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Abstract

The main objective of this paper is to propose a new approach for estimating the entire collection
of Sobol’ indices simultaneously. Our approach exploits the fact that Sobol” indices can be rewritten
as solutions to an optimization problem over the simplex of R?, to construct an online sequence of
estimators using a stochastic mirror descent algorithm. We prove that our estimation procedure is
consistent and provide a non-asymptotic upper bound for its rate of convergence. Furthermore, we
demonstrate the numerical accuracy of our method and compare it with other classical estimation
procedures. !

Keywords: global sensitivity analysis; Sobol’ indices; stochastic Mirror descent algorithm .

AMS subject classification: 62G05, 621.12, 62G20.

1 Introduction

1.1 Motivation

The study of how a numerical code’s output depends on its input variables has become critically
important in many fields, including physics, engineering, applied mathematics, and signal and image
processing, among others. Sensitivity analysis is particularly important in fields where meta-models

! Acknowledgment The authors thank Paul Rochet for recognizing the Mobius function as well as Sébastien Da Veiga
for giving them access to the results of the numerical experiments performed in [10] and running his R code on the test
function of Section 4.2. This work benefits from the financial support of ANR project GATSBII (ANR-24-CE23-6645).
S. G. also wishes to thank the Lagrange Center for its support during the development of this research project.


https://arxiv.org/abs/2512.06974v1

are used, such as modeling coastal flooding [3], optimizing aircraft geometry in aeronautics [43], and
in various other areas of engineering. Further examples can be found in [4, 37, 25]. The importance
of sensitivity analysis is growing with the advent of artificial intelligence techniques, as the use of
deep neural networks with highly sophisticated architectures is gradually replacing costly, traditional,
physics-based codes for computing outputs through a regression paradigm, for example [17, 16]. How-
ever, the complexity of these Al-generated models is often perceived as mysterious and difficult to
interpret, particularly with regard to how the output is influenced by the input variables. It is nev-
ertheless crucial to understand the effects of input variables on a code’s output, in order to improve
the generation of certain input variables and to enhance public acceptance of how the code operates.
Therefore, it is important to quantify the influence of variables on the system with a reasonably limited
number of evaluations and computations.

When these inputs are regarded as random elements, this problem is generally referred to as global
sensitivity analysis. Global sensitivity analysis considers the input vector as random and provides a
measure of the influence, in terms of output fluctuations, of each subset of its components. We refer
to the seminal book [48] for an overview, to [8] for a synthesis of recent trends in this field, and to
[12, 48, 50, 52] for a discussion of the practical aspects of global sensitivity analysis.

Of the various measures used in global sensitivity analysis, variance-based measures, derived from
Hoeffding’s decomposition of variance, are probably the most commonly used. When considering an
output Y of a computer code modeled as Y = f(X!,... XP), one obtains one of the most common
measures of the sensitivity of Y with respect to a subset of inputs X*,i € w foru C 1,--- , p: the closed
Sobol’ index ¥, defined by

_ Var(E[Y|X'i€u]) E[E[Y|X' i€ u?]—E[Y]?
v Var(Y) B Var(Y)

In recent years, a myriad of different estimators have been proposed (see [8, Chapter 4] for a full
review). A first class gathers spectral methods that aim at constructing estimators based on the
spectral analysis of the input/output functional relationship and Parseval’s formula. We refer to [55]
for a basic description of the method and to [8, Chapter 4] for more recent references. It should be
noted that the asymptotic properties of these methods have been little studied, as they are based
on the theory of non-linear (quadratic) functional estimation. A second class of methods requires

that the covariates (X!,..., XP) be independent in order to obtain the asymptotic properties of the
estimators. Among them, the so-called Pick—Freeze design of experiments aims at computing a Monte
Carlo estimate of ¥, from a sequence of evaluations of f on a sample of input values, fixing those
of the subset u. The main advantage is that only minimal assumptions on f are required to derive
consistency and central limit theorems. In particular, assumptions of integrability, but not regularity,
on f are necessary (see, for example, [26, 32]). Moreover, to estimate at rate \/n a single Sobol” index,
one needs a design of experiments of size 2n. This implies that estimating all the p first-order indices
involves a sample of size (p + 1)n, and a 2Pn sample is required to estimate all Sobol’ indices. This
method has two drawbacks: the size of the DOE required to estimate all indices grows exponentially
with the number of input variables, and it relies on the very specific Pick—Freeze experimental design.



In order to tackle these limitations, methods based on local averaging have been developed. Among
them are kernel estimators, which have been thoroughly studied for the case d = 1 [11, 7, 45, 54,
30], and provide central limit theorems and asymptotic efficiency as soon as the function f satisfies
regularity assumptions. Closely related are nearest- approaches, which have been studied by several
authors (see, e.g., [15, 34, 35, 13, 22, 29, 14]). For instance, in [14], the authors propose a plug-in
estimator with statistical consistency for any d, and a central limit theorem with rate \/n for d < 3,
provided that regularity assumptions hold. In parallel, [4] consider a variant that is consistent for any
d, but no rate of convergence is provided. When d = 1, a central limit theorem for estimators based
on ranks (i.e., nearest neighbors on the right) is also proved in [24]. Recently, in [9], the authors used
high-order kernels to build asymptotically efficient estimators of Sobol’ indices of any dimension from
a single i.i.d. n input/output sample. Their result requires strong smoothness assumptions on f and
on the support of the input variables which may be restrictive in some irregular situations.

In order to build an estimator of Sobol’ indices using any of the methods described above, the
practitioner needs to have access to the complete dataset. Unfortunately, in some applications, the
data are generated online and cannot be stored.The goal of this work is to introduce and to study a
new numerical scheme based on online data for simultaneously estimating the 2P Sobol’ indices taking
into account their geometrical constraints.

1.2 Main contributions

In this paragraph, we provide an overview of our contributions, acknowledging that some concepts may
not be fully introduced at this stage. Our aim here is to offer a concise and accessible summary that
enables the reader to grasp the core contributions of the paper within a short time. Readers seeking
a more detailed and systematic exposition will find a thorough presentation in Sections 2 through 5.

Framework In this work, we propose a sequential estimation method for all Sobol” indices associated
with a numerical model Y = f(X), where X = (X!,---, XP) is a random vector with an unknown
distribution and independent components in RP, and f : RP — R is a deterministic and unknown
function such that E[f(X)?] < co. Our method generates a sequence of estimators (S,),>1, where,
at each iteration n, S,, denotes the current estimate of the collection of Sobol’ indices, based on 2n
evaluations of the numerical model f. The true collection of Sobol” indices is denoted by S* = (S)ue,
where T represents the set of all possible subsets of 1,...,p.

Our scheme combines two ingredients that were neglected in previous studies: first, the Hoeffding
decomposition of the variance implies that the collection of Sobol’ indices lies on the unit simplex;
and second, Sobol’ indices can be interpreted as the solution to an optimization problem, as pointed
out by [32] in Equation (2.4). Indeed, the Hoeffding decomposition of the variance provides two
key insights: the indices take values between zero and one, and they sum to one. This information is
generally not taken into account in classical estimation procedures. Our online estimator is constructed
via a stochastic mirror descent algorithm that solves a constrained optimization problem associated
with the collection of Sobol’ indices. The main advantage of the mirror descent algorithm is that it
yields an explicit solution of the one-step optimization on the simplex without any projection, and



a single evaluation of the function f allows the simultaneous update of 2P indices, resulting in a
significant reduction in computational cost. Our analysis requires access to two online sequences of
i.i.d. realizations of the random variable X, denoted by (X,,)n>1 and (X),)n>1, as well as the ability
to perform sequential evaluations of the numerical model f.

