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ABSTRACT

We investigate the problem of fixed-budget best arm identification (BAI) for
minimizing expected simple regret. In an adaptive experiment, a decision-maker
draws one of multiple arms based on past observations and observes the outcome
of the drawn arm. At the end of the experiment, the decision-maker recommends
an arm with the highest expected outcome. We evaluate the decision based on the
expected simple regret, which is the difference between the expected outcomes of
the best arm and the recommended arm. Due to inherent uncertainty, we consider
the worst-case analysis for the expected simple regret. First, we derive asymptotic
lower bounds for the worst-case expected simple regret, which are characterized by
the variances of potential outcomes (leading factor). Based on the lower bounds,
we propose the Adaptive-Sampling (AS)-Augmented Inverse Probability Weighting
(AIPW) strategy, which utilizes the AIPW estimator in recommending the best
arm. Our theoretical analysis shows that the AS-AIPW strategy is asymptotically
minimax optimal, meaning that the leading factor of its worst-case expected simple
regret matches our derived worst-case lower bound. Finally, we validate the
proposed method’s effectiveness through simulation studies. To improve efficiency,
we also discuss the use of contextual information as a generalization of the standard
BALI, though our result holds novelty even without contextual information.

1 INTRODUCTION

We consider adaptive experiments with multiple arms, such as slot machine arms, different therapies,
and distinct unemployment assistance programs. Rather than performing hypothesis testing or
estimating the expected outcomes, our focus is on identifying the best arm, which is an arm with the
highest expected outcome. This task is known as the best arm identification (BAI) and is a variant of
the stochastic multi-armed bandit (MAB) problem (Thompson, 1933; Lai & Robbins, 1985). In this
study, we investigate fixed-budget BAI, where we aim to minimize the expected simple regret after an
adaptive experiment with a fixed number of rounds, known as a budget (Bubeck et al., 2009; 2011).

In each round of our experiment, a decision-maker sequentially draws one of the arms based on past
observations and immediately observes a corresponding outcome of the drawn arm generated from a
bandit model. At the end of the experiment, the decision-maker recommends an estimated best arm
at the end of the experiment. The decision-maker decides its action following a strategy. We measure
the performance of the strategy using the expected simple regret, which is the difference between the
maximum expected outcome that could be achieved with complete knowledge of the distributions
and the expected outcome of the arm recommended by the strategy. Due to the inherent uncertainty,
we evaluate the performance under the worst-case criterion among a given class of bandit models.

For bandit models with finite variances, we derive worst-case lower bounds for the expected simple
regret. The lower bounds’ leading factors are characterized by the variances of potential outcomes.
We then propose the Adaptive-Sampling (AS)-Augmented Inverse Probability Weighting (AIPW)
strategy and show that it is asymptotically minimax optimal, meaning that the leading factor of its
worst-case expected simple regret matches that of the lower bound.

Bubeck et al. (2011) derives worst-case lower bounds for the expected simple regret under bandit
models with bounded supports. Their lower bounds only rely on the boundedness of the bandit
models and do not depend on any other distributional information. This study derives lower bounds
that depend on the variances of the bandit models, which means that we use more distributional
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information. Our lower bounds are based on change-of-measure arguments with the Kullback-Leibler
(KL) divergence, which has been used to derive tight lower bounds in existing studies (Lai & Robbins,
1985; Kaufmann et al., 2016). Note that the variance appears as the second-order expansion of the
KL divergence where the gaps between the expected outcomes of best and suboptimal arms are zero.

In BALI, the proportion of times each arm is drawn plays a critical role, referred to as a target allocation
ratio. In many settings, target allocation ratios do not have closed-form solutions. However, in our
case, we derive analytical solutions for several specific cases characterized by the standard deviations
or variances of the outcomes. When there are only two arms, the target allocation ratio is the ratio
of the standard deviation of outcomes. When there are three or more arms without contextual
information, the target allocation ratio is the ratio of the variance of outcomes.

This result contrasts with the findings of Bubeck et al. (2011), which reports that a strategy drawing
each arm with an equal ratio and recommending an arm with the highest sample average of observed
outcomes is minimax optimal for bandit models with bounded outcome supports. In contrast, our
results suggest drawing arms based on the ratio of the standard deviations or variances of outcomes.
This difference stems from the use of distributional information (variances) in experimental design.

Furthermore, to improve efficiency, we additionally consider a scenario where a decision-maker
can observe contextual information before drawing an arm. Unlike in the conventional contextual
bandits, our goal still lies in the identification of the arm with the highest unconditional expected
outcome rather than the conditional expected outcome. This setting is motivated by the goals of
average treatment effect (ATE) estimation (van der Laan, 2008; Hahn et al., 2011) and BAI with
fixed confidence and contextual information (Russac et al., 2021; Kato & Ariu, 2021). Our findings
indicate that utilizing contextual information can reduce the expected simple regret, even if our focus
is on the unconditional best arm. Note that this setting is a generalization of fixed-budget BAI without
contextual information, and our result holds novelty even in the absence of contextual information.

In summary, our contributions include (i) lower bounds for the worst-case expected simple regret; (ii)
analytical solutions for the target allocation ratios, characterized by the variances of the outcomes;
(iii) the AS-AIPW strategy; (iv) asymptotic minimax optimality of the AS-AIPW strategy; These
findings contribute to a variety of subjects, including statistical decision theory, in addition to BAL

Organization. Section 2 formulates our problem. Section 3 establishes lower bounds for the worst-
case expected simple regret and a target allocation ratio. In Section 4, we introduce the AS-AIPW
strategy. Then, Section 5 presents the upper bounds with its asymptotic minimax optimality. Finally,
we introduce related work in Section 6 and Appendix A. Open problems are discussed in Appendix J.

2 PROBLEM SETTING

We investigate the following setup. Given a fixed number of rounds 7, referred to as a budget, in
eachroundt = 1,2,...,T, adecision-maker observes a contextual information (covariate) X; € X
and draws arm A; € [K] = {1,2,..., K}. Here, ¥ C R” is a space of contextual information’.
The decision-maker then immediately observes an outcome (or reward) Y; linked to the drawn arm
A;. This setting is referred to as the bandit feedback or Neyman-Rubin causal model (Neyman,
1923; Rubin, 1974), in which the outcome inround tis Y; = €[K] 1[A; = a]Y?, where Y, € R

is a potential independent (random) outcome, and Y;', Y;2, ..., Y,X are conditionally independent
given X;. We assume that X; and Y;* are independent and identically distributed (i.i.d.) over
te[T)={1,2,...,T}. Our goal is to find an arm with the highest expected outcome marginalized
over the contextual distribution of X; with a minimal expected simple regret after the round 7.

We define our goal formally. Let P be a joint distribution of (Y1, Y2 ... Y& X), and
(YL V2 ... ,VE X;)beaniid. copyof (Y1, Y2 ... YE X)inround t. We refer to the distri-
bution of the potential outcome (Y!, Y2 ..., Y ¥ X) a full-data bandit model (Tsiatis, 2007). For
a given full-data bandit model P, let Pp and Ep denote the probability law and expectation with
respect to P, respectively. Besides, let u®(P) = Ep[Y;*] denote the expected outcome marginalized
over X. Let P denote the set of all P. An algorithm in BAI is referred to as a strategy. With the
sigma-algebras F; = o(X1, A1, Y1,..., Xy, Ay, Yy), we define a strategy as a pair ((A¢)¢eir), ar),
where (A;)¢c[7) is a sampling rule and @7 € [K] is a recommendation rule. Following the sampling

'BAI without contextual information corresponds to a case where X’ is a singleton.
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rule, the decision-maker draws arm A; € [K] in each round ¢ based on the past observations F;_; and
observed context X;. Following the recommendation rule, the decision-maker returns an estimator
ar of the best arm a*(P) := arg max, ¢ 1% (P) based on observations up to round 7'. Here, A; is
Fi-measurable, and ar is Fp-measurable. For a bandit model P € P and a strategy 7 € II, let us
define the simple regret as 77 (P)(7) := max,e(x] u*(P) — p®* (P). Our goal is to find a strategy
that minimizes the expected simple regret, defined as

Ep[rr(P)(m)] = Ep | max p*(P) — uaT(P)} = > AP Pp (a7 = b) ;M
a€[K] —_——
be[K] gap probability of misidentification
where A%(P) is a gap maxye ) p°(P) — p(P) = 1@ (P)(P) — pu®(P), and the expectation is taken
over the randomness of ar € [K] and PCPisa specific class of bandit models.

With this objective, we first derive the worst-case lower bounds for the expected simple regret in
Section 3. Then, we propose an algorithm in Section 4 and show the minimax optimality in Section 5.

Notation. Let 1% (P)(z) := Ep[Y*|X = ] be the conditional expected outcome given z € X for
a € [K]. Similarly, we define v*(P)(x) := Ep[(Y*)?|X = z] and v*(P) = Ep[v*(P)(X)].
Let (0%(P)(x))? and (0%(P))? be the conditional and unconditional variances of Y,%; that is,
(0%(P)(x))? = v*(P)(x) — (n*(P)(x))? and (¢%(P))? = v*(P) — (u*(P))?. For all P € P* and
a € [K], let P be the joint distributions of (Y%, X).

3 LOWER BOUNDS FOR THE WORST-CASE EXPECTED SIMPLE REGRET

This section presents lower bounds for the worst-case expected simple regret. In Eq. (1), for each
fixed P € P, the probability of misidentification Pp (ET ¢ arg max,e (g 1% ( P)) converges to
zero with an exponential rate, while A®" (P) is the constant. Therefore, we disregard A%T (P),

and the convergence rate of Pp (GT ¢ arg mMax, (k] ,ua(P)) dominates the expected simple regret.

In this case, to evaluate the convergence rate of Pp (6T ¢ arg max,c(x| u“(P)), we utilize large

deviation upper bounds. In contrast, if we examine the worst case among P, which includes a bandit
model such that the gaps between the expected outcomes converge to zero with a certain order of
the sample size 7', a bandit model P whose gaps converge to zero at a rate of O(1/+/T') dominates
the expected simple regret. For the gap A’(P), the worst-case simple regret is approximately given

2
by suppes Ep[rr(P)(m)] & suppes >ope (k] AP(P)exp < — T (A*(P)) /C’b>, where (C?)pe )
are constants. Then, the maximum is obtained when A®(P) = 4/ %b for a constant C? > 0, which
balances the regret caused by the gap A®(P) and probability of misidentification Pp (G = b).

3.1 RECAP: LOWER BOUNDS FOR BANDIT MODELS WITH BOUNDED SUPPORTS

Bubeck et al. (2011) shows a (non-asymptotic) lower bound for bandit models with a bounded support,
where a strategy with the uniform sampling rule is optimal. Let us denote bandit models with bounded

outcomes by P01 where each potential outcome Y;* is in [0, 1]. Then, the authors show that for all
T > K > 2, any strategy 7 € II satisfies sup p¢ pro.1y Ep[rr(P) ()] > %
lower bound, the authors show that a strategy with the uniform sampling rule and empirical best arm
(EBA) recommendation rule is optimal, where we draw A; = a with probability 1/K for all a € [K]
and ¢t € [T] and recommend an arm with the highest sample average of the observed outcomes,
which is referred to as the uniform-EBA strategy. Under the uniform-EBA strategy 7 Uniform-EBM

Klog K
T+K °

%. For this worst-case

the expected simple regret is bounded as sup pepioy Ep [rp (7Uniform-EBM) (p)] < 2
Thus, the upper bound matches the lower bound if we ignore the log K and constant terms.
Although the uniform-EBA strategy is nearly optimal, a question remains whether, by using more

distributional information, we can show tighter lower bounds or develop more efficient strategies. As
the lower bound in Bubeck et al. (2011) is referred to as a distribution-free lower bound, the lower
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bound does not utilize distributional information, such as variance. In this study, although we still
consider the worst-case expected simple regret, we develop lower and upper bounds depending on
distributional information.

Specifically, we characterize the bounds by the variances of outcomes. Recall that the worst-case
expected simple regret is dominated by an instance of a bandit model with A%(P) = O(1/V/T).
Here, also recall that tight lower bounds are derived from the KL divergence (Lai & Robbins,
1985; Kaufmann et al., 2016), whose second-order Taylor expansion with respect to the gap A%(P)
corresponds to the variance (inverse of the Fisher information). Therefore, the tight lower bounds
employing distributional information in the worst-case expected simple regret should be characterized
by the variances (the second-order Taylor expansion of the KL divergence). In the following sections,
we consider worst-case lower bounds characterized by the variances of bandit models.

3.2 LocAL LOCATION-SHIFT BANDIT MODELS

In this section, we derive asymptotic lower bounds for the worst-case expected simple regret. To
derive lower bounds, we often utilize an alternative hypothesis. We consider a bandit model whose
expected outcomes are the same among the K arms. We refer to it as the null bandit model.

Definition 3.1 (Null bandit models). A bandit model P € P is called a null bandit model if the
expected outcomes are equal: p!(P) = pu?(P) = --- = u(P).

Then, we consider a class of bandit models with a unique fixed variance for null bandit models, called
local location-shift bandit models. Furthermore, we assume that potential outcomes are conditionally
sub-Gaussian, and their parameters are bounded. We define our bandit models as follows.

Definition 3.2 (Local location-shift bandit models). A class of bandit models P* are called local
location-shift bandit models if it contains all bandit models that satisfy the following conditions:

(i) Absolute continuity. For all P,Q € P* and a € [K], P* and Q% are mutually absolutely
continuous and have density functions with respect to some reference measure.

(ii) Invariant contextual information. For all P € P*, the distributions of contextual information
X are the same. Let EX be an expectation operator over X and ((z) be the density of X.

(iii) Unique conditional variance. All null bandit models P* € P* (u'(P%) = p?(P*) = --- =
MK (Pﬁ)) have the unique conditional variance; that is, for all P! € P*, there exists an universal

constant 0% () > C such that for all P* € P*, (Ua(Pﬁ)(:L’))Q = (0*(x))” holds.

(iv) Bounded moments. There exist known universal constants 0 < C' < C < oo such that for all
PeP*ac[Kl,andx € X, |p*(P)(z)| < Cand C < ¢*(P)(z) < C hold.

(v) Parallel shift. There exists an universal constant C' > 0, independent from P, such that for all
PeP*zeX,anda,b€ K], |(u*(P)(z) — p*(P)(z))| < C|u*(P) — ub(P)|.

