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Abstract

Despite the great interest in the bandit problem,
designing efficient algorithms for complex models
remains challenging, as there is typically no ana-
lytical way to quantify uncertainty. We propose
Multiplier Bootstrap-based Exploration (MBE), a
novel exploration strategy that is applicable to
any reward model amenable to weighted loss min-
imization. We prove both instance-dependent and
instance-independent rate-optimal regret bounds
for MBE in sub-Gaussian multi-armed bandits.
With extensive simulation and real-data experi-
ments, we show the generality and adaptivity of
MBE.

1. Introduction

The bandit problem has found wide applications in various
areas such as clinical trials (Durand et al., 2018)), finance
(Shen et al., 2015])), recommendation systems (Zhou et al.,
2017), among others. Accurate uncertainty quantification
is the key to address the exploration-exploitation trade-off.
Most existing bandit algorithms critically rely on certain an-
alytical property of the imposed model (e.g., linear bandits)
to quantify the uncertainty and derive the exploration strat-
egy. Thompson Sampling (TS, |Thompson, |1933) and Upper
Confidence Bound (UCB, |Auer et al., [2002)) are two promi-
nent examples, which are typically based on explicit-form
posterior distributions or confidence sets, respectively.

However, in many real problems, the reward model is
fairly complex: e.g., a general graphical model (Chapelle &
Zhangl| [2009)) or a pipeline with multiple prediction modules
and manual rules. In these cases, it is typically impossible
to quantify the uncertainty in an analytical way, and frame-
works such as TS or UCB are either methodologically not
applicable or computationally infeasible.
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Motivated by the real needs, we are concerned with the
following question:

Can we design a practical bandit algorithm framework that
is general, adaptive, and computationally tractable, with
certain theoretical guarantee?

A straightforward idea is to apply the bootstrap method
(Efron, |1992)), a widely applicable data-driven approach for
measuring uncertainty. However, as discussed in Section
most existing bootstrap-based bandit algorithms are either
heuristic without a theoretical guarantee, computationally
intensive, or only applicable in limited scenarios.

Contribution. Our contributions are three-fold. First,
to address the aforementioned limitations, we propose a
general-purpose bandit algorithm framework, Multiplier
Bootstrap-based Exploration (MBE). MBE is based on multi-
plier bootstrap (Van Der Vaart & Wellner, [1996), an easy-
to-adapt bootstrap framework that only requires randomly
weighted data points. We further show that a naive applica-
tion of multiplier bootstrap may result in linear regret, and
we introduce a suitable way to add additional perturbations
for sufficient exploration. The main advantage of MBE is that
it is general: it is applicable to any reward model amenable
to weighted loss minimization, without need of analytical-
form uncertainty quantification or case-by-case algorithm
design. As a data-driven exploration strategy, MBE is also
adaptive to different environments. |

Second, theoretically, we prove near-optimal regret bounds
for MBE under sub-Gaussian multi-armed bandits (MAB), in
both the instance-dependent and the instance-independent
sense. Compared with all existing results for bootstrap-
based bandit algorithms, our result is strictly more general
(see Table [I), since existing results only apply to some
special cases of sub-Gaussian distributions. To overcome
the technical challenges, we proved a novel concentration
inequality for some function of sub-exponential variables,
and also developed the first finite-sample concentration and
anti-concentration analysis for multiplier bootstrap, to the
best of our knowledge. Given the broad applications of
multiplier bootstrap in statistics and machine learning, our
theoretical analysis is of independent interest.

This work does not relate to the positions of Runzhe Wan,
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Table 1: Comparisons between several bootstrap- and perturbation-based bandit algorithms. All papers derive near-optimal regret bounds
in MAB, with different reward distribution requirements. To compare the computational cost, we focus on MAB to illustrate, and consider
Algorithmfor MBE. See Sectionfor more details of discussions in this table.

Exploration Methodology  Theory Computation
Source Generality Requirement  Cost
. intrinsic .
MBE (this paper) & extrinsic general sub-Gaussian O(KT)
GIRO (Kveton et al.,[2019b) 1ntr1ns%c ) general Bernoulli o(T?)
i B & extrinsic
ReBoot (Wang et al., 2020; Wu et al.,|[2022) 1ntr1ns¥c . fixed & finite Gaussian O(KT)
| & extrinsic set of arms

PHE (Kveton et al., 2019a;[2020aib) only extrinsic  general bounded O(KT)

Third, with extensive simulation and real-data experiments,
we demonstrate that MBE yields comparable performance
with existing algorithms in different MAB settings and three
real-world problems (online learning to rank, online combi-
natorial optimization, and dynamic slate optimization). This
supports that MBE is easily generalizable, as it requires mini-
mal modifications and derivations to match the performance
of those near-optimal algorithms specifically designed for
each problem. Moreover, we also show that MBE adapts to
different environments and is relatively robust, due to its
data-driven nature.

2. Related Work

The most popular bandit algorithms, arguably, include e-
greedy (Watkins| [1989), TS, and UCB. e-greedy is simple
and thus widely used. However, its exploration strategy is
not aware of the uncertainty in data and thus is known to
be statistically sub-optimal. TS and UCB rely on posteriors
and confidence sets, respectively. Yet, their closed forms
only exist in limited cases, such as MAB or linear bandits.
For a few other models (such as generalized linear model
or neural nets), we know how to construct the approximate
posteriors or confidence sets (Filippi et al.| |2010; |L1 et al.}
2017 |Phan et al.l [2019; Kveton et al., 2020a;b) with the-
oretical guarantees, though the corresponding algorithms
are usually costly or conservative. In more general cases,
it is often not clear how to adapt UCB and TS in a valid
and efficient way. Although approximate TS can be done
via approximate posterior inference methods (e.g., particle
filtering, Markov chain Monte Carlo, or variational infer-
ence) (Gopalan et al., 2014; [Kawale et al.,[2015; /Wan et al.}
2021} |Urteaga & Wiggins, [2018; | Yu et al., [2020), they do
not come with guarantees. Moreover, the dependency on
the probabilistic model assumptions (e.g., the reward dis-
tribution family or the noise level) also pose challenges to
being robust.

To enable wider applications of bandit algorithms, several
bootstrap-based (and related perturbation-based) methods

have been proposed in the literature. Most algorithms are
TS-type, by replacing the posterior with a bootstrap distri-
bution. We next review the related papers, and summarize
those with near-optimal asymptotic regret bounds in Table
We divide the sources of exploration into (i) leveraging
the intrinsic randomness in the observed data (e.g., by ran-
domizing the subset of history used for training) and (ii)
manually adding extrinsic perturbations that are indepen-
dent of the observed data (e.g., adding additive Gaussian
noise to observed rewards).

Arguably, the non-parametric bootstrap is the most well-
known bootstrap method, which works by re-sampling data
with replacement. [Vaswani et al.|(2018) propose a version of
non-parametric bootstrap with forced exploration to achieve
a O(T?/3) regret bound in Bernoulli MAB. GIRO proposed
in|Kveton et al.|(2019b) successfully achieves a rate-optimal
regret bound in Bernoulli MAB, by adding Bernoulli pertur-
bations to non-parametric bootstrap. However, due to the
re-sampling nature of non-parametric bootstrap, it is chal-
lenging to implement it efficiently beyond Bernoulli MAB
(see Section 4.3). Specifically, the computational cost of
re-sampling scales quadratically in 7. Riou & Honda| (2020)
apply Bayesian bootstrap (Rubin, [1981]), which is a smooth
version of non-parametric Bootstrap. An asymptotically op-
timal regret bound is proved for MAB with bounded rewards.
However, only MAB is studied and similar computational
challenge exists in general cases.

Another line of research is the residual bootstrap-based ap-
proach (ReBoot) (Hao et al., |2019; /Wang et al., [2020; Tang
et al.l [2021; 'Wu et al., 2022). For each arm, ReBoot ran-
domly perturbs the residuals of the corresponding observed
rewards with respect to the estimated model to quantify the
uncertainty for its mean reward. Although these methods
also use random weights, they are applied to residuals, and
thus are fundamentally different from our work. The lim-
itation is that, by design, this approach is only applicable
to problems with a fixed and finite set of arms, since the
residuals are attached closely to each arm (see Appendix
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for more details).

The perturbed history exploration (PHE) algorithm (Kveton
et al., [2019a}; |2020afb) is also related. PHE works by adding
additive noise to the observed rewards. (Osband et al. (2019)
apply similar ideas to reinforcement learning. However, PHE
has two main limitations. First, for models where adding
additive noise is not feasible (e.g., decision trees), PHE is
not applicable. Second, as demonstrated in both [Wang et al.
(2020) and our experiments, the fact that PHE relies on only
the extrinsically injected noise for exploration makes it less
robust. For a complex structured problem, it may not be
clear how to add the noise in a sound way (Wang et al.|
2020). In contrast, it is typically more natural (and hence
easier to be accepted) to leverage the intrinsic randomness
in the observed data.

Finally, we note that multiplier bootstrap has been consid-
ered in the bandit literature, mostly as a computationally
efficient approximation to non-parametric bootstrap studied
in those papers. |[Eckles & Kaptein| (2014) study the direct
adaption of multiplier bootstrap (see Section in simu-
lation, and its empirical performance in contextual bandits
is studied later (Tang et al., 2015} |[Elmachtoub et al.,2017;
Riquelme et al.l 2018; Bietti et al., [2021). However, no
theoretical guarantee is provided in these works. In fact,
as demonstrated in Section such a naive adaptation
may have a linear regret. (Osband & Van Roy| (2015) show
that, in Bernoulli MAB, a variant of multiplier bootstrap is
mathematically equivalent to TS. No further theoretical or
numerical results are provided except for this special case.
Our work is the first systematic study of multiplier bootstrap
in bandits. Our unique contributions include: we identify
the potential failure of naively applying multiplier bootstrap,
highlight the importance of additional perturbations, design
a general algorithm framework to make this heuristic idea
concrete, provide the first theoretical guarantee in general
MARB settings, and conduct extensive numerical experiments
to study its generality and adaptivity.

3. Preliminary

Setup. We consider a general stochastic bandit problem.
For any positive integer M, let [M] = {1,..., M}. Ateach
round ¢t € [T, the agent observes a context vector x; (it
is empty in non-contextual problems) and an action set A,
then chooses an action A; € Ay, and finally receives the
corresponding reward R; = f(x, A;) + €, Here, f is an
unknown function and ¢; is the noise term. Without loss of
generality, we assume f(x¢, A;) € [0, 1]. We note that the
realized reward R; does not need to be bounded. The goal
is to minimize the cumulative regret

T

Regp = ZE[max f(xe,a) — f(z, At)]-

A
=1 ac Ay

At the end of round ¢, with an existing dataset D, =
{(=1, A1, Rp) }iepy)» to decide the action Ay yq, most algo-
rithms typically first estimate f in some function class F by
solving a weighted loss minimization problem (also called
weighted empirical risk minimization or cost-sensitive train-
ing)

~

1 t
f= ar;serilfiﬂ; lzzlwzﬁ(f(iBhAz),Rl) +J(f). (D)

Here, L is a loss function (e.g., {2 loss or negative log-
likelihood), w; is the weight of the /th data point, and J
is an optional penalty function. We consider the weighted
problem as it is general and related to our proposal be-
low. One can just set w; = 1 to get the unweighted prob-
lem. As the simplest example, consider the K-armed ban-
dit problem where x; is empty and A; = [K]. Let £
be the /3 loss, J = 0, and f(x;, A;) = ra, where 7 is
the mean reward of the k-th arm. Then, (I) reduces to
argming, .oy S1_y wi( Ry — 74,)?, which gives the es-
timator 7 = (3_;, 4, i)~ 2oy 4,—p Wi R, i€, the arm-
wise weighted average. Similarly, in linear bandits, (T)
reduces to the weighted least-square problem (see Appendix

for details).

Challenges. The estimation of f, together with the related
uncertainty quantification, forms the foundation of most
bandit algorithms. In the literature, F is typically a class of
models that permit closed-form uncertainty quantification
(e.g., linear models, Gaussian processes, etc.). However, in
many real applications, the reward model can yield a fairly
complicated structure, e.g., a hierarchical pipeline with both
classification and regression modules. Manually specified
rules are also common part of the model. It is challenging
to quantify the uncertainty of these complicated models in
analytical forms. Even when feasible, the dependency on
the probabilistic model assumptions also pose challenges to
being robust.

Therefore, in this paper, we focus on the bootstrap-based
approach due to its generality and data-driven nature. Boot-
strapping, as a general approach to quantify the model uncer-
tainty, has many variants. The most popular one, arguably, is
non-parametric bootstrap (used in GIR0), which constructs
bootstrap samples by re-sampling the dataset with replace-
ment. However, due to the re-sampling nature, it is com-
putationally intense (see Section[4.3]for more discussions).
In contrast, multiplier bootstrap (Van Der Vaart & Wellner,
1990), as an efficient and easy-to-implement alternative, is
popular in statistics and machine learning.

Multiplier bootstrap. The main idea of multiplier boot-
strap is to learn the model using randomly weighted data
points. Specifically, given a multiplier weight distribu-
tion p(w), for every bootstrap sample, we first randomly
sample {wMB}_| ~ p(w) at round ¢, and then solve (T)



Multiplier Bootstrap-Based Exploration

with w; = wlM B to obtain fM B Repeat the procedure

and the distribution of ]?MB forms the bootstrap distribu-
tion that quantifies our uncertainty over f. The popular
choices of p(w) include N'(1,52), Exp(1), Poisson(1), and
the double-or-nothing distribution 2 x Bernoulli(0.5).

4. Multiplier Bootstrap-based Exploration

4.1. Failure of the Naive Adaption of Multiplier
Bootstrap

To design an exploration strategy based on multiplier boot-
strap, a natural idea is to replace the posterior distribution
in TS with the bootstrap distribution. Specifically, at every
time point, we sample a function ffollowing the multiplier
bootstrap procedure as described in Section[3] and then take
the greedy action arg max ¢ 4, f(mt, a). However, perhaps
surprisingly, such an adaptation may not be valid. The main
reason is that the intrinsic randomness in a finite dataset
is, in some cases, not enough to guarantee sufficient explo-
ration. For example, the support of the bootstrap distribution
cannot go outside the convex hull of the observed rewards.
We illustrate this further with the following toy example.

Example 1. Consider a two-armed Bernoulli bandit. Let
the mean rewards of the two arms be p1 and p, respectively.
Without loss of generality, assume 1 > p1 > pa > 0. Let
P(w = 0) = 0. Then, with non-zero probability, an agent
following the naive adaption of multiplier bootstrap (break-
ing ties randomly and initializing in an optimistic way; see
Algorithm 5] in Appendix[A.3] for details) pulls arm 1 only
once. Therefore, the agent suffers a linear regret.

Proof. We first define two events
51 = {At = 1,R1 = 0},52 = {AQ = 2,R2 = 1}.

By design, at time t = 1, the agent randomly choose an arm
and hence will pull arm 1 with probability 0.5. Then the
observed reward Ry is O with probability 1 — p1. Therefore,
P(&1) = 0.5(1 — p1). Conditioned on &, at t = 2, the
agent will pull arm 2 (since multiplying Ry = 0 with any
weight always gives 0), then it will observe reward Ry = 1
with probability ps. Conditioned on 1 N &, by induction,
the agent will pull arm 2 for any t > 2. This is because
the only reward record for arm 1 is Ry = 0 and hence its
weighted average is always 0, which is smaller than the
weighted average for arm 2, which is at least positive. In
conclusion, with probability at least 0.5 X (1 —p1) X pa > 0,
the algorithm takes the optimal arm 1 only once.

