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Abstract

We consider the problem of stratified sampling for Monte-Carlo integration. We model this
problem in a multi-armed bandit setting, where the arms represent the strata, and the goal
is to estimate a weighted average of the mean values of the arms. We propose a strategy that
samples the arms according to an upper bound on their standard deviations and compare
its estimation quality to an ideal allocation that would know the standard deviations of the
strata. We provide two pseudo-regret! analyses: a distribution-dependent bound of order
O(n‘3/ 2) that depends on a measure of the disparity of the strata, and a distribution-free
bound O(n~%/3) that does not2. We also provide the first problem independent (minimax)
lower bound for this problem and demonstrate that MC-UCB matches this lower bound
both in terms of number of samples n and in terms of number of strata K. Finally, we
link the pseudo-regret with the difference between the mean squared error on the estimated
weighted average of the mean values of the arms, and the optimal “oracle” strategy: this
provides us also a problem dependent and a problem independent rate for this measure of
performance and, as a corollary, asymptotic optimality.

Keywords: Bandit Theory, Stratified Monte-Carlo, Minimax strategies.

1. Introduction

Consider a polling institute that has to estimate as accurately as possible the average income
of a country, given a finite budget for polls. The institute has call centers in every region in
the country, and gives a part of the total sampling budget to each center so that they can
call random people in the area and ask about their income. A naive method would allocate
a budget proportionally to the number of people in each area. However some regions show

1. We define this notion in Section 2. It is a proxy on the difference between the mean squared error on
the estimated weighted average of the mean values of the arms, and the optimal “oracle” strategy.
2. The notation O(-) corresponds to O(-) up to logarithmic factors.
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a high variability in the income of their inhabitants whereas others are very homogeneous.
Now if the polling institute knows the level of variability within each region, it could adjust
the budget allocated to each region in a more clever way (allocating more polls to regions
with high variability) in order to reduce the final estimation error.

This example is just one of many for which an efficient method of sampling a function
with natural strata (i.e., the regions) is of great interest. Note that even in the case that
there are no natural strata, it is always a good strategy to design arbitrary strata and
allocate a budget to each stratum that is proportional to the size of the stratum, compared
to a crude Monte-Carlo. There are many good surveys on the topic of stratified sampling
for Monte-Carlo, such as (Rubinstein and Kroese, 2008)[Subsection 5.5] or (Glasserman,
2004).

The main problem for performing an efficient sampling is that the variances within
the strata (in the previous example, the income variability per region) are unknown. One
possibility is to estimate the variances online while sampling the strata. There is some in-
teresting research along this direction, such as (Arouna, 2004) and more recently (Etoré and
Jourdain, 2010; Kawai, 2010). The work of Etoré and Jourdain (2010) matches exactly our
problem of designing an efficient adaptive sampling strategy. In this article they propose
to sample according to an empirical estimate of the variance of the strata, whereas Kawai
(2010) addresses a computational complexity problem which is slightly different from ours.
The recent work of Etoré et al. (2011) describes a strategy that enables to sample asymp-
totically according to the (unknown) standard deviations of the strata and at the same
time adapts the shape (and number) of the strata online. This is a very difficult problem,
especially in high dimension, that we will not address here, although we think this is a very
interesting and promising direction for further researches.

These works provide asymptotic convergence of the variance of the estimate to the
targeted stratified variance 3 divided by the sample size. They also prove that the number
of pulls within each stratum converges asymptotically to the desired number of pulls i.e. the
optimal allocation if the variances per stratum were known. Like Etoré and Jourdain (2010),
we consider a stratified Monte-Carlo setting with fixed strata. Our contribution is to design
a sampling strategy for which we can derive a finite-time analysis (where time’ refers to the
number of samples). This enables us to predict the quality of our estimate for any given
budget n.

We model this problem using the setting of multi-armed bandits where our goal is to
estimate a weighted average of the mean values of the arms. Although our goal is different
from a usual bandit problem where the objective is to play the best arm as often as possi-
ble, this problem also exhibits an exploration-exploitation trade-off. The arms have to be
pulled both in order to estimate the initially unknown variability of the arms (exploration)
and to allocate correctly the budget according to our current knowledge of the variability
(exploitation).

Our setting is close to the one described in (Antos et al., 2010) which aims at estimating
uniformly well the mean values of all the arms. The authors present an algorithm, called
GAFS-MAX, that allocates samples proportionally to the empirical variance of the arms,
while imposing that each arm is pulled at least \/n times to guarantee a sufficiently good

3. The target is defined in [Subsection 5.5] of (Rubinstein and Kroese, 2008) and later in this paper, see
Equation 4.
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estimation of the true variances. Another approach for this problem, still with a bandit
formalism, can be found in (Carpentier et al., 2011), and the analysis is extended.

Note tough that in the Master Thesis (Grover, 2009), the author presents an algorithm
named GAFS-WL which is similar to GAFS-MAX and has an analysis close to the one of
GAFS-MAX. It deals with stratified sampling, i.e. it targets an allocation which is propor-
tional to the standard deviation (and not to the variance) of the strata time their size?®.
They define a proxy on the mean squared error that they write loss, and prove that the
difference between the loss of GAFS-WL and the optimal static loss is of order O(n=%/2),
where the O(.) depends of the problem. There are however some open questions in this
very good Master Thesis. A first one is on the existence of a problem dependent bound for
GAFS-WL. A second important issue is on the links between the loss they define and the
intuitive, related measure of performance, which is the mean squared error. Without this
link, they are not able to prove that GAFS-WL is asymptotically optimal.

Our objective is similar, and we extend the analysis of this setting. We introduced
in paper (Carpentier and Munos, 2011) algorithm MC-UCB, a new algorithm based on
Upper-Confidence-Bounds (UCB) on the standard deviations. They are computed from the
empirical standard deviation and a confidence interval derived from Bernstein’s inequal-
ities. The algorithm, called MC-UCB, samples the arms proportionally to an UCB® on
the standard deviation times the size of the stratum. We provided finite-time, problem
dependent and problem independent bounds for the loss of this algorithm, filling the gap
in (Grover, 2009). We however, as in (Grover, 2009), did not link this pseudo-regret to the
mean squared-error.

Contributions: In this paper we extend the analysis of MC-UCB in (Carpentier and
Munos, 2011). Our contributions are the following:

e We detail the proofs of paper (Carpentier and Munos, 2011), which have not been
published in this version due to space constraints. They correspond to two pseudo-
regret analysis: (i) a distribution-dependent bound of order O(n~%/?) that depends
on the disparity of the stratas (a measure of the problem complexity), and which
corresponds to a stationary regime where the budget n is large compared to this
complexity. (ii) A distribution-free bound of order O(n~%/3) that does not depend
on the the disparity of the stratas, and corresponds to a transitory regime where n
is small compared to the complexity. The characterization of those two regimes and
the fact that the corresponding excess error rates differ enlightens the fact that a
finite-time analysis is very relevant for this problem.

e More precisely, we improve the problem independent upper bound in terms of K.
This bound on the expectation of the pseudo-regret is of order O(%//;’) where K is
the number of strata.

e We also provide a minimax lower bound on the expectation of the pseudo-regret
for the problem of stratified Monte-Carlo of order Q(%//j) As a matter of fact, the

4. This is explained in (Rubinstein and Kroese, 2008) and will be formulated precisely later.

5. Note that we consider a sampling strategy based on UCBs on the standard deviations of the arms whereas
the so-called UCB algorithm of Auer et al. (2002), in the usual multi-armed bandit setting, computes
UCBs on the mean rewards of the arms.
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problem independent lower-bound matches the problem independent upper-bound for
MC-UCB, in terms of n and K. It induces that MC-UCB is minimax optimal in terms
of pseudo-regret.

e Finally, by clarifying the notion of pseudo-regret that we introduce in Section 2, we
provide finite-time bound on the mean squared error of the estimate of the integral.
As a corollary, we obtain also asymptotic consistency of our algorithm.

The rest of the paper is organized as follows. In Section 2 we formalize the problem
and introduce the notations used throughout the paper. Section 3 states the minimax lower
bound on the pseudo-regret. Section 4 introduces the MC-UCB algorithm and reports
performance bounds. Section 5 discusses the bridges between the pseudo regret and the
mean squared error. We then discuss in Section 6 about the parameters of the algorithm
and its performances. In Section 7 we report numerical experiments that illustrate our
method to the problem of pricing Asian options as introduced in (Glasserman et al., 1999).
Finally, Section 8 concludes the paper and suggests future works.

2. Preliminaries

The allocation problem mentioned in the previous section is formalized as a K-armed bandit
problem where each arm (stratum) k£ = 1,..., K is characterized by a distribution v with
mean value p and variance O']%. At each round ¢ > 1, an allocation strategy (or algorithm) .4
selects an arm k; and receives a sample drawn from vy, independently of the past samples.
Note that a strategy may be adaptive, i.e., the arm selected at round ¢ may depend on
past observed samples. Let {wy}r=1, . x denote a known set of positive weights which sum
to 1. For example in the setting of stratified sampling for Monte-Carlo, this would be the
probability mass in each stratum. The goal is to define a strategy that estimates as precisely
as possible p = Zle wg g using a total budget of n samples.

Let us write Ty = Y.\, I {ks = k} the number of times arm k has been pulled up to

Tt

T Z X}, s the empirical estimate of the mean py, at time ¢, where X,
k.t
v os=1

denotes the sample received when pulling arm £ for the s-th time.

After n rounds, the algorithm A returns the empirical estimate fij, of all the arms.
Note that in the case of a deterministic strategy, the expected quadratic estimation error
of the weighted mean 1 as estimated by the weighted average [i, = Zle Wy i,y satisfies:

time ¢, and fiy,; =

E[(ﬂn — #)2} = E[(Zszl Wy (i — Mk))z} = Zk;Kzl wli%»

where E H is the expectation integrated over all the samples of all arms.
We thus use the following measure for the performance of any algorithm A:

Ln(A) = Zszl ’w%% (1)

We denote this quantity by pseudo-loss, as it is a proxy of the true loss of the algorithm,
which is E [(ﬂn - u)z} . This loss is not the same as in (Grover, 2009) and in (Carpentier and
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Munos, 2011). We give some properties of this pseudo-loss in Section 5. We also provide in
Subsection 5.1 properties of the loss defined in papers (Grover, 2009) and (Carpentier and
Munos, 2011).

The goal is to define an allocation strategy that minimizes the global pseudo-loss defined
in Equation 1. If the variance of the arms were known in advance, one could design an
optimal static® allocation strategy A* by pulling each arm k proportionally to the quantity
wiog. Indeed, if arm k is pulled a deterministic number of times T,:’n, then 7

Lp(A*) = Zk 1“’1%T0*k . (2)

By choosing T}, such as to minimize L, under the constraint that Zk 1 Ty, = n, the
optimal static allocatlon (up to rounding effects) of algorithm A* is to pull each arm k,

WOk
TI:,n = <K n, (3)
D im1 Wil

times, and achieves a global pseudo-loss (or loss as the (T, )x are deterministic)

22
Ln(A") = —%, (4)
n
where ¥, = Zfi L wio; (we assume in the sequel that ¥,, > O). In the following, we write
T*
Ay = =2 = wE’“—Z‘“ the optimal allocation proportion for arm k and Apin = minj<gz<g Ag.

Note that a small \;,;, means a large disparity of the wypo and, as explained later, provides

for the algorithm we build in Section 4 a characterization of the hardness of a problem.
However, in the setting considered here, the o, are unknown, and thus the optimal

allocation is out of reach. A possible allocation is the uniform strategy A", i.e., such that

T = = }(”’“w.n. Its pseudo-loss (and loss as the (7)) are deterministic) is
=1 "7

Y
Ly (A") = Zk 1wkZK wkak: ol

where X, 0 = Zle wkai. Note that by Cauchy-Schwartz’s inequality, we have Z%U < Xw2
with equality if and only if the (o); are all equal. Thus A* is always at least as good as
A%, In addition, since Y, w; = 1, we have X2 — ¥, 0 = — >, wi (o) — £yy)?. The difference
between those two quantities is the weighted quadratic variation of the o around their
weighted mean ¥,,. In other words, it is the variance of the (o%)i1<k<x. As a result the
gain of A* compared to A" grow with the disparity of the oy.