(vi) Continuity. For all o € [K], z € X, and a null bandit model P¥ € P*, lim,, .. (6°(P,)(z))’
— (¢*(x))” holds for a sequence of bandit models { P,, } such that lim,, o0 pu®(P,)(z) = p®(P?)(x).

Our lower bounds are characterized by 0%(x), a conditional variance of null bandit models.

Local location-shift models are a common assumption in statistical inference (Lehmann & Casella,
1998). A key example are Gaussian and Bernoulli distributions. Under Gaussian distributions with
fixed variances, for all P, the variances are fixed, and only mean parameters shift. Such models are
generally called location-shift models. Additionally, we can consider Bernoulli distributions if P*
includes one instance of ;' (P) = - -- = pu (P) to specify one fixed variance 0% (z). Furthermore,
our bandit models are nonparametric within the class and include a wider range of bandit models,
similar to the approach of Hahn et al. (2011) and Barrier et al. (2022).

In (iv), we assume that there are known constants 0 < C < C < oo. They are introduced for
technical purposes in theoretical analysis. In application, we set a sufficiently large value for C
and a sufficiently small value for C. Note that the lower boundedness of ¢%(P)(x) is assumed for
sampling each arm with a positive probability and the constant C' plays a role similar to the forced
sampling (Garivier & Kaufmann, 2016) and the parameter 3 in top-two sampling (Russo, 2020) for
fixed-confidence BAI. Thus, in BAI, we usually assume the existence of such constants.
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When contextual information is unavailable, condition (v) can be omitted. Although condition (v)
may seem restrictive, its inclusion is not essential for achieving efficiency gains through the utilization
of contextual information; that is, the upper bound can be smaller even when this condition is not met.
However, it is required in order to derive a matching upper bound for the following lower bounds.

3.3 ASYMPTOTIC LOWER BOUNDS UNDER LOCAL LOCATION-SHIFT BANDIT MODELS

We consider a restricted class of strategies such that under null bandit models, any strategy in this
class recommends one of the arms with an equal probability (1/K).

Definition 3.3 (Null consistent strategy). Under any null bandit models P € P (u!(P) = p?(P) =
- = uf(P)), any null consistent strategy satisfies that for any a,b € [K], ‘IF’p (ar =a) —

Pp (@r = b) | — 0 holds as T' — oo. This implies that |Pp (a7 = a) — 1/K| = o(1).

This restriction is introduced to characterize the lower bounds by using the variances of the worst-case
where the gap p(P) — ub(P) between two arms a, b € [K] is small.

For each z € X, we refer to %23:1 1[A: = a] as an allocation ratio under a strategy.
Let us also define an average allocation ratio under P € P and a strategy as kp p(alz) =
Ep {% Zthl 1[A4; = d]| X; = x} , which plays an important role in the proof of our lower bound. Let

W be a set of all measurable functions rr,p : [K] x X — (0,1) such that 3 ¢ ) rr.p(alz) =1
for each x € X. Then, we show the following lower bound. The proof is shown in Appendix D.
Theorem 3.4. For K > 2, any null consistent strategy satisfies

1 .
sup. VIEp[rr(P)(m)] > -5 inf o \/EX [(a (X))Z/w(a|X)] +o(l) asT — oo.

We refer to w* = argmin, )y max,c(x) /EX {(ﬂf;l()p)z} as the target allocation ratio, which

corresponds to an allocation ratio that an optimal strategy aims to achieve and is used to define a
sampling rule in our proposed strategy. When there is no contextual information, we can obtain an
analytical solution for w*.

Remark 3.5 (Asymptotic lower bounds under allocation constraints). When we restrict the target
allocation ratio, we can restrict the class V. For example, when we need to draw specific arms at
a predetermined ratio, we consider a class W1 such that for all w € W1, Zae[ K] w(alz) =1 and

w(blx) = C forall z € X, some b € K], and a constant C' € (0, 1).

3.4 LOWER BOUNDS WITHOUT CONTEXTUAL INFORMATION

Our result generalizes BAI without contextual information, where X’ is a singleton. For simplicity,
we denote w(a|z) by w(a). When there is no contextual information, we can obtain the following
lower bound with an analytical solution of the target allocation ratio w* € W=,

Corollary 3.6. Any null consistent strategy satisfies suppcp. VIEp[rr(P)(m)] >

__ (@9?

= Zbe[K](O_b)z-

Remark 3.7 (Efficiency gain by using the contextual information). When contextual informa-
(0% (2))*

ZbE[K](Jb(I))2

maxge (] |/ EX [(UG(X))Z}, a lower bound is 112\/Za€[K] EX [(UG(X))Q} + o(1), which can be

15 > aelK] () + 0(1) as T — oo, where the target allocation ratio is w*(a)

tion is available, if we substitute suboptimal allocation ratio w(alx) = into

w(alX)
tightened by optimizing with respect to w. It is worth noting that by using the law of total variance,

(6%)2 > EX |(¢*(X))?|. Therefore, by utilizing contextual information, we can tighten the lower

bounds as /3¢ ) ()" > \/Zae[K] EX {(UG(X))Q} > ming,ew max,e(x] |/ EX [(Z)(ff)z)) }

This improvement implies efficiency gain by using contextual information Xj.

*Because X is a singleton, we consider W := {(w(a))ac(x)|w(a) € [0, 1], >acixwla) =1}
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3.5 REFINED LOWER BOUNDS FOR TWO-ARMED BANDITS

For two-armed bandits (K = 2), we can refine the lower bound as follows. In this case, we can also
obtain an analytical solution of the target allocation ratio even when there is contextual information.

Theorem 3.8. When K = 2, any null consistent strategy satisfies

sup VTErr(P)(r)] 2 154 BX [(0200) +02()] +0(1)

Pep+ o

as T — oo, where the target allocation ratio is w*(a|z) = 0%(z) /(o (z) + 02(x)) forall x € X.

This lower bound is derived as a solution of suppep- VIEp[rr(P)(m)] > 5 infuew
1 2

o [+ SR + o). o, e s it |1 (20

w(1|X}) + w(2]X¢) =

inf,eyy max,epg) 4/ EX {(Z(Efl%z} . Therefore, this lower bound is tighter than that in Theorem 3.4.

This target allocation ratio is the same as that in Kaufmann et al. (2016) for the probability of
misidentification minimization. The proofs are shown in Appendix F.

Note that for K > 3, we have an analytical solution of the target allocation ratio only when there is
no contextual information, and the target allocation ratio is the ratio of the variances. In contrast, for
K = 2, we can obtain analytical solutions of the target sample allocation ratio even when there is
contextual information, and it is the ratio of the (conditional) standard deviation.

4 THE AS-AIPW STRATEGY

This section introduces our strategy, which comprises the following sampling and recommendation
rules. In each round, we adaptively estimate the variances (¢®(P)(z))? and draw arms following a
probability using the estimates of the variances. At the end, we recommend the best arm using the
AIPW estimator. We call this strategy the AS-AIPW strategy. We show a pseudo-code in Algorithm 1.

4.1 TARGET ALLOCATION RATIO

First, we define target allocation ratios, which are used to determine our sampling rule. From the
results in Section 3, the target allocation ratios are given as follows:

w*(1]z) = 0%(z) /o (z) + 0*(z) and w*(2|z) =1 —w*(1]2) for xe X if K >3,

w* = arg min max \/EX {(UG(X))2/w(a|X) if K> 3.
wew a€[K]
As discussed in Section 3, when K > 3, there is no closed form for w* except for a case without

ay2
contextual information, where the target allocation ratio is w*(a) = % forall a € [K].
be[K]

The target allocation ratios depend on the variances. Therefore, when the variances are unknown,
this target allocation ratio is also unknown. In our strategy, we estimate them during an adaptive
experiment and use the estimator to obtain the probability of drawing arms.

4.2 SAMPLING RULE WITH ADAPTIVE VARIANCE ESTIMATION

Let w; be an estimator of w* at round ¢ € [T] such that for all @ € [K] and z € X, W¢(alz) > 0
and },c(r We(alz) = 1 hold. In each round ¢, we obtain ; from Uniform[0, 1], the uniform
distribution on [0,1], and draw arm A; = 1if 3¢ < @(1|X;) and Ay = afora > 2if y €
(0] @i (b Xe), Yop_, @e(b|Xy)]; that is, we draw arm a with probability @ (a|X).

Inround t < K, we draw arm A; = ¢ as an initialization and set @;(a|X;) = 1/K for all a € [K].
Inround ¢ > K, we estimate the target allocation ratio w* using the past observations F;_1.
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In the sampling rule and the following recommendation rule, we use F;_1-measurable estimators
of u®(P)(X:), v*(P)(X:), and w*(a|X;) at each round ¢ € [T]. We denote F;_-measurable
estimators of p®(P)(X;), v*(P)(X;) and (0%(X;))? as p¢(X;), v2(X,), and (6¢(X;))?. For
t < K, we set i¢(X;) = v¢ = (6%(z))? = 0. Fort > K, we use estimators constructed as
follows. For t > K, we estimate u®(P)(z) and v*(P)(x) using only past samples F;_1. The
requirement for the estimators is convergence to the true parameter almost surely. We use a bounded
estimator for i such that [i%| < C. Let (5]%(x))? = 0%(z) — (4%(x))” for all a € [K] and
2 € X. Then, we estimate the variance (c%(z)) for all a € [K] and # € X in a round ¢ as

(6%(x))* = max{min{((5]*(z))2,C},1/C} and define @; by replacing the variances iri w* with
G (%)

corresponding estimators; that is, when K = 2, for each a € {1,2}, W(a|X;) =

LX) +57 (%)
when K > 3, for each a € [K], W(a|X;) = arg min,, ¢y, max,¢[x] \/ZGE[K] % If there is
no contextual information, we obtain a closed-form w(a|X;) = @LX)®  Chen K > 3.

Sverx) (@1 (Xe))?

When there is no contextual information (X is a singleton), we estimate x%(P)(z) = p®(P) and w*
by using the sample averages. When there is contextual information, we can employ nonparametric
estimators, such as the nearest neighbor regression estimator and kernel regression estimator, to
estimate p*(P) and w*. These estimators have been proven to converge to the true function almost
surely under a bounded sampling probability w; by Yang & Zhu (2002) and Qian & Yang (2016).
Provided that these conditions are satisfied, any estimator can be used. It should be noted that we do
not assume specific convergence rates for estimators ;% (P)(z) and w* as the asymptotic optimality
of the AIPW estimator can be shown without them (van der Laan, 2008; Kato et al., 2020; 2021).

4.3 RECOMMENDATION RULE USING THE AIPW ESTIMATOR

Finally, we present our recommendation rule. After the final round T, for each a € [K], we estimate
u®(P) for each a € [K] and recommend the maximum as an estimate of the best arm. To estimate
u(P), the AIPW estimator is defined as

LA = a] (Ve — 7 (X4))
@r(alXy)

T
- a 1 a a -~a
M%IPW’ = ?Z@t (Y;hAtaXt)a P (Y;aAt,Xt) = +:u‘t (Xt)
t=1

Then, we recommend af'™V € [K], defined as ™™V = arg max, ¢ W

The AIPW estimator debiases the sample selection bias resulting from arm draws depending on past
observations and contextual information. Additionally, the AIPW estimator possesses the following
properties: (i) its components ¢ (Y7, A, X, t)le are a martingale difference sequence, allowing us to
employ the martingale limit theorems in the derivation of the upper bound; (ii) it has the minimal
asymptotic variance among the possible estimators. For example, other estimators with a martingale
property, such as the inverse probability weighting estimator, may be employed, yet their asymptotic
variance would be larger than that of the AIPW estimator. The variance-reduction effect has also
been employed in the studies for adversarial bandits by Ito et al. (2022), independently of this study.
The ¢-th element of the sum in the AIPW estimator utilizes nuisance parameters (u®(P)(z) and w*)
estimated from past observations up to round ¢ — 1 for constructing a martingale difference sequence
(van der Laan, 2008; Hadad et al., 2021; Kato et al., 2020; 2021; Ito et al., 2022).

The AS-AIPW strategy constitutes a generalization of the Neyman allocation (Neyman, 1934), which
has been utilized for the efficient estimation of the ATE with two treatment arms (van der Laan,
2008; Hahn et al., 2011; Tabord-Meehan, 2022; Kato et al., 2020)3 and two-armed fixed-budget BAI
without contextual information (Glynn & Juneja, 2004; Kaufmann et al., 2016).

5 ASYMPTOTIC MINIMAX OPTIMALITY OF THE AS-AIPW STRATEGY

In this section, we derive upper bounds for the worst-case expected simple regret under local location-
shift models with our proposed AS-AIPW strategy.

3The AS-AIPW strategy is also similar to those proposed for efficient estimation of the ATE with two armed
bandits (van der Laan, 2008; Kato et al., 2020).
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Algorithm 1 AS-AIPW strategy.

Parameter: Positive constants C,, and C.
Initialization:
fort =1to K do
Draw A, = t. For each a € [K], set W;(a|z) = 1/K forall a € [K].
end for
fort =K+ 1toT do
Observe X;.
Construct w; by using the estimators of the variances.
Draw ~; from the uniform distribution on [0, 1].

A, = 1if~ < @,(1]X,) and A, = afora > 2if v, € (z;j;ll B (b|X,), S0, @ (0] X))

end for
Construct the AIPW estimator fip' " ** for each a € [K] and recommend a4PW.

First, we make the following assumption, which holds for a wide class of estimators (Yang & Zhu,
2002; Qian & Yang, 2016).

Assumption 5.1. Forall P € P*, a € [K], x € X, the followings hold:

|1if(z) — p*(P)(z)| =250, and [P} (z) — v*(P)(z)] =250 as t — occ.

Then, we show the worst-case upper bound for the expected simple regret as follows. The proof is
shown in Appendix G, where we employ the martingale CLT and Chernoff bound as in Appendix B.

Theorem 5.2 (Worst-case upper bound). Under Assumption 5.1 and the AS-AIPW strategy w*S-AIPW,

(09(X))? | (0"(X))”
w*(a|X)  w*(b|X)

sup VTEp [rr(P) (WAS‘AIPW)] <  max log(K)EX l +o(1)

Pep+ T a,b€[K]: a#b
holds as T' — oo.

