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Multi-output regression based on self-paced learning
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2. College of Computer and Information Engineering, Guangxi Teachers Education

University., Nanning 530023, China)

Abstract: To solve the problem that existing multi-output regression model does not consider the influence of outliers and thus
leading to the poor generalization ability of the model, a multi-output regression method combining self-paced learning with
sparse feature selection was proposed. The feature selection model was trained using the most high-confidence samples based on
the self-paced learning theory, and more high-confidence training samples were added in the remaining samples to increase the
generalization ability of the initial feature selection model until the generalization ability of the feature selection model stopped im-
proving or all training samples were used up. As a result, the selected features may improve the efficiency and effectiveness of
the multi-output regression. Experimental results on six datasets show that the proposed method is superior to the comparison
algorithms.
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