We would like to do better than the uniform strategy by considering an adaptive strategy
A that would estimate the o; at the same time as it tries to implement an allocation
strategy as close as possible to the optimal allocation algorithm A*. This introduces a
natural trade-off between the exploration needed to improve the estimates of the variances
and the exploitation of the current estimates to allocate the pulls nearly-optimally.

6. Static means that the number of pulls allocated to each arm does not depend on the received samples.
7. As it will be discussed later, this equality does not hold when the number of pulls is random, as it is the
case of adaptive algorithms where the strategy depends on the observed samples.
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In order to assess how well A solves this trade-off and manages to sample according to
the true standard deviations without knowing them in advance, we compare its performance
to that of the optimal allocation strategy A*. For this purpose we define the notion of
pseudo-regret of an adaptive algorithm A as the difference between the pseudo-loss incurred
by the algorithm and the optimal pseudo-loss:

Rn(A) = Ln(A) = Ln(A7). ()

The pseudo-regret indicates how much we loose in terms of expected quadratic estimation

2
error by not knowing in advance the standard deviations (o). Note that since L, (A*) = ZTW,
a consistent strategy i.e., asymptotically equivalent to the optimal strategy, is obtained
whenever its regret is negligible compared to 1/n.

We also defined the true regret as
Ry (A) = E[(fin — )] — Ln(AY). (6)

This is the difference between the mean-squared error and the optimal mean squared error.
The pseudo-regret is a proxy for the true regret.

3. Minimax lower-bound on the pseudo-regret

We now study the minimax rate for the pseudo-regret of any algorithm on a given stratifi-
cation in K strata of equal size.

Theorem 1 Let inf be the infimum taken over all online stratified sampling algorithms
ustng K strata and sup represent the supremum taken over all environments, then:

1/3
inf ER, > C——,
inf sup Ve

where C' 1s a numerical constant.

Proof [Sketch of proof (The full proof is reported in Appendix A)] We consider a strat-
ification with 2K strata. On the K first strata, the samples are drawn from Bernoulli
distributions of parameter pi where uy € {%, b 3%}, and on the K last strata, the samples
are drawn from a Bernoulli of parameter 1/2. We write 0 = \/u(1 — p) the standard devia-
tion of a Bernoulli of parameter p. We index by € a set of 25 possible environments, where
e=(e1,...,ex) € {—1,+1}¥ and the K first strata are defined by uz = p+eps. Write P,
the probability under such an environment, also consider P, the probability under which
all the K first strata are Bernoulli with mean p.

We define (). the event on which there are less than % arms not pulled correctly for
environment e (i.e. for which T}, is larger than the optimal allocation corresponding to
i when actually p, = 4, or smaller than the optimal allocation corresponding to p when
pr = 3%5). See the Appendix A for a precise definition of these events. Then, the idea
is that there are so many such environments that any algorithm will be such that for at

least one of them we have P, (£2¢) < exp(—K/72). Then we derive by a variant of Pinsker’s
KL(Ps,Pe) _ 0(03/2”)
== = 0(%1).

inequality applied to an event of small probability that P.(€.) < 7
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Finally, by choosing o of order (%)1/ 3 we have that P.() is bigger than a constant, and

on ¢ we know that there are more than % arms not pulled correctly. This leads to an
expected pseudo-regret in environment € of order Q(%) [ |

This is the first lower-bound for the problem of online stratified sampling for Monte-
Carlo. We sketch the proof in the main text because we believe that the technique of proof
for this bound is original. It follows from the fact that no algorithm can allocate the samples
in /every problem according to the unknown best proportions with a better precision than
n2 3

el for a number of arms non negligible when compared to K, with a probability larger

than a non negligible constant.

4. Allocation based on Monte Carlo Upper Confidence Bound
4.1 The algorithm

In this section, we introduce our adaptive algorithm for the allocation problem, called Monte
Carlo Upper Confidence Bound (MC-UCB). The algorithm computes a high-probability
bound on the standard deviation of each arm and samples the arms proportionally to their
bounds times the corresponding weights. The MC-UCB algorithm, Ay¢_ucoB, is described
in Figure 1. It requires three parameters as inputs: ¢; and ¢y which are related to the shape
of the distributions (see Assumption 1), and 6 which defines the confidence level of the
bound. In Subsection 6.4, we discuss a way to reduce the number of parameters from three
to one. The amount of exploration of the algorithm can be adapted by properly tuning
these parameters.

c oglc 7741/2
Input: c;, c2, 0. Let a = /2log(2/0)+/c1log(c2/d) + 16(121(5(52)/6)) .

Initialize: Pull each arm twice.
fort=2K+1,...,ndo

Compute By = 7% (‘A’ki—l + 2a,/ T 1671) for each arm 1 < k< K

kt—1
Pull an arm k; € argmaxi<r<x Bt

end for

Output: jig for eacharm 1 <k < K

Figure 1: The pseudo-code of the MC-UCB algorithm. The empirical standard deviations
Oy t—1 are computed using Equation 7.

The algorithm starts by pulling each arm twice in rounds ¢t = 1 to 2K. From round
t = 2K + 1 on, it computes an upper confidence bound By, ; on the standard deviation oy,
for each arm £, and then pulls the one with largest By ;. The upper bounds on the standard
deviations are built by using Theorem 10 in (Maurer and Pontil, 2009)® and based on the

8. We could also have used the variant reported in (Audibert et al., 2009).
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empirical standard deviation ;1 :

1 Tit—1
~2 & 2
Okt—1 = Thi1—1 ; (Xki = fk—1)7, (7)

where X}, ; is the i-th sample received when pulling arm &, and T}, ;1 is the number of pulls
allocated to arm k up to time ¢ — 1. After n rounds, MC-UCB returns the empirical mean
fig,n for each arm 1 <k < K.

4.2 Pseudo-Regret analysis of MC-UCB

Before stating the main results of this section, we state the assumption that the distributions
are sub-Gaussian, which includes e.g., Gaussian or bounded distributions. See (Buldygin
and Kozachenko, 1980) for more precisions.

Assumption 1 There exist c1,co > 0 such that for all 1 < k < K and any € > 0,
Pxrw, (| X — pi] > €) < e exp(—€?/cy) . (8)

We provide two analyses, a distribution-dependent and a distribution-free, of MC-UCB,
which are respectively interesting in two regimes, i.e., stationary and transitory regimes, of
the algorithm. We will comment on this later in Section 6.

A distribution-dependent result: We now report the first bound on the expectation
of the pseudo-regret of MC-UCB algorithm. The proof is reported in Appendix C (in
the supplementary material) and relies on upper- and lower-bounds on T} ; — Tl;‘:t, ie.,
the difference in the number of pulls of each arm compared to the optimal allocation (see
Lemma 15).

Theorem 2 Under Assumption 1 and if we choose ¢y such that co > 2Kn~5/2, the pseudo-
regret of MC-UCB launched with parameter § = n~"/2 withn > 4K is bounded in expectation
as

log(n) 5KXy2
ni/3 + nz

Note that this result crucially depends on the smallest proportion An, which is a mea-
sure of the disparity of product of the standard deviations and the weights. For this reason
we refer to it as “distribution-dependent” result. The full proof for this result is in Ap-
pendix C.

]E[Rn] < 336 201(62 + 2)(\/54_ 1)2/3K1/32w

A distribution-free result: Now we report our second pseudo-regret bound that does
not depend on Ay, but whose rate is poorer. The proof is given in Appendix D of the
supplementary material and relies on other upper- and lower-bounds on 7}, ; — T,:"t detailed
in Lemma 16.

Theorem 3 Under Assumption 1 and if we choose co such that co > 2Kn~5/2 the pseudo-
regret of MC-UCB launched with parameter § = n~ /% withn > 4K is bounded in expectation
as

5K Y2

n2

22 1
E[Ry] <~ +336v/201(c2 +2)(Vez + 1)*PK P8, Zi(g) N
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This bound does not depend on 1/Apin, not even in the negligible term, as detailed in
Appendix D?. This is obtained at the price of the slightly worse rate O(n~%/3).

5. Links between the pseudo-loss and the mean-squared error

As mentioned in Section 2, the pseudo-loss is trivially equal to the mean-squared error
of the estimate fi, of p if the number of samples 7}, ,, in each stratum is independent of
the samples. This is not the case for any reasonable adaptive strategy, as such methods
precisely aim at adapting the number of samples in each stratum to the standard deviation
inside the stratum.

It is however important to derive links between those two quantities, in order for the pseudo-
loss and the pseudo-regret to be meaningful. The mean squared error can be decomposed
as

K

E[(fn — 1)°] =Y wRE[(fen — )] + DD wiwg B[ (e — i) (flgn — 18g)] -

k=1 k=1k'#£k

The quantity Zle WEE [ (fie,n—pk)?] is equal to the loss defined in (Grover, 2009) and (Car-
pentier and Munos, 2011). If the (T},), are deterministic, this quantity is equal to the
pseudo-loss and also to the mean squared error E[(fn, — p)?]. If the (Tj,)x are determin-
istic, the cross-products » ;_; Dokt WiwgE [ (e, — pu:) (Rgm — 11g)] are equal to 0.

A natural way to proceed is to (i) prove that the expectation of the pseudo-loss is not
very different from S5 WEE[(fkn — p)?] (and thus from %) and (ii) prove that the
cross-products are close to 0.

5.1 Bounds on Zszl WEE[(fuen — pur)?]

The technique for bounding Zle wiE [(ﬂk,n - ,uk)Q] is very similar to the one for bounding
the expectation of the pseudo-loss. The only additional technical passage is to use Wald’s
identity to bound Zle w%E[(ﬂkvn — ,uk)Q] with a quantity close to the expectation of the
pseudo-loss.

We have in the same way a problem dependent bound and a problem independent bound.

Problem dependent bound.

Proposition 4 Under Assumption 1 and if we choose ¢o such that ca > 2Kn~>/2, then for
algorithm MC-UCB launched with parameter & = n~"/% with n > 4K, we have

- 2 2 22
> wiE[(fikm — px)?] — -
k=1
log( 19 2 2
S (1122 Ver(ez +2) + 61 (e + 2) K) e (sz + 72061 (e2 + 1) log(n) )

min

The full proof is in Appendix C.

9. Note that the bound is not entirely distribution free since X, appears. But it can be proved using
Assumption 1 that E?ﬂ < cica.
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Problem independent bound.

Proposition 5 Under Assumption 1 and if we choose ¢o such that ca > 2Kn~'2, then for
algorithm MC-UCB launched with parameter & = n~"/% with n > 4K, we have

K ) ) 312
> WRE[(fign — 1r)?] — o
k=1
200, /c1(co + 2)28, K 365
< TS 20 g + g7 (129 + 2016 og(o)? + K3

The full proof is in Appendix D.

5.2 Bounds on the cross-products

The difficulty in bounding the cross-product comes from the fact that the (7}, ); depend
on the samples, and more exactly for algorithm MC-UCB, on the sequence of empirical
standard deviations (o +)i<n of each arm k. As in general fiy , depends on (o t)i<n, there
is no direct reason why the cross-products should be equal to 0.

We prove three results for bounding these cross-products. The first one corresponds
to the specific case where the distribution of the arms are symmetric. We then provide a
problem dependent and a problem independent bound in the general case.

Equality holds when the distributions of the arms are symmetric. A first result
is in the specific case of symmetric distributions. Intuitively in this setting, the empirical
standard deviations are independent of the signs of (fix » — p11;). This implies that the signs
of (fugn — px) and (fign — fq) are independent of each other when k # ¢. From that we
deduce the following result.

Proposition 6 Assume that the distributions (v), of the arms are symmetric around iy
respectively. For algorithm MC-UCB launched with any parameters, we have

Z Z ’U)k’qu [(ﬂk,n - ﬂk)(,aq,n - Mq)] =0.

k=1 k'#k

The proof of this result is to be found in Appendix F.1.

Problem dependent bound in the general case. On an event of high probability,
Ty — T | = O(n~Y?) as explained in Lemma 15 in the Appendices'®. This means that

even though T} ,, is random, it does not deviate too much from 77;, . From that we deduce
the following problem dependent bound.

Proposition 7 Under Assumption 1 and if we choose ¢o such that ca > 2Kn~>/2, then for
algorithm MC-UCB launched with parameter & = n~"/% with n > 4K, we have

n

Z Z WewgB[ (e — pe) (flgm — Hq)] < O(n=3/?),

k=1 k' #k
where O() hides an invert dependency in Amin.

