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Abstract

Alternating direction multiplier method (ADMM algorithm) is an effective method to solve separ-
able convex optimization problems. The algorithm USES the separability of the objective function
to divide the original problem into several minimization subproblems and then solve them alter-
nately iteratively. Consensus is an important form of solving big data problems. In this paper, a
regularized consistency problem is proposed, its iterative process is given, and its convergence is
proved under appropriate assumptions.
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