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A Hidden Space Smooth Support Vector Machine with
Particle Swarm Optimization

LIANG Jinjin', WU De?
(1. School of Mathematical Sciences, Xi’an Shiyou University, Xi’an 710065, China;

2. School of Computer Sciences, Xidian University, Xi’an 710071, China)

Abstract: A hidden space smooth support vector machine with particle swarm optimization (PSO-
HSSSVM) algorithm is proposed to solve problems of long training time and computing complex
in using hidden space support vector machine (HSSVM) to solve constrained convex quadratic
programs. The proposed algorithm transforms the input data to a hidden space using a hidden
function, and has no any restriction on the positive definity of the hidden function. The entropy
function is employed to approximate the plus function of the slack vector, and a smooth
differentiable unconstrained convex quadratic program is derived. The conjugate gradient (CG)
algorithm is used to solve the smooth model, and the particle swarm optimization (PSO)
algorithm is used to give the optimal parameters. Experiments show that the PSO-HSSSVM
enlarges the usable kernels of smooth support vector machine (SSVM), and its accuracy and
training time are similar to those of SSVM; The PSO-HSSSVM improves the accuracy of
HSSVM by 2.14%, and the training time is only 9. 5% that of HSSVM.
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