The proof of this result is in Appendix F.2

10. Here O(-) depends on A_}

min*

10
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Problem independent bound in the general case. On an event of high probability,
Ty — T ,,| = O(n2/3) as explained in Lemma 16 in the Appendices. From that we deduce
in the same way that for he previous proposition the following problem independent bound.

Proposition 8 Under Assumption 1 and if we choose ca such that co > 2Kn=5/2, then for
algorithm MC-UCB launched with parameter & = n~"/% with n > 4K, we have

Z Z wkqu[(ﬂk,n - lu’k)(:[j’q,n — :U’q)] < O(n*7/6)7
k=1 k'#£k

where O(.) does not depend on Apin.

The proof of this result is in Appendix F.2.

5.3 Bounds on the true regret and asymptotic optimality

We are finally able to fulfill the objective of this Section, that is to say bound the true regret

R, = E[(fin, — )% — % We have the following Theorem directly by combining the results
of the Propositions in Subsections 5.1 and 5.

Theorem 9 Under Assumption 1 and if we choose ¢y such that ca > 2Kn~%/2, then for
algorithm MC-UCB launched with parameter 6 = n~"/? with n > 4K, the true regret is
bounded as

R, = O(n_3/2),
where O(.) hides a dependency in A}, and

R, =0(n~"/%),
where O(.) does not depend on Amin.

An immediate corollary on asymptotic optimality follows, when the parameter ¢, (for
a given budget n) is chosen wisely.

Corollary 10 Under Assumption 1 and if we choose ¢a such that ca > 2Kn=5/2, then
for algorithm MC-UCB launched with parameter 6 = n~"/2 with n > 4K, the true regret
converges and

lim R, = 0.

n—-4o0o

Proof [Proof of Corollary 10] The proof follows directly from Borel-Cantelli, as ), d, <
~+o00. u

6. Discussion on the results

We make several comments on the algorithm MC — UCB in this Section.

11



CARPENTIER, MUNOS AND ANTOS

6.1 Problem dependent and independent bounds for the expectation of the
pseudo-loss

Theorem 2 provides a pseudo-regret bound of order X;?I{QO

(n=3/2), whereas Theorem 3
provides a bound of order 6(n_4/ 3) independently of Ami,. Hence, for a given problem
i.e., a given Apin, the distribution-free result of Theorem 3 is more informative than the
distribution-dependent result of Theorem 2 in the transitory regime, that is to say when
n is small compared to )‘r;iln' The distribution-dependent result of Theorem 2 is better in
the stationary regime i.e., for n large. This distinction reminds us of the difference between
distribution-dependent and distribution-free bounds for the UCB algorithm in usual multi-
armed bandits!!.

The problem dependent lower bound is similar to the one provided for GAFS-WL in
(Grover, 2009). In their article, their pseudo-loss measure is Zle WEE [ (fien — pi)?] so
we compare their bound with the ones in Propositions 4 and 5. We however expect that
GAFS-WL has for some problems a sub-optimal behavior: it is possible to find cases where
E| Y, wi(fikn — ,uk)Q} i > O(1/n), see Appendix E for more details. It is not the

n

case for MC-UCB, for which E[Zk w2 (i — Hk)ﬂ - % < O(n=*3). Note however that
when there is an arm with 0 standard deviation, GAFS-WL is likely to perform better than
MC-UCB, as it will only sample this arm O(y/n) times while MC-UCB samples it O(n?/?)
times.

6.2 Finite-time bounds for E[(ji, — 1)?], and on the true regret, and asymptotic
optimality

We also bound the true regret R,, = E[(fi, — )% — 2712“ in o(1). This means that the mean

squared error of the estimate is very close to the “oracle” smallest mean squared error

possible, obtained with a deterministic strategy that has access to (o).

The first result in Theorem 9 states that for MC-UCB, the true regret is of order
O(n=3/%), where the O hides a dependency in Api,. This is the equivalent of the problem
dependent bound on the pseudo-loss. This Theorem also states that for MC-UCB, an upper
bound on the true regret is of order O(n~"/6), where the O does not depend in any way
on Amin. This is the equivalent of the problem independent bound on the pseudo-loss.
Unfortunately, we do not obtain a problem independent bound that is of the same order as
the problem independent bound of the pseudo-regret, i.e. O(n*‘l/ 3). This comes from the
fact that the bound on the cross-products in Proposition 8 is of order O(n~7/%). Whether
this bound is tight or not is an open problem.

These results imply that algorithm MC-UCB is asymptotically optimal (like the al-
gorithms of Kawai (2010); Etoré and Jourdain (2010)): the estimate i, = >, Wi flg, is
asymptotically equal to p and the variance of ji, is asymptotically equal to the variance
of the optimal allocation Y2 /n for any problem. Note that the asymptotic optimality of
GAFS-WL is not provided in Grover (2009), although we believe it to hold.

11. The distribution dependent bound is in O(K logn/A), where A is the difference between the mean value
of the two best arms, and the distribution-free bound is in O(y/nK logn) as explained in (Auer et al.,
2002; Audibert and Bubeck, 2009).

12
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Note also that whenever there is some disparity among the arms, i.e., when 2, — Yo <
0, the MC-UCB is asymptotically strictly more efficient than the uniform strategy.

6.3 MC-UCB and the lower bound

We provide in this paper a minimax (problem independent) lower-bound for the pseudo-
regret that is in expectation of order Q(%//;) (see Theorem 1). An important achievement
is that the problem independent upper bound on the pseudo-regret of MC-UCB is in expec-
tation of the same order up to a logarithmic factor (see Theorem 3). It is thus impossible
to improve this strategy uniformly on every problem, more than by a log factor.

Although we do not have a problem dependent lower bound on the pseudo-regret yet, we
believe that the rate O~(n_3/ 2) cannot be improved for general distributions. As explained
in the proof in Appendix C, this rate is a direct consequence of the high probability bounds
on the estimates of the standard deviations of the arms which are in O(1/+/n), and those
bounds are tight. Because of the minimax lower-bound that is of order O(n~%/3), it is
however clear that there exists no algorithm with a regret of order 5(n_3/ 2) without any
dependence in )\;ﬁln (or another related problem-dependent quantity).

6.4 The parameters of the algorithm

Our algorithm takes three parameters as input, namely ¢y, co and &, but we only use a com-
bination of them in the algorithm, with the introduction of a = /21log(2/5)+/c1 log(c2/d) +

v/c16(1+1log(cz/6))nt/?

51-3 . For practical use of the method, it is enough to tune the algorithm
with a singfe parameter a. By the choice of the value assigned to 0 in the two theorems,
a ~ clog(n), where ¢ can be interpreted as a high probability bound on the range of the
samples. We thus simply require a rough estimate of the magnitude of the samples. Note

that in the case of bounded distributions, a can be chosen as a = 2\/§c\/log(n) where c is
a true bound on the variables. This result is easy to deduce by simplifying Lemma 11 in
Appendix B for the case of bounded variables.

6.5 Making MC-UCB anytime

An interesting question is on whether and how it is possible to make algorithm MC-UCB
anytime.

Although we will not provide formal proofs of this result in this paper, we believe that
setting a & that evolves with the current time, as §; = ¢t~ 7/2, is sufficient to make all the
regret bounds of this paper hold with slightly modified constants. Some ideas on how to
prove this result can be found in the article (Grover, 2009), and also (Auer et al., 2002) for
something more specific to UCB algorithms.

7. Numerical experiment: Pricing of an Asian option

We consider the pricing problem of an Asian option introduced in (Glasserman et al.,
1999) and later considered in (Kawai, 2010; Etoré and Jourdain, 2010). This uses a Black-
Scholes model with strike C' and maturity 7. Let (W (t))o<t<1 be a Brownian motion that
is discretized at d equidistant times {i/d}1<;<4, which defines the vector W € R with

13
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components W; = W(i/d). The discounted payoff of the Asian option is defined as a
function of W, by:

F(W) = exp(—rT) max 525:1 Soexp |(r — %s%)% + sox/TWi] - C, 0], (9)

where Sy, 7, and sg are constants, and the price is defined by the expectation p = Ey F(WW).

We want to estimate the price p by Monte-Carlo simulations (by sampling on W =
(Wi)i<i<a). In order to reduce the variance of the estimated price, we can stratify the space
of W. Glasserman et al. (1999) suggest to stratify according to a one dimensional projection
of W, i.e., by choosing a projection vector v € R? and define the strata as the set of W such
that w- W lies in intervals of R. They further argue that the best direction for stratification
is to choose u = (0,---,0,1), i.e., to stratify according to the last component W, of W.
Thus we sample W, and then conditionally sample Wi, ..., W;_1 according to a Brownian
Bridge as explained in (Kawai, 2010). Note that this choice of stratification is also intuitive
since Wy has the biggest exponent in the payoff (9), and thus the highest volatility. Kawai
(2010) and Etoré and Jourdain (2010) also use the same direction of stratification.

Like in (Kawai, 2010) we consider 5 strata of equal weight. Since Wy follows a N (0, 1),
the strata correspond to the 20-percentile of a normal distribution. The left plot of Figure
2 represents the cumulative distribution function of W, and shows the strata in terms of
percentiles of Wj. The right plot represents, in dot line, the curve E[F'(W)|Wy = x] versus
P(Wy < x) parameterized by x, and the box plot represents the expectation and standard
deviations of F'(W) conditioned on each stratum. We observe that this stratification pro-
duces an important heterogeneity of the standard deviations per stratum, which indicates
that a stratified sampling would be profitable compared to a crude Monte-Carlo sampling.

Expectation of the payoff in every strata for W with C=90

Cdf of W P (Normal distribution) 1000
9001 [ E[F(W) TW ;=x] N
ol 800 | g E[F(W)IW e strata] ',' ]
700
— 600
0.6 ?f
500
=
= 400/
0.4+ 2
B 300(
=
200
0.2
100F -
oﬁ

0 L L L L L L L
"0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1

2 -15 -1_-05_ 0 _05_ ,1 15 2
Strata 1 Strata g Strata 4" gtrata 5
trata
P(W ;<)

3

Figure 2: Left: Cdf of W, and the definition of the strata. Right: expectation and standard
deviation of F(W) conditioned on each stratum for a strike C' = 90.

We choose the same numerical values as Kawai (2010): Sy = 100, » = 0.05, so = 0.30,
T =1 and d = 16. Note that the strike C' of the option has a direct impact on the variability
of the strata. Indeed, the larger C', the more probable F(W) = 0 for strata with small Wy,
and thus, the smaller Apn.
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Our two main competitors are the SSAA algorithm of Etoré and Jourdain (2010) and
GAFS-WL of Grover (2009). We did not compare to (Kawai, 2010) which aims at minimiz-
ing the computational time and not the loss considered here'?. SSAA works in K, rounds of
length Ni where, at each round, it allocates proportionally to the empirical standard devi-
ations computed in the previous rounds. Etoré and Jourdain (2010) report the asymptotic
consistency of the algorithm whenever Nik goes to 0 when k goes to infinity. Since their goal
is not to obtain a finite-time performance, they do not mention how to calibrate the length
and number of rounds in practice. We choose the same parameters as in their numerical
experiments (Section 3.2.2 of (Etoré and Jourdain, 2010)) using 3 rounds. In this setting
where we know the budget n at the beginning of the algorithm, GAFS-WL pulls each arm
a/n times and then pulls at time ¢ + 1 the arm k1 that maximizes % We set a = 1.

As mentioned in Subsection 6.4, an advantage of our algorithm is that it requires a single
parameter to tune. We chose b = 10001og(n) where 1000 is a high-probability range of the
variables (see right plot of Figure 2). Table 7 reports the performance of MC-UCB, GAFS-
WL, SSAA, and the uniform strategy, for different values of strike C i.e., for different values

min
50000 trials. We notice that MC-UCB outperforms the uniform strategy, SSAA, and GAFS-
WL. Note however that, in the case of GAFS-WL strategy, the small gain could come from
the fact that there are more parameters in MC-UCB, and that we were thus able to adjust
them (even if we kept the same parameters for the three values of C). Note however that for
small (but non-zero) values of Apin, we proved in Appendix E that algorithm GAFS-WL
was arbitrarily inefficient.

