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Research on Multiple-Kernel Support Vector Regression Method
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[ Abstract] In recent years, the Support Vector Regression method has shown excellent performance in reducing generalization
errors. However, traditional Support Vector Machines or Support Vector Regression methods are based on a single kernel function to
solve nonlinear problems in high—dimensional space. However, with the continuous expansion of the application field, in some
complicated situations, the Support Vector Regression method consisting of a single kernel function can not meet the practical
problems of data heterogeneity and input space dimension is too high. Aiming at this problem, multiple kernel learning has been put
forward on the basis of single—core learning, which is to linearly combine multiple kernel functions to improve the accuracy of the
model, and gradually become a hot research topic in the field of machine learning. This paper reviews the theory of Support Vector
Regression algorithm and multiple kernel learning algorithm, and analyzes their respective characteristics and application fields. At
the end of the article, the research trends of the multiple Kernel Support Vector Regression method are summarized.
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Fig. 3 Multi—core Support Vector Regression process
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