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A review of algorithms for Naive — supported tensor machines
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[ Abstract] Most of the natural representation forms of data are vectors, matrices or higher — dimensional data. Support vector
machines can handle the data in vector form better, but for high—dimensional data, traditional machine learning algorithms will lose
a lot of structural information when transforming multidimensional data into vector form. Therefore, the researchers proposed a
classifier such as naive support tensor, trained multidimensional data input, and solved it by SMO algorithm, in which CP
decomposition, Tucker decomposition or tensor kernel function were used to obtain the structural information of the data. In this
way, most of the information of the data can be obtained, the time cost can be saved, the computation can be reduced, and the
global optimal solution of convex optimization function can be obtained. This paper is an overview of the algorithm research of this

kind of classifier, and points out the advantages and disadvantages of the algorithm and the future development direction.
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