2
of A\_l and Swa/X2 = (Zzzjii?;? The total budget is n = 10°. The results are averaged on
k

y C H Anlﬂn \ Ywa/22 \ Uniform SSAA [ GAFS-WL \ MC-UCB
60 6.18 1.06 2521072587103 | 82510~* | 7.2910°*
90 || 15.29 1.24 3.32107%2 [ 6.14103 | 85810~% | 8.0710°*
120 || 744.25 3.07 3561072 [6.221073 | 9.89010~% [ 9.2810°*

Table 1: Characteristics of the distributions (A_{ and %,,2/%2) and regret of the Uniform,

min

SSAA, and MC-UCB strategies, for different values of the strike C.

In the left plot of Figure 3, we plot the rescaled true regret R,n*'2, averaged over 50000
trials, as a function of n, where n ranges from 50 to 5000. The value of the strike is C' = 120.
Again, we notice that MC-UCB performs better than Uniform and SSAA because it adapts
faster to the distributions of the strata. But it performs very similarly to GAFS-WL. In
addition, it seems that the true regret of Uniform and SSAA grows faster than the rate n3/2,
whereas MC-UCB, as well as GAFS-WL, grow with this rate. The right plot focuses on the
MC-UCB algorithm and rescales the y—axis to observe the variations of its rescaled true
regret more accurately. The curve grows first and then stabilizes. This could correspond to
the two regimes discussed previously.

12. In that article, the computational costs for each stratum vary, i.e. it is faster to sample in some strata
than in others, and the aim of the article is to minimize the global computational cost while achieving
a given performance.
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Rescaled regret w.r.t. n for C=120
120001

. Rescaled Regret w.r.t. n for C=120 110001
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Figure 3: Left: Rescaled true regret (R,n3/?) of the Uniform, SSAA, and MC-UCB strate-
gies. Right: zoom on the rescaled regret for MC-UCB that illustrates the two
regimes.

8. Conclusions

We provide a finite-time analysis for stratified sampling for Monte-Carlo in the case of fixed
strata. We reported two bound on the expectation of the pseudo-regret: (i) a distribution

dependent bound of order 5(71_3/ 2)\;1?][{2) which is of interest when n is large compared
to a measure of disparity )\r;iln of the standard deviations (stationary regime), and (ii) a
distribution free bound of order 6(n*4/ 3) which is of interest when n is small compared
to )\;ﬁln (transitory regime). We also link the expectation of the pseudo-loss to the mean-
squared error of algorithm MC-UCB and provide also problem dependent and problem
independent bounds. An immediate consequence is the asymptotic convergence of the
variance of our estimate to the optimal variance that requires the knowledge of the standard
deviations per stratum.

We also provide the first problem independent (minimax) lower bound on the expecta-
tion of the pseudo-regret for this problem. Interestingly, the problem independent bound
on expectation of the pseudo-regret of MC-UCB matches this lower-bound, both in terms
of number of strata K and in terms of budget n. This means that algorithm MC-UCB is
minimax-optimal in terms of pseudo-regret.

Possible directions for future work include: (i) making the MC-UCB algorithm anytime
(i.e. not requiring the knowledge of n) and (ii) deriving distribution-dependent lower-bound
for this problem and (iii) proposing efficient ways to stratify the space depending on the
regularity of the function.
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Supplementary material for the paper :
Finite Time Analysis of Stratified Sampling for Monte
Carlo

Appendix A. Proof of Theorem 1

Let us write the proof of the lower bound using the terminology of multi-armed bandits.
Each arm k represents a stratum and the distribution associated to this arm is defined as
the distribution of the noisy samples of the function collected when sampling uniformly on
the strata.

Let us choose p < 1/2 and a = §. Consider 2K Bernoulli bandits (i.e., 2K strata
where the samples follow Bernoulli distributions) where the K first bandits have parameter
(tk)1<k<k and the K last ones have parameter 1/2. The py, take values in {p—a, p1, p+ac}.

Define 02 = p(1 — p) the variance of a Bernoulli of parameter p, and is such that

\/%u <o < /. We wite 0_, and 01, the two other standard deviations, and notice that

sV < 0o </l and (/5 < 0h < (/R0

We consider the 25 bandit environments M(€) (characterized by € = (ex)i<p<r €
{—1, +1}%) defined by (u = p + €r)1<k<k- We write P, the probability with respect to
the environment M (e) at time n. We also write M (o) the environment defined by all K
first arms having a parameter o, and write P, the associated probability at time n.

The optimal oracle allocation for environment M(e€) is to play arm k < K, ti(e) =
Oepa 1/2
Zszl UéiaJrK/Q Zszl ‘7€¢OC+K/2

K 2
quadratic error of the resulting estimate is l(e) = (L ¢ HK/2)

n times and arm k > K, ti(e) = n times. The corresponding

. For the environment

(2K)?n
M (o), the optimal oracle allocation is to play arm k < K, t(o) = #K/Qn times (and arm
k> K, ty(o) = K;ﬁ{mn times).

Consider deterministic algorithms first (extension to randomized algorithms will be dis-
cussed later). An algorithm is a set (for all ¢t =1 to n — 1) of mappings from any sequence
(ri,...,7m¢) € {0,1} of t observed samples (where r4 € {0,1} is the sample observed at the
s-th round) to the choice of an arm I,4; € {1,...,2K}. Write Tg(r1,...,7r,) the (ran-
dom variable) corresponding to the number of pulls of arm & up to time n. We thus have
n= Zilz(l T

Now, consider the set of algorithms that know that the K first arms have parameter
ur € {p— a,p, 4+ o}, and that also know that the K last arms have their parameters in
{1/4,3/4}. Given this knowledge, an optimal algorithm will not pull any arm k£ < K more

O—JFOC . . . . .
than <7Ka,a+ NETT) 4>n times. Indeed, the optimal oracle allocation in all such environments
Tta - .
allocates less than Ko o V3K] 4>n samples to each arm & < K. In addition, since the

samples of all arms are independent, a sample collected from arm k does not provide any
information about the relative allocations among the other arms. Thus, once an arm has
been pulled as many times as recommended by the optimal oracle strategy, there is no

17



CARPENTIER, MUNOS AND ANTOS

need to allocate more samples to that arm. Writing A the class of all algorithms that do
not know the set of possible environments, A, the class of algorithms that know the set of
possible environments M (¢) and A,y the subclass of A, that pull all arms k& < K less than

O+ .
<7KU_Q+\/§K/4)71 times, we have

inf sup ER,, > inf sup ER,, = inf sup ER,,
A M(e) Ae M(e) Aopt M (e)

where the first inequality comes from the fact that algorithms in A, possess more information
than those in A, which they can use or not. Thus A C A..
Now for any € = (€1, ..., €x), define the events

K
Qe={w:YUC{l,...,K}: U] < 3 and Vk € U°, e, Ty > ext(o)}.
Note that by definition

U {{ (M {erTi < ekt<a)}} ﬂ{ N {&Tk > ekt(a)}}}.

luc{1,..K}:|U|=p keu keuc

Ceur

Q. =

p

By the sub-additivity of the probabilities, we have

P0)<y Y B {{ Ntk < et@N{ N {ekazemU)}}H.

p=1UC{1,...K}:|U|=p keu keuc

[=

The events {{ NievlerTr < ekt(a)}} N { Nieye texTr > et(a)}}} are disjoint for dif-
ferent €, and form a partition of the space, thus ) | Py [{{ NrevlenTr < 6;@5(0)}} N { Nreye teTr >

ekt(a)}}}] =1.
We deduce that

S R,() < Z% Y ow, H{ Nk < et} N LT = ekt(U)}}}]

€ € p=1uUc{1,..K}:U|=p keu keuc

:i > z[{m{em«kw)}}ﬂ{ﬂ{kaZGkW}}H

p=1Uc{l,. . K}:|Ul=p € ke keuc

K
3

=2 2
p=1UC{1,...K}:[U|=p
K

-2(3)
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Since there are 2/ environments ¢, we have

K
, 1 1<
min Py (Qe) < Z—KZ]P’U(QE) < 72

K
p
Bernoulli random variables of parameter 1/2. By Chernoff-Hoeffding’s inequality, we have
P>, Xp < EY=P(+ SR X — 3 < &) < exp(—K/72). Thus there exists ey such
that Py (Qe,..) < exp(—K/72).
Let us write p = Pc . (Qc,..) and py = Py(Qc,,,). Let ki(a,b) = alog(3) + (1 —
)log( %) denote the KL for Bernoulli distributions with parameters a and b. Note that
because VQ KL(P._. (.|9),Ps(.|2)) > 0, we have

K
Note that QLK o1 (

) = P(Zle X < %) where (X1, ..., Xg) are K independent

kl(p,po) < KL(Pe,;,,Po).

€min?

From that we deduce that p(log(p) — log(ps)) + (1 — p)(log(1 — p) — log(1 — ps)) <

KL(P.,_. ,Ps), which leads to
36
p < max(2 (KL(RM,IPU)) ,exp(—K/72)). (10)
Let us now consider any environment (¢). Let R = (r1,...,7) be the sequence of

observations, and let P! be the law of R; for environment M (€). Note first that P, = P?.
Adapting the chain rule for Kullback-Leibler divergence, we get

KL(P",P")

= KL(P.,P) +Z > PR 1) KL(PL(| Ry 1), PL(|RY))

t= 2 Rt 1

= KL(P., P! + Z [ S PrNRe)k(pt o)+ Y PN R)EI(n - a,u)]
t=2 Ry_ 1|6[t +1 Rtfl‘EItzfl

= kl(p—a, B Y Tl +kl(p+o,wE] Y Tl
kiep=—1 kiep=+1

We thus have, using the property that kl(a,b) < b‘zl_ib),

KL(IP)Eapa'):kl(M_a?M)EG[ Z Tk]"i_kl(u"i_aaﬂ)Ee[ Z Tk]

kiep=—1 kiep=+1
Oé2
<Eo[ Y Tk ]ﬁ
k<K
2
[0
Eo[) Tl po
k<K
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Note that for an algorithm in A,,;, we have Zszl T, <Tp. <K (#\%Kﬂl)n Since

a=4%and 0 < pu < § we have

O42

O+
KL(P, P,) < (K )
( ) Ko_o+V3K/4
2
< 40+aa—2n
g

—n
o2

2
o

< 8—n,
o

We thus deduce using Equation 10

)= p < max( (KL(P,,. ) ) exp(~K/72)

- 144 o2
— —MN.
- K o

€min (Q‘Emin

Now choose o < %(%)1/3 (asa =4 = "2—2) Note that this implies that P, (€Qe,,..) < 3.
Let w € Q¢ . We know that for w, there are at least % arms among the K first which

are not pulled correctly: either % arms among the arms with parameter y — o or among
the arms with parameter i + o are not pulled correctly. Assume that for this fixed w, there
are % arms among the arms with parameter y — a which are not pulled correctly. Let U (w)

be this subset of arms.

