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Generalized symmetric alternating direction method of multipliers for LASSO problem
JIANG Feng, DANG Yazheng, HE Zexiu
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[ Abstract] As the size of data increases, the effective solution to the Lasso problem faces enormous challenges. The symmetric
alternating direction method of multipliers (SADMM) is an effective method for solving the Lasso problem, which decomposes the
original problem into several sub-problems. This greatly improves the efficiency of solving Lasso problems. However, in many
practical applications, it is costly to solve the sub—problem accurately or it is difficult to obtain the solution of the sub—problem. To
this end, this paper proposes a generalized symmetric alternating direction method of multipliers. Compared with the symmetric
alternating direction multiplier method, the algorithm introduces a semi—proximal term to approximate the x subproblem, which
overcomes the shortcoming of the previous algorithm. In addition, the relaxed factor is introduced in the algorithm to further improve

its efficiency. Finally, numerical experiments show that the proposed algorithm is effective.
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