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Il. HODNOCENI JEDNOTLIVYCH KRITERIi

Zadani

Hodnoceni ndrocnosti zaddni zdvérecné prdce.

dost prostoru pro volbu konkrétnich problém i Feseni.

SplInéni zadani

Posudte, zda predloZend zdvérecnd prdce spliiuje zaddni. V komentdri pripadné uvedte body zaddni, které nebyly zcela
splnény, nebo zda je prdce oproti zaddni rozsitena. Nebylo-li zaddni zcela spIlnéno, pokuste se posoudit zdvaZznost, dopady a
pripadneé i priciny jednotlivych nedostatk.

Body zadani jsou splnény dostatecné. Review literatury o RL ve hrach je pritomen jen v zakladni formé&, avSak prace obsahuje
teoretické rozpracovani, experimentalni evaluaci i nové teoretické vysledky, spolu s dobrym Gvodem do uZitych technik a
konceptua.

Zvoleny postup reseni

Posudte, zda student zvolil sprdvny postup nebo metody resent.
Viz téz posudek nize.

Odborna uroven

Posudte troveri odbornosti zdvérecné prdce, vyuZiti znalosti ziskanych studiem a z odborné literatury, vyuZiti podkladt a dat
ziskanych z praxe.
Velmi dobrad, viz téZ posudek nize.

Formalni a jazykova uroven, rozsah prace

Posudte sprdvnost pouZivani formdlnich zdpist obsaZenych v prdci. Posudte typografickou a jazykovou stranku.
Uroven zpracovani je velmi dobra po odborné, jazykové i prezentacni strance. Chyby v gramatice a typografii se vyskytuiji, ale
pomérné zfidka a nijak nevadi obsahu.

Vybér zdroju, korektnost citaci

Vyjddrete se k aktivité studenta pri ziskavdni a vyuzivani studijnich material( k reSeni zavérecné prdce. Charakterizujte vybér
prament. Posudte, zda student vyuzil vsechny relevantni zdroje. Ovérte, zda jsou vSechny prevzaté prvky radné odliseny od
vlastnich vysledku a tivah, zda nedoslo k poruseni citacni etiky a zda jsou bibliografické citace upiné a v souladu s citacnimi
zvyklostmi a normami.

Prace vyuziva citace pravné, avsak na svij rozsah ve spiSe mensim mnozstvi a oproti zadani neobsahuje resersi oblasti.
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DalSi komentare a hodnoceni

Vyjddrete se k urovni dosaZenych hlavnich vysledk( zavérecné prdce, napr. k urovni teoretickych vysledku, nebo k tirovni a
funkcnosti technického nebo programového vytvoreného reseni, publikacnim vystupim, experimentdlini zrucnosti apod.
Viz posudek nize.

IIl. CELKOVE HODNOCENI{, OTAZKY K OBHAJOBE, NAVRH KLASIFIKACE

Shrnite aspekty zdvérecné prdce, které nejvice ovlivnily Vase celkové hodnoceni. Uvedte pripadné otdzky, které by
mél student zodpovédeét pri obhajobé zavérecné prdce pred komisr.

Viz posudek niZe.

Predlozenou zavérecnou praci hodnotim klasifikacnim stupném

Datum: 25. 1. 2020 Podpis: Mgr. Tomas Gavenciak, PhD
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Opponent review for

Limitations of Reinforcement Learning Algorithms in Imperfect Information Games

The thesis examines the performance of common reinforcement learning methods on imperfect
information games. In these scenarios, RL algorithms provide no performance guarantees and
have been observed to fail, yet are sometimes used in practice. Further examination of the
shortcomings of RL algorithms in general games and building theory behind them is therefore an

important goal, and this thesis makes good progress in this direction.

The thesis is very well written and structured, gives a good introduction to the area, concepts and
techniques, clearly presents relevant existing and novel theoretical results, and presents
experimental results. The author finds novel results (e.g. Thm 2.2, 3.1 and 4.2) and presents
theoretical derivation of their algorithms (e.g. Algorithm 7). The mathematics and theory are on a
very high level, although some formalities are not always clear. I enjoyed reading the thesis and
while I could find several technical comments and questions, I evaluate the thesis very favorably
and encourage the author in pursuing this line of research and continuing their scientific

education.

Comments
These comments are not meant as an extensive list and are meant as prompts for discussion rather

than outright criticism.

The experiments from chapter 5 conclude that, against a fixed opponent, Q-learning does not
learn a close-to-optimal strategy and the plotted learning progress seems like a convincing
evidence.

For self-play, neither Q-learning nor Policy Gradient learn a close-to-optimal strategy, however, I
think the evidence of non-convergence would be more convincing. My main objection is that the
quality of time-averaged strategies are generally hyperbolic, e.g. 1/T¢ and the time frame of the
experiments may be too short for smaller learning rates (e.g. 1<0.05 in the case of Policy

Gradient, n<0.01 obviously has not converged).
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Section 4.2, while valuable, could be improved with more structure, e.g. stating some parts as
lemmas, stating the goal of the derivation etc. Here and elsewhere, it could be beter mentioned
what are novel contributions and what is recapitulation or re-derivation of known properties.

I find the result of Thm 2.2 very neat. I would not be too surprised if this was already known but
can‘t verify this myself. I find an independent derivation of the theorem interesting in any case.

In Section 4.2 before (50): There are more necessary conditions for a given function to be a
gradient of some F, namely the converse of the Gradient theorem. Not sure whether the existence
of F'is crucial for the alorithm in the thesis. May be also relevant in proof of Thm 4.2.

The result tables presented in chapters 3 and 4 are hard to interpret, although some observations
are provided by the author. E.g. Table 6 would be neatly presented by a graph of Max. diff.
Depending on nT°®, similarly for other tables.

I would expect the smaller values of n to perform strictly better than large n if given time to
converge (unless some fiddly functional approximator, e.g. a neural net, is used). This seems to
be supported e.g. by Table 7, games 10x10, where the performance of large n stagnates while the
performances of smaller n improve. E.g. for T=10’, the optimal n moves toward the smaller ones.
In this light, exploring many values of learning rate in Ch 4 may not be as useful, and more
exposition for the extreme values could be better.

Questions for the author

» Theorem 2.2 talks only about zero-sum games. What are the obstacles to formulating a
similar theorem for general (non-zero-sum) games? E.g. are there examples where the two
metrics differ arbitrarily?

» (optional) In Fig 5, it seems that larger learning rates have converged to various Nash
distances, while the smaller ones may have not converged. If computationally feasible,
how would the figure look for a much larger number of steps, e.g. 10” or 10°?

* Do you plan to refine this work into a publication?

Mgr. Tomas Gavenciak, PhD
25 January 2020 in Brno
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