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An Analyss of SYMs Generdization Performance

ZHOU Wei-da ,ZHANGLi JIAO Li-cheng
(National Key Lab. for Radar Signal Prooessing, Xidian University , Xi’ an 710071, China)

Abdract: Sme geometry of Support Vector Machines for dassfication and regresson is described and proven. And then the
generdization performance of SYMson neMy-added sanplesis discussed. Through the andyssdf the property of neMy-added sanples
and the dfect of them on support vectors and non-support vectors ,ome val uable results are presented. These enable us to conclude
that SYM has a good comrpatihility ,adgptahility and generdization performance for neMy-added sanples and is a hereditable learning

nodd .
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