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Abstract

This paper presents new deviation inequalities that are valid uniformly in time under adaptive
sampling in a multi-armed bandit model. The deviations are measured using the Kullback-Leibler
divergence in a given one-dimensional exponential family, and may take into account several arms at
a time. They are obtained by constructing for each arm a mixture martingale based on a hierarchical
prior, and by multiplying those martingales. Our deviation inequalities allow us to analyze stopping
rules based on generalized likelihood ratios for a large class of sequential identification problems.
We establish asymptotic optimality of sequential tests generalising the track-and-stop method to
problems beyond best arm identification. We further derive sharper stopping thresholds, where the
number of arms is replaced by the newly introduced pure exploration problem rank. We construct
tight confidence intervals for linear functions and minima/maxima of the vector of arm means.

Keywords: mixture methods, test martingales, multi-armed bandits, best arm identification,
adaptive sequential testing

1. Introduction

We are interested in making decisions under uncertainty in its myriad forms, including sequential
allocation and hypothesis testing problems. In this paper our goal is the design of tight confidence
regions that are valid uniformly in time, as well as the design of efficient stopping rules for a large
class of sequential tests.

We will develop our results in the standard multi-armed bandit model with independent one-
dimensional exponential family arms that are parameterised by their means g = (u1, ..., ux). In
this setup, samples X1, X5 ... are sequentially gathered from the different arms: X; is drawn from
the distribution that has mean p 4, where A4; € {1,..., K} is the arm selected at round ¢. Our
techniques all make use of self-normalised sums, which are defined after ¢ rounds by

K

S Na(t)d(fia(t), 1) (1)

a=1

Here N, (t) and fi,(t) are the observation count and empirical mean of arm a after ¢ rounds, and
d(p, A) > 0 is the relative entropy (Kullback-Leibler divergence) from the exponential family
distribution with mean g to that with mean A\. The more the empirical means deviate from the
true means, the larger the self-normalised sum. Note that the self-normalised sum equals the log
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likelihood ratio In W, where £( X1, ..., X;; A) is the likelihood of the observations under
a bandit model whose vector of means is .

The proposed analyses of the sequential procedures discussed in this paper all rely on a tight
control of the deviations of self-normalized sums of the form (1), which inform us about possible
values of the means. Our main result is the construction of explicit threshold functions T (x) =
x + o(z) (we obtain different constants under different assumptions) for which, under any sampling
rule (effecting the N, (t) sampling counts), any bandit model p and any confidence § € (0, 1), the

self-normalised sum is with high probability bounded by

K
P, {at eN:Y [Na(t)d(ﬂa(t),ua) — O(lnln Na(t))] > KT <h‘K35> } <5
a=1

The salient features of this result are that it is uniform in time, respects the information geometry
(KL) intrinsic to the exponential family, and combines in the strong summation sense the evidence
from multiple arms. Moreover, at the moderate price of a weighted union bound we may apply the
bound to any arbitrary subset of the arms, and thereby control the model-selection trade off between
the amount of evidence on the left and the magnitude of the threshold on the right.

We may recognise two well-known statistical effects (i.e. fundamental barriers) in the form of
the bound (2). First, the Law of the Iterated Logarithm informs us (at least in the Gaussian case)
that, upon proper normalisation, the self-normalised deviation lim sup y, ;) o0 %JW isa
universal constant a.s., whence the correction in the sum. Moreover, Wilk’s phenomenon (see de la
Pefia et al., 2009, Chapter 17) informs us that twice the self-normalised sum (1) is asymptotically
pivotal, with X% distribution. The K degrees of freedom are reflected in the perspective scaling of
the threshold in (2). In this work we obtain essentially tight threshold functions by building suitable
martingales. We will show that a threshold function 7 satisfying (2) can be obtained by exhibiting
a martingale that multiplicatively dominates exp (A [N (8)d(fiq(t), pa) — O(Inln Ng4(t))]) for a
suitable A € (0,1). Our results will be obtained by leveraging some particular martingales called
mixture martingales that have this property.

On the applications side, deviation inequalities of the form (2) allow us to analyze a stopping rule
based on a Generalized Likelihood Ratio statistic for generic sequential identification problems. We
notably show that under some assumptions on the identification problem itself, such stopping rules
combined with a suitable sampling rule are (asymptotically) optimal in terms of sample complexity.
Moreover, we provide refined stopping criteria for some particular tests that replace the number of
arms K by a new notion of rank. Then, the sum form of the left-hand quantity in the above result
allows us to build confidence regions that exclude the configuration of all (many) empirical estimates
fi4(t) being far from their means u, simultaneously. We show how this effect yields improved
confidence intervals for functions of the mean g in the cases of linear functions and minima. The
intuition behind these ideas is visualised in Figure 1.

1.1 Related Work

Stochastic multi-armed bandit models can be traced back to the work of Thompson (1933) motivated
by clinical trials. They were later studied by Robbins (1952); Lai and Robbins (1985) who introduced
the regret minimization objective: the samples X1, ..., X; are seen as reward and the goal is to
find a sequential strategy to maximize the (expected) cumulated reward, which is equivalent to
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Figure 1: Visual two-arm comparison of confidence regions and implied confidence intervals. A
union bound over traditional per-arm confidence intervals gives the “Box” region. Our new bound
(2) results in a confidence region of the egg-shape marked “Sum”.

minimizing some notion of regret. Several algorithms exist for this problem and we refer to Bubeck
and Cesa-Bianchi (2012) for a survey.

In the meantime, pure-exploration problems in bandit models have also received increased
attention Even-Dar et al. (2006); Bubeck et al. (2011). In this context, the goal is to identify as
quickly and accurately as possible the arm with the largest mean, relinquishing the incentive to
maximize the sum of rewards. In the fixed-confidence setting, the minimal number of samples needed
to identify the best arm with accuracy larger than 1 — § when arms belong to a one-dimensional
family has been identified by Garivier and Kaufmann (2016), in a regime of small values of §.
Their Track-and-Stop algorithm is shown to asymptotically attain this optimal sample complexity.
Extensions of this best arm identification problem in which one should decide quickly and accurately
something about the means of the arms have been studied recently Huang et al. (2017); Chen et al.
(2017). In this work, we propose new stopping rules for those general adaptive decision making
problems, as well as a generalization of the Tracking rule to attain optimal sample complexity.

Due to the sequential nature of the data collection process, the analysis of virtually any bandit al-
gorithm relies on deviation inequalities that can take into account the random number of observations
from each arm. Such self-normalized deviation inequalities have been mostly obtained by carefully
using martingales, either with a so-called peeling trick (see, e.g. Cappé et al. 2013) or with the
“method of mixtures” that has been popularized by de la Pefia et al. (2004, 2009). Mixture martingales
have indeed been used to obtain self-normalized deviation inequalities, e.g. by Abbasi-Yadkori et al.
(2011); Howard et al. (2018) (see also our detailed discussion in Section 2.3). In this work we
propose new prior constructions, as well as a central assumption under which deviation inequalities
can be obtained.

The self-normalized deviation inequalities that we propose in this paper generalize in several
directions existing results from the literature. First, the particular case of Gaussian distributions and
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a subset of size 1 has been treated by Robbins (1970); Robbins and Siegmund (1970), also building
on mixture martingales. Using an appropriate (complicated) continuous prior, they obtain a threshold
that is shown to have the right asymptotic rate in ¢, In(1 + In(¢)) which is compatible with the Law
of the Iterated Logarithm. More recently, time-uniform inequalities for the one-armed Gaussian case
have also been obtained independently by Jamieson et al. (2014), Kaufmann et al. (2016) and Zhao
et al. (2016). Those inequalities also have the right In(1 + In(¢)) dependency in ¢.

Beyond Gaussian distributions, Garivier and Cappé (2011) and Magureanu et al. (2014) propose
deviation inequalities expressed in KL-divergence that are uniform over a fixed time interval ¢ €
{1,...,n}, respectively for a single arm and for the subset S = {1, ..., K'}. Our results provide
uniform deviations over the whole time range (¢ € N). Moreover, a detailed comparison in Section 4
shows that our bounds are essentially tighter in the presence of multiple arms.

1.2 Outline

The paper is structured as follows. In Section 2 we set forth our general method to obtain deviation
inequalities in bandit models and formally introduce mixture martingales. We then present two
different mixture-martingale constructions that yield threshold functions for the Gaussian and Gamma
special cases (Section 3) and for general exponential families (Section 4). We integrate these results
with the Track-and-Stop strategy to obtain an asymptotically optimal algorithm for generic sequential
identification problems (Section 5). We then develop refined applications to stopping rules for
sequential testing (Section 6) and for projected confidence intervals (Section 7).

2. Martingales and Deviation Inequalities for Exponential Family Bandit Models

In this section, we formally introduce the stochastic processes for which we want to obtain deviation
inequalities. We then present a general method for obtaining deviation inequalities for any such
stochastic process. It relies on the crucial assumption that one can find martingales multiplicatively
dominating exponential transforms of the process. We further introduce the general class of martin-
gales that we shall exhibit in order to obtain the particular deviation results of this paper, namely
mixture martingales.

2.1 Exponential Family Bandit Models

A one-parameter canonical exponential family is a class P of probability distributions characterized
by a set © C R of natural parameters, a strictly convex and twice-differentiable function b : © — R
(called the log-partition function) and a reference measure m. It is defined as

P = {ug, 0 € O : vy has density fy(z) = ¢® % with respect to m} .

Example of exponential families include the set of Bernoulli distribution, Poisson distributions,
Gaussian distribution with known variance or Gamma distributions with known shape parameter.
For any exponential family P it can be shown that the mean 1(6) of the distribution vy satisfies
1(0) = b(F). Observe that 4 is a strictly increasing function of the natural parameter 6 hence
distributions in P can be alternatively parameterized by their means.

We adopt this parameterization in this paper. Letting 7 := b(@) be the set of possible mean
parameters, for all 4 € Z we define v* to be the distribution in P that has mean p. We also define
the Kullback-Leibler divergence between two distributions in P as a function of their means by
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d(p, 1) := KL (V“, V“,> = [1In be,l (z) dm(x).
firl(;u)(x) (w)
This divergence function has a closed form expression in the classical exponential families mentioned
above. For example for Gaussian distribution with variance o one has d(y, p') = (u — p')?/(202)
and for Bernoulli distributions d(u, p') = pln(u/p') + (1 — p)In((1 — u)/(1 — @’)). Further
examples can be found in Cappé et al. (2013).

