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Abstract

While Bayesian-based exploration often demonstrates superior empirical perfor-
mance compared to bonus-based methods in model-based reinforcement learning
(RL), its theoretical understanding remains limited for model-free settings. Exist-
ing provable algorithms either suffer from computational intractability or rely on
stage-wise policy updates which reduce responsiveness and slow down the learning
process. In this paper, we propose a novel variant of Q-learning algorithm, referred
to as RANDOMIZEDQ, which integrates sampling-based exploration with agile,
step-wise, policy updates, for episodic tabular RL. We establish a sublinear regret

bound O (VH®SAT), where S is the number of states, A is the number of actions,
H is the episode length, and T’ is the total number of episodes. In addition, we

present a logarithmic regret bound O (% 1og5(5 AHT )) when the optimal

Q-function has a positive sub-optimality A,,;,. Empirically, RANDOMIZEDQ
exhibits outstanding performance compared to existing Q-learning variants with
both bonus-based and Bayesian-based exploration on standard benchmarks.

1 Introduction

In reinforcement learning (RL) [1], an agent aims to learn an optimal policy that maximizes its
cumulative rewards through interactions with an unknown environment. Broadly speaking, RL
algorithms can be categorized into two main approaches—model-based and model-free methods—
depending on whether they first learn a model of the environment and plan within it, or directly
learn the optimal policy from experience. While model-based approaches offer advantages in sample
efficiency, model-free algorithms tend to be more computationally efficient and take lower space
complexity, making them more attractive for deployment in many real-world applications, such as
games [2], robotics control [3] and language model training [4].

As one of fundamental challenges in RL, the exploitation-exploration dilemma remains particularly
difficult to address in the model-free paradigm, i.e., the learned policy needs to carefully balance
between exploiting current observations and exploring unseen state-action pairs to maximize total
rewards in the long term. To manage the trade-off, most provably efficient model-free algorithms
adopt the principle of optimism in the face of uncertainty, incentivizing exploration by assigning
bonuses to uncertain outcomes, constructed from their upper confidence bound (UCB) [5]. In
particular, prior works [6—8] showed that Q-learning augmented with tailored bonus functions achieve
comparable sample complexity to their model-based counterparts.

In contrast to bonus-based exploration methods aforementioned, Bayesian-based approaches have
gained increasing attention for their superior empirical performance [11, 12]. These approaches
enhance efficient exploration by leveraging the inherent randomness in sampling from posteriors that
are updated based on prior observations. However, theoretical understandings have been limited,
where the majority of prior work has focused on model-based RL [13-15].
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Conditional-PS | Staged-RandQL | RandQL | RANDOMIZEDQ

Key Property [9] [10] [10] (This Work)
Computational tractability X v v v
Agile policy update v X v v
Gap-independent regret guarantee v v X v
Gap-dependent regret guarantee X X X v

Table 1: Comparison with the most relevant model-free RL methods with Bayesian-based exploration
in tabular settings. A v indicates the method possesses the corresponding property, while a X
denotes its absence. We identify and fix a technical gap in Tiapkin et al. [10], which preserves
the gap-independent regret guarantee of Staged-RandQL. Notably, our method uniquely achieves
computational tractability, agile policy updates, and provable regret guarantees, distinguishing it
from prior work.

When it comes to model-free RL, research is even more limited in several aspects. Dann et al. [9]
proposed a sample-efficient algorithm that draws Q-functions directly from the posterior distribution.
Nevertheless, this approach suffers from computational inefficiency. More recently, Tiapkin et al. [10]
introduced posterior sampling via randomized learning rates, but unfortunately they only provided
theoretical guarantees® for stage-wise policy updates, which are known to be inefficient in practice as
this staging approach does not allow agents to respond agilely to the environment. To this end, it is
natural to ask:

Is it possible to design a model-free RL algorithm with Bayesian-based exploration, achieving
sample efficiency, computational efficiency, and agile policy updates?

1.1 Main contribution

To answer this question, we focus on learning a near-optimal policy through sampling-based Q-
learning, in a provably sample- and computation-efficient manner. As in Jin et al. [6], Dann et al.
[9], Tiapkin et al. [10], throughout this paper, we consider tabular, finite-horizon Markov Decision
Processes (MDPs) in the online setting. Below we summarize the highlights of this work:

e We propose RANDOMIZEDQ), a sampling-based Q-learning algorithm which leverages
tailored randomized learning rates to enable both efficient exploration and agile policy
updates.

o We establish a gap-independent regret bound on the order of 6( VH3SAT), where S is the
number of states, A is the number of actions, H is the episode length, and 7" is the number
of episodes.

e Under a strictly positive sub-optimality gap A, of the optimal Q-function, we further
prove a logarithmic regret bound of O (H 654 log5(SAH T)/ Amin). To the best of our
knowledge, this is the first result showing model-free algorithms can achieve logarithmic
regret via sampling-based exploration.

o Empirically, RANDOMIZEDQ consistently outperforms existing bonus-based and sampling-
based model-free algorithms on standard exploration benchmarks, validating its efficacy.

A detailed comparison with pertinent works is provided in Table 1.

1.2 Related works

In this section, we discuss closely-related prior works on optimistic Q-learning and online RL with
Bayesian-based exploration, focusing on the tabular setting.

3 A careful examination of their proof reveals a critical technical gap in their analysis. We provide a novel fix
with substantial new analyses, which fortunately preserves their claimed theoretical guarantee. We discuss this
in more detail in Section 4.1.



Q-learning with bonus-based exploration. Q-learning and its variants [16—18] are among the
most widely studied model-free RL algorithms. To understand its theoretical guarantees, several
works have equipped Q-learning with UCB bonuses derived from the principle of optimism in the
face of uncertainty [6-8, 19-22]. Notably, Jin et al. [6] first introduced UCB-Q, which augments
Q-learning with Hoeffding-type or Bernstein-type bonuses and established a nearly optimal regret
bound. Building upon this, Zhang et al. [7] proposed a variance-reduced version of UCB-Q, achieving
an optimal sample complexity, and Li et al. [8] further improved the performance by reducing the
burn-in cost.

In addition to the worst-case regret bound, gap-dependent regret bounds often leverage benign
properties of the environment and enjoy logarithmic regret bounds [21, 22] For instance, Yang
et al. [21] showed that UCB-Q has a logarithmic regret bound under the positive sub-optimality gap
assumption, and Zheng et al. [22] incorporated error decomposition to establish a gap-dependent
bound for Q-learning with variance reduction techniques [7, §8].

Model-based RL with Bayesian-based exploration. Extensive works have investigated the theo-
retical and empirical performance of Bayesian-based exploration in model-based RL. One popular
approach is posterior sampling for reinforcement learning [13, 14, 23-26], where the policy is itera-
tively learned by sampling a model from its posterior distribution over MDP models. The approach
has been shown to achieve the optimal regret bound when UCB on Q-functions are also incorporated
[15]. In addition, several works [27-30] have investigated posterior sampling with linear function
approximation.

Model-free RL with Bayesian-based exploration. To overcome the computational inefficiency of
model-based methods, several algorithms have been developed in model-free RL with Bayesian-based
exploration, showing promising empirical results [11, 12, 31] but lacking theoretical guarantees.
Recently, Dann et al. [9] sampled Q-functions directly from the posterior, but such an approach
is computationally intractable. To address this, Tiapkin et al. [10] introduced RandQL, the first
tractable model-free posterior sampling-based algorithm, which encourages exploration through
using randomized learning rates and achieves a regret bound of O(v SAH®T) when RandQL is
staged. However, the slow policy update empirically leads to a significantly degraded performance.
This leaves a gap between the theoretical efficiency and practical performance in model-free RL with
Bayesian-based exploration.

Notation. Throughout this paper, we define A(S) as the probability simplex over a set S, and use
[H]:=1,...,Hand [T] :=1,...,T for positive integers H, T > 0. We denote 1 as the indicator
function, which equals 1 if the specified condition holds and 0 otherwise. For any set D, we write |D|
to represent its cardinality (i.e., the number of elements in D). The beta distribution with parameters
a and f is denoted by Beta(a, §). Finally, we use the notations O(-) and O(-) to describe the
order-wise non-asymptotic behavior, where the former omits logarithmic factors.

2 Problem Setup

Finite-horizon MDPs. Consider a tabular finite-horizon MDP M(S, A, { P, }E_, {ry} L, H),
where S is the finite state space of cardinality .S, A is the action space of cardinality A, P, : S x A —
A(S) is the transition kernel and rp, : S x A — [0, 1] is the reward function at time step h € [H], and
H is the number of steps within each episode. In each episode, the agent starts from an initial state
s1 € S and then interacts with the environment for H steps. In each step h € [H], the agent observes
the current state s, € S, selects an action a;, € A, receives a reward 7, (s, ap, ), and transitions to
the next state sp+1 ~ Pp( - [sn,ap).

Policy, value function and Q-function. We denote m = {7, }2L | as the policy of the agent within
an episode of H steps, where each 7, : S — A(.A) specifies the action selection probability over the
action space A at the step h € [H|. Given any finite-horizon MDP M, we use the value function
Vi (resp.Q-function) to denote the expected accumulative rewards starting from the state s (resp.the
state-action pair (s, a)) at step h and following the policy 7 until the end of the episode: for any



(h,s,a) € [H xS x A,

H
‘/izr(s) =Er Z Tht (ke ans)|sn = S] )
h'=h
H
Qy(s,a) =E, Z rh(Shr, ans)|Sh = S, ap = a] .
h'=h

By convention, we set V7 ;(s) = 0 and QF_ ,(s,a) = 0 for any (s,a) € S x A and policy 7. In
addition, we denote 7* = {w,*L}thl as the deterministic optimal policy, which maximizes the value
function (resp.Q-function) for all states (resp. state-action pairs) among all possible policies, i.e.

Vii(s) == Vh”*(s) = max V)| (s),

Q3 (s,a) == QZ* (s,a) = max Q7 (s,a),

(D

where the existence of the optimal policy is well-established [32].

Bellman equations. As the pivotal property of MDPs, the value function and Q-function satisfy
the following Bellman consistency equations: for any policy 7 and any (h, s,a) € [H] X § X A,

QZ(Sa a) = rh(sv (l) + Ph,s,thTrJrh 2

where we use Py, s, := P( - |s,a) € [0,1]'*9 to represent the transition probability (row) vector
for the state-action pair (s, a) at h-th step. Similarly, we also have the following Bellman optimality
equation regarding the optimal policy 7*:

Q;(Sa a) = Th(sa a) + Ph,s,aV};_;,_l- 3)

Learning goal. In this work, our goal is to learn a policy that minimizes the total regret during 7'
episodes, defined as

T
Regret, = Y (Vi"(s1) = Vi (s1)) . @
t=1
in a computationally efficient and scalable fashion. Here, 7* denotes the learned policy executed in
the ¢-th episode, for every ¢ € [T].

3 Efficient and Agile Randomized Q-learning

In this section, we introduce a sampling-based variant of Q-learning, referred to as RANDOMIZEDQ,
which ensures the policy to be updated in an agile manner and enhances efficient exploration based
on random sampling rather than adding explicit bonuses.

3.1 Motivation

Before describing the proposed algorithm in detail, we first review the critical role of learning rates in
Q-learning to achieve polynomial sample complexity guarantees, and why such choices cannot be
directly extended to the context of Bayesian-based exploration.

