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Abstract

Offline or batch reinforcement learning seeks to
learn a near-optimal policy using history data
without active exploration of the environment.
To counter the insufficient coverage and sample
scarcity of many offline datasets, the principle of
pessimism has been recently introduced to miti-
gate high bias of the estimated values. While pes-
simistic variants of model-based algorithms (e.g.,
value iteration with lower confidence bounds)
have been theoretically investigated, their model-
free counterparts — which do not require explicit
model estimation — have not been adequately
studied, especially in terms of sample efficiency.
To address this inadequacy, we study a pessimistic
variant of Q-learning in the context of finite-
horizon Markov decision processes, and character-
ize its sample complexity under the single-policy
concentrability assumption which does not re-
quire the full coverage of the state-action space.
In addition, a variance-reduced pessimistic Q-
learning algorithm is proposed to achieve near-
optimal sample complexity. Altogether, this work
highlights the efficiency of model-free algorithms
in offline RL when used in conjunction with pes-
simism and variance reduction.

1. Introduction

Reinforcement Learning (RL) has achieved remarkable suc-
cess in recent years, including matching or surpassing hu-
man performance in robotics control and strategy games (Sil-
ver et al., 2017; Mnih et al., 2015). Nevertheless, these suc-
cess stories often come with nearly prohibitive cost, where
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an astronomical number of samples are required to train the
learning algorithm to a satisfactory level. Scaling up and
replicating the RL success in many real-world problems face
considerable challenges, due to limited access to large-scale
simulation data. In applications such as online advertising
and clinical trials, real-time data collection could be expen-
sive, time-consuming, or constrained in sample sizes as a
result of experimental limitations.

On the other hand, it is worth noting that tons of samples
might have already been accumulated and stored — albeit
not necessarily with the desired quality — during previous
data acquisition attempts. It is therefore natural to wonder
whether such history data can be leveraged to improve per-
formance in future deployments. In reality, the history data
was often obtained by executing some (possibly unknown)
behavior policy, which is typically not the desired policy.
This gives rise to the problem of offline RL or batch RL
(Lange et al., 2012; Levine et al., 2020),! namely, how to
make the best use of history data to learn an improved or
even optimal policy, without further exploring the environ-
ment. In stark contrast to online RL that relies on active
interaction with the environment, the performance of offline
RL depends critically not only on the quantity, but also the
quality of history data (e.g., coverage over the space-action
space), given that the agent is no longer collecting new sam-
ples for the purpose of exploring the unknown environment.

Recently, the principle of pessimism (or conservatism) —
namely, being conservative in Q-function estimation when
there are not enough samples — has been put forward as
an effective way to solve offline RL (Buckman et al., 2020;
Kumar et al., 2020). This principle has been implemented in,
for instance, a model-based offline value iteration algorithm,
which modifies classical value iteration (Azar et al., 2017)
by subtracting a penalty term in the estimated Q-values and
has been shown to achieve appealing sample efficiency (Jin
et al., 2021; Rashidinejad et al., 2021; Xie et al., 2021b). It
is noteworthy that the model-based approach is built upon
the construction of an empirical transition kernel, and there-
fore, requires specific representation of the environment
(see, e.g. Agarwal et al., 2020; Li et al., 2020). It remains

"Throughout this paper, we will be using the term offline RL
(resp. dataset) or batch RL (resp. dataset) interchangeably.
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Algorithm Type Sample complexity
) VI-LCB model-based H 65;0*
(Xie et al., 2021b) €
) PEVI-Adv model-based H'scr
(Xie et al., 2021b) €
Q'LCB H8SC*
(o) model-free =
Q-LCB-Adv ) e
(this work) model-free e
lower bound /a iSO
(Xie et al., 2021b) e?

Table 1. Comparisons between our results and prior art for finding
an e-optimal policy in finite-horizon non-stationary MDPs. The
sample complexities included in the table are valid for sufficiently
small ¢, with all logarithmic factors omitted.

unknown whether the pessimism principle can be incorpo-
rated into model-free algorithms — another class of popular
algorithms that performs learning without model estimation
— in a provably effective fashion for offline RL.

1.1. Main contributions

In this paper, we consider finite-horizon non-stationary
Markov decision processes (MDPs) with S states, A ac-
tions, and horizon length H. The focal point is to pin down
the sample efficiency for pessimistic variants of model-free
algorithms, under the mild single-policy concentrability
assumption (cf. Assumption 2.1) of the batch dataset intro-
duced in Rashidinejad et al. (2021); Xie et al. (2021b) (in
short, this assumption captures how close the batch dataset is
to an expert dataset, and will be formally introduced in Sec-
tion 2.2). Given K episodes of history data each of length
H (which amounts to a total number of 7' = K H samples),
our main contributions are summarized as follows.

e We first study a natural pessimistic variant of the Q-
learning algorithm, which simply modifies the classical
Q-learning update rule by subtracting a penalty term
(via certain lower confidence bounds). We prove that
pessimistic Q-learning finds an e-optimal policy as
soon as the sample size T' exceeds the order of (up to
log factor)

HSSC~

2 )

3

where C* denotes the single-policy concentrability co-
efficient of the batch dataset. In comparison to the
minimax lower bound Q(H 48520*) developed in Xie
et al. (2021b), the sample complexity of pessimistic
Q-learning is at most a factor of H? from optimal

(modulo some log factor).

e To further improve the sample efficiency of pessimistic
model-free algorithms, we introduce a variance-
reduced variant of pessimistic Q-learning. This al-
gorithm is guaranteed to find an e-optimal policy as
long as the sample size T is above the order of

H*SC* HSSC*
55— T+
€ €

up to some log factor. In particular, this sample
complexity is minimax-optimal (namely, as low as
% up to log factor) for small enough € (namely,
e < (0,1/H]). The e-range that enjoys near-optimality
is much larger compared to ¢ < (O, 1/H2'5] estab-
lished in Xie et al. (2021b) for model-based algorithms.

Both of the proposed algorithms achieve low computa-
tion cost (i.e., O(T)) and low memory complexities (i.e.,
O(min{T, SAH })). Additionally, more complete compar-
isons with prior sample complexities of pessimistic model-
based algorithms (Xie et al., 2021b) are provided in Table 1.
In comparison with model-based algorithms, model-free
algorithms require drastically different technical tools to
handle the complicated statistical dependency between the
estimated Q-values at different time steps.

1.2. Related works

In this section, we discuss several lines of works which are
related to ours, with an emphasis on value-based algorithms
for tabular settings with finite state and action spaces.

Offline RL. One of the key challenges in offline RL lies
in the insufficient coverage of the batch dataset, due to lack
of interaction with the environment (Levine et al., 2020;
Liu et al., 2020). To address this challenge, most of the
recent works can be divided into two lines: 1) regularizing
the policy to avoid visiting under-covered state and action
pairs (Fujimoto et al., 2019; Dadashi et al., 2021); 2) penal-
izing the estimated values of the under-covered state-action
pairs (Buckman et al., 2020; Kumar et al., 2020). Our work
follows the latter line (also known as the principle of pes-
simism), which has garnered significant attention recently.
In fact, pessimism has been incorporated into recent develop-
ment of various offline RL approaches, such as policy-based
approaches (Rezaeifar et al., 2021; Xie et al., 2021a; Zanette
et al., 2021), model-based approaches (Rashidinejad et al.,
2021; Uehara & Sun, 2021; Jin et al., 2021; Yu et al., 2020;
Kidambi et al., 2020; Xie et al., 2021b; Yin & Wang, 2021;
Uehara et al., 2021; Yan et al., 2022b; Yu et al., 2021b;
Yin et al., 2022), and model-free approaches (Kumar et al.,
2020; Yu et al., 2021a; Yan et al., 2022a).

Finite-sample guarantees for pessimistic approaches.
While model-free approaches with pessimism (Kumar et al.,
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2020; Yu et al., 2021a) have achieved considerable empir-
ical successes in offline RL, prior theoretical guarantees
of pessimistic schemes have been confined almost exclu-
sively to model-based approaches. Under the same single-
policy concentrability assumption used in prior analyses
of model-based approaches (Rashidinejad et al., 2021; Xie
et al., 2021b; Yin et al., 2021b), the current paper provides
the first finite-sample guarantees for model-free approaches
with pessimism in the tabular case without explicit model
construction. In addition, Yin & Wang (2021) directly em-
ployed the occupancy distributions of the behavior policy
and the optimal policy in bounding the performance of a
model-based approach, rather than the worst-case upper
bound of their ratios as done under the single-policy con-
centrability assumption.

Non-asymptotic guarantees for variants of Q-learning.
Q-learning, which is among the most famous model-free RL
algorithms (Watkins, 1989; Jaakkola et al., 1994; Watkins
& Dayan, 1992), has been adapted in a multitude of ways
to deal with different RL settings. Theoretical analyses for
Q-learning and its variants have been established in, for
example, the online setting via regret analysis (Jin et al.,
2018; Bai et al., 2019; Zhang et al., 2020b; Li et al., 2021b;
Dong et al., 2019; Zhang et al., 2020a;c; Jafarnia-Jahromi
et al., 2020; Yang et al., 2021), and the simulator setting via
probably approximately correct (PAC) bounds (Chen et al.,
2020; Wainwright, 2019; Li et al., 2021a). The variant that
is most closely related to ours is asynchronous Q-learning,
which aims to find the optimal Q-function from Markovian
trajectories following some behavior policy (Even-Dar &
Mansour, 2003; Beck & Srikant, 2012; Qu & Wierman,
2020; Li et al., 2021c¢; Yin et al., 2021a;b). Different from
ours, these works typically require full coverage of the state-
action space by the behavior policy, a much stronger as-
sumption than the single-policy concentrability assumed in
our offline RL setting.

Variance reduction in RL. Variance reduction, originally
proposed to accelerate stochastic optimization (e.g., the
SVRG algorithm proposed by Johnson & Zhang (2013)),
has been successfully leveraged to improve the sample effi-
ciency of various RL algorithms, including but not limited
to policy evaluation (Du et al., 2017; Wai et al., 2019; Xu
et al., 2019; Khamaru et al., 2020), planning (Sidford et al.,
2018a;b), Q-learning and its variants (Wainwright, 2019;
Zhang et al., 2020b; Li et al., 2021b;c; Yan et al., 2022a),
and offline RL (Xie et al., 2021b; Yin et al., 2021b).

1.3. Notation and paper organization

Let us introduce a set of notation that will be used through-
out. We denote by A(S) the probability simplex over a set
S, and introduce the notation [N] := {1,--- , N} for any

integer N > 0. For any vector 2 € R4 (resp. z € R®) that
constitutes certain values for each of the state-action pairs
(resp. state), we shall often use (s, a) (resp. z(s)) to denote
the entry associated with the (s, a) pair (resp. state s). Sim-
ilarly, we shall denote by = := {x, } ¢ the set composed
of certain vectors for each of the time step h € [H|. We
let e; represent the i-th standard basis vector, with the only
non-zero element being in the ¢-th entry.

Let X = (S,A4,H,T). The notation f(X) < g(&X)
(resp. f(X) = g(X)) means that there exists a universal con-
stant Cyp > O such that | f(X)]| < Colg(X)| (resp. | f(X)] >
Colg(X)]). In addition, we often overload scalar functions
and expressions to take vector-valued arguments, with the
interpretation that they are applied in an entrywise man-

ner. For example, for a vector z = [z;]1<i<n, We have
z? = [2?]1<i<n. For any two vectors x = [z;]1<;<n and
Yy = [Yi]i<i<n. the notation z < y (resp. > y) means

x; <y, (resp. x; > y;) forall 1 <4 < n.

Paper organization. The rest of this paper is organized
as follows. Section 2 introduces the backgrounds on finite-
horizon MDPs and formulates the offline RL problem. Sec-
tion 3 starts by introducing a natural pessimistic variant of
Q-learning along with its sample complexity bound, and fur-
ther enhances the sample efficiency via variance reduction
in Section 4. Section A presents the proof outline and key
lemmas. Finally, we conclude in Section 5 with a discussion
and defer the proof details to the supplementary material.

2. Background and problem formulation
2.1. Tabular finite-horizon MDPs

Basics. This work focuses on an episodic finite-horizon
MDP as represented by

M = (87 A7 H7 {P}L}g:h {Th}i—lzl)y

where H is the horizon length, S is a finite state space of
cardinality S, A is a finite action space of cardinality A, and
Py :SxA— A(S) (resp. rp, : S x A — [0, 1]) represents
the probability transition kernel (resp. reward function) at
the h-th time step (1 < h < H). Throughout this paper, we
shall adopt the following convenient notation

Phsa = Pu(-]s,a) € [0,1]'*%, (1)

which stands for the transition probability vector given the
current state-action pair (s, a) at time step h. The parame-
ters S, A and H can all be quite large, allowing one to cap-
ture the challenges arising in MDPs with large state/action
space and long horizon.

A policy (or action selection rule) of an agent is represented
by 7 = {m,},, where 7, : & — A(A) specifies the
associated selection probability over the action space at
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time step A (or more precisely, we let 7, (a | s) represent the
probability of selecting action a in state s at step h). When 7
is a deterministic policy, we abuse the notation and let 7, (s)
denote the action selected by policy 7 in state s at step h.
In each episode, the agent generates an initial state s; € S
drawn from an initial state distribution p € A(S), and rolls
out a trajectory over the MDP by executing a policy 7 as
follows:

{Shaaharh}hH=1 = {Sla ai, Ty, ...,SH, a4, TH}a (2)

where at time step h, ap ~ (- | s) indicates the action
selected in state sy, 1, = 71, (Sh, ap) denotes the determin-
istic immediate reward, and sp4; denotes the next state
drawn from the transition probability vector P, g, 4, =
Py (-] sh,ap). In addition, let df (s) and df (s,a) denote
respectively the occupancy distribution induced by 7 at time
step h € [H], namely,

dy(s) =P(sp, = s|s1 ~ p,7),
di(s,a) =P(sp = s|s1 ~ p,m)mp(als);  (3)

here and throughout, we denote [H| := {1,--- , H}. Given
that the initial state s; is drawn from p, the above definition
gives

di(s) = p(s) for any policy 7. 4)
Value function, Q-function, and optimal policy. The
value function V;"(s) of policy 7 in state s at step h is
defined as the expected cumulative rewards when this policy
is executed starting from state s at step h, i.e.,

H

Vi(s) =E [Z ro(s0,a)

t=h

Sh = S] ; &)

where the expectation is taken over the randomness of the
trajectory (2) induced by the policy 7 as well as the MDP
transitions. Similarly, the Q-function Q7 (-, -) of a policy 7
at step h is defined as

Q7 (s,a) =rp(s,a)
H

Z Tt(Styat)

t=h+1

+E

ShSaGhQ] ; (6)

where the expectation is again over the randomness induced
by 7 and the MDP except that the state-action pair at step
h is now conditioned to be (s, a). By convention, we shall
also set

Vii(s) = QF1(s,a) =0 forany 7 and (s,a) € Sx.A.

(7

A policy 7* = {m;}}L_, is said to be an optimal policy if
it maximizes the value function (resp. Q-function) simul-
taneously for all states (resp. state-action pairs) among all

policies, whose existence is always guaranteed (Puterman,
2014). The resulting optimal value function V* = {V;*}/_|
and optimal Q-functions Q* = {Q; }/._, are denoted re-
spectively by

Vii(s) = Vil (s) = max Vi7 (s),
Qh(s,a) = QZ* (s,a) = mT?*XQZ(Sv a)

for any (s,a,h) € S x A x [H|. Throughout this paper,
we assume that 7* is a deterministic optimal policy, which
always exists (Puterman, 2014).

Additionally, when the initial state is drawn from a given
distribution p, the expected value of a given policy 7 and
that of the optimal policy at the initial step are defined
respectively by

Vi'(p) = sll[ip [Vfr(sl)]»
W)= E [Vi(s1)]- (8)

Bellman equations. The Bellman equations play a fun-
damental role in dynamic programming (Bertsekas, 2017).
Specifically, the value function and the Q-function of any
policy 7 satisty the following Bellman consistency equation:

Qh(s,a) =rp(s,a) + S/NIIE (Vir 1 (sh)] 9

h,s,a

forall (s,a,h) € S x A x [H]. Moreover, the optimal value
function and the optimal Q-function satisfy the Bellman
optimality equation:

Qi (s,a) =rp(s,a)+ E

’
s NPh,s,a

forall (s,a,h) € S x A x [H].

Vi (8] (10)

2.2. Offline RL under single-policy concentrability

Offline RL assumes the availability of a history dataset D,,
containing K episodes each of length H. These episodes
are independently generated based on a certain policy y =
{pn YH_| — called the behavior policy, resulting in a dataset

K—1
D= { (sh, ok vt oo sl b))
Here, the initial states {s}}/_, are independently drawn
from p € A(S) such that s¥ - p, while the remaining
states and actions are generated by the MDP induced by
the behavior policy p. The total number of samples is thus
given by
T=KH.
With the notation (8) in place, the goal of offline RL amounts
to finding an e-optimal policy 7 = {7, }/_, satisfying

Vi(p) = Vi(p) <e
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with as few samples as possible, and ideally, in a computa-
tionally fast and memory-efficient manner.

Obviously, efficient offline RL cannot be accomplished with-
out imposing proper assumptions on the behavior policy,
which also provide means to gauge the difficulty of the
offline RL task through the quality of the history dataset.
Following the recent works Rashidinejad et al. (2021); Xie
et al. (2021b), we assume that the behavior policy p satisfies
the following property called single-policy concentrability.

Assumption 2.1 (single-policy concentrability). The single-
policy concentrability coefficient C* € [1, c0) of a behavior
policy p is defined to be the smallest quantity that satisfies

7’ (s,a)

< C*, 11
(h,s,a)ren[%)](xSxA di (s, a) (i

where we adopt the convention 0/0 = 0.

Intuitively, the single-policy concentrability coefficient mea-
sures the discrepancy between the optimal policy 7* and
the behavior policy p in terms of the resulting density ratio
of the respective occupancy distributions. It is noteworthy
that a finite C* does not necessarily require i to cover the
entire state-action space; instead, it can be attainable when
its coverage subsumes that of the optimal policy 7*. This
is in stark contrast to, and in fact much weaker than, other
assumptions that require either full coverage of the behav-
ior policy (i.e., ming, s q)c[m]xsx.a d}, (s, a) > 0 (Lietal.,
2021c; Yin et al., 2021a;b)), or uniform concentrability over
all possible policies (Chen & Jiang, 2019). Additionally,
the single-policy concentrability coefficient is minimized
(i.e., C* = 1) when the behavior policy p coincides with
the optimal policy 7*, a scenario closely related to imitation
learning or behavior cloning (Rajaraman et al., 2020).

3. Pessimistic Q-learning: algorithms and
theory

In the current paper, we present two model-free algorithms
— namely, LCB-Q and LCB-Q-Advantage — for offline
RL, along with their respective theoretical guarantees. The
first algorithm can be viewed as a pessimistic variant of the
classical Q-learning algorithm, while the second one further
leverages the idea of variance reduction to boost the sample
efficiency. In this section, we begin by introducing LCB-Q.

3.1. LCB-Q: a natural pessimistic variant of Q-learning

Before proceeding, we find it convenient to first review the
classical Q-learning algorithm (Watkins, 1989; Watkins &
Dayan, 1992), which can be regarded as a stochastic approx-
imation scheme to solve the Bellman optimality equation
(10). Upon receiving a sample transition (s, ap, 7n, Sp+1)
at time step h, Q-learning updates the corresponding entry

in the Q-estimate as follows
Qn(sn,an) < (1 —n)Qn(sn,an)
+ n{rh(sm ap) + Vh+1(3h+1)}7 (12)

where @, (resp. V},) indicates the running estimate of @7,
(resp. Vi), and 0 < 1 < 1 is the learning rate. In com-
parison to model-based algorithms that require estimating
the probability transition kernel based on all the samples,
Q-learning, as a popular kind of model-free algorithms, is
simpler and enjoys more flexibility without explicitly con-
structing the model of the environment. The wide applicabil-
ity of Q-learning motivates one to adapt it to accommodate
offline RL.