By substituting specific values into w* in the upper bound, we can confirm that the leading factors of
the upper bounds match our derived lower bounds in Section 3; that is,

Psél’g* \/TEP [TT(P) (TK_AS—AIPW)]

%\/EX [(Ul(X) +02(X))2} +0(1) when K = 2

IN

2 minyey MaXqe(x] \/10g(K)]EX {(ga((i&);} +o0(1) when K >3

as T' — oo. Thus, we proved the asymptotic minimax optimality of our proposed strategy.

There is a log(K) factor in the upper bound, which appears in existing studies, such as Bubeck
et al. (2011) and Komiyama et al. (2023). As existing studies discussed, we consider that further
restrictions are required for a class of strategies or bandit models to fulfill the discrepancy.

We also provide non-asymptotic upper bounds in Appendix H. Note that the non-asymptotic upper
bounds are dominated by the convergence rate of the second moment of ¢{ to a round-independent
constant (Hall et al., 1980). The convergence rate is significantly influenced by the estimation error
of the variances, which are used to estimate the target allocation ratio (sampling rule).

6 DISCUSSION AND RELATED WORK

This section briefly introduces related work. A more detailed survey is presented in Appendix A.
Bubeck et al. (2011) shows that the uniform-EBA strategy is minimax optimal for the worst-case
expected simple regret under bandit models with bounded supports. While Bubeck et al. (2011)
provides an optimal strategy whose order of the expected simple regret aligns with their proposed
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K=2,p(P) = 1.00 and pi3(P) = 0.95 K=3,u*(P) = 1.00, u2(P) = 0.95, and yi*(P) ~ Uniform[0.95, 1.00]

 AS-AIPW 0.014
Uniform-EBA

— SR

—— UGapEb

—— SHAdavar
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=
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Figure 1: Experimental results. The y-axis and z-axis denote the expected simple regret
Ep[rr(P)(m)] under each strategy and T, respectively.

worst-case lower bound, their lower bounds only depend on the assumption of the bounded support
and do not use the other distributional information (distribution-free analysis). In contrast, there
is a longstanding open issue on the existence of asymptotic optimal strategies whose upper bound
aligns with distribution-dependent lower bounds suggested by Kaufmann et al. (2016) (distribution-
dependent analysis). For details, see related work, such as Kaufmann (2020), Ariu et al. (2021), and
Degenne (2023). Our optimality criterion is an intermediate between the distribution-free (Bubeck
et al., 2011) and distribution-dependent (Kaufmann et al., 2016) because our lower and upper bounds
are derived under the worst-case but depend on the variances (distributional information).

Variance-dependent BAI strategies have been discussed by existing work, mainly for minimizing the
probability of misidentification, such as Chen et al. (2000), Glynn & Juneja (2004), and Kaufmann
et al. (2016). Glynn & Juneja (2004) discusses optimal strategy for Gaussian bandits under the
large deviation principles. Kaufmann et al. (2016) develops a lower bound for two-armed Gaussian
bandits and finds that when the variances are known, drawing each arm with a ratio of the standard
deviation is asymptotically optimal. Independently of us, Lalitha et al. (2023) also proposes variance-
dependent strategies by extending the sequential halving strategy (Karnin et al., 2013). However, the
optimality is unclear since they do not provide lower bounds. In fact, their strategy’s probability of
misidentification is larger than that of Kaufmann et al. (2016) when K = 2.

7 EXPERIMENTS

In this section, we compare our AS-AIPW strategy with the Uniform-EBA (Uniform, Bubeck
et al., 2011), Successive Rejection (SR, Audibert et al., 2010), UGapEDb (Gabillon et al., 2012),
and SHAdaVar (Lalitha et al., 2023). We investigate two setups with K = 2, 3 without contextual
information for these strategies. The best arm is arm 1 and p* (P) = 1.00. The expected outcomes of
suboptimal arms are 2(P) = 0.95 and p3(P) ~ Uniform|[0.95, 1.00]. Variances are generated from
Uniform[1.00, 5.00]. We continue the experiments until 7' = 50, 000 and conduct 150 independent
trials. At each round ¢ € {1,000, 2,000, 3,000, - -- ,49, 000, 50,000}, we compute the simple
regrets and plot the empirical average of the simple regrets in Figure 1. For the SR and SHAdaVar,
we restart the experiments after reaching each 7. Additional results with other settings, including
contextual information, are presented in Appendix I.

From Figure 1 and Appendix I, we can confirm the soundness of our proposed strategy. When
contextual information exists, our methods show better performances than the others. Although our
strategies show preferable performances in many settings, other strategies also perform well. We
conjecture that our strategies exhibit superiority against other methods when K is small (mismatching
term in the upper bound), the gap between the best and suboptimal arms is small, and the variances
significantly vary across arms. As the superiority depends on the situation, we recommend a
practitioner use several strategies in a hybrid way.

8 CONCLUSION

We conducted an asymptotic worst-case analysis of the simple regret in fixed-budget BAI with
contextual information. Initially, we obtained lower bounds for local location-shift bandit models,
where the variances of potential outcomes characterize the asymptotic lower bounds as a second-order
approximation of the KL divergence. Based on these lower bounds, we derived target allocation
ratios, which were used to define a sampling rule in the AS-AIPW strategy. Finally, we demonstrated
that the AS-AIPW strategy achieves minimax optimality for the expected simple regret.
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A RELATED WORK

In this section, we introduce related work, in addition to the work in Section 6.

A.1 LITERATURE OF BAI

The MAB problem is an abstraction of the sequential decision-making process (Thompson, 1933;
Robbins, 1952; Lai & Robbins, 1985). BAI is a paradigm of this problem (Even-Dar et al., 2006;
Audibert et al., 2010; Bubeck et al., 2011), with its variants dating back to the 1950s in the context of
sequential testing, ranking, and selection problems (Bechhofer et al., 1968). Additionally, ordinal op-
timization has been extensively studied in the field of operations research, with a modern formulation
established in the early 2000s (Chen et al., 2000; Glynn & Juneja, 2004). Most of these studies have
focused on determining optimal strategies under the assumption of known target allocation ratios.
Within the machine learning community, the problem has been reframed as the BAI problem, with
a particular emphasis on performance evaluation under unknown target allocation ratios. (Bubeck
et al., 2009; 2011; Audibert et al., 2010).

In fixed-budget BAI, Bubeck et al. (2009) demonstrates minimax optimal strategies for the expected
simple regret, and Audibert et al. (2010) proposes the UCB-E and Successive Rejects (SR) strategies.
Kock et al. (2023) generalizes the results of Bubeck et al. (2011) to cases where parameters of interest
are functionals of the distribution and find that target allocation ratios are not uniform, in contrast to
the results of Bubeck et al. (2011).

Kaufmann et al. (2016) contributes to this field by deriving distribution-dependent lower bounds
for BAI with fixed confidence and a fixed budget, using the change-of-measure arguments as well
as (Lai & Robbins, 1985). In the setting of fixed-confidence BAI, Garivier & Kaufmann (2016)
proposes an optimal strategy for the lower bounds derived by Kaufmann et al. (2016); however, in
the fixed-budget setting, there is currently a lack of strategies whose upper bound matches the lower
bound established by Kaufmann et al. (2016). Kaufmann (2020) points out this issue, and Ariu et al.
(2021) finds a bandit model whose lower bound for the probability of misidentification is larger than
those by Kaufmann (2020). Qin (2022) summarizes this problem. Degenne (2023) discusses the
existence of optimal strategies.

Carpentier & Locatelli (2016) examines the lower bound for the probability of misidentification under
the minimax framework and shows the optimality of the method proposed by Audibert et al. (2010) in
terms of leading factors in the exponent. The lower bound of Carpentier & Locatelli (2016) is based
on a minimax evaluation of the probability of misidentification under a large gap. Yang & Tan (2022)
proposes minimax optimal linear BAI with a fixed budget by extending the result of Carpentier &
Locatelli (2016).

In addition to minimax evaluation, Komiyama et al. (2023) develops an optimal strategy whose upper
bound for a simple Bayesian regret lower bound matches their derived lower bound. Atsidakou et al.
(2023) proposes a Bayes optimal strategy for minimizing the probability of misidentification, which

shows a surprising result that 1/ /T-factor dominates the evaluation.

In Russo (2020), Qin et al. (2017), and Shang et al. (2020), respectively, the authors propose Bayesian
BAI strategies that are optimal in terms of posterior convergence rate. However, it has been shown by
Kasy & Sautmann (2021) and Ariu et al. (2021) that such optimality does not extend to asymptotic
optimality for the probability of misidentification in fixed-budget BAL.

Adusumilli (2022; 2021) present an alternative minimax evaluation of bandit strategies for both regret
minimization and BAI, which is based on a formulation utilizing a diffusion process proposed by
Wager & Xu (2023). Furthermore, Armstrong (2022) extends the results of Hirano & Porter (2009)
to a setting of adaptive experiments. The results of Adusumilli (2022; 2021) and Armstrong (2022)
employ arguments on local asymptotic normality (Le Cam, 1960; 1972; 1986; van der Vaart, 1991;
1998), where the class of alternative hypotheses comprises of “local models,” in which parameters of

interest converge to true parameters at a rate of 1/+/7.

There are several studies in variance-dependent BAI. Chen et al. (2000), Glynn & Juneja (2004),
and Kaufmann et al. (2016) propose variance-dependent strategies for fixed-budget BAI under their
optimal criterion. However, when K > 3, the lower bounds and asymptotic optimality are unknown.
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Therefore, it is unclear whether their use of variances leads to optimal strategies. Sauro (2020),
Lu et al. (2021), and Lalitha et al. (2023) also provide variance-dependent BAI strategies, but their
optimality is unclear.

Only when variances are known and the number of arms is equal to two, is it known that the target
allocation ratio is the ratio of the standard deviation. However, Lalitha et al. (2023) proposes using
the ratio of variances with successive halving, which gives a larger probability of misidentification
compared to the strategy shown by Kaufmann et al. (2016).

In fixed-confidence BAI, Jourdan et al. (2023) Sauro (2020), Lu et al. (2021), and Lalitha et al. (2023)
also provide variance-dependent BAI strategies.

Tekin & van der Schaar (2015), Guan & Jiang (2018), and Deshmukh et al. (2018) consider BAI with
contextual information, but their analysis and setting are different from those employed in this study.

Barrier et al. (2022) also considers non-parametric models in BAI. While we consider the expected
simple regret minimization, that work minimizes the probability of misidentification. These two
settings are related but require different analyses for lower bounds. See (Komiyama et al., 2023). Ad-
ditionally, there are the following critical differences between our study and theirs in non-parametric
analysis using the KL divergence of Kaufmann et al. (2016). In the lower bound, our study approxi-
mates the KL divergence by the Fisher information (semiparametric influence function) around the
gaps between the best and suboptimal arms are zero A*(P) — 0. We do not assume the boundedness
of Y,*. In the upper bound, we utilize the central limit theorem for deriving tight results. In contrast,
Barrler et al. (2022) assumes the boundedness of Y,*. Then, bounding the KL divergences using the
boundedness without using the small gap (fixed A“( )). Because we employ the worst-case analysis,
which implies A%(P) ~ 1/v/T (see Section 3), we could naturally develop non-parametric results.
However, we cannot employ such an approximation in Barrier et al. (2022) because it considers lower
and upper bounds under a fixed P or fixed A*(P).

A.2 EFFICIENT AVERAGE TREATMENT EFFECT ESTIMATION

Efficient estimation of ATE via adaptive experiments constitutes another area of related literature.
van der Laan (2008) and Hahn et al. (2011) propose experimental design methods for more efficient
estimation of ATE by utilizing covariate information in treatment assignment. Despite the marginal-
ization of covariates, their methods are able to reduce the asymptotic variance of estimators. Karlan
& Wood (2014) applies the method of Hahn et al. (2011) to examine the response of donors to new
information regarding the effectiveness of a charity. Subsequently, Tabord-Meehan (2022) and Kato
et al. (2020) have sought to improve upon these studies, and more recently, Gupta et al. (2021) have
proposed the use of instrumental variables in this context.

For two armed bandits, Adusumilli (2022) demonstrates the minimax optimality for the expected
simple regret under the limit-of-experiment framework, utilizing a diffusion process framework. Arm-
strong (2022) also analyzes the minimax optimal strategy under the limit-of-experiment framework
and establishes that the Neyman allocation is minimax optimal.

A.3 OTHER RELATED WORK

Our arguments are inspired by limit-of-experiments framework (Le Cam, 1986; van der Vaart, 1998;
Hirano & Porter, 2009). Within this framework, we can approximate the statistical experiment by
a Gaussian distribution using the CLT. Hirano & Porter (2009) relates the asymptotic optimality of
statistical decision rules (Manski, 2000; 2002; 2004; Dehejia, 2005) to the framework.

The AIPW estimator has been extensively used in the fields of causal inference and semiparametric
inference (Tsiatis, 2007; Bang & Robins, 2005; Chernozhukov et al., 2018). More recently, the
estimator has also been utilized in other MAB problems, as seen in Kim et al. (2021) and Ito et al.
(2022).

Our problem is also closely related to theories of statistical decision-making (Wald, 1949; Manski,
2000; 2002; 2004), limits of experiments (Le Cam, 1972; van der Vaart, 1998), and semiparametric
theory (Hahn, 1998), not only to BAI. Among them, semiparametric theory plays an essential role
because it allows us to characterize the lower bounds with the semiparametric analog of the Fisher
information (van der Vaart, 1998).
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B PRELIMINARIES

Let W, be a random variable with probability measure P. Let F,, = o(Wy, Wa, ..., W,,).

Definition B.1. [Uniform integrability, Hamilton (1994), p. 191] Let W; € R be a random variable
with a probability measure P. A sequence {V;} is said to be uniformly integrable if for every € > 0
there exists a number ¢ > 0 such that

Ep[[Wel - 1[[We| > c]] <€
for all ¢.

Proposition B.2 (Sufficient conditions for uniform integrability; Proposition 7.7, p. 191. Hamilton
(1994)). Let Wy, Z; € R be random variables. Let P be a probability measure of Z;. (a) Suppose
there exist 1 > 1 and M < oo such that Ep[|[Wi|"] < M for all t. Then {W;} is uniformly
integrable. (b) Suppose there exist v > 1 and M < oo such that Ep[|Z:|"] < M for all t. If
Wy = ZJ_ o P Zy—j with ijfoo |hj| < oo, then {W} is uniformly integrable.