4.2. Main Algorithm

The failure of the naive application of multiplier bootstrap
implies that some additional randomness is needed to ensure
sufficient exploration. In this paper, we consider achieving
that by adding pseudo-rewards, an approach that proves its

effectiveness in a few other setups (Kveton et al., |2019b;
Wang et al.| |2020). The intuition is as follows. The under-
exploration issue happens when, by randomness, the ob-
served rewards are in the low-value region (compared with
the expected reward). Therefore, if we can blend in some
data points with rewards that have a relatively wide cover-
age, then the agent would have a higher chance to explore.

These discussions motivate the design of our main algo-
rithm, Multiplier Bootstrap-based Exploration (MBE), as in
Algorithm[I] Specifically, at every round, in addition to the
observed reward, we additionally add two pseudo-rewards
with value 0 and 1. The pseudo-rewards are associated with
the pulled arm and the context (if exists). Then, we solve
a weighted loss minimization problem to update the model
estimation (line 8). The weights are first sampled from a
multiplier distribution (line 7), and then those of pseudo-
rewards are additionally multiplied by a tuning parameter
A. In MAB, the estimates are arm-wise weighted average of
all (observed or pseudo-) rewards

< 2pa,—k(@eRke + Awy X T4+ Awy x 0)

Y ; 7 2)
g >t ay—r(We + Awp + Awy) (

for k € [K], where multiplier weights {wy, w), w} }{_; ~
p(w). See Appendix[A.1]for details.

We make three remarks on the algorithm design. First, we
choose to add pseudo-rewards at the boundaries of the mean
reward range (i.e., [0, 1]), since such a design naturally in-
duces a high variance (and hence more exploration). Adding
pseudo-rewards in other manners is also possible. Second,
the tuning parameter A controls the amount of extrinsic per-
turbation and determines the degree of exploration (together
with the dispersion of p(w)). In Section we give a theoret-
ically valid range for \. Finally and critically, besides guar-
anteeing sufficient exploration, we need to make sure the op-
timal arm can still be identified (asymptotically) after adding
the pseudo-rewards. Intuitively, this is guaranteed, since we
shift and scale the (asymptotic) mean reward from f(x, a)
to (f(x,a)+A)/(1+2X) = f(z,a)/(14+2X)+1/(1+2)),
which preserves the order between arms. A detailed analysis
for MAB can be found in Appendix

We conclude this section by re-visiting Example[T|to provide
some insights into how the pseudo-rewards help.

Example 1 (Continued). Even under the event £, N &,
Algorithm([I|explores. To see this, consider an example with
multiplier distribution is 2 X Bernoulli(0.5). Then

_p Aw) wa + Awh
W AW AT we + Awh + AwY

> P(w) =2,w1 =w) =wy =wy =wy =0)

= (1/2)°.
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Therefore, the agent can still choose the optimal arm.

Algorithm 1: General Template for MBE
Data: Function class F, loss function £, (optional)
penalty function J, multiplier weight
distribution p(w), tuning parameter A
» Initialize f
sfort=1,...,Tdo
4 Observe context x; and action set A,

o~

5 Take action A; = argmax, ¢ 4, f(x;, A) (break
ties randomly)

6 Observe reward R;
7 Sample the multiplier weights
{wnwh Yy ~ p(w)
8 Solve the weighted loss minimization problem

t
f: arg min Z

feF =1
+ )\w{ (f(ach Al), 0)
, + Aw;%(f(wl,Al)J)} + ).

[wlﬁ(f($l7Al),Rz)

end

4.3. Computationally-Efficient Implementation

is an approximation to the bootstrap distribution. At every
time point ¢, for each replicate b, we only need to sample
one weight for the new data point and then update j?b_,t as
ﬁ7t+1. Then, {ﬁ7t+1}f:1 are still B valid samples from
B(D;+1) and hence still a valid approximation. We note
that, since we only have one new data point, the updating of
f can typically be done efficiently (e.g., with closed-form
updating or via online gradient descent). The per-round
computational cost is hence independent of ¢.

Such an approximation is a common practice in the online
bootstrap literature and can be regarded as an ensemble
sampling-type algorithm (Lu & Van Roy, |[2017}|Qin et al.,
2022). The hyper-parameter B is typically not treated as a
tuning parameter but depends on the available computational
resource (Hao et al[2019). In our numerical experiments,
this practical variant shows desired performance with B =
50. Moreover, the algorithm is embarrassingly parallel and
also easy to implement: given an existing implementation
for estimating f (i.e., solving (I))), the major requirement is
to replicate it for B times and use random weights for each.
This feature is attactive in real applications.

Algorithm 2: Practical Implementation of MBE

Data: Number of bootstrap replicates B, function class
F, loss function £, (optional) penalty function J,
weight distribution p(w), tuning parameter \

2 Let H;, = {} be the history and H; = {} be the

Efficient computation is critical for real applications of ban-
dit algorithms. One potential limitation of Algorithm |I]is
the computational burden: at every decision point, we need
to re-sample the weights for all historical observations (line
8). This leads to a total computational cost of order O(1?),
similar to GIRO.

Fortunately, one prominent advantage of multiplier boot-
strap over other bootstrap methods (such as non-parametric
bootstrap or residual bootstrap) is that the (approximate)
bootstrap distribution can be efficiently updated in an online

pseudo-history, for any b € [B]

3 Initialize f o for any b € [B]
sfort=1,...,Tdo

Observe context x; and action set A;

6 Sample an index b; uniformly from {1, ..., B}

7 Offer A; = argmaxac.a, ﬁ)t,t—l (z¢, A) (break ties
randomly)

8 Observe reward R;

9 forb=1,...,Bdo
10 Sample the weights w; p, wj 4, W', ~ p(w).

manner, so that the per-round computation cost does not ;, Update Hy, = Hyp U {(:L. . Ay, Ry, wy b)} and

grow over time. Suppose we have a dataset D; at time ¢, and H) = H)U {(th Ay, 0,0 ,), (0 At 1 Wélb)}
. . . . ) D s ) ) b s

denote B(D;) as the corresponding bootstrap distribution s Solve the weighted loss minimization problem

for f. With multiplier bootstrap, it is feasible to update
B(Dyy1) approximately based on B(D;). We detail the
procedure below and elaborate more in Algorithm 2]

Specifically, we maintain B different models {fb,t}le and
the corresponding observed history

Hyy = { (1, Ar, Ry, wip) ey
and pseudo-history

H;) = {(mhAl’ val/,b)}le U {(IB[, Al7 17wl/:b)}f=1

for every b € [B]. {fb’t}f:l can be regarded as sampled
from B(D,) and hence the empirical distribution over them

t
]?7 = arg min

he = argm ;

+ )\wl/,bﬁ(f(wla Al)a 0)

+ )\wl’fbﬁ(f(a:l, Al), 1)}

+ J(f).

[wl,bﬁ(f(fﬂl, A), Ry)

13 end

14 end




Multiplier Bootstrap-Based Exploration

5. Regret Analysis

In this section, we provide the regret bound for Algorithm ]
under MAB with sub-Gaussian rewards. We regard this as
the first step towards the theoretical understanding of MBE,
and leave the analysis of more general settings for future
work. We call a random variable X as o-sub-Gaussian if
Eexp{t(X — EX)} < exp{t?c?/2} for any t € R. The
instantiation of Algorithm [TI|under MAB is presented as
Algorithm [3]in the appendix.

Theorem 5.1. Consider a K-armed bandit, where the re-
ward distribution of arm k is 1-sub-Gaussian with mean [i,.
Suppose arm 1 is the unique best arm that has the highest
mean reward and Ay, = p1 — py. Take the multiplier weight
distribution as N'(1,02). Let the tuning parameters satisfy

A> (1 +o2/4+ 4/0’w) +vV4(1+4/0y) /0w.

Then, the problem-dependent regret is upper bounded by

K

55 C* )\7 w +C* >\; w

Regy <3 {ra BRI L G0 0
k=2

logT},

and the problem-independent regret is bounded by

Regr < TKpy + Cy (A 0u)KlogT

+ 2\/02*()\7 0u)KTlog T,
where

Ci(\ 0u) =8V205 (), 0,,) + 3802,
C3 (N, 0,) = 6X% + [45(3 + 02)A*C5 (N, 0u) + 3807,
log [(1+ 1502 + 30, + 1002)A?]

1.
3log?2 +

C3(A0w)

The two regret bounds are known as near-optimal (up to a
logarithm term) in both the problem-dependent and problem-
independent sense (Lattimore & Szepesvari, |2020). Notably,
recall that the Gaussian distribution and all bounded distri-
butions belong to the sub-Gaussian class. Therefore, as
reviewed in Table[I] our theory is strictly more general than
all existing results for bootstrap-based MAB algorithms.

Technical challenges. It is particularly challenging to
analyze MBE for two reasons. First, the probabilistic analy-
sis of multiplier bootstrap itself is technically challenging,
since the same random weights appear in both the denomi-
nator and the numerator (recall that MBE uses the weighted
averages (2) to select actions in MAB). It is notoriously
complicated to analyze the ratio of random variables, espe-
cially when they are correlated. Besides, existing bootstrap-
based papers rely on the properties of specific parametric
reward classes (e.g., Bernoulli in|Kveton et al.| (2019b) and
Gaussian in [Wang et al.| (2020)), while we lose these nice
structures when considering sub-Gaussian rewards.

To overcome these challenges, we denote the first
s rewards from pulling arm k as Hj s with the i-th
observation denoted as Ry ;, and start with carefully
defining two good events Gy s and Ay ;. Here, Gy s
denotes the event that the weighted average Y, =
S i Ri (1 A) + @l (0x ] /S0 wi +
Awl + AwY) is close to the unweighted average (with
pseudo-rewards) RZ,S = 37 (Rei+1xXA+0x
A)/>_ (14 X+ A), and Ay ¢ represents the event that

R;;S is close to its population mean (ux + A)/(1 + 2X).
It is worthy to note that {w;,w},w!'}?_, are resampled
from p(w) at each round. To bound the probability of
and the regret conditioned on the bad event, we face two
major technical challenges. First, when transforming the
ratio into an analyzable form, a summation of correlated
sub-Gaussian and sub-exponential variables appears and is
hard to analyze. We carefully design and analyze a novel
event to remove the correlation and the sub-Gaussian terms
(see proof of Lemma|D.3). Second, the proof needs a new
concentration inequality for functions of sub-exponential
variables that does not exist in the literature. We obtain such
a new concentration inequality (Lemma [E.4)) via careful
analysis of sub-exponential distributions.

To the best of our knowledge, our proof provides the first
finite-sample concentration and anti-concentration analysis
for multiplier bootstrap, which has broad applications in
statistics and machine learning.

Extension. Theorem [5.1|is proved with Gaussian weights
to simplify analysis. Indeed, to analyze multiplier Boot-
strap, we need to analyze > _,. ,,_; w¢lk ¢ conditioned on
the reward history, which is the sum of scaled i.i.d. vari-
ables, and Gaussian distribution has nice analytical prop-
erties for us to derive the bound. We hypothesize our re-
sult can be extended to other weight distributions that sat-
isfy similar anti-concentration and concentration proper-
ties, such as Cexp{—t%/(20?)} < P(jw; — 1] > t) <
Cexp{—t?/(25%)} with positive C, C, g, 5. However, we
expect some analytical challenges.

Tuning parameters. In Theorem MBE has two tuning
parameters, A and o,,. Intuitively, A controls the amount
of external perturbation and o, controls the magnitude of
exploration from bootstrap. In general, higher values of
these two parameters facilitate exploration but also lead to
a slower convergence. The condition on A in Theorem
requires that (i) A is not too small and (ii) the joint effect of
A and o, is not too small. Both are intuitive. In practice,
this could be loose: e.g., it requires A\ > 5.25 + 2+/5 when
o, = 1. As we observe in Section [6] MBE with a smaller A
(e.g., 0.5) still empirically performs well.
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6. Experiments

In this section, we empirically evaluate MBE with both simu-
lation (Section[6.T)) and real datasets (Section [6.2)).

6.1. MAB Simulation

We first experiment with simulated MAB instances. The
goal is to (i) further validate our theoretical findings, (ii)
check whether MBE can yield comparable performance with
standard methods, and (iii) study the robustness and adap-
tivity of MBE. We also experimented with linear bandits and
the main findings are similar. To save space, we defer these
results to Appendix [B.1]

We compare MBE with TS (Thompson, |1933)), PHE (Kveton
et al.,[2019a)), ReBoot (Wang et al.,|2020)), and GIRO (Kve-
ton et al., 2019b). The last three algorithms are the existing
bootstrap- or perturbation-type algorithms reviewed in Sec-
tion[2] Specifically, PHE explores by perturbing observed
rewards with additive noise, without leveraging the intrinsic
uncertainly in the data, ReBoot explores by perturbing the
residuals of the rewards observed for each arm, and GIRO
re-samples observed data points with replacement. In all
experiments below, the weights of MBE are sampled from
N(1,02) '} We fix A = 0.5 and run MBE with three dif-
ferent values of 02: 0.5, 1 and 1.5. We also compare with
the naive adaption of multiplier bootstrap (i.e., no pseudo-
rewards; denoted as Naive MB). We run Algorithm 2] with
B = 50 replicates.

We first study 10-armed bandits, where the mean reward
of each arm is independently sampled from Beta(1, 8). We
consider three reward distributions, including Bernoulli,
Gaussian, and exponential. For Gaussian MAB, the reward
noise is sampled from N (0, 1). The other two distributions
are determined by their means. For TS, we always use the
correct reward distribution class and its conjugate prior. The
prior mean and variance are calibrated using the true model.
Therefore, TS is a strong baseline. For GIRO and ReBoot,
we use the default implementations as they work well. For
PHE, the original paper adds Bernoulli perturbation since it
only studies bounded reward distributions. We extend PHE
by sampling additive noise from the same distribution fam-
ily as the true rewards, as done in Wu et al.|(2022). GIRO,
ReBoot, and PHE all have one tuning parameter to con-
trol the degree of exploration. We tune it over {2¥=4}¢_
and report the best performance for each method. Without
tuning, these algorithms generally do not perform well as
originally proposed, due to differences in the settings. We
tuned Naive MB as well.

Results. Results over 100 runs are reported in Figure [T}

"We also experimented with other weight distributions with
similar main conclusions. Using Gaussian weights allows us to
study impact of different multiplier magnitudes more clearly.

Our findings can be summarized as follows. First, with-
out knowledge of the problem settings (e.g., the reward
distribution family and its parameters, and the prior distribu-
tion) and without heavy tuning, MBE performs favorably and
close to TS. Second, pseudo-rewards are indeed important
in exploration, otherwise the algorithm suffers a linear re-
gret. Third, MBE has a stable performance with different o,
while the other methods are tuned for their best performance.
This is thanks to the data-driven nature of MBE. Finally, the
other three general-purpose exploration strategies perform
reasonably after tuning, as expected. However, GIRO is
computationally intense. For example, in Gaussian bandits,
the time cost of GIRO is 2 minutes while all the other algo-
rithms can complete within 10 seconds. The computational
burden is due to the limitation of non-parametric bootstrap
(see Section 4.3). ReBoot also performs reasonably, yet by
design it is not easy to extend to more complex problems
(e.g., problems in Section|[6.2).

Adaptivity. PHE relies on sampling additive noise from an
appropriate distribution, and TS can be viewed similarly. In
the results above, we provide auxiliary information about
the environment to them and need to modify their imple-
mentation in different setups. In contrast, MBE automatically
adapts to these problems. As argued in Section 2] one main
advantage of MBE over them is its adaptiveness. To see this,
we consider the following procedure: we run the Gaussian
versions of TS and PHE in Bernoulli MAB, and run their
Bernoulli versions in Gaussian MAB. We also run MBE with
02 = 0.5. MBE does not require any modifications across
the two problems. The results presented in Figure [2] clearly
demonstrate that MBE adapts to reward distributions.

