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Abstract

We lay the foundations of a non-parametric theory of best-arm identification in multi-armed bandits
with a fixed budget T'. We consider general, possibly non-parametric, models D for distributions
over the arms; an overarching example is the model D = PJ0, 1] of all probability distributions
over [0, 1]. We propose upper bounds on the average log-probability of misidentifying the optimal
arm based on information-theoretic quantities that we name £3(-,v) and £ (-, v) and that
correspond to infima over Kullback-Leibler divergences between some distributions in D and a
given distribution v. This is made possible by a refined analysis of the successive-rejects strategy
of Audibert et al. (2010). We finally provide lower bounds on the same average log-probability,
also in terms of the same new information-theoretic quantities; these lower bounds are larger when
the (natural) assumptions on the considered strategies are stronger. All these new upper and lower
bounds generalize existing bounds based, e.g., on gaps between distributions.

Keywords: Multi-armed bandits, best-arm identification, non-parametric models, Kullback-Leibler
divergences, information-theoretic bounds

1. Introduction and brief literature review

We consider a class D of distributions over R with finite first moments, which we refer to as the
model D. A K-armed bandit problem in D is a K—tuple v = (v, ..., vk ) of distributions in D.
We denote by (j1, .. ., px ) the K—tuple of their expectations. An agent sequentially interacts with
v: at each step t > 1, she selects an arm A; and receives a reward Y; drawn from the distribution
v4,. This is the only feedback that she obtains.

While regret minimization has been vastly studied (see Lattimore and Szepesvari, 2020), an-
other relevant objective is best-arm identification, that is, identifying the distribution with highest
expectation. In the fixed-confidence setting, this identification is performed under the constraint
that a given confidence level 1 — 4 is respected, while minimizing the expected number of pulls of
the arms. This setting is fairly well understood (see Lattimore and Szepesvari, 2020, Chapter 33
for a review). A turning point in this literature was achieved by Garivier and Kaufmann (2016),
who provided matching upper and lower bounds on the expected number of pulls of the arms in the
case of canonical one-parameter exponential families. Since then, improvements have been made
in several directions, including for example non-asymptotic bounds (Degenne et al., 2019) and the
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problem of e—best-arm identification (Garivier and Kaufmann, 2021); however, no generalization to
non-parametric models has been considered yet, to the best of our knowledge.

Best-arm identification with a fixed budget. The fixed-budget setting is much less understood.
Therein, the total number 7 of pulls of the arms is fixed. After these T pulls, a strategy must issue a
recommendation I7. Assuming that v contains a unique optimal distribution v* of index a*(v), one
aims at minimizing P(I7 # a*(v)). We are interested in (upper and lower) bounds that hold for all
problems v in D, possibly under the restriction that they only contain a unique optimal arm. It may
be straightforwardly seen that the probability of error can decay exponentially fast—for instance,
by uniformly exploring the arms (pulling each of them about 7'/ K times) and recommending the
one with the largest empirical average. This is why the literature focuses on upper and lower bound
functions ¢ < U < 0 of the typical form: for all bandit problems v in D, with a unique optimal arm,

1 1 .
(v) < liminf = InP(Ir # a*(v)) < lim sup 7 InP(Ir # a*(v)) < U(v) <0,

or, put differently, exp <€(Z) T(1+0(1))) < P(Ir # a*(v)) <exp (U(g) T(1+0(1))) .

This problem is generally considered more difficult than the fixed-confidence setting, and even for
parametric models like canonical one-parameter exponential models, no strategy with matching
upper and lower bounds (i.e., no optimal strategy) is known so far. Indeed, even the possibility of
obtaining such bounds is disputed.

Earlier approaches. So far, four main approaches were considered for the problem of best-arm
identification with a fixed budget. First, the early approach by Audibert et al. (2010) relies on
gaps: we define the gap A, of arm « as the difference pu* — u, between the largest expectation
w* in v and the expectation of the distribution v,. They introduce a successive-rejects strategy
and provide gap-based upper bounds for sub-Gaussian models, based on Hoeffding’s inequality.
They however propose a lower bound only in the case of a Bernoulli model, not for larger, non-
parametric, models. This lower bound was further discussed by Carpentier and Locatelli (2016).
A second series of approaches (see, e.g., Kaufman et al., 2016) focused on Gaussian bandits with
fixed variances, but results do not seem to be easily generalized to other models as they often rely on
specific facts (related, among others, to the symmetry of the Kullback-Leibler divergence). A third
approach, led by Russo (2016, 2020), considered canonical one-parameter exponential families,
but a for a different target probability. Namely, a Bayesian setting is considered and the quality of
a strategy is measured as the posterior probability of identifying the best arm. An optimal non-gap-
based complexity is exhibited, together with optimal strategies matching this complexity. However,
Komiyama (2022) argue that such an approach is specific to the Bayesian case and is not suited to
the frequentist case that we consider. A fourth approach is to focus on the case of K = 2 arms,
see, e.g., Kaufman et al. (2016). The non-parametric bounds obtained therein do not enjoy any
obvious generalization to the case of K > 3 arms. By considering very specific models, Kato et al.
(2022) constructed a strategy that is optimal (only) in the regime where the gap between the 2 arms
is small—yet, this gap-based approach does not, by nature, go in the direction of non-parametric
bounds.

We will provide more details concerning some of these approaches while presenting and dis-
cussing our main results, in Section 2.2; see also Appendix E.
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Content and outline of this article. We focus our attention on general upper and lower bounds,
holding for all possible models D, including non-parametric models, and valid for any number K
of arms. Put differently, we target a high degree of generality. While admittedly not exhibiting
matching upper and lower bounds, we show that the same information-theoretic quantities £, and
L, are at stake in these upper and lower bounds. They are defined, in Section 2, as infima of
Kullback-Leibler divergences and provide a quantification of the difficulty of the identification in
terms of the geometry of information of the problem. We also provide in this section an overview
of our results, which we carefully compare to existing bounds (restated therein, occasionally with
some improvements). We study in Section 3 the classical successive-rejects strategy and provide
an improved analysis, not relying on gaps through Hoeffding’s lemma. Section 4 exhibits several
possible lower bounds, which are inversely larger to the strength of the assumptions made on the
strategies. These lower bounds generalize known lower bounds in the literature, like the lower
bound for Bernoulli models by Audibert et al. (2010), but hold for arbitrary models. They share
some similar flavor with the lower bounds by Lai and Robbins (1985) and Burnetas and Katehakis

(1996) for the cumulative regret.

2. Overview of the results and more extended literature review

Before being able to actually provide a formal summary of our results, we introduce new quan-
tifications of the difficulty of a bandit problem in terms of geometry of the information. These
quantifications should be reminiscent of the /C,¢ quantity that appears in the optimal bounds on the
cumulative regret; it was introduced by Honda and Takemura (2015), see also Garivier et al. (2022).
Denoting by v the distribution of interest, this K¢ is defined as an infimum over divergences of the
form KL(v, ¢). For our objectives, the arguments in the KL are in reverse order, and we are rather
interested in infima over divergences of the form KL((, v).

Except for very specific models (e.g., the model D,2 of Gaussian distributions with a fixed
variance 02 > 0), the Kullback-Leibler divergence is not symmetric, i.e., KL(¢,v) and KL(v, ()
differ in general. Specific best-arm-identification results were obtained by Kaufman et al. (2016)
for the model D,2, based on the Bretagnolle-Huber inequality; they indicate that the sum of the
inverse squared gaps would be driving both the lower bound and upper bound functions ¢ and U.
However, a close look at the proof reveals that they heavily rely (among others) on the symmetry of
KL for this model. There is therefore absolutely no hope to provide any generalization beyond the
Gaussian case. Appendix E.2 provides furthers details and discussions on this matter.

>

2.1. The key new quantities: £, and L, as well as £, and £,

In this article, we only consider models D whose distributions all admit an expectation. We denote
by E(() the expectation of a distribution ¢ € D. For a distribution v € D and a real number = € R,
we then introduce

Lis(z,v) =inf{KL((,v): ¢ € Ds.t. E(¢) < z}

inf
and  L5(z,v) =inf{KL((,v): ( € Ds.t. B(C) <z},

inf

where KL denotes the Kullback-Leibler divergence and with the usual convention that the infimum
of an empty set equals +o0o. Symmetrically, by considering rather distributions ¢ with expectations
larger than x, we define
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L (z,v) =inf{KL((,v) : ¢ € Ds.t. E(¢) > z}
and  L7(z,v) =inf{KL((,v): ( € Ds.t. E(¢) > z}.

inf

We state some general properties on these quantities in Appendix A—among others, that £, and
L, as well as £, and £, are almost identical for the model P[0, 1]. The same holds for
canonical one-parameter exponential models, as discussed in Appendix C.3.

Lower bounds will be typically expressed with £ and E;f quantities, while upper bounds will

rely on Efnf and L‘?nf quantities.

2.2. Overview of the results

The paper provides new and more general (possibly non-parametric) bounds based on information-
theoretic quantities, namely the quantities L5, Eiflf, L and ﬁif- In particular, we consider a
version of Chernoff information defined, for v,/ in D with E(v/) < E(v), as

LW, v) = { L) + L) }

inf
z€[E(@),E()]
Given a bandit problem v with a unique optimal distribution denoted by v*, we may rank the arms
a in non-decreasing order of £ (l/a, 1/*), i.e., consider the permutation o such that

0=L Vo, V") < LWV, V") < ... K L(Voye_ V") < L Vo, V") -

Our first main result (Corollary 3 together with Lemma 4) considers models D like D = P|0, 1], the
set of all probability distributions over [0, 1], or D = Deyy,, any canonical one-parameter exponential
family. It studies the successive-rejects strategy, introduced by Audibert et al. (2010), for which
arms are rejected one by one at the end of phases of uniform exploration, and states that this strategy
is such that for all bandit problems v in D with a unique optimal arm,

1 1 ,C(I/U 1/*)
limsup — InP(I7 # a*(v)) < —=—— min ki ,
T—>+£ Ur # (W) InK 2<k<K k

ey

where InK ~ In K. The key for this result (Lemma 1, of independent interest) is a grid-based
application of the Cramér-Chernoff bound to control P(X y < Y y), where X  and Y  are aver-
ages of two independent N—samples. This approach can be used to analyze similar algorithms, like
sequential halving (Karnin et al., 2013).

The corresponding lower bounds are stated rather in terms of £, and £, quantities, but Ap-
pendix A explains why, except in a single pathological case, £(/, /) could be alternatively defined
with £, and £ . instead of ﬁiif and Eif. We actually state several lower bounds in Section 4, that
are larger as the assumptions on the strategies considered are more restrictive; as usual, there is a
trade-off between the strength of a lower bound and its generality. However, all assumptions consid-
ered remain rather mild and are satisfied by successive-rejects-type strategies: e.g., one may restrict
the attention to strategies such that for all bandit problems, the arm associated with the smallest ex-
pectation is pulled less than a fraction 1/ K of the time. Our second main result (Theorem 12) gives
the following alma matter lower bound: for all bandit problems v with no two same expectations,

1 Lo(w,vm) | Lo, v?)
liminf — InP, (I £ a*(v)) > — mi inf mf1 il 2
7113—&1-20 T 1 7( T#a (2)) 2;1116211( xe[u(g}u(kl)){ k—1 i k } -
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where we considered the order statistics in reverse order, (1) > fi(2) > f3) >« > H(k), and
where v/(,) denotes the distribution with expectation fi(,).

This lower bound does not match the exhibited upper bound, mainly because the infima in (2)
are only taken on restricted ranges [u(k), /,L(k,l)) and not on the entire intervals [u(k), p*] as in (1).
Still, we argue that quantities defined as infima over x of £ (, 1)) + L (, v*) should measure
how difficult a best-arm-identification problem is under a fixed budget. This is the main insight of

this article.

We now compare our general bounds to existing bounds, for sub-Gaussian models and for ex-
ponential models. To do so, we will sometimes consider the following consequence of the lower
bound (2), obtained by picking = fi(x):

1 L *
it L e |
il Pullr # W) > = min = ®

Comparison to the gap-based approaches. Audibert et al. (2010) propose an analysis of the
successive-rejects strategy based on Hoeffding’s inequality, stating that for all bandit problems in
P[0, 1] with a unique optimal arm,

1 A?

. 1 . (k)
1 —InP, (I * < ——— —= 4
im sup 7 In (It # a*(v)) T D — 4)

where we recall the definition of the gaps Ay = u* — (). This bound is a consequence of
(Corollary 3, a slightly more general form of the) bound (1), given Pinsker’s inequality (18):

Llvwr) > _inf {2 — )"+ 20— 1} = (0 = ) = A%y ©)
TE[p(k) ¥

We remark that the bound (4) and the lower bound on E(V( k) V*) may actually be extended to the
model of o?—sub-Gaussian distributions, up to dividing the bound (4) by a factor 40%. We do not
discuss the UCB-E algorithm of Audibert et al. (2010), as its performance and analysis crucially
depend on a tuning parameter set with some knowledge of the gaps.

