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Abstract

We consider an online learning problem where the learner interacts with a Markov
decision process in a sequence of episodes, where the reward function is allowed
to change between episodes in an adversarial manner and the learner only gets to
observe the rewards associated with its actions. We allow the state space to be
arbitrarily large, but we assume that all action-value functions can be represented
as linear functions in terms of a known low-dimensional feature map, and that
the learner has access to a simulator of the environment that allows generating
trajectories from the true MDP dynamics. Our main contribution is developing a
computationally efficient algorithm that we call MDP-LINEXP3, and prove that

its regret is bounded by O (H>T?/3(dK)'/?), where T is the number of episodes,
H is the number of steps in each episode, K is the number of actions, and d is
the dimension of the feature map. We also show that this bound can be improved

to O (H 2VAKT ) under the strong condition that the likelihood ratio between the
state distributions generated by any pair of policies is upper bounded by a constant.
To our knowledge, MDP-LINEXP3 is the first provably efficient algorithm for this
problem setting.

1 Introduction

Reinforcement learning (RL) is one of the most important frameworks for sequential decision-making
under uncertainty, where a learner interacts with the environment sequentially and aims to improve
her strategy over time [39, 41]. Besides well-publicized spectacular empirical successes of RL
algorithms, recent years saw a renaissance of theoretical research in the field. Our paper contributes
to this line of study by providing algorithms with provable performance guarantees.

In the present work, we study the problem of online learning in episodic Markov Decision Processes
(MDP), where the interaction is divided into 1" episodes of fixed length H. At each time step of
the episode, the learner observes the current state of the environment, chooses one of the available
actions, and earns a reward. Consequently, the state of the environment changes according to the
transition function of the underlying MDP, as a function of the previous state and the action taken
by the learner. We assume that the reward function can change arbitrarily between episodes, and
the learner only has access to bandit feedback: instead of being able to observe the reward function
at the end of the episode, the learner only gets to observe the rewards that it actually received. As
traditional in this line of work, we aim to design algorithms for the learner with theoretical guarantees
on her regret, which is the difference between the total reward accumulated by the learner and the
total reward of the best stationary policy fixed in hindsight.

Unlike most previous work on this problem, we allow the state space to be potentially infinite,
bringing theory one step closer to practical scenarios where assuming finite state spaces is unrealistic.
To address the challenge of learning in large state spaces, we adopt the classic RL technique of



using linear function approximation and suppose that we have access to a relatively low-dimensional
feature map that can be used to represent policies and value functions. We will assume that the feature
map is expressive enough so that all action-value functions can be expressed as linear functions of
the features. While we do not assume full knowledge of the underlying Markov decision process, we
will assume that we have access to a simulator of the MDP that will allow the learner to generate
sample episodes.

Our main contribution is designing a computationally efficient algorithm called MDP-LINEXP3,

and prove that in the setting described above, its regret is at most o (H 272/3(dK)Y 3), where K is
the number of actions and d is the dimensionality of the feature map. We also show that this bound

can be improved to o (H 2VdK T) under the strong condition that the likelihood ratio between the

state distributions generated by any pair of policies is upper bounded by a constant. These results
constitute the first known regret guarantee for any algorithm in this setting.

Our result fits into a long line of work considering online learning in Markov decision processes.
The problem of regret minimization in stationary Markov decision processes with a fixed reward
function has been studied extensively since the work of Burnetas and Katehakis [13], Auer and Ortner
[7], Tewari and Bartlett [42]], Jaksch et al. [22], with several important advances made in the past
decade [[17, (18,10} 21} 23]. While most of these works considered small finite state spaces, the same
techniques have been very recently extended to accommodate potentially unbounded state spaces
under the assumption of realizable function approximation by Jin et al. [24] and Yang and Wang [44]].

Even more relevant is the line of work considering adversarial rewards, initiated by Even-Dar et al.
[20], who consider online learning in continuing MDPs with full feedback about the rewards. They
proposed a MDP-E algorithm, that achieves O(72y/T log K) regret, where 7 is an upper bound
on the mixing time of the MDP. Later, Neu et al. [33]] proposed an algorithm which guarantees

(’)(\ /T3KT/ a) regret with bandit feedback, essentially assuming that all states are reachable with
probability o > 0 under all policies. In our work, we focus on episodic MDPs with a fixed episode
length H. The setting was first considered in the bandit setting by Neu et al. [31], who proposed an
algorithm with O(H?v/TK /). Although the number of states does not show up in the bound, the
regret scales at least linearly with the size of the state space S, since |S| < H/a. Later work by Zimin
and Neu [46]], Dick et al. [19] eliminated the dependence on « and proposed an algorithm achieving

O(+/TH|S|K) regret. Regret bounds for the full-information case without prior knowledge of the
MDP were achieved by [32] and [37], both of order O(H |S|K \/T)

As apparent from the above discussion, all work on online learning in MDPs with adversarial rewards
considers finite state spaces. The only exception we are aware of is the very recent work [[14], whose

algorithm OPPO is guaranteed to achieve O (\/ d3H 3T) regret. While they remarkably assumed no
prior knowledge of the MDP parameters, their guarantees are only achieved in the full-information
case. This is to be contrasted with our results that are achieved for the much more restrictive bandit
setting, albeit with the more permissive assumption of having access to a simulator of the environment.

