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Abstract
We study the best-arm identification problem with fixed confidence when contextual (co-
variate) information is available in stochastic bandits. In each round, we observe contextual
information before selecting an arm. The distribution of the reward associated with the
selected arm depends on the observed contextual information. We are interested in finding
the arm with the maximum mean reward marginalized over the contextual distribution
and not the mean reward conditioned on contexts. Our goal is to identify the best arm
with a minimal number of samples under a given error probability. First, we derive the
instance-specific sample-complexity lower bounds under the contextual information. Then,
we propose a context-aware version of the Track-and-Stop strategy, wherein the proportions
of arm draws track the set of optimal allocations, and prove that the expected number of
arm draws asymptotically matches the lower bound. We demonstrate that the contex-
tual information can be used to improve the efficiency of the identification of the best
marginalized mean reward when compared with the results of Garivier and Kaufmann
(2016). Furthermore, we experimentally confirm that contextual information contributes
to faster best-arm identification.
Keywords: multi-armed bandit problem, best arm identification, contextual information,
information theoretic analysis, adaptive sequential testing

1. Introduction

This paper studies best-arm identification (BAI) with contextual information in stochastic
multi-armed bandit (MAB) problems. We define the best arm as the arm with the maximum
marginalized mean reward, where the expectation is taken over the context distribution and
is not conditional on a specific context. We call this setting contextual BAI. The goal is
to identify the best arm with a fixed confidence level and a smaller sample complexity (the
expected stopping time) defined by the probably approximately correct (PAC) framework.
The instance-specific sample complexity of BAI without contextual information is now well
understood. There exists an instance-specific lower bound (Kaufmann et al., 2016; Gariv-
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ier and Kaufmann, 2016) and optimal algorithms whose performance guarantee matches
the lower bound (Kaufmann et al., 2016; Garivier and Kaufmann, 2016; Degenne et al.,
2019); however, the corresponding characterization for contextual BAI has not been fully
elucidated.

Formally, we consider the following setting. At each time t = 1, 2, . . . , an agent observes
a context (covariate) Xt ∈ X and chooses an arm At ∈ [K] = {1, . . . ,K}, where X denotes
the context space. Then, the agent immediately receives a reward (or outcome) Rt linked
to the arm At. This setting is called the bandit feedback or Rubin causal model (Neyman,
1923; Rubin, 1974); that is, a reward in round t is Rt =

∑K
a=1 1[At = a]Rt,a, where Rt,a is a

potential independent (random) reward. We assume that Xt is independent and identically
distributed (i.i.d.) over [T ] and denote the distribution of Xt by ζ. Given the context x ∈ X ,
we denote the reward distributions of the potential outcomes as p = (p1,x, p2,x, . . . , pK,x)
and their means as µ = (µ1,x, µ2,x, . . . , µK,x). Let V = (p, ζ) (this can be written as
ν = ((µa,x), (ζx)) when the rewards follow a distribution that belongs to a single parameter
exponential family, and the contexts are finite) be a bandit problem. Let PV (resp. Pν ) and
EV (resp. (Eν)) be the probability and expectations under model V (resp. ν), respectively.
Then, µa = EX∼ζ [µa,X ] = EX∼ζ [EV [Rt,a|X]] = EV [Rt,a] is the average reward marginalized
over X . We assume that V belongs to a class Ω = {(p, ζ) : ∃a∗ ∈ [K] s.t. ∀a ̸= a∗, µa∗ > µa};
that is, the best arm a∗(V) = argmaxa µa is uniquely defined. Let pa,x and qa,x be two
absolutely continuous probability distributions (w.r.t. the Lebesgue measure) of Rt,a, given
Xt = x. We define the Kullback–Leibler (KL) divergence from pa,x to qa,x as

KL(pa,x, qa,x) :=

{∫
R log

(
pa,x
qa,x

(r)
)
dpa,x(r) if qa,x ≪ pa,x,

+∞ otherwise.

We assume that for all (p, ζ), (q, ζ) ∈ Ω, if pa,x ̸= qa,x, then 0 < KL(pa,x, qa,x) < +∞. For
distributions that belong to the single parameter exponential family, we introduce the KL
divergence from the distribution with mean µ to the distribution with mean ν as kl(µ, ν).
Furthermore, for the Bernoulli distributions, we denote the KL divergence by d(µ, ν) =
µ log(µ/ν) + (1− µ) log((1− µ)/(1− ν)) with the convention that d(0, 0) = d(1, 1) = 0.

Let Ft = σ(X1, A1, R1, . . . , Xt, At, Rt, Xt+1) and Gt = σ(X1, A1, R1, . . . , Xt, At, Rt) be
the sigma-algebras generated by the observations up to immediately before the selection
of the arm at time t + 1 and all observations up to time t, respectively. The strategy or
algorithm of the best arm identification consists of the following three elements: a sampling,
stopping, and decision rules. A sampling rule selects from which arm we collect the sample
each time based on past observation (At is Ft−1-measurable). The stopping rule determines
when to stop sampling based on the past observation. We denote τ as this time; τ is the
stopping time with respect to the filtration (Gt)t≥1. The decision rule estimates the best arm
âτ based on observation up to time τ (âτ is Gτ -measurable). We measure the performance of
the decision rule using the sample complexity, the expected stopping time, defined as EV [τ ].

We focus on the fixed confidence setting; that is, with a given admissible failure proba-
bility δ ∈ (0, 1), the algorithm is guaranteed to have P(âτ ̸= argmaxa µa) ≤ δ. We define
δ-PAC to formalize this property:

Definition 1 An algorithm is δ-PAC if for all V ∈ Ω, PV(âτ ̸= a∗(V)) ≤ δ and PV(τ <
∞) = 1.
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Later, we propose algorithms that are δ-PAC.
We reemphasize that although we can use contextual information, our primary interest

is not in the mean reward conditioned on each context. Similar problems are frequently
considered in the literature on causal inference that mainly discusses the efficient estimation
of causal parameters. The assigned treatment (chosen arm) and observed outcomes for each
treatment (reward) and covariate (context) are given therein. Here, we are not interested in
the distribution of the covariate; rather we are interested in the estimation of the expected
value of the outcome of the treatment marginalized over the covariate distribution; that is,
the average treatment effect (ATE) (Imbens and Rubin, 2015). For this setting, van der
Laan (2008) and Hahn et al. (2011) proposed experimental design methods to estimate the
ATE more efficiently by assigning treatments based on the covariate. According to their
results, even if the covariates are marginalized, the variance of the estimator can be reduced
with the help of the covariate information. Karlan and Wood (2014) applied the method of
Hahn et al. (2011) to test how donors respond to new information about the effectiveness
of charity. These studies were extended by Tabord-Meehan (2018) and Kato et al. (2020).

For each x ∈ X , we define allocations over arms given context x as ΣK
x = {(wa,x)a∈[K] ∈

RK
+ : w1,x + · · · + wK,x = 1} and define the set of allocations over all contexts as W =
{(wa,x)a∈[K],x∈X : ∀x ∈ X (wa,x)a∈[K] ∈ ΣK

x }. We denote by Nx(t) and Na,x(t) the number
of times we observe context x, and we choose arm a given context x; that is, Nx(t) =∑t

s=1 1{Xs = x} and Na,x(t) =
∑t

s=1 1{Xs = x,As = a}, respectively.

Main results. We briefly summarize our contributions.
First, we establish the instance-specific lower bound on contextual BAI for both continu-

ous and finite context cases. The derived lower bound formula has smaller sample complexity
than that of lower bound formula in Garivier and Kaufmann (2016), suggesting that a faster
BAI may be possible.

Then, we propose optimal algorithms for two cases: (i) two-armed Gaussian bandits
where the arms and context jointly follow the multivariate Gaussian distribution; and (ii)
MAB with reward distributions belonging to the single parameter exponential family and
finite contexts. We prove that the sample complexity upper bounds of the proposed algo-
rithms asymptotically match the lower bounds.

Organization. This paper is organized as follows. In Section 2, we derive the general
instance-specific lower bounds for contextual BAI for a case with continuous contexts. Then,
in Section 3, we discuss an optimal algorithm for two-armed Gaussian bandits with contin-
uous contexts. Section 4 focuses on the lower bound when the number of contexts is finite,
and the reward distributions are from the single parameter exponential family. In Section 5,
for the finite context case, we obtain the optimal allocations for each pair of contexts and
actions by simplifying the lower bound formula. In Section 6, in the same setting of Sec-
tion 4, we show an optimal algorithm. We describe details of the sampling, stopping, and
decision rules that are the core of the proposed algorithm and demonstrate that the algo-
rithm is δ-PAC. We further confirm that the sample complexity of the proposed algorithm
is asymptotically optimal. Section 7 presents the results of our numerical experiments.

Related work. The stochastic MAB problem is a classical abstraction of the sequential
decision-making problem (Thompson, 1933; Robbins, 1952; Lai and Robbins, 1985). BAI
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is a paradigm of the MAB problem, where we consider pure exploration to find the best
arm. Several strategies and efficiency metrics have been proposed for BAI (Bechhofer et al.,
1968; Paulson, 1964; Mannor and Tsitsiklis, 2004; Even-Dar et al., 2006; Bubeck et al.,
2011; Gabillon et al., 2012; Karnin et al., 2013; Garivier and Kaufmann, 2016; Jamieson
et al., 2014). BAI with linear bandits (Soare et al., 2014; Xu et al., 2018; Tao et al., 2018;
Fiez et al., 2019; Jedra and Proutiere, 2020), BAI with multiple queries, and the partition
identification problem studied by Juneja and Krishnasamy (2019) are different directions for
generalizing BAI.

Our setting is a generalization of BAI without contextual information. We can use the
side information (explicitly or implicitly) at each round. There have been limited studies
that address pure exploration in contextual bandits. Tekin and van der Schaar (2015),
Guan and Jiang (2018), and Deshmukh et al. (2018) also consider BAI with contextual
information; however, they do not discuss the instance-specific optimality. After this study,
Qin and Russo (2022) also considers a related topic.

From the causal inference perspective, contextual BAI is closely related to a (semipara-
metric) experimental design for efficient ATE estimation (van der Laan, 2008; Hahn et al.,
2011; Karlan and Wood, 2014; Athey and Imbens, 2016; Tabord-Meehan, 2018; Kato et al.,
2024a). The goal of efficient ATE estimation by adaptive experimentation is often in choos-
ing the best treatment (arm) via hypothesis testing. Therefore, it can be considered as
a case where the proposed method should be applied, especially when there are multiple
treatments (arms).

Russac et al. (2021) also addresses a similar problem independently of us. Their problem
setting is the same as ours in that they can observe discrete contexts. However, they consider
a problem that is slightly different from BAI, namely A/B/n testing, where the comparison is
made with a designated control arm. In that problem setting, optimal allocation is uniquely
obtained, and they do not have to consider multiple candidates of optimal allocations as we
do. Besides, we also derive the result for the case of continuous contexts, which they do not
address. On the other hand, they discuss the problem more generally by considering four
situations, (a) active mode, (b) proportional mode, (c) agnostic mode, and (d) oblivious
mode, depending on how the decision is made. The (b) proportional mode discussed by
them is closer to the setting discussed in this paper. In these senses, our results and theirs,
while similar, are independent and parallel, and correspond to complementary studies.

Readers might be interested in identifying an arm with the highest context-conditional
expected reward instead of an arm with the highest context-marginalized expected reward.
However, to identify the context-conditional best arm, we usually need to introduce a re-
gression model to approximate the context-conditional expected reward. In real-world ap-
plications, there are many cases where we want to avoid using such models. First, there is a
risk of model misspecification; that is, an incorrect model cannot approximate the context-
conditional expected reward well. Second, if we consider a large class of models, training
such models requires large samples, which is costly in practice. These issues are the reasons
why we are still interested in estimating the ATE (the difference in the context-marginalized
expected reward) in causal inference, although various methods have been proposed to es-
timate the context-conditional ATE. Note that in BAI, to the best of our knowledge, it is
still under investigation how to identify the context-conditional best arm, unlike the setting
of regret minimization. Recently, Kato et al. (2024b) proposes a method for identifying the
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context-conditional best arm in the setting of fixed-budget BAI, but they only show a mini-
max rate optimality of their proposed algorithm, unlike our exact optimality with matching
upper and lower bounds.

2. General Non-Asymptotic Lower Bounds

In this section, we provide the instance-specific sample complexity lower bounds for general
contextual BAI. The proof is based on standard change-of-measure arguments (Kaufmann
et al., 2016). However, the derivations must consider the possibly continuous context distri-
butions, which are non-trivial.

Based on this lower bound, we find that contextual information either helps or does
not harm BAI. Our result is the same as those of existing studies on fixed-confidence BAI
without contextual information, except that we can obtain help from the existence of the
contextual information. At first glance, it does not necessarily seem advantageous to use
contextual information as the marginalized mean reward is not directly related to the con-
textual information. However, the lower bound with contextual information (see Section 2)
is strictly lower than the sample complexity derived by Kaufmann et al. (2016) and Garivier
and Kaufmann (2016).

Assume X = R. Then, we present the non-asymptotic sample complexity lower bound.

Theorem 2 Let δ ∈ (0, 1/2). Assume that for all x ∈ R, distributions p1,x, . . . , pK,x are
absolutely continuous with respect to the Lebesgue measure. Then, for any δ-PAC strategy
and any V = (p, ζ) ∈ Ω,

EV [τδ] ≥ T ⋆(V)d(δ, 1− δ),

where

T ⋆(V) :=

(
sup
w∈W

inf
(q,ζ)∈Alt(V)

K∑
a=1

∫
R
wa,xKL(pa,x, qa,x)ζ(x)dx

)−1

,

and Alt(V) := {(q, ζ) ∈ Ω : a∗((q, ζ)) ̸= a∗((p, ζ))} is the set of alternative problems.

We provide the proof of Theorem 2 in Appendix D. Based on this lower bound, we develop
optimal algorithms for (i) two-armed Gaussian bandits where the arms and context jointly
follow the multivariate Gaussian distribution; and (ii) MAB with reward distributions be-
longing to the single parameter exponential family and finite contexts.

Setting practical considerations aside, if we assume that the contextual distribution is
known, we can develop optimal algorithms for more general cases, such as multi-armed
bandits following a distribution belonging to the exponential family. To develop such algo-
rithms, we derive an optimal allocation from the lower bound in Theorem 2 and then apply
the Track-and-Stop algorithm in Garivier and Kaufmann (2016). However, computing an
optimal allocation can be a challenging task since we need to solve the optimization prob-
lem in the lower bound of Theorem 2. For example, if we consider infinite contexts, we may
need to use some model for w, such as linear models and neural networks. The existence
of the integral also complicates the problem. Furthermore, if the contextual distribution is
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unknown and needs to be estimated during a trial, the estimation error generally affects the
performance.

As a similar problem, in fixed-confidence BAI without contexts, Jourdan et al. (2023)
discusses Gaussian bandits with unknown variances and finds that a specific algorithm is
required for that case. In this study, we find that we can obtain practical algorithms for two
cases. This is because, in these cases, we can model the reward and contextual distribution
with a simple distribution that is easy to handle. In two-armed Gaussian bandits with
Gaussian contexts, the whole distribution follows the multivariate Gaussian distribution. In
the MAB with reward distributions belonging to the single-parameter exponential family
and finite contexts, the whole distribution becomes a combination of the exponential family
and multinomial distribution. This property allows us to avoid the technical issues in this
problem. If we consider a more general case with an unknown distribution, we may need
to develop different lower bounds and algorithms to take the estimation error into account,
as in Jourdan et al. (2023). Additionally, if the contexts are infinite, we may need to use
models such as linear models and neural networks to approximate the allocation ratio w.

Efficiency gains from the context use. In Figure 1, we illustrate the efficiency gain
by using contextual information. We consider a two-armed, one-dimensional context Xt ∈
R. Suppose that (Rt,1, Rt,2, Xt)

⊤ follows a multivariate normal distribution with mean
vector (1, 0, 0)⊤. We assume that the variances of Rt,1, Rt,2, and Xt are 1. We investigate
the variation in the theoretical sample complexity by varying the correlation coefficients
between Xt and Rt,1 and Xt and Rt,2, which are denoted as ρ1X ∈ [−1, 1] and ρ2X ∈ [0, 1],
respectively. Note that we omit the other domains due to symmetry with the current domain.
Note that when ignoring (marginalizing) the context, arm 1 followsN (1, 1) and arm 2 follows
N (0, 1), where N (µ, σ2) denotes a normal distribution with a mean µ and variance σ2. Here,
for δ = 0.05, we calculate the sample complexity lower bounds of the standard setting of
BAI from the result of Garivier and Kaufmann (2016) and those of the contextual case
from our results. We denote the former as ℓ and the latter as ℓ̃. Then, we compute the
sample complexity gain (1− ℓ̃/ℓ) for different pairs of (ρ1X , ρ2X ) and illustrate it in Figure 1.
Here, the efficiency gain is about 67.5% at (ρ1X , ρ2X ) = (−1, 0), (ρ1X , ρ2X ) = (1, 0), and
(ρ1X , ρ2X ) = (0, 1), while it is 100% at (ρ1X , ρ2X ) = (−1, 1) and (ρ1X , ρ2X ) = (1, 1). That
is, at (ρ1X , ρ2X ) = (−1, 1) and (ρ1X , ρ2X ) = (1, 1), the lower-bound value becomes zero.
This is because, at these points, the variance of each arm’s reward is zero. The details are
explained in the following section.

3. Two-armed Gaussian Bandits with Continuous Context

In this section, we provide an example for the case of continuous contexts and prove the
upper bound of the sample complexity. We consider the following two-armed bandit prob-
lem. For each t, Rt,1, Rt,2, and Xt ∈ R are drawn from the following Gaussian distributions
N (µ1, σ

2
1), N (µ2, σ

2
2), and N (µX , σ

2
X ), respectively (µ1 > µ2). Assume that the vector

(Rt,1, Rt,2, Xt) forms a multivariate Gaussian distribution. We denote Cov(Rt,1, Xt) = σ1X
and Cov(Rt,2, Xt) = σ2X . Suppose the algorithm knows that (Rt,1, Rt,2, Xt) form a multi-
variate Gaussian distribution, knows the values of σ2

1, σ2
2, µX , σX , σ1X , and σ2X , and does

not know the values of µ1 and µ2. Let Ω̃ be a set of all such problems. Given an observa-
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Figure 1: Sample complexity gains through context. The x axis denotes ρ1X ∈ [−1, 1] and
the y axis denotes ρ2X ∈ [0, 1]. The contour lines indicate the sample complexity
gains: (1− ℓ̃/ℓ)100%. The efficiency gain is about 67.5% at (ρ1X , ρ2X ) = (−1, 0),
(ρ1X , ρ2X ) = (1, 0), and (ρ1X , ρ2X ) = (0, 1), while it is 100% at (ρ1X , ρ2X ) =
(−1, 1) and (ρ1X , ρ2X ) = (1, 1).

tion Xt = x, we have conditional distributions of Rt,1 and Rt,2 where for each a ∈ {1, 2},
Rt,a ∼ N

(
µa +

σaX
σ2
X
(x− µX ), σ

2
a −

σ2
1X
σ2
X

)
= N

(
µa +

ρaXσa

σX
(x− µX ), σ

2
a(1− ρ2aX )

)
. Here,

ρaX is the correlation coefficient between the context and arm a ∈ {1, 2}. We denote
σ′2
1 = σ2

1 −
σ2
1X
σ2
X

and σ′2
2 = σ2

2 −
σ2
2X
σ2
X

. From our lower bound in Theorem 2, we can derive the
following lower bound for this specific problem. We give the proof in Appendix E.2.