The effect of learning rates in Q-learning with UCB bonuses. Upon observing a sample transi-
tion (sp, an, sp+1) at the h-th step, the celebrated UCB-Q algorithm [33] updates the corresponding
entry of the Q-values as:

Qh(3h7 Clh) <_(1 - wm)Qh(Sha ah) + W [T}L(S}H a’h) + Vh-‘rl(sh—i—l) + b’rn] )

where m is the number of visits to the state-action pair (sp, ay) at the h-th step, w,, = gjﬁl is

the learning rate and b,, is the UCB-style bonus term to drive efficient exploration. As detailed in
[33], such a learning rate of O(H /m) is essential to ensure that the first earlier observations have
negligible influence on the most recent Q-value updates.




Challenges in randomized Q-Learning. In the absence of bonus terms, the exploration is guided
by assigning higher weights to important states and leveraging the inherent randomness of sampling
from the posterior. As directly sampling Q-functions is computationally intractable [9], recent work
[10] encourages exploration by randomizing the learning rates according to Beta distribution with an
expected order of O(1/m). However, such a learning rate treats all episodes as equally informative,
which can result in high bias and an exponential dependency of the sample complexity on the horizon
H. To overcome the resulting exponential dependence on the horizon H, Tiapkin et al. [10] resort
to split the learning process, update the policy at exponentially slower frequencies, and reset the
temporary Q values to ensure enough optimism. While this strategy mitigates the sample complexity
issue, it suffers from practical inefficiencies due to discarding valuable data across stages, and is
unsuitable to deploy in time-varying environments. This inefficiency is empirically demonstrated in
Tiapkin et al. [10, Appendix I] and Section 5.

Thus, it naturally raises the question: can we simply randomize learning rates with an expected order
of O(H/m), as used in UCB-Q [6]? Unfortunately, randomizing learning rates with an expected
magnitude of O(H/m) rapidly forgets the earlier episodes that includes the initialization and thus
fails to maintain sufficient optimism.

3.2 Algorithm description

Motivated by these limitations, we propose an agile, bonus-free Q-learning algorithm for episodic
tabular RL in the online setting, referred to as RANDOMIZEDQ and summarized in Algorithm 1.

The main idea behind RANDOMIZEDQ is to update the policy based on an optimistic mixture of
two Q-function ensembles—each trained with a tailored distribution of learning rates—to balance
between agile exploitation of recent observations and sufficiently optimistic exploration. Specifically,
after initializing the counters, value and Q-functions (cf. Line 1 in Algorithm 1), if at the step & of
episode ¢, the current state is s, € S, the action ay, is selected greedily with respect to the current
policy Q-function @}, (sp, ) (cf. Line 4 in Algorithm 1). Upon observing the next state sj, 11, the
updates can be boiled down to the following key components.

Two Q-ensembles for adaptation and exploration. To ensure the mixed Q-function with the
learning rate scaled as O(H/m), we tailor the probability distribution of the randomized learning

rate as: ]

w, ~ Beta (L mino) v e [J],
where m records the total number of visits to the state-action pair (s, ay,) just before current visit
(cf. Line 5 in Algorithm 1), ng introduces pseudo-transitions to induce optimism, and x > 0 controls
the concentration level of the distribution and J is the size of temporary Q-ensembles. With these
randomized learning rates in hand, the corresponding entry of temporary Q-ensembles is updated in

parallel as:
Q) (snyan) (1 —wd Q% (sn, ap) + w, (rn(sh,an) + Vh+1(5h+1)), (%)

for any j € [J], where V}4; is the optimistic value estimate at the next step, computed before
processing the current transition and held fixed within this visit. As discussed in Section 3.1, such
a learning rate could guarantee a polynomial dependency on the horizon H, but lead to rapidly
forgetting the earlier episodes and assigning exponentially decreasing weights on the optimistic
initialization. To further emphasize the optimistic initialization, we also introduce another sequence
of Q-ensembles as follows: for any j € [J],

@?{j(sm ap) (1 —w)l) ~?{j(5haah) +whid (rn(sn,an) + ‘7;5+1(8h+1)), (6)

. b b
where the randomized learning rates are sampled from wﬁ;ﬂ ~ Beta (ﬁ, i ’jbn"

), m” represents the
number of visits during the current stage, and XN/)L’ 41 1s the value estimate updated in a stage-wise
manner and frozen for the current visit (cf. Line 21 in Algorithm 1).

Agile policy Q-function via optimistic mixing. Then, to promote optimism, the policy Q-function
is computed via optimistic mixing (cf. Line 12 in Algorithm 1). For the current state—action pair
(8n,an),

. -
QL (spyan) =nun %?ﬁ{@i’tﬂ(sh,ah)} + (1= nen) - QT (sny an), (7)



Algorithm 1 RANDOMIZEDQ

Input: Initial state s;, optimistically-initial value {V,2}, inflation coefficient «, k? >0, ensemble size
J, the number of prior transitions ng, no >0, and mlxmg rates {15}
: Initialize: 7 (s,a),n} (s,a),qn(s,a) — 0; Vi(s),VP(s) « V2 QJ (s,a),Q5 (s, a),
; (s,a) < rp(s,a) + V2, . forany (j, h,s,a) € [J] x [H] x S x A.
2: fort € [T) do

3: forh=1,...,H do

4: Play aj, = argmax,c 4 Qn(Sh, a) and observe the next state sp11 ~ Pr( - |sp, an).

5: Set m < np(sp, ap) and mP <—n2(sh7 ap).

6: /% Update temporary Q-ensembles via randomized learning rates. x/
7: for;=1,...,Jdo

b b

8: Sample wfn ~ Beta (£EL m4n0) and 27 ~ Beta (n" , I:E"(’)

9: Update le and Q h’] via (5) and (6).

10: end for

11: /* Update the agile policy Q-function by optimistic mixing. x/
12: Update the policy Q-function @, via (7).

13: /*Update the policy with step-wise agility. x/
14: Update policy W}L(Sh) arg maxge A Qn(sh, a).

15: /* Update Vh optimistically. x/
16: Update Vh(sh) < max e[ Qh(sh,ﬂ'h(sh))

17: /* Update visit counters. */
18: Update counter np(sp, ap )< np(sp,ap)+1 and nh(sh, ah) — n%(s;“ ap) + 1.

19: /* At the end of the stage: wupdate Qh s ﬂ'Z s Vh and reset n?l s

{Q 73} */
20: if 72 (sp, ah) [(1+1/H)?H | for the stage q = qn(Sn,ap) then
21: Update Qh(s;“ah) < maxje(s) Qh (8hyan), ™ (sp) + argmaxge 4 Qh(s;17 a),
and Vh(sh) — Qh(sh,ﬂ'Z(s;,))

22: Reset Q (sh,an) < ra(sp,an) + V2, for j € [J] and n} (s, an) < O.
23: Move to the next stage: qn(sn, an) <qn(Sn,an) + 1.
24: end if
25: end for
26: end for

and for all (s,a) # (sp,an), we keep Q)" (s,a) = Q% (s,a). Here, ~{,’tJrl(sh,ah) is the j-th

temporary Q-value, updated at the current visit of episode ¢ via (5), while the staged Qb 1 remains

fixed throughout the current stage and is optimistically refreshed to the ensemble maximum only
at the end of the stage (cf. Line 21 in Algorithm 1). Note that the first term—corresponding to the
maximum over J temporary Q-values—is updated every step, which allows RANDOMIZEDQ to
perform agile policy updates rather than the exponentially slower schedule that updates only at stage
boundaries. Such optimistic mixing allows RANDOMIZEDQ to remain responsive to new data and
adapt the policy efficiently without requiring periodic updates.

Reset for bias mitigation and optimism restoration. To mitigate outdated data and ensure opti-
mism, we reset the temporary Q-ensembles QZ’] according to the optimistic initialization V), ; and
the visit counter (cf. Line 22 in Algorithm 1) when the number of visits in current stage exceeds a
predefined threshold—specifically, when n;, ? (snyan) = |1+ 1/H )?H | for the g-th stage. Mean-
while, the staged value estimate Vh is greedily updated with respect to Q ;, at state sy, (cf. Line 21 in
Algorithm 1), which will be reused to update the temporary Q-values in the subsequent visits within
the new stage.



4 Theoretical Guarantee

In this section we provide both gap-independent and gap-dependent regret bounds for RANDOM-
IZEDQ, considering the worst-case scenario and favorable structural MDPs, respectively.

4.1 Gap-independent sublinear regret guarantee

To begin with, the following theorem shows that RANDOMIZEDQ has a v/T-type regret bound, where
the full proof is deferred to Appendix C.

Theorem 1. Consider § € (0,1). Assume that J = [c-log(SAHT/6)], x* = ¢ - (log(SAH/8) +
log(T)), and nf, = [c - log(T) - k], where c is some universal constant. Let the initialized value

. 0 __ - .. _ 1
function V) = 2(H — h+1) for any h € [H + 1], and the mixing rate 1, T where

q = q} (s}, al) is the stage index for any (t,h) € [T'] x [H|. Then, with probability at least 1 — §,
Algorithm 1 guarantees that

Regret, < 19) (\/ H5SAT) .

Theorem 1 shows that RANDOMIZEDQ achieves a gap-independent regret bound of 5(\/ H5SAT),
matching the guarantees of UCB-Q with Hoeffding-type bonuses [6] in episodic tabular MDPs. This
bound is minimax-optimal up to polynomial factors of H when compared to the known lower bound

of Q(VH3SAT) [6, 34].

Technical challenges. The primary challenge in analyzing RANDOMIZEDQ arises from several
subtle requirements on the randomized learning rates. Specifically, these rates must:

e be sufficiently randomized to induce necessary optimism;
e avoid excessive randomness that could incur undesirable fluctuations;

e support efficient exploitation of the most recent observations to avoid introducing exponential
dependence on the horizon H.

The subtle interplay among these conditions precludes the straightforward application of existing
analytical techniques from the literature. For instance, the optimism may decay exponentially
and be insufficient for sparse reward scenarios, so we re-inject the weighted optimistic values
into the Q-ensembles at every stage to ensure necessary optimism at every step. In addition, to
bound undesirable fluctuations of randomized learning rates, prior work [10] attempted to prove a
concentration inequality based on Rosenthal’s inequality [10, Theorem 6], which in turn requires a
martingale property of the so-called aggregated learning rates. However, the martingale property in
fact does not hold (detailed below), revealing a gap in their proof. We propose a new proof strategy
to bridge this gap and to extend the concentration inequality to our setting.

These challenges jointly necessitate a carefully constructed mixing scheme that balances the efficient
exploration and agile responses to latest observations, refined control of fluctuation and favorable
properties of learning rates to ensure that RANDOMIZEDQ attains near-optimal sample complexity
with agile updates.

Identifying and fixing a technical gap in the proof of [10]. While Tiapkin et al. [10] established
a comparable regret bound for Staged-RandQL, it turns out that analysis has a crucial technical
gap. Specifically, central to the analysis is to study the concentration of the weighted sum of the
aggregated randomized learning rates, defined as

m—1
k=0
) ] m—1 )
Wi =wly [J—wl), Vieim,
k=i



which involves bounding the sum

m

Z )‘i(W;Jn, - E[W;,m}) ) 3

=0

for fixed real numbers \; € [—1,1]; see the proof of Lemma 4 in Tiapkin et al. [10]. To this
end, Tiapkin et al. [10] asserted that the partial sums S; = >, _, )\k(W;“m — E[ijm]) form a
martingale with respect to some filtration F; (cf. Proposition 7 there, which was invoked in the
proof of Lemma 4 therein). The proof went on by a standard application of Rosenthal’s inequality
(i.e., Theorem 6 therein). To prove the martingale property, it was claimed that W;m is adapted to
Fi (cf. assumption of their Theorem 6), and W?'Am is independent of F;_; (cf. assumption of their
Proposition 7). Unfortunately, it is impossible to achieve both adaptedness and independence except
for trivial cases (e.g., deterministic learning rates), regardless of choice of F;.* Indeed, if {F;} is

such a filtration, then W7, being adapted means that all the randomness of W2, , W}, - W/ !

is contained in F;_1. As W;m is independent of F;_1, we see that W;m is independent with all

of WJQ_m, e W; L. By induction, we readily see that Wﬁm, -, W, are jointly independent.