Proposition B.3 (1" convergence theorem, p 165, Loeve (1977)). Let W, be a random variable with
probability measure P and w be a constant. Let 0 < r < oo, suppose that Ep [|Wt|”} < ooforallt

and that Wy 25 z as n — oo. The following are equivalent:
()W > winL" ast — oo,
(i) Ep [[Wi]"] = Ep[|lw]"] < ccast — oo;
(iii) {|W4|",t > 1} is uniformly integrable.

Definition B.4. For F; equal to the o-field generated by &1, ..., &, {Wy, Fi,t > 1}22, is a martin-
gale if for all ¢ > 1, we have

E[Wit1|Fi] = W

If E[W;11|F] = 0, {W,, Fi, t > 112, is a martingale difference sequence.

Proposition B.5 (Weak Law of Large Numbers for Martingale, Hall et al. (1980)). Let {S; =
22:1 Wy, Fe,t > 1} be a martingale and {b:} a sequence of positive constants with by — o0 as
t — oc. Then, writing Wy = W L[|W,| < by], 1 < s < t, we have that b; *S; 2 0 ast — oo if

@) Yooy P(Wi| > b)) = 0;
(ii) b_ Z E[W,s| Fs—1] 250, and;

ooy 2
(iif) b; > ZZ:1 {EWE] - E[E[Wis| Foa]] "} = 0,
Proposition B.6 (Central Limit Theorem for a Martingale Difference Sequence; from Proposition 7.9,

p. 194, Hamilton (1994); also see White (1984)). Ler {(S; = 22:1 Wy, Fi) }e2, be a martingale
with F; equal to the o-field generated by W1, . .., W,. Suppose that

(a) E[W?] = o2, a positive value with (1/T) ZtT:I 0? — 02, a positive value;
(b) E[|W,|"] < oo for some r > 2;
© (1/T) iy Wi 5 0

Then Sy % N(0,02).
Proposition B.7 (Rate of convergence in the CLT; from Theorem 3.8, p 88, Hall et al. (1980)). Let

{(S: = Zizl Wy, Fi) 152, be a martingale with F; equal to the o-field generated by W, ..., W,
Let

t
V2= EWZF] 1<t<T.
s=1
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Suppose that for some o > 0 and constants M, C and D,
Iglga%iEP[CXP(\\/th\a)] <M,

and
Pp (JV2 =11 > D/Villog)*+2/*) < Ct7/4(1og t) 1/,
Then, for T > 2,
sup  |Pp(Sr < z) — ®(z)| < AT~ Y4(log T) 1/,

—oo<r <o

where the constant A depends only on o, M, C, and D.

The Chernoff bound yields the following inequality.

Proposition B.8. Let {S; = ZZ:I Wy, Fe,t > 1152, be a martingale difference sequence with F;
equal to the o-field generated by W1, . .., Wy and suppose that there exist Cyy such that for allt € N
and all A € R,

A2C
Ep [exp (AW) | Fi—1] < exp ( 2W> ;

that is, conditionally sub-Gaussian. Then, it holds that Zle Zy is sub-Gaussian, and for € € R,

T 2
Pp (ZWt >5> < exp <_2T€CW>’

t=1

C NON-ASYMPTOTIC LOWER BOUNDS FOR BANDIT MODELS WITH
BOUNDED SUPPORTS

First, we introduce an existing lower bound for bounded bandit models. Let us denote the class of
bandit models with bounded outcomes by PI%-!l, where each potential outcome Y, is in [0, 1]. Then,
Bubeck et al. (2011) proposes the following lower bound, which holds for P,

Proposition C.1. Forall T > K > 2, any strategy © € 1 satisfies sup p¢ pro,1 Ep[rp(P)(7)] >
1 /K

20\ T

This lower bound only requires that the support of the bandit models in P[] is bounded.

For this non-asymptotic lower bound, Bubeck et al. (2011) shows that a strategy with the uniform
sampling rule and empirical best arm (EBA) recommendation rule is optimal, where we draw A; = a
with probability 1/K for all a € [K] and ¢ € [T] and recommend an arm with the highest sample
average of the observed outcomes. We call this strategy the uniform-EBA strategy.

Proposition C.2 (Non-asymptotic optimality of the uniform-EBA strategy). Under the uniform-EBA
strategy wIMPTEBM, o T — K\ T/K |, sup pepio. Ep [rp (wUniferm-EBM)] < 9 \/KTliT]f .

Thus, the upper bound matches the distribution-free lower bound if we ignore the log K and constant
terms.

Although the uniform-EBA strategy is nearly optimal, a question remains whether more knowledge
about the class of bandit models could be used to derive a tight lower bound and propose another
optimal strategy consistent with the novel lower bound. To answer this question, we consider the
asymptotic evaluation and derive a tight lower bound for bandit models with a fixed variance.

D PROOF OF THE ASYMPTOTIC LOWER BOUND FOR MULTI-ARMED BANDITS
(THEOREM 3.4)

In this section, we provide the proof of Theorems 3.4. Our lower bound derivation is based on
arguments of a change-of-measure and semiparametric efficiency. The change-of-measure arguments
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have been extensively used in the bandit literature (Lai & Robbins, 1985). The semiparametric
efficiency is employed for deriving the lower bound of the KL divergence with a two-order Taylor
expansion. Our proof is inspired by van der Vaart (1998), and Murphy & van der Vaart (1997).

We prove the asymptotic lower bound through the following steps. We first introduce lower bounds
for the probability of misidentification, shown by Kaufmann et al. (2016). In Appendix D.1, we
define observed-data bandit models, which are distributions of observations that differ from full-
data bandit models P € P*. In Appendix D.2, we define submodels of the observed-data bandit
models, which parametrize nonparametric bandit models by using parameters of gaps of the expected
outcomes of the best and suboptimal arms. These parameters serve as technical devices for the
proof. In Appendix D.3, we then decompose the expected simple regret into the gap parameters
and the probability of misidentification, and apply the lower bound of Kaufmann et al. (2016) for
the probability of misidentification. The lower bound is characterized by the KL divergence of the
observed-data bandit models, which we expand around the gap parameters in Appendix D.4. We
then derive the semiparametric efficient influence function, which bounds the second term of the
Taylor expansion of the KL divergence in Appendix D.5, and compute the worst-case bandit model
in Appendix D.6. Finally, we derive the target allocation from the lower bound in Appendix D.7.

Let f&(y*|x) and (p(z) be a density function of ¥;* and X; under a model P. Kaufmann et al.
(2016) derives the following result based on the change -of-measure argument, which is the principal
tool in our lower bound. Let us define a density of (Y1, Y?2,..., Y% X) under a bandit model
P cP*as

' 2 uS ) = [ wle)ie(@)
a€[K]

Proposition D.1 (Lemma 1 and Remark 2 in Kaufmann et al. (2016)). For any two bandit model
P,Q € P* with K arms such that for all a € [K], the distributions P® and Q® are mutually
absolutely continuous. Then,

sup ’]P)P pQ(g)’ < w
EeFr

Recall that d(p, ¢) indicates the KL divergence between two Bernoulli distributions with parameters
p.q € (0,1).

This “transportation” lemma provides the distribution-dependent characterization of events under a
given bandit model P and corresponding perturbed bandit model P’.

Between two bandit models P, ) € P*, following the proof of Lemma 1 in Kaufmann et al. (2016),
we define the log-likelihood ratio as

T
o fp (Y01 Xe)Cp(Xe)
D=2, 2 A=l <f5<Yf|Xt><Q<Xt>>'

€[K]

We consider an approximation of Eg[L] under an appropriate alternative hypothesis () € P* when
the gaps between the expected outcomes of the best arm and suboptimal arms are small.

D.1 OBSERVED-DATA BANDIT MODELS

For each z € X, let us define an average allocation ratio under a bandit model P, Q € P* as

T

%ZEP [1[A: = a]| Xy = 2] = kr,p(alx)

This quantity represents an average sample allocation to each arm a under a strategy.
Lemma D.2. For P,Q € P*,

fp(Y1X)
fe(Ye|X)

(X)

Cr
log es X] nT,P<a|X>] -

Ep[Lr(P,Q)]=T > Ep [Ep

a€[K]
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Here, recall that A; is only based on the past observations F;_; and observed context X; and
independent from (Y;!,...Y,X). According to this proposition, we can consider hypothetical
observed data generated as

(Y, A X0) = T 8 |2)mr,p(al X)} = ¢p(a).
a€[K]

We present the proof in Appendix E. Then, the expectation of L1 (P, Q) = Zthl > ek 1A =

FE(YV X0 Cp(Xe)
a] log (fg(K“IXt)Cg(Xt)
Note that this observed data is induced by the bandit model P € P*. For simplicity, we also denote

(17,5, ﬁt, X:) by (Y3, A, X) without loss of generality.

) is the same as that under the original observation P. Also see Eq. (2).

For a bandit model P € P*, we consider observed-data distribution R p with the density function
given as

my.da) = [ {fE@le)srp(ale)} = ¢p(a),

a€[K]
Let Rp+« = {Rp : P € P*} be a set of all observed-data bandit models Rp. Then, we have

EP[LT(P’ Q)] = ERP* [LT(Pv Q)} @)

D.2 PARAMETRIC SUBMODELS FOR THE OBSERVED-DATA DISTRIBUTION AND TANGENT SET

The purpose of this section is to introduce parametric submodels for observed-data distribution, which
is indexed by a real-valued parameter and a set of distributions contained in the larger set R, and
define the derivative of a parametric submodel as a preparation for the Taylor expansion of the log-

likelihood; that is, we consider the approximation of the log-likelihood L1 = Zthl Do eix] 1 [A; =
FB(Y{1Xe)Cp(Xe) : a

a log (fgmﬂxtxgmt)) using p*(P).

This section consists of the following three parts. In the first part, we define parametric submodels

as Eq. (3). Then, in the following part, we confirm the differentiability Eq. (5) and define score
functions. Finally, we define a set of score functions, called a tangent set in the final paragraph.

By using the parametric submodels and tangent set, in Section D.4, we demonstrate the Taylor
expansion of the log-likelihood (Lemma D.5). In this section and Section D.4, we abstractly provide
definitions and conditions for the parametric submodels and do not specify them. However, in
Section D.5, we show a concrete form of the parametric submodel by finding score functions
satisfying the conditions imposed in this section.

Definition of parametric submodels for the observed-data distribution First, we define para-
metric submodels for the observed-data distribution Rp with the density function 7p(y, d, z) by
introducing a parameter A = (A%),¢[x] A* € © with some compact space ©. We denote a set

of parametric submodels by {Ep, A:AcOX } C Rp~, which is defined as follows: for some
g: R x[K] x X — RE satisfying Ep[g%(Yz, As, X¢)] = 0 and Ep[(g®(Vz, Ag, X1))?] < 00, a
parametric submodel Rp a has a density such that

(y,d z) = 2e(y,d,; A) (1 + exp (247 gy, d,2))) " 7h(y,d, @), 3)

Ex, A Y, //ym y,d,x)dydz = p*(P) + A" + O((A“)?). 4)

where c(y, d, x; A) is some function such that ¢((y, d, z;0) = 1 and aga Ao loge((y,d, z; A) =

0 for all (y,d, ) € R x [K] x X.* Note that the parametric submodels are usually not unique. For

*In Eq. (3), TA (v, d, x) satisfies the definition of the probability density as discussed in Example 25.15 of
van der Vaart (1998).
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a € [K], the parametric submodel is equivalent to 7p(y, a, z) if A® = 0. Let f2.(y|z) and {a ()
be the conditional density of Y;* given X; and the density of X4, satisfying Eq. (3), as

Ay, dx) = [] (£ la)slalz)} "= Cala).

a€[K]

Differentiablity and score functions of the parametric submodels for the observed-data distri-
bution. Next, we confirm the differentiablity of 7} (y, d, ). From the definition of the parametric

submodel Eq. (3), because /74 (y, d, z) is continuously differentiable for every y, x given d € [K],

and | (TA Z Z :3) 74 (y, d, z)dm are well defined and continuous in A, where m is some reference

measure on (y, d, x), from Lemma 7.6 of van der Vaart (1998), we see that the parametric submodel
has the score function g in the Ly sense; that is, the density 74 (v, d, ) is differentiable in quadratic
mean:

/[K Y2y, d,x) — TRy, d, x)—*A 9y, d.2)F 5 (g dow)| dm=o (A7) )

In other words, the parametric submodel r” 1/2

score function g.

is differentiable in quadratic mean at A = 0 with the

In the following section, we specify a measurable function g satisfying the conditions Eq. (3). For
each A g € [K], we define the score as

1[d = 1]5% x
1[d = 2]S%(y|x

S(y7d7 37) = log?KA(yvdﬂE) =

0
9 as

where for each a € [K], let S%(y, d,z) = 1[d = a]S¢(y[x) + S¢(=),

0 a a/y O
Sf(l/|$) IAC | A ongu(y\x), Sg (z) = 9Ad | A

Note that 8% log k7. p(alz) = 0. Here, we specify g in Eq. (3) as the score function of the parametric
submodel as S(y, d, x) = g(y, d, x), where S%(y,d,x) = g*(y, d, x). This relationship is derived
from

. log Ca ().

