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Abstract

We propose two Thompson Sampling-like, model-
based learning algorithms for episodic Markov de-
cision processes (MDPs) with a finite time hori-
zon. Our proposed algorithms are inspired by Op-
timistic Thompson Sampling (O-TS), empirically
studied in Chapelle and Li [2011], May et al.
[2012] for stochastic multi-armed bandits. The key
idea for the original O-TS is to clip the posterior
distribution in an optimistic way to ensure that
the sampled models are always better than the em-
pirical models. Both of our proposed algorithms
are easy to implement and only need one pos-
terior sample to construct an episode-dependent
model. Our first algorithm, Optimistic Thomp-
son Sampling for MDPs (O-TS-MDP), achieves

a0 (\/ AS2H 4T) regret bound, where S is the

size of the state space, A is the size of the action
space, H is the number of time-steps per episode
and T is the number of episodes. Our second al-
gorithm, Optimistic Thompson Sampling plus for
MDPs (O-TS-MDP™), achieves the (near)-optimal

9] (\/ ASH 3T) regret bound by taking a more ag-

gressive clipping strategy. Since O-TS was only
empirically studied previously, we derive regret
bounds of O-TS for stochastic bandits. In addition,
we propose, O-TS-Bandit™, a randomized version
of UCB1 [Auer et al., 2002], for stochastic bandits.
Both O-TS and O-TS-Bandit™ achieve the opti-

mal O (A In(T)

7) problem-dependent regret bound,
where A denotes the sub-optimality gap.

A

1 INTRODUCTION

Reinforcement learning (RL) algorithms have been widely
implemented in real-world applications such as autonomous

driving, image processing, natural language processing, fi-
nancial modeling, gaming, etc. Typically, an RL task can
be formulated as a Markov decision process (MDP) with a
state space, an action space, and a state transition function.
In each time-step, the learning agent visits a state, plays an
action, and transitions to the next state. In this paper, we
consider the learning problem of episodic, non-stationary
MDPs with S states, A actions, and a finite time horizon
H.Ineachround ¢ = 1,2,..., H belonging to episode
k=1,2,...,T, the learning agent visits a state and plays
an action according to an action-sampling strategy. Then,
the learning agent receives a random reward drawn from
a fixed but unknown reward distribution and transitions to
the next state sampled from a fixed but unknown transition
probability distribution associated with the played action.
The goal of the learning agent is to take actions wisely to
maximize the cumulative reward over 1" episodes. The learn-
ing agent faces an exploitation-vs-exploration dilemma. In
a single round, the learning agent can only choose an action
that empirically performs the best so far to maximize the
cumulative reward (exploitation) or choose an action that
has not been played too often to learn the parameters of the
associated unknown distributions (exploration).

Upper Confidence Bound (UCB)-based algorithms, inspired
by the philosophy of optimism in the face of uncertainty
(OFU), can achieve a balance between exploitation and ex-
ploration. The high-level idea behind this class of algorithms
is to construct upper confidence bounds by adding an extra
term to the empirical estimates. The additive term encour-
ages the learning agent to play actions that have not been
played too often. Many existing episodic MDP learning
algorithms [Azar et al., 2017, Dann et al., 2017, Zanette
and Brunskill, 2019, Dann et al., 2019, Zhang et al., 2020,
Tiapkin et al., 2022b] are UCB-based. Notably, two model-
based algorithms, UCBVI [Azar et al., 2017] and Bayes-
UCBVI [Tiapkin et al., 2022b], enjoy the (near)-optimal

9] (\/ ASH 3T) regret bound.! UCB-based algorithms usu-

'"The 6() notation only hides poly log(ASHT) factors.
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ally do not randomize the obtained data, and the exploration
is driven by the additive terms.

Another class of algorithms perturb the obtained data in a
certain way to encourage the learning agent to visit states
and actions that have been less explored. The extra random-
ness can be achieved by injecting noise into the data. As
shown in Osband et al. [2019], learning algorithms with
random noise efficiently drive exploration. Many prominent
state-of-the-art algorithms [Russo, 2019, Pacchiano et al.,
2021, Xiong et al., 2022, Agrawal et al., 2021] for episodic
MDPs are developed by adding calibrated Gaussian noise to
the empirical estimates of the rewards. Although the transi-
tion probability distribution is unknown, the aforementioned
learning algorithms do not add any noise to the empirical
estimates of the transition probability distributions. Among
them, a model-based algorithm, NARL-UCBVI [Pacchi-
ano et al., 2021], and a model-free algorithm, C-RLSVI

[Agrawal et al., 2021], achieve the same O (\/ ASQH4T)

regret bound. Very recently, SSR-Bernstein [Xiong et al.,
2022], also a model-free learning algorithm, tightens the

regret bound to O (\/ ASH 3T> .

Different from adding noise directly to the data, extra ran-
domness can also be achieved by drawing random samples
from well-constructed data-dependent distributions. Inter-
estingly, if the data-dependent distribution is designed to be
the posterior distribution that models an unknown parame-
ter, it coincides with the description of Thompson Sampling
[Thompson, 1933, Chapelle and Li, 2011], one of the oldest
randomized algorithms. For example, Gaussian distributions
can be used to model the means of the reward distributions
and Dirichlet distributions can be used to model the transi-
tion probability distributions in MDPs.

Thompson Sampling was originally invented for stochastic
bandits, which can be viewed as a simple MDP with only
one state, A actions, and one round per episode. Since there
are no transitions between states, the only unknown parame-
ters in a stochastic bandit problem are the means of the re-
ward distributions. Conceptually, Thompson Sampling plays
an action according to the posterior probability distribution
of the optimal action. Empirically, it is not required to com-
pute the exact posterior probability distribution of the opti-
mal action. Instead, Thompson Sampling can draw a random
sample from the posterior distribution associated with each
action and then play the action with the highest posterior
sample. The practical performance of Thompson Sampling
has been studied extensively by Chapelle and Li [2011]. The
theoretical performance of Thompson Sampling relies on
the choice of the prior distributions. Thompson Sampling
with Beta priors is asymptotically optimal [Agrawal and
Goyal, 2017, Kaufmann et al., 2012], while Thompson Sam-
pling with Gaussian priors is problem-dependent optimal
[Agrawal and Goyal, 2017].

In reality, it is not necessary to restrict the data-dependent

distribution to the exact posterior distribution. If the data-
dependent distribution is designed to be the posterior distri-
bution with some parameters modified, we term this type of
algorithm as Thompson Sampling-like algorithms with poste-
rior distribution reshaping. Optimistic Thompson Sampling
(O-TS), a Thompson Sampling-like algorithm with posterior
distribution reshaping, was first introduced and empirically
evaluated by Chapelle and Li [2011], May et al. [2012].2 The
key idea of O-TS is to boost the random posterior sample
to the mean of the posterior distribution (Gaussian distri-
bution) if the random sample is smaller than the mean. In
other words, O-TS reshapes the posterior distribution from
a Gaussian distribution to a one-sided Gaussian distribution
with the left side being clipped. There are other Thompson
Sampling-like algorithms with reshaped posterior distribu-
tions. For stochastic bandits, Jin et al. [2021] devise MOTS,
the first Thompson Sampling-like algorithm achieving mini-
max optimality. MOTS reshapes the posterior distribution
by both clipping the upper tail and boosting the variance of
the posterior distribution.

Different from stochastic bandits where the learning agent
only needs to learn the means of the reward distributions,
in episodic MDPs, the transition probability distributions
are also unknown. Two Thompson Sampling-like, model-
based algorithms, SOS-OPS-RL [Agrawal and Jia, 2020]
and OPSRL [Tiapkin et al., 2022a], use Dirichlet distribu-
tions to model the transition probability distributions. To
drive exploration, they also boost the variance of the Dirich-

let distributions. SOS-OPS-RL achieves a O (\/ AS2H 4T>
regret bound while SPSRL achieves the (near)-optimal

9 (\/ ASH3T> regret bound.

Now, we list our key contributions in this paper.

(1) We propose O-TS-MDP, a computationally efficient
and theoretically elegant model-based learning algorithm
with randomized value functions, for episodic MDPs. O-
TS-MDP only draws one random sample and enjoys a

9] (\/ AS?H 4T> regret bound. There are two key ingredi-

ents in O-TS-MDP. The first one is the usage of the boosted
variance of the posterior distribution (a Gaussian distribu-
tion) to drive exploration. The second one is the usage of
O-TS to clip the left side of the posterior distribution to
simplify the theoretical analysis. Although the regret bound
of O-TS-MDP is not as tight as OPSRL [Tiapkin et al.,
2022a] and SSR-Bernstein [Xiong et al., 2022], OPSRL
needs to draw O(1) random samples while SSR-Bernstein
is a model-free algorithm. For our regret analysis of O-TS-
MDP, we can avoid upper bounding the absolute value of
the estimation error, thus simplifying the theoretical analy-
sis as compared to the analysis of RLSVI-based algorithms
[Russo, 2019, Agrawal et al., 2021, Xiong et al., 2022].

2Originally, this learning algorithm was called Optimistic
Bayesian Sampling (OBS) [May et al., 2012].



(2) We propose O-TS-MDP ™, a model-based, OFU-inspired
optimistic algorithm with randomized value functions.?
O-TS-MDP™ achieves the (near)-optimal 9] (\/ ASH 3T>

regret bound. The key idea in O-TS-MDP™ is a more ag-
gressive clipping strategy of the posterior distribution. O-
TS-MDP boosts the value of the random sample to the
upper confidence bound if the random sample is smaller
than the upper confidence bound. The aggressive clipping
contributes to reducing the variance of the reshaped poste-
rior distribution as compared to O-TS-MDP. Consequently,
the regret bound is tightened to be (near)-optimal. O-TS-
MDP™ can be viewed as a randomized version of UCB-VI
[Azar et al., 2017].

(3) Although Chapelle and Li [2011], May et al. [2012]
have demonstrated the empirical performance of O-TS for
stochastic bandits, there is no theoretical analysis for it.
We derive regret bounds for O-TS for bandits. In addi-
tion, we propose O-TS-Bandit™, an OFU-inspired learning
algorithm, for stochastic bandits. Both O-TS and O-TS-
Bandit™ achieve the (order)-optimal O (%(T)
dependent regret bound, where A is the sub-optimality gap.