However, since Z;ZO Wj’?ym = 1 [10, Lemma 3], such independence is not possible unless all
aggregated learning rates W;_’m, 0 <4 < m, are deterministic. Thus, Lemma 4 in Tiapkin et al. [10]
does not hold, thereby leaving a gap in the analysis. We fix this gap by introducing a reverse filtration
that is tailored to the form of the aggregated weights, and study (8) using a backward martingale
construction in contrast with partial sums with substantial new analyses. With this approach, we
established the correct concentration inequality not only for their setting but also for ours.

Memory and computation complexity. As the number of ensembles is J = O(1), the computa-
tional complexity is O(H) per episode and the space complexity is O(H S A), same as [10]. However,
we note that due to the use of optimistic mixing, RANDOMIZEDQ requires maintaining two ensembles,
which effectively doubles the memory and computational cost compared to Staged-RandQL [10].

4.2 Gap-dependent logarithmic regret guarantee

Note that such a v/T-type regret bound holds for any episodic tabular MDPs, which might not be
tight for environment with some benign structural properties. To this end, we further develop a
gap-dependent regret bound, which improves the regret bound from sublinear to logarithmic under a
strictly positive suboptimality gap condition, as follows.

Assumption 1 (Positive suboptimality gap). For any (s,a,h) € S x A x [H], we denote the
sub-optimality gap as Ap(s,a) = V¥ (s) — Q% (s, a) and assume that the minimal gap

Amin 2 : A , LIA | |
(s,0,n) ES X Ax [H] n(s,a)1{An(s,a) # 0} >0

Note that this assumption implies that there exist some strictly better actions (i.e., the optimal actions)
outperform the others for every state. This assumption is mild, as the minimal suboptimality gap
Apin = 0 only when the MDPs degenerates. Consequently, it is commonly fulfilled in environments
with finite action spaces, such as Atari-games and control tasks, and it is also widely adopted in prior
literature [21, 22].

Under this mild assumption, we have the following logarithmic gap-dependent regret bound, whose
proof is deferred to Appendix D. To the best of our knowledge, this is the first guarantee that shows
sampling-based Q-learning can also achieve the logarithmic regret in episodic tabular RL.

Theorem 2. Consider § € (0,1). Suppose all conditions in Theorem 1 and Assumption I hold. Let

the mixing rate 0., = gy, Where g = qy, (st al) is the stage index for every (t,h) € [T] x [H].
H

Then, Algorithm I guarantees that

HSSA

min

E[Regrety] < O ( log5(SAHT)> .

*Tiapkin et al. [10] chose a filtration {F;} to which W;m is actually not adapted.



Note that the above logarithmic regret bound holds for RANDOMIZEDQ without assuming any prior
knowledge on the minimal suboptimality gap A, during implementation. As shown in Simchowitz
and Jamieson [35], any algorithm with an Q(1/T) regret bound in the worst case, has a log T-type
lower bound of the expected gap-dependent regret. Also, our bound matches the expected regret for
UCB-Q [6] under the same condition (i.e. Assumption 1) for episodic tabular MDPs [21], which is
nearly tight in S, A, T up to the log(SAT') and H factors.

S Experiments

In this section, we present the experimental results of RANDOMIZEDQ compared to baseline algo-
rithms, using RLBERRY [36], in the following two environments. All the experiments are conducted
on a machine equipped with 2 CPUs (Intel(R) Xeon(R) Gold 6244 CPU), running Red Hat Enterprise
Linux 9.4, without GPU acceleration. The corresponding codes can be found at

https://github.com/IrisHeWANG/RandomizedQ

which is built upon the implementation of [10], using the RLBERRY library [36].

A grid-world environment. We first evaluate performance in a 10 x 10 grid-world environment as
used in Tiapkin et al. [10], where each state is represented as a tuple (4, j) € [10] x [10], and the agent
can choose from four actions: left, right, up, and down. The episode horizon is set to = 50. At
each step, the agent moves in the planed direction with probability 1 — € and to a random neighboring
state with probability e = 0.2. The agent starts at position (1, 1), and the reward is 1 only at state
(10, 10), with all other states yielding zero reward. We also examine the performance in a larger
25 x 25 grid-world environment, where the agent receives a reward of 1 only at state (25, 25), with
the episode horizon set to I = 200. Compared to the 10 x 10 setting, the reward is significantly
sparser. The corresponding results are shown in Figures 1a and 1b, respectively.

A chain MDP. We also consider a chain MDP environment as described in Osband et al. [11],
which consists of L = 20 states (i.e., the length of the chain) and two actions: left and right. The
episode horizon is set to H = 50. With each action, the agent transits in the intended direction with
probability 0.9, and in the opposite direction with probability 0.1. The agent starts in the leftmost
state, which provides a reward of 0.05, while the rightmost state yields the highest reward of 1.
Additionally, we evaluate performance in a longer chain MDP with L = 50 states and a horizon of
H = 100. The corresponding results are shown in Figures 1c and 1d, respectively.

Baselines and experiment setups. We compare RANDOMIZEDQ with (1) UCB-Q: model-free
Q-learning with bonuses [6] (2) Staged-RandQL [10]: the staged version of RandQL with theoretical
guarantees (3) RandQL [10]: the randomized version of UCB-Q, without provable guarantees. For
all algorithms with randomized learning rates in both environments, we let the number of ensembles
J = 20, the inflation coefficient x = 1, and the number of pseudo-transitions ng = 1/.5, where S
corresponds to the size of the state space in different environments. For RANDOMIZEDQ, we set
the mixing rate n;, = (v/(1 +1/H)9H + 1)~!, where ¢ = ¢! (s}, a}), V(t,h) € [T] x [H]. For
fair comparison, we run 4 trials per algorithm and show the average along with the 90% confidence
interval in the figures above.

Results. From Figure 1, RANDOMIZEDQ exhibits significantly improved performance across all
environment sizes, achieving substantially lower total regret. Unlike UCB-Q, which suffers from
excessive over-exploration, and the Staged-RandQL that adapts the policy only at the end of each
stage, RANDOMIZEDQ effectively balances exploration and exploitation through randomized learning
rates and agile policy updates. We also observe that RANDOMIZEDQ performs even better than
the empirical RandQL that lacks theoretical guarantees in prior work [10], especially for larger
environments with more sparse rewards. These results validate the effectiveness of sampling-driven
updates without explicit bonus terms and highlight the benefit of avoiding stage-wise policy updates
in model-free reinforcement learning.
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Figure 1: Comparison between RANDOMIZEDQ and baseline algorithms in the grid-world envi-
ronment (cf. the first row) and the chain MDP (cf. the second row), where total regret is plotted
against the number of episodes. RANDOMIZEDQ consistently achieves lower regret than UCB-Q,
as well as both the standard randomized Q-learning (i.e., RandQL) and its stage-wise variant (i.e.,
Staged-RandQL), demonstrating superior sample efficiency and faster learning processes.

6 Conclusion

In this work, we study the performance of Q-learning without exploration bonuses for episodic
tabular MDPs in the online setting. We identify two key challenges in existing approaches: the
additional statistical dependency introduced by randomizing learning rates, and the inefficiency of
slow, stage-wise policy updates, as the bottlenecks of theoretical analysis and algorithm design. To
address these challenges, we develop a novel randomized Q-learning algorithm with agile updates
called RANDOMIZEDQ), which efficiently adapts the policy to newly observed data. Theoretically, we
establish a sublinear worst-case and a logarithmic gap-dependent regret bounds. Empirically, our
experiments show that RANDOMIZEDQ significantly outperforms than baseline algorithms in terms
of total regret, due to the effective exploration and agile updates.

There are several promising directions for future research. For example, extending our analysis
to function approximation settings—such as linear or neural representations—would significantly
broaden the applicability of RANDOMIZEDQ [37, 38]. In addition, incorporating variance reduction
techniques could further improve the regret bounds and potentially match the theoretical lower bounds
[7,22].
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A Notation and Preliminaries

Before proceeding, we first introduce the following notation with the dependency on the episode
index t and its short-hand notation whenever it is clear from the context.

e n! (s,a), or the shorthand n! : the number of previous visits to (s, a) at step & before episode
t.

° n;’t(s, a), or the shorthand n;’t: the number of previous visits to (s, a) at step h during the
current stage that the episode ¢ belongs to.

e ¢! (s,a), or the shorthand ¢} : the stage index of the i-th visit to (s, a) at step  and episode
t.

e (i (s,a), or the shorthand ¢': the episode index of the i-th visit to (s,a) at step h; by
convention /° = 0.

o EZ’flh(s, a), or the shorthand ¢;: the episode index of the i-th visit to (s, a) at step h during
the stage ¢; by convention, £ = 0 and KZ:(,JL(S, a) represents the episode when the g-th stage
starts for (h, s, a).

o ¢, =[(1+1/H)?H]: the length of the ¢-th stage; by convention, e_; = 0.

e J: number of ensemble heads (temporary QQ-functions) per episode.

° Qvfl’t(s, a): j-th temporary (ensemble) estimate of the optimal Q-value at the beginning of

1 t —
episode ¢, where the randomized learning rate follows Beta(%, %)

) Qv',’l] ’t(s7 a): j-th temporary (ensemble) estimate of the optimal Q-value at the beginning of

bt b
episode ¢, where the randomized learning rate follows Beta(-, %ﬁ”’l)

. @Z’t(s, a): the optimistic approximation of the optimal Q-function updated at the end of
each stage.

e Q! (s,a): the policy Q-function at the start of episode ¢; its update at the visited pair (s}, a},)

is
~J ~b
Qh(sh,ah) = m—1,n né%@jf(sz, ap,) + (1= me_1.0)@p" (55, af,)- 9)
J

~ i b0 ... . . . . . . .
) V}f , V,*: optimistic value estimation of the optimal value function at episode £ and £.

e 7} : the learned policy used at step & in episode ¢; the action a}, is drawn from the learned
policy 7}, at state s}, for any (h,t) € [H] x [T].

For analysis, we also introduce the following notation.
e so: the optimistic pseudo-state sg with
rn(so,a) =10 > 1, pp(so|s,a) =1{s=sp}.
o V*(sp): the cumulative return obtained by always staying at the optimistic state sy from

step h, i.e., V¥ (so) = ro(H — h+1).
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° no,nb: rior pseudo-transition counts; thereby, each state-action pair (s, a) starts with ng
0P p y p
prior pseudo-transitions, leading to

wg ~ Beta((H—i— 1)/k, no/n), wg’j ~ Beta(l/ﬁb, n%/ﬁb), j€lJ].

o [int(p, pt): the information-theoretic distance between some measure p € PJ0,b] and
€ [0,b], defined as
Kint (p, 1) = inf{KL(p, q) : ¢ € P[0,b],p < ¢, Ex~g[X] > i},
where P[0, b] denotes all probability measures supported on [0, b].
e §,: Dirac measure concentrated at a single point x.
o [n]: the indexing shorthand; for a positive integer n, we write [n] == {1,2,...,n}.
o || X||,: the £,-norm of a vector X € R™ where p > 1; formally defined as

X1, = ().
=1

e (x)i: Pochhammer symbol, i.e., for k € N,

(@) =ax(x+1)---(x+k—1). (10)
e 1{z > ¢}: an indicator function that equals 1 when = > ¢, and O otherwise.
e | X|: the cardinality of the set X.

e A< B:means A < ¢B for some universal constant ¢ > 0.

e N*: the set consists of the positive integers, i.e., {1,2,3,...}.