29" (y,d,x) 1
AT ol )T 9 (y,d,x)
3 7:l: 2
21 1 1 _ | sweaTstdam gy d,)
OA lazo 81 +exp (—2ATg(y,d,z)) : A=0 :
29K(y,d,I) gK(y7d7 .’E)

exp(2A T g(y,d,x))+1

Definition of the tangent set. Recall that parametric submodels and corresponding score functions
are not unique. Here, we consider a set of score functions. For a set of the parametric submodels
{R PA A€ oK }, we obtain a corresponding set of score functions in the Hilbert space La(Rp),

which we call a tangent set of R at Rp and denote it by R. Because Exz, [¢%] is automatically finite,

the tangent set can be identified with a subset of the Hilbert space Lo(Rp), up to equivalence classes.
For our parametric submodels, the tangent set at Rp in Lo(R p) is given as

1[d = 1]Sk(y|z) + SE(
1[d = 2]S é(y|x 4—5g

1[d = K]Sff(ybc) + SCK(x)
A linear space of the tangent set is called a tangent space. We also define R* = { (1[d = q] S¢(ylx)+

se() }.
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D.3 CHANGE-OF-MEASURE

We consider a set of bandit models P C P* such that P € PT,a € [K],and z € X, u*(P)(z) =

u(P). Before a bandit process begins, we fix P# € PT such that ! (P¥) = - - - = u&(P%) = pu(P*).
We choose one arm d € [K] as the best arm following a multinomial distribution with parameters
(e e ..., ef), where e* € [0,1] forall @ € [K]and 3 ¢ e* = 15 that is, the expected

outcome of the chosen arm d is the highest among the arms. Let A be a set of parameters such
that A = (A°).¢k), where A € (0,00). Let A be a set of parameters such that A9 =
(0,...,A% ....0). Then, for each chosen d € [K],let Q oy € P! be another bandit model such that
d = argmax, ¢ g 1 (Qaw)s 1°(Qaw) = u(P*) forb € [K]\{d}, and p*(Qaw) — p(P*) =
A4 O ((A)?). For each d € [K], we consider Rp; o) € Rpt C Rp- such that the following
equation holds:

T
! QA ~alloe [ LB XD N Cee(Xe)
P (PhQaw) =3 z{ ng< AP o (2

t=1 a€[K]
T
_ [ (VA1 X) Cps(Xt)
‘Z{ o (féw mle») e (c <Xt>>}
T d d
_ BOEX) (X
_fz_;{ (fi(d)(met)) ! g(CAM)(Xt))}.

a T _ Fis (V1 X0) Cr(Xy)
Then, let L§.(P*, Qaw) be 32, {I[At = d]log (W) + log (m) . Under
the class of bandit models, we show the following lemma.
Lemma D.3. Any null consistent BAI strategy satisfies

Ep: [LE(PH
sup EP[TT(P) (W)] > sup Z edAd 1— ]Ppﬁ (aT _ d) . \/ pt [ T( aQA(d))] +0 (Ad)
Pep~ AE(0,00)% ey 2

Proof of Lemma D.3. First, we decompose the expected simple regret by using the definition of PT
as

sup Ep[ry(P)(m)]

Pep+
= sup maxaP—bP}]P’ ar =b
pep*b%{aem“” w(P) LBy @ =)

> sup Z et Z (Nd(QNd)) - ,u'b(QA(d))) PQAu) (ar =)

A0 gelk]  be[K]\{d}

= sup Z et Z (11 (Qaw) — n(PY)) Pg, ., (ar =10)

A0 gelK]  be[K]\{d}

=  sup Zed Z A'Pq ., (@r =b) + 0 ((AY)?)

AE(0,00)% 575 be[K\{d}
0 N d\2
= sup e \APQw (ar # d) + O ((A7)
AE(0,00)K d;{] { ald) ( )}
=  sup Z e’ {Ad (1 —Pq,w (@r= d)> +0 <(Ad)2)} '
AE(0,00)% 5ok

From Propositions D.5 and D.1. and the definition of null consistent strategies,

dfad(q1_ ~ dy2
o 3 ot (1-va, @r=a) +0 (a0}
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E 1Al a a a dy2
= sup e’ IAY (1 —Pp: (ar =d) +Pp: (ar =d) — Pg (Gr =d)) + 0 ((A%
AE(0,00)" 4erT) { ( P P ald) ) ( )}

Ep: [L4(P!
> sup Z 6cl Ad 1 — Ppﬁ (EiT _ d) . \/ Pt [ T( aQA(d))} +0 ((Ad)Q)
A€(0,00)K de[K] 2
The proof is complete. O

D.4 SEMIPARAMETRIC LIKELIHOOD RATIO

In this section and the next section (Appendix D.5), our goal is to prove the following lemma.
Lemma D4.
T (A%)?

od(X))?
2Ep [(wézup) }

Ep: [L4(PEQaw)] < +0 (T (A“)3> .

We consider Taylor expansion of the log-likelihood ratio Ly defined between P,Q € PT. We
consider an approximation of L7 around a parametric submodel. Because there can be several
score functions for our parametric submodel due to directions of the derivative, we find a parametric
submodel that has a score function with the largest variance, called a least-favorable parametric
submodel (van der Vaart, 1998). Our Taylor expansion is upper-bounded by the variance of the score
function, which corresponds to the lower bound for the probability of misidentification.

Inspired by the arguments in Murphy & van der Vaart (1997), we define the semiparametric likelihood
ratio expansion to characterize the lower bound for the probability of misidentification with the
semiparametric efficiency bound. Note again that the details are different from them owing to the
difference in the parameters submodels.

As a preparation, we define a parameter E5
P,
P (Rpaw) =Eg

parametric efficiency bound. Let linR be the closure of the tangent set. Then, w“(ﬁp} Ad)) 18

( )[Yt‘l] as a function ¢* : R +— R such that
ala

" [Y,2]. The information bound for ¢ (R p A ) of interest is called semi-
p,ala ’

pathwise differentiable relative to the tangent set R if and only if there exists a function ¢ € IinR
such that

0
0A¢

This function 1Z is called the semiparametric influence function. Note that the RHS of Eq. (6) is
calculated as follows:

EERA(Q) {J%(K,At,Xt)Sa(naAt’Xt)] = //yS?(y\x)fZa(ylw)CNw (W)dydfﬂ+/#a(m)SC(x)Cma)(iﬁ)d%
(7N

V*(Rpaw) =Eq

[0 (Vi, A, X0)5°(Y, Ar, X0)] ©)

A2=0 p,ala)

Then, we prove the following lemma:
Lemma D.5. For P € Pf,

EP[ %(Pa Q)] <

+0 (T(A“)3) .

To prove this lemma, we define
(A (y,d,x) = 1[d = a]{ log fA.(y*|z)} + log Ca ().

Then, by using the parametric submodel defined in the previous section,

e (Y2 X)) (P (Xt)
JEY X )Co(X)

L§$(P,Q) =Y 1[A; = a]log

t=1

22



Under review as a conference paper at ICLR 2024

T
ilos ((SBEIXDCR(X)
; 114, = allog <fza(Y;“|Xt><A<Xt)>
(_3
OAe

B
0Aa Aa:ogaA(“)(Y}/’At’Xt) = 5%y, Ay, Xi) = 9" (Vy, Ar, Xi)
B)

‘AQ:O L o (Ve, Ap, Xi) = — (89(Yy, Ar, Xi))2

a a 82
nogt @ (Ve Ai X)AT = d(A)? ‘AH:O

Cp oy (Ve Ag, Xi) (A;)2 +0 ((Aa)s)) :

Il
M=

t

1

Here, note that

a(Aa)2

By using the expansion, we evaluate Ep [L5]. Here, by definition, Ep [S®(Y:, A¢, X¢)] = 0. There-
for S € R.

. 1
fore, we consider an upper bound of Er 5 A X))

1 .
Ep [(Sa(m)AﬁXﬁ))Z] ’

Then, we prove the following lemma on the upper bound for

Lemma D.6. For P € PT,

1
sup

ser Ep [(S“(Yt,At,Xt))Q] <Ep {({/;%(Yt,/lt,Xt)) ]

Proof. From the Cauchy-Schwarz inequality, we have

1= Ep [F5 (Y, Ar, X0)S"(Yi, A, X1)| < %Ep [(&W,At,mf] \/Ep (8%, 40, X0))?].

Therefore,

1
sup

- 2
ser Ep {(Sa(}/t;At,Xt))z} <Ep [<¢P(Yt,At,Xt)) ] :

O

1
Ep[(S2(V2,Ar,X0))?]

According to this lemma, to derive the upper bound for , let us define the semi-

parametric efficient score S%;(Yy, Ay, Xy) € linR® as

Vi (Y, Ar, Xo)

Seir (Ye, Ay, Xy) = - AR
Ep [(ZZJ?:(Yt,AnXt)) ]

Then, by using the semiparametric efficient score S%; (Y}, A+, X+), we approximate the likelihood
ratio as follows:

Proof of Lemma D.5.
B [L5(P.Q)) = TE |5 (5°(F, A X0)* (A% + O((a")")]

< TEp [ (S (¥r. Ar X)) (A)? 1 0<<N>3>]

1 T (A)? Lo (T (Aa)s) .

2 | (7500 40X0) |
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D.5 OBSERVED-DATA SEMIPARAMETRIC EFFICIENT INFLUENCE FUNCTION

Our remaining is task is to find 1,/;?3 € linR in Eq. (6). Our derivation mainly follows Hahn (1998).
We guess that ¥% (Y7, Ay, X;) has the following form:

1[d = al(y — p*(P)(x))
liT_’p(a|X)

oy, d,z) = + p®(P)(x) — p*(P). ®)

Then, as shown by Hahn (1998), the condition 8%

a( —
A(a):oq’b (Fpaw) =

EEQ {/;j’)(Yt, Ay, X4)S%(Yy, Ay, Xt)| holds under Eq. (8) when the score functions are given as

sa(yle) = CPD) Gy Se(a) = (40 (P)(x) — p(P)) /T (e p) fora e (K],

kr p(alr)
where
Voo p) =t | (N o)) - po(p) ) | =B | SZ L ()60 - ()
Therefore,

1[d = a](y — p*(P)(x))
HT,p(a|X)

Our specified score function satisfies Eq. (4) because we can confirm that

V*(Rpo) = n*(P),

5°(y,d,z) = < (P () - u“(P)) [T (s p).

and

o 0 (Rraw) = Br, T80 A X)S°(V:, A, X))
(A=l (Pl
IiT’p(a|X)

= EEQ

it (P)a) = () ) /V%T,pﬂ 1

Then, from the first-order Taylor expansion of 1%(R p.a(@) around A = 0, we obtain

Y (Rpaw) =" (Rpo) + A°

U (Rpaw) +O((A)?) = p*(P) + A® + O((A")?).

OA% | Ae=0

Summarizing the above arguments, we obtain the following lemma.

Lemma D.7. For P € PT, the semiparametric efficient influence function is

U3y, d,x) = V*(rkrp) (1[d = a]S}(y|z) + Sc(x))
1[d = a](y — p*(P)(z))

_ T 1(P)) — p(P).
kr. palx)

Thus, under g with our specified score functions, we can confirm that the semiparametric influ-
ence function % (y, d, ) = V(kp p) (]l[At = alS¢(ylz) + Sc(as)) belongs to IinR. Note that
]EEQ [Saﬁ(}/)‘f’ At, Xt)] = 0 and

€

B [ (500 40 0) ] = (B, [ (P05 30)])

In summary, from Lemmas D.5, D.6, and D.7, we obtain Lemma D.4. Note that because p®(P)(x) =
p® for P € PH Vo (kpp) :=Ep [M}

K,Tﬁp(alxt)
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D.6 THE WORST CASE BANDIT MODEL

We show the final step of the proof.

Proof. Then, from Lemmas D.3 and D.7, for all d € [K], and definition of the null consistent strategy,
for any € > 0, there exists 7 > 0 such that for all " > T,

sup Ep[rp(P)(w)] >  sup Z A1 —Ppy (A = d) — \/Em L4 (D% Q)] +0 (Ad)

Pep* A€(0.50)% e 2
. 1 (A7) 3
> inf  sup Z AT — — — ————— =+ O0(T((A)*)+ O (A%) 3 —¢
wew AG(O,OO)K dE[K] K 2Epﬁ {7(2)(517()22)) i|
1 T (Ad)?
> 11}125\} sup Z e?A? 3 % + O(T((Ad)s) +0 (A% 3 —e
AE(O OO) dE[K] 2Epu [W}
Th imi £ dpad ) 1 _ TAd)2 . Ao —
e maximizer of SUPA¢ (g, o0)x Zde[K] e 5 [ TxD) } is given as =
w(d[Xy)
2Ky [ ST
% M Therefore,

1 T (A)?
sup Ep[rp(P)(m)] > inf  sup Z elA? 5 % +0(T (AD*) +0 (A%
PeP* weWw Ae(0,00)K de[K] QEPﬁ |: Z(d\)t(t) ]
a4 2
ocd(X))? (U (X’))
R o) B[] 4o . [ LX)
= 12wew o € T T “
de[K]
AsT — oo, letting € — 0,
1 (X
sup VIEp[rp(P)(m)] > — inf e, | Ep: (0°(Xy)) +o(1)
Pep* 12 wew de[K] (d‘Xt)

D.7 CHARACTERIZATION OF THE TARGET ALLOCATION RATIO

Proof of Theorem 3.4. We showed that any null consistent BAI strategy satisfies

Eplrr(P >7 f
Sup plrr(P)(m)] = 12wlgw Z

In the tight lower bound, e = 1 for d = arg max e (k) 15 (U( )) + o(1)°. Therefore, we consider
solving

d 2
inf max (o9) .
wew de[K] | w(d)

SIf there are multiple candidates of the best arm, we choose one of the multiple arms as the best arm with
probability 1.
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If there exists a solution, we can replace the inf with the min. We consider the following constrained
optimization:

inf R )
ReR,weW

ot m> ) yhe K]

(]

=3

&
I
—

a€[K]

For this problem, we derive the first-order condition, which is sufficient for the global optimality
of such a convex programming problem. For Lagrangian multipliers A € (—oo, 0] and v € R, we
consider the following Lagrangian function:

2
LA, v; R,w) = R+ ZAd{(Ud)—R}H Zw(d)—l
Pl ) delK]

Then, the optimal solutions w*, A+, ~v*, and R* of the original problem satisfies

kZAd*:o Vo e X (10)

( ) =" VdelK], (11)

pa { } (12)
w

-1,=0 Vae[K].

Here, the solutions are given as

d 2
==
ZbE[K] (o®)

X = w(d),

. 2

V@) =- > (o)

be[K]
Therefore,
. ol (e (X)) _ 1 al X ))2 a
wlél)f/v e E Eps W JrO(l)—ﬁ Eps Z (O’ (X)) Z e +O(1).
a€[K] a€[K] a€[K]

Since _,c(x €* = 1 and (p(z) = ((z), the proof is complete.
O

(o (x))*
Ebe[x](gb(w))Q
strategy because it represents the sample average of 1[A; = a]; that is, we design our sampling rule
(A¢)epr for the average to be the target allocation ratio.

Here, w(alz) = works as a target allocation ratio in implementation of our BAI

Although this lower bound is applicable to a case with K = 2, we can tighten the lower bound by
changing the definition of the parametric submodel.
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E PROOF OF LEMMA D.2

Proof. Letus define Q/°(P) =S _|E [(f‘;vb(P))2 |]-'S,1} . We can also derive a non-asymptotic

upper bound for the expected simple regret if we assume a certain convergence rate on 2%°(P),
which dominates the rate of the martingale limit theorems. We show the result in Appendix H.

