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NON ASYMPTOTIC CONTROLS ON A STOCHASTIC ALGORITHM FOR
SUPERQUANTILE APPROXIMATION

M. COSTA  AND S. GADAT §

ABSTRACT. In this work, we study a new recursive stochastic algorithm for the joint estima-
tion of quantile and superquantile of an unknown distribution. The novelty of this algorithm
is to use the Cesaro averaging of the quantile estimation inside the recursive approxima-
tion of the superquantile. We provide some sharp non-asymptotic bounds on the quadratic
risk of the superquantile estimator for different step size sequences. We also prove new
non-asymptotic LP-controls on the Robbins Monro algorithm for quantile estimation and its
averaged version. Finally, we derive a central limit theorem of our joint procedure using the
diffusion approximation point of view hidden behind our stochastic algorithm.

1. INTRODUCTION

1.1. Quantiles and superquantiles. In this paper, we are interested in the estimation of
a standard financial risk measure with a recursive stochastic algorithm. Let’s be given a real
random variable X that mimics the outcome of a portfolio of some financial assets, [ADEH99)
introduces a set of axioms that shall describe in actuarial science and financial economics a
coherent risk measure (denoted by p in this introduction). One of these key properties is that
p must bring the diversification principle: the risk of two portfolios together is less than the
two individual risks, which means from a mathematical point of view that for two random
variables Z; and Zs, p satisfies p(Z1 + Z2) < p(Z1) + p(Z2). In some recent works, this sub-
additive property has been relaxed and replaced by a convex axiom: p(AZ; + (1 — A\)Zs) <
Ap(Z1)+(1—=X)p(Z2). If the value at risk (VaR), i.e. a quantile of a random variable, is a very
popular measure of risk in finance, it appears that it is not a coherent risk measure since it
does not satisfy the diversification principle. Oppositely, [ADEH97] introduced a Conditional
Value at Risk (CVaR) measure (or expected shortfall), which is shown to be a coherent risk
measure in [Pl00]. More precisely, if X refers to the outcome of a portfolio, we define by F
the cumulative distribution function:

VeeR  F(z)=PX <uz),
and for a given a € (0, 1), the quantile 6, is denoted by:
(1) O, :=inf {0 e R|F(0) > a}.
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Note that in many works in actuarial and financial mathematics, the notation VaRq(X) or
ES,(X) (for expected shortfall) is used instead of 6,,. For a given a € (0, 1), the superquantile
is then defined as soon as the random variable X is L', with the help of:

2) o = E[X| X > 0] = DA LX>00]
11—«

Superquantiles are often adopted as a measure of risk when modeling a risk-averse decision
maker and are commonly denoted by CVaR,(X) in financial economics and mathematics.
More precisely, ¥, quantifies a risk-averse constraint on asset return prices: for a (log)-return
weekly price Z of a portfolio, we are commonly interested in the estimation or in some guar-
antees of the super-quantile of —Z when a = 95%, which translates the average loss induced
by the worst 5% scenario. Besides being a coherent risk measure, the superquantile also trans-
lates more information on the tail of the distribution of the random variable X.

In our paper, we develop a new method for jointly estimating (6,v,) and obtain some
non-asymptotic guarantees for the quadratic loss of estimation, which is a novel type of result
for such a kind of estimation problem with stochastic algorithms. We also obtain a central
limit theorem associated to our method.

Related works. Estimating quantiles has a longstanding history in statistics: except in
parametric models where explicit formulas are available, the estimation of quantiles is a real
issue. It may be tackled with the help of Monte-Carlo approaches when some simulation tools
of the random variable X are available, or using the Extreme Value Theory when « is close
to 0 or 1 (see e.g. [DHF06, Emb99]). Another popular point of view is to approximate the
behaviour of the VaR, (X) with correcting linear and quadratic terms (see e.g. [BJS99, DP01,
Rou97]). Finally, a large amount of work is based on order statistics to derive some estimation
procedures of VaR,(X). We refer to [TPFG20] for an overview of some recent uses of order
statistics for quantile estimation with some prospects in the field of computer experiments.

The development of new mathematical studies on superquantiles started with [BTT86]
and [RUO0O], and use some variational formulation of CVaR,(X) as a solution of a convex
optimization problem, to derive some estimation strategy. In particular, their approach does
not require any parametric form of the distribution of X. In [LRGGI16], the authors exploit
some Monte-Carlo strategy coupled with some order-statistics to estimate superquantiles and
they establish a central limit theorem associated with their estimation method. Oppositely,
many (econometric or finance) works are developed with an important parametric a priori
modeling (see e.g. [HY03, WZ16, ENW09]) and owing to their parametric or semi-parametric
point of view, the methods cited above obviously suffer from robustness issues.

All the previous methods are based on a batch framework, where the user observes the
whole set of samples before starting the estimation procedure. Nevertheless, in some concrete
situations, the observations may only record on-line, while in other big-data situations, the
observations are simply too numerous to be handled with a batch method. In these cases, we
are led to consider some recursive strategies where we estimate quantiles and superquantiles
using the observations sequentially, with the help of a stochastic approximation algorithm
(see, e.g., [KY03, BMP90|). The recursive quantile algorithm is a classical example of such a
method (see e.g. [Duf97]) and has led to recent numerous contributions to the generalization
of geometric medians (see, among others [God15, CCZ13, CCGB17]).
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The classical algorithm can be written as:
Ont1 =0, — an (]an_HSHn - Oé)

X
§n+1 = 'lgn + bn <1i+olé]an+1>9n - ﬁn)

(3)

Finally, the recent work of [BEP09] developed a different stochastic algorithm that estimates
both CVaR,(X) and VaR,(X) within the same joint procedure. Indeed, [BFP09| used the
current value of (6,,)n>1 and modified (9,),>1 into:

~ ~ X, — Qn ~
7971+1 — 7971 + bn (011 + ((f_l—oé))]an+1>9" - 19n>

= bn(L(anp Xn+1) - 'gn)a
to estimate 1,. Their main idea is to consider a convexified version of the algorithm since the
update function L(0,x) = 6 + (L_g> 1~ satisfies that 6 — E(L(6, X)) is convex. Then they

l1-a
use a Ruppert-Polyak averaging procedure, introduced in the seminal contributions [Rup88,
PJ92|, to obtain a central limit theorem for their stochastic algorithm. In the recent work
[BCG20], we developed a purely asymptotic study of these two algorithms and derive almost
sure properties (Quadratic Strong Law and Law of the Iterated Logarithm) as well as a central
limit theorem.

1.2. Algorithm. In this paper, we develop a stochastic procedure, that may be closely related
to the one of [BFP09, BCG20|, to jointly estimate the quantile and the superquantile of an
unknown distribution: we expect to benefit from the acceleration of the Cesaro averaging
procedure with (én)n,Zl to obtain a better recursion on the superquantile estimation.

For this purpose, we first introduce the following three-dimensional stochastic algorithm, which

is a generalization of the stochastic algorithm (3):

en—l—l =0, —ay (]lX,L+1§9n - Oé)

b=, "+ L g =130
(4) n+1 — nn+1 n+1n+1—nk_1k"

~ ~ X ~

29714’1 = ,"9” + bn <]$1Xn+l>0_n - 19’”’)

The sequence (6,,)n>1 corresponds to the standard recursive quantile algorithm (see e.g.
[Duf97]), whereas (6,,),>1 is the Cesaro average over the past iterations of the initial stochastic
gradient descent (0,)n>1. Cesaro averaging is known as an efficient way for reducing the
quadratic risk of estimation of 6, (see e.g. [Rup88, PJ92]). We will provide a sharp non-
asymptotic analysis of (6,,),>1 and (6,,),>1 below since it will be necessary for our study of
(1/9\n)n21- Our approach is similar to [GP20] even though for our purpose, we need to derive
some upper bounds of the L? risk of (,,),>1 for p = 4 instead of p = 2 in [GP20]. We compare
the algorithm proposed in this article with existing ones at the end of this section.

We do not assume any parametric form of this underlying distribution, we only assume that
this distribution is absolutely continuous with respect to the real one-dimensional Lebesgue

measure A, whose density is denoted by f:

Ve e R flz) = —(=).
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We consider the general situation where f is supported over R, i.e. we do not make any
assumption on the compactness of the support of f and we do not assume that f is lower
bounded by any non-negative constant.

Assumption Hy: We assume that f(6,) > 0, that || | < +00 and that 6 — (14|6])|f'(6)]
is a bounded function. We further assume that X has a moment of order strictly larger than
2:

dp>2: /:Upf(x)dx<oo.
In particular, Hy implies that f is L-Lipschitz for a large enough L.

Assumption H The gain sequences satisfy:

anybn)

1
an, = ain ¢ and by, = b1(n + 1)4’ with 3 <a<b<l.

1.3. Main results. We derive non asymptotic estimates of the quadratic loss as well a L? loss

of the recursive quantile estimation (0n)n>1, with p > 1. We introduce the LP risk associated
to 0, — 0, denoted by M, 2,
M, 2, = E|f), — 04|
Theorem 1.1. Assume Hy and Hq, p,.), then:
i) A constant T, exists such that the recursive quantile algorithm satisfies:
a(l —a)

f(0a)*n

The optimal choice of a corresponds to a = 2/3 and in this case

3_a

1T~ (F)AG-2) v > 1.

E(Qn - ea)2 S

2 _a(l—0a) —7/6
E(0, — 6.) §W+Fl/2n /, Vn > 1.

i1) For any integer p > 1, a constant c, exists such that:
Vn >1 My, 2p < cpn?.

Even though the second result i) is stated for a general value of p, we emphasize that
this result is weaker than that of i) when p = 2: the first item provides a first order optimal
result, while the constant ¢, given by the second item is pessimistic. The first order term
is optimal thanks to the Ruppert-Polyak central limit theorem satisfied by (6, — 04 )y/n (see
e.g. [PJ92, Rup88|). Nevertheless, ii) of Theorem 1.1 will be essential to derive a satisfactory
linearization of our superquantile algorithm (1/9\n)n21.

We also state in Theorem 2.2 similar results for the Robbins Monro algorithme (6,)n>1,

however in this setting we have no explicit expression of the first order constant.

Below, we study the properties of the superquantile recursive estimation algorithm and we
differentiate our results into two cases that depend on the choice of the sequence (by,)n>0. We
first consider the case b, = by/(n + 1) and then b, = by(n + 1)~° with 1/2 < b < 1.

