N
N

N

HAL

open science

CONDITIONAL QUANTILE SEQUENTIAL
ESTIMATION FOR STOCHASTIC CODES

Tatiana Labopin-Richard, F Gamboa, Aurélien Garivier

» To cite this version:

Tatiana Labopin-Richard, F Gamboa, Aurélien Garivier. CONDITIONAL QUANTILE SEQUEN-
TIAL ESTIMATION FOR STOCHASTIC CODES. 2015. hal-01187329v5

HAL Id: hal-01187329
https://hal.science/hal-01187329v5

Preprint submitted on 19 May 2016 (v5), last revised 20 Jul 2019 (v7)

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-01187329v5
https://hal.archives-ouvertes.fr

CONDITIONAL QUANTILE SEQUENTIAL ESTIMATION FOR
STOCHASTIC CODES

T. LABOPIN-RICHARD, F. GAMBOA, AND A. GARIVIER

ABSTRACT. This paper is devoted to the sequential estimation of a conditional quantile
in the context of real stochastic codes with vector-valued inputs. Our algorithm is a
combination of k-nearest neighbours and of a Robbins-Monro estimator. We discuss
the convergence of the algorithm under some conditions on the stochastic code. We
provide non-asymptotic rates of convergence of the mean square error and we discuss
the tuning of the algorithm’s parameters.

1. INTRODUCTION

Computer code experiments have encountered, in the last decades, a growing interest
among statisticians in several fields (see [27] and references therein and also [19, 26, 22,
18, 5]...). In the absence of noise, a numerical black box g : R — R maps an input
vector X to Y = ¢g(X) € R. When the black box does include some randomness, the
code is called stochastic and the model is as follows: a random vector ¢ € R™, called
random seed, models the stochasticity of the function, while X is a random vector. The
random seed and the input are assumed to be stochastically independent. The map g
(which satisfies some regularity assumption specified below) is defined on RY x R™ and
outputs

(1) Y =g(X,e),

hence yielding possibly different values for the same input X. One observes a sample of
(X,Y), without having access to the details of g. However, those observations are often
expensive (for example when ¢ has a high computational complexity) and one aims at
learning rapidly some properties of interest on g.

We focus in this work on the estimation of the conditional quantile of the output Y
given the input X. For a given level a € [1/2,1) and for every possible input = € R,
the target is

0% (x) := qa (g(x, e)) , zeR?,

where ¢, (Z) := F,*(a) is the quantile of level « of the random variable Z and F, ! (u) :=
inf{x : Fz(x) > u} is the generalized inverse of the cumulative distribution function of
Z. Moreover, we would like to estimate such a quantile for different values of .

Date: May 19, 2016.
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1.1. The algorithm. For a fixed value of z, there are several well-known procedures to
estimate the quantile 8*(x). Given a sample (Y;*)i=1..n, of Y* := g(z,€), the empirical
quantile is a solution. For a sequential estimation, one may use a Robbins Monro [23]
estimator. This method permits to iteratively approximate the zero of a function h :

R — R by a sequence of estimators defined by induction: 6y € R? and for all n > 0,

9n+1 =0, — ’Yn+1H<9na Zn+1) .

Here, (7y,) is the learning rate (a deterministic step-size sequence), (Z,,) is an i.i.d sample
of observations, and H is a noisy version of h. Denoting F, := o(Z1,...Z,), H is such
that

E(H(Qm Zn+1)‘}—n) = h<9n) .

Classical conditions for the the choice of the step sizes (7,) are
Z’yﬁ < 00, and Z’yn = 00.
n n

These conditions ensure the convergence of the estimates under weak assumptions. For
example, convergence in mean square is studied in [23], almost sure consistency is con-
sidered in [7, 28], asymptotic rate of convergence are given in [13, 24, 25], while large
deviations principles are investigated in [31]. There has been a recent interest on non-
asymptotic results. Risk bounds under Gaussian concentration assumption (see [14])
and finite time bounds on the mean square error under strong convexity assumptions
(see [21, 28] and references therein), have been given. Quantile estimation corresponds
to the choice h : t — F(t) — a, where F' is the cumulative distribution function of the
target distribution. One can show that the estimator

fp € R
(2) {

Ont1 = 0n — Yni1 (1Zn+1S9n+1 - a) .

is consistent and asymptotically Gaussian (see [12] chapters 1 and 2 for proofs and
details). It is important to remind, however, that the lack of strong convexity prevents
most non-asymptotic results to be applied directly, except when the density is lower-
bounded. We nevertheless mention that Godichon et al. prove in [8, 16] such non-
asymptotic results for the adaptation of algorithm (2) to the case where Z is a random
variable on an Hilbert space of dimension higher than 2.