Our problem formulation shares many similarities with the framework of the contextual bandit
problem, which can be seen as a relatively simple reinforcement learning problem in which the
actions do not influence the future evolution of states, but nevertheless can still model a broad
range of important real-world problems [43| 5]]. Several variants and special cases of the contextual
bandit problem exist differing on the assumptions on the set of available actions, context and reward
functions [27, [11} 4} 136l 40]. Our own approach in this paper is directly motivated by the recent
work of Neu and Olkhovskaya [30]], who consider linear contextual bandit problems with adversarial
reward functions and i.i.d. context vectors. While we borrow several ideas and techniques from their
work, our analysis faces a range of new challenges posed by the fact that the feature vectors our
algorithm has to deal with are far from being stationary due to the dependence on the learner’s policy.
Notably, our work is not the first to make use of ideas originally developed for linear bandit settings
in the context of RL with linear function approximation: the recently proposed algorithms of Jin
et al. [24] and Yang and Wang [44] addressing this setting are both based on extending ideas from
stochastic linear contextual bandits [6} |15} [1]].

The rest of the paper is organized as follows. After defining some basic notation, Section 2] presents
our problem definition. We present our algorithms and main results in Section 3] and provide the
proofs in Section[d} Section [5|concludes the paper by discussing some implications of our results.



Notation. We use (-,-) to denote inner products in Euclidean space and by ||-|| we denote the
Euclidean norm for vectors and the operator norm for matrices. For a symmetric positive definite
matrix A, we use Anyin(A4) to denote its smallest eigenvalue. We write tr (A) for the trace of a matrix
A and use A = 0 to denote that an operator A is positive semi-definite, and we use A = B to denote
A — B = 0. For a positive integer N, we use [N] to denote the set of positive integers {1,2, ..., N}.

2 Problem definition

An episodic Markovian Decision Process (MDP), denoted by M (S, A, H, P, r) is defined by a state
space S, action space A, episode length H € Z_, transition function P : S x A x S — [0,1] and a
reward function r : § x A — [0, 1]. We assume that S is a measurable space and A is a finite set
with cardinality K. Without significant loss of generality, we will assume that the set of available
actions is the same A = [K] in each state, and furthermore that the MDP has a layered structure,
satisfying the following conditions:

e The state set S can be decomposed into H disjoint sets: S = Uthlé’h,
o S; ={z1}and Sy = {zy} are singletons,

e transitions are only possible between consecutive layers, that is, for any x;, € Sy, the
distribution P(-|x, a) is supported on Sy, 41 for all a and h € [H].

These assumptions are common in the related literature (e.g., [31} 46} 137]) and are not essential to
our analysis; their primary role is simplifying our notation. In the present paper, we consider an
online learning problem where the learner interacts with its environment in a sequence of episodes
t=1,2,...,T, facing a different reward function r; selected by a (possibly adaptive) adversary
at the beginning of each episode t. Oblivious to the reward function chosen by the adversary, the
learner starts interacting with the MDP in each episode from the initial state X; ; = x1. At each
consecutive step h € [H] within the episode, the learner observes the state X 5, picks an action
Ay, and observes the loss 74 (Xy p,, Ay ). Then, unless h = H, the learner moves to the next state
X h+1, which is generated from the distribution P(-| X 5, A¢ 1,). At the end of step H, the episode
terminates and a new one begins.

Our algorithm and analysis will make use of the concept of (stationary stochastic) policies 7 :
A x S — [0,1]. A policy 7 prescribes a behavior rule to the learner by assigning probability 7(a|z)
to taking action a at state x. Each policy 7 generates a probability distribution i} over each layer
h € [H], and we will refer to the collection of these distributions in each layer as the occupancy
measure " induced by 7. The instantaneous value function and action-value function with respect
to policy 7 in episode ¢ are defined, respectively, as

Z (X, Ar)

th =z, A/}L =aj, ‘/t?,.rh(x) = ZT((C”I)Q;;L(I‘,G),
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where the notation E[-] highlights that the sequence of states X, and actions Ay, are generated by
following policy 7 in the MDP.

