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Abstract

For structured nonconvex and nonsmooth optimization problems, we propose a Modified Inertial
Proximal Alternating Direction Method of Multipliers (MID-PADMM). These problems are signifi-
cantly applied in various domains, including machine learning, signal processing, and economics.
Existing algorithms often face challenges such as slow convergence or the inability to guarantee
convergence when dealing with such problems. To overcome these limitations, we introduce a
dual-relaxed term to enhance the robustness and flexibility of the algorithm. The theoretical
analysis shows that the MID-PADMM algorithm can achieve global convergence under suitable
conditions and has an iteration complexity of O(1/k), where k represents the number of iterations.
Numerical experimental results demonstrate that, compared to the current state-of-the-art algo-
rithms, MID-PADMM exhibits faster convergence rates and higher solution quality in multiple in-
stances.
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(x,y)eR™xRY
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Fréchet nf &%, H EA Lipschitz HELEREE, A:R™ - RP LR,
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Table 1. Algorithm performance comparison
= 1. BEURMEELER

A7 IS K THEI ) s wE e
MID-PADMM 50 0.85 1.2x107*

PAM 100 1.55 1.5x10™

00104 ®_ —e— MID-PADMM

o ~%- PMA

0.008 -

0.006 -

0.004 -

0.002 ~

0 2 4 6 8 10
Figure 1. The error curves of the MID-PADMM algorithm and the PAM
algorithm have the horizontal axis representing the number of iterations Kk,
and the vertical axis representing the error e
[ 1. MID-PADMM EEFI PAM B A RIRZE B2 A AR RIZROR
Bk, PLIFKRIRE e
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