An exponential family bandit model is a sequence of K probability distributions v#*, ... vH*k
that belong to some one-dimensional canonical exponential family P: it can be fully parametrized
by the vector of means p = (ju1, ..., px) € Z. In a bandit model, data is collected sequentially:
an arm A; is selected at round ¢ and a sample X; from the distribution v#4¢ is observed. We
denote by N,(t) = >\, 1(4,—q) the number of selections of arm a in the first ¢ rounds and
Sa(t) = Zi:l X1 (a,—q) the sum of these observations. The empirical mean of the observations
obtained from arm a up to round ¢ is therefore defined as fi,(t) = Sq(t)/Na(t) once No(t) # 0. We
let 7y = 0(Aq1, X1, ..., A, Xy) be the filtration generated by the observations gathered after the first
t rounds and assume the sampling rule is such that A; is mesurable with respect to o (F;_1, U;) where
U is a uniform random variable that is independent from F;_; (allowing randomized algorithms).

In this paper, our objective is to prove time-uniform deviation inequalities for sums involving the
terms N, (¢)d(fi4(t), 11q) (or some one-sided versions of these). The price for uniformity in time will
be some In In(N,(t)) term and we shall for example obtain deviation inequalities for sums of the
entries of a stochastic process X (t) = {X,(t)} | of the form

Xa(t) = Na(t)d(,aa(t% ,Utz) - Cln(d +1In Na(t)) 3)

for some constants ¢ and d. We now describe a general method to obtain time-uniform deviation
inequalities for any arm-dependent stochastic process X ().

2.2 A General Method for Obtaining Deviation Inequalities

Let X (t) = {X,(t)}X | be a stochastic process indexed by arms. Here we introduce a central
assumption under which it is easy to obtain deviation inequalities for sums of the marginals of X (¢)
by combining the Doob inequality for martingales with the Cramér-Chernoff method. For this reason,
we call such processes g-DCC (in reference to the Doob-Cramér-Chernoff trio). We will also follow
Shafer et al. (2011) in calling any non-negative martingale M (¢) > 0 of unit initial value M (0) = 1
a test martingale.

Definition 1 Let g : A — R be a function defined on a non-empty interval A C R. A stochastic
process X (t) = {X,(t)}X_, is called g-DCC if it satisfies the following properties.
1. For any arm a and \ € A there exists a test martingale M) (t) such that

Vi e N, MMNt) > Na®=9), (%)

2. Forany subset S C {1,...,K} and for any X € A, the product [],cs M\ (t) is a martingale.

Remark 2 7o calibrate what to expect for g, we can use knowledge of the asymptotic distribution
of the X,(t) given in (3). In our applications, Wilk’s phenomenon (see de la Pefia et al., 2009,
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Chapter 17) tells us that 2X,(t) is asymptotically (for N, (t) — o) x? distributed. For 2Y ~ x?,
we have e\ = (1 — X\)~Y/2. This strongly suggests (and this is what we will find) that g(\) should
be at least % In(1 — \), plus a mild additional cost for uniformity in time. For this reason we will
refer 1o g,2(X\) = L In(1 — X) as the “ideal function”.

For a g-DCC stochastic process X (t) = { X, (t)}/£,, we provide a general deviation inequality

a=1>
for the sum of the marginals X, (t) over any subset of arms. The threshold is related to the function

g through the following quantities.

Definition 3 For g : A — R, we define for all x > 0,

C9(z) := min M
AEA

We also define the convex conjugate of g, g*(x) := maxyep (Az — g(N)).
With these functions in hand, we can now state our g-DCC deviation inequality.

Lemmad FixS C {1,...,K}. Let X (t) = {X,(t)}}X| be a g-DCC stochastic process. Then

Ve>0, P (315 EN: Y X,(t) > [S|CY (i;)) <e?,

acS
Yu > 0, IP(EItGN: ZXa(t) >u) < exp (|S|g* <|§>> :
acS

Proof Fix A € A. As X (t) is g-DCC (see Definition 1), we find

P <E|t eN: ZXa(t) > u> = P (Elt eN: Mloes Xa®)] 5 e)‘“>

a€eS

< P (Elt eN: [ M) > eA“—Slg(M) ,

aeS

As [],es M7 (t) is a test martingale, it follows from Doob’s inequality that

P (Elt EN: Y X,(t) > u) < e~ Pu—ISlgV)] @)
a€S
Equivalently, one can also establish that for all x > 0, for all A € A,
Slg(A
P(ElteN:ZXa(t) > W) <e® )
acS

Picking the best possible A in (5) yields the first inequality in Lemma 4 while picking the best
possible X in (4) yields the second inequality. |
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The deviation inequalities given in Lemma 4 are either expressed in terms of the threshold
function C'Y9 or in terms of the convex conjugate g*. Depending on g, one of these two quantities
might be easier to compute that the other one. Note that if g* is well-behaved, the threshold function
can be obtained by inverting g*, as stated below.

Proposition 5 Assume g* is increasing. For all u € g*(RT), C9(u) = (¢*) "1 (u).

Proof As g* is increasing on RY, the inverse function (g*)~! is well defined on Z := g*(R*). From
the definitions of CY and ¢*, it is easy to check that

Ve >0, g"(C9(z)) >z and CI(g*(x)) < x.

These two inequalities respectively yield that for all u € Z, (¢*) " (u) < C9(u) and C9(u) <
(¢*)~1(u), which concludes the proof. [ |

If the function g is strictly convex (which will be the case for all the examples studied later in
this paper), it is also possible to compute C'9 directly (either in closed form or numerically using e.g.
binary search) by using the following observation.

Proposition 6 If g is C' and strictly convex, the derivative of G(\) = w has at most one zero,

given by the solution to
Ag'(N) = g(\) = . (6)

2.3 Mixture Martingales

Introducing the cumulant generating function ¢, (1) := InEx.,, [e"X ] for all p € Z, it holds for
all € R that

Z4(t) = exp (nSa(t) = Pu, (1) Na(t)) ()

is a test martingale with respect to the filtration F;, for any sampling rule. Indeed, when A; = a
we have E[Z(t)| Ay, Fio1] = Zd(t — DE [e”Xﬁ*‘z’“a(")‘At,ft_l] = ZJ(t — 1), and the same
trivially holds when A; # a. So by the tower rule E [Z (t)|Fi—1] = E [E [Z4 (t)| At, Fi—1]| Fi-1] =
Zg(t — 1). More generally, for any probability distribution 7, the mixture martingale

2:(t) = [ Z3(0)énto) ®
is also a test martingale, as can be seen by applying Tonelli’s theorem

E[Z7(8)|Ar, Fron] = / E[Z0(6)|Ar, Fir]dr(n) = Z7(t — 1).

=Zd(t-1)

Finally, given a family of priors 7 = {m, }'*_ . the product martingale ZZ(t) = [loes Z5°(t) is

also a test martingale with respect to F;, for any subset S. Namely, when A; € S we have

E[ZE(O1An Fia] = Z8 iyt = VE [Z3 (0] An Fia | = ZE(t-1),

TA
=Z,, ' (t=1)
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and the same result holds trivially when A; ¢ S. The martingale property follows by the tower rule.
Hence, a sufficient condition to establish that a stochastic process X (t) is g-DCC is to exhibit for all
A € A a family of priors 7, » such that M (t) := Z;"*(t) satisfies (x). This is how we proceed in
the next sections. By exhibiting two different types of hierarchical priors, we first prove deviation
inequalities for Gaussian and Gamma distributions in Section 3, followed by a broader result that
applies to any exponential family in Section 4 .

Related work. The first use of such a mixture martingale can be traced back to the work of
Robbins (1970) which considers the martingale | exp (nSt — #t) dm(n) where Sy is a sum of
t i.i.d. standard Gaussian random variables and 7 is a Gaussian prior. This martingale coincides
with our Z7 for a single standard Gaussian arm a. It is used to obtain a deviation inequality for S;
that is uniform in time and compatible with the Law of the Iterated Logarithm: .S; is compared to a
threshold that grows like y/2¢ InIn(¢). This “method of mixtures” has then been popularized by de la
Pefia et al. (2004, 2009) who use it to prove self-normalized deviation inequalities for more general
stochastic processes. It has later been used by Balsmubramani (2015) who propose time-uniform
Hoeffding or Bernstein deviation inequalities and by Abbasi-Yadkori et al. (2011) who propose
a self-normalized deviation inequality for a vector-valued martingale applied to the linear bandit
problem. Most of these works present mixture martingales with specific choices of continuous priors
for which the corresponding mixture can be either computed in closed form or well-approximated.
In this paper, we will rely on some hierarchical priors. The recent work by Howard et al. (2018)
is also of note, as it studies in great detail the power of elementary martingales for bounding the
probability of crossing linear thresholds. We develop mixture martingale methods for obtaining
curved thresholds, as hinted at in (Howard et al., 2018, Section 4.3).

3. Deviation Inequalities for Gaussian and Gamma Distributions

We first propose a general assumption for an exponential family under which a deviation inequality
for a sum over multiple arms of the quantities N, (¢)d(/iq(t), iq) can be obtained though Lemma 4.
This assumption implies that for all @ and ¢ > 1 there exists a prior distribution for which the
corresponding mixture martingale exactly attains e*4(#a(t):ta) and such that one can control the
variation of the prior corresponding to two different time steps.

Assumption 7 For every A €]0, 1], i € Z, there exists a family of functions (pg\ "Y1 such that, for
everyt > 1,

Vo e T, /pi\vﬂ(n)e’ﬂtx—qbu(n)t dn = e)\td(ac,u). )

Moreover, for every 1 < nj < ng and every n € R,

n
Pyt (n) > ,/;;pﬁg“(n)- (10)

Theorem 8 Assume that Assumption 7 is satisfied and let

Colt, A) = sup / () dn.
neL
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Fixn > 0, ¢ > 1 and define

go(A\,m,¢) =In Z V‘Cgl(/\c)co (L+n)", )\)] .

i=1
The stochastic process X (t) = No(t)d(f1q(t), tta) — cIn(In(1 + &) +1n N,(t)) is gy-DCC where
gne: (1] — RT
A= o) + (14 )+ Aeln (g ) +In¢O).