We introduce the important notation V,, and prove the following result:

(5) Vo=V (XLxoa) = [ :Oo 22 f(z)ds ( / :OO xf(x)dx)

2
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Theorem 1.2. Assume Hy and H,, p,.)-
i) If b€ (1/2,1), then a large enough constant I" exists such that

9 Ve b+l
V21 B 0% € b+ T
n-=1, (( ))_2(1_a)2 +I'n" 2
i) Ifb=1 and by > (13%) A (5 — a), then a large enough constant T exists such that:
Vn>1, E((Un, — 94)?) < Caby 4 T~ (+5)A2-a),
n
where
2
4b%a(1 — ) Vi f(62)2(2by — 1)
Ca = 1 1 1
P (2by — 1)2f(0a)? * \/ + 4a(1 — a)?

~

Theorem 1.2 provides some statistical guarantees on the behaviour of (¥,),>1 in a finite
horizon n while our assumptions on f are very weak: we only assume the smoothness of f
with f(6,) > 0. The second assumption seems necessary otherwise the distribution P is flat
around 6, and the definition of the quantile and of the super-quantile may be ambiguous.

We also state a sharp asymptotic analysis of the sequence (¥,,)n>1 and we derive a central
limit theorem with an explicit computation of the limiting variance.

Theorem 1.3. Assume Hy and H,, p,) -
i) If b€ (1/2,1), then:

N V.
bl (0 — Va) = e ).
\/>( )n—>:+>ooN<07 2(1—a)2>
ii) If b=1, and by > 1/2 then:

Jn (Q” B 00‘) £ N(0, $)

ﬂn - 19& n—-+0o
where:
a(l—a) a .
- (f(ea)2 i Tl Ve ga)e (a0 >>
o] Va 2b U (Va—Ua :
F(0a) (19& - 90‘) (2b11—1) (1-a)2 2b1i1 (1—a)

Discussion. We complete below our previous discussion regarding the results we obtained in
Theorem 1.2 and Theorem 1.3.

Low computational cost.

It is well known that on-line methods lead to very simple and fast ways to compute estimators
comparing for example to estimators based on order statistics or plug-in. Hence, it is somewhat
classical but however important, to remind how fast our algorithm is to manage the estimation
of ¥, recursively. Moreover, our method may be adapted to a stream of observations, contrary
to batch methods.

Non-asymptotic result.

Gathering i) of Theorem 1.2 and i) of Theorem 1.3, we observe that our upper bound 7) cannot
be improved as it involves the lowest possible constant. Regarding now #i) of Theorem 1.2
and #i) of Theorem 1.3, we observe that the rate of convergence in Theorem 1.2 #7) is of the
order 1/n and is optimal. Hence, we obtain with our sequential method a parametric rate of
estimation of ¥,. Unfortunately, we emphasize that C, 4, given in i7) of Theorem 1.2 does not
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match with the limiting variance obtained in Theorem 1.3 so that the constant involved in i)
of Theorem 1.2 may certainly be improved. Comparing the results 7) and i) of Theorems 1.2
and 1.3, we finally observe that from an asymptotic point of view, the choice b, = b;/(n + 1)
always outperform the other one.

To the best of our knowledge, estimating the super-quantile ¥, with a recursive method
has only been addressed by [BFP09] with the help of a Cesaro averaging procedure on the
initial sequence (¥, )n>1 and in [BCG20| where some asymptotic results are established for

another method that produces a sequence different from (5n)n21. The results in [BFP09]
and in [BCG20| are somewhat weaker than that of Theorem 1.2 since with the same set of
assumptions, they only derive asymptotic results instead of a non-asymptotic bound on the
mean square error. Our contribution stated in Theorem 1.2 is significantly stronger: we obtain
a non-asymptotic upper bound of the performance of our estimator, which possesses the good
convergence rate O(b,) with a sequential strategy.

Limiting variance and comparison with existing results

Regarding now the asymptotic properties, there exists roughly speaking three axes of work
in the literature. The first family of work is concerned by parametric or semi-parametric
approaches: some parametric models are considered for the sequence of observations and then
a plug-in parametric estimation is used with either a direct formula (if available for 9,) or
a Monte-Carlo integral approximation. It is the point of view adopted in [CUO1]|, [HY03] or
[WZ16] for example. Although efficient from a numerical point of view, these approaches suffer
from robustness problems essentially due to some questionable parametrization. Consequently,
even if some of these previous works also establish central limit theorem with explicit limiting
variance of estimation, they cannot be directly compared to our result stated in Theorem 1.3.

Oppositely, nonparametric (or historical) VaR,(X) or CVaR,(X) estimation is a robust
alternative over the (semi-)parametric approaches and among these works, we can mention
batch methods and on-line ones that can manage a stream of observations.

e Concerning the batch approaches, they are commonly based either on order statistics,
kernel smoothing or on the variational description of CVaR,(X). For example, in [LRGGI16],
the authors derive a central limit theorem for the estimation of the super-quantile using the
standard approach with order statistics and an assumption on the behaviour of the quantile
function that entails an assumption on the tail of the distribution of the random variable
X, which yields a non-adaptive method regarding the tail parameter of the distribution. In
[BZ10], the authors use a plug-in method to derive a central limit theorem, with the help of
an ad hoc functional delta method. In the same way, [CUO1]| also uses a variational approach
of CVaR,(X) to derive an asymptotic functional central limit theorem for the estimation of
¥4 whose limiting variance depends on the tail index used in their model. In all these works,
the variances are difficult to compare with the one stated in Theorem 1.3, at least from a
theoretical point of view, while we emphasize that these methods are computationally longer
than our on-line method. We also point out that in our work, we do not need any very
restrictive assumption on the tail of the distribution of X.

e Therefore, it seems that the meaningful methods we have to compare with are those
of [BCG20], [BFP09] and [LRGGI16]. In [LRGGIL6], the superquantile is estimated using
a Monte-Carlo method and some order statistics of the distribution. The authors obtain a
central limit theorem (Theorem 3.1) and the limiting variance whose expression is difficult to
compare with our because of the lack of explicit computations. More interestingly, [BCG20]

states a central limit theorem for the algorithms (¢,,) and (9,,) (see Theorem 3.4). We obtain
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that both Vnb(¥, — ¥a) and Vnb(J, — ¥a) converge to a Gaussian random variable with
variance

2.2
251%1 it b=1, v, af
Ty, = 1= where 72 = * - ( = )(Qﬁa —04).
byr2 ) (1-a) 1—a
2“ if b<1,

In the case where b < 1 and 1, and 6, are positive, the asymptotic variance obtained in
Theorem 1.3 4i) is larger than I'y, .

The discussion in the case where b = 1 is more interesting. For a fixed value of b; we observe
that

29, — 20 0
52, <T = S =] -
25 ' 20, -0, 200 — 0o
Therefore if the distribution f satisfies that g—z %, there exists by such that the asymptotic

variance of 1% is smaller that the one of ¥,, and 9,,.

Now for a given distribution, the question remains how to find a value of b that minimizes S3,
and T'y,. The minimal I'y_ is equal to 72 and is reached for b = 1. This value corresponds
to the limiting variance of the central limit theorem for the averaged version of 5,1 stated
in [BFP09] (Theorem 2.4). The variance S3, admits a minimum for some b € (1/2,1).
However the comparison of this minimal value with 72 is difficult to handle for a generic
distribution. We nevertheless point out that our new algorithm (5n)n21 shall improve the
limiting variance of estimation in comparison with the one of (¥,,)n>1 or (5,1)7121 when 9,
is significantly larger than 6,, which is a common feature with heavy-tail distributions like
Student, Weibull or Pareto ones. This last remark may be in particular useful for possible
applications in finance and actuary. In these both fields, CVaR estimation is at the cornerstone
for designing optimal policies either for contracting or edging. We emphasize that in finance,
it is commonly admitted that asset return prices may possess heavy tails (see e.g. [Man63,

RMO0]) whereas actuarial scientists generally face optimal reinsurance problems with fat tails
(see e.g. [BBH09, Del09]).

Organisation of the paper and notations. As indicated above, the main goal of this paper
is to prove Theorem 1.2 and Theorem 1.3. To do so, we will also establish some results on the
stochastic gradient descent (6y,),>1 involved in the quantile estimation, and on the averaged

sequence (6,,)n>1 for the quantile estimation itself. Despite their own interests, these results

are necessary to study (9,)n,>1 and to the best of our knowledge, are new for the recursive
quantile algorithm (6,,),>1 and in particular give a state-of-the art result for the sequence
('En)nzl when compared to known results stated in [Duf97, CCZ13, God15] (among others).
The paper is organized as follows. Section 2 presents a careful study of the LP loss of the
recursive quantile. The results derive from a strategy based on a family of Lyapunov functions
V, (see Equation 9). In particular, we establish Theorem 2.2 that states that E[(6,, — 0,)%]
is less than al, up to a constant that depends on p. In Section 2.2, we prove an optimal
non-asymptotic result for (6,,),>1. Our proof relies on a spectral analysis of the algorithm,
close to the strategy developed in [GP20].
Section 3 then uses Theorem 1.1 to derive the main result of the paper on the super-quantile
estimation proof of Theorem 1.2 and Section 4 describes the central limit theorem with the
help of an approximation of the rescaled stochastic algorithm by Markov diffusion processes.
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Below, we will use a.s. to refer to an almost sure convergence result. For two positive
sequences (tn)n>1 and (Sp)n>1, tn S sy refers to an inequality true for any value of n up to a
constant C independent of n: t, < Cls,.

In the sequel we will always denote (VaRq(X), CVaRy (X)) by (04, Vq).

2. QUANTILE ESTIMATION

This paragraph deals with the statistical estimation of 6, with the sequence (6,),>1 and

the Cesaro averaging procedure defined by (6)n>1.

2.1. Convergence of the quantile algorithm (6,,),>1. We first state a standard almost
sure convergence result, established with the help of the Robbins-Monro Theorem.

Theorem 2.1 (Robbins-Monro Theorem - Almost sure convergence of (0,,),>1). Assume that
an = ain~ " with a € [1/2,1] and a1 > 0, then the sequence (6y)n>1 satisfies

0, 1% g, a.s.
We refer to [Duf97] for a proof of this standard result. The major drawback of Theorem 2.1 is
the lack of quantitative information about the rate of convergence. We are generally interested
in a result of the form

E[(Qn - 004)2(1] < Tn,q»

where 7, 4 is referred to as the convergence rate of the algorithm. We emphasize that these
bounds are more meaningful than a simpler almost sure convergence result because they make
it possible to draw some quantitative comparisons among algorithms (in particular when
looking at the rates of convergence and at the first order terms). Deriving a such bound is at

the cornerstone of our forthcoming study of (6,,)n>1.

Theorem 2.2. Assume Hy, if a, = ayn™® with a € (0,1), then a large enough constant C
erists such that:

Mg = Elf, — 0,|* < Cn™2%
More generally, for any integer ¢ > 1, we have

JA, >0 YneN My =Ef, — 0,* < Ajal.