Theorem 3 Let δ ∈ (0, 1/2). For any δ-PAC strategy and V ∈ Ω̃, we have

EV [τδ] ≥
2(σ′

1 + σ′
2)

2

(µ1 − µ2)2
d(δ, 1− δ).

Note that when σ2
1X > 0 or σ2

2X > 0, σ1 + σ2 > σ′
1 + σ′

2; that is, the value of the lower
bound derived in Theorem 3 is strictly smaller than that of the lower bound derived by
Kaufmann et al. (2016), 2(σ1+σ2)2

(µ1−µ2)2
kl(δ, 1− δ). Let α = σ′

1/(σ
′
1 + σ′

2). We also note that the
simple α-elimination algorithm by Kaufmann et al. (2016) with α achieves the lower bound
as well as a strictly better sample complexity than that given in Kaufmann et al. (2016).
We give the proof in Appendix E.3.

Theorem 4 If α = σ′
1/(σ

′
1 + σ′

2), then the α-elimination strategy using the exploration rate
β(t, δ) = log t

δ + 2 log log(6t) is δ-PAC on Ω̃ and for every V ∈ Ω̃ and ϵ > 0, satisfies

EV [τδ] ≤ (1 + ϵ)
2(σ′

1 + σ′
2)

2

(µ1 − µ2)2
log

(
1

δ

)
+ o

(
log

(
1

δ

))
.
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Algorithm 1: α-elimination with contextual information
Input: Confidence level δ, threshold β(t, δ), σa, σX , ρaX , µX .

1 Initialization: t = 0. µ̂1(0) = µ̂2(0) = 0, σ2
0(α) = 1.

2 σ′2
1 ← σ2

1 −
σ2
1X
σ2
X

, σ′2
2 ← σ2

2 −
σ2
2X
σ2
X

.

3 α← σ′
1/(σ

′
1 + σ′

2)

4 while |µ̂1(t)− µ̂2(t)| ≤
√

2σ2
t (α)β(t, δ) do

5 t← t+ 1.
6 Observe Xt.
7 if ⌈αt⌉ = ⌈α(t− 1)⌉ then
8 At ← 2
9 else

10 At ← 1
11 end
12 Observe Rt.

13 µ̂1(t) =
1∑t

s=1 1[As=1]

∑t
s=1

(
Rs,1 − ρ1Xσ1

σX
(Xs − µX )

)
1[As = 1].

14 µ̂2(t) =
1∑t

s=1 1[As=2]

∑t
s=1

(
Rs,2 − ρ2Xσ2

σX
(Xs − µX )

)
1[As = 2].

15 Compute σ2
t (α) = σ′2

1 /⌈αt⌉+ σ′2
2 /(t− ⌈αt⌉).

16 end
17 return argmaxa=1,2 µ̂a(t)

Hence, α-elimination is optimal for this problem. The details of α-elimination with con-
textual information is shown in Appendix E.1. The pseudo-code is shown in Algorithm 1.
Thus, apparently irrelevant contextual information improves optimal sample complexity.

Gaussian bandits with unknown variances. When variances are unknown, our results
cannot be directly applied. After the initial public draft of this study, Jourdan et al. (2023)
considered Gaussian distributions with unknown variances, while Garivier and Kaufmann
(2016) focused on Gaussian distributions with known variances. In Jourdan et al. (2023),
they assume a class of distributions with unknown variances and develop corresponding
lower and upper bounds. Unlike our setting and that of Garivier and Kaufmann (2016), the
variances are not fixed for the distributions in their class and vary across different instances.
They then propose a strategy and demonstrate its asymptotic optimality. Their findings
suggest that specific algorithms and theoretical analyses are needed to handle unknown
variances. While combining our approach with the results of Jourdan et al. (2023) is a
promising direction for future work, it is beyond the scope of this study and remains an
avenue for future investigation.

4. Lower Bound with Finite Contexts

Although we derived the optimal algorithm for BAI with continuous contexts in the previous
sections, it requires some assumptions that may not be practical, e.g., multivariate normal
distribution and known variance. We also consider a more practical algorithm by considering
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BAI with finite contexts. In this section, we consider a lower bound when the number of
contexts is finite. For ν = ((µa,x)a,x, (ζx)), we suppose that X is finite (ζ follows the
multinomial distribution), and for each arm a and context x, arm distribution belongs to
the canonical one-parameter exponential family (Cappé et al., 2013; Kaufmann et al., 2016;
Garivier and Kaufmann, 2016; Juneja and Krishnasamy, 2019):

P =

{
(pπ)π∈Π :

dpπ
dλ

= exp(πu− b(π))

}
, (1)

where λ is some reference measure on R, b : Π 7→ R is a convex, twice differentiable function,
and Π ⊂ R is a parameter space. Note that a distribution pπ ∈ P can be parameterized by
its mean ḃ(π). As discussed in Cappé et al. (2013); Garivier and Kaufmann (2016), the KL
divergence from pπ to pπ′ is given by

KL(pπ, pπ′) = kl(ḃ(π), ḃ(π′)) = b(π′)− b(π)− ḃ(π)(π′ − π).

For each arm a and context x pair, we represent the unique distribution in P by (µa,x). We
further write the multinomial contextual distribution by (ζx).

We denote by Θ a set of BAI problems with finite contexts and the single parameter
(canonical) exponential family. The lower bound is given in the following theorem.

Theorem 5 Let δ ∈ (0, 1/2). For any δ-PAC strategy and any V = ((µa,x), (ζx)) ∈ Θ, it
holds that

Eν [τδ] ≥ T ⋆(ν)d(δ, 1− δ),

where

T ⋆(ν)−1 := sup
w∈W

inf
((λa,x),(ζx))∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x).

As an intuition behind T ⋆(ν), the probability of misidentification is roughly exp(−τ (T ⋆(ν))−1);
that is, larger (T ⋆(ν))−1 means a strategy with smaller sample complexity.

We note specific properties of this lower bound. From the results in Garivier and Kauf-
mann (2016), we know that when the optimal arm is unique, the expected value of the
sampling budget of the optimal BAI algorithm does not diverge; rather it is less than or
equal to the order of log(1/δ). Therefore, from the assumption of the proposed model,
T ⋆(ν) is finite under certain regularity conditions; for example, the context marginalized
distribution of the reward Rt is sub-Gaussian.

To derive the lower bound, we show the following lemma, which is an extension of
Lemma 1 of Kaufmann et al. (2016).

Lemma 6 Let Na,x(τ) =
∑τ

t=1 1{Xt = x,At = a}. Let ν = ((µa,x), ζ), ν
′ = ((λa,x), ζ) ∈ Θ.

For any almost surely finite stopping time τ with respect to (Gt)t≥1, it holds that∑
x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x) ≥ sup
E∈Gτ

d(Pν(E),Pν′(E)).

The proof is provided in Appendix B. Here, we offer the proof sketch of Theorem 5 as follows.

9
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Proof sketch. From Lemma 6 with E = {âτ = a∗(ν)}, for each ν ∈ Θ and ν ′ ∈ Alt(ν),
we have ∑

x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x) ≥ d(Pν(E),Pν′(E)) ≥ d(δ, 1− δ),

where, for the last inequality, we use the definition of the δ-PAC algorithm and monotonicity
of the KL divergence. Then, for each ν ∈ Θ, for some (wa,x)a∈[K],x∈X ∈ W, we can obtain
d(δ, 1− δ) ≤ Eν [τδ] supw∈W inf((λa,x),ζ)∈Alt(ν)

∑
x∈X ζx

∑
a∈[K]wa,xkl(µa,x, λa,x).

In Section 5.3, we explain that the lower bound with contextual information is smaller
than or equal to the lower bound without contextual information shown by Garivier and
Kaufmann (2016).

5. Optimal Allocation in Contextual BAI with Finite Contexts

In this section, we first provide a simplification of the lower bound derived in Section 2.
Then, we examine the characteristics of the optimal allocations used in the proof. It be-
comes apparent that the set of optimal allocations is, in general, not unique. Therefore, we
define the notion of convergence to the set and prove that the estimated optimal allocations
converge to the set of optimal allocations (even though they might not converge to a point).

5.1 Simplification of the Lower Bound

Without loss of generality, let a∗(ν) = 1. First, we show a simpler equivalence form for the
optimization problem T ⋆(ν)−1 in the following theorem.

Lemma 7 For each w ∈ W, we have

inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x)

= min
a̸=1

inf∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

∑
x∈X

ζx

(
w1,xkl(µ1,x, λ1,x) + wa,xkl(µa,x, λa,x)

)
(2)

We provide the proof in Appendix F.1.
Moreover, we can further simplify the constraint in the minimization problem. We define

fa((λa,x)) =
∑
x∈X

ζx

{
w1,xkl(µ1,x, λ1,x) + wa,xkl(µa,x, λa,x)

}
.

Then, we show the following lemma.

Lemma 8 For each w ∈ W, suppose that (λ∗
a,x) satisfies

min
a̸=1

inf∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

fa((λa,x)) = min
a̸=1

fa((λ
∗
a,x)).

For all a∗ ∈ argmina∈[K] inf
∑

x∈X ζxλa,x>
∑

x∈X ζxλ1,x
fa((λa,x)), we have∑

x∈X
ζxλ

∗
a,x =

∑
x∈X

ζxλ
∗
1,x.

10
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Consequently, we can equivalently write the optimization problem as

T ⋆(ν)−1 = max
w∈W

min
a̸=1

L1,a((µ1,x, µa,x, ζx, w1,x, wa,x)x∈X ), (3)

where for a, b ∈ [K],

La,b((µa,x, µb,x, ζx, wa,x, wb,x)x∈X )

= min∑
x∈X ζxλb,x=

∑
x∈X ζxλa,x

∑
x∈X

ζx

{
wa,xkl(µa,x, λa,x) + wb,xkl(µb,x, λb,x)

}

We provide the proof in Appendix F.2.

5.2 Characteristics of the Lower Bound

Let 2W be a power set of W. We define a point-to-set map Φ : Θ→ 2W ; that is, the set of
all optimal allocations for the bandit problem ν as

Φ(ν) =
{
w ∈ W | m(w, ν) = max

w′∈W
m(w′, ν)

}
,

where

m(w, ν) = min
a̸=1

min∑
x∈X ζxλa,x=

∑
x∈X ζxλ1,x

∑
x∈X

ζx

{
w1,xkl(µ1,x, λ1,x) + wa,xkl(µa,x, λa,x)

}
.

The interpretation of m(w, ν) is that, unlike the corresponding part in Garivier and Kauf-
mann (2016), we can further minimize the lower bound by choosing an optimal allocation
from a wider domain than the case without contextual information as long as the constraints
are satisfied. For example, let us consider a case where two arms a and b, and two contexts
1 and 2 are given. Here, under certain circumstances, one needs to think about saving the
allocations to arm a in context 1, allocating more to arm a in context 2, and get more
budget to arm b in context 1. Thus, solving m(w, ν) is inherently different from optimizing
the allocations separately for each context; that is, a case where we apply a BAI algorithm
without contextual information for each discrete context such as Garivier and Kaufmann
(2016).

From this simplified formula of the lower bound, we obtain the following lemmas. We
provide the proofs in Appendix F.3-F.4.

Lemma 9 Fix w ∈ W. We regard ν as a point in R|X |(K+1): ν = ((µa,x), ζ) ∈ R|X |(K+1).
Then, m(w, ν) is continuous at every ν ∈ Θ.

Note that the reason why ν is in R|X |(K+1) is that we include ζ ∈ R|X | in ν with (µa,x) ∈
R|X |K .

Lemma 10 Fix ν ∈ Θ. Then, m(w, ν) is continuous at every w ∈ W.

The set of the optimal allocations is not, in general, unique. Therefore, we introduce the
notion of convergence, where the metric is defined as the minimum distance from the point
to the set.

11
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Definition 11 Let (wk)k≥1 = ((w
(k)
a,x))k≥1 be a sequence of points in W. Let W̄ ⊂ W.

We say (wk)k≥1 converges to W̄ if for any ε > 0, there exists n(ε) ∈ N such that for all
k ≥ n(ε), it holds that

inf
(wa,x)∈W̄

max
a,x
|w(k)

a,x − wa,x| < ε.

Using this definition of convergence, we obtain the following lemmas. We provide the proofs
in Appendix F.5–F.6.

Lemma 12 Let (νk = ((µ
(k)
a,x), ζ

(k)
x ))k≥1 be a sequence converging to ν. Construct a sequence

(wk)k≥1 such that wk ∈ Φ(νk). Then wk converges to Φ(ν).

Lemma 13 The set of all optimal allocations for the bandit problem ν, Φ(ν), is convex.

5.3 Efficiency Gain

Here, we show that the lower bound with contextual information is smaller than or equal to
the lower bound without contextual information shown by Garivier and Kaufmann (2016).
For simplicity of discussion, we consider a two-armed bandit case. Let us denote the lower
bound without contextual information by Γ⋆(ν)kl(Pν(E),Pν′(E)), where Γ⋆(ν) is defined
as the same quantity as T ⋆(µ) in Garivier and Kaufmann (2016). Let us also denote the
optimal allocation in Garivier and Kaufmann (2016) by γ∗1 and γ∗2 and one of the optimal
allocations in ours by (w∗

1,x) and (w∗
2,x). Then, Γ⋆(ν)−1 ≤ T ⋆(ν)−1 holds as follows:

Γ⋆(ν)−1

= min
λ1=λ2

{
γ∗1kl(µ1, λ1) + γ∗2kl(µ2, λ2)

}

= min
λ1=λ2

{
γ∗1kl

(∑
x∈X

ζxµ1,x, λ1

)
+ γ∗2kl

(∑
x∈X

ζxµ2,x, λ2

)}

= min∑
x∈X ζxλ1,x=

∑
x∈X ζxλ2,x

{
γ∗1kl

(∑
x∈X

ζxµ1,x,
∑
x∈X

ζxλ1,x

)
+ γ∗2kl

(∑
x∈X

ζxµ2,x,
∑
x∈X

ζxλ2,x

)}
(a)

≤ min∑
x∈X ζxλ1,x=

∑
x∈X ζxλ2,x

∑
x∈X

ζx

{
γ∗1kl (µ1,x, λ1,x) + γ∗2kl (µ2,x, λ2,x)

}

≤ min∑
x∈X ζxλ1,x=

∑
x∈X ζxλ2,x

∑
x∈X

ζx

{
w∗
1,xkl (µ1,x, λ1,x) + w∗

2,xkl (µ2,x, λ2,x)

}
= T ⋆(ν)−1,

where for (a), we use the convexity of the KL divergence. Next, we discuss when the
equality holds. For brevity, we consider a case with only two contexts. Let us denote the
optimal λ1 in the case without contextual information by λ∗

1 (note that λ1 = λ2) and the
optimal (λ1,1, λ1,2) and (λ2,1, λ2,2) in the case with contextual information by (λ∗

1,1, λ
∗
1,2) and

(λ∗
2,1, λ

∗
2,2). Then, the equality holds only if the following three conditions simultaneously

hold:

12
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• λ∗
1 = ζ1λ

∗
1,1 = ζ2λ

∗
1,2 = ζ1λ

∗
2,1 = ζ2λ

∗
2,2;

• µ1,1

λ∗
1,1

=
µ1,1

λ∗
1,2

and µ2,1

λ∗
2,1

=
µ2,2

λ∗
2,2

;

• γ∗1 = γ∗1,1 = γ∗1,2.

We believe that it is difficult to summarize these conditions in a simpler form, but except
for cases where the expected reward does not change among contexts, situations satisfying
these conditions are extremely limited.

6. Contextual Track-and-Stop Algorithm

In this section, we propose an optimal algorithm for contextual BAI, called the Contextual
Track-and-Stop (CTS) algorithm for the case of finite context. The strategy is an extension
of the Track-and-Stop (TS) algorithm by Garivier and Kaufmann (2016) for contextual BAI.
We further prove that the proposed algorithm is δ-PAC.

Recall that the optimal algorithm of BAI with fixed confidence Garivier and Kaufmann
(2016) consists of sampling, stopping, and decision rules. We follow the same path for the
contextual BAI. We show the pseudo-code of the proposed CTS algorithm in Algorithm 2.
There, the empirical averages µ̂a,x(t) and ζ̂x(t) are defined as follows: for each a ∈ [K] and
x ∈ X , µ̂a,x(t) =

(∑t
s=1Rs1{As = a,Xs = x}

)
/Na,x(t) and ζ̂x(t) =

(∑t
s=1 1{Xs = x}

)
/t.

Our procedure is similar to TS with D-tracking, proposed by Garivier and Kaufmann (2016).
However, incorporating contextual information is a non-trivial extension of their method.
The algorithm consists of sampling, stopping, and decision rules. The details of the sampling
rule are described in Section 6.1. The stopping rule, in particular, for determining the
threshold β(t, δ), is described in Section 6.2 when the reward distributions are Bernoulli
and in Section 6.3 when the reward distributions belong to the canonical one-parameter
exponential family.

Our proposed algorithm consists of sampling, stopping, and recommendation rules. In
the sampling rule, we use forced exploration, which is an extension of D-tracking of Garivier
and Kaufmann (2016) and is known to be empirically superior to their C-tracking. To
estimate the optimal weights, we solve an empirically approximated optimization problem
(3) by applying optimization solvers directly. Several methods are proposed to solve the
maximin problem more efficiently, such as the application of no-regret learning algorithms
in Degenne et al. (2019). However, we cannot use them directly for solving contextual
BAI, in which we have a different form of the maximin problem than that of BAI without
context. Jedra and Proutiere (2020) (BAI with linear models) and Russac et al. (2021)
(A/B/n testing with contextual information) also directly solve the maximin problem. In
the stopping rule, we use the criterion proposed by Kaufmann and Koolen (2021), which
refines the stopping rule of Garivier and Kaufmann (2016). Then, we recommend an arm
with the maximum sample average of the reward.

6.1 Sampling Rule

To design an algorithm with minimal sample complexity, the sampling rule should match
the optimal proportions of the arm draws; that is, an allocation in the set Φ(ν). Because
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Algorithm 2: CTS algorithm
Input: Confidence level δ and threshold β(t, δ).

1 Initialization: t = 0, Nx(0) = 0, Na,x(0) = 0.
2 while (Z(t) := maxa∈[K]minb∈[K]\{a} Za,b(t) < β(t, δ)) do
3 t← t+ 1.
4 Observe Xt.
5 if φg

Xt,t
= {a : Na,Xt(t) <

√
Nx(t)−K/2} ≠ ∅ then

6 a← argmina∈φg
Xt,t

Na,Xt(t)

7 else
8 a← argmaxa∈[K]

∑t
s=1 1[Xs = Xt]wa,Xt(t)−Na,Xt(t).