Inspired by recent advances in incorporating the pessimism
principle for offline RL (Rashidinejad et al., 2021; Jin et al.,
2021), we study a pessimistic variant of Q-learning called
LCB-Q, which modifies the Q-learning update rule as fol-
lows

Qn(sh,an) < (1 —n0n)Qn(sh,an) (13)

+ Un{rh(sh, an) + Va1 (Sny1) — bn};

where 7,, is the learning rate depending on the number of
times n that the state-action pair (s, ap,) has been visited
at step h, and the penalty term b,, > 0 (cf. line 9 of Al-
gorithm 1) reflects the uncertainty of the corresponding
Q-estimate and implements pessimism in the face of uncer-
tainty. The entire algorithm, which is a single-pass algo-
rithm that only requires reading the offline dataset once, is
summarized in Algorithm 1.

3.2. Theoretical guarantees for LCB-Q

The proposed LCB-Q algorithm manages to achieve an
appealing sample complexity as formalized by the following
theorem.

Theorem 3.1. Consider any § € (0, 1). Suppose that the be-
havior policy p satisfies Assumption 2.1 with single-policy
concentrability coefficient C* > 1. Let ¢, > 0 be some suf-
ficiently large constant, and take 1 = log (S‘ffT). Assume

that T > SC™*., then the policy T returned by Algorithm 1

satisfies
* = H6 SC* L3
V(o) = Vi () < eayf T

with probability at least 1 — §, where c, > 0 is some univer-
sal constant.

(14)

As asserted by Theorem 3.1, the LCB-Q algorithm is guar-
anteed to find an e-optimal policy with high probability, as
long as the total sample size T' = K H exceeds

. 6 *
O(HSC>,

2

5)
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Algorithm 1 LCB-Q for offline RL
1: Parameters: some constant ¢, > 0, target success
probability 1 — & € (0,1), and . = log (£4L).
2: Initialize: Qp(s,a) < 0; Np(s,a) < 0 for all
(s,a,h) € S x Ax [H]; Vi(s) < 0forall (s,h) €
S x [H+1]; 7 s.t. 7p(s) = 1 forall (h,s) € [H] x S.
3: for Episode k = 1 to K do
4:  // sampling from batch dataset
Sample a trajectory {sp,, ap,rn } | from D,,.
for Steph =1to H do

5
6: // update the counter

7: Nh,(sh,ah) <—Nh(sh,ah)+1;n<—Nh(sh,ah).
8.

9

Nn — gii // update the learning rate
: b, < ¢ ij. // update the bonus term

10: /I update the Q-estimates with LCB

11: Qn(sn,an) +  Qn(sn,an) + nn{Th,(Sh,,ah) +
Vit1(Sht1) — Qu(sn, an) — bn}-

12: // update the value estimates

13: Vi(sn) ¢ max {Vh(sh), maxq Qn(Sn, a)}.

14: If Vi(sn) = maxq Qn(sn,a): update 7,(s) <«
arg maxq, Qn (s, a).

15:  end for

16: end for

17: Output: the policy 7.

where O(-) hides logarithmic dependencies. When the be-
havior policy is close to the optimal policy, the single-policy
concentrability coefficient C* is closer to 1; if this is the
case, then our bound indicates that the sample complexity
does not depend on the size A of the action space, which
can be a huge saving when the action space is enormous.

Comparison with model-based pessimistic approaches.
A model-based approach — called Value Iteration with
Lower Confidence Bounds (VI-LCB) — has been recently
proposed for offline RL (Rashidinejad et al., 2021; Xie et al.,
2021b). In the finite-horizon case, VI-LCB incorporates an
additional LCB penalty into the classical value iteration
algorithm, and updates all the entries in the Q-estimate
simultaneously as follows

Qn(s,a) «— ri(s,a) + PrsaVays — bu(s,a), (16)

with the aim of tuning down the confidence on those state-
action pairs that have only been visited infrequently. Here,
Py, ..o represents the empirical estimation of the transition
kernel Py, 54, and by, (s, a) > 0 is chosen to capture the un-
certainty level of (ﬁ;m,a — P s,0) Vit1. Working backward,
the algorithm estimates the Q-value @}, recursively over the
time steps h = H, H — 1,--- ,1. In comparison with VI-
LCB, our sample complexity bound for LCB-Q matches the
bound developed for VI-LCB by Xie et al. (2021b), while
enjoying enhanced flexibility without the need of specifying

> > =

epochm =1 epochm=2 epochm=3

| > update reference V,7i update Q-estimate Q@ |

Figure 1. An illustration of the epoch-based LCB-Q-Advantage
algorithm.

the transition kernel of the environment (as model estima-
tion might potentially incur a higher memory burden).

4. LCB-Q-Advantage for near-optimal offline
RL: algorithm and theory

The careful reader might notice that the sample complexity
(15) derived for LCB-Q remains a factor of H? away from
the minimax lower bound (see Table 1). To further close the
gap and improve the sample complexity, we propose a new
variant called LCB-Q-Advantage, which leverages the idea
of variance reduction to accelerate convergence (Johnson
& Zhang, 2013; Sidford et al., 2018b; Wainwright, 2019;
Zhang et al., 2020b; Xie et al., 2021b; Li et al., 2021c;b).

Inspired by the reference-advantage decomposition adopted
in (Zhang et al., 2020b; Li et al., 2021b) for online Q-
learning, LCB-Q-Advantage maintains a collection of ref-
erence values {V',}/L |, which serve as running proxy for
the optimal values {V;*}L | and allow for reduced vari-
ability in each iteration. To be more specific, the LCB-
Q-Advantage algorithm (cf. Algorithm 2 as well as the
subroutines in Algorithm 3 that closely resemble Li et al.
(2021b)) proceeds in an epoch-based style (the m-th epoch
consists of L,,, = 2" episodes of samples), where the ref-
erence values are updated at the end of each epoch to be
used in the next epoch, and the Q-estimates are iteratively
updated during the remaining time of each epoch. By main-
taining two auxiliary sequences of pessimistic Q-estimates
— that is, QB constructed by the pessimistic Q-learning
update, and @ constructed by the pessimistic Q-learning
update based on the reference-advantage decomposition —
the Q-estimate is updated by taking the maximum over the
three candidates (cf. line 19 of Algorithm 2)

Qn(s,a) + maX{Q,';CB(S,a), Qp(s,a), Qu(s,a)} (17)

when the state-action pair (s, a) is visited at the step h. We
now take a moment to discuss the key ingredients of the
proposed algorithm in further detail.

Updating the references 1/}, and 7i,,. At the end of each
epoch, the reference values {Vh} ’1;1:1’ as well as the associ-
ated running average {fi), }}._,, are determined using what
happens during the current epoch. More specifically, the
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Algorithm 2 Offline LCB-Q-Advantage RL

Algorithm 3 Auxiliary functions

1: Parameters: number of epochs M, universal constant
cp > 0, target success probability 1 — 6 € (0,1), and

L= log (SAT)
2: Initialize: Qn(s,a), LCB( a),Qn(s,a), by, (s, a),
w5 (s,a), Ni(s,a) < 0forall (s,a,h) € S x A x [H];

Vi(s), Vi(s), Vir(s) « O forall (s,h) € S x [H + 1];
M;zef(sz a), U;zef(sv a), I’I/?Ldv(s7 a), O-?Ldv(s7 a), gh(‘g a),
Br(s,a) < 0forall (s,a,h) € S x Ax [HJ;
3: for Epoch m = 1to M do
4: Ly, = 2™;// specify the number of episodes in the current
epoch
5 ]vh(s,a) = 0forall (h,s,a) €
epoch-wise counter

[H] x 8 x A. /] reset the

6: /* Inner-loop: update value-estimates V3, (s, a) and Q-
estimates Q (s, a)
7. for In-epoch Episode ¢t = 1 to L,,, do
8: Sample a trajectory {sp,, ap,rp }_ ;. // sampling
9 for Step h =1 to H do
10: // update the overall counter
11: Nh(sh,ah)eNh(sh,ah)Jrl neNh(sh,ah).
12: Ny H+n’ // update the learning rate
13: // update the Q-estimate with LCB
14: Q%LCB(S;“ ap) < update-lcb-g();
15: /I update the Q-estimate with LCB and reference-
advantage
16: Q, (sn,an) + update-lcb-g-ra();
17: /I update the estimates Q5 and V,
18: Qh(sh,ah) —
19: max{Q5®(sn,an), Q,(sn,an), Qun(sn,an)}.
20: Vi(sn) < maxq Qn(sh,a).
21: /I update the epoch-wise counter and 7}~ for the
next epoch
22: ﬁh(sh,ah)eﬁh(sh,ah)Jrl;
23: 0 (sh, an) (1 — m) 5 (sh, an) +
mv?ffl (5h+1)
24: end for
25:  end for
26:  for (s,a,h) e S x Ax [H+1]do
27: // set V5, and iy, for the next epoch
28 V() & Vi () fn(s,0) « (s, a).
29: /] restart 713°¢ and set V7, - " for the next epoch
300 Vi (s) < Va(s): mp(s,a) « 0.
31:  end for
32: end for

33: Output: the policy 7 s.t. 7, (s) = arg max, Q (s, a)
forany (s, h) € S x [H].

following update rules for V', and fi,, are carried out at the
end of the m-th epoch:

—next

Vi(s) <V, (), (18a)

1: Function update-1cb-qg():
2: Qi (snyan) + (1= 0n)Q5 B (sh,an) + nn (r(sn, an) +

Vit1(Sht1) — cby/ #)

3: Function update-lcb-g-ra():
/ * upddte the moment statistics of the interested terms
4 [t ot padv gadv (sh,an) « update-moments () ;
/ * update the bonus difference and accumulative bonus
5: [Sh,ﬁh](sh, ap) + update-bonus ();
6: Bh(sh, ah) — Eh(sh, ah) +(1 777»”) 6}‘(;};@’1) +cp
H?..
roan
/I update the Q-estimate based on reference-advantage
7 Qu(snyan) < (1 = 02)Qy(5n,an) + 0 (ra(sn, an) +
Vit1(sht1) = Vg1 (8nt1) + 1y (sny an) = bn);
8: Function update-moments ():
9 i (s, an) + (1 — D)5 (snoan) + Vi (sne);
/I mean of the reference
10: o5 (sn,an) (1= 5)oR (snyan) + £ (Vi (sne1)) s
/1 2" moment of the reference
1 5% (snyan) < (1= na) i (sny an) + nn (Vi (sng1) —
Va1 (Sh+1))' // mean of the advantage
12: 03 (s, an) < (1= nn)o3™ (s, an) 4+ mn (Vaga (snia) —
Vet (sh+1)) . // 2" moment of the advantage
13: Function update-bonus () :

14: By (s, an) <—cb\/7(\/ ref (sp, an) — (u;ff(sh,ah))2+
v \/ 2 (sh,an) (ude(Sh,ah))Q);

15: (5h(sh,ah) — BneXt(Sh,ah) —Eh(sh,ah);
16: Bh(sh,ah) — Bne t(Sh,ah).

HT/4,
8/4 T

Ch

_ Zt " A(sh, = s, a5, = a)Viagi(sh )

Tip (s, a)
" max{{zt:’”i]l(shzs,ah:a },1}
(18b)

for all (h,s,a) € [H] x S x A. Here, Vj,(s) is assigned by
2% t( ), which is maintained as the value estimate V},(s) at
the end of the (m — 1)-th epoch, and the update of 7, (s, a)
is implemented in a recursive manner in the current m-th

epoch. See also line 28 and line 30 of Algorithm 2.

Learning Q-estimate (), based on the reference-
advantage decomposition. Armed with the references
V', and 71, updated at the end of the previous (m — 1)-
th epoch, LCB-Q-Advantage iteratively updates the Q-
estimate ), in all episodes during the m-th epoch. At each
time step & in any episode, whenever (s, a) is visited, LCB-
Q-Advantage updates the reference Q-value as follows:

Quls,0) (1= 1)@y (s5,) +n{ra(s.a)
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+ Ph,s,a (Vh+1 - V}H—l) + ,Hh
~~~

estimate of Pp, s o (V41 —V 1) estimate of Phs,a Vit

19)

Intuitively, we decompose the target P, s ,V},41 into a refer-
ence part Ph,s’thA,l and an advantage part P, 5 o (Vi41 —
Vht1), and cope with the two parts separately. In the sequel,
let us take a moment to discuss three essential ingredients of
the update rule (19), which shed light on the design rationale
of our algorithm.

e Akin to LCB-Q, the term ﬁh@a (Vh+1 — VhH)
serves as an unbiased stochastic estimate of
Phsa(Vag1 — Vipe1) if a sample transition
(s,a, spy1) at time step h is observed. If Vj, 11 stays
close to the reference V1 as the algorithm proceeds,
the variance of this stochas/t\ic term can be lower than
that of the stochastic term P}, s o Vj+1 in (13).

e The auxiliary estimate 71}, introduced in (18b) serves
as a running estimate of the reference part Ph’s,thH.
Based on the update rule (18b), we design 7, (s, a)
to estimate the running mean of the reference part
[Ph7s7a7;,,+1] using a number of previous samples. As
a result, we expect the variability of this term to be
well-controlled, particularly as the number of samples
in each epoch grows exponentially (recall that L,,, =
2m).

e In each episode, the term by, (s, a) serves as the ad-
ditional confidence bound on the error between the
estimates of the reference/advantage and the ground
truth. More specifically, u5¢f(s,a) and o (s, a) are
respectively the running mean and 2nd moment of the
reference part [Py 5oV 41 (cf. lines 9-10 of Algo-
rithm 3); 139 (s,a) and 03%(s,a) represent respec-

tively the running mean and 2nd moment of the ad-

vantage part [Ph,s,a(VhH — Vh+1)j| (cf. lines 11-12

of Algorithm 3); By (s, a) aggregates the empirical

standard deviations of the reference and the advantage
parts. The LCB penalty term by, (s, a) is updated using

By,(s,a) and 63, (sp, ar) (cf. lines 5-6 of Algorithm 3),

taking into account the confidence bounds for both the

reference and the advantage.

In a nutshell, the auxiliary sequences of the reference values
are designed to help reduce the variance of the stochastic Q-
learning updates, which taken together with the principle of
pessimism play a crucial role in the improvement of sample
complexity for offline RL.

4.1. Theoretical guarantees for LCB-Q-Advantage

Encouragingly, the proposed LCB-Q-Advantage algorithm
provably achieves near-optimal sample complexity for suffi-

—Eh(s,a)}.

ciently small €, as demonstrated by the following theorem.

Theorem 4.1. Consider any § € (0, 1), and recall that v =
log (S‘?%T) andT = K H. Suppose that cy, > 0 is chosen to
be a sufficiently large constant, and that the behavior policy
w satisfies Assumption 2.1. Then there exists some universal
constant cg > 0 such that with probability at least 1 — 6,

the policy T output by Algorithm 2 satisfies

N - HYSC*5  H5SC**
W) -V ) < o\ + ).

(20)

As a consequence, Theorem 4.1 reveals that the LCB-Q-
Advantage algorithm is guaranteed to find an e-optimal
policy (i.e., Vi*(p) — Vi (p) < €) as long as the total sample
size T' exceeds

o

. H4 * H5 *
(rser arsery g,

g2 €

For sufficiently small accuracy level € (i.e., ¢ < 1/H), this
results in a sample complexity of

- 4 *
5 (H SC )’ 22)

2

thereby matching the minimax lower bound developed in
Xie et al. (2021b) up to logarithmic factor. Compared with
the minimax lower bound (£ ;S 4) in the online RL set-
ting (Domingues et al., 2021), this suggests that offline
RL can be fairly sample-efficient when the behavior policy
closely mimics the optimal policy in terms of the resulting
state-action occupancy distribution (a scenario where C* is

potentially much smaller than the size of the action space).

Comparison with offline model-based approaches. In
the same offline finite-horizon setting, the state-of-art model-
based approach called PEVI-Adv has been proposed by Xie
et al. (2021b), which also leverage the idea of reference-
advantage decomposition. In comparison with PEVI-Adv,
LCB-Q-Advantage not only enjoys the flexibility of model-
free approaches, but also achieves optimal sample complex-
ity for a broader range of target accuracy level e. More
precisely, the e-range for which the algorithm achieves sam-
ple optimality can be compared as follows:

e< (0,H™] vs. < (0,H?7], (23)
N————— N—————
(Our LCB-Q-Advantage) (PEVI-Adv)

offering an improvement by a factor of H15.

5. Discussions

Focusing on model-free paradigms, this paper has devel-
oped near-optimal sample complexities for some variants
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of pessimistic Q-learning algorithms — armed with lower
confidence bounds and variance reduction — for offline
RL. These sample complexity results, taken together with
the analysis framework developed herein, open up a few
exciting directions for future research. For example, the
pessimistic Q-learning algorithms can be deployed in con-
junction with their optimistic counterparts (e.g., Jin et al.
(2018); Li et al. (2021b); Zhang et al. (2020b)), when ad-
ditional online data can be acquired to fine-tune the policy
(Xie et al., 2021b). In addition, the e-range for LCB-Q-
Advantage to attain sample optimality remains somewhat
limited (i.e., € € (0,1/H])). Our concurrent work Li et al.
(2022) suggests that a new variant of pessimistic model-
based algorithm is sample-optimal for a broader range of ¢,
which in turn motivates further investigation into whether
model-free algorithms can accommodate a broader e-range
too without compromising sample efficiency. Moving be-
yond the tabular setting, it would be of great importance to
extend the algorithmic and theoretical framework to accom-
modate low-complexity function approximation (Nguyen-
Tang et al., 2021).
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Algorithm 4 LCB-Q for offline RL (a rewrite of Algorithm 1 to specify the dependency on k)

1: Parameters: some constant ¢, > 0, target success probability 1 — ¢ € (0,1), and ¢ = log ( S‘%T).

2: Initialize: Q} (s, a) < 0; N}(s,a) < Oforall (s,a,h) € S x A x [H]; V;}(s) + Oforall (s,h) € S x [H + 1]; !
s.t. m}(s) = 1forall (s,h) € S x [H].

3: for Episode k = 1 to K do

4:  Sample the k-th trajectory {sF,a¥, r*}_| from D,,. // sampling from batch dataset
5. forSteph=1to H do
6: for (s,a) € S x Ado
7: /I carry over the estimates and policy
k+1 k+1 k+1 k+1
8 Ny (s, a) = Njj(s,a); Q" (s,0) = Qf(s,a): Vi (s) = Vii(s): my T () = ().
9: end for
10: N,]f+1(s§, af) < NF(s¥,ak) + 1. // update the counter
11: n < N}If"'l(sﬁ, aﬁ); Np g—i_}l // update the learning rate
12: by, < cp # // update the bonus term
13: /I update the Q-estimates with LCB
14: h+ (wa a;j) «— QZ(SZa GZ) + Un{rh(5§7ai) + V}f+1<5ﬁ+l) - QZ(SZa GZ) - bn}'
15: /I update the value estimates
k+1 k+1
16: Vi (sh) « 11130({Vh’"(5§‘i)7 max, Q)" (sﬁ,a)}.
17: // update the policy
18: If VL (sF) = max, Q¥ (sF, a): update 71 (sF) = arg max, Q¥ (s, a).
19:  end for
20: end for
A. Analysis

In this section, we outline the main steps needed to establish the main results in Theorem 3.1 and Theorem 4.1. Before
proceeding, let us first recall the following rescaled learning rates

CH+1
- H+4+n

n (24)
for the n-th visit of a given state-action pair at a given time step h, which are adopted in both LCB-Q and LCB-Q-Advantage.
For notational convenience, we further introduce two sequences of related quantities defined for any integers NV > 0 and
n>1:
N .
Mo [limpyr (L —m:), ifN >n,

N .

N MY, (1—m)=0, ifN>0, N !

= and = s fN =n, 25

o L, it N =0, T = ifN =n (25)

0, if N < n.
The following identity can be easily verified:

N

D =1, 6)

n=0

A.1. Analysis of LCB-Q

To begin with, we intend to derive a recursive formula concerning the update rule of QF — the estimate of the Q-function
at step h at the beginning of the k-th episode. Note that we have omitted the dependency of all quantities on the episode
index k in Algorithm 1. For notational convenience and clearness, we rewrite Algorithm 1 as Algorithm 4 by specifying the
dependency on the episode index k and shall often use the following set of short-hand notation when it is clear from context.

e N[ (s,a), or the shorthand N} the number of episodes that has visited (s, a) at step h before the beginning of the k-th
episode.
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e k}'(s,a), or the shorthand k£™: the index of the episode in which the state-action pair (s, a) is visited at step & for the
n-th times. We also adopt the convention that k° = 0.

° P,’f € {0, 1}1*5: a row vector corresponding to the empirical transition at step h of the k-th episode, namely,

Pi(s)=1(s=s;,,) forallseS. (27)

o 7F = {7} with 7f(s) = arg max, Q% (s,a),V(h,s) € [H] x S: the deterministic greedy policy at the beginning
of the k-th episode.

e 7: the final output T of Algorithms 1 corresponds to 75 +1

7% in our analysis, which does not affect our result at all.

defined above; for notational simplicity, we shall treat 7 as

Consider any state-action pair (s, a). According to the update rule in line 14 of Algorithm 4, we can express (with the
assistance of the above notation)

. Nk Nk Nk NE
Qh(s,a) = Q" (s,a) = (1= myg) Q™" (5.0) + mvg {rnls,0) + Vi (s535) — b |- (28)

where the first identity holds since k" i denotes the latest episode prior to k that visits (s, a) at step h, and the learning

rate is defined in (24). Note that it always holds that k& > kv i Applying the above relation (28) recursively and using the
notation (25) lead to

NF .
Qh(s,0) = 1" Qh(s,0) + 3 (ruls,0) + VL (s50) — b)) 29)

n=1
As another important fact, the value estimate Vh’C is monotonically non-decreasing in k, i.e.,
VItL(s) > ViF(s)  forall (s,k,h) € S x [K] x [H], (30)

which is an immediate consequence of the update rule in line 16 of Algorithm 4. Crucially, we observe that the iterate th
forms a “pessimistic view” of V;" " _andin turn V7 — resulting from suitable design of the penalty term. This observation
is formally stated in the following lemma, with the proof postponed to Section C.1.

Lemma A.1. Consider any ¢ € (0,1), and suppose that ¢, > 0 is some sufficiently large constant. Then with probability at
least 1 — 0,

Nf(s,a) NE(s . . Nf(s,a) NE(s
> (P = BV < 30 a0, &)
n=1 n=1
holds simultaneously for all (k,h, s,a) € [K] x [H] x S x A, and
ViE(s) S VT (s) < Vi) (32)

holds simultaneously for all (k,h,s) € [K] x [H] x S.

In a nutshell, the result (32) in Lemma A.1 reveals that V}* is a pointwise lower bound on Vh”k and V}*, thereby forming
a pessimistic estimate of the optimal value function. In addition, the property (31) in Lemma A.1 essentially tells us that
the weighted sum of the penalty terms dominates the weighted sum of the uncertainty terms, which plays a crucial role
in ensuring the aforementioned pessimism property. As we shall see momentarily, Lemma A.1 forms the basis of the
subsequent proof.

We are now ready to embark on the analysis for LCB-Q, which is divided into multiple steps as follows.
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Step 1: decomposing estimation errors.

With the aid of Lemma A.1, we can develop an upper bound on the performance
difference of interest in (20) as follows

Vi)~ Vi) = E [Vi(s)] — E [V (s1)]

91NP S1~p
1 1 K
< = Z(]E (Vi(s1)] - E [Vl(sl)])
Dy \s1~p s1~vp
1 K
= d - V), (33)
k=1seS

where (i) results from Lemma A.1 (i.e., VfTK (s) > V& (s) for all s € S), (ii) follows from the monotonicity property in
(30), and the last equality holds since d’f* (s) = p(s) (cf. (4)).

We then attempt to bound the quantity on the right-hand side of (33). Given that 7* is assumed to be a deterministic policy,
we have d (s) = df (s, 7*(s)). Taking this together with the relations V}*(s) > max, Q¥ (s,a) > QF (s, 77 (s)) (see
line 16 of Algorithm 4) and V' (s) = Q7. (s, 7% (s)), we obtain

K K
DD dn () (Vir(s) = Vii(9) = D2 diy (smi(s)) (Vi (s) = Vil (s))

k=1seS k=1s€eS

K
A ACNCACEAC) ERACEAC))

k=1seS

Y Y ) Qi) - @l G4

k=1 (s,a)eSxA

for any h € [H], where the last identity holds since 7* is deterministic and hence
a7 (s,a) =0 for any a # 77 (s). (35)

In view of (34), we need to properly control Q7 (s, a) — Q¥ (s, a). By virtue of (26), we can rewrite Q7 (s, a) as follows

NF NF
Qh(s,a) = Znnthsa)—no"tha +Z77nth3a)

Nh
= v Qt (s,a +Znnh 1(8,0) + PhsaViii1) s (36)

n=1

where the second line follows from Bellman’s optimality equation (10). Combining (29) and (36) leads to

Qi (s,a) — Qj(s,a)

Nh
NF * n n
=T " (Qh(57a) Qh 5, a’ +Znn (Ph savh+1 V}f+1(5§+1)+bn)
n=1
NF NP
NE n
=" (Qi(s,a) — Qu(s,a) +Z?7n*’b +Z77n Phsa(Vh+1 /) +Z77n (Prsa— P )V, G
n=1 n=1 n=1
Ny, Ny N’? N * k™
<y H+2Zn "o+ " Prsa (Vier = Vi) (38)

n=1
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where we have made use of the definition in (27) by recognizing Ph Vh = hkjl (5];:1) in (37), and the last inequality
follows from the fact Q7 (s,a) — Q} (s,a) = @Q;(s,a) — 0 < H and the bound (31) in Lemma A.1. Substituting the above
bound into (34), we arrive at

K K N (s,a)
SSSd ) (i) - VEE) <SS dn (ssaymg U H 42 Z S A (sa) S i,
k=1s€S k=1 (s,a)eSxA k=1 (s,a)eSxA n=1
= I]-L
K ) NE(sa) i
+ Z Z d;{ (Sa a’)Ph,s,a Z nfl\[h () (V’:+1 - V':_’;fs’a» : (39)
k=1 (s,a)eSx.A n=1

Step 2: establishing a crucial recursion. As it turns out, the last term on the right-hand side of (39) can be used to derive
a recursive relation that connects step h with step h + 1, as summarized in the next lemma.

Lemma A.2. With probability at least 1 — 6, the following recursion holds:

Nh(9 a)

K
Y Y & (s.0)Phsa Z gD (e Gy

k=1 (s,a)ES x.A

2H 2H
< ( ) Z ST Az (s) (Ve (s) = ViE () + 24y H2C*K log — +12HC" log . (40)

k=1s€eS

Lemma A.2 taken together with (39) implies that

Y s Vs < ( )szhﬂ ) (Vioa(s) = Vi (s))

k=1seS k=1s€eS
/ 2H 2H
+In+24 HQC*KlogT—i—HHC*logT. 41)
Invoking (41) recursively over the time steps h = H, H — 1,--- |1 with the terminal condition VI’} 1= Vi =0, we
reach
d7T V < dj, -V
Sy o) < s S S )
k=1seS k=1s€S
h—1
/ 2H 2H
< Z (1 + ) (Ih + 244/ H2C*K log 5 + 12HC™ log 5) , (42)
h=1

which captures the estimation error resulting from the use of pessimism principle.

Step 3: controlling the right-hand side of (42). The right-hand side of (42) can be bounded through the following
lemma, which will be proved in Appendix C.3.

Lemma A.3. Consider any ¢ € (0, 1). With probability at least 1 — §, we have

< 1\"* / 2H 2H e

h=1
where we recall that 1 = log (SAT).
Combining Lemma A.3 with (42) and (33) yields

Vi(p) — Vl > szﬂ Vlk(s))

k 1seS
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AN

Egﬁ;ﬁzzd’r — V()

k=1seS

< Ca H5SC*3 n chQSC*L _Ca H6SC*3 N ch‘r‘SC*L
=2V K 2 K 2V T 2 T
HS8SC*3
< e\ 44
<ec T (44)

for some sufficiently large constant ¢, > 0, where the last inequality is valid as long as 7" > SC™¢. This concludes the proof
of Theorem 3.1.

A.2. Analysis of LCB-Q-Advantage

We now turn to the analysis of LCB-Q-Advantage. Thus far, we have omitted the dependency of all quantities on the epoch
number m and the in-epoch episode number ¢ in Algorithms 2 and 3. While it allows for a more concise description of our
algorithm, it might hamper the clarity of our proofs. In the following, we introduce the notation k to denote the current
episode as follows:

m—1
k= Z Li +1, (45)

which corresponds to the ¢-th in-epoch episode in the m-th epoch; here, L,,, = 2™ stands for the total number of in-epoch
episodes in the m-th epoch. With this notation in place, we can rewrite Algorithm 2 as Algorithm 5 in order to make clear
the dependency on the episode index k, epoch number m, and in-epoch episode index ¢.

Before embarking on our main proof, we make two crucial observations which play important roles in our subsequent