Beta distribution. We recall the definition and important properties of Beta distribution [39, Section
2], which is used in the follow-up analysis.

Definition 1 (Beta distribution). A continuous random variable X is said to follow a Beta distribution
with shape parameters o > 0 and 3 > 0, written as

X ~ Beta(a, 8),
if its probability density function is
1

fx(x|a,p) = 21— z)f 1, 0<x<1,
(@laf) = g 1-a)
) . I'(a)T( ..
and fx(x) = 0 otherwise, where the Beta function B(a, ) = Tlath) serves as the normalizing
e

constant.

Lemma 1 (Moments of the Beta distribution). Let X ~ Beta(a,b) with a,b > 0, and recall the
Pochhammer symbol (x)y, defined in (10). Then, for any positive integer r,

: (a),
E[X"] = . 11
X = s an
In particular, the expectation and variance of X are
a ab
E X =, V X = . 12
[ ] Cl+b ar( ) (a+b)2(a+b+1) ( )
We next collect a few auxiliary lemmas used in the proofs.
Lemma 2. Foranya,b> 1,k > 0, we have
a a+kK a
< 1)- . 13
a+b_a+b+n_(ﬁ+ ) a+b (13)
In addition, for any r € N4,
a—+ Tk a—+kK (14)

a+b+rk _r.a—l—b—i-/@'
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Proof. The following proves (13) and (14), respectively. We start with the lower bound of (13).

t
Define f(t) = #—l’)——kt for ¢ > 0. Then f/(t) = [CETFE > 0, so f is increasing. Hence
f(0) = o i ; < f(k) = %. Moving to the upper bound, it is equivalent to show

(a+k)(a+b) < (k+1ala+b+ k).
Expanding and rearranging leads to
(k+1)ala+b+ k) — (a+k)(a+b) = k(a®+ab+arx — b) >0,
which holds if ¢, b > 1 and k > 0.
We now show (14). Let » € N and
L=(a+rk)(a+b+k), R=r(a+kr)la+b+rk).
We prove L < R by first computing
R—L=r(a+k)(a+b+rk)—(a+re)(a+b+K)
=(r—1) [a(a +b) + k(a(r+1) + m‘)} > 0,
because each bracketed term is non-negative and  — 1 > 0. Dividing by the common positive factor

. +rK a+ kK
b b 1d
(a+b+rkr)(a+b+ k) yie Sa+b+rn_ra+b+m

. All statements are therefore proved. [

Lemma 3 (Rosenthal inequality, Theorem 4.1 in [40]). Let X1, ..., X,, be a martingale-difference
sequence adapted to a filtration {F;}i=1,. . n:

E[X; | Fi_i] = 0.

Define V; = ]E[Xf | Fi—1]. Then there exist universal constants c¢i and co such that for any p > 2
the following holds

El/P l

P p/2

n
< Cyp*/?EY/P Z Vi

n
> Xi
i=1 i=1

+2Cop - EY/P {m?)](|Xi|p:| :
1€[n

Lemma 4 (Corrected version of Lemma 12 in Tiapkin et al. [10].%). Letv € P([0, b]) be a probability
measure over the segment [0,b] and let v = (1 — )0y, + « - v be a mixture between v and a Dirac
measure on by > b, where o € (0, 1). Then for any p € (0, b),

K:inf(pa,u) S a’Cirlf(V7 ,u) (15)

Proof. From Tiapkin et al. [10, Lemma 9], for any probability measure v € P[0, b] and p € (0, b),

Kint (7, 1) = aeplax Ex~p[log(l = A (X — u))].

The support of ¥ is contained in [0, by, so for any A € [0,1/(by — )],
Ex~z[log(l = A(X —p))] = (1 —a)log(1 — A(bo — 1)) + aEx~y [log(1 = A(X — p))].
For every admissible A we have 0 < A(bg — p) < 1, s0 log(1 — A(bg — 1)) < 0. Hence

Icinf(ﬂ7 ,U/> < aEXNV [lOg(l - )‘(X - ,LL))] .
Because by > b, the interval [0, 1/(by — )] is a subset of [0, 1/(b — p)]. Taking the maximum over
the smaller interval leads to

Kintg (7, p) < aog)énl%{b—#) Ex~. [log(l - AX - M))] = a Kt (v, p).

O

SWe clarify an earlier oversight in Tiapkin et al. [10, Lemma 12] by properly accounting for the Dirac
measure’s contribution, which was previously incorrectly separated after applying the variational formula—
specifically, Lemma 9 in [10]. Consequently, the right-hand side of (15) is now scaled by «;, instead of the 1 — «
factor used in [10].
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B Reformulation of the Update Equation and Aggregated Weights

In this section, we rewrite the update of each temporary ()-function for every trajectory ¢ € [T'] and
j € [J] by recursively unrolling the update (5) and (6), for each (h, s,a) € [H] x S x A.

For the ease of notation, we denote m := n' (s, a).
Unrolled update for @{Lt For each (j7t h) e [J] x [T] x [H], we can unroll (5) by
Q' (s0) = Q" s ) = (L=l G (sia) + wduy [ralsi0) + V(51

A ) = (=) @ (i)l s, @) + T (5]

Q" s,0) = (1~ ud) - G (s, 0) + uf [ra(s. @) + V(i)
QI (s,a) = ri(s,a) + Vi (i),

where we define V') (sk,,) = V2, ,. Form > 1, let Wy, = (W%, ..., W} WP ) be the
aggregated weights defined as

m—1 m—1
Wi, = Tla-ud e wi, ol Tla-ud. vicml a0
k=0 =1

H+1 k+n0 )

where w’ . is sampled from Beta (= Then, we have

Qi'(s,a) = (s, +Z o [Vl )] (a7

Unrolled update for @;t Suppose that ¢ is the stage index of the episode ¢ on (h, s, a). We let e,
be the length of the g-th stage.

Similar to the above unrolling steps for @{l’t, we define the corresponding aggregated weights as: For
the g-th stage, let W;’ = (I/Vb 0 ol sy Wb e") be the aggregated weights at the defined as

dreq? ' dreq
eq—1 eq—1
W= TTa—w’?) and W2 =uw’ (1—w?), Vié€[e,] (18)
ja = wyy) an da = Wil Yhyq b= 1Eqls
k=0 k=1
byj 1 k4nd
where w, " is sampled from Beta(, —52).

For each (¢, h) € [T] x [H], as shown in (6), @;’t(s, a) is updated via the most recent e,_; samples
before the g-th stage. Thus, for any ¢ > 1, we have

€q-1 by bi
~b, b,z ~b,£q’71 eq,—l
5 (s,a) = ra(s,q) +§f1€?ﬁ{ E : Wja-1 |:‘/h+1 (sn'1 )] } : (19)
=0

B.1 Properties of aggregated weights

In this section, we mainly discuss the properties of the aggregated weights W ,,, for any m > 1.

To begin with, from (16), we can verify that the sum of the aggregated weights is equal to 1, i.e.,

m—1

S wi,, 7H1fwk+zwlln (1-wl)=1 (20)
i=0 k=0 k=i
In the following proposition, we further show some desirable properties regarding the expectation

and variance of the aggregated weights W; ,.
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Proposition 1. The following properties hold for the aggregated weights W ,, ¥j € [J],m > 1:

(i) The moment of the aggregated weights is given by:

4 no (sl | (),
E[(W; )1 = e | e @1
" j=i+1 (H+n0+j)d (m%)d
(ii) The upper bound of expectations and the sum of variances:
H+1 — , (H+ 1)k
max E W’ - Var[W! | < ———; 22
maxEW},| < e Z Wiml < T (22)
(iii) For everyi > 1, we have
= , 1
D EW <1+ . (23)
Proof. We prove each item separately.
(i) Directly follows from Wong [41, Section 2].
(i) Similar to Jin et al. [6, Lemma 4.1], we have that for ¢ € [m]
E[WZ }_ H+1 ng +1 no+1i+1 ng+m—1
I Hang+i \H+ng+i+1H+ny+i+2 H+ng+m
_ H+1 ng +1 no+t+1 ng+m-—1
C H4ng+m\H+no+iH+ny+i+1 H+ng+m—1
H+1
~H+nyg+m’

Thus, max;c, E[W;m] < #ﬁim holds. From Lemma 2 and (21),

Var(W ] = B[(W},,)%] ~ E[W} )

Jm
m .
; no+j—1+k H+1+ck ;
j:i+1H+n0+‘7+K H4+no+i+r

H+1+k& ,
WL —— —EW!
BVl (e ~ BV

H+1
< KE[W? _
K [ ]m] H+7’L0+m’
and thus
- , H+1 (H+ 1)k
Var[W? | < E[W. < = 7
2 NVlWin) <0 g (Z )‘H+no+m’
where the last inequality used Y\ | E[W; ] < " (E[W!, ] =1 (recalling (20)).
(iii) Following Jin et al. [6, equation (B.1)], it also holds for any positive integer n, k and n > k
n+mn n+ng—k n+nyo—k)n+ny—k+1
0 _ 14 0 +( 0 —k)( 0 )+ (24)
k n+mno+1 (n+no+1)(n+no+2)

which can be verified by induction. Specifically, we let the terms of the right-hand side be

n+ng—k n+no _ i _ n+n0 k n+no—k+j
T ... Then, we will show Dm0 = H] e

o = ]. T =
by induction.
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e Base case when ¢ = 1: It can easily verified that

n + ng 1 n+nyg—k (n+ng—k)(n+nyg+1-k)

k T ntmng+1 E(n+mno+1)

e Suppose i = r, the claim holds, i.e., 2420 — Z;ZO T = W ]_[; L %ﬁ Then,
fori = r + 1, we have

n+n n+ng—kyrntng—k+j T+1n+n —k+45-—-1
nT o Z$3—$r+1 0 H 0 J_H 0 J

k ey n+ng+J e n+ng+jJ
_n—i—no—k Hn+n0_k+j[1 k n+ng—k }
o k n+ng+jJ n+ng—k n+nyg+r+1

J=1

_n+ng—k ﬁn+n0—k+jn—|—n0—k+r—|—l
o k i n+ng+jJ n+ng+r—+1
r+1 .
_n+ng—k Hn+no—k+j
k n+no+j

Jj=1

By letting ¢ — oo, we obtain (24). Thus, we have

io:]E[Wi]— Hil (, i+ no i+ no i+mno+1

P H 4mg +i H+no+i+1 H4ng+i+1H+ng+i+2
_ H+1 H+n0+i71+1
 H4ng+1 H N H’

where the second equality uses (24) withn =i+ H and k = H.

B.2 Concentration of aggregated weights

For notational convenience and clearness, we slightly abuse the notation by ignoring the dependency
on the ensemble index j, while the following concentration lemma of the aggregated weights holds
for any j € [J].

