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Abstract

This paper presents the Monte Carlo subspace
method — a cost-effective classification technique for
high-dimensional data by the Monte Carlo scheme. The
most intensive computation in the linear subspace meth-
ods is the reduction of dimensionality of the feature
space by the eigen decomposition or singular value de-
composition. In the present method, the subspaces are
learned by updating their orthonormal basis sets with
random increment of the dimension of the feature space.
The subspace learning progresses with the similarity
measurement of test samples until their classification
is completed. The expected advantages include reduc-
tion of the computational expense without critical loss
of recognition rate especially for the high-dimensional
data. The performance of the present method was ex-
perimentally verified using face recognition datasets.

1. Introduction

I present a substantial improvement in computation
of the subspace methods by the Monte Carlo approach.
The subspace methods [1, 2] have provided us effec-
tive techniques for applications such as optical charac-
ter recognition, face recognition, and so on. The reduc-
tion in the computational costs of the subspace methods
contributes to their applicable advances in the technol-
ogy for large-scale and high-dimensional data.

In the linear subspace methods, the classes of given
training samples are basically represented as linear sub-
spaces spanned by the principal components of the sam-
ples in the Euclidean feature space. After learning
the subspaces, test samples, i.e., queries, are classi-
fied into the classes according to (dis)similarity mea-
sures between the classes and the queries calculated
with the principal components of the learned subspaces.
The subspace learning by the principal component anal-
ysis is known as the reduction of dimensionality, of
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which computational expense is quite significant due
to high dimensionality of the feature space. In par-
ticular, appearance-based vision techniques sometimes
have to treat images as intolerably high-dimensional
feature vectors with the pixel values in practice.

A possible solution to reduce the computational cost
of the subspace learning due to the high dimensional-
ity is incremental learning with respect to the dimen-
sion. An iterative algorithm that updates the principal
components referring to the feature vectors of the train-
ing samples from low to high dimensionality can be
computationally cost-effective if it can be terminated
at an early iterative stage for the classification of the
queries. The subspace learning with the dimensional
increment of the feature space can be achieved by ap-
plication of the incremental singular value decompo-
sition (SVD) [3, 4, 5, 6, 7]. If randomly chosen di-
mensions are appended to the low-dimensional feature
space, the (dis)similarity measures between the learned
subspaces and the queries in a low-dimensional feature
space are expected to approximate those between them
in the high-dimensional feature space due to the same
principle as the random projection [8, 9].

In this paper, I first review the traditional linear sub-
space methods performed in a low-dimensional fea-
ture space. Second, I propose a classification method
that measures the similarity in low-dimensional feature
spaces constructed by random increment of the dimen-
sion. I name this method the dimension-incremental
Monte Carlo subspace method. Finally, I apply the
Monte Carlo subspace method to the appearance-based
face recognition to show the cost effectivity.

2. Subspace methods in low-dimensional
feature space

Let {C;}f_, be a collection of classes, from each of
which n; training samples are given as d-dimensional
feature vectors. A data matrix of the class C} is defined












