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Survey on algorithms of low-rank matrix recovery
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Abstract: This paper collectively referred robust principal component analysis, matrix completion and low-rank representation
to as low-rank matrix recovery, and made a brief survey on the existing algorithms of low-rank matrix recovery. Firstly, it dis-
cussed various optimization models and the corresponding iterative algorithms for robust principal component analysis. Next, it
analyzed the matrix completion problem and proposed the inexact augmented Lagrange multipliers algorithm to solve the prob-
lem. In addition, it introduced the optimization models for the low-rank representation problem and presented the iterative al-

gorithm. Finally, this paper discussed several problems which need further research.
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