We have

T
i o IB0EIX)G(X)
T] = ;EQ Z ]1{14,5 = CL} log f?o (Yta|Xt)CPo (Xt)

a€[K]
T
fEY X))o (Xe)
= EXeFe-1 EYt Ar [ = a]log Q | X ,]"_1}
T
: fEYEX)Co(Xe)
_ ]:EXtﬁ-Ft—l E X’]: Yt |:10 Q X’]:_ :|
; ¢ a;d @ltdr=allXe Zina[Bq |08 70 rax ey (0 X0 T

I
[M]=

ES |ES | Y Eq(1[A = a]| Xy, Fii] Y'[log

J6Y1Xe)Co(Xe) }
a€[K]

[, (Y2 X )Cp, (X2)

o~
Il
-

Il
[M]=
—

~
I
—

Fi _ _ e To(Y 1 Xe)Co(Xe)
aez[;{] EQ DEQ [H[At = CLHXt = l‘,]‘}—l” EQ |:1 og fa (Ya|Xt)CP0 (Xt)

“ Y| X T
Z (Eg [1og I EY“:X;CQ(( } ZEJS [Eq [1[4; = a]| X} = =, Fi 1}]) Co(x)dx

a€[K]

_mwX y® og fQ(Ya|X)CQ( ) d Fi1 —y
| 2 ot g 00| 35 el =l i

where IEZ denotes an expectation of random variable Z over the distribution ). We used that the
observatlons (Y ..., YK X;)areiid. acrosst € {1,2,...,T}. O

Il
—

F PROOF OF THE ASYMPTOTIC LOWER BOUND FOR TWO-ARMED BANDITS
(THEOREM 3.8)

When K = 2, we define different parametric submodels from those in Section D.

Parametric submodels for the observed-data distribution and tangent set. In a case with K = 2,
we consider one-parameter parametric submodels for the observed-data distribution Rp with the
density function 7p(y, d, ) by introducing a parameter A € © with some compact space ©. We
denote a set of parametric submodels by {E pAtAE @} C Rp-, which is defined as follows: for
some g : R x [2] x X — R satisfying Ep[g(Y;, As, X¢)] = 0 and Ep[(g(Vs, Ar, X1))?] < o0, a
parametric submodel R p,a has a density such that

Ay, d,x) == 2¢(y,d, a5 A) (1 + exp (—2Ag(y, d, 2))) " T (y, d, ),

where ¢(y, d, z; A) is some function such that ¢((y, d, 7;0) = 1 and 2% . log c((y,d,z; A) =0

for all (y,d,z) € R x [2] x X. Note that the parametric submodels are usually not unique. The
parametric submodel is equivalent to 7p(y, a, ) if A = 0.

Let fX (y|z) and ¢a(x) be the conditional density of y given = and some density of z, satisfying
Eq. (3) as

Ky, d.x) = H{fA ylz)s(alz) 1= (o ().
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For this parametric submodel, we develop the same argument in Section D. Note that we consider
a one-parameter parametric submodel for two-armed bandits, while in Section D, we consider
K -dimensional parametric submodels for K -armed bandits.

Change-of-measure. We consider a set of bandit models Pt < P* such that for all P € PiT,
a € [K],and z € X, u®(P)(x) = u®. Before a bandit process begins, we fix P* € PTT such that
pt(P¥) = u2(P*) = u(P*). We choose one arm d € [2] as the best arm following a Bernoulli
distribution with parameter e € [0, 1]; that is, the expected outcome of the chosen arm d is the highest
among the arms. We choose arm 1 with probability e and arm 2 with probability 1—e. Let A € (0, o)
be a gap parameter and QA € P'T be another bandit model such that d = arg max, ¢ 1 (Qa),

uP(Qa) = wu(P%) for b # d, and p?(Qa) — u(P¥) = A + O(A?). For the parameter A, we
consider Epuﬁ, A € Rptt C Rp+ such that the following equation holds:

T
_ —1]log [ Xe) o TB(Y21Xy) o Cp(Xy)
LT(RQ)—g{]l[At—l}l (fQ( Fx ))+11[A 2]1g(f%(Ylet))Hg(CQ(Xt))}

=3 (= s (FGHRS ) - 0n = (RS e (E555) -

Proof of Theorem 3.8. First, we decompose the expected simple regret by using the definition of P17
as

sup Ep[rr(P)(m)]

Pep-
= su max“PbP}]P’ ar =b
pe%’*b%{aem“” w(P) LB ar = 1)

> sup {e(1'(Qa) — £ (Qn)) Po, (@r = 2) + (1 - €) (1*(Qa) — 1'(Qa)) P, (ar = 1)}

A€ (0,00)

— sup {e (1 (@Qa) — u(PH)) Po, (r = 2) + (1 —€) (12(Qa) — p(PH) Po, (ar = 1)}

A€ (0,00)

= {e (A +0(A2) Py, (ar = 2) + (1 —€) (A+ O(A2)) Pg, (@r = 1)}

= sup {eAPg, (ar =2)+ (1 —e)APq, (ar = 1) + O(A?)}
A€(0,00)

= A:&p ) {eA(1-Pg, (ar =1))+ (1 —e)A (1 —Pg, (ar =2)) + O(A?)}.

From Propositions D.5 and D.1 and definition of the null consistent strategy,

Aesg%p : {eA (1 -Pg, (ar =1))+ (1 —e)A (1 —Pg, (ar =2)) + O(A?)}

= sup {eA (1 = Ppss (@ = 1) + Ppss (a7 = 1) — Po,, (a7 = 1))
A€(0,00)

+(1—e)A(1—=Ppu: (ar =2) +Ppu (ar =2) — P, (ar =2)) + O(Az)}
= sup {eA (1 — Ppus (a7 = 1) — \/ Epu [Lr(P¥, QM])
(

A€(0,00) 2

(1—6)A (1—Ppnu( T—2 \/EPW Lt

1 Epss [Lr(P¥, Qa)]
R ] O e e Mt
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1 TA?
> inf sup Al =-— +0(TA%) | +0(A?)
WEW A i 2 (@ (X0))2 | ((X)?
AE(0,00) 2EP|: w(1|X) + w(2|X,,)i|
(1?2 | (e2(x))?
2Ep |1 +Z
Let A = }1\/ [ mX)T e } . Then,
1 TA?
inf  sup Al =— +O(TA3) +0(A?%)
weW 2 ol(Xe))? (02(X))?
€ A€(0,00) ZEP |:(’LU((1|)())) + w(2(|)()f)) i|
o 2 02(Xy))?
Ep [SH0F | @]
. w(1[Xy) w(2|X¢) 2
>
2 15,88, T +0 (4%

1B [(01(X) + 2(x))?] o fE (' () +02(x))]

12 T T

Here, the minimizer regarding w is w(1|z) = % (w(2|z) = 1 — w(1]|z)) (van der Laan,

2008; Hahn et al., 2011; Kato et al., 2020). Because (p(z) = {(x), sup pcp« VEp:[rp(P) ()] >
LT (01X + 02(X))? ¢(a)da + o(1). =

G PROOF OF THEOREM 5.2

Let us define A®*(P) = u%(P) — ub(P) and A% (P)(z) = p®(P)(x) — pb(P)(x) for all a,b €] K]
andz € X.

For a,b € [K], define®

é-a,b(P) — @?(Y;fa Atht) - Sab(Y;S, At,Xt) - Ab(P)
' TVab=(P) 7
(e (X))* | (¢"(X))
w*(alX)  w*(b]X)

2

where Va,b*(P) =Ep + (Aa,b(P)(X) _ Aa’b(P))2

We show that {£°(P)}Z_, is a martingale difference sequence. The proof is shown in Appendix G.1.

Lemma G.1. Under the AS-AIPW strategy, Ep[¢"(P)|F,_1] = 0 holds.

Note that 37, *(P) = VT (ﬁ;IPW’a T X P)) //V@b(P). Theorem 5.2 can

be derived from Proposition B.7 and Chernoff bound. To prove Theorem 5.2, we use the following
lemmas.

Lemma G.2. Fix a,b € [K|2 Suppose that £°(P) is conditionally sub-Gaussian; that is, there
exits an absolute constant C¢ > 0 such that for all P € P and all \ € R,

o \2C,
Ep [GXP (Aft’b(P)) |-7:t—1} < GXP( 5 5) .
Also suppose that
@ Y B[ (P)) = 1

(b) E[VT|E(P)|"] < oo for some r > 2 and all t € N;

SMore rigorously, £&°(P) and Q¢*°(P) should be denoted as double arrays such as 5 (P) and Q5 (P)
because they dependent on T'. However, we omit the subscript 1" for simplicity.
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© S (& (P)? 51

Then, the following inequalities hold:

P (GAIPW.a _ SAIPWG ) _r(avtp))” < i VTA®(P) <
Ly L < exp | ——mmmm— | <o(l) asT — oo, if By < VT (P)<E

Va,b*(P)
a,b 2
P (ﬁ?lpwﬂ — AW < o) —exp —LAQC&?’)) <0 VT eN if By < VTA®Y(P),
(13)

where Eq > E > 0 are some constants independent from T and A%°(P).
Lemma G.3. Under Assumption 5.1, there exists constants M, C¢ > 0 independent from P € P*

such that for all t € N,
Ep {exp ((ﬁﬁf’b(P)>2)] < M;

Ep [exp (/\\/Tf?b(P)) |~7:t—1} < exp (AZQ) .

Lemma G.4. Under Assumption 5.1 and the AS-AIPW strategy, the following properties hold:

and

(@) Zt LEp[(&" b(P))Q} — 1, a positive value;
(b) EPH\/TES’ (P)|"] < oo for some v > 2 and for all t € N;

© S (E(P)? 51

Proofs of these lemmas are shown in Appendixes G.2-G 4.
Then, we prove Theorem 5.2 as follows.
Proof of Theorem 5.2. From Lemma G.2, for some constants 0 < Ey < F, if By < VTA%¢(P) <

E, for any € > 0, there exists Ty > 0 such that for all T' > Tj, the expected simple regret is bounded
as

R . T (A% (P))?
Pp <M$IPW ZM?IPW’b) < exp ( (Vab((p))) >+6'

As well as the proof of Corollary 3 of Bubeck et al. (2011), we consider two cases where a given A®

is more or less than a threshold ¢', /2, ..., ¢X > 0. We have
Ep [TT(P) (T‘_AS-AIPVV Z APp <AAIPW a*(P) < ﬁAIPW a)
a€[K]
< Z {K‘IIP’p (ﬁ%IPW,a (P) < ﬁ%IPW,a> +1[A® > (4]APp (A%IPW ,a*(P) < ﬁAIPW a)}
a€[K]
a a ajAa ~AIPW,a*(P) _ ~AIPW,a
§£%5+%]{[A > e)acpp (AT < ) )

Because 7 € [0, Ca] + 2z exp(—C2?) is decreasing on [1/v/2C, Ca], for any C' > 0 and Ca, where

A® < Ca for all ¢ € [K]. Therefore, taking C' = LQW( J.for ¢ >1/4/2 {QVQT(P)J,

EP [’I‘T(P) (ﬂ_AS—AIPW)]

<o % oo (v =)

a€[K]
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{0 (o (i) <}
P A VLY

Substituting £* = , /log K/ LQVQL(P)J we have

< max
ac

Ep [TT (WHIR) (P)] < anel[a;((] {\/logK/ {QVZ;P)J

+ (K - 1)\/1ogK/ {ZWT(P)J exp _T1ogfv/a%:(mJ

T
Tlog K/| syamy Tlog K/ gpacpy }
X exp € .

+
Ve(P) 2Ve(P
Letting " — oo and € — 0, we conclude the proof.

If By < VTA®Y(P), forall T € N, we obtain

R APW . T (A%t (P))?
PP(M?IPW’I’ ZM?IPW, ) < exp <_ ( 202 )) )
13

Similarly, for the second inequality with Ey < T A%®(P), we obtain the maximizer as A*?* =

Ce(P)
oT -

2T ¢

a,bx .. . . a,b
use A9+ = /Y22 1o show the minimax optimality. Therefore, we use A%?* = 4/ Y22 (P),

O

As an upper bound, we can use both A%** = 4/ % and A% = /9P 1 our analysis, we

G.1 PROOF OF LEMMA G.1

We have

1[A; = a] (V" — (X))
wy(a|Xt)

~ Ep [1[A = o) (Y - 3 (X)) [Xe, Femr] |

- @t(a|Xt) + 1y (Xt)

_ Wi(alXy) (p (X)) (P) — i (X))
wy(alXt)

Ep

+ ﬁ?(Xt)lXt,}'t11

+ 1 (Xe) = p* (Xe) (P),

p(@)(P) — p’(@)(P) — A*(P)
TVa,b* (P)

Epl¢’(P)|Fio1] = EX ¢(z)dz = 0.

G.2 PROOF OF LEMMA G.2

We prove Lemma G.2. Lemma G.2 can be derived from Proposition B.6 and Chernoff bound.

Proof. The second statement directly holds from and large deviation bound. Therefore, we focus

~AIPW,a ~AIPW,c (A% (P))?
on the proof of the first statement, I ( 7 — <0) —exp | ——ampy | < o(1).
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This inequality follows from the martingale CLT of White (1984) (Proposition B.6) on Zthl & ’b(P)
because

P (ﬁ?IPW,a B ﬁﬁlPW,b < 0) —p (\/T (ﬁ?IPW,a _ ZZ%IPW,};) _ \/TAa,b(P) < _\/TAa,b(P))
T ~AIPW,a  ~ATPW.b b T b
=P(/——— a_ LYNT0 ) [y e —" T
( v p) (2 . (7)) < =\ gamgpy ")

T
T
=P “h(P) < — | ———=A%(P) |.
(; gt ( ) — Va’b*(P) ( ))
Thus, we are interested in = P (Zthl £P(P) < —,/ v b* A“ b(p )) and show the bound by

using the martingale CLT.

Under the following three conditions, we can apply the martingale CLT,

(@ Zt LEp[(& ®(P))?] — 1, a positive value;
(b) Ep[|[VTE<M(P)|"] < oo for some 7 > 2 and for all ¢ € N;
(© Si_, (& (P)? & 1.

By using the martingale CLT, as T' — oo,

STty LN (0,1).