Lemma 5. Let \g, A1, Ao, - - - , Ay, be nonnegative real numbers such that \; < 1,1 =1,2,--- ,;m.
Then, with probability at least 1 — é, we have

ZA wip) < 1\/(HHW log™(T/6) |, (H + 1)xlog*(T/9)

2
H+ng+m H+ng+m
where c1 and co are some positive universal constants.

)

Proof. By definition, we can find independent random variables wy, - - - , w,,—1 such that w; ~
Beta(£+L, 2ott) and
m—1
wo =] —w), Wh=wia [[JQ-wp), 1<i<m (25)
k=1 i
Let F_; be the o-algebra generated by w,—1, Wim—2, - - - , Wm—4, With the convention that F_g = Fy
is the trivial o-algebra. In the same spirit, denote
Soi= Y MWhE-EWE]), i=01,- m. (26)
k=m—i+1

For conceptual reason, we will use the notation S_o to denote the sum S (W —E[WE]),
which corresponds to S_;,, 1 1) in the above notation.
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We view Fy C F_1 C --- C F_,, as areverse filtration, and consider the backward martingale
M_; =E[S_o|F—i], i=0,1,--- m. 27
It is clear that My = E[S_ ], while M_,,, = S_,. Therefore

> X (W), —E[W]) = S0 — E[S_oo] = M_p, — M.
=0

‘We may then apply the Rosenthal’s inequality (i.e., Lemma 3) to obtain

» 1/p
(B0~ 5D < Oy (BL0)721) "+ Cp (E[ max [M_; — M__1) p])

1<i<m

i=1

m 1/p
<ovp (Bl0n22) "+ op (ZE[M_i—M(i1>|p]> e

where
m

(M) =Y E[(M_ = M_i_1))*|F—(i—1))-

i=1

To proceed, we calculate the martingale difference M_; — M_(;_y) for any i € [m]. To simplify the
resulting expressions, we will denote

m—i—1 m—1 m—i—1
T_;:=MXo H (1 - wj) + Z AL Wh—1 H (1 - ’LUJ)
=0 k=1 j=k

With this notation in hand, we can decompose S_, by

m—i m
Sooo = Amir (W™ =B ) + > MW —E[WED + > A (W —E[W},
k=0 k=m—i42
m—1 m—1
= )\m,l‘Jrl W —i H (1 — wk) —E Wm—i H (1 — wk)
k=m—(i—1) k=m—(i—1)
m—1 m—1
+ (T_i IT a—wo-E |7 ] (1—wk)D
k=m—1i k=m—i

S A (wh B,

k=m—i+

[ V)

where only the first two terms involve the observation wy, ; = F_; \ F_(;—1). Then for i € [m],

M_j—=M_(;—1) = E[S—o|F_i] = E[S_co|F_(i-1)] (29)
m—1
= Am—it1 (Wm—i — Ewpm—]) (1 —wg)
k=m—(i—1)
m—1
+ET] I (= w) (L= wimi) = B[l = wyi])
k=m—(i—1)
m—1
= Amoit1 —E[T]) - (Wi —Elwn, i) [ Q—we), G0
k=m—(i—1)

where the last line is from E[1 — wy,—;] = 1 — E[w,—].
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By our assumption |\;| < 1,4 =1,--- ,m, it can be readily checked that

m—i—1 m—1i m—i—1
1T-| < H (1—wj)+z Wk—1 H 1-w;)| =1, Vi={l,....,m}.
J=0 k=1 Jj=k

Consequently, the absolute value of the martingale difference can be bounded above by

m—1
IM_; — M_(;_1)| < 2wpm—i — Elwm]l [ (1 —wp). (31)
k=m—(i—1)

Recall that (M) _p,, .= 31" | E[(M_; — M_(;_1))?|F_(i—1)]. Together with (31), we have
2

m m—1
(M) <23 E { [wni — Elwn-i]l  [] (0 —w)|F oy (32)

=1 k=m—(i—1)
m m—1

=2 ZVar[wm_i] H (1 —wy)?
i=1 k=m—(i—1)
m—1 m—1

=2 Z Var[w;] H (1 — wy)?
i=0 k=i+1
5 A(H +1)(n +1) e :

§2i:0 (H+1+n0+i)2(H+1+n0+i+n)kgrl(l wes B9

where the second equality is due to the change of index, and the last inequality follows from (12).
We may then apply triangle inequality to obtain

m—1 ] o p/2
H +1)(ng +1)
EXP (M2 < Y 2 A( wo/o o
[< >—m} — = (H+1+n0+2)2(H+1+n0+Z+K;) k:|i+| 1( U)k)
= ; m—1 2/p
3 k(H +1)(ng +1)
= 2 E 1_ . |
 (H+14no+i)2(H+14n0+i+ k) k=i+1 (=]

for p > 2. Note that 1 — wj, ~ Beta(Zet HEL) directly from the definition 1. Thus, By (11), we
have

m—1 m no+k—1 p—1 . . p

(Ro )p ng+i+1+7rk ng+i+1+k

E 1 —wg)? = f < <pl| o,
kg_l( k) kg_Q(HJF”OJFk)p_T[[()H+no+m+rn_p H+nyo+m+«k

K

where the last inequality is from Lemma 2. Therefore, we can obtain

—1

, 2/1) m /{(H+1)(n0+l) 77,0+Z+1+I€ 2
E[(M)2]) " <2 R ey
( [< >—7n]> = Z(H+1+n0+2>2(H+1+n0+Z+H)(p) H+n0+m+f€

=0

< 2,%p2

H+1+4k ’"z‘:l no+i+k
(H+ng+m+k)? ~ H+1l+no+ite
H+14+k b o H+1
_ <2 1 _—
P H+ng+m+r — (e + )pH+n0+m
where the first and last inequality are due to Lemma 2 (i.e., (13)), the second inequality uses the facts

that p! < p? and A9 <1 forevery i = 0,...,m — 1, and the third inequality is from the

fact that the summation term is less than m.

< 2kp?

Therefore,
(H+1)

_ 34
H+ng+m 34

(Era02]) " < 2p( 4 1)
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We turn to bound E[|M_; — M_;_1)|P] for i € [m]. Itis clear from (31) that

m—1 P

E[|M_i = M__1)|") <E | [2lwp—s —Blwn ]| [[  (1—ws)
k=m—(i—1)
m—1
< S"E[u, E[(1 - wy)
k=m—(i—1)
— R[]

where the second inequality uses |wy,—; — E[wy,—;]| < 2PTw? .. and the equality is from (25)
where Wm—it1 = 4, [} —(i—1)(1 —wy) for i € [m].

From Proposition 1, we have that for any i € [m],

. m <n0+j—1)p (H—i—l)p
1 \p] — K . K
4 [(Wm) ] - H (H+no+j) (H+Tbo+i)
j=i+1 K p " p
p—1

H+1+17rk ﬁ no+j—1+rk

< - -
i H4+no+i+rs ]:_HH—i—no—i—]—H%
p—1 P
< re(H + 1) <l (H+ 1)k
outr H+n0+m H+ng+m
Thus,
m 1/p m 1/p (H+1)
E[|M_; — M_;_p < [8* STE[(Wm-ityp < gml/rp—— I (35
(Somar-areapt) < (w3 omorgetyl) <o D s

Substituting (34) and (35) into (28) leads to

p}(k+1)2(H +1) L 8C - mi/ry? (H+ 1)k .
HA+ng+m H+ng+m

EYP(|M_,, — M|"] < 20\/

Note that by definition, m = n} (s, a) < T always holds for any (h,t,s,a) € [H] x [T] x S x A.
Let p = [log(T/)] > 2 and thus m'/? < e since m!/? < e(1°87)/P_ Finally, by Markov inequality

with ¢ = 200/ EUGEPog TD | 5ga UL TI0) e ae
m . , EVP (IS (Wi —EWED [T\ 1

IP[ZAZ» (W;—E[WM)m]s( 2oz (W = BOV)TL) o (L yrstron <
=0

O Sle

which finishes the proof.

In addition, we also have the following lemma regarding the concentration of qu for any stage ¢ > 0.
We omit its proof since it is similar to Lemma 5 .

Lemma 6. Let Ao, A1, A2, - -+ , A, be nonnegative real numbers such that \; < 1,4 =1,2,--- , e,
Then, with probability at least 1 — 6 /T, we have

< (1*)21og*(T/9) a8 > log®(T/9)

(WbZ, sz]) -
1+ny+eq 1+n0+eq

)

where ¢ and cg are some positive universal constants.
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C Analysis: Gap-independent Regret Bound

In this section, we present the detailed proof of Theorem 1. Before proceeding, we first rewrite the
update of policy Q-function by unrolling the updates of temporary Q-functions (i.e., equations (17)
and (19)) as

. -
Qn(shs 1) = My B e {Qif(sth, ‘12)} =7, (st ah) (36)
= ra(shs i) + Mymt jrel?ﬁ { Z Vh+1 5h+1)}
€q—1 . bé i
+(1—7] h.h ]H;?f{zwaé 1 h+1 ( h+1)} 37N

for each (¢, h) € [T] x [H], where in the notations we omit the dependency of ¢ regarding the step h
and the episode ¢ for simplicity and let n!, be the number of visits of the state-action pair (s}, a})

before episode ¢ at step h such that £ be the index of the last visit of the state-action pair (sh,at)
at step h. The properties and the concentration inequality of the aggregated weights (i.e., W nt and

W]b 4—1)» proved in Appendix B.1 and B.2, will play a crucial role in the following analysis.

C.1 Proof of Theorem 1

To control the total regret, we first present the following lemma regarding the optimism of the policy
Q-function @, for any (¢, h,s,a) € [T] x [H] x S x A, where the detailed proof is postponed to
Appendix C.2.

Lemma 7 (Optimism). Consider § € (0,1). Assume that J = [c-log(SAHT/)], k> = ¢ -
(log(SAH/5) + log(T)), and n}) = [c - log(T) - K°], where c is some universal constant. Let
the initialized value function V. = 2(H — h + 1) and the mixing rate n., € (0,1) for every
(t,h) € {0,1,...,T} x [H]. Then, for any (t,h,s,a) € [T] x [H] x S x A, with probability at
least 1 — 0, the following event holds

0<(Lnp ) Qh(s.0) < Qh(s.0)

Define

Vi (sh) = Qh(sh m,(sh)) = max Qi (s}, a). (38)

Note that Lemma 7 implies that for every ¢ € [T,

1
Vi (s1) = max Q(s}, a) £ ———— maxQ{(s},a)
a 1-— nf”’z,h a
1 1
= ——Qlhal) = T—— V(D (39
- nz’"i,h - UZTL;l7h
Thus, we can decompose the total regret as
T T T e
Regret, = V- 5t + Ll

where we denote the performance gap as &}, = (V}! — Vh’rt)(SZ) forevery (t,h) € [T] x [H].
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Note that Qh (sh,ab) =V (st ;) . Then, for any fixed episode t € [T] and step h € [H], we
decompose the performance gap 5t

B, < (Ql — Q1) (shal) + (Qh — Q) (sh.a})
< (@4 — Q1) (5hoa) + Paog g (Vires — Vil

< (Q}Z - QZ) (sh»ah) + (V}f-&-l - V;fh) (SZ-H) - (V}f-s-l - Vh*+1) (524-1)
=:47

—.ct
h+1 =&}

+ P st at (Vh*+1 - Vhﬂ-i-l) - (V;:H - Vfle) (She1)s

—.rt
= Th41

where the second inequality is from the Bellman equations (2) and (3). Together with the update (36),

) .
O < My, s { QR sh ) = Qilsho ah) + H p 4+ (1= I{ @R (sho oh) — Qi(of o)}

=i =t
+ 01 = S + Tigr — Mg, 1 (40)

The main idea of the proof is to show that the performance gap J}, can be upper bounded by some
quantities from the next step h + 1, and correspondingly, the total regret can be controlled by rolling
out the performance gap over all episodes and steps.

Next, the following lemmas present a recursive bound for ¢} and ¢ Z’t, respectively. The proofs are
deferred to Appendix C.3 and C.4.