Audibert et al. (2010) also propose a carefully constructed lower bound for the model D, =
{Ber(z) : @ € [p,1—p|} of Bernoulli distributions Ber(z) with parameters x in [p, 1 — p] for some
p € (0,1/2). A key inequality in their proof follows from the Kullback-Leibler — y2-divergence

bound:
2

(z—y)
Vz,y € [p,1—pl, KL(Ber(a:), Ber(y)) < m )

Their construction may actually be generalized to models D with Cp > 0 such that for all v,/ in D,
one has KL(v,') < Cp (E(v) — E(v/)) ?_ This is a property that clearly holds for some exponential
problems: on top of the restricted Bernoulli model discussed above, for which Cp, = 1/ (2p(1 - p)),
we may cite the model D2 of Gaussian distributions with variance o2, for which Cp,=1/ (202).
For models enjoying the existence of such a constant C'p, (a straightforward modification of) the
analysis by Audibert et al. (2010) entails that for any v in D,

1 Al
el N S b k)
%{Iilirg T lnIP’Z(IT #a (g)) > —5Cp 2g’1€1<nK ? (6)

As by the very assumption on the model, £, (x4, v*) < Cp A%k), the lower bound (3) implies
the stated lower bound (6), with an improved constant factor.
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The lower bound (6) and the upper bound (4) differ in particular by a factor of about ~ In K.
Carpentier and Locatelli (2016) discuss this gap in the case of a restricted Bernoulli model and
improve the lower bound (6) by a factor of In K, but not simultaneously for all bandit problems
v (as we aim for); they obtain the improvement just for one bandit problem v. Their lower bound
result (formally stated and discussed in Appendix E.1) is therefore of a totally different nature. More
results on how and when given lower bounds with a given complexity measure may, or may not, be
improved were stated by Komiyama et al. (2022).

Discussion of the non-parametric bound for X = 2 arms of Kaufman et al. (2016). It turns
out that the existing literature offered so far a non-parametric bound, in the case of K = 2 arms.
Namely, in a general, possibly non-parametric model D, Kaufman et al. (2016, Theorem 12) stated
a lower bound for all 2—-armed bandit problems v = (v, 1/2):

l}minf T InP, (It # a*(v)) > — )\iirIllfD: maX{KL()\w*(Z), Vi, ()5 KL()\G*(Z),UG*(Z))} ,
E(A\ox (1)) <Ew, (1)

(7
where w, (v) denotes the suboptimal arm in v and where the infimum is over all alternative bandit
problems (A1, A2) in D with inverse order on the expectations compared to v. We note (see the
proof of Theorem 13) that we may actually rewrite this lower bound in a more readable way, in
terms of £, and £, quantities, illustrating once again that these quantities are key in measuring

the complexity of best-arm-identification under a fixed budget:
inf  max{ KL, ) Y0, ))s KL Qa0 Vor ) |

AinD:
E(Aa* (v) )<E()\w* (Z)) . > < *
= inf max{ﬁinf (;U, I/w*(y)) s L (x, v ) } . (8
xe[uw*(g)vu*] -
The proof technique of Kaufman et al. (2016) may be applied in a pairwise fashion to generalize the
above lower bound for 2 arms into a lower bound for K > 2 arms, stated in Theorem 13: for all v
in D with a unique optimal arm,

lTlmj_nf InP, (It # a*(v)) > — k;g;i*r(lg):ee[ijif,u*]{max{ﬁmf x, V), /Jiflf(x,l/*)}}.

We however do not claim that this is a deep and interesting bound, as it only involves pairwise
comparisons with the best arm. In particular, we lack divisions by the ranks of the arms, as in (2).

Bounds for exponential models. We denote by Dy, the model corresponding to a canonical one-
parameter exponential family with expectations defined on an open interval M (see Appendix C.3
for a reminder on this matter). For such a model, we denote by d the mean-parameterized Kullback-
Leibler divergence. By continuity of d, we have that for all v in Dy, and for all z € M,

Ve SE(v),  Ligle,v) = Ligle,v) = d(2,E@)), ©)
and Vx> E(v), Lo (x,v) = LT (2,v) = d(z,E(v)). (10)

All bounds above then admit simple reformulations in terms of d. The version £ of Chernoff
information we introduced may also be mean-parameterized: for p’ < pu,

Ly, p) = oin {d(z,p) +d(z, 1)} -
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ALGORITHM: SUCCESSIVE-REJECTS STRATEGY

Parameters: K arms, budget 7', lengths 41, ... fx_1 > 1withly +...+ g 1 =T
Initialization: So = {1,..., K}
For each regime: r € {1,..., K —1}:

1. Foreacharma € S,

(a) Pullit |4, /(K — 1+ )] times

(b) Compute the empirical average Yg of the payoffs obtained in this regime and in
the previous regimes

2. Drop the arm a, with smallest average (ties broken arbitrarily):

Sy = Sr—1\ {a,}, where a, € argmin X,
a€Sr_1

Output: Recommend arm I, where S = {Ir}

The original definition of the Chernoff information D(y/, ) is the value d(y, u) for y € [p/, y]
such that d(y, ') = d(y, ). This is the quantity at stake in (8): given that d( -, u’) and d( -, u) are
respectively increasing and decreasing on [/, ),

min max{d(z,y), d(z, )} = D', ) -
z€[p’,p]
Therefore, D(u/, ) < L', 1) < 2D(1/, ). This justifies that we called L (and therefore £) a
version of Chernoff information.

3. Upper bound: successive-rejects strategy, with an improved analysis

We consider the successive-rejects strategy introduced by Audibert et al. (2010), for K arms and a
budget 7. Regime lengths are set beforehand; they are denoted by ¢;,...,fx_1 > 1 and satisty
1+ ...+ L1 = T. The strategy maintains a list of candidate arms, starting with all arms, i.e.,
So ={1,...,K}. Atthe end of each regime r € {1,..., K — 1}, it drops an arm to get .S,,, while
during the regime r, it operates with the K — r 4+ 1 arms in S, _1.

More precisely, during regime r € {1,..., K — 1}, the strategy draws | ¢, /(K —r + 1)| times
each arm in 5,_; (and does not use the few remaining time steps, if there are some). At the end
of each regime r, the strategy computes the empirical averages YZ of the payoffs obtained by each
arm a € S,_; since the beginning; i.e., YZ is an average over

Ny =[L/K|+ ...+ [4/(K—r+1))]

i.i.d. realizations of v,. It then drops the arm a, with smallest empirical average (ties broken arbi-
trarily). This description is summarized in the algorithm box.
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3.1. General analysis

The key quantities for the general analysis will be the logarithmic moment-generating function ¢,
of a distribution v € D, and its Fenchel-Legendre transform ¢7;:

VAeER, ¢,(\)=1In /Rem dv(x) and VreR, ¢5x)= ilelg{)w — (N}, AD

Based on them, we can now define, for all v, ' € D with E(y’ ) < E(v),

f
The following simple lemma shows that plays a s1gn1ﬁcant role for bounding the probability that
two sample averages are in inverse order compared to the expectations of the underlying distribu-
tions. It supersedes the use of Hoeffding’s inequality in Audibert et al. (2010).

def

o, v) =

Lemma 1 Fix v and V' in D, with respective expectations . = E(v) > 1/ = E(V/). Forall N > 1
let X y and Y y be the averages of N—samples with respective distributions v and v'. Then,

1 - e

limsup — InP(Xy < Yy) < — inf {¢}(z)+ ¢(2) o/, v).
N—+o0 N €W p

Proof sketch The fact X 5y < Yy entails the existence of  such that X y < = < Y u. By indepen-

dence, together with two applications of the Cramér-Chernoff bound (recalled in Appendix B.1),

P(Xy<z<Yn)=P(Xy<2z)P(z<Yy) <exp(—N ¢}(z)) exp(—N ¢} (z)).

The technical issue is then to deal with some union over x of the events {YN <z < ?N}. We do
so with a sequence of finite grids, with vanishing steps, and use lower-semi-continuity arguments to
obtain an infimum over an interval based on a sequence of finite minima. A complete proof is to be
found in Appendix B.2. |

The main performance upper bound is stated below in terms of ®, that is, in terms of Fenchel-
Legendre transforms of logarithmic moment- generating functions. Section 3.2 will later explain
why and when the latter may be replaced by El\ ¢ and L’/ _ ¢ quantities, leading to a rewriting ® = £
and to the bound claimed in (1).

Theorem 2 Fix K > 2 and a model D. Consider a sequence of successive-rejects strategies,
indexed by T, such that N, /T — ~, > 0asT — +oo forallr € {1,...,K —1}. Let v be a
bandit problem in D with a unique optimal arm and, for each r € {1,...,K — 1}, let A, be a
subset of arms of cardinality r that does not contain a*(v). Then

1
I —I]P’I*g—'{ <I>,}.
imsup 7 In (Ir # a*(¥)) < = | _min 7 min (v, ")
Proof sketch A complete proof may be found in Appendix B.3; it mimics the analysis by Audibert
et al. (2010), the main modification being the substitution of Hoeffding’s inequality by the bound of
Lemma 1. We have I # a*(v) if and only if a*(v) is rejected in some regime, i.e.,

K-1 K-1
{IT#CL*(Z)}: U{ar:a }C U{ ) € Sp—1 and Vk € S,_q, jrl*@ <Y;}
r=1 r=1
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By optional skipping (see Doob, 1953, Chapter III, Theorem 5.2, p. 145) and by the fact that by the
pigeonhole principle, the (random) set S,._; necessarily contains one element of the deterministic
set A,

P<a*(£) € Sp—1 and Vk € Sp—1, YZ;*(z) < Y;) < Z P(ﬁ*(z) < ?Z) )
keA,

where, for all a, the ?Z are the averages of independent V,—samples distributed according to v,.
The proof is concluded by Lemma 1 and the fact that a sum of exponentially fast decaying quantities
is driven by its largest term. |

We conclude this subsection by stating the bound of Theorem 2 for the regime lengths suggested
by Audibert et al. (2010), namely, ¢; = 7'/In K and forr € {2,..., K — 1},

K
T
by = where InK =

— , +
(K —r+2)InK

12)

N —
| =

k=2

We also consider lower bounds f (yk, 1/*) on the @(yk, 1/*). We may of course use f = & but
sometimes, it is handy to rely on more readable lower bounds. For instance, in the case of the
P[0, 1] model, Hoeffding’s inequality entails that

op(z) = 2(x — E(I/))Q, so that @ (v, v*) = A} e f (v, v*); (13)

see more details in Appendix B.4. Such bounds hold more generally in models consisting of sub-
Gaussian distributions.

We now order the arms into o1, . .., 0k based on f, namely, we let 0y = a*(v) and
O = f(yo'lay*) < f(l/0'271/*) < e g f(VO'K,17V*) < f(VO'KJV*) ) (14)
and we take A, = {ox_r41,...,0K }. We obtain immediately the following corollary, for which a

detailed proof may be found, for the sake of completeness, in Appendix B.4.

Corollary 3 Fix K > 2, a model D, and consider a lower bound f on ®. The sequence of
successive-rejects strategies based on the regime lengths (12) ensures, that for all bandit problems
v in D with a unique optimal arm,

1 1 f(l/a 1/*)
li —InP(I * < —— i R
i sup 7 In P (Ir 7 0”(v)) <~ min, =

)
where arms were reordered as in (14).

3.2. On links between ® and the quantities £= ., £

> >
inf? ~inf? Einf and £;

inf

The Fenchel-Legendre transform ¢, of the logarithmic moment-generating function of v admits a
classical (see, e.g., Boucheron et al., 2013, Exercice 4.13) dual formulation in terms of infima of
Kullback-Leibler divergences. The following lemma, proved in Appendix C.2, reveals that these
infima correspond to £ and £, for the model P[0, 1] of distributions supported on [0, 1].
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Lemma 4 Consider the model D = P|0, 1]. For all v € P[0, 1],
Vo <E@), ¢)(z)=Li(z,v)  and Yz >E(v), ¢5(z) = Li(x,v).