We will be interested in developing learning algorithms that select a policy 7; for the learner at
the beginning of each episode ¢. With some abuse of notation, we will use V; ;(z) = V;7 (z) and
Qt1(z,a) = Qf}(z,a) to denote the value function and the action-value function of policy m; in
episode ¢t. With this notation, we define our performance metric as the (total expected) regret

RT:bupZ Vi (1) — Via(z1)),
=1

where the supremum is taken over the set of all stationary policies mapping states to actions. It
follows from standard results that there exists a stationary and deterministic policy 7* that achieves
the corresponding infimum [35, Theorem 4.4.2]. Intuitively, the regret measures the gap between the
total loss incurred by the learner and that of the best stationary policy fixed in hindsight, with full
knowledge of the sequence of losses chosen by the adversary. This performance measure is standard
in the related literature on online learning in MDPs, see, for example [31} 146, |32} 137, 14, [25]].



In this paper, we focus on MDPs with potentially infinite state spaces, which makes it difficult to
design computationally tractable algorithms with nontrivial guarantees, unless we make some as-
sumptions. We particularly focus on the classic technique of relying on linear function approximation
by assuming that the action-value functions occurring during the learning process can be written as a
linear function of a low-dimensional feature map.

Assumption 1 (Realizable function approximation). For any h € [H], a € A there exists a feature
map ¢ : S — R, and there exist vectors 07 , , € RY, such that for any (z,a,h) € S x A x [L] and
a stochastic stationary policy T, the action-value function can be written as

Q;h($7a’) = <QD(.%'), Zr,a,h>' (D

Furthermore, the features and the parameter vectors satisfy ||p(z)|| < o and ||9f7a7h | < R forall
r€S ac A helH|

Online learning under this assumption has received substantial attention in the recent literature, and
in particular has been shown to be satisfied in the class of so-called linear MDPs studied by Jin et al.
[24], Cai et al. [14] and low-rank MDPs studied by Yang and Wang [44]], which are both special cases
of factored linear models [45}134]).

3 Algorithm and main results

Our algorithm design is motivated by the following decomposition of the regret first proposed for
online MDP problems by Even-Dar et al. [20]] and adapted to finite-horizon MDPs by Neu et al. [31]:

Lemma 1. Let i* denote the occupancy measure induced by m*. Then, for any sequence of policies
7 selected by the learner, the regret satisfies

H T
Rr = ZEXZNMZ [Z (Qt’h(XZ’ ™ (X)) — %’}L(X;:))] '
h=1

t=1

As observed in previous work [20l 31], this lemma implies that the global regret minimization
problem can be decomposed into a set of local regret minimization problems in each state x, where
the reward function associated with each action a is defined as @, ;(z, a). Indeed, letting 7, (-|x)
denote the policy played by the local algorithm in state = in round ¢, we can define the local regret
against policy 7m* as

R}L7T(I) =K

XT: (Qt,h(% m(2) = Y mi(alz)Qun(x, a))] ,

t=1
and the regret in layer h as Ry, = Exrpr [Rp,7(X})]. This can be easily seen to be related to the

global regret as R = Zle Rt 1, and thus it is obvious that bounding the local regrets in each state
x yields a bound on the global regret.

With this in mind, following the algorithmic template laid out by Even-Dar et al. [20] called MDP-E,
we propose an algorithm based on running a variant of the classic EXP3 algorithm of Auer et al.
[8] in each state z. The key challenge is constructing the inputs to these local algorithms in a
way that yields a computationally tractable algorithm with nontrivial performance bounds, and
more specifically to achieve runtime and regret guarantees that are independent of the size of the
state space. Indeed, instead of the possibly unbounded number of states, we prefer to have the
dimensionality of the feature map appear in our bounds, which is made possible by Assumption [I]
Indeed, this assumption allows us to represent each (Q-function by its parameter vector, which in
turn enables an efficient implementation of the local regret minimization algorithms. Specifically, we

design an estimator @\t,a,h of the parameter vector 6; , j, corresponding to the action-value function
Qun(z,a) = {p(x), 0 4.n) of policy 7, and plug the resulting estimates (¢(z), 6; 4 ) into a local
copy of EXP3. The form of our estimator 6, , ;, and overall algorithm design is directly influenced

by the recently proposed LINEXP3 method of Neu and Olkhovskaya [30], and thus we refer to our
algorithm as MDP-LINEXP3. Its pseudocode is presented as Algorithm|[T}

We denote the state-action trajectory in episode ¢t as Uy = ((X¢1, A1), ..., (Xe,m, A¢,m)). For
stating many of our technical results, we define the filtration 7; = o (Us, s < t), and the notation



Algorithm 1 MDP-LINEXP3
Parameters: Learning rate 7 > 0, exploration parameter v € (0, 1),

Initialization: Set 51@,,1 =0foralla € A, h € [H].
For episode t = 1,...,T, repeat:

e Draw Y; ~ Ber(v),
Forsteph =1,...,H, do:
1. Observe X, j, and, forall a € A(X} ), set

t—1
we(Xt,h, a) = exp (n : Z@(Xt,h),é’s,a,m) :

s=1
2. draw A; j, from the policy defined as

wt(Xt,hva) i

X = Tiy.— Iy —
¢ (al t,h) Za’eA(Xt,h)wt(Xt»h’a/) {vi=0} K {v:=1}>

3. observe the reward ry(Xy p,, Aip).
Forsteph=H,...,1,do:

e Compute é\t’a,h for all a € Uy.