Similarly, in Figure[3] we also studied the adaptivity of these
methods against the reward distribution scale (the standard
deviation of the Gaussian noise, o) and the task distribution
(we sample the mean rewards from Beta(c, 8) and vary
the parameter «). For all settings, we use the algorithms
tuned for Figure|l} MBE shows impressive adaptivity, while
PHE and TS may not perform well when the environment
is not close to the one they are tuned for. Recall that, in
real applications, heavy tuning is not possible without the
ground truth. This demonstrates the adaptivity of MBE, as a
data-driven exploration strategy.

Additional results. In Appendix we also try different
values of A and B for MBE. We also repeat the main experi-
ment with K = 25. Our main observations still hold, and
MBE is relatively robust to its tuning parameters.

6.2. Real-Data Applications

The main benefit of MBE is that it easily generalizes to com-
plex models. In this section, we use real datasets to demon-
strate this property. Specifically, we test if MBE can achieve
comparable performance with strong problem-specific base-
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Figure 3: Results with different reward variances and task distri-
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lines proposed in the literature, without problem-specific
algorithm design and heavy tuning.

Domain-specific models. We study the three problems con-
sidered in|Wan et al.| (2022), including cascading bandits for
online learning to rank (Kveton et al.|[2015), combinatorial
semi-bandits for online combinatorial optimization (Chen
et al., 2013)), and multinomial logit (MNL) bandits for dy-
namic slate optimization (Agrawal et al.,|2017;2019). All
these are practical and important problems in real life. Yet,
these domain models all have unique structures and require
a case-by-case algorithm design. For example, the rewards
in MNL bandits follow multinomial distributions that have
complex dependency with the pulled arms. To derive the
posterior or confidence bound, one has to use a delicately
designed epoch-type procedure (Agrawal et al., 2019).

Datasets. We use the three datasets studied in [Wan et al.
(2022)). Specifically, we use the Yelp rating dataset (Zong

et al.,[2016)) to recommend and rank K restaurants, use the
Adult dataset (Dua & Graff],[2017) to send advertisements
to K /2 men and K/2 women (a combinatorial semi-bandit
problem with continuous rewards), and use the MovieLens
dataset (Harper & Konstan, 2015) to display K movies.
In our experiments, we fix K = 4 and randomly sample
30 items from the dataset to choose from. We provide
a summary of these datasets and problems in Appendix
B.3| and refer interested readers to 'Wan et al.| (2022) and
references therein for more details.

Baselines. We compared MBE with state-of-the-art baselines
in the literature, including TS-Cascade (Zhong et al.|[2021)
and CascadeKL-UCB (Kveton et al., |2015) for cascading
bandits, CUCB (Chen et al.,[2016) and CTS (Wang & Chen,
2018)) for semi-bandits, and MNL-TS (Agrawal et al., 2017)
and MNL-UCB (Agrawal et al., 2019) for MNL bandits. To
save space, we denote the TS-type algorithms by TS and the
UCB-type ones by UCB. We also study PHE and e-greedy
(EG) as two other general-purpose exploration strategies.

Tuning. For the baseline methods, as in Section we
either use the default hyperparameters in Wan et al.[ (2022
or tune them extensively via grid search and present their
best performance. For EG, we choose the exploration rate
as ¢, = min(1, a/2+/t) with tuning parameter a, following
Kveton et al.| (2020a). For MBE, with every bootstrap sam-
ple, we estimate the reward model via maximum weighted
likelihood estimation, which yields closed-form solution
that allows online updating in all three problems. The other
implementation details are similar to Section [6.1]

Results. We present the results in Figure |4, The overall
findings are consistent with Section [6.1] First, without any
additional derivations or algorithm design, MBE matches
the performance of problem-specific algorithms. Second,
pseudo-rewards are important to guarantee sufficient explo-
ration, and naively applying multiplier bootstrap may fail.
Third, MBE has relatively stable performance with varying
0w, since its exploration is mostly data-driven. In contrast,
the hyper-parameters of PHE and EG have to be carefully
tuned, since they rely on externally added perturbation or
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Figure 4: Real-data results for three structured bandit problems that need domain-specific models.

forced exploration. For example, the best parameters for
EG in the three problems are a = 5, 0.1 and 0.5. Finally,
PHE does not perform well in MNL and cascading bandits,
where the outcomes are binary. We investigated this trend
and found that the response rates (i.e., the probabilities for
the binary outcome to be 1) in the two datasets are low. In
this case, PHE introduces too much noise to explore, which
slows down the estimation convergence.

7. Conclusion

In this paper, we propose a new bandit exploration strategy,
Multiplier Bootstrap-based Exploration (MBE). The main
advantage of MBE is its generality: for any reward model that
can be estimated via weighted loss minimization, the idea of
MBE is applicable, and requires minimal efforts on derivation
or implementation of the exploration mechanism. As a data-
driven method, MBE also shows nice adaptivity. We prove
near-optimal regret bounds for MBE in the sub-Gaussian
MAB setup, which is more general than in other bootstrap-
based bandit papers. Numerical experiments demonstrate
that MBE is general, efficient, and adaptive.

There are a few meaningful future extensions. First, the
regret analysis for MBE (and more generally, other bootstrap-
based bandit methods) in more complicated setups would
be valuable. The main challenge comes from analyzing the
finite-sample property of multiplier bootstrap.

Second, adding pseudo-rewards at every round is needed
for the analysis. We hypothesize that there exists a more
adaptive and efficient way of introducing extrinsic perturba-
tion, such that we have sufficient exploration while avoiding
over-exploration.

Third, the practical implementation of MBE relies on an en-
semble of models to approximate the bootstrap distribution
and the online regression oracle to update the model estima-
tion. Both parts lead to approximation and also correlation
over time. Our numerical experiments show that such an
approach works well empirically, but it would be still mean-

ingful to have more theoretical understanding.

Lastly, in this paper, we present MBE assuming the knowl-
edge of a generative model of the rewards (i.e., assuming the
existence of a regression oracle). The idea can be naturally
generalized to the policy-based setting, where we assume
the existence of a classification oracle that can compute the
optimal policy within a pre-specified policy class (see, e.g.,
Agarwal et al.|(2014)). We leave this to future study.
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A. Additional Method Details
A.1. MBE for MAB

In this section, we present the concrete form of MBE when being applied to MAB. Recall that x; is null, A; € [K], and 7y is
the mean reward of the k-th arm. We define f(x, As; ) = 7.4,, where the parameter vector » = (r1,...,7x) . We define
the loss function as

L
v Z (ra, =
The solution is then (71, ..., 7x )" With 7, = (32,4, W)~ 2oy, i WiRe, ie., the arm-wise weighted average. After

adding the pseudo rewards, we can give algorithm for MAB in Algorithm 3]

Next, we provide intuitive explanation on why Algorithm works. Indeed, denote s :=
observed rewards for the k-th arm up to round 7. Let Ry, ; be the {-th element in H;, 7. Then

? _ Z?:l (UiRk;_’i + >\ Z’f:l w?{
L wi A WA W
s i wilBe — ) +5 30 @i D AT (Wi Db+ A e et A
ST (wi = 1)+ AsTIY (Wl = 1)+ As Y0 (Wl — 1)+ 142X 142X

by using the law of large numbers. Then, by Slutsky’s theorem,

\ s
wZRZ = (w;_l) +OZ7(1)
ERYNISEREES yTRNNES >

, where H;, 7 is the set of

iV p + A
\/E[Y’” 1+2)\] 1+2>\

O'k +2

will weakly converge to a mean-zero Gaussian distribution AV ( 0 ( 20z

). Therefore, our algorithm preserves the order
of the arms for any A\ > 0.

Algorithm 3: MBE for MAB with sub-Gaussian rewards with mean bounded in [0, 1]

Data: number of arms K, multiplier weight distribution p(w), tuning parameter \
2 Set Hy, = {} be the history of the arm k and Y, = +o0,Vk € [K]
sfort=1,...,Tdo
4 Pull A; = arg max ¢ (g Y ), (break tie randomly),

5 Observe reward R;
6 Set Hi = Hip U {Rt}
7 fork=1,...,Kdo
8 if |#{;| > 0 then

9 Sample the multiplier weights {w;, wj, w ”}lH"‘ plw).
10 Update the mean reward
o || ||
Vi= > (e Regtaw, IxA+w/-0xA) | /| D (we+dwj + M) |
=1 =1
where Ry ; is the [-th element in H.

1 end
12 end
13 end

A.2. MBE for stochastic linear bandits

In this section, we derive the form of MBE when applied to stochastic linear bandits. We focus on the setup where x; is
empty and A; € RP is a linear feature vector, and other setups of linear bandits can be formulated similarly. In this case,

12
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Algorithm 4: MBE for linear bandits.

Data: number of arms K, multiplier weight distribution p(w), tuning parameter A
2 Set Hy = {} be the history of the arm k, set Ay = O, 50 =0 withby =0, and Vj = (1 + &)I,.
sift=1,...,pthen
4 ‘ Offer A; = ¢.
end

5

¢ fort=p+1,...,Tdo

7 Offer A, = argmax, 4, a' 0, (break tie randomly)

8 Observe reward R;

9 Set Hy ZHkU{Rt}

10 fork=1,..., K do

11 if [H| > O then

2 Sample the multiplier weights {w;, wy, wl"}}Z’f‘ ~ p(w).
13 Update the following quantities:

o Vi1 = Vi + wi A Al + Ml0Ig + Al 1y,
. bt+1 = bt + At (tht + )\WQO + )\wg'l),

* Refresh the parameter as §t+1 = thrl1 big1.

14 end
15 end
16 end

f(x, A;;0) = A @ where the parameter vector is @ € RP. Then, the weighted loss function is

d T 2 € 2
> wi(A]6-Ry) +3lelz,

t=1

where £ > 0 is a penalty tuning parameter. The solution is the standard weighted ridge regression estimator and can be
updated in the following way:

0. Initialization: Ay = 0, 8y = 0 with by = 0, and Vo = (€ + 1) Lyim(a,)-
1. é\t = ‘/tilAt;
2. Vigr = Vi +wiAyAl, beyq = by + wi Ry Ay, and hence update

~ _ -1
011 = ‘/;H_:ibt-‘rl = (Vt + thtAtT) (bt + thtAt)
=V =V ey T+ ATV AT A Y

3. Take the action Ay 41 = argmax,c 4, @' 041
The MBE algorithm for linear bandits is presented in Algorithm 4]

A.3. Naive Adaptation of the Multiplier Bootstrap

We present the naive multiplier bootstrap-based exploration algorithm in Algorithm [5| Specifically, there is no pseudo-
rewards added.

A.4. ReBoot

For completeness, we introduce the details of ReBoot in this section and discuss its generalizability. More details can be
found in the original papers (Wang et al.|[2020; Wu et al., 2022).

13
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Algorithm 5: A Naive Design of MBE

Data: Function class F, loss function £, (optional) penalty function J, multiplier weight distribution p(w), tuning

parameter \

2 Set 1 = {} be the history be the pseudo-history
3 Initialize fin an optimistic way
sfort=1,...,Tdo

5 Observe context x; and action set A;
6 Offer A; = argmaxge 4, f(wt, a) (break tie randomly)
7 Observe reward R;
8 Update H = H U {(x¢, A¢, Re) }
9 Sample the multiplier weights {w;}_; ~ p(w)
10 Solve the weighted loss minimization problem to update fas
. 14
f = arg min n Zwlﬁ(f(a:l, Ap), Rl) + J(f).
fer =1
u end
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Figure 5: Performance of MBE in three linear bandit problems.

Consider a stochastic bandit problem with a fixed and finite set of arm A. Every arm a € A may have a fixed feature
vector (which with slight overload of notation, we also denote as a). The mean reward of arm «a is f(a). At each round ¢/,

ReBoot first fit the model f as fusing all data. Then for each arm a, ReBoot first computes the corresponding residuals

o~

using rewards related to that arm as {e; = R; — f(a)}+. A,=a,t<t'» then perturbs these residuals with random weights as
{wier = Ry — f(a)}:4,=a,t<¢r (ReBoot also adds pseudo-residuals, which we omit for ease of notations), and finally use

fla)+ |{t: Ay =a,t <t'}|71 > t:A,—a.t<p Wi€s as the perturbed estimation of the mean reward of arm a. By design, it
can be seen that ReBoot critically relies on the reward history of each fixed arm. Therefore, to the best of our understanding,
it is not easy to extend ReBoot to problems with either changing (e.g., contextual problems) or infinite arms.
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Figure 6: Performance of MBE with different values of A in MAB.

B. More Experiment Results and Details
B.1. Results for linear bandits

We also consider the linear bandit problem. The linear bandit version of MBE is presented in Appendix We experiment
with several dimensions p = 10, 15, 20. The number of arms is K = 100. The feature vector z;, € R? of arm k is generated
as follows. For the last 10 arms, the features are drawn uniformly at random from (0, 1). For the first 90 arms, we consider a
practical setup where they are low-rank: we first generate a loading metric A = (a;;) € RP*® from Uniform(0, 1), then
sample b € R® from Uniform(0, 1), and finally constructs z3 = Ab. The parameter vector § € R? is uniformly sampled
from [0, 1]P. We normalize the feature vectors such that the mean reward 5, = ] 0 falls within the interval [0, 1]. The
rewards of arm k are drawn i.i.d. from Bernoulli(x] ).

We still compare MBE with the method for linear bandit version of GIRO, PHE, and ReBoot with tuning to their best
performance over the hyper-parameter set {2" —43¢_, and report the best performance of each method. For TS, we use
Gaussian for both its reward and prior distribution, and calibrate their parameters using the true model. The total rounds are
T = 20000 and our results are averaged over 50 randomly chosen problems. Most other details are similar to our MAB
experiments.

We present the results in Figure[5] where we vary either o, or X in the two subplots. We can see that naive MB leads to a
linear regret. Hence, the pseudo-reward also matters in this problem. MBE achieves comparable performance with strong
baselines such as TS. Another finding is that MBE is robust to its tuning parameters. Finally, Reboot needs to pull K times
to initialize (the linear regret part in the first K rounds) due to the nature of its design. In contrast, most other linear bandit
algorithms typically only need p rounds of forced exploration. This shows the limitation of the ReBoot framework (See

Appendix [A.4).
B.2. Additional results
In this section, we study the performance of MBE with respect to a few other hyper-parameters.

We first study the robustness to another tuning parameter A. Recall that A controls the amount of external perturbation.
Specifically, we repeat the experiment in with 02 fixed as 0.5 and with different values of A (0.25,0.5,0.75). From
Figure[6] it can be seen that a small amount of pseudo-rewards (A = 0.25) seems sufficient in these settings, and the results
are fairly stable. We believe this is because the exploration of MBE is main driven by the internal randomness in the data.

In Figure[7] we repeat our main experiments with /& changed to 25. We can see that our main conclusions still hold.

Finally, in Figure [8| we implement MBE with different number of replicates B. As expected, more replicates does help
exploration due to a better approximation to the whole bootstrapping distribution. Yet, we find that B = 50 suffices to
generate comparable performance with TS and the performance of MBE becomes relatively stable for larger values of B.

B.3. Details of the real-data experiments

Our real-data experiments closely follow Wan et al.[(2022). For completeness, we provide information of the three problems
here, and refer interested readers to|Wan et al.| (2022) and references therein.