Based on this lemma, we have the following rewriting, which is useful to reinterpret the quantities
appearing in Theorem 2 and Corollary 3: ®(v,v) = L(V,v) for the model P|0, 1], i.e

lnf {(b } = inf {ﬁlnf ) + [’mf( )} : (15)

z€[E(v z€[E(),E(v

For canonical one-parameter exponential models Deyp, a slightly weaker version of Lemma 4,
only holding for x corresponding to expectations in Dy, and provided in Appendix C.3, simi-
larly shows (15), i.e., ® = L. Conditions on general models for ® = L to hold are discussed in
Appendix C.4.

4. Lower bounds

In most of this section, we restrict our attention to generic K—armed bandit problems v, that are
such that pi; # py, for j # k. In particular, the best arm a*(v) is unique.

Definition of a strategy, and of a (doubly-indexed) sequence of strategies. A strategy (1, ) de-
pends on the budget 7" and the number K of arms; it consists of a sampling scheme ¢ = (V) 1<i<T
and a recommendation function ¢. Ateachroundt € {1,...,T}, the strategy picks an arm A;, pos-
sibly at random using an auxiliary randomization U;_1. Given this choice Ay, the strategy observes
a payoff Y; drawn at random according to v 4,, independently from the past. For ¢ > 2, the choice
Ay is therefore a measurable function A; = 1, (Hy) of the history H; = (Uy, Y1, ..., Yi—1, Ui—1),
while A = 91 (Hy), where Hy = Uy. Atround T, the strategy recommends the arm I = ¢o(Hr).

For our lower bounds, we will consider sequences of strategies, either only indexed by 7" > 1
given a value of K > 2, or doubly indexed by 7" and K. These sequences will also be assumed to
be “reasonable” in the sense below.

Consistent (or exponentially consistent) sequences of strategies. The probability P (IT #* a*(g))
of misidentifying the unique optimal arm may vanish asymptotically (and even vanish exponentially
fast) for all bandit problems—in not too large a model D, as illustrated in Section 3. We will there-
fore only be interested in such sequences of strategies, called (exponentially) consistent. In the
sequel and for extra clarity, we index the probabilities by the ambient bandit problem v considered.

Definition 5 Fix K > 2. A sequence of strategies indexed by T > 1 is consistent, respectively,
exponentially consistent, on a model D if for all generic problems v in D,
1
P, (IT # a*(g)) — 0, respectively, limsup — InP, (IT + a*(g)) <0.
- T—+o0 T—s+00 T -
By extension, a doubly-indexed sequence of strategies is (exponentially) consistent if for all K > 2
the associated sequences of strategies are so.

The fundamental inequality. We denote by N,(T) = Z [ia,—a)

the number of times arm a was pulled in the 71" exploration rounds of a given strategy with bud-
get T' > 1. The fundamental inequality by Garivier et al. (2019), together with the very definition
of consistency, yields in a straightforward manner our building block for lower bounds. Details of
the derivation are provided in Appendix D.1, for the sake of completeness.

10
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Lemma 6 Fix K > 2 and a model D. Consider a consistent sequence of strategies on D, and two
generic bandit problems v and X in D such that a*(\) # a*(v). Then

K
o . . Ex[Nao(T)]
%gligg T InP, (It # a*(v)) > — limsup g ——— = KL(Agy Va) -

T
T—+oo a1

4.1. A lower bound revisiting and extending the one by Audibert et al. (2010)

The focus of this subsection is to establish the lower bound (3), from which we derived the gap-
based lower bound (4) by Audibert et al. (2010). The lower bound (3) is smaller than the lower
bound to be exhibited in the next subsection, but it comes with less restrictive assumptions on the
behaviors of the sequences of strategies considered.

Firstly, we only consider sequences of strategies—actually, sequences of sampling schemes—
that do not pull too often the worst arm, and which we will refer to as being balanced against the
worst arm. Successive-rejects-type strategies sample the worst arm less than other arms in expecta-
tions, and hence, are indeed balanced against the worst arm. To define this constraint formally, we
denote by wy(v) the index of the unique worst arm of a generic bandit problem v.

Definition 7 A doubly-indexed sequence of strategies is balanced against the worst arm on a model
D ifforall K > 2, for all generic K—armed bandit problems v in D,

) 1 1
1}1248:;5 T E, [Nw*(z) (T)] < o

A second constraint is related to bandit subproblems. We say that v/ is a subproblem of a K—
armed bandit problem v if v’ = (1) e for asubset A C {1,..., K} of cardinality greater than or
equal to 2; we denote by v/ C v this fact. We say in addition that v’ and v feature the same optimal
arm if 1/; ) = Var(n)- It should be easier to identify the best arm in v/ than in v, in the sense
below, and this defines the fact that a strategy cleverly exploits pruning of suboptimal arms. Again,
successive-rejects-type strategies naturally satisfy this constraint.

Definition 8 A doubly-indexed sequence of strategies cleverly exploits pruning of suboptimal arms
on a model D if for all generic bandit problems v in D with K > 2 arms, for all subproblems V' C v
featuring the same optimal arm,

1 . 1
- > - , * / .
lim inf 7 Py (I # a* () 2 lm inf = In Py (Ir # o*(v'))

We use again the order statistics i, () = H(K) < H(K-1) < -+ < H(1) = Ha*(v)-

Theorem 9 Fix a model D. Consider a doubly-indexed sequence of strategies that is consistent,
balanced against the worst arm on D, and that cleverly exploits the pruning of suboptimal arms
on D. For all generic bandit problems v in D with K > 2 arms,

o1 Lo (V)

i inf 7 InPy (I # o*(v)) > — min =57
Proof sketch The bound is proved for £k = K by considering alternative bandit problems A differing

from v only at arm a*(v), where v* is replaced by distributions ¢ € D with E(¢) < p ). For
A, the arm a*(v) is the worst arm, and is therefore pulled less than a fraction 1/K of the time,

11
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asymptotically and on average, as the strategy is balanced against the worst arm. An application of
Lemma 6 concludes the case k = K. The extension to k& < K — 1 is obtained by clever exploitation
of the pruning of suboptimal arms. A complete proof may be found in Appendix D.2. |

4.2. A larger lower bound, for a more restrictive class of strategies

In this section, we derive a slightly stronger version of the lower bound (2). This lower bound is
larger than the bound exhibited in the previous subsection but relies on stronger assumptions on
the strategies considered. Namely, we introduce an assumption of monotonicity, which extends
Definition 7 to provide frequency constraints on each arm a € {1,..., K}.

Definition 10 Fix K > 2. A sequence of strategies is monotonous on a model D if for all generic
problems v in D, forall arms a € {1,..., K},

E, | N (T
limsupif[ ()( )]

<
T—+o00 T

9

SHE

where arms are ordered such that pyy > iy > -+ > (k).

This condition is satisfied as soon as a given arm is not pulled more often, asymptotically
and on average, than better-performing arms (note that Definition 10 is slightly weaker than this).
Successive-rejects-type strategies naturally satisfy this requirement.

We also rely on the following assumption on the model D, which essentially indicates that there
is “no gap” in D. Once again, the model P[0, 1] and canonical one-parameter exponential models
Deyp all satisfy this mild requirement (see Appendix D.3 for the immediate details).

Definition 11 A model D is normal if for all v € D, for all x > E(v),
Ve>0,  Li(x,v) Enf{KL((,v): (€D st E) >}
= inf{KL((,v): (€D st. x+e>E(() > z}.

Theorem 12 Fix K > 2 and a normal model D. Consider a sequence of strategies which is
consistent and monotonous on D. For all generic bandit problems v in D,

> < *
hmlnfllnPZ(IT 7£ a*(ﬂ)) > — min mil’l inf {Einf.(flf,y(k)) + Einf(l..ay ) } )
ToYoo T 2<k<K 2<5<k €[y pi_1)) J—1 J

Proof sketch A complete proof may be found in Appendix D.4. For triplets (k, j, ) satisfying
the stated requirements, we consider an alternative problem )\ differing from the original bandit
problem v at the best arm (1) and at the k—th best arm (&), for which we pick distributions such that
E(A1)) <z <E(Ax)) < p(j—1)- Then arm (1) is at best the j—th best arm of ), while arm (k) is
exactly the j — 1-th best arm of A. By monotonicity and Lemma 6, we obtain

KLAw:vm) | KL, ) > '
Jj—1 J

|
lj;rgirgflan(IT #a*(v)) > —( (16)

We get —Lo (@, ) /(7 — 1) — Loy (z,v*)/j as a lower bound by taking (separate) suprema of
the lower bound (16) over E(A1)) < x and 2 < E(A()) < p1(j—1), where the < j(;_1) constraint

disappears thanks to normality of the model. |

12
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4.3. A general lower bound, valid for any strategy

The previous subsections illustrated what may be achieved under restrictions—though natural res-
trictions—on the classes of strategies considered. For the sake of completeness, we also provide
a lower bound relying on no other restriction than consistency; it extends the lower bound (7)
exhibited by Kaufman et al. (2016) for K = 2 arms, and is formulated in terms of £, and £ .. A
proof of the following theorem may be found in Appendix D.5.

Theorem 13 Fix K > 2 and a model D. Consider a consistent sequence of strategies on D. For
all generic bandit problems v in D,

1
liminf = InP, (I # a*(v)) > — mi inf L2z, vp), L5 (x, v))
fmint P (I # ' (0) > = iyl max{ L5 ), a0}

13
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Supplementary material for

“On Best-Arm Identification with a Fixed Budget in
Non-Parametric Multi-Armed Bandits ”’

The appendices of this article contain the following elements.

and £

Appendix A states and proves some basic properties on quantities £ LS., L -

inf*> ~inf°> ~inf’
that were introduced in Section 2.1.

Appendix B provides the proofs for the first part of the analysis of the successive-rejects
strategy, namely, the general analysis in terms of ®, to be found in Section 3.1.

Appendix C provides the proofs for the second part of the analysis of the successive-rejects
strategy, namely, the rewriting of ® as £ that was the key contribution of Section 3.2.

Appendix D is related to the lower bounds of Section 4, and provides detailed proofs thereof.

Appendix E contains additional elements on the literature review of Sections 1 and 2; it states
and discusses some important existing lower bounds.
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Appendix A. Properties of the £, L=, £, and L. quantities

We separate the list of properties in two categories: general properties, that hold for all models D,
in Appendix A.1; speciﬁc properties for the model D = P[0, 1], in Appendix A.2. It also worth
noting that the Llflf, L;lf, L., and El/ ¢ quantities admit a simple rewriting in the case of canonical

one-parameter exponential models Deyp, as the mean-parameterized Kullback-Leibler divergence d,
see Appendix C.3. Properties in this case thus follow from classical properties of d.

A.1. General properties

We state some properties for £, that all also hold for £§1f; the corresponding properties for £
and E?nf are deduced by symmetry.

The function L3, ( -, v) is non-increasing and satisfies £ (2, ) = 0 for all z > E(v), as can
be seen by taking C = v. Also, whenever D is convex, the function L, is jointly convex over
R x D, as indicated in the lemma below. In particular,  — L5 (x, v) is continuous on the interior
of its domain (the set where it takes finite values).

E\

inf’

Lemma 14 When D is a convex model, all four functions L= L

convex over R x D.

and E/f are jointly

inf’ inf’

Proof We provide the proof for £
other functions.