Variational description of Sobol’ indices Our first contribution, although theoretically straight-
forward, has significant practical value for implementing our sequential estimation method for S*.
Specifically, it provides a variational characterization of S* through a constrained convex optimization
problem, which generalizes the result stated in Equation (2.4) of [32]. For this purpose, we introduce
A, as the set of probability distributions over T, while A} denotes the same set restricted to vectors
with non-zero coefficients.

Theorem. Assume that a € Ay is a discrete positive probability distribution over Y. Then, a strongly
convez function ®* exists (defined in Equation (13)) such that S* is the unique solution to the convex
program.:
S* = arg min ®“(s). (1)
s€ENg
The details of this statement are provided in Section 2, and in particular in Section 2.3, which
presents a detailed version of the previous result stated in Theorem 2.2.

Estimation of Sobol’ indices with a Stochastic Pick-Freeze mirror descent Our second,
and more substantial, contribution is a practical algorithm that solves the aforementioned convex
program via a sequence (Sn)nZh constructed from online arrivals of i.i.d. observations (X, X} )n>1.
We employ a stochastic gradient descent prqcedure, tailored to our setting, as detailed in Algorithm 1

and developed in Section 3. The sequence (S,,),>1 depends on a step-size sequence (7, ),>1, for which
we establish the following result.

A

Theorem. The sequence (Sy)n>1 built in Section 3 satisfies

(a) Asymptotic almost sure convergence result.
Assume that Y. n, = +oo and .12 < +oo, then:

lim S,=S" a.s. (2)

n—>-+4oo

(b) Non-asymptotic upper bound Consider the Cesaro averaged sequence

(Ziézl 771<:+1Sk>

S = - Vn > 1,
(> k=1 Mk+1)
then if no > 0 and (Np)n>1 = (non_l/Q)nzl, we have:
. . log(n)
arQny| _ a
E [2°(S7)] - min@® < C; N (3)

where Cy is a dimension-dependent constant that will be made explicit later on.



The two parts of the previous theorem are detailed in Theorems 3.3 and 3.4, where alternative
step-size sequences are also considered.

1.3 Organization of the paper

The article is organized as follows. Section 2 introduces a variational characterization of the collection
of all Sobol’ indices as the minimizer of a strongly convex function (Corollary 2.1). This section
also summarizes well-known key concepts from global sensitivity analysis. Section 3 presents the
Pick—Freeze Mirror algorithm, proposed to solve the constrained optimization problem and to construct
a sequence S’ of estimators for the Sobol’ indices. Section 4 then presents numerical experiments that
illustrate the performance and practical behavior of the proposed algorithm on benchmark problems.
Finally, Section 5 is devoted to the proofs of our theoretical results.

2 Constrained variational characterization of Sobol’ indices

We consider X = (X!,..., XP), a real-valued p-dimensional random vector representing the input of a
numerical code, and Y, the output random variable associated with a black-box function f : RP — R.
The output Y is linked to the input X through the simple relation

Y = f(X) where X = (X!,...,XP). (4)

We assume that X follows an unknown distribution Q, and that its components (X7)j < p are in-
dependent. For numerical purposes, we further assume that the variables (X7)j < p can be easily
simulated. Our theoretical results require only that

E[YY] < cc. (5)

Subset notations Throughout the paper, we frequently consider subsets of variables, denoted by
u C {1,...,p}\ 0. For convenience, we denote by T the set of all subsets of {1,...,p}. When u € T,
|u| denotes the cardinality of the subset u, with the convention that |()] = 0.

2.1 Sobol’ indices

A now-standard approach for global sensitivity analysis relies on the computation of Sobol’ indices,
a technique introduced in [42] and later popularized by [53]. These indices are particularly suitable
when the numerical code returns a real-valued output, denoted by Y. In this section, we recall some
key elements of global sensitivity analysis, which may be skipped by readers already familiar with the
topic.

Using the ANOVA-Hoeffding decomposition of the variance (see e.g. [31, 21]), the objective of
Sobol’ indices is to compare the conditional variance of Y, when fixing the values of a subset of
variables (X? i € u), to the total variance of Y’

Var(Y) = >V, with V, = Y (=) FVar(E[Y|X",i € v]) > 0. (6)

ueY vCu



We shall observe that Vjy = Var(E[Y]) = 0, regardless the distribution of the inputs X, so that Vj is

always zero and does not need any estimation procedure.

The Sobol’ 8* = (S%),er and closed Sobol’ ¥* = (X%),cr indices with respect to (X% i € u) are

defined by:

Vu Var(E[Y|X?,i € u])

Sy = d X := . 7
YT Va(y) T Var(y) (7)

Dividing both sides of (6) by Var(Y'), we observe that S* belongs to the simplex of discrete probability

distributions over subsets defined by:

Ay = {3:(su)u€T,Vu€T:su20 and sp=0 and Zsuzl.}.
ueY’

Moreover, we also deduce from Equation (6) that Sobol’ and closed Sobol’ indices are linked through
a a linear transformation. Using an indexation with subsets of T (see Appendix B for more details),
a square matrix M, triangular with diagonal terms equal to 1 exists such that:

S*=MX* with Y(u,v) € T xT  M,, = (-1, (8)
Finally, the matrix M can be inverted using the Rota-Mobius inversion formula [47], thus

V(u,v) EYxYT Mg, =1y, and X* =M 'S" (9)

2.2 Pick-Freeze trick

In this section, we briefly recall the classical "Pick-Freeze” strategy for estimating Sobol’” indices. We
consider X’ = (X'!,..., X'P) an independent copy of X = (X!,..., XP) so that (X, X") ~Q® Q.

Proposition 2.1 (Pick-Freeze trick). For any u € T, we have:
(i) If Y = f(X), Y = f(X®) where X is built from X and X' as
Vief{l,...,p} XU =X"Lic, + X"y,
then Var(E[Y|X?,i € u]) = Cou(Y,Y ™) and

s+ _ Cou(Y,Y ™)

= 10
“ Var(Y) (10)
In what follows, (Y,Y™) will be refered to as a Pick-Freeze sample.

(ii) Furthermore

¥ = arg 913(1)% Vo (0)  with 1y (0) :=E {((Y —E[Y])o— (Y™ — E[Y]))Q] :

where the expectation has to be considered with respect to the pair of random variables (Y,Y(“))
defined above.



For a fixed subset u € T, the “Pick—Freeze” trick leads to the so-called “Pick—Freeze” estimator,
which corresponds to a Monte Carlo version of definition (10). These estimators have been extensively
studied in the literature [53, 49, 38] and are known to be consistent and asymptotically normal [32].
In addition to their favorable asymptotic properties, it is worth noting that the number of evaluations
of f required to estimate X% is 2n, yielding a convergence rate of y/n. To estimate K Sobol’ indices,
this number increases to (K + 1)n, so that the total computational cost reaches 2Pn, which grows
exponentially with p.

2.3 From the Pick-Freeze trick to a variational characterization of >* and S*

In this work, we propose a method for the simultaneous estimation of all Sobol’ indices, assuming
access to a sequence of data compatible with the Pick—Freeze trick. The variational characterization
of X*, stated in Proposition 2.1, implies that a standard gradient descent method can be naturally
applied to obtain an accurate approximation of ¥} since the functional 6 — 1),,(0) is strongly convex.

