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Low rank hypergraph feature selection algorithm based on self-representation
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Abstract: Due to that high—dimensional data usually is low—rank and contains redundant features this paper proposed a novel
unsupervised hypergraph feature selection algorithm based on self—representation property of features. First it considered the
self-representation matrix to sparsely represent each feature by a linear combination of other features. Such self-representation
property was then enforced a low—rank assumption to learn the low—rank representation of high-limensional data via conside—
ring the global structure of the data to conduct subspace learning. Second it considered the local structure of the data by a hy—
pergraph based regularizer. In this way the proposed method integrated subspace learning into the framework of feature selec—
tion. Experimental results demonstrate that the proposed can select the best discriminative features and achieve the best classi—
fication performance compared to the competing methods.
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