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When training Support Vector Machine (SVM), selection of a training data set becomes an
important issue, since the problem of overfitting exists with a large number of training data.
A user must decide how much training data to use in the training, and then select the data
to be used from a given data set. We considered to handle this SVM training data selection
as a multi-objective optimization problem and applied our proposed MOGA search strategy
to it. It is essential for a broad set of Pareto solutions to be obtained for the purpose of
understanding the characteristics of the problem, and we considered the proposed search
strategy to be suitable. The proposed search strategy was adapted to the SVM training
data selection problem, and the results of the experiment indicated that broader solutions
can be obtained by the search strategy compared to conventional MOGAs. Moreover, bet-
ter understanding of the tradeoff relationship between the classification performance of the
training data and the generalization performance became possible with the proposed search
strategy.
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