Theorem 8 directly provides a deviation inequality using Lemma 4. It thus remains to find
sequences of priors satisfying Assumption 7. We now discuss two examples, Gaussian and Gamma
distributions, for which we were able to exhibit such priors. One can note that finding functions pi‘ &
is closely related to computing a (bilateral) inverse Laplace transform. Indeed, if ¢ is the inverse
Laplace transform of eM(®#) meaning that Vz : [*°_q(s)e™" ds = eM@#), the assumption is
satisfied for pi"” () = tq(—nt)e®+Mt However, computing such inverse Laplace transforms is not
easy beyond Gaussian or Gamma distributions.

Proof Fori = 1,2,... we introduce grid points T; = (1 + ¢)*~! with prior weights ; = W
and define the (un-normalized) martingale

Z - / A ,ua enSa(t)—¢ua (M) Na () dn,

that satisfies M (0) = exp(go(\, 7, ¢)).
For N,(t) € [T;, Ti+1[, we first bound the martingale from below by one of its terms, and then
make use of Assumption 7.

M (t)

v

Aua( )e1Sa a(t)=bpa (MNa(t) 4

Ui n

2 \/7,)/7//p]vzu&) enSa ) ‘f’/ta(ﬁ)Na(t) dn

= Nfzt) i €xp (AN (t)d (f1a(t), pta))

\/z%. exp (AN, (t)d (f1a(t), pa))

where the last inequality uses N, (¢) < T;41 and T; /EH =1/(1 + ), due to the geometric grid.
Introducing the normalised martingale M\ (t) = M\(t)/M(0) and further using the expression
of 7, yields, for all ¢ such that N, (t) € [T5, Tit+1]s

MaA(t) > Mé\(t)e*g(’(’\’é’c) — MVa()d(fa(t)pa)=go(M€¢)— 5 In(1+€) —In ((Ae)—AcIn(i)

Finally, using that ¢ < 1 4 In(Ng(t))/In(1 + &) yields the desired
MG (t) > exp (AXa(t) = ge.e(V))
It remains to check the case N, (t) = 0. Then X, (t) = —oo, so clearly M} (t) =1 > e . H
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Remark 9 We use as our correction function cIn(4 + In N, (t)), which is vacuous when N, (t) = 0
because In N, (t) = —oo. Most algorithms for bandits avoid considering this situation, and start
by pulling all arms once. In some scenarios, especially with many arms, it may be desirable to
include the case N, (t) = 0. There is no essential bottleneck, and one could adjust the analysis to,
for example, replace it by cIn(4 + In(1 + N,(1))).

3.1 Application to Gaussian Distributions
In the Gaussian case, direct computations show that Assumption 7 holds for the choice
Pt () = —— L exp (—772>
V1—X\/2n0? 207

ﬁ. As a consequence Cy(t, \) = \/% and go(A,&,¢) = —3In (1 — A). Note that

the inequality (10) is actually an equality. Using Theorem 8, one can prove the following.

where o2 =

Corollary 10 Introducing for all a the process X, (t) = No(t)d(fia(t), o) — 21n(4 4+ In Ny (1)),
the stochastic process X (t) is gg-DCC where

gc:1/2,1] — R
A= 20=22In(4\) +In¢(2A) — In (1 — A).

Hence for every subset S and x > 0,

P (Elt EN: Y Na()d (f1a(t), a) > Y 2In(4 + In No(t)) + |S|C9¢ (é,)) <e®,

a€S a€S

Proof of Corollary 10 By Theorem 8, picking ¢ = 2, for every £ > 0 and A €]1/2, 1] there exists
a test martingale M;"* (¢) such that

Vt €N, Mé\’g(t) > ek[Na(t)d(ﬂa(t),ua)*fg(Na(t))]*gf(k)
with
fe(s) = 2In(In(1+&) +In(s))

ge(\) = 11n(1+§)+2)\ln<

; )—Hn((2)\)—;ln(1—)\)

o
In(1+¢)

It can be checked that the choice of £ leading to the smallest g¢ function is In(1 4 &) = 4. Denoting
by £*(\) this value, it holds that

06N = geoy(N) = 2A—23In(4)) +n¢(2)) — %m (1-1).

For every A €]1/2,1], observe that fe-(y)(s) < 2In(4 + In s). Hence, there exists a test martingale
MMt) = MM (t) such that

VieN, MMt) > eMNe(d(ia(®)na)=2n(A+In(Na(®))]=96(N)

which concludes the proof.

10
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3.2 Application to Gamma Distributions
A Gamma distribution with shape parameter o and mean p has density at z > 0 given by
oz ( oz ) @
e n (=2
. 2
fa,,u(z> - ZF(O[) .

We recover the Exponential distribution for & = 1. More generally, the set of Gamma distributions
with a known shape a form a one-parameter exponential family for which

d ,’:oz(’u—l—lnu> and ¢ :aln<a> forn < a/p.
(ks 1) 7 7 u (1) p— n<a/p

Next we show that the family of functions

i) o= LAGHENT iyt et (an

 a T'(\at) ! a4
leads to suitable “priors”.
Proposition 11 The family of functions defined in (11) satisfies Assumption 7.
Proof Proving (9) is equivalent to checking that for all x > 0,
u <m>/\at 1 /Af (A—y)/\atile”mdn:empm
a \ u C(A\at) J_ e

[e.9]

which can be done using change of variables to y = tz (%’\ — 77) and the definition of the Gamma

function I'(z) = fooo 2~ te=®dz. Now let us check condition (10). The condition is trivially
satisfied for n > )‘7‘1, as both sides are zero. So assume 7 is smaller. Then

any /e)ron —an Aang—1

) b e (L) o
ang/e) 2 —an ang—1

P () BT (1 )T (n e

n ?8323232??2_?2: + a(ng —nq) (ln (1 - %) —Aln ()\ - %))

> %111 (Z;) + a(ng —nq) ()\ln)\+ln (1— %) —Aln <)‘_ %))

1 niy
> —In|l— ).
2 n<n2>

For the first inequality we used that the approximation error In(I'(z)) — z In(z) + = — % In (%’r) isa
decreasing function of z € R (as can be easily verified by a plot), so that in particular

r 1
n FE;ZZ?% > 3 In <Z;) + Aang In(Aang/e) — Aang In(Aan; /e).

—_

For the second inequality we use that the expression above switches from decreasing to increasing at
n = 0, and is hence minimised there. Plugging in the value = 0 gives the result. |

11
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Corollary 12 Introducing for all a the process X (t) = Nq(t)d(f1a(t), o) — 21In(4 + In Ny (t)),
the stochastic process X (t) is gr-DCC where

ri1/2,1] — R
A = 20—2AIn(4\) +1In¢(2A) —In (1 — A).

Hence for every subset S and x > 0,

P <3t €N: Y Nu(t)d (fa(t) pa) = S 2In(4 + In Ny(8)) + [S|CH (ﬁ;)) <e

a€S a€S

Proof of Corollary 12 In order to evaluate the function go(\, &, ¢) featured in Theorem 8, we first
compute
I'((1 - Nat)

GtN = =15

(at/e>/\at(1 - )\)—(1—)\)0175

To see this, perform the variable substitution z = O;’\fw € [0, 1] to render this a standard Beta
integral

cua = G [ (1) (- 2

e [ (5370 00T e

Aot 1
_ ((l):t(/AeO)ét) (1 B )\)—(l—)\)at/o JAat—1 (1 . z)(l—)\)at—l dz

_ ot —(1-nat D((1 = Aat)
= (at/e) (1 — 1)~ 1N Ty

Proposition 13 Cy(t, \) is decreasing int € R..

Proof Let /(0 (z) = ahgr( %) The derivative of In Co(t, ) w.r.t. t is negative iff

(1 =201 = Nat) — (1 = N In((1 = Nat) < vO(at) — In(at).

Now this follows from the fact that z:¢)(®) (z) — xzInz can be checked to be an increasing function of

S RJr. |
We find that Cy(t, \) decreases from ﬁ att — 0to \/% for t — oo. For the former, we use
I'((1 = ANat) Aat 1-)
Co(t,\) = o (1=A)ot
A = g @1/ (=X
1@ A) )F((l Nat) Xat ~(1-Nat
= t/e) (1 =X «

1 r(1+(1—

Aat)
I1-X T(+at)

(at/e))\at(l )\)—(I—A)at
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The claimed limit for ¢ — 0 now follows by taking the limit of each factor, using I'(1) = 1 and
t' — 1. For the latter, the first-order Stirling’s approximation I'(z) ~ / dme=22*"3 yields

when t — oo

1
Co(t. A) ~
0( ) m

Finally, we have that for all A €]0,1[and ¢t € N,
1 1
Co(t,N) € | —/—; ——| -
o(t, A) { T 1_)\}

It follows that for all £ > 0, —3 In(1 — X) < go(X, &, ¢) < —In(1 — A). We might be able to show
that g is actually closer to —% In(1 — ) as the Stirling approximation is known to be good for
moderate values of ¢. However using Theorem 8 (and picking ¢ = 2) one can already prove that for
every £ > 0 and A €]¢™1, 1], there exists a test martingale M;"*(¢) such that

Vt €N, Mi"g(t) > ek[Na(t)d(ﬂa(t)yua)*ff(Na(t))]*gg(k)
with
fe(s) = 2In(In(1 4 &) +In(s))

ge(N) = 11n(1—|—§)+2)\ln<

5 )+1n<(2)\)—ln(1—/\).

1
In(1+¢)
Just like in the proof of Corollary 10, the function ¢ is optimised in £ at In(1+ &) = 4\. We conclude
similarly that X, (t) = Na(t)d(fia(t), pa) — 2In(4 + In(N,(t)) is gr-DCC (see Definition 1) for the
function gr(\) = 2A —2AIn(4\) +In¢(2X) —In (1 — ).

