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Hypergraph and self-representation for spectral clustering

Li Yonggang' Su Yijuan®® He Wei' Lei Cong'
(1. Guangxi Key Laboratory of Multi-source Information Mining & Security ~ Guangxi Normal University —Guilin Guangxi 541004  China;
2. College of Computer & Information Technology —Guangxi Teachers Education University ~Nanning 530023  China)

Abstract: To solve the issue that the traditional spectral clustering methods constructed the similarity matrix by only consider—
ing the pairwise relationship of the data but ignoring the complicated correlations among samples this paper put forward a hy—
pergraph and self—epresentation based spectral clustering method called hypergraph and self—representation for spectral cluste—
ring ( HGSR) . Firstly the algorithm constructed a hypergraph which fully considered the relations of samples to output the hy—
pergraph Laplacian matrix. Secondly it conducted row sparse selfrepresentation for all samples by utilizing an /, , -norm regu—
larizer and also put hypergraph Laplacian into the regulation to guarantee the local structure of each sample. In this way simi—
lar samples were clustered into same cluster. At last it obtained an affinity matrix for conducting spectral clustering. By utilizing
the hypergraph based selfrepresentation it considered the complicate relationships between the samples. The experimental re—
sults of Hopkins155 dataset and some image datasets show that the proposed method outperforms the LSR SSC and LRR in
terms of the subspace clustering error.
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