We set two distributions v and v/ of D, two expectation levels p and 4/ in R, and a weight
A € (0,1). We want to prove that

¢ and it may be adapted in a straightforward manner for the

Lie(A+ 1= N v+ (1= N) S ALGe (s v) + (1= N L5 (W, V) (17)

The desired inequality holds whenever L (11, ) = +o0 or L5 (i, V') = +oo. Otherwise, as-
suming that both £, (11, v) and L5, (i, V') are finite, we set § > 0 (which we will ultimately let
converge to 0) and pick ¢ and ¢’ in D such that E(¢) < pand E(¢) < 1/, as well as

KL(¢,v) < L5p(n,v) +0 and KL(C, V') < L5 (W/ V) +6.
Then, by joint convexity of the Kullback-Leibler divergence:
AKL(C,v) + (1~ VKL(C, /)

>
> KL(AC+ (1= N v+ (1= 2
> Lis (Ot (1= v+ (1= M),

ALGe (ks v) + (1= ML (', V) + 0

where for the last inequality, we used the definition of £, as an infimum and the fact that by
convexity, the distribution A + (1 — A)¢’ belongs to D, with expectation larger than A+ (1 — A)
The desired convexity inequality (17) follows by letting 6 — 0. |
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A.2. Specific properties for D = PJ0, 1]

We now consider only the model P[0, 1] of all distributions over [0, 1].
Since we are considering distributions over [0, 1], the data-processing inequality for Kullback-
Leibler divergences ensures (see, e.g., Garivier et al., 2019, Lemma 1) that for all ¢ € P[0, 1],

KL(C,v) > KL <Ber(E(C)), Ber(E(y))) > 2(B(¢) — E(v))?,

where Ber(p) denotes the Bernoulli distribution with parameter p and where we applied Pinsker’s
inequality for Bernoulli distributions. Therefore, taking the infimum over distributions ¢ € P[0, 1]
with E({) <

Vo <E(v), Li(z,v)=2(E@) —1z)°. (18)

We denote by m(v) = min(Supp()) > 0 the minimum of the closed support Supp(v) of v;
that is, m(v) is the largest value such that Supp(v) C [m(v), 1]. We will refer to m(v) as the
lower end of the support of v. Though we will not need it immediately, we also define the upper
end of the support of v as M (v) = max(Supp(y)) < 1; by symmetry, it will be considered when
studying £, and E;lf instead of £, and L'mf

The lemma below states that the functions £(-,v) and L5, (-,v) coincide, except maybe
at m(v). One may wonder what happens at z = m(v). We denote by V{m } the probability
mass assigned by v to the point m(v). It follows from the second part the lemma below that

L3 (m(v),v) = L5 (m(v),v) if and only if {m(v)} is not an atom of v.
Lemma 15 For the model D = P[0, 1], we have, on the one hand,

V,u 7é m(lj), me(iu‘? ) ‘Cﬁlf( ) ) (19)
and on the other hand, at p = m(v),
1

In V{m(u)}

Proof To prove (19), we first identify the interior of the domain of Eiflf.

Distributions ¢ such that E(() < m(v) cannot be absolutely continuous with respect to v;
otherwise, they would also give a null probability to values strictly smaller than m(v), which con-
tradicts the assumption E(( ) < m(v). Hence KL((,v) = +oo for these distributions. It fol-
lows that £ (u,v) = L5:(u,v) = +oo for u < m(v); we note in passing that we also have
L:i(m(v),v) = +oo.

For u > m(v), we take ¢ > 0 with m(v) + ¢ < p and have, by definition of the support of a
measure, that [m(v), m(v)+e] has a positive v—measure denoted by . The distribution ¢ given by v
conditioned to the interval [m(u), m(v)+ €] is absolutely continuous with respect to v, with density
d¢/dv = 1/k on [m(v), m(v) + ], and 0 elsewhere; therefore, KL({, ) = In(1/k) < +oc and
[’mf (H’ ) < +o0.

The interior of the domain of p — L5 (u,v) is therefore (m(v), +00), and we recall that
L::(+,v) is continuous on this interval. We fix some 4 > m(vr). For all ¢ > 0, by the very
definitions of all quantities as infima of nested sets, we have

'Ci<nf(NaV —¢€) < Eﬁlf( v) < 'Ci<nf(u7 v).

= L (m(v),v) < Ligs(m(v),v) = 400, (20)

18
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Letting ¢ — 0, we get, by a sandwich argument, that Efnf(,u, v) = L5;(p, v). This concludes the
proof of (19).

We turn our attention to (20). We already showed above that L, (m(u), 1/) = +o00. Now, to
compute Eiif(,u, v), we wonder which are the distributions ( that are absolutely continuous with
respect to v, and thus, give a null probability to values strictly smaller than m(v), and are also
such that E(¢) < m(v): at most one such distribution exists, the Dirac mass at m(v), denoted by
Om(v)- We then distinguish the cases v{m(v)} > 0 and v{m(r)} = 0 to establish, respectively,
the equalities

1 1
‘Cl\nf( ( ) V) = KL((Sm(V)’ V) = h’l W and £1\nf( ( ) l/) = +OO = h’l W .
In both cases, the first equality in (20) is proved, which concludes the proof. |

We also have the following result, which is the most important and useful one, as it discussed
the quantity that appears in the upper bounds on the average log-probability of misidentification of
the optimal arm; see Corollary 3 together with Lemma 4.

Lemma 16 Let v,/ € P[0,1] with u = E(v) > E(V') = i/. Then

inf [’mf(x V)+‘Clnf( ): inf [’mf(x V)+‘Clnf( )
T€[p ] T€[W ]

if and only if either m(v) # M (V') or v{m(v)} x V{M (')} = 0.

Remark 17 In other words, the only case for which the two infima differ is when m(v) = M (V),
i.e., the upper end of the support of V' equals the lower end of the support of v, and both v and V'
admit this common value as an atom.

Proof The first lines of the proof of Lemma 15 show that £, (z,v) = L3 (z,v) = +oo for
x < m(v). We can symmetrlcally show that £ (z,v") = L (z,V)) = +oc for z > M(V/).
Therefore, L5 (v,v) + L2 ((z,v') and L (z, 1/) + L2 (z, ') are infinite whenever « lies outside
of [m(v), M(v)]. This implies that

inf L3 (x,v)+L " = inf L3 (x,v)+ L !

x€[p’,p mf( ) mf( V) ze[p . u)Nm(v), M (v")] mf( ) mf( V)
and inf LSc(z,v)+ L N = inf LSz, v)+ L .
w€lu u] e (72) + Ll /) i sy ) ()

We now split the analysis according to how large the interval Z is, where

=, pn[m), M1 = {max{//,m(u)}, min{, M(V/)}} .

Case 1: T is empty. In that case, the two infima are over an empty set and both equal +oco.

Case 2: T has a non-empty interior. When a # b, the infimum of a convex function over a
closed interval [a, b] equals the infimum over (a,b), whether the function takes finite or infinite
values at a and b. Now, the interior of Z = [a, b] equals

(a,b) = (max{,u’,m(y)}, min{u,M(V’)}) = (¢, ) N (m(v), M)
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and does not contain neither m () nor M (v'). By Lemma 15, the functions £ (-, v) and £5,( -, v)

coincide on R\{m(v)}. It may be similarly shown that £ .(-,+/) and L (-, +') coincide on

R\{M (') }. In particular, the functions £5;(-,v) + L(+,v') and L:(+,v) + L3(+, 1) co-
incide on the interior of Z. Their infima over the interior of Z, which, by convexity, are equal to the

infima over Z, are therefore equal.

Case 3: T is a singleton. This case arises if and only if m(rv) = M(v'), as by definition,
m(v) < pand M(v') > p/. We then have Z = {m(v)} = {M(2)}, and both infima are equal
to the values of the sums at m(v) = M(v'). By Lemma 15 and by symmetric results for £;; and
L?nf, on the one hand,

L (m(w),v) = L3 (M(V),V) = 400,

inf

and on the other hand,

1 1
~ Ci(MN,Y) =1 1 :
Line (M), v) + L (M(/),1) =1n v{m(v)} i V{M@')}
We get the desired equality if and only if either v{m(v)} = 0 or v{M (V') } = 0. [ |
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Appendix B. General analysis of successive-rejects in terms of ¢

This appendix is devoted to the technical elements omitted in the general analysis of the successive-
rejects strategy presented in Section 3.1.

B.1. The Cramér-Chernoff bound

In this section, we recall, for the sake of completeness, the highly classical Cramér-Chernoff bound.
With the notation introduced in Section 3, it states that, for an N—sample X1, ..., Xy, distributed
according to v and of average denoted by X y,

exp(—N ¢}(x)), (21)

Vx
x exp(—N ¢} (z)) . (22)

E(v), P(X
and Vo > E(v), X
Proof For all A < 0, by Markov’s inequality first and then by independence,
IP’(YN < x) _ P(eAYN > e/\x> < e—)\xE[e/\YN} o (E[e)‘xl/N])N
= exp(—Az + N g, (\/N)) = exp(-N (Na = 6,(V)) ).

where A = A\/N. The bound also holds for A = X' = 0 given that ¢, (0) = 0. Optimizing over
A < 0 (or, equivalently, over " < 0), we proved so far

P(Xy < 1) < exp (—N sup{Az - @(A)}) .
Now, by Jensen’s inequality,
VAER,  ¢,(\) =lmE[e™] > AE[X] = AE(v); (23)
therefore, for z < E(v),
YAZ0, Az—¢,(\) <Az—-E(@))<0.
In particular,
0= —¢,(0) < sup{Az — ¢, (N} = sup{Az — 6, (\)} = ¢ (2). (24)
A<0 AER
This concludes the proof of (21). The bound (22) follows by symmetry. |
We also note, in passing, that Jensen’s inequality entails, for x = E(v), that
VA €R, AE(v) — ¢, (X) < A(E(v) — E(v)) =0,

thus showing that ¢} (E(r)) = 0. The property (24) and its counterpart for z > E(v) and A > 0
actually show that ¢} is non-increasing on (—oo, E(u)] and non-decreasing on [E(l/ , +oo).
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B.2. Proof of Lemma 1
We first restate the lemma, for the convenience of the reader.

Lemma 1 Fix v and V' in D, with respective expectations n = E(v) > p/ = E(V). Forall N > 1
let X Ny and Y  be the averages of N—samples with respective distributions v and v'. Then,

1 — e
limsup — InP(Xy <Yy) < — inf {¢}(z)+ ¢} () =0/, v).
N—+o00 z€[p’ ]

Proof The proof consists in two parts. We first show that for any finite grid G = {g2,...,9g-1} in
(1, ), to which we add the points g; = ¢/ and g = p, we have

<Vy) < —min{oy (), | min {&h(9-1)+(9)}, o)} @9)

. 1 -
lim sup ~ ln]P’(X LU

N—+o00

Indeed, by identifying, when X ; and Y y belong to [¢/, uz], in which interval [g;_1, g;] lies X y,
we note that

{(Xn<Vn} € Znv<pbu{Ynzpbu (J{¥N>g1and Xy <g;}.

First, by independence and by the Cramér-Chernoff inequalities (21) and (22),

P(Yn>gj1and Xy < gj) =P(Yny > gj-1) P(Xn < gj) < eXp(—N(¢Z/(gj—1)+¢§(9j))) :
Second, again by the Cramér-Chernoff inequalities,

P(Xy <p) <exp(-Ng;(u))  and  P(Yn > p) <exp(=N¢j(n)).

By a union bound,

P(Xy <Yn) < exp(=N (1)) +exp(=N ¢} (1)) + Z exp (=N (64 (g5-1) + 93(4) ) -
The stated bound (25) follows by identifying the (finitely many) terms with the smallest rate in the
exponent.

In the second part of the proof, we note that the bound (25) holds for any finite grid in (¢/, u),

and we consider a sequence
g(n) _ {ggn)’ o 9g2-1}

of such finite grids. In particular,

limsupilnIP(Y <Yy) < mln{gﬁy( ", mﬁ‘?Sm (ﬁ’,j/(u)},

N—+4o00

ef

where S, £ min {gﬁ,j/ (gj(-n_)l) + ¢ (gj(n))} )

2<i<Gn—1

To obtain the claimed bound, given that (see the end of Appendix B.1)
¢, (1) = 0= 5 (1),
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it suffices to show that
max S, > inf {QS )+ o5 (@)}

nz1 xEep,
To that end, we assume that the steps €,, of the grids G, which are defined as

o o).

def
E€n = mmax
2<j<Gn

vanish asymptotically, i.e., e, — 0. For each grid G(™, we denote by xf € (u', p) the argument of
the minimum in the definition of S,,. As a consequence, for eachn > 1,

Sn = oy, — ) + op(a7)

for some 0 < ¢} < &,. The quantity z; — ¢, denotes the point in the grid that is right before
xy, and it belongs to [1/, ). We note that we also have €, — 0. In the compact interval 1/, u],

the Bolzano-Weierstrass property ensures the existence of a converging subsequence: there exists

xt, € [, p] and a sequence (ng)r>1 of integers such that

* x*

Tk k—+o00

which also entails ) —e; — a5 .

oo e TR oo
Now, the functions ¢}, respectively, ¢7,, are lower semi-continuous, as the suprema over A € R of
the continuous functions = — Az — ¢, (), respectively, © — Az — ¢,/(\). Therefore, by these
lower semi-continuities,

IBS{( Sn = Ik}g—il—rol(f (rbr/ (xnk - gnk) + ¢u($nk) > ¢1/ (xoo) + ¢V(xm)
> inf {¢}(x) + ¢ ()}

T€[p’

This concludes the proof. |

B.3. Proof of Theorem 2

The proof mimics the analysis by Audibert et al. (2010), the main modification being the substitu-
tion of Hoeffding’s inequality by the bound of Lemma 1.