E:[-] = E[- |F¢]. Our reward estimator will be based on the observed rewards, and particularly

the partial sums G j, = ZkH:h ri(X¢ k, Ay i) for each layer h. Another key component will be the
following covariance matrix:

Stah = Ee [0(Xen)o(Xen) Tia, p=a}] -

Making sure that 33, , , is invertible, we can define the estimator

5t,a,h = ZZ;,hSD(Xt,h)Gt,hH{At,h:a}- 2

This estimate shares many similarities with the estimates that are broadly used in the literature on
adversarial linear bandits [[16,[12]. To appreciate the sensibility of this estimator, first notice that the
sum of the rewards over the layers is an unbiased estimator of the action-value function:

E; [Gt,h| Xt,h = ﬂf,At,h = CL] = Qt,h(ﬂ% a) = <<P(37)’ 9t,a,h> .

Thus, it is easy to see that 0 4 5, is an unbiased estimate of vector 6 , j:

Bt [Oran] = Be [Srdn(Xen)o(Xen) Oranlia e = TrksStandran = ran:

The downside of this estimator is that it is virtually impossible to compute, since the matrix ¥; 4 5,
depends on both the policy 7, and on the unknown dynamics of MDP in a complicated fashion.
To address the difficulty associated with not knowing the MDP, we assume that the learner has
access to a simulator of the environment that allows drawing sample trajectories U; from the true
dynamics of the MDP without interacting with the environment. Notice that this notion is weaker
than the more common concept of a generative model that can generate sample transitions from
any given state-action pair [9} 38} 126]]: the simulator can only produce sample trajectories from a
given policy and from the given starting state 2. Armed with this sumulator, we propose a method
to directly estimate the inverse of the covariance matrix X, , ;, by adapting the Matrix Geometric
Resampling method of Neu and Olkhovskaya [30] (which itself is originally inspired by the Geometric
Resampling method of Neu and Bartdk [28, 29]). Our adaptation has two parameters 5 > 0 and
M € 7, and generates an estimate of the inverse covariance matrix through the following procedur

!The version we present here is a naive implementation, optimized for readability. We present a more
practical variant in Appendix [g



Matrix Geometric Resampling with a Simulator

Input: simulator of P, policy 7, sequence of actions (a1, as,...,aq).
Fori:=1,..., M, repeat:

1. Generate a path U(z) = {(X1(2), A1(?)), ..., (Xu(é), Ag (i)},
following the policy ; in the simulator of P,
2. Forh =1,..., H, repeat:

(a) compute B; o, n = Iga, (i)=ay }P(Xn (i) p(Xn (i),
(b) compute C; 4, n = [[;21 (I = BBja,n)-
Return 3, =B+ B, Cig, nforall h € [H].

Based on the above procedure, we finally define our reward estimator as

at ah = ifa pP(Xe.n)Genlia,  =a)-

To get an intuitive understandmg of the estimate, assume that M = oo, and take 3 < —, so that the
expectation of the matrix Z a.p €an be seen to be the Neumann-series expansion of the matrix %, ,

B, [SFan] = meI B tan) = B(BSan) ™t = Tk

This suggests that, for large enough M, the matrix Z‘ o, Should be a good estimator of the inverse
covariance matrix, which W111 be quantified formally in the analysis. With a careful implementation
explained in Append1x 0@@7 1, can be computed in O(M H K d) time, using M calls to the simulator.
Having access to these estimators, MDP-LINEXP3 constructs an EXP3-style policy defined as
me(alz) o exp(Sh_{((x),8p,a,)) for each z,a. Notably, the policy only depends on the cu-
mulative parameter vectors and the feature vector ¢(x), and thus does not have to make explicit
updates to the individual regret-minimization algorithms acting in the states . For technical reasons,
MDP-LINEXP3 follows the uniform policy my(alx) = - with probability ~ in each episode, and
follows the above exponential-weights policy otherwise. We will denote the covariance matrix
generated by the uniform policy at layer h as 35, and make the following assumption:

Assumption 2. The eigenvalues of Xy, for all h are lower bounded by Ay, > 0.

Our main result is the following guarantee regarding the performance of MDP-LINEXP3:

Theorem 1. Suppose that the MDP satisfies Assumptzons!and Iand Amin > 0. Then, fory € (0,1),
M > 0, any positive n < (M+1)H and any positive § < the expected regret of MDP-LINEXP3

over T episodes satisfies

— 202,

)\minM 1 K 2 1 K
RT<2TURH-exp<—%8>+7H2T+17H3d( +=2 >T+H- 082

K Y >\mm n

Ko?log(To?R?) (g K)2/3A1/8 (o2dK log K)*/3
5o M = YAmin 7

Furthermore, letting 8 = = Fenare it E Y T ()17

and supposing that T is large enough so that the above constraints on v, M, 1) and (3 are satisfied, we
also have

Ko’log K\'* 1 min )
Ry < 3H2T?/® (daog) + SH TV (dlog K)*° (?{0 ) +AHVT.