LemmaS(RecI;lrsive bound for C}tl)’.c Cl‘onsider5 € (0,1). Foranyi € [m], let a9, =[], g(js_t:;é
P 1 -
and o, = H+r-:_o+z | g‘j‘iﬁk, where m = nl, (s}, al ). Then, for any (t,h,s,a) € [T] x

[H] x S x A, with probability 1 — §, we have

0< ¢ <200,V + Zain ((Vhe+l - Vf:-s-l) (Sh+1) + H) + 0, 41

i=1

it —O (/- HD? (H+1)*
where bﬁz =0 ( H+no+m + H+n0+m)'
Lemma 9 (Recursive bound for CZ’t). Consider § € (0,1). Forany (t,h,s,a) € [T] x [H] x S x A,

we let ¢ = ¢}, (s, a) represent the index of the current stage and e,_ be the length of the prior stage
for q > 1. Then for any t € [T, with probability at least 1 — §, we have

€g—1 .
b, < 1 ~b02" . o “b,
0< Cht < (Z Tte, (Vh+1 - Vh+1> (8h+1) +b t) ‘g =1} + Vi - 1{qg =0},
i=0 9=
(42)

where E;t =0 ( M)

€q—1

We denote & = (‘7,5 - V;f) (st)+ H and é,blt (Vhb’t -V ) ¢). Combining Lemma 8 and
Lemma 9 with (40), we have that for any (¢, h, s,a) € [T] x [H] x S x A within the stage ¢}, > 1,

”h
t 0 1,0 L é b h b, 7h,t
o, SQ%; Vi1 + Monty Z%;fhﬂ + 1+eq Z £h+1 + Myns, hbh + (1 - 7L;17,l)bh
=1 - 1=0

+ (Oh1 = Ehar + Thar) — Mgty H,
and during the initial stage ¢!, = 0

t
'y

Lo s .
8 < 202; Vier1 T, 4, Z e Eppa +op,+ (1 — Nyt ,h)vi?Jrl + (1 —Ehar +That) — Nont,  H-
i=1
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Define bj, = 1,1 hBI;L (@ =mm ) by"1{q!, > 1}. Thus, summing over ¢ from 1 to T leads to

T T
Soon< > o+ Z 5,
t=1 tqi_O t:qf >

m . T (L= ng )q, 21}, s

i =i Znhh h "‘bz
<2Za th+1+Z77£n Zanz§h+1+z 1+ e, thﬂ
t=1 =1

=0

T T
+ Z bt + 5]t1+1 - é-}tl+1 + T}s+1 - nenz h Z Vh+1 (43)
t=1 Z:

The first term on the right-hand-side of (43) can be bounded by

T ng(s,a) 00
2 ZO‘?L; Vi1 =2 Z Z O Vip1 <2 Z Z a%; Vi1 < 2n0SAV)) 4,
t=1 (s,a)eSxA m=1 (s,a)eSx Am=1
(44)
where the last inequality is from
ooy h H+n0 H—|—7’l0+1 H+n0 H-1 H-1
For any (¢, h) € [T] x [H], let the mixing rate be chosen as
1 1
M= ——g = —, (45)
Ve, (L +1/H)%WH + 1
which is non-increasing in ¢ along the visits to any fixed (h, s, a).
For the second term of (43), we have
T 7 _
. g
22 ek O i = S &Y hZa =)
t=1 i=1 t=1 t=t'
— ;' nf,
- Z Sht1 Z Mgt b O,
=1 t=t'
T o oo o
< ZE (Itnff/( ne”i,h) Z am'
t'=1 - m=nt'
h
TR
o
<(1+5) 2 (46)

where the penultimate inequality uses the non-increasing property of {; n L, along the visits to

any fixed (h, s, a) and the last inequality follows from Proposition 1. Note that 5;; 41 < 3H for any
t € [T). Thus,

n h

53 gy G SH Z%n
t=1 i=

1
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To control the third term of (43), note that by (45) ensures, the sequence {7, } is constant within
each stage for any fixed (h, s, a). Following Zhang et al. [7], we have

(L= )M 2 1) by

T
ZZ 1+’Ef €h+1

0
(L=, ) Hah > 1}

:Z Lt+eq_ Z:é’blilz:]l{gq—l t'}

eqt 1

t=1 t'=1 =0
B igi’il (1 n?lfL,h)l{qz > 1) i e i)

=1 t—1 + €1 i=0 R
< (Hi)Qi(lf W (47)
= H P M ,h)Sh+1s

where the proof of the last inequality is deferred to Appendix C.6.

For the last term in the right-hand side of (43), (¢, h) € [T] x [H + 1] with ¢}, = 0, we have
T
> (1=n,u Vi < SAHV)), < 25AH. (48)

t:qf =0
since there are at most H episodes during the initial stage for any fixed (h, s, a).

Moreover, it is easy to verify that (1 — Ut’,h)g]bli1 <&+,

het s 2H, for any (¢, h) € [T] % [H]

with ¢} > 1 since

(1- Wt,h) Vh+1(3h+1) S/ {Qh+1(5h+177;+1(5h+1))}

2Rt h+1je[J

bt bt ot
+ (1 - Mty h+1)Qh+1(Sh+1a 7Th+1(5h+1)) Tt hHVhH(ShH)

< ne et g e[J {Qh+1(3h+1»7fh+1(5h+1))}
+ (1 — ngngﬁl’h“) Qh+1(5h+1a That (Sha1)) + Mynt iy h+12H

= Q2+1(52+177"Z+1(52+1)) R/ h+12H

= Vi (sh) + 10 H, (49)

2
"Rt 1

where the first inequality follows from Line 21 in Algorithm 1, and the second inequality is due to
the definition of the greedy policy 7* and the first equation is from (36).

By substituting (44)-(48) to (43) and using (49), we have

T T T
1
t 2 2
E o, SSAH*+H E %n%,h 1+ = H E 77£nh fh-i-l
t=1 t=1 t=1

T
+ Z(bZ + 0h1 = Eha1 + Thi)
t=1

T T
1
2 2 t
S SAH” + Htg_l ( b T b h+1> +(1+ E) ;_1 €1
T
+ Z(bi + 524—1 - §Z+1 + T}tb-'rl)
t=1
T T T
1
2 E: 22 : t 2 : ¢ t
SSAH +Ht71 ( +77£"h+1 h+1) +<1+E) t716h+1+ - (bh+7-h+1>’
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where the last line is from the fact that ffl 1 < 52 11 since V* > V™ for any policy 7.

Note that (1 + )2H < e2. Thus, by unrolling the above inequality until » = 1, we obtain

T H
Z 5t <0 (SAH3 )Y b+ T+ hH)) . (50)
=1 t=1 h=1 Y

Recall that bj, = 1,1 hl;z + @ =, E?L’t]l{qfl > 1}. Before proceeding, we note that
\/:q‘%l < 2, /6,1 forany ¢ > 1 and we denote Qj, 5o = q; ' (s, a) forany (h,s,a) € [H] xS x A
such that 3, , e (] Sogmi™ €q-1 < TH. Also, let Q = max( s aye(a)xsxa Qnsa <
log(T/H) < 4ff log(T/H), Where the last inequality is due to the fact that log(1 + &) > 5 for

log(1+ %)
H > 1. Thus, one has

Qh s,a Qh,s,a

t >
I = NP VD o LR VD ML
t=1 h=1 a—1 (s,a,R)ESX Ax[H (s,a,h)ESXAX[H] q=1
Qh,s,a

SAH?log(T/H) > Z €q 1

1)y/SAH?1og(T) - TH < O(VSAH3T),
where the penultimate line is from the Cauchy-Schwarz inequality.

In addition, we have

T H nh ¥ (s,a)
- ~ H3
>3 b, <0() Do

t=1 h=1 (s,a h)e$><A><[H] m=1

< 0(1)y/SAH -T/SA > f %3

(s,a,h)ESXAX[H] m=1
< O(VSAHST),

where the penultimate inequality holds since the left-hand side is maximized when n} (s, a) = SLA
for every (h, s,a) € [H] x S x A. Thus, one has

H T
-~ ~
3 33 (o (0 g ) 323 Mk > 111 ) < OVSART)
h=1t=1 h=1t=1 h=1 t=1
(51
Moreover, we have
* mwt * wt
T}tL-‘rl = Ph7s;,a; (Vh+1 - Vh+1) - (Vh+1 - Vh+1) (S}:L-‘rl)
is a martingale-difference sequence with respect to the filtration J; ;, that contains all the random

variables before the step i + 1 at the ¢-th episode. By the Hoeffding’s inequality, we have

< O(VH3T) (52)

T H
DD Mt

t=1 h=1

< O(VSAH3T)

26



where we use the fact Q < 4H log(T'/H) again.

The last part is to show the upper bound of Zt o "tnl H. By the choice of 7; ;, defined in (45), we

1
have
T—1 Q Q

> M1 <Z;ﬁgzz\/q

1T—mn acAq=1

< VAQ

< O(VAHT).
Finally, substituting (51) and (52) into (50) and rescaling J to §/4 complete the proof.

C.2 Proof of Lemma 7

For any (s,a,h,t) € S x Ax [H| x [T], we let m = nl,(s,a) and ¢ = ¢} (s, a) for simplicity. From
(37), one has

=~
Q;l(87 a’) %nh h Hé?j( { Z Vh+1 Sh+1) + Th S, a } + nénz’h)th(& CL), (53)

where {¢'} , represent the eplsode index of the i-th visit of (h, s, a) before ¢, and

€q—1 b,
ht(s,a) =rp(s,a +max{z WJ; WVt (sh:_f)}

J€[J]

Before proceeding, we first claim that for any (s, a,t,h) € S x A x [T] x [H], we have @?L’t(s, a) >
Q; (s, a) if the following relationship holds

€g—1
b eb i
e { Z WJ,; IVh—i-l(Sthl)} > PrsaVitas (4)
i=0

where we leave the detailed proof of this claim to the end of this subsection.

Next, the following lemma shows that (54) holds with high probability, which implies

b, *
Ql(5,0) > (1=, )@ (5,0) = (1= 1,0 )@ (5,0)
and completes the proof of Lemma 7. The detailed proof of the following lemma is postponed to
Appendix C.5.

Lemma 10. Consider5 € (0,1). Assume that J = [c-1log(SAHT/6)], k> = ¢ - (log(SAH/&) +
log(T)), and nf) = [c-log(T) - k], where ¢ > 0 is some universal constant. Let V) = 2(H —h+1).
Then, for any (s,a,h,t) € S x A x [H| x [T] with stage index q > 1, the equation (54) holds with
probability at least 1-9.

Proof of the claim: Assuming that (54) holds, we will first show by induction that

b *

tht(sa a) > Qh(sv a)
holds correspondingly, for any (s, a, h,t) € S x A x [H] x [T]. To begin with, when ' = H + 1,
QH+1( a) = Q34+, = 0 holds naturally. When b’ = h + 1 < H, suppose that Q?L’j_l(s,a) >
Qj 41 (s,a), for any (t,s,a) € [T] x & x A. By this hypothesis, we also have @L’fl(szﬂ) =

A *

maXeq th1<32+17 a) > Qh+1(5h+1»77h(sh+1)) > QZ+1(52+1a ﬂ'h(sﬁz-&-l)) = fo+1(52+1)- By
induction, when h’ = h, we have

b,i

€g—1
""b’ e £b7
ht(s,a):rh(s a —&—maX{ZW,q 1Vh+ (s h+1)}

J€elJ]

€q—1 b,i
b L
> (s, a) +max{§ WJ; Vi sh+1)}



Thus, if (54) holds, we have @I;L’t(s, a) > ru(s,a) + Phs.aVi, = Qi (s, a) for any (s,a,t,h) €
S x A x [T] x [H], by the Bellman optimality equation (3).