We emphasize that our result holds for a € (0,1), instead of the classical assumption
a € (1/2,1) in the Robbins-Monro Theorem (see for example the classical result on the
dosage in Theorem 1.4.26 and Proposition 1.4.27 of [Duf97]). We prove here that the common
constraint Y, -, a2 < 400 is useless in the case of the recursive quantile algorithm to obtain
a convergence result. This important and unusual result holds because of the boundedness of
the noise from one iteration to another and is obtained with a subtle strong-convexification
of the loss function with the help of the family of functions V;. To the best of our knowledge,
such improvement has only been observed in the case of bounded noise in a general result
of Métivier and Priouret (see e.g. Theorem 1 of [MP87]), and was also stated in a simpler
way in Proposition 4.2 of [Ben99]. We emphasize that these works only state a.s. asymptotic
results. Said differently, for the dosage issue and other companion problems (such as the
mediane estimation for example), the assumption a > 1/2 used in [Duf97, God15] to assess
convergence results on (0,,),>1 is useless.
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Proof of Theorem 2.2. We start with the linearization of (6,),>1. We define

(6) B(0) = /e 9 /6 u £(s)dsdu.

The function ® is associated to the gradient descent involved by Equation (4). We point out
that ® > 0 and satisfies:

(7) VEeR 0<®(F) < ”f2”°°(9—9a)2.
We shall remark that:
Oni1 =0n —an(F(6,) — F(0,)) + anAM, 41
= Hn — an@'(ﬁn) + anAMn+1,

where the martingale increment is defined in by:

(8) AMpi1 = F(0,) — 1x,., <0,
We now follow the roadmap of [GP20] and define the Lyapunov function:
(9) Vy(6) = B(0)7 exp((0)), Vg € N.

We first state some important properties of V;, whose proofs are postponed to Appendix B.
Lemma 2.3. i) A constant m > 0 exists such that for any 0 € R and ¢ > 1:
(0)V](0) = mVy(0).
i1) A constant ¢g > 0 that only depends on q and f exists such that:
Vi ()] < ¢q(Va(0) + Vg-1(0)).
iii) For any q > 1, a positive constant Cy exists such that for any 6 € R
(0 = 0a)%1 < Cq (Vy(0) + Vaq(0)).

Our strategy of proof relies on a recursive contraction from Vg (6,) to V;(0,41) using a
Taylor expansion of Vg (6,41):

Va(Ons1) = Vg (0n — an®'(0) + anAMp41)

= V3 (0) = a (#(0,) = AM 1) VJ(0,) + 2 0D =AM,

V(;/(fn-i-l)?
where
(10) fnJrl = 0n + £n+1an (_(I)/(Hn) + A]\4n+1) ’

with £, is a random variable in [0, 1].
We first consider the drift term. Since AM,,+1 is a martingale increment:

E [an(‘@/(@n) - AMn—&-l)Vq/(‘gn) |]:n] = aan’(Hn)Q’(Qn),
and Lemma 2.3 i) yields
(11) E [an(®'(0n) — AMy 1)V, (0n) [ Fn] > manVe(0n).
We now pay a specific attention to the second order term. Lemma 2.3 i) yields:

(12) V) (€ns1)] < cq(Va(€ns1) + Va—1(&nt1))-
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We are thus led to upper bound ®(§,,+1). Using a Taylor expansion near 6, we obtain:

‘I)(fn+1) =9 (Hn + gn—i—lan (AMn+l - q),(en)))
+1a$z (AMpiq1 — (I),(Qn))2

62
< (I)(en) + q)/(en)EnJrlan (AMn+1 - (I)/(en)) + . 2

12" |oo-

We recall that £, is a random variable in [0, 1] and that ®(6,) and AM,, ;1 are uniformly
bounded by 1. We thus deduce that:

(&nt1) < @(0n) + 2a, + 2a31”f”®<>7
which leads to, for a n large enough:
P(&nt1) < 2(0n) + 3an.

Changing the constant ¢, from line to line, we are led to:

Vg(€ns1) < exp(@(05))e*™ (@(0n) + 3an)?
(Va(0n) + ailVo(0n)))
(Va(0n) + afi (1 + Vg(0n)))
(Va(0

Va(On) +a3)

INIAIA TN

ex
Cq
Cq
(13) q

where we used that exp(®(6,,)) = Vo(6,) < C(1+ V4(6,)).
Combining Equations (12) and (13) we deduce that:

‘/(;,/(fn+l) < ¢ (Vq(gn) + Vq—l(en) + a%_l) .
Finally using again the fact that ®'(6,) and AM,, 1 are uniformly bounded, we obtain:

. (ai@'(en) — AM, )
2

2
V (€nn) \fn) < g (Vy(6u) + Vit (0) + a21).

We conclude using (11) that:

E[Vy(0n11)] = E[E[Vy(On+1) [Fn]]
(14) < E(Vg(0n)) (1 — anm + cqa,) + cqanE (Vo-1(0n)) + cqaf™

We deduce from the study of this recursive inequality given in Lemma B.1 that
(15) Vg>1, 3A,>0, VneN, E[V,(0,)] < Ag{an}?
From Lemma 2.37ii) we have:

(6~ 00)%7 < Cy (Vy(0) + Vag(9))
Taking the expectation at time n and using Equation (15), we conclude that:

JA; >0 VneEN My, < Agal.
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2.2. Cesaro averaging. This section is devoted to the proof of Theorem 1.1 . The proof
relies on a spectral analysis of the algorithm, close to the strategy developed in [GP20).

We introduce Z,, = (0, — 0, 0, — 04), which gives the joint evolution of the Robbins Monro
algorithm and its averaged version.

Proposition 2.4. The sequence (Z, = (6, — 04, 0, — 0a))n>0 satisfies:

_ AMn—H Rn
(16> Zn+1 =A,Z, +ap <nJlr1AMn+l) + an (nJlran) s

where:
i) A, translates the linearization of the algorithm around (0,0,) at step n:
<1 - anf(aa) 0 )
An=1{ 1-0fa) _ 1 )
n+1 n+1
it) The martingale increment AM,, 11 defined in (8) satisfies:

‘E [{AMH+1}2|}—TJ —a(l- 0‘)‘ < 1 flloolba = bnl-

iii) The rest term Ry, is an F,, measurable random variable such that:

L
(17) [Ba] < <1600 — 00l

Proof. Proof of i): We write the two sequences (6,,)n>1 and (6,,)p>1 as
(On+1 — 0a) = (0n, — 04) — an[F(0n) — F(0a)] + anAM, 41,
and
Gy = —" 0, + — 0.,
n

1 - 1

We then use a linear approximation of F' around 6, and write that:

On
F(6,) — F(6a) = £(0) (6 — 0) + /9 () — f(B))du.

Finally, we can write the joint evolution of (6, 6,),>1 as a perturbed linear recursive sequence
given by (16).
Proof of ii): We study the variance of the martingale increment defined in (8):

E [{AMn-&-l}Q’}-ﬂ] = Fwn)(l - F(‘gn))

On
=a(l —a)+ ; f(w)[1 —2F(u)]du.

We then deduce that:
‘E [{AMn+1}2|}—n} —o(l - a)} < lloolOa — Onl-

Proof of iii): The rest term is an J,, —measurable random variable given by

On
R, = /9 17 - Fo)n
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Using that f is L-Lipschitz, the rest term R, satisfies:
L
|Ry,| < 5]071 — 0%
O

Proof of Theorem 1.1 ). The scheme of the proof is to use the linearization to identify the
negligible terms in the recursion. To do so, we diagonalize the matrix A, and perform a

change of base. The eigenvalues of A,, are 1 — a,, f(6,) and 1 — n%rland we verify that:

(1 0\ [(1—anf(ba) 0 1 0 . 1 —=anf(ba)
An_(en 1>< 0 1_n—1i—1> <—€n 1) with en'_l—an(n—l—l)f(Ha)'

We introduce

~ 1 0 0,, — 0,
(18) Zn — <_€n 1> Zn — <_€n(9n _ 90{) 4 (én _ 9&)7) )
and we denote by Z(f) the second component of Zn. Equation (16) yields:
~(2) _ L\ e 1
(19) Lyl = <1 - n+1) ZP + ayAM,iq <n+1 - €n+1) + R,
where:
1
(20) Ry =wn(ln —0a) + <n+1 — 6n+1> an Ry,  with  wy = (ép41 — 1) (1 — an f(6a)).

We now compute the quadratic expansion using the fact that (AM,y1),>1 is a sequence of
martingale increments:
1 1

B(Z2) = (1- )2E<{Z<2>}2> +a (s - )2E<{AM )
n+1 n+1 n n n+1 n+1 n+1

1 -
E(RZ)+2(1- —— | E(R,ZY).
FER +2 (1= ) BRAZD)

We denote u,, = IE({Zg)}Q) and use Cauchy-Schwarz inequality on the last term to deduce
that:

1 2 1 2
Un+1 S <1 — 1’1/-‘-1) Un + CL?,L <€n+]_ — 7’1/-{—1) ]E({AM’H,—‘,-]_}z)
1
+E(R2) +2 (1 - n+1> VunE(R2).

We study in Lemma 2.5 and 2.6 the behaviour of all the terms involved in the previous
decomposition. Lemma 2.5 concerns the variance of the martingale increments from which a
term of order n~2 arises, while Lemma 2.6 proves that the other terms are negligible.

Lemma 2.5. There exists a constant C' (independent from n) such that for all n:

1 \? a(l —a)
2 - 2 P S (2+a/2) (3—a) ]
Qap, <€n+1 n 1) E({AMYH—I} ) = (n 1)2f(0 )2 +C (n Vn )

Lemma 2.6. There exists a constant C' (independent from n) such that for all n:

E(R?) <C (n_(4_a) v n_(2+2“)> )
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The proof of these results is postponed in Appendix B.2. We deduce from these lemmas
that some constant I' exists such that:

2
a(l —a) _ (3—

< (1. - B Sl VAN o (24a/2) (3—a)

tntl = ( n ) tn (n+1)2f(04)? [n v }

+I'Vup [n*(zf“/m Y n*(Ha)} .

We now apply Lemma A.2 in order to derive the convergence rate of the algorithm. With the
notations introduced in Lemma A.2 applied with v =1, A1 = 0 and:

1_
C:W and 7‘2:(2—|—g)/\(3—a) and 7‘1:(2—%)A(1+a).
We then obtain that a large enough I, exists such that:
a(l — a) _
< ———+47T r
S F Gy

where r is given by:
a 3 a 1
— (1 ,) 92— > _a b
r (—1-2 A ( a)/\<2 2>/\<2+a>
S\2 2 2 ’

as a € [1/2,1). The optimal value of r is attained for a = 2/3 and the global rate is then:

(21) E{ZP)) < W +Tgygn™ /6.

