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AHHOTaNUA

B namnoit pabore ucrpasiieHa byHIaMEHTAIbHAA IIPOOIEMaA CTOXACTUIECKOTO IKCTPArpar-
JIMEHTHOTO METOJIa C ITOMOIIBI0 HOBOW CTPATErHU CEMILJIMPOBAHNS, MOTUBUPOBAHHON AITPOK-
cuManueil HesTBHOTO TPAIHEHTHOTO MeTo/a. TaK Kak CyIeCTBYIONHA CTOXaCTHIECKUH 9KCTpa-
rpauenTHblii Meros; Mirror-Prox [Juditsky et al.||2011| pacxopurest Ha npocToii GuanHeHOR
3ajiave, Koraa 00/1acTh OMPEIe/IEHIs HeOTpaHuIeHa, B IAHHOW paboTe TOKA3BIBAIOTCS TAPAHTHN
CXOIMMOCTH HOBOTO METO/IA JI/Ist H0JIee 00X MOCTAHOBOK, 9€M B CYIECTBYIOMINX Pe3yIbTaTax.
YucneHHble 9KCIEPUMEHTHI B TAHHON paboTe TMOKA3BIBAIOT, UTO MPE/IJIOKEHHBIN BAPUAHT IKC-
TparpaJueHTHOrO MEeTO/Ia CXOINTCsI Ha OUIMHENHBIX CEJIOBBIX 3aJadax ObICTpee, YeM MHOIHE
Jpyrue MeTobl. Takke B paboTe paccCMaTPUBAETCS IPUMEHEHHNE SKCTParpaJieHTHOIO MeToIa
JUIsi OOYUeHHsT TeHepaTUBHO-COCTSI3aTeIbHBIX HEPOHHBIX CeTell U TOKA3BbIBAETCS C ITOMOIIBIO
YUCJIEHHBIX SKCIEPUMEHTOB, UTO IPEJJIOKEHHBIN TOX0/] UMEET IIPEUMYIIECTBO 110 KOJUIECTBY
ITPOXO0JIOB TI0 06y YakoIeil BEIOOPKE, B TO BpeMst Kak 00Jiee BBICOKAs CTOUMOCTD UTEpaIuii MeTo/1a
YMEHBIITAET 9TO MPENMYIIECTRO.

Hannast pabora ocnoBana Ha crarbe «Revisiting Stochastic Extragradient» |Mishchenko
et al.| |2020|, nanucannoit B coasropcrse ¢ Koncranrunom Mumenko, Eropom Hlymbrumei,
[Turepom Puxrtapuxkom n FOpoit Maunknm.



Abstract

We fix a fundamental issue in the stochastic extragradient method by providing a new
sampling strategy that is motivated by approximating implicit updates. Since the existing
stochastic extragradient algorithm, called Mirror-Prox, of [Juditsky et al.;|2011| diverges on
a simple bilinear problem when the domain is not bounded, we prove guarantees for solving
variational inequality that go beyond existing settings. Furthermore, we illustrate numerically
that the proposed variant converges faster than many other methods on bilinear saddle-point
problems. We also discuss how extragradient can be applied to training Generative Adversarial
Networks (GANs) and how it compares to other methods. Our experiments on GANs demon-
strate that the introduced approach may make the training faster in terms of data passes, while
its higher iteration complexity makes the advantage smaller.

This work is based on a paper «Revisiting Stochastic Extragradient» |[Mishchenko et al.|
2020| written in collaboration with Konstantin Mishchenko, Egor Shulgin, Peter Richtarik, and
Yura Malitsky.
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