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Some New Developments on Support Vector Machine

WANG Quo-sheng ,ZHONG Yi-xin
(Schod d Information Enginesring , Beijing University d Posts and Telecommunications , Bejing 100876, China)

Abdtract:  SQupport vector machine is new machine learning technique developped from the midde of 1990s. Being different
from traditiona neura network ,it is based on gructure risk minimization principle while the latter on enpirica risk minimzation prin-
ciple. A large number of experiments have shown that ,comparing with traditiond neura network ,support vector machine has not only
danpler gructure ,but a better performances ,eecidly better generdization ability. In this pgper ,sme new developments on support
vector machine are introduced 0 as to draw our etertion.
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