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Abstract; To solve the matrix rank minimization problem with large singular values, the log-determinant function was
used as a rank approximation instead of the nuclear norm and an augmented Lagrangian alternating direction method
was proposed. When penalty parameter 8 > 1 , the sequence of iterations generated by the proposed algorithm was
proved to be convergent to a stationary point of the original problem. Finally,numerical experiments were conducted
based on real data and random data. The results demonstrate that the proposed algorithm is more efficient than the
existing nuclear norm method in solving the problem of matrix rank minimization.
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Tab. 1 Statistics for the data sets used in our tests
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Fig. 2(a) Test of RMSE on Scene data Fig. 2(b)  Test of RMSE on Stock data
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Tab. 2 Results comparison of LADM and ALADMLD

E24 LADM ALADMLD

Asp)d P m n r XRel Tter Time RMSE  XRel Tter Time RMSE
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3000 3 000 200 50 1.5-1 100 116.3 3.0657 6.6-4 4 16.21 0.001 0
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