analysis. First, similar to the property (30) for LCB-Q, the update rule (cf. lines 19-20 of Algorithm 5) ensures the monotonic
non-decreasing property of V},(s) such that for all k£ € [K],

VEt(s) > ViF(s),  forall (k,s,h) € [K] x S x [H]. (46)

Secondly, V,f forms a “pessimistic view” of V;*, which is formalized in the lemma below; the proof is deferred to
Appendix D.1.

Lemma A4. Let 6 € (0,1). Suppose that ¢y, > 0 is some sufficiently large constant. Then with probability at least 1 — 6,
the value estimates produced by Algorithm 2 satisfy

ViE(s) < Vi (s) < V*(s) (47)
forall (k,h,s) € [K]x[H+1] xS8.

With these two observations in place, we can proceed to present the analysis for LCB-Q-Advantage. To begin with, the
performance difference of interest can be controlled similar to (33) as follows:

Vi)~ Vi) = E [Vi(s)] — E [V (s1)]

s1~p S1~p

< [Vi(s)] = E [Vi*(s1)]

s1~p s1~p
@1i(EWmMEUumD
- K =1 s1~p s1~p
1 & X
=222 47 () (W (s) = VI'(s)) (48)
k=1s€eS

where (i) follows from Lemma A.4 (i.e., VfTK (s) > V£ (s) forall s € S), (ii) holds due to the monotonicity in (46) and the
last equality holds since d} " (s) = p(s) (cf. (4)). It then boils down to controlling the right-hand side of (48). Towards this
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Algorithm 5 LCB-Q-Advantage (a rewrite of Algorithm 2 that specifies dependency on k or (m, t).)
1: Parameters: number of epochs M, universal constant ¢;, > 0, target success probability 1 — ¢ € (0,1), and
L =log (SAT),
2: Initialize: Q} (s, a), ';LCB’l(s,a),@i(s,a),ﬁ}l(s,a) e (s, a), Njt(s,a) < Oforall (s,a,h) € S x A x [H];
Vi (s), Vi (s), Ve (s) < Oforall (s,h) € S x [H + 1];
1 (s, a), o1 (s, a), 1129 (s, @), 029 (s, a), Op (s, a), Bl (s, a) O forall (s,a,h) € S x A x [H].

3: for Epoch m = 1to M do
4: L., = 2™;// specify the number of episodes in the current epoch
5: ]v,(lm‘l)(s, a) = 0forall (h,s,a) € [H] x S x A.// reset the epoch-wise counter
6:  /* Inner-loop: update value-estimates V3 (s, a) and Q-estimates Qp (s, a)
7. for In-epoch Episode t=1to L,, do
8: Sethk + >." Y L; + t. // set the episode index
9: Sample the k-th trajectory {Sh, ah}hzl' // sampling from batch dataset
10: Compute ¥ s.t. 7¥(s) = argmax, Q% (s, a) for all (s,h) € S x [H]. // update the policy
11: for Step h = 1 to H do
12: for (s,a) € S x Ado
13: // carry over the estimates
14: N (s,a) + NF(s,a); Nk+1(s a) <— N (s, ) VL (s) « Vi (s);
15: LM (5,0) QR (s,0) QT (5,0) < Quls,a); QFT(5,0) + Qf(s,a);
16: TE(5) e Ti(s) P (s) e 70, (s, a) 4 7(5,0).
17: end for
18: N (s, ak) < Nf(sk ak) + 1;n < NFFPL(sk ak). // update the overall counter
19: Nn Hin ; // update the learning rate
20: /I update the Q-estimate with LCB
21: I;LCB’kH(s’fL, a’,?b) < update-lcb-q();
22: // update the Q-estimate with LCB and reference-advantage
23: @ZH(Sh,ah) + update-lcb-q-ra();
24 // update the Q-estimate ()5, and value estimate V},
25: b (shah) < max{ QR sk a). @4 (5%, ah). Qh (5% ah).
26: VI (sk) « max, QN (sF, a).
27: /1 update epoch-wise counter and 7z} (s, a) for the next epoch
28: NI (sk ak) « NEY™0 (s ak) + 1
29: e sk ak) « (11— m 7 (sn, an) + WVZ?—(tlk(sh—&-l)'
30: end for
31:  end for
32:  /* Update the reference (V5. V7, ) and Ty )
33: for(s,a,h) € S x Ax[H +1]do
34: VZ-H( ) V;eXt k+1( ); ﬁﬁ"'l(s a) ﬁZEXt k+1(s a). //set Vy, and fi, for the next epoch
35: VZEXt k+1( )+ Vk+1( ); ﬁ?th k+1(8 a) « 0. //set @)™ and V5" for the next epoch
36:  end for
37: end for

38: Output: the policy 7 = 7™ with K = an[:l L

end, it turns out that one can control a more general counterpart, i.e.,

Z D di (s) (Vir(s) = Vii(s)) (49)

k=1seS

for any h € [H|. This is accomplished via the following lemma, whose proof is postponed to Appendix D.2.
Lemma A.5. Let § € (0,1), and recall that v := log (%). Suppose that c,, cp, > 0 are some sufficiently large constants.
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Then with probability at least 1 — §, one has

sz” —Vii(s)) < Jh + i + I (50)

k=1seS

where

k
n(])vh (S’a)H +

e, H/4, dep H?e
(Ni(s.a)v1)** - Na(s,a) v

K
1 . / 2H
Jp = <1+ H) § § dp’ 1 (s) (Visp1(s) = ViFi(s)) + 48 H(J*KlogT + 28¢, H3C*V/ 512, (51)

As a direct consequence of Lemma A.5, one arrives at a recursive relationship between time steps h and i + 1 as follows:

ZZd’f — Vii(s))

k=1s€eS
2H
< ( ) Z > di 1 (s) (Vi (s) = Vi (5)) + 484/ HC* K log =+ 28¢, H3O™V S22 + Jh + J2.  (52)
k=1s€eS
Recursing over time steps h = H, H — 1,--- | 1 with the terminal condition Vf’} +1 = Vi1 = 0, we can upper bound the

performance difference at h = 1 as follows

K
sz” )= Vi(s)) < max > Y di (s) (Vi (s) = Vil (s))
k=1 sc€S €l ]k=1s€5
H 1 h—1 2H
< ;;1 (1 + H) (48\/HC’*Klog 5+ 28, H3C*VS2 + J}! + Jh> (53)

To finish up, it suffices to upper bound each term in (53) separately. We summarize their respective upper bounds as follows;
the proof is provided in Appendix D.3.

Lemma A.6. Fix § € (0,1), and recall that 1 == log (SAT) With probability at least 1 — §, we have

H h—1 .
> (1 + H) JE S H?T(SCH)1K 12 + H3SC* .3, (54a)
h=1

h—1
1
(1 + H> J? < | HYSC*13 max Z > dr(s VE(s)) + VH3SC*K 5 + H'SC*.4,  (54b)
1

el T s

H
h=

a 1\ / 2H / 2H

Z (1 + H> (48 HC*K log =+ 2scaH3C*\/§L2> <\ H3C*K log =+ HYC*VS.2. (54¢)
h=1

Substituting the above upper bounds into (48) and (53) and recalling that 7" = H K, we arrive at

Vi'(p) = Vl ) S = maxZZd’r — V(s ))

K helH] k=1s€eS



Pessimistic Q-Learning for Offline Reinforcement Learning: Towards Optimal Sample Complexity

g% ( H4SC*L3’HIE[%X ZZ(Z” Vk( )) ( HSSC*KLO+H4SC*L4—|—H2 75(50*)% 1 )
e T es
(i) 1
=5 [y SO max i ( — Vi (s)) + VH3SCKS + H'SC*1
k(e o s
5 %( H3SC*K (5 +H450n4)

_ H4SC*L5+H5SC*L4
=y T T

where (i) has made use of the AM-GM inequality:
. L 2 N2
2H2T(SCM) KT < (HO”(SC*)ZK%) n (HQ(SC*)f) — VH3SC*K + HiSC*,

and (i) holds by letting = = maxue(u Yopey Soees 45 (5) (Vi (s) — ViE(s)) and solving the inequality = <
VHASC* i3z +VH3SC*K (5 + H*SC*i*. This concludes the proof.

B. Technical lemmas
B.1. Preliminary facts

Our results rely heavily on proper choices of the learning rates. In what follows, we make note of several useful properties
concerning the learning rates, which have been established in (Jin et al., 2018; Li et al., 2021b).

Lemma B.1 (Lemma 1 in (Li et al., 2021b)). For any integer N > 0, the following properties hold:

N
1 N9 1
= < nﬂ% < Jorall S<a<l, (55a)
N 00
2H 2H N 1
<= = <14 —.
< z_: N’ Nz_: st (55)

In addition, we gather a few elementary properties about the Binomial distribution, which will be useful throughout the
proof. The lemma below is adapted from Xie et al. (2021b, Lemma A.1).

Lemma B.2. Suppose N ~ Binomial(n, p), where n > 1 and p € [0,1]. For any ¢ € (0, 1), we have

p__8log (5)

Nv1~ n (56)
and
np . 1
N> — > 81 - 57
> Bog (3) ifnp = 0g<5> (57a)
et ifnp >log (%), S7h
<gonr ) (57b)
2e log(g) zfnp§2log(5)

with probability at least 1 — 49.

Proof. To begin with, we directly invoke Xie et al. (2021b, Lemma A.1) which yields the results in (56) and (57a). Regarding
(57b), invoking the Chernoff bound (Vershynin, 2018, Theorem 2.3.1) with E[N] = np, when np > log (%), it satisfies

e“np
P(N > eznp) <e P ( an > <e "< 4.
e3np
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Similarly, when np < 2log (%), we have

2e2 log (L

P(N>2 210 1 > (2 —np enp g(&)
(& = & —
- &\5s - 2e?log (%)

" 2¢? log(3)
(2) o—np enp. 5 < 6_262 log(%) <4,
S Znp S S

where (i) results from Vershynin (2018, Theorem 2.3.1), and (ii) follows from the basic fact e?log (§) > 2log (§) > np.
Taking the union bound thus completes the proof. O

B.2. Freedman’s inequality and its consequences

Both the samples collected within each episode and the algorithms analyzed herein exhibit certain Markovian structure. As
a result, concentration inequalities tailored to martingales become particularly effective for our analysis. In this subsection,
we collect a few useful concentration results that will be applied multiple times in the current paper. These results might be
of independent interest.

To begin with, the following theorem provides a user-friendly version of Freedman’s inequality (Freedman, 1975); see Li
et al. (2021a, Section C) for more details.

Theorem B.3 (Freedman’s inequality). Consider a filtration Fy C F1 C Fo C - - -, and let By, stand for the expectation
conditioned on Fy. Suppose that Y, = >, _, Xy € R, where { X} is a real-valued scalar sequence obeying
| Xk <R and Er_1 [Xk} =0 forallk > 1
for some quantity R < oc. We also define .
W= Ex 1 [X7].
k=1

In addition, suppose that W,, < ? holds deterministically for some given quantity % < co. Then for any positive integer
m > 1, with probability at least 1 — § one has

2y om 2
1Y,| < \/8maX{Wn,;m}l 0g = + = 2 Rlog Tm (58)

We shall also record some immediate consequence of Freedman’s inequality tailored to our problem. Recall that N} (s, a)
denotes the number of times that (s, a) has been visited at step h before the beginning of the i-th episode, and k™ (s, a)
stands for the index of the episode in which (s, a) is visited for the n-th time. The following concentration bound has been
established in Li et al. (2021b, Lemma 7).

LemmaBd4. Let {Wj e R9 |1 <i<K,1<h<H+1}and{u}(s,a,N)ER|1<i<K1<h<H+1}bea
collections of vectors and scalars, respectively, and suppose that they obey the following properties:

o W} is fully determined by the samples collected up to the end of the (h — 1)-th step of the i-th episode;
b HW}’;”OO < Cy;

e u!(s,a, N) is fully determined by the samples collected up to the end of the (h — 1)-th step of the i-th episode, and a
given positive integer N € [K|;

e 0<uj(s,a,N)<Cy
. 0<2Nh (s,a) kh(sa)(S,Q,N)SQ.

In addition, consider the following sequence

Xi(s,a,h,N) :==uj,(s,a,N) (P} = Pps.a) Wiy 1{(s},,a}) = (s,a) }, 1<i<K, (59)
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with P} defined in (27). Consider any § € (0,1). Then with probability at least 1 — 6,

> Xi(s,a,h,N)

i=1

N}’f(s,a)
<4/ Cy log? %T S O (s a0, N)Varg oo (W) + (cucw T ,/?\;‘cw> log? S‘%T (60)

n=1

) ’

holds simultaneously for all (k,h,s,a, N) € [K] x [H] x § x A x [K].

Next, we make note of an immediate consequence of Lemma B.4 as follows.

Lemma B.5. Let {WZ ERY|1<i<K,1<h<H-+ 1} be a collection of vectors satisfying the following properties:

o W} is fully determined by the samples collected up to the end of the (h — 1)-th step of the i-th episode;
o [Willeo < Cy.

For any positive N > H, we consider the following sequence
Xi(s,a,h,N) := nﬁ;(s,a) (P} = Prsa) Wi 1{(s},,a}) = (s,a)}, 1<i<K, 61)

with P} defined in (27). Consider any 6 € (0,1). With probability at least 1 — §,

H SAT
<4 ]Z(02 2240
S/ NCW log 5 (62)

holds simultaneously for all (k,h,s,a, N) € [K] x [H] x § x A x [K].

k

> Xi(s,a,h,N)

i=1

Proof. Taking uj,(s,a, N) =¥, (s,a)> ONE Can see from (55b) in Lemma B.1 that
h\%
; 2H
¢ N < — = C,.
|uh (87 a )} — N

Recognizing the trivial bound Vary, s , (W,]ﬁ(ls’a)) < O2, we can invoke Lemma B.4 to obtain that, with probability at least

1—9,
k Nf(s,a)
u AT
S Xis, a0, N)| £ 1/C log? mCE+ ((Jucw + \/fvcw> tog? 5L
i=1 n=1
H HC. SAT HC? SAT
< = 2 . w 2 < W 2
S Nlog 5 Cw + N log 5 S N log 5

holds simultaneously for all (k, h, s,a, N) € [K] x [H] x § x A x [K], where the last line applies (55b) in Lemma B.1
once again. O

Finally, we introduce another lemma by invoking Freedman’s inequality in Theorem B.3.

Lemma B.6. Let {W}(s,a) € R® | (s,a) € S x A, 1 <k < K,1 < h < H+ 1} be a collection of vectors satisfying
the following properties:

° W,’f(s, a) is fully determined by the given state-action pair (s,a) and the samples collected up to the end of the
(k — 1)-th episode;

o [Wk(s,a)|leo < Cy.
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For any positive Cq > 0, we consider the following sequences

dre(sk,ay -

Xp1 = Cq MPM WaWELGshyap) = > Ay (s,a)PasaWii(s,a)|,  1<k<K, (63)
d (sh’ah) (s,a)eSxA

_ dw* S ,Clk T

X =Cq d“((hh))Ph Wia(shap) = > dpr(s,a)PrsaWhii(s,a)|,  1<k<K. (64)
| “h sk, aj; (s,a)ESX A

Consider any § € (0,1). Then with probability at least 1 — 6,

us us o 2H 2H
D Xnk| <[ D 8CICT D dit(5,0) [PhaaWhy(5,0)] log = +2CqC*Culog = (65)
k=1 (s,a)eSx.A
K K

- 2H 2H
S X < D800 Y dp(s,a)Phsa [WEL(5,0)] log =5 T20aC"Cy log = (66)
k=1 (s,a)eSxA

hold simultaneously for all h € [H].

Proof. We intend to apply Freedman’s inequality (cf. Theorem B.3) to control Zszl Xp.5. Considering any given time
step h, it is easily verified that

Ep—1[Xn k] =0, Ep—1[Xni =0,

where E;_; denotes the expectation conditioned on everything happening up to the end of the (k — 1)-th episode. To
continue, we observe that

dy’ (s, a5) ; "
< Cy4 T 1) [[Whyi(s,a)|| . <2CaC*Cly, (67)
d ( h7 h)
dﬂ'* k
(M + 1> Wk (s,0)|| . < 2CaC*C, (68)
d ( h7 h)
where we use the assumptions ((S 1) < 0 for all (h,s,a) € [H] xS x A (cf. Assumption 2.1) and ||W,f+1(sﬁ,a,}§)||oo <

Cy.

Recall that A(S x A) is the probability simplex over the set S x A of all state-action pairs, and we denote by d) € A(S x A)
the state-action visitation distribution induced by the behavior policy y at time step h € [H]. With this in hand, we obtain

2
K

K -
dﬂ'* Sk,ak -
ZEk—lHXh,kF] < Z CiEx_y dﬂ((hh))Ph o ak Wi (sy,af) — Z dy*(s,a)Phs.a Wi 1 (s, a)
k=1 k=1 Spo Ap (s,a)ESxA

K 2
d™+ (Sk ak)
2 h h>“h k k _k
< E CdE(s’f”a’fL)NdZ |: d“(sk CLk) Ph,sﬁ,afwh+l(sh7 a’h)
P n\Sp, @y

K
dr*(s,a) .
= ch Z de((S a)) dy’ (8’ a) [Ph,s,an’erl(sa a)]2
k= ’

1 (s,a)ESx.A h

K
<Saer Y d(s,a) [PrsaWiha(s.)] (69)
k=1 (s,a)eSxA
K 2
<y ci > Crdp(s,a) WL (saap) |
k=1 (s,a)eSxA

< C2C*C2K, (70)
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h * (s, a)

where (i) follows from =2 < C* (see Assumption 2.1) and the assumption ||[WWF, . (s a¥ < Cy.
dl (s, p Y h+1\"h>*h/ || 0

Similarly, we can derive

K K
_ dy* (s, a -

E Epo—1[|Xnx[?] < E C3Ep—1 Mph Wh+1(3h,ah) E dh*(&a)Ph,s,aWifﬂ(&G)

= 1 d ( Sp @ h) (s,a)ESxA

2

K
2
<D CEE(gp atyma
k=1

7 (s,a) . 2
= E 3 E mdh*(s’a)EP{%Ph,m [PEWS 1 (s,a)]
k=1 (s,a)ESX.A ’

EP;’;’NP k ok

h,sy,ap

[d“*(sma%)
dj,(sh, ay)

Ph W}L+1 (Sha ah):|

=

N K

(S)chc* S A (s.a)Eprep, ., [PEWE(5.0)) (71)
k=1 (s,a)eSx.A
K 2

=>CiC* > dpr(s,0)Phsa [Wh(s,0)] (72)
k=1 (s,a)eESxA
K

<Yk Y R (s0) [Wika(sa)| L, < CROTC2K, (73)

k=1 (s,a)eSxA

h (sa)

where (i) follows from d(s,0)

< C* (see Assumption 2.1) and the assumption ||W,f+1(s’}§, a’,‘i)”oo < Cy.

Plugging in the results in (67) and (69) (resps. (68) and (72)) to control Zle | Xn k| (resps. Zle ’thk ,
Theorem B.3 with m = [log, K| and take the union bound over h € [H| to show that with probability at least 1 — J,

K
CC*C2 K 2H
< |8max ZC’%C’* Z dp*(s,a) [PhsaWhH(s a)f,inmw logT

K
E Xhk
k=1

k=1 (s,a)eSx.A
2H
+ C’dC’*C log — 5
- 2H . 2H
< ZSC§C* S (s,a) [PasaWiy(s,0)) log == + 6C4C*Cy log =
(s,a)ESx A
and
K K 9
- - 2 CiC*C2ZK 2H
ZXW“ < |8max ZCgC* Z dp*(s,a)Phsa (W1 (s,0)] adT logT
k=1 k=1 (5,0)ESxA
2H
+ CdC*C 10g7
- 2H 2H
< ZSCgO* Z dh (87a)Ph,s,a [W]{ijl(S,CL)] 1Og7 + 6CdC*C logT

(s,a)eSxA

holds simultaneously for all € [H]. O
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C. Proof of main lemmas for LCB-Q (Theorem 3.1)
C.1. Proof of Lemma A.1

C.1.1. PROOF OF INEQUALITY (31)

To begin with, we shall control ZNh ) k(o) (Pasa — P ) VE %) by invoking Lemma B.5. Let

W}é+1 = fo+1»
which satisfies
||W}€+1||oo < H = Cy.

Applying Lemma B.5 with N = NJ (s, a) reveals that, with probability at least 1 — &,

H3.2

< -
= N}’f(s,a)

Njy (s, k
Z (s,a) (Ph oo — Pk”(s a))v}icjis,a) _ ZXi(Sa a, h, N;f(s, a)) (74a)
— i=1

holds simultaneously for all (s, a, k,h) € S x A x [K] x [H], provided that the constant ¢}, > 0 is large enough and that
NE(s,a) > 0. If NJ¥(s,a) = 0, then we have the trivial bound

Nileo) NE(s,a) k"™ (s,a) k™ (s,a)
Z M (Phsa_P )Vh+17

n=1

= 0. (74b)

Additionally, from the definition b,, = ¢}, H3.2 , we observe that

S Vi) NGy {cb\/%,gcb %} if NF(s,a) > 0
SN Ry, — g, if N (s,a) = 0

n=1

(75)