Of course, unless = can take a finite but small number of different values, it is not
possible to use this algorithm with a sample of Y* for each z. Even more, when the code
has a high computational complexity, the overall number of observations (all values of z
included) must remain small, and we need an algorithm using only one limited sample
(X:,Yi)i=1. nof (X,Y). Then, the problem is more difficult. For each value of x, we need
to estimate quantile of the conditional distribution given x using a biased sample. To
address this issue, we propose to embed Algorithm (2) into a non-parametric estimation
procedure. For a fixed input x, the new algorithm only takes into account the pairs
(X;,Y;) for which the input X; is close to z, and thus (presumably) the law of Y; close
to that of Y*. To set up this idea, we use the k-nearest neighbours method, introducing
the sequential estimator:
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3)

On+1(2) = 0n(x) — Ynr1 (Ly; 1 <00 (x) — @) 1X, 1 €bNNp 41 (2) 5

{ (90(:13) eR

where

e kNN, (x) is the set of the k, nearest neighbours of = for the euclidean norm on
R<. Denoting by || X — x| |(i,n) the ith statistic order of a sample (||.X; — z||)i=1..n
of size n, we have

{Xnt1 € ENNppa(2)} = {[[Xns1 — 2| < IX = 2[(gpsrm) } -

In this work, we discuss choices of the form k, = |n”] for 0 < 8 < 1, n € N*.
e (7,) is the deterministic steps sequence. We also study the case v, = n~" for
0<vy<1,neN*.

The k-nearest neighbours method of localization first appears in [29, 30] for the es-
timation of conditional expectations. In [6], Bhattacharya et al. apply it to the (non-
recursive) estimation of the conditional quantile function for real-valued inputs. If the
the number of neighbours k,, is small, then few observations are used and the estimation
is highly noisy; on the other hand, if k,, is large, then values of Y; may be used that have
a distribution significantly different from the target. The challenge is thus to tune k,, so
as to reach an optimal balance between bias and variance.

In this work, this tuning is combined with the choice of the learning rate. The main
objective of this work is thus to optimize the two parameters of Algorithm (3), i.e.
the step size 7, and the number of neighbours k,. The paper is organized as follows:
Section 2 deals with the almost sure convergence of the algorithm. Further, it contains
the main result of our paper that is a non-asymptotic inequality on the mean square
error from which an optimal choice of parameters is derived. In Section 3, we present
some numerical simulations to illustrate our results. The technical points of the proofs
are differed to Section 5.

2. MAIN RESULTS

We explain here how to tune the parameters of the algorithm. We also provide
conditions allowing theoretical guarantees of convergence. Before that, we start by some
notation and technical assumptions.

2.1. Notation and assumptions. The constants appearing in the sequel are of three
different types:

1) (L,U) denote lower- and upper bounds for the support of random variables.
They are indexed by the names of those variables;

2) (N;)ien+ are integers denoting the first ranks after which some properties hold;

3) (Ci)ien+ are positive real numbers used for other purposes.

Without further precision, constants of type 2) and 3) only depend on the model, that

is, on g and on the distribution of (e, X). Further, we will denote C;(u) or N;(u) for
u € P({a,z,d}) (the power set of a {a,z,d}) constant depending on the model, on
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the probability level «, on the point x and on the dimension d. The values of all the
constants are summarized in the Appendix.

For any random variable Z, we denote by Fz its cumulative distribution function. We
denote by B, the set of the balls of R? centred at x. For B € B,, we denote by rp its
radius and for 75 > 0, we call Y” a random variable with distribution £(Y|X € B).

Remark 2.1. If the pair (X,Y) has a density f(xy) and if the marginal density fx(x)
is positive, then we can compute the density of L(Y|X = x) by
f  fx ()
Y|X=z = " @)
and when B = {z},
YBEY® = g(z,e) ~ L(Y|X = 2) .

We will make four assumptions. The first one is hardly avoidable, since we deal with
k-nearest neighbours. The three others are more technical.

Assumption A1 For all z in the support of X (that we will denote Supp(X) in the
sequel), there exists a constant M (z) such that the following inequality holds :

VB € By, Vt € R, |Fys(t) — Fy=(t)| < M(x)rp .
In words, we assume that the stochastic code is sufficiently smooth. The law of two
responses corresponding to two different but close inputs are not completely different.