To conclude the proof, we come back to E({f, — 6,}?). From the definition of 7% we
obtain that:

E({0, — 0.}?) = E{Z(f)}z + QGRE(Z?)(@% —0a)) + GE((6n — 0a)?).

Therefore, it remains to prove that the two last terms are negligible with respect to n=". From
Theorem 2.2, we know that a large enough C' exists such that

C

n2a,’

eiE((Gn - 904)2) <

and the Cauchy-Schwarz inequality yields (up to a modification of C):
enE(Z2 (0, — 0,)) < Cn=3/279/2,

Proof of Theorem 1.1-it). The proof is deferred to Appendix B.2.

3. EMBEDDED AVERAGING SUPER-QUANTILE ALGORITHM

The purpose of this paragraph is to prove Theorem 1.2, i.e., we aim to derive a non-
asymptotic result on the sequence (9,,) (see the definition in Equation (4)).
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3.1. Linearization of the embedded algorithm. To study the behavior of Algorithm (4),
we follow the roadmap of Section 2 and write a linear approximation of (¥, ),>1. To this end,
we define:

(22) Q:9>—>E[X1XZ¢9],
and
(23) ANpi1 = Xpply 55, — Q(0n).

We shall prove the following result.

Proposition 3.1. Assume Hy, for any integer n, one has

—~ ~ bn, _
29n+1 - 7904 = ('lgn - 1904) (1 - bn) - 1— a(en - ga)aaf(ea)

b (O, — 0,)* b

24 n 1! n n (0% n ANn
(24) P Q) T g AN,
where &, € (O, 04),Va is defined in (5) and AN, 1 verifies:
(25) IE{ANn41}|Fn] = Vol < Clln —ba] and  [E{AN,41}° — Vol < C/Mys.
Proof. We observe that:

~ ~ Xpi1  ~

’l9n+1 - 1904 = 7971 - 1904 + bn |:1X"+129”1—04 - 19n:|

Xnt1 3

~ b
9 : n |:X’I’L+1(]1Xn+129_n — ]an+120a)] + by, []an+129a1a — V| .

According to Equations (22) and (23), we obtain that:
Q9 0 bn n bn
g1 — o= (U0 —0a) (1 — by 0n) — Q04
+1 (T = Ve ) (1= ba) + 72" [Q(00) = QO] + T
We use a second order Taylor expansion on @ near 6, using the relationships:
+oo
Q(0) 2/9 ef(z)dz,  Q'(0) =—0f(0) and Q"(0)=—f(0) —0f(0).

In particular, Hy implies that ||Q"||s < +00. We obtain that:

A]Vn—i-l-

~ ~ by, -
ﬁn+1 - ﬁa - (ﬁn - ﬁa) (1 - bn) - 1 _ Oé(en - Ha)gaf(ea)
bn " (én — ea)Q bn
@) T T AN

where &, € [0, 0n)].

Now, we compare the variance of the martingale increment and V:

E{ANwn P17 = B [X2rtx, o0, = (B [XoniTx, o005 )

- /;o 22 f(x)dx — [/0:00 :Cf(:[;)dx] :

— /:OO 22 f(z)dx — </+Oo :cf(x)d:c>2 + Ont1,

@
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Opt1 = /gja 22 f(x)dx — [/9_:00 a:f(m)dx} + </9:OO xf(:c)dac)
:/: 22 f () + (/: xf(x)dx) <2/ejoomf(x)dx+/9ja xf(x)dx).

Using Hy, v — 22 f(z) is bounded so that a large enough constant C' exists such that:
|01 < Clén — Oal.
Computing the whole expectation and using the Cauchy-Schwarz inequality, we have that:

‘E{ANn—Fl}z - Va‘ < C\/ Mn,Q-

where:

2 2

0

3.2. Spectral analysis and recursion. We now study the sequence (1/9\n) with the help of
the previous linearization combining Propositions 3.1 and 2.4. We introduce the matrix

1—anf(0a) 0 0
(26) By= | R 1o 0
0 el ) 1 —p,

We emphasize that the eigenvalues of B,, are
1
Sp(Br) =91—anf(0a);1 ———;1—0b, ¢
pB2) = {1 anf (01— it =)

Obviously, B, may be reduced to a diagonal form as soon as b, ¢ {anf(0a), %H} In partic-
ular, we obtain the following decomposition (stated without any proof).

Proposition 3.2. For any integer n, and if b, ¢ {anf(0a), %_H}, we have
1—anf(0a) 0 0
Bn = P,DpP;t with Dy = 0 l-—=5 0 |,
0 0 1-0b,
where P, is the matriz of change of basis:
1 0 0 1 0 0
P,=| e 1 0}, Pl = —n 1 0]},
€n0n ka,n 1 —€n0p + Enka,n _ka,n
with:
1—a,f(6 Oof(0a) (an - O f(Ba)by(n + 1
€, = af( Oé) , 571,: f( )<af(9a)_1)> , kan: Otf( Oé) (n+ ) .
1—apn(n+1)f(6a) (1—a) \ by ' (1—a)(1=bp(n+1))

As pointed out above, B,, may not be reduced to a diagonal form for any sequence b, — 0.
Therefore, instead of using an exact spectral decomposition as it is the case in [GP20], the
novelty of our work here is to handle a decomposition of B, without an exact diagonal form.
For this purpose, we introduce the invertible matrix P, defined by:

1 00
Po=1 e 1 0],
€ndnp 0 1
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and we verify that:

000
~ ~ Oef (0o 0o f (0o
(27) P7'B,P, =D, —b, 1f_( ) 00 0|=D,—b, lf_( )Eg,g.
“\0o 10
————
=F3 2

Remark 1. The matrix P, corresponds to setting kq , = 0 which removes the singularity issue
since kq,n, — 0o for by, close to 1/(n + 1).

Equation (27) may be used as follows: we introduce the vector defined by:

Qn - 904
On = /e\n - 904 y
U — Vg
and we remark that Proposition 3.1 yields:
anAMn—‘rl an Ry " ) 2
~ 0, —06
Oni1 = BnOn + | ndgAMni1 | + | ;55 B where R, := (Ci (én))( = 5 a) .
=~ —«
ﬁANnH bn R,
Using ﬁn, we translate the spectral information on B, to the new vector: (5n = ﬁ; 1o,

Equation (27) yields:

A -1
On+1 == Pn+10n+1

= (Dn — by ij (9“)E3,2> On + (P} By — I) (Dn — by ejf (0§)E3,2> On

— a R
N an Ry, B anAM;, 1
+ P | aBe | + B | s AMns
ban 1%0[ ANnJrl
We define:
(28) Mn = €n0n — €nt10n+1,

and verify that:

~ O f(Ou
(b P 1) (D =, 751

0 0 0
E3,2> — = anf ) —ensn) 0 0
(1 - anf(ga))nn 00

Considering the third coordinate of the sequence (6n)n21, we obtain the recursion:

0%, = (1~ b) 0 — 0, 2I D50 1 (1 0, (00) O

n

bn

- 6n—&-lfsn-l—laan + bnén - 6n—l—l(sn—ﬁ-lC’/TLA]\47H—1 + WANn—H-

All negligible F,-measurable terms are gathered in U, defined by:

Ocf (0a)
1—

(29) U, = —b, - OP 4+ (1= anf(0a))mOW) — €n416n11anRn + by R,
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and we regroup the martingale increments into AV, 41 defined by:

bn

AVn—i—l = 6n—&-l5n—i—1(1nA]\4n-|—l + 7AN7H—1-
(1-a)
Then the recursion reads:
(30) OP) = (1=b,) OP + U, + AV,

iy 2
The next result gives a recursive inequality on W, = E <{(’)7(13)} ) .

Proposition 3.3. Assume that Hy and H,, 3,,) hold, then W,, = E{@,(E)}Q satisfies:
Wisr < (1 — bp)2 Wi + 022

b, V S+ C\/7< (2-a/2) \/ p, (b+1/2))
(31) (-
L C (n—(2b+a/2) v n—(3—a) Vv n—(2b+1)) 7
where Vg, is given in (5) and C > 0.
Proof. A direct square expansion of (30) yields:
Wit < (1= b,)? Wy + B(U7) +2 (1 = b)) EOPU,] + E(AV,)

The Cauchy-Schwarz inequality entails 2 (1 — by) E[OY U] < 2|1 — by|/E[U2]y/W,. The
next lemmas derive some bounds on E(U?2) and E(AV?2,,). The proofs are given in Appendix
C

Lemma 3.4. Assume that Hy and H,, 3,y hold, then:
E(UnQ) 5 n—(2b+1)'

Moreover, in the special case where b, = by(n + 1)1, a positive C exists such that:

2 al—a),, 3 —(4—a)A(2+
]E(Un) S 4wbln + CTL ( a) (2 a).
Lemma 3.5. Assume Hy and H,, 3,y hold, then:
V. (3
E(AVZ, ) = biﬁ +0 (bia,}/? vn~® a>) .
We apply Lemma 3.5 and Lemma 3.4 and obtain that a large enough C > 0 exists such that:

2
Wit < (1= by)2W,, + (15‘/)2 O W=D | o~ @bta/AG-a),

We conclude this section with the proof of Theorem 1.2.

Proof of Theorem 1.2. ~
Case b, = by(n +1)7% with b € (1/2,1). We apply Lemma A.1 to the recursion obtained in
Proposition 3.3, with

r1=0b+1/2 and ro=(2b+a/2)A(3—a).
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Then, we easily verify that the largest possible value of p in Lemma A.1 is

b b+1
p:rl—ﬁ/\rg—b/\%/\l:%.

Since b < p, we shall apply Lemma A.1 and we obtain that a large enough I', exists such that:
Va

W<7b T .
_2(1 ) +I'n 2

Case b, = by(n +1)~!. In this case we use Lemma 3.4 to refine the recursion obtained in
Proposition 3.3 into:

bi 1o b%Va —(24+a/2)A(3—a)
1—
W < n+1)W”+(1—a)2(n+1)2+C(” )
—1—2\/1/17”(1 —by) Wbm—3/2 \/1 + On-(1—a)A(a—1/2)
by biVa —(2+a/2)A(3—a)
< (1— 22w,
< n+1)W+(1—a)2(n+1)2+C(n )

+ Wy [4191\/Wn—3/2 n Cn—(5/2—a)/\(a+1)] _

We now use Lemma A.2 with v = by, C = (f ‘;‘“)2, Ay =4by \/0}((27)0‘2), ri=(5/2—a)A(a+1)
and 1y = (24 a/2) A (3 —a). If we choose p = (1 +§) A (2 —a) and

2
_ Ay A2 C
Can = (2(27 " \/4(27 12 Ty 1)

2
. VHvaf(ea?(%l—n] |

_ 4Aba(l - )
(201 = 1)2f(6a)?

then we obtain that for any by > p — 1/2:

4a(l — )3

W, < Caby 1 Pp—(Ha/2)A2-a)
— n )
and this inequality is made optimal when a = %, which entails a second order term equals to

n~*3 when by > 5/6.