holds simultaneously for all s,a,h,k € S x A x [H| x [K], which follows directly from the property (55a) in Lemma B.1.

Combining the above bounds (74) and (75), we arrive at the advertised result

N (s,a) Nh(s a)
Z T]Nh(s ,a) (P _Pk (s, a)) }i:és ,a) Z n
n=1

C.1.2. PROOF OF INEQUALITY (32)

Note that the second inequality of (32) holds straightforwardly as
Vir(s) < V7*(s)
holds for any policy 7. As a consequence, it suffices to establish the first inequality of (32), namely,

VE(s) <V (s)  forall (s, h, k) € S x [H] x [K]. (76)

Before proceeding, let us introduce the following auxiliary index

ko(h,k,s) = max {l .1 < kand Vi (s) = max Q', (s, a)} a7
forany (h, k,s) € [H] x [K] x &, which denotes the index of the latest episode — before the end of the (k — 1)-th episode
— in which V},(s) has been updated. In what follows, we shall often abbreviate k, (h, k, s) as k,(h) whenever it is clear from

the context.
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Towards establishing the relation (76), we proceed by means of an inductive argument. In what follows, we shall first justify
the desired inequality for the base case when h + 1 = H + 1 for all episodes k € [K], and then use induction to complete
the argument for other cases. More specifically, consider any step & € [H| in any episode k € [K], and suppose that the first
inequality of (32) is satisfied for all previous episodes as well as all steps h’ > h + 1 in the current episode, namely,

VE (s) < Vhﬁk/ (s) forall (k',h',s) € [k —1] x [H+1] x S, (782)
VE(s) < Vi (s)  forall W/ >h+1landseS. (78b)

We intend to justify that the following is valid
ViF(s) < V,Zrk (s) foralls € S, (79)

assuming that the induction hypothesis (78) holds.

Step 1: base case. Let us begin with the base case when h + 1 = H + 1 for all episodes k € [K]. Recognizing the fact
that V5, = V., = 0forany 7 and any k € [K], we directly arrive at

VE () < Vg (s)  forall (k,s) € [K]xS. (80)

Step 2: induction. To justify (79) under the induction hypothesis (78), we decompose the difference term to obtain
Vi (s) = Vit (s) = Vi (s) — max { max Q} (s, 0), Vi ' (5)}
= Q7 (s,7h(s)) — max { max Qf (s,a), V" (s)}, (81)
where the last line holds since V4, (s) has not been updated during episodes k,(h), ko(h) + 1,--- ,k — 1 (in view of the

definition of &, (h) in (77)). We shall prove that the right-hand side of (81) is non-negative by discussing the following two
cases separately.

e Consider the case where V}*(s) = max, Q% (s, a). Before continuing, it is easily observed from the update rule in
line 16 and line 16 of Algorithm 1 that: V}(s) and 7, (s) are updated hand-in-hand for every h. Thus, it implies that

7 (s) = argmax QF (s, a), when V;¥(s) = max Q% (s, a) (82)

holds for all (k, h) € [K] x [H]. As aresult, we express the term of interest as follows:
k k k
Vir (8) = Vi (s) = Q (s,mh(s)) — maxQf(s,0) = QF (s, 7h(s)) — Qfi (5,74 (s))- (83)

To continue  we turn to controlling a more general term Q}{k (s,a) — Q% (s,a) forall (s,a) € S x A. Invoking the fact
7]0 —|— Zn 1Mn Ny = 1 (see (25) and (26)) leads to

Ni
k Nk k Nk k
QF (s,0) =1p"QF (s,a)+ > " QF (s, a).
n=1

This relation combined with (29) allows us to express the difference between Q’,{k and QF as follows
ok k Ny 7k Ny 7k k™ kT
Q' (5,0) = Qh(s,0) = " (@7 (s,0) = Qh(s,a)) + Z i QR (s, ) = m(s,0) = Vi1 (sK) + b

it (@ (5,) = Qhs,@)) + D [PsaVirts = Vi1 (s570) + b
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Nk
(ii) h Nk k n n
2 Z " [Ph,s,aV;ZLl — Vi (shy1) + bn]
n=1
( ) N’I:“ b Nh
iii d k n n n
DSt Pusa (Vi — VL) + Z e [(Ph,s,a — P ) Vi + b
n=1
(i) g
> Z i [(Phys,a — P VL b (84)

Here, (i) invokes the Bellman equation ng (s,a) =rp(s,a)+ Ph7s,aV,f+k1; (ii) holds since sz (s,a) > 0=Q}(s,a);
(ii1) relies on the notaion (27); and (iv) comes from the fact

wk k k™
Vier 2 Vil 2 Vi,

owing to the induction hypothesis in (78) as well as the monotonicity of Vj_; in (30). Consequently, it follows from
(84) that

. Nh(Sa) NE(s.0) . k Nh(sa N
Qf (s,0) = Qh(s,a) > Y ™" (Phsa_Ph (S’a)) Vi + Z D
n=1
Ny (s,a Ny (s,a)

Z Nh(sa

Z T]Nh(s ,a) (Ph oo — Pk: (s, a)) Vh+1(s ,a) >0 (85)

for all state-action pair (s, a), where the last inequality holds due to the bound (31) in Lemma A.1. Plugging the above
result into (83) directly establishes that

Vi () = Vil(s) = QF (s.7(5)) = Qf (s, 7%(s)) 2 0. (86)

When V¥ (s) = V,**(") (), it indicates that
V,f"(h)(s) = mngz"(h)(s,a), 7TZ o(h) (s) = argmaXQk o(h) (s,a), (87)
which follows from the definition of k&, (%) in (77) and the corresponding fact in (82). We also make note of the fact that

wf(s) = mpeM(s), (88)

which holds since V},(s) (and hence 7, (s)) has not been updated during episodes ko (h), ko(h) + 1, -+, k — 1 (in view
of the definition (77)). Combining the above two results, we can show that

Vi (s) = Vil (s) = QF (5,75 (9)) = V™ () = QF (s, 7k (9)) — max Q"™ (s,0)

= OF (5.7} (9) = Q" s, )
>0, (89)

where the final line can be verified using exactly the same argument as in the previous case to show (84) and then (86).
Here, we omit the proof of this step for brevity.

To conclude, substituting the relations (86) and (89) in the above two cases back into (81), we arrive at

Vi (s) — ViE(s) > 0

as desired in (79). This immediately completes the induction argument.
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C.2. Proof of Lemma A.2

Observing that Lemma A.2 would follow immediately if we could establish the following relation:

K Ny (s,a)
g N’f s,a * k™ (s,a
ho= E E dy (s,a)Phsq E T)n’( )(Vh+1 _Vh+1( )>
k=1 (s,a)eSx.A n=1
=tAp
K H H
k
< E (1 + ) E A7 (5) (Vi (s) = Vil (s)) +164) H2C* K log 5t 8HC” log 5 (90)

seS

=:Bp i
the remainder of the proof is thus dedicated to proving (90).

To continue, let us first consider two auxiliary sequences {Yh,7 k }kK:1 and {Z}, , k}szl which are the empirical estimation of
Ay, and By, i, respectively. For any time step & in episode k, Y}, ;, and Z}, j, are defined as follows

k k
dr’ sk ak ) NE(sF ok * sfa
Yo = 752( L h)Ph sk ak Z 77nh( wtn) (Vh+1 Vh+£ " h)),
(k> ap) n=1
L dTr (S}NO’Z) k
Zpj = <1 + H) mph skat (Vi = Vi) -

To begin with, let us establish the relationship between {V}, x }<_ | and {Zj ;. }< ;-

Nh (sﬁ,aﬁ)

K

dﬂ- (Svak) NF(sk,af) E™ (s ,af)
ZY}LJG Z d#(Shh h) P, . ok ab Z P TR (Vh—i-l Vh+1 h n)
ke )

n=1
o) dﬂ' (Smalh) h i N l
= Z mph,sﬁl,a; Yo any ¢ (Vi = Vi) O
=1 h he=h N:N}L(Sl’l’ail)

dr” (sk, ak) X
< (1 + H) Z Whh)Ph stab (Vir = Vid) = > Zn 92)

ShoyOh k=

nek k

Here, (i) holds by replacing k"(s,’i, a’,i) with [ and gathering all terms that involve V}*, | — th’_s_fg"’ah); in the last line, we

K
have invoked the property Z%’;f}s’a) nh < S N_nnh =1+ 1/H (see (55b)) together with the fact V5, ; — V)i, | >0
(see Lemma A.1), and have further replaced [ with k.

With this relation in hand, to verify (90), we further decompose A, into several terms

K K K o\ K K
®
A= Anp = Y+ Y (Ang —Yii) < Z Zng+ Y (Ang = Yar)
k=1 k=1 k=1 k=1

K K K
= Buk+ > (Znk—Bug)+ Y (Ank — Yir) (93)
k=1 k=1 k=1

where (i) follows from (92).

As a result, it remains to control Zszl (Zhx — Bp) and Zszl (Ap i — Ya i) separately in the following.

Step 1: controlling Zszl (Ap.x — Ynr). We shall first control this term by means of Lemma B.6. Specifically, consider

NF(s,a) .
WhaGs,a)= 30w (Vi Vi) Co=1 ©4)

n=1
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which satisfies

Nh(sa N
Wha@ ol < X O (Vi + |y

) <2H = C,. (95)

Here we use the fact that 7, i + Zn 1 nn =1 (see (25) and (26)). Then, applying Lemma B.6 with (94), we have with
probability at least 1 — 4, the following inequality holds true

K

> ox

k=1

K
. H . H
g < 28030* Z d7" (s,a) [Prs,aWE, (s,a )]2log 5 +2C4C*Cy, logg

K
Z (Ank — Yir)
k=1 (s,a)eSxA

—~
INZ
=

H H
8C* Z HVVh+1 (s a)||io logg + 4HC™ log 5
/ H
<8 HQC*Klog 5 + 4HC™ log — 5 (96)
where (i) holds by ||Ph’57aH1 =1.

Step 2: controlling Zszl (Zni — Bn,i). Similarly, we shall control Zszl (Zn1. — Bh.) by invoking Lemma B.6.
Recalling that

Zng — Bpi = (1 + H> mph sk ak (Vi = Viky) — < > Zdh—H (Virea(s) = Vi (), 97)
ses
consider
Wff+1(s,a) = Vi — V}f—s—p Cq = (1 + I;) <2 (98)
which satisfies
Wika(sa)ll o < [Viialloe + [Viiall o < 2H = Gy (99)

Again, in view of Lemma B.6, we have with probability at least 1 — §,

- 2 * 2. H Y H
> 8CICr Y df(s,0) [PusaWihiy(s,)] log = +2CaC*Cylog —
(s,a)eSx A

K
> (Buw — Zni)
k=1

K
H . H
320 I; Wik (s, )| 2, log = +8HC™ log =

< 16\/H20*Klog% +8HC™ log%, (100)

where (i) holds by || Py s.a |, = 1.

INE

Step 3: putting together. Substitution results in (96) and (100) back into (93) completes the proof of Lemma A.2 by

K K K K
H H
A <Y By ‘E Z, . — B ‘ ’§ App—Y ‘<§ By + 24\ H2C* K log = + 12HC* log — .
h_k:1 bk + k:1( hk hk) |+ k:1( hk hok) =2 hk + 0g 5 + 0g 5
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C.3. Proof of Lemma A.3

Recall that the term of interest in (42) is given by

H 1 h—1 2 h—1
> (1+ H) (24,/H20*Klog5 +12HC" log == ) +Z <1+ ) I (101)

h=1 h=1
First, it is easily seen that

1\" 1! 1\?
<1+H> <<1+H> <e foreveryh=1,--- H, (102)

which taken collectively with the expression of the first term in (101) yields

H 1\ 1 Vi - u
h; (1 * H) (24 H2C* K log = + 12HC" log 5) < 2462; <W+ HC* o )
H'C*K log — e = (103)

As a result, it remains to control the second term in (101). Plugging the expression of I}, (cf. (39)) and invoking the fact
(102) give

H 1\ k1 H I\l K NE(s.0)
Z(l—i—H) Ih:Z(HH) Z Z A" (s,a)my ">V H

h=1 h=1 k=1 (s,a)eSxA

H 1 h—1 K . NF(s,a) N
h=1 k=1 (s,a)eSx.A n=1
H K H Nh(s'a)
<ed > > dsam “‘”HHZZ S ) e,
h=1k=1(s,a)€5xA h=1k=1(s,a)eSx.A n=1
=A B

(104)

Step 1: controlling the quantities A and B in (104). We first develop an upper bound on the quantity A in (104).
Recognizing the fact that )’ = 0 for any N > 0 (see (25)), we have

Y'Y Y wanten

h=1k=1 (s,a)eSx.A

H K
_eHZ Z dhsakZ]lNhsa <1)
=1

h=1 (s,a)eSxA

H K
§eHZ Z 7" (s,a )d” +eHZ Z 7" (s, a) Z 1(Nf(s,a) < 1)

h=1 (s,a)€ESx.A =1(s,a)eSxA k=]

d“(b a)]
K
— k *
eHZZdh (s,7* d“(sw +eHZZdh (s, 7" Z L(Ny (s, m*(s)) < 1),
h=1s€S h=1s€S k [m1
where the last equality holds since 7* is a deterministic policy (so that df (s,a) # 0 only when a = 7*(s)). Recalling

dh (s,a)

i) < C* under Assumption 2.1, we can further bound A by

K

H
A< 8eH*SC*1L+eH Z Z ar (5,7%(s)) Z L(NF(s,m*(s)) < 1)

h=1seS k= (m]
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= 8eH2SC*1, (105)
where the last inequality follows since when k& > %, one has — with probability at least 1 — § — that
h ’
kd!
NE(s,0) 2 H2 )
L

holds simultaneously for all (s, a, h, k) € S x A x [K] x [H] (as implied by (57a)).

Turning to the quantity B in (104), one can deduce that

H K Ni(sa)
B =2e Z Z dy (s,a) Z nﬁh’(s’a)bn
h=1k=1(s,a)eSxA n=1

H K . 75,2 H K . . 75,2
SLE D e T SRR GO g 0w

h=1k=1 (s,a)eSxA

where the inequality follows from inequality (75), and the last equality is valid since 7* is a deterministic policy. To further

control the right hand side above, Lemma B.2 provides an upper bound for \/ 1/(NF(s,7*(s)) V1) which in turn leads to

H
1
B <VH3S dy (s, m(s) -
;k:2 2 Aeese)
H K 1
< HSC*L3ZZ dr* (s, 7 (s)) %
h=1k=1seS
< H5C*KL3H1&XZ\/dg*(s,ﬂ'*(S))
SES
<VHSC*K.3 - (fs > oy (s,w*(s))) = VHSSC*K 3, (107)
seES
dp (s,0)

where the second inequality follows from the fact

d(s.) < C* under Assumption 2.1, and the last line invokes the
B (s,

Cauchy-Schwarz inequality.

Taking the upper bounds on both A and B collectively establishes

H h—1
1
> (1 + H) Iy <A+ B < H?SC*u+ VHYSC*K 3. (108)

h=1
Step 2: putting everything together. Combining (103) and (108) allows us to establish that

u 1\ / 2H 2H
Z (1 + H) (Ih + 164/ H2C*K log =+ 8HC* log 5) < H2SC* + VHSSC*K 3,

h=1

as advertised.

D. Proof of lemmas for LCB-Q-Advantage (Theorem 4.1)

Additional notation for LCB-Q-Advantage. Let us also introduce, and remind the reader of, several notation of interest
in Algorithm 5 as follows.

e NF(s,a) (resp. N,gm’t) (s, a)) denotes the value of Ny, (s, a) — the number of episodes that has visited (s, a) at step h
at the beginning of the k-th episode (resp. the beginning of t-th episode of the m-th epoch); for the sake of conciseness,

we shall often abbreviate N} = NJ(s, a) (resp. N}(lm’t) = N}(Lm’t) (s, a)) when it is clear from context.
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e L,, = 2™: the total number of in-epoch episodes in the m-th epoch.

e k}'(s,a): the index of the episode in which (s, a) is visited for the n-th time at time step h; (m} (s, a), t}(s,a)) denote
respectively the index of the epoch and that of the in-epoch episode in which (s, a) is visited for the n-th time at
step h; for the sake of conciseness, we shall often use the shorthand k" = k7 (s, a), (m", k™) = (m}(s,a), kj (s, a))
whenever it is clear from context.

e QF(s,a), QI,;CB’k(s,a), @:(s,a) and V}(s) are used to denote Qy,(s,a), Q-“B(s,a), @, (s,a), and V}(s) at the
beginning of the k-th episode, respectively.

—next,k —next

. V:( ), Vi N (s), 1k (s, @), ¥ (s, a) denote the values of Vi (s), V),
ning of the k-th episode, respectively.

(s), 11, (s,a) and 1h* (s, a) at the begin-

e N ,(Lm’t) (s, a) represents Ny, (s, a) at the beginning of the t-th in-epoch episode in the m-th epoch.

o NTP°™ (s, q) denotes N, f(Lm’L’"H) (s,a), representing the number of visits to (s, a) in the entire duration of the m-th
epoch.

—k —k —k — - L
[u;ff k, ref.k uzdv k. szv’k, 81, By, by: the values of [u5ef, otef, p2dv g2dv 5, "By by] at the beginning of the k-th
episode, respectlvely.

In addition, for a fixed vector V € RIS!, let us define a variance parameter with respect to P, s , as follows

Var, so(V)i= E [(V(s’) —Ph,s,avﬂ =Phs.a(V?) = (PrsaV)> (109)

§'~Pp s.a

This notation will be useful in the subsequent proof. We remind the reader that there exists a one-to-one mapping between
the index of the episode & and the index pair (m,t) (i.e., the epoch m and in-epoch episode ?), as specified in (45). In the
following, for any episode k, we recall the expressions of V11 and fr;, (which is the running mean of V1 1).

e Recalling the update rule of V', and V;Lm in line 34 and line 35 of Algorithm 5, we observe that both the reference
values for the current epoch V', and for the next epoch V;eXt remain unchanged within each epoch. Additionally, for
any epoch m, V, takes the value of V?LeXt in the previous (m — 1)-th epoch; namely, for any episode k& happening in
the m-th epoch, we have

—next,k’

A v (110)
for all episode &’ within the (m — 1)-th epoch.
e 71} serves as the estimate of Ph,s,aV: 1 constructed by the samples in the previous (m — 1)-th epoch (collected by

updating ,u”eXt) Recall the update rule of fi, in line 34 and line 29 of Algorithm 5: for any (s,a,h) € S x A x [H],
we can write 7i} as

— —(m,1 _next,(m,1 _next,(m—1,L,,_
,uﬁ(S,CL)Z ( )(s a):uh t,( )(S,a)zuhet( 1)(8 a)
N(m 1) ——next. k' ; N(‘m. 1) )
B N(m LY 4 Vh+1 (55,-5-1) B Z —N(mLD Vh+1(82+1> a1
szom 1(7 )\/1 szom 1(7 )\/1 ’

where the last equality follows from (110) using the fact that the indices of episodes in which (s, a) is visited within
the (m — 1)-th epoch are {i : i = N,(Lm_l’l) +1, N,gm_l’l) +2,-- 7N,gm’l)}.

adv,k™ ( k k)

adv, k™1, k.
Finally, according to the update rules of i, sy, ay (s

and o, b aﬁ) in lines 11-12 of Algorithm 3, we have

dv,k" Tt kK dv,k"+1, k Kk dv,k™ k& [ 7Rk
lf; Y (sp,ap) = HZ Y (hyap) = (1 — ﬁn)Mz Y (8hyap) + 77n(Vh+1(5h+1) Vh+1(5h+1)>
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n

dv, k™1 . dv, k™ dv, k™ : k" : 2
‘72\/ (sﬁ,aﬁ) a v +1(5h7alﬁ) (1=, )UZV (Sﬁ’a£)+nn(v}f:1(8£:-1) Vh+1(5£+1)) .

k
Applying this relation recursively and invoking the definitions of 77,];[ " in (25) give

Nh Nh
adv,kNn NF dv,kNh NE AN/
e =S B (VL - V), o R =S P (VL - V)t a1
n=1 n=1

Similarly, according to the update rules of u;ff K (s a) and o,rlef K (s, a) in lines 9-10 of Algorithm 3, we obtain

f et f k™1 1 k" —next, k" n
) = ) = (1 ) (s 4 ST o),

