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A feature selection method based on randomized algorithm
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In this paper, we propose a feature selection method based on randomized algorithm. As is well known, LASSO
does not have the consistency for feature selection. To overcome this issue, we combined LASSO with pipage
rounding technique, recently-proposed combinatorial algorithm for rounding. This approach is based on the fact
that feature selection with least-squared errors is equivalent to submodular maximization. We give some empirical
examples using artificial datasets, showing that our method could achieve better performance on feature selection.
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