. 2
min

The downside of the above result is that it scales with the time horizon as T2/3, which is likely to be
suboptimal in light of the best known bounds of order v/T achieved in the tabular setting [46] in the
bandit case and the large-scale setting considered by Cai et al. [14]] in the full-information case. The
next result shows that this dependence can be improved at the price of making stronger assumptions
about the MDP. Specifically, assume that P is such that for any policy 7, the occupancy distribution
w7 has a density f7(x) on the set of states Sj, with respect to some base measure, and denote the

density corresponding to p as f;(x). Then, assuming that the likelihood ratio ;2((3 is uniformly
h

upper bounded, our bounds above can be tightened significantly:




Theorem 2. Suppose that the MDP satisfies Assumptions[l| 2|and that the likelihood ratio between the
occupancy measures induced by any policy ™ and m* can be bounded uniformly as sup,, 5, . }Cii 8% <p
hoa fr

for some p > 0. Then, for v € (0,1), M > 0, any positive n < ﬁ and any positive < ﬁ

the expected regret of MDP-LINEXP3 over T episodes, satisfies

minM 1
—W>+7H2T+77H3d<+Kp>T+H- .
K 3 n

2 N 2 p2 N
Furthermore, letting 8 = 53, M = [7&’ 12%\@” R )—‘, n = %,/ql?dglé, v o= \/Ll;gK and

supposing that T' is large enough so that the above constraints are satisfied, we also have

1, [Tdlog K
Ry < 3H\/pdKTlog K + 3 H* % +AHVT.
P

log K

Ry <2ToRH - exp (

4 Analysis

As explained in the previous section, our algorithm and analysis is based on decomposing the overall
learning problem to a number of local online learning problems corresponding to each state in the
MDP. This approach is closely related to the one recently taken by Neu and Olkhovskaya [30], who
considered the contextual bandit problem with i.i.d. context vectors and adversarially chosen linear
reward functions, and suggested a similar regret decomposition for that problem. Our analysis in
the present paper will make use of several tools developed by them, with the added challenge that
the feature vectors in our setting are no longer i.i.d.: in any layer, the distribution of states clearly
depends on the learner’s policy in the previous layers. Concretely, the main challenge in our analysis
comes from the fact that the state distribution p* appearing in the regret decomposition of LemmalT]
does not match the actual distribution of states p;. In what follows, we highlight the main steps in the
analysis. Proofs of the lemmas are given in the Appendix.

We start by rewriting our reward estimator as 6; ., = 0¢ 4,5 + bt ,qn, Where 8, is such that

E; [gt,a,h] = 0t,q,5 and b; 4 j, is a bias term. The bulk of our analysis is based on the following regret
decomposition that further refines the decomposition given in Lemmal|T}

Lemma 2. Let X} be sampled from the context distribution generated by jiy,. Suppose that my € F;_q
and that E; [0t7a7h} = Ot,q,n for all t,a, h. Then, for all h,
T K B
Rrn =Y Exioppe | D (7 (alX5) = m(alX;) (p(X5): Oran)
t=1 a=1
The proof is presented in Appendix [A.T] This suggests that we can define an auxiliary regret

minimization game for every layer / and every state = with reward <ap(x), Ot q, h> assigned to action
a in each round ¢. The regret in this auxiliary game can be written as

T K
Rea(e) = 3.3 (w5 (alz) — m(ale)) (), Oran),
t=1a=1
and the above lemma suggests that the regret in layer A can be simply bounded as

T
Ron < E[Rea(X;)] +23 " max|E [((X5), boan)]-
t=1

Thus, we are left with the problem of controlling the auxiliary regret in each state, and the bias of our
estimators. The following lemma, which is a straightforward application of standard ideas from the
classical EXP3 analysis [8]], gives bounds for the regret in the auxiliary game:

Lemma 3. Fix any h € [H|, © € Sy and suppose that é\t,a,h is such that ’77<<p(m),§t7a7h>’ < 1
Then, the regret in the auxiliary game at x satisfies

N log K r XK N
Rrp(x) < %7 +Ur(@) + 0> Y milale)(p(@), Oran),

t=1a=1

where UT(x) = Zf:l (<(p(x),§t,7r*(a:),h> - % Zf:1<@(x),§t,a,h>)~



While the proof is standard, we provide it for completeness in Appendix [A.2] The main term on the
right-hand side of this bound is handled in the next lemma:

Lemma 4. Suppose that (X, 1) is satisfying || o(Xen)|l, < 0,0 < B < 555 and M > 0. Then for
each t and h,

