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Abstract

Recently, support vector learning attracts great interests in the areas of pattern classification, function approximation,
and abnormality detection. It is well-known that among the various support vector learning methods, the so-called
nu-versions are particularly useful in cases that we need to control the total number of support vectors. In this paper,
we consider the problem of function approximation utilizing both predetermined basis functions and a nu-version

support vector learning called v-SVR. After reviewing &€-SVR, v-SVR, and a semi-parametric approach, this paper

presents an extension of the conventional V-SVR method toward the direction that can utilize predetermined basis
functions. Moreover, the applicability of the presented method is illustrated via an example.
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