Conclusion: To conclude the proof, we come back to E({@n — 94 }?). From the definition of
(57(13) we obtain
E({g’\n - 1904}2) = E({(57(z3)}2) + 2€n5nE(67(13)(9n —0a)) + 57215721E((9n - ea)Q)-

Therefore, it remains to prove that the two last terms are negligible with respect to the first
one. From Theorem 2.2, we know that a large enough C' exists such that

E202E((6,, — 04)%) < Cn~272+3a
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and the Cauchy-Schwarz inequality yields (up to a modification of C):
endaB(O) (0, — ) < Cn~ (430759,

When b = 1, an easy comparison leads to:

n—4+3a | p—(5/2-3/2a)

e ey vy G m

When b € (1/2,1) and a < b, we can verify that both terms are negligible when compared to
—(1+a)/2 =
n :

4. CENTRAL LIMIT THEOREM

Deriving a central limit theorem for a stochastic algorithm is a common way to assess
the asymptotic variance of the algorithm. Central limit theorem for superquantiles has been
addressed in [BFP09| for the Cesaro averaging of the sequence (9,),>1. Another related
relevant work on the subject is the paper of [MP06| where a general central limit theorem is
obtained for stochastic algorithms with two different time scales that allows to study a weak
convergence result for the pair (6,,7,) (see also [BCG20]). We also refer to the pioneering
works of [Bor97, KT04| for other results on two time-scales algorithms. However, in our
case, even though (6, {9\n)n21 seems to evolve with two different time scales (ay,, by)n>1, the
evolution of (5,1)”21 from iteration n to iteration n + 1 highly depends on 6,, and therefore a
third time-scale (1/(n + 1)) is involved. This last remark significantly complicates the use of
Theorem 1 of [MP06|. All the more, it appears that some of the technical assumptions used
in [MPO06| (especially Assumption (A4)-iii)) can be avoided with the help of another proof
strategy.

In what follows, we will first consider the case where b, = by(n +1)~! in which the conver-
gence speed of (9,,),>1 is optimal, and derive a joint convergence for (6, 571) that evolves with
a single time scale proportionnal to 1/n (see Equation 4). To derive a central limit theorem
for our pair (e‘nﬁn)nzl, we use the diffusion approximation of stochastic algorithm and we
follow the roadmap of [BMPI0]| (see also [KY03]|). We write the joint evolution of a rescaled
version of the algorithm (6,,, 1/9\,1)”21 and introduce:

(32) T, = V(O —0s)  and Vi =4/ — (0 — Fa).

4.1. Case of a step sequence b, = b;/(n+1).

4.1.1. Decomposition of (Tp)n>1 and (Vy)p>1. To obtain a central limit theorem, we will
use an approximation of the rescaled algorithm by a stochastic differential equation. More
precisely, we will show that the pair (T, V,),>1 is close to the discretization of a specific
Markov process: the Ornstein-Uhlenbeck diffusion. Of course, if one considers the first coor-
dinate, we will then recover the central limit theorem for the Cesaro averaging of the quantile
sequence. We emphasize that our method significantly differs from the ones previously devel-
oped to establish central limit theorem results for the Ruppert-Polyak averaging algorithm:
[PJ92], [Pel00],[CCGB17] are essentially based on the Abel transform and the decomposition
of Equation (48).
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Recursive analysis of (Tn)nZI- Instead of directly studying the pair (T, V,,)p>1, we first con-

sider the reduction of (6,, — 6,) obtained after our eigenvalue decomposition in Section 2.2.
We recall the definition of (Z,),>1 in (18) and we introduce:

= \/ﬁgr(?) - \/ﬁ [(én - Hoz) - 6n(‘gn - 90()] = Tn - \/ﬁen(en - Hoz)-
We remark, using (19), that:

TL+1 vVn -+ Z7(12-31

~ 1
n+1 <77,—|—IZ7(12) + an <n+1 - 5n+1) AMn—i—l + Rn)

/ ~ 1
= nL—HTn +a,vn+1 < — en+1> AMpi1 +vVn+1R,.

n+1

Finally

- - 1 ~ 1 5
33 Tpo1=Tn— ——Tp+anVn+ 1 —— —ens1 | AM, L
(33) +1 2 1) TV (n%—l 644) +1+&,
where £} satisfies:

5 Tol 100 —0al (0 — 0a)?

(349) 1 < Tl nlal o= 0],

n3/2—a \/ﬁ

The previous upper bound is obtained using a Taylor approximation of y/n/(n + 1) on the
first term, the control R,, defined in (20) given by Lemma 2.6, the definition of (e,),>1 and
Equation (17).

Recursive analysis of (V,,),>1. We use the recursive formulation given in Proposition 3.1:

Vn+1 :Vn 1+ 1 1— bl . \/Eeaf(ea) Vn+2 Tn
V n+1 n+1 l—a n(n+1)

Vbi Vn+2 Vb Vn+2 Q" ) 2

AN, n en_eoc .

(1—a) n+1 l—a n+1 @ (Enr1)( )

Using T,, = Ty, 4 €n/1(0n — 04) and a first order Taylor expansion of /14 1/(n + 1) and of

\/(n +2)/n, we deduce that:
bi— 35 Sgellle) Vb Vi +2

35 Vot1 =V, — Vo — T,
(35) i n n+1 +(1—a)n—|—1

n2

+

ANy + &2,

where £2 satisfies:
|V | |Tn‘ + ’gn —90]2 + ‘en __001’.
n2 n2 vn n3/2—a

Gathering Equations (33) and (35), we have obtained the following proposition.

(36) j€al <

Proposition 4.1. For any n > 1, define Z, = (T, V), then:

ST P LU GRS
n+1 = Ln— V100 f ()
n+ 1\ bhi—1/2 ntl 12\ e AN

N~

=Hy (Zn) =AMt
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where &, = (E1,E2) satisfies:
‘én_eoz’ + ’én_0a|2 wn_ea’ |0n_9a|2 + |1§n_19a|
n3/2 \/ﬁ n3/2—a \/ﬁ n3/2

4.1.2. Tightness and limit of the martingale increments. We use some standard notations of
diffusion approximations of rescaled stochastic algorithms. We introduce:

"1
Iy = 7.
n ;k

The number of iterations needed to last a time ¢ after a shift of I',, is then denoted by ¢,:

(37) I€all <

m
1
t, =Tnmy — In and N(n,t):max{mZn, Z z <t}.
k=n+1
We associate to the sequence (Zn)n21 a sequence (2(”))721 of time-shifted continuous processes
defined as follows: for any integer n, the process (Zgn))tzo corresponds to a continuous-time
affine interpolation of the rescaled stochastic algorithm that starts at position Z, at time 0:

2 = Tty + (N(n,8) + 1)t = 1) (Zn(ma1 — Znns):

Using the notations of Proposition 4.1 we remark that:
(38) ve>0 2" =7, +B™ + m",

where:

N(n,t)
B{" =~ N Hjo1(Z-1) — (t — £,)(N(n,8) + 1) Hyny Zvng),
k=n-+1
and:

N(n,t)
M=% ﬁAMk + /N, t) + Lt — 6,) AM ()1
k=n+1
In this paragraph, we identify the possible weak limits of the sequence Z(™ (see e.g.
[BMP90|) and some details are skipped for the sake of convenience. The reader may found
similar arguments in Section 5 of [GPS18].
We define the infinitesimal generator G : for any ¢ € CZ(R?, R):

z Vb10a f (0a
G(e)(@,y) == 50z — <110(é)1‘ + (b1 — 1/2)1/) Iy
39 —0 —0, b 0
39 20 T o VI, O
Proposition 4.2. i) The sequence (Z("))nzl is tight for the weak topology induced by

the weak convergence on compact intervals of continuous time processes.
i1) If Vi, is defined in (5) then

b1V
f0a)  (1-a)?

a(l-a)  Vhiada
E[AM, 1AM, | Ful = | S0 1 )
n+1 n+11Ynl = | brada Un,

where v, — 0 in L.
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iii) For any function ¢ € CZ(R%,R),

E [0(Zn11) 2] = 9En) + —=G(¢)(Zn) + Q.
where lim,_, - nE|Q,| = 0.
The proof of this previous compactness result is deferred to Appendix D.
4.1.3. Central Limit Theorem - Theorem 1.5-ii).

Proof of Theorem 1.5-i1). The proof is briefly sketched since it exactly follows the same lines
as those of Theorem 2.4 of [GPS18]| (Section 5.3).

e From Proposition 4.2-i), we know that the sequence of processes (Z(”))nzl is tight and
Proposition 4.2-i7)/iii) entails that any weak limit of (Z(™),>; is solution of the martingale
problem with generator G on the domain of twice differentiable functions CZ?(R% R). We
emphasize that G corresponds to an Ornstein-Uhlenbeck Markov generator. The associated
semi-group P, = €'Y is elliptic and ergodic: a unique invariant Gaussian distribution v exists
such that for any test function ¢: Pi(¢) — vso(p) as t — 400 uniformly on compact sets
of R%. We compute the limit covariance in Proposition 4.2-ii).

e Second, the normalized algorithm (ZL)@ is also a tight sequence: we consider a possible
weak limit p associated to an extracted sequence (ZLk) k>1 and a time 7" large enough. Then,
we prove that an associated subseqence of shifted processes Z(™*) exists such that ngm’“) is
arbitrarily close to v, and to u, because of the shifted nature of continuous time processes.

e We then conclude that y = v, meaning that (Zn)n21 is a tight sequence with a unique

adherence point. It proves that Lo, % Vso- We recall that v, is a bi-dimensional gaussian
n——+0o0

with mean 0 and covariance matrix 3.

We finally obtain the convergence of /n (0, — 0q, 1/9\,1 — ¥4) using the Slutsky theorem. Let us

remark that: _ 1)
H_n - Ha Z + \f@l( n )
vr <e§ — ) B < NS
n o n+1

1
Evnen|0n — 0] <
~Y F

so that y/n. €n(0n — ba) converges to 0 in probability (even in L'). We therefore deduce that
V0, — B, 9, — 94) converges to a Gaussian distribuion with mean 0 and covariance matrix

SQ — ( me \/szy>
\/szy blzyy '

e We finally detail the computation of the limiting variance ¥ and identify the invariant
measure Vs, associated to the infinitesimal generator G defined in (39).

o We apply [ Go(x,y)veo(dz,dy) = 0 to ¢(x,y) = #2/2 and observe that:

/ [_:Uz? + O;(fl(g_a)az)] Voo (da, dy) = 0,

a(l —a)
f0a)?

