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Localized Proximal Support Vector Machine via Generalized Eigenvalues
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Abstract A binary classifier termed as proximal support vector machine via generalized eigenval-
ues (GEPSVM), is proposed recently. It aims to obtain two nonparallel planes generated from
their corresponding generalized eigenvalue problem and has equivalent test correctness to SVM.
In nature, GEPSVM attempts fitting two-class points with two planes. For an unseen sample,
according to decision rule of GEPSVM, it will be assigned to the closest planes. In fact, this
rule, in most cases, may result in poor test correctness. In this paper, based on GEPSVM, a new
classifier named Localized GEPSVM is presented. Instead of two fitting planes, an unknown
sample will be classified to the closest localized planes, i. e., convex hull, which are generated
from the projections of two-class training points, respectively. Compared to GEPSVM, LGEPS-
VM outperforms GEPSVM in test correctness. Derivatively, LGEPSVM also develops an algo-
rithm for solving convex hull on the projective hyperplane. Besides simple geometrical interpreta-
tion, this algorithm eases up to kernel version. Finally, Test accuracy of LGEPSVM algorithms

will be validated on some artificial and real UCI datasets.
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gle training sample each class, limitation problem of rank and
so on. To breakthrough the foresaid limits, the authors have
directly defined new optimization criterion to widen applica-
tion range of LDA. Nowadays, another popular linear classi-
fier, support vector machine (SVM) is based on the structur-
al risk minimization (SRM) principle and aims at maximizing
the margin between the points of two-class data classifica-
tion. However, SVM requires a solution of quadratic pro-
gramming (QP) problem. Recently, Fung and Mangasarian
introduced a proximal SVM (PSVM) ., which replaces ine-
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quality with equality constraints of the SVM framework. In
doing so, the authors claim that the computational complexi-
ty can be greatly decreased without resulting in discernible
loss of classification accuracy. Furthermore, PSVM classifies
two-class points to the closest of two parallel planes that are
pushed apart as far as possible. With similar starting point in
defining objective function of LDA, Proximal support vector
via generalized eigenvalue (GEPSVM) can be interpreted as
replacing class centers of LDA with proximal planes. In a
viewpoint of proximal planes, GEPSVM is another version of
PSVM, in which only a set of linear algebra problem needs to
be solved instead of a QP problem of traditional SVM. Its
proximal planes are generated by a generalized eigenvalue
problem such that GEPSVM is superior to SVM in computa-
tional time but has still comparable test correctness. The lat-
ter project is "Topology Synthesis of Evaluating Statistical
to be

Index Architecture and Generating Projection Set

Evaluated", which aims to construct a new mechanism to

evaluate classifier’ performance in statistical comparison.

For an unseen test point, according to decision rule of
GEPSVM, it is assigned to that class of its closest plane.
However. this rule, even in linear-separable cases, may re-
sult in poor test correctness, i. e. » generalization. In this pa-
per, based on GEPSVM, a new classifier termed as Localized
GEPSVM (LGEPSVM) is present. Instead of two proximal
planes, an unknown sample is classified to the closest local-
ized planes, i. e. » convex hulls, which are generated from the
projection of two-class training points, respectively. In addi-
tion to reporting the average accuracies, the authors per-
formed paired z-tests comparing LGEPSVM to GEPSVM. In
most real datasets here, LGEPSVM outperforms GEPSVM
in test accuracy. Derivatively, LGEPSVM is also used to de-
velop an algorithm for solving minimal convex hull on the
projection hyperplane which can solve subclass classification

and piecewise linear regression problems etc.



