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PMUS-HOSGD Tensor Decomposition Method and Its Application
in Tag Recommendation
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(a. School of Computer Science and Software; b. Big Data Key Laboratory of Hebei Province,

Hebei University of Technology, Tianjin 300400, China)

[ Abstract] The current label recommended system uses tensors to store “user-resource-label” three-dimensional data,
mining the potential semantic association among the three. In order to solve the sparseness problem of three-dimensional
data and avoid the data distortion caused by the tensor filling process, this paper proposes a tensor construction method
based on tag punishment mechanism PMUS and a tensor decomposing method based on stochastic gradient descent
HOSGD. Tensor is constructed by combining tag punishment mechanism and user score,the expansion matrix of tensor is
decomposed by the method of stochastic gradient descent. On this basis,combined with PMUS and HOSGD, the PMUS-
HOSGD algorithm is proposed to deal with the data, and the personalized tag recommendation is made for the user
according to the results. The experimental results on the data set MovieLens show that,compared with Cube ALS,HOSVD
and CF algorithms, this algorithm can effectively improve the accuracy of tag recommendation.

[ Key words] tag recommendation; data sparseness; tensor construction; tensor decomposition; penalty mechanism;
stochastic gradient descent
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