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Multiple Kernel Learning Algorithm
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Abstract: An improved algorithm of speech emotion recognition is proposed based on modified

multiple kernel learning. The algorithm based on Gaussian radial basis function improves clas-

sification performance by gathering different samples, utilizing different evaluation criteria and

acquiring different parameters . In addition, with the help of multiple kernel technology, the

trained Gauss kernel functions are used to construct the basis of multiple kernel learning and

the efficiency of learning are greatly improved by utilizing the relaxation factor to construct ob-

jective function of soft margin . Experimental results show the presented algorithm can effec-

tively improve the performance of speech emotion recognition.
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WU 22 4% 5 V6 08 5 15 Rl B 1 E 1
Diagram of speech emotion recognition based on

modified MKL algorithm
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Table 2 Correct recognition rate of MKL under different

proportions of training samples
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Table 3 Speech emotion recognition results of the improved
kernel algorithm
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Table 4 Compare of emotion recognition results for differ-

ent recognition algorithms
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