E [Z Wt(alXZ)@(XZ)@,a,h}ﬂ < (H - h)2d (; LKoo )

v )\mln

The proof of this claim is rather complicated and is presented in Appendix [A.3] The main difficulty
in the analysis comes from the mismatch of distribution of X}’ and X, ;. To illustrate this difficulty,

consider replacing ¢9t a,h by the ideal estimator Gt o.h defined in Equation (@) in the quadratic term
bounded in the above lemma. Introducing the notation E} an = Elmi(al X5)o(X5)e(X5)], each
term in the sum can be bounded as

* * n 2 * *\TY — 2
By [m(alXi) (9(X5),000)’] =B [wxh) (X 2k h o (XG4, =a) ) }
< (H = 0)* By [or (mulal X3) o (Xi)e(X5) "S5 4 (Koo (Xen) Tr b aliac=a) ) |

:<H_h> tr(zzahztah)

Unfortunately, this latter term cannot be bounded without further assumptions on ¥, due to
the mismatch between the distributions of X; and X; , . We address this issue by mixing the
exponential-weights distribution with the uniform policy and appealing to Assumption which
together ensure that the smallest eigenvalue of matrix ¥, , 5 i8 at least Apin 2 7 - This yields a bound
on the operator norm of the matrix inverse 3, h, and eventually the bound of order H2 K d/(yAmin)
above. The tlghter bounds of Theorem [2] are derived by using a stronger assumption to bound
tr(Ef ahSt.a, h) —the details of these tighter bounds are presented in Appendix

The final element in the proof is the following lemma that bounds the bias of the estimator:

Lemma 5. For M > 0, 8 = we have

22;

B [(0X3): 00— B < oRexw (=T ).

The proof can be found in Appendix [A.4] Putting these lemmas together and verifying that the reward
estimators indeed satisfy the condition of Lemma [3|(done in Lemma [6]in Appendix [A.5), we obtain
the following bound on the regret in layer h:

VﬁAminM
K
Summing up the bound for all i € [H] proves Theorem 1]

d o? log K
Ry <2ToR-exp (— )T—|— o8 .

27v(H — T H—h)? d—
)2 = 0t P (ST

5 Discussion

This paper is studied the problem of online learning in MDPs, merging two important lines of work
on this problem concerned with linear function approximation [24} [14]] and bandit feedback with
adversarial rewards [31} 33 46]. Our results are the first in this setting and not directly comparable
with any previous work. Consequently, it is presently unclear if our guarantees can be substantially
improved: while Theorem [2 shows that regret bounds of order /7 are indeed possible in this
challenging setting, this result comes at the cost of an extremely strong assumption on the MDP
dynamics. We note that this assumption on bounded likelihood ratios is essentially identical to the
assumption made by Neu et al. [31} [33] in the tabular setting that the probability of visiting any
state under any policy is lower bounded by a > 0. We also point out that our approach bears many
similarities to that of Abbasi-Yadkori et al. [2| 3], whose regret bounds also depend on a quantity
analogous to A, appearing in our Theorem |[I} We remain optimistic that assumptions on such
problem-dependent quantities can be eventually relaxed, especially since such improvements have
already been demonstrated in the tabular setting by Zimin and Neu [46]], Dick et al. [19]. We believe
that the techniques developed in this paper will be essential for making progress in this direction,
and are particularly confident that the Matrix Geometric Resampling technique will be a part of the
eventual solution.
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A Omitted proofs
A.1 The proof of Lemma2]

By Lemma and since 6; 4 is unbiased, we have

Ry,

s

Il
M=

Exios i [Qen (X, 7 (X5)) = Vin (X))

-
Il
—

I
Dgﬂ
M=

(7 (al X5) — mi(al X3)) (0 (X7), Gt,a,h>]

Xp~opy ot [

-
I
-

a=1

I
FQH
M=

(7" (al X3) = mi(al X3)) <<P(X}t)7§t,a,h>] :

Xp~opg,t [

H
Il
—

a=1

A.2 The proof of Lemma 3]

We omit index h for ease of readability. The proof follows the standard analysis of EXP3 originally
. . . —1 o~
due to Auer et al. [§]. We begin by recalling the notation w¢(z,a) = exp(n 3 '_} (¢(2), 0s.q))

and introducing W;(x) = ZaK:1 wy(z, a). The proof is based on analyzing log W4 (x), which
can be thought of as a potential function in terms of the cumulative losses. We first observe that
log Wy 1(x) can be lower-bounded in terms of the cumulative loss:

log (W) > log (W) = niw(w‘)@w*(m) —log K.