9 end
10 Sample arm a and update Nx(t), Na,x(t), ζ̂x(t), µ̂a,x(t), Z(t).
11 ât = argmaxa∈[K]

∑
x∈X ζ̂x(t)µ̂a,x(t).

12 w(t)← argmaxw∈W mina̸=ât Lât,a((µ̂ât,x(t), µ̂a,x(t), ζ̂x(t), wât,x, wa,x)x∈X ).
13 end
14 return âτ = ât

µa,x and ζx are unknown, our sampling rule tracks, in round t, the optimal allocations in
the plug-in estimate Φ(ν̂(t)), where ν̂(t) = ((µ̂a,x(t))a∈[K],x∈X , (ζ̂x(t))x∈X ).

The design of our tracking rule is equivalent to computing a sequence of allocations
(wa,x(t))t≥1. The only requirement we actually impose on this sequence is the following
condition:

lim
t→∞

min
w′∈Φ(ν̂(t))

max
a∈[K],x∈X

∣∣wa,x(t)− w′
a,x

∣∣ = 0. a.s. (4)

This condition is sufficient to guarantee the asymptotic optimality of the algorithm. We
introduce a set φg

x,t = {a : Na,x(t) <
√

Nx(t)−K/2} consisting of the context-action pairs
that are poorly explored. Then, in round t, after observing a context Xt ∈ X , our sampling
rule (At) is sequentially defined as

At ∈

{
argmina∈φg

Xt,t
Na,Xt if φg

Xt,t
̸= ∅

argmax1≤a≤K

∑t
s=0 1[Xs = Xt]wa,Xt(t)−Na,Xt(t).

(5)

We offer the following lemma under this sampling rule. The proof is provided in Ap-
pendix G.1.

Lemma 14 Under any sampling rule (5) that satisfies the condition (4), it holds that

Pν

(
inf

w∗∈Φ(ν)
lim
t→∞

max
a∈[K],x∈X

∣∣∣∣Na,x(t)

t
− ζxw

∗
a,x

∣∣∣∣ = 0

)
= 1.

This lemma shows that the sampling rule can keep the allocation close to the optimal
allocations. Thus, together with any sequence of allocations satisfying (4), the sampling
rule defined by (5) keeps the empirical allocation close to the set of optimal allocations.

14



Contextual Best Arm Identification

To compute wa,x(t) in (5), we need to solve the minimax problem defined in (3) with the
estimated parameters. If the number of contexts and arms is very large, it may be difficult
to solve. However, except for such an extreme case, we can solve the problem by using
minimax optimization based on the convex optimization algorithm in a short time. The
computation is similar to that in Jedra and Proutiere (2020).

We remark that the application of the original TS algorithm (Garivier and Kaufmann,
2016) for each context separately is not optimal for contextual BAI. Our problem setting
makes finding the best allocations difficult, which is quite different from running BAI in
parallel for each context. It is necessary to find good allocations of each arm to the right
context, and the allocations among contexts are entangled. For example, to achieve our
derived lower bound, one needs to think about saving the allocations to an arm a in context
1, then allocating more to arm a in context 2, and getting more budget to another arm b
in context 1. In contrast, when separately applying the original TS algorithm, we cannot
attain such an optimal allocation.

6.2 Threshold in the Stopping Rule

In this subsection, we present the stopping rule, in particular the threshold for the Bernoulli
bandit model. We aim to design an algorithm that stops as early as possible while main-
taining the failure probability at most δ. We demonstrate that the stopping rule using the
generalized likelihood ratio test (GLRT) for contextual BAI is δ-PAC when the exploration
ratio is properly tuned. Such a stopping rule is also known as Chernoff’s stopping rule (Cher-
noff, 1959). Although the approach for deriving the threshold is inspired by and similar to
that of Garivier and Kaufmann (2016), our computation with the contextual information is
more involved.

We consider a case where the reward Rt,a follows a Bernoulli distribution conditioned
on Xt = x. Here, the likelihood is given as

pµa

(
(Ra,x(t)), X(t)

)
=
∏
x∈X

(
ζxµa,x

)∑t
s=1 1[As=a,Xs=x,Rs=1](

ζx(1− µa,x)
)∑t

s=1 1[As=a,Xs=x,Rs=0]
.

Then, for all pairs of the arms, a, b ∈ [K], the GLRT statistic is given as

Za,b(t) = log
maxξa(t)≥ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

)
maxξa(t)≤ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

) ,
where ξa(t) =

∑
x∈X ζ̂x(t)ξa,x. Note that the maximizer of

max
ξa(t)≥ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

)
is equivalent to that of

max
(ξa,x,ξb,x)x∈X∈[0,1]|X|×2∑

x∈X ζ̂x(t)ξa,x≥
∑

x∈X ζ̂x(t)ξb,x

t
∑
x∈X

∑
c∈{a,b}

{
Nc,x

t

{
µ̂c,x(t) log

ξc,x
1− ξc,x

+ log(1− ξc,x)

}}
.
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We denote the maximizers by (ξ̃a,x(t)) and (ξ̃b,x(t)). Similarly, we denote the solution of the
maximization problem in the denominator by (ξ̃†a,x(t)) and (ξ̃†b,x(t)).

In the numerator, if
∑

x∈X ζ̂x(t)µ̂a,x(t) ≥
∑

x∈X ζ̂x(t)µ̂b,x(t), then the maximum like-
lihood estimator falls within the optimization constraint; that is, ξ̃a,x(t) = µ̂a,x(t) and
ξ̃b,x(t) = µ̂b,x(t). Therefore, our remaining problem is to compute the denominator. Be-
cause

∑
x∈X ζ̂x(t)µ̂a,x(t) ≥

∑
x∈X ζ̂x(t)µ̂b,x(t) does not satisfy the constraint condition in

the denominator, it is hard to obtain the closed-form expression of the denominator and
we need to solve the optimization problem numerically. Given the solutions, (ξ̃†a,x(t)) and
(ξ̃†b,x(t)), the GLRT statistic Za,b(t) is equal to

t
∑
x∈X

∑
c∈{a,b}

{
Nc,x(t)

t

{
µ̂c,x(t) log

µ̂c,x(t)

1− µ̂c,x(t)
+ log(1− µ̂c,x(t))

− µ̂c,x(t) log
ξ̃†c,x(t)

1− ξ̃†c,x(t)
− log(1− ξ̃†c,x(t))

}}

= max
(ξa,x,ξb,x)x∈X∑

x∈X ζ̂x(t)ξa,x≤
∑

x∈X ζ̂x(t)ξb,x

t
∑
x∈X

(
Na,x(t)

t
d(µ̂a,x(t), ξa,x(t)) +

Nb,x(t)

t
d(µ̂b,x(t), ξb,x(t))

)
.

By multiplying Za,b(t) by −1/t, we can find that solving the maximization problem is equal
to solving the inner minimization problem of (2), or equivalently the problem defined in (3),
by letting ζxw1,x =

Na,x

t , ζxwb,x =
Na,x

t , µ1,x = µ̂a,x(t), and µa,x = µ̂b,x(t). From Lemma 8,
the constraint

∑
x∈X ζxξa,x ≤

∑
x∈X ζxξb,x holds with equality; that is,

Za,b(t) = tLa,b

((
µ̂a,x(t), µ̂b,x(t), ζ̂x(t), Na,x(t)/Nx(t), Nb,x(t)/Nx(t)

)
x∈X

)
.

It is also easy to observe that when
∑

x∈X ζxµ̂a,x(t) ≤
∑

x∈X ζxµ̂b,x(t), then Za,b(t) =
−Zb,a(t).

Using the GLRT statistic, we use the following stopping rule:

τδ = inf
{
t ∈ N : Z(t) := max

a∈[K]
min

b∈[K]\{a}
Za,b(t) > β(t, δ)

}
, (6)

where β(t, δ) is the threshold of the GLRT statistic Za,b(t) (exploration rate), which controls
the failure probability under the stopping rule.

Next, we determine β(t, δ) such that the proposed algorithm is δ-PAC. We present the
following theorem to decide the threshold β(t, δ) in the stopping rule.

Theorem 15 Let δ ∈ (0, 1). For a Bernoulli bandit model, if β(t, δ) = log
(
2t(K−1)

δ

)
, then

for all ν ∈ Θ, it holds that
Pν (τδ <∞, âτδ ̸= a∗) ≤ δ.

The proof is provided in Appendix G.2. The proof with contextual information is accom-
plished by using the fact that joint distribution of the contexts and the rewards is the
Multinomial distribution. This theorem confirms that the proposed algorithm is δ-PAC
when β(t, δ) = log ((2t(K − 1))/δ). We note that this threshold does not depend on the
cardinality of X .
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6.3 Stopping Rule for a Canonical One-parameter Exponential Family and
Known Contextual Distribution

For the Bernoulli bandit, we derive the stopping and recommendation rule by using the fact
that the rewards and finite contexts jointly follow a multinomial distribution.We cannot use
this property when the conditional rewards follow different distributions such as a Gaussian
distribution. For example, when the rewards follow a Gaussian distribution, the rewards and
contexts jointly follow a Gaussian mixture model, not a Gaussian distribution. This fact
makes derivation of the δ-PAC threshold difficult. However, if the contextual distribution
is known, we can extend the existing results, such as Garivier and Kaufmann (2016) and
Kaufmann and Koolen (2021), to derive the threshold.

We consider a case where for each a ∈ [K] and x ∈ X , the reward Rt,a follows a
distribution that belongs to the canonical one-parameter exponential family (1) conditioned
on Xt = x and the context Xt follows a multinomial distribution with known parameters;
that is, we treat the estimator ζ̂x as the true value ζx in our proposed CTS algorithm.
Similarly to the Bernoulli case, the likelihood of the observations (Ra,x(t))x∈X ,∀a ∈ [K]
and X(t) regarding arm a is given as follows.

pµa

(
(Ra,x(t))x∈X , X(t)

)
=

t∏
s=1

∏
x∈X

(
ζx exp

(
ḃ−1(µa,x)Rs − b(ḃ−1(µa,x))

))
1[As=a,Xs=x]

.

Then, for all pairs of the arms, a, b ∈ [K], the GLRT statistic is given as

Za,b(t) = log
maxξa(t)≥ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

)
maxξa(t)≤ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

) ,
where ξa(t) =

∑
x∈X ζxξa,x. For the numerator optimization problem, from the definition of

the single parameter exponential family, the maximizer of

max
ξa(t)≥ξb(t)

pξa
(
(Ra,x(t)), X(t)

)
pξb
(
(Rb,x(t)), X(t)

)
is equivalent to the maximizer of the optimization problem

max
(ξa,x,ξb,x)x∈X∑

x∈X ζxξa,x≥
∑

x∈X ζxξb,x

t
∑
x∈X

∑
c∈{a,b}

Nc,x(t)

t

{
ḃ−1(ξc,x)µ̂c,x(t)− b(ḃ−1(ξc,x))

}
.

As for the case of a Bernoulli bandit model, using the notation, we compute the GLRT
statistic Za,b(t) as follows. Now, suppose that

∑
x∈X ζxµ̂a,x(t) ≥

∑
x∈X ζxµ̂b,x(t). Then,

ξ̃a,x(t) = µ̂a,x(t) in the numerator and ξ̃b,x(t) = µ̂b,x(t). We numerically solve the optimiza-
tion problem in the denominator and obtain the solutions, (ξ̃†a,x(t)) and (ξ̃†b,x(t)). Then,
Za,b(t) is equal to

t
∑
x∈X

∑
c∈{a,b}

Nc,x(t)

t

{
ḃ−1(µ̂c,x(t))µ̂c,x(t)− b(ḃ−1 (µ̂c,x(t)))− ḃ−1(ξ̃†c,x(t))µ̂c,x(t) + b

(
ḃ−1(ξ̃†c,x(t))

)}
,
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= max
(ξa,x,ξb,x)x∈X∑

x∈X ζxξa,x≤
∑

x∈X ζxξb,x

t
∑
x∈X

(
Na,x(t)

t
kl(µ̂a,x(t), ξa,x(t)) +

Nb,x(t)

t
kl(µ̂b,x(t), ξb,x(t))

)
.

A similar argument can be made when
∑

x∈X ζxµ̂a,x(t) <
∑

x∈X ζxµ̂b,x(t) by reversing the
sign of the constraint.

Next, we define the stopping rule using the GLRT statistic Za,b(t) as follows.

τδ = inf
{
t ∈ N : Z(t) := max

a∈[K]
min

b∈[K]\{a}
Za,b(t) > β(t, δ)

}
,

where we decide the threshold β(t, δ) later. Let µ̂c(t) =
∑

x∈X ζxµ̂c,x(t) for c ∈ A. If∑
x∈X ζxµa,x = µa ≤ µb =

∑
x∈X ζxµb,x and µ̂a > µ̂b, then

Za,b(t)

= min
(ξa,x,ξb,x)x∈X∑

x∈X ζxξa,x≤
∑

x∈X ζxξb,x

t
∑
x∈X

(Na,x(t)kl(µ̂a,x(t), ξa,x(t)) +Nb,x(t)kl(µ̂b,x(t), ξb,x(t)))

≤
∑
x∈X

(
Na,x(t)kl (µ̂a,x(t), µa,x) +Nb,x(t)kl (µ̂b,x(t), µb,x)

)
.

Then, we decompose the probability Pν (τδ <∞, âτδ ̸= a∗) as

Pν (τδ <∞, âτδ ̸= a∗)

≤ Pν (∃a ̸= a∗,∃t ∈ N : µ̂a(t) > µ̂a∗(t), Za,a∗(t) > β(t, δ))

≤ Pν

(
∃a ̸= a∗,∃t ∈ N :

∑
c∈{a,a∗}

∑
x∈X

Nc,x(t)kl (µ̂c,x(t), µc,x) > β(t, δ)

)
. (7)

Thus, if we choose a threshold β(t, δ) such that the upper bound of the last equation (7) is
δ, we can guarantee that the algorithm is δ-PAC.

Using the results of Kaufmann and Koolen (2021), which refines existing deviation
bounds and the threshold in Garivier and Kaufmann (2016), we can guarantee that the
algorithm is δ-PAC with a tight threshold. We use the following theorem from Kaufmann
and Koolen (2021).

Theorem 16 (From Theorem 7 of Kaufmann and Koolen (2021)) Let us define h(u) =
u− lnu, ∀u ≥ 1 and h−1(u) (the inverse of h(u)). For each z ∈ [1, e] and for all x ≥ 0, let

h̃z(x) =

{
e1/h

−1(x)h−1(x) if x ≥ h(1/ ln z)

z(x− ln ln z) otherwise.

We further define the function Cexp : R+ 7→ R+ as

Cexp(x) = 2h̃3/2

(
h−1(1 + x) + ln(2ζ(2))

2

)
,
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where ζ(s) =
∑∞

n=1 n
−s. For each subset S of the context arm pairs (x, a) ∈ X × [K], for

all x > 0, the following holds:

Pν

∃t ∈ N :
∑

(x,a)∈S

Na,x(t)kl(µ̂a,x, µa,x) ≥
∑

(x,a)∈S

3 ln(1 + ln(Na,x(t))) + |S|Cexp

(
x

|S|

)
≤ exp(−x).

Let us define the threshold β(t, δ) as

β(t, δ) = 6|X | ln
(
ln

(
t

2

)
+ 1

)
+ 2|X |Cexp

(
ln K−1

δ

2|X |

)
.

Using this threshold, the following guarantee can be obtained.

Corollary 17 Assume the context distribution is known; that is, we set ζ̂x(t) = ζx,∀x ∈
X ,∀t ∈ N in the GLRT statistics. Let δ ∈ (0, 1). For any sampling rule, using the stopping
rule (6) with the threshold, we have

β(t, δ) = 6|X | ln
(
ln

(
t

2

)
+ 1

)
+ 2|X |Cexp

(
ln K−1

δ

2|X |

)
,

for all ν ∈ Θ, Pν (τδ <∞, âτδ ̸= a∗) ≤ δ.

Proof
With Theorem 16 and the union bound over the set of (K − 1) pairs: (a, a∗), a ̸= a∗, we

bound Pν (τδ <∞, âτδ ̸= a∗) as

(7) ≤ Pν

∃a ̸= a∗,∃t ∈ N :
∑

c∈{a,a∗}

∑
x∈X

Nc,x(t)kl (µ̂c,x(t), µc,x) >

∑
c∈{a,a∗}

∑
x∈X

3 ln(1 + ln(Nc,x(t))) + 2|X |Cexp

(
ln K−1

δ

2|X |

)
≤ δ.

Furthermore, it is easy to check that Cexp(x) = x+ o(x) as x→∞ (Kaufmann and Koolen,
2021).

6.4 Sample Complexity Analysis

In this section, we address the upper bound of the sample complexity of the proposed CTS
algorithm.

First, we demonstrate that the sample complexity asymptotically matches the lower
bound almost surely for a case where the reward follows a Bernoulli bandit model.
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Proposition 18 Suppose that the reward follows a Bernoulli bandit model. If the sampling
rule ensures that for all a ∈ [K], for all x ∈ X , minw∗∈Φ(ν)

∣∣∣limt→∞
Na,x(t)

t − ζxw
∗
a,x

∣∣∣ = 0,

and we follow the stopping rule defined in Section 6.2 with β(t, δ) = log
(
2t(K−1)

δ

)
, then for

all δ ∈ (0, 1), it holds that Pν(τδ <∞) = 1 and

Pν

(
lim sup

δ→0

τδ
log(1/δ)

≤ T ⋆(ν)

)
= 1.

We provide the proof in Appendix H.1.
We now provide an upper bound on the expected stopping time E[τδ]. The following the-

orem states that the proposed CTS algorithm asymptotically matches the sample complexity
lower bound derived from Theorem 5. The proof of this result is provided in Appendix H.2.

Theorem 19 Suppose that the reward follows a Bernoulli bandit model. For each ν ∈ Θ, if
sampling rule ensures that for all a ∈ [K], for all x ∈ X , minw∗∈Φ(ν)

∣∣∣limt→∞
Na,x(t)

t − ζxw
∗
a,x

∣∣∣ =
0, and we follow the stopping rule defined in Section 6.2 with β(t, δ) = log

(
2t(K−1)

δ

)
, then

lim sup
δ→0

Eν [τδ]

log(1/δ)
≤ T ⋆(ν) .

As well as the case with a Bernoulli bandit model, we can also show that an upper bound
on the expected number of the stopping times E[τδ] matches the lower bound almost surely
for a case where the reward follows a distribution that belongs to a canonical one-parameter
exponential family, and the parameters of the context distribution are known.

Corollary 20 Suppose that the reward follows a distribution that belongs to a canonical
one-parameter exponential family, and (ζx)x∈X is known. For each ν ∈ Θ, if sampling rule
ensures that for all a ∈ [K], for all x ∈ X , minw∗∈Φ(ν)

∣∣∣ limt→∞
Na,x(t)

t − ζxw
∗
a,x

∣∣∣ = 0,

and we follow the stopping rule defined in Section 6.3 with β(t, δ) = 6|X | ln
(
ln
(
t
2

)
+ 1
)
+

2|X |Cexp

(
ln K−1

δ
2|X |

)
, then for all δ ∈ (0, 1), it holds that Pν(τδ < +∞) = 1 and Pν

(
lim supδ→0

τδ
log(1/δ) ≤

T ⋆(ν)
)
= 1. Moreover, lim supδ→0

Eν [τδ]
log(1/δ) ≤ T ⋆(ν) holds.