£+ f,E™ 1 k" —next, k" 2
T ) =0 sa) = (1 1) o s+ (VI )

Simple recursion leads to

Nk NF
k h & h
ref kNn +1 n—next,k" ref, k™Nh +1 n ,—next,k" 2
Fon 5,0 Nk PRV o s,a Nk S PE(VE) (113)
h p=1 h n=1

D.1. Proof of Lemma A .4

Akin to the proof of Lemma A.1, the second inequality of (47) holds trivially since
Vir(s) < Vie(s)
holds for any policy 7. Thus, it suffices to focus on justifying the first inequality of (47), namely,
VE(s) < VT (s) Yk h,s) € [K] x [H] xS, (114)
which we shall prove by induction.
Step 1: introducing the induction hypothesis. For notational simplicity, let us define
ko(h, k, s) = max {l ‘1< kand Vii(s) = max max { I,‘lCB’l(s, a)?@lh(s7 a)}} (115)

for any (h,k,s) € [H] x [K] x S. Here, k,(h, k, s) denotes the index of the latest episode — right at the end of the
(k — 1)-th episode — in which V},(s) has been updated, which shall be abbreviated as k,(h) whenever it is clear from
context.

In what follows, we shall first justify the advertised inequality for the base case where h = H + 1 for all episodes k € [K],
followed by an induction argument. Regarding the induction part, let us consider any k € [K] and any h € [H], and suppose
that

VE (s) < Vi (s)  forall (K h',s) € [k —1] x [H+1] xS, (116a)
VE(s) <V (s)  forallk/ >h+1landseS. (116b)

We intend to justify
VE(s) <V (s)  VseS, (117)

assuming that the induction hypotheses (116) hold.
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N
Step 2: controlhng the conﬁdent bound Zn 1 777];] h bh . Before proceeding, we first introduce an auxiliary result on
k
bounding Zn 17 bh Wthh plays a crucial role. For any (s, a), it is easily seen that
Ny (s,a)
s k™ (s,a
Ni(sa)=0 = S gaieep et (118)
n=1

When N, ,’f (s,a) > 0, expanding the definitions of BZH—H (cf. line 6 of Algorithm 3) and 5:“ (cf. line 15 of Algorithm 3)
leads to

Nk

h
NF-k™+1
> by
n=1
Nh N;? 1 h
—k" 1 =g 1
= Znn H (1—m)- ((1_)Bh (s,a) + —B,, i (s,a ) +Cbz 77 H7/4L+Cbz
n=1 i=n—+1 Tn Tn
Nh Nh kg1 Nh Nh 77Nk Nh, N’“
:Z H (1—mn;)B,, (s,a)—H(l—m)Bh (s,a) —|—cbz H7/4L+Cbz
n=1 1=n-+1 i=n
() Nflf N;f kel Nf]: N}]zc, " Nh Nh nNh
:Z H (1 —m)By, (s,a)—ZH(l—m) (s,a) —|—cbz 3/4H7/4L+Cbz H%
n=1i=n+1 n=21i=n n=1
( ) Nh Nh —k" N;f/*l N)’i k41 Nh N" Nh nN’c
Z H (1-n;)B (s,a) — Z H (1=n:)B), " (s,a)+ e 3/4H7/4L+Cbz ™ 2,
n=1i=n-+1 n=1 i=n+1 n=1 =
VR NF o NE Ng Nk
=B, (s,a) —i—cbz:77 H7/4L+Cbz (119)
n=1

g1
where we abuse the notation to let HZ —;j+1(1 —m) = 1. Here, (i) holds since B" (s,a) = 0, (ii) follows from the

+1
fact that B" (s, a) =B~ (s,a), since (s,a) has not been visited at step h during the episodes between the indices

k
N
Nh h

k™ + 1 and k"*! — 1. Combining the above result in (119) with the properties W < Yool Bm < g Nk)g - and

k
1 Ny nn 2 :
NF <3 < NF (see Lemma B.1), we arrive at

k

N
— kN 41 H™/4, H?%, M ONEokT 41 —kNE 1 /4, H?%,
B, (s,a) + b7 tob— < M b, < By (s,a) + 2ch——=7 + 20— (120)
VRPN S 2 (NP N

as long as Nf(s,a) > 0.

Step 3: base case. Let us look at the base case with h = H+1 forany k € [K]. Recalling the facts that Vi, = V., =0
for any 7 and any k € [K], we reach

V() < VAL (s)  forall (k,s) € [K] x S. (121

Step 4: induction arguments. We now turn to the induction arguments. Suppose that (116) holds for a pair (k, h) €
[K] x [H]. Everything comes down to justifying (117) for time step % in the episode k.

First, we recall the update rule of V},(s) in lines 25-26 of Algorithm 5:

ViE(s) = max Q}(s,0) = Qf (s, wh(s)) = max { Q" (s,75()) . @, (s, 7k () . Qh ™" (5, 7h(9)) } -

Then we shall verify (117) in three different cases.
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When Vi (s) = Q,I;CB’k (s,7(s)), the term of interest can be controlled by

Vi (s) = ViE(s) 2L QF" (5,78 (s)) — Q5B (5,7 (s)) > 0,

ﬂ_k

where (i) holds since 7" is set to be the greedy policy such that Vh”k (s) = QF (s,7(s)), and the last inequality
follows directly from the analysis for LCB-Q (see (85)).

When V¥ (s) = @Z (s,7(s)), we obtain

k

Vi (s) = VE(s) = Q" (s,75(5)) — @y, (5,75 (s)) - (122)

To prove the term on the right-hand side of (122) is non-negative, we proceed by developing a more general lower

bound on sz (s,a) — @: (s,a) forevery (s,a) € S x A. Towards this, recalling the definition of N} and k", we can
express

—ENE 41

Qu(s,a) =Qp " (s,0).

Thus, according to the update rule (cf. line 7 in Algorithm 3), we arrive at

kh+1
(s,a)

Qy(s,0) = Q,

—k Nk —kNE Nk Nk kA 41
— (=)@ (s.0) + g {0 + v ) - T 4 o -5,

k k
Applying this relation recursively and invoking the definitions of 77(1)\{ " and név " in (25) give
—k Nk—=1 i NE k" k" +1
Qu(s,a) =my " Qp(s,a) + > ma" {rh(sv a) + Vi1 (sh41) = Viga(shon) + 70, (s,a) =y, } (123)
n=1
Additionally, for any policy ¥, the basic relation 170 + Zn 1 nn = 1 (see (26) and (25)) gives

Q7' (s,a) = )" QF (s, a) +ZnN’l (5,0). (124)
Combing (123) and (124) leads to

Q7 (s,a) — Qn(s,a) = " (QF (s,0) — Qp(s,0))
N}]f k k _.m n .M
+ Z " {QZ (s,a) = rn(s,a) = Vi (shga) + V:+1(5£J}1) — 7 (s,0) + bi +1}~ (125)
n=1

Plugging in the construction of 7z, in (111) and invoking the Bellman equation

k k
Qh (s,a) =7rh(s,a) + PrsaVi1, (126)

we arrive at

k n n —Kk™ n —k"+1
Qf (s,a) = r(s,a) = Vi (shin) + Vi (shin) =7 (s,a) +by,

N(‘m. 1) K
El NI Vh+1(5h+1) gl

NEPem (s q) v 1 "

k —k" AL k™ k™
= PrsaVirr + Vie1She1) = Vi (She1) —
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N}(l'm.n’,l) Pki
" K (kT k" e =N T ) e Sk
= Phs,aViie1 — Vipa (Sh41) + (Ph - Ph,s,a) Vi1 T | Prsa = Z=epommm 1 Vi1 0y
NP (s,a) V1
- —k"+1 n
= Phsa (Vh+1 Vh+1) +o, &,
where .
N;n ,1 i
6" = (P = Prsa) (Vs = Vi) + | P oo B ) i (127)
= " — LThsa - + h,s,a = "= poorra
h h h+1 h+1 Nepom Tsa)v1 ht1-
Inserting the above result into (125) leads to the following decomposition
k N}i k
ok —k Nk ok —1 Nk - —k"+1 n
Q7 (1) - Qo) = (@1 () = Qb)) + o P (VL - VL) 48 a2w)
n=1
- ko—k" 41 n
> Znﬁh Bn +E), (129)

which holds by virtue of the following facts:

(i) The initialization @i(s, a) = 0 and the non-negativity of Q7 (s, ) for any policy 7 and (s,a) € S x Alead to
k —1 k
QZ (Sva) - Qh(sva) = QZ (Sva) 2 0.
(ii) For any episode k™ appearing before k, making use of the induction hypothesis Vh’fl(s) > ViF. 1 (s) in (116b)
and the monotonicity of V},(s) in (46), we obtain

k n n
Virea(8) = iy (s) = ViFi(s) = ViF(4 (s) > 0. (130)

The following lemma ensures that the right-hand side of (129) is non-negative. We postpone the proof of Lemma D.1
to Appendix D.4 to streamline our discussion.

Lemma D.1. For any § € (0, 1), there exists some sufficiently large constant ¢, > 0, such that with probability at
least 1 — 0,

Nh
NE

hgh

N}]f k n
<> e, L ke K (131)
n=1

Taking this lemma together with the inequalities (122) and (129) yields

k

h
ok ok NFTk™+1 NL
Vir () = Vi'(s) = QF (s,a) — Qh(s a) > " by, ! >0
n=1
e Next, consider the case where V}¥(s) = Q! (5,7 (s)). In view of the definition of k,(h) in (115), one has

ViE(s) = Q5" (s.mh () = @™ (s, 7mh(s) = max { QM) (s,mh () . Q1" (s, 7h(9) }

since @y, (s 7rh (s)) has not been updated during the episode k,(h) and remains unchanged in the episodes k,(h) +
1,ko(h) + ,k — 1. With this equality in hand, the term of interest in (117) can be controlled by

vg*(s) V() = QF (s 7 () = max { Q5™ (5,7 (5) . @3 (s,mh () | > 0,

where the last inequality follows from the facts

Q5 (5,7 () — QP W (s, 7k (s)) = 0,
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Eo(R)

o ke, (i)
Qf (s,m1(s) = Q)" (s, mh(5)) = 0.
Here, (i) follows from the same analysis framework for showing (84) and (86); (ii) holds due to the following fact

NEo(®)

ok ,,(h) N 7k"+1 n
Qh (87a)_Qh Z nn gh )_ s

n=1

which is obtained directly by adapting (129) and then invoking (131) for k = k,(h); since the analysis follows verbatim,
we omit their proofs here.

Combining the above three cases verifies the induction hypothesis in (117), provided that (116) is satisfied.

Step 5: putting everything together. Combining the base case in Step 3 and induction arguments in Step 4, we can
readily verify the induction hypothesis in Step 1, which in turn establishes Lemma A.4.

D.2. Proof of Lemma A.5

For every h € [H]|, we can decompose

—
=

K
ZZd“ ) (Vi (s — V(s S szh s, mr(s (Qz (s, 77 (s)) —@Z(S”}TZ(S)))
k=1seS k=1sEeS
K
=Y > di(sa) (Qi(&a)—@:(s,a)), (132)
k=1s,aeSxA

where (i) follows from the fact V;*(s) = max, Q¥ (s, a) > max, @:(s, a) > @:(s, 77 (s)) (see lines 25-26 in Algorithm 5).
Here, the last equality is due to (35).

Step 1: bounding Q7 (s, a) — @:(s, a). The basic relation 7, i + Zn 17n N1 (see (26) and (25)) gives

N
* NF A« N A%
Qh(s,a) =no " Qh(s,a) + > 1n " Qi (s, ), (133)
n=1

which combined with (123) leads to

Qi) i) = " (@i (0.0) ~ Qi (o,0)
+ Z Qo0 - o) VLG + VL) - e 8 ] s
Invoking the Bellman optimality equation
Qh(s,a) = rp(s,a) + PhsaViy1s (135)
we can decompose Q7 (s, a) — @: (s, a) similar to (128) by inserting (127) as follows:

Q405,00 @) = (@10) - Bhtn ) + 3ol P (Vs = VL) 0 )

n=1
NE

h
k™41 n N} n
Qo +§ :n (o ) > P (Vi - Vi)

n=1
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k
(i) +1
< néVhH—F Z'flnhph s,a (Vh+1 ‘/h+1) +22 thh

n=1 n=1

(111)
(136)

H7/4 H?2
NhHJrZ"" Phs“(VhH Vh+1)+2<B (s,a) + 2cp ' ' >

+ 2¢
(NEv)PE T TNV

where (i) follows from the initialization Q,ll(s, a) = 0 and the trivial upper bound Q7 (s, a) < H for any policy 7, (ii) holds
owing to the fact (see (131))

NE . Nf . NE
N k" 41 n NE=E™+1 N n NE=k™+1
Zn R D S A D S D ST (137)
n=1 n=1
. —kVh 41 —k
and (iii) comes from (120) with the fact B}, (s,a) = By(s,a).

Step 2: decomposing the error in (132). Plugging (136) into (132) and rearranging terms yield

sz” ~ Vif(s)) (138)

k=1seS

K 7/4 )
< a5 (s,a) [y B 4 9B (5, ) 4 Lol
m " N 3/4 7 NF(s,a) V1
k=1 (s,a)eSxA ( h(87a) \ 1) h A

K Nf(s,a)
T* NF(s,a k™ (s,a
—|—E g dy (s,a)Ph s g nh )(V}Z‘_H VhA ))
k=1 (s,a)eSxA n=1

—1—22 Z d”*(s,a)ﬁﬁ(s,a)

K
. sa 4o, H™/4 4ey H?
3 ¥ dus,a[@ffwm WH M | _doHh
k=1 (s,a)eSxA

3/4 k
)ESX.A (N}’LC(S,CL)\/l) N (S a Vl

=:J} =:J?

Nh (S (1)

K
APIEDIRLACTLIADYD i (Ve = Vi) (139)

k=1 (s,a)ESx.A

Step 3: controlling the last term in (139). If we could verify the following result

K Nh(s a) v ) "
Z Z d;{ (5,a)Phs.a Z " K (s.a (VI:Jrl B Vh_H(s,a))
k=1 (s,a)eSxA —
* k 2H 3 )
Zdh+1 Vh+1(8) — Vh+1(s)) + 48 HC*KlogT © 98 HICH/E.2, 140)

seS

=:J2

then combining this result with inequality (139) would immediately establish Lemma A.5. As a result, it suffices to verify
the inequality (140), which shall be accomplished as follows.

Proof of inequality (140). We first make the observation that the left-hand side of inequality (140) is the same as what
Lemma A.2 shows. Therefore, we shall establish this inequality following the same framework as in Appendix C.2. To
begin with, let us recall several definitions in Appendix C.2:

K N (s,a)
* k s,a " s,a
A=Y S @ (s,a)Phea > mt )(Vh*+1 — v >),
k=1 (s,a)eSxA n=1

=:An .k
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Bhk = ( ) Zdh+1 ) (Viria(s) = Vidia(s)

seS
Nz(glwah)
dp* (Skvak) ' NF(sk,a¥ E™(sF ak
Yie = ?{lbi(skh akh) P, . okt Z Nn i (shoan (Vh+1 Vh—&-i h h)) ’
h\Zh>*h n=1
1\ (sh,ab) .
Zny = (1 + H> th,sz,a,ﬁ (Vs = Vi), (141)

and we also remind the reader of the relation in (93) as follows

K K K
An <Y Buk+ > (Znk = Bur) + Y (Ank — Vi) . (142)

k=1 k=1 k=1
Equipped with these relations, we aim to control Zszl (Zn,x — Bhi) and Zszl (Ap k — Yy ) respectively as follows.

e We first bound 25:1 (A, — Yh. ), which is similar to (96) (as controlled by Lemma B.6). Repeating the argument
and tightening the bound from the second line of (96), we have for all (h, s,a) € [H] x S x A, with probability at

least 1 — ¢,
K K
- 2 2H . 2H
Z (Ah,k: — Yh,k) < Z 8030* Z dh (S, a) [Ph s aWh+1( )] log T + 2C4C*Cy log T
k=1 (s,a)eSxA
oH & MY 2 2H
Tk Ny (s,a) k™ (s,a)

() 2H 2H
< \/80* log 5 (36 HK + 3c2HSSC*1) + 4HC™ log 5

/ 2H
< 324/ HC*K log =+ 12¢, H3C*V/S.2. (143)

Here, (i) holds by virtue of the following fact

2
Nhsa

K
Y d(s.a) Z g, (v,j+1 - V,fjfs’“)) < 36HK +3¢2HSSC™, (144)
k=1 (s,a)eSxA

whose proof is postponed to Appendix D.2.1.

e Next, we turn to 22{21 (Zh.,;, — Bh,i). which can be bounded similar to (100) (as controlled via Lemma B.6). Repeating
the argument and tightening the bound from the second line of (100) yield

al K 2H o
(Bhk = Zna)| < (| D_8C3C* >~ dp(s,a) [PrsaWF, i (s,a a)]” log = +2CaC*Clog =
k=1 (s,a)eSx.A
2H & 5 2H
<8,|Clog = S > dy(s,a) [Pasa (Vi — ViFg)]” +8HC* log = (145)

k=1 (s,a)eSxA

To further control (145), we have

K () K
Z Z dy* (s,0) [Phsa (Vi — th+1 ’ < Z Z dpy* (5,0) Phys,a (Vs — th+1)2

k=1 (s,a)eSxA k=1 (s,a)eSxA
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(i) K

< H Z Z dz* (Sa a/)Ph,S7a (V}:(Jrl - th;kl)
k=1 (s,a)eSxA
(iii)

< 2HK + c2H®SC* .. (146)

Here, (i) holds due to the non-negativity of the variance

N —k 2
Varns.a(Vigr = Vi) = Phosa(Vis — th+1)2 — (Prs,a(Vigr — Vifﬂ)) =05 (147)

(ii) follows from the basic property HV};* 1 — th 1 ||Oo < H; to see why (iii) holds, we refer the reader to (154), which
will be proven in Appendix D.2.1 as well. Inserting (146) back into (145) yields

Z (Bhk — Zn,k)
b=

8\/0* log ? (2KH + ¢2HSSC*.) + 8HC™ log %

<164/ HC*K log ? + 16c, H3C*V/Su. (148)

Substituting the inequalities (143) and (148) into (142), and using the definitions in (141), we arrive at

K N,’f(s,a) ® )
* Nl' s, * k™ (s,
=3 Y a3 a0 (Vi - v
k=1 (s,a)ESxA n=1

K K
( )Zdh-H (Virea(s) = ViE(9)) + > (Znk — Buw) + D (An — Ya)
k=1 k=1

seS
* k 2H 3 vk 2
Zdh+1 (Vi (s) = ik (s)) + 324/ HC* K log - +126.H°C VSu
2H g
416 Hc*KlogT + 16c, H3C*V/'Su

SES
* k H 3 1k
Zdh+1 (Vi1 (s) = ViFa(s)) + 48 HC*Klog == + 8¢, HC VSi2, (149)

sES
which directly verifies (140) and completes the proof.

D.2.1. PROOF OF INEQUALITY (144)

Step 1: rewriting the term of interest. We first invoke Jensen’s inequality to obtain

k

N . M . M )
(Z " Ph.s,a (Vh*ﬂ - Vh+1) ) < " (Ph,s,a (Vh*ﬂ - Vh+1) ) < Z " Phs,a (Vh*Jrl - Vh+1) J
n=1 n=1 n=1

k k
where the first inequality follows from ijﬁl 77712[ h =1 (see (26) and (25)), and the last inequality holds by the non-negativity
of the variance Vary, s o[Vy,; — V¥, |]. This allows one to derive

Nh(s a) N | ?
Z Z dﬂ*(s,a) Z Nn F(s.a P, sa (Vh+1 Vh+1)
1(s,a)eSx.A n=1
K Nlli k 2
<> dp(s,a)Phsa Z " (Vthl Vh+1)
k=1 (s,a)eSx.A n=1

M) 2H 2H
< <1 + >ZZdh+1 (Via(s) = ViEL1(5))° + 324/ HAC* K log ~— + 32H2C* log —~-, (150)
k=1 seS Y 0

where (i) can be verified in a way similar to the proof of Lemma A.2 in Appendix C.2. We omit the details for conciseness.
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Step 2: controlling the first term in (150). Let us introduce the following short-hand notation
Estop == c2HPSC*,

and decompose the term in (150) as follows

K ) K

S ()Y (Vi) = Vi () £ H ZZth (Vira () = Vit ()

sES =1 k=1seS

= szthrl Vh+1( s) — V}fﬂ(s)) Z Zthrl Vh+1( s) — fo+1(5))- (151)
k=1s€eS k=ksop+1 s€S

Here, (i) holds since 0 < Vj*,, (s) — V¥, (s) < H. The first term in (151) satisfies

stop

HY S di (s)(Vitpa(s) = Viba(s)) < H <ca,/HSSanstop+caH250*L> < EH®SC*., (152)

k=1s€eS

where the first inequality holds by applying the results of LCB-Q in (44) with K = k. The second term in (151) can be
controlled as follows:

H Z Zdh+1 ) (Vi (s) = Vifﬂ < HKZth (Vh+1( ) — thjfolp(s))

k=kstop+1 s€ES s€ES

kstop

<H ! szh-i-l Vh+1() fo-ﬁ-l(s))

stop k=1s€eS

5 * 2 *
< HK [ e, HSCL+CaHSCL
kstop kstop

) <2HK, (153)

where the first and the second inequalities hold by the monotonicity property Vh > Vh ", 1 introduced in (46), and the final
inequality follows from applying (44).

Inserting the results in (152) and (153) into (151) yields

K

Zdh-H Vf;—&-l( s) — Vh+1 S szdh+l Vif+1(5) - th+1(5)) <2HK + c;H°SC*.  (154)
sES k=1 k=1s€S

Step 3: combining the above results. Inserting the above result (154) back into (150), we reach:

2
Nh(s a)

Z Z dm (s7a) Z 77Nh(s a Pasa (V}:Jrl B Vh:1)

=1(s,a)eSxA

2H 2H
k 2