) problem-

2 LEARNING PROBLEM

We consider an episodic non-stationary MDP problem
which can be specifiedby M = {S, A, H, P, u, po }, where
S is a finite state-space with size .S, A is a finite action-space
with size A, H is the finite number of rounds in each episode
and pg is the deterministic initial state distribution. Let P
and p denote the transition function and reward function, re-
spectively. The learning agent interacts with the environment
in an episodic way with the following learning protocol. In
each round ¢ € [H] belonging to episode k, the learning
agent observes a state si and plays an action af. Then, the
learning agent receives a random reward X f,:’a,:’ , €10,1]

that is drawn from a fixed reward distribution with mean
[k ok ¢ = p(sf, af ) and transitions to the next state sy, ;
that is sampled from a fixed transition probability distribu-
tion Py qr = P(s¥ ak,t). The initial state s¥ is sampled
from pg. The goal of the learning agent is to accumulate as
much reward as possible over a finite number of 7" episodes,

i.e., HT rounds in total.

A deterministic policy 7 = (7 (-, 1), 7(-,2),...,7(-, H)) is
a sequence of functions, where each 7(+,t) : S — A takes
a state as input and outputs an action that will be played if
the learning agent visits that state. Let II collect all such
policies. The value function V;™(s) for state s of policy 7 in
round ¢ is defined as V™ (s) := fis x(s,0),¢ + R‘IW(“’,’t)’tVt’fH.
If we knew P and p, we could use backwards induction

3We say a learning algorithm is OFU-inspired and optimistic
if the Optimism Decomposition [Pacchiano et al., 2021] can be
used to decompose the regret.

to compute the optimal policy ... Define VH”:_1 = 0. Then,
foreachroundt = H,H — 1,...,1, for each state s € S,
we compute

To(s,t) = argmax {isq + P;a,t‘/;;h} ,
acA
‘/tﬂ* (S) = Hsm(s,t)t + PsT,ﬂ*(s,t),tV;tl

The expected regret R (1) over T episodes is defined as
I T k T k
R(T) = EE[(Vl*(Sl)_Vlk(Sl))] ) (D

where 7, is random and the initial state s} ~ py. If there
exists (s,t) such that mx(s,t) # m.(s,t), then regret may

st € [H] a € ]} as
the history trajectory by the end of episode k following poli-

cies i, ..., Ty, ..., T With the initial state in each episode
independently drawn from pg. Define Fy = {}.

occur. Define Fi, = { s, ad, X9,
trHty sf

3 O-TS-MDP AND O-TS-MDP*

Algorithm 1 O-TS-MDP

1: Input: MDP instance M, number of episodes T’
2: Initialization:

Set Os,a,t — 0, Ps,a,t — 6, ﬁs,a,t — O,V(S7 a, t)
3: for episode k = 1,2,...,T do

5 fort=H H-1,...,1do
6: for s € S do
7: for a € Ado
2

8: Draw fis ot ~ N <ﬁs,a,t, <\/57de,,1,,,,> )

Set ﬁ;,a,L <— max {ﬁs,a.t—, ﬁs,a,t}

~ —_ ~ Nﬂ'k

Set Qs,a,t «— /'L;,a,t + PsT,a,tVIt+1
9: end for B
10: Set m(s,t) « argmax,e 4 Qs,a,t

N ~
Set V/t (S) <— Qs_rﬂ-k_(svt)’t

11: end for
12:  end for

13:  Sample s¥ ~ po, run 7y, and update ISk (s 1) 65
and Pye - (o 4, forallt € [H].

Ok iy (sk,0),t0

14: end for

We first present some notations used by our proposed
algorithms O-TS-MDP and O-TS-MDP*. Let Of ., =

22:1 1{(s},al) = (s,a)} denote the number of times that
(s, a) has been visited in round ¢ by the end of episode k. Let
k

Bar = gr— 2g=1 st al) = (s,0)} X{, denote
the empirical mean of (s, a, t) by the end of episode k. Let
Ploa(s) = gi— Cam H{(shaf) = (5,0), 81, = o'}
denote the empirical transition probability distribution. Let
of = 5\/H2 log? () JOF2L, where § = oot

s,a,t 5 s,a,t> ASH?2T?"



For the case when (s, a,t) has not been visited yet by the
end of episode k — 1, i.e., Og ot = 0, our algorithms set
87” to a large constant.

3.1 O-TS-MDP

O-TS-MDP is presented in Algorithm 1. The key ingredients
in O-TS-MDP are the boosted variance of the posterior
distribution (a Gaussian distribution) to drive exploration
and the usage of O-TS [May et al., 2012, Chapelle and
Li, 2011] to clip a Gaussian distribution to a one-sided
Gaussian distribution with the left side being truncated. The
reshaping of the posterior distribution plays a crucial role in
simplifying the algorithm and the theoretical analysis.

The same as other model-based algorithms, in episode k,
O-TS-MDP constructs an episode-dependent model M L to
simulate the true model. To construct M, .. with random-
ized value functions, O-TS-MDP draws a random sam-
ple ¥, ~ J\/(usat7S’H( K at) ) for each (s, a,t).

If gk, < ﬁ?alt, O-TS-MDP boosts it to ,usat Let
~ k

. ~k—=1 ~k
:usaf = max{p’sathu‘saf} Note thatp’satcan be

viewed as a random variable drawn from distribution A/
with the probability density function (PDF) f’(x) =

~k—1
{07 I<H“sata

2\ | o(a—mtLh -~
0 (ke SH (0k,,)7) + 5w =

s,a,t

where ¢(z; 1, 0?) denotes the PDF of A (p1,0%) and §(-)

~k
denotes the Dirac delta function.* With i/, , , forall (s, a,t)
P ~k
= {87-’47 Ha Pk_la,u/ 7p0} ’

collects all the empirical transi-

in hand, we construct M;,

where PF—1 =

tion probability distributions by the end of episode k£ — 1

s,a,t

= {Plal)
~k ~k

and ¢/ = { w 87”} collects all the random samples af-

ter the boosting. After constructing M/ > O-TS-MDP uses

backwards induction to find the optimal pohcy 0 for M/ &

(shown in Line 4 to Line 12 in Algorithm 1). Let V’ denote
the value functions of a fixed policy 7 for M . in round t.

Now, we present a regret bound for Algorithm 1.

Theorem 1. The regret of Algorithm 1 is O (\/ A52H4T>.

O-TS-MDP is a computationally efficient and space effi-
cient algorithm which only needs one random sample for
each (s, a,t) to construct the episode-dependent model. Per
episode, the time complexity is O(AS2H) and the space

“Note that from Algorithm 1 we can see that to implement
O-TS-MDP, it is not required to compute f'(z). We simply draw
a random sample from a Gaussian distribution and then compare
the sample value with the mean of the Gaussian distribution.

complexity is O(AS2H). In contrast, OPSRL [Tiapkin
et al., 2022a] and SOS-OPS-RL [Agrawal and Jia, 2020]
need multiple posterior samples to construct a model. The
improvement of O-TS-MDP comes from the usage of pk-1
to construct the model. Instead, OPSRL and SOS-OPS-
RL use Dirichlet random variables to construct the model.
Although O-TS-MDP, OPSRL, and SOS-OPS-RL are all
model-based algorithms with randomized value functions,
O-TS-MDP is not an optimistic learning algorithm while
OPSRL and SOS-OPS-RL are both optimistic algorithms.
In other words, in O-TS-MDBP, the value functions WT* (s)
are not guaranteed to be greater than V"~ (s) with high prob-
ability. As shown in the regret analysis, O-TS-MDP only
achieves weak optimism. That is, each f/v/lr (s) are only
guaranteed to be greater than V;"* (s) with a small constant
probability. However, the strong optimism guarantee in OP-
SRL and SOS-OPS-RL is at the cost of drawing multiple
posterior samples. We believe that the regret bound of O-TS-

MDP can also be tightened to 0] (\/ ASH 3T> if drawing
O(1) random samples.

The key idea behind SSR-Bernstein [Xiong et al., 2022] to
achieve the optimal 0] (\/ ASH 3T) regret bound is to limit

the amount of randomness within the learning algorithm.
More specifically, in SSR-Bernstein, in each episode, all
tuples (s, a, t) use the same random seed, which is a Gaus-
sian random variable. In other words, for the entire learning
algorithm across 1" episodes, the number of independent
Gaussian random variables in SSR-Bernstein is exactly 7.
In contrast, in O-TS-MDP, each tuple (s, a, t) has its own
random seed meaning that the total amount of independent
Gaussian random variables is O(ASHT). As compared to
O-TS-MDP, SSR-Bernstein does not fully randomize its
obtained data.

Although O-TS-MDP and the RLSVI-based algorithms
[Russo, 2019, Agrawal et al., 2021, Xiong et al., 2022]
share in common an exploration mechanism, the introduce
of O-TS to clip the left side of the posterior distribution
simplifies the theoretical analysis in two ways. First, upper
bounding the absolute value of the estimation error is not
needed in the theoretical analysis of O-TS-MDP (Proof of
Lemma 2 in the appendix presents more details). All the
aforementioned RLSVI-based algorithms upper bound the
absolute value of the estimation error, which is more com-
plicated than upper bounding the one-sided error, as stated
in Xiong et al. [2022]. Second, as compared to C-RLSVI
of Agrawal et al. [2021] and SSR of Xiong et al. [2022],
O-TS-MDP does not clip the randomized value functions to
values in [0, H]. Consequently, the analysis of O-TS-MDP
can reuse the value difference lemma (Lemma 16) directly.

s,a,t*
the regret analysis, we first construct the empirical MDP

M, = {S.AHP"1 klpo}, where fF~1 =

Recall that 0%, = 5\/H2 log? (T/é)/Ok L. To sketch



{ Hs.q t} collects all the empirical means. Let Vt denote the

value functions of a fixed policy 7 for M. To decompose
the regret, we define two high-probability events:

& = {' (PSka1 Ps*a*t) Viti| < Us a,t>
Ao = tsar)| S0k, ¥(s,a,t) ),
2
57]:* = { (Ps,a,t Pska}&) V?rl = s a,t
’/71; ,175 fhs,at] < 0k V(s a,t)}.