The assumption is clearly required, since we want to approximate the law £ (Y*) by the
law L(Y'|X € kNN, (z)).

Remark 2.2. If we consider random vector supported by R* x R, we can show that
Assumption A1 holds, for example, as soon as (X,Y) had a regular density. In all
cases, it is easier to prove this assumption when the couple (X,Y) has a density. See
Subsection 3.1 for an example.

Assumption A2 The law of X has a density and this density is lower-bounded by a
constant Cippyr > 0 on Supp(X).

This hypothesis implies in particular that the law of X has a compact support. Notice
that this kind of assumptions is usual in k-nearest neighbours context (see for example

[15]).
Assumption A3 The code function g takes its values in a compact [Ly, Uy].
Under Assumption A3 and if 5 > ~, then
VC i=max (Uy — Ly + (1—a),Uy +a—Ly)=Uy — Ly + a,
is a bound of |0, (z) — 0*(z)| (see Lemma 5.8 in Appendix).

Assumption A4 For all z, the law g(x,¢) has a density which is lower-bounded by
a constant Cy(x) > 0 on its support.
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Lemma 2.1. Denoting Ca(z, ) := min (Cg(:r), Uy}r?ﬁ,), we have thanks to assump-
tion A4,

(4) Vn €N, [Fys(0(2)) — Fye (6 ()] [Bul) — " (@)] > Cola,) () — 0" ()]

Proof. When 6, (z) € [Ly, Uy], it is obvious that the inequality (4) holds for Cy := Cy(z).
When 6, (z) € [Lyg,, Ly], we have

Ly, <0p(z) < Ly < 0°(z),
and then Fy=(0,(z)) = 0. Thus,
(60(0) — 0" (@) (Fy=(6n(a) — Py 0" (0) = (o) — 0°(0)) 25 0=
> (0,(0) ~ 0" @) =
> Cafa,0)(0n(2) — 0°(2)?.

The proof of the last case follows similarly using that Cy(z, o, d) > Uy.tﬁ O

This assumption is useful to deal with non-asymptotic inequality for the mean square
error. It is the substitute of the strong convexity assumption made in [21] which is not
true in the case of the quantile.

2.2. Almost sure convergence. The following theorem studies the almost sure con-
vergence of our algorithm.

Theorem 2.1. Let z be a fized input. Under Assumptions A1 and A2, Algorithm (3)
1s almost surely convergent whenever % <y<pB<I.

Sketch of proof : In the sequel, we still denote F,, := o (X1,..., Xy, Y1,...,Y,) and
E, and P, the conditional expectation and probability given JF,,. For sake of simplicity,
we denote

H(On(x), Xny1, Yor1) := (v, <00(2) — @) 1x, 1 €hbNNpps () -
The proof is organized in three steps.

1) We decompose H (0, (x), X;,1+1, Yn+1) as a sum of a drift and a martingale incre-
ment :

b (0n) == E(H (0, Xn11, Y1) Fn) and H(On, X1, Yor1) = ho(0n) + vt -
Then,

Ty = 0p(x) + Z’thj—l(gj—l(x)) ;
j=1

is a martingale which is bounded in L?. So it converges almost surely.
2) We show the almost sure convergence of (6,,)y, :
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a) First, we check that (6,,) does not diverge to +o00 or —oc.
b) Then, we prove that (6,,) converges almost surely to a finite limit.
3) We conclude by identifying the limit : 6*(z), the conditional quantile.

Steps 2a), 2b) et 3) are shown by contradiction. The key point is that almost surely,
after a certain rank, h,(6,) > 0. This property is ensured by Assumptions A1l and A2.
The entire proof is available in Section 5.

Comments on parameters. In the Theorem 2.1, we assume that 0 < 8 < 1.
B > 0 means that the number of neighbours goes to +oo and then, ||X — ||, n) — 0.
The condition 8 < 1 allows to apply the Lemma 5.4. It is a technical condition. The
condition § > = can be understood in this way. When considering Algorithm (2), we
deal with the global learning rate v, = n~7. In Algorithm (3), since for a fixed input z,
there is not an update at each step n, we introduce the effective learning rate ~y, in the
following way. At step k, 6 (z) has a probability of k%/k to be updated. Then, until
time n, the algorithm is updated a number of times equal to

N = Zkﬂ_l ~nb.
k<n

1
Thus, there were N = n updates at time n8. Then, in mean, it is as if the algorithm
was defined by

Ok, (z) = Ok, —1(z) + W, (1Ykn29kn(z) - a) :

with