We verify that:

n — 4090,

which leads to:
sz -
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o Then using the function ¢(z,y) = zy, we obtain that:

/_Zy B (mfiff‘”)x + (b1 — 1/2)y> T+ Vﬁgga Voo (dz, dy) = 0.

Therefore, we deduce that:

Egcybl _ \/Eaﬁa . \/Eeozf(ea)zz$7

f(6) l1-—«

and
«o

T (0u)Vor

o Finally using o(x,y) = y%/2, we have

> (90 — ).

\/Egaf(aa) blva o
[ (L0 -1y ) b o) =
and thus
2 Va b,
Py = 201 — 1 <b12(1 —a)? (1—a) (Vo = '9“)> '

0

4.2. Case of a step sequence b, = b;/n’. Since the computations are rather similar, we
only sketch the essential steps of the proof.

Proof of Theorem 1.5-i). We still use Proposition 3.1 as:

by, b, ANn_H
Vie1 =Vt —— (1 = by, v b,
- bni1 ( ) * b1 1 -«
br, o f(0a) bn

(0 — 00) Q" (éns1)(On — 0)°

bp+1 l-a \/ bn+1(1 - 04)

Following Proposition 4.1, we can identify the main part of the recursion and the rest terms:

AN, by,
Vn—l—l = Vn - ann + 8n+1 + V bn 1 ;1 b717
_ -

where

Q" (€n+1)(0n—0a)*.

bn+1 Vont1 l—a  \/bp1(1 —a)

gn+1 = Vn(l—bn) ( bn _ 1) . bn (e—n_ea)eaf(ea) n bn

Let us remark that:

il VL 200, 0200, — 62

Then, the arguments developed in the previous sections can be easily adapted. In the fol-
lowing we only detail the modifications and skip below the technical details related to the
discrete/continuous time-scale.
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Tightness of (V,),>1. The proof is similar to the one stated in Appendix D. Indeed, sup,,~; E||V, 12 <

+00 and for any 6 > 0, Z%EZ EM)H b, < 24 for large n, thus
N(n,t+8)+1
(40) P Y Vi > €| S
N(n,t)

The only modification comes from the rest terms:

2 2

N(n,t+8)+1 N (n,t+8)+ - ~
S R R e A U A SN
Z kIl ~ Z Lb/2 + Lb/2 + L1-b/2
N(n,t) N(n,t)
2 2 2
N(n,t+6) = N(n,t+6) = 9 N(n,t+6) =
\Gk—%\ wk_ea‘ wk_ﬂa‘
5 Z kb/2 + Z kb/2 + Z f1-b/2
N(n,t) N(n,t) N(n,t)
We apply the Cauchy-Schwarz inequality:
N(n,t+0)+1 2 N(n,t+0)+1 N(n,t+0)+1 |2/9\ 9 |2
o o k— Va
Yoo&l S| DD x| X 10k Oal 10k~ Oal' +
N(n,t) N(n,t) N(n,t)

We shall now compute the expectation of the previous terms and verify that:
2

(n,t+9) (n,t+9) N (n,t+96) 9 ~ 4 ~ 9
Ewk—m LBl 6l Bl ]
<
el el <[] (2 ool B
N(n,t) N(n,t) N(n,t)

Using now Theorem 1.1 (LP loss on the sequence (6,,),>1) and Theorem 1.2 (L? loss on the
sequence (¥,,)p>1), we obtain that the bracket term is uniformly bounded in k, and therefore:

2 2

(n,t40) N(n,t+6)
E Z Gl S| D be] <o%
N(n,t) N(n,t)

Hence, the sequence V,, is tight. Finally, applying the above arguments and the bound on &,,
any weak limit is solution of the martingale problem associated with the generator:

(41) G(p)(x) = —z¢'(z) + mﬁpﬂ(@-

It remains to identify the invariant measure associated with the Ornstein-Ulhenbeck diffusion
(41). An easy computation with ¢(x) = x2/2 yields the next result.

19'rL - ﬁa L
—

Va
N (amae)

0
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APPENDIX A. FROM LYAPUNOV CONTRACTION TO NON-ASYMPTOTIC UPPER BOUND

The next lemmas provide non-asymptotic upper-bounds from a Lyapunov-type contraction.

Lemma A.1. Let b, = bin~? with % <b<l1, AC>0,r > 371’ and ro > 2b. Consider a
positive sequence u, such that:

Upt1 < (1 — bn)2 Uy + C’bi + A [n*”\/un + n*’“2] ,
then, for any p €]b, (r1 —b/2) A (rg —b) A2b A 1], a large enough Ty, exists such that:

(42) Up < %bn +Tn?,

Proof. We prove the result with a recursive argument. The initialization is obtained for a
large enough I'. Assume that Equation (42) holds true for an integer n, then we have

C
(n+1)?

/C
n_ "t ibn +Tn=Pr+n"2

Upt1 < %bn (1-— bn)2 +I'nP(1- bn)2 +

+A

< %bnﬂ +L(n+1)7" 4 eny1 + ens,
where:
ent1 = %bn (1—bp)? — %an + CH2,
and:

b1 =TnP(1=b,)> —T(n+1)P+An""2 4 An~"14/ %bn +I'n—>.

The aim is now to prove that for a good choice of p, e,,+1 + €41 is negative. For e, 11 an easy
computation leads to:

C
ent1 =7 (bn = bus1 + b)) =0(n3 vn
For €,41, we combine the two first terms to obtain:
1 p
Cn+1)7P [(1 + n) (1-— bn)2 — 1] =T'(n+1)7"? [—an + O(n_l)] .

This difference is therefore negative as soon as n is large enough. Finally:

oby 4 %np-i-b—?“z 4 b2 A /%

enp1 =D(n+1)" ) .

+ O(n YY) 4 O(n*Hb)] .

Now, we should remark that if p+b < (r; +b/2) Ara A3bA (b+ 1), then a large enough I’
exists such that e, 1 + é,4+1 < 0. It concludes the proof. O

We now consider the limit case where r; = 3/2.
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Lemma A.2. Let v > 1/2, A, A2,C > 0, r1 > 3/2 and ro > 2 and consider a positive
sequence u, such that

B
n+1

2
c — —r -
Un+1 S <1— ) ’U/n—FW—F\/Un (Aln 3/2+A2n 1) +A2n 2,

Let us define:

2
Ay A2 c 1
_ d p=(ro—1A(r —=)A2>1.
Vv (2(2’7—1)+\/4(2V_1)2+2V—1 and p=(ro—1)A(r 2)/\ >
If p— 27+ A1/ (2VV) < 0 then, a large enough T exists such that:
Vn > 1 unSK—FFn*p.
n

Remark 2. Using the value of V, we have V'V > 2 A thus

2(2y-1)
Ay < 1
v =2

Therefore the condition p—2y+4;/(2V/V) < 0 is automatically satisfied as soon as y > p—1/2.

Proof. We proceed by induction on n, in order to prove that u, < % + I'n=", for the largest
possible value of p.

The initialization is obvious at the price of a large enough I'. We consider the recursion
property assuming that the property holds at iteration n. Then:

2
2 c —3/2 - —r
< — 1 2
Upt1 < <1 - 1) Up, + CESIE + (Ain + Aon™ ") \/u, + Agn

<(1-~ i Ly +L+(An*3/2+An*”)\/KJrPn—erAn*’”?
- n+1 n (n+1)2 ! 2 n 2

1% v v 2V c
= r 1H=° — = —
n—i—l+ (n+1) +[n n+1 n(n—i—l)—l_(n—i—l)?]

(1+n"by (1—n11>2—1]

1/2
+ (AVVn2 + AV 11/2) (1 + FV*ln*@*U) 21 Agn

+T(n+1)"

2
v
L
n(n+1)2

Vv _
:n+1+F(n+1) P+ €p.

We observe that for n large enough, we have:

1/2
(1 + FVﬁln*(p71)> / <1+ %n*(ﬁ’*l) + O(n72(p71))‘
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(1+n"Yyr <1— nll)z_ll

+ Aon "2 4 AV 112 4 O(n_2p) + O(n_”_p"'lm).

Hence, we deduce that:

_Va-2)+AVV+C
- n(n+1)

2
ALy YV
WV n(n+1)2
We choose vV as the positive root of (1 —2v)X2 4 A; X + C and obtain that:
Ay A2 C
4 = !
(43) vV 2(271)+\/4(271)2+271’

for which the leading term of €, vanishes. Then, we observe that

€n

+T(n+1)"

+

2
(1+n—1)P<1— 2 > =1l o) =L oY),
n+1 n n

Hence, €, is upper bounded by:

A 2
en <T [(,0 —2) - ] n o) g TV g | gy 12

+ P — S —
2V n(n+1)?
+0(n~%) + O(n "= PT/2) 4 O(n~(P+2)
Since 11 > 3/2 and ro > 2, we then observe that as soon as (p, ) satisfies
1

1
p:(rg—l)/\<r1—2>/\2, and TPy

then a large enough I' exists such that ¢, < 0. O
APPENDIX B. TECHNICAL RESULTS FOR THE QUANTILE ESTIMATION

B.1. Technical results for (6,),>1 - Functions (V;)>1.

Proof of Lemma 2.3. A straigthforward computation from the Equation (9) yields:
Va(0) = qVg—1(0)2'(0) + ©'(0)Vg(0)
(44)

VI0) = Via (080 + B(0)] + #1602V 1(6) | T0 L 1 20+ 2(6)

Proof of 4): Using (44) we deduce that

/ 2
¥(05(0) = vi00) (451
@/

+ <I>’(9)2>

)

and we derive a lower bound for the bracket term ¢ (D((z)f + ®'(#)? on R. Using the definition

(6), we know that ®”(0,) = f(6,) > 0 and in a neighborhood of 6,:

(0 — 0,)?
2

®'(0) = (0~ 0a)f(a) +0((0 —0a)?)  and  @(0) = F(0a) +0((0 — 6a)*)

since ®’(6,) = 0. We deduce that an € > 0 exists such that:

(45) VO € [0 — &,00 + €] (Dq;((g); > f(za).
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Now remark that &' given by ® fe s)ds is decreasing on | — 00, 0,] and and then
increasing on [0, +oo[. In particular ace > 0 exists such that:

VO & [0, —c,00+e]  %0)>c.>0.

As the sum of the two previous terms, we deduce that a real value m > 0 exists such that

q)/ 2
VOcR ¢ qf(?) +@'(0)> >m > 0.

Proof of ii): Since ®” = f and V, = ®V,_;, Equation (44) yields

VI (0)] < Vit (0)| oo g + B(0)] + @ (0)Vy1(6) [Q(q‘ D | og 1 a(0)

%(0)
1(0\2
= v,0) (11l + 20 + 2/0?)