We prepare three lemmas to prove Theorem 1. Recall
Vi (s) is the value function of the optimal policy =, for

the true MDP M and f/v’;rk (s) is the value function of the
optimal policy m;, for the episode-dependent MDP M 4. Our
technical Lemma 2 upper bounds the expected performance
gap between the optimal policy 7, over M and the optimal
policy 7, over M.

Lemma 2. (Optimism). In episode k, we have

£ [ (sh) - Vb)) 1{ek )]
" 3)
< VEHLE[0(0h 1 n)]

Recall that V;™ (s) is the value function of policy 7, over
the empirical MDP M;,. Lemma 3 upper bounds the ex-
pected performance gap for a single policy 7 over MDPs
M .. and M;, and Lemma 4 upper bounds the expected per-
formance gap for policy 7 over MDPs M, and M. Note
that MDPs M, and Mj, are constructed based on the same

PR=1 which is determined by F,_1.
Lemma 3. (Posterior deviation). In episode k, we have

Tk

o) - PP h)] < VIS E[oh ]
4

E[W

Lemma 4. (Empirical deviation). In episode k, we have

E[( Vi (sh) 1 {et]

‘7
é{: [ 8¢,k (8¢,t), t} . &)

| /\

Proof of Theorem 1. We have

T
SB[ 68— V(b))
L ™ k iRk k
< Z E <V1 *(51) - Vll (51)> 1 {57&}
k=1
L Lemma 2
T ~ Tk k = k
+ > E (Vll (51)*‘/1%(51))
k=1
L Lemma 3
T - - k
+ S E | (b - v sh) 1{e)
k=1
T L Lemma 4
+ By plerl ypler
s r{er e {E)
Lemma18
S \/7 E |:Z Z O( ﬂk(sf,t),t>:| +O(1)
k=1t=

< 0 (\/W) ,
6)

<

where the last inequality uses Z Z O( oF e (s5.0).t ) <

—1t=
10) (\/ ASH 3T), a well-known result in the MDP literature
[Russo, 2019, Agrawal et al., 2021]. O

3.2 O-TS-MDP™"

Different from O-TS-MDP where only weak optimism is
guaranteed, O-TS-MDP™" is an OFU-inspired optimistic
algorithm with randomized value functions. O-TS-MDP™
takes a more aggressive clipping strategy to achieve strong
optimism. O-TS-MDP™ boosts the random sample to the
upper confidence bound if it is smaller than the upper confi-
dence bound. This aggressive clipping strategy contributes
to reducing the variance of the posterior distribution as com-
pared to O-TS-MDP, which, consequently, leads to tighten-

ing the regret bound to O (\/ ASH3T).

Similar to Algorithm 1, in each episode, O-TS-MDP™
~ ~ ~k
also constructs a model M, = {S, A, H, P11 ,po}.

Now, we present how to construct ;I’
ﬁl; alt + 20% , ; be the upper confidence bound for (s, a, t)
which is determined by Fi_1. At the beginning of episode

k, for each (s, a,t), O-TS-MDP* draws a random sam-
ple i, ~ N (@2h (o8,.4)°)- Then, O-TS-MDP*

k &
cLet g, =

—k o
< .us,a,t' Let H s,a,t =
max {7i¥ , ,,7i¥ , , } denote the sample value after the boost-

boosts it to ¥, , if T

~k
ing. The PDF for the distribution of ', ,, can be de-
fined as f/(z) = 0if < @¥,,. Otherwise, f'(z) =



¢ (x Ius * t7 (Us,a,t)Q) +(D (ﬁsmt; ﬂlsc;l»lta (0'87a,t)2) 6(.23_
Bk . ), where ®(x; 1, 02) denotes the cumulative distribu-

tion function (CDF) of A (y,0?). Let ﬁ'k = {,J’I;at}
collect all the samples after the boosting. After constructing
M],, O-TS-MDP" computes the optimal policy 7, for M,
by using backwards induction. Algorithm 2 presents the
pseudo-code of O-TS-MDP™. The differences between O-
TS-MDP and O-TS-MDP™ are highlighted in Algorithm 1
and Algorithm 2, respectively.

Algorithm 2 O-TS-MDP™"

1: Input: MDP instance M, number of episodes T’
2: Inltlallzatlon
SetOsat « 0, Psat « 0, Hs.at < 0,Y(s,a,t)

3: for eplsode k=1,2,...,Tdo

4 SetV’ H+1 =0

5: fort=H,H—-1,...,1do

6: for s € S do

7: for a € Ado

8: Draw fis a0 ~ N (s (0F00)°)
Setﬁsat EﬁSﬂt+2asat
Set fil o4 ¢ max { [, at,lts s,a, t}
Set Qé,mt — :ub,a,t + P a tV t+1

9: end for _

10: Set (s, t) < argmax e 4 Qs,a.t

Set V’:k (S) — Qs,ﬂk(s,t),t
11: end for
12:  end for

13: Sample s§ ~ po, run m, and update figk . (k1.0
O, )¢ and ﬁsf,m(sf,t),t forallt € [H].

Sy ﬂ"kS,t

14: end for

Now, we present a regret bound for Algorithm 2.

Theorem 5. The regret of Algorithm 2 is O (\/ ASH 3T>.

O-TS-MDP™ achieves the same (near)-optimal regret bound
as OPSRL of Tiapkin et al. [2022a] and SSR-Bernstein
of Xiong et al. [2022]. O-TS-MDP™ can be viewed as a
randomized version of UCB-VI [Azar et al., 2017]. It is
important to note that the O-TS-MDP™ learning algorithm
itself does not need a Bernstein-type bonus. However, the
analysis of Theorem 5 relies on a concentration bound that
is derived based on Bernstein’s inequality (see Lemma 17
for more details).

Now, we sketch the regret analysis. Recall that ﬁf; at =
ﬁ]f alf + 2a§7a7t. We first construct a new MDP M, =
{S,A, H, ﬁk’l,ﬁk,po}, where i* = {ﬁl;’a’t} collects
all the upper confidence bounds. Let V? be the value func-

tions of a fixed policy 7 for M},. Note that conditioned on
history F_1, although the constructed Mj, is deterministic,

V71" (s) is still random as 7, is random. Recall that 7y, is the
optimal policy for M /. We still use £F and Efﬁ* , the events
that have been defined in (2), to decompose the regret. We
prepare three lemmas for Theorem 5.

Lemma 6. (Optimism). In episode k, we have
B[(vish-Vieh){es ] <0 @)
Lemma 7. (Posterior deviation). In episode k, we have
VT SR VAL Z
E {(V 1 (s1) =V (31)>:| < z:: [ sk (sk ), t] :

3)
Lemma 8. (UCB-like). In episode k, we have

YTk k 7Tk k
-]
< 2 Z E [Jsk ——— t] .

Proof of Theorem 5. We have

Vit (si))]
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4 O-TS AND O-TS-BANDIT"

Since a stochastic bandit problem can be viewed as a special
MDP with S = 1, H = 1 and Chapelle and Li [2011] have
already demonstrated the empirical performance of O-TS for
stochastic bandits, to fill a gap in the stochastic bandit litera-
ture we present regret bounds of O-TS for stochastic bandits.
In addition, we propose O-TS-Bandit™, an OFU-inspired,
optimistic learning algorithm, for stochastic bandits. Note



that O-TS-Bandit™* can be viewed as a randomized version
of UCBI1 [Auer et al., 2002].

Now, we present the learning problem of stochastic ban-
dits with bounded rewards formally. In a stochastic bandit
problem, we have an arm set A with size A. At the be-
ginning of each round ¢, the environment generates a re-
ward vector X (t) = (X1(t), Xa(t),...,Xa(t)) with each
X;(t) € [0,1] ii.d. over time from a fixed but unknown
probability distribution with mean p;. Simultaneously, the
learning agent pulls an arm J; € A. At the end of round ¢,
the learning agent observes and obtains X j, (¢), the reward
associated with the pulled arm. The goal of the learning
agent is to pull arms sequentially to accumulate as much re-
ward as possible over a finite number of 7" rounds. Without
loss of generality, we assume that the first arm is the unique
optimal arm. In other words, we assume py > p; for all
j # 1. Let Aj := p; — p; denote the mean reward gap.

We use regret to measure the performance of the learning
agent’s decisions. Similar to (1), the regret is defined as

T
R(T) = T'MlE[tzlﬂJt:| , (11)
where the expectation is taken over .J;. Different from
episodic MDPs, where only the worst-case regret bounds
are analyzed, for stochastic bandits we are interested in both
problem-dependent regret bounds and problem-independent
regret bounds. The difference between problem-dependent
regret bounds and problem-independent regret bounds is
the former one depends on the mean reward parameters
W1, o, . . ., b4 While the latter one provides a regret bound
for all the possible choices of mean reward parameters.

We introduce additional notation specific to stochastic ban-
dits. Let O (¢t — 1) denote the number of pulls of arm j by
the end of round ¢ — 1 and ﬂj,oj (¢t—1) denote the empirical
mean of arm j by the end of round ¢ — 1.

41 O-TS

The learning algorithm of O-TS is presented in Algorithm 3.
Similar to Algorithm 1, at the beginning of each round
t, for each arm j € A, a random sample 7z;(t) is drawn
from NV (11,0, 1—1), 1/O;(t — 1)) If fz;(t) is smaller than
5,0, (t— 1), it will be boosted to 15,0, (t—1)- Let [ (t) =
max {u] 15,0, (t-1 } With all z2;(¢) in hand, the learn-
ing agent pulls arm J; = arg max;¢ 4 11 (t).

Now, we present regret bounds for Algorithm 3.

Theorem 9. The problem-dependent regret bound of Algo-
rithm 3 is Y 4.n, 50 O (lnA(tj)).

Theorem 10. The problem-independent regret bound of
Algorithm 3 is O ( AT 1n(A)).

