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Abstract : GEPSVM ( Proximal Support Vector Machine via Generalized Eigenvalues ) have been played more attention in
machine learning and pattern recognition. It adopts data fitting to construct classifier,and further leading to two Generalized
Eigenvalue problems. One of its variants is Localized GEPSVM , shortly LGEPSVM. Instead of the closest nonparallel planes
of GEPSVM, LGEPSVM classifies an unknown sample to the closest convex hulls on the projection plane. Experimental
results show that LGEPSVM able to achieve comparable or even better test correctness than GEPSVM. However, due to
training convex hull, LGEPSVM would cost much time in training stage. To speed training LGEPSVM, in this paper, we
propose a new version LGEPSVM ,termed as MLGEPSVM ,based on Mahalanobis metric. Concretely, MLGEPSVM aims to
find two ellipsoidal convex hulls,and then classify the samples to the class corresponding to its closest ellipsoid. Compared
to LGEPSVM and GEPSVM, advantages of MLGEPSVM lie in three aspects: ( 1) calculation method of ellipsoid convex
hull, (2) faster classification speed,and(3)less storage requirement,only ellipsoid convex hull of each class will be stored
(the sample center and covariance matrix ). Finally,analysis and experiments on artificial and UCI benchmark datasets will
validate our foresaid superiorities.

Key words : proximal support vector machine, generalized eigenvalues , Mahalanobis metric, convex hull
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Table 4 Comparison three classifiers in Gaussian Kernel

Data GEPSVM LGEPSVM MLGEPSVM
BUPA 345x6 63.41+3.29 64.39+2.19 67.85+£12.59
Water 116X38 68.22+8.15 66.49+10.20 59.64+11.30

Checkdatal000%2 55.61+5.33 55.88+4.76 76.77+£14.52
Pima 768x8 45.08+4.23 52.96+2.97 54.04+10.39
WPBC 194x32 64.32+5.83 74.21£3.90 52.50£5.27
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