6.5 General Context Spaces via Context Aggregation (Bernoulli Rewards)

We consider an algorithm when the context space is not finite. For Bernoulli rewards, we
can extend CTS beyond finite context spaces by aggregating contexts.

Let (X ,F) be an arbitrary measurable context space and suppose that, conditionally on
Xt = x, arm a yields a Bernoulli reward with mean µa(x) ∈ (0, 1). The best arm is defined
by the marginal mean µa := E[µa(X)]. Fix any measurable mapping φ : X → [M ] (e.g.,
binning, clustering, hashing) and define the aggregated context Ut := φ(Xt) ∈ [M ]. For
each u ∈ [M ], let ζu := P(U = u) and

µa,u := E[µa(X) | U = u]. (8)
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Because Bernoulli distributions are determined by their mean, the conditional reward dis-
tribution of arm a given U = u is again Bernoulli with mean µa,u. Therefore the aggregated
process (Ut) exactly fits our finite-context model, and we can run CTS using Ut instead of
Xt.

Theorem 21 (Context aggregation for Bernoulli rewards) Under the Bernoulli re-
ward model above, for any measurable φ : X → [M ], running CTS on the aggregated con-
texts Ut = φ(Xt) is δ-PAC for identifying the best arm with respect to the marginal means
µa = E[µa(X)].

Moreover, context aggregation interpolates between the non-contextual BAI problem
(coarsest aggregation) and increasingly fine discretizations. Since refining an aggregation
only increases the degrees of freedom in the sampling proportions, the corresponding char-
acteristic time cannot increase.

Lemma 22 (Monotonicity under refinement) Let φ1 and φ2 be two aggregations such
that φ2 is a refinement of φ1 (i.e., φ1(x) = φ1(x

′) whenever φ2(x) = φ2(x
′)). Denote by

T ∗(νφ) the characteristic time of the finite-context instance induced by φ through (8). Then
T ∗(νφ2) ≤ T ∗(νφ1).

Proofs are provided in Appendix I.

Relation to plug-in approaches for general context spaces. The reduction above
provides a δ-PAC algorithm on an arbitrary context space by intentionally coarsening the
observed contexts. Since the learner only uses φ(X) rather than the full X, the induced
instance νφ can be statistically harder than the original full-information model, and therefore
the resulting sample complexity need not match the instance-dependent lower bound for the
original model (see Section 2 for a discussion of lower bounds on general context spaces).
Nonetheless, Lemma 22 shows that refining φ cannot worsen the characteristic time of the
induced finite-context instance, so one may trade off statistical efficiency and computational
cost by choosing φ. In principle, one may also pursue the typically less practical plug-in
route: estimate the context distribution, for example via kernel density estimation when X
is continuous, and the conditional reward model, for example via kernel regression such as
Nadaraya–Watson or local-polynomial estimators, and plug these estimates into the optimal
allocation prescribed by the lower bound. Note, however, that the above aggregation scheme
can itself be interpreted as a simple plug-in strategy for infinite context spaces: it uses a
histogram estimator of the context distribution (via the empirical bin frequencies) and,
within each bin, empirical estimates of the Bernoulli means, thereby reducing the problem
to a finite-context instance to which CTS applies. From the viewpoint of nonparametric
estimation, histogram aggregation is a “box-kernel” method: the bin width ∆n plays the
role of the bandwidth, and the refinement regime ∆n ↓ 0 mirrors the familiar bias–variance
trade-off of kernel density estimation and kernel regression. Moreover, under mild regularity,
refining the partition allows one to recover the continuous characteristic time in Theorem 2.

Proposition 23 (Refining the partition recovers the continuous characteristic time)
Assume that the context space X ⊆ R is compact and that rewards are Bernoulli with mean
functions x 7→ µa(x) ∈ [η, 1− η] for some η ∈ (0, 1/2) and all a ∈ [K], which are uniformly
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continuous on X . (For this proposition we restrict the alternative set in the definition of T ⋆

to Bernoulli instances whose mean functions also take values in [η, 1− η].) Assume further
that the best arm a⋆(V) is unique. Let {Πm}m≥1 be a sequence of finite measurable partitions
of X such that Πm+1 refines Πm and maxB∈Πm diam(B) → 0 as m → ∞. Denote by Ṽ(m)

the induced finite-context instance obtained by aggregating contexts according to Πm (as in
Theorem 21). Then, for all sufficiently large m, a⋆(Ṽ(m)) = a⋆(V) and

lim
m→∞

T ⋆(Ṽ(m)) = T ⋆(V).

Consequently, for any ε > 0 there exists mε such that running CTS on the aggregated contexts
defined by Πmε is δ-PAC and satisfies

lim sup
δ→0

EV [τδ]

log(1/δ)
≤ T ⋆(V) + ε.

These results provide a simple, practical route to handle general (possibly infinite) context
spaces in the Bernoulli case: pick a suitable aggregation φ and apply CTS.

7. Simulation Studies

In this section, we investigate the behavior of the proposed algorithms.

7.1 Simulation Studies of the α-elimination algorithm

First, we examine the performance of the α-elimination algorithm using contextual infor-
mation. As in Section 3, we generate samples {(Rt,1, Rt,2, Xt)

⊤}Tt=1 from the multivariate
distribution with the mean vector (1, 0, 0)⊤. We denote the variances of Rt,1, Rt,2, and Xt

as σ2
1, σ2

2, and σ2
X . Let the correlation coefficient between Rt,1 and Xt be ρ1X , and the

correlation coefficient between Rt,2 and Xt be ρ2X . We fix σ2
2 = 1, σ2

X = 1, and ρ2X = 0.5.
We investigate the performance of the proposed method by varying the combination of
the variance σ2

1 and correlation coefficient ρ1X . We choose σ2
1 from {1, 2} and ρ1X from

{−0.9,−0.5, 0, 0.5, 0.9}. For the case with σ2
1 = 1, the α-elimination without contextual in-

formation of Kaufmann et al. (2016) results in an allocation of α = 0.5 (uniform sampling).
For the case with σ2

1 = 2, it results in an allocation of α =
√
2/(
√
2 +
√
1). Conversely,

the proposed α-elimination with contextual information uses different allocations for each
correlation coefficient. We conducted 1000 trials with δ = 0.05 and display the realized
stopping time (sample complexity) in Figure 2 using box plots, where the right figure shows
the results with σ2

1 = 1 and the left shows the results with σ2
1 = 2. In Figure 2, we compare

the proposed algorithm with different ρ1X with the α-elimination (without context). The
results demonstrate that when using contextual information, the proposed α-elimination can
stop earlier than the original α-elimination. We note the fact that the proposed algorithm
can stop earlier, even though the allocation is also 0.5 when ρ1X is 0. Here, the stopping
threshold β used in the proposed algorithm is less than that used in the original algorithm,
while maintaining the δ-PAC property. Note that for all cases, the realized δ does not exceed
0.05.
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Figure 2: Results of α-elimination. The left figure displays the results with σ2
1 = 1; the right

figure displays the results with σ2
1 = 2.

Additional experiments (plug-in variants). Additional experimental results for a
plug-in variant (estimating the nuisance parameters online) are deferred to Appendix J.4. In
these experiments, we compare against a known-nuisance baseline that uses the true nuisance
parameters, which should be viewed as a convenient reference rather than an information-
theoretic lower bound.

7.2 Simulation Study of the CTS algorithm

Next, we compare the performance of the proposed CTS algorithm to the TS algorithm for
BAI without contextual information (Garivier and Kaufmann, 2016). For a Bernoulli ban-
dit model, we consider a sample scenario with marginalized mean rewards {µ1, µ2, µ3, µ4} =
{0.3, 0.21, 0.2, 0.19}, which is the same as a scenario used in Garivier and Kaufmann (2016).
Suppose that there exist two contexts Xt ∈ {1, 2}, where the conditional mean rewards are
given as {µ1,1, µ2,1, µ3,1, µ4,1} = {0.5, 0.01, 0.4, 0.01} and {µ1,2, µ2,2, µ3,2, µ4,2} = {0.1, 0.41, 0, 0.37}..
The context 1 and 2 appear with probability 0.5, respectively.

We display the empirical values of the GLRT statistic in Figure 3. We present the
GLRT statistic directly rather than the stopping time because the GLRT statistic provides
more information. Note that the algorithm stops when the GLRT statistic exceeds the
predefined threshold β(t, δ). The threshold β(t, δ) can be determined by us within the range
suggested in Theorems 15–19, and its role does not differ significantly between the CTS and
TS algorithms. The sooner this value becomes large, the smaller the sample complexity that
can be achieved under a properly specified β(t, δ).1

This figure indicates that the CTS algorithm achieves a smaller sample complexity than
TS, as suggested by the theoretical results. Conversely, the reason why the CTS algorithm
indicates a smaller GLRT statistic compared with TS in the early rounds is likely because
the number of parameters to be estimated is proportional to the number of contexts; thus
it requires more time to converge in finite samples. In Appendix J, we present more details

1. In other words, the GLRT statistic and stopping time are directly related. If we were to display the
stopping time, it would be necessary to show the stopping time for each threshold β(t, δ). This would
involve drawing horizontal lines at the threshold values in Figure 3 and indicating the points of intersec-
tion between these lines and the respective GLRT statistics. By displaying the empirical GLRT statistic,
as we have done, it is possible to consider the stopping times corresponding to any threshold β(t, δ),
making the approach more general.
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Figure 3: Graph illustrating the maximum GLRT statistic maxa∈[K]minb∈[K]\{a} Za,b(t).
The solid line represents the averaged value over 20 trials; the light-colored area
indicates the values between the first and third quartiles.

and additional results under different settings, including additional Bernoulli instances and
plug-in variants.

8. Conclusion

This paper proposed contextual BAI, in which contextual information can be used to iden-
tify the arm with the highest marginalized mean reward. We noted that even contextual
information that is not immediately related to the parameter that we wish to identify could
help us solve the task more efficiently. We proposed the CTS algorithm for the case in
which the rewards follow Bernoulli distributions and confirmed that it performs better the-
oretically and experimentally when contextual information is provided. We also found that
when the rewards and context follow a multivariate normal distribution in the two-armed
bandit problem, we could improve the efficiency of BAI without changing the conventional
algorithm. These properties have not been discussed to date.

A next step of this work is to consider a case with continuous contexts following an
unknown distribution. As with the case of unknown variance in fixed-confidence BAI, the
estimation error of the unknown variances would affect the performance (Jourdan et al.,
2023). Therefore, for these cases, we may need to develop a lower bound for a class of
distributions with unknown contextual distribution, as well as Jourdan et al. (2023), which
develops lower and upper bounds for a class of Gaussian distributions with unknown vari-
ances. Another approach considers a localized instance where some parameter approaches
zero (Kato et al., 2024b). Existing studies of ATE estimation, such as van der Laan (2008),
Hahn et al. (2011), Kato et al. (2020) and Cook et al. (2023), employ the latter approach,
which is referred to as semiparametric analysis. Considering a localized instance corresponds
to evaluating the performance under the worst case, and under the worst case, we can ignore
estimation errors of parameters unrelated to the parameter of interest.
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Appendix A. Notations, Terms, and Abbreviations

In this section, we summarize the notations used in this paper.

Appendix B. Proof of Lemma 6

For each problem ν = ((µa,x), (ζx)), for each a ∈ [K], x ∈ X , let fν
a,x denote the density

(w.r.t. the Lebesgue measure) of the reward with the action-context pair (a, x). Let us
define a log-likelihood ratio between the observation under the model ν = ((µa,x), (ζx)) to
the model ν ′ = ((λa,x), (ζx)) as

Lτ =

τ∑
t=1

∑
x∈X

∑
a∈[K]

1{Xt = x,At = a} log
(
fν
a,x(Rt)

fν′
a,x(Rt)

)
We have

Eν [Lτ ] = Eν

 τ∑
t=1

∑
a∈[K]

∑
x∈X

1{Xt = x,At = a} log
(
fν
a,x(Rt)

fν′
a,x(Rt)

)
(a)
= Eν

∑
x∈X

∑
a∈[K]

Na,x(τ)∑
k=1

log

(
fν
a,x(Y

(x,a)
k )

fν′
a,x(Y

(x,a)
k )

)
=
∑
x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x),
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Table 1: Summary of notations
Xt, At, Rt Context, action, and reward observed in round t
[K], X Sets of actions and contexts
Rt,a Potential reward of arm a
ζ Distribution of Xt

p = (p1,x, p2,x, . . . , pK,x) Reward distributions of the potential outcome given x ∈ X .
µ = (µ1,x, µ2,x, . . . , µK,x) Conditional mean rewards given x ∈ X .
µa = EX∼ζ [µa,X ] = EX∼ζ [EV [Rt,a|X]] Marginalized mean reward of arm a

.
= EV [Rt,a]

V = (p, ζ) Bandit problem.
ν = ((µa,x), (ζx)) Bernoulli bandit problem with finite context.
Ω (resp. Θ) Class of V (resp. ν).
a∗ = a∗(V) = argmaxa µa Best arm with the highest marginalized mean reward.
Ft = σ(X1, A1, R1, . . . , Xt, At, Rt, Xt+1) Sigma-algebras with the observations until t and Xt+1.
Gt = σ(X1, A1, R1, . . . , Xt, At, Rt) Sigma-algebras with all observations up to t.
τδ Stopping time under a fixed confidence δ > 0.
âτδ Recommended arm.
Alt(V) := {(q, ζ) ∈ Ω : a∗((q, ζ)) ̸= a∗((p, ζ))} Set of alternative problems.
Nx(t) =

∑t
s=1 1{Xs = x} The number of times we observe context x.

Na,x(t) =
∑t

s=1 1{Xs = x,As = a} The number of times we choose arm a given context x.
KL(pa,x, qa,x) KL divergence from pa,x to qa,x

kl(µ, ν)
KL divergence of the canonical
one-parameter exponential family.

d(µ, ν) KL divergence of Bernoulli distributions.
= µ log(µ/ν) + (1− µ) log((1− µ)/(1− ν))

µ̂a,x, ζ̂x Estimators of µa,x and ζx in round t.
wa,x Allocation for arm a given context x.
W Set of allocation rule.

pµa

(
(Ra,x(t))x∈X , X(t)

) Likelihood of parameters µa = (µa,x)a∈[K],x∈X given
the observations (Ra,x(t))x∈X and X(t).

Za,b(t) GLRT statistic.
β(t, δ) Threshold for stopping rule.

where for (a), we introduced random variables: Y
(x,a)
k denotes k-th time the reward with

the context x and the action a is observed and for the last equality, we used Wald’s lemma
for each (x, a) pair. From the data-processing inequality applied to the change-of-measure
argument in Garivier et al. (2019), it holds that for any E ∈ Gτ ,∑

x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x) ≥ d(Pν(E),Pν′(E)).

This concludes the proof of Lemma 6.

Appendix C. Proof of Theorem 5

Proof. From Lemma 6 with E = {âτ = a∗(ν)}, for each ν ∈ Θ and ν ′ ∈ Alt(ν), we have∑
x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x) ≥ d(Pν(E),Pν′(E)) ≥ kl(δ, 1− δ),
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where for the last inequality, we used the definition of the δ-PAC algorithm and monotonicity
of the KL divergence. Let Nx(τ) =

∑τ
t=1 1{Xt = x}. For each ν ∈ Θ,

d(δ, 1− δ) ≤ inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

∑
a∈[K]

Eν [Na,x(τ)]kl(µa,x, λa,x)

= inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

Eν [Nx(τ)]
∑
a∈[K]

Eν [Na,x(τ)]

Eν [Nx(τ)]
kl(µa,x, λa,x)

= inf
((λa,x),ζ)∈Alt(ν)

Eν [τδ]
∑
x∈X

Eν [Nx(τ)]

Eν [τδ]

∑
a∈[K]

Eν [Na,x(τ)]

Eν [Nx(τ)]
kl(µa,x, λa,x)

(a)
= inf

((λa,x),ζ)∈Alt(ν)
Eν [τδ]

∑
x∈X

Eν [τδ]ζx
Eν [τδ]

∑
a∈[K]

Eν [Na,x(τ)]

Eν [Nx(τ)]
kl(µa,x, λa,x)

= Eν [τδ] inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx
∑
a∈[K]

Eν [Na,x(τ)]

Eν [Nx(τ)]
kl(µa,x, λa,x)

≤ Eν [τδ] sup
w∈W

inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx
∑
a∈[K]

wa,xkl(µa,x, λa,x),

where for (a), we used Wald’s lemma for each x. This concludes the proof.

Appendix D. Proof of Theorem 2

We show Theorem 2. Let B(R) be a Borel σ-algebra on R. Let us introduce two random
counting measures on R: (i) for each A ∈ B(R), Ξ(A) counts the number of times contexts
have arrived in A, (ii) Υa(A) counts the number of times the algorithm selected action a
under the context is in A.

The intensity measure is a characteristic analogous to the mean of a real-valued random
variable (Chiu et al., 2013). Let us denote the intensity measures of Ξ and Υa by γ and κa,
respectively; that is, γ(A) = E [Ξ(A)] and κa(A) = E [Υa(A)] for each A ∈ B(R). Suppose
that γ and κa are absolutely continuous with respect to ζ (Kallenberg, 2017). Furthermore,
κa is absolutely continuous with respect to γ. Let dγ

dx(x) and dκa
dx (x) be densities of γ and

κa with respect to the Lebesgue measure.
Then, we extend our Lemma 6 to the case of continuous contexts.

Lemma 24 Take V = (p, ζ),M = (q, ζ) ∈ Ω. For any almost-surely finite stopping time τ
with respect to (Gt)t≥1, we have

K∑
a=1

∫
R

dκa
dx

(x)KL(pa,x, qa,x)dx ≥ sup
E∈Gτ

d(PV(E),PM(E)),

where EV and PV are the expectation and probability under model V, respectively, and EM
and PM are defined analogously under model M.

In the proof, we use Campbell’s theorem.
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Proposition 25 (Campbell’s theorem from Theorem 4.1 in Chiu et al. (2013)) For
any nonnegative measurable function f(x) and A ∈ B(R), we have

E

 ∑
x∈Υa(A)

f(x)

 = E
[∫

A
f(x)Υa(dx)

]
=

∫
A
f(x)κa(dx).

We show the proof of Lemma 24 as follows.
Proof For each a ∈ [K], x ∈ X , let us denote by fa,x and f ′

a,x the probability density
functions of pa,x and qa,x with respect to the Lebesgue measure. We have that

EV

[
log

(
fa,x(Rt,a)

f ′
a,x(Rt,a)

)∣∣∣∣Xt = x

]
= KL(pa,x, qa,x).

