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Abstract

The ADMM algorithm is a conventional strategy for solving two separable convex optimization
problems. Its fundamental idea is to use the objective function on the basis of augmented Lagrangian
multiplier method, reducing the computing burden of addressing subproblems. When the penalty
term in the augmented Lagrangian function is M-norm, it is generally more difficult to solve subprob-
lems. As a consequence of augmented Lagrange function, we shift the penalty term of the M-norm to
the penalty term of the 2-norm by adding a semipositive definite or positive definite proximity
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term, allowing us to rapidly find the closed form solution of the subproblem. This approach has
the advantages of a weaker penalty term and a semipositive definite proximity term, which allows
for a broader range of applications. This improved new algorithm can be viewed as a proximity point
algorithm, which is easy to analyze in terms of convergence and does not require strong assumptions.
Experimental results show that the new algorithm is feasible compared to several other mainstream
efficient algorithms.
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Table 1. Comparison of the number of iterations between Algorithm 1 and Linearized ADMM
%% 1. E3£ 1 70 Linearized ADMM B3 4X R i EL 58

S 4% (m x ) S 1 RIS Linearized ADMM [#)3%:4% k%
750 x 2500 40 53
900 x 3000 39 52
1050 x 3500 38 51
1200 x 4000 38 51
1500 x 5000 35 48
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