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Multi-output regression analysis algorithm based on hypergraph and low-rank
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Abstract: Since the traditional regression model does not take advantage of the correlation among class labels this paper pro—
posed a multi-output regression algorithm by considering hypergraph and low-rank. Firstly this paper employed an €, ,-norm
regularization term to improve the model of linear regression. Then this paper combined low rank structure with hypergraph
representation to consider both the local structure of same categories and global structure of different categories. Finally the
model further adjusted the results of reconstruction coefficient matrix by linear discriminant analysis ( LDA) . Experimental re—
sults show that the proposed method obtains the best results compares to four competing methods on six public datasets.
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