Algorithm 3 O-TS (Optimistic Thompson Sampling
[Chapelle and Li, 2011])

1: Input: an arm set A

2: Pull each arm once to initialize O, 11,0

3: forroundt=A+1,A+2,... do

4. foraec Ado

5: Draw [1;(t) ~ N(ﬁjoj,l/O)
Setﬁ"j()enmx{/“ B0, )

6: end for

7: Pullarm J; < argmax;¢ 4 11(t)

8:  Update O, and fi;, 0,,

9: end for

J

O-TS achieves the same problem-dependent and problem-
independent regret bounds as Thompson Sampling with
Gaussian priors (TS-Gaussian) (Algorithm 2 in Agrawal and
Goyal [2017]). The key difference between O-TS and TS-
Gaussian is TS-Gaussian uses normal distributions while O-
TS uses one-sided Gaussian distributions with the left side
being clipped. The problem-independent regret bound of O-
TS is minimax optimal up to a /In(A) factor. Note that O-
TS and TS-Gaussian are not optimistic learning algorithms.

4.2 O-TS-BANDIT™

An OFU-inspired optimistic learning algorithm, O-TS-
Bandit™, is presented in Algorithm 4. Similar to Algo-
rithm 2, O-TS-Bandit™ does the clipping aggressively to
boost optimism and can be viewed as a randomized ver-
sion of UCBI [Auer et al., 2002]. Let 7z,(t) = 115,0,(t-1) +
v/1.51n(t)/O;(t — 1) be the upper confidence bound. O-
TS-Bandit™ boosts f(t) to 7i;(t) if it is smaller than
7i;(t). Let p(t) = max {#;(t),m;(t)} denote the value
after the boosting. Then, O-TS-Bandit* pulls arm J; =
argmax;c 4 /1;(t). The differences between O-TS and
O-TS-Bandit™ are highlighted in Algorithm 3 and Algo-
rithm 4, respectively.

Algorithm 4 O-TS-Bandit™

1: Input: an arm set A

2: Pull each arm once to initialize Oy, [i; 0,

3: forroundt =A+1,A+2,... do

4: forje Ado

5: Draw ﬁj (t) ~ N (ﬂj7oj, 1/0{7‘)
Set f1; < fij.0; ++/1.51In(t)/0;
Set (1) + max {7i;(1).75;(1)}

6:  end for

7. Pullarm J; < argmax;¢ 4 15(t)

8

9

Update O, and 11, 0,,
: end for

Now, we present regret bounds for Algorithm 4.



Theorem 11. The problem-dependent regret bound of Algo-
rithm 4is 37 c 4,00 (hgr)).

Theorem 12. The problem-independent regret bound of

Algorithm 4 is O (\/AT 1n(T)>.

O-TS and O-TS-Bandit™ have the same problem-dependent
regret bound. For the problem-independent regret bound,
O-TS-Bandit™ is worse than O-TS. Note that O-TS-Bandit™
is an optimistic algorithm. O-TS-Bandit™ and MOTS [Jin
et al., 2021] share in common that they both clip the Gaus-
sian distributions based on the upper confidence bounds.
The key difference lies in that MOTS clips the upper tail of
Gaussian distributions to control the overestimation of the
sub-optimal arms while O-TS-Bandit™ keeps the upper tail
of the Gaussian distributions to preserve optimism.

S EXPERIMENTAL RESULTS

In this section, we evaluate the empirical performance of
our proposed algorithms O-TS-MDP and O-TS-MDP™ for
MDPs with S = [5,20,50], A = 3 and H = 10. For a
fair performance comparison, our experimental set-up is
fully adopted from Dann et al. [2017], where the empir-
ical performance for several UCB-based algorithms was
studied. For a specific (s, a,t), the random reward X , ¢
in each episode is drawn from a Bernoulli distribution with
parameter L , ;. To ensure the sparsity of the random re-
wards, we set (s, = 0 with probability 0.85 and with
probability 0.15, the value of fi, 4+ is drawn from a uniform
distribution. The sparsity design is to control the occurrence
that sub-optimal policies can obtain rewards by chance. We
compare O-TS-MDP, O-TS-MDP*, SSR-Bernstein [Xiong
et al., 2022], and TS-MDP, a Thompson Sampling-based
learning algorithm without clipping the posterior distribu-
tions, i.e., constructing the episode-dependent model as

M= {S,.A7 H, ﬁk‘l,ﬁk,po}. We set T' = 107 and com-
pare the cumulative average rewards of each episode.

S=5A=3H=10

0.5 4 = SSR-Bernstein === O-TS-MDP
TS-MDP = O-TS-MDP*

0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 1: Empirical performance for 5 states

$=20,A=3,H=10

1.5 A1
T 1.0
©
=
(]
o
0.5 s o ¢ o ¢ 5 ¢ 1 ¢
LTI
=== SSR-Bernstein === O-TS-MDP
0.0 - TS-MDP « O-TS-MDP*

0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 2: Empirical performance for 20 states

S$=50,A=3,H=10

1.5 A

°

5 1.0 1

3

I S
0.5 A

= SSR-Bernstein === O-TS-MDP

0.0 TS-MDP + O-TS-MDP*

0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 3: Empirical performance for 50 states

As shown in Figure 1, the rewards for all algorithms steadily
increase as the learning agent gains a better estimation of the
parameters of the true MDP over time. When the number of
states is small (S = 5), O-TS-MDP performs slightly bet-
ter than O-TS-MDP. TS-MDP demonstrates a similar trend
as O-TS-MDP since they are both Thompson Sampling-
based algorithms. Despite the lack of theoretical analysis,
TS-MDP does achieve better empirical performance. The
gap between O-TS-MDP and TS-MDP comes from the fact
that clipping the left side of the posterior distributions in-
creases the chance to visit a sub-optimal (s, a,t), just as
implied in the design of MOTS [Jin et al., 2021]. It is not
surprising that SSR-Bernstein outperforms the remaining
algorithms as it is theoretically optimal. Figure 2 and 3
show similar trends for Thomson-sampling-based methods
in larger state space. SSR-Bernstein still performs the best.

It is important to note that SSR-Bernstein uses a single ran-
dom seed for all (s, a,t) in each episode. In contrast, in our
proposed algorithms, each (s, a, t) has its own randomness
within an episode. In other words, our proposed algorithms
inject more randomness than SSR-Bernstein. Additionally,
SSR-Bernstein needs to construct confidence intervals to
tune the magnitude of the variance, whereas our algorithms
are simpler and easier to implement and enjoy good regret



bounds. We also implement UCB-VI [Azar et al., 2017] and
more experimental results can be found in Appendix H.

6 CONCLUSION AND FUTURE WORK

In this work, we have presented two Optimistic Thompson
Sampling-based learning algorithms, O-TS-MDP and O-
TS-MDP, for episodic MDPs. The key feature that distin-
guishes our proposed learning algorithms from the existing
RLSVI-based algorithms [Russo, 2019, Xiong et al., 2022,
Agrawal et al., 2021] is the introduction of O-TS to avoid
upper bounding the absolute value of the estimation error,
thus simplifying the regret analysis. This work leaves two
interesting open questions. Just as pointed out in Abeille
and Lazaric [2017], Pacchiano et al. [2021], Agrawal et al.
[2021], removing the extra v/SH factor is challenging if
the learning algorithms are Thompson Sampling-based. The
first open question is whether the ideas in SSR of Xiong
et al. [2022], i.e., controlling the amount of randomness
within the learning algorithm, can be used to tighten the re-

gret bound of O-TS-MDP to 9] (\/ ASH3T ) Our thought

is that by reducing the amount of posterior random samples,
a better regret bound for O-TS-MDP may be possible. The
analysis of O-TS-MDP and RLSVI-based algorithms all rely
on the property that the sum of multiple independent normal
random variables is still normally distributed, and normal
distributions have nice anti-concentration bounds. Although
Tiapkin et al. [2022a] have proved a sharp anti-concentration
bound for Dirichlet distributions, the distribution of the sum
of multiple independent Dirichlet random variables is still
less understood. The lack of understanding of Dirichlet dis-
tributions results in the need for multiple posterior samples
in OPSRL of Tiapkin et al. [2022a]. The second interesting
open question is whether we can reshape the Dirichlet poste-
rior distribution in an optimistic way to improve the number
of Dirichlet random variables in OPSRL to one.
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APPENDIX

The appendix is organized as follows.

Appendix A presents proofs for Theorem 1 ;

Appendix B presents proofs for Theorem 5 ;

Appendix C presents other technical lemmas used in MDPs ;
Appendix D presents proofs for Theorem 9 ;

Appendix E presents proofs for Theorem 10 ;

Appendix F presents proofs for Theorem 11 ;

Appendix G presents proofs for Theorem 12 ;

® N kA wDh =

Appendix H presents additional experimental results.

Since E [(Vy™ (s¥) — V™ (s§))] = E |E [(V{™ (s) — V™ (s)) | st = s]] , for the analysis in Appendix A and Appendix B,

we upper bound the expected value difference conditioned on s¥ = s. For ease of presentation, we drop the conditioning.
A PROOFS FOR THEOREM 1

To prove Theorem 1, in episode %, we also construct another MDP M}, = {S A H, ]3’“*1, ", pg}, where 1% = {ﬁ’j “ t}

collects all the random samples that are initially drawn from Gaussian distributions (before doing the clippings). Note that
M;, can be viewed as the “parental” MDP of M .. Let Vt denote the value functions of a fixed policy 7 for M;, in round ¢.
We have the following facts.

1. The MDPs of Mk and M,’C use the same P*~1 to construct the models.
~k 0 .
2. The learning algorithm of O-TS-MDP guarantees p’ , , > u’; a¢ for all (s, a,t) hold simultaneously.

~k
3. The learning algorithm of O-TS-MDP guarantees /' , ; > i alt for all (s, a, t) hold simultaneously.

k-1

4. The empirical estimates of 11~ and P the distributions for ¥ and u’ , and whether event 57’:* is true or not are

all determined by Fj_.

Letcy = B \/—

Lemma 13. (Weak optimism lemma). For any instantiation Fy,_q of Fy_1 such that event Eff* is true, we have

}P’{l {er ) (f/{f*(s) - Vf*(s)) > 0| Fooy = Fk_l} > ¢. (12)

The proof of Lemma 2 uses the result stated in Lemma 13.