C.3 Proof of Lemma 8

For any (t,h, s,a) € [T] x [H] x § x A, denote m = nf (s, a) as the number of visits on (h, s, a)

; 0 ._ T  motk—1 i notk—1
before the ¢-th episode. Also, let o), := [],_; Hinetr and ap, = H+n0+l [T i1 B TE

From (17) , for any (¢, h, s,a) € [T] x [H] x S x A, we have

‘Zﬁl(sﬂrl)
Q]7 (s,a) =rn(s,a +LZ; th+1(3h+1) <rn(s,a)+2H - Zz; mT o
et A
Note that % < 1foranyi =0,...,m. Thus, we can apply Lemma 5 and Proposition 1
H + 1)k21og(2SAHT.J/5)
0t (s,a) < of [ S EW M a |(
max Q) (s,a) < ra(s, a) + Z st g i E——
o (H+ 1)k log*(2SAHT.J/)
2 H+ng+m
<r(s,a) +ad Vi, + Za Vh+1(3h+1)
i=1
(H 4 1)3x21log®(2SAHT.J/6) (H + 1)k 1og*(2SAHT.J/6)
+ 1 +c2 )
H +no+m H +ng+m

with probability at least 1 — §/2, where ¢y, ¢o are universal constants. By the Bellman optimality
equation (3), we have

¢h<ad Vi + iafn ((foﬂ - Vh*+1) (85 11) + H) + iafn (Vh+1(8h+1) Phs, th+1)
i=1 =1

m

32 3 m )
b (H +1)3k2%1og”(2SAHT J/0) Lo (H + 1)k log*(2SAHT.J/6) H—Za’ I
H+ng+m HA4+no+m

i=1

<200, Vi)y + Zain ((VhJ}l - Vh,*+1> (Shy1) + ) + Za (Vh+1 5h+1) Ph,s,avh:,-l)

i=1

. \/ (H +1)°k210g* 2SAHTJ/6) | (H +1)*klog’(2SAHT.J/9)
1

55
H+mno+m “ H+ny+m ’ (55)

where the last line uses the fact H < ‘N/}? "1 and the equation (20) such that
H-> ol,H=a)H.
i=1
In addition, we denote F; as the filtration containing all the random variables before the episode

i (s,a), such that o, (Vh+1(sh+1) P th+1) is a martingale difference sequence w.r.t.

{Fi}i>o for any i < m. Following [6] and by Hoeffding’s inequality and Proposition 1 (i.e.,
(22)), with probability at least 1 — §/2, we have

<c3H Z(a,ﬁn)Q log(2SAHT/9)

i=1

(H+1)3k
——1og(2SAHT/6
_63\/H+no+m og(2S /6)

m
i * 0t *
Zam (Vh+1(5h+1) - P}MS,GVh—&-l)

i=1

28



forany (t,h,s,a) € [T] x [H] x S x A and some universal constant c¢s > 0. Substituting the above
inequality into (55) gives

Ch < 200, Vi + Zafn ((thd - Vh*+1) (ht1) + H)
i=1

H +1)3k210og®(2SAHT J /6 H +1)2k1og?(2SAHT J/§
+(Cl+03)¢< +1)% log’ /0)  , (H+ 12 log’ /5)
HA+ng+m HA+ng+m

By letting b =0 < I}-I;I;o lJ)rm + ;f:o 14)-11) , we complete the proof.

C.4 Proof of Lemma 9
Note that during the initial stage, for any (¢, h, s, a) € [T] x [H] xS x A within the stage ¢}, (s, a) = 0,
we have .,

Qy'(s,0) = Qji(s,a) < Vi

From (19) and Lemma 7, for any (¢, h, s,a) € [T] x [H] x S x A with ¢}, (s,a) > 1, we have

~,
OSth( a) — Qj,(s,a) <]H61aj§{z ;q 1 h+1 h+1 } Phs.aVii- (56)

Then, applying Lemma 6 leads to

€q-1 , eb TR
)
§ : WJ,q 1 h+1 ( h+1)
g1 ~b, zb i pb i
Vi1 (sih)
_ b,i h+ h+1
=2\ D Wi

=0

| Pl V21083 (SAHTJ /S "log?(SAHTJ/
o 3 st (ot Hb\/(m og’( [6) . K108 (SAHT 1))

- 1+ €g—1 P H ! €q—1 €q—1
Ca—1 s P D)2 1003 (SAHTJ/S "log?(SAHT.J/6
ZV:L sy wom [ & (%)% log™(S J/9) 4+ loe (s J/6)

1+€q 153 €g—1 €q—1

for every j € [J] with probability at least 1 — 6/2. Following the similar procedure in Appendix C.3
and by Hoeffding’s inequality, with probability at least 1 — 6/2, we have

€g—1

1 Zb i
— |V P4V
; 1+eg1 ( h+1(3h+1) h, h+1>

2
<c . log(2SAHTY/S).
qg—1

Thus, we obtain that the following holds with probability 1 — 4,
b,
i (s,0) = Q. (s,a)

1 & ener, . iy 1 &, e
< m ; (Vh+1 - Vh+1) (3h+1) + @ ; Vh+1(8h+1) P s th+1

€q—1 €q—1

b)2 3 b 2
corr \/ ()2 log® (SAHTJ[6) _ , n*log*(SAHT.J/o)

1 Py SUNIR o bt
< —— > (V- e
=Tt eg ( h+1 h+1) (i) 057,

i=1
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wherebh —O( H2 )

€g—1

Combining two cases of ¢}, (s,a) > 1 and ¢} (s,a) = 0 leads to
€qg—1

b, 1 ~b,£fl’il o b,
Cht < 1{gy(s,a) > 1} (Z 1te, (Vh+1 - fo+1> (sh-H) +0 t) + 1{gy(s,a) = 0} - Vi?+1v
i=0 =

which completes the proof.

C.5 Proof of Lemma 10

Following [10], let £*(J) be the event containing all (¢, h, s,a) € [T] x [H] x S x A, such that

1 B*(0,eq)
in: - 5 )i ;P ,8,a <77qa 57
m(ez pi 2 Pa vh+1>_ (57)

9 =1 Vh*+1(€h+1 €q
where ¢ = ¢},(s,a) and 8*(8,n) := log(2SAH /&) + 3log(em(2n + 1)). The following lemma
shows that £%(6) holds with probability 1 — 2

Lemma 11 (Lemma 4 in [10]). Consider 6 € (0,1). With probability 1 — 2, the following event
holds

1 €q *
Kint (e So ),Ph,s,av,;l) < F0e) i hsa) e [T) % [H] x S x A, (58)

q =1 ‘/h*+1 Sh41 €q
where ¢ = q},(s,a) and *(8, eq) := log(2SAH /&) + 3log(em(2e4 + 1)).

Consider some fixed (¢, h, s,a) € [T] x [H] x S x A within the stage ¢ = ¢, (s, a). To construct

b,i
an anti-concentration inequality bound of the weighted sum W Vh +1(32 '\1), we first recall the
following two lemmas provided in Tiapkin et al. [10].

Lemma 12 (Lemma 3 in Tiapkin et al. [10]). For any stage ¢ > 0 and j € [J], the aggregated
weights W;7qfollows a standard Dirichlet distribution Dir(n /x°, 1/k°,... 1/K").

Lemma 13 (Lemma 10 in Tiapkin et al. [10]). For any o = (ag + 1, a1,..., Q) € RT;H,
define p € A, such thatp(l) = ay/a, £ =0,...,m, where @ = Z;n:o aj. Also define a measure
U= 1" D(i)-05) Lete € (0,1). Assume that g > co+10g716(2(@— o)) for some universal
constant cg. Then for any f : {0,...,m} — [0, bo] such that f(0) = by, f(j) <b<by/2, j € [m],
and any 1 € (0, b)

Pyrbir(a)[wf > 1] > (1 —&)Pgunro,1) [g >/ 2aKy(V, M)} :

According to Lemma 12 and applying Lemma 13 with ag = n /s’ — 1, a; = 1/K°, Vi € [ey],
b b
ro=2,bp = 2(H —h+1),and 7y = 0550y () + 200, ﬁé »i » we have

eq+”(b)_ \ %

h+1(sh+1)
£x(6 )>

1_(1) \/2(6(1—1—7”%—Hb)lCinf(yq,Ph7s,aV,L*+1) 2 1 (1_(1) ( 25*(?1"))) .

KP 2 K

that conditioned on the event £*(§) holds,

€q
b,i £
P <Z Wi, Vh+1(8h+1) > Phs,aVig
=0

where ® denotes the CDF of the standard normal distribution. Here the last inequality is from Lemma
4 and Lemma 11.

Then, by selecting x” = 23*(8, T'), we ensure a constant probability of optimism:

£*(6 )> > 71_5)(1) £ .

b,i
<Z W Vh+1 5h+1) > Pps,aViga

30



Now, choosing J = [log (2341L) /log(1/(1 —))| = [c, - log(2SAHT/5)] ensures:

€q ; oo 1)
P (max {Z Wb Vi (8y )} > Pps.aViga

jelJ] 2SAHT"

5*(5)) >1-(1-9)7>1-

By applying a union bound over (¢, h, s,a) € [T] x [H] x § x A and taking expectation on £*(4),
we conclude the proof.

C.6 Proof of equation (47)

Fix any episode ¢’ € [T'] that lies in stage ¢ — 1 > 0 for the triple (h, s, a). Then in (47) we have
€qf -1
S =tr=1
qj,
=0
holds if and only if the episodes ¢’ and ¢ visit the same triple (h7 s a) and the visit (¢, h, s, a) lies in
the next stage ¢ of the triple (h, s, a). Let Sy p 50 = {t € [T]: >, A ]l{éb " _, = t'}} represent

all the visits of (h, s, a) in the same stage ¢ such that its cardmahty is at most e,. For any t € Sy ps.as
the mixing rate remains the same.

Then, we can then decompose

d _ne 'h h) w b,
ey =t

<(1+ %)(1—%%)2 1

1
< (14 =)21 —ny
<( H)( Mt )

where the first inequality is from (45) such that,

1 \/ € 1 A/ €a—1
L=y ) ST =mp=1- = o< (14 =) X—
: e+l Jog+1 H Jegi+1

1
= 1 —_— 1 — ’
(1 )1 =)
and the second one follows the tailored choice of stage splitting such that e, /e,—1 < 1+ %

D Analysis: Gap-dependent Regret Bound

We begin by decomposing the total regret using the suboptimality gaps defined in Assumption 1.
Following Yang et al. [21], we obtain:

T T
Regrety = > (Vi = ) (s) = 3 (Vi (s1) — Qi o) + (Q1 = QF) (4 ah)
=1 1
t tT ; |
= z Aq(sy,ay) + ZEsg~P1 o at [(V; -y ) (52)}
t=1 t=1

where the expectation is taken with respect to the underlying transition kernel. Before proceeding,
we denote n}, = nl (s}, al) and ¢} = ¢} (s, a},) for notational simplicity. Following the notations
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not+k—1 H+1 H no+k—1
H+no+k H-+no+1i k=i+1 H+4no+k

i € [m] and m € N*, and let £, = (Vh — Vh> (st) + H and f,bb’t = (17,?’& - V,:) (sh).

-
and o, :=

used in Appendix C, we define o2, =[]/~ for any

We first introduce the following lemma that characterizes the learning error of the Q-functions, which
will be used to control the suboptimality gaps. The proof is deferred to Appendix D.1.