We write AT = 3, 0, Tr — %t(a,a) the number of times those arms are over pulled.
Note that on w we have AT > £¢(o) — t(s_,). We have

AT = —t(o) — —t(o-a) = = 6 |
610~ 5o = 5o k2" 65K oua + K/2
_ n——= n
“6Ko+K/2  6\3Ko/V2+K/2
11 1

S RN TN TN W (K20/2 - K?/2v2)n

%(1—1/\/5)071

1
2L R1/3,2/8
35 "

AV
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Thus on w, the regret is such that

3K 92 9 K )
Wk 1 K O + K /2
nvemin( ) > Z kZk (szl € / )

— Te(w) (2K)? n

K 2
Z wi%UI%JF Z wio} 1 (it 00+ K/2)

2
kel (w) Ti(w) kel (w)C Ti(w)  (2K) "
LK o2, (g Ko of6+K/2)° 1 (DL 00+ K/2)°
= K26 th(0—a) + 6AT/K 2K — K/6)2(n — AT) 2K)? m
K K
. , N <(Eilaeia+K/2)AT B I((Zizlasia—&—K/Q)AT )
1 (X8, 0aa + K/2) (Ko—a/6)n (T, ocjo—Ko—a/6+K/2)n
~ (2K)? n 6AT (K 0c;at+K/2 K 0eat+K/2)AT
(2K) (1 + (Zf(}l,a; e )> (1 B (Zf((_lzaeilal(:_a//G)JrK/Q)n>
1 (K e+ K/2)°
(2K)? n
. , ( (TK, oatK/2) AT >((2§ilaeia+K/z)AT)
1 it 0ga+ K/2) (S, ocjo—Ko—a/6+K/2)n (Ko—a/6)n
~ (2K)?2 n 6AT (K 0c,atK/2 K 0ot K/2)AT
(1 + ( Ko un . )> (1 B (Zf(il 051,1(XK:_@/6)+K/2)7L>
(AT)?
2C n3o
K1/3
> CWa

where C' is a numerical constant. Note that for events w where there are % arms among

the arms with parameter p + a which are not pulled correctly, the same result holds.
Note finally that P(Q¢ ) > 1/2. We thus have that the regret is bigger than

IE‘RnaGmin Z Z Rnyﬁmin (w)]P)Emin ((A})

weggmin
K1/3
> ) C— 573 Pewin (W)
WGngin
1 Kl/?)
2 50

which proves the lower bound for deterministic algorithms. Now the extension to random-
ized algorithms is straightforward: any randomized algorithm can be seen as a static (i.e.,
does not depend on samples) mixture of deterministic algorithms (which can be defined
before the game starts). Each deterministic algorithm satisfies the lower bound above in
expectation, thus any static mixture does so too.
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Appendix B. Main technical tools for the regret and pseudo-regret
bounds

B.1 The main tool: a high probability bound on the standard deviations

Upper bound on the standard deviation: The upper confidence bounds Bj; used
in the MC-UCB algorithm is motivated by Theorem 10 in (Maurer and Pontil, 2009) (a
variant of this result is also reported in (Audibert et al., 2009)). We extend this result to
sub-Gaussian random variables.

Lemma 11 Let Assumption 1 hold and n > 2. Define the following event

< 20,/ 1082/0) L

§=Ekn(d) = N ' L ;
i (11)

t—1
1<k<K, 2<t<n

1 2
. (ch,z‘ 7 Z Xk,j) — o
=1 7j=1

. \/c15(1+cz+log(cz/5)) 1/2 _
where a = \/2c1 log(ce/0) + WA . Then Pr(¢) > 1 —2nKo.

Note that the first term in the absolute value in Equation 11 is the empirical standard
deviation of arm k computed as in Equation 7 for ¢t samples. The event £ plays an important
role in the proofs of this section and a number of statements will be proved on this event.
Proof
Step 1. Truncating sub-Gaussian variables. We want to characterize the mean and
variance of the variables X}, given that | X, — ui| < \/ci1log(ca/d). For any positive
random variable Y and any b > 0, E(YI{Y > b}) = [[“P(Y > €)de+bP(Y > b). If we take
b = c¢11og(ca/0) and use Assumption 1, we obtain:

“+oo
E || Xk — meT{| Xpp — pui|* > b}] = / P(| Xkt — pil® > €)de + bP(| Xy e — pur|” > b)
b

+oo
< / ca exp(—e/cy)de + beg exp(—b/cy)
b

< 16 + ¢ log(ca/d)d
< 01(5(1 + IOg(CQ/(S)).

We have E[\Xk,t — 21| Xp — pu? > b}] +E[[Xk7t — k21| Xy — pu? < b}} = o2,
which, combined with the previous equation, implies that
E[((Kna = ) = 02 T{1 X — sl > b} ]|

]P(|Xk,t — pgl? < b)

< c16(1 + log(ca/8)) + do?
- 1—90 )

E[120s = sl | [Xie = gl <] = 0| =

(12)

22



MINIMAX STRATEGY FOR STRATIFIED SAMPLING MONTE CARLO

Note also that Cauchy-Schwartz inequality implies

B [(Xs = ) T{I X = el > 0} ]| < \/E[<Xk,t — e PI{| X = > 0} |
< /e15(1 + log(ca/9)).

Now, notice that IE[XM]I {1 Xes — pil? > b} } +E [Xk,tﬂ (1 Xks — 2 < b}} — up, which,
combined with the previous result and using n > K > 2, implies that

‘E[(Xk,t_ﬂk>]1{‘Xk,t_Nk|2 > b}” _ \/015(1+10g(02/5))

P(‘Xk,t — p)? < b) - 1-9 , (13)

i — p| =
E |:Xk,t]1{|Xk,t_Nk|2§b}i|
P(‘Xk,t—ﬂk\zﬁb)

_o def -
We note 62 = V[Xk,t | | X g —pel? < b] = E[’Xk,t_/ikP | | X g —pel? < b}_(ﬂk—ﬂk)Z‘
From Equations 12 and 13, we derive

where fi, & E[Xk:,t | [ Xkt — pl® < b} =

67 — op| < ’E[\Xk,t — mel® | X — prf* < b} - U;%’ + |k — el
< c16(1 + log(ca/8)) + do3 N c10(1 4+ log(ea/9))

- 1-9 (1—9)?
2¢16(1 + log(c2/d)) + do3
- (1—9)2 ’

from which we deduce, because G,% < cieo
V2¢16(1 + ¢ + log(ca/6))
1-96

Step 2. Application of large deviation inequalities.
Let &1 = &1,k (6) be the event:

{1 = N {|Xk,t_,uk’§ \/m}

1<k<K, 1<t<n

|0k — ox| < . (14)

Under Assumption 1, using a union bound, we have that the probability of this event is at
least 1 — nK§.
We now recall Theorem 10 of (Maurer and Pontil, 2009):

Theorem 1 (Maurer and Pontil (2009)) Let (X1,...,X¢) be t > 2 i.i.d. random vari-
ables of variance a* and mean p and such that Vi < t, X; € [a,a+ c]. Then with probability
at least 1 — 0

1 1 2 log(2/9)
‘ o (X)) —"‘“C 1

i=1 j=1
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On &, the {X};}i, 1 <k < K, 1<1i<taretiid. bounded random variables with
standard deviation oy.
Let & = &2 k.n(0) be the event:

c1log(ea/0) M

1 < 1 o 2
52: ﬂ mZ(Xk,z’—szk,g) —op| <2
j=1

1<k<K, 1<t<n i=1

Using Theorem 10 of (Maurer and Pontil, 2009) and a union bound, we deduce that
Pr(¢ Né&) > 1—2nK4.
Now, from Equation 14, we have on £ N, forall 1 <k < K, 2 <t <n:

< 2y/cplog(ca/d)/ lotg(_2/15)

N V2¢16(1 + ¢ + log(c2/6))

1 < 1< 2
| ()

=1

1-0
log(2/6
< 24/2c; log(ca/9) og(t/)
V2¢16(1 + ¢ + log(c2/6))
+ )
1-0
from which we deduce Lemma 11 (since {3 N& C € and 2 <t < n). |

We deduce the following corollary when the number of samples T} ; are random.

Corollary 12 For any k = 1,...,K and t = 2K,...,n, let {Xy;}; be n i.id. random
variables drawn from vy, satisfying Assumption 1. Let Ty be any random variable taking
values in {2,...,n}. Let (7,%15 be the empirical variance computed from Equation 7. Then,
on the event &, we have: 7

log(2/0
64 — o] < 2a Og(kt/) . (15)

B.2 Other important properties

A stopping time problem: We now draw a connection between the adaptive sampling
and stopping time problems. We report the following proposition which is a type of Wald’s
Theorem for variance (see e.g. Resnick (1999)).

Proposition 13 Let {F;} be a filtration and X; a Fi-adapted sequence of i.i.d. random
variables with variance 0. Assume that F; and the o-algebra generated by {X; :i >t + 1}
are independent and T is a stopping time w.r.t. F; with a finite expected value. IfE[X?] < oo

then
T 2
(357
i=1

E = E[T] 0% (16)
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Bound on E [|ﬂkn — g T {50} ] . The next lemma provides a bound for the loss whenever
the event £ does not hold.

Lemma 14 Let Assumption 1 holds. Then for every arm k:
E[|fnn — pn|’1 {fc}] < 2c1n?K6(1 4 log(ca/2nK5)) .

Proof Since the arms have sub-Gaussian distribution, for any 1 < k£ < K and 1 <t < n,
we have

P(| Xkt — pil® > €) < coexp(—e/er) ,
and thus by setting € = ¢1 log(ca/2nK6)'3, we obtain
P(| Xk — pe? > log(c2/2nK0d)) < 2nK§ .
We thus know that

E[| Xy, — up?T{Q
Q/]P’(gl)i)énKé U kit Mk’ { }]

< / coexp(—e€/cy)de + ¢1 log(02/2nK5)IP’<Q)
c1 log(ca/2nK )

= 2c1nK6(1 + log(ca/2nK0)) .

Since the event ¢¢ has a probability at most 2nK¢, for any 1 < k < K and 1 <t < n, we
have

Bl X, — w21 L€ ] < El Xy, — up|2T{QYV] < 2e1nK6(1 +1 mK©d)) .
[ Xks — I {€ }]_Q/P(gﬂ)gnm [ Xkt — puT{Q} | < 2¢1nKb(1 + log(c2/2nK6))

The claim follows from the fact that E[|f, — k21 {¢C} ] < S0 E[| Xim —pePT{€°}] <
2c1n2K6(1 + log(cz/2nK9)). |

B.3 Technical inequalities

Upper and lower bound on a: If § = n~ /2, with n > 4K > 8

_ og(c \/615(1 +c2+ log(C2/5))n1/2
@ = Vaelogla/0) + 2= e S

< Vier(er + Dlog() + 5 Va2 e2)
< 2/2¢1(cy + 2)log(n).

We also have by just keeping the first term and choosing ¢y such that ¢y > ed = en~7/2

- Verd(1+ ca +log(ca/8)) 49
a = \/m+ (1 o 5) 2log(2/5) n
> V21 > \/er.

13. Note that we need to choose co such that co > 2nKé§ = 2Kn %2 if § = n~ /2,
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Lower bound on ¢(§) when § = n~7/2:  Since the arms have sub-Gaussian distribution,

forany 1 <k < K and 1 <t <n, we have
P(| Xkt — pl* > €) < cpexp(—€/c1) ,
We then have
o0
B[ Xes — i) < [ coexp(~c/er)de = eac
0

We then have X, < /cacq.
If § = n~7/2, we obtain by using the lower bound on a that

2a+/log(2/9) )2/3
Yuw +4aq/log(2/0)

1 Ew )2/3
2%, +4a+/log(2/0)
1 o )2/3

2 Y +44/c1log(n)
2 2 2 2
o) () 2GR ()

by using >, < /cacy for the last step.

c(d = n_7/2) =

N = N

v

v

(
(
(
(

Upper bound on E[|jy,, — pu[*1{¢“} | when § = n~7/2:  We get from Lemma 14 when
§ =n~7/2 and when choosing ¢y such that co > 2nKd = 2Kn~5/?

E[|ftgn — e T{€°} ] < 2e1n? K6(1 + log(ca/2nK6))
<20 K(1+ g(cz +1) log(n))n_3/2
< 6¢1K (o + 1) log(n)n=3/2.

Appendix C. Proof of Theorems 2 and Proposition 4

In this section, we first provide the proof for an important Lemma on the number of pulls
of the arms, and then use the result to prove Theorem 2 and Proposition 4.

C.1 Problem dependent bound on the number of pulls

Lemma 15 Let Assumption 1 hold. Let 0 < 6 < 1 be arbitrary and and n > 4K. The
difference between the allocation T, , implemented by the MC-UCB algorithm described in
Figure 1 and the optimal allocation rule T, has the following upper and lower bounds, on
¢ (and thus with probability at least 1 — 2nK5) forany arm 1 <p < K:

108(2/9) 108(2/9)
~12a), Ogg/ Vi —AK\, < T, — T < 12a 08(2/0) o 4k (17)
I i ’ Cn A2

W min W Y min
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Verd(1+ea+log(c2/9)) 172

where a = \/2c1log(ca/6) + (1—6)~/210g(2/6)

In Equation 17, the difference T}, ,, — T}, is bounded with O(y/n). This is directly linked
to the parametric rate of convergence of the estimation of o, which is of order 1/y/n. Note
that Equation 17 also shows the inverse dependency on the smallest proportion Apiy.
Proof [Lemma 15] The proof consists of the following three main steps.