Proof We recall that forr € {1,..., K —1}, wedenoted by N, = [¢1/K|+...4+ [{./(K—r+1)]
the total number of times an arm still considered in regime r, i.e., belonging to .S,_;, was pulled in
regimes 1 to . For each arm a, we denote by ?Z the average of a /N,—sample distributed according
to v,. By optional skipping (see Doob, 1953, Chapter III, Theorem 5.2, p. 145, or Chow and
Teicher, 1988, Section 5.3 for a more recent reference), we may assume, with no loss of generality,
that foreachr € {1,..., K — 1},

~-T

on the event {a € S,_1}, X =Y

a a*

(26)

We fix a bandit problem v with a unique optimal arm a*(r). The successive-rejects strategy
fails if (and only) if it rejects a* () in ones of the regimes. This corresponds to the event

K-1 K-1
{IT#CL*(Z)}: U{ar:a }C U{ ) € Sp—1 and Vk € S,_q, %;*@ <Y;}
r=1 r=1
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(We have an inclusion because ties are broken arbitrarily.) By optional skipping (26),

K-1
U{ GST 1 and VkESr 1, YZ*(Z) gYZ}

r=1

K—
U{ ) €S,_1 and Yk € S,_1, Yy g?;}.

Recall that the set .S, is a random set; dealing with it therefore requires some care. On the event
of interest, S, contains K — r + 1 elements, among which a*(v). The set A, is of cardinality r
and does not contain a*(v). By the pigeonhole principle, S, thus necessarily contains one arm
in A,. As a consequence, for each regime rr € {1,..., K — 1},

{a*@ €S,y and Yk € Sy, Vi < Yk} - kgr{ya*(,,) < Yk} .

Summarizing the inclusions above, taking unions bounds, and upper bounding the obtained sum in
a crude way, we proved so far

2 - -7
P(Ir # o Z > B(Viw <¥i) <K | max ,ggi’j]?(ya@ <Y).
r=1 k€A,

or equivalently,

1 2 1 .
=InP(I7 # a”(v)) < fmK +,max max ~nP(V) <))

N, 1 _,
= = r__ < .
P e e B(Viey <TE)

As N, /T — ~, > 0as T — 400, we may apply Lemma 1, together with an exchange between the
lim sup and the maximum over a finite number of quantities. We obtain

lim sup 1 lnIP’(IT #+ a*(g)) < max max {*y,(—@(yk, V*))}

T—>+OO 1§T§K—1 kE.Ar
— ' *
= — min {% min <I)(1/k, )} .

This concludes the proof. u

B.4. Proof of Corollary 3 and of the bound (13) on ¢

In this final subsection, we provide two series of proofs: first, a proof of Corollary 3; and then a
proof of the bound ® (v, v*) > A7 stated as (13).

Proof of Corollary 3. To apply Theorem 2, we need only to show that the regime lengths of (12)
are such that N, /T converges to a positive value, and to identify this limit value ~,. As N7 =
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[41/K |, where ¢; = T/InK, we immediately have N1/T — v, = 1/(KInK) > 0. For
re{2,.. K1},

];:;H%J :;’QK;{IKJ +Zr:{(K—p+1)(Ir5—p+2)anJ>

p=2

T

e (1+Z 1 1 )_ 1
Toteo " MK \K S EK-p+l K-p+2) (K—r+Dhk’

The bound of Theorem 2 reads:

1 1
li “WP(Ip # ")) < ———  mi . min B(y, ) b
s 7 B (ir #00) < e ot { e g o)
It implies, in terms of lower bounds f (v, v*) < (I)(Vk, V*),
lim supl InP(Iy # a*(v)) < L min _ min f (v, V") (27)
Tosioo T IS T K 1<r<k-1 | K — 1 + 1kea,’ V0 '
The permutation o in (14) and the sets A, = {ox_r+t1,...,0K} were exactly picked, for each

re{l,..., K — 1}, to minimize

min %)

over sets B3, abiding by the indicated constraints: being of cardinal r and not containing the optimal
arm a*(v) = o1. We get

kI;Iel.lAE f(Vka V*) = K—rﬂl—lligkgl(f(yawy*) = f(VO'K—r+17 V*) )

which, together with (27), yields the stated bound, up to replacing K —r+1 withr € {1,..., K—1}
byke{2,...,K}:

1 1

1 . 1 * o . *
TIhK 1<r<i-1 {I(—mf(y”’{""“’y )} Y 23211({1{‘}0(””’“’” )} -

We now move to the proof of the bound (13) on ®, when the model is D = P[0, 1]. We restate
it here for the convenience of the reader:

op(x) > 2(x — E(Z/))2, so that @ (v, v*) = A}, o f(vg,v*).

For the ease of exposition, the path followed in Section 2 to show that ® (v, v*) > A7 was to
first note that ® = £ when D = P[0, 1] (see Lemma 4) and then use Pinsker’s inequality (5). We
provide here a slightly more direct but equivalent approach, based on Hoeffding’s inequality.

Proof of the bound (13) on ®. When v € P[0, 1], Hoeffding’s inequality exactly states that

AQ
VAER, dy(A) SAE(W) + =,
sothat VxeR, ¢)(x)> sup{)\(x —E@)) - )\2} =2(z — E(z/))2 :
AeR 8
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This corresponds to the first part of (13).
For its second part, we consider a pair v, v/’ of distributions in P[0, 1], we setany = € [E(v/), E(v)],
and we apply twice the bound of the first part to get

&3 (x) + oh(x) = 2(x —E()) + 2(z — E())”.

From the definition of ®, it follows that

/ . I\ 2 2 ) — BN
CI)(Z/,V)2me[E(llB)f’E(V)]{Q(x—E(y)) +2(z ~ EW))*} = (B(/) - E())

This corresponds to the second part of (13). |
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Appendix C. Rewriting of ¢* as some L, or L, i.e., of ® as £

We use the notation of Sections 2.1 and 3 and discuss conditions on models guaranteeing that
¢ = L, ie., that (15) holds. We do so for D = P]0,1] in Section C.2 and for canonical one-
parameter exponential families in Section C.3; based on these two examples, we provide a set of
conditions for general models, in Section C.4. A building block of these results is that for all models
D, the functions £ (-, v) and £ (-, v) dominate ¢} defined in (11); we prove this in Section C.1.
This rewriting of £5(+,v) or LZ,(+,v) as ¢}, claimed, e.g., by Lemma 4, can be seen as a
counterpart to a similar rewriting of the ICi,¢ as the supremum of a function of A € [0, 1]. More
precisely, for v € P[0, 1] and z € [0, 1],

Kint(v,z) = inf {KL(v,¢) : ¢ € P[0,1]s.t. E({) <z},

and Honda and Takemura (2015, Theorem 2)—see also Garivier et al., 2022, Lemma 18—show that

Yy _
Kint(v, ) = sup ]E[ln(l—)\l x>]7

0<A<1 —x

where Y is a random variable distributed according to v. In both cases, for £5(-,v) or LZ(-,v),
and for /C;,¢, being able to rewrite the infimum of a set of Kullback-Leibler divergences as a
supremum is not unexpected, as a Kullback-Leibler divergence can be formulated as a supremum,
see (28), and exchanges between the infimum and the supremum may be justified (e.g., through

Sion’s lemma, when applicable).

Cl. L3

inf

(-,v)and £Z (-, v) dominate ¢,

inf

This domination is a consequence of a variational formula for the Kullback-Leibler divergence (28).
Lemma 18 For all models D, for all v € D,
Ve <E(v), ¢5(x) < LS (z,v) and Vx> E(v), ¢5x) <L (z,v).

inf

In the next sections we will obtain the converse inequalities for the specific models mentioned
above. The proofs are immediate adaptations of a rather standard result, stated, among others, but in
a slightly different form (and for the model D of all real-valued distributions with a first moment),
by Boucheron et al. (2013, Exercise 4.13).

Proof We rely on a key variational formula for the Kullback-Leibler divergence, see Boucheron
et al. (2013, Chapter 4): for all distributions v, v/ over R,

KL(V/,v) = sup{IE,,/ Y] —IE,[e"]: rv.Y e L'(V) st. Ey[e¥ ] < —|—OO} :
= sup{IE,,/ Y] —InE,[e¥]: rv.Y € ]Ll(y’)} , (28)

where E,, and E, indicate that expectations are relative to v and v/, respectively. In particular, when
v and v/ lie in D, those two distributions admit a finite first moment, hence all random variables
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Y = \idg are v/—integrable, where idg denotes the identity function on R and where A € R. They
satisfy E,[Y] = AE(2/). A consequence of (28) is therefore

Iﬂxycu)>sup{AEo/)—1nEykM®ﬂ}::¢;@ﬂuq). (29)
AER

Using the variations of ¢} indicated at the end of Appendix B.1, we see that

o5 (E()) = ¢)(x) when E(V) <z <E(v) or E(/)>z>E{v).

v

Therefore, by taking the infimum in (29) over v/ € D either with E(v/) < x or E(v/) > z, we
proved the claimed inequalities. |

C.2. The case of P[0, 1]

In this section, we focus on the model P[0, 1] and prove that the inequalities of Lemma 18 are in
fact equalities, as claimed by Lemma 4.

Lemma 4 Consider the model D = P[0, 1]. Forallv € P[0, 1],

Ve SE(), (@)= Ligar)  and Va2 E(), 6h(@) = L2p(e0).

The lemma holds for all z € R, that is, even outside of the [0, 1] interval, though the proof
reveals that when x is smaller than the lower end m(v) of the support of v, we actually have
¢5(x) = L5 (x,v) = +oo. The counterpart statement ¢%(x) = L (z,v) = +oo holds for x
larger than the upper end M (v) of the support of v. The pieces of notation m(v) and M (v) were
formally defined in Appendix A.2.

Proof Note first that by Lemma 18, it suffices to prove that

Ve < E(v), o¢)(x) > L'l\nf( V) and Ve > E(v), ¢)(z)=> mf(x V).

We only deal with the first inequality, namely £ (z,v) < ¢%(x) for z < E(v), and obtain the
other one by symmetry.

In the case = = E(v), we have ¢}(E(v)) = 0, as stated at the end of Section B.1, and
L',l\nf( (v), 1/) = 0 as can be seen by taking ( = v in the defining infimum. We therefore only
consider < E(v) in the sequel. We will rely on the standard fact that, by Holder’s inequality, the

logarithmic moment-generating function
¢y : A € R— InE, [eMdoa]

is convex, where id|g ] denotes the identity function on [0, 1]. Also, by two applications of a stan-
dard theorem of differentiation under the integral, given that v is supported by [0, 1], we have that
¢, is continuously differentiable over R, with derivative

E, [idjo 1 eMdo]
Ey[ )\ld()l]}

¢, NER—
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By convexity of ¢,, this derivative is non-decreasing. Therefore, the limit of ¢/, at —oo exists; we
denote it by ¢ and have that a priori £ € {—oco} U R. We now prove that actually,

lim ¢, (\) £ =m(v). (30)
A——00
On the one hand, by definition of m(v), we have idy 1) = m(v) v-a.s., which entails ¢,(\) = m(v)
for all A € R, and hence, £ > m(v). On the other hand, as ¢/, is non-decreasing, it is always larger
than its limit £ at —

VAER, G, thus, B [(idgy) — ) e¥en] >0, @31)

or idjg 1 — ¢ Midp,=0 | > . (32)
E, [ (ido,y = ) ¢

The last inequality and limit arguments as A — —oo impose that idjg;; — £ > 0 v-a.s., which in
turn entails that ¢ < m(v). This concludes the proof of (30).

The various properties exhibited above for ¢,, including the fact that the derivative ¢/, takes
values in [m(v), +00), entail that the function

A XER— Az — (V)

is concave, continuously differentiable, with a non-increasing derivative A’ taking values in the
interval (—oo, z — m(v)] and with limit z — m(v) at —

We split the analysis of the case z < E(v) into three sub-cases, depending on the respective
positions of x and m(v), and recall that we want to show that £ (z,v) < ¢%(x).

Case 1: = > m(v). By Jensen’s inequality (23) and given that we consider x < E(v), the
limit of A at +o0 equals —co. The limit of A at —oo also equals —oco, as the derivative A’ has
limit x — m(v) > 0 at —oco. By concavity of A and the fact that A’ is continuous, this implies the
existence of some \* € R such that

N == (0)=0  and  gi(r) =sup (A} = A(N).

Denoting by ()~ the distribution absolutely continuous with respect to v with density

. Atidpo, 1 .
dix» e _ Midp = (X)

dv ~ B, [ o] ’

we have E,, [idjg 1)) = E(C+) = ¢),(\*) = . Therefore, by definition of L5 (z,v) and of the
Kullback-Leibler divergence,

d
L) < KL(Grv) = Boy [ 1n 2 | = X B fido ] - 6,00 = A) = 65(0).