Lemma 14. Let £ := {V(t,h,s,a) € [T] x [H] xS x .A 10 < (QL —Q7) (s,a) + Mg, W H <
1-7n b,e ot

20&0 Vo +1_|_,,7/nh Y 104 ’€h+1+1+(5[7;h1h ‘Z;L gh b ]l{qz > 1}+BZ+77@"§L hH}’ where

3(k b)zlog (SAHT?) " H?k" log? (SAHT )

Bt<cB<\/ nt nt
h

constant cg > 0. The event £ holds with probablllty atleast1 —1/T.

) + V,?H 1{q} = 0} for some universal

In addition, we define the operator clip[z|c] := 2 - 1{x > ¢} for some constant ¢ > 0, which is
commonly used in prior work [21, 22, 35]. By Lemma 14, we have V}*(s}) = max, Q} (s}, a) <
max, Qj, (s}, a) + 0t H = Qj (s}, ap) + My, ,, H such that

Ap(sh,ap) = clip[Vy (s},) = Qh(shs ap) | Amin]
S Chp[(Q?L - Qh) ( 7}:1 ah) + 77Z 13 hH | Amm}

Thus, by definition, the expected total regret can be written as

E[Regrety] = [Z Z clip[(Q), — @) (sh»ap) + Mynt, hH | Amin] | 5]
t:T h:;
B Y clip[(QF, — Q%) (sh.af) + Nyt H | Amin] | 56]
1 : ; ZIjll 2
<(1- ?)]E t_zlhﬂChP[(Qz —Qp) (shyap) + Mynt, p H | Amin] | 5] 7 -TH*.

(59)

Next, we control the first term in (59) by categorizing the suboptimality gaps into different intervals.
Specifically, we split the interval [A i, H] into N disjoint intervals, i.e., Z,, := [2" "1 Apnin, 2" Ammin)
forn € [N — 1] and Zy = [2V¥ 1A in, 3H], where N = [logy(3H/Apin)]. Denote the counter
of state-action pair for each interval as C,, := | {(t, h) : ((Qz — Q) (sh,ap) + 1yt hH) € In} |
We then upper bound (59) as follows:
| XN
n 2
E[Regretr] < (1 - ) > 2" ApinCy + 2H?. (60)

n=1

The following lemma shows that the counter is bounded in each interval, conditioned on event £.

b
Lemma 15. Under £, we have that for every n € [N, Cy, < O(H SA('ZLZAIZg (SAHT))

The proof is postponed to Appendix D.2. Thus, (60) becomes
HOSA(k”)? log®(SAHT)
Ami]ﬂ ’
Noting that x> = O (log(SAHT)), we complete the proof.

E[Regrety] < O <

D.1 Proof of Lemma 14

We begin by applying Lemma 7 with § = %, which guarantees that for an ensemble size J =
[c-log(4SAHT?)], it holds with probability at least 1 — 5 that

Qh(s,a) = (1 =n,u )Q5(s,0) > Q}(s,a) =y H,
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forany (t,h,s,a) € [T] x [H] x S x A, where ¢ is a universal positive constant.

Recalling the definition of Q! from (36) and applying Lemma 8 and Lemma 9, we have, again with

probability at least 1 — %

(Qh— Q1) (shoal) + 1, H

~it / ~. /
= { O (sh ) = Qilshah) + H } (1 = g ) { Q0 (5 00) = Qs i)
n, 1—1n . Caf =1 | i
0 0 E i & ",k g1 ¢ t
< QO‘n}LVh-&-l + nén;“h 2 04;;15}14_1 + m E - £h+1} 1{q;, > 1} + By, (61)
1= h 1=

Here,

H3k2log®(SAHT?) H2%klog?(SAHT?
B}, < Vi - Hd, = 0} + e \/ log (SARTT) | Hwlog (SAHT)

), n
H2(r")2log®(SAHT? Hrlog®(SAHT?
gy R o8 | Joaqg) > 1y 4 e loed L =), @
Cq},—1 Cqf,—1
where cp is a positive constant. To simplify the expression in (62), we note
¢ a4 a4-2 et
Mhoog Zzof gy 2ato Gy Y ooy Ly ogy
€qf—1 €qf—1 €qp—1 €qf -1 H

where the second inequality uses Zheng et al. [22, Lemma D.3] and the choice of the stage length,
Le,eq =(1+ %)eq;—y

Thus, we could rewrite (62) as

; : + Vil - 1{gl =0}.  (63)

3(k)2 log? 2 2,b 1002 2
B! <cp \/H G 105 (SAHT)JrH K logn(SAHT)
h h

D.2 Proof of Lemma 15

We first partition each interval Z,, according to the step index h. Specifically, for every n € [N] and
h € [H], we define:

whp = 1{((Qh = Q3) (shah) + 4,y JH) €T}, WEeT], (64)

T
R t
Onah T E wn,h'
t=1

Note that w!, , € {0,1} for all ¢, since it is an indicator function. By definition, we have C,, =
Zle Ch»» and furthermore, for every n € [N] and h € [H],

T
2 Apin o < Sl (@4 = Q1) (shoah) + 1y, H) (65)
t=1

To control the right-hand side of (65), we provide the following lemma, which upper bounds the
weighted sum. The proof is postponed to Appendix D.3.

Lemma 16. Let 1, = 1/ey: for every (t,h) € [T] x [H]. Under event £, for any h € [H] and
n € [N], the weights {wY, ,,}[_, defined in (64) satisfy:

T
wauh ((Qg — Q) (sh.ap) + nM‘hH) <0 (\/Cn,hSAHs(ﬂb)z 1og3(5AHT)>
t=1

+0 (SAH?’F;b log(SAHT) log(1 + Cn,h)) :
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Combining (68) and Lemma 16 with (65), we obtain the following bound:
H5SA(k ”)? log (SAHT)
4n A2

min

th SO(

Summing over h € [H], we conclude:

H

HOSA(k”)? log®(SAHT)
= <

min

D.3 Proof of Lemma 16

Under event £, we recall the following upper bound by Lemma 14:
(Qh = Q) (shyah) + 1y H

t e t

"h ) 1-— 7 nt ap 1 bl

i SOt £"h h qt
< 205, Vilyy + My, Zanzfﬁﬂ + Tren ., 5;1 " ll{qi > 1} + B), + My, s

i=1 =1 =0

T,

(66)
where
H3k210g*(8SAHT? H?K"10g(8SAHT?
Bl < cB\/ (t ) + B (t ) + Vi, - 1{q}, = 0}.
np, np,
B,‘L 1 B;} 2

Then, our target is to control

T
>k ((Qh = Q) (shoat) + g H)

=1
T T nj, A T T
t 0 1,0 ¢ i & - ¢ pt
<2 E Wy, Ot Viq + E Wy 1Ty, g, § e &g + E Wy, , Ty, + E wy, p By (67)
= t=1 =1 t=1 t=

For the first term on the right-hand side of (67), we follow the equation (44) and obtain:
T
2n05AV0
t 0 1/0 h+1
2 z:wn,hO‘n}l Vh+1 < ﬁ < 4710514.

t=1

For the second term on the right-hand side of (67), we follow the equation (46) and obtain:

an Wt Zan, & s Hznm WSHY Z eq: < SAH?1og(T),  (68)

s,a g=1
where the last inequality uses the fact Q < 4H log(T).

For the third term on the right-hand side of (67), we apply the similar arguments in (47) and Appendix
C.6, Then, we have

€qf -1 by
gy, > 1} 25
MTICE SMCRNIND o = Cc
=0

q,—1
1 I T ¢ Caf, 1
! n,h b,
SO+ =)&) dSofey =t
H i o lteg
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w:l, v e t,*l b — .
1+qufl S l{gq}jq = '} for every t' € [T]. Note that {w!} is some

—t T
where w} = 37,

sequence satisfying 0 < @} < (1+ %),Vt € [T] and Zthl w; = C,, p, following the similar
arguments in Lemma 4.3 in [21]. From (49) and (68), we further have

T T
1
> winTh S0+ (w1€h+1 s ) + SAH? log(T)

t=1 t=1

Note that V' (s}, 1) > Q} 1(s},1,a},,) by the definition of the optimal policy in (1), and
Vht+1(5§z+1) = QZH(S%H’ a;ﬂ»l) by (38). Thus,

t=1

We then consider the bound of Y7, w!B} for any sequence {w!} which satisfies 0 < w! <
(1+ %)%Vt € [T] and Zf LWt =C,y forany i € {0,..., H — h}. Before proceeding, we first

define Cy, j g0 1= Y0t (f -a) w!™ . Similar to the steps in Appendix C, we bound Y./, @!B! by
controlling each term separately To begin with,

T T ¢
S @Bl <\ HI()? logd (8SAHT?) S —2

n
=1 t=1

>

<\ H3 ()2 log*(SAHT?)
(s,a)eSxA m=1
[Crns,a/(141/H)T

<\ H3 ()2 log*(SAHT?) 3 A+ 1/H)
(s,a)ESx A m=1 \/’I’T’l
S VH3 ) 10g* (SAHT?) [SA Y Cunsa- 1L+ 1/H)
(s,a)eSxA
< \/CunSAH3(w)2(1 4+ 1/H)i log® (SAHT?), (69)

where the third inequality holds since the left-hand side is maximized when the first [C), 1, 5.0/ (1 +
1/H)*] occupy the smallest indices, the penultimate line uses Cauchy-Schwarz inequality, and the
last line is due to the fact that Zw Crnsa < Crp.

Similarly,
T T
H?k” log(8SAHT?
S alBy, < 3t BT
t=1 t=1 h
< H2xP1 2 i
S og(SAHT?) Z nt
t=1 4
’—cn.h s.a/(1+1/H)i-‘ ]
e 1/H)
< H?*) log(SAHTQ) Z Z M
(s,a)eSx.A m=1 m
S H*R 1og(SAHT?)(1+1/H)" > log(1+ Cppsa)
(s,a)eSxA
< SAH?K’ log(SAHT?) (1 + 1/H) log(1 + Cy ). (70)

Also, 1 @iV0,, - 1{q}, = 0} < SAH?(1+ 1/H), as there are at most SA state-action paris
and each can be visited at most ey = H times in stage 0.
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Combining with (69) and (70), one has

T
S @By 5/ CunSAHS ()2 (1 + 1/H) log? (SAHT?)
t=1

+ SAH?k"1og(SAHT?) (1 + 1/H) log(1 + Cy ) + SAH*(1+ 1/H)'  (71)
Observe that {wy, ;,} directly satisfies 0 < w, , < 1 and S w}, ;, = Cy, p. Thus, we can apply
(71) with ¢ = 0 and obtain

T
> wh (@4 = Q7) (shoah) + g H)

t=1

< \/ Chn SAH3(57)21log®(SAHT?) + SAH?K log(SAHT?) log(1 + C )
1 — *
ﬁ) Zwi ((QZH = Qii1) (Shirs @hsr) + 1

+(1+ > i H) -

We now recursively unroll the Q-value difference over future steps and utilize the fact that (14 %)H <
e, yielding:

T
w}, ((QZ —Q3) (s, ap,) + n@";l,hH>

o~
Il

1
H—-h

1 .,
SN ((1+ E)QZ\/C,LJLSAH?’(MPlog?’(SAHT2)

=0

1 ...
+SAH?’ log(SAHT?) (1 + E)Ql log(1 + th))

<H (\/Cn,hSAH3(Hb)2 log®(SAHT?) + SAH?~K" log(SAHT?) log(1 + Cn,h)> ,

which completes the proof.
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