Step 1. Properties of the algorithm. Recall the definition of the upper bound used in
MC-UCB when t > 2K:

w . log(2/6
Bq,t+1=th<0’q,t+2& gIE{)), I<g<K.
q7 q7

From Corollary 12, we obtain the following upper and lower bounds for B ;11 on &:

log(2/6
Ze% < Bgi+1 < ;}i <0q +4a ogT(/)> (18)
q,t q,t q,t

Let t+1 > 2K be the time at which a given arm k is pulled for the last time, i.e., T} ; =
Tkn—1and T (t+1) = Tk,n- Note that as n > 4K, there is at least one arm k such that this
happens, i.e. such that it is pulled after the initialization phase. Since Apy;c_ycp chooses
to pull arm k at time ¢ + 1, we have for any arm p

Bpi+1 < Bigy - (19)
From Equation 18 and the fact that T} ; = T}, ,, — 1, we obtain
wg log(2/0) wg log(2/0)
B < — 4 = day | ———= . 20
kit S <Uk +4a s Tom — 1 ok +4a Tjn — 1 (20)

Using the lower bound in Equation 18 and the fact that T},; < 7T}, ,, we may lower bound
Bpty1 as

Wy,0 Wy0.
By > 22> 2P (21)
P Tp,t Tp,n

Combining Equations 19, 20, and 21, we obtain

wpop W log(2/4)
< day| 20 22
Tym — Tom — 1 (U’“ M T (22)

Note that at this point there is no dependency on ¢, and thus, the probability that
Equation 22 holds for any p and for any k such that arm k is pulled after the initialization
phase, i.e., such that T}, > 2, is at least 1 — 2nKJ (probability of event &).

Step 2. Lower bound on 7,,. If an arm p is under-pulled compared to its optimal
allocation without taking into account the initialization phasei.e., Ty, —2 < Ap(n — 2K),
then from the constraint ), (T}, —2) = n—2K and the definition of the optimal allocation,
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we deduce that there exists at least another arm k that is over-pulled compared to its optimal
allocation without taking into account the initialization phase, i.e., T, — 2 > Ag(n — 2K).
Note that for this arm, T}, — 2 > Ag(n — 2K) > 0, so we know that this specific arm is
pulled at least once after the initialization phase and that it satisfies Equation 22. Using
the definition of the optimal allocation T;n = nwyoy /Xy, and the fact that Tj , > A\g(n —
2K) + 2, Equation 22 may be written as for any arm p

WpTp _ Wk n 4 log(2/0)
Tpm T} (n - 2K) (U’“ * a\/Ak(n —2K)+ 1

Vog(@
< Ty B g Og V10s(2/9)

because n > 4K. The previous Equation, combined with the fact that A\x > Apin, may
be written as

WpTp _ Sy + 12 log(2/0) n 1KY, .

T, n 3/213/2 n2
p,n n3/ Ain

(23)

By rearranging Equation 23, we obtain the lower bound on 7}, ,,:

V1og(2/5)
Ty > WpTp > 77, 12ap, Y208 : /2 Vi—4KN,,  (24)
Suw | 19 \/1og(2/6) 4 4Ky, oA

W min
3/213/2 n?
n3/2) in

where in the second inequality we use 1/(14+x) > 1 —z (for x > —1). Note that the lower
bound holds on ¢ for any arm p.

Step 3. Upper bound on T}, ,. Using Equation 24 and the fact that )", T}, = n, we
obtain

T =n=3 Thn < (0= Ti,) + > (1200, V;g 2/9) VI AKN) |

3/2
k#p k#p k#p W min

And we deduce because Z,ﬁép A <1

V10g(2/5)
Tpn < T}, + 120328 3/2 i+ 4K . (25)
S

W min

The lemma follows by combining the lower and upper bounds in Equations 24 and 25. H

C.2 Proof of Theorem 2

We are now ready to prove Theorem 2.
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Proof [Theorem 2] By definition, the pseudo-loss of the algorithm is

2 01% = 2 01% = 2 Ul% c

o }: wE[ 115}+ wE[ T{¢ }
Ton Z T, {¢} ; T, {€7}
K o2 K o2

<S4y u e

where Ty, is the lower bound on T}, ,, on the event &, and also because T}, ,, > 2 by definition
of algorithm MC-UCB.

Using Equation 23 for wyoy /Ty, (result of Lemma 15, which is equivalent to using a
lower bound on T ,, on the event &), we obtain

b
I

\
b
l‘

Zwk o} < Zwkgk( 412 log(2/0) N 4K§w>

*k n = S/ZA?r{i "
»2 V1og(2 2
< Zu | 90y, 0g(2/9) N 4K2w.
n n3/2>\i{ii n2

Finally we have, because of Lemma 11 tells us that P(£¢) < 2nKJ, that

»2 log(2/8) 4KX2
E[L,] < 22 4 1245, Y 28(2/9) + Yy onks
3/2
n n3/2/\min n?
2 log(n) 4KX2 %,
< 168+/2¢1(c2 + 2) log(n) ., ETONIE ey )
min
»2 1 5KY
< Zu 4 168\ /201(cp F 28 281 w2,
n 3/2)\31{31 n

where we use a < 21/2¢1(c2 + 2)log(n) and § = n~7/2. Those bounds are made explicit in
Appendix B.3.
This concludes the proof.

C.3 Proof of Proposition 4

We are also ready to prove Proposition 4
Proof [Proposition 4] The proof consists of the following two steps.

Step 1. T}, ,, is a stopping time. Consider an arm k. At each time step ¢+ 1, the MC-UCB
algorithm decides which arm to pull according to the current values of the upper-bounds
{Bk,t+1}k- Thus for any arm k, T}, (,41) depends only on the values {Tj ¢ }x and {6 ¢}x- So
by induction, T}, ;11) depends on the sequence {Xk1,... ,Xk;rk,’t}, and on the samples of
the other arms (which are independent of the samples of arm k). We deduce that T} ,, is a
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stopping time adapted to the process (Xpt)i<n.

Step 2. Bound on Zszl wiE{(ﬂkn - Hk)ﬂ . By definition, we have

K

ZwkE[Mkn Mk] ZwkE[Nkn 1ik) H{é}}""zwkﬂi[ﬂkn k) H{ﬁc}}

k=1

Using the definition of fix ,, and Proposition 13 we bound the first term as

K

S B[ — ue1e)] < 3 up AEDee]. (26)

k=1 k=1 =k,n

where T, , is the lower bound on T} ,, on the event &.
Note that as ), T} ,, = n, we also have ), E[T}, ,] = n.

Using Equation 26 and Equation 23 for wyoy /T, ,, (which is equivalent to using a lower
bound on T}, on the event &), we obtain

K

K
T’“” log(2/0)  4K%,\2
kz —k,n ;( n3/2)\3/2 + n2 ) E[Tk,n] (27)

Equation 27 may be bounded using the fact that ), E[T} ,] =n as

K 2
ET} Yw log(2/6 4K3,\2
wzak [Qk ] < ( 1124 0g<3?2) i = ) n
k=1 Ik,n " ng/z)\min "
T log(2/6 K2 log(2 K?x2
n nb/2 A?n/ii n3 n3X3 n
32 log(2/6 K22 log(2/6 K22
n /2)\%1 n n2xs . n
2 log(2/6) 16
< w ( 2 2 )
s + 24a, n3/2)\3/.2 + )‘f’nin"Q K¥: +18a”1og(2/6)
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From Lemma 14, we have E[(ﬂkn - ,uk)Q]I{fc}} < 2¢1n?K6(1 + log(cz/2nK6)). Thus
using the previous equation, we deduce

K
) n2 log(2/0) 16
> B[ — m)?] <72 + 2403, /i#) + 5 (K22 + 1802 10g(2/0))

k=1 n min min?
+ 2c1n? K6(1 + log(ca/2nK6))

2 log(n 16
<7} 5405, gg/g) +
n 2)‘min )‘minn

; <KZ%U + 90a? log(n)>
n

+ 6¢1K (o + 1) log(n)n =3/

2 1
<=y 3(;%3/2 (1122 Ver(es +2) + 6e (e + 2 K)
min

19
)\3

IIllIl

+ (1@2 +720c1(cz + 1) log(n) )

where we use a < 24/2¢1(cz + 2) log(n) and E[|fug n— kL {9} | < 61K (c241) log(n)n=3/2.
Those bounds are made explicit in B.3.
The Theorem follows by expressing the regret.

Appendix D. Proof of Theorems 3 and Proposition 5
Again, we first state and prove the following Lemma and then use this result to prove
Theorem 3 and Proposition 5.

D.1 Problem independent Bound on the number of pulls of each arm

Lemma 16 Let Assumption 1 hold. For any 0 < § < 1 and for n > 4K, the algorithm
MC-UCB satisfies on &, and thus with probability at least 1 — 2nK§, for any arm p,

1 log(2/6
I (24aK1/3Z Ay Ogc<(5§)m/3 +12K Aq)7 (28)
and
1 [log(2/0)
< T* 1/3 o\e/Y) 2/3
Ty < Tppp + (24aK s\ o) " + 12K2w), (29)

_ 2a4/log(2/6) 1 2/3 Vers(L+eatlog(c2/9)) 172
where 6(6)—(—2“4& 1og(2/5)K) and a = /2¢1 log(ce/0) + ooy "

Unlike the bounds proved in Lemma 15, the difference between T}, , and T};,, is bounded

by 5(712/ 3) without any inverse dependency on Apin.
Proof [Proof of Lemma 16]

31



CARPENTIER, MUNOS AND ANTOS

Step 1. Lower bound of order 5(n2/3). Let k£ be the index of an arm that is such that
Tin — 2 > wi(n — 2K) (this implies Ty, , > 3 as n > 4K, and arm k is thus pulled after the
initialization)14. Let t +1 < n be the last time at which it was pulled, i.e., T ; = Ty , — 1
and T} ;41 = T} . From Equation 15 and the fact that T}, ,, > wyn, we obtain on §

og (2 /5)> _ (max, o, + 4a 1og(2/5))

; (30)

Tk,t n

Byt < 2k o +4a
Tht

where the second inequality follows from the facts that T}, > 1, wyor < ¥y, and wy, <
> wi = 1. Since at time ¢ 4+ 1 the arm & has been pulled, then for any arm ¢, we have

By < Byy. (31)
From the definition of By, and also using the fact that T;,; < T, ,, we deduce on & that
log(2/6 v/1og(2/6
By > 2awqg37(/2/) > 2awqg37(/2/) . (32)
Toy Tom
Combining Equations 30-32, we obtain on &

log(2/4) o max, oy + 4ay/log(2/6)

q 3/2 =
Tq,{q[ n

Finally, this implies on £ that for any ¢,

2 log(2 2/3
Tq,n > ( awq Og( /6) n) / . (33)
Yw + 4ay/log(2/0)

In order to simplify the notation, in the following we define

o) = ()

Yuw + 4ay/log(2/0

thus the lower bound on T, ,, on { writes T}, , > wg/Sc(d)nQ/B’.

Step 2. Properties of the algorithm. We follow a similar analysis to Step 1 of the proof
of Lemma 15. We first recall the definition of B, ;11 used in the MC-UCB algorithm

w, . log(2/6
Buons = 0 [2E200),
q7 q?

Using Corollary 12 it follows that, on ¢

WyO w log(2/6
T8 < Byii1 < T—q <0q + 4a ‘gT(/)) (34)
q,t q,t q,t

14. Note that such an arm always exists for any possible allocation strategy, as n — 2K = Zq(Tq,n —2),
1 =73, wq, and Vg, wg > 0.
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Let t +1 > 2K + 1 be the time at which an arm ¢ is pulled for the last time, that is
Ty = T, n —1. Note that there is at least one arm such that this happens as n > 4K. Since
at t + 1 arm ¢ is chosen, then for any other arm p, we have

Bpt+1 < Byt - (35)

From Equation 34 and T, ; = T}, , — 1, we obtain on §

w log(2/4) w log(2/6)
B <4 4 = 4 day | ——= . 36
qt+1 > Tq7t (Uq +4a Tq,t Tq,n 1 Oq +4a Tq,n 1 ( )

Furthermore, since T}, ; < T, ,, then on §

Wy, o wW,0
pOp pOp

Bpit1 > > —.
Dt jp,n

Combining Equations 35-37, we obtain on &

wpop log(2/6)
Ton—1) < day | ———= .
Tpm (Tqn — 1) S wq (Uq +2a Ty — 1

Summing over all ¢ such that the previous Equation is verified, i.e. such that T, , > 3, on
both sides, we obtain on &

D% N (T -1< Y wq<aq+4a W).

b (I|Tq,n23 Q|Tq,n23 T(Ln B 1
This implies
WO K log(2/4)
PP (n—2K) < wy| og +4ay | ——— . 38
70 =280 € 3 oy [ 75 (38)
Step 3. Lower bound. Plugging Equation 33 in Equation 38,

Wpop log(2/6)
——L(n—2K) <Y wy| o, +4ay | —"+

< qu (aq—l—éla 21og(2/9) >

p w§/3c(5)n2/3
log(2/9) log(2/9)
Z 2/3 1/3
< Ew - 4awq/ 2@((5)77,2/3 < Ew 6aK / 0(5)77,2/3 )

on &, since Zq wg/s < K'Y/3 by Jensen inequality and because Tyn—12> % (as Tyn > 2).

