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Semi-supervised speech emotion
feature selection based on adaptive structured graph
LUO Hui, HAN Jiqing
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] This paper considers the problem of semi—supervised feature selection in speech emotion recognition, that is, how to
use unlabeled speech emotion data to help select the features with emotion discriminability. To address this problem, the paper
proposes a novel graph—based semi—supervised feature selection method. The proposed method can estimate a prediction label matrix
on the graph with respect to the label fitness and the manifold smoothness, thus it can effectively utilize label information from
labeled data as well as a manifold structure information from both labeled and unlabeled data. In comparison with the existing graph
—based algorithms, the proposed approach can perform feature selection and local structure learning simultaneously, so the graph
similarity matrix can be determined adaptively. At the same time, the paper constrains the similarity matrix to make it contain more
accurate data structure information, therefore the proposed approach can select features that are more discriminative. Moreover, an
efficient iterative algorithm is proposed to optimize the problem. Experimental results on typical speech emotion datasets show that
the proposed method is effective.
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