= ( ) Z Zdhﬂ (Vi — Vh+1) + 32/ H*C* K log 5 T32H C*log -
k=1seS
® 2H 2H
<4HK +2c¢2H%SC*1 + 324/ HAC* K log 5 T 32H2C* log 5

(i) ,
< 36HK + i%ciH(‘SC’*L7 (155)
where (i) holds due to (154) and 1 + % < 2, and (ii) results from the Cauchy-Schwarz inequality.

D.3. Proof of Lemma A.6

We shall verify the three inequalities in (54) separately.
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D.3.1. PROOF OF INEQUALITY (54a)

We start by rewriting the term of interest using the expression of J}! in (51) as

H 1 h—1
> (1 + H) J}

h=1
H h—1 K
1 . ks a de, HT/4 depH?
-3 (1+g) ¥ & (5.0 [névh( o Sl _delh
h=1 k=1 (s,a)ESx A (N[(s,a) V1) n(s,a)V
H h—1 K h—1 K
1 Nf (s,a 1 * 4CbH7/4L
(1) X T wead e (1) Y et
h=1 < H k=1 (s,a)€Sx A H k=1 (s,a)€Sx A (Nji(s,a) v 1)/
=J} =77
H h—1 K
1 x 4ep, H%
+> <1+> > dr (s,a)————. (156)
h=1 H k=1 (s,a)eSxA Nh (S’ a) vl
=73
Invoking (105) and (102) yields
Tt < H?SC* . (157)
In terms of 72, one has
H h—1 K
1 x 4, H™'4,
=Y (1vg) XX dea gttt
h=1 H k=1 (s,0)€Sx.A (Nf(s,a) V1)3
L s,a
~ " (kdy(s,))

—HT2EEY S L T 1 (a=mi(s)) (4 (s,)) "

h=1k=1 (s,a)eSx.A

where (i) holds due to (102) and NF (S Vi <z df(bs o) from Lemma B.2, and (ii) follows from the definition of C* in
B (s,

Assumption 2.1. A direct apphcatlon of Holder’s inequality leads to

0K 3/4 1/4

*\ 2 * o
Ji < H*2(C) 42217% Z L(a =7 (s)) Z dp, (s,a)
h=1k=1 (s,a)eSx.A (s,a)eESX.A
H K
3 3 1
< g (SC*)1 ZZ 3 S H*(SC)1K 1.2, (158)

,;:.

h=1k
where (iii) follows since 7* is assumed to be a deterministic policy.

Similarly, we can derive an upper bound on 77 as follows:

A I\t &E dep,H?
3 _ *
\71 Z(1+H) Z Z dh (Sva)N’]f(S,a)\/].

h=1 k=1 (s,a)eSxA
< i i G (5:0) < pragems (159)
~ kd}(s,a) ~ ’
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where (i) follows from the result in (102) and the fact

( VT <z d“ (S ) (cf. Lemma B.2), and the last relation results
from the definition of C* (cf. Assumption 2.1) and the assumptlon that 7* is a deterministic policy.

Putting the preceding results (157), (158) and (159) together, we conclude that
H

h—1
> (1 + é) Jh S HYT(SCIK S + HPSCP. (160)
h=1

D.3.2. PROOF OF INEQUALITY (54b)
Making use of the definition of Ei(& a) (cf. (14)) in the expression of J,% (cf. (51)), we obtain

H 1 h—1 H 1 h—1 K . .
Z(l—i—H) Jp=2Y" 1+H) > > di(s,a)By(s,a)

h=1 h=1 ( k=1 (s,a)eSxA

H h—1 K adv,k adv,k 2
=23 1+é> eVHL > dp (s,a)) on " (5,a) = (1" (s,0))

h=1 (5,0)ESx A k=1 Nij(s,a) V1
H h—1 K ref k ref k 2
1 o (s,a) — (uy " (s, a))

2 1+ — dar ( h
hz—:1< H> v saze;SXA " ; Ny(s,a) V1
H K adv k- (Madv k(S a))Q

<H 7T h )

LZ Z N,k (s,a) V1

=1 (s,a)eSx.A k=1 i

EM» S

re re 2
Ohfk(57a) (uhfk(57a)) (161)
NF(s,a) V1 ’

H
VY > dy(s.a)

h=1(s,a)ESx.A

=72
where the last inequality follows from (102). In the following, we shall look at the two terms in (161) separately.

Nk
Step 1: controlling 7). Recalling the expressions of 0°%"* (s, a) = o2®* " T1(

s,a) in (112), we observe that the main
part of 73 in (161) satisfies

CE e e - (4 s w) x o
Z Z Z(s,a)z h (h >S\ﬁz Z Z dg*(s,a)dh( )0 (s, a)

m
h=1(s,a)ESx A k=1 Nj(s,a) v 1 h=1(s,a)ESx A k=1 kd),(s,a)

__n 2
Y Y S RACTPYE O (Vi = V)

h=1 (s,a)eSx A k=1 kdj (s, )

(i) A K N;L(Sa s,a k" 2
<VeRy o > %]1( T (s)) - df" (s, a) Z A Pk“(v}fjl—vfbﬁ)

h=1(s,a)eSxAk=1

k
(i) < s A —— S 1
< VC* Z Z dr’ (s,a) Z Pk (V,ﬁﬁr1 Vh+1) Z Z 1(a= 71';(5))%
k=1h=1 (s,a)eSx A n=1 k=1h=1 (s,a)eSx.A
K H Ni(sa) e N2
SVHSC2 |33 > dpsa) Y omt R (Vi - V) (162)

k=1h=1 (s,a)ESx.A n=1
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= 1 < }LSL
Nf(s,a)vl — kd} (s,a)
Assumption 2.1 and (35), and (ii) follows from the Cauchy-Schwarz inequality. To continue, we claim the following bound

holds, which will be proven in Appendix D.3.4:

where the first inequality is due to the fact from Lemma B.2, (i) follows from the definition of C* in

K H Ny (s,a) N (o) N2
Z Z Z dy (s,a) Z " Py (Vh+1 - Vh+1)
k=1h=1 (s, a)ESXA n=1
< H? max a5 ( -V + K + HVSC*/2. (163)
SRR H)

Combining the above inequality with (162), we arrive at

T+ <VH?2SC*3, | H? max ZZd’T —VE(s)) + K + H3VSC:2
hE[H]k 1seS
< \| HASC*13 max Z > dr( — Vi(s)) + VH2SC* K3 + H*SSC*(>P. (164)
helH ]k 1s€eS
k
Step 2: controlling 2. Recalling the expressions of /" (s,a) = u;ff’thH(&a) and o (s,a) =
k
o F 415 4) in (113) to J2 in (161), we can deduce that
Gy Y iJﬁW“>OfW>Y
=V i (s,a) 2
h=1 (s,a)€ESx.A k=1 Ny (s,a) V1
N[ (s,a) next, k™ n 2 s nex n
1 - K 1 S (Vh+1 (s Z+1)) ZN (s.0) V,Htlk (sF 1)\ 2
S\ﬁz Z h (s,a)z NF(s,a) V1 NF(s,a) V1 _< Nf(s,a) V1 )
h=1(s,a)eSx A k=1 hA™ h A h A"

Zthk
(165)

We further decompose and bound F}, , as follows:

. Nk(s,a) « n 2 NE(s,a) =5next,k™ n
Fy (<1) Donti (Vh+1( 2+1)) B (Eni1 Vit (5§+1))2
T NFE(s,a) V1 NF(s,a) V1
NE(s,a) " n 2 X(s,a) n NF(s,a) n NF(s,a) s7next,k™ n
_ Zn’:1 (Vh+1( Z+1)) _ (Zn 1 Vh+1(52+1))2 (Zn 1 Vh+1(5’}§+1)>2 _ (Zn 1 Vh+1 (51}2+1
Nf(s,a) V1 NE(s,a) V1 Ni(s,a) V1 NF(s,a) V1
k(s,a n k(s,a n N ( a) kn —next, k™ n
(i<i) ZQIQ )(Vh*Jrl(SﬁJrl))2 B (Zgﬂ )Vh*H(SfLH)) donly " 2H (Vh+1(5h+1) Vit (S;CLH))
- NFE(s,a) V1 NF(s,a) V1 NFE(s,a) V1 ’
Gh,k =:Lnk
(166)
where (i) follows from the fact that for some &’ € [K], V;efl - V}fil < Vi, (see the update rule of V"% in line 35
and the fact in (47)), and (ii) holds due to the fact that
s,a s,a nex n NFE(s,a) n —next, k" n
(Zgi( )Vh+1(52+1))2 B (ZNh( )Vh+t1k (32+1)>2 < 2HZ”21 (V;f+1(sﬁ+1) Vit (SI;L“))
NF(s,a) V1 NF(s,a) V1 - NF(s,a) V1 ’

))2
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Inserting (166) back into (165), we arrive at

T3 <\/Z Z d’r saz Nksa (Gh,k“V‘Lh’}c)

h=1 (s,a)eSx.A
5 NG (\/H3SC*KL4 + H*SC*)? + VH3SC*K 12 + H2'5SC*L3) < VH3SC*K 5 + H*SC* /4, (167)

where (i) follows from the following facts

Z > dp(s.a) Z Nk S VHRSCHK S + HESCHE, (168)
Ni(s a)
h= 1(9a)€$><A
K
Z dy’ (s,a Z NE(a) viomk S SVH3SCrK? + H*PSC*P. (169)
h=1(s,a)eSx.A

We postpone the proofs of (168) and (169) to Appendix D.3.5 and Appendix D.3.6, respectively.

Putting the bounds together. Substitute (164) and (167) back into (161) to yield

H h—1 K
1 * * * 3.5 * 2.5
; (1 + H> JE < | HASC* 3 max SN dr(s) (Vir(s) = ViE(s)) + VH2SCrK 3 + H*2SC*/?
=1 k=1s€eS
+ VH3SC*K 15 + H*SC**
< | H4SC*13 max Z > dr( VE(s)) + VH3SC*K 5 + H*SC*u*.
he(H] k=1 seS

D.3.3. PROOF OF INEQUALITY (54c)
Invoking inequality (102) directly leads to

u 1\"* 2H / 2H
> <1 + H> (48 HC*Klog = + 280aH3C*\/§L2> <\ H3C*K log =+ H*C*V'S.2
h

as claimed.

D.3.4. PROOF OF INEQUALITY (163)

We shall control the term in (163) in a way similar to the proof of Lemma A.2 in Appendix C.2.

Step 1: decomposing the terms of interest. Akin to Appendix C.2, let us introduce the terms of interest and definitions
as follows:

K NF(s,a) e N\ 2
=Y X e YR (-
k=1 €S x n=1

=Apk
—k 2
s (10 3) S 00 )
s€ES
N( 7a)
di (shaf) 'R Nk ok T
th_d}ﬂihkh > He e (Vhﬂ_vh*l) ’
n(shhan) =
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i (s ap) ok =k )2
Zhk <1+ H) mph (Vh+1 VhH) . (170)

With these definitions in place, we directly adapt the argument in (93) to arrive at

K K K
Ap < Buk+ > (Znk = Bui) + Y (Ank — Yik)- (171)
k=1 k=1 k=1

As a consequence, it remains to control Zle (Zn,x — Bh,) and Zle (Ap k. — Ya ) separately.

Step 2: controlling Zle (Apk — Ya ). Tocontrol Zle (Apk — Y 1), we resort to Lemma B.6 by setting

Nh s,a)

sa n k" 2
WE L\ (s,0) = Z i (VhH—V,lH) . Cy=1, (172)

which satisfies
Wk (s,a)]| < 4H? = Cy.

Applying Lemma B.6 with (172) yields that: with probability at least 1 — 6,

K K
Z(Ah,k — Y| = th,k
k=1 k=1

< 2 2H 2H
< Z 8C3C* Z dp* (s,a)Phs.a (Wl (s,a)] log -+ 2C4C*Cy log -
(s,a)ESx A
< o opy K ~ NE(s,a) o) fom i \2 2 o
~ og T ,; (S’Q)XE;SXAdh (57 a)Ph,s,a T; Tn (Vh+1 — Vh+1) +C*"H 1og T (173)

To further control the first term in (173), it follows from Jensen’s inequality that

4

Nk
km 2 h Nk n — k™
P s.a Z U (Vh+1 Vh+1> < Ppsa Z " (Vh+1 - Vh+1) ) (174)
which yields

2

K
> Y @ (s,0)Psa Z NEC (Vi -7

Ny

K
SZ Z dh (3 aPhsaz:nnh(Vh-;jl_VZ-H>4

k=1 (s,a)eSxA
. _ 4 2H °H
( )ZZth (th+1(s) - VZH(S)) +32) HSC K log —— + 32HC* log . (175)
k=1seS

This can be verified similar to the proof for Lemma A.2 in Appendix C.2. We omit the details for conciseness. To continue,
it follows that

h+1 h+1(8 _7h+1 s !
sz ) (ViEr(5) = Vi (5)

k=1s€eS
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7(mt)

LYY e (Vi) - Vi)'
O3S S ) (Vi - )’

iii * M m— 4
DS Y 2 (Vi () - Vi)
m=1

seS =
M-2 4
e (m—1)v1,1
= 4Zdh+1 Z 2m? (Vh+1( ) — h+1 ) )(S))
s€eS m—2=—1
0 M—2
m— 1,1 m— m—1,1
=4 3 2 2<Vh*+1() AR O) s) +4>dT () Y 2 Q(Vh+1() Vi (s ))
m—2=—1 sES m—2=1

Here, (i) holds by using the pessimistic property V* > V* > V" forall k € [K] (see (47)) and by regrouping the summands;
(i) follows from the fact (see updating rules in line 34 and line 35) that for any (m, s, h) € [M] x S x [H + 1],

7(m,t)

Vi (s) = VmTIOVED () = 1,2, Ly (176)

and (iii) results from the choice of the parameter L,,, = 2™. In addition, we can further control

—k 4 (iv) M—2 Lm N m 4
Z > () (Vi (s) = Vi () < 8H 43 dia(s) 32 3 (Vi) - V()
k=1seS SES m=1 t=1
) M-2 L, )
< 8H4+4Zdh+1 Z (Vh*ﬂ( ) — Vif-ﬁ (s ))
seS m=1 t=1
X 4
S8H +4> di1(s) Y (Vi (s) = ViF(9)) (177)
seES k=1
K
< 8H* +4H3Zdh+1 Z (Vh*+1(3) - th+1(5))
sES k=1
(vi)
< HPK + H®SC*u. (178)

Here, (iv) follows from the fact 0 < Vi, ;(s) — V;(\'1) (s) < H — 0 = H; (v) holds since V;7,; > VT4 =yl ) >
Vh(-T{t) for all ¢ € [L,,] (using the monotonic increasing property of V}, 11 introduced in (46)); and (vi) follows from (154).
Putting (178) and (175) together with (173), we arrive at

< C*log? <H3K+HSSC*L+ \/HSC*Klog% + H*C* log 25) +C’*H210g%

< VH3C*K.L+ H*VSC*2, (179)

K
Z (A — Ynr)

k=1

Step 3: controlling Zszl (Zn. — Bn,i). Similarly, we also invoke Lemma B.6 to control Zszl (Zno — Bhi). Let’s
set

N2 1
W,’f+1(s,a) = (Vf_H - Vh+1) , Cq = (1 + H> <2, (180)

which satisfies

HW;’fﬂ(s,a)Hm < 4H? = Cy,.
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Applying Lemma B.6 with (180) yields that: with probability at least 1 — 4,

K
> (B — Zni)| =
k=1

K
< 280310* Z dy*(s,a)Ppy s.a [W}’fﬂ(s,a)]glog 2H

2H
T + QCdC*CW 10g T
(s,a)eSx A

2H a e 1t °H
S | C*log 5 E E dp*(s,a)Phsa [V;ﬁrl - Vh-&-l] + C*H?log 5
k=1 (s,a)eSxA

(i) 2H
\/C’*log 5 (H3K+HSSC*)+C*H210g 5 <\/H3C*KL+H4fC*2 (181)

where (1) follows from (177) and (178).

Step 4: combining the results. Inserting (181) and (179) back into (171), we can conclude that

K H . Nf(s,a) v . a2 A
DX D di(sa) Y 0 pl (Vh+1 Vh+1> =Y A
k=1h=1(s,a)eSxA n=1 h=1
H K H K H K
SIS Buk+ Y. (Znk—Bug)+ Y Y (Ank — Yig)
h=1k=1 h=1k=1 h=1k=1
H K 1 i 2 H K H K
<> (1 + H) dpya(s) (Vh+1(8) - Vh+1(8)) YD (Znk = Bri) |+ DD (Ank — Yik)
h=1k=1 s€S h=1 k=1 h=1lk=1
H K 1
<HY Y. (1 + o ) D dials (Vh+1( ) = Vil )) + VHC* K1+ H°VSC*/?
h=1k=1 seS
6 H K N
SHZZZdZJd(S) (Vitpa(s) = Vilia(s)) + K + HOVSC*?
h=1k=1s€S
K
< 2 us k 5 * 2
<H }g?%;gsd (s) (Vi (s) — ViF(s)) + K + H>V/SC*.2, (182)

where (i) follows from the same routine to obtain (177) and the Cauchy-Schwarz inequality.

D.3.5. PROOF OF INEQUALITY (168)

Step 1: decomposing the error in (168). The term in (168) obeys

Z Z dhsaz Nksa Lhk

h=1(s,a)eSxA

" - I St 2 (Vi () = Vi (s82))
:Z Z i sag:l NFE(s,a) V1

%
h=1(s,a)€SxA Ni(s,a) V1

—
=

_— NF(s,a) « n next,k™ n
s,a) | dn (s,0)3200 (Vh+1(52+1) Vigr (s Z+1))
Z > Z kd“

0
h=1 (s,a)eSx A k=1 kdh(s’a)

o N (s,a) * n —next,k™ , 1,
Z Z Z \/ﬁ d S Cl nél (Vh+1(51}3+1) V}H—l ( IFGLJrl))

m
h=1 (s,a)eSx A k=1 kdh(s’a)

Z/\
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—next, k"

(iii) K dw (s,a) ZNII(M) (fo+1(5h+1) Vit (s ZL)) . EK 1(a = m(s))
< VHC2 Z DS ok
L h=1 (s, a)zE;SX.AkZI kdﬁ(&a) '

h=1 (s,a)eSxA k=1

H K N (s,a)
*y dz k™ (s,a) next,k™ . kn(s,a)
S VH2SC*3 Z Z d” (s,a) Z Z Vi (a7 = Vi (S ))
h=1 (s,a)eSx.A k=1 n=1
( HQSC’*LJ Z* Sh’ Clh i i Vnext k)
i dZ sh’ ah -t k? h+1 h+1

H K dﬂ-*(S a Pk —next,k
<’/H2SC*L4 ZZ h \°h> h h(V* Vh+1 ).

183
1k=1 dy, (s, aj) h (18

Here, (i) follows from the fact

NF (S Vi < dﬂ(s ) (cf. Lemma B.2); (ii) follows from the definition of C* in Assump-
tion 2.1; (iii) invokes the Cauchy Schwarz inequality; (iv) can be obtained by regrouping the terms (the terms involving
(Vi — V;i(ik) associated with index k will only been added during episodes k' = k, k + 1,--- , K).

With this upper bound in hand, we further decompose

K H K
- e dr(sk,ab)PF —next,k
Z Z h (S,G)Z Nk( ) 1Lh,k 5 H2SC ZZ d,u h . )h (Vh+1 V;Le-‘rl )
h=1 (s,0)€5x A k=1 \ A5 a o disah
@) H K dr* (st ak) —
* h h>™h k *
S VEPSORE | 303D A (Vi = Vi)
h=1k=1 h\"h’~h
i) H K
< V HQSC*L4 Z Z Z dr (5 a)Ph s,a (Vh+1 Vh—i—l)
h=1k=1 (s,a)eSx.A
& R dr (sk, a¥) —k
+VERsCA |3 d5" (5,0) Phsa — WP’C (Vi = Vi) (184)
h=1k=1 \(s,a)eSxA ( Spo @ h)

Here (i) holds due to the following observation: denoting by m the index of the epoch in which episode k occurs, we have

—next,k m,1 m—1Vv1),1
Vidi =V v = v, (185)
which invokes the monotonicity of V i1 10 (46). In addition, (ii) arises from the Cauchy-Schwarz inequality.

Step 2: controlling the first term in (184). The first term in (184) satisfies

H K H K
S E 0P (Vi Vi) =20 Y i (s (Pl ls,a), Vi — Vi)

h=1k=1 (s,a)ESx A h=1k=1(s,a)ESx.A

(é) Z Z Z dZL(S/) <Vh*+1(3/) - VZH(S/))

S H Zdh—H Vh+1( s) — Vif+1(3))
h=1k=1s€eS

(iii)

< HK + H®SC*., (186)

where (i) holds due to the fact 3 ey 4 7" (s,a)Py(-|s,a)

=d7, +1(+), (ii) comes from the same argument employed
to establish (177), and (iii) follows from (154).
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Step 3: controlling the second term in (184). We shall invoke Lemma B.6 for this purpose. To proceed, let
Whii(s,a) = Vity = Vi, Ca=i1, (187)
which satisfies
||W,’f+1(s,a)||oo < H = Cy.
Applying Lemma B.6 with (187) yields, for all h € [H], with probability at least 1 — &

K *
- dr” (s ak) —k
Z Z dh (Sa a)Ph,s,a - WPI]: (fo—i-l - Vh+1>
k=1 \(s,a)eSx.A h\Zh>"h

K
> X
k=1

IN

= 2 2H 2H
> o8CiCr > di(s,0)Phsa (W (s,a)] log = T2CaC"Cylog =
k=1 (s,a)eSxA

N

K
2H - —k  \2 2H
C*log 5 § E dy* (s,a) P s.a (Vh*+1 - Vh+1) + HC” log 5
k=1 (s,a)eSxA

INZ

* 2H 2 = T % * k 2 * 2H
C*log 5 H? + E E dp*(s,a)Pp s.a (VhJrl - Vh+1) + HC™ log 5
\ k=1 (s,a)ESx A

(ii)
< \/C* log ? (HK + H85C*.) + HC* log %

<SVHC*K.+ H?VSC*.. (188)

Here (i) follows from the same routine to arrive at (177), and (ii) comes from (154). As a result, the second term in (184)
satisfies, with probability at least 1 — ¢,

H K * .
« dr (sk,ak)PF —k
A7 (5,0) P s — Doho0h) "k (V* 7 )
Y3 % ow T (1,7

H 71'* v v v
<S> Y @ sa)Pus. - d_(s}, ah) By (V* —Vy ) < VH3C*Ki + H*/SC*.. (189
= h y h,s,a A h+1 h+1 = L+ L. ( )

o k
h=1 k=1 \(s,a)eSxA dj, (sh» ar)

Step 4: combining the results. Finally, inserting (186) and (189) into (184), we arrive at

1 \ K 1
Z Z dj, (s,a); WL}L,k

h=1(s,a)eSx.A

SVH2SC A/ HK + HSSC*1 + \/HQSC*L‘*\/\/H?’C*KL + H4SCx
SVH3SC*KiA + HYSC*i3 + \/H2SC*L4\/HK + H4WSC* < VH3SC*K A + H*SC*03, (190)

where the last two inequalities follow from the Cauchy-Schwarz inequality.

D.3.6. PROOF OF INEQUALITY (169)

Recall the expression of G}, i in (166) as

N (s,a ;" 2 NF(s,a n
an ) (V{+1(S§L+1)) (an§ )Vh*+1(52+1)>2

G2 _ —
hoke NF(s,a) V1 NF(s,a) V1
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NE(s,a n * 2 Np (s,a L
:an )Pf (Vthl) (Zn}§ )Pk Vh+1)2

NF(s,a) V1 - NF(s,a) V1 (191)

To continue, we make the following observation

G < {|G21. = Varnsa(Vie )| + Varn s (Vi)

1/2
< [G2, —Var, oo (Vi )| + Var ca (Vi) (192)

due to the elementary inequality a2 + b2 < a + b for any a,b > 0. Here, we remind the reader that Vary, ;5 ,(V}* +1) =
Prs.a(Vi1)? = (Phos,aViq)? (cf. (109)). This allows us to rewrite

Z Z d”saz N"”sa) th

h=1(s,a)ESx.A

2
K Gh — Varp, 5.4V, [ ’

o - K Vary s.a(Vi )
<Z 2 WO N v Y ey Neagvr 9

(s,0)ESX A k=1 h=1 (s,a)ESx A k=1

leaving us with two terms to cope with.

Step 1: controlling the first term of (193). By definition, we have

N (s,a) Pk" V* 2 N (s,a) Pk”v* 2
>onti h ( h+1) (En 1 h+1) _Phﬁs,a(vh*+1)2+ (Ph,s,aV;fH)z

Ghx —Varnsa(Vip))| = -