Proof of Lemma 2 (Optimism lemma). We use Markov’s inequality and Lemma 13 to complete the proof. Some parts of the
analysis use ideas presented in the proof of Lemma 6 in Russo [2019]. We would like to highlight that the introduce of O-TS
simplifies the analysis avoiding upper bounding the absolute value of the estimation error.

We first rewrite the LHS in (3) as

T

E[1{et} (v (&) = V() | Fioa]

LHSof 3) = E (Vf*(S)—W?(S)) 1{& }}

(13)
=@ E|E [1 {eF 3} (Vf*(s) — max Wf(s)) \ ]:k_l} ,

A




where equality (a) uses the fact that policy 7, is the optimal one for MJ, i.e., ‘771% (8) = maxyen /17’7;(5) Since A is
determined by Fj_1, we only need to consider all the instantiations Fj,_; of Fj_1 such that A > 0. Let E;_1 [[] =
E[ | Fx—1 = Fy—1]and Py {-} = P{- | Fx—1 = Fx—_1}. Conditioned on such F}_;, we use Markov’s inequality and
have

Ex_; |Max {0, 1{&k} <‘A//’;rk (s) —Er_1 [meaﬁ( \7/’717(5)] > }
A<
Pis_1{ max {0, 1{&r } (/‘771% (s) —Ep-1 [r;lgg Wf(é’)} ) }zA (14)

L.v.

Ex_1 [Irlax{o7 (W;rk(s)_]Ekfl [g}gﬁ(ﬁf(‘?)} ) H

Pea et (VT 0-Beo [mar 7T )] ) 20

IA

Construct a lower bound. Now, we construct a lower bound for the denominator in the last step of (14) by using
Lemma 13. We have

Pr_141 {57’:*} /‘7;;”‘ (S) — Ej_1 |max /—Vv/:(s) > )\}

= Pr_1<1{&F } W?k(s) —Ep_1 Iglaxf/v’l (s)| ) > Ex_y {1 {er } (Vfr (s) — Iglear)[{f/v’l (s))} }
= P {1 {eE Y (VI () = V™ (s)) 2 0 (15)
> Py 1{&k (v ( (s)

>0 Py {1{ek ) (W () -V () 2 0f

>(C) Co

)

where inequality (a) uses the fact that /ﬁ?k (s) > f/v’;r (s) as policy my, is the optimal one for M}, and inequality (b) uses the
fact that V' 71T* (s) > V™ (s) as MDPs M/, and Mj, are constructed based on the same PF=1 and O-TS-MDP guarantees that

~k
Wesat = ﬁ’; a,¢ for all (s, a,t) hold simultaneously. Inequality (c) uses Lemma 13.

Construct an upper bound. To construct an upper bound for the numerator in the last step of (14), we introduce a new

- ~k ~k ~k
= Spl1 S = ~k =~ . .
MDP M| = {8, A, H, PP ,po}, where /' , ; ~ /\/”f’a,t. Note ¢/, , , and pt/ , ; are i.i.d. according to N’f’a,t,

distribution determined by Fj_;. Let f/v’t denote the value functions of a fixed policy 7 for M .. Then, we have

a

=Tk m

Bt V71 (91| < B 79| = Bacs [max P70 (16)



Now, we come back to constructing the upper bound for the numerator in the last step of (14). We have

Ery [max {0,777 (s) - By mgg’vvfﬁs)} H
. et
v, <s>|7rk] H

1|
|

~k -
(5) =V () |m,M4

<@ max { 0, V71" (s) — Ex_y

Tk k

WI (S) - Ek*l /‘}71

IN
&=
T

o .
Vi (s) = Eg—q |V (s) | ﬂ'k,M,’c}
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Eeq | (V']

Tk Tk

VI (s) = V7y ()

T Tk

VI (5) = D7 (s) + U (s) = V7y (s)

Er—1 ‘ | Wk,M/c}

Tk Tk

VI (s) = V7 (s)

VI (s) = V()| | + B { V() = V1 (5

|

Tk

B ||V () = V™ (s)| | m

+ Er_1 |Er_q ‘71771“ (S) — f‘/\v/ll

A7)

)| 1™

1,>0

k

—(b) Ein_1 |Er_q /—V\Tlrk (S) — ‘717rk (8) | Tk +Er_1
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By [ V) (5) = V™ (s) | m

11 712

Tk

&) =T @] + B [0 -7

Tk

= E,_, [fﬁl

where inequality (a) uses (16) and equality (b) uses the fact that conditioned on F;_1 = Fj,_1 and 7y, we have I; > 0 since
- R ~ ~k
MDPs M; and Mj, are constructed based on the same P*~! and O-TS-MDP guarantees 1/ sat > ﬁ’:;}t forall (s, a,t) hold

simultaneously. Similarly, we have 1o < 0.

Upper bound A\. By plugging (15) and (17) into (14), we have

k

A

IN

L (B [P0 = 7 9] | V)

By plugging the upper bound of X into (13), we have
Eli{er} (v o) -Vi'e)] <
Now, we use Lemma 3 to upper bound (19). We have

S N H
E [V’l (s) — ka(s)} < \/STJ;]E [ak }

5¢,Tk (5¢,t),t

Similarly, we have
=Tk N H
E {Vll (s) — Vfrk(s)] <VSHY E [Uft o (50,8) t} ,
=1 ) tsl)s

which concludes the proof.

Before presenting the proof of Lemma 3, we present Lemma 14 first.

(-7 )

0 (Bcs [77* () = V7 (9] + B [77] () = 7729

(18)

19)

(20)

ey



Lemma 14. Let [i be a constant in R and o > 0 be a positive constant. Let i’ be a random variable that is drawn from a
distribution with probability density function f'(x) defined as the following.

") =14 7 if e <
f(x)_{ ¢ (z371,0%) +0.5-8(x — 1), ifz> [, (22)

where ¢ (x; i, o) denotes the PDF of N (Ji,o*) and 6(x) denotes the Dirac delta function. Then, we have E [ii'] — i < o.

Proof of Lemma 14. We use the definition of expectation to complete the proof. We have

I
)
8

(¢ (z;18,0%) + 0.5 6(x — i) do (23)
z—i)2 x—[ 2
L~ 55 dr + f;mﬁg\}ﬂe_( =2 da + 057
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Proof of Lemma 3 (Posterior deviation lemma). We have

~

B[V () -~ )] = BB |V () = 0 (s) | Feor, 1

L L LHSinLemma 16

H
~k o . .
= E|E |Es, sy lz (Mlst,ﬂk(sut),t _Mgtﬂlk(stat)vt) |fk17Mé] ‘]:kihMllc

t=1

L L RHS in Lemma 16

H , 1 o 5
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t=1

= E (" ~k—1
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Lemma 14

< iE[@~0k ] :

5¢,7k (St,t),t

5 (24)
where the second equality uses the fact that conditioned on Fj,_, and M}, the policy 7, is determined. O



Proof of Lemma 4 (Empirical deviation lemma). We have
B (70— V) -1 )]
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L L LHS in Lemma 16
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( St, Wk(styt) t

k k
L Sgst,wk(st,t),t Sastvﬂ'k(stvt):t

T H

E E {ESQ SH {Z 208 - seint | Wk,]:k—1] \ ﬂ'ka]:k—lH
L t=1

E52 WSH |:Z 20'& 75 (st t)t|ﬂ—k?7]:k 1:|:|

E
= é: [ stm(st,t)t}

IN

(25)
o . T
The last inequality uses the fact that if event £ is true, we have | (7%} — ps.a¢)| < 0%, , and ‘ (P:aj - Ps7a7t> th’“l‘ <

ok .. forall (s, a,t) hold simultaneously. O

Proof of Lemma 13. The proof is very similar to the proof of Lemma 5 in Russo [2019]. We use anti-concentration bounds
of Gaussian distributions shown in Lemma 19. Let P {-} =P{- | Fx—1 = Fy_1} and Ex_y [| = E[ | Fr—1 = Fr_1].

We first rewrite the LHS in (12) as

Pros {1{EE} (V7 (9) =V (9) 2 0f = Bea §1{ER}- (Vi () = V() 2 1{€X}- (Vi (9) — V7" (9)

Ig Il
(26)
Conditioned on Fj_1 = F}_1 such that event Eff* is true, we construct an upper bound on I;. We have
L= Vi (s) =V (s)
————
LHS in Lemma 16
~ T
~k—1 k-1 . _
= Essn Z (Mshm(sf,t),t - Msmr*(smf),t) + (PSt,m(St,t)’t - Pst,ﬂ'*(st,t),t) Vtﬁ-l | Fr—1 = Fy—1
Lt=1
27)
RHS in Lemma 16
[ & ~k—1 k—1 Ty
< Essm t; Fsyma(sest)t — Mstaﬂ*(stat)vt‘ + ’(Psf Ta(85t),t Pstaﬂ'*(stat)vt) Vtﬁll | Fe1= Fr
= E .
< E527 H Z2Jst7-r*5tt t|]:k? 1—Fk: 1:| 5
Lt=1
where the expectation is taken over the sampled trajectory so, . . ., s drawn following 7, and P*~1 given s as the initial state.

s,a,t

The last inequality uses the fact that if event 57’5* is true, we have |,us,a t— ué a L < cré o, and ‘ ( s,a,t — Pr- 1) Vi <

ok . forall (s, a,t) hold simultaneously.