On the other hand, for any ¢, we can prove the upper bound

— log (af;l m(alz) = /K ‘f)_ WV/K :1& a>)
< 1og (fj T I (14 (e, Bra) + (1000, 0))’) )

K
<y mal) (U(@(x), Bua) + (@), e?,a>)2) - Ry (P

y

where in step (a) we used the inequality e* < 1+ z+ 22, which holds for z < 1.79, and in step (b) w
used the inequality log(1 4 z) < z that holds for any z. Noticing that Zt 1 log =5 Weer — Jog WT“,

we can sum both sides of the above inequality forall¢ = 1,...,7T and compare w1th the lower bound
to get

T T K —~
)70, I mi(alz) 2.0, 28 M2 - 7 Yo (@), Ot.0)
ngw( ) Orme(a) — I K < ;;71 - <n<<p( ),0r0) + (1(0(2), Br.0)) ) T

Reordering and multiplying both sides by 17—7 gives

T
Z << 9f () T Zﬂ \CU 9t a>>>
t=1
1 K T K 2 T ~ 1 ~
< (711 Z Z ( 92& ,a ) + ’)’Z <<<p(x)>9t,7r*(x)> - ? <§0(:L')7 9t,a>> .
t=1 a=1 t=1 a
This concludes the proof. O
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A.3 The proof of Lemma 4]

The proof relies on a repeated use of the following identity that holds for any symmetric positive

definite matrix S:
M

Y I-8)f=8"1—(1-85Ms

k=0
For ease of readability, we will omit the indices A in this section. We denote the covariance of states,
generated by policy 7* as X = E [ (a| X *)o(X*)o(X*)T]. We start by plugging in the definition
of /9;7,1 and writing

K
E, [Z w0 X*)(p(X7). Bra)’

K R 2
Zwt(a|X*) (¢(X*)TE;M(Xt)Gt,hH{At:a}) 1 3)
a=1

K
< (H = h)?E, [Z X (m(aX*)so(X*>¢<X*>Ti:aso<xt)sa(XoTi:aﬂ{At:a})] ,

a=1

where we used <X £ 9t7a> < H — h in the inequality. Using the definition of E?: . and elementary
manipulations, we can get

Ey [ir (m(al X 7)o (X )p(X ) S o (Xe)e(X0) Sila, =) )|

M M
=E [tr (S5, 50a50,)] =B8% K o | 5 <Z Ck,a> Sta | D> Cia
k=0 j=0

(v M
=BE; | DD tr(5ChaTiaClia)
| k=0 j=0

r M M M
= B%E; | Yt (Z5CkaYeaChia) | +26°Ee | D> Y r(85Cka.aClia)
Lk=0 k=0 j=k+1

Let us first address the first term on the right hand side. To this end, consider any symmetric positive
definite matrix S that commutes with > , and observe that

E¢ [(I — BBy,a)S(I — BBr,a)
=E [(I - Bo(X (k) p(X (k) Tiam=ay) ST = Beo(X (k) p(X (k) Tawk)=a})]
=S = BE [p(X (k) p(X (k) Lt a(ky=a) S| — BE: [Se(X (k) (X (K )) L A(k)=a}]
+ B2Ee [p(X (k) o(X (k)" So(X (k)9 (X (k) T a()=a) ]
<5 —2BS% 4+ B%°0°S% . =S (I —B2—B0*)Sa),
where we wused our assumption that |[o(X(k))|| < o, which implies
Ee [lo(X U3 (X (R)@(X (K) Tag=a)] < 0*Tia.  Now, recalling the definition
Cha = Hle (I — BBj ) and using the above relation repeatedly, we can obtain
tr (By [ ChoaSt.aChoal) =t (By [S5Ck 1,0By (T — BBra) S0 (] — BBra)] Cr1.a])
<t (Bt [25Ck-1,0500 (I = B(2 = B0°)240) Cr-1,0]) (4)
< < (BES( - B2 - Bo)Eeal)") .

Thus, we can see that

M M
B2t (B[S ChaZtaCria)) = B2 Y _tr (S550a(l — B2 — Bo?)E14)F)
k=0 k=0
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B iy < B (55) _ 250 (53)
B2 — po?) ~2-Bo2- 3
where we used the condition 8 < 515 and the fact that (I — 8(2 — 802)%, ,)™ = 0 by the same
condition. We can finally observe that our assumption on the contexts implies tr (X}) < tr (021 ) =
o2d, so again by our condition on 3 we have Str (X}) < g, and the first term is bounded by %.

(58 Sra (I— (I - B2~ Bo*) S

Moving on to the second term, we first note that for any j > k, the conditional expectation of
Bj o given B<y o = (Bi,q; B2, ... Bi,a) satisfies E [Cy o| B<p,a) = Cr,a(I — BY)7~F due to
conditional independence of all B; , given By, ., for i > k. We make use of this equality by writing

M

BQZ Z '[I‘ 2 Ck azfa ]a BQZE E Z tr(zzok,azt,acj,a) ng,a
k=0 j=k+1 j=k+1
M

_52ZE E Z tr (Z5Ck.a2t,0Chaz(I — BE00) )| Beoa
k=0 j=k4+1
M

=B E[E [tr (Z5CkaXeaCralia (I — (I = BL1a)" %)) | B<ka]
k=0
M

<BY E[E[tr(S;ChaXtaChalia)| Bkoal]
k=0

(due to (I — A% 0)MF = 0)

