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Optimization of data matrix completion by symmetric weighting algorithm

LIU Yun, ZHENG Wen-Feng , ZHANG Yi
(Faculty of Information Engineering and Automation, Kunming University of

Science and Technology, Kunming 650500, China)

Abstract: The matrix completion algorithm can be used to solve the data missing problem in data analy-
sis, and the efficiency of matrix completion algorithmcan be optimized and improved from the aspects
such as algorithm accuracy. In this paper, a Symmetric Weighting (SW) algorithm is proposed. Specif-
ically, the regularization method is first used to complete the low-rank matrix decomposition according
to the general matrix completion model. Then, the decomposed matrix factor is weighted by a common
symmetric matrix to obtain a new matrix completion model and a regularization weighting function. Fi-
nally, the optimal solution of the objective function is obtained iteratively using block coordinate descent
and alternate least square optimization algorithm, and the optimal completion matrix of data completion
is obtained. The results of simulation showed that the Symmetric Weighting algorithm is better than the
APALM, IRSVF and IRNN in terms of accuracy and convergence speed.
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