Finally as n > 4K, we obtain on £ the following bound

Tpm n c(0) n?
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We now invert the bound and obtain on ¢ the final lower-bound on 7},,, as follows:

Wpop log(2/4)

1
Tpn > > T 24aK1/32—>\p Tn2/3—12K)\p,

- p’n_
ETW+24(LK1/3 10%:((%6)1174/3_{_ 122(2211, w c(9)

as 14% > 1 — x. Note that the above lower bound holds with high probability for any arm
.

Step 4. Upper bound. An upper bound on 7}, ,, on £ follows by using 7}, , = n—zq#p Tyn
and the previous lower bound, that is

1 log(2/0)
* 1/3 2/3
Tpn <n—> Tr,+ (12K)\q+24aK / M @) " / )
a#p q#p v

1 [log(2/9)
< T* 1/3 2/3
<T,,+ (24@[( s\l e n*° + 12K),

w c(6

because », ., Ag < 1. [ |

D.2 Proof of Theorem 3

We are now ready to prove Theorem 3.
Proof [Theorem 3]
By definition, the pseudo-loss of the algorithm is

K 2 K 2 K 2
g g g
E[L,] = ngE[Tk } - ngE[Tk ]I{&}} +Zw,§E[T’f ]1{50}}
k=1 kns k21 kon k=1 kon
K 0_2 K 0_2
< 2 Ok 2k p g
;wka7n+;wk2 (€9)

where T’ ,, is the lower bound on T}, ,, on the event £, and also because Tj ;, > 2 by definition
of algorithm MC-UCB.

Using Equation 39 for wyoy /T ke (result of Lemma 16, which is equivalent to using a
lower bound on T}, ,, on the event §), we obtain

K 2 K
Yw log(2/58) _ 12KY,
ZwQ Tk Szwkﬂk(7+24af(l/3 og(( g )n RA R 2 )

k
k=1 Ty k=1 c(d n
2 log(2/6 12K %2
< Zu | o4ar 3y, [10BE0) s —5 (40)
n C n
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Finally we have, as by Lemma 11, we know that P(£¢) < 2nKJ, that

2 log(2/8) _y 3 12K%2
— N
c(6 n2

E[L,] < =% + 24aK'/3%,, Ty, 9nKS
n

32 1 5KY
< 710 +3361/2c1(c2 + 2)(Vez + 1)*P K135, og;(/?)) + 2w,27

n

2/3
where we use a < 2y/2¢1(c2 + 2)log(n), c¢(5) > (\/%H) and § = n~"/2. These bounds

are made explicit in Appendix B.3.
This concludes the proof.

|
D.3 Proof of Proposition 5
We are also ready to prove Proposition 5.
Proof [Proposition 5]
We decompose Zle wiE[(ﬂk,n — uk)Q] on ¢ and its complement:
K
ZwkE[ [k — Hr) ] ZwkE[ [k — Hi) H{E}} +ZwkE[ [k — Hr) H{fc}}
k=1 k=1 k=1
Using the definition of /i, and Proposition 13 we bound the first term as
K
90 2R Tk
ZwkE[ fikn — )1} < Z kBl (41)
k=1 =1 kn

where T'), , is the lower bound on Tk, on &.

Note also that as >, Ty, = n, we also have ), E[T},] = n. Using Equation 41 and

Equation 39 which provides an upper bound on £ on 1%’“‘7; (and thus a lower bound on £ on

Ti.rn), we deduce

K log(2/6 K%,
;wkE[ fin — )’ 1{E} | < > (22 + 210 %n—4/3+%)2E[Tk -

Using the fact that Y, E[T} ] = n, Equation 42 may be rewritten as
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log(2/9) 43 n 12K2Ew)2n

K
> 0B [ - 1) ] (22 + 2107, [EC "

k=1

Y 48%,,aK?/3 [log(2/6
<(7)2+ a 0g(2/0)

n n7/3 ()
12K%2 115262 K*31og(2/5)  288K?%2
+ + )n
n3 n8/3 c(0) n*
X2 48%,aK? [log(2/9)
T n n4/3 c(6)
N 12K%2 115262 K%/ log(2/9) N 288 K252
n? nd/3 c(0) n3

»2  48%,aK?%3 [log(2/8 log(2/6
< w+ 8 a Og( /)+@(4G2K4/3 Og( / )+KE12U>

n n4/3 c(9) n c(0)

From Lemma 14, we have E[(ﬂk,n - uk)Q]I{gc}} < 2¢1n2K6(1 + log(ca/2nK6)). Thus

using the last equation and the fact that § = n~"/2, the loss is bounded as

K
> wik [(ﬂk‘,n - Hk)ﬂ
k=1

¥248%,aK?3 [log(2/6) 300/ o ./53l08(2/6)

<Zw w N T (4a? KB =2 L K32 ) 4 2002 K6(1 + 1 2nK
S + A7 () + 2 ( a () + w)+ cin“K(1 + log(ca/2nK))
Y2 96%,aK 173 300 272 2/3 2
POy log(n)(y/cz + 1) +F<l6a K?log(n)(y/cz + 1) +sz)

+ 6¢1K (¢34 1) log(n)n=3/2

T, 200V/cic + 280K

1/3
o Y log(n)(y/c2 +1)
365

5 (16a2K2 log(n) (vez + 1) + K32 + ¢1(ca + 2) K log(n)

2. 9 2)%, K
Zh, 200C(e +2)Tuk | 365

<

w

=7, nA/3 log(n) + 0372

(12901(02 +2)2K % log(n)? + Kzfu) .

2/3 R
where we use a < 24/2¢1(c2 + 2)log(n), c(8) > (\/éﬂ) and E[|fig, — ui21{¢€}] <
6¢1 K (co + 1)log(n)n~3/2. Those bound are made explicit in B.3.
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Appendix E. Comments on problem independent bound for GAFS-WL

Let n > 4 be the budget. We face a two-arms bandit problem with w; = wy = % and such
that (i) the distribution of the first arm is a Bernoulli of parameter p = ﬁ with e such
that 1/6 > ¢ > 0 and that (ii) the distribution of the second arm is such that oy = 1 and
bounded by c.

Note that

1
Wsalgm and 0'2:1,

because o1 = /p(1 — p) and that thus

—1/4—€/2\2 —1/4—¢/2
L*§(1+n ) S1+3n Si-i- 1 '
" 4n 4n dn ~ nd/Ate/2
We run algorithm GAFS-WL on that problem. Note that algorithm GAFS-WL pull
each arm |ay/n| times and then pull the arms according to %
We call {Xp, 4 }p=12u=1,.n the samples of the arms.
Note that:
1
IP’(XLl — 0,0, Xy (aui| = o) > (1=~
an~¢
> (1 — ayn
2 (1=~ \/ﬁ)

> (1 —an ) exp(—an~¢) > (1 —an"°)2.

Note on the other hand, that P(|69, 5 — 1| > 27”\25&/5)) < 4. This means that with

probability at least 1 — 2exp(—ay/n/4), we have 65, m > 0.

The probability that ¢, , 5 = 0 goes to 1 when n goes to +00. The probability that
G9,aym > 0 goes to 1 when n goes to +oo. This means that the probability that GAFS-WL
stops pulling arm 1 after ay/n pulls goes to 1 when n goes to +o00, and arm 1 is under-pulled
if € < 1/2 (it should be pulled n3/4=¢/2).

Note that on the event such that <X171 =0,..., X} |aym = O), we know that ﬂl’a\/ﬁ =0.

Note also that we know that as arm 2 is gaussian, we have E(fia,, — po)? < % The

2
performance of GAFS-WL then verifies

X 1 . . 1726\ ?
B[ Y whliinn — 1m)?| = - + P10y = 062005 > 0) (n727)
k

1

> =+ (1 - 2exp(~av/n/4)(1 - an~)? (n—1—26)
n
1 8 a 1

> = 4 (1-——)(1-22)——

~ 4dn + a\/ﬁ)( ne)n1+2€

S 1 1 8 2a

= 4n + nlt2e  gp3/2+2  pl+3e
1 1 10 max(a, 1/a)

z @ nlt2e o nl+3e ’
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where the last line is obtained using the fact that ¢ < 1/6. Note that we used the proxy
defined in paper Grover (2009) to measure performance, so that we can compare with their
bound.

We thus have

2
Y
e

1 10 max(a,1/a) 1
nlt2e nl+3e  p5/4+e/2

E[Z wi (e — p)?| —
k
1 11 max(a, 1/a)
= plt2e nlt+3e ’

(Mmasla.l/a)y1/e we have

again because € < 1/6. This implies that for n such that n >

. ¥z 1
E[sz(ﬂkn - Mk)ﬂ - ﬁ Z o1t
k

with e arbitrarily close to 0.

Appendix F. Proof of Propositions 6, 7 and 8

F.1 Proof of Proposition 6

We first prove that the bounds of Theorems 4 and 5 can be directly expressed as bounds
on the mean squared error E[(fi,, — p1)%] when the distributions of the arms are symmetric.

Proof [Proof of Proposition 6]

Step 1: Expression of E[(ﬂkm — ,uk) (ﬂq,n — Mq) Tk =T1,Tyn =Tp]. At each time step
t+1 > 2K, the MC-UCB algorithm decides which arm to pull according to the current
values of the upper-bounds {B)+1}p. Thus for any arm k, T}, ;1) depends only of the
values {T},+}p and {G,+}p. So by induction, T}, depends of the samples of the arms only
trough the K sequences {6} ¢ }p v<n-

Let us consider another arm ¢ # k. The samples of arm k and arm ¢ depend of each
other only trough (T}+)i<n and (Ty)i<n, and thus by induction only trough the sequence
{6pt'}pr<n- The samples are thus independent conditionally to the {7, ¢ }p v<n-
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This leads to:
E[(ﬂk,n - Mk) (/Aflq,n - /~Lq) ‘Tk n — T17 Tq n — TQ]

T
1
- E[(ﬁ ZX"«‘»“ - “k E :Xq, — Hq ‘Tkn T, Tgm = TQ}
u=1

T
1
- E[E[(ﬁ S X — 1) ZXq, — ) {Gp}pr<n]
u=1
P({6p,t’ }p7t’§n|Tk,n =T, T‘Ln = T2) |Tkv" =T, Tq,n - TQ]

Ty
1
= E[E[(ﬁ > X — 1) {0 o <n] P00 b <n| Ton = Tt Ty = T2) | T = Th, Ty = TQ}
u=1

Ts
1 . .
X E[E[(E Z Xgu — NQ) ‘{Up,t’}p,t’ﬁn]P({Up,t’}p,t’én‘Tk,n =T, Tyn = TQ) ’Tk,n =T, Tyn = TQ}?
u=1
(43)
where the X, ,, are the u-th samples pulled from arm p.

Step 2: The distribution of Zzzl Xju — i conditioned on {6, }, <, is symmet-
ric. Consider an arm k, and a time T'. As the distributions v} is symmetric, % 25:1 Xiu—
;. conditioned on {6}y <y is symmetric.
T . . T
As 73—y Xku— i depends on {6y, 1} psg. 1< only trough {G p}r<n, the 30,y Xgu—
i conditioned on {7y, 4 }y <y, is independent of {6 ¢ }psi +'<n. The distribution of % 25:1 Xku—
;. conditioned on {6, ¢ }p<p is thus symmetric around 0, as vy, is symmetric around .

