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Matrix Completion by Using Tri-factorization Method
CHANG Caixia, WANG Yongli
(College of Mathematics and Systems Science, Shandong University of

Science and Technology, Qingdao, Shandong 266590, China)

Abstract: Matrix completion (MC) has a wide range of applications in machine learning and image processing to re-
cover a low-rank matrix from a partially observed data entries. Considering the need for singular value decomposition
in each calculation of iteration., too large matrices will lead to high computational cost. To mitigate the computation-
al cost, the tri-factorization method (TFM) was applied to the robust MC (RMC) problem in this paper. Then, it
was solved by using the alternating direction method of multipliers. Finally, numerical experiments were conducted
based on real data of face recognition and the experimental results verified the encouraging performance of the pro-
posed method for face recognition task.
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Fig. 1 The recovered images from Man face data set’s rank-10, rank-12 and rank-15 factorization
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Fig.2 The recovered images from Woman face data set’s rank-6, rank-7 and rank-8 factorization
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