We perform a convex aggregation of all the functions v, using a collection of weights (a,)uer € A,
for now chosen arbitrarily, and define the function ¥* as follows:

Vo = (xu)uEY \I]a(x) = % Z au¢u(xu) (11)

ueY

The probability distribution (a)yey which will be denoted by £ is for now chosen arbitrarily
such that:

i 0. 12
min ay > (12)

For any such a, a straightforward consequence of Proposition 2.1 (ii) is that ¥® is minimized for
x = X"
Finally, recall that S* = MX* and S* € A, the simplex of discrete probability distributions over
the set T and define
Vs €A, d(s) := UM Ls). (13)

This leads to the following characterization result for the set of all Sobol’ indices, which will serve as
the cornerstone of our work.

Corollary 2.2 (Variational characterization of S*). For any discrete positive probability distribution
a = (ay)uer, satisfying (12), the collection of Sobol’ indices S* is uniquely defined as:

S* = arg min ®“(s), (14)

s€Ng

where ®* can be written as an strongly convex function represented as an expectation:
2
5(s) =B |((v - EY)IM sl - (v - Bv))). (15)

a

where U ~ L% and conditionally to U, (Y,YY) is a Pick-Freeze sample (see Proposition 2.1).



Corollary 2.2 shows that S* minimizes the function ®%, which is strongly convex and differentiable,
over the space A,. Moreover, ®* is the expectation of a strongly convex function that can be readily
simulated using Pick-Freeze realizations. Consequently, the problem of estimating all Sobol’ indices
can be addressed via a constrained stochastic optimization algorithm. This is precisely the approach
we adopt in the following, employing a Stochastic Mirror Descent algorithm detailed in the next
section.

3 On-line estimation of Sobol’ indices with Pick-Freeze S.M.D.

Our estimation strategy is based on a mirror descent introduced in the pioneering work of [40]; it
provides a versatile approach that naturally handles constrained optimization problems through an
appropriate mirror map. Mirror descent can be seen as a natural generalization of the gradient descent
method, seen as an iterative Maximization-Minimization procedure. It is particularly suited for the
smooth minimization of a strongly convex function ®“ over the constrained set A, (see, e.g., [33], [5]).
The mirror descent algorithm defines a smooth trajectory that remains within the constrained set
without requiring an additional projection step and effectively "pushes” the boundaries of the simplex
to an infinite distance from any point strictly inside A,. Moreover, it can be easily extended to a
stochastic setting using iterative noisy realizations of the gradients.

3.1 Bregman divergence on A, and mirror descent

We first introduce the strongly convex negative entropy function over Ag:
q
Vo e Ay h(v) := Zvi log v;. (16)
i=1

If (-,-) denotes the standard Euclidean inner product, the h-Bregman divergence D}, between two
probability distributions is defined as

V(w,v) € Ag, Dp(w,v) := h(w) — h(v) — (Vh(v),w — v).

Remark 3.1. A Bregman divergence induces a natural metric associated to u € A, while we emphasize
that the strong convexity of h induces the following lower bound:

w — v||?

Dy(w,v) > 14

(17)

A (deterministic) mirror descent with a step-size sequence (7y,)n > 1 consists of minimizing, from
n to n + 1, the first-order Taylor approximation of ®* penalized by the Bregman divergence. The
iterative step corresponds to a sequence (6,)n > 1:

1

Yn41

0,01 = arg min {@a(en) +(VB(0,),0 — 0,) +

mip D (6, en)} . (18)



Equation (18) defines a general “proximal” descent method built using the Bregman divergence Dy
on the function ®*. When Dy, is replaced by the standard Euclidean distance, this reduces to the
standard gradient descent with step-size sequence (v,)n>1. A remarkable feature, see e.g. [33, 6], is
that the minimization in (18) can be made explicit when Dj, is derived from Equation (16). Using a
Lagrangian formulation, one can indeed verify that:

) 0,6 n+1V 2" (0n)
T e S DI T

(19)

where this last equation has to be understood within a ¢-dimensional vector structure, coordinate per
coordinate. We refer to [33] for further details.

3.2 The Pick-Freeze Mirror algorithm

An important feature of the definition of ®® is that this function can be expressed as an expectation
over a triplet of random variables (U, Y, YU), which are assumed to be easily sampled in our context.
To design the Pick-Freeze Mirror algorithm, we begin with the computation of V&, which is given in
the following statement as an expectation.

Proposition 3.2 (Computation of V®?). Assume that U is a random subset sampled according to
% and conditionally on U, (Y, YU) is a Pick-Freeze sample, then for any s € Ay, one has:

Ve'(s) = V.Elg(s, Y, YV, U)] = E [Veo(s, V.YV, U)]
where ¢(s,Y, YV, U) is the random variable defined by:
Vo(s, Y, YV, U) = (Y = E[Y]) My ! ((V —E[Y)[M 8]y — (YU ~ E[Y])). (20)

In our setting, an additional challenge arises from the fact that E[Y], which is involved in the
computation of V& via Equation (20), is unknown and must be estimated online. Consequently, we
introduce a biased Stochastic Mirror Descent algorithm, which jointly estimates both the mean of Y
and all Sobol’ indices. This biased framework is similar to that used in [6].

Description of the algorithm with unknown mean We assume that we have at our disposal a
sequence of i.i.d. random variables (X, X},,Uy)n > 1, where (X,,, X,,U,) ~ Q® Q ® L*Y, and L%
denotes the discrete distribution over T such that

Yn>1 Yue® P (U, = u) = ay.

We can therefore compute, for each n > 1, a Pick-Freeze sample (Y5, YTEU)) = (f(Xn), f(XUn)), as

stated in Corollary 2.2. In particular, Proposition 3.2 shows that ng(s,Yn,Yn(U), U,) is an unbiased
estimator of the gradient V@ for any s € A,. We estimate E[Y] using the empirical mean of the
samples (Y,,). Let m,, be defined by



1 n
M ==Y Y.
=

Then, based on Proposition 3.2 and, specifically, Equation (20), a recursive estimator can be
derived by substituting the unknown mean with its empirical counterpart m,:

Voni1(5) = Vot — ) M~ Ui, [ (Vogs = ) M sy, — (G — )] (21)

We emphasize that in Equation (21) above, we use m,, and not 7,11 to compute %n 11, for the
sake of the simplicity from a mathematical point of view.

A

Finally we can define the recursive sequence (Sy),>0 as:

A

S"H‘l = arg min {<%n+l(gn)a S — Sn) +

s€EA,

1 N Sne*nn+1@n+1(sn)
Di(s, sn)} - (22)

nn—f—l |‘Sne_n"+1%n+1(gn)‘|l .

The Pick-Freeze Mirror algorithm then derives from a sequence of iterations that respectively

v©@

computes my,, samples (Y,,, Y, ', Uy,) and uses (22). This new method is summarized in Algorithm 1.

3.3 Theoretical results

We state below our theoretical results.

Almost sure convergence Theorem 3.3 is a purely asymptotic convergence result. It establishes
the convergence of our algorithm (Sn)nzl to the set of Sobol” indices S* under weak assumptions on the
sampling process (finite fourth moment of Y') and on the step-size sequence. In particular, our result
does not require any smoothness assumptions on the numerical code f, unlike recent contributions
[11, 7, 45, 54, 30], which use a kernel-based approach that inherently imposes regularity conditions on

the numerical code.