This leads to
T

Z — Mk |{Upt’}p t’<n] =0. (44)

Step 4: The cross products E[(i, — i) (g, — 114)] are null.  We combine Equations
43 and 44 to get

E[(ﬂk,n - ﬂk) (ﬂq,n - Hq) ’Tk,n = T17 Tq,n = TQ]
- E[O]Tk,n =T\, Tyn = TQ}E[O|T1€’” S TQ] —0,

Now note that
E [(ﬂk,n - Mk) (ﬂqm - :uq)}

n n
= Z Z ]E[(ﬂk,n - Nk) (ﬂq,n - ,Uq) |Tk,n - T17 Tq,n = TQ}P(Tk,n = Tla Tq,n = T2) = 07
T1=2Th=2

where we use the previous Equation at the end.
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Finally, we conclude the proof with

E[(ﬂn - M)Q] =B [( i wi(fikn = “’“))2}
k=1

K
Z w,%E [(ﬂk,n — ,uk)ﬂ +2 Z wkqu [(/lk,n - Mk)(,&q,n - IU"I>
k=1 k#q
= Ln(Amc—-veB)-

F.2 Proof of Propositions 7 and 8

We also relate the bounds in Theorems 4 and 5 to a bound on E[(fi,, — 1£)?] in the general
case. The proof Propositions 7 and 8 are very similar up to the end, where we use for the
problem dependent Proposition 7 the results of Lemma 15, and for the problem independent
Proposition 8 the results of Lemma 16.

Proof

Step 0: A useful Lemma.

Lemma 17 Let X be a random variables such that E(X) = 0. Let (y)u=1,...p be a partition
of the space of random events. Let (ay)u=1,...p be a positive decreasing sequence of random
numbers. We have

E(X ) aul{X € Q})| < (a1 — ap) VE(X?).

u=1

Proof
First note that as the sequence of a,, is positive decreasing, the following equation holds

p
XY ad{X € Q} < Xar[{X >0} + Xa,[{X < 0}.

u=1

This implies
p
E[Xzauﬂ{x c Qu}} < E[Xalﬂ{x > 0} + Xa,[{X < 0}}
u=1

< E[(al — ap) XT{X > 0} + ap, X(I{X < 0} +I{X > 0})

< (a1 — 4, )E[XT{X = 0}

A

< (a1 — ap)\/E[XQ]I{X > o}}

< (a1 — ap) E{Xz},
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where the fourth line follows by Cauchy-Schwartz.
By remarking that

p
XY aud{X € Q} > Xar[{X <0} + Xap[{X >0},

u=1

we prove in the same way that
P
E[Xzauﬂ{x €| > —(a1 —ap) E[X?].
u=1

Those two inequalities lead to the desired result.

Note first that

El(in — 1)2) = > wfE| (i — )] +2 D" wrwiB | (i — 28 (figm — 11q) -
k#q k#q

As problem dependent and problem independent bounds on Zk?éq w,%]E[(/ka,n — uk)Q] are

available in Theorem 4 and 5, it is sufficient to bound the cross-products.

Step 1: IE[( tTiln (Xt —Mk)) ( Zfif (Xgt —uq))} = 0. Let us denote by t; the moment
where the algorithm pulls arm & the t—th time.

Tin Tyn
E[ (30 (Xns = ) (3 (Xae = 110)) |

n

E[(3 (Xna = )T = 1) (D (Kot = 1)1 {Tyn > })]

t=1

~

=

3

n

E| (X = i) (X = 1) 1{ T = ¢} T{Tpn = 1}

W
Il
—_
S
Il
—

Il
M=
M=

E[(Xk,t — k) (Xgwr — pg) I{Tgn = '} I{Thpn >t} T {tss < t,”,}}

~~
Il
—
%
Il
._.

NE
NE

E [(Xk,t — Iuk) (Xq,t’ — /,Lq)H {T%Tl > t/} I {Tk,n > t} I {tk,t > tq,t’} } .

-
I

1¢

I
-

Let us call Fy, . ¢, = G(Xl,l, oo Xty XK1, -, XKty ) the multidimensional fil-
tration generated, for all k, by the ¢, first instance of the k—th arm. Note that the algorithm
MC-UCB disposes at time t of the informations from a certain F, ., where >, t; =t and
picks an arm (i.e. a dimension of the filtration) according only to information in Fy, ..
If the algorithm picks arm k, the information at the disposal of MC-UCB is, after pulling
arm k, in ftl,...,tk—i—l,...,tK‘
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Now let us consider consider two arms k£ and ¢. Note that the collection of events
T =0(Xgr) N {Tyn > '} N Tk > t} N {tgr > tew} is in Fy 41,0 indeed, no
information of X}, , with u greater than ¢ — 1 is needed in addition F, ;1 ., to know if
we are in an event of 7 and in which one. This means that X, ; is independent of all events
in 7. Finally, we have

E|(Xe = i) (X = 1)1 {Tyn = ¢} T{Thn = 1T {trs > o} |
=E |:(Xq,t’ - ,U/q)]I {Tq,n > t/} I {Tk,n > t}I[ {tk,t < tq,t’}E[(Xk,t - Nk) ‘]:n,...,tfl,.,.,nﬂ

= E|(Xgw — 1) 1{Tyn = ¢} 1{Tp = 4T {tis > 1o} 0] =0,

By summing and doing the same reasoning for arm ¢, we obtain that

Tk:,n n

E[(D (X = 1)) (D (Xt = 11a))| = 0. (45)

t=1

!

#
Il
—

Note that we have by doing a similar reasoning, that

Inin(Tkyn,Tk) min(Tq7n7Tq)
E [( Z ( Xkt — Hk))( Z (Xgv — :“q))] =0, (46)
t=max (T} n,T}) t/:maX(Tq,mIq)

where T';, T, T}, and Tq are any constants.

Step 2: Definition of an event 7 of high probability. We remind that on &, by
combining Lemmas 15 and 16, we have for all p,

Tp,n > Ip,n = max (T;,n — B\/’ﬁ7 T;,n — A)\pn2/3, En2/3)’

and
Ty < Ty = min (T, + DV, Ty, + Cn??).

where B and D are as in Lemma 15, A and C are as in Lemma 16, and E is as in the proof
of Lemma 16 (Equation 33). Note that B and D display an invert dependency in Apin, but
that A, C, and F do not. The probability of £ is more than 1 — 2nKJ.

Now let us define the event 7 such that for all p,
Ty 2 T, = max (T, = BV, Ty, — AXn®?, En?l?),

and
Ty < Ty = min (T;’n + Dy, TF + Cn2/3>.

? p7n

15. Here there are n at all positions except at the k — 1 where there is a t.
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Note that & C 7 because of Lemmas 15 and 16. We have, because of £ C T,
El(ign — pg) (e — 1) T{r)]| (47)
< VVE[(Agn — #0) T{rY /B[ — )T {7)]
< VElGtgn — p10) THEN Bt — pa) T {EY]
< 2¢1n?K6(1 4 log(ca/2nK6))
< 2¢1 K (1 + log(can®? /2K ))yn=3/?
< CTn_3/2, (48)

as in Appendix B and because § = n~7/2. Here C; = 2¢; K (1 + log(con®/?/2K)).
Step 3: Bounding the cross-products. Using step 1 and 2 together, we get

Tin Tan
E[ (0 (e = ) (3 (X = 10)) {7}
t=1 t=1
min(Tkyn,Tkyn) min(Tq,n?qu”)
= E[( Z (Xt — Mk))( Z (Xgpr — ,Uq))] =0.
t=max(Tk,n,T} ,,) t'=max(Tq,n,L, )

min (7] n,T n T ’I'L7T n
Let us call Z = ( t:m(a)lz(,Tk,::Z)k n)(Xk’t — i) ( ?l,nma‘;(qun :)Fq ) (Xqw —1q))- Note that
E[Z] = 0. We thus have by Lemma 17

‘E [(ﬂk,n - Mk) (/:Lq,n - Nq)]I {T}] ‘

min(Tk,nvfk,n) min(Tq,n,Tq,n)

1
= > (Xt — 1)) (— > (Xgp — Nq))} ‘
Tkn an
t= maX(Tkn,Tk ») ’ t’:maX(Tqm,Iq’n)
=[5 7.7
T, T
Ton Ton
= Z Z tt,H{Tkn tTn_t}’
t= Tkn I
1 1 1 1
SIE[ZQ](T T,n TinT, )
kn =qn kn Lgmn

Note now that

min(Tk,n’Tk,n) min(Tq,mTq,n)
B2 =[E[( Y Feeem)( Y (K- m)]|
t:max(Tk,n,Ik,’n) t/:max(Tq,n,zq’n)
min(Tk,n’Tk,n) min(Tq,n,Tq’n)
2 2
< B[ Y Gu-m)E[ Y K- w)]
t=max(Ty n, Ty ,) t'=max(Tq,n,L, ,,)

< oo
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From that, one gets

1 1 1 1)

-1 < T g £~
wk»wq‘ (Hk’,n /’Lk) ('uq,n )U/q) {7—} S WOk k7’an0-q q,n Ikﬂz I{Ln Tk7n Tq;n,

< 41422—27v TinTa

_ <Tk oTyn =TT,y n) (49)

B n2 Tk nTyn
222 1 -
<4A 2 o T (Tk,nT(L” - Ik,nzq,n> : (50)
Tk,an,n

where the second 1nequahty comes from the fact that Vp, T

Wpo Ew
implies that I’;: < o A2/3) < 2A=w

r,,>1,,—A\n 2/3_ which

Step 4: problem dependent upper bound We deduce from Equation 50 that

wkwq‘E [(ﬂk,n - Mk) (ﬂq,n - Mq)H {7}] ’

2
cawe L (T, Ty, T, T,,)

Tk,an,n
s n2 ((/\kn + D\/ﬁ) ()\qn + D\/ﬁ) — (/\kn — B\/ﬁ) ()\qn — B\/ﬁ))
=4AT \/()\kn + Dy/n) (Agn + Dy/n)

52 (D4 B0y + Ani + (D? = B2)n)
—442"w
2
" (kAgn? + (D + B)(Ap + Ag)nv/n + D?n)
A222 (D+B+D2) vn
n? (AkAq)
D+ B+ D2) »2
()‘k>\q) n3/2 '

Finally, we have
wkwq‘E[(ﬂk,n — i) (flgn — Mq)]I{T}] ‘ < O3, (51)
where O} = 4422+BD%)QptAg)

(AkAq) w
Finally, using Equation 48, we have

wkqu |:(/lk,n - ,Uk) (ﬂq,n - Mq)] =K [(ﬂk,n - ,Uk) (/lq,n - Mq)]I {g}] +E |:(/lk,n - Nk) (/lq,n - Mq)}I {gc}}
<32 4 32,
S (Cl + CT)n73/27

where Cy and C; depend only polynomially on log(n), on ¥, on K, on (c1,cz), and on
1

Amin *
This concludes the proof for the problem dependent bound.
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Step 4bis: problem independent upper bound From Equation 50, we deduce that

wkwq’E[ g — Mk) (ﬂq,n - Mq)]I {T}} ‘
222 1

" JTinTyn
) 22 (e + Cn2/3) (Agn + Cn?/3) = (Agn — An®/3) (A — An?/%))
\/ (Akn + Cn2/3) (Agn + Cn2/3)
222 ( (A+CO)Y(\p + Ag)nn?/3 + (C? —A2)n4/3)
(

<16A (Tk,an,n - Ik,nzq,n>

<16A

=16A

\/ MeAgn? + (A + C)(Ap + Ag)nn?/3 + C?n4/3)

(A4 C)(Ap + Ag)nn?/3 P A2)n4/3]
\/ A+ )Ny + Ann2/s  VCndf3

2
§16A2 Zu
n

22
§16A2n—;“ \/(A + CO)(A\p + A6 4+ Cn?/3

2
Zw
n7/6’

<1642 [\/(A+ )y +Ag) +C

Finally, we have

wiwy [ (i — 1t) (g — 1a)1{r} ]| < Con ™7, (52)

where Oy = 1642 |\/(A+ C) +C|¥2.

Finally, using Equation 48, we have

WEWq MEn — M) \Hgn — MHq)| = Hen — Bk ) (Bgn — Hq Hen — HE)(Hgn — Hq

E| (i ) (i )| =E|( ) (i JL{E}H | +E| (i ) (i )I{E}
< Con~ 8 4 732,
S (02 + CT)n77/67

where Cy and C; depend only polynomially on log(n), on ¥,,, on K and on (c1, ca).
This concludes the proof for the problem dependent bound.
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