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Oby4yeHue c nogKkpenieHnem

JKcnayaTauua 3HaHUM Vs. npnobpeTteHune
3HaHUU

MDP : areHT, cpeaa, COCTOAHUA, Nepexoabl,
peleHnA (aKTUBHbIM KOHTPO/b), Harpaapbl.

OnTmanbHaAna CTpaTternda, CoxkajleHue

OnNTUMMU3M: BOHYCbI VS. CAYYAUHbIN LLYM U
anoCcTepUOPHbIE OLLEHKMN.



ObyyeHune c noaKkpenneHnem

Learning problem The agent, to which the transitions are
unknown (the rewards are assumed to be known for simplic-
ity), interacts with the environment during 7' episodes of
length H, with a fixed initial state s;.” Before each episode
t the agent select a policy 7! based only on the past observed
transitions up to episode ¢t — 1. At each step h € [H| in
episode ¢, the agent observes a state st € S, takes an action
mr(st) = ab € A and makes a transition to a new state
sy, according to the probability distribution py,(s},, aj,)
and receives a deterministic reward (s, a} ).

Pazm



Oby4yeHune c nogKkpenneHmnem

value functions, denoted by V}* are given by the Bellman
respectively optimal Bellman equations

Qr(s,a) =rn(s,a) + prViyi(s,a) Vi (s) = mQr(s)

Qn(s,a) =ru(s,a) + pnVigi(s,a) Vi (s) = max Qn(s,a)
where by definition, V., = V7., £ 0. Furthermore,
pnf(s,a) = Eg/mpp(-1s,a)Lf(s")] denotes the expectation
operator with respect to the transition probabilities p;, and

mh9(s) £ g(s,7n(s)) denotes the composition with the
policy 7 at step h.



Oby4yeHune c nogKkpenneHmnem

Pazmep

Regret The quality of an agent is measured throwg.s s
regret, that i1s the difference between what it could obtain
(1n expectation) by acting optimally and what it really gets,

T
R 23 Vi (s1) — V™ (s1) -
t=1

Counts nl(s,a) £ >;_, 1{(s}.a) = (s,a)} are the
number of times the state action-pair (s, a) was visited in
step h in the first ¢ episodes. Next, we define nt (s’|s,a) =
S 1{(s},al, st ) = (s,a,s’)} the number of transi-
tions from s to s’ at step h.
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Mpumep: Frozen Lake

PaccmoTpum B KauecTBe NpocToro npmmepa cpeay Frozen Lake m3
Habopa cpeq OpenAl Gym. EcTb KBagpaTHaA HEM3MEHHAA KapTa
3aMEpLuero 03epa, YacTb AMEEK KOTOPOro COAEPKUT Npopyou.
Heobxoanmo npoBecTn rHoma U3 NeBOro BEPXHEro Yraa KapTbl
(cTapTOoBOE CcOCTOAHME) B NPaBbIN HUKHUMN (LeneBoe COCTOAHUE) He
NPOBA/IMBLLUUCL B NPOPYOb. Npobnema B TOM, YTO THOM He BMOJIHE
TPe3BblN U €ro WwaTaeT BNpaBo-8a1eB0. [103TOMY Ha CKO/Ib3KOM /by
(B pexkmme is_slippery=False no ymon4yaHuto) oH c BEpPOATHOCTbIO
1/3 cmecTuTbCa TyAa, KyAa NaaHUpYeT, a ¢ BeposaTHocTAMM 1/3
CABUHETCA B O4HO 13 NepneHANKYAAPHbIX HanpasaeHusax. Mpu
NONbITKE BbINTK 3@ KAPTY FTHOM OCTaHETCA Ha NpeXxHeun ayeke (nnu
ero WaTHET B 0A4HO U3 NepneHANKYIAPHbIX HanpaB/ieHN ).
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Environment For the tabular experiments we consider a
simple grid-world with 5 connected rooms of size 5 X 5,
totalling S = 129 states. The agent starts in the middle
room. There is one small deterministic reward in the left-
most room, one large deterministic reward in the rightmost
room and zero reward elsewhere. The agent can take A = 4
actions: moving up, down, left, right. When taking an ac-
tion, the agent moves in the corresponding direction with
probability 0.9 and moves to a neighboring state at random
with probability O0.1. The horizon is fixed to H = 30; see
Appendix G for details. In this environment the agent must
explore efficiently all the room avoiding being lured by the
small reward in the leftmost room.



