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Nonparametric Model and Variational Bayesian Learning for Subspace Clustering

QING Xiang-Yun WANG Xing-Yu

(College of Information Science and Technology , East China University of Science and Technology, Shanghai 200237)

Abstract  The goal of subspace clustering is to group a given set of data represented by different
feature subsets. As an unsupervised learning method, subspace clustering tries to discover the
patterns of "similarity examined under different presentations" and has received a great deal of in-
terest and research in the related domains. Firstly the "mean and variance shift" model proposed
by Holff is extended to a new nonparametric model of subspace clustering based on subsets of fea-
tures. The advantage of the model is that variational Bayesian method can be applied. The model
based on the integration of a Dirichlet process mixture model and a nonparametric model of selec-
ting subsets of features can automatically choose the number of clusters and perform subspace
clustering. Then posterior inference of the model is done using Markov Chain Monte Carlo. Due
to computational considerations the authors propose a variational Bayesian method to learn the pa-
rameters of the model. Experimental results using simulated data and the application to the prob-
lem of clustering face images illustrate the model can simultaneously selecting the relevant fea-
tures and the data points that have similar pattern under these features. Experiments on the
"multiple feature database" from the UCI repository show that variational Bayesian method with-

out sampling can fleetly inference the parameters of the model.
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Background

Various types of tasks in some specification domains,
such as image segmentation, text and image classification,
web semantic information extraction, etc. s can be viewed as
a clustering problem to solve. The goal of cluster analysis is
to group a data set into clusters such that those data points in
each cluster are more similar to each other than to those of
other clusters. As one of the most fundamental unsupervised
learning problems, it has been studied widely in the litera-
ture. However, data represented by a number of features
may have discriminative information only on the subset of
features. In particular, individual clusters may represent
grouping on different (possibly overlapping) feature subsets,
and it is interesting to discover such patterns that highlight
different facets of the similarity between the data points.
Therefore, subspace clustering was proposed in order to
solve the problem of simultaneously choosing the subset of
features and selecting the data points given those features.

The first subspace algorithm, CLIQUE was proposed by
Agrawal R et al. in 1998 and was soon followed by many re-
lated methods. Friedman and Meulman (2004) developed a
clustering algorithm on subset of attributes, whose clustering
criteria and computational approaches were largely driven by
heuristics. Hoff (2006) presented a model-based subspace
clustering methods based on finding groups which differ from

each other in terms of their means and/or variances at one or

more attributes. However, the model of "clustering shifts in
mean and variance" learned by Markov Chain Monte Carlo
and the computational cost may be prohibitive. So the au-
thors extend their model to a new unified nonparametric mod-
el such that variational Bayesian method can be applied to ac-
celerate estimation of parameters. Variational Bayesian ap-
proximations have been widely used in Bayesian learning to
offset the high computational cost of exact Bayesian calcula-
tions. Nonparametric model only need little prior information
and model selection is decided by data itself. The authors’
model can simultaneously optimize over the number of com-
ponents, the subsets of features to each of components and
the parameters of the model under the MCMC and variational
frameworks.

The research is partially supported by National Natural
Science Foundation of China under grant No. 60674089 and
the Doctoral Program of the Ministry of Education under
grant No. 20040251010. One mission of these two projects is
to develop a algorithm that can automatically partition signals
into different clusters and discover latent patterns from hu-
man's EEG. The research work of this paper, as a part of
fundamental theory work, will be applied to these projects.
The study of the team aims at meeting with the new interna-
tional research tendency and integrating the studies on control

theory, machine learning and brain signal.