<BZtr Si% (I = B2 — B0?)S0) 510
k=

0
(by the same argument as in Equation (@)

L (NS (I (- B2 — Boe®)S)ME))

=2 po?)
*v—1 * / i -1 K *y—1
<o (Snl) = (s (Et,a+§2) < (),

where in the last line we used that ¥; , can be written as ¥; , = (1 — )%} , + X for ¥} , =

E: [0(X¢)o(X:)I{a,~a,v,=0}]- Now, turning back to the sum over actions in (3) and recalling the
definition of ¥*, we observe that ¥* = ) 37 so that we can write

K
Su (m<a|X*>so<X*>¢<X*>Tit+,asa(Xt)so(Xt)Ti;taﬂ{At_a})]
a=1

K
d K _ d K 2 2\ (5
<-4 = = (T < - —t(z*)t(z—l)()
AP T (BT < g e (7)) e (57
< d n Kd o2
-3 v )\min
where we used the Cauchy—Schwarz inequality in the last step. This proves the statement. O

A4 The proof of Lemmal3]
‘We first observe that the bias of §t a,h can be easily expressed as
E, [é\tah] E; {Et a, h@(Xt h) (Xt,h)Tat,a,hH{At,h:a}}
= By [SF 0] B (X0 (X0) T, =a)] Ot

=E; |:Etah] Etahgtahfgtahf(j thah) et,a,h-
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Thus, the bias is bounded as
|Ee [0(X3)"( = B8t.a.0)Y Oran]| < I0(Xi) 5 10r,anlly [|(1 = BEe.an)™ ||,

In order to bound the last factor above, observe that X,  ;, = %E n, due to the uniform exploration
used in the first layer by MDP-LINEXP3, which implies that

vﬂ)\min M 'Yﬂ
H(I - 6215,(1 h A{Hop - <1 o K) < exp (K)\minM> )

where the second inequality uses 1 — z < e~ 7 that holds for all z. This concludes the proof. O

A.5 The boundedness of the estimates

Lemma 6. The loss estimates satisfy 77‘< (X7, Gt a h>| <1forn < (M+1)

Proof. The claim is proven by the following straightforward calculation:

1 (X5, Oran)| =0+ |0(X0) S 0 o (Xen) ((Xen), Ot.a) Ta,=ar |
< n(H 1) - [ oGS o (Xon)] < n(H - m)a® S5,

M

<n(H - h)o*8 (1 +3 |ck,a,h|op> <n(H — h)(M +1)/2,

k=1

where we used the fact that our choice of /3 ensures lop = HH?:O(I — BBjan) H <1l O
op

B Proof of Theorem 2]

The improvement in the regret bound comes from applying an importance-weighting trick in the
proof of Lemmato bound the problematic term tr(E* Wi h) Specifically, we write

(S5 500) =t (B fme(al X)e(Xi) e (X5 55704 )
_ fn(Xe.n) B
(e [ S ol oo X 2 )
< ptr (Be [l Xen) o (X )0 (Xen) ) S50, ) = pd,

where we used our assumption on the likelihood ratio in the inequality. Using this bound instead of
the one in Equation (3) at the end of the proof of Lemma[d]yields the improved bound

1
Zﬂta|Xh o(X7), etah>] (H — h)d(3+pK).

The proof of Theorem 2]is then concluded similarly as the proof of Theorem|[I] O

C Fast Matrix Geometric Resampling

The naive implementation of the MGR procedure presented in the main text requires O(M K Hd +
K Hd?) time due to the matrix-matrix multiplications involved. In this section we explain how to

compute 1/9;7,1 in O(M K Hd) time, exploiting the fact that the matrices f]m, », never actually need to

be computed, since the algorithm only works with products of the form f)ua,hap(X +,n) for vectors
X h, b € [H]. This motivates the following procedure:
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Fast Matrix Geometric Resampling
Input: simulator of transition function P, policy m, trajectory
(1'170,17.’172,0,2, e amH7aH)
Initialization: Compute Yy j, = ¢(zy,) forall h € [H].
For k. =1,..., M, repeat:
1. Generate a path U (¢) = {(X1(¢), A1(3)), ..., (Xu(3), Au (i)},
following the policy 7 in the simulator of P,
2. For h =1,..., H, repeat:
(a) if Ap(k) = an,set Y = Yio1.n — B (Y10, 9(Xn(k))) o(Xn(k)),
(b) otherwise, set Yy, j, = Yj_1 4.

Return ¢, o, = Yo + 85 e, Vi forall h € [H].

It is easy to see from the above procedure that each iteration k can be computed using (K +
1)Hd vector-vector multiplications: sampling each action Ay, (k) takes K d time due to having to
compute the products <np(X n(k)), 22;11 05,4, h> for each action a, and updating Y}, 5, can be done by
computing the product (Y _1 5, (X (k))). Overall, this results in a total runtime of order M K Hd

as promised above.
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