In an online learning to rank problem, we aim to select and rank K items from a pool of L ones. We iteratively interacts
with users to learn about their preferences. The cascading model is popular in learning to rank (Kveton et al.,2015)), which
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Figure 7: Performance of MBE with K = 25.
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Figure 8: Performance of MBE with different number of replicates B.

models the user behaviour as glancing from top to bottom (like a cascade) and choose to click an item following a Bernoulli
distribution when she looks at that item. Therefore, we will binary outcomes for all items that the user has examined, and
there are complex dependency between them.

In a slate optimization (or called assortment optimization) problem, we aim to offer K items from a pool of L ones,
especially when there exist substitution effects. The Multinomial Logit (MNL) model characterizes the choice behaviour
as a multinomial distribution based on the attractiveness of each item. Since the offer subset changes over rounds, the
joint likelihood is actually complex. To get the posterior or confidence bounds, one has to resort to an epoch-type offering
schedule (Agrawal et al., 2017).

Online combinatorial optimization also has numerous applications (Wen et al.| 2015)), including maximum weighted
matching, ads allocation, webpage optimization, etc. It is common that every chosen item will generate a separate
observation, known as the semi-bandit problem. We consider a special problem in our experiments, where we need to
choose K persons from a pool under constraints.

The three datasets we used (and related problem setups) are studied in corresponding TS papers in the literature. To general
random rewards, we need to either generate from a real-data-calibrated model or by directly sampling from the dataset. We
follow |Wan et al.[(2022) and references therein. For cascading or MNL bandits, we split the dataset into a training and a
testing set, use the training to estimate the reward model, and compare on the testing set. For semi-bandits, we sample
rewards from the dataset.

C. Main Proof

This section gives the proof of the main regret bound (Theorem [5.1)). Section[D]gives the major lemmas required to bound
the regret components used in this section. Section[E]lists all supporting technical lemmas, including the lower bound of the
Gaussian tail and some novel results on the concentration property of sub-Gaussian and sub-exponential distributions.

Before beginning our proof, we first provide the definition of sub-Gaussian and sub-exponential variables: A mean-zero
random variable X is called sub-Gaussian with variance proxy o2 if Eexp{tX} < exp{t?c?/2} for any t € R, and we
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denote it as X ~ subG(c?). A mean-zero variable X is called sub-exponential with parameters A and o if

222 1
Eexp{tX} < exp{z}, o<t
Q

We denote as X ~ subE()\, «) if sub-exponential X has parameters A\ and «. For simplicity, we denote subE()\) :=
subE(\, A). Sub-Gaussian and sub-exponential variables play important roles in bandit problems and exhibit various
concentration properties. For more details, please refer to/Zhang & Chen|(2021)) and Zhang & Weil (2022)).

Notations: Let P¢(A) = [, dF¢(x) denote the probability of event A, where F¢ () is the distribution function of the random
variable &. Similarly, let B¢ f(€) = [ f(x) dF¢(x) represent the expectation. We write two functions a(s,T) < b(s,T) if
a(s,T) < ¢ x b(s, T) for some constant c independent of s and T. We write a(s,T) =< b(s,T) if both a(s,T) < b(s,T)
and a(s,T) Z b(s,T). Furthermore, we define a V' b = max{a, b} and a A b = min{a, b} for any real numbers a and b.
Similarly, we define a v bV ¢ = max{a,b,c} and a ANb A ¢ = min{a, b, ¢} for any a,b,c € R.

We will present a comprehensive version of the MBE theory under MAB, as stated in Theorem |C. 1} along with its proof. In
this version, we allow for arbitrary variance proxies o instead of constraining them to be equal to one in Theorem|5.1

Theorem C.1. Consider a K-armed bandit, where the reward distribution of arm k is subG (o) with mean py,. Suppose

M1 = maxpe(g] fk and Ay, = p11 — puy. Take the multiplier weight distribution as N(1,02) in Algorithm Let the tuning

2
parameters satisfy A > (1 + % + %) + /% (% + 1), Then the problem-dependent regret is upper bounded by

Tw

u Ca(01,0%, A, 04)
Reg, < ZAk 7+ {Cl(al,ak,)\,aw) + W}logT ,
k=2 k
where
log D A oy
Ci (01,05, A\, 00) = 55|82 max o2 [ —2 201,08, A, 00) | 4 + 3802 |,
ke[K] 3log 2
and
log D A oy
Co(01, 01, N, 00) :310)\20,%+55{D1(01,0k,>\,0w) ( °8 2(;1;;”;’ i )+1> +3803},
with
2 a 4 aZ 2 214
Di(01,0k, A, 00) = | (1+8vV2 max 07) (16 + =% | + 1607 + 3=% + 302 + 1|02 A*,
ke[K] 07 o1
and

3ymal (o1 o [ 02 1 Nos
D Aow) =31 @ (2L 430) +1 7 |-
2(01, 08, N, 0L) 3[ + 2o <Uw +3)\) + 6\/7715161% %\ 1607 + = + Tod

Furthermore, the problem-independent regret is upper bounded by

Reg, < 7K C N KlogT + 2 Cy (01,06, \) KT log T.
egr < “1+kef?<?\x{1} 1(01,0%, \) K log T + e 2(01, 0%, A\) KT log

Proof. We denote the first s rewards from pulling arm k as H, s, with the i-th observations denoted as Ry, ;. Let Q s(7) =
]P’(Yk,s > 7 | ’Hk,s) be the tail probability that Y, ,, conditioned on history Hy, . is at least 7. Further, let Ny, ,(7) =
1/Qp,s(7) — 1 represent the expected number of rounds in which the arm k is underestimated, given s sample rewards. Here

— Zle [wWiRk,; +wl- (1 xA)+w!-(0xA)]

Y s — S
" Sy (Wi + Al + Al

is the objective function defined in Algorithm 3]

Step 0: Decomposition of the regret bound. Our proof relies on the following decomposition of the cumulative regret.

17



Multiplier Bootstrap-Based Exploration

Lemma C.2 (Theorem 1, [Kveton et al| (2019b)). Suppose in MAB we select arms according to the rule A; =
arg maxpe (k) Ykt With Yy ¢ defined in Algorithm Then for any {Tk}szz C R, the expected T-round regret can

be bounded above as «

Regr < Z Ap(ar + by),
k=2

where aj, = Zz:ol ag,s and by, = ZZ:_ol be,s + 1, and ay s = E[NLS(T]G) A T] and by, s = ]P)(Qk,s(rk) > T‘l).

Recall the summation index s is the number of times we pull the k-th arm. In the proof, we will fix 7, € (“”’\ “1+’\)

T+2X 7 1427
The definitions of a and by, have important meanings: ay, represents the expected number of rounds that optimal arm 1 has
been being underestimated, whereas by, is the probability that the suboptimal arm k is being overestimated. Here we only
need to consider the lower bound of the tail of the distribution of the rewards from the optimal arm. The intuition behind
this is twofold: (i) we only need the rewards from the optimal arm taking a relatively large value with a probability that is
not too small; (ii) we do not care about the negligible probability of receiving a large reward from suboptimal arms.

Therefore, our target is then to bound ay and by, for any k£ > 2. These are completed in Step 1 and Step 2 below, respectively.

Step 1: Bounding ay.

We first provide a roadmap for proving ay, is bounded by a term of O(logT') order: For a given constant level 7, the
probability of the optimal arm 1 being underestimated given s rewards is 1— Q1 s (7). If we pick the level to satisfy

‘f};;i, the theory of large deviation gives

T <

lim Ql,s(ﬂc) =1.

L de el

Hence the expected number of rounds to observe a not-underestimated case N 4(7x) = ﬁ — 1 has the property

limg_, o, Ns(7%) = 0 as the number of pulls s grows to infinity. Thus, given the round 7', there exists a constant s, (1)
such that N (1) < T~ for all s over s, (7). Consequently, the quantity aj, in regret bound will be bounded by

Sa,k(T)
ar < Y B[Ny (m) AT]+ 1.
s=0

The fact that the constant s, x(7') is at the order of log 7" will be shown in Lemma|D.2] Lemma and Lemma |D.4] For
small number of pulls s < s, 1 (7'), we show in Lemmathat E [Ny o(1) AT) < 4+ 16¢%/® for any s € N. Thus, it is
enough to conclude that aj, can be bounded by a term of O(log T') order.

To formally bound a; in the non-asymptotic sense following the intuition above, we need to decompose ax. For the
decomposition, a common approach is to use indicators on good events. Denote the shifted (sample-) mean reward as
S
. - Ry + As A 1 =
Rk s = Zz:l i * = + Rk ER
' s(142X) 1420 1+2X 7

where Em = % Zle Ry, ; is the mean reward of the k-th arm. Then we can define the following good events for {-th arm

as
w+ A

1+2A

A= {—OlAk <R, - < C’lAk} ,

and - -
Gis = {—CQAk <Y;s— st < CQAk} .

The definitions of A; 5 and G| ; are intuitive: A; ; represents the sample mean does not deviate excessively from the true

mean, and events on G; ; means ?l,s is not too far away from the scaled-shifted sample mean Ezs. Here C4,Cy are
constants belonging to the interval (0, 1).

Therefore, by using these good events, we decompose ay, s into the following three parts:
k1 = E[(Nus(m) AT)IAS)) )
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k2 = E[ (N (m) A T)H(ALOIGE )] Q)

and
Q03 = B[ (N1o(7) AT)I(AL)I(G )| 5)

Let C; = &5 and C = 145 with fixed A > 1, then Cy, C3 € (0, 1). Consider the case when T > 2. Define
Sad(T) = max{s tars; >T7'},  k=2... K, = j=123
Lemma[D.2)in Appendix [D]demonstrates that by taking

144)\20%

$> Squn1(T) = ——55
(1+2X)2A2

log T,

we will have ag s 1 < T~'. Lemma|D.3|and Lemmain Appendix |§| say that: if we choose

V4 V2 2
14 ﬂ'bl 4 s 21&1 ﬂ 1
2 2b3 by

> Sak2(T) = {

1
(Ql +ay + b + Qlal) (3 log_1 2 x log {3

1802 (2u1 — 1)2  202(1 +2)\?)
(A2 +X+1/4)2 (1+2))2

}xSlogT

and

V4 V271 2
14 7Tbl+ ™ 1C12+ ao

2 262 )

1)

5> Sak3(T) = {

1
(Ql +as + by + Qlag) (3 log_1 2 x log {3

1802 (2u, — 1)2  202(1 + 2X2
o3 om =17 2020420 )
OZ 4 A+ 1/4)2 " (14202
then we have ay s o < T~ ' and ay s 3 < T, respectively, where
19202 \* 202 [96A*07 + (14 20)2C3A7]

1=

ap

T 3(1+2)\)2A2” 3(1+ 2\)2A2 ’

3602\
3(A—1)2A%°

Let Q0 = maxpc|(k] Q. Then, for any

o2 [12X%02 + 25(1 + 21)2A2]
6(\ — 1)2A2 ’

ag = by = and  Q =8V20%, kelK]

(Qmax + (a1 + a2) + (b1 + b2) + Qmax(ar + a2))

VT V2TQmax (01 ag a;  ag
1+7<\/b1+\/bg)+# 57%4—[)7% +2 5714—[)72

144)\%0%
S Z Sa7k(T) = mmg]ﬂ%- {

1
(3 log™* 2 x log {3

1802 (201 — 1)2V (2, — )2 202(1 +2)2)
(A +A+1/4)? (1+2))2

1)

} x 3logT,

it holds that s > maxj—1 2.3 Sa,;(T") because

Sak(T) = Sak,1(T) + max sq 1, ;(T) > max_sqp;(T).
j=2.3 j=1,2,3

— L4

Hence, for any s > s, 5 (T"), we have
-1
Qf,s = Qk,s,1 + Ak, s,2 + ak,s,3 < 3T
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Finally, Lemmain Appendix@guarantees that if we choose A > (1 + % + %) + /4 (% + 1), the component

Ow

ar,s < 4+ 16e%/® for any s > 0. Thus, by setting \ > (1 + % + 4(%) 4[4 (Zf% + 1), we have

Ow

T-1

ap = E Ak, s
s=0

E max ag,s + E 37!
se{0,1,...,T—1}

5<8a,k(T) o Sa.n(T)<s<T
s X Sqk(T) + 3T x (T — sq 1 (T
se{o,rlr,l.a.b.},{T—qak’ Sak(T) + ( Sa(T))

144 )22
=4+ 469/8){(1+2/\)21AQ log T +
k

IN

([Qmax + (al + 02) + (bl + b2) + Qmax(al + a2):|

log {3 [1+ %7 (VBr + v/Bz) + ¥25max (24 4 23) 42 (2 4 2]} . )

3log 2

1802 (211 — 12V (2ur — 1)2  202(1 4 2)2%)
\Y% 2 logT + 3
N+ A+ 1/4)2 T
forany k € {2,...,K}and T > 2.

Step 2: Bounding b;.

Again, we will provide a roadmap for proving that by, is bounded by a term of order O(log T"). Similar to Step 1, we set a

fixed level 7, such that 7, > & ’_g/’\\ Then, according to the theory of large deviations, we have

hm Qk S(T;c) =0.

S§—00

Thus, given the time horizon 7', there exists a constant s, ;. (7') such that Qy s(7;,) < T~! for all s beyond s 1 (T). As a
result, the event {Qk, s(Tr) > Tfl} is empty if the number of pulls s exceeds sy, ,(T"). Consequently,

sp,k(T)

by, < Z ka Tk >T )

We will demonstrate that the constant s ;(T) is of order O(log T') in Lemma Lemma|D.6] and Lemma|[D.7] For a
small number of pulls, s < sb,k(T), we apply a trivial bound P (Qk,s (1) > T~1) < 1 that holds for any s. Therefore, it is
sufficient to conclude that by, can be bounded by a term of order O(log T').

It should be noted that by, ¢ is naturally bounded by the constant 1. Similar to Step 1, we decompose by, ; = ]P)(Qk, s(TK) >
T71) into by, = bi,s,1 + by,s,2 + bi,s,3, With

br,s1 = E[L(Qk,s(m) > T~ HI(AF )], (6)
brs2 = E[I(Qr.s (1) > T~ HI(Ag)I(GY, )], (7)

and
bi,s,3 = B[L(Qr,s (k) > T )I(Ag,s)I(Gr.s)]- ®)

Again, we define s ; = max{s : bys; > T '} forj = 1,2,3. Lemmain Appendix@guarantees that when
s> Sb’kJ(T), with
72)\%03

i) = onea7

log T,
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we have by, ;1 < T~'. Considering T > 2 and letting C; = é and Cy = ﬁ with fixed A > 1 asin Step 1, Lemma
and Lemma [D.7] proves that: if we take

Vb V21 Qe a 2a
14 YL, VATVRGL 20

2 202 by

5> sp12(T) = {

1
(Qk +a;+ b1 + Qkal) (3 log71 2 x log {3

1802 (2ux — 1)?  202(1 4 2)2)
A2+ X+1/4)2 (142X)?

} x 3logT,

and

\/7b V27 Qa 2a.
_|_7T2+ 7Tk2+2

1
2 202 b

s> spp3(T) = {

1
(Qk +ay + by + Qkag) (3 logf1 2 x log {3

1)

then we have by, 5 2 < T-1 and br,s,3 < T-1, respectively, where a1, as, by, by, and 2, are already defined in Step 1. Let

1)

So for any s > 3,1 (T'), we have s > max;—1 23 Sp ,;(T) since sp 1 (T) = sp1(T) + maxj—g 3 Sp.x,;(T'). Therefore,
1

vy

bi,s,1 + biys,2 + bi,s,3 < 3T~ forany s > s, 4 (T). Note that by, s = P(Q.s(7x) > T~') < 1forany s > 0, then

1802 (21 — 1)%  202(1 4 2)2)
(A2 4+ X +1/4)2 (142X)2

} x 3logT,

(Qmax + (a1 + az) + (b1 + b2) + Qax(ar + a2))

1+\/2%<\/E+\/@>+\/mm“<al+a2>+2<a1+a2>

2 b7 * b3 by by

72\
Sb’k(T) = m IOgT +

1
(3 log™* 2 x log {3

v 1802 (2u1 — 1)2V (2u — 1)% 202 (1 + 2)?)
(N2 + X +1/4)2 (14 2X)2

} x 3logT.

