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Abstract

The performance of support vector machine is dependent on its parameters to a great extent. In order to

determine the parameters of SVM, we should estimate the SVM’s generalization performance firstly. Some kinds of
generalization performance estimators in overseas are introduced. We also analyze the characteristics of various gener-
alization performance estimator, and indicate the trend of research on the generalization performance estimator.
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4.1 Leave-One-Out bound
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Methods Estimated testing error (%)
Leave-one-out 18.2%.
Support vector count bound 47.7%
Jaakkola-Haussler bound 20.5%
Opper-Winther bound 22.7%
Radius-margin bound 20.1%
Span bound 27.3%
Ea-estimator 31.8%
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