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Abstract

This paper presents a stochastic diffusion approach

to prototype-based classification. Relations between ex-

emplary objects and their features are modeled in a bi-

partite graph. A Bayesian interpretation of the model

leads to a Markov chain over the set of objects. In con-

trast to related graph diffusion approaches, our dual

treatment of objects and features easily copes with out

of sample objects. Applied to problems in color object

localization in unconstrained images, our method per-

forms robust and yields promising results.

1 Introduction

Graph diffusion kernels for ranking on manifolds

provide a powerful approach to information retrieval

and clustering [1, 5, 12]. However, as they are con-

fined to closed sets of samples and do not apply to out-

of-sample data, common graph diffusion kernels are of

little use in classification and pattern recognition.

In this paper, we present a probabilistic graph dif-

fusion scheme that easily extends to classification. We

assume a bipartite graph to model relations between a

set of prototypic objects and a set of characteristic fea-

tures. Similarities between objects can be determined

by means of stationary distribution of a Markov pro-

cess over the graph. In contrast to known methods,

our bipartite model provides a Bayesian interpretation

of the Markov matrix. Moreover, since it factors into

two stochastic matrices, out-of-sample objects can be

ranked as well: previously unknown feature vectors,

i.e. distributions over the feature set which were not

available for computing the diffusion kernel, can be

mapped to distributions over the object set and conse-

quently be classified with respect to the training sample.

Due to the probabilistic nature of the mappings be-

tween the object- and the feature space, our method is

tailored to the classification of stochastic vectors. In

fact, it was conceived as an approach to histogram clas-

sification. After introducing our framework and dis-

cussing related work, we therefore present results on

histogram-based object detection in natural images. Ex-

periments on recent benchmark data [4] demonstrate

the potential of our approach. It performs as robust as

a state of the art reference method [7] but extends the

baseline method in that it allows for object localization.

2 Modeling Assumptions and Algorithm

Given a set of n objects O = {oj}
n
j=1, we assume

each object to be represented by a feature vector f
j over

a set of m features F = {fi}
m
i=1.

If O and F are thought of as two sets of vertices, our

assumptions translate into a bipartite graph (see Fig. 1).

In this view, each feature vector f
j = [f j

1 , f j
2 , . . . , f j

m]T

corresponds to a different labeling of F . Moreover, if

the feature vectors are stochastic vectors whose com-

ponents sum to 1, they define probability distributions

over F . Similarly, we may assume stochastic vectors o

which define probability distributions over O.

Gathering the available feature vectors in a column

stochastic m × n matrix

A =
[

f
1
f
2 . . . fn

]

, (1)

we have Aij = p(fi|oj) and note that A defines a map-

ping from R
n to R

m. Given an object distribution o, it

yields the corresponding feature distribution f = Ao.

Our model also allows us to construct an inverse proba-

bilistic mapping from the feature space R
m to the object

space R
n. The object distribution that most likely ex-

plains an observed feature distribution results from the

column stochastic n × m matrix

B = A
T
D

−1 where Djj =
∑

i

AT
ij . (2)

Assuming p(oi) = 1

n
for all i, we easily verify that the

two mappings between the sets of vertices are related
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(a) test images (b) “homerness” (c) “spaghettiness”

Figure 3. Examples of test images and response maps produced by the diffusion classifier.

Figure 4. Objects detected by computing the convex hull of strongly responding pixels.

results; it shows three test images and six response maps

whose brightness levels indicate the probability of the

presence of Homer Simpson or a pile of spaghetti. The

final output of our current implementation is shown in

Fig. 4, where the polygons cast into the pictures indicate

the convex hulls of the pixels whose response values

exceed the classification threshold.

Table 1 also presents results we obtained from using

support vector machines (SVMs) which were trained on

the same data and processed the same features as our

diffusion algorithm. Generally, we observed the SVMs

to perform worse. In particular, we observed them to

yield lower precision. We attribute this to the sizes of

the training sets which may be too small to determine

class boundaries that generalize well. Graph diffusion

based classification, on the other hand, can be thought

of as probabilistic nearest neighbor classification that

also copes with scarce training data.

5 Summary and Outlook

This paper presented an approach to classification

based on probabilistic diffusion over a set of prototypic

descriptors. Instead of conventional adjacency graphs

we consider bipartite graphs whose two sets of vertices

represent objects and features. We did show that, if

the features are chosen to be probability distributions,

Markov processes over these graphs and the resulting

rankings can be explained in terms of latent variables.

In contrast to related approaches, the bipartite model

easily extends to the ranking of unknown objects and

therefore enables classification. It does not require ex-

tensive training and was conceived as a way of deal-

ing with high degrees of intra class variations that occur

in the context of object detection in realistic settings.

Currently, we are integrating a postprocessing layer into

our implementation that analyzes spatial patterns of re-

sponse maps and thus should further improve accuracy.
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