11 Vol. 29 No.11
2001 11 ACTA ELECTRONICA SINICA Nov. 2001

AR, KA, A

( , 710071)

vC

TP391. 4 : A : 0372 2112 (2001) 1t 1507 05

Linear Programming Support Vector Machines
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Abstract:  Based on analysis of the conclusions in the statistical learning theory, especially the VC dimension of linear func
tions, linear programming SVMs are presented, including linear programming linear and nonlinear SVMs. In linear programming linear
SVMs, the bound of the VC dimension is loosened properly. Simulation resuls for both artificial and real data show the generalization
performance of our method is a good approximation of SVMs and the computation complexity is largely reduced by our method.
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