’ hk arp sa( h+1)’ N,’f(s,a)\/l N,’f(s,a)\/l

NE(s,a n 2 N7 (s,a n
Znig )Pilf (Vh*+1) * \2 Enh§ )Pk Vi:+1 2 * 2
§ A _Phsa(vh+1) + % — (Phsavh+1)
Ni(s,a) V1 = Ni(s,a) V1 =
Ny (S a) pk™ (1yx )2 Ni(5,0) pk™ 7%
Dot Py (Vh+1) Dot P Vi
< |&=n= — Py oV )P+ 2H | =22 o PrsaVil, 194
= N}’f(&a) V1 h,s, ( h+1) N}];(S, a) V1 h,s,aVh+1 ( )
where the last inequality holds due to
Nh(s a) Pk” V* 2 N}L(S a) Pk”V N}L (5 a) Pknv
n=1 h+1 * 2 Zn 1 h+1 * Z h+1 *
( T ) — (Phs,aVia) | = % = Phs,aViya| - k + Ph,s,a Vit
Ni(s,a) V1 Ni(s,a) V1 Ni(s,a) V1 ’
Nh(s a) Pknv
<2oH |=2=L " Py aVil
—_ N}?(S,G)\/l h7 3 h+1

We now control the two terms in (194) separately by invoking Lemma B.4. For the first term in (194), let us set

1
NV1

Wi o= (Vi) and  wj(s,a,N) = = Cy, (195)

which indicates that
Wi iilleo < H? = Cy, (196)
Applying Lemma B.4 with (195) and N = N} = NF(s, a), with probability at least 1 — %, we arrive at

k
Nh

k
1 n

o 2B Pusa)(Viga)?| =

N}]f(sva)\/lngl( h h,s, )( h+1)

> Xi(s,a,h, Nf)

=1
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k
Nh

" " [ Cy SAT
<4/ Cylog 5 g uy (s,a,N,’f)Varh,S,a(W[fH) + (CUCW + N}’f\/lcw> log? =
n=1
12 i 1 H?%2 1
= 2 = < H?? . 197
\/ NFv1 ;N,’fvln Wil N,’f\/l" "V NFVT (157

Similarly, for the second term in (194), with W}, , := V}*, |, we have with probability at least 1 —

Nk
1 h n 1
—_— P, nga)V* <H? | |—"— 198
N,’f(s,a)Vl%( h hosa) Yhit 5 NF(s,a) V1 (198)
Inserting (197) and (198) back into (194) yields
1
G? . —Vary, 5 o(V* <H*? |——— . 199
|Gh i = Vars .o (Vi) | S H NF(s,a) v 1 (199)

Consequently, the first term in (193) can be controlled as

5y sy (el S s )3
d’r H. d7r (s,a)
h=1 (s,a)€S x A k=1 Nyi(s,a) V1 h=1 (s,0)€S x A —1 (N}

< H?(SC*iK%.2,

(s, a))% V1

(200)
where the last inequality holds due to (158).

Step 2: controlling the second term of (193). The second term can be decomposed as

SN ey Vi)

k
h=1(s,a)eSx A 1 Nji(s,a) V1
(i) H C*Ld S a)Varh_S (V* )
sZ > Z Vet Vi) y (o — x3(e)
h=1(s,a)eSxA k=1

(11)

K H K
Z Z dr’ (s,a) ZVarh’s’a(V}f_H) Z Z % 1(a=m}(s))
h=1 (s,a)eSx.A k=1

H
VHSC*K? |Y " Y dr(s,a)Vars «.a(Viiy ), (201)
h=1(s,a)eSxA

where (i) follows from the facts o0 < 7o, 5 by Lemma B.2 and the definition of C'* in Assumption 2.1, (ii) holds
n(s,a n(s,a
by the Cauchy-Schwarz inequality, and the final inequality comes from the fact that 7* is deterministic

We are then left with bounding S+, 2 (s.a)ESx A 7" (s,a)Varp s.o(Vi5, ;). Note that

H H
T * _ *
E E : dh (s7a)Varh$s’a(Vh+1) - ESINPaSh-HNPh,sh,w,*I(Sh) E Varh,sh,‘fr,:(sh)(Vthl)
h=1(s,a)€SxA h=1
. H
(i)

= E31~p,3h+1NPh,Sh’”'*L(Sh') [

D“

=1

(rn (sh T (sn)) + Vi (sh1) — V{(Sh))zl

(i) E.

61~p78h+1~Ph,sh,ﬂ;(sm

- 1

H 2
> (ralsnomh(sn)) + Vi (snia) — V;T(Sh))]
h=1
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2
(iv)

< b2, (202)

H
(iii)
= EslNP75h,+1NPh,sh,w;L(sh) l(z h(Sh, ’/Tlt(sh))> = Vi (s1)
h=1

where (i) follows from Bellman’s optimality equation, (ii) follows from the Markov property, (iii) holds due to the fact that
Vi 1(s) = 0forall s € S, and (iv) arises from the fact rj,(s,a) < 1 forall (s,a,h) € S x A x [H]. Substituting (202)
back into (201), we get

H K

* Varn s a (V7
SOV s Vanusa Vi) o msenre, (203)
h=1(

k
5,0)ESXA k=1 Ny (s,a) V1
Step 4: combing the results. Combining (200) and (203) with (193) yields

H K
N 1 3 1

§ § dr § — G < H*(SCHiK1,2 4+ VH3SC*K .2
T I ‘

h=1 (s,a)eSx.A

<VH3SC*K12 + H*®SC* 3. (204)
D.4. Proof of Lemma D.1
In view of (127), we can decompose the term of interest into
NiGa)
‘ S oG < ||+ s,
n=1
where
Np,
NS NE (i " "
Ur= 277” (Ph - ths-,a) (Vthl - Vh+1)a (205a)
n=1
N}()y'm,"‘l) .
Zi:N}S77Ln71,1)+1 Ph g

NF N
Up =Y 1" | Prisa— Vit (205b)
n=1

ﬁ;po’m" -1 (s,a) V1
Next, we turn to controlling these two terms separately with the assistance of Lemma B.4.

Step 1: controlling U;. In the following, we invoke Lemma B.4 to control U; in (205a). Let us set

Wi =V — Vi, and  uj(s,a,N) = nﬁi( >0,

s,a) =
which indicates that
Whiilloo < IVhsalloo + [[Vigalle < 2H = Cw,

and

N 2H

max TINi (s,a) < NVl = Cy.

(206)
N.h,s,a€ ({0}U[K]) x [H] xS x A

Here, the last inequality follows since (according to Lemma B.1 and the definition in (25))

N o 2H
INj (s.0) = NV T

nﬁ;(s,a) =0, if Ni(s,a) > N.

if 0 < Nj(s,a) < N;
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To continue, it can be seen from (26) that

saN

053

holds for all (N, s,a) €
with the above quantities, we arrive at

[K] x S x A. Therefore, choosing N = Nf (s,

(207)

N
=2 m <1
n=1
a)

=N, ;’j for any (s, a) and applying Lemma B.4

k
NF g —km n
|U1| = 277 " P}]f _Ph,s,a)(vh+1 _Vh+1) = ZXZ (s,a,h,N,’f)
=1
SAT | [, SAT
5 Cy 10g2 i Z uﬁ" (5’ a, N}’f)Varh,&a (Wi]:jil) (C Cy + N1 ) 10g2 5
n=1
H.? 2,2
=\ NFv1 i Var o (Vs = Vi) + (208)
Nk V1 Z v + N;f V1
H.? dv. VK 41 dv, VR +1 2 H7/4,2 H2,2
5\/]\,5“\/02 (s,0) = (1 (s,)) VT T ARV (209)

with probability at least 1 — §. Here, the proof of the inequality (209) is postponed to Appendix D.4.1 in order to streamline

the presentation of the analysis.

Step 2: bounding Us.

Making use of the result in (111), we arrive at

n o1y

Nm i Nim i—next,k’
h " Pk h " Pk vV
S B e, BT
S n_1 h+1 — 5 n_1
szo’m (s,a) V1 NZPC’”” (s,a) V1

To continue, for any (s,a) € S x A, we rewrite and rearrange Us (cf. (205b)) as follows:

N(m”,l) i
N,’f h Pk
B NP Zi:N}Lm"*“)H o =
Uz =2 " | Phsa = Zepom | Vi
n=1 h (s,a) vV
NE N,(Imn’l) Vnext k?
\ NE —k" i:N{Lm"‘l*”H h+1
_ h
= Znn Phsavh+1 ]’Vepo,m"—l( ) V1
n=1 h 5, a
(m™,1) (m™,1)
N N —next,k*
NF h h
i) NF Zi:N£r11L7L71,1)+1 Ph, @ __yn Z (m“ 1, 1)Jrl Ph Vh+1
4 h
- n yepo,mm™ —1 h+1 ™ epo mn—1
ot N, (s,a) V1 Nh (s,a) V1
NE Nk N(m",l)
u Mn h " k) Trnext, Kk
= E — E Ph s.a Ph Vh
NePom"=lis a) v 1 o i
n=11Vh ) i:N}(anfl,1>+1
mit2,1
i) NE [N 'ANE nN’“ "
ii n —nex
= E E Sepo,mn—1 <Ph,s,a - ) Vh+1
‘ , ’ V1
=1 n_N(ml+1,1)+1 h (870’)
—'h
N;: N}(L””+2'1)/\N;If T]N}L k
n next,
:Z Z Nepom’\/l (Phsa Ph )Vh+1 )
=1 h

n:N}S”YL1+1’1)+1
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where (i) follows from the fact that IV, ,(Lmn’l) - N }(Lm"—l,l) =N Zpo,m”q (s,a), and (ii) is obtained by rearranging terms
with respect to ¢ (the terms with respect to Vze:tl’k’ will only be added during the epoch m? + 1), and the last equality holds
sincem™ —1 =m' foralln = N,gmq_l’l) +1, N,Smlﬂ’l) +2, N,gml+2’1).

With the above relation in mind, we are ready to invoke Lemma B.4 to control U,. To continue, for any episode j < k, let us
denote by m(j) the index of the epoch in which episode j happens (with slight abuse of notation). Let us set

N,(lm'(j)+2’1)AN
i —next,j

N
Wh+1 '_ Vh+1 ’ and uh(s, a,N) = Z szo,m(j)(s a) v 1'

P=N{mOFLD

As a result, we see that

—next,

j J
Wi illeo S IVhia lleo < H = Cly
and the following fact (which will be established in Appendix D.4.2)

N+ Ay

N 2
j n 64e-L

0<uj(s,a,N)= E s n < = C, (210)
RN NP (s,a)v1 — NV

holds for all (j, h, s,a) € [K] x [H] x § x A with probability at least 1 — 4.

Given that N = N, }’f (s,a) = N, }’f applying Lemma B.4 with the above quantities, we can show that for any state-action pair
(s,a) € S x A,

NE [ NETTEOANE

. k
Mn h i\ —next,k’
Us| = Z Z Sepormi 1 (Ph,s,a i ) Vb | = ZXj (s7a,h7N,]f)
i=1 _N(m,i+1,1)+1 Nh vl j=1
n=4Ny
SAT N;’f(s,ﬂ) ki (5.0) ki (5,0) C SAT
2 i(sa i(s,a u 2
<4/ Cylog 5 2 uy" (s,a, N)Var;hs)a(VVhi1 ) + (CuCW + NV 1Cw> log —
Nk
3 1 " —next,k? HLS
< Varp s.a(Vi{ )+ —F—
~\ NFV1 N,’f\/lz Msa(Vieer” ) NFV1
1=1
L3 ref, kA 41 ref VR 41 2 H3
S \/N}’f\/l\/gh (s,a) — (ﬂh (S»G)) +W' 211)

To streamline the presentation of the analysis, we shall postpone the proof of (211) to Appendix D.4.3.

Step 3: summing up. Combining the bounds in (209) and (211) yields that: for any state-action pair (s,a) € S X A,

N;f(s,a)

NF(s,a n
Z nnh( ) )fi

n=1

< (UL + |Ur]

H.? NE Nk 2
- \/Nk 2o e 0)— (e )
h

13 ref,kN;f-‘rl ref,kNl’j-‘,-l 2 H7/4L2 H2L2
’ \/NZS Vi \/Uh (s:0) = (i () + e (NFV D CNFVT

7kN}’§+1 H7/4L2 H2,2
<B La) + +
> Dy (S a) Ch (N}]§V1)3/4 CbN;f\/l

212)
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holds for some sufficiently large constant ¢}, > 0, where the last line follows from the definition of B ],z I

of Algorithm 3. As a consequence of the inequality (212), for any (s,a) € S x A, one has

Ny

k™
€

ka}]f,_l,_l H™/%2 NF
<B § o
<By st ey Nk vi=&h

where the last inequality holds due to (120). We have thus concluded the proof of Lemma D.1.

D.4.1. PROOF OF INEQUALITY (209)
To establish the inequality (209), it is sufficient to consider the difference

k

- Ny k™ Sy adv,kN;erl adv,kNle«kl 2
Wi = Z Min Varh,s,a(V}H.l - Vh+1) — 0y (Saa) + (,uh (Sa a)) :

n=1

(s,a) in line 14

k
Before continuing, it is easily verified that if N¥ = N¥(s,a) = 0, the basic fact 37", nn = 0 leads to W; = 0, and
therefore, (209) holds directly. The remainder of the proof is thus dedicated to controlling W; when N = N, }’f (s,a) > 1.

Recalling the definition in (109)

n —k" n — k" n — k™ 2
Varh,s7a(th+1 Vi) = Ph,s,a(vhk+1 - Vh+1)2 - (Ph7s,a(fo+1 - Vh+1)) )

we can take this result together with (112) to yield
N; v L e\ 2
= Z Tn hPh,s,a(Vthl - Vh+1 Z " <Ph s,a Vh+1 Vh+1))
N Nk n —_Em 2 Ny NE _pn n —k" o
+( Z P (Vi = Vi) = S P (Vi = Vi)

N n n —k™
Z " (P = Phs,a) (Vs = Vi)

=w!

Nh

Ny . n
+ (anzvspflfn(vh; _V:H ) Znn (Phsa Vh+1 VZ+1))2~

n=1

=W
It then boils down to control the above two terms in (214) separately when N = NF(s,a) > 1.
Step 1: controlling W{. To control W7, we shall invoke Lemma B.4 by setting
Wi = (Vi = Vi) and uh(s,a,N) =, ) >0,
which obey
Wi silloo < Vgl + Vi |2 < 2H? = Cy.

Invoking the facts in (206) and (207), we arrive at

(213)

(214)
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and

0< Zu’“h(”) (5,0,N) <1, ¥(N,5,0) € [K] x S x A

Therefore, choosing N = NJ(s,a) = N} for any (s, a) and applying Lemma B.4 with the above quantities, we arrive at,
with probability at least 1 — 4,

k

> X (s,a,h, NF)

i=1

Wi =

7k”
ZW Ph _Phsa)(vh+1 Vh+1)2

n=1

Nk

AT | & AT

< cu10g25T S " (s,a, Nf)Varg .0 (WEL) + (cc T NCvlc>1ogz ST
n=1

H3.? H5 H3.2
< Wk |2 < 2 . 215
\/N’“vl Zn" Wil +N,’;v1“’ N§V1L+N}’fv1 @15

Step 2: controlling W2. Observe that Jensen’s inequality gives

Ny Ny
Nk n k" R 2
(Z Tn " Ph,S,G«(VhﬁFl - Vh+1 ) Z Tin (Ph s,a Vh+1 Vh+1)) ’ (216)
n=1

due to the fact Zn 1Mn Ni = 1 (see (26) and (25)). Plugging the above relation into (214) gives
Ni
NF g 2 NF n —k" 2
< (Z P (Vi = Vi) - (Z ' Prosa(Vils = Vi)

(ZU (P = Prsa)(Viiiy — V:+1) (ZU (PE" + Pasa) (Vi — Vﬁ:—l)) 217)

Note that the first term in (217) is exactly |Uy | defined in (205a), which can be controlled by invoking (208) to achieve that,
with probability at least 1 — 4,

— k"
’ZU Ph _Phsa)(vh+1 Vh+1)‘

—kn H2L2 H3L2 H2
< NiVar s -V < 2 218
\/N’Wl Z?? nsa (Vi h“)+N;§\/1N\/N;§\/1+N}fv1L @19

where the final inequality holds since Vary, s (V,ﬁ:l - V],j +1) < H? and the fact in (26). In addition, the second term in
(217) can be controlled straightforwardly by

’ ZUN’L (P;fn + Ph,s,a) (V}L+1 Vh+1> ‘ < ZUN}L (thn||1 + HPh,s,aHl) vaﬁjl _VZ:JHOO < 24,

~ Vil < Hand | BE ], = || P, = 1.

Taking the above two facts collectively with (217) yields

H5,2 H3.2
w2 < . 219
1”\/N,’;v1+N§v1 (219)
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Step 3: summing up. Plugging the results in (215) and (219) back into (214), we have

Hb5,2 H3.2
Wy < Wi+ WP S + :
NFv1  NFvi

which leads to the desired result (209) directly.

D.4.2. PROOF OF INEQUALITY (210)

To begin with, let us recall two pieces of notation that shall be used throughout this proof:

1. m(j): the index of the epoch in which the j-th episode occurs.

2. N 2P (s,a): the value of N, N{mEmt ) (g q), representing the number of visits to (s, a) in the entire m-th epoch with
length L,,, = 2™.

Applying (56) and taking the union bound over (m(j), h, s,a) € [M] x [H] x § x A yield

~ . om () gk
NP (s,a) v 1 > AGL) (220)

- 810g (SAT)

with probability at least 1 — §/2.

For any epoch m, if we denote by kj.st () the index of the last episode in the m-th epoch, we can immediately see that
Ftast (m ZL = Z 2 = 2m+l — g < gm 1, (221)

Applying (56) again and taking the union bound over (m(j), h, s,a) € [M] x [H] x S x A, one can guarantee that for
every n € [N}(Lm(]HLl)7 N,(Lm(JHQ’l)], with probability at least 1 — §/2,

N}(Lm(j)+1’1) S n S N}(Lm(j)‘FQal) — N}]:Iast(m(j)+1)

< N2 e22mDH2ql (s,a)  if 22l (s, a) > log (24T) 222)
2¢?log (£4T) if 2m+2dh (s, a) < 2log (25T)
Combine the above results to yield
1yepo,m(j) () 2D at (s,a) W) 1 m(G)+2 . i SAT
N, (s,a) V1> Sop(3T) 2 32 iog(S AT)n, if 2 dy(s,a) > log (251,
(223)

yyepo,m(j (i) m
NP (s5,0) V21> st if 27042 @l (s,a) < 2log ($47) ,

where (i) follows from (220), (ii) and (iii) hold due to (222). As a result, we arrive at

N2 Ay Nm@+2) Ay
, N 2 SAT\ N
g Z nA < " Z 32¢?log (251 ) nd
Z\A]epo,m(j)(s a)v1l ™ n
n:N}(L7rL(J)+11)+1 h bl n:N}(L'"L(j)Jrl’l)%»l
N
< Z 32¢2 log ( ) ny < 64e? log (S‘ffT)
- n - Nv1 ’

n=N{MOFLD g

where the last inequality holds since Z < 7 (see Lemma B.1).

117,—
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D.4.3. PROOF OF INEQUALITY (211)

In this subsection, we intend to control the following term

Nk 2
1 " —next, k" f kN;f 1 f kN;’f 1
Wy = NEUT ZVarh’Sva (V,LJr1 ) — (o T (s a) — (i T (s,a)
h n=1

for all (s,a) € S x A. First, it is easily seen that if N}’f = 0, then we have W5 = 0 and thus (211) is satisfied. Therefore,
the remainder of the proof is devoted to verifying (211) when N ,’f =N ,’f (s,a) > 1. Combining the expression (113) with
the following definition

—next, k"

t k" k™ 2 2
Varh s,a (Vr}]::;fl ) Ph s,a (Vz(j-(l ) (Ph s th+1 ) )
we arrive at
Nk
1 h next, k™ 2 —next, k™ 2
Wo=— ) (Phs (V) = (PsaVi) )
NPVl =

L L
n next, k™ n—next,k"
S LS () SO P
NfvV1 & h h+1 NEvV1 &~ h "htl

B 1 NZ}’; (P P n) (Vnextk ) + 1 NZ}?P nVnextk 1 NZ;: (P Vnextk )
= N}]f v1 2 h,s,a h h+1 N;]f V1 — h h+1 N}]f V1 ] h,s,aV ph+4+1

=W, =W2

(224)

In the sequel, we intend to control the terms in (224) separately.

Step 1: controlling W5 . The first term W, can be controlled by invoking Lemma B.4 and set

: —next,? 2 : 1
Wit = (Vhitl’ ) , and uy(s,a, N) = N Cly.
To proceeding, with the fact

2
V|| s =ay

Wil <

H—next )i

and N = NF(s,a) = NF, applying Lemma B.4 with the above quantities, we have for all state-action pair (s,a) € S x A,
k

1 h n —nex
Wy | = NF > (Ph,s,a - Py ) (Vthtlk )
n=1

k
= ZXi (s, a, hJV,’f)
i=1

N

n=1
[ 12 ‘ H?.2 H%42  H?/2
< =/ 12 < . 225
~ N}]f ” h+1||oo+ N}’f ~ N}I: + N;]f ( )

Step 2: controlling W3. Towards controlling W3 in (224), we observe that by Jensen’s inequality,

(LS A ) < 25 (i)

hnl h n=1

Ny (s,a)
AT h n(s n \ AT
C, log? 56 Z u;jh(”a)(s,a, N)Varp s.q (W}I;ﬂs’a)) + (Cucw +4/ ?VCW> log? ST
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Equipped with this relation, W3 satisfies

Nh ? Nh ?
n—next,k" next, k™
w3 < NkZPh Vi - NkZPthhH
h n=1
o o
—next, k" —next, k"
(N,’fz(Ph ~ Prsa) Viti" ) (NA“Z(P}’ + Prsa) Vit ). (226)
n=1 n=1
As for the first term in (226), let us set
—next,i ; 1
Wi, = V;Le_:tl , and up(s,a,N) = N = Cu,
which satisfy
7 next 7 .
HWthlH ||Vh+1 H < H = Cy.

For any (s, a), Lemma B.4 together with the above quantities and N = N = N (s, a) gives

k
n —next, k"
Nk Z (Ph Ph s a) Vh-‘rl
h n=1

NF(s,a)
SAT % n(ga (s.a Cy SAT
Cylog? =—— 5 Z uzh( ’ )(s,a,N)Varh,s’a (W,I;Jhrg ' )) + (CuCW + 4/ NCW> log? 5

kR (s0) H22  H?
N’f Wi Nk At

with probability at least 1 — §. In addition, the second term can be bounded straightforwardly by

k'

Nk
nex 1 i n nex
[ 20 B+ P VRS | < 5 30 (1Bl Bl ) IV <20
h n=1

t, k"
where the last inequality is valid since ||V:Le:1 ||

observations back into (226) yields

< H and HP,iC

1= ||P;1757a||1 = 1. Substitution of the above two

H4 H?
w2 < 2 2, 227
2N\/N}jv1L+N}’jv1L 227

Step 3: combining the above results. Plugging the results in (225) and (227) into (224), we reach

H4 H?
Wy < Wy + Wi < 2+ 2
NFv1 NFvi1

thus establishing the desired inequality (211).



