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Hypergraph-based sparse feature selection

Lei Cong' Zhong Zhi*® Hu Xiaoyi' Fang Yue' Yu Hao' Zheng Wei'
(1. Guangxi Key Laboratory of Multi-source Information Mining & Security Guangxi Normal University —Guilin Guangxi 541004 China; 2.

College of Computer & Information Engineering Guangxi Teachers Education University Nanning 530023 China)

Abstract: It is a fact that during real data mining applications noises or outliers can increase the rank of a matrix. This pa—
per proposed a novel feature selection via hypergraph-based sparse structure combined with a low-rank constraint. Specially it
obtained the self—epresentation coefficient matrix through sparsely represent each feature by other features. Then obtained the
local structure of the data via a hypergraph-based regularizer so as to integrate the subspace learning into the framework of fea—
ture selection. Meanwhile it obtained the correlation between features via using an /, ,-norm regularization to penalize the self-
representation matrix. And designed the [/, ,-norm on the loss function for building the relation among samples. It used the cor—
relation and relation for selecting those features that assisted in improving the performance. Experimental results demonstrate
that the proposed method is much better than extant methods at classification performance and stability.
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