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Piecewise Smooth Semi-supervised Support Vector Machine for Classification
FAN Xu-hui ZHANG Jie BAN Deng-ke

(School of Electronics and Information, Northwestern Polytechnical University,Xi’an 710072, China)

Abstract In order to focus on the non-smooth and non-convex problems of the semi-supervised support vector ma-
chine, a piecewise function based on piecewise ideas was proposed to approach the non-convex and non-smooth objective
function. The approach degree of the piecewise function to objective function can be chosen according to the accuracy de-
mand. A new piecewise smooth semi-supervised support vector machine (PWSS®* VM) model based on piecewise func-
tion was constructed. LDS algorithm was applied to solve the model and its approximation performance to the symmetric
hinge loss function was analyzed. Theoretical analysis and numerical experiments confirm that PWSS* VM model has
better classification performance and higher classification efficiency than previous smooth models.
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