Let us define a log-likelihood ratio from the observation under the model V = ((pa,x), ζ) to
the modelM = ((qa,x), ζ)

Lτ =

τ∑
t=1

∑
a∈[K]

1{At = a} log

(
fa,Xt(Rt,a)

f ′
a,Xt

(Rt,a)

)
.

Let us define x∞ = (x1, x2, . . .), X∞ = (X1, X2, . . .), and X ′(x∞) = ∪∞t=1{xt}. We have

EV [Lτ ] = EV [EV [Lτ |X∞]]

=

∫
x∞∈R∞

EV [Lτ |X∞ = x∞]
∞∏
t=1

ζ(xt)dx∞

=

∫
x∞∈R∞

EV

 τ∑
t=1

∑
a∈[K]

1{At = a} log
fa,Xt(Rt,a)

f ′
a,Xt

(Rt,a)

∣∣∣∣∣∣X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞

=

∫
x∞∈R∞

EV

 τ∑
t=1

∑
a∈[K]

1{At = a,Xt = xt} log
fa,xt(Rt,a)

f ′
a,xt

(Rt,a)

∣∣∣∣∣∣X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞

(a)
=
∑
a∈[K]

∫
x∞∈R∞

EV

 ∑
x∈X ′(x∞)

Na,x(τ)∑
k=1

log
fa,x(Y

(a,x)
k )

f ′
a,x(Y

(a,x)
k )

∣∣∣∣∣∣X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞

=
∑
a∈[K]

∫
x∞∈R∞

∑
x∈X ′(x∞)

EV

Na,x(τ)∑
k=1

log
fa,x(Y

(a,x)
k )

f ′
a,x(Y

(a,x)
k )

∣∣∣∣∣∣X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞

=
∑
a∈[K]

∫
x∞∈R∞

∑
x∈X ′(x∞)

EV [Na,x(τ)|X∞ = x∞]EV

[
log

fa,x(Y
(a,x)
1 )

f ′
a,x(Y

(a,x)
1 )

∣∣∣∣∣X∞ = x∞

] ∞∏
t=1

ζ(xt)dx∞

=
∑
a∈[K]

∫
x∞∈R∞

∑
x∈X ′(x∞)

EV [Na,x(τ)|X∞ = x∞] KL(pa,x, qa,x)

∞∏
t=1

ζ(xt)dx∞

=
∑
a∈[K]

∫
x∞∈R∞

EV

 ∑
x∈X ′(x∞)

Na,x(τ)KL(pa,x, qa,x)|X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞
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(b)
=
∑
a∈[K]

EV

[∫
R
KL(pa,x, qa,x)Υa(dx)

]
(c)
=
∑
a∈[K]

∫
R
KL(pa,x, qa,x)κa(dx)

=
∑
a∈[K]

∫
x∈R

dκa
dx

(x)KL(pa,x, qa,x)dx.

For (a), we introduced random variable Y
(a,x)
k , denoting k-th time the reward with the

context x and the action a is observed. For (b), the computation is as follows:

∑
a∈[K]

∫
x∞∈R∞

EV

 ∑
x∈X ′(x∞)

Na,x(τ)KL(pa,x, qa,x)|X∞ = x∞

 ∞∏
t=1

ζ(xt)dx∞

=
∑
a∈[K]

EV

 ∑
x∈X ′(X∞)

Na,x(τ)KL(pa,x, qa,x)


=
∑
a∈[K]

EV

 ∑
x∈(X1,...,Xτ )

Na,x(τ)KL(pa,x, qa,x)


=
∑
a∈[K]

EV

[∫
R
KL(pa,x, qa,x)Υa(dx)

]
,

where the last equality follows from the definition of Υa. For (c), we used Campbell’s
theorem (Proposition 25).

From the data-processing inequality applied to the change-of-measure argument in Gariv-
ier et al. (2019), it holds that for any E ∈ Gτ ,∑

a∈[K]

∫
R

dκa
dx

(x)KL(pa,x, qa,x)dx ≥ d(PV(E),PM(E)).

This concludes the proof of Lemma 24.

Then, we show the proof of Theorem 2.
Proof From Lemma 24 with E = {âτ = a∗(V)}, for each V ∈ Ω andM∈ Alt(V), we have∑

a∈[K]

∫
R

dκa
dx

(x)KL(pa,x, qa,x)dx ≥ kl(PV(E),PM(E)) ≥ d(δ, 1− δ),

where for the last inequality, we used the definition of the δ-PAC algorithm and monotonicity
of the KL divergence.

For each V ∈ Ω, we have

d(δ, 1− δ) ≤ inf
(p,ζ)∈Alt(V)

∑
a∈[K]

∫
R

dκa
dx

(x)KL(pa,x, qa,x)dx
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= inf
(p,ζ)∈Alt(V)

∑
a∈[K]

∫
R

dκa
dγ

dγ

dζ
(x)ζ(x)KL(pa,x, qa,x)dx

= inf
(p,ζ)∈Alt(V)

∫
R

dγ

dζ
(x)ζ(x)︸ ︷︷ ︸

EV [τδ]ζ(x)

∑
a∈[K]

dκa
dγ

(x)KL(pa,x, qa,x)dx

(a)
= EV [τδ] inf

(p,ζ)∈Alt(V)

∫
R

∑
a∈[K]

dκa
dγ

(x)KL(pa,x, qa,x)ζ(x)dx

≤ EV [τδ] sup
w∈W

inf
(p,ζ)∈Alt(V)

∫
R

∑
a∈[K]

wa,xKL(pa,x, qa,x)ζ(x)dx,

where for (a) we used the equivalence:

EV [τδ] =

∫
R

dγ

dx
dx

=

∫
R

dγ

dζ
ζ(x)dx

(b)
=

dγ

dζ

∫
R
ζ(x)dx

=
dγ

dζ
,

where for (b), we used the fact that dγ
dζ is a constant does not depend on x.

Appendix E. Proofs for Section 3 and α-Elimination Algorithm with
Contextual Information

E.1 α-Elimination Algorithm with Contextual Information

We use an algorithm that is almost identical to the α-elimination of Kaufmann et al. (2016).
The only difference between the proposed α-elimination and that of Kaufmann et al. (2016)
is that we construct an estimator of the marginalized mean reward in the following form:

µ̂1(t) =
1∑t

s=1 1[As = 1]

t∑
s=1

(
Rs,1 −

ρ1Xσ1
σX

(Xs − µX )

)
1[As = 1],

µ̂2(t) =
1∑t

s=1 1[As = 2]

t∑
s=1

(
Rs,2 −

ρ2Xσ2
σX

(Xs − µX )

)
1[As = 2].

Here, we used that µa = µa,x − ρaXσa

σX
(x− µX ). This estimator is based on the form of the

conditional distribution of Rt,a. We replace µ̂a(t) in the original α-elimination with these
estimators.
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E.2 Proof of Theorem 3

Recall that the KL divergence from N (µ1, σ
2) to N (µ2, σ

2) is given as

KL
(
N (µ1, σ

2),N (µ2, σ
2)
)
=

(µ1 − µ2)
2

2σ2
.

If we ignore sets of measure zero, we have

T ⋆(V)−1 = sup
w∈W

inf
(q,ζ)∈Alt(V)

2∑
a=1

∫
R
wa,xKL(pa,x, qa,x)ζ(x)dx

= sup
w∈W

inf
(q,ζ)∈Alt(V)

2∑
a=1

∫
R
wa,x

(
µa +

σaX
σ2
X
(x− µX )− λa,x

)2
2σ′2

a

ζ(x)dx

= sup
w∈W

inf∫
R λ2,xζ(x)dx>

∫
R λ1,xζ(x)dx

2∑
a=1

∫
R
wa,x

(
µa +

σaX
σ2
X
(x− µX )− λa,x

)2
2σ′2

a

ζ(x)dx

(a)
= max

w∈W
min∫

R λ2,xζ(x)dx=
∫
R λ1,xζ(x)dx

2∑
a=1

∫
R
wa,x

(
µa +

σaX
σ2
X
(x− µX )− λa,x

)2
2σ′2

a

ζ(x)dx

where for (a), we used the same argument as in Lemma 8. From the property of the
multivariate Gaussian distribution,

λ1,x = λ1 +
σ1X
σ2
X

(x− µX ) and λ2,x = λ2 +
σ2X
σ2
X

(x− µX ).

From
∫
R λ2,xζ(x)dx =

∫
R λ1,xζ(x)dx, λ1 = λ2 = λ. Therefore, we get

1

2σ′2
a

(
µa +

σaX
σ2
X

(x− µX )− λa,x

)2

=
1

2σ′2
a

(µa − λ)2 .

Therefore, the optimization problem can be further simplified

T ⋆(V)−1 = max
w∈W

min∫
R λ2,xζ(x)dx=

∫
R λ1,xζ(x)dx

2∑
a=1

∫
R
wa,x

(
µa +

σaX
σ2
X
(x− µX )− λa,x

)2
2σ′2

a

ζ(x)dx

= max
w∈W

min
λ∈R

∫
R

2∑
a=1

wa,x
(µa − λ)2

2σ′2
a

ζ(x)dx.

At each point x ∈ R, the optimization problem

max
w1,x+w2,x=1

min
λ∈R

2∑
a=1

wa,x
(µa − λ)2

2σ′2
a

is an identical problem as is given in Theorem 6 in Kaufmann et al. (2016) (two arm Gaussian
bandits with known variances) and we know from Theorem 9 in Kaufmann et al. (2016),
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the maximum is attained when w1,x = σ′
1/(σ

′
1 + σ′

2). Thus, we compute

T ⋆(V)−1 = min
λ∈R

∫
R

2∑
a=1

σ′
a

σ′
1 + σ′

2

(µa − λ)2

2σ′2
a

ζ(x)dx =
1

σ′
1 + σ′

2

min
λ∈R

∫
R

2∑
a=1

(µa − λ)2

2σ′
a

ζ(x)dx,

When the minimum is attained,

− 1

σ′
1

(µ1 − λ)− 1

σ′
2

(µ2 − λ) = 0,

Therefore,

λ =

1
σ′
1
µ1 +

1
σ′
2
µ2

1
σ′
1
+ 1

σ′
2

.

Then,

2∑
a=1

1

2σ′
a

(
µa +

σaX
σ2
X

(x− µX )− λa,x

)2

=
2∑

a=1

1

2σ′
a

(µa − λ)2

=

(
µ1 − µ2

σ′
1 + σ′

2

)2 σ′
1

2
+

(
µ1 − µ2

σ′
1 + σ′

2

)2 σ′
2

2

=
(µ1 − µ2)

2

2(σ′
1 + σ′

2)

Therefore, we have

T ⋆(V)−1 =
1

2

(
µ1 − µ2

σ′
1 + σ′

2

)2

.

□

E.3 Proof of Theorem 4

We note that except that the variances of the sample from the arm a is σ′2
a , the proof is

almost identical to that of Theorem 9 of Kaufmann et al. (2016). Let α = σ′
1/(σ

′
1 + σ′

2) and
dt = µ̂1(t)− µ̂2(t). We first prove that the strategy is δ-PAC for every V ∈ Ω̃. Assume that
µ1 > µ2 and recall τ = inf{t ∈ N : |dt| >

√
2σ2

t (α)β(t, δ)}, where dt := µ̂1(t) − µ̂2(t). The
probability of error of the α-elimination strategy is upper bounded by

PV

(
dτ ≤ −

√
2σ2

τ (α)β(τ, δ)
)
≤ PV

(
dτ − (µ1 − µ2) ≤ −

√
2σ2

τ (α)β(τ, δ)
)

≤ PV

(
∃t ∈ N∗ : dt − (µ1 − µ2) < −

√
2σ2

t (α)β(t, δ)

)
≤

∞∑
t=1

exp (−β(t, δ)) ,
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where we used union bound and Chernoff bound applied to dt− (µ1− µ2) ∼ N (0, σ2
t (α)) in

the last inequality. We have
∞∑
t=1

exp (−β(t, δ)) ≤ δ
∞∑
t=1

1

t(log(6t))2
≤ δ

(
1

(log 6)2
+

∫ ∞

1

dt

t(log(6t))2

)
= δ

(
1

(log 6)2
+

1

log(6)

)
≤ δ.

For the guarantee of the expected sample complexity, we first prove the probability that
τ exceeds some fixed T :

PV(τ ≥ T ) ≤ PV

(
∀t ∈ [T ], dt ≤

√
2σ2

t (α)β(t, δ)

)
≤ PV

(
dT ≤

√
2σ2

T (α)β(T, δ)

)
= PV

(
dT − (µ1 − µ2) ≤ −

[
(µ1 − µ2)−

√
2σ2

T (α)β(T, δ)

])
≤ exp

(
− 1

2σ2
T (α)

[
(µ1 − µ2)−

√
2σ2

T (α)β(T, δ)

]2)
,

where for the last inequality we used Chernoff bound with T such that (µ1 − µ2) >√
2σ2

T (α)β(T, δ). For γ ∈ (0, 1), define

T ∗
γ := inf

{
t0 ∈ N : ∀t ≥ t0, (µ1 − µ2)−

√
2σ2

t (α)β(t, δ) > γ(µ1 − µ2)

}
.

We have

EV [τ ] ≤ T ∗
γ +

∞∑
T=T ∗

γ+1

P (τ ≥ T )

≤ T ∗
γ +

∞∑
T=T ∗

γ+1

exp

(
− 1

2σ2
T (α)

[
(µ1 − µ2)−

√
2σ2

T (α)β(T, δ)

]2)

≤ T ∗
γ +

∞∑
T=T ∗

γ+1

exp

(
− 1

2σ2
T (α)

γ2(µ1 − µ2)
2

)
.

For all t, it is easy to show that the following upper bound on σ2
t (α) holds:

σ2
t (α) ≤

(σ′
1 + σ′

2)
2

t
×

t− σ′
1

σ′
2

t− σ′
1

σ′
2
− 1

. (9)

Using the inequality (9), we have

EV [τ ] ≤ T ∗
γ +

∫ ∞

0
exp

− t

2(σ′
1 + σ′

2)
2

t− σ′
1

σ′
2
− 1

t− σ′
1

σ′
2

γ2(µ1 − µ2)
2

 dt
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≤ T ∗
γ +

2(σ′
1 + σ′

2)
2

γ2(µ1 − µ2)2
exp

(
γ2(µ1 − µ2)

2

2(σ′
1 + σ′

2)
2

)
.

Next, we upper bound T ∗
γ . Let r ∈ [0, e/2− 1]. There exists N0(r) such that for t ≥ N0(r),

β(t, δ) ≤ log(t1+r/δ). Again, using the inequality (9), we have T ∗
γ = max(N0(r), T̃γ), where

T̃γ is defined as

T̃γ = inf

t0 ∈ N : ∀t ≥ t0,
(µ1 − µ2)

2

2(σ′
1 + σ′

2)
2
(1− γ)2t >

t− σ′
1

σ′
2
− 1

t− σ′
1

σ′
2

log
t1+r

δ

 .

When t > (1+γ
σ′
1

σ′
2
)/γ, (t− σ′

1
σ′
2
−1)/(t− σ′

1
σ′
2
) ≤ (1− γ)−1. We get T̃γ = max((1+γ

σ′
1

σ′
2
)/γ, T ′

γ),
with

T ′
γ = inf

{
t0 ∈ N : ∀t ≥ t0, exp

(
(µ1 − µ2)

2

2(σ′
1 + σ′

2)
2
(1− γ)3t

)
≥ t1+r

δ

}
.

We use the following algebraic Lemma by Kaufmann et al. (2016).

Lemma 26 (Lemma 22 of Kaufmann et al. (2016)) For every β, η > 0 and s ∈ [1, e/2],
the following implication is true:

x0 =
s

β
log

(
e log (1/(βsη))

βsη

)
⇒ ∀x ≥ x0, eβx ≥ xs

η
.

Applying Lemma 26 with η = δ, s = 1 + r and β = (1− γ)3(µ1 − µ2)
2/(2(σ′

1 + σ′
2)

2) leads
to

T ′
γ ≤

(1 + r)

(1− γ)3
× 2(σ′

1 + σ′
2)

2

(µ1 − µ2)2

[
log

1

δ
+ log log

1

δ

]
+R(µ1, µ2, σ

′
1, σ

′
2, γ, r),

with

R(µ1, µ2, σ
′
1, σ

′
2, γ, r) =

1 + r

(1− γ)3
2(σ′

1 + σ′
2)

2

(µ1 − µ2)2

[
1 + (1 + r) log

(
2(σ′

1 + σ′
2)

2

(1− γ)3(µ1 − µ2)2

)]
.

For fixed ϵ > 0, choosing small enough r and γ, we have

EV [τ ] ≤ (1 + ϵ)
2(σ′

1 + σ′
2)

2

(µ1 − µ2)2

[
log

1

δ
+ log log

1

δ

]
+ C(µ1, µ2, σ

′
1, σ

′
2, ϵ),

where C is a constant independent of δ summarizing the terms: R(µ1, µ2, σ
′
1, σ

′
2, γ, r), (1 +

γ
σ′
1

σ′
2
)/γ, N0(t), and 2(σ′

1+σ′
2)

2

γ2(µ1−µ2)2
exp

(
γ2(µ1−µ2)2

2(σ′
1+σ′

2)
2

)
. C(µ1, µ2, σ

′
1, σ

′
2, ϵ) goes to infinity when ϵ

goes to zero, but for a fixed ϵ > 0,

(1 + ϵ)
2(σ′

1 + σ′
2)

2

(µ1 − µ2)2
log log

1

δ
+ C(µ1, µ2, σ

′
1, σ

′
2, ϵ) = oϵ

δ→0

(
log

1

δ

)
.

This concludes the proof.
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Appendix F. Proofs for Section 5

F.1 Proof of Lemma 7

Proof We have

Alt(ν) = {((λa,x)a∈[K],x∈X , ζ) ∈ Θ : a∗(((λa,x), ζ)) ̸= a∗(ν) = 1}

=
⋃
a̸=1

{
((λa,x)a∈[K],x∈X , ζ) ∈ Θ :

∑
x∈X

ζxλa,x >
∑
x∈X

ζxλ1,x

}
.

Then, we get

inf
((λa,x)a∈[K],x∈X ,ζ)∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x)

= inf
((λa,x)a∈[K],x∈X ,ζ):∃a∈[K],

∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x)

= min
a̸=1

inf
((λa,x),ζ):

∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x)

= min
a̸=1

inf
((λa,x),ζ):

∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

∑
x∈X

ζx

(
w1,xkl(µ1,x, λ1,x) + wa,xkl(µa,x, λa,x)

)
.

We first fixed a and then took the infimum regarding the problems given a from the second
to the third line (this decomposes the infimum in the second line). We used λb,x = λ1,x for
b ̸= 1, a from the third line to the last line.

F.2 Proof of Lemma 8

Proof Let a ∈ [K] be one of the arguments that minimizes

inf
((λa,x),ζ):

∑
x∈X ζxλa,x>

∑
x∈X ζxλ1,x

fa((λa,x))

and suppose
∑

x∈X ζxλ
∗
a,x >

∑
x∈X ζxλ

∗
1,x. For such a, from the assumption on Θ, there

exists x ∈ X such that µ1,x > µa,x. For such x, from the monotonicity of the KL divergence,

µ1,x ≥ max(λ1,x, λa,x) ≥ min(λ1,x, λa,x) ≥ µa,x.