Case 2: x = m(v). In that case, A’ — 0 at —oco and A’ is non-increasing, thus A’ < 0 on R
and A is non-increasing on R. Thus,

o5 (m(v)) =sup {A(N)} = /\lim A(A) = lim —InE, {e)‘(id[O»”*m(”))

AeR ——00 A——00
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By monotone convergence based on idjg ;] — m(v) > 0 v-as.,

lim —InE, [e’\(idlo’l]*m(”))] =—Inv{m(v)},

A——00
whether V{m(u)} is positive or null. Moreover, the very end of the proof of Lemma 15 shows that

Lse(m@),v) = —Inv{m@)}.

We therefore have £

inf

Case 3: x < m(v). Inthat case, as A" — = — m(v) < 0 at —oo, we get that A — 400 at —o0
and ¢} (x) = +o00. No distribution ¢ € P[0, 1] with E(¢) < =z, if some exists, can be absolutely
continuous with respect to v, as z < m(v) imposes that ¢ puts some probability mass to the left of
the support of v. Therefore, KL((, v) = +oc0. All in all, Efnf(:v, v) appears as the infimum of either
an empty set or of +o0o values, so that £ (z,v) = +oc. In this case as well, L5 (z,v) = ¢%(z),

both being equal to +oc0. |

(x,v) = ¢}(x) in this case.

C.3. The case of canonical one-parameter exponential models Deyp

In this section, we consider a model Dey;, of distributions given by a canonical one-parameter ex-
ponential family and will prove that the target equality (15) is satisfied by Dexp. Before we do so,
let us recall briefly some definitions and properties of exponential families; more detail (including
proofs of the stated properties) may be found in Lehmann and Casella (1998).

Canonical one-parameter exponential families. We fix a reference real measure p and consider
the set, called the natural parameter space,

0= {9 eR: /Rexp(ﬁy)dp(y) < —i—oo}.

We assume that © is an open interval (the model is said to be regular) and we consider the model
Dexp = {1y : 0 € O}, where, for § € O, the distribution vy is absolutely continuous with respect to

p, with density

dy, i
(Tpg = exp(fidg — b(0)) (33)

for a twice differentiable function b : © — R. Due to density constraints, we get, for all § € ©,

/ exp(fy — b(9)) dp(y) =Ey,[1] =1 or, equivalently, b(6) = ln/ e dp(y). (34)
R

R
=dvy(y)

It can be seen that b is strictly convex and that E(vy) = ¥/(0) for all § € ©. Thus, V' is a one-to-one
mapping between O and the set M of the expectations of the distributions of Deyp; the set M is
an open interval of R, by continuity of &', whose bounds are denoted by x_ and p". In particular,
a distribution of Dey,, is characterised by its mean. We can also parameterize the Kullback-Leibler
divergence function by the expectations: we set, for all 1,65 € O,

d(E(V91)7 E(Vﬁ’z)) = KL(V917V92) :
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This defines a divergence d which is strictly convex and differentiable on the open set M x M. In
particular, d is continuous, is such that d(u, ¢') = 0 if and only if © = ¢/, and, for all © € M, both
d(p, ) and d( -, ) are decreasing on (i, p], and increasing on [, ™).

In the following, we extend d to R x R by 400 values outside of M x M.

Links between L=, LS., £ E/f and d. A direct apphcatlon of the continuity and mono-

inf? ~inf? ~inf?
tonicity properties of d is that all functions £, [,l\nf, L., E;lf easily rewrite as d, as stated in

equalities (9) and (10). For instance, for v € Deyp and < E(v), we have, when z € M:
Lisele,v) = inf {0} = lim dysv) = d(z, ).
p<x
and when = ¢ M, by convention, L (z,v) = 400 = d(z,v).

We are now able to prove that all canonical one-parameter exponential models satisfy Equa-
tion (15), which rewrites as follows, thanks to (9) and (10): for all v, " € Deyp with E(v') < E(v),

inf {¢,§,(x)+¢§(x)}= inf H{d(:p,E(u’))+d(x,E(y))}. (35)

ze[E(),E(v)] z€[E(v),E(v

To obtain this result, we will not prove an exact counterpart of Lemma 4: we will rather only focus
on points x belonging to M, not to all x € R; see (36) below. In particular, we avoid the cases
x € {pu—, p*}, the boundary points of M, at which the equality of d(-,E(r)) and ¢}, does not
seem to hold in general.

Proof of (35). It suffices to show that, for all v € Deyp and x € M,
o (x d—ef Sup{)\az — o )} = d(.’E,E(V)) ) (36)
Now, by Lemma 18, we only need to show that ¢}(z) > d(z,E(v)), and to prove this inequality,
we will justify the existence of \* € R such that
d(z,E(v)) = Xz — ¢,(\"). (37

Let §; € O be such that v = vy, and 6 = (¥)"!(x) € O be such that E(vp,) = z. We

will prove (37) with \* = 6o — 6. Using the model density (33), we note that vy, is absolutely
continuous with respect to vy, and compute, by definition of the Kullback-Leibler divergence,

d(z,E(v)) = KL(vg,,vp,) = Ey, [1 EVﬂ _ ,,92[(92 — 01)idg — (b(6a) — b(el))}
= (92 — 91)E(V92) — (b(gg) — 5(91)) = )\*:L' — (5(92) — b(91)) . (38)
To obtain (37), it only remains to show that
b(62) — b(61) = du (X). (39)

Using (34) at 62 and again the density (33) at 61, we obtain

b(62) = 1n [ <7 dp(y) = 1n | e P00 dp(y) 40,
R R N——

=dvy, (y)=dv(y)
I / XV du(y) + b(01) = du(N*) + b(61) | (40)
R

which gives (39) and concludes the proof of (37).
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Remark 19 A more direct approach bypassing Lemma 18 can be followed with D.,, models, along
the following lines. The result (40) can be generalized into

V0 €O, ¢,(0—01)=0b(0)—0b0).
As b is differentiable on O, the function ¢, is also differentiable; at \* = 05 — 01, we have
O (N) = ¢,,(02 — 01) = V' (02) = .
Thus, the derivative of the strictly concave function
A XeER+— Az — ¢ (V)

vanishes at \*, which is therefore the argument of its maximum: ¢},(x) = A(X*). The latter equality,
together with the closed-form calculation (38), shows (36).

C.4. Condition for general models

In this section, we extend the equality (15) to more general models; we did so by analyzing which
conditions were actually required in the proof of Lemma 4. We recall that the pieces of notation
m(v) and M (v) for the lower and upper ends of the support of a distribution v were introduced in
Appendix A.2 and lie in R U {—o0o0} and R U {+o00} respectively in all generality. We also remind
the reader that all considered models contain distributions with finite first moments.

Lemma 20 Assume that a model D is such that for all distributions v € D and all A € R, on the
one hand, the quantity ¢, () is well-defined and finite, and, on the other hand, the distribution v)

with density

dvx el ith (Y
— = with respect to v
dv E, [e,\ldR] P

belongs to D. Assume also that 6, the Dirac mass at x, belongs to D whenever there exists v € D
withz € {m(v), M (v)} and v{z} > 0.
Then, for all v € D,

Vo < E(v), ¢h(x) =L (z,v) and Vx> E(v), ¢5x) =L (z,v).
Proof By Lemma 18, we only need to prove that

Ve <Ew), ¢j(x) > Lygle,v)  and Vo2 Ew), () > Lo(e,v).

inf i

We will follow the proof of Lemma 4 for the model P|0, 1] (see Appendix C.2), and show that the
same proof applies to D, up to a few changes in the justifications. In particular, we only treat the
first case, showing that

vz <B(v), @)(2) > Liy(w,v), @1

inf

and obtain the other by symmetry. For x = E(v), we show, as in the P[0, 1] case, that

¢y (E(w)) = 0= L5 (E(w),v) .

v
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Before proving (41) for z < E(v), we show that ¢, satisfies the same required properties than in
the P[0, 1] case. As ¢, takes finite values on R, the moment-generating function of v is a power
series with infinite radius of convergence. In particular, ¢, is differentiable over R and, as Holder’s
inequality still entails that ¢, is convex, the derivative ¢/, is non-decreasing. We now prove that the
limit of the latter at —oo (which we recall exists and belongs to { —oo} UR by monotonicity) equals
m(v):

lim ¢, (\) =L =m(v). (42)
A——00
If m(v) € R, the same proof as in the P]0, 1] case applies. Otherwise, m(v) = —oo and we prove

that ¢ cannot be finite. Indeed, if £ € R, then using that ¢/, is always larger than its limit £ by non-
decreasing, and following the same analysis as in (31)—(32), we obtain idg — ¢ > 0 v-a.s., which

in turn entails that £ < m(rv) and contradicts the fact that m(v) = —oo. This concludes the proof
of (42).
Finally, we prove that
E, [idg c"i%]
LANER—
¢V EV |:e>\ld]Rj|

by applying a standard theorem of differentiation under the integral. To obtain the domination on a
subset (A_, A1) of R, we write that

YAE (A Ay, ide €| < [idg] (ekfidR + e)‘+idm> =

and get that & is v—integrable whenever distributions v _ and v admit a finite first moment, which
holds by assumption as those distributions belong to D.

We now get all necessary properties to follow the proof of Lemma 4. Similarly to this proof, we
split the analysis of the case = < E(v) into three sub-cases, depending on the respective positions
of x and m(v).

Case 1: x > m(v). The properties of ¢, ensure, as in the corresponding P[0, 1] case, the
existence of A* such that

o5 (z) = Nx — ¢, (XY).

Besides, we get, again as in the proof of Lemma 4, that E(vy«) = ¢,,(A*) = x and compute that

KL(vp«,v) = Nz — ¢, (AY).

This gives (41) noting that £

inf

(z,v) < KL ((5m(l,), v), as by assumptions vy« € D.
Case 2: x = m(v). As in the proof of this case in Lemma 4, we prove that
&5 (m(v)) = —mv{m(v)},

and get
KL (8,,(),7) = —In v{m()}.
This also concludes this case, as d,,(,) € D by assumption.

Case 3: © < m(v). Similarly to the corresponding P|0, 1] case, we show that both Eignf(:n, V)
and ¢} (x) are infinite. [
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Appendix D. Proofs for lower bounds (Section 4)

This section provides the detailed proofs that were omitted when stating our various lower bounds
in Section 4.

D.1. Proof of Lemma 6

We restate it for the convenience of the reader.

Lemma 6 Fix K > 2 and a model D. Consider a consistent sequence of strategies on D, and two
generic bandit problems v and \ in D such that a*(\) # a*(v). Then

liminf = InP, (Iy # a* -1 N KL v) .
lim inf 7 In y(Ir # a*(v)) > ;rgilg; (Aas Va)

Proof The considered sequence of strategies being consistent on D, and as a*(\) # a*(v),

aw EBy(Ir £ a'(W) > Ba(lr =a'() | — 1.

. def
while pr = ]P’Z(IT + a*(g)) T—>—+>oo 0.
Note that we introduced above short-hand notation p7 and g7.
The fundamental inequality for lower bounds in bandit problems (which is a consequence of
the chain rule and of the data-processing inequality for Kullback-Leibler divergences, see Garivier
etal., 2019), applied for Z = I}, +,+(,)}, exactly states here that

K
> EA[No(T) KL(Ag, va) = KL(Ber(gr), Ber(pr)) , (43)

a=1

where we recall that Ber(p) refers to the Bernoulli distribution with parameter p. Given the asymp-
totics of pr and qr,

Tw—lin as T — +o0.

KL(Ber(qr), Ber(pr)) = grln % + (1 —gqr)ln

Put differently,

KL(Ber , Ber
%IDPZ(IT ?é a*(ﬂ)) ~ _ ( (qz—)‘ (pT>) .

Combining this limit behavior with the previous inequality leads to the stated result, namely:

K

. Ey [Na(T)]
liminf — 1nIP I a*(v)) > —limsu g = 2 KL(\g, V) -
ot ( T F (7)) T~>+o£) 2 T ( ) -
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D.2. Proof of Theorem 9

We restate it for the convenience of the reader.

Theorem 9 Fix a model D. Consider a doubly-indexed sequence of strategies that is consistent,
balanced against the worst arm on D, and that cleverly exploits the pruning of suboptimal arms
on D. For all generic bandit problems v in D with K > 2 arms,

1 L
liminf — InP, (I7 # a*(v)) > — min —2f
liminf 7 Py (Ir # a”(v)) > = min, =

Proof The proof consists of two steps. The first step is to prove that for a generic bandit problem v
in D with K > 2 arms, we have,

_£i<nf<u(K)’l/*) '

1
. . - * >
1T1r£f;£ o InP, (It # a*(v)) > e

(44)
In the second step, we use this lower bound and the very definition of the clever exploitation of the
pruning of suboptimal arms to get the claimed bound.