T—1
by =1+ Z bi,s,1
s=0
<141 % s4(T) + 3771 x (T — sy,(T))

< 72)\20,% n
— | (1 +2))2A2

1
(3 log™* 2 x log {3

1802 (2p1 — 12V (2 — 1)?  202(1 + 2/\2)] }1OgT+4

([Qmax + (a1 + a2) + (b1 + b2) + Qmax (a1 + a2)]

1+§ (Vor + vbs) 4 Y2rShnar (al+ a2> +2<a1 +a2>

2 b2 ' b2 b, ' by

)

\

(A2 +X+1/4)2 (1+2)0)2

forany k€ {2,...,K}and T > 2.
Step 3: Aggregating results.
Let us define
dy = Ai{(al +ag) + (by + b2) + Qax (a1 + az)}

and

da =3

)

1+\f(\/ﬁ+\/@)+%(al+a2)+2<al+@)

2 b2 ' b2 [T
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so the bounds in Step 1 and Step 2 yield

144702
< 9/8 1
ar < 4(1+4e ){(1 T 2A2A?
1logds 1802 (2u1 — 1)V (2u, — 1) 202 (1 4 2\?)
Qinax - © log T + 3.
+{( : +do(3kg2 >v (N2 + A+ 1/4)2 (Tr2ne | (el +3
and
72)202
b < _ " "k
{(1 +2))2A2
1logds 1802 (2u1 — 1)2V (2u — 1)2 202 (1 4 2)?)
Qinax - © log T + 4
+ [( § +d1)<3 log 2 )v (A2 + X+ 1/4)2 (1+2X)2 gL+

forany k € {2,..., K} and T > 2. Therefore, by applying Lemma we obtain the following inequality

K
Regr < ZAk(ak+bk)
k=2
K
< ZAk {74— {61(/~L1701»/~Lk,0k7)\>0w)+02(M1,01,Mk70kaAan)AkQ}IOgT}
k=2

(€))

for any T' > 2, where

Cl(ﬂlvalvﬂkvaka )‘)

log do 1802{(2,u1 — 1)2 vV (2uk — 1)2} 202 (1+ 2/\2) (10)
_ 9/8 w w

and
ca(pr, o1, ik, Oks A)

72)%03
T (1T+2))2

log do 1802 {(2u1 — 1)2 V (2ux — 1)%} . 202 (1 +2)?)
1 9/8 1 w w
+ (54 16e )[(d1<310g2+ ))v A2+ A+1/4)2 v (14202 |

9/8
(9 + 32¢°/°) (a1

for k = 2,..., K. When the total round T = 1, the bound @) still holds because Reg; < maxp—o g Ap <

7 2522 Ay. Finally, by utilizing the bound in (9) and the bounds for ¢; (1, 01, pig, 0k, A, 0w) and 2 (u1, o1, fik, Ok, A, 04)
in Lemma[D.8] the following inequality holds for the problem-dependent case:

K
Regr < A [7+ {er(m, o0, ks 0k, X 00) + (1, 01, i, Ok, A, 00) A2 logT}
k=2

K
< ZAk |:7 + {01(0'1, Ok, Aa UW) + 02(0'13 Ok, Aaaw)AIZQ} 10gT:| :
k=2

For proving the problem-independent case in Theorem [C.1] let us denote

T K
Jk,T::Z It—k :Zak+bk
t=1 k=2
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and then we have

RegT = Z Akﬂi‘lﬂ]k,T + Z AkEJk,T
Ap:Ap<A Ap:Ap>A
by the bounds of ay,by
<

TA + Z Ak|:7—|-{Cl(Ul,Uk,/\,Uw)+C2(0’1,0'k,/\,0'w)A];2}10gT:|
Ak5Alc2A

CQ(Ul,Uk;,A,Uw)
=TAST D, Mt > Gilovordow)AlogT+ 3 ===
by Aéﬁltl KlogT

TA+TK C A oy)KlogT C. , Oky A, O ,
+ u1+kg1(?\>§{l} 1(01,0%, A, 0u,) K log +kef%?\x{1} 2(01, 0k, A, 04) A

(12)
log T

for any previously specified A € (0,1). Taking A = /maxyc(x) {1} C2(01, 0%, A, 0,) K log T/T, we obtain

Reg, < 7K Cy (01,00, N, 00) K log T + 2 Co(o1, 01, A\, 00) KT log T
egr M1+k€g1(?\><{1} 101,08, A, 0 ogl + \/keﬁl(a}il} 2(01,0%, A, 0w) 0g

Thus, we complete the proof of Theorem|[C.1]
Lastly, to prove Theorem 5.1} we set o, = 1 for k € [K] and utilize the fact

Cl(l 1L, A 00)+Ca(1,1, A O’w)
A?

(71(].7 ]., )\,Jw) + CQ(]., ]., )\70'w)A

Then applying the bounds for C (1,1, A, 0,) and Cs(1, 1, A, 0,,) from Lemma we obtain the first result in Theorem
By employing the same technique as in (12)), we obtain the problem-independent regret we sought in Theorem O

D. Lemmas on Bounding Regret Components
D.1. Lemmas on bounding ay.

Lemma D.1 (Bounding ay,  for any s > 0). Set
2 4 4 4
/\2<1+U‘”+Ul>+ 01(01+1),
4 Oy Oy, \ Oy

ap,s <4+ 16¢%/8

then

foranyk €{2,...,K}and s > 0.

Proof. Note that if we take

oMt A
1
TSy (13)
then we can ensure that the bound
1
=E|({ =———-1|AT
(G 1) 7]
1
<E|— 14
[Ql,sm.)} (19
by Ql,s(-)<i5 decreasing o 1 (1 + A
- 142X

holds. Hence, we need to find a lower bound of the tail probability Q)1 o (%) =P (?178 > ﬁ%j\\ | 7‘[1,8). Throughout

the proof, we will use the choice of (T3)) for 7%, and we can take advantage of the bound (T4).
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For further analyze (I4)), we will express it as the probability with respect to the weighted random summation of the Gaussian
random variables {w;,w], w!}. Letz; := (2A+ 1)Ry; — (p1 + A), i := Mz — 1 = X), 2z; := A(A + pq) for i € [s], then

S, = in = s((2)\+ DRys — (u1 + )\)), Sy = Zyi =sA(p1—1-X), S,= Zzi =sA(A+ 1),
i=1 i=1 i=1

with S, — Sy — S, = s(2A + 1)(R1,s — p1) and

x—Zaj —Z 2)\—|—1)R17i—(u1—|—)\)}2, Ty=Zyi2=s)\2(,u1—l—)\)2, Tzzz:zf:s)\z()\+u1)2,

=1 =1 =1
with T, + Ty + 1o = >0 [CA+ DRy s — (i + A)f + s[A% (1 — 1 — A)? + A2(X + p1)?]. Denote

Dot TiWi = Dy Yiw) — iy Ziwy — (Sz — Sy — S2)

Zl =
ow/ I+ Ty + T,
and
Zy = S Wi F A WA W~ (1 + 2)s.
(14+2X2)s
Then
1+ A
Qs (1 + 2>\>

2Pt o ( {i Tiw; — iyiwé - iziw” > O} {Z“l + AZw + AZM” > 0} )

=1 =1 i=1
15)
—(S: — Sy — 52) { —(1+2A)\@} (
=P 7y > N4 Zy> = TZNVE
o <{ VoI A Ty + T RV ey
—(Sx—sy—sz) { —(1+2/\)\/§} _
=P 7y > NZy> OV N (Ryy— iy >0
1,72 <{ ! T, + 1, + 1 2T VIt (frs = 20)

—(S; — S, — S) —(1+2)\)\/§} —
+P Y N2y > ———— I(Rys—p1 <0).
Z2 ({ T+T +T} { 27 VTt 2ne (Ris = < 0)
Note that (71, ZQ)T € R? is the mean-zero bivariate Gaussian distribution with covariance (/1) ';), where

p=Euww[Z122] =0
]Ew,W’,W“{ [Zf:l LiWi— 25:1 Yiw;— Ef:l ziw; —(Sz—Sy—52)] [Zf:l wi+A Zle wi+A Ef:l wi'=(1+2))s] }
02/s(1 4 222)(T,+T,+1%)
_02(Se — ASy — AS.) — (Sp — Sy — S2)(1+2)\)s
02\/s(1+2)\2)(T, + T, + T>) '

The sign of p depends on the sign of p, where p is defined as
pi= 3 [ai(Sx —ASy —AS,) = (Se — Sy —S) (1 + 2/\)5]
=0 [(2A + DR — (2N + 1) + A% = /\] —2(1+2X0)?s(R1, — 1)
=(1+20)] = (Ris — p)][2(0+2X)s — 02] + 02 A(X — 1)(1 — 2u1).
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Thus, for the event {p < 0}, if we take A > Z= — 1, we will have

{p<0}t={p<0}
= {—(RLS —p1) < AN 12 —1) P 1}

(T+2)) [2(1 +2X\)s — 03,]

_Jr A A =1)(2m - 1) s
_{R1s H1 > (1+2/\)[2(1+2)\)5_02]. 21}.

This furthermore implies

{p <0} N {Ris—m <0}
— a2 A\ —1)(2u1 — 1)
=< (R4 — > — “ 15>
{( Le T H1) > 0N 2(1+2)Ns—o02] °
z, 2 —1<0

= oAM= (Em—1) Ry — 0:5>1 if 241 —1>0
{ (1+2)\) [2(1+2)\)3705} < 1,s 1251 < .S 2 , 1 M1 > 0.
{ o if2u1 —1<0

Ay = { 2R B8 <Ry - <0:s 21, if2m - 1>0.

1} N {El,s — < 0}

Now, we can decompose the second probability in as

—(Se — Sy —5.) { —(142N\)/s }
P Zy > NZy > ———F—— I R 8 <0
o <{ oA+ T P a2 be =i <0)
—(S, — S, — (142
=Pz,.2, | (41> (52 = 5y = 5) n {Z2> e }
o/ Te +T, +1T. V1+2)2
_(Sw_Sy_Sz) { ( + A)\[} §5)
+Pz .2 Zy > Nz I(Ris—p1<0)I(p<O
71,2 ({ 1 oo/To ¥ T, T T 2 > m ( 1, M1 ) (p )
—(S: =S, —8S. —(142X _
—Py, 4, ({21 o = y —5z) } A {22 S W})]{(RLS—M <0)I(p>0)
(oF

ou/Tr + T, + T T2
+ Py 2 <{Z1 > ojj%} N -2y < %}) I(Ry,s —p1 <0)I(—p>0)
=Pz, z, ({Z1 > Gw(\‘jﬂ%} N {Zg > (%}f}) I (ELS — < O) I(p>0)
+Pz, 2, <{21 > Uw(j%} N {23 < %}) T(Rys—p <0)I(o>0),
where Z3 = —Z5 and o = —p is the correlation coefficient between Z; and Z3. We will utilize the lower bound of the tail

probability for bivariate Gaussian distribution with a positive correlation coefficient.
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First,

VIt T, + T /T 2N
2 Pz,,2,| Z1 > max —(8 — 8y — 5:) ’_(1+2>\)\/§ ’
| 0u/To + Ty + T 0, V1 +2)2

7(51 - Sy B Sz) *(1 + 2>‘)\/§ 5}
Zy > , I(Ris—p1 <0)I(p>0
2 max{ow\/fx+Ty+Tz s | ) e mp 0T =0

Pz,.2, ({Zl > 0_(506 ) } N {Zz > W}) I(Rys—p1 <0)T(p>0)

—(S, — S, — S.) —(Sp =Sy —S:) ). -
=P Zy > y Lo > I(R1s—p1 <0)I(p=>0
71,22 < 1 oo /To + Ty + T 2 oo To ¥ T, 1 T ( 1,s — M1 ) (p )

—(Sy — S, — S>) \/ﬁ —(S, — S, — S.) -
2z < 1 O/ T +T, + T, Zy | 42 1+p oo T 4T, + 1. ( 1,s — M1 ) (p )

by /152 < 1 B o 2
ey (2 2B =S 5
oun/To + T, + T

>
PZ<Z>‘%&—SL—&)>MRM—M1§®
Ow

I +T, +T,

where Z is the standard Gaussian distribution. Throughout the appendix, we will always use Z to represent the standard
Gaussian distribution. The first equality is due to — (S, — S, —S.) = s(1+2X)[— (Ry,s —p1)] = 0 > —(1+2X)\/s when
ELS — 1 < 0, and the second inequality is by (11.44) of (Lai & Balakrishnan, 2009)) for bivariate Gaussian distributions.
By applying the first inequality in Lemmaand using the fact that T, + T, + T, > T, > sA*, we can get that

—(S; — 95, — 5. — 1 SN+ 1)2(Rys — p11)? —
(5: — 5y ))H(Rl,s—ulso)z4exp{—( L, ””}H(Rl,s—ulso),

Py | Z >
ou/To + Ty + 1o o2

I(Rys—pm <0)

2

?

then
7<Sz,Snyz) { (1+2>‘)\/§} 5}
Py oz | 420 > N2> = TZNVELN (R <0)I(p>0
7 <{ ! Ow T;r +EJ+TZ 2 gy 1+2A2 ( L, M1 ) (p ) (16)
1 28(2)\ + 1)2(R17s - /11)2 —
zlﬁexp{— Y I(Ris—p1 <0)I(p>0).

Second, we also have

IP>Z1,Z3 ({Zl > O__(Sx — Sy — SZ) } N {Z3 < (1‘|'2>\)\/§}> H(Rl,s — 1 < O)H(Q > O)

VI, +Ty+T. oV 1+ 2)2
_(Sa:_SU_Sz) { (1+2)‘)\/§} §5)
>P Z1 > : N2 < ———— I(R1s—p1 <0)I(p>0
Z4Z1,Z3 ({ 1 o T1+Ty+Tz 3 Ow 1+2>\2 ( 1, H1 ) (‘Q )

=Pz, 2,(Z1 > h(s), Z3 < k(s))I (R1,s — 1 < 0) I (0 > 0)
:]P)ths (Zl > h(s),Z3 < k(S))]I (El,s —u < 0) H(Q > O) H(Q,ul —-1> 0)
where
h(S) o _(SL — Sy — Sz) (S) L (1 + 2)‘)\/g
0T+ Ty, + T2 T V1 + 202

are positive when Ry s — p1 < 0. Note that

Pz,,2,(Z1 > h(s), Z3 < k(s)) =Pz, (Z1 > h(s)) — Pz, z,(Z1 > h(s), Z3 > k(s))
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and
Pz,,2,(Z1 > h(s), Zs > k(s))I(o > 0)

ok(s) — h(s) k*(s) — h*(s) oh(s) — k(s)
S{@( —k(s)) — l@ <m> + oexp [2} i) <m)] }]I(g > 0)

by (11.42) in|Lai & Balakrishnan|(2009). Next, by combining the above two inequalities, we have

_(Sz_Sy_Sz) { (1+2)‘)\/§} §5)
P Z1 > NS Zy < ————— I(R1s—p1 <0)I(e>0
71,23 ({ 1 Py Tw +Ty+TZ 3 o 1+2>\2 ( 1, M1 ) (Q )

o <Ql€(si\/_722(8)> + pexp |:]€2(S)2h2(8):| ® (Qh(si—lgis))] }H({Rl,s < O} n {Q > 0})

Note that { By s — p1 < 0} N {0 > 0} C A, always hold, we have

0< —s(1+2)\)(Ri,s — 1) < Uw)\()\2(1 i2(22;)1 -

a7

Then using the inequality T, + T}, + T > s\, we have

~(S.— 8, - 5.)
0w/ Te + Ty + T,
by o AA—1)(2u; — 1)
VEA2(1 4+ 2)0)
byur <1 g, (A —1)
)\(1 + 2/\) (18)

Ow
142X
o (1+2))
- 20, A
by/\<>1 (1+2)) < (142)\)/s _
T o,V 202 T g V1 +2X2

where fourth inequality follows from the fact that

h(s) =

<

k(s),

202\ < (1+2))? (19)

provided that
\ eR if o, < 2,
> 270etouob T e s

4 )

—0wtowr/02—4 . . . . . .
Note that when o, > 2, the expression % is negative. Thus, the inequality will hold for any A > 1. This
implies that

[@( —h(s)) - ®(— k(s))]H(As) > 0.
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whenever A > % — 3. On the other hand, note that —p > 02 A\(A — 1)(2u1 — 1), then on the event A,, we know that

—sp < so2 A\ —1)(2u1 — 1)

T RS F DT L, + 1) o250+ ) (L + T, + I

and thus

ok(s) _ (1+20V5 o

h(s) o V14222 h(s)

bylhebgmdofg (142\)y/s y so2 A\ —1)(2uy — 1)
= oo VT+2X2  s2A+1) [(Ris — )]

by the bound in T (1 4 2)\)+/5 2(1 42X
> iw —— +);<2 x [so2A(A = 1)(2u1 — 1)] % Jw)\()\( 1)(2/31 5
~2(1+2))?