!/ 2
Y (0) (q\f|oo Falg- 1)‘1;((‘2)) ) |

We have shown in i) that &’ 2~ is bounded near 6, whereas the unique zero of ® is 6, and &’
satisfies |®/|o < (1 —a)V a. Consequently, ®2®~! is a bounded function. Finally, a constant
¢q > 0 exists such that

Vy'(0) < ¢g[Vo(6) + Vor(0)]

Proof of 4ii) It remains to derive a lower bound of ®(#) that involves powers of (0 — 6,
Similarly to Equation (45), we consider a small £ such that V0 € [0, — ¢,0, + €], ®(0)

f(g“) W and ®'(0) > @(9 —604). Then we have for 6 > 6,:

o(0) = //f )dsdu

ON(Ba+e) u
= / f( )dsdu—l—/ f(s)dsdu
o O ON(Oa+e)

0o

Differentiating whether 8 > 6, + € or not, and using the previous bound we deduce

004 0 — 90& 6 0(¥+5
®(0) > ]19<0a+af(2 )(2) + 1g>o, +£f(2 o) £ — + 10, +5/ / s)dsdu
Oa+e «
O, 0 —6,)>
> f(2 ) [19<0a+5(2) + 1o>0,4¢ [ +e(0 — b, —5)”
0 0 —6,)> c2
> L0 o o O a1 st0 -0 - 5|

Up to choosing a smaller ¢ we finally deduce that:

_ 2 _
(I)(Q) > f(ga) [1€§0a+€w+10>0a+6w‘:|
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We repeat the same arguments when 6 < 6, and deduce that a large enough constant Cj
exists such that:
(60— 6a)* = (0—0a)"g_g <+ (0 — 0a)*Lig_p, |-
< Cy (P(0) M jg—g,j<c + P(0)* W jg_g, )
< Gy (Vo(0) + Vg (0)) -

0

Lemma B.1. Let us consider the function Vg introduced in (9) and recall that there exists
ng > 0 such that for any g > 1, a cq > 0 exists such that:

Vn>ng  E[Vy(0ni)] SE(Vg(0n) (1= anm + cqaz) + cqanE (Vg—1(0n)) + cqal.
Then for any q > 1 there exists A; > 0 such that
E[V,(0ns1)] < aldg, V> 1.

Proof of Lemma B.1. Initialization for ¢ = 1: We prove the result by recursion on n. Let us
first remark that Vp(6) < e+ V1(0), then (14) becomes

E[Vi(0n41)] <E(Vi(0)) (1 — anm + c1a ) + c1a2E (e + Vi(6,)) + c1a?
(46) <E(Vi(6,)) (1 —apm+ 2¢1a? 2)+a(l+ e)a?

Now, consider some ng such that Vn > ng

m a m
1—anm+cla%§1——anand o< (1+—an).

2 Ap41 4
Let us first remark that for every fixed ng, we can choose Aj ,, large enough such that:

E(Vi(0n)) < A1noan, Vn < no.

Then
E[Vi(0n1)] < Aimgn (1= ans) +cr(1+€)a?
1+
< Ap g1 — <1 — a4 Cl(e)an> .
an+1 2 Al,no

Now if Ay p, is large enough:

an m
EV1(0n11)] < A1 potni1—— (1 —an— )
Ap+1 4

m
< Al,noan—l—l(l + Zan) <1 - anz)

S Al,noa’n+17

which concludes the recursion and prove the property for ¢ = 1.

Recursion step: We assume that the property holds until the integer ¢ — 1 and we prove
similarly by induction on n that the property holds for the integer ¢q. Let us first remark that
for every fixed ng, we can choose A, ,, large enough such that:

E(V4(6n)) < Agnoal, Vn <mng.

We remark that for ng large enough:

Vn > ng ala n+1<1+4 » and 1—anm+c1a%§1—%an.
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Using Equation (14), and the recursion assumption for ¢ — 1 we obtain that for n > ng:

Cq(Ag-1+1)

m m
BV 0010) < (1= T anad g + (g1 + e < g |1 40, %

q,10

Therefore, up to a modification of the constant A, ,:

EV,(0ns1)a,?y < Ag(1 + %an) [1 - %an} < A,
We conclude that the property holds for all n > ng and thus for any integer ¢:
EV,(0,) < Agal.

0

B.2. Technical results for the averaged quantile estimation (6,),,>1. This paragraph

gathers technical results useful for the study of (6,,)n>1.

Proof of Lemma 2.5. A straigthforward computation yields:

) 1\, 1—anf(0s) 12
“"<6"“n+1> _a"(l—(n+1)anf(9a)n+1>

2
‘1121 1 - anf(ea)
_ L 5 T - anf(ea)
(n+1)%a3f(00)* | ey — L
2 [ N ’
B a; n+1 ]
= 3 9 2 1
(n+ 1263 £ (00)? | rmyanyiomy — 1
1 2
(n + 1)2f(0a)2 [ + (n )]
We then conclude that a large enough constant C' exists such that:
(47) Y GRS S RPN B
P\ TR 1) S et 102F(0a)° '

We recall that from Proposition 2.4:
‘E [{AMn+1}2|}—n} —o(l - a)‘ < lloolOa — Onl-
Then, the Cauchy-Schwarz inequality yields E|0, — 6,,| < \/E|f, — 6,,]? so that:

1 \? 1
E{AM, . 1Y2a2 (epay — <(f-— —(3-a) 1— —a/2
{AM 11} a; <6 41 n+1> _<(n+1)2f(9a)2+0n (a( a)+Cn ),
from which we deduce the lemma. O

The second lemma handles the rests terms given in (20).

Proof of Lemma 2.6. Using the Jensen inequality as well as Proposition 2.4 i), we deduce
that:

all?, 1

2 (n +1
For the first term, a direct computation shows that:

wi S (g1 — en)Z S (n+ 1)_4+2a-

E(R%) < QwZE((Gn - Ha)z) + - €n+1>2E(‘9n - 9@)4)~
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Now, we apply Theorem 2.2 and conclude that
W721+1E(9n - ea)2 S (n)_4+a-
For the second term, we combine the bound on a?(1/(N + 1) — €,41) obtained in (47) with
Theorem 2.2 and deduce that:
a’ll?, 1

2 (n +1

Combining the two bounds, we deduce that:
E(Ri) S nf((4fa)/\(2+2a)).

— en)QIE(Hn — Ga)4) < n-272%,

O

Proof of Theorem 1.1-i1). We use the key relationship introduced in [Pel00] derived from the
linearization:

Ont1 — 0n = —anf(0a)(0n — 0a) + an Ry, + an AM 4.
Dividing by a,, and summing, we then obtain that:

> (h - 9) = =f(02) Y0k = 0a) + 3 Bt 3 AMysr.
k=1 k=1

k=1 k=1
Finally, dividing by n and using an Abel transform, we verify that:

. O —Oq  Onpr — 00 o n
f(%)[en—ea]:;(lal Sty (2o 2 )(ek—ea)+ZRk>
k=1

An41 P ak—1
1 n
(48) + > AMyp.
k=1
The Jensen inequality applied to (48) yields:
2p
_ O — 00| |1 — 0|7 |[S=x/1 1
I R s e el H e e B DY < - )(9k —0a)
a1 Ant1 o \k  Ok—1
n 2p n 2p
+ ZRkJrl + ZAMkJrl
k=1 k=1
We then compute the expectation of the right hand side terms and remark that:
01 — 0o |
(49) E|l—=| =0(1),
ai
while Theorem 2.2 yields:
Oni1 — 0o |
(50) E|= = =0(a,") = o(n?),
an

since a, = ajn~® with a € (0,1).
The generalized Holdér inequality yields (see e.g. Lemma 4.3 of [God15])

Zn:(alk_ : >(9’“_9a> i(alk— . )(E|9k—aa|2p)1/2p

Af— Af—

2p 2p

<

E
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When a; = a1k™%, we can verify that i — %%1 < k~e. Using again Theorem 2.2, we have

(E|9k o ea’2p)1/2p S (aﬁ)l/Qp — \/CTTL S n—a/2.

Therefore a comparison between series and integral implies that:

" 1 2 n 2
L _ < —1+4a/2 < 0P
> (ak ) O —0a)| < (ék ) < n.

e ak—1
Concerning the rest terms, we use that |Rgi1] < |0k — 0a]® (see Proposition 2.4 iii)),
Theorem 2.2 and we deduce from the generalized Holder inequality that:

n 2p n 2p
Z Rii1] < <Z (E|Rk+1|2p) 1/2P>
k=1

k=1

n 2p n 2p
(52) < <Z (aip) 1/2p> < <Z an> < n2(1—a)p_
k=1

k=1

(51) E

E

We remark that (AMj41)k>1 is a bounded sequence of martingale increments. We shall apply
the recursive argument stated in Lemma A.2 of [God15]: a constant K, exists such that:

n 2p
(53) Vvn>1 E (Z AMkH) < K,nP.
k=1

We then gather Equations (49)-(53) and obtain that:
Elfn — 0ol < n"2[0(1) + O(nP) + O(n™) + O(n*'~9%] = O(n"?),
for a € [1/2,1), which concludes the proof. O

ApPPENDIX C. TECHNICAL RESULTS FOR THE SUPER-QUANTILE ALGORITHM (@L)nzl
This paragraph gives the missing details of the proof of Proposition 3.3.
Lemma C.1. Assume that the step-size sequences satisfy
an, = ain_? and bn:bl(n—l—l)_b with 1/2 <a <b< 1.
then a constant C,, exists such that:

|77n | < Can—Z—b—i-?a )

Proof. We recall from Section 2 that a large enough constant C, exists such that:

Ca _
|€n‘ < m and ‘En - 5n+1’ < Can 2

In the meantime, we can check that a large enough C,, exists such that:

“+a

0
|6,] < cali“n—bﬂ and |0, — Opp1| < Can~ 1704,
—

The triangle inequality yields:

1] < lens1 — €nl|Ons1] + |€nl|n — Ony1] < Cun 270429,
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We now prove the two lemma contained in the proof of Proposition 3.3.
Proof of Lemma 3.J. Recall that U,, defined in (29) is the sum of four terms so that:
E(Uy) < 4E |03 |OD P +ni |0V + € 4165 1an Ry + bR Ry
We consider each term of the previous sum separately.
We remind that (57(11) =0, — 0,. Then, Lemma C.1 and Theorem 2.2 yield:
W%]E({ég)}Q) < A2, a _ —d-2bta,
Concerning the second term, remark that 0P = Z(LQ), so that (21) entails:
BE{OPY) Sn?
For the rest term R, we use that: R, < %|0n — 6,|? and Theorem 2.2, so that:

2 2 2 2 —2+2a —2+2a —2a —a —4-+a
€ni10m10, B[R] S X n Xxn ““xn*<n .