4. General Deviation Inequalities for Exponential Families

Define d* (u,v) = d(u,v)1(,<y) and d~ (u,v) = d(u, v)1(,>y). In this section we will provide a
deviation result that holds for any one-dimensional exponential family and can also accommodate
one-sided deviations. We introduce the notation

Yo(t) = [Na(t)d(jia(t), pta) — 3In(1 + In(Nq(t))]"
Yo (t) = [Na(t)d™ (jta(t), pta) — 3In(1 +In(Na(t))]"
Y, (t) = [Na(t)d" (fia(t), pa) — 3In(1 + In(Na(t))]*

and let X (t) = {X,(t)}/£ | be a stochastic process such that, for all a, either V¢, X, (t) = Y,(t) or
Vi, Xq(t) = Y7 (t) or Vi, X, (t) = Y, (2).

a

4.1 Main result

We provide in Theorem 14 a new self-normalized deviation inequality featuring a threshold function
T As can be seen in the proof given below, this results follows by exhibiting a family of functions g
such that X (t) is ge-DCC, applying Lemma 4 and then optimizing the parameters to obtain the best
possible threshold. The family of associated martingales will still be mixture martingales, that rely
on different types of hierarchical priors.

13
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To state the main result we need to introduce two functions. First for v > 1 the function
h(u) = u — Inu and its inverse »~*(u). Secondly, the function defined for any z € [1,¢] and z > 0
by

- /M @p () ifx > k(1) In2),

() = (z) >h~(1/Inz) (12)
z(x —Inln 2) 0.W.

Next we state our main deviation inequality, making precise (2), in terms of this function.

Theorem 14 Let T : RT™ — R™ be the function defined by

11+ ) + 1n(2<(2))>
2

T(z) = 2hg) ( (13)

where ((s) = > 2, n~°. For S a subset of arms,

P (375 €N, Y Xu(t) = |SIT <‘§|>> <e

aeS

Proposition 15 below (proved in Appendix C) gives a tight bound on the inverse function A !,
which yields an upper bound on the threshold function 7 featured in Theorem 14. On can easily
see that 7 () ~ = when x tends to infinity. For x > 5, a good approximation of the threshold is
T (x) ~ z +41In(1 + = + /2x), which is slightly larger than the approximation ~ z + In(z) that is
added for comparison to Figure 2.

Proposition 15 The function h is increasing on [1,400| and its inverse function, defined on [1,+0o0],
satisfies h~(z) = —W_1(—e~%) with W_1 the negative branch of the Lambert function. Moreover;

Vo> 1, bl (z) <z +In(z + /2(z — 1)).

Remark 16 It is perfectly reasonable to have each arm come from its own specific exponential
family. Theorem 14 applies, now with each arm’s deviation measured in the associated divergence

d('v /’La)'

4.2 Comparison and Positioning of our Results

The three deviation inequalities given in Corollaries 10 and 12 and Theorem 14 all provide a control
of the two-sided deviations of the empirical means from the true means, of the form

P (Elt € N: Y Na(®)d(Ralt), ta) > D eln(d + In(No(t))) + |SIC <‘§|>> <e®

acS a€eS

where ¢ and d are two constants and C(z) is a threshold function. For Gaussian or Gamma distri-
butions one can use ¢ = 2,d = 4 while ¢ = 3,d = 1 apply for other one-dimensional exponential
families. A more crucial difference is the threshold function C, which can be set to C9¢ for Gaussian
distributions, to C9" for Gamma distributions and to 7 for general exponential families.

Those three threshold functions are hard to compare at first as they have no closed-form expres-
sions. Equation (13) provides an explicit expression for 7 but that still requires to numerically inverse

14
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the function h, while C'9¢ and CY" can be numerically approximated by using Proposition 6. In Fig-
ure 2 we compare those three thresholds to the “ideal” threshold C¥x* where g,2(\) = —3 In(1 — A)
(see Remark 2). We see that that this idealized threshold satisfies Cx* (x) ~ = + In(z) and that
the thresholds obtained for Gaussian and Gamma distributions are very close to it. The threshold
function 7 seems to be off by an additive term of order 10.

'

Figure 2: Several threshold functions C(z) as a function of x.
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Despite this slightly larger threshold, our general exponential family result is interesting for
the following reasons. First, obviously it covers more distributions like Bernoulli distributions that
are often relevant for applications of multi-armed bandits. Then, one can note that Theorem 14
can be made tighter in case only one-sided deviations are measured (When N, (¢)d ™ (jiq(¢), p1q) or
No(t)d™ (fia(t), p1q) are used): T can be replaced by a slightly smaller threshold in that case, as
mentioned below in the proof of Theorem 14, by choosing a prior supported only on positive or
negative values. However, the method discussed in Section 3 cannot be adapted to obtain better
results for one-sided deviations. Finally, the presence of the positive part in the definition of Y (t)*
lead to the following improved result:

It eN:IS' TS, Na()d=(fia(t), pa) > > 3In(1+In(Ny(t))) + |S|T

acS’

aeS’

(

T

S|

)<

Our results generalize in several directions existing results from the literature. As mentioned
in the Introduction, the one-armed Gaussian case has been extensively studied Robbins (1970);
Jamieson et al. (2014); Kaufmann et al. (2016); Zhao et al. (2016), but few results are available for
more general exponential families and/or subset of size larger than one. We review them now and
provide a detailed comparison with our results.
For general one-dimensional exponential families, the only available results are uniform over a
bounded time interval {1, ... ,n}. Garivier and Cappé (2011) provide a first result for a subset of
size one that can be rephrased in the following way:

P(Ht <n: No(t)dt (fua(t), pra) > b1 (1 +Inln(n) + x)) <e ™.

(14)

This result was later extended by Magureanu et al. (2014) for Bernoulli distributions and a subset of
size K (although their analysis actually extends easily to one-dimensional exponential families and

15
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an arbitrary subset S). More precisely, Theorem 2 in Magureanu et al. (2014) can be rephrased as
follows, introducing the function f(u) = u — 2In(u) for u > 2:

(Elt<n > Na(B)dM (f1alt), pra) > S <1+1n1n(n)+“1)> <e® (15

a€S |S‘

Theorem 14 can also be used to obtain deviations that are uniform over a bounded time interval, for
example for general exponential families:

(Elt <n: ZN () d T (fia(t), pta) > 3In(1 +1n(n)) + |S|T (]S|>> <e™® (16)

a€eS

and with the corresponding improved thresholds in the Gaussian and Gamma case. Numerically,
it appears that the threshold featured in (16) is smaller than the threshold in (15), as illustrated in
Figure 3. However, in the particular case |S| = 1, (14) is the tightest result. Compared to those two
related works in exponential families, note that our work is the only one that makes use of mixture
martingales.

for x=2 and 5=50 thresholds as a function of S for n=(500) and x=2 thresholds as a function of x for n=500 and $=50
900

600

400

200

Figure 3: Thresholds that follow from Corollary 10 and Theorem 14 compared to that obtained by
Magureanu et al. (2014)

To the best of our knowledge, we provide the first deviations results that hold uniformly for ¢ € N
for multiple arms and beyond Gaussian distributions. As we shall see in the next section, those types
of results are very useful for analyzing sequential tests, that involve random stopping.

4.3 Proof of Theorem 14
Fix £ > 0 and define for all A € [0,1/(1 + £)],

2¢(2)
(In(1 +¢))?

The proof hinges on the fact that for the stochastic process X, there exists a martingale satisfying ().
We first derive the inequality in Theorem 14 based on Lemma 17 below and later prove this result.
As will be seen in the proof of Lemma 17, in case the stochastic process X only measures one-sided
deviations, that is for all a either X, (t) = Y, (t) or X,(t) = Y, (¢), then C(£) can be replaced

by the smaller C'(¢) = ¢(2)/(In(1 + £))?: the factor 2 that is removed corresponds to picking a

9¢(A) = A1+ I (C()) —In(1 = A1 +¢)) with C(£) =

16



MIXTURE MARTINGALES REVISITED

one-sided versus a two-sided prior. This improvement yields the same statement as Theorem 14 with
the following slightly smaller threshold (omitting the factor 2):

= -1 x n
T(x) = 2hs)s (h 1+ )2+1 (4(2))>_

Lemma 17 For & € [0,1/2], X is ge-DCC (see Definition 1).

Using Lemma 4, one can obtain a deviation inequality expressed with the threshold function
C'% or the conjugate function gg . The proof is completed by applying Lemma 18 below, proved in
Appendix C.2, to compute the optimal tuning of £ € [0, 1/2].

Lemma 18 Ler C(§) = % Fix z € [0,e — 1] and © > 0. Then

g r—In(1—-X1+Y%))

£€[0,z] A
A€[0,1/(1+8)]

h~'(1+2)+1In (2((2))) '

LI+ HMCE) = mz( .

Proof of Lemma 17: building the martingale Lemma 19 below shows that the deviations of
X, (t) can be related to the deviations of a well-chosen mixture martingale Z7 (¢), where 7 has a
discrete support. The proof of Lemma 19 is given in Appendix A.

Lemma 19 (mixture martingales) Fix { €]0,1/2[ and x > 0. There exists a (discrete) prior

m(x) = mw(x,&) such that the corresponding mixture martingale (see (8)), denoted by ZZ{(”) (t),
satisfies, for allt € N,

Xot) = 1+ 6 (22 Y5 b c gy > erfel
{ (mreer) >t < }

(In(1 +¢))?
If Xo(t) = Y, (t) or Xo(t) =Y, (t), there exists a prior w(x) such that
{Xa(t) ~(1+&)n ((m(i?g))?) > x} C {Zg@)(t) > el%} . (17)

Let us continue with the proof of Lemma 17. A consequence of Lemma 19 is that, for every z > 1,
and every A > 0

N

{g(xa(t)f(ug) C(©) - z} { 2T/ (1) > (318 }

N

{ ZrWE /N ()¢ 3050 > 1},

=W (t)

_ In(2)
where W7 (t) is a martingale that satisfies E[W;(0)] = ¢ >1+9 and, due to the above inclusion,

WEA () > Lierxam-a+ome@)>,)- (18)

17
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We now define another mixture martingale, for A € ] 0, 1—}r£ [:

Wit) =1 +/ W2A(t)dz.
1

Using inequality (18) yields
W(;\(t) > AXa(H) =148 In C(8))

1

Moreover, a direct computation shows that W} (0) = X159 Finally defining

M (t) = (1= A1+ )We(H),
one has that M\(t) is a test martingale, i.e. E[M(t)] = 1, that satisfies

M(t) = exp(AXq(t) = ML +€) In(C(€)) +1n(1 — A1 +)))
exp (AXa(t) = ge(A)) ,

which concludes the proof. Note that if for all a, X,(t) = Y. (t), using the tighter statement (17)

allows to replace the constant C'(£) by the smaller value (hlé(ii)g))g

Above, we are in essence building a test martingale of value M; > e**X* from test martingales
guaranteeing Z; > e*1{X; > x}. The possibilities and limits of doing this are exactly characterised
by Dawid et al. (2011) in the process of characterising the so-called admissible capital calibrators. By
changing the mixture on thresholds = from exponential (as we do here) to polynomial, it is technically
possible to guarantee M, > Xt~ O(n Xt). We do not pursue this direction, as the additional In X} is
not convenient for combining evidence of arms, and moreover it is not at all clear that the high cost

in terms of multiplicative constants (i.e. the g(\)) is worth it.