Step 1: lower bound (44). We follow a well-established methodology and consider an alternative
bandit problem only differing from v at one arm, namely, at the best arm. To do so, we set some dis-
tribution ¢ € D with E(() < p k), if some exists, and define the bandit problem A = (A1, ..., Ak)

as
Ao = {C ifa = a*(V?

v ifa#a*(v

Observe that ) is also a generic bandit problem in D, that a*(v) is the worst arm in A (and also that
the second best arm of v is the optimal arm in A, but we will not use this specific fact). Therefore,
Lemma 6 yields, as A and v only differ at arm a*(v),

o] : Ex[Nas (1) (T)]
liminf -~ In Py (Ir # a*(v)) > — lim sup % KL(Aax (), ¥") 5
where we recall that * = v,+(,,). Given that a*(v) is the worst arm of ), and since by assumption,

the sequence of strategies is balanced against the worst arm,

1 1
limsup = Ey [Ny (T)| € —,
imsup 7 Ba [Nov ) (T)] < 2
proving that
. x KL(¢, v*)
minf 7Py (Ir # () > ——p—

The claimed inequality (44) follows from taking the supremum in the right-hand side over distribu-
tions ¢ € D with E(¢) < p(x).-
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Step 2: clever exploitation of pruning. For each k € {2,..., K — 1}, define 1/}, as the sub-
problem of v obtained by keeping the &k best arms and dropping the K — k worse arms. Use the
definition of clever exploitation of pruning of suboptimal arms and apply (44) to 1/, to get

Lo (/‘(k)’ V*) .

o1 o1
liminf — InP, (I7 # a*(v)) > liminf T InP,, <IT #a* (le;1¢)> > — .

T—+o00 1 T—+oco

Taking the maximum of all lower bounds exhibited as k varies between 2 and K, we proved the
claimed result. u

D.3. Proof of the normality of the models P[0, 1] and Deyp

In this section, we show that P[0, 1] and canonical one-parameter exponential models are normal.
We focus first on P[0, 1].

Proposition 21 P[0, 1] is a normal model.

Proof We fix v € P[0, 1], areal x > E(v) and consider a positive . We recall that the pieces
of notation m(r) and M (v) for the lower and upper ends of the support of a distribution v were
introduced in Appendix A.2. If x > M (v), there exists no distribution ¢ absolutely continuous with
respect to v and such that E({) > x, hence the considered infima are infinite:

L2o(2,v) = 400 = Inf{KL(C,v): (€D st z+¢>E(() >}

Assume now that E(v) < x < M(v) and note that this case only occurs when E(v) < M (v),
i.e. when v is not a Dirac distribution. It is clear that

L7o(x,v) <inf{KL((,v): (€D st z4+¢e>E(() >z}.
To prove the other inequality >, we will first remind why
L (z,v) = KL(Gw, v), (45)

where ()~ is a distribution of D of mean x introduced in the proof of Lemma 4. As the expectation
of {\~ does not belong to (x, x + ¢), we will then need to prove that

inf{KL((,v): €D st. z+e>E(() >z} <KL((w,v). (46)

In the remaining of the proof, we rely on notation and results proved in the first case (by sym-
metry) of the proof of Lemma 4, and for A € R, we define () the distribution absolutely continuous
with respect to v with density

Aid
dox __° .[0’1] — Ndp,1—du (M)
d]/ ]EV [e)\ld[071]:| )
On the one hand, by Lemma 15 (or more precisely its formulation for £, and Eif instead of
L, and £§nf), we know that

‘C;f(x7y) = ‘C?nf(xﬂy)v
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while, on the other hand, the proof of the first case of Lemma 4 ensures the existence of A\* € R

such that E((\+) = ¢},(\*) = z and
Lip(x,v) = KL(Gw, v).

We thus obtained (45) and move to Equation (46).

We noticed that v is not a Dirac distribution, as E(v) < x < M (v). This entails, by Holder’s
inequality, that ¢, is strictly convex, hence ¢/, is an increasing function. Considering distributions
( for which A > \*, this implies that

E¢,[idp,y] = E(G) = ¢, (A) > 2 =E((x) -

As ¢!, is a continuous function (see, again, Lemma 4), we also get
lim E((\) = E(()
A= A*
A>\*

so that there exists A\, > A\* such that

VA e ()‘*7)\6)7 E(CA) € (.%',1‘4—6)-
Asa consequence,

nf{KL(C,»): (€D st z+¢>E() >} < Ae(ig»){KL(Q, u)} : 47)

and we compute that, for A € (A*, \;)

KL(C\, v) = Ee, [111 (jfﬂ = AE¢, [idjo,1)] — ¢v(A) = A, (A) — du(N)

— A, (V) = ¢ (X) = KL(Gx, v)

A=A
by continuity of ¢, and ¢/,. Combining this limit behaviour with inequality (47) leads to (46). W

We now consider canonical one-parameter exponential models, for which normality is easily
obtained by the rewriting of £ . as d.

Proposition 22 All canonical one-parameter exponential models D,,, are normal.

Proof We fix v € Deyp, areal > E(v) and consider a positive €. As in the P[0, 1] case, the
required equality holds (both terms are infinite) when = > M (v).
Assume now that © < M (v). By equality (10), we recall that

L7 (x,v) =d(z,E(v)).
Using the basic properties of d (see Appendix C.3), namely that d( . ,E(u)) is continuous at = and
is non-decreasing on (z, +00) C [E(v), +00), this gives

£i>nf(a:,1/) = lim d(y, (v ))

y—axt
el 140 EW) )
=inf{KL((,v): (€D st z+e>E(«) >z}.
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mean

1 1 s 1 1 1 I 1 s 1 arm

Figure 1: Original bandit problem v (in dark) and modifications made to arms (1) and (k) to obtain
an alternative bandit problem A € Alty, ;. (v) (in red): in A, arm (k) is the j — 1-th best
arm, while arm (1) = a*(v) is at best the j—th best arm.

D.4. Proof of Theorem 12

We restate it for the convenience of the reader.

Theorem 12 Fix K > 2 and a normal model D. Consider a sequence of strategies which is
consistent and monotonous on D. For all generic bandit problems v in D,

1 L (z,v LS (z,v*

liminf —InP, (IT + a*(g)) > — min min inf { mf,( (k)) + mf(, ) } .
T—4o0 T'  ~ 2<k<K 2<<k z€lugj)nij-1)) Jj—1 J

Proof We fix a generic bandit v in D and consider the following sets of alternative bandit problems,

indexed by triplets (k, j, ) satisfying 2 < k < K and 2 < j < k, as well as = € [pjy, p(j—1)):

Altyja(v) = {XinD: E(\n) <@ < E(Agy) < pgop) and Ay = v, for a ¢ {(1),(k)}};

in particular, an alternative problem A in Alty, ; ,(v) only differ from the original bandit problem v
at the best arm (1) and at the k—th best arm (k). Given x € [p(;), p(j—1)) and E(A(1)) < z, arm
(1) is at best the j—th best arm of ), but it can be possibly worse. Similarly, the same condition on
x and the fact that x < E()\(k)) implies that arm (k) is exactly the j — 1-th best arm of A\. Both
facts are illustrated on Figure 1. Thus, by monotonicity of the strategy,

Ex[Nw(T)] _ 1 Ex[Nw(T)] _ 1

lim sup — . and lim sup — - .
T—+o00 T h J— 1 T—+o00 T h J

Given that the optimal arm in )\ is different from the optimal arm (1) of v, Lemma 6 may be applied;
together with the two upper bounds above, it yields

KL(Aw:vw) | KL, ) ) '
Jj—1 J

o
lim inf - In Py (Ir # a*(v)) > —(
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We can now take the infimum over all bandit problems A\ € Alty, ; () and obtain the following
lower bound, where we define a quantity Zj, ; ,(v):

KL (A KL (A *
hmlnf%lnﬂj’ (IT #a*(Z)) 2 o mf { ((k)al/(k)) + ( (1)71/ )}def Ikdm( )

T—+00 €Aty j 4 (v) Jj—1 J

We prove below that
Ik,jm( ) _ ‘Clnf(m V(k)) + Elflf( *) 7 (48)
j—1 J
from which the lower bound claimed in Theorem 12 will follow, by taking the supremum of
Ik]m( v) first over z € [/,L(j),,u(j,l)), then the maximum over 2 < j < k, and finally, the
maximum over 2 < k < K.
We now prove (48). The infimum over A € Alty, ;,(v) may be split into two separate infima,
respectively over Ay and A(q); given that each term of the sum of KL only depends either on Ay,
or on Ay, but not on both, we may write

KL (A KL (A *
Ir,je(v) = inf { A viw) + (M, )}

A1) A ED: Jj—1 J
E()\(l))<x
e<EQ@w)<u-1)

1
——  if KL(A\grm)+-  inf  KL(Ag,v*).
J=1  ApeD: Py v) J Aa)eD: (A7)

T<E(A(k))<t(j—1) E(Aq))<z

=L (@ V() =L (@)

where we obtain £, (x, 1/*) by definition while we rely on the normality of the model to obtain
Lo (x,vky): we doso with e = pu(;_1y — =, which is indeed positive as we considered = < f1(;_1).

D.5. Proof of Theorem 13

We restate it for the convenience of the reader.

Theorem 13 Fix K > 2 and a model D. Consider a consistent sequence of strategies on D. For
all generic bandit problems v in D,

1
liminf — InP, (I a*(v)) > — min inf  max{L(x,v), L c(z,vF) ).
Totoo T ( T # (—)) kkar(v) w€upt] { 1nf k) mf( )}

Proof Let v be a generic bandit problem. We fix k # a*(v) and = € [ug, 1*], and prove that

171111}141_1;5 InP, (Ip # a*(v)) > —max{L(x, ), Liye(w, ")},

from which the stated lower bound follows, by taking suprema. To do so, we consider the set of
alternative bandit problems

Alty o (v) = {)\ inD: E(Ape(y) <z <E(\) and Ay =v, for a ¢ {a*(v }}
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it is composed of bandit problems, only differing from v at arms a*(v) and &, and for which arm &
is better than arm a*(v), with associated expectations separated by x. In particular, the optimal arm
in ) is different from the optimal arm a* () of v. Lemma 6 may therefore be applied,; it states that

lim inf % InP, (It # a*(v))

T—+o00
Ex|Ngs (T
> — limsup M KL\, vg) + M KL()\Q*(V)v Va*(u))
T—+o0 T T o o

> —max{KL()\k, Vi), KL()‘a*(z)’Va*(Z))} '

where we used, for the second inequality, the crude upper bound N (T') + Ngx(,)(T') < T'. Taking
the supremum of the obtained lower bound over all A € Alty, ,(v) leads to the following inequality,
where we define the short-hand notation Zj, ,(v):

. . 1 . def
%{I_I)lirg T InP,(Ir # a*(v)) > _AeAll?kf,z(g) maX{KL(/\k, Vi), KL (Age () Va*(z))} = —Tp.(v).

The proof is concluded below by showing that 7, , (v) = max{ L .(z,vi), Los(z, %)}

inf inf
As in the proof of Theorem 12 (see Appendix D.4), we use a separation of the infima, in the

abstract form, for two functions f and g,
inf max{f(u), g(v)} = max{inff(u) , infg(v)} .
u,v u v

Here, by definition of Alty, ,(v),

Ik,x (g) = )\a*(i)r}f\keD max {KL(}\k, I/k), KL(AG*(Z), Va*(z))}

E()\a* (v) ) <z
E(Ag)>z

= max )\ikréfp KL(Ag, vx), Aa*i(lzl)feD KL (Agt (1)) Var (1))
E()‘k)>x E()\a*<z))<az

= max{ﬁiflf(x, Vi), ,Ciflf(a:, V*)} ,

which concludes the proof. |
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Appendix E. Additional comments for the literature review

This appendix is devoted to additional discussions concerning the fixed-budget literature. More
precisely, we discuss in detail two gap-based lower bounds that we believe are somewhat detached
from the spirit of the article, namely, the minimax lower bound of Carpentier and Locatelli (2016)
(Appendix E.1) and the Bretagnolle-Huber technique (Appendix E.2).