This result implies that for each —oco < z < 00, as T' — oo,
T ~ATPW,a _ ~AIPW b ab
a,b I ) AN (P
P(Z@ <P><x>—<1><> ( )
t=1

Hr —Hr -
< -
\/7 Va,b* (P) — LC) ({E)
From the martingale CLT, if there exists a constant £ > 0 such that VT A“*(P) < E,
AAIPW a _ ~AIPW,b ab
— — A%P(P T T

=o(1).

Va,b* (P) — Va,b* P Va,b*(P

Let ¢(-) be the density function of the standard normal distribution. Then,

<I>< T Aab ) / VV“”*<P>A“

Va, bx* ( (u)du

(A% (P))?
B e %D (—zv<P>
T (e—1)V2rm - b*(P Awb(P)

Here, we used m ~ 0.252, \/vemrpy b*(P)A“b( ) > 1 for large T, ¢(u + 1/u) =
5= oxp(—(u+1/u)?/2) = e~ $(u) exp(—1/(2u?)) = e~ '$(u) and

_I(;S du-/ o(u du<z —d(z+k/z) < Lzexp € .M’

Therefore, if 0 < vVTA%*(P) < C,

~ ,a -~ Aa,b(P) i

Thus. we proved the first inequality. [
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G.3 PROOF OF LEMMA G.3

Proof. We show the following inequality: there exists a constant M > 0 such that for any P € P*
and -thl = U(Xl, Al, Yl, e ,Xt, At, K),

Ep [exp <(\/T§f’b(P)>2> |}'t1} < M. (14)

From Proposition 2.5.2 (iv) of Vershynin (2018), this inequality implies that &;' ’b(P) is conditionally
sub-Gaussian.

2
If the above inequality Eq. (14) holds, the first statement Ep [exp ((\/T & ’b(P)> )] < M holds

directly. In addition, because £ (P) is conditionally sub-Gaussian and E[¢*(P)|F;_,] = 0, from
Proposition 2.5.2 (v) of Vershynin (2018), there exists a constant C¢ > 0 such that for any P € P*
and Fy -y € R x [K] x X x R x [K] x X, Ep [exp (WTEP(P)) | Fia | < exp (25%).
Thus, the two statement hold from Eq. (14). Therefore, we consider showing Eq. (14).

Recall that ¢f (Y}, Ay, Xt) is constructed as

L[A; = o (V)" — A§ (Xe)
@t(a\Xt)

ot (Yoo Au, X1) = LRNX).

Forallt=1,2,...,
Ep [GXP <(\/ff?’b(P))2> |-7:t1:|

<90? (YuAnXt) - 90? (YtaAt,Xt) - Aa’b(P))2
Va,b*(_p)

=Ep |exp ‘]:t—l

Here, we have

(68 (Yoo 4 ) = b (Vi A X0) = A%0(P))

_ <H[At = CL] (}/ta - ﬁ;ﬁl(Xt)) N H[At = b] (}/tb - ﬁg(Xt)) + ﬁ?(Xt) - ﬁ?(Xt) . Aa,b(P)>2

@t(a|Xt) ’L/U\t(b‘Xt)
(1A = a)(Ye - pt(PY(X))  I[A = B(YE — u(P)(X0))
@y (al Xy) W (b| X+)
L UA = (e (P)(X) — (X)) 1Ay = (i (P)(X,) — 4(X0))
1/13,5(11|Xt) @f(b|Xf)

2
+ (X)) — i (Xy) — A‘“’(P))

1A, = a) (Y — p*(P)(X)" | 1A, =8 (Y} — p*(P)(X,))”

@3 (alXy) " @O
L A= o] (e (P)(X) — i (X0))” | 1A= (6" (P)(Xe) — (X))
@?(a|Xt) {U\?(MXt)

+ (A0 - A x) - AT(P))
. (MAt = (¥~ (P)X0)) (1 (P)(X0) ~ BE(X0) 1o = BV — g (P)(X0) (5 (P) () — H(X0) )

w7 (alXt) w7 (b1 X+)

1A, = a) (" (P)(X0) = (X)) 1A= B(u"(P)(X0) =AY (X)) \ (o) .
”( @(alXy) - @, (0] X0) >(ut (X0) = i (X0) = A™(P)
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=a a __ ,a ' ;= tb _ b .
2 (7 (X0) — A (X,) — A™(P)) (“A‘f =l PIE) LA S (P ”) |

where we used 1[4 = a]1[A = b] = 0.

We can show Eq. (14) by using the properties of sub-Gaussian random variables and boundedness of
parameters and estimators. Since Y, is a sub-Gaussian random variable, there exists some universal
constant Cy,Cy > 0 such that for all P € P, ¢ € {a,b}, z € X, and A € R, E[exp(A(Y —
1¢(P)(2)))] < exp(C2A?/2) and Eplexp (Y, — pu(P)(x))?)] < exp(Cy?) (Proposition 2.7.1,
Vershynin, 2018). In addition, from Definition 3.2 and Assumption 5.1, there exist constants C,
C; and Cp such that for all z € X, and ¢ € {a,b}, |u(P)(x)| < C,, |pf(xz)] < Cp, and
|7f(x)| < Cp. Furthermore, because w;(a|X) is constructed by 1§ (x) and Uf(x), there exists a
constant C'g such that for all P € P, z € X, |1/w(a|z), W (alz)| > Cg. Therefore, there exists
a constant M > 0 such that for any P € P* and F;_; € Rx [K] x & x ---R x [K] x X,

2
Ep {exp <(\/T§f’b(P)> > ft1:| < M. This proof is complete. O

G.4 PROOF OF LEMMA G .4

We prove Lemma G.4. Our proof is inspired by Kato et al. (2020).

Proof. Recall that
LA, = a](Y," — /i (X1))

S (Y, A, Xy) = TUX
o7 (Yi, Ay, Xi) W (alXy) + 1 (Xe)
ooy 0 A X))~ P
¢ TV ab*(P) ?

Qp'(P) = Z [(€2t(P)* 1Fea] -

Step 1: check of condition (a). Because \/TV®%*(P) is non-random variable, we consider the
conditional expectation of ¢ (Y}, Ay, Xt) — b (Y}, Ay, Xt) — A%Y(P).

Instead of ZtT:I Ep[(€2°(P))2], we first consider the convergence of Zthl Ep[(€X°(P))2|Fi1] =
Q% (P); that is, we show Q2°(P) — 1 25 0. Then, by using the L"-convergence theorem (Proposi-
tion B.3), we show Y, Ep[(£1°(P))?] — 1 — 0.

The conditional expectation is computed as follows:

Ep {(@? (Yt,At,Xt) - SOZt)(YuAnXt) - Aa’b(P))Q

-

2
L[A, = a] (V2 - Ag(X0)  1[A = 8)(V) - (X)) b wb(p
Bu(al %) SRy R R - ane) | |

< A4, = a] (v — B (X)) n[At_anb—ﬁ%(Xt)))Q
(

’LUt G|Xt) ’L/l}t(b|Xt)

= o (V¢ — 3f(X0) 1A =807~ BOD) oy o .
we(al Xs) - @e(b]Xy) )“‘t (Xy) — (X)) — AP(P))

+2

(/Lt (Xt) — ﬂt(Xt) Aa’b(P))2 |ft—1]

14, = o (v - 3(X)° 1[4 =67 - pb(X0))°
we(al Xy) W (b| X¢)

—Ep

34



Under review as a conference paper at ICLR 2024

LA, = a] (Vi — i (X)) LA = b)(V) — A7(X0)) | - a,
v ( DXy @) ) (R =X =)

+ (79 (X)) — Y (X,) — AY(P))® |Ft—1]

[ - x)? (VP — (X))’
B R R R B P AR
—Ep [ (7 (X)) + B(X0) = A%(P)) |Fia (15)

Here, we used

1[4, = o (V¢ — (X)) - (0l Xo) (Y = 1§ (X))
e I TP R ] e el T A XJHH
[ -
-ue| iy |
and
i | WA A0 ) (3 — o) - u(P) ~ () |ft1]
= Ep | ((X0) = B(X0) = (u"(P) ub(P)))EP[ (a'Xt)(( \Xf H) Xt,ft_ll f] .

We also have
~a 2
(Yta — M (Xt))
wy(a|X)

(
_ Ep[(V)?1X] — (u(P)(X0))* + (" (P)(Xe) — i (X4))*
ﬁ?t(a|Xt)

Ep[(V*)?|Xe] — 2u (P)(Xe)fif (Xe) + (77 (X+))?

E
r alX,)

|Xt7 ft—l] =

i}

Then,
(v - i (x,)°
1/171;(11|Xt)
~Ep [ (7 (X0) + B(X0) = (u(P) = 1 (P))” | Fir |
[EP[(Yt‘l)QlXt] — (u*(P)(Xe))? + (u*(P)(Xe) — ﬁ?(Xt))2:|
@t(a\Xt)
|:EP[(Ytb)2|Xt] — (16 (X2))? + (g (Xe) — ﬁ?(Xt))T
W (b| X+)
—Ep (A (X0) + LX) — A(P))?].
From [i¢(x) 2 p®(P)(x) and @, (a|z) 2 w*(a|z), foreach P € P, a € [K],and z € X,
(Ep[(Yt“)2|JU] (1 (P)(x))® + (p*(P)(x )—ﬁ?(x))Q)
w(alr)
"(P)(x))* + (u*(P)(x) — ﬁi’(w))2>
w(bz)
— (1 () + g () = (u*(P) — p"(P)))

(0°(@)* | ("X)° . 2
- <w*<a|x> Forny TP B P — (1 (P) — i (P) )

Ep | Fi—1

YP - pb(x,))?
+Ep (t 12 ( t)) \F 1]

wy (b] X¢)

:EP

+Ep

+

(EP[(Y”) 2] — (u

2
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< |Bpl(Y)?|2] = (u*(P)(2))* _ (09(x)®| | [Ep[(¥)?[a] = (u*(P)(x))* (0"(X))*
- W (alz) w*(alx) Wy (alx) w*(blx)
(n*(P)(z) = p(x))* | (po(x) — fig(x))?
TR EX) T ax)
| (@) - @) = A(P))’ = (u(P)(@) — 1 (P)(x) — A (P))’|
50

Note that Ep[(Y;*)2]z] — (u®(P)(z))? = (¢%(x))>. This directly implies that

;iEP [(so?(Yi,At,Xt) = ot (Vi A, X ) = (u"(P) —ub(P)))2 \fu] —ve(p) 2o,
o TV F) ET: {(cp? (Vi 40 ) — b (Vi 4 0) — (07(P) — () ’}'t_l} —120.

Thus, we showed Q% (P) — 1 2 0.

To apply L"-convergence theorem (Proposition B.3), we check that Qf’b(P) — 1 is uniformly in-
tegrable. Here, recall that &;” b is conditionally sub-Gaussian as shown in Lemma G.3. From
Lemma 2.7.6 of Vershynin (2018), the squared value (&, a,b )2 is conditionally sub-exponential. There-
fore, 2%°*(P) is a sum of the sub-exponential random variable. This implies that Q%°(P) — 1 is uni-
formly integrable. As a result, from L"-convergence theorem (Proposition B.3), Ep[Q&*(P)] — 1 =
S Ep[(€1°(P))?] = 1 — 0 holds.

Step 2: check of condition (b). We showed that &' ' is sub-Gaussian in Lemma G.3. When & bis
sub-Gaussian, the condition holds from Proposition 2.5.2 (ii) of Vershynin (2018).

Step 3: check of condition (¢). Let u; be an MDS such that
= (£M°(P))? —E[(&°(P))* | Fia]

. ]I[At = a] (Yt - ﬁg(Xt)) . ]l[At = b] (Yt - ﬂg(Xt)) ~b _ Aab ’
- ( B BEE) TR~ ) - A (P))

. (11[Ata}(Ytﬁ?(Xt>) LA, = b](Y, — iy (Xe)

2
) ~ ~b b
= — — + 7 (X)) — g (X A% Fi
wt(a|Xt) ’th(b|Xt) /J’t( t) :u’t( t) ‘ t—1

From the boundedness of each variable in z;, we can apply weak law of large numbers for an MDS
(Proposition B.5 in Appendix B), and obtain

Zut z (& (P))? = E[(&""(P))*| Fa]) 2 0.

In Step 1, we showed

T
SB[ (P)2IF] -1 B0,
t=1
As a conclusion, we obtain
T T
2P = > ( — B[ (P)AIFa] + B[ (P)*Fia] 1) B0,
t=1 t=1
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H NON-ASYMPTOTIC UPPER BOUND

The order of the expected simple regret is determined by the convergence rate of 3 ’b(P) — 1. When
a specific convergence rate is assumed, a non-asymptotic upper bound is given as follows.

Corollary H.1 (Worst-case upper bound). Suppose that for some o > 0 and constants C' and D,
Pp (IQg’b(P) —1] > D/\ﬁ(logt)2+2/a> < CtV(log 1)1/,

Then, under the AS-AIPW strategy, when K > 3,
sup ]EP [TT(P) (,H_AS—AIPW)]
Pep-

< max log(K)EX (XN | /T + AT Y4(log T 1+1/a,

when K = 2,

sup Ep [TT(P) (WAS'AIPW)}
Pep-

< Mmazpep A+ (P) \/ log(K)EX [(0(X) + 02(X))?| /T + AT /4 (tog T) /2.

The convergence rate of Qf’b(P) — 1 determines the non-asymptotic expected simple regret via the
martingale CLT. It is also known that the rate of the martingale CLT is no better than the convergent

1/2
rate of E [Q;;”’(P) - 1} (Hall et al., 1980).
Besides, to show the asymptotic minimax optimality for the lower bound, we do not have to
derive the non-asymptotic tight upper bound using Pp (|Q?’b(P) —1| > D/V/t(log t)2+2/0‘) <
Ct=Y4(logt)+1/e,

To prove this corollary, we use the following corollary in which we replace the martingale CLT
in Lemma G.2 with the non-asymptotic representation (the rate of the martingale CLT in Proposi-
tion B.7).