5. Asymptotically Optimal Adaptive Sequential Testing

We now explain how our new deviation inequalities can be useful to prove the correctness of a
stopping strategy for generic sequential adaptive hypothesis testing problems, that we refer to as
sequential identification problems. Given a bandit model, we consider M hypotheses H1 = (u €
O1),....,Hy = (€ Opp) where Oy, ..., Oy are open sets forming a partition of the set of
possible means O. Our goal is to adaptively sample the arms until a decision is made that one of
the hypotheses 2 is correct. Our goal is to identify the correct hypothesis for all possible means
p € O. More precisely, we aim for d-correct strategies, for which V. € O, P, (n € O;) > 1 — 4.
This problem falls into the framework of Sequential Adaptive Hypothesis Testing as introduced
by Chernoft (1959) —who studied only discrete hypotheses and considered a different performance
metric— and is called General-Samp by Chen et al. (2017), who study Gaussian arms with unit
variance.

For general exponential family bandits, we propose below the extended GLR stopping rule. We
prove that this stopping rule is §-correct for any sequential identification problem and that in some
cases it attains the minimal sample complexity (in a regime of small risk §) when coupled with an
appropriate sampling rule.

18



MIXTURE MARTINGALES REVISITED

5.1 A General Stopping Rule

For every p, we define
Alt(p) = | J o
1 ugO;
If p € O, we let i*(p) be the index of the unique element in the partitioning to which g belongs; in
particular g € Oj(,,y and Alt(p) = O\O;(,,). We let fi(t) be the vector of empirical means of the

arms based on the observations available up to round ¢. If fi(t) € O, we let i(t) = ¢*(fx(t)) so that
A(t) € Oyy.

Definition 20 The extended GLR statistic is defined as

1nf Z Na( ), Aa) - (19)

)\EAlt

Given a sequence of thresholds (¢,(9))ien, the extended GLR stopping rule of thresholds ¢.(9) is
defined by

75 = inf {t eN: A, > ét(é)} . (20)
A Generalized Likelihood Ratio statistic is usually defined for testing a possibly composite

hypothesis Ho : (1 € €p) against a possibly composite alternative H; : (1 € ;) by

SUP AU, 0 Xq,..., X )
supyeq, £(X1,. .., Xe; A) ’

Ry =

where X,..., X; are some observations whose likelihood ¢(X7, ..., X;; ) depends on some
unknown parameter u. Large values of R, tend to reject the hypothesis 7{y. When the observations
are obtained under a sampling rule (A;) in an exponential family bandit model and fi(t) € Q¢ U

it can be shown that .

In(R;) = inf d(f1q(t), Aa)-

AEQ
€00L1

The extended GLR statistic A; can thus be interpreted as a statistic for testing Ho : (p € Alt(ji(t)))
against H; : (u € Oy ) (f f(t) € O, otherwise note that Ay = 0 which prevent from stopping).
However the two hypotheses that are “tested” at time ¢ are data-dependent, hence the denomination
“extended” GLR. Still, large values A; tend to reject (€ Alt(fa(t))): hypothesis i(t) must be true.

It can be observed that {f\t > ét(é)} = {Ci(8) C Oy} where Cy(0) is the confidence region

K
- {)\ : ZNa(t)d(ﬂa(t),)\a) < ét((S)} : (21
a=1

The extended GLR stopping rule (20) can thus be rephrased in the following way: stop when the
set of statistically plausible parameters C;(9) is included in one fold of the partitioning. Building
on Theorem 14, Proposition 21 below provides a choice of thresholds for which the extended GLR
stopping rule yields a d-correct algorithm. We provide a choice of thresholds for which the extended
GLR rule is d-correct when the hypothesis H; () is recommended and the corresponding confidence
intervals C;(J) always contain the true parameter with probability larger than 1 — 6.
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Proposition 21 Let T be the threshold function defined in Theorem 14. The sequence of thresholds

K
¢0(0) =3 In(1+1InNy(t)) + KT (m(lK/d)> (22)
a=1

is such that, for every sampling rule,
Pu(Vt e Ny € C(6)) >1—6 and P, (15 < 00,i(15) #i") < 6.

Proof Using Theorem 14 in the last inequality, one can write

IN

B (r < o0,i(r) £17) < By (I eN:ilt) £i A > &(0))
= P (3teN:Ji#£i"C CO)

< RuGreN:ugc)

IN
>,

This proves both claims of Proposition 21. |

5.2 An Asymptotically Optimal Adaptive Testing Procedure

Proposition 21 provides a threshold for which the extended GLR stopping rule (20) is d-correct for
any sampling rule. We now show that used in conjunction with an appropriate “Tracking” stopping
rule, it can even attain the optimal sample complexity. The following lower bound generalizes the
sample complexity lower bound obtained by Garivier and Kaufmann (2016) for the particular Best
Arm Identification problem and is obtained with the exact same change-of-measure trick.

Proposition 22 Define the complexity term T*(p) as

()" = f ),
(H) wEEK)\Gg}t(H)Zwa Hay A a

where X = {w €0,1]% : Zfil w; = 1}. Then any d-correct strategy satisfies

€ O, Eplrs] > T" (1) In <315>

We define, when they exist (that is, when the argmax below is unique) the optimal weights

w”* := argmax  inf w ,
(M) ngEK AEAL(p) Z «d ,Ua

for u € O. For well-behaved sequential testing problems, those weights indicate the fraction of
samples that should be allocated to each arm by an optimal strategy. This motivates the Tracking
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rule, originally proposed by Garivier and Kaufmann (2016) as the D-Tracking rule for Best Arm
Identification and that we recall here. Letting Uy = {a € {1,..., K} : Ny(t) < max(yv/t—K/2,0)}
be the set of under-sampled arms, at time ¢ + 1 the selected arm is

argmin N, (t) ifUy #0 (forced exploration)
App e ot : o (23)
argmax tw, (fu(t)) — No(t) o.w. (tracking the plug-in estimate)
a€(K]

It can be noted that w*(f(t)) is defined only if 1(t) € O. In practice if f1(t) ¢ O the tracking step
of the algorithm can be replaced by uniform exploration. Due to the forced exploration, if 1 € O the
law of large numbers ensures that at some point £1(¢) € O, and the tracking step can be applied.

Theorem 23 Assume that the following assumptions are satisfied:

1. For every p, there is a unique vector of optimal weights w* ()

2. Foralli € {1,..., M}, the mapping p — w* () is continuous on O;.

For ¢ € (0,1] let ¢,(0) be a deterministic sequence of thresholds that is increasing in t and for which
there exists constants C', D > 0 such that

D
Vi > C,V6 € (0,1], ¢(5) < In <5t> .

Let 75 be the extended GLR stopping rule (20) with thresholds ¢(9). The Tracking rule (23) ensures

: EH [7—5] *
S 1 (1) = ¢ )

The proof of Theorem 23 is given in Appendix B. Combining this result with Proposition 21
yields that an adaptive sequential test using the Tracking rule and the extended GLR stopping rule
with thresholds (22) is J-correct for every § € (0, 1] and its sample complexity is asymptotically
matching the lower bound of Proposition 22, provided that the optimal weights w*(u) are well
defined and continuous in .

Efficient ways to compute those weights are also needed for the actual implementation of the
Tracking rule. In the next section, we will discuss particular examples of adaptive sequential tests in
which those requirements are fulfilled and optimal (and efficient) adaptive testing is thus possible.
We will see that smaller thresholds than the universal threshold (22) can be used in some cases.

Of the two assumptions in Theorem 23, we believe that the continuity assumption 2 is very mild
in practice. Continuity of the highly related oracle regret problem for the structured multi-armed
bandit problem in the fixed-budget setting, was recently proved by Combes et al. (2017, Lemma 1)
under a unique optimiser assumption similar to 1. Analogous methods will undoubtedly yield
continuity for pure identification problems under mild assumptions on {O; },.

6. Smaller Thresholds for Better Sequential Tests

A stylized form of (two-sided) deviation inequalities obtained in this paper (in Corollaries 10 and 12
and Theorem 14) is the following. For any subset of arms S C {1,..., K}, for all  large enough,

P (Elt EN: Y Na(®)d(fia(t), pa) > > cln(d +In(Na(t))) + [S|C <’§|>> <e ™ (24)

a€S a€S
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where ¢ and d are two positive constants and C(x) is a threshold function. This result holds for any
subset of arms S. Combining (24) with a weighted union bound, one obtains in Lemma 24 below a
deviation inequality that is uniform over subsets belonging to the support of the “prior” 7.

Lemma 24 (weighted union bound) Assume (24) holds. Let T be a probability distribution over
subsets: 3 gcqy, ky 7(S) = 1. Then for all x > 0

P (375, 38 ) " Na(t)d(fra(t), ) > Y eIn(d + In(Ny (1)) + |S|C <x_lis(7|r(5)))> <e?

a€eS a€eS

We now explain how this result can serve to tighten the analysis of the extended GLR stopping
rule for some particular sequential testing problems, to allow for the use of smaller threshold functions.
We later discuss in Section 7 the impact of this result on the design of confidence regions.

