The 28th Annual Conference of the Japanese Society for Artificial Intelligence, 201/

1G2-3
Jdoboobobobobouobugbogobouobouoooon
[ O

An exhaustive search method for feature selection with the exchange Monte Carlo method
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Feature selection in machine learning is an important process for improving the generalization capability and
interpretability of learned models through the selection of a relevant feature subset. In the last two decades, a
number of feature selection methods, such as L1 regularization and automatic relevance determination have been
intensively developed and used in a wide range of areas. We can select a relevant subset of features, by using these
feature selection methods. In this study, we propose a new method of an exhaustive search method, instead of
those method, by using the exchange Monte Carlo method.
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