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BapnauyMoOHHOE HepaBeHCTBO

Haiitu BexTop * € R?, yiosserBopsitomnmii

g(z) — g (%) + (F (z*),z — 2*) > 0 ga Bcex x € R?

»g:RY = RU {400} — pi-CHIIBHO BBINyKJIast

3aMKHYyTasT PYHKITHST

» F R 5 RY — MOHOTOHHBIH

L-gummmuiieB omepaTop



CToxacTnyeckoe BapmaLMOHHOE HEPABEHCTBO

Haiitu BexTop * € R?, yiosserBopsitomnmii

g(z) — g (%) + (F (z*),z — 2*) > 0 ga Bcex x € R?

F(x) = E¢|[F(z;€)]

> & — CIIy4alHBIA BEKTOD
> F'(x;€) — mouTn HaBEpHOE MOHOTOHHBIMN

L-mnmmuieB onepaTop



[Tpnmep: cToxacTu4eckas MUHUMM3ALU NS

min Ee[f(z;£)] + g()

» fx; &) : RY — R — mouTy HABEpHOE BBIIYKJIAs

L-rnankast dyHKIMI

F(x;8) = Vf(x;€)



[TpuMep: cToxacTuyecKkas ce10Ban 3a1a4a

> gz (x): R% s R n gy (y): R% s R —

[~-CUJIbHO BBIIIYKJIbIe (DYHKITNU

» f(z,y;€) : R% x R% 3y R — mouTn HaBEPHOE
BBIIIYKJIas 10 & ¥ BOCHYTas II0 Y

L-rnagkag dyHKITHA

Fllei€) = | g0 | o) = 0a() + 0,0



JKCTparpaaAneHTHbIN arTOPUTM

IIPOMEZKYTOTHAA TOYKA

Algoikithm 1 Extragradient Method for Variational Inequalities.

1: Pdrameters: x° € K, stepsize n > 0

2: for\t =0,1,2,... do

3 yt = Prox,, ( xt —nF (xt)) <— TPAJIMEHTHBI mar u3 '
1

4 x*t% = prox,, (x* —nF(y"))

5

- end for

t

rpaJIMEHTHBI mAar u3 ' ¢ IpaJIneHTOM B3STHIM B ¥’



CTOXaCTU4YeCKMM SKCTparpaameHTHbIN
aNroOPUTM

Algorithm 1 Extragradient Method for Variational Inequalities.

1: Parameters: x° € K, stepsize n > 0

2: for t =0,1,2,... do

3: yt = prox,, (x! — nF(x")) ——— F(z";{))
4: x"t = prox,, (x* —nF(y")) e=—— F(y'; &)
5: end for

Bexropn! £ u £, paBHBI nan BHIOPAHBE! HE3ABUCAMO



JKCTparpaameHT C He3aBUCUMbIMUK COIMMAAMM:
Judistsky et al., 2011

» TpeOyeT paBHOMEPHYIO OrpaHUIEHHOCTD IITyMa
Ha BCEM ITPOCTPAHCTBE JIJIsT CXOINMOCTH

» PACXOINTCS Ha IIPOCTON OMJINMHETHON celJIOBOI 3aJade
KOTJIa 00JIaCTh OIIPeIeJeHId HeorpaHNYIEHa



[Tpeanaraemblt NOAXOA:
3KCTParpaaneHT ¢c OAMHAKOBbIMM COIMMNAMMA

Algorithm 2 Stochastic Extragradient Method for Variational Inequalities.

1: Parameters: x° € K, stepsize n > 0
2: fort =0,1,2,... do

3 Sample &°F

4: y' = prox,, (x* —nF(x%;£Y))

s X1 = prox,, (xf — nF(y;£))
6: end for

TpedyeT OrpaHUYEHHOCTDH IIyMa TOJILKO B OIITUMYyMe!



JKCNEePUMEHT: BUANHENHAA ceanoBas 3a4a4a
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Figure 1: Left: comparison of using independent samples and averaging as suggested by [Ju-
ditsky et al., 2011] and the same sample as proposed in this work. The problem here is the
sum of randomly sampled matrices min, max, Y ., z'B;y. Since at point (z*,y*) the noise is
equal 0, the convergence of Algorithm E is linear unlike the slow rates of |[Juditsky et al., 2011|
and |Gidel et al., 2019al. "EGm’ is the version with negative momentum |[Gidel et al., 2019b]
equal 8 = —0.3. Right: bilinear example with linear terms.



JKCNEePUMEHT: reHepauma CMecu rayccuaH
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Figure 2: Top line: extragradient with the same sample. Middle line: gradient descent-ascent.
Bottom line: extragradient with different samples. Since the same seed was used for all methods,
the former two methods performed extremely similarly, although when zooming it should be
clear that their results are slightly different.



JKkcnepumeHT: GA

Figure 9: Adam (top) and ExtraAdam (bottom) results of training self attention GAN for two
epochs. The results of training with the three best performing stepsizes, 1073,2-1073,4-1073,
are provided for each method (from the left to the right). Best seen in color by zooming on a
computer screen.



