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Local Variation Regularized Margin Discriminant Projection
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Abstract  High dimensionality is one of important properties of big data, and dimensionality reduction is
an effective method to deal with high-dimensional data. The key point of dimensionality reduction
algorithm design is preserving the discriminant information and geometric structure contained in
original high-dimensional data set, such that the obtained low-dimensional feature representations
not only can characterize the distributional shape of original high-dimensional data set, but also
are helpful to corresponding classification tasks with lower computational costs. Margin discriminant
projection is a supervised linear dimensionality reduction algorithm, which seeks for optimal
discriminant projection directions by maximizing the minimum distance between samples that
belong to different classes, and simultaneously minimizing the maximum distance between samples
that belong to the same class. In order to preserve the local geometric structure of original high-

dimensional sample points, and improve the generalization ability of margin discriminant projection,
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local variation information of original high-dimensional samples is encoded in margin discriminant
projection model, then the diversities of samples in the original high-dimensional data set can be
preserved by maximizing local variations of projected sample points, which means that, in the
process of dimensionality reduction, the sample points that are far apart in the local neighborhood
should keep a larger distance after the projection, so as to prevent the distortion of the similarity
relation and the topological structure contained in the original high-dimensional data set. Under
the graph embedding framework, the similarity information, discriminant information and local
variation information of original data set can be modeled by the regularized trace difference criterion,
which has a closed form solution. By this way, the margin discriminant projection method is
extended to the local variation regularized margin discriminant projection. In some real-world
applications, such as image data, the dimensionality of data samples is often very large after
represented as vectors. In such case, the computational cost of eigen-decomposition on scatter
matrix is high. In order to reduce the time complexity of the eigen-decomposition of scatter
matrix, as for implementation, an efficient eigen-decomposition algorithm to solve local variation
regularized margin discriminant projection optimization problem is derived, in which the QR
decomposition technique on data matrix is used to improve the computational efficiency. Since
local variation regularized margin discriminant projection only considers margin samples and uses
QR decomposition to accelerate calculation, the computational complexity is much lower than
original margin discriminant projection. The experimental performance of classification tasks on
face image data sets confirm the effectiveness of the proposed local variation regularized margin
discriminant projection algorithm on discriminant feature extraction. Compared with margin
discriminant projection, local variation regularized margin discriminant projection considers local
variation information of data set, and is more flexible, since it is formulated as trace difference
regularization framework, which can be adaptive to specific data set. Thus, it can generate low-
dimensional features with better discriminant ability. Since local variation can describe intrinsic
geometric structure of data set, and the projection directions obtained from regularized margin
discriminant projection are orthogonal, it can preserve geometric structure of data set, which
leads to wide application and robustness of the proposed method.

Keywords  dimensionality reduction; margin discriminant projection; data classification; local

variation; graph embedding
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Background

Dimensionality reduction is an important preprocessing
technique for high-dimensional data analysis. By projecting
the high-dimensional data into low-dimensional representa-
tion, it can be used for data compression, to reduce costs of
data acquisition and storage and improve the efficiency of data
transmission, query and computation. Margin discriminant
projection aims to maximize inter-class distances and minimize
intra-class distances, which may lead to similar samples are
projected onto the same point together, so the local topology
relationships are interrupted and local geometric structure is
distorted. How to preserve global and local structure of data
sets is a challenge problem in dimensionality reduction. The
proposed regularized margin discriminant projection (RMDP)
is proposed., which is an extension of our previous MDP

algorithm. RMDP consider local variation in samples, which
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is defined as weighted distance in a neighborhood of each
sample. In optimization model, the diversity of data sets can
be preserved by maximizing local variation, which describes
the real geometrical structure of data sets. The objectives in
inter-class seperability, intra-class similarity and local variation
are incorporated as trace difference optimization problem.
Therefore, RMDP can be directly used for small sample
problem and can be solved efficiently, which has better
performance in face recognition experiments.
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