Online Markov Decision Processes under Bandit Feedback

Gergely Neu™! Andras Gyorgy
gergely.neu@gmail.com gyalszit.bme.hu
“Department of Computer Science and Information Theory "Machine Learning Research Group
Budapest University of Technology and Economics, Hungary MTA SZTAKI Institute for Computer Science and Control, Hungary
Csaba Szepesvari Andras Antos
szepesvalQualberta.ca antos@szit.bme.hu
Department of Computing Science Machine Learning Research Group
University of Alberta, Canada MTA SZTAKI Institute for Computer Science and Control, Hungary
Abstract Assumptions Main result
We consider online learning in finite, stochastic Markovian e Assumption Al Every policy n has a well-defined unique Theorem 1. Let N= |[7InT|,
environments where in each time step a new reward func- stationary distribution u”.

C=Q2r+4)71|f|InT + (37 +1)7,
AC(T +2)) 13

tion is chosen by an oblivious adversary. The goal of the e Assumption A2 The stationary distributions are uniformly
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learning agent is to compete with the best stationary policy : _9/3 9/3
| bounded away from zero: inf,; , u"(x) > B > 0. =T - (In|«f - :
in terms of the total reward received. In each time step the . v . m () 2 N S f (]} g
agent observes the current state and the reward associated * Assumption A3 There ex lStS. some fixed p ?sztwe mixing time 13 o3 (2CIn|of H3
with the last transition, however, the agent does not ob- v such that for any two arbitrary . and y over & , y=1""-([21+4) ' ( i ) '
serve the rewards associated with other state-action pairs. N D7 ~1/7 /
sup (|[((u—u)P |1 <e — :
The agent is assumed to know the transition probabilities. 7 i lu=wlh Then
The state of the art result for this setting is a no-regret algo- . .3 (4T +8)In | .o | L3 1/3
rithm. In this paper we propose a new learning algorithm Definitions Ly <3177 ( B C) +0(T7).
and, assuming that stationary policies mix uniformly fast,
we show that the expected regret of the new algorithm in * Value functions and average rewards:
T time steps is @ (T*3(In T)*'3), giving the first rigorously 1S Proof
proved regret bound for the problem. pf=lim =) E[r/(x,a))],
e S5l The prootfis based on ideas from Even-Dar et al. [2009]. The
q"(x,a)=E | Y (r(x,a) — p7)|x, = x,a| = a| , fé);ilg;egls: (;Z ((:)(;f r;(;l(l)rsiedt::t rewards are estimated. The
s=1
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vt(x’a):[E Z(rt(xs’as)_pt) X=X T D T T 7T /4 7T 5
- Ry —Rr=|R7—) p;|+ p; — ) P |+ p; —Rr].
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S
action f) e At time ¢, use only experience gathered up to time step (1) (i1) (ii1)

Player | gtOCha.SﬁC t — N and define Bounding (i) After Even-Dar et al. [2009]:
ynamics
ﬂ]t\,]x,a(x/) =P [Xt = x’ X, N=X,8_N =G, T N1y - - ,ﬂt—l] )

T
T T
| reward Reward Ry Z p; < 2T +2.

N . .« .
; t=1
function so that u; , ,is positive.

e Estimate reward as

T f) - ) (5. @) = (K 2 The policies 7 ; change slowly
U I t(x, @) = { TR xxpan’ | e Lemma 1. Let ¢ = 2 (l + 4T + 6) Assume that c(3T + 1)? <
(Iil;ﬁgﬂ; Cesd 0, otherwise. ' IRV '
B/2 and N > [Tln(ﬁ_ZCéHl)zﬂ. Then, forall N <t < T,

Mleng ensu.re.s that the probability .of visiting state x at X, x €% andac o, we have
time t is positive for all x and ¢, that is,
 Reward sequence: an arbitrary sequence ry, 1, ..., rr fixed

in advance, where r; : & X & — [0, 1].

N /
Ky (X)) = P12
”t(a|X)l,l]tV(X|Xt_N, at—N) > 0. t,x,a

e History up to time ¢: elet p; =Y MM () (a|x)t:(x,a) and solve, for all x, a, and max ¥ |7 (d|xX) — 7,(d] )] < c.
u; = (X3, a;, 11 (Xy,a1),Xp, a2, 12(Xp, a2), ..., Xy, &y, 't (Xy, @) the Bellman equations X

e At time step f: X X X / .
—agent selects action a; based on u;_; and x;; q:(X, @) = 1,(X, @) = P + %/P(x X, ) (a]x)q.(x, a). Bounding (ii)
— observes reward r,(x,,a,); After Even-Dar et al. [2009]:

— observes new state x,,1 ~ P(-|X;,a,).
r+1 ‘ I Xt p?_pft:ZHn(x)n(alx) q?'t(x’ a) . vft(x) .
X,a

The lear ning pr oblem A simple modification of the proof of the regret bound of

Poli (alx) =P | | Exp3 yields the following:
e Policy: 7,(a|lx) =P |a, = alx; = x,u,_
v t t - Proposition 1. Let N > [1In T'|. For any policy n and for all

e Expected total reward of the player: T large enough, we have
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where a; ~ ,(-|X;) and X1 ~ P(-|x;,a;) +RT+DT|y+—|L|(Nc+(e—2)2T +4))].

* Expected total reward of a fixed policy 7: P
Bounding (iii)

- ,
R} =E|) r(x,a)]|, Proposition 2. Let N > [tInT|. For any T large enough,
t=1

T
YE[p] —Rr<TcBr+1)*+2Te "7 +2N.
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where a, ~ 7(-|x}) and X, , ~ P(-|x},a))

e Goal: minimize regret

fp=supRT— Ry, Follows from the slow change of policies i ,.
/A
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