Then, by the assumption
∑

x∈X ζxλ
∗
a,x >

∑
x∈X ζxλ

∗
1,x, one can modify the value of λ∗

1,x as
λ∗
1,x+ ε or λ∗

a,x as λ∗
a,x− ε (ε is some small constant) to make the value of fa((λa,x)) strictly

smaller. This is a contradiction and concludes the proof.
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F.3 Proof of Lemma 9

Proof Let us define a function

f(ν, (λa,x)) =
∑
x∈X

ζx

K∑
a=1

wa,xkl(µa,x, λa,x).

We call the point-to-set mapping

X(ν) =
⋃
a̸=1

{
((λa,x), ζx) ∈ Θ :

∑
x∈X

ζxλa,x >
∑
x∈X

ζxλ1,x

}
as a constraint mapping. It is easy to check that X(ν) is outer semicontinuous at every ν.
Similarly, X(ν) is inner semicontinuous at every ν. Therefore, from the stability theory in
optimization Hogan (1973) and the continuity of the KL divergence, m(w, ν) is continuous
at every ν when w is fixed.

F.4 Proof of Lemma 10

Proof The proof is similar to that of Lemma 9. The constraint
∑

x∈X ζxλa,x >
∑

x∈X ζxλ1,x

is invariant under the changes of w ∈ W and the KL divergence is continuous. From the
stability theory of Hogan (1973), m(w, ν) is continuous when ν is fixed.

F.5 Proof of Lemma 12

Proof Suppose wk does not converge to Φ(ν). Then, there exists ε > 0 such that for any
n1 ∈ N, there exists k ≥ n1 such that

inf
(wa,x)∈W̄

max
a,x
|w(k)

a,x − wa,x| ≥ ε.

Also, there exists C(ε) > 0 such that

max
w∈W

m(w, ν)− max
w∈W:inf(wa,x)∈W̄ maxa,x |w(k)

a,x−wa,x|≥ε

m(w, ν) ≥ C(ε). (10)

Let w∗ ∈ argmaxm(w, ν). We can find a constant ε2(C(ε)) > 0 such that for any n2 ∈
N, n2 ≥ n1, there exists k ≥ n2 such that

|max
w∈W

m(w, ν)− max
w∈W

m(w, νk)|

= |m(w∗, ν)−m(w∗, νk) +m(w∗, νk)− max
w∈W

m(w, νk)|

≥
∣∣∣∣|m(w∗, ν)−m(w∗, νk)| − |m(w∗, νk)− max

w∈W
m(w, νk)|

∣∣∣∣
(a)

≥ ε2(C(ε)),
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where for (a), we used (i) m(w∗, ν) → m(w∗, νk): from the continuity of m(w, ν) with
respect to ν for a fixed w (Lemma 9) with the convergence assumption of (νk)k≥1 and
(ii) |m(w∗, νk) − maxw∈W m(w, νk)| ≥ C(ε): from the optimality gap (10). Therefore,
maxw∈W m(w, νk) does not converge to maxw∈W m(w, ν); hence contradiction.

F.6 Proof of Lemma 13

Proof Take any (x∗a,x), (y
∗
a,x) ∈ Φ(ν) and any α ∈ [0, 1]. We have

m(α(x∗a,x) + (1− α)(y∗a,x), ν)

= inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

(αx∗a,x + (1− α)y∗a,x)kl(µa,x, λa,x)

≥ α inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

x∗a,xkl(µa,x, λa,x) + (1− α) inf
((λa,x),ζ)∈Alt(ν)

∑
x∈X

ζx

K∑
a=1

y∗a,xkl(µa,x, λa,x)

= max
w′∈W

m(w′, ν).

Hence, α(x∗a,x) + (1− α)(y∗a,x) ∈ Φ(ν). This concludes the proof.

Appendix G. Proofs for Sections 6.1–6.3 and the CTS Algorithm

G.1 Proof of Lemma 14

Our proof for the tracking lemma is inspired by that of D-tracking for linear bandits by
Jedra and Proutiere (2020). Let us denote by C what we want to track. For a sequence
that converges to C, in the following lemma, we show how to design a sampling rule so that
Na,x(t)

t also converges to C.

Lemma 27 (Tracking a set C) Let (w(t))t≥1 be a sequence taking values in W, such that
there exists a compact, convex and non empty subset C inW, there exists ε > 0 and t0(ε) ≥ 1
such that ∀t ≥ t0(ε), it holds that

min
w′∈C

max
a∈[K],x∈X

∣∣wa,x(t)− w′
a,x

∣∣ ≤ ε

Let g : N → R be a non-decreasing function that g(0) = 0, g(t)/t → 0 as t → ∞ and
∀n,m ≥ 1,

inf
{
n ∈ N : g(n) ≥ m

}
> inf

{
n ∈ N : g(n) ≥ m− 1

}
+K.

Define for every t′ ∈ {0, . . . , t − 1}, φg
x,t′ = {a : Na,x(t

′) < g(Nx(t
′))} and a sampling

rule as (5) Then for all a ∈ [K] and x ∈ X ,

Na,x(t) > g(Nx(t))− 1,
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and there exists t1(ε) ≥ t0(ε) such that ∀t ≥ t1(ε), Let D = |X |. Then,

min
w∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ 3(KD − 1)ε.

The proof of Lemma 27 is inspired by the proof of Lemma 3 in Antos et al. (2008),
Lemma 17 in Garivier and Kaufmann (2016), and Lemma 6 and Proposition 2 of Jedra and
Proutiere (2020). We show the proof of Lemma 27 as follows.
Proof We separately show that

Na,x(t) > g(Nx(t))− 1

and

min
w∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ 3(KD − 1)ε.

Proof of Na,x(t) > g(Nx(t))− 1. First, we justify that Na,x(t) > g(Nx(t))− 1.
For all m ∈ N, let us define

km = inf{n ∈ N : g(n) ≥ m},
Im = {km, . . . , km+1 − 1}.

From our assumptions on g, we have

|Im| > K,

m ≤ g(n) < m+ 1 ∀n ∈ Im.

We consider the following statement for all m ∈ N and for all x ∈ X :

for all t ∈ N such that Nx(t) ∈ Im,we have for all a ∈ [K], Na,x(t) ≥ m; (11)
for all t ∈ N such that Nx(t) ≥ km +K, we have φg

x,t = ∅ and Na,x(t) ≥ m+ 1.

If (11) holds for all m, then using that for all t and for all a ∈ [K],

Na,x(n) > g(Nx(t))− 1

because from the definitions of Im and km, for t such that

Nx(t) ∈ Im,

we have
Na,x(t) ≥ m > g(Nx(t))− 1.

Here, we used g(Nx(t)) ≥ m and g(Nx(t)) < m+ 1 from the definition of km.
We prove (11) by induction with respect to m ∈ N. First, we show the statement holds

for m = 0. For all t such that Nx(t) ∈ I0, it holds that for all a ∈ [K] and for all x ∈ X ,

φg
x,t = {a : 0 ≤ Na,x(t) < g(Nx(t)) < 1} = {a : Na,x(t) = 0}.
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Here, we used I0 = {k0, . . . , k1 − 1} with k0 = inf{n ∈ N : g(n) ≥ 0} and k1 = inf{n ∈
N : g(n) ≥ 1}. Therefore, for t such that Nx(t) ≥ K = k0 + K, we have Na,x(t) ≥ 1 and
φg
x,t = ∅. Thus, the statement holds for m = 0.

Suppose that for m = m′ ≥ 0, the statement is true; that is,

for all t ∈ N such that Nx(t) ∈ Im′ ,we have for all a ∈ [K], Na,x(t) ≥ m′;

for all t ∈ N such that Nx(t) ≥ km′ +K, we have φg
x,t = ∅ and Na,x(t) ≥ m′ + 1.

Then, we show the statement holds for m = m′ + 1. From the inductive hypothesis and
assumption km′+1 > km′ +K, since km′+1 − 1 ≥ km′ +K, it holds that for all a ∈ [K] and
for all x ∈ X ,

Na,x(km′+1 − 1) ≥ m′ + 1.

From the definition of Im′+1, for t such that Nx(t) ∈ Im′+1 = {km′+1, . . . , km′+2 − 1},
Na,x(t) ≥ Na,x(km′+1 − 1). Therefore,

Na,x(t) ≥ Na,x(km′+1 − 1) ≥ m′ + 1

Besides, for t such that Nx(t) ∈ Im′+1 and for all x ∈ X ,

m′ + 1 ≤ g(Nx(t)) < m′ + 2.

This leads to

φg
x,t = {a : m′ + 1 ≤ Na,x(t) < g(Nx(t)) < m′ + 2} = {a : Na,x(t) = m′ + 1}.

Then, At is chosen among this set while it is non empty. Therefore, for t such that Nx(t) ≥
km′+1 +K, it holds that for all a ∈ [K] and x ∈ X , φg

x,t = ∅ and Na,x(t) ≥ m′ + 2. Thus,
the statement (11) holds when m = m′ + 1.

Proof of minw∈C maxa∈[K],x∈X

∣∣∣Na,x(t)
t − 1

t

∑t
s=1 1[Xs = x]wa,x

∣∣∣ ≤ 3(KD − 1)ε. First,
the condition

min
w′∈C

max
a∈[K],x∈X

∣∣wa,x(t)− w′
a,x

∣∣ ≤ ε

for ∀t ≥ t0(ε) ensures that for large t,

min
w′∈C

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣ ≤ ε.

For all t ≥ 1, we define

ηa,x(t) =
1

t

t∑
s=1

1[Xs = x]wa,x(s).

Next, since C is non-empty and compact, we can define

w̃(t) = argmin
w†∈C

max
a∈[K],x∈X

∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]w†
a,x

∣∣∣∣∣ .
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Here, by convexity of C, there exists t′0(ε) ≥ t0(ε) such that ∀t ≥ t′0(ε), we can obtain the
following inequalities:

min
w†∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w†
a,x

∣∣∣∣∣ ≤ max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w̃a,x(t)

∣∣∣∣∣
(12)

and

max
a∈[K],x∈X

∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]w̃a,x(t)

∣∣∣∣∣ ≤ 2ε. (13)

The first result can be directly obtained from the definition. We show the second result.
To see that (13) holds, let us define for all t ≥ 1,

v(t) = argmin
w†∈C

max
a∈[K],x∈X

|wa,x(t)− w†
a,x|,

and observe that for all a ∈ [K] and x ∈ X , we have∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]va,x(s)

∣∣∣∣∣
=

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]va,x(s)

∣∣∣∣∣
≤ 1

t

t0∑
s=1

1[Xs = x] |wa,x(s)− va,x(s)|+
1

t

t∑
s=t0+1

1[Xs = x] |wa,x(s)− va,x(s)|

≤ t0(ε)

t
+

t− t0(ε)

t
ε.

Note that t0(ε) is defined in the statement. Thus if t ≥ t′0 =
t0(ε)
ε , then

max
a∈[K],x∈X

∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]va,x(s)

∣∣∣∣∣ ≤ 2ε.

Finally since the convexity of C leads to(
1

t

t∑
s=1

1[Xs = 1]v1(s), . . . ,
1

t

t∑
s=1

1[Xs = D]vD(s)

)⊤

∈ C,

it follows that ∀t ≥ t′0

max
a∈[K],x∈X

∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]w̃a,x(s)

∣∣∣∣∣ ≤ max
a∈[K],x∈X

∣∣∣∣∣ηa,x(t)− 1

t

t∑
s=1

1[Xs = x]va,x(s)

∣∣∣∣∣ ≤ 2ε.
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Thus, we showed that (13) holds. By using (12) and (13), we consider bounding the term

min
w∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ .
Let us define for a ∈ [K] and for all t ≥ 1,

Ea,x,t = Na,x(t)−
t∑

s=1

1[Xs = x]w̃a,x(t).

From (12), there exists t1 ≥ t′0(ε) such that for all t ≥ t1,

min
w∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ max
a∈[K],x∈X

∣∣∣∣Ea,x,t

t

∣∣∣∣ ,
Therefore, we consider bounding maxa∈[K],x∈X

∣∣∣Ea,x,t

t

∣∣∣. Since

K∑
a=1

∑
x∈X

Ea,x,t =

K∑
a=1

∑
x∈X

Na,x(t)−
K∑
a=1

∑
x∈X

t∑
s=1

1[Xs = x]w̃a,x(t) = t− t = 0

we have
sup
a,x
|Ea,x,t| ≤ (KD − 1) sup

a,x
Ea,x,t.

Then, for every a ∈ [K] and x ∈ X , we have Ea,x,t ≤ supa′∈[K] supx′∈X Ea′,x′,t and

Ea,x,t = −
∑

(a′,x′) ̸=(a,x)

Ea′,x′,t ≥ −
∑

(a′,x′ )̸=(a,x)

sup
a′,x′

Ea′,x′,t = −(KD − 1) sup
a′,x′

Ea′,x′,t .

Next, we give an upper bound on supa,xEa,x,t, for t large enough. Let t′0 ≥ t0 such that

∀t ≥ t′0, g(t) ≤ 2tϵ and 1/t ≤ ϵ .

We first show that for t ≥ t′0,

(At+1 = a) ⊆ (Ea,x,t ≤ 2tϵ) (14)

To prove this, we write
(At+1 = a) ⊆ E1 ∪ E2,

where

E1 =

(
a ∈ argmin

a∈[K]

(
Na,x(t)− t

t∑
s=1

1[Xs = x]wa,x(s)

))
E2 = (Na,Xt(t) ≤ g(Nx(t)))

This inclusion is immediate by construction. Therefore, we show that

E1 ∪ E2 ⊆ (Ea,x,t ≤ 2tϵ) .
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For the second case (E2), if Na,x(t) ≤ g(Nx(t)), we have

Ea,x,t ≤ g(Nx(t))−
t∑

s=1

1[Xs = x]wa,x(s) ≤ g(Nx(t)) ≤ g(t) ≤ 2tϵ,

by definition of t′0.
In the first case (E1), for t ≥ t0, we have

Ea,x,t = Na,x(t)−
t∑

s=1

1[Xs = x]w̃a,x(t)

= Na,x(t)−
t∑

s=1

1[Xs = x]wa,x(s) +
t∑

s=1

1[Xs = x]wa,x(s)−
t∑

s=1

1[Xs = x]w̃a,x(t)

≤ Na,x(t)−
t∑

s=1

1[Xs = x]wa,x(s) + 2tε

(
since max

a∈[K],x∈X

∣∣∣∣∣η(t), 1t
t∑

s=1

1[Xs = x]w̃(t)

∣∣∣∣∣ ≤ 2ε

)

≤ min
a∈[K]

(
Na,x(t)− t

t∑
s=1

1[Xs = x]wa,x(s)

)
+ 2tε (since E1 holds)

≤ 2tε.

where the last inequality holds because mina,xEa,x,t ≤ 0 holds from
∑K

a=1

∑
x∈X Ea,x,t = 0.

This proves (14).
Here, Ea,x,t satisfies Ea,x,t+1 = Ea,x,t + 1[At+1 = a,Xt+1 = x] − 1[Xs = x]w̃a,x(t + 1),

therefore, if t ≥ t′0,

Ea,x,t+1 ≤ Ea,x,t + 1[At+1 = a,Xt+1 = x]− 1[Xs = x]w̃a,x(t+ 1)

≤ Ea,x,t + 1[Ea,x,t ≤ 2tϵ]− 1[Xs = x]w̃a,x(t+ 1).

We now prove by induction that for every t ≥ t′0, we have

Ea,x,t ≤ max(Ea,x,t′0
, 2tϵ+ 1).

For t = t′0, this statement clearly holds. Let t ≥ t′0 such that the statement holds. If
Ea,x,t ≤ 2tϵ, we have

Ea,x,t+1 ≤ 2tϵ+ 1− w̃a,x(t+ 1) ≤ 2tϵ+ 1 ≤ max(Ea,x,t′0
, 2tϵ+ 1)

≤ max(Ea,x,t′0
, 2(t+ 1)ϵ+ 1).

If Ea,x,t > 2tϵ, the indicator is zero and

Ea,x,t+1 ≤ max(Ea,x,t′0
, 2tϵ+ 1)− w̃a,x(t+ 1) ≤ max(Ea,x,t′0

, 2(t+ 1)ϵ+ 1),

which concludes the induction.
For all t ≥ t′0, using that Ea,x,t′0

≤ t′0 and 1/t ≤ ϵ, it follows that

max
a∈[K],x∈X

∣∣∣∣Ea,x,t

t

∣∣∣∣ ≤ (KD − 1)max

(
2ϵ+

1

t
,
t′0
t

)
≤ (KD − 1)max

(
3ϵ,

t0
t

)
.
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Hence, as mentioned above, from (12), there exists t1 ≥ t′0(ε) such that for all t ≥ t1,

min
w∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ max
a∈[K],x∈X

∣∣∣∣Ea,x,t

t

∣∣∣∣ ≤ 3(KD − 1)ϵ,

which concludes the proof.

Then, we can prove Lemma 14 as follows.
Proof Let g(n) = (

√
n−K/2)+. Let ε′ = ε

3KD−1 > 0 and C = Φ(ν). First, by Lemma 13,
and Lemma 12, there exists ξ(ε′) > 0 such that for all ν ′ = ((µ′

a,x), (ζ
′
x)) such that

|µa,x − µ′
a,x| < ξ(ε′)

and
|ζx − ζ ′x| ≤ ξ(ε′),

we have

max
w∈Φ(ν′)

min
w′∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣ ≤ ε′/2.

From the law of large numbers, there exists t0(ε
′) ≥ 0 such that for all t ≥ t0(ε

′), we
have |µa,x − µ̂a,x(t)| ≤ ξ(ε′) and |ζx − ζ̂x(t)| ≤ ξ(ε′). Here, the ν̂(t) in the plug-in estimate
Φ(ν̂(t)) is ν̂(t) = ((µ̂a,x(t)), (ζ̂x(t))). The condition (4) states that

lim
t→∞

min
w′∈Φ(ν)

max
a∈[K],x∈X

∣∣wa,x(t)− w′
a,x

∣∣ = 0

almost surely. This guarantees that there exist t1 ≥ 1 such that for all t ≥ t1, we have

min
w′∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣ < ε′/2.

Now for all t ≥ max(t0(ε
′), t1), we have

min
w′∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣
≤ min

w′∈Φ(ν)
max

a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣
+ max

w∈Φ(ν̂(t))
min

w′∈Φ(ν)
max

a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣ < ε′.

Thus, we have shown that

min
w′∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣→ 0
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almost surely.
Next, we recall that by Lemmas 8 and 13, Φ(ν) is non empty, compact and convex.