6.1 Improved Stopping Rules for Best Arm Identification

The (fixed-confidence) Best Arm Identification problem is a particular sequential identification
problem as defined in Section 5 with O, = {p : p, > max;y p;}: the goal is to identify the arm
with largest mean. For this particular problem, the extended GLR statistic (19) rewrites to

A = brylélil(?) )\lgli?(t) Ny )(t)d(ﬂi(t) (1), Ai(t)) + Np(t)d(p(t), /\b)] 25)

and the associated stopping rule (A; > ¢(4)) is referred to as the Chernoff stopping rule by Garivier
and Kaufmann (2016). In this particular case, it is possible to propose a smaller threshold than the
universal threshold (22) that still ensures a d-correct rule. Indeed, the probability of error of the
strategy that stops when A; > (&) and outputs i(7) is upper bounded as follows, assuming arm 1 is
the arm with largest mean:

P(error) < P (375 €N.3a#1: min [Ny(t)d(fa(t). Aa) + Ni(1)d(n (1), M) > at(5)>

- P(Elt € Na Ja 7é L: Na(t)d(ﬂa(t)vﬂa) + Nl(t)d(ﬂl(t)vul) > ét((s))

N

Pl3t3a#1: Y Ni)d(iy(t), ) > é(5)
je{l,a}

From Theorem 14 and a union bound over the K — 1 subsets {1,2},...,{1, K} (Lemma 24 with a
prior 7({1,a}) = 1/(K — 1) for a # 1) it holds that

K—
Pl3t3a41: S NOd(y(t), ) >3 S (1l +In(Ny(t)) + 27 <1n251> s

je{l,a} je{l,a}

This implies that the extended GLR rule is d-correct with the threshold

K-1
é(0) =61In <ln <;> - 1) +2T (m 25 ) : (26)
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For large ¢, this will be smaller than the original threshold ¢;(4) = In w proposed by Garivier

and Kaufmann (2016) in the Bernoulli case. It can hence lead to earlier stopping while preserving the
optimal sample complexity guarantees, as this threshold still satisfies the assumptions of Theorem 23.

Remark 25 The improved threshold (26) yields a § correct stopping rule, however the corresponding
confidence interval (21) does not satisfy P (¥t € N : pu € C,(9)) > 1 — 8. There is no equivalence
between the improved d-correct stopping rule and improved §-valid confidence regions. We will
discuss the implications of Lemma 24 for confidence regions in Section 7.

6.2 Smaller Thresholds for More General Tests

The reason why we are able to propose a smaller threshold for the BAI problem is that for it the
extended GLR statistic (25) only features pairs of arms. In more general tests, the structure of the
GLR statistic may also be exploited to allow for a smaller threshold that does not depend on the
total number of arms K featuring in the universal threshold (22) but on a smaller effective number of
arms.

Definition 26 Consider a sequential identification problem specified by a partition O = Ui\il O;.
We say this problem has rank R if for every i € {1,..., M} we can write

o\o; = J {)\GIK‘()\ki,q,...,)\kgq)Gﬁi,q};
q€[Q]

for a family of arm indices ki € K| and open sets L;q indexed by r € [R], g € Q] and i € [M].
In words, the rank is R if every set O \ O; is a finite union of sets that are each defined in terms of
only R arms.

The BAI problem has rank 2. Indeed, foralli € {1,..., K},

O\O; = [ J{A e T |(Mi, da) € {(z, 1) s 2 <y} }.
a#i

In any testing problem that has rank R, the extended GLR statistic may be rewritten

R
A = qnel[lg] lI>l\f Z Nkv;(t),q (t)d (Mk:i(t),q (1), )\ki(t),q) ,
()‘ki(t),q7"'7)‘k'2(t),q)€‘ci(t),q
1 R

r=1

which yields the expression (25) in the BAI case.

Proposition 27 Fix an identification problem of rank R. Then the extended GLR stopping rule (19)
is d-correct with threshold

In -1
() = 3Rln(1—|—ln(t/R))+R7'< Ré )
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Proof Fix p € O. For each i # i*, u € O\O;, thus from Definition 26 there exists ¢; such that
(/Lki,qi, - ,Mki,ql-) € Li g, Then
1 R
IP)“ {T(; < oo and i(T(g) 7& Z*}
<P, {Elt - Ay > &(0) and i(t) z}
=P, {Elt,z' £ Ay > &(0) and i) = z}
R

= P, {3t i+ min inf 3 Nyalt)d (gkﬁ,q(t),xki,q) > ()

= A
7 [Q} ()\ iq,...,>\ iq)GL‘,iqTZI
kl’ ké ’

R M—-1
1 M—=1
< P, {Ht,i A0 3 Ny (0 (g (0, g ) > 3RI(L+In(t/R)) + T( - = )}
r=1

M—-1
In M=1

R R
<P, {Elt,i £it Yy N ()d (ﬂki,qi (t),ﬂki,qi) >3 In (1 +In N i, (t)) +7T ( 0
r=1 r=1

< 4

where the last inequality follows from Theorem 14 and a union bound over M — 1 subsets (Lemma 24
with a prior 7({k}", ..., k3"}) = 1/(M — 1) for i # *) together with the concavity of s —
In(1 + In(s)) that ensures

R
3 In (1 + 10 Ny (t)) < RIn(1 +1n(t/R)).

r=1

A rank 4 example. Assume we are given a collection of K pairs of arms and want to find out
which pair has the largest difference (which we think of as profit) between first component (which we
think of as revenue) and second component (which we think of as cost). More precisely, we consider
a K x 2 array of random sources X;; where i € [K] and j € {1,2}. Let p1;; = E[X;;] denote the
means. A strategy samples one arm A; = (I, J;) per round and its goal is to identify the largest
profit pair

i*(p) = arg max i1 = fbi,2-

It is easy to check that this problem, which we call Largest Profit Identification, has rank 4 and the
extended GLR statistic rewrites to
Mo B S i)
Ab,1—Ab,2>A5,1— Az 2 ;eeg:;}]"
By Proposition 27 the extended GLR stopping rule (20) is d-correct with the threshold

In £-1
&(8) = 121n(1+1n(t/4))+4T< U )

4
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Remark 28 For Largest Profit Identification the oracle weights w*(u), which are needed for
implementing the asymptotically optimal procedure of Section 5.2, maximise the concave function
T*(p) L. For both Gaussian and Bernoulli (and possibly more) we can write the objective as a
Disciplined Convex Program and solve it efficiently with e.g. CVX (Grant and Boyd, 2017).

Best action identification in a game tree. In the bandit literature, a particular structured identifi-
cation problem that offers a simple model for Monte Carlo Tree Search in games has been recently
studied by Teraoka et al. (2014); Garivier et al. (2016); Huang et al. (2017); Kaufmann and Koolen
(2017). The goal is to quickly identify the action at the root of a (maxmin) game tree whose value is
the largest by querying noisy samples of the leaves’ values of that tree.

Lemma 8 in Kaufmann and Koolen (2017) provides an expression for the optimal weights in a
depth-two tree, that are then computable using disciplined convex optimization tools (e.g. CVX).
Furthermore, it can be checked that this identification problem is of rank L + 1, where L is the
numbers of actions of the first and second player. This is much smaller than the number of leaves,
which is K - L. Assuming the weights (which are only numerically computable) satisfy the continuity
assumption of Theorem 23, the extended GLR rule with a rank L + 1 threshold is asymptotically
optimal in combination with the Tracking rule.

7. Projected Confidence Intervals

The deviation inequalities presented in this paper can also be used to build tight confidence regions
on (functions of) the parameter . € Z'. We are particularly interested in building §-uniformly valid
confidence regions C;(0), that satisfy P (V¢ € N, u € C(d)) > 1 — 0 for every sampling rule.

Lemma 24 in combination with our deviation results allows to build such confidence regions.
Indeed for any prior 7 over subsets, the following confidence interval is §-uniformly valid (with ¢
and d as given by the Lemma):

Cr(0) == {A:VS,ZNa(t)d(ﬂa(t), Ao) <Y _In(d +In Ny (£) +[S|T <m(1/(”(8>5))>} . @27

a€eS a€eS |8|

A natural question is thus which prior 7 yields the most interesting confidence region. Answering this
question would require to compare complicated shapes in R¥ (like we do for K = 2 in Figure 1(a)
in the Introduction) and the answer would still depend on the purpose of those confidence regions.

In this section we investigate their use for computing confidence intervals on derived quantities
of the form f(u), where f : RX — R is some fixed function. Knowing that pu € C;, we can
immediately conclude that f(u) € Z;(d) == {f(A)|A € C;}. The interplay of the structure of the
function f and the shape of the confidence region C; will jointly determine the tightness of the
projected confidence interval T,(5). The principal challenge is to find, for each f of interest, a
statistically tight C; with a computationally tractable way of computing Z;. In this section we study
two classes of examples, linear f and minima/maxima.

7.1 Linear functions

In this section we consider an arbitrary linear function f(p) = ¢ where ¢ € RX. We will derive
our results in the Gaussian case because it admits revealing and explicit closed-form expressions.
In that case the confidence region (27) is d-uniformly valid for ¢ = 2 and d = 4 and g = gg, as
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licensed by Corollary 10. The following two confidence intervals on ¢y follow from two extreme
prior choices: a prior supported on all the singleton sets or on the full set.