Finally, for the last term, we use that |R,| < gg’j\gg |0,, — 04)?. Then, Theorem 2.2 leads to:

VER? < B2E[|6,, — 04" Sn 2072

mn ~ "n

Gathering all the previous bounds and using 1/2 < a < b < 1, we get:

E(U7) S bp(n™" 4 n7%) 40740 4 pt720880 < = (1420),

O
Proof of Lemma 5.5. We study the variance terms brought by AV,,:
2 2 2 2 2 by 21 o Ent10n41anby
E(AVL 1) = €105 10, E{AM 1 } ]+WE[{ANTL+1} |=2——— — ElAMn1ANn],

and study each term separately.
First term. From Lemma 2.5, E({AM,11}?) < a(l — a) + Cn~%2. Combining this with the
upper bound of €,0, = n~2"2% in Lemma C.1, we observe that:

E[(an€n+15n+1)z{AMn+l}2] S Cn_4+2a-
Second term. We use (25) and Theorem 2.2 to deduce that:

E [( & ANnHﬂ = “l’%a)Q Va0 (VM2)| = (lb’%_‘z“)Q +0 (ba}/?).

l-«
Third term. We verify with simple algebra that:
E[AMu 1 AN 1| Fo] = E | (Xniily, |, 55, = Q) (F(0a) = 1x, 150, 7]
= [F(0)Q00)] — B [Xni1ly, , 50, 1x, 110, 170]

= a1 = a)da + E[F(0.)Q0) ~ F0)Q0a)] ~ E | Xni1lx 50, 1x, 120,70

We apply the Cauchy-Schwarz inequality and obtain that:

E [Nty 20, 1%0020, 5] < VERC]YF0) — F(6,)]
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We deduce that a large enough constant exists such that:

|E[AMp+1ANp11|Fn] — a(l —a)dy| < C [\/ 00, — 0a| + \/|0n — 0| + 10n — O0a] + 10, — 04]| .
In particular, we verify that:
E[AM 1 ANy 1] = a1 — a)dq + O(al/4).

We obtain with simple algebra using Lemma C.1 that:

by ~3+a
E 21 _a6n+15n+1an{AMn+1}{ANn+1}:| = O(n 3+ )

To conclude we gather the three upperbounds and deduce that:

v, i

APPENDIX D. TECHNICAL RESULTS FOR THE CENTRAL LIMIT THEOREM

Proof of Proposition 4.2. Proof of i): The proof relies on Theorem 7.3 of [Bil95] and is divided
into three steps.

Step 1: Tightness of (2(()n))n21. We shall remark that

sup E[||Zy]|!] < supET2 + sup EV2.
n>1 n>1 n>1

We observe that T,, = \/ﬁz(?) and (21) implies: sup,,>; E(T2) = SUp,>1 nIE{Zr(LQ)}2 < +o0.
In the meantime, we deal with the initialization of V,, by applying Theorem 1.2. We then
deduce that: sup,>; EVZ < 400, so that sup,>; E[|Zy[? < +oco. We then conclude that

(2(()n))n21 = (Zn)nZI is a tight sequence.
To prove the tightness of (Z(™),>1, we follow Theorem 7.3 of [Bil95] and we are led to study
P (supse[m +4] \Z(gn) - 2§n)| > e). This difference will be decomposed as:

Zm — 7 = B — B™ 4 pm — p™.

Step 2: Study of B§”) — Bt(n) - Tightness of (B™),,~1. We consider ¢ > 0, § > 0 and s €
[t,t + 0]. We use the triangle inequality and verify that:

. N (n,t+6)+1 Nnt+8)+1 N (n,t+6)+1

(n) _ gn - 3

1B =B < Y I HZe-)I S| D p L1 + > &
k=N (n,t) k=N (n,t) N(n,t)

For the first term of the right hand side, we use the Tchebychev inequality and obtain that:

N (n,t+6)+1 N (n,t+6)+1

P Z %qu >e| <e?E ( Z HZ’“]C‘IH)Q

N(n,t) N(n,t)
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Now, the Cauchy-Schwarz inequality implies that:
2

N(n,t+6)+ N(n,t+6)+1 N(n,t+6)+
Z HZk i) - Z 1 Z ||Zk 12
k - k k

N(n,t) N(n,t) N(n,t)

Since supys; E||Zg||? < 400 and Z%zgé) # < 26 for large n, we then obtain that:

N(n,t+6)+1
(54) P > “Zia|Z €| S e 252,
N(n,t)

We handle the rest term in the same way and control HZ%(Z Sré )+ & H We apply Equation

(37), the triangle inequality and the Minkowski inequality and deduce that:
2

N (n,t+6)+1 N(n,t+68)+ _
B e A I T N
Z k|| S Z k3/2 + NG + k3/2—a +
N(n,t) N(n,t)
2 -~ 2
|9k—9a| + |19k:_19a|
\/E k3/2
2 2
N(n,t46) | = N (n,t+5) 9 N (n,t+5)
‘9k—9a| lek—ea‘ |0k:_‘9a|
S Z k3/2 + Z \/E + Z k3/2—a
N(n,t) N(n,t) N(n,t)
2 2
N(n,t+96) N(nt+6) =
0k — 042 |0k — Val
X Tt X e
N(n,t) vk N(n,t) ke
Now we apply the Cauchy Sch lit der N(mt£)+1 1Y i each term:
pply the Cauchy Schwarz inequality in order to use ZN(M k in each term:
N(ntro)+1 || N(nt+8)+1
|- 1
Z &l S Z 2
N(n,t) N(n,t)
N (n,t+6)+1 9 3 2
0% — 0a|? |0k — bal [V — Val
X Z T |k—0a’4+w+‘9k—9a‘4+7
N(n,t)

We shall now compute the expectation of the previous terms and verify that

2

(n,t+9) N(n,t+6) N(n,t+6)

1 1 [EK|O — 04]> EK?|0 — 04]*
2 z I S N T
N(n,t) N(n,t)
KOE|0y — 002 Ek20p — 044 Ek|0), — 0a)
+ kl—a + k2a—1 + k2 :

Using now Theorem 2.2 (LP loss on the sequence (0y)n>1), Theorem 2.2 (LP loss on the
sequence (0,,)n>1) and Theorem 1.2 (L? loss on the sequence (J;,)n>1), We obtain that the
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bracket term is uniformly bounded in k, and therefore:

2 2

N(n,t+6) N(n,t+9) 1
E Sl < —| <
&S| Y. o] <9

We then apply the Tchebychev inequality and obtain that:
N(n,t+9)
(55) Pl D &|=e| S
N (n,t)
Hence, for any € > 0, for any 7 > 0, a small enough ¢ exists (of the order ne?) and a large
enough ng exists such that:
N(n,t+9)
Vn > ng P Z é:k >e| <né.
N(n,t)

Theorem 7.3 of [Bil95] implies that (B(™),>; is a tight sequence of continuous processes.
Step 3: Study of MM - Mt(n) - Tightness of (M™),,>. Since s € [t,t + 4], M™ safisfies:

M = M| < max(||yy), o = MO = M),

Considering now the supremum over s € [t,t + ¢], we then deduce that:

{ sup M — M| Zf} C{ sup 1M — M| 26}'
SE[t,t+6] N(nt)+1<k<N(nt+8)+1

We then deduce that for any p > 2:

g ( sup || M) — M™|| > ) =F ( o |28 = M) > )
SE[t,t+6] N(nt)+1<k<N(nt+38)+1

< e PE

sup (ARl ||p]
N(n,t)+1<k< N (n,t+68)+1

p
S(G2) erE [, - 20,
p— 1 N(n,t+68)+1

where we first apply the Markov inequality and second the Doob maximal inequality. Now,
the Minkowski inequality yields:

p Nto)+1 kap_1( — ex)AM;, \ |
P sup M — M| >e g<p> P kPR F
(se[mﬂﬂu ol p-1 k:;w Voi(1 = 0B AN

First, the martingale increments (AM,,),>1 are uniformly bounded (see Equation (8)). Sec-
ond, from our assumption Hy, the random variable X possesses a moment of order p > 2 and
for this value of p, we observe that:

N(n,t46)+1

SEt,t+4] k=N (n,t)
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Hence, we obtain that:

N(n,t+6)+1 1 5
P M™ — M™| > e < ePN(n,t)~?-2/2 - < .
Q;Eﬂa | M i |l =€] <ePN(n,t) k:%(:m) k =~ e?N(n,t)P=2)/2

We conclude that for this value of p > 2, for any € > 0 and any n > 0, a ng exists such that:
Vn>ne I,092> L
ePn

which in turn implies that:

B sup [M" - M) 2 €] <,
SE[t,t+0]

because N(n,t) > N(n,0) = I',. Again, Theorem 7.3 of [Bil95] implies that (M™),>; is a

tight sequence of continuous stochastic processes. It concludes the proof of the 7).

Proof of ii): We start from the definition of AM,, ;1 given in Proposition 4.1:

1,1 1,2
Sn, Sn’ )
Y

E[AMnHAM;Hu—n] = (S%’l 522

where
bi(n+ 2)
T—alm+1)

1
Sht — a%(n+1)2(n7—6n+1)2E({AMn+1}2’Fn) and  S3? =

+1 E({ANn+1}2‘fn),

and

1 Vb1 n-+2
12— 621 — ¢, 1 — € E(AM, . 1AN, . 1|F,).
Sp” =57 =an(n+1) 1 ) TVl (AMp41ANp 1] Fn)

We now study each term separately.
e Lemma 2.5 implies that:

a(l —«
Syt = ;(9)2) + O (|00 — 0al) -
e Proposition 3.1 yields:
b1V ~
52,2 — (11_70[)2 + O(|60,, — 64))-

e Finally, we deduce from Lemma 3.5 iii) that

1 Vb [n+2
571172 = an(n + 1)(m - En—i-l)( : ) \/THE(AMn"‘lANn"_l’fn)

11—«
\/blon?a < = = >
= Y10 4 O (/10 = 0a] + /00 — Oa] + |0n — O] + |0, — 6] ) -
70 | |+ VI |+ | |+ |

Using our previous results on (6,,),>1 and (6,)n>1, the conclusion holds.
Proof of iii): We consider a twice differentiable test function ¢. Using a second order Taylor
expansion and Proposition 3.1, we obtain that:

E [¢(Zni1) ] = 9(Z0) + —0(0)Z) + Qo
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where G(¢p) is defined in Equation (39). Finally, combining (37), Theoreml1.1, Theorem 1.2
and the fact that the martingale increments are bounded, we deduce that

E((n+1)|Qul) — 0.
]
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