Thus, applying the (strong) law of large numbers and Lemma 27 yields immediately that
with

P
(

min
w∗∈Φ(ν)

{
lim
t→∞

Na,x(t)

t
= ζxw

∗
a,x

})
= 1

Here, we used

min
w∗∈Φ(ν)

∣∣∣∣Na,x(t)

t
− p(x)w∗

a,x(t)

∣∣∣∣
= min

w∗∈Φ(ν)

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w∗
a,x(t) +

1

t

t∑
s=0

1[Xs = x]w∗
a,x(t)− p(x)w̃a,x(t)

∣∣∣∣∣
≤ min

w∗∈Φ(ν)

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w∗
a,x(t)

∣∣∣∣∣+
∣∣∣∣∣
{
1

t

t∑
s=0

1[Xs = x]− p(x)

}
w∗
a,x(t)

∣∣∣∣∣
≤ min

w∗∈Φ(ν)

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w∗
a,x(t)

∣∣∣∣∣+
∣∣∣∣∣1t

t∑
s=0

1[Xs = x]− p(x)

∣∣∣∣∣ ,
and for t ≥ t0(ε

′)

min
w∗∈C

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]w∗
a,x

∣∣∣∣∣ ≤ ε′

∥ζ − ζ̂t∥ ≤ ξ(ε′).

G.2 Proof of Theorem 15

We proceed similarly to Garivier and Kaufmann (2016). Introducing, for a, b ∈ [K], Ta,b :=
inf{t ∈ N : Za,b(t) > β(t, δ)}, we have

Pν(τδ <∞, âτδ ̸= a∗) ≤ Pν (∃a ∈ [K] \ {a∗},∃t ∈ N : Za,a∗(t) > β(t, δ))

≤
∑

a∈[K]\{a∗}

Pν(Ta,a∗ <∞) .

We show that if β(t, δ) = log(2t(K − 1)/δ) and µa < µb, then Pν(Ta,b < ∞) ≤ δ
K−1 . For

such a pair of arms, observe that on the event
{
Ta,b = t

}
time t is the first moment when

Za,b(t) exceeds the threshold β(t, δ), which implies by definition that

1 ≤ e−β(t,δ)maxξa≥ξb pξa
(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

)
maxξa≤ξb pξa

(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

) .
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It thus holds that

Pν(Ta,b <∞) =
∞∑
t=1

Pν(Ta,b = t) =
∞∑
t=1

Eν

[
1[Ta,b = t]

]
≤

∞∑
t=1

exp
(
− β(t, δ)

)
Eν

[
1 [Ta,b = t]

maxξa≥ξb pξa
(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

)
maxξa≤ξb pξa

(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

)]

≤
∞∑
t=1

exp
(
− β(t, δ)

)
Eν

[
1 [Ta,b = t]

maxξa≥ξb pξa
(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

)
pµa

(
Ra,x(t), X(t)

)
pµb

(
Rb,x(t), X(t)

) ]
.

We expand the expectation Eν

[
1 [Ta,b = t]

maxξa≥ξb
pξa

(
Ra,x(t),X(t)

)
pξb

(
Rb,x(t),X(t)

)
pµa

(
Ra,x(t),X(t)

)
pµb

(
Rb,x(t),X(t)

) ]
as fol-

lows:

Eν

[
1 [Ta,b = t]

maxξa≥ξb pξa
(
Ra,x(t), X(t)

)
pξb
(
Rb,x(t), X(t)

)
pµa

(
Ra,x(t), X(t)

)
pµb

(
Rb,x(t), X(t)

) ]
=

∑
rt∈{0,1}t

∑
at∈[K]t

∑
X(t)∈X t

1 [Ta,b = t] (rt, at, xt) max
ξa≥ξb

pξa
(
Ra,x(t) = rt, X(t) = xt

)
pξb
(
Rb,x(t) = rt, X(t) = xt

)
·

∏
c∈[K]\{a,b}

[
t∏

s=1

pµc

(
Rs,c = rs | Xs = xs

)
p(A1 = c | X1 = x1)

t∏
s=2

p(As = c | Xs = xs,Ωs−1)

]
1

p(X(t) = xt)

=
∑

rt∈{0,1}t

∑
at∈[K]t

∑
xt∈X t

1 [Ta,b = t] (rt, at, xt) max
ξa≥ξb

pξa
(
Ra,x(t) = rt | X(t) = xt

)
pξb
(
Rb,x(t) = rt | X(t) = xt

)
·

∏
c∈[K]\{a,b}

[
t∏

s=1

pµc

(
Rs,c = rs | Xs = xs

)
p(A1 = c | X1 = x1)

t∏
s=2

p(As = c | Xs = xs,Ωs−1)

]
p(X(t) = xt),

(15)

where rt denotes the sequence {rs}ts=1, at denotes the sequence {as}ts=1, xt denotes the
sequence {xs}ts=1, pµb

(
Rt,c = rt | Xt = xt

)
denotes the conditional density of rt given

xt Note that 1 [Ta,b = t] is a random variable depending on (Rt, At, X(t)), therefore, we
denote it as 1 [Ta,b = t] (rt, at, xt). For a vector x, let us introduce the Krichevsky-Trofimov
distribution

kt(x) =

∫ 1

0

1

π
√

u(1− u)
pu(x),

as defined in Lemma 11 of Garivier and Kaufmann (2016). Then, following the same pro-
cedure as Garivier and Kaufmann (2016), we bound (15) by
∞∑
t=1

2t exp
(
− β(t, δ)

) ∑
rt∈{0,1}t

∑
at∈[K]t

∑
xt∈X t

1 [Ta,b = t] (rt, at, xt)kt
(
Ra,x(t)

)
kt
(
Rb,x(t)

)
×

∏
c∈[K]\{a,b}

[
t∏

s=1

pµ′
c

(
Rs,c = rs | Xs = xs

)
p(A1 = c | X1 = x1)

t∏
s=2

p(As = c | Xs = xs,Ωs−1)

]
p(X(t) = xt)

=

∞∑
t=1

2t exp
(
− β(t, δ)

) ∑
rt∈{0,1}t

∑
at∈[K]t

∑
xt∈X t

1 [Ta,b = t] (rt, at, xt)I(rt, at, xt)p(X(t) = xt),

49



Kato and Ariu

where the partially integrated likelihood

I(rt, at, xt) = kt
(
Ra,x(t)

)
kt
(
Rb,x(t)

)
×

∏
c∈[K]\{a,b}

[
t∏

s=1

pµ′
c

(
Rs,c = rs | Xs = xs

)
p(A1 = c | X1 = x1)

t∏
s=2

p(As = c | Xs = xs,Ωs−1)

]

is the density of an alternative probability measure P̃, under which µa and µb are drawn from
a Beta(1/2, 1/2) distribution at the beginning of the sampling process. This is bounded as

≤
∞∑
t=1

2t exp
(
− β(t, δ)

) ∑
xt∈X t

P̃ (Ta,b = t) p(X(t) = xt)

≤ δ

K − 1

∞∑
t=1

P̃ (Ta,b = t) =
δ

K − 1
P̃ (Ta,b <∞) ≤ δ

K − 1
,

Thus, for any µa < µb, then Pν(Ta,b <∞) ≤ δ
K−1 . Therefore,

Pν(τδ <∞, âτδ ̸= a∗) ≤
∑

a∈[K]\{a∗}

Pν(Ta,a∗ <∞) ≤ K − 1
δ

K − 1
= δ.

Appendix H. Proofs for Section 6.4

H.1 Proof of Lemma 18

Proof In a Bernoulli bandit model, let E be an event such that

E =

{
∀a ∈ [K],∀x ∈ X , min

w∗∈Φ(ν)

∣∣∣∣ limt→∞

Na,x(t)

t
− ζxw

∗
a,x

∣∣∣∣ = 0, µ̂a,x(t)
t→∞→ µa,x,

Nx(t)

t

t→∞→ ζx

}
.

When considering a bandit model that belongs to a canonical one-parameter exponential
family, suppose that the true parameter ζx is given; that is, ζ̂x(t) = ζx. From the assumption
on the sampling strategy (see Lemma 14) and the law of large numbers, E is of probability
1. On E , there exists t0 such that for all t ≥ t0, µ̂1(t) > maxa̸=1 µ̂a(t) and

Z(t) = min
a̸=1

Z1,a(t)

= tmin
a̸=1

∑
x∈X

{
N1,x(t)

t

{
µ̂1,x(t) log

µ̂1,x(t)

1− µ̂1,x(t)
+ log(1− µ̂1,x(t))

}
+

Na,x(t)

t

{
µ̂a,x(t) log

µ̂a,x(t)

1− µ̂a,x(t)
+ log(1− µ̂a,x(t))

}
− N1,x(t)

t

{
µ̂1,x(t) log

ξ̃1,x(t)

1− ξ̃1,x(t)
+ log(1− ξ̃1,x(t))

}

− Na,x(t)

t

{
µ̂a,x(t) log

ξ̃a,x(t)

1− ξ̃a,x(t)
+ log(1− ξ̃a,x(t))

}}
.
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By continuity of m, there exists an open neighborhood N (ν, ε) of Φ(ν)×{µ}×{ζ} such
that for all (w′,µ′, ζ′) ∈ N (ν, ε), it holds that

m(w′, ν ′) ≥ (1− ε)m(w′, ν),

where where ν ′ = (µ′, ζ′), and w⋆ is some element in Φ(ν). Recall that the function m is
defined in Section 5.2 Now, observe that under the event E , there exists t1 ≥ t0 such that
for all t ≥ t1 it holds that ((µ̂a,x(t)), (ζ̂x(t))) ∈ N (ν, ε), thus for all t ≥ t0, it follows that

m((Na(t)/t)a∈[K] , ν̂t) ≥
1

1 + ϵ
m(w∗, ν),

where ν̂t = (µ̂t, ζ̂t). Therefore, on E , for all t ≥ t1,

Z(t) = tm((Na(t)/t)a∈[K] , µ̂t, ζ̂t) ≥
t

1 + ϵ
m(w∗, ν) =

t

(1 + ϵ)T ⋆(ν)
.

Consequently,

τδ = inf{t ∈ N : Z(t) ≥ β(t, δ)}
≤ t1 ∨ inf{t ∈ N : t(1 + ϵ)−1T ⋆(ν)−1 ≥ log(r(t)/δ)}
≤ t1 ∨ inf{t ∈ N : t(1 + ϵ)−1T ⋆(ν)−1 ≥ log(Ctα/δ)},

for some positive constant C. Using the technical Lemma 18 in Garivier and Kaufmann
(2016), it follows that on E , as α ∈ [1, e/2],

τδ ≤ t1 ∨ α(1 + ϵ)T ⋆(ν)

[
log

(
Ce((1 + ϵ)T ⋆(µ))α

δ

)
+ log log

(
C((1 + ϵ)T ⋆(ν))α

δ

)]
.

Thus τδ is finite on E for every δ ∈ (0, 1), and

lim sup
δ→0

τδ
log(1/δ)

≤ (1 + ϵ)αT ⋆(ν) .

Letting ϵ go to zero concludes the proof.

H.2 Proof of Theorem 19

This proof also mainly follows Garivier and Kaufmann (2016). We use the following propo-
sition from Garivier and Kaufmann (2016).

Proposition 28 (Lemma 18 of Garivier and Kaufmann (2016)) For every α ∈ [1, e/2],
for any two constants c1, c2 > 0,

x =
α

c1

[
log

(
c2e

cα1

)
+ log log

(
c2
cα1

)]
is such that c1x ≥ log(c2x

α).
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To ease the notation, we assume that the bandit model ν is such that µ1 > µ2 ≥ · · · ≥ µK .
Let ϵ > 0. From Lemma 12, there exists Υ = Υ(ϵ) ≤ (µ1 − µ2)/4 such that

Iµ,ϵ :=
∏
x∈X

(
[µ1,x −Υ, µ1,x +Υ]× [µ2,x −Υ, µ2,x +Υ]× · · · × [µK,x −Υ, µK,x +Υ]

)
,

Iζ,ϵ :=
∏
x∈X

[ζx −Υ, ζx +Υ]

satisfy that for all ν ′ ∈ Iµ,ϵ × Iζ,ϵ, for w′ ∈ Φ(ν ′),

min
w∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣1t
t∑

s=1

1[Xs = x]wa,x(s)−
1

t

t∑
s=1

1[Xs = x]w′
a,x

∣∣∣∣∣ ≤ ε.

In particular, whenever (µ̂a,x(t), ζ̂x)x∈X ∈ Iµ,ϵ × Iζ,ϵ, the empirical best arm is ât = 1.
Let T ∈ N and define h(T ) := T 1/4 and the event

ET (ϵ) =
T⋂

t=h(T )

(
(µ̂a,x(t), ζ̂x)x∈X ∈ Iµ,ϵ × Iζ,ϵ

)
.

The following proposition is a consequence of the proposed CTS algorithm, which ensures
that each arm is drawn at least of order

√
t times at round t.

Lemma 29 There exist two constants B,C (that depend on ν and ϵ) such that

Pν(EcT ) ≤ BT exp(−CT 1/8).

Using these ingredients, we prove Theorem 19.
Proof On the event ET , it holds for t ≥ h(T ) that ât = 1 and the Chernoff stopping statistic
rewrites

max
a∈[K]

min
b ̸=1

Z1,b(t) = min
a̸=1

Z1,a(t)

= tmin
a̸=1

∑
x∈X

{
N1,x(t)

t

{
µ̂1,x(t) log

µ̂1,x(t)

1− µ̂1,x(t)
+ log(1− µ̂1,x(t))

}
+

Na,x(t)

t

{
µ̂a,x(t) log

µ̂a,x(t)

1− µ̂a,x(t)
+ log(1− µ̂a,x(t))

}
− N1,x(t)

t

{
µ̂1,x(t) log

ξ̃1,x(t)

1− ξ̃1,x(t)
+ log(1− ξ̃1,x(t))

}

− Na,x(t)

t

{
µ̂a,x(t) log

ξ̃a,x(t)

1− ξ̃a,x(t)
+ log(1− ξ̃a,x(t))

}}

= tg

(
(µ̂a,x(t))x∈X , (ζ̂x(t))x∈X ,

(
Na,x(t)

t

)
a∈[K],x∈X

)
,
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where we introduce the function

g

(
(µ̂a,x(t))x∈X , (ζ̂x(t))x∈X ,

(
Na,x(t)

t

)
a∈[K],x∈X

)

= min
a̸=1

∑
x∈X

{
N1,x(t)

t

{
µ̂1,x(t) log

µ̂1,x(t)

1− µ̂1,x(t)
+ log(1− µ̂1,x(t))

}
+

Na,x(t)

t

{
µ̂a,x(t) log

µ̂a,x(t)

1− µ̂a,x(t)
+ log(1− µ̂a,x(t))

}
− N1,x(t)

t

{
µ̂1,x(t) log

ξ̃1,x(t)

1− ξ̃1,x(t)
+ log(1− ξ̃1,x(t))

}

− Na,x(t)

t

{
µ̂a,x(t) log

ξ̃a,x(t)

1− ξ̃a,x(t)
+ log(1− ξ̃a,x(t))

}}
.

From Lemma 27, there exists a constant for Tϵ such that the following inequality holds on
ET :

∀t ≥
√
T , min

w∈Φ(ν)
max

a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ 3(KD − 1)ε.

Then, we introduce
H∗

ϵ (ν) = inf
µ′
a,x:|µ′

a,x−µa,x|≤Υ(ϵ)

ζ′x:|ζ′x−ζx|≤Υ(ϵ)
w′

a,x:|w′
a,x−w∗

a,x|≤3(KD−1)ϵ

g(µ′,w′) ,

where

w∗ = argmin
w∈Φ(ν)

max
a∈[K],x∈X

∣∣∣∣∣Na,x(t)

t
− 1

t

t∑
s=1

1[Xs = x]wa,x

∣∣∣∣∣ ≤ 3(KD − 1)ε.

Here, on the event ET it holds that for every t ≥
√
T ,(

max
a∈[K]

min
b̸=a

Za,b(t) ≥ tH∗
ϵ (ν)

)
.

Let us defineT ≥ Tϵ. Then, on the event ET ,

min(τδ, T ) ≤
√
T +

T∑
t=

√
T

1 [τδ > t] ≤
√
T +

T∑
t=

√
T

1

[
max
a∈[K]

min
b̸=a

Za,b(t) ≤ β(t, δ)

]

≤
√
T +

T∑
t=

√
T

1 [tH∗
ϵ (ν) ≤ β(T, δ)] ≤

√
T +

β(T, δ)

H∗
ϵ (ν)

.

Introducing

T0(δ) = inf

{
T ∈ N :

√
T +

β(T, δ)

H∗
ϵ (ν)

≤ T

}
,
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for every T ≥ max(T0(δ), Tϵ), we have ET ⊆ (τδ ≤ T ), therefore

Pν (τδ > T ) ≤ P(EcT ) ≤ BT exp(−CT 1/8)

and

Eν [τδ] ≤ T0(δ) + Tϵ +
∞∑

T=1

BT exp(−CT 1/8) .

We now provide an upper bound on T0(δ). Let us define η > 0 and the constant

C(η) = inf{T ∈ N : T −
√
T ≥ T/(1 + η)}.

Then, we have

T0(δ) ≤ C(η) + inf

{
T ∈ N :

1

H∗
ϵ (ν)

log

(
r(T )

δ

)
≤ T

1 + η

}
≤ C(η) + inf

{
T ∈ N :

H∗
ϵ (ν)

1 + η
T ≥ log

(
Dt1+α

δ

)}
,

where the constant D is such that r(T ) ≤ DTα. By using Proposition 28, we obtain, for
α ∈ [1, e/2],

T0(δ) ≤ C(η) +
α(1 + η)

H∗
ϵ (ν)

[
log

(
De(1 + η)α

δ(H∗
ϵ (ν))

α

)
+ log log

(
D(1 + η)α

δ(H∗
ϵ (ν))

α

)]
.

The last upper bound yields, for every η > 0 and ϵ > 0,

lim sup
δ→0

Eν [τδ]

log(1/δ)
≤ α(1 + η)

H∗
ϵ (ν)

.

As η and ϵ go to zero, by continuity of g and by definition of w∗,

lim
ϵ→0

H∗
ϵ (ν) = T ⋆(ν)−1.

This yields

lim inf
δ→0

Eν [τδ]

log(1/δ)
≤ αT ⋆(ν) .

Appendix I. Proofs for Section 6.5

I.1 Proof of Theorem 21

Proof. Let U = ϕ(X) and fix any u ∈ [M ]. By the law of total probability and the
definition of µa,u,

P(Rt,a = 1 | Ut = u) = E
[
P(Rt,a = 1 | Xt) | Ut = u

]
= E

[
µa(Xt) | Ut = u

]
= µa,u.
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Therefore, conditional on Ut = u, the reward of arm a is Bernoulli with mean µa,u. Moreover,
letting ζu = P(Ut = u),

µa = E[µa(Xt)] =
M∑
u=1

P(Ut = u) E
[
µa(Xt) | Ut = u

]
=

M∑
u=1

ζu µa,u.

Hence the best arm defined by maximizing µa coincides with the best arm in the aggregated
finite-context instance νϕ = ((µa,u), (ζu)). Finally, Theorem 15 applies to νϕ and guarantees
that CTS run on the finite contexts (Ut) is δ-PAC. Since the recommendation is made
according to the same marginalized means µa, this implies δ-PAC for the original instance.