= e Ve

i.e., ok(s) > h(s). Combining the above analysis, we have

(S, — S, —S.) A+20v3 ). -
P22 ({Z z am} : {23 < MD [{Rya = <0)1(e>0)
> [( = h(s) = @~ k(s) |[1(Ri,s = < 0)1(0 > 0)

+ (%) I(Ris—pm <0)I(e>0) (20)

>0I(Ry,s — 1 < 0)I(0>0)+ ®(0)I (Ry,s — p1 <0)I(0>0)
1. —
:iﬂ(Rl,s*lll <0)I(0>0).

Besides, note that when Ry ¢ — 3 > 0, we have — (S, — Sy — S.) <0, and then

—(Sz — Sy — S.) { —(1—1—2)\)\/5} =
P Zy > NZe> ——F— | [(R1,s —p1 >0
o <{ " Tt T, 1 T 2> Vo J ) e mm>0)
1 _
Z§XH(R1,S_N1>O)'
Plugging (16), (20), and 2I) into (I5), we obtain that

pH1+ A

Q1’8<1+2>\>

: 2520 + 1*(Bas — 1)* | ¢ (5
ZlGeXP{— 2\ I(Ry,s—p1 <0)I(p=>0)

21

1 — 1 _
—l—iX]I(RLS—/.MSO)H(p<O)+§XH(RLS—,M1>O).

As a result, with the fact (T4)), the upper bound for aj, s now is

+ A
. :]E —1 :Ll’l
Ak, Ql,s (1+2>\

2522 + 1)2(Rys — 11)2 ) - =
<16Eexp{ s2A+ ifﬁl’ ) }H(Rl,s—u1<0) I(p > 0)

+ 2EI (Ry,s — p1 < 0)I(p < 0) + 2EI (Ry,s — pi1 > 0)

25(2A + 1)2(Ry s — 2
<16Eexp{ s(2A+ 22(511’ ) }—1-4.
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where the first inequality is due to that the several indicators are based on mutually exclusive events.

From the above expression, to prove that aj, s is bounded by a constant independent of s, it remains to show that the

expectation
25(2XA + 1)*(R1 s — p1)?
Eexp SCA+ 1) (R — 1) (22)
o2\

can be bounded below some constants free of s.
Applying Lemma [E.2] we know that if we take

25(2X\ + 1)? s

< —
2 )\4 = g 27
o) o5

then (22) can be upper bounded by €%/%. A sufficient condition for the above inequality is

(2)\ + 1)2 1 . 2 80’1 40'1
, €. ANM——A———=2>0,
o2\t~ 160? e Ouw Ow
in other words, this can be expressed as:
4 4 4
Az iy “l(ml). 3
Ow Ow Ow

Therefore, if we take the tuning parameters A and o, as specified in (23)), then ay, s will be bounded by a constant such that

ans < 4+ 16e%5, (24)
It is important to note that this lemma establishes the tuning conditions for the tuning parameters in Theorem|C.1 O
Lemma D.2 (Bounding ay, 5 1 at (3)). Take
40?

T): = ————— XlogT.
Sa,k,l( ) 012(1+2>\)2Ai x log

Then forany k € {2,...,K}and s > s, 1,1(T),
Q5,1 < T_la

when T > 2.
Proof. We will bound ay, s 1 by bounding the probability of the event Ai,s- Write
k1 = B[ (N1s(m) AT)IAS )| < E[TI(AS )] = TR(AS ). (25)

Since the summation of independent sub-Gaussian variables is still sub-Gaussian, 0) in Lemma gives Ry s — fi1 ~
subG(c?/s). By applying the concentration inequality of the sub-Gaussian variable, we have
P(AT,) =P (|Ris = | > (1+20)C1A)
1+ 2)0)2C7A7
SQQXP{_( - )21 ks}
207
2072
take SZS“J(T)ZC%‘(TIAVA%; X 10g(\/§T) 1
< Tz

Hence, we obtain that
ag,sq < TP(AS ) < T, forany s> sq1(T).
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Lemma D.3 (Bounding ay, , - at {@)). Take

1 i \/7Tb1 vV 2#910%&1 2(11

1
(21 4 a1+ by + Q1a1) <3log_12 xlog{B + +——

1)

Sa,k,g (T) = {

2 262 by
2 12 2 2
1802 (2u1 — 1)*  202(1 4 2X?) % 310,
(A2 +X+1/4)2 (14 2))2
where
402 \2 202 [2)\202 14+ 2)0)2C2A2
o 02 by = o2 [2X%0f + ( )°Cs k]’ and Q) = 8v302.

T 3C2(1+20)2A2° 3C2(1 + 2))2A2

Then for any s > s, 1.2 (T),
ak75,2 S T_la

foranyke€{2,... . K}and T > 2.

Proof. We will bound the probability of Gf ; conditioning on H; s to prove this lemma. Note that

S

Eoo ot o [Z (1420 Ry — (Ris + N)]w; + Z A1+ X =Ry 5w} — Z MRy + ANw!
i=1 i=1 i=1
=s((1+2X\)R1,s — (Ri,s + A) + M1+ X = Ry15) = A(R1s + ) =0,
we can bound the tail probability P(GS , | H1,,) by
P(GY 5 [ Has)
:PO?LS —Ris‘ > CoAg | Hl,s)

—op S [T+ 2Ry — (Ris + A)]wi + 30 ML+ A= Ry g)wl — Y0 AM(Ris + AMw) A
e (LH20) (o wi F A Wi+ A W) 2k
by Lemma[E3)| id - s o
S 2Pw,w’,w”{ Z [(1 + 2)\)R1’1 — (Rl,s + )\)}wz + Z )\(1 + A — Rl,s)wz/'
i=1 i=1
— Z AMRys + Nw! — Co(1+20) Ay {Zw + Azw; + Ang'} > 0}
i=1 i=1 i=1 i=1
+ P wr wr {Zwi +AZw§ +A2w;’ < 0} =2l + 11,
i=1 i=1 i=1
(26)
where
I= ]P’w’w,’w,,{ Z (142X R — (Ris + A)]w; + Z A1+ A= Ry )w]
i=1 i=1
_ Z)\(ELS + )\)wgl _ 02(1 -+ QA)A]C [sz + )\ZWQ -+ )\Zw;/:| > 0}7
i=1 i=1 i=1 i=1
and

IT =Py w w {iwy + /\i:w; + )\zs:wz’,’ < O} .
i=1 i=1 i=1
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To bound P(G¢ , | H1,s), itis sufficient to bound I and I separately. We first examine /1. Write

II:HDw,w’,w” (Zb:wl+)‘i:W;+Ai:w;/ <0>

:IP) T 27’ 1( 71)+>\Z7, l(w 71)+>\Z7, l(w//71)<— (1+2>\)8
o so2(1+ 20 1120
(142N )
== Pw7w/7w// 7 < — \/7
(7w
byLem<maE 1 1 + 2)\
= 9 ex 20_2 1 n 2)\2

For studying I, we define the following functions of { Ry ;}5_;:

JHRYZ) = A({RuiYizy) + fo({Ruidizr) — fs({Ruiimy),

where
H({RuiYizi) = Z [(R1; — Ris) + A2R1; — 1) — (1 + 20)Co Ay wy,
i=1
({Ritimy) =D [AA+1=TRi.) — (1+20)CoA]w],
i=1
and

S

fs({Ruitiz) =D [AMRie+ M) + (14 20)CoA,]w)

Then we can write I =P, v .+ (f1 + fo — f3 > 0). Given that fi, f, and f5 are mutually independent conditioning on
‘H1 s, the expectation is

E[fi + f2 — f3 | His] = —3C2(1 +20)Ays,

and the variance is
var (f1+ f2 — f3 | His)

:o-UQJ lz [(Rl,i - El,s) + /\(2§1,i -1 —(1+ 2/\)C2Ak}2
i=1

27)

S

+ Z AA+1—Ryis) —(1+ 2)\)02Ak]2 Y AR+ N+ A+ 2>\)02Ak]2
= i=1

=02 Vi + V2 + V),

where
S

Vi= Z { [(Rii— Ris) + A2R1 s — 1)]2 XA +1-Ri)?+ N (Ris + )\)2}7

=1
Va=> {_2(1+2/\)C2Ak [(R1,—Ri1s)+A2R1—1)] —2(1+2A)02AM(A+1—§1,3)+2(1+2A)02Ak(R1,S+A)},
=1

and
S

Vs =3 [(14 20)2C3A7 + (14 20)C3A7 + (14 20)C3A7].

i=1

31



Multiplier Bootstrap-Based Exploration

For bounding the conditional variance above, we will calculate its components as follows.

S

Vi = Z [(Rl,'i — Rl,s) =+ /\(2?171‘ — 1)]2 + S/\z(/\ +1-— El,s)2 + S>\2(R17s + /\)2

=1

=3 (R~ Ris)? +2572(3R; , — 3Ris + A2+ A+ 1)

=1
=3 (Ryi—p)* + (60> = 1)s(Rae — 1)® + 650 (21 — 3)(Ras — 1) + 25N> [A% + A+ 1+ 3y (g — 1)]
=1

Cauchy inequality i —
< 6A% (R — pn)® + 657\ (2p1 — 1)(Rus — pa) + 2 (A2 + A+ 1= pa (1 — )
=1

= 622 Z(Rl’i — M1)2 + 6SA2(2M1 — 1)(?173 — /.tl) + 25\? (/\2 +A+1-— /,61(1 — Ml)) s

i=1
(28)
Vs = —9(1 4 20)CoAAx [Z (Ris = Fr) + ARy — 1) + sAA+ 1= Ru) — sA(Rue + )\)}
i=1
= —28(1 + QA)CQAk |:<Rl,s — R:LS) + A(2R17i — 1) + )\()\ +1-— El,s)) — /\(El,s + )\)} =0,
and
Vs = 3s(1 + 2)\)2C3A%.
Therefore, the conditional variance in is bounded by
o ?var (fi+ fo— fa | His) =Vi+Va+ Vs
< 62 Z(Rl,z‘ — 1)+ 65X (2 — 1) (Ry,s — pa1)
i=1
the random part (29)

+25A% (A2 + A+ 1 =31 (1 — p1)) + 3s(1 +20)C3 A7

the determined part

=R +R+ 9,

where

R, = 6)? Z(RM — 1) Ro=65A%(2u1 — 1) (R — 1) + 28N (N2 + A+ 1—3u1(1 — 1)),

=1
and
D = 3s(1 4+ 2)\)?C3A%.

It is clear that both R; and R, are strictly positive. Additionally, it can be shown with high probability that R4 is non-positive.
Indeed, note that 0 < 31 (1 — 1) < 2, we have

PRe>0) =P (32 — 1) (R1,s — p1) > A2+ A+ 1=3u1(1— 1))

< ]P’(’3(2u1 1) (Bue — 1) ] > ’AZ FA+1-3m(1 —m)’) i (ul + ;) +P(2) xI <u1 - ;)

03 (1-p)<d /) A2+ A+1/4 1 !
g (R > Y1 (4 1) 0 (-
< (R1, u| > 3201 —1)] ) (ﬂl a 2) + 0 x (Ml 2)

by sub-Gaussian inequality (>\2 + A+ 1/4)28 1 1
< - I S)+oxI{m=z).
< eXp{ 822 — 12 J <M #5 ) t0xI{m=35

(30)
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Then by applying Lemma [E-T] again,

P(GT s | His) =21 +11

_op (fl +fo—fs—E(fi+ fo— f3| His) - E(f1+ fo— f3 | His) )

\/Var<f1+f2—f3\7'll,s) \/var(f1+f2—f3|7-{,1,s)

2°
{ E?( f1+f2*f3|7'119) }

+

1 s(1+2))?
oo {_zagu T2 } '

\ /\

2var (fi + fa — fs | Ha,s)

Therefore, combining with 29), aj, s » will be bounded by

ars2 S E[TIG )| = TE[P(GS | Has)]
"B rpre

E?(fi+ fa— f3 | Hus) T s(1+2))2
= 2o {_QVaf (fr+fa—fs|His) } " 2exp{—203(1 +2)\2)}

_ E2(f1+ fo— f3 | M) T s(1+20)2
- ke {_2var (it f2—fs| Hus) } (I3 < 0) +1(Re > 0)) + 5 exp {_203(1 +2)2) }

by the decomposition (Z9) E2 (fl -+ f2 — f3 | Hq s) T 5(1 + 2/\)2
< TE — : I[(R2 <0)+TP(R2 >0) + — — o
= eXp{ 202 T+ Ty 1 @) [ S 0) TR )+2eXp{ 205(1+2)\2)}

E*(fi+ fo— f3 | Has) T s(142))?
< - ’ -z Al AV O
< TEexp { 202 (%, 1 D) +TP(Re > 0) + 5 exp{ 3021 % 2)\2)}

Recall Ry ; — ju; ~ subG(o?), and then &; := (Ry; — p1)? — var(Ry ;) ~ subE(8v/20%). Therefore, for furthermore
bounding R; + D, we have

S

R +9D = 62 (Rl,i — ,u,l)2 — SV&I‘(RLi) + [S V&I‘(RLZ‘) + 35(1 + 2)\)ZC§A%]

=1

®

= 62 i+ s [6A* var(Ry ;) 4+ 3(1 4 20)°C5 A}
;f (Ryi) + 3( )?CIAT] ah)
by var(R1 ;) Sa‘? S
< 6323 & + 35 2007 + (1 + 21)°C3A7)
=1

=35 [2A% + 2X%07 + (1 + 2X)°C3A7]

33



Multiplier Bootstrap-Based Exploration

where { = 1377 | & Then

E?(f1+ fo— f3 | His) T s(1+20)2
< — 2 _ I S A
Ag,s,2 < TIEexp{ 202 (F, + ) +TP(R, > 0) + 5 exp{ 2021 2)\2>}

b d (30 2 2A2 .2
BB ] 9C3 (14 22)*Afs
6025 [2A2€ + 20207 + (1 + 2X)2C3AZ]

