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Abstract

In machine learning and other related fields, for the optimization problem of non-convex func-
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tions, the existing algorithms cannot effectively guarantee the convergence and global stability of
non-convex functions in theory. In this paper, the Lp norm (p is even) is introduced into the
non-convex function, and on this basis, an optimization algorithm of Periodic Alternating Direc-
tion Method of Multipliers (PADMM) is designed for the convergence analysis of such non-convex
functions. We prove that when the penalty parameter is large enough, the nonconvex function
with even penalty norm will converge and converge to the global minimum. In addition, the PADMM
algorithm does not impose special requirements on the order of variable updating, which greatly
enhances the universality of the PADMM algorithm in dealing with various non-convex function
optimization problems.
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