By plugging the upper bound on I; in (26), we have

(26) Py,

I

v

Pr_1

t
Er_1

927

{ (7 - 7)) 2

I3

oo { (79 = 77 (6)) 2 B |

1{et }- (V)= () 2 1{ek }- (VT (9) = 7 (s)

I

1 {671;.:*} . (‘7171—*(8) —_ ‘7{"*(8)) Z 1 {571:*} . (]E52 ..... SH |\Z20’St ‘IT*(Sf t) t | fk 1= Fk- 1

t=1

)

an upper bound on Iy

k
USt,‘IT* (s¢,t),t | ]:k 1= Fk 1:|}

H
1
H
|:Z 20’615#&(5,5,1&) t | Fr1=Fr_1
t=1

[\

~ ~ H -
Eip_1 [Ep_q1 |1 (V'lﬂ'* (S) — ‘/1“* (3)) > ESQ,_“’SH l:z 20§t,7r*(st,t)7t | Fr_1= Fk—1:| | M,
t=1

Now, conditioned on F;_1 = F;_1 and M}, we rewrite I as

H
I

‘717& (3) — Vlﬂ'* (5) = Esz,.A.,sH |:f_

where the expectation is still taken over the sampled traj
initial state. Then, we have

~k
2:1 (’uSt,ﬂ'* (seot)t

k1 -
’ustﬂf* (5t7t)7t> | Fh—1 = Fi-, Mk:l )

ectory S, ...

ﬁft,;*(st, )|-7:k 1= Fyoy, My | >
N Fit = Fi 1”|Mk”

k-1 |
b Fsy o (set), )|]:k 1 = Fy1, My | >

| Fr1 = Fk—laMk:| } | Mk”

~k—1
Msmﬂ'*(sht )

(28) = Ep_1
2
[ H
= Ekfl Ek*l 1 ]Esz’ SH Z (Mst i (St,t),
t=1
L L =] )
ES% SH tZ:l 20’5t,7r*(st,t)
_ _ = .
= Ek*l Ek,1 1{E52 ..... SH Z:I(ust,ﬂ'*(st’t)
t=
L L = .
Eosisn E QOSt;W*(St:t)v
Lt=1
= Ekfl Ek—l 82, HSH [Z (/’[’St,ﬂ'* (s¢,t),t
t=1
Tk _
For each (s,a,t), letnk , , .=

policy . and pk-1 given s as the initial state. Now, we e

H
I3
t=1 seS

I3

xpress I3 as

H

k k
§ : E :wsvﬂ'*(svt)7t ’ ns,ﬂ*(s,t),t - § : § :wSJ{'*(S,t),t : 2Us,w*(s,t),t

t=1 se8S

=X
Since ,usat ~ N(MsawSH(

(o,z S SH -

t=1seS

=z

(28)

(29)

, s drawn following 7, and pk-1 given s as the

)t Qo-n]:mﬂ'*(smt)’t) | Fr-1 = FklaMk] >0 | Mk

(30)

ﬁ’;;}t and w; 4 ¢ be the probability that (s, @) is visited in round ¢ when following

€2

)2>, we know nf,, ~ N(O SH (o Sat)2), which future implies X ~

2
(ws,m(&t)’t)Q . (O’fm*(s’t%t) > Now, we construct an upper bound for z using Cauchy-Schwarz in-



equality. We have

H ) H 2 & & 2
z < E Z 2 Z Z (ws,ﬂ*(s,t),t) (Us)ﬂ*(stt)i) <2VS8 Z Z (UJS i (8,t), t) (0'5777*(5)75)’,3) . (32)

t=1seS t=1seS =1seS

Now, we come back to (30) and have

(30) = Ek?*l Zzws i (s,t),t " ns e (8,t),t Zzws T (s,t), 203 ;e (8,t),t 20 ‘ Mk
t=1 seS t=1 seS
L =I3
H H
= Ep_1 |1 Z Zws,ﬂ*(s,t)7t : n:‘n'*(s,t),t - Z Zws,ﬂ'*(s,t)yt ’ 20§,ﬂ*(s,t),t >0
t=1 s€S8S t=1 s€S8S (33)
L X z
A k
= Pkl{z ZWSﬂ*(st)t nsn—*(st Z Zwsrr*(st)t 20'87‘— (st)t—o}
t=1seS =1seS
H ) 2
2 Pr Z Z Ws,ma(s,t)t ny ra(sit)t = \/SH 32 (Woma(sit) (Uf,m(s,t),t)
=1 seS t=1seS
X
> ¢
where the last inequality uses anti-concentration bounds of Gaussian distributions shown in Lemma 19. O

B PROOFS FOR THEOREM 5

Proof of Lemma 6 (Optimism lemma). As O-TS-MDP* guarantees Vi(s) < f‘ﬁf (s) < ,‘ﬁ? (s), we only need to show
that if event E¥ s true, we have V™ (s) < V1" (s) to complete the proof. We use backwards induction to prove this claim.

pk—1 * SV e 0
Recall event EF = {|u5,at T at’ <ok, (Ps,at Py at) Vi < og at,VS,a,t}. Define Vi = Vg, = 0.

If event cﬁ',’f* is true, we have the following.

When t = H, for any s, we have
Vi (s)

Hs,m.(s,H),H + PsTTr* (s,H),HVIZITfi-l
—_— ————

=0
~k—1
Ms‘n'*(sH)H+ e'rr*(eH)H

~k—1

'us,Tr*(s,H),H + 2Us,?u(s,H),H (34)

-k k—1
P mo (s, H), H + Ps,w*(s,H),H’VH+1>

A CIA

— =0
Vi (s)

When t = H — 1, for any s, we have

VHﬂil(S) = Msm.(s,H-1),H— 1+P «(s,H—1),H— 1Vﬂ-*

IN

~k—1 pk—1 * k
B pu(o 1) d-1 T Obn (s 1)1+ <Re,m(s,H—1),H—1v Vi > t O r (s, H-1),H~1 (39)

IN

N’s,ﬂ'*(s,Hfl),Hfl + <Pf,7r*1(s,H—1),H—17 VTIr{*>
Vig_1(s)



When ¢ = 1, for any s, we have

VT (s) = tsmsa+ P naVe”
~k—1 k pk—1 T k
< Ms,?r*(s,l),l + Os,‘n'*(s,l),l + <Ps,7'r*(s,1),17 ‘/2 > + as,w*(s,l),l (36)
< B (s, T <Rf;;*1(571),17 V2*>
= Vl*(s) ’
which concludes the proof. O
Proof of Lemma 7 (Posterior deviation lemma). We have
E [V (s) = Vi*(s)]
= E|E V() = Vi'(s) | Fir, M
L L LHSinLemma 16
o
= E|E |Es. sn [Z ('ulst,ﬂk(smt)»t _ﬁ];tuﬂk(sht)vt> | ]:k_l’M];‘| | Fre—1, M,
t=1
L L RHS in Lemma 16
H L - (37)
= E527~~55H ; (/1’ St,mE(Se,t),t /J’st,ﬂk(st,t),t> | ‘7:]9*17 Mk

I
M=z &

E ~k _ —k
sy (se,t) t 'ust,ﬂ'k(st,t),t

o~
Il
-

~k .
E|E {(#/s,,,wk(s,,,t),t - Nf,,wk(st,t),t> | Tk, Fre1s St}

Lemma 15

[
M=

-
Il
N

M=

k
< E [Ust,m(st,t),t] ’

~
Il

1

where the first equality uses the fact that conditioned on Fj,_; and M 1, MDP Mj, and policy ), are determined. Note that
M;, and Mj, are constructed based on the same P*~1. O

Proof of Lemma 8 (UCB-like lemma). The proof is very similar to the proofs for Lemma 4 and uses the result of Lemma 4.
Note that 7, may not be the optimal policy for M},. We first do the following decomposition. We have

B[V - vr) 1] £ (T 7o)« B (7 - o) 1 6]

(38)
H
<X E[ngtwk(st,at)’t}, Lemma 4
For the first term above, we have
E[(Vi*() - V()]
= E|E {(VT’C (S) — ‘717% (8)) | ,’Tkafk—l}}
[ H
- EE [ES%“’SH |:tZ:1 (ﬁl‘:ﬁ’”’“(si’t%t - ﬂ]:t_;ﬂlk(st,t),t) | 7Tka]:k—1:| | 7Tk7]:k—1:|:|
L =
o ~k—1 39)
- ESQ’“WSH |:t21 (‘uit’ﬂ'k(st’t)’t o ust7wk(st7t),t> | ﬂ-k’w/_'.k—l:|:|

I
Mz &

—k ~k—1
E [('uSt,‘ﬂ'k(St-,t)i - Mstyﬂk(st;t%t)}

k
A |:20-5ta7rk(st7t)7t:|

-
Il
—

I
NgE

~
Il
—



Then, we have

M=

68) < LE[0(oh piman)] (40)

which concludes the proof. O

t

1

Lemma 15. Let [i be a constant in R and o > 0 be a positive constant. Let i = [i + zo, where constant z > 0. Let [i’ be a
random variable that is drawn from a distribution with probability density function f'(x) defined as the following.

! _ Oa lfﬂ?<ﬂ,
fu){¢@ﬁmﬂ+®@ﬁm%&x—m,#x2m @b

where ¢ (x; 1, 02) and ® (x 1, 02) denote the PDF and CDF of N' (ﬁ, 02), and §(x) denotes the Dirac delta function.
L -
I

Then, we have E [ii'] —

Proof of Lemma 15. We use the definition of expectation and have

E (1]
fjoojxf’(z)d:c
= f;ooxf’(a:)dx
= 7w (¢ (27, 0%) + @ (1 B,02) 8(x — 1)) da
z—p)2 z—71)?
= f;oo(m—ﬁ)m}ﬂef('%é) daz—i—f;w 1~ 127re*(za2) de + - @ (11, 0%) @
o—p)2 _ o—p)2
- ;oo(x _ﬂ)g 12776_(2?2)‘133"'/7' (1 - ffoo o 1271_6_(202)6[1‘) th-e (ﬁ;ﬂ7 02)
o0 ~ _@=n)® ~ SN _ o~
< Y-t 2 det i (1- @ (mh,0%) + 7 @ (5 6, 0%)
< o+pi+zo-® (@, 0%
< o+p+zo
= o+pn .
O

C OTHER LEMMAS USED FOR MDPS

Lemma 16. (Value difference lemma, Lemma 3 in Russo [2019], Lemma E.15 in Dann et al. [2017]). Consider any fixed
policy m and two MDPs MV = (S, A, H, P, W pg) and M® = (S, A, H, PP, 1 py). Let Vtﬁ’(l) and Vtw’(z)
denote the respective value functions of @ under M) and M2, Then, for any s, we have

VoW (s) — v Ps)

H 43)
_ () (2) & @) Tom@) (
o ES2 """ SH |:Z </1'St777(5t7t)at - ’u’Sty‘ﬂ'(St,t)yt) + (Psn'n'(st,t),t - Pst,ﬂ'(st,t),t) ‘/;+1 | S1= S:| ’

t=1
where the expectation is over the sampled state trajectory ss, . . ., sg drawn following 7 in MV given s as the initial state.