E.1. The minimax lower bound of Carpentier and Locatelli (2016)

Carpentier and Locatelli (2016) proved the following non-asymptotic minimax lower bound: for the
model D; /4 of Bernoulli distributions with parameters in [1/4, 3/4], for a given consistent strategy,
and each large enough budget 7',

-1
. 1 . 400 |
Jvin Dyy, fhlpz(IT#a (v)) 2_111[(( Z A2> +o(1)
atar(v) D0
100 A

Z T e M, — o toll), (49)

where the o(1) is with respect to 7' — +o0.

Different nature: a non-uniform lower bound. This result is different in nature from the lower
bounds considered in this article, as we now discuss. First and foremost, it improves the lower
bound (6) of Audibert et al. (2010) for only one (unspecified) bandit problem v (belonging to a
known collection of K bandit problems). This is in strong contrast with the instance-dependent
lower bounds (bounds holding simultaneously for all bandit problems of the model) presented in
this article.

Second, the result is stated for the restricted Bernoulli model D, /4 and does not seem to be
easily generalized beyond this model or beyond similar models (e.g., the model D, > of Gaussian
distributions with a fixed variance o > 0). This is because of the truly gap-based arguments used
(see the second part of the proof below).

Asymptotic statement and proof. The bound (49) may actually be stated for a sequence of strate-
gies (as we do for all other bounds in this article) thanks to a straightforward adaptation of its proof
(relying on the pigeonhole principle). More precisely, the counterpart of (49) would be that there
exists an increasing sequence of budgets (77,),en such that

-1
. ... 1 . 400 1
drin D1/47 lﬁgilgfnlnpz(lﬂ #a (Z)) = _an< ;éz*:( )A?z) . (50)

We are actually able to slightly improve the numerical factor 400 into 100/3 by using a sharper
change-of-measure argument (namely, Lemma 6) than the original argument by Carpentier and

Locatelli (2016).

Proposition 23 Fix K > 3, consider the model D, 4 of Bernoulli distributions with parameters
in [1/4, 3/4], and a consistent sequence of strategies on D /a- Then, there exists an increasing
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sequence of budgets (T),)nen such that

. .. 1 100 1
Jvin Dy, %gnnf — lnIP’K(ITn #+ a*(g)) > ( Z 5

+oo T, " 3lnK

2

ata*(v) ¢

Proof We begin the proof by introducing a collection of bandit problems (g(k))lgkg K in Dy 4 and

associated notation. Let g(l) be a Bernoulli bandit problem such that the mean of arm 1 is p; = 1/2
and the mean of arm k € {2,..., K} ispy € [1/4,1/2). Let A, = 1/2 — p;, denotes the gap of
arm k in vV, For k € {2,..., K}, we set v() the bandit problem obtained by changing the arm k
of v to a Bernoulli distribution with mean 1 — py, hence a* (g(k)) = k, and we define

H(p™) 22;7

T (A)?

where A((zk) is the gap of arm a in v¥). As for a # k, we notice that

AR = (1 —pp) —pa = (1/2 = pr) + (1/2 — pa) = A + A,

we have 1
Huy =N"—-
( ) (;: (Ak + Aa)2
Finally we define
K 1
H* = _— .
2 ()

The proof consists of two steps. Firstly, we show that there exists k& € {2,...

increasing sequence of budgets (77,),ecn such that

o 0 1
i, P U 20 > = my-

Then, in a second step, we set particular values of the (py)2<r<rx and show that

H* > ian.
10

(5D

(52)

, K} and an

(33)

(54)

Step 1: lower bound (53) for general values of (p;)r.  We observe that, for each T € N*,

f: SIS f: T = i 1
k=2 T L k=2 A%H(E(k)) k=2 H*AzH(H(k)) 7
hence there exists an arm kr € {2, ..., K} such that
Ez(l) [NkT (T>] < 1
T S H*A2 H(ybr))”
T
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As there is a finite number of arms, by the pigeonhole principle, there exists an increasing sequence
(T})nen of budgets such that all arms (k7 ),en are the same. Letting & denotes this arm, (55) gives

_— E, o) [Ne(Th)] 1
notee T HAAZH(p®)

and applying a slightly modified version of Lemma 6 (where we only consider the sequence of
budgets (7}, )nen) With bandit problems (%) and (V) respectively, we obtain

E, ) [Ni(Ty)]

liminf — 0P (Ir. £ k) > —li R KL(Ber(1 — py), B
lim inf 2 In o (I, # k) m sup T x KL(Ber(1 — py), Ber(p))
_ KL(Ber(1 — py), Ber(py))
H*AZH (™)
10 1

2 TH H)

where, in the last inequality, we used that for all z € [1/4,1/2),
1 2
KL (Ber(1 — z), Ber(z)) < 10(7 - x) )

which can be checked analytically. This concludes the proof of (53).

Step 2: control (54) of H* for specific values of (py)o<i<ix.  We proceed as Carpentier and
Locatelli (2016). We set, for k € {2,..., K},

L Lk ivalentl A = LF
= - ——-— or, equivalen =-——
PE=5 71K »ed Y FTAK?

and show first that A2 H (v(*¥)) < 2k. Indeed, by (51):
1 A2 A?
A HW®) =2y — — =N "k N Tk
2 mira)  EEr ) E ar s
and, lower bounding Ay + A, by Ay in the first sum, and by A, in the second, we obtain

A2H (V) < —1+;€(A’“> —k:—1+2 2—k—1+k2<z—%)<2k.

We finally get (54) by plugging this inequality into the definition (52) of H*:

K K
1 3
H* = — 1 (K In2) > —In(K
ZA2H( ;% 5 (In(K+1) = In2) > 5In(K).
the latter inequality being easily verified for K > 3. |
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E.2. The Bretagnolle-Huber technique

An alternative (non-asymptotic) method to obtain lower bounds consists in using, together with the
data-processing inequality and the chain rule for the Kullback-Leibler divergence, the Bretagnolle-
Huber inequality (Bretagnolle and Huber, 1979), which states that, for p, ¢ € [0, 1],

p+1l—qg>= %exp(—KL(Ber(p), Ber(q))) . (56)

Lower bound of Kaufman et al. (2016). The method was used by Kaufman et al. (2016) on the
model D, of Gaussian distributions with a fixed variance o> > 0. We state here an asymptotic
version of their result, that will be generalized to all models, possibly non-parametric, in Proposi-
tion 24. The statement relies on a measure of complexity

cw= Y %

atar(v) 9

It reads: for all strategies and for all bandit problems v in D,2 with a unique optimal arm, there
exists a set of alternative bandit instances (%)) k#a*(v) I Dy2 such that the best arm of v*) is arm

k and, denoting v W =y,

| -1 : (k)
lim inf ln( max {Py(k) (Ir # k) }) > -4C)" > min— =, (57)

and  Vk#a*(v), C@")<C).

(The adaptation to a bound for a sequence of strategies comes at a small cost: the original bound
proposed by Kaufman et al. (2016) for a given budget T only involved two bandit problems, v and
a single alternative problem \.)

Generalization to possibly non-parametric models. The Bretagnolle-Huber methodology read-
ily extends to general, possibly non-parametric, models. It leads to the following bound. However,
the issue is the lack of interpretability of that bound, as we discuss after the statement of the propo-
sition.

Proposition 24 Fix K > 2, a model D, and a sequence of strategies. Let v be a bandit problem
in D with a unique optimal arm. Consider, for each k # a*(v), a distribution (;, € D such that
E((r) > p*. Denoting by v™®), for k # a*(v), the bandit problem obtained from v by changing arm
k to distribution C, and by v\*" () the original bandit problem v, we have

—1
| !
ggirngn(lgiﬁ{Py(w (Ir # k)}) Z _< #Z:( )KL(Va,Ca)> .

Before proving this result, we provide a few comments concerning the (lack of) interpretability
of this result and explain how to derive the bound (57) for Gaussian models.

Lack of interpretability of the bound for general models. To derive an interesting and interpretable
bound from this result, one needs to choose carefully the distributions (i: there is a tradeoff be-
tween obtaining the best possible bound by choosing (j close to v in terms of Kullback-Leibler
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divergences, and controlling the maximum of the misidentification probabilities. In particular, when
E((x) is close to p*, the probability of misidentification under v ) will be larger, so that

113:2%{]%(/9) (Ir # k)} > P, (Ir # a*(v)) .

That is, the bound will become uninformative on the targeted quantity IPZ(I T#a” (g)) This trade-
off seems to be unsolvable in general, unless there exist some specific properties for the Kullback-
Leibler divergence of the model, as we illustrate now.

The case of Gaussian models D,2. For the model D2, we obtain (57) and the desired inequalities
on complexities by considering (x = N (u* + Ay, 0?), the Gaussian distribution of mean p* + Ay
and variance 2. Indeed, we recall that

(E(v) — E())?

W, ( € Dy, KL(C? 1/) = 252

— KL(1,¢).
Note a key property (actually stronger than symmetry), which will turn out to be useful in the
calculations below: the Kullback-Leibler divergence only depends on the expectation gaps between
the two distributions. Now, with the distributions (; defined above, on the one hand, the bound of
Proposition 24 rewrites

L 2 _cw
Z KL(VmCa)_ Z ’

5 =

* * E l/a — E a 4
aF#a*(v) aFa*(v) ( ( ) (C ))
H**Aa /14*+Aa

and on the other hand, for k& # a*(v), as the best arm of g(k) is k, with associated expectation
w+ Ay,

202 202 202
Cle™) =3 — ==t
- AL — a 2 AZ * A — a 2
i W+ Ak~ pa) F o agiiay W B Ha)

202 202 202

< _— = _— = .

= A% + Z (M* _Ma)Q Z Ag C(Z)
ag{k,a*(v)} a#a*(v)

As underlined above, the calculations led are highly specific to the Gaussian model and exploit
the gap-based rewriting of the Kullback-Leibler divergence. They would only extend to models
for which gap-based rewritings of (or upper and lower bounds on) the Kullback-Leibler divergence
would be available.

Reverse order of the arguments in the KL. We observe that the bound of Proposition 24 involves
Kullback-Leibler divergences with arguments in reverse order compared to the lower bounds pre-
sented in Section 4. Indeed, taking the infimum of the lower bound over distributions (; such that
E(¢x) > p* would lead to a complexity in terms of the K7, (v, p*), where

KZs(v,x) € inf{KL(v,{) : ¢ € Ds.t. E(() >z},

rather than in terms of the £, ( TR uk). Given all bounds presented in this article, it does not seem
that this would be the correct notion of complexity for the fixed-budget best-arm identification.
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Proof of Proposition (24). We will prove that for all (ub)b;ﬁa*(z) € Yg_1, where X _1 is the
simplex of RE~1, we get

T—+00 1<k<K ba* (v)

1
liminlen< max {quc) (IT #* k:)}) > — max {ubKL Vb,Cb)} (58)

The result will follow by choosing (u)p-q+ *(v) SO as to maximize this lower bound, that is taking

1 -1 1
= < 2 KL(Va,Ca)> 8 KL (v, )

aza*(v)

We now fix (up)pqx(v) € X1 and prove (58). Consider a given budget 7" and let b # a*(v).
We get, as a*(v) # b first, and by the Bretagnolle-Huber inequality (56) then,

P, (I # a*(v)) + P, (Ir # b) = P, (Ir # a*(v)) + P,o) (It = a*(v))
1
> 5 exp(—KL (Ber(pT), Ber(qT))> ,
where pp = P, (It # a*(v)) and gr = (It # a*(v)). Applying the combination (43) of the

data-compressing inequality and the chain rule for Kullback-Leibler divergences leads to, as v and
v(® only differ at arm b,

P, (It # a*(v)) + P, (It #b) > %GXP(_Ez[Nb(T)]KL(Vb, Cb)) :

As max(u,v) > (u+ v)/2, we obtained so far

max {PVUC) (IT # k:)} max{ (IT #a*(v )) V() (IT =+ b)}

1<k<K

> iexp(—Ez[Nb(T)]KL(ub,Cb)) . (59)

This bound holds for any b # a*(v). In particular, as

Z <1l= Zub,
bAar(

ba*(v) Za*(v)

Ey [Ny(T)]

we know that there exists b* # a*(v) such that E, [Nb* (T)] < Ty, and, applying (59) with b*,

1

1
12}2)%{}?7 (IT % k:)} Zexp( Tub*KL(Vb*,g“b*)> > 1exp<_Tb£}z%é){UbKL(Vb7Cb)}) ,

or, to put it differently,

1 1
T ln( r\r}ga\)%{PZm (IT #* k)}) T In 1 b;I(llgl’i {UbKL(Vln Cb)}

We obtain (58) by taking the lim inf in 7" on that inequality. |
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