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SETUP

-Lipschitzness
2 (1P (21) — Fe(22)II”| < L2121 = 2

-Strong monotonicity
(F(21) — F(22), 21 — 22) 2 pllz1 — 2|’



CONVERGENCE
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CONVERGENCE

Co-coercivity

Stochastic Gradient Descent-Ascent and
Consensus Optimization for Smooth Games:

Convergence Analysis under Expected Co-coercivity.
N. Loizou et al., 2021

Definition 3.1 (Co-coercivity / Co-coercive around w™). We say that an operator £ 1s /—co-coercive
if there exist £ > 0 such that, ||£(z) — &(y)||? < €&(x) — €(y),z —y) Va,y € R%
If there exist w* € R% and ¢ > 0 such that [|£(z) —&(w*)||? < €&(x) —€&(w*), z—w*) Va € RY.

then we say that the operator £ is {—co-coercive around w*. Note that in the last definition the point
w™ is not necessarily a point where &(w*) = 0.
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Experiments: .
Bilinear convex-concave min-max
(saddle points)
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E)gqeriments: -
Bilinear convex-concave min-max
(saddle points
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E)gqeriments: :
Bilinear convex-concave min-max
(saddle points)

Bilinear Extra SAGA for Different Learning Rates
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Denoising

{(ih,jh) 1 1<i< M,1<j <N}

picture = cartesian grid
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Clean image

ROF (lambda = 8) TV-L1 (lambda =1.5)




DENOISING

Convergence (log scale)
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Results

Convergence is proved for strongly
mohnotonic and monotonic cases.

Under the assumption of co-coercivity;
linear convergence is obtained

Various modifications have been
investigated

Experiments have been conducted
(minmax, denoising, models learning)
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