Theorem 3.3 (Almost sure convergence of (Sn)nZO ). Assume that the sequence (nn)n>1 Satisfies:

Z Mnt1 = 00, and Z Mps1 < 00. (23)

Assume furthermore that Y has a 4-th order moment and that the discrete probability distribution a is
lower bounded:

min a,, > 0
ueY U ’

A

then (Sp)n>1 almost surely converges towards S*.

These results hold for a standard setup in stochastic algorithms with a decreasing learning rate
(Mn)n>1. The key condition is the convergence of the series 3°, - n2 together with the divergence of
> _n>17n- A typical application of Theorem 3.3 corresponds to 7, = non~* with o € (1/2, 1]. Finally,

10



we note that the previous result is not quantitative, in the sense that the "rate” of convergence of
the sequence (én)nzl towards the target S* is not explicit. In particular, it would be highly valuable
to complement our result with an almost sure convergence rate, see [28, 51, 36], which is a stronger
statement. Another possible extension would be to establish a central limit theorem for the properly
rescaled algorithm (S, — $*)n > 1, to obtain a precise characterization of the limiting variance. See,
e.g., [20, 23, 1] for examples of CLTs derived in various contexts using martingale representations or

the Markov process perspective. Such extensions could be the topic of further research.

Non-asymptotic upper bound Using the perspective introduced in [39, 27] to assess the com-
putational cost of convex stochastic optimization, it is possible to derive a more quantitative result
on the sequence (Sn)nZL This result is expressed in terms of the expected value of ®¢ throughout
the algorithm. For this purpose, we introduce below a quantity related to the discrete probability
distribution used for sampling the subsets U according to a:

|a|exp,e :=E [2£|U|} => " u e Ya, 2N, (24)

Theorem 3.4 (Non-asymptotic risk bound). Consider any finite horizon n > 0 and the sequence
(S))k>1, the Cesaro averaged sequence built from the sequence (Sk)k>1:

Sn — ZZZI nk-&-lsk
" 22:1 Nk+1

i) Assume that (Ng4+1)k>0 5 piecewise constant defined by:

lp<n1

Ne+1 =
0+ o 2)n

9

then

log(n

~—

— A 1
E[®*(ST)] — min & < /1 4 \/[|allexp.2 (Dh(S*,Sl)+CE[Y4])%+5|]aHeXpVar(Y)

it) If (Mk41)k>0 is horizon free (that does not depend on the stopping iteration n) defined by:

M1 = no(k + 1) 712,

then Vn € N

logn

\/ﬁ I

E[4(S])] - min @ < C (Dy(S",81) + [[aflexp.2 + E[Y])

We emphasize that item ¢) of Theorem 3.4 does not constitute a true convergence result, which
is indeed impossible to obtain for a constant step-size stochastic algorithm. Nevertheless, it can

11



be regarded as a benchmark result, following common practice in convex optimization for machine
learning. It provides a convenient way to assess the mean-square behavior of a stochastic optimization
algorithm in a convex landscape. Even if the bound does not appear to explicitly involve the ambient
dimension of the problem, it is implicitly present both in the term ||a|lcxp,2 and in the fourth-order
moment of the random variable Y. This result captures both the effect of the final horizon on the
“convergence” rate and the dependence of the final bound on the dimension of the ambient space
when the algorithm is averaged over all iterations. The appearance of both the "dimension” and the
factor y/n is not surprising, as it corresponds to the minimax rate of convergence in many stochastic
optimization problems with convex landscapes (see, e.g., [40]).

Point #i) of the previous theorem concerns the case of a decreasing step sequence. The result
holds for any finite simulation horizon but leads to a slightly weaker upper bound with an additional
logarithmic factor in the bound of point i1).

In both cases, the quantity ||al|exp,¢ captures the dimensional effect, e.g., the number of unknown
Sobol’ coefficients to be estimated. In particular, it satisfies a universal upper bound, independently
of the weight distribution a:

llallexp,e < 2.

Furthermore, for a fixed number of coefficients, the quantity ||a|lexp2 decreases as the distribution
a increasingly favors subsets of smaller size. Nevertheless, one should not conclude that it is advisable
to choose a distribution a such that ||al|exp,2 is very small, since the result concerns the value of ®¢,
not of Sn itself. Indeed, while it is possible to relate the proximity of ®*(S"n) to its minimum with
the proximity of S"n to S*, this relation critically depends on the strong convexity constant of ®¢
(associated with V2®®), which is significantly degraded if a is chosen to produce a very small ||al|exp.2-

Hence, the influence of a through ||allexp2 and the spectral properties of V2@ warrants a deeper
mathematical investigation, which lies beyond the scope of the present paper and will be addressed in
future work.

4 Experimental results

In this section, we explore the numerical performances of our algorithm.

4.1 Baselines and Competing Methods

Our study focuses on comparing our method with two existing estimation techniques for Sobol’ indices:
the standard Pick-Freeze estimator for individual Sobol’ indices [32], and the kernel-based estimator
of [10]. We consider both regular and irregular functions f. Let us first briefly discuss the advantages
and limitations of these two methods.

e The asymptotically efficient version of the Pick-Freeze estimator for closed Sobol’ indices studied
in [32] (referred to as "PF1” below). For each subset u, it computes a Monte Carlo estimator

12



Algorithm 1 Pick-Freeze Mirror algorithm

Require: N > 0, Step-size Sequence (7, )n>1
TATL() +~0
Sg «~0 and S}« qu:11 > Initialization with a uniform distribution of weights over A,
for n <+ 1to N do

Sample (X141, X, 1, Unt1) ~ Q® Q ® LS and compute Y41, Yn(ﬂ
Update the estimator of the expectation of Y:

anrl = 7:’\ﬁLn + m(Yn+1 - T/I\ln)

> Empirical mean estimation
Compute the estimator of V®* at step n:

<3 & ~ — ~ ~1& U ~
v¢n+1(sn) = (Yoq1 — mn)MUnl_H,; [(Yn+1 - mn)[M 1Sn}Un+1 - (Yn(-i-% - mn)}

> Gradient estimation
Update the estimator of the collection of Sobol’ indices:

Snefnn"'l Vqﬁn+l (Sn)

Sn1 = —
T8, e T GO,

> Stochastic Mirror Descent
end for

T, N of 3, based on a Pick-Freeze sample (Y, Y;(u)hgigN :

vy,
2

2
FEE vy - (42 )

e

— Advantages: The Pick-Freeze estimators are consistent and satisfy a (joint) central limit
theorem under the sole assumption that the output has a finite fourth-order moment.

Tu,N = )
1y YitY;
N 2

Y4y,
)

— Drawbacks: To estimate all 2°~! Sobol’ indices at a /n rate, a sample of size 2Pn is required.

o The kernel-based estimator given in equation (20) of [10], using an Epanechnikov kernel of order
2 and 4 (see [19] for a definition), with the kernel bandwidth optimized via leave-one-out on the
regression function ("Kernel 2”7 and "Kernel 47).

— Advantages: A simple i.i.d. sample of size n is theoretically sufficient to estimate all Sobol’
indices at the y/n rate.

13



— Drawbacks: The input variables are assumed to be compactly supported and absolutely
continuous with respect to the Lebesgue measure. Moreover, regularity assumptions on
the regression function are also required. Although asymptotic normality is established
for all Sobol’ indices, the computational cost of evaluating the estimator appears to grow
exponentially with the order of the indices.