Tl R () o)

3 eXp{ 202 (1 + 2X2) 1+2A2 }
A A
(

 TEexnd 3C3(1+2X)2A
TP T2 vt 2o+ (14 2)\)202A2]

4T [exp{ ‘f;;é):l 1/4);8} I (Ml # ;) +0x1 (ul ;)}

2 L {8020
2 TP\ 202(1 1202 [

The next step is to apply Lemmal[E.4] Let

402 )\2 202 [20202 + (1 +2)\)202A2
U= s T VR 1= “[ ; ( 2)2 2 k}, )\128\@0% 1 € [s],
3C5(1 4 2X)2A7 3C5(1 4 2X)2A7
and Q; = (57137 A\?)1/? = 8y/20%, then Lemma E.4| gives
2(1 4+ 2))2A2
Eexp o 7302( + ) k:s
202 [2X2€ + 2X\207 + (1 + 2X)2C3A%]
s s
=Eexpq — 1022 202 22202+ (1+20)2C3a2] Eexp {_ WmE+ by }
302(1+2>\ 2A2 5 + 3C2(14+2X)2A2 (33)
\/ \/ Qlal + & ox { B S }
2 2[]2 bl P iV 291&1 V (b1 + Qlal)
by v2Q1a1V(b1+Q1a1)<b1+Q101+Q1+a; 1/ w/ Qi a; 20 s
< 5 + — | sexpq — .
2 2b7 b1 Qi +ay+by+ Q104

Hence, by taking

\/ \/ Qlal 201
2 262 by

T3}
2 2A2
Eoxpl _3C3(1+20)?As - .
202 [2X2€ + 2X\207 + (1 + 2X)2C3A%] 373 ~ 3712

} +3> logT

s> [Ql +a; + by —l—Qlaﬂ <log_1 2 X log {3

vV ’/Tbl V 27’((21&1 T 2(11

2 267 by

> [+ ay + by + Qa;] log {3 1+

we have

Similarly, the inequality

1 [ewe {- St e <1 (2 3) +0x1 (1= 3)] < 5
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and

g { s(1+2X)? }< 1

2P\ T 20211 202) = 3T
have the solution 18022 1y
s> % log3 + 2log T] .
and
202 (1 + 2)?)
= T2

respectively. Therefore, we have ay, s o < T~ for any s > s, 1 2(T) by taking

\/7h V2rQia 2a
14 7T1+ 7711+ 1

[log(3/2) +2logT],

2 202 by

Sa,k,Z(T) =

1
[Ql + a3+ b1 + Qlal] (3 log71 2 x log {3

1802 (21 — 1)2 . 202 (1 +2)2)
(AZ+X+41/4)2 (1+42X)?

forany T' > 2. O

1)

x 3logT

Lemma D.4 (Bounding ay, , 3 at (3)). Take

Sak,3(T) = {

V4 V21 2
14 ’ing+ Y 1Cl2+ ao

1
(Ql + ag + by + Qlag) (3 log_1 2 x log {3

2 262 by
2 _1)2 2 2
1802 (2u1 —1)?  202(1 4 2)2%) « 3log T
(A2 +X+1/4)2 (1+2))2
where 232 2[ 2.2 ( )2 2 2]
oo ol |2A707 + 25(1 4+ 20)*CT Ag 5
= w” =Y d Q1 = 8v207.
2= S L2cgAz 2 6(A — 1)2C2A2 o 1= 8V20]

Then for any s > sq.,3(T) and A > 1,
Ak, 5,3 < T_1~

foranyk€{2,... K}and T > 2.

Proof. Unlike the proofs for bounding a1 and ay s 2, which involve controlling the probability of bad events, the
definition of ay,_ s 3 is based on good events instead. Therefore, we require a different technique to handle ay, s 3. Observe

that
{Nis(m) < T} 2 {Nis(me) < (T° = 1)1}

ST g ) <1 (12— 1)) (34)

={Q1s(me) ' <A -T7)7"} ={[1 - Qus(m)] < T2},
and ay, 53 < E[N1,o(7)I(A1,s N G1,)]. Thus, as suggested by Wang et al.| (2020), we can bound aj, 53 < T~ for
5 > Sq,k,3 by finding s > s, 4,3 such that {[1 — Q1 4(74)] < T~2} holds on the event {A4; ; N Gy 4}

We can express the term
[1 - Ql,s(ﬂc)]H(Al,s)H(Gl,s) = P(Yl,s - Eis <I4y |H1,S)H(A1,s N Gis),

where we define I'y :=T'y (1)) =71 — ﬁis as the difference between Y1 ; and Eis. On the event {A; s N Gy}, Ty can
be bounded within an interval. To see this,

. A . Y
Ap, = {RLS _mtA —ClAk} N {R,w Mt A ClAk}

1+ 2A 1+ 2A
_ 1+ A w1+ A
= {1—‘1 < C1Ay T+ 2 +T1} n {Fl > —CoA 1+ on +7'1}
N _ A A
= {7’1 C1 A 112\ <I' <7+ CiAg 1_"_2/\},
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and
Gis={—-CAp, <Yy, — E;s < O}

={n—C2Ar <Y1+ <71+ C2A}
={n —CoA, =Y 1, <T1 <1+ oA, - Y14}

by —CoAp+R; <Y1,:<ColAp+Ry

c {1 - 2020, ~ Ry, <T1 <71 42054, ~ R, ).
Let us combine the previous two results, given by
Cl == 2027 (35)
which yields
Al,s N GLS
S8 EARNCY NS M AR O N VR St
=T TSR T s AT N SRS T T MIAE T s VTN (36)
by%—clAk<§Is<%+clAk
: p+ A pat A
C —2CA, — <I < 201 A, — .
C {71 C1 A, Tion = 1< 7142014y 142\
Now let

L mtA 6
TTEoy 1120

This choice of 7 satisfies (]EI) as 7 < L1t We can furthermore reduce on Ais N Gy s that

T+2x°
Hi+ A
Ty < 201 A —
1 <711 +2C1A, 1+ 2\
6AC1 A A—1
=2C1Ap, — ——— = =201, ——
CiAx 142\ Gl T
byA>1  2C7 (A —1)Ag
< -2\ TR
- 220 +1 <0,
and
A
O>F127’1—201Ak—/f::|_2)\
6AC1 AL 3
= 201A, — ———— = =2C1A; |1
R T o ! ’“[ +1+2)\}
byliéxgg
> —2C1 A, X = = =5C1 A
20, (A—1

Thus, we obtain —I'; € ( 2/\+1)Ak’,5C’1Ak,) C (0,+400). Return to the quantity we are interested in, [1 —
Ql)S(Tk)]H(ALS)H(GLS). We can express it as follows:

[1 - Ql,S(Tk)]H(ALS)H(GLS)
:P(Yl,s —_ E:,s S Fl |H175)H(A1,s N Gl,s)

=E

Pw,w’7w”{ Z(Rl,i - El,s)wi + A Z(QRl,iwi - El,sw; - E1,5(")7/,‘/)
i=1 i=1

NS ) Yl - )

i=1 i=1
—T1(1+2)) [Zwi FAD Wi+ Azwg’] < O}H(Al,s NGyl
1=1 =1 =1
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Similar to the technique we used to bound the conditional probability P(G¢ , | H1,s), we just need to replace Ca Ay by —T'y
in (32) and obtain that

1= Qua(r)]I(AL)I(GL..)
_ 9(—F1)2(1 + 2)\)282
PP\ 6025 [20% + 200 + (—10)2(1 + 277

2 2
R R A )

TE

apply steps in 26)
<

}H(Al,s N Gis)

LT[ sy
2 P17 2021+ 202) (37)
by the bound of —T" _ 202 A2 .2
St S 3602 — 1)2CPALs
6025 [2A2€ + 2)\202 + 25(1 + 2))2C2A2]

2 2
oo A o) o)

—|—ze _os(1+2)0)°
2 TP\ 202120y [

Similarly, we define the following expressions

242
oiA

02 [2A202 + 25(1 + 2))2C2A2]
3(A — 1)2C2A2° '

6(A —1)2C2A2
} + 3) logT.

as = and by =

Consider the value of s such that

Vb V21 a 2a
14 7Tz+ 7T212+72
2 263 bo

s> [Ql + as + bg + Qlﬂg] <1Og1 2 X lOg {3

By applying Lemma[E.4]and following the steps in (33) again, we obtain

36(\ — 1)2C%A2s2
TEexp—2 2*(22)1k8 22 A2
6025 [2A2€ + 20207 + 25(1 + 2)0)2C7AZ]
A —1)2C2A2

— TEexp{ — _ 6( )"CiALs

02 [2X26 + 2X\207 + 25(1 + 2X)2CE A7
—TE >
B eXpy — o2 A2 =, 02[2X202425(1+2X0)2C2A2]

3(A—1)2012Ai5 + 6(A—1)2C7A2

= TIEeXp{—S}
az€ + bo

by applying steps in (33) |
< —.
3T

Therefore, to determine the value of s such that [1 — Q1 (7%)] < T2 on {A; s N Gy s}, we can define

1 \/7h V21 2
s > Sa,k_yg(T) = [Ql+a2+hg+9102} flog_12 X log 3|11+ o2 + m 21&2 ﬂ +1
3 2 2b3 boy
1802 (211 — 1)2  202(1 + 2)2
(N2 +A+1/4)2 (142))2
By choosing this value for s, 3 then we get that a, ;3 < T—1 whenever s > Sa,k,3- O
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D.2. Lemmas on bounding by.
Lemma D.5 (Bounding by, s 1 at (). Consider

2
207

) G Ay

x logT.

Forany s > sp.1,.1(T), we have
bre1 <T7', Vke{2,...,K}

provided that T > 2.

Proof. Similar to Lemma[D.5|and noting

2
O

P S—
() 2 o onaz

x log(2T),

we apply the Hoeffding inequality, which gives
brsn = E[I(Qrs(1) > T HI(A7 ,)]
< P(AR )
=P (\Ek,s —pe] > 1+ 2/\)C’1Ak)

by Hoeffding inequality 1
< T .

Lemma D.6 (Bounding by, ; 2 at (7). Consider

1 _ /b V2L a 2a
spk2(T) = (Qk+a1+b1+9ka1) ~log7'2xlog{3 |1+ dhss T Qk L S|
3 2 267 by
2 )2 2 2
1802 (2ur — 1)*  202(1+2X%) % 310 T,
N2t Ar1/42 " (L1202
where 212 2 [9)2 -2 2,2 A2
402\ 2 2\ + (14 2XN)°C5A
ap O bl = Tw [ o1 ( ) 2 k} and Qk = 8\/50’%

T 3CZ(1+ 20)2A2°

For any s > sy, 2(T), we have

3C2(1 + 2))2A2 ’

breo <T7',  Vke{2,...,K}
provided that T > 2.

Proof. Similar to bounding ay, s 2 in Lemma[D.3] we can show that if we take

Vb V2rQpay  2a
1+ 7T1+ 7T2k1+71
2 202 by

1)

1
(Qk +a;+ b + Qkal) (3 log_l 2 X log {3

spk2(T) = {

1802 (2up — 1)? . 202 (14 2)2)
(A2 + X+ 1/4)2 (1+2))2

} x 3log T,

with ), = 8v/202, we have
br,s,2 < E[I(GY )]
3C2(1 + 2X)2A2s
202 [202C) +2X207 + (1 + 20)2C3A

(A2 + X+ 1/4)%s 1 1 T s(1+2))2 Ly
— — = — — B — = <
+ {exp{ 1802 2 —1)2 x I{ p # 5 )t 0xI| pk 5 )| T g exp 22(120) f = T

38
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where @ = %Zle Ci(k), with {Ci(k)}le being i.i.d independent sub-Exponential variables such that C,L-(k)
subE(8v/202). Then by, s o < T2 < T ! forany s > s, p2and k € {2,..., K}. O

Lemma D.7 (Bounding by, ; 3 at (8)). Consider

Vb V21QLa 2a
14 772+ 7Tk2+ 2

spk,3(T) = {

1
(Qk + as + by + Qkag) (3 10g71 2 X log {3

1)

2 263 bo
1802 (2, — 1)% . 202 (14 2A2
80w< /’l’k ) UW( + )\ ) X 310gT,
(A2 + X+ 1/4)2 (1+2))2
where
o2 )\2 ol [2X%0F + 25(1 + 20)2C7AZ]
- wh by = -2 d  Q=8V20}.
2T 312024 2 6(A—1)2C2A2 o k= 8V20f

Forany s > sy 1 3(T) and X > 1,

brez<T7',  Vkec{2,...,K}

provided that T' > 2.

Proof. The basic idea is the same as bounding ay, 5 3. The only difference is that we replace [1 — Q;%S(Tk)] with Qp s (7x).
Again, we will first bound 'y, = kas — EZ,S on the event Ay ; N Gy, 5. Exactly as before, we let

T142) 142X\

Tk

. : PrFA pitA . _ 1 _ 1 _ 1
which satisfies 7, > ThIN To ensure 73, < o one just needs to take C7 = x> and then Cy = 201 = 1ox by (35).

Next, we will obtain the range for I';, on the event Ay ¢ N Gy, 5 as

i+ A
T >1 —2C1A, — ———
> T — 201 T2

A—1
— 20, A
G Foxt1

by A>1

)

and

et A
1+2A

3\

Dr <71 +2C1 A%

32
by 5%

>3 3
< 2C1 A (1 + 2) = 5C1Ak,
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ie, Iy € <%,BC&A;€) C (0, 00). Therefore,

Qs (T1)1(Ak,s)I(Gr,s)
=P <?k,s - RZ,S >Ty | Hk,s) I(Ags N Gis)
OT2(1 4 2))252

exp{ — — I(Ag,s
602 s {zvgﬂc) + 2202 + T2(1 + 2A)2]

[ (g 19 <1 2) vox 1 (=)
zoo{ -z e )

apply steps in (26)
< TE

D)

Q
>
N

by the bound of I'g _ 202 A2 .2
smevmiorre L | 360\~ 1°C7AEs
6o2s [w@‘(’f) + 202027 + 25(1 + 2)\)2012Aﬂ

(NP HA+1/4)%s 1 1
+T{exp{ 1802 (2n — 12 x 1 uk7é2 +0x I pg 3
n T s+ 2))2

2 TP\ 2021202 [

where () = I CZ-(k) with {Ci(k)}le are i.i.d. independent sub-Exponential variables such that Ci(k) ~ subE(8v/202).

)

\/ﬂ'bz + vV 27era2 4+ 2% 2&2

1
T 262 b2

1
5> [Qk +az + by + Qkag] (3 log™! 2 x log {3

By applying Lemma [E.4]again, we have

36(\ — 1)2C2A2s?
6025 [2A2@ + 20202 4 25(1 + 2A)2(J§A§]

s 1
{ 02(®) + by } 3T

Therefore, we have by, s 3 < T~ ! forany k € {2,..., K} if we choose

TE exp

1 _ Vb V21 2
sp,3(T) = { (Q + ag + by + Qraz) (3 log~" 2 x log {3 + 7; 2 4 ;kaaz + ba; } + 1)
2

_ 2 2
1802 (2ur — 1)? 202 (14 2A?) 3log T,
(A2 + A+ 1/4)2 (1+42X)2

D.3. Lemmas on simplifying bounds.

Lemma D.8. Assuming the conditions are identical to those in Theorem the constants c1(u1,01, ik, ok, A) and
ca(pi1, 01, ik, Ok, ), as defined in (10) and (T1), can be upper-bounded by Ci(o1, 0k, A\, 04,) and Co(o1, 0k, \,0,)
specified in Theorem[C.1} respectively.