Proposition 29 (Box) The following is a §-uniformly valid confidence interval on c™p

2
Ca

7,(5) = cTﬁ,(t)ia%q 2(09 (m?) +cln(d+ln(Na(t)))) AT

Proof Simple algebra show that Z,(5) = {c' A\, XA € CF(6)} where 7 is uniform of singletons.
Indeed, as Cff(9) is 6-uniformly valid, it holds that for all t € N and a € [K], |fia(t) — pta| <

\/ﬁ(t) (C9 (In £ + cln(d + In(N,(1)))). u

Proposition 30 (Ellipse) The following is a d-uniformly valid confidence interval on ¢

. In i 2
(&)= |cTpt) £ |2 KC9 <K§>+a€§[;qc1n(d+1n(m(t))) g{;ﬂ A0

Proof We show that Z;(§) = {c’ A, A € CJ(6)} where 7 is a point-mass on the whole set:
7({1,...,K}) = 1. Letting C = Zle In(1+1n Ny(t)) + KT (In(1/6)/K), computing the upper
bound of this confidence interval requires to compute

. (fta(t) = Aa)®
T -— < (.
max ¢ A subject to Z No(t) 5 <C
a€[K]
Introducing Lagrange multiplier p, we find that this is equivalent to

: (,[:La(t) Aa)2
T _ Mal®) = Aa)
min max ¢ A+p|C E N,y (t)

p20 a€[K] 2
Solving for X by cancelling the derivative results in A\, = i, (t) + p#:(t)’ asking us to solve
in cT(t) + Y % +pC = () + |20 ) Cg
min c = C — <
pzn < 2pNa(t) " " # N (1)
a€[K] a€[K]

where zero p derivative is found at p = \/0*1 ZGG[K] ﬁf(t) As miny ¢TA = —maxy(—c)TA,
the lower bound of Z;(¢) also follows. [
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Comparison. The major difference between the two above bounds is the appearance of the sum
outside vs inside of the square root. To get more intuition, let’s compare in the special case
N, (t) = t/K and approximate C9(x) ~ x. Then we need to compare

]cHl\/2 <ln‘;{ +cln(d+ln(t/K))> % and \CHQ\/2 (111(15 + Kcln(d—l—ln(t/K))) %

We see that the box bound depends on the one-norm of ¢, whereas the ellipse bound depends on
the two-norm of ¢, which can be smaller by a factor v/ (at the price of a factor K multiplying the
Inlnt term). In a regime of small d, the ellipse bound can thus be much better than the box bound.

Another case of interest is N, (t) = tz|c‘|lc|a| , which result from following the oracle weights w* ().

Also here the advantage of ellipse over box can again be as large as a factor /K.

7.2 Minimum

We now turn our attention to f(u) = ming p1,. Estimating the minimum (or, symmetrically,
maximum) mean is a natural task in the multi-armed bandit setting (see Kaufmann et al. 2018).
Unlike in the linear case, here the situation is not symmetric. We will study separately the lower and
upper confidence bounds

L7 (8) = min {min Aot AE Cf’7(5)} and U7 () = max {min)\a tAE Cf’Jr((S)}
for the confidence regions

eF(5) = {A 8. 3 [N a0 20) ~ 311+ V(0] < s (SN }

a€eS

that are both d-uniformly valid by Lemma 24. It follows that P {V¢ € N : min, p1, < UF(8)} > 1—6
and P {Vt € N :ming pg > L?(é)} > 1 — 0. We investigate in each case the tightest possible
confidence bound that can be obtained by optimising the choice of the prior 7.

Lower confidence bound A minimum is low whenever one entry is low. This means that the
A € C°” of lowest mean will have all entries equal to £ except for one. This in turn means that
we do not get any mileage out of combining evidence from multiple arms. Instead, the best LT is
obtained for the choice 7({k}) = 1/K (uniform distribution on singletons). We find the following.

Proposition 31 Az time t, for each arm a, let 0,(t) < [i4(t) be the solution to

No(®)d~ (ia (), 0a(t)) = 3In(1 +In(Na(t)) + T (m?)

(note the left-hand side increases with decreasing 0,(t), so the solution can be found by binary
search). Then

IP’{W € N, min p, > min@a(t)} >1-0.
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Proof With the choice 7({k}) = 1/K, Cf’_(é) is the set of A:

Va € [K] : Na@®)d™ (jia(t), \a) < 31n(1+ln(Na(t)))+T(lnI§>.

By definition, ,(t) is the lowest possible value for \,, and hence min, 6,(t) is the lowest possible
value for min, \,. [ |

Upper confidence bound Above, we found that we do not learn much about the lower bound in
the presence of many arms. For the upper confidence bound the story is different. We explain in
Proposition 32 how to compute U7 for a general prior 7. We then show that empirically a prior
supported on all subsets can be helpful.

Proposition 32 Let 0(t) be the solution in 0 to the equation

= 0.

max
SC[K]

n 4
Z [No(t)d" (f1a(t),6) — 3In(1 + ln(Na(t)))]+ —SIT (1 ‘5&;’(8)>

a€S
Then P {¥Vt € N,ming pq, < 0(t)} > 1— 0.

Proof We prove that U7 (6) = 6(t). Let X € Cf’+(5). By definition,

max
SCIK]

In =2
Z[Na<t>d+<ﬂa<t>,Aa>—31n<1+1n<Na<t>>>]+—|S!T< ,‘i;ﬁﬁ)] <o

aceS

What does this tell us about min,e(x] Aa? Well, consider a candidate value 6 > min,, fi,(t) for the
minimum. Among bandit models A with min, A, = 6, the left-hand side above is minimised at
Aa = max {fi4(t), 0} and the maximal value of min,¢ (x| Aq is the maximal value of 6 such that

< 0.

-
max [Z [Na(t)dJ“(ﬂa(t),H) —3In(1 + ln(Na(t)))]+ _IS|T (1 |587r|(8)>

SEIK] a€S

We recover the objective in the statement by noting that the left-hand side is a continuous and
non-decreasing function of 6. |

Practical choice of prior The upper bound for a minimum may benefit from considering many
subsets S C [K] in the weighted union bound. The reason is that a smaller subset will have a smaller
evidence term (summing fewer terms), but it may also have a smaller threshold. Here we investigate
the use of cardinality-based priors of the form 7(S) = ' (|S|)/ (IIS(I) for some prior 7 on sizes [K].

First, let’s consider the computation of 6(¢) for those priors: we are looking for the zero crossing
of an increasing function, which can be found by e.g. binary search. It remains to efficiently evaluate
the objective for a fixed 6(¢). Here we propose to express the objective as

K

n 5&?2)

k

max max Y [Na(Dd" (a(t),00) = 3In(L+ n(Na(®)] " —kT
=TT qes

the best set takes the k largest contributors; implement by sorting once.
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and observe that the best set of size k takes the k£ arms of largest contribution, which we can look up
after sorting the arms by their contribution. Hence each evaluation of the objective can be obtained
in O(K In K) time.

We expect combining evidence across arms to be particularly useful when there are several arms
with means close to the minimum. We illustrate this empirically on a Bernoulli bandit model with M
arms with mean 0.1 and 4 more arms with means 0.2, 0.3,0.4, 0.5 (thus K = M + 4), for different
values of M. We consider the use of a “Box” prior that is uniform on the singletons (7 (1) = 1), a
prior supported on the whole set (7(K) = 1), a prior that is uniform over subset sizes (7(k) = 1/K)
and a “Zipf” prior that gives more weights to smaller subset sizes (7(k) o 1/k). For each value of
M, data is collected using uniform sampling and we set § = 10! to focus on the high confidence
regime. We see that the uniform prior (or the Zipf prior which performs almost identically) leads to
smaller upper confidence bounds when compared to Box when M increases.

02 02 02

200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000

Figure 4: U7 () as a function of ¢ for several cardinality-based priors 7 in a presence of M = 1
(left), M = 5 (middle) and M = 10 (right) identical arms with the minimal mean.

This experiment shows that for small values of ¢ a uniform cardinality-based prior is a robust
choice: summing evidence across arms never hurts too much. In the particular case of minimums,
we would like to mention that one can go even further and aggregate samples from different arms,
as explained in Kaufmann et al. (2018), which leads to even smaller upper confidence bounds in
experiments.

8. Conclusion

Sequential problems are studied in the multi-armed bandit model, where the learner sequentially
picks arms to sample. The central question is what the learner infers from the samples that it has
seen. This is used for deciding what to do next, when to stop, what to recommend and/or estimate.

We use mixture martingales to design confidence regions, based on self-normalised sums, for
exponential family multi-armed bandit models. We argue that these confidence regions are the
tightest known, and match, in spirit, established statistical lower bounds.

We then apply the obtained deviation inequalities to the design of confidence intervals by means
of explicit projections, stopping rules by means of (extended) GLR statistics, and asymptotically
optimal sampling rules by a tight analysis of the Track-and-Stop algorithm. The fact that we are
pushing the state of the art in each of these areas clearly demonstrates the generic appeal of the
mixture martingale approach.
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Appendix A. Details for exponential families: proof of Lemma 19

Given any probability distribution 7, recall that the associated mixture martingale is defined as
25(0) = [ exp OSu(0) = 6, INL(0) dr(N),

The first step of the construction is Lemma 33, which relates the deviation of Ny (¢)d ™" ({14 (), fta)
and N (t)d™ (fla(t), tta) to those of Sq(t) — Pu, (1) Na(t) for a well chosen 7, provided that N, (t)
belongs to some “slice” [(1 + &)=L, (1 + &£)%].

Lemma33 Fix i € N*, x > 0 and £ > 0. There exists nj(x,f) and n; (x,§) such that, if
No(t) € [(1+ &)L (14 €)Y it holds that

. x
(MO0 alt) ) 2 0} € Sal0) — Nal0)o ) = 1 |
. _ _ T
(N0 Gt ) = 0} € {500 = Nl ) = 1 b
The next step is to relate the deviation of X, (¢) to those of a martingale for every ¢ € N and
not only for N,(t) is some slice: this will be achieved by a mixture martingale with a well-chosen

discrete prior. In the sequel, we consider the (most complicated) case in which X, (t) = Y,(¢) for all
t. Given x, we define the following probability distribution. Let

Vo= smm W= x+ln(%>
e o= 0 (@,8) n; = 0 (@8,

where nz-i (x,€) are defined in Lemma 33. We define the discrete prior

o0 oo
= Z Vil + Z Vi0y;
i=1 i=1

and the corresponding mixture martingale
o0 " oo B
ZE() =Y wiZa () + > viZd (b),
i=1 i=1
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where by a slight abuse of notation, Z (t) = Zo (t) = exp(nSa(t) — ¢ua( )N, (t)) forn € R.