I.2 Proof of Lemma 22

Proof. Let ϕ : X → [M ] and ϕ′ : X → [M ′] be aggregations such that ϕ′ refines ϕ, i.e.,
there exists a map π : [M ′]→ [M ] with ϕ = π ◦ ϕ′. For u ∈ [M ], denote Su := π−1(u).

Write ζu := P(ϕ(X) = u) and ζ ′v := P(ϕ′(X) = v) for v ∈ [M ′]. Then ζu =
∑

v∈Su
ζ ′v.

For any arm a ∈ [K], recall that

µa,u := E[µa(X) | ϕ(X) = u] and µ′
a,v := E[µa(X) | ϕ′(X) = v].

By the tower property, for every u ∈ [M ],

µa,u =
∑
v∈Su

ζ ′v
ζu

µ′
a,v.

Fix any w = (wa,u)a∈[K], u∈[M ] ∈ W for the induced instance νϕ and define w′ =
(w′

a,v)a∈[K], v∈[M ′] ∈ W for νϕ′ by w′
a,v := wa,π(v). (In other words, w′ ignores the re-

finement.)
We show that m(w′, νϕ′) ≥ m(w, νϕ), where m(·, ·) is defined in Section 5.2. Fix any

a ̸= 1 and consider an arbitrary feasible pair (λ′
1,v, λ

′
a,v)v∈[M ′] satisfying the constraint∑

v∈[M ′] ζ
′
vλ

′
a,v =

∑
v∈[M ′] ζ

′
vλ

′
1,v. For each u ∈ [M ] and b ∈ {1, a}, define the corresponding

coarse parameters by

λb,u :=
∑
v∈Su

ζ ′v
ζu

λ′
b,v.

Then
∑

u∈[M ] ζuλa,u =
∑

u∈[M ] ζuλ1,u, so (λ1,u, λa,u)u∈[M ] is feasible for the inner minimiza-
tion that defines m(w, νϕ) for arm a.

Moreover, the KL divergence is jointly convex, hence for every u ∈ [M ] and b ∈ {1, a},

∑
v∈Su

ζ ′v
ζu

kl(µ′
b,v, λ

′
b,v) ≥ kl

( ∑
v∈Su

ζ ′v
ζu

µ′
b,v,

∑
v∈Su

ζ ′v
ζu

λ′
b,v

)
= kl(µb,u, λb,u).

Multiplying by ζuwb,u and summing over u yields∑
v∈[M ′]

ζ ′vw
′
b,vkl(µ

′
b,v, λ

′
b,v) =

∑
u∈[M ]

∑
v∈Su

ζ ′vwb,ukl(µ
′
b,v, λ

′
b,v) ≥

∑
u∈[M ]

ζuwb,ukl(µb,u, λb,u).
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Adding the inequalities for b = 1 and b = a shows that, for this fixed a and this feasible λ′,
the objective value in the inner minimization defining m(w′, νϕ′) is at least the corresponding
objective value for νϕ with the aggregated parameters λ. Since the inequality holds for every
feasible λ′, taking the minimum over λ′ yields that the inner minimum for νϕ′ (for arm a)
is at least that for νϕ (for the same arm a). Finally, taking the minimum over a ̸= 1 gives
m(w′, νϕ′) ≥ m(w, νϕ).

Since for every w ∈ W we have constructed w′ ∈ W satisfying m(w′, νϕ′) ≥ m(w, νϕ), we
obtain maxw′∈W m(w′, νϕ′) ≥ maxw∈W m(w, νϕ). Recalling that T ⋆(ν)−1 = maxw∈W m(w, ν),
we conclude that T ⋆(νϕ′) ≤ T ⋆(νϕ), as claimed.

I.3 Proof of Proposition 23.

Let Π be a finite measurable partition of X , and define the piecewise-constant mean functions

µΠ
a (x) := E

[
µa(X) | X ∈ B

]
, x ∈ B ∈ Π.

Denote by VΠ the instance with the same context distribution ζ and Bernoulli rewards with
conditional means (µΠ

a )a∈[K]. By construction, VΠ is equivalent to the aggregated finite-
context instance induced by Π (since, within each bin B, the reward distribution does not
depend on the exact context x ∈ B), and therefore T ⋆(VΠ) = T ⋆(Ṽ), where Ṽ is the induced
instance in Theorem 21.

Let ωa(r) := sup{|µa(x)−µa(y)| : x, y ∈ X , |x− y| ≤ r} be the modulus of continuity of
µa on the compact set X . Since each µa is uniformly continuous, ωa(r) → 0 as r ↓ 0. For
any x ∈ B ∈ Π, we have

|µΠ
a (x)− µa(x)| =

∣∣∣E[µa(X)− µa(x) | X ∈ B
]∣∣∣ ≤ sup

y∈B
|µa(y)− µa(x)| ≤ ωa

(
diam(B)

)
.

Consequently, letting
δ(Π) := max

a∈[K]
sup
x∈X
|µΠ

a (x)− µa(x)|,

we obtain δ(Π) ≤ maxa∈[K] ωa

(
maxB∈Π diam(B)

)
. For the nested sequence (Πm)m≥1 in

Proposition 23, define δm := δ(Πm); by assumption, δm → 0.
Let a⋆ = a⋆(V) and denote the marginal means by µa :=

∫
X µa(x) ζ(dx) and µ

(m)
a :=∫

X µΠm
a (x) ζ(dx). Then |µ(m)

a − µa| ≤ δm for all a ∈ [K]. Since a⋆(V) is unique, letting
∆ := µa⋆ − maxb̸=a⋆ µb > 0, we have a⋆(VΠm) = a⋆ for all sufficiently large m such that
δm ≤ ∆/4. For such m, the alternative set depends on V only through a⋆ (see the definition
of Alt(·) in Theorem 2), hence Alt(VΠm) = Alt(V).

Define the information rate I(·) := 1/T ⋆(·) as in Theorem 2:

I(U) := sup
w∈W

inf
(q,ζ)∈Alt(U)

K∑
a=1

∫
X
wa,xKL(pa,x, qa,x) ζ(dx).

Under our restriction that both the true means and the alternative means lie in [η, 1−η], we
have KL(pa,x, qa,x) = d(µa(x), νa(x)) where d(·, ·) is the Bernoulli KL divergence. Moreover,
d(p, q) is continuously differentiable on the compact set [η, 1− η]2, and thus

Lη := sup
p,q∈[η,1−η]

∣∣∣ ∂∂pd(p, q)∣∣∣ <∞.
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It follows that |d(p, q)− d(p′, q)| ≤ Lη|p− p′| for all p, p′, q ∈ [η, 1− η].
Fix w ∈ W and (q, ζ) ∈ Alt(V). For all sufficiently large m (so that Alt(VΠm) = Alt(V)),

using |µΠm
a (x)− µa(x)| ≤ δm and

∑K
a=1wa,x = 1, we obtain∣∣∣∣∣

K∑
a=1

∫
wa,xKL(pΠm

a,x , qa,x) ζ(dx)−
K∑
a=1

∫
wa,xKL(pa,x, qa,x) ζ(dx)

∣∣∣∣∣ ≤ KLηδm,

where pΠm
a,x = Bern(µΠm

a (x)) and pa,x = Bern(µa(x)). Taking the infimum over (q, ζ) ∈
Alt(V) and then the supremum over w ∈ W yields

|I(VΠm)− I(V)| ≤ KLηδm −−−−→
m→∞

0.

Hence T ⋆(VΠm) = 1/I(VΠm)→ 1/I(V) = T ⋆(V), and recalling T ⋆(VΠm) = T ⋆(Ṽ(m)) proves
the first claim of Proposition 23.

Finally, fix ε > 0 and choose mε such that T ⋆(Ṽ(mε)) ≤ T ⋆(V) + ε. By Theorem 19
applied to the fixed finite-context instance Ṽ(mε), we have

lim sup
δ→0

EV [τδ]

log(1/δ)
= lim sup

δ→0

EṼ(mε) [τδ]

log(1/δ)
≤ T ⋆(Ṽ(mε)) ≤ T ⋆(V) + ε,

where we used that the interaction induced by CTS depends on the original contexts only
through their bin indices, so its distribution under V coincides with that under Ṽ(mε).

Appendix J. Details of Experiments

J.1 Calculation of an Optimal Weight

To update the allocation w(t), we need to solve the minimax optimization problem defined
in (3). Unlike Garivier and Kaufmann (2016), we do not have an analytical solution for
this problem. Therefore, we solve this problem numerically, using sequential quadratic pro-
gramming. In our experiments, we use the sequential least squares programming (SLSQP)
algorithm implemented in the optimize.minimize method of scipy, which is a Python li-
brary. Note that Garivier and Kaufmann (2016) used only the bisection method for the
numerical optimization with the help of the analytical solution of the inner optimization in
La,b(·). Unlike Garivier and Kaufmann (2016), in our case, errors of optimization affect the
results more.

J.2 Environment of Experiments

All experiments were conducted on a MacBook Pro with a 2.8 GHz quad-core Intel Core
i7. We use Python. The version of Python is 3.7.5, and the version of SciPy is 1.4.1. To
reduce the computational load, w is updated once every 10 trials. This is an asymptotically
negligible heuristic.

J.3 Experimental Settings and Additional Results with Bernoulli bandit
models

In all experiments with Bernoulli bandit models, we assume that there exist two contexts
Xt ∈ {1, 2} and each context is drawn with probability 0.5.
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Table 2: Additional Bernoulli simulations (known-allocation baseline). For each instance,
we report the mean and median stopping time (with interquartile range, IQR).
In all settings below, the empirical error count was 0 out of the nruns = 10 trials
(δ = 0.05).

Instance K |X | TS (known allocation) CTS (known allocation) Error

I1 (Fig. 3) 4 2 21301.0 (20302; 17967–23640) 9292.2 (9700; 8411–10198) 0/10
I2 (heterogeneous) 4 2 471.9 (544; 333–589) 329.7 (338; 242–399) 0/10

We conduct three additional experiments with different settings from the one in Section 7.
For the Bernoulli bandit model, we consider a situation where the marginalized mean rewards
are {µ1, µ2, µ3, µ4} = {0.5, 0.45, 0.43, 0.4}, which is the same as one of the scenarios used
in Garivier and Kaufmann (2016). Suppose that for each context, the conditional mean
rewards are given as {µ1,1, µ2,1, µ3,1, µ4,1} = {0.5, 0.01, 0.4, 0.01} and {µ1,2, µ2,2, µ3,2, µ4,2} =
{0.5, 0.89, 0.46, 0.79}. We show the evolutions of the GLRT statistic in Figure 4. As well
as the result shown in Section 7, the CTS algorithm achieves a smaller sample complexity
than TS. However, the variance is larger than the case discussed in Section 7. We believe
that this is due to the gaps between the mean rewards are smaller than in the previous case
and to the errors of the estimation/optimization affect the results more.

Next, we consider another scenario:

{µ1, µ2, µ3, µ4} = {0.3, 0.21, 0.2, 0.19}
{µ1, µ2, µ3, µ4} = {0.5, 0.45, 0.43, 0.4},

which are the same as Garivier and Kaufmann (2016) and our previous experiments. For each
setting, we use the same conditional mean rewards as {µ1,1, µ2,1, µ3,1, µ4,1} = {0.5, 0.2, 0.2, 0.1}.
The counterparts and {µ1,2, µ2,2, µ3,2, µ4,2} for

{µ1, µ2, µ3, µ4} = {0.3, 0.21, 0.2, 0.19}

and
{µ1, µ2, µ3, µ4} = {0.5, 0.45, 0.43, 0.4}

are {µ1,2, µ2,2, µ3,2, µ4,2} = {0.1, 0.22, 0.2, 0.28} and {µ1,2, µ2,2, µ3,2, µ4,2} = {0.5, 0.7, 0.66, 0.7},
respectively. Compared to these cases, the previous experiments take more extreme values
of the conditional mean rewards. Therefore, in the current setting, we expect the differ-
ence between the results of track-and-stop and contextual track-and-stop to be less than in
the previous ones. We show the value of the GLRT statistic in Figure 5. As we expect,
improvement is limited in this case.

Additional Bernoulli instances. To complement Figure 3, Table 2 reports stopping
times on two Bernoulli instances with K = 4 arms and |X | = 2 contexts. We report the
mean stopping time, the median, and the interquartile range (IQR) over 10 independent runs
at δ = 0.05. For this table we used fixed sampling proportions w⋆ (computed from the true
instance) for both TS and CTS to isolate the gain from exploiting contextual information.
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Figure 4: This graph illustrates the maximum GLRT statistic maxa∈[K]minb∈[K]\{a} Za,b(t).
The solid line represents the averaged value over 20 trials, and the light-colored
area shows the values between the first and third quartiles.

Figure 5: This graph illustrates the maximum GLRT statistic maxa∈[K]minb∈[K]\{a} Za,b(t).
The left figure shows when {µ1, µ2, µ3, µ4} = {0.3, 0.21, 0.2, 0.19} is given. The
right figure shows the results when {µ1, µ2, µ3, µ4} = {0.5, 0.45, 0.43, 0.4} is given.
The solid line represents the averaged value over 20 trials, and the light-colored
area shows the values between the first and third quartiles.

We also ran a light-weight plug-in version that recomputes the sampling proportions
infrequently (every 1000 rounds for TS and every 2000 rounds for CTS). On instance I1 this
yielded mean stopping times 3334 (TS) and 2693 (CTS) over 10 runs, suggesting that the
contextual gain persists when the sampling proportions are estimated online.

J.4 Additional Results for Plug-in α-elimination with Gaussian Rewards

A plug-in variant with unknown correlations and variances. The analysis of Sec-
tion 3 assumes that the correlations and variances needed to form the control-variate esti-
mator are known. In practice, these nuisance parameters can be estimated online from the
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Table 3: Gaussian plug-in α-elimination. For each setting, we report the mean and median
stopping time (with interquartile range, IQR). Empirical error rates over nruns =
300 trials (δ = 0.05) were 0% (known-nuisance baseline) and 3.3%, 2.7%, 3.3%
(plug-in) for (G1, G2, G3), respectively.

Setting
Known-nuisance baseline

mean (median; IQR)
Plug-in

mean (median; IQR)

G1 39 (37; 25–52) 24 (12; 6–34)
G2 14 (13; 8–17) 10 (7; 6–11)
G3 64 (60; 44–83) 34 (17; 7–55)

observed pairs (Xt, Rt,At), for example by least-squares regression of Rt,a on Xt using only
the data collected when arm a is pulled. To assess the resulting behavior, we implemented a
plug-in variant that (i) estimates the control-variate coefficient for each arm by least squares,
(ii) estimates the residual variance σ′2

a by the sample variance of the residuals, and (iii) uses
the estimated residual standard deviations to form α̂t and a D-tracking style sampling rule
targeting the proportion α̂t.

Gaussian settings (G1–G3). We consider a scalar context Xt ∼ N (0, 1) and two arms
with rewards

Rt,a = µa + ρaXt +
√

1− ρ2a εt,a, εt,a ∼ N (0, 1) i.i.d.

so that Var(Rt,a) = 1, the optimal control-variate coefficient equals β⋆
a = ρa, and the

residual variance after control variates is (σ′
a)

2 = 1 − ρ2a. We set (µ1, µ2) = (1, 0) and use
G1: (ρ1, ρ2) = (0.9, 0.1), G2: (0.9, 0.9), G3: (0.5,−0.5). In the plug-in implementation,
we avoid the ill-posed regression regime with Nt,a ≤ 2 (0 degrees of freedom for estimating
(σ′

a)
2 with an intercept+slope regression) by using a conservative baseline variance estimate

and by starting to apply the stopping rule only once each arm has at least three samples.
Note that the plug-in variant can stop earlier than the known-nuisance baseline in these

simulations. This is not a contradiction: the “known-nuisance baseline” column refers to
the same α-elimination procedure with nuisance parameters known (not an information-
theoretic lower bound), and the theoretical exploration rate β(t, δ) is conservative. Moreover,
the plug-in widths rely on estimated nuisance quantities and do not explicitly account for
the additional uncertainty from estimating the regression coefficient. Hence, the plug-in can
behave more aggressively and stop earlier, at the cost of a slightly higher empirical error
(which is still close to the target level δ in Table 3).

J.5 Discussion and Future Work: Towards δ-PAC Plug-in Variants

The plug-in variants above are practically motivated heuristics, and we do not claim that
they satisfy the δ-PAC guarantee. A natural direction to endow such plug-in methods with
guarantees is to replace point estimates of nuisance quantities by anytime-valid confidence
sequences and to inflate the elimination thresholds to hold uniformly over these confidence
sets. For example, in the Gaussian setting one can run online regression to estimate the
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nuisance parameters and combine (i) a time-uniform confidence ellipsoid for regression coef-
ficients (via self-normalized martingale bounds) with (ii) an anytime confidence sequence for
the noise variance (e.g., empirical-Bernstein or t-type bounds for unknown variance). Elimi-
nation can then be performed using confidence widths computed for the worst case over the
resulting confidence sets, yielding a principled (albeit conservative) δ-PAC plug-in proce-
dure. Extending this idea beyond parametric regression—e.g., to kernel regression / kernel
density plug-in approaches—would require time-uniform confidence bands for the estimated
conditional mean (and possibly the context density), which is an interesting direction for
future work.

61


	Introduction
	General Non-Asymptotic Lower Bounds
	Two-armed Gaussian Bandits with Continuous Context
	Lower Bound with Finite Contexts
	Optimal Allocation in Contextual BAI with Finite Contexts
	Simplification of the Lower Bound
	Characteristics of the Lower Bound
	Efficiency Gain

	Contextual Track-and-Stop Algorithm
	Sampling Rule
	Threshold in the Stopping Rule
	Stopping Rule for a Canonical One-parameter Exponential Family and Known Contextual Distribution
	Sample Complexity Analysis
	General Context Spaces via Context Aggregation (Bernoulli Rewards)

	Simulation Studies
	Simulation Studies of the alpha-elimination algorithm
	Simulation Study of the CTS algorithm

	Conclusion
	Notations, Terms, and Abbreviations
	Proof of Lemma 6
	Proof of Theorem 5
	Proof of Theorem 2
	Proofs for Section 3 and alpha-Elimination Algorithm with Contextual Information
	TEXT-Elimination Algorithm with Contextual Information
	Proof of Theorem 3
	Proof of Theorem 4

	Proofs for Section 5
	Proof of Lemma 7
	Proof of Lemma 8
	Proof of Lemma 9
	Proof of Lemma 10
	Proof of Lemma 12
	Proof of Lemma 13

	Proofs for Sections 6.1–6.3 and the CTS Algorithm
	Proof of Lemma 14
	Proof of Theorem 15

	Proofs for Section 6.4
	Proof of Lemma 18
	Proof of Theorem 19

	Proofs for Section 6.5
	Proof of Theorem 21
	Proof of Lemma 22
	Proof of Proposition 23.

	Details of Experiments
	Calculation of an Optimal Weight
	Environment of Experiments
	Experimental Settings and Additional Results with Bernoulli bandit models
	Additional Results for Plug-in alpha-elimination with Gaussian Rewards
	Discussion and Future Work: Towards delta-PAC Plug-in Variants