Proof. First, we establish bounds for the components dy and ds in ¢y (p1, 01, fig, 0k, A) and e (1, 01, pig, ok, A). Observe
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that
dy =A%{(ay + a2) + (b1 + b2) + Qnax (a1 + a2) }
by Ap<l 1 4 Qe o [ 192X4 36*
< O +
3 (1T+202 " (A—1)2
o 2[96M%0? + (14 20)2/(36A%)]  72X\%0? 4 25(1 + 2))?
g
@ 3(1+22)2 6(\ —1)2
Given \ > (1 + % + %) +4/ % (% + 1) > % + 1, we can infer that (A — 1)2 > 1602 /02, and consequently,
192)\4 3674 192)\4 36)* o2
= 48)\% + 372\,
Gr202 T2~ o2 6002 o2
Similarly,
2[96A107 + (14 2X)2/(36A%)]  72M\%0? + 25(1 + 2))?
3(1 4 2))2 6(\—1)2
L2x 96)\%0? N 2 720%0F + 25(1 + 2))?
3 X 4)\2 3 X 362 6 x 1602 /02
1 25 x 9A? 1
<160202 4+ — 4 \4y2 <1600+ — \g2 202 /o2
<16 01+48+ 0‘”+6><160f/00% <16 01+48+3 ol +3\0Z /o7
Thus,
di =A7%{(a1 + az) + (b1 + b2) + Qnax(a1 + a2) }
14 Quax)0? 2 1 2
<0 ma)og, [ygno 3290 402 [160%07 + — + 3M02 + 37222
3 o7 48 o7
=024 [16(1 + Quax) + 16 14 3%y (1+Q )0‘2” 4302 |y 2
—O—w ( + max U] 0_7% max 0_7% Uw Z8 (38)
0'2 0'2
<d? [16(1 + Qmax) + 1607 +3=% + (1 + Quax) = + 307 + 1] A4
01 01
0’2 O’2
< {(1 + Qmax) (16 + ‘;) + 1607 +3-% + 302 + 1} a2\,
01 01
Define

2 2
Di(01,0k,\,04,) = [(1 + Qmax) (16 + "‘5) +160% +3%% + 302 + 1} g\,
01 01
then d; < D1 (01, 0k, A, 0,,). On the other hand, regarding ds, we have the following:

QQIIlaX
1+\27?(\/E+\/E)+ﬁ<al+a2)+2(al+a2)

dy =3 a2 L2
2 2 b2 " b2 b, ' by

<3

1+

VA [ (202014 20)2A7/(144)2) | 2502 (1 +2))2A3
2 3(1+ 2X)2A2 6(A —1)2A2

N V27T Qmax ((1 +2))? N (A —1)2 )

2 64 1ot 12\%0%02

Lo 96\* N 7204
96102 + (1 +20)2/(36A2)  72M0? +25(1+2))2 ) |

To simply the bound above, we can use the fact A > 1 to derive the following inequalities:

202 (14 2X)2A%/(14422) 2502 (1 + 2)\)2A2 < Tu. 50, (1 + 2X)
3(1+ 20)2A2 6(A—1)2A2 S 123 2(A-1)
o2
<o, +3—=(14+2)) <
01
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(14+2))2  (A—1)? < 92 1603 /02
64 1ot 12M%0202 — 64M\40} 1200202

92 1602 /02
64 ot 12X\20202

<9 1 + 1 <9 o2 + 1
o2 a2X2] T T [ 1607 ’

and
96 72)%

96MoZ 1 (14 20N)2/(36)2) T T2Nio? 1+ 25(1 4 20)2
- 96 N 72)\4
TO96M\10? | T2\o?

222
=377

272 A2o2

=1601/02 ~ 8ol

Thus, ds is upper-bound by

2 Qmax
dy = 1+ﬁ(\/bl+\/52)+7v7T AR oy
5 > 62 12 b1 | by
2 2 2 (39)
3ymol (o1 1 Ao
< 1 - V Qmax 5 2 .
_3[ 201 <0‘w+3)\>+ <16 4+0‘£)+ 40%}

Once again, we define

3 2 1 )\2 2
D2(0170k7A70w) = 3|:1 \/70- ( + 3)\) V WQmax <Uw + ) + Uw:|7
Ow

1607 o2 4ot

w

then dg < D2(0'1, Ok, >\7UUJ)'

Next, we can provide simple bounds for ¢q (p1, 071, pig, 0k, A, 0w) and ca(p1, 01, ik, Ok, A, 0,). Using the fact that a vV b <
a+bandaVbVe=][(aVb)V |, we obtain that

Q log da 1))y 1802 {(2u1 — 1)? V (2ux — 1)} y 202 (1 + 2)\?%)
"\ 3log 2 (A2 + X+ 1/4) (1+2))2

<(q Y 7202{(2p1 — 1)? + (2 — 1)%} Y 202 (14 2)?)
U 310g2 (14 2))2 (142))2
1 2 2+ 202 (1 + 2\
(.. ogd2_~_1 v?ax—i—o(—f—)\)
3log2 (142X)2
log do 14402 + 202 + 4X\202
<[ Qo 1)) v
_( (3log2 * ) ) 412
log d log D A, 0y
<[ e (108%2 1) | 4 3802 < 0 (08201 TAGL) LY gg 0
3log?2 3log?2
and
log da 1 18%{ 201 — 12V (2up — 1)2}  202(1+2)2)
3log2 (A2 + X+ 1/4)2 (1+2))2
logDQ(Jlagk7>‘aaw)
SDl(ol,ak,)\,aw)< 3l0g 2 +1) + 3807,
where the last steps in two inequalities above are by (38) and (39). Finally, note that
2\%0% 2\%0%
9/8 k 9/8 k 9/8 2 2
54 168 < 55, m(9+32e/)§7(9+32e/)g31m o3,
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which implies ¢1 (g1, 01, i, 0ks A, 0w) < C1(01, 0k, A, 04,) and ca(pi1, 01, ik, Ok, A, 0) < Co(o1, 0k, A, 04). O

Lemma D.9. Assuming the conditions the same as in Lemma|D.8} we have

log [(1 + 1502 + 30, + 1002)\?
01(1,1,)\,aw)§55{8\/§<0g[( 7 7 o) ]+1>+380§,}

3log?2

and

Ca(1,1,\,0,,) < 330\ +55

log [(1 + 15052 + 30,, + 1002)A2
45(3+a§,)<°g[( J3log20 %) ]+1>)\4+3803].

Proof. We have
Di(1,1,)\,0,) = [(1+8f)(16+a ) +16 + 302 + 302 +1}a A4

< [13(16 +307) + 60, + 17} o2\t =45(3 + o2)\

and
3vmo2 (1 3 1 A202
Dg(l,l,/\,o’w)S[lJr 5 <%+3A)+8f<1 £)+ 1 }
3ymol (1 201
§3[1+ \/g% <0+3> + 8T (“6’ 2) ﬂ < (1415052 + 30, + 1002) A2,

Therefore, we have

log Do(1,1, A, 04,) 9
1,1 = 2 1
Ci1(1,1,\,0,) =55 [&f( 31og 2 +1) + 5502

1 1+ 150,2% + 30, + 1002)\?
<55[8\@<0g[( Uglog; %) }+1>+38Uf)],

and

log Da(1,,1,\, 0
02(1,1,)\,@,)310>\2+55[D1(1,1,)\,aw)<0g 2§1’0’g2’ i )+1> +3803}

< 330A\% +55

log [(1 + 15052 + 30, + 1002)\?
45(3+o—3)<0g[( J310g20 ) ]+1> A4+3803].

E. Technical Lemmas

Lemma E.1. Let Z be a standard Gaussian variable, then the tail probability P(Z > x) satisfies

1 1
1 exp(—2?) < P(Z > x) < 5 exp(—22/2)
forany x > Q.

Proof. Let Q(z) := P(Z > x) for z > 0 represent the tail probability for a standard Gaussian variable Z. Let Z; and Z
are two independent standard Gaussian random variables. Then

P(Zy <z, Zy <z)= / / iexp [(—zf — zg) /2] dz1dzs

\f:r 27
/ / —exp 2/2)rd9dr

=1 —exp(—2?),
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which implies that [1 — 2Q(z)]? < 1 — exp(—a?) for z > 0, or, equivalently, exp(—z?) < 4Q(z) — 4Q*(z). However,
since 4Q?(z) > 0 for all z, we obtain that

Q) >  exp(—a?)

which provides the lower bound in the lemma. For the upper bound, we observe that

oo

exp (2%/2) Q(z) = exp (2%/2) / (2m) "2 exp (—t?/2) dt

x

_ / T om) 2 exp (= (2 — 2?) /2) dt

< /00(277)*1/2 exp (—(L‘ o $)2/2) dt — %,

which establishes the upper bound. O

Lemma E.2. Let {X;}" | be a sequence of i.i.d. mean-zero sub-Gaussian random variables with variance proxy o2, and
let X = 257" | X;. Then

Eexp ()\YQ) < eB
holds for any |\| < 2

802"

Proof. Note that if X — i ~ subG(c?), then
X — p ~ subG(a?/n) (40)

follows from the fact that

Eexp {s(X —p)} = ﬁexp{%(Xi —u)}

i=1
n 2 2 2/ 9
(by X; — pu is sub-Gaussian) < };[1 exp {2202} = exp {3(02/71)} .

Then, by Proposition 4.3 in Zhang & Chen|(2021), (X — x)? — n~! var(X) ~ subE(8v/20?%/n,8c? /n). Therefore,
Eexp {A\(X — p)*} =Eexp {A((X — pn)* —n 'var(X)) } Eexp{An~" var(X)}

< exp{W} -exp{)\n_ng}

4)\2 4 A 2
exp{6 nQU +Z}§e9/8

forany A < #. ]

Lemma E.3. Suppose X and Y are Gaussian variables with EX = 0 and EY > 0. Then
X
P<||Y|| > c) <2P(X >cY)+P(Y <0)
forany c > 0.
Proof. We have
RS )
]P’< >c ) =P(X]| > Y]
Y]
=PH{X>cY}n{X>0N{Y>0}H)+P{-X>cY} n{X <0} n{Y >0}
+PHX > -cY}IN{X>0 N{Y <0})+P{-X>—-cY} n{X <0} n{Y <0})
<SPUX >cYIN{X>0Nn{Y >0 +P{-X>cY}N{-X>0}Nn{Y>0})+PY <0)

by using X is symmetric about 0.

< 2P(X > ¢Y)+P(Y <0)
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for any ¢ > 0. O

Lemma E.4 (sub-Exponential concentration). Consider mean-zero independent random variables X; ~ subE()\;), and
positive constants a and b such that aX + b > 0, where the sample mean X := % Zle X;. Then,

{ s } Vb V2mha @ 2a { s }
Eexp{ —— < Sexpy — —————— ¢,
aX +b )

14—+ -
V2Xa V (b+ Aa
Sor s € N such that 2Xas/b > 1, where A := (% Dy )\12)1/2' Specifically, we have log E exp {_aYZb} < —s.

2 2b2 +b

Proof. Denote Y := aX + b as a strictly positive random variable. For any non-negative strictly increasing function f(-),
we have

]Ef(Y):/OOOIP’(f(Y) >7) dr:/OOCIP’(Y>f_1(r)) dr.

Then for any fixed s € N,

Eexp{—aXS+b} :Eexp{—?

»
—

exp{—% . 1 1 - 1
:/ P X>{ sl—b} dr—i—/ PlX>-
0 a |logr exp{—} a
—_——

by letting u = —=2— o0 — —b
= 1exp{—f}+/ PIX>" e -2} S an
b b a u

Recall that X is the average of independent mean-zero sub-exponential variables, and A\ = (l Dy )\f) 12, Then, we have

2
]P’(X>t)<exp{—; (“’;Af)}

for any ¢ > 0 by Corollary 4.2.(c) in|Zhang & Chen|(2021)). Therefore, we can further bound the expectation as

S by sub-Exponential inequality s g s 1 s(u _ b)2 s(u _ b)
- < _Z = . _Z
]Eexp{ aXer} < exp{ b}+/b UQexp{ u}exp{ 5 " 22 A a du

s s [ s  1s(u—0b)% s(u—0»)

< _Z = _ |24z

- exp{ b} T /b exp{ {u T TN " Aa du

b+Aa [eS) 2
s s s  1s(u—0b)* s(u—0»>)
exp{ b} + /b +/b+/\a] u? exp{ |:’U, + 2 A2a? Aa “

=: exp{—%} + [I+II].
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The next step is bounding both I and /1. For I, we have
b+Aa 2
s s s(u—">)
= Iﬂe"p{{ﬂwaa ]}d’“
b+a 2
s s s(u—1b)
< = _
—/b = eXp{ {b+m+ N2 ]}d“
5 o s /b+’\a o s(u—b)? du
22 P\ b aa [ ), Pl o2
<5 N /‘X’e _(u—b)2 du_\/27r)\ae I
=PV xS S, TPU 2225 T T2 P T
For II, we decompose it as
< s s s(u—Db)
Il = — |-+ ——= 7 d
fowioo [ 5] o
2Xas
s(u —b)
— d
[/Jr)\a /2 ] exp{ [ " 2Xa !
2Xas
s s su—b) sy [ s s(u— b)(u — 22)
= — - d —— — - d
/b+/\a u? exp{ {u—i_ 2Xa }} u—i—exp{ b}/sza u? exp{ 2 au "

=1L+ 1.

For I, we have

2Xas
s s s(u—"0)
InL = — - |= d
' /b+>\a u26Xp{ {UJF 2)a ]} !
2Xas

B s 1 (u—"0)
_/b+)\a uzexp{ sx[u—i— g }}du

glu)y=1452 (u b) is increasing on u>v/2Xa 5 s
< /
b

1 (V2Xa V (b+ Aa) — b)
e {—sx [mv(lﬂr)\a) + a ]}du
S 2)\as S
=+ ra) [b - (b““)} eXp{‘\/W}'

For I 1, if 242 > 1,i.e. As > £, we obtain that
s > s s(u — b)(u — 22as)
II, = {_,} S _ b
9 = exp 5 /{Mla 2 exp{ aw du
s oo g S(U _ Lbas)Z
< _Z i N b
- exp{ b} /mbas wz P { 2 au du
Aas>1 s 1 (u— Mf
< _2 _— AT b 7
= P { b} /szas usz P { 2 au du
by 21; 21 sY [2Xas [ 1 (u— 2385)2 d
= P {75} b J2zas w32 P T 2 “
= sexp \/ 2)\as 4S/b 2 - et dt
2s 2)\a 2\/7
by Len%ma@ 2)\a5 7rb5 { 5}
sex \/ expy—- -
- p 2s 2/\(1 P b

by 2
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By Combining the results obtained for I, I1;, and 15, we can derive the following bound:

]Eexp{ i } < exp{—%} YT+ 1L +11

aX +b
V2T
gexp{ §}+ 7TaSexp{— 5 }

202 b+ Aa
+<b+sxa>mas‘<b+m)}exr’{‘mf<b+m>}+@exp{_z}
R e R s | R )
S[H Q]e ) [W o) oo )

by b<\/2>\a\/(b+>\a) V& 2a s
1+ — + — | sexp { - }7
2 2b b V2Xa V (b+ Aa)

which gives the result we need.

Lemma E.5. Foranyz > 0,

2
2e* o 2
<1,
\/Fr/m ©Te

2
2e* 42 2 s o
dt = — (=27 q¢
Fl e

2 [ 2
< = —(t=2)" 3¢
B ﬁ/w ‘

2 [ et 2 /27X 3
== —qdt=-2Y " =1.
ﬁ/o 21 VT2

Proof.
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