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Abstract

We consider a class of minimization problems whose objective function is composed of a diffe-
rentiable (possibly nonconvex) function and a convex (possibly nonsoomth) function. The iner-

XEFIF: R BN R A R AT E A RS, 2021, 10(3): 732-739.
DOI: 10.12677/aam.2021.103080


http://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2021.103080
https://doi.org/10.12677/aam.2021.103080
http://www.hanspub.org

PUMEES

tial proximal algorithm is a common and important method for this kind of problems. By incor-
porating the non-monotone line search, iPiano algorithm with non-monotone line search is
proposed. We show that any cluster point of sequence which is generated by iPiano-nml is a sta-
tionary point. Finally, we perform numerical experiments on the image processing problems to
illustrate our theoretical results.
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Figure 1. Comparison of two algorithms
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Figure 2. Effect comparison
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