Lemma 17. (Proposition 5.2 in Agrawal and Jia [2020]). For any fixed vector h € [0, H]®, let p € A® be the average of n
independent multi-noulli trials with parameter p € AS. Then, for any § € (0,1), we have

H2log*(T/9)

PLIP—p)Th|>5
(P —p)" h| > -

J . (44)

Proof of Lemma 17. Proposition 5.2 in Agrawal and Jia [2020] is derived based on Bernstein’s inequality already. By setting
¢; = H and using the fact that v; < p; in Proposition 5.2, we have 2\/log(n/5) <ZS % < 2\/H”0+2(T/5) and the fast

rate term 3H log(j/ 0) < 3H log(g/ 9 < 3H 1/ IOgQ(TT/é). Combining both terms, we have the stated concentration bound. [J



Lemma 18. In any episode k, we have P {ﬁ} < O(SAHTYS) and P {ETS*} < O(SAHTY).

Proof of Lemma 18. For each (s, a,t), we let P"eet) denote the average of n , ¢ independent multi-noulli trials with

s,a,t
(nsaf)

parameter P o ¢ and fig ,’;

denote the average of ny , ; independent Bernoulli trials with parameter fi; o ¢.
Proofs for the first claim. We have

o k—1 T

P {5 } < P {Els,a,t : (PS " Ps,a,t) AT

For the first term above, we use Lemma 17. For the second term above, we use Hoeffding’s inequality. We have

5 a t} +P {E'S a, t: |(ﬁ§,:1,1t - :U's,a,t)| > a-f,a,t} . (45)

P{3s,a,t:|[(PEl = Pooy) v | > ot
s,a,t . s,a,t s,a,t t+1 > Os,a,t
H
pk—1
< EZP ‘(Ps,a,t_PS#l,t) ‘/tT-:-kl >Usat}
s,at=1
k1

IA
M=

P{‘(P;Zéta t) - Ps,a,t>T ‘/;:_kl > Ufa t}
=1 / o (46)

sa,t | ﬂ-k}

<4, Lemma 17

< O(SAHTS) |

where the last inequality uses Lemma 17. Note that 7, is random as it is the optimal policy for M .- Conditioned on 7y, the
value functions V¥, € [0, H] are determined.
Similarly, we have
P{3s,a
H
< Z 2

1‘(/75@115 /’('s,a,t)’ > Og,a,t}
z B{|(A ~ o)
a,t=

Hoeffding’s inequality

> 7hae) (47

< O(SAHTS)

which concludes the proof for the first claim.

Proofs for the second claim. We have

]P’{@} < P{3(57a7t):’<Ps,at Pska%) Vit

>Jsat}+]P){E|sa‘t ’/J’S,at :u’sat|>0—sat}

(48)
We only need to upper bound the first term above as the second term is exactly the same as (47). We have
P{H(&a,t) : ‘(Psat Pska%) ‘/t‘fgl O"é)iait}
< 2 P{|(Phat - Par) V| > ok}
sat=
o 49)

k
> CTs,a,it}

A (71 a, t) T T s
< Z Z,IP{‘(Psat PS,ai) V;Jrl

s,at=1ngs q,¢

<4, Lemma 17

< O(SAHTY)
which concludes the proof of the second claim.

For the case where (s, a,t) has not been visited yet by the of episode k — 1, i.e., Of alt 0, based on the learning

s,a,t sat*

algorithm, we set P 1 — Gand ﬁf alt = 0. Since O =0, the learning algorithm can set af’ayt =0 < 5€121> to

s,a,t

an extremely large value. Then, we know events ‘ (IA’S(]Z}I) - Ps,a,t) Vi | > (Ps(lfl tl) - Pw’t) Vi >
~(k=1)

and |fig, ) — Hs,at| > OF , , cannot happen. O

s at’ s ,a,t?



Lemma 19. (Concentration and anti-concentration bounds of Gaussian distributions). For a Gaussian distributed random
variable Z with mean p and variance o2, for z > 0, we have

1 22 ]- 22
P{Z>u+za}§§e*7 ,P{Z</L*ZU}§§€77 , (50)
and
1 z _ 22
P{Z>u+z0}>— T (51)

V2T Z2+le



D PROOFS FOR THEOREM 9

Proof of Theorem 9. Regret can be expressed as

T
R(T) =Y Elm—psl= > D ER{L=j}4,
i=1 JEAR; >0 15 (52)
E[0;(T)]
~ 0.51n(TA2)
We first define some events to decompose the regret. Let C;(t — 1) = |Hj,oj(t—1) - Hj| < —o,0=1) be the
event that the confidence interval of the empirical mean holds for an arm j € A. Let /1,(¢) be the value of the random
posterior sample of arm j € A before the boosting, i.e., fi;(t) ~ N (ﬁj.oj(t—1)7 ﬁ) For any sub-optimal arm 7, let
’ J
y; = 1 + 34;. Let Ei(t) = {ﬁ; (t) < y;} be the event that the random sample of the sub-optimal arm j after the boosting
is near to the true mean p;. Let 7y = {J, X (7),7 =1,2,...,t} collect all the history information by the end of round ¢.
Now, for a fixed sub-optimal arm j, we upper bound the expected number of pulls of it by the end of round 7. Let
36In(TA?)
L; = —ar We have
E[0;(T)]
T
= Y E[{J =j}]
=1
< Li+ Y E[{J=5,0;(t=1) > L;}]
7 T T
< Li+Y E [1 {Jt =, Ot = 1)” +3E [1 {Jt — &), Ci(t = 1),04(t — 1) > LjH +3 EL{s =M}
t=1 t=1 t=1
w3 w2 w

' (53)

Upper bound ws. We only need to use Hoeffding’s inequality here. Let 75 be the round when the s-th pull of arm j occurs.
Define 79 = 0. The definition of 7, means 1 {JJ; = j} = 0forallt € {75 +1,...,7s41 — 1}. We have

w3z = tZi:IE [1 {Jt =7,Cj(t — 1)}]
< iE{ 3 1{J,7],0J(t71) ]
s;o t=To+1
< SZ::OE {1 {JTS+1 7, Cj(Tsq1 — 1)}]
< é:oE {1 {cj(75+1 - 1)}}
- i:op {Oj(rs+1 - 1)} (54)
_ Sioﬂ” Boe ] > 0.5lniTA§)
., Hoeftding’s inequality
< %0(mw)



Upper bound w- (posterior deviation bound). We have

= REL{ =i F@.00-1.0,0-1) > L]
= éE[l{Cj(t—lij(t—l)>Lj}~E[1{Jt—;7 ()}\J-'t 1“
< ZT:E{l{Cj(t—l),O(t—l)>L} P{ (t) | Fie 1”

o~
Il
—

(35)

= VB |G- 1).0,-1)> L} P {0 >y | Fioa)

Il Ig

Note that the value of I; is determined by JF;_1. Now, we categorize all the possible instantiations F}_; of F;_; into two
types. For a particular instantiation F}_; such that I; = 0, we have I = 0. For any instantiation F;_; such that [; = 1, i.e.,

n 2
1{C;(t—1),0,(t — 1) > L;} = 1, we first construct a lower bound on y;. From O;(t — 1) > L; = 361n(Ta7)

. we know
A? ’

A In(TA2 1 —~ 0.51n(T'A2) 1 e 0.51n(TA2)
5 >3 Of(tfjlg'Then’ we have y; = p; + 548, 2 [1j,0,(-1) =\ —o,=1~ T 225 = H5,0,6-1) =\ o= T

In(TA%) 2In(TA?)
3 o=t > Hio;e-1) + m Then, we have

P{ﬁg(t) > Yj ‘ .Ft,1 = thl}
= 1—P{/7}(t)§yj | Foior = Foo1}
o Yj R 1
= 1- ( ﬁ;,()j(t—l) ¢ (w”uj’oj(t_l)’ Oj(tfl)) dz + 0'5)

—+o0 ~
fyj ¢ (375 H5,04(t-1)> oj(i—1)> dx

= P{p(t) > y; [ Fror = Fia} (56)
= P{ﬁj(t) - ﬂj;oj(tfl) >y~ ﬂj,oj(tfl) | Fio1 = Ft—l}
~ R 2In(TA3?)
< Pqi(t) = Hjo,-1) > Oi-1) | Fio1 = Fy
Gaussian concentration inequality
<

O(rk)

which givesus I < O ( 1 ) The last inequality uses concentration bound of Gaussian distributions shown in Lemma 19.

) <0(3)

T
Then, we have wy < Z (

Upper bound w;. The proof is very similar to the proof for Lemma 2.14 in Agrawal and Goyal [2017]. Let L, ; =
’72881n(TA?+e32)

N —‘ . Let 7, be the round when the s-th pull of arm 1 occurs. The definition of 7, means 1 {J; = 1} = 0 for



allt e {1, +1,...,

SR =g}

w1

M=
=

]P{Jt_j? _]( |]:t 1}

LHS in Lemma 22

P{ui(t) <y; | Fe-1}
P{ui(t) > y; | Fe1}

o~
Il
_

M=
=

IN

~
Il
-

Ts+1 — 1}. Set 79 = 0. We have

P{J = 1LE®) | Fii}

™=

E {P{ﬁl(t)gyj‘ft—l}
P{i1(t)>y; 1 Fe—1}
[ Ts+1

Lt=Ts+1
[Ts+1—1

o~
Il
_

P{p1(t)<y;|Fe—1}
P{ (8)>y; 1 Fe—1}

M=
&=

w
Il
—

=

] =

L RHS in Lemma 22

1{J, = 1,&1)}]
1{J; = 1,5;@)}}

P{ui(t) <y; | Fe1}

Lt=7s+1

w0
Il
N

P{a(t) > y; | Feor}

1{J; =1L&(t)}

1{J-

s+1

IP’{,LNL1(T5+1)<?!J|]:T st1— 1}
+ Z E |:P{H1(Te+l)>yj|]: Ts+1— 1}

P{/t1(7'<+1)<%|}—r5+1 1
P{u1(n+1)>vJ|F rep1—1
P{HI(TS+1)S9‘7|]:TS+1*1}
IP>{ﬁl (Ts+1)>yj|]'—fs+1—1}

P{ﬁl(TS-‘rl) < Yj | ]:‘f's+1

M
&

w
Il
—

M=
&=

=i
&om
&

}1{ T>+1 =

)

L, J(Ts+1)}]

T Pi{a
+ Y E {,ul(T5+1

w
[
—

P{ﬁ1(7—8+1) > Yj | f75+17

) <y | Fro 1}
) > Yj | ]:Ts+1*1}

o s=i | PR (e

Constant

IN

O(L1;)+0 (ﬁ

),
o )

where the last inequality uses Lemma 20.

ln(TAf—&-cB?)