Corollary H.2. For all a,b € [K|?, suppose that £ (P) is conditionally sub-Gaussian; that is,
there exits an absolute constant C¢ > 0 such that for all P € P and all X € R,

\2C,
a,b
Ep [exp ()\ft (P)) |.7:t_1} < exp (25) .
Also suppose that some oo > 0 and constants M, C and D,
a,b «

r{leaNpr [exp O\/Tft (P)‘ )] < M,

and
P (|Q‘j’b(P) —1> D/\/i(logtﬁ“/a) < Ot~ Vi(logt) 1+,
Then, for a,b € [K] and T > 2,
T(A%(P))®

exp —W + AT_1/4(10g T)1+1/a if EO < \/TAa’b(P) < E7

p (GATPW.a _ ZAIPWb
Hp — K

S 0 S a,b 2
) exp [ - ZAP) it By < VTAb(P),

2(1;2
(16)

where the constant A depends only on o, M, C, and D, and Ey > E > 0 are some constants
independent from T and A%°(P).
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Then, we prove Corollary H.1 as follows.

Proof of Corollary H.1. From Corollary H.2 with Lemma G.3, the probability of misidentification

Pp <AAIPW > //J\?IPW,U,)

s is bounded as follows:

~ATPW,c - ~AIPW,
Pp (MT > K a)

a,b 2
exp —7T(VAM*((I;))) + AT_1/4(logT)1+1/"‘ if By < \/TAG’C(P) < E;

<

a,b 2
exp 7% if By < VTA%(P).

Then, as well as the proof of Theorem 5.2, when K > 3,

sup Ep [rT(P) (WAS'AIPW)]
PeP*

< log( X )EX b(X )| /T + ATV 4(log T) 1/,
< e 0g(X) > (e (X)) /T + (logT) ;

when K = 2,

sup Ep [rT(P) (ﬂAS'AIPW)]
Pep*

< log(K)EX |(o}(X 2(X))?| /T + AT Y*(log T)*+1/,
_be[fgl\%(P)\/og( ) {(J( )+ X)) /T + (log T)

Thus, the proof is complete. O
H.1 PROOF OF THEOREM 5.2

Proof. First, we prove the first inequality in Eq. (16), which corresponds to the martingale CLT. From
Proposition B.7,

P <AAIPW a AAIPW b < 0) P (\/T (ﬁ?IPW,a _ ﬁAIPW b) VT A% b( ) < _ﬁAa,b(P))

/ T
AAIPW a AAIPW b a,b < _ a,b
( Va, b* M -A (P)) — 1/ a.b* (P) A (P)>

_ d a,b o T a,b
P& (P) <\ am iy A (P)

t=1

@( 1lvab* A“Y(P >+AT1/4(1ogT)1+1/a.

Let ¢(-) be the density function of the standard normal distribution. Then,

q>< LAab ) /\/V‘“’*(P) o) du

IA

Va,b*(

gqs( mem"’(m)/ e A)
(e—l)\/ﬁ. Asb(P) '

Va, I’*(P)
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uY(P)=1.00 and u2(P)=0.90 u*(P)=1.00 and u?(P) = 0.90 for a=1
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Figure 2: Experimental results. The y-axis and z-axis denote the expected simple regret
Ep[rr(P)(m)] under each strategy and 7, respectively.

Here, we used m ~ 0.252, 1/W+(13)A“’b(P) > 1 for large T, ¢(u + 1/u) =
L exp(—(u + 1/u)?/2) = e~ (u) exp(—1/(2u2) = e~ p(u) and

“san= [ pwans Y Lot ngm) < XD S ey = 4 4
’ =0 " o

o e—1 T

Therefore, if 0 < \/TA‘“‘(P) <,

AW ATPW. Avb(P))”
P (H?IPW, B M%IPW, < O) < exp <_T2(Va’b(Pu)1*) +o(1).

Thus, we proved the first inequality.

Next, we show the second inequality of Eq. (16), which is a large deviation bound. O

I ADDITIONAL EXPERIMENTAL RESULTS

We show addition experimental results. In Appendix 1.1, we show results with variances different
from those in Section 7. In Appendix 1.2, we show the result with continuous contextual information.

I.1 ADDITION EXPERIMENTAL RESULTS WITHOUT CONTEXTUAL INFORMATION

Under the same setting with that in Section 7, we draw the variances from a uniform distribution with
support [10, 100]. We show the result in Figure 2.

1.2  CONTINUOUS CONTEXTUAL INFORMATION

We consider cases with K = 2, 3,5, 10 and 2-dimensional contextual information (d = 2). We
consider contextual information; therefore, we only investigate the AS-AIPW strategy. Because we

cannot obtain a closed-form solution for K > 3, for simplicity, we fix w*(a|z) = %
be[K]\T
for K > 3, which still reduces the expected simple regret better than w*(a) = ZL)(Q”V In this
be[K]\9

section, we do not use SHAdaVar because it is unknown how to incorpolate contextual information
to the strategy.

In each set up, the best arm is arm 1. The expected outcomes of suboptimal arms are equivalent and
denoted by i = p?(P) = pf (P). We use 1 = 0.80,0.90. We generate the variance from a uniform
distribution with a support [0.1, 5] and contextual information X; = (X1, X¢2) from a multinomial

0.1

distribution with mean (1, 1) and variance (011 1 > Let (0, 62) be random variables generated

from a uniform distribution with a support [0, 1]. We then generate 1u*(P)(X;) = 01 X2 + 02 X3 /¢
and (0%(X;))* = (61 X7 + 02X3)/c, where ¢, % are values that adjust the expectation to

align with z%(P) and (c%)?. We continue the experiments until 7 = 5,000 when 7z = 0.80 and
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T = 10,000 when ;z = 0.90. We conduct 100 independent trials for each setting. Ateach ¢ € [T],
we plot the empirical simple regret in Figure 1. Additional results are presented in Appendix L.

From Figure 1 and Appendix I, we can observe that the AS-AIPW performs well when K = 2.
When K > 3, although the AS-AIPW tends to outperform the Uniform, other strategies also perform
well. We conjecture that the AS-AIPW exhibits superiority against other methods when K is small
(mismatching term in the upper bound), the gap between the best and suboptimal arms is small,
and the variances significantly vary across arms. As the superiority depends on the situation, we
recommend a practitioner to use the AS-AIPW with several strategies in a hybrid way.

We show experimental results with K = 2, 3,5, 10 in Figures 4-6, respectively.

J OPEN PROBLEMS

This section introduces several related open issues.

J.1 OPEN PROBLEM (1): NON-ASYMPTOTIC LOWER BOUNDS

We showed the non-asymptotic upper bound in Appendix H. We are also intrested in deriving
non-asympttic lower bound. However, there are the following issues.

* Although the estimation error of the variances can be ignored in the worst-case asymptotic
analysis, it affects the lower bound in the non-asymptotic analysis. However, the analysis of
variance estimation might be too complicated to analyze.

* Our technique is based on the information-theoretic lower bound provided by Kaufmann
et al. (2016) and semiparametric efficiency bounds. Both techniques are used for asymptotic
analysis. Therefore, we need to develop completely different approaches for non-asymptotic
analysis.

* We deal with general distribution by approximating the KL divergences. If we focus on the
non-asymptotic analysis, we need to restrict the class of distributions to specific distributions,
such as the Gaussian distribution, even if possible.

One of the promising approaches for lower bounds is to employ lower bounds provided by Carpentier
& Locatelli (2016). However, this lower bound is based on the boundedness of Y,*. Without the
boundedness, non-asymptotic analysis would be more difficult. Additionally, the definitions of
optimality might be changed to deal with the uncertainty of variance estimation. Thus, although
the non-asymptotic upper bound has been derived, deriving non-asymptotic lower bounds requires
different techniques and is not straightforward, even if possible.

J.2  OPEN PROBLEM (2): GENERALIZATION OF THEOREM3.8 FOR K > 3

We conjecture that there exist more tighter lower bounds for ' > 3 than Theorem 3.4, as well
as Theorem 3.8 for K = 2. This conjecture is also based on an intuition that while Theorem 3.8
connects to existing tight lower bounds in two-armed Gaussian bandits (Kaufmann et al., 2016),
Theorem 3.4 does not.

For example, Kato (2023) shows that different target allocation ratios should be used for minimization
of the probability of misidentification Pp(ar # a*(P)). That work considers Gaussian bandits
without contextual information, defined as

P =

{P: (N (;ﬂ,(a“)z)))aem | () aerr) € RS, (6°)2¢x) €1C,TI%, Fa € [K] st p® >
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where C, C are universal constants such that 0 < C < C' < oo. Then, that work shows that the lower
bound is given as
sup lim su ! logPp(af # a*(Fy)) < ma min iy +o (ZQ)
_= x = 7
e e A 070 = wew be[K),ae K]\ (b} 205 (w)
)2

as A — 0, where A = maxpep maxqe[g)\ (o)} A%(P), and Q**(w) = (w(b)) + “oay - Here,
the target allocation ratio is given as

—

. . 1
w = arg max min —T
S belK]a€lk\ (b} 2052 (w)

which is different from ours.

As well as Kato (2023) makes several additional assumptions for the strategy class and bandit models,
we believe that our current assumptions are insufficient to extend Theorem3.8 for K > 3. Such
a necessity of additional assumptions also has been discussed in Komiyama et al. (2023), but an
effective solution has not been proposed.

One of the promising candidates for solutions is to employ the framework of the limit of experiments
van der Vaart (1998) is one of the promising directions. This framework is expected to allow us to
derive tight lower and upper bounds by using the asymptotic normality. To apply the results, we need
to restrict strategy class and underlying bandit models such that under which mean estimators in the
recommendation phase follow a normal distribution asymptotically.

In summary, tightening Theorem 3.4 or extending Theorem 3.8 to cases with K > 3 are a crucial
important issue. To address this open issue, we believe that further assumptions are required.

J.3 OPEN PROBLEM (3): RELATIONSHIP WITH THE AIPW ESTIMATOR AND THE SAMPLE
AVERAGE

We defined the AIPW estimator ﬁ?lpw’a in the recommendation phase. However, we also conjecture
that we can employ the sample average fi- when there is no contextual information.

In fact, Hahn et al. (2011) shows that when using the CLT, the AIPW and sample average have the
same asymptotic distribution in the literature of efficient average treatment effect estimation, a setting
related to BAIL

However, proving the regret upper bound for /i requires a more complicated proof procedure compared
to [ or requires some additional assumptions. For example, we cannot employ the martingale theory
for the proof.

Note that even if we use the sample average % instead of the AIPW estimator ﬂ?lpw’a, the AIPW

estimator ﬂ%lpw’“ still plays an important role in theoretical analysis of the sample average estimator
1. This is because Hahn et al. (2011) shows the asymptotic distributions of the sample average
by going through that of the (theoretically constructed) AIPW estimator as a result of the empirical
process theory.

Thus, deriving a variance-dependent tight upper bound of a strategy using fi%- in the recommendation
phase is an open issue.

J.4 OPEN PROBLEM (4): TRACKING-BASED SAMPLING RULE

We proposed randomly sampling arms following w;. However, there are other sampling strategies
used in BAI. For example, Garivier & Kaufmann (2016) proposes using a tracking-type sampling
rule. Here, we discuss the possibility of using such a sampling rule.

For simplicity, let us omit X;. If we apply a tracking-type sampling rule, for example, we can draw
arms as A; = argmin, Zi;ll 1[As = a] — tuy(a).

This sampling rule might outperform our proposed random sampling because it has less randomness
in the choice of A, and stabilizes the behavior of strategies, as pointed out by Fiez et al. (2019).

41



Under review as a conference paper at ICLR 2024

Although we can expect performance improvement, the derivation of the upper bound requires
additional theoretical techniques. In our study, the derivation of the upper bound is based on the
martingale property, depending on E[1[A; = a]|F;—1] = we(a).

If we apply the tracking-based algorithm, we need to reconsider the definition of the AIPW estimator.
Depending on the definition, there are some technical issues. For example, consider using the same
definition of the AIPW estimator in the main text. Then, w; is an estimator of the optimal allocation,
and A, is an actual arm draw. Then, E[1[4; = a]|F;—1] = w(a) does not hold. Therefore, we
cannot employ the martingale property.

However, we consider that there is a possibility that we can show the same property between the AIPW
estimator with random sampling in our manuscript and tracking-based sampling in your proposition,
as discussed in Hahn et al. (2011) and Kato (2021). However, to conduct the proof in Hahn et al.
(2011) and Kato (2021), we need to focus on more restricted strategies or make stronger assumptions.
For example, Hahn et al. (2011) only considers a two-stage adaptive experiment, where we draw each
arm with the equal ratio in the first stage and draw each arm to track the empirical optimal allocation
ratio. Here, we cannot update w; in the second stage; that is, we can update the sampling rule A;
only once between the first and second experiments. Kato (2021) makes complicated assumptions
that are not easily verified. Showing the upper bound under the tracking-based algorithm without
restricting the sampling rules or making additional assumptions is an open issue.

Furthermore, we point out that there is a trade-off between the fast convergence of A; and the bias of
an estimator of p¢ (P). That is, although a tracking-based algorithm may stabilize the behavior of A;,
it loses the unbiasedness of an estimator of u%(P).

In summary, a tracking-based strategy might outperform random-sampling-based strategies. However,
under such a strategy, we cannot employ the martingale property, which makes the theoretical analysis
difficult. Revealing the theoretical properties of such an estimator is an open issue.

J.5 OPEN PROBLEM (5): CONTEXT-SPECIFIC RECOMMENDATION

Although we defined BAI with contextual information as the problem of recommending an arm with
the highest expected reward marginalized over a contextual distribution, we believe that conduct-
ing context-specific arm recommendation is possible when there is not much discrete contextual
information (that is, X = {51, Sa, ..., Sy} with a discrete context S,, and a small M > 0).

We are now extending the result for policy learning with BAI; that is, given a set II of policies
m o [K] x & — (0,1) such that }° s 7(alz) = 1 (and potentially continuous contextual
information), we train a policy 7 € II to minimize the regret. Consider we restrict a policy class II
to the one such that we discretize the contextual information and recommend an arm within each
discretized contextual information. Then, such a strategy aligns with the strategy that the reviewer
suggested.

The remaining open issue is how we bound the regret for general 11. Because samples are non-i.i.d.,
we cannot directly apply the standard complexity measure such as the Rademacher complexity.
For example, we might employ the martingale-version of the Rademacher complexity proposed by
Rakhlin et al. (2015).

This open problem has garnered attention in this literature Zhan et al. (2021) and Zhan et al. (2022).
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Figure 3: Results when K = 2.
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Figure 4: Results when K = 3.
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Figure 5: Results when K = 5.
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Figure 6: Results when K = 10.
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