In the case X,(t) = Y, (t), this prior is modified by taking v; = iQC(Q) and m =) 7, %(STIT’
while for X, (t) =Y, (t), one defines 7 = ) .2, %677{’ We continue the proof assuming X, (t) =
Y, (t) for all t. The proof of the two other cases follow the exact same lines, with the corresponding

priors, leading to an improved constant C'(§) = %

{Xa(t) = (1+ ) InC(§) = x}
C {[Na(H)d(fia(t), pa) = 31n(1 + In(No(1))]" = 2+ (14 &) In C() }
{Na()d(j1a(t), pta) = 3In(1 + In(Ny(2))) > ( +mC(E)},

where we use that x + (1 + &) InC(§) > 0 as £ < 1/2. Now, as 2(1 4 ) < 3, one has
{Xa(t) = (1+ &) C(E) = 2}
No()d (fta(t), ta) — 2(1 + &) In (1 + In(No(t))) 2 2 + (1 +€)In (24(2))}

{ In(1 + &)2
n(N,(t))?
{Na(t)d(,aa(t),ua) > 24+ (146 <2<(2)$(1LJIFEJ)VZ' (t) )}

n n(N, 2
S {Na<t>d<ﬂa<t>,ua> > 24 (146 <2<<2><l (}in}}i (Na(t)) >} |

N

N

where the last inequality uses In(1 4 ¢) < In(3/2) < 1. Now, assuming let i(¢) > 1 be such that

No(t) € [(1+ €)1, (1 + €)%]. One can observe that lngi(g)) > i(t) — 1. Using Lemma 33,

{Xo(t) —(1+&InC(&) >z}

N0 io)ope) = 0+ (1 ()}

g2 0 = na N W02 [“’6“”5)1“(%1@))”

{ Yict) X (15a(t) = Gua (M Na(t)) = el‘”s}

ne {m(t) 7771<t)

max —max % exp (nSa(t) — dpu, (M) Na(t)) > T+
ieN 7]6{7’]1 n;

> el+5}

Proof of Lemma 33  We introduce the notation 6 for the natural parameter associated to 44, defined
as 0 = b~ (u,). Define ;" < 0 and n; > 0 such that

KL(0 +n;",0) = KL(0 +n; ,0) = e
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where KL(6, 6') is the Kullback-Leibler divergence between the distributions of natural parameter 6
and #'. Moreover, using some properties of the KL-divergence, one can write

KL(O+n,0) = nu — ¢u. () with i =070 +n") < pa,
KL(O +n;,0) = n; p; — ua(n;) with ;=071 (0+n;) > pia
For N,(t) € [(1+ &)1, (14 €)], one has

—~
&
—~
N2
ISH
T
—
=
IS}
—~
~
:_/
=
S
S~—
V
8
—
N

{d*(%(tma) >

{Iaa(t) < /‘j}
{n" f1a(t) — dua (") = KL(O + 17, 0) }

{049 () = ) = T )

(149:5)1}

N 1N

N

C {Na(t) (U;ﬂa(t) - @m(ﬁj)) 2 1_7_6} )

where the third inclusion uses that n;r is negative. Similarly, using this time that ;" > 0 yields

{Na(t)d_(ﬂa(t)aﬂa) > 1’} - {[La(t) > ,u;}
{05 fia(t) = B (07) > KL(O +;.0)}

{0 (07 00) - 00.0000) = T}

N

N

which concludes the proof.

A.1 One-arm bounds

Lemma 19 allows us to directly derive valid thresholds involving only a single arm. Namely, we have

Corollary 34 Let h. (x) be as defined in (12). For every arm a and confidence parameter x > 0

; z +In (2¢(2)) 2
P{Xa(t) > 2hg)2 (2>} < e .
Proof By Lemma 19, for every £ € [0,1/2],
P {Xa(t) —(1+&h ((hl(fo)f))?> > (1+ g)x} < P{Z;;“Hém(t) > em} < e

Minimising the threshold w.r.t. £ using Lemma 39 results in

iy 00 (e (i) = 2 (),

We see that the multiple-arm threshold of Theorem 14 has h~!(1 + ) > 2 where Corollary 34 has
just . This additional blowup is the overhead that our approach incurs for controlling multiple arms
by means of a “Cramér-Chernoff” approach.
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Appendix B. Optimal sample complexity: Proof of Theorem 23

The first ingredient of the proof is a (deterministic) property of the Tracking sampling rule, that
reformulates Lemma 8 in Garivier and Kaufmann (2016).

Lemma 35 Under the Tracking rule for eacha € {1,...,K}, N,(t) > (vV/t—K/2), —1. Moreover;
forall e > 0, for all ty, there exists t. > tg such that

sup max |w,(f(t)) —wy(p)] <e = sup max

N, (t
250 i < 35 - e
>t a€{l,...K} >t ac{l,.. . K}|

To ease the notation, we fix g € O;. From the continuity of w* in pu € i, there exists
& = &(e, w) such that

Ie = [Ml—f,lll-f-f] X X [/LK_S,,UK'FQ

is included in O and is such that for all p’ € Z,

a * / o * < .
we X, lwy (1) — w,(p)] < €

In particular, whenever fi(t) € Z, it holds that #(¢) = 1.

Let 7' € N and define the “good tail” event

T

er(()= [ (A1) eT).

t=T1/4

By Lemma 35, under the Tracking rule each arm is drawn at least of order /¢ times at round ¢.
This permits to establish the following concentration result, stated as Lemma 19 in Garivier and
Kaufmann (2016).

Lemma 36 There exist two constants B, C (that depend on p and €) such that
P (E5(€)) < BT exp(—CT"/®).

Using Lemma 35, there exists a constant 7, such that for T' > T, it holds that on Ep(e),

Na(t) *
> /T Halt) _ <3(K -1
Vvt > VT, aefnffx}‘ . wa(u)‘ < 3( )e

On the event Ep(e), for t > T/4 it holds that i(t) = 1, thus Alt(f(t)) = Alt(p) and A, = tM(¢)
where

. N,
b= S gm0,
ACAIK) A iy

(1 :g(mm(Mfﬁ ) m)7
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with g a mapping defined on 07 x [0,1]% by

g(p/,w') = inf Z wd (py, Aa) -
AEAlt(p) el K}

As the mapping (A, g/, w’) — > ae(l, K} whd (11, Aa) is jointly continuous and the constraint set
Alt(p) doesn’t depend on (p/, w’), it follows from the application of Berge’s maximum theorem
(Berge, 1963) that g is continuous.

For T' > T¢, introducing the constant

Cip) = inf
(1) K| |p —p||<E(e)
|’ —w* (1) [ —1)e

on the event E7(e) it holds that for every ¢ > /T, M(t) > C*(p).
LetT >T,. On gT(ﬁ),

T T
min (T(SGLR;T) S ﬁ‘i’ Z ]]-(T(g>t) S \/T+ Z ]l(tM(t)Sct((s))
=T
T+

t=V'T t
VEL S VT + 20)
< VT+ ) Tacrwszen) < C ()
t=vT ‘

Introducing

TS (5) _inf{Te N: VT + éfé;?) gT},

for every T' > max(71(6), T), one has Er(e) C (15 < T'), therefore
Py (15 > T) < P(EF) < BT exp(—CT"/®)
and

Eulrs] < T5(8) + Te + Y BT exp(~CT"®) .
T=1

We now provide an upper bound on T(d). For £ > 0 we introduce the constant
CE)=inf{T eN: T —VT >T/(1+&)}.

Using moreover the upper bound on the threshold yields

5 - (5 _ T
TO(5)§C’—|—C(£)—I—1Hf{T€N. ) §1+§ .

Letting 4! be the function defined in the statement of Theorem 14 which is related to the Lambert

function. One has
To(0) = C+0OE)+ %Jiih‘l (1“ (W” '
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Using Proposition 15, it follows that

(1+¢4D (1+¢D (1+¢4D
(s ) (l( crs ) * \/21“( Ers ) ‘2>] '
From this last upper bound, for every £ > 0 and € > 0,

. E. [TzSGLR] 1+
WsUe =L 1/8) = Crp)

Letting £ and € go to zero and using that, by continuity of g and by definition of w* (),

(1+¢)
Ce(p)

To(6) <C+C(&) +

lim Cf () = T* ()~

e—0

yields

. Ep[7s]
1 s < T*
S 175 = L W)

To conclude, the lower bound of Proposition 22 implies that this inequality is an equality.

Appendix C. Technical results
C.1 Proof of Proposition 15

We may write

hl(z) = infz(x—l—l—ln Zl)

z>1 z —

1
(z—1)++4/2(z—1)

<1+(x_1)+1 Q(x_1)> <g:—1+ln(w+ 2(33—1)))

< 1+(x—1)+ln<$+ 2(30—1)).

Plugging in the sub-optimal feasible choice z = 1 + reveals

W ()

IA

Where the last inequality uses In (3: +2(z — 1)) < y/2(x — 1) which holds with equality at
x = 1 and whose gap is increasing (as can be checked by differentiation).

C.2 Tight Tuning: Proof of Lemma 18

In this section we prove Lemma 18, which gives the tightest possible tuning achievable with our
method. We first prove two auxiliary lemmas.

Lemma 37 Let x > 0. Then

_1 1_
e T gy
q€(0,1] q
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Proof The objective is convex in %, and hence minimised at zero derivative. Cancelling the derivative
requires

1 1 1 1
l+2 = —— —In = h|{— sothat ¢q=1—-—1——
1—g¢q 1—g¢q 1—gq h=1(1+x)

where the rewrite in terms of & is allowed since 1/(1 — ¢) > 1. Plugging this in, we find the value as
stated. |

Definition 38 For any z € [1, ¢| and x > 0, we define

h.(z) = min y(z—Inlny).
y€[1,2]

We can now make the connection to (12).

Lemma 39 Fix z € [1,¢|. Then

ho(a) = { (i) 17 @) i b (),

z(z —Inlnz) 0.W.

Proof The objective in Definition 38 is convex on y € [1, ¢], and its derivative is = — h(1/Iny).
When x < h(1/1n 2) it is decreasing on the entire domain y € [1, z|, and hence minimised at y = z,

yielding the second case. If on the other hand x > h(1/1n z), the derivative of the objective is
1

cancelled at y = e+~ '), and substitution reveals that the value equals

1 1
e '@ (z+InhH(z)) = e @R (z).

We are now ready to prove the Lemma.
Proof (of Lemma 18) We reorganise, apply Lemma 37 and then Lemma 39 to find

—In(1—gq)

Tl = nf 1+ (it * +me©)

= nf (159 (h' (1 +2) +InC(¢))

— éen[%fz] (1+& (M (1+2)+In(2¢(2)) — 2Inln(1 + €))

1
I y(h (14 2) +In (20(2)) —1n1ny>
y€[l,142] 2

- R (1 + ) +1n(2¢(2))
A (RG]
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