< 7
= Aj

r)

1
SO(TAQ.

(57)

Now, we plug the upper bounds on w1, ws and w3 into (53). We have

In(T'A?) In (TA2 + 632) 1 1 In (TA2 + 632)
. < ) - 7 i i
]E[OJ(T)]_O< A? >+O< A? +0 A? +0 A2 0] A? , (58)
which gives
In TA?+632
R < w ofMr)
JE.A:AJ'>0
-y 0 <111(TA+‘@32) )
jEA:A; >0 ’
32
< Y o (“‘(QAT? )> (59)
JEA:A;>0 K
32
_ 0 In(T) L0 <1n(2e ))
JEAA;>0 ( A ) A
_ 0 In(T) 7
JEA:A;>0 ( A )
which concludes the proof of Theorem 9. L
Lemma 20. (Lemma 2.13 in Agrawal and Goyal [2017]). We have
E P{ﬁl(Ts+1) Syj | ‘F7-5+171} < 66§+5, VS (60)
P {ﬁl(TS-‘rl) > Yj | ‘7:7's+1—1} N TA?’ § = Ll’j

75]/‘(7's+1)}



Lemma 21. (Lemma 2.8 in Agrawal and Goyal [2017]). For all t and all instantiations F;_1 of F;_1, we have

. P{ay (1) <y;|Fe—1=Fi_1 ,
]P){Jt = j7€;(t) ‘ ]:tfl = thl} S P{{:ZiEZ;>zj:ft—1:Ft—1%’P{Jt = 1,gj(t) | ]:tfl = thl} . (61)

Lemma 22. For all t and all instantiations Fy_1 of Fy_1, we have

P{J =5, &) | Fra=Fa} < gfsiliacfodply, =160 | Fa=Fa} . (62
Proof of Lemma 22. From Lemma 21, we have

. P{aL () <y;| Fe—1=Fe—
PI=0.&M) | Fra=Fia) < fEESra e (- 180 Fa=Fa) . @)

Now, we construct a lower bound for P {1} (t) > y; | Ft—1 = F;_1} to complete the proof. We have

P{ih(t) >y | Fim1 = Fi—1}
=P {iﬂaX {m),f1.0,¢6-1)} > yj | Fie1 = Fio1} (64)
> P{m(t) >y | Foor = Fra}

which implies

P{fiy (t)<y;|Fr_1=F:_1} <« PMEm@®<yl|Fea=Ea} (65)
Py (0)>y;|Fea=F 1}  — P>y Fi1=Fia}



E PROOFS FOR THEOREM 10

Proof of Theorem 10. Set A = 4/ %(Aﬁ. Letset® = {j € A:0 < A; < A} collect all the arms with the mean reward
gap smaller than A. Let ® = {j € A: A; > A}. Then, we have

T
R(T) = ;E w1 — pis,]

T T _
= th[(Ml—th)l{Jte@}]—l—tzlE[(m—th)l{Jtetbﬂ
< T -A+ El{J:=3j

JEAD; >A; L =34

E[0;(T)]

S(a) T.-A+ Z 1) <ln(TA2+e32)>

JEAA;>A
S(b) TA O <ln 2TA2 52 )

jeEA: A >A
= T A+ 0 <1“ (T ) + X 0 (1“(2-6“))

JEA: A >A JEAN;>A A (66)
<(c) T. A <ln TA2 2 > Z O (ln(2»e30)>
B JE.AA >A JEAN;>A A

< T-A+A0 (Ti“‘))ﬂl o(ln(“))

—  TA+40 W)+A,O<ln<jesc>)>

<@ T.A+A.O IH(A2'62)>+O<\/AT)

-~ T.At+A-0O ;%)Hx 0<(2)>+0(\/ﬁ)
< ATW(A) + 0 (ATI(A)) + 0 (VAT) + 0 (VAT)

- o( ATln(A)) ,

which concludes the proof.

Inequality (a) uses (58) and Inequality (b) uses the fact that x + y < 2xy when z,y > 1. Inequality (c) uses the fact that
flz) = @ is a decreasing function when z > \/; . Inequality (d) uses the fact that In(z) < x when z > 1. O



F PROOFS FOR THEOREM 11

Proof of Theorem 11. Since O-TS-Bandit™ is an optimistic learning algorithm, the regret analysis can be very similar to the
proofs for UCB1 policy of Auer et al. [2002]. Regret can be expressed as

T T
R(T)= > E[p — py] E[1{J; =j}-A
t=1 ]E.A A;>0 ; (67)
E[0;(T)]
Now, for a fixed sub-optimal arm j, we let L; = %’ém. Then, we do the following decomposition. We have
J

T
E0;(T)] = ;E[l{Jt =j}]
T
< Li+ Y ER{Ji=50;(t—-1) > L;}]
t=1
T
< Lt LB 2 00,0, -1) > L,}]
T T
-~ - 24 In(t (68)
< L+ Y EL{H®) < mh+ Y E 1{M§(t)2ﬂj+ g 0= > L H
t=1 =1 J
d Qlen(t) -
E|1 —=>A;,0;(t-1)>L
+ ; { O](t o 1) > ( ) = J}
=0
Under-estimation of the optimal arm. We have
T ~
wp = t;]E[l {p1 (1) < ]
T
< t;E[l {1, () < ]
T
-~ 1.51In(t
= L5 oy + EE <)
T t—1 N n 69
< s yEmm )] ©
t=1s=1
T t—1
- s r{ms /0 <
T
< XX 0(w)

~
Il
—
»
Il
—

A
S
=



Over-estimation of the sub-optimal arm. Define event £;(t) :=
all the history information by the end of round ¢ — 1. Then, we have

{|5.0,0-1) = 13| <

1.51n(t)
0;(t-1)

}. Let F;_1 collect

wy = tiE {1 {uﬁ( ) = 1+ gy Ot = 1) = LJH

= S E[B0 -0 20+ 3 5,000 -1 2 L))

< iﬁ E[1{0) — 7, (1) 2 s + /205 - 7,0, 056 - 1) = Ly, () }] + é E[1{&®}]

= téE {1 {ﬁ;(t) MJ( ) > 1 + \/ 24111(t) _ (\/le(ltr:(?) -‘rﬁj,oj(tfn) ,O;(t -1 > Lﬁgj(t)}} +ti1E {1{

< e ERACESHOERVE —Néi?‘%, (=1 > L} + S E[1{&0}]

- SE[{EO-m0> 25+ SEf T{&-(t)}]

- SER(BO-no2 3 5]+ e {E0))

. =0(1)

- z E[P{i(t) 2 7(t) + /oty | Fir }] +0(1)

< Xo(erh)+om

< 5(11) ;

(70)
where the second last inequality uses concentration bound for Gaussian distributions and
L5 [1{&@}] = £ P {Ao,n -l > BT} < & T F{ias. -l > 22 < 0q)
Then, we have
T
R(T) = > >0;E {7 =j}-A
< % @ro0)-s, o
JEA:A; >0
< > oo(Hm) .
JjEA:A; >0

which concludes the proof.




G PROOFS FOR THEOREM 12

Proof of Theorem 12. Set A = 4/ %(T). Letset® = {j € A: 0 < A; < A} collect all the arms with the mean reward
gap smaller than A. Let ® = {j € A: A; > A}. Then, we have

M=

R(T) = E[p1 — pg,]

1

~
I

El(i — ) 1 {4 € @]+ X E [(11 — ) 11, € 5]

1 t=1

T
T-A+ E[1{J, = j}-A;
je_A%:jZA; [ {t J}] J (72)

I
M=

o~
Il

IN

E[O; (T)
T-A+ Y O(mA(—T))

JEAA;>A

< VAT + 0 (452)

- 0( ATln(T)) :

IN

which concludes the proof. O

H ADDITIONAL EXPERIMENTAL RESULTS

We run additional experiments with different random seeds and state size S = [5, 20, 50], action size A = 3 and H = 10.
We use the same way as described in Section 5 to generate the underlying parameters of the MDPs. All experimental results
share similar trends. We also include the performance of UCB based method UCB-VI here. From Figure 4, 5 and 6, we can
see that SSR-Bernstein still performs the best. All three Thompson Sampling-like algorithms perform similarly and better
than UCB-VL

o —
o — —_
. o e PEL L L
L L -
e ————
= SSR-Bernstein === O-TS-MDP™*
TS-MDP = UCB-VI
m—= O-TS-MDP

0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 4: Empirical performance for 5 states, including UCB-VI



S=20,A=3,H=10
2.0

0.5 1 = SSR-Bernstein ===' O-TS-MDP*
= = TS-MDP == UCB-VI
= O-TS-MDP
0.0 T T T T T
0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 5: Empirical performance for 20 states, including UCB-VI

S=50,A=3,H=10
2.0

0.5 1 = SSR-Bernstein === O-TS-MDP*
= = TS-MDP == UCB-VI
=  O-TS-MDP
0-0 T T T T T
0.2 0.4 0.6 0.8 1.0
Episode le7

Figure 6: Empirical performance for 50 states, including UCB-VI
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