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Abstract

In this paper, we study the distributed convex optimization problems over directed networks, and
propose a novel distributed momentum acceleration algorithm called ARNH based on the existing
distributed algorithms. ARNH uses row-stochastic matrix and heterogeneous step size, which ef-
fectively overcomes the network imbalance and improves the network flexibility. Furthermore, in
order to achieve faster convergence, ARNH employs a double acceleration mechanism combining

WEF| A ALK, ARSI T e RN IEATEENLR A ], N Bt g, 2023, 12(3): 919-931.
DOI: 10.12677/aam.2023.123094


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2023.123094
https://doi.org/10.12677/aam.2023.123094
https://www.hanspub.org/

XM

Nesterov gradient method and heavy-ball method. Under the assumption that the local objective
function is differentiable and strongly convey, it is proved that the node state can be asymptoti-
cally converged to the global optimal solution by choosing appropriate step-sizes and momentum
parameters. Finally, the superiority of the new algorithm is verified by comparing the perfor-
mance of ARNH with related algorithms in simulation experiments.
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AyiTc, < (1= 2)c, —a (yC, + W,C, +W,Cq +77W,C, ),
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