For all these techniques, 50 replicates of the estimators are computed up to step Ng = 500. We compare
these methods with our Pick-Freeze Mirror Descent algorithm (Algorithm 1) using a decreasing step
sequence 1, = 1n0/v/n + 1, where 79 is a tuning parameter. To fairly compare the results and account
for the fact that the Pick-Freeze Mirror algorithm computes all indices simultaneously, we consider
the algorithm at times Ny and 2P Ny, corresponding respectively to "Mirror_PF-1” and "Mirror_PF-2”.

4.2 Numerical code used and comparison
4.2.1 Case of a smooth regular function: the Bratley function
We first consider the Bratley function, defined as
P i
Foratiey (X, ..., XP) =3 (-1 [T X7,
i=1 j=1

where X ~ U([0,1]) are i.i.d. and p = 5. For this function, [10] considered the performance of their
algorithm for the estimation of both the first-order and total-order indices. Recall that the first-order
indices are the Sobol’ indices associated with singletons, while the total-order indices are defined as

tot __ *
Si =1=%0 iy

In particular, since the total-order indices depend on the closed Sobol’ indices, we estimate them using

A

our sequence (S,)p>1 and (8).

4.2.2 Case of a discontinuous function

We then consider a discontinuous function defined by
Jaise(XD, X® X)) = XW ) o+ (XD Ly + X9,

for X*i.i.d N'(0,1) random variables. This case is interesting because it does not satisfy the regularity
assumptions required for the kernel based methods, nor the assumption on compactly supported
random variables.

4.2.3 Comparison

We first observe that, as expected, the "Mirror_PF-1” method performs worse than "Mirror_PF-27.
This is entirely reasonable, since the comparison essentially reflects the behavior of our algorithm

14



First-order sensitivity

Figure 1: Estimators of the first-order indices (left panel) and total-order indices (right panel) of the
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Bratley function obtained with different methods. The reference value is shown as a gray line.
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Figure 2: Estimators of the first-order indices (left panel) and the total order indices (right panel) for
the function fg. for the different methods. The reference value is represented with a gray line.

after 1 and Ny epochs, respectively (where one epoch corresponds to the full set of 2P variables in
our problem). Nevertheless, in many cases, "Mirror_PF-1”, despite using an extremely small number
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of iterations, still achieves reasonably good performance given its very low computational cost for
estimating all Sobol” indices.

Next, it should be noted that the "Mirror_ PF-2” method consistently outperforms the baseline
"PF1” method, which consists in independently repeating the Pick-Freeze procedure for each variable
under consideration: in particular, the variance of "Mirror_PF-2” are smaller than those of the Pick-
Freeze method when considering the mirror algorithm at step 2PNy. This clearly demonstrates the
benefit of formulating our problem as a constrained optimization task, which allows all indices to be
updated simultaneously. Moreover, the "Mirror _PF-1” method with a single epoch sometimes achieves
results comparable to the baseline "PF1” (this is in particular the case for the null indices of X G x®
and X©®) for [Bratley), thus efficiently exploiting the simplex constraint in the search for the Sobol’
indices.

Finally, the comparison of our methods with the kernel-based methods Kernel2 and Kernel4 re-
quires more nuance. Indeed, for the regular Bratley function, the two kernel methods produce results
that are quite close to each other, while, for an equivalent number of iterations in the algorithm,
they perform similarly to the ”Mirror_PF-2” method and clearly outperform both "Mirror PF-1” and
PF1. However, this observation for the class of regular functions completely disappears in the case
of non-regular functions. In this case, we observe that the kernel estimators fail to estimate the cor-
rect Sobol’ indices, whereas the Mirror Pick-Freeze and the Pick-Freeze methods still provide good
results. The rather excellent results of kernel methods for smooth functions and the very disappointing
performance for discontinuous functions are entirely consistent with the behavior of the kernel-based
methods, which rely on a function decomposition that is not valid when the functions are non-smooth.
Finally, let us stress that a major drawback of kernel methods is the cost in memory required to run
the estimation. On this aspect, our on-line algorithm performs at low memory cost even for a large
number of input variables.

4.3 Investigating different sampling strategies

Finally, in this paragraph, we briefly describe the influence of the sampling strategy resulting from
the choice of the distribution a. The distribution a impacts the way our algorithm will chose the
different subsets all along the iterations. We chose to compare uniform sampling ("unif”) with two
adaptive strategies. In the latter, the distribution a is updated at each step of the algorithm based
on the current value of the sequence S,. Specifically, we set a o S, in strategy ”S” and a < 1/ S,, in
strategy 71/S”. We also computed an averaged version of the algorithm in the uniform case, referred
to as "avg”.
We performed 100 repetitions of the algorithm for different time horizons

€ (2P) x {500, 1000, 1500, 2500, 3500, 5000} .
We consider the discrete function fg;s.2 defined by
faise2 (X1, X% XP) = X 1 yas gy + X1 ys gy + X°,

and a step sequence 7, = 0.3//n + 1.

16



The advantage of this choice lies in the fact that the true values of the Sobol” indices can be
computed through an exact calculation. For each strategy, we compute the mean squared error of
the estimated closed Sobol’ indices, obtained as M -1§,,. For comparison, we also computed the 2P
Pick-Freeze estimators based on {500, 1000, 1500, 2500, 3500, 5000} observations. The mean squared
errors obtained in this case correspond to the line labeled "PF” in Figure 3.

100 4

— unif
avg

— s

— 1s

ot ] \ ——- PF

10724 Tm==oo

Mean Squared Error on closed sobol indices

104
Number calls to the objective function

Figure 3: MSE on the 2° closed Sobol’ indices computed over 100 repetitions of the Pick-freeze mirror
algorithm for different choices of the sampling distribution a.

Interestingly, we observe that the uniform strategy performs better than the adaptive strategies
in this case. Furthermore, when considering an averaged version of the algorithm, we recover a
convergence rate of 1/n, similar to that of the Pick-Freeze method. Finally, this last method, using a
uniform weight for a combined with Cesaro averaging, appears to achieve the best results among all
our strategies.

These simulations illustrate that the choice of a has a direct impact on the quality of our numer-
ical results. Similarly, the choice of a also likely affects the performance of the averaged algorithm.
The theoretical study of this influence is not addressed in the present work, as it requires nontrivial
developments that go well beyond this initial study. We therefore leave this analysis for future work,
in particular by studying the asymptotic behavior of our methods as a function of a, through a central
limit theorem with a variance that likely depends on this distribution a.

5 Proof of the theoretical results

This technical section is devoted to the proof of Theorem 1.2 stated in the early introduction of the
paper. The result contains two parts that are then detailed in Theorem 3.3 and in Theorem 3.4.
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5.1 Gradient of ¢
Proof of Proposition 3.2. For s € A, and h € R? we verify that:

(s + h) = 3" @E[(Y —E[Y)[M A, ((V = E[Y])[M~'s]y — (V" = E[Y]))] + o(|h]?)
ueY
= > aE [( Z M, th ( Y —E[Y])[M 's], — (V" - E[Y])) + o(|h]?)
ueY

=Y au(E[(Y —EY)M.! (v —EY])[M ]y — (V" —E[Y])) |, h) + of|n[*)
ueY

= (V&(s),h) + o(|h]*)

where M, ! refers to line u of the matrix M ~!. Let us finally remark that if U is a discrete YT-valued
random variable distributed according to the probablhty distribution a, then we can rewrite V& as:

VO©(s) = 2 ek (Y ~EYDM,! (v ~ EYDM sl — (¥~ E[Y])]

=E (Y —ENV])My! (Y —~EYDM sy — (YU —E[Y]))].

