter. Pure correspondence-based meth-
ods cannot.

4. Experiments

4.1. Small objects (synthetic data)

The task is to detect dumbbells in cluttered scenes, and
we gradually increase the amount of background clutter. In
Table 1, we see the proposed method allows heavier back-
ground clutter than the other methods.

Proposed A1 A3 Proposed A1 A3

x1 100 83 88 86 74 81
x2 88 64 69 78 62 66
x5 68 52 54 65 53 52
x10 62 53 51 56 47 52

Classification Localization

Table 1. Classification and localization accuracy (%) for the small
objects experiment in Section 4.1.

Figure 5. Synthetic images for Section 4.2. Topic models A1 and
A3 cannot distinguish between the object and the background be-
cause it is the spatial configuration of the patches that tells the
object from the background apart. See performance in Table 2.

4.2. Confusing background (synthetic data)

Synthetic images are generated by embedding nonlinear
distortions (using pinch, punch, and perspective transforms
with the software Paintshop) of the dumbbell in cluttered
backgrounds (Figure 5). To confuse the appearance, we in-
sert patches from the object into the background. Clearly,
if appearance alone were used to classify the patches, there
is no way to distinguish object from clutter, because it is
the spatial configuration of the patches that tells the object

(a)

Proposed A1 A3 Proposed A1 A3

100 50 50 96 50 50

Classification Localization

(b)

Classification Localization
Proposed Proposed

Size fixed 100 96
Size varied 86 83
Distortion 91 86
Occlusion 84 84

Combination 81 79

Multiple 100 92

Table 2. Classification and localization accuracy (%) for Sec-
tion 4.2. (a) A1 and A3 perform poorly because the data is am-
biguous in appearance. (b) The proposed method still works well
under different kinds of distortions.

from the clutter apart. This is demonstrated in Table 2(a).
To demonstrate the effect of occlusion, we removed some
patches from the dumbbell. To verify multiple instance
detection, two or three distorted versions of the dumbbell
were embedded randomly in the scene. These variations
are shown in Table 2(b). Note that the number of objects in
the scene is unknown beforehand and the same parameters
are used throughout these experiments.

4.3. Unsupervised categorization and localization

We use the Caltech-4 and the Caltech-background data
set to perform binary classification and localization experi-
ments. Patches are detected by the Hessian Affine interest
point detector. We use a codebook size of 500 for quan-
tizing the SIFT descriptors into visual words. The SIFT de-
scriptors are then projected from 128 to 30-dimension using
Principal Component Analysis.

Proposed A1 A3 Proposed A1 A3

Motorbike 1.9 12.5 3.3 99.8 91.2 99.5
Airplane 3.8 10.2 13.4 99.1 95.7 92.6

Face 2.0 5.1 2.3 99.5 96.0 98.9
Car Rear 8.6 18.8 22.3 92.3 88.3 88.0

Equal Error Rate Area under ROC

Table 3. Image-level classification results (%).

Table 3 shows the receiver-operating characteristic
(ROC) equal error rates (EER) and the area under ROC
curve. Clearly, methods that consider spatial information
outperform A1 (PLSA). Figure 6 has further analysis on the
motorbike data set.

Figure 7 shows the localization performance. Scores are
computed based on the posterior probability P (z|d,w) in
A1, and based on P (z|d,w, r) in A3 and in Proposed. The
proposed method shows significantly better performance in
localization. Figure 8 shows some localization results. The
top 15 highest scoring patches are indicated by the yellow
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Figure 6. Classification of Caltech motorbike versus Caltech back-
ground images. The top figure shows that, among the motor-
bike images, most images have around 300 to 600 patches (fore-
ground plus background). The bottom figure shows the number of
wrongly classified motorbike images with respect to the number of
patches in the image. Together, we see that the proposed method
performs better than A1 and A3. We also see that images with
fewer patches are more often classified incorrectly. The proposed
method classifies incorrectly 16 out of 826 motorbike images, all
of them having less than 150 patches in the image.
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Figure 7. Patch-level classification result on Caltech motorbike
data set. For each method, its top 20% confident patches are clas-
sified as foreground versus background; the closer the posterior
probability P (z|d, r, w) (or P (z|d, w) in A1) of a patch is to 0 or
1, the higher the confidence of the patch.

ellipses. Notice that the proposed method has much less
false alarms than A1 (PLSA) and A3.

To make the task more challenging, we selected 473 out
of the 826 motorbike images that contain background clut-
ter and discarded the rest that have uniform background, and
re-run the above experiments. The equal error rate dropped
only by 0.2%.

4.4. Enhancing Google’s image ranking

We use images returned by Google’s Image Search (col-
lected in [8]) and run our algorithm to enhance the rank-

(a) A1 (b) A3 (c) Proposed

Figure 8. Localization results.

ing. To combine the classification results of Google’s re-
sult and our image categorization result, we use the aver-
age rank vector returned by Google’s image search and our
algorithm. Using weighted sum of rank vectors has been
previously used in image retrieval and web search literature
[10]. We rank the images according to P (d|z). In this ex-
periment, we did not run RANSAC as in [8], which should
further enhance our performance. This result is obtained
without using any separate labeled data. Results in Figure 9
show that “Google+Proposed” can improve the precision by
more than 15% at low recall (0.06).

5. Conclusions and Future work

We have proposed a novel approach to unsupervised ob-
ject detection and image categorization. Our method shows
how topic models can benefit from finding correspondences
and using the “reward map” as an additional feature. We
have shown that, traditional topic model approaches can
perform poorly when the appearance of the background
clutter is extremely confusing. We have also shown that
our method is far more robust than traditional topic mod-
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els when the amount of background clutter is significantly
larger than the number of patches from the object of interest,
which is a major problem when applying traditional topic
models to images. Superior performance on the Caltech and
Google data sets also validate the practicalness of the new
approach.

In our experiments, the number of topics was specified
as the number of object classes expected in the data set. If
the number of topics in the data set are very high or when
it is unnatural to pre-specify the number of topics, tools
from Bayesian analysis such as the Dirichlet process mix-
ture models [2] should be considered.

Some prior work improve the image representation by
using more structured features [1][5] or denser representa-
tions [18][12]. Using these representations should further
enhance the performance of our approach.
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