5.2 Proof of Theorem 3.3 (almost sure convergence)

The proof of almost sure convergence follows the general approach of [33], with specific attention given
to the presence of an estimation bias in the algorithm due to the online approximation of E[Y]. This
bias is handled in a manner quite similar to that of [6], although the control of this bias term is, of
course, specific to the context considered in the present work. Finally, although the approach based
on relative smoothness introduced in [2] offers a powerful framework for analyzing mirror descent
methods (even in the stochastic cases, see [19, 18]), it cannot be employed in our setting, as the
conditions required to apply the results of [19, 18] are not satisfied. Indeed, while the function ®“
exhibits uniform Hessian bounds over the entire simplex (see in particular Appendix B), the entropy
function h given in Equation (16) defining our Bregman divergence is not differentiable on the boundary
of the simplex so that the metric induced by Dj, cannot be upper-bounded by the one induced by the
Hessian of ®¢.

Proof of Theorem 3.3.

The proof is organized into three parts. The first part leverages the variational formulation of mirror
descent to establish a one-step inequality for the Bregman divergences. The second part provides a
precise, quantitative estimate of the bias between the estimated drift at iteration n and the theoretical
drift, which arises from replacing E[Y] with the empirical mean 1, in the gradient. In the final part,
the convergence of the sequence is established using the Robbins—Siegmund lemma, together with
several technical estimates.

18



Step 1: Obtaining a recursion on D (S*, Qn) Recall the definition of Sn+1

A — A A 1 A
S,+1 = arg min {(v¢n+1(sn), s—Sn)+ Dy (s, Sn)} ,
SGAq ’]7n+1
then the first order condition reads
Vs € Aq : nn+1<%n+l(sn)a S — Sn—‘rl) + <V1Dh(gn+1a Sn)y s — Sn—i—1> > Oa

where V1 Dy, refers to the gradient with respect to the first variable. As V1 Dy (z,y) = Vh(z) — Vh(y)
(Lemma A.2) we deduce that:

Vs € Ag: nn+1<%n+1(9n)a Sn-&-l —5) < <Vh(gn+1> - Vh(sn)7 5 Sn-&-1>
< Dy(s,Sn) = Du(s,Snt1) — Di(Sn1,Sn),

where the second inequality derives from the three point lemma A.1. Therefore, using simple algebra
and Inequality (17), we obtain that:

A A

— ~ ~ 1 A ~
Di(s,Sn+1) < Dp(s,Sn) — M1 <v¢n+1(sn)a Sni1—8) — iHSn+1 - Sn”%
We can now substitute Sn+1 — s by Sn — s in the middle term and write that:
TIn+1 <V¢n+1(én), gn+1 —s) = 77n+1<v¢n+1(gn)> S, — $) + T+ (V¢n+1(gn), SnJrl - Sn>
The Young inequality induces:
o1 &\ Q& & Lo o3 &2 L Lpe & 112
M1/ (Véni1(Sn), Snt1 = Su)l < 51 [VOn i1 (Sn) 2 + 5 1Sn41 = Sall2

This finally leads to the key inequality:

A A —_ A A 1 —_ A
Di(s,Snt1) < Du(8,8n) = 1t 1{V11(Sn), Sn = 8) + 57041 [ Vi1 (Sa) 2 (25)

Step 2: Comparison between %m—l(sn) and V®%(S,,). Recall that from Proposition 3.2
®U(S,) = E [VH(Sn, Yas1, Voo, Uni1) 1P

we can then write

Véni1(Sn) = VOU(S,) + AMpi1 + R, (26)

where AM,, 11 is a (F,)-martingale increment defined by:

AMyi1 = V6,41(80) — E [V6,41 ()l Fal (27)
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and Ry is a rest/bias term that comes from the estimation of E[Y] with i, in Equation (21):
Roi1 =B [V, (80)| 7] — v (S,). (28)

Using Equation (26) in (25), we deduce that:

A

Dh (s, gn—l-l) < Dh(sa sn) - 77n+1<vq)a(sn)7 Sn - 3> - 77n+1<AMn+la Sn — 3>

A

1 — A
— Tn+1 <Rn+17 Sn — 3> + 57731+1||vd)n+1(sn>”%

Let us choose s = S* in the previous inequality to obtain

A A

Dh(S*a sn—H) < Dh(S*a sn) - 77n+1<vq)a(sn)7 Sn — S*> — h+1 <AMn+la Sn - S*>

A

* 1 S Q
=41 {Rni1,Sn = 8%) + S 1 V41 (Sn) I3 (29)

Now from the Cauchy-Schwarz inequality and then the Young inequality, we have

Tt 1 (Bt Sn -85 < 77n+1HRn+1H2HSn — 8%|2
1+ S, — 873
2 .

< 7’n+1||Rn+1”2 (30)

We now use Inequality (30) in (29)together with the strong convexity of h in inequality (17) to obtain:

A A A A

Dh(S*7 Sn-i-l) < Dh(S*7 Sn)(l + inn—l-lHRn-HH?) - 77n+1<vq)a(gn)a S, — S*> — Nin+1 <AMn+17 S, — S*>

1 1 — A
+ 5ﬁn+1||Rn+1”2 + 5777%+1Hv¢n+1(sn)”§‘

We observe that R, is Fj-measurable and computing the conditional expectation with respect to
F,, leads to:

¥ Q * Q 1 a/& Q *
E[Dw(S", Sut1)IFu] < Da(S",Sn) (1 + Jint1l Butll2) = 1041 (VE!(Sn), Sn — S7)

1 1 — A
+ 31| Bl + 372l T (80) 317 (31)

Step 3: Conclusion of the proof. Using Lemma 5.1 and our set of assumptions on the step-size
sequence (23), we deduce that:

ZnnHE [IRnl2] < 0.

Notice that since all the terms are non-negative,

E | Y- mnrillRallz] < 37 a1 Elll Rall2),
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and it shows that > 7,y1[|Rx[2 is almost surely finite and [[,,>q(1 + 7n11[|Rnll2) < 0o almost surely
as well. In the meantime, Lemma 5.2 associated with conditions (23) also shows that:

> Bl Vo1 (Sn)ll3] < oo

We can now apply the Robbins-Siegmund Lemma (stated in Lemma A.4) and deduce that a random
variable D, exists such that:

Di(S*,Snt1) — Do € L' and > 19,41(VP*(Ss),Sn — S¥) <00,  ass. (32)

Using the convexity of ®¢ we obtain

> it (99(80)) < Y01 (V24(S),8, = 8%) < +00, as. (33)

The rest of the proof proceeds now in a standard way in stochastic approximation theory. From
Equation (33) and Y 9,41 = 400, we know that a subsequence (S, )r>1 exists such that:

lim (V®%(S,,),Sn, —S*) =0, as.

k——+o0

The strong convexity of ®* may be translated into the following inequality:
Vs € Ay (VO (s),5 — S*) > pylls — S*|%,

where p, > 0 refers to the lowest eigenvalue of V2®? over A, (see Proposition B.2 in the appendix).
It then implies that
lim S,, =S* as.
L
In the meantime, we also deduce from Equation (32) that Dj,(S*,S,,) — D a.s. and the continuity
of the Bregman divergence D}, yields Do, = 0 a.s. Finally, the lower bound (17) implies that the entire
sequence S,, converges towards S*.

O]

5.3 Proof of Theorem 3.4 ( non-asymptotic upper bound)

The following proof follows an approach recently proposed in [6] to obtain a non-asymptotic bound for
biased stochastic mirror methods. Nevertheless, care must be taken to meticulously track the sequence
of inequalities in order to preserve the dimension-dependent constants that have a significant influence
on the final bound. Moreover, although the proof strategy is similar to that of [6], it still requires bias
controls that are specific to the model considered here, as well as precise inequalities on the spectra
of the change-of-variable matrices M used.
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Proof of Theorem 3.4. The starting point of the non-asymptotic bound is Equation (31) that can be
written as
E[Dh(S*» gn+1)|fn] < Dh(S*v SnJrl) — Tin41 <V(1)“(§n)’ Sn - S*>
M1 || B2 5 . 1 — 4
+ T (L 80 = SIB) + 57 Bl Va1 (Sn)I3170]
< Dp(S*,Sn1) — Mns1(2(Sn) — €%(S¥))

5 1 — A
+ §7ln+1||Rn+1”2 + 577721+1E[”v¢n+1(sn)||%|‘7:n}?

A A A

where we used in the last line the convexity of ®* that yields —(V®4(S,,),S, — S*) < —(®%(S,,) —
$7(S*)) and the compactness of A, that yields ||S,, — S*||3 < ||S, — S*||7 < 4. We now compute the
overall expectation, use Lemma 5.1 and Lemma 5.2, and obtain that:

N1 E[0(S,) — 8%(S")] < E[D,(S",8,) — Di(S", Snp1)]
2
T]n — A
+ 5001 E[[| Rt 2] + ;E[HV%H(Sn)H%}

< E[Du(S*,Sn) — Du(S*,Sns1)]
2
TIn+1 41"n+1
+ 5l Var(¥) ™5 4 € (14 o) B L,

The rest of the proof then proceeds following a standard argument with Cesaro mean and telescopic

sums:

k+1

Eal
||M:
3
oyl

S st (E[D(S1)] — B°(S%)) < Di(S",81) + 5[afexp Var(Y)
k=1 1

2
n
+0 (14 flalopa) BV S 21

k=

=

Defining now the weighted Cesaro average as:

gy _ 2k=1k+15k
" ket M1
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then, the convexity of ®¢ yields:

3 e (E[0°(8,)] — 9%(S"))
E[®%(S")] — min ®* < *=L

n

Z Mk+1

k=1
Du(S*. 1) > k! > i
< 22 g V(1) + O (14 el ) B4 (34
D Dk 2 ki
k=1 k=1 k=1

It remains to optimize both terms of the right hand side of Inequality (34) by choosing an appropriate
step-size sequence (7y+1)k>0. There exists two classical choices:

o Either (ng41)k>0 is piecewise constant (depending on the final number of performed simulations):

B nt Vk<n-1
TN 0 Vksn—1

, In that case, Inequality (34) reads:

_ ) Dn(S*, Sl) log(n) ( ) 4
E[®%(ST)] — min ¢ < —————~ ex Y 1 ex E[Y*n*
[@(S})] — min ®* < e + 5||allexp Var(Y') +C |14 /llallexp2 | E[Y]n

n

We finally optimze the choice of n*, which leads to:

N 1
n = .
Ju+wwwwm

Our final upper bound is then:

log(n)

E[©°(S7)] - min &* < (/14 y/allexp2 (Da(S*,81) + CE[Y']) n™/2 4 5] al|exp Var(Y)

o Or (Mg4+1)k>0 is a decreasing step-size sequence of the form ng1 = no(k+1)"* with o € [1/2,1).
In that case the right hand side of Inequality (34) decays as (3 p_;mks1)" ' < no(n + 1)72FL
The situation becomes somewhat more technical and tedious to describe precisely, and only the
dependence on the number of iterations remains straightforward to characterize. In particular,
one can verify that choosing a = 1/2, and 79 =< 1 leads to:

logn

Vi
which constitutes a slightly weaker bound than the inequality obtained in the previous case.

O

E[@"(S])] — min* < C (Dy(S*,81) + [|afjexp 2 + E[Y])
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5.4 Controls on the bias terms

Lemma 5.1. Control of E[|R,+1|]2] For any n > 1, one has:

”aHexp,l/Z VGT[Y]

B[l Bniallo] <
n

Proof of Lemma 5.1. We recall that the bias term involved in R, is given by:
Rui1 = E [Voy41(80)| 7] = V2*(S0)

According to definition (28), we are led to compute:

E [V 41(8)1Fa] = E [(Voer i) (Vs =) M sl — () ) MG, I
Let us use the decompositions:

Yoi1 = itn = (Yop1 — E[Y]) + (E[Y] = ) and Y] =, = (V) — E[Y]) + (E[Y] - itn)
and the simple algebra:

(a+6)((a+e)07 ([3+e)) = a(aC’—B—a) +€(20C — a — B) + €(C — 1),

we deduce that

Voni1(s) = VH(s, i1, i1, Unia)
+ (B[Y] = i) (2(Y, — EY )M 5]y

n+1

+ (BlY] = ) (M sl — 1) M7

Un-‘rla:.

— (Yo —EY]) - (5] - E[Y])) M']f

We then compute the conditional expectation with respect to JF, of the previous expression and
combine our last decomposition with Equation (21) to get:
. 184 U _
Ros1 =(E[Y] = m)E [{200 = EVDIM'SoJu,, — (Vo = Vi) M7 LI

Upi1y:
+ (E[Y] = ) *E[(IM 'S, — DM LI F] (35)

Un+17

We first consider the conditional expectation:

E [{2(%, - EY DM 'S, Ju,.,, — (Vo = ¥, ED MY, 7]
= E[2(¥, ~ EY)M'S.lu, M, I
—E[(Ya -V, IMTE
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For the first term remark that Y, is independent of U,,+1 and of F,,, therefore

E [2(¥, — ENDIM'Suly, M, I F]

Un+1::

= 2E[Y, — E[Y]|E [[M~'8,)y,,, M1, | 7]
=0
Similarly, we can rewrite the second term as
U -
E {(Yn - Yn(+%)[M 1]5,L+1,: }—n]
U _
= B[(Y —E[Y]) + (BlY] - y,ED)IMYE 7]

U _
= B[\ —EYDIM G, | 7]
=B [y —E[YDM ]
Let us consider a coordinate of the above column vector
E[(v®) - E[Y)M}] = E [E[(Y®) — E[Y])[UIMG}] =o.
As a consequence, the bias term simply reduces to the following ¢-dimensional vector:

Rpy1 = (B[Y] = m,)’E[((M'S,]u,,, — DM LI F] (36)

We are led to compute for s € Ay, and U the discrete random variable distributed according to a the
following vector: E[([M™'s]y — 1)[M_1]5’:]. At this stage, we use the value of M~! given in Equation
(9), the triangle inequality and get:

| Bosill> < (B[Y] = i) E [|[M7'8,]u

n+1

-1
o 1| HMUn"rlv:

‘2 |]:"}
Since for any s € A,, we have [M~1s]y =3, -, v € [0,1] and that

IMZ3= > 1ycu = 2101,
ver

we then use our definition of |[a||exp,1/2 given in Equation (24) and get:

HR'IH-1H2 < Ha’”exp,l/Q(E[Y] - mn)Q
We finally obtain the desired result while considering the global expectation:

N VarlY
EllRullz) < llalloxp.t 2EIEY] — 70)?) < alloxpt o).
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Lemma 5.2. Control of IE[H%RH(gn)HQ] A constant C' independent of p exists such that:

B [I96, 1 801] < (14 ylallopa ) BV

Proof of Lemma 5.2. Let us recall that
Vén:1(80) = Yyt = iitn) (Yayr — ) M8 — Y ) MY
n+1\9n n+1 — Mnp n+1 mn)[ H]Un+1 ( n+1 mn) [ ]Un+17:
We can then compute the square norm and obtain:
o & Py . 18 U)  ~ 1\\2 _
19618 = Vst = ) (YVarr = ) M8,y = (VaL] = ) Mo, P
. ~18 U) _ 5
< {20Vr1 = ) (M1 800 ,0)? + 2(Yogs = ) 2(Va ) — i)} Mo 12
We apply the Cauchy-Schwarz inequality and obtain:
E [[|V611(Sn)?] < 2B | (Va1 — ) (M7'S,]0,,,)?]
+24/E [(Vos1 — )My,

< 2E [(Yo1 — mn>4<[M—1Sn]UnH>2]

+ 2\/E Y1 —my) \/E H Un+17 H }\/E [(YTSQ B mn)ﬂ’

[ [ )

where in the last line we used the independence between Y, ;1 and U, 1. From the same argument as
the one used in Lemma 5.1, we have for any s € Ag:

4
M 'sly = > s, €00,1] and [[M ™Yy, [3 = (Z 1@) = 22Ul (37)

vCU veYT

We then deduce that:
E [[[Ven41(80)[%] < 2B |(Yasr = )] + B [(Yaga — m)ﬂ VE M1y, .14

< 16 (B{(Yar1 BV + BEY] - ma)]) (14 VE Mo,

4
<16 (Bl - 2+ 0D ]> (1+Vlello2)

where the last bound follows from Lemma A.3. Combining all these inequalities proves the result. [J

1)
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Appendices

A State of the art results

We list below some technical results that will be useful for our purpose in the proof of Theorem 1.2
(a) and (b).

Properties of Bregman divergence We recall some standard results that are valid for any Breg-
man divergence Dj,. We refer to [41] for further details.

Lemma A.1 (Three points lemma). For any triple of points (x,y, z), one has:
Di(x,2) = Di(@,y) + Du(y, z) — (Vh(z) = Vh(y),z — y).
Lemma A.2 (Gradient of the Bregman divergence). For any pair of points (x,y), one has:

Moments of sums of random variables

Proposition A.3. [Dharmadhikari and Jogdeo, see [44], Example 16 p. 60] Assume that X1,..., X,
are centered independent random wvariables with finite moments of order p > 2. Then an explicit
constant C, exists such that:

n
E[| X1+ ...+ Xal] < Cpr?> 7L ST E[XG)P,
k=1
Moreover, Cy, is universal and given by:
2m  2m—1

-1 2 — m .
Co= PR (1 RGP vt m= /2] and Ko = 3 (T
r=1 ’

Robbins Siegmund Lemma We shall state one of the most useful result on stochastic algorithms.
This result is known as the Robbins-Siegmund Lemma and stated below.

Lemma A.4 (Robbins-Siegmund Lemma, see [46]). Consider a filtration (Fy,)n>0 and 4 sequences of
random variables (An)n>0, (Bn)n>0, (an)n>0 and (Bp)n>0 that are F,-measurables, non-negatives and
integrables such that these sequences enjoy the next assumptions:

(1) (on)n>0, (An)n>0 and (Bn)n>0 are Fy-predictables.
(2) SUPy,en anl(l + an(w)) < 400 and ZnEOE[ﬂn] < +foo.
(3) E[Bnt1|Fn] < (1 + ant1)Bn + But1 — Ana.
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Then,
(i) B, — B in L' where By is an integrable random variable and sup,,>1 E[By] < +00

(i) 3 on>0 E[An] < 00 and 3, 5o An < 400 almost surely.

B Properties on the matrix M and on the spectrum of V?®*

This section is devoted to obtaining properties of the matrix M depending on the dimension. Here,
we will stress the dependency by writing

T,={ucC{l,...,p}}

and M,, the matrix such that for all u,v € T,
[MP]U,U = (_1)|u|_‘v‘5va'

Let us remark that the elements of T, can be ordered using the lexicographic order on numbers
written in binary. The correspondence writes

p=0, {1}=1
{2} =10, {1,2} =11
{3} =100, {1,3} =101, {2,3} =110, {1,2,3} =111

Furthermore
Yo =T,U{uU{p+1},ue Ty}

This recursion allows to write a recursion on matrices M, when lines and column are ordered as above:

M 0
My = (_l\gp M) . (38)

Invert of M Upon closer examination of the matrix M, the general term M, , corresponds to the
Mbbius function for subsets ordered by inclusion?:, denoted by py(v,u) = (—=1)“=*l1,-,. This, in
turn, allows for the use of the Rota-Mobius inversion formula [47] that states that for two functions
f and g:
YoeT: g)= Z flu)y<=vYueYT: f(u)= Z py (v, u)g(u).
vCu vCu
As a consequence
V(u,v) ETX T My, = Lycu.

2This observation was kindly shared with us by P. Rochet, to whom we extend our sincere thanks.
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Eigenvalues of Mng From (38), we deduce that if V), = Mng, then

Vv, -V,
Vopr=1| ¥ P
P (—vp 2V,
Lemma B.1. For any p > 1 the eigenvalues of V), = Mpl\/I;;F can be obtained by a recursion as

3+\/5A3—\/5 }
NG
2

2 2
(3+T‘/‘F’>p and its smallest is ( = )p = (3+2 5)7;}

Proof. Let A be an eigenvalue of V}, and u an eigenvector, then for a € R

¢ Vo =V, u A1 = a)u A1 —a)u
Vo1 <au> - (—‘2 2‘/;) (au) - ()\(—1 —|—Za)u> - ()\(—1:-2a)au>

As a consequence, <a ) is an eigenvector of V11 if and only if
U

Sp(Vo) = {1}, Sp(Vpy1) = { A A€ Sp(Vp)
3

S

In particular the largest eigenvalue of V), equals

—-14+2
1—a:w — a®+a—-1=0.

This amounts to choose

—1++5
a=—]—.

2
We deduce from this reasoning that if A is an eigenvalue of V), then 3i2‘/5)\ are eigenvalues of V1. By
recursion we obtain all the eigenvalues of V},;1 which concludes the proof. O

Proposition B.2. For any distribution a and any s € A, the Hessian Matrix V204 (s) verifies:

V20 (s)i; = Var(Y)EM ;M ] = Var(Y) ( > auMu’%Mu;) , Vi,jen.
uC{L'“vP}

Moreover, the lowest eigenvalue of V2®%(s) verifies:

3—v5)\"

inf{\ : X\ € Sp(V?®%(s))} > Var(Y) mina, ( \f) .
ueY 2

Proof. The formula for the Hessian matrix derives from a simple computation. Concerning the smallest

eigenvalue, let us remark that in the case of a uniform distribution a, the computation can be carried

out explicitly:
Var(Y)

VQ‘I)(m”f) (8) _ 27})(1\/11\/IT)—1.
In the general case with a lower bounded discrete probability distribution a, we can apply Lemma B.1
and obtain that the lowest eigenvalue is Var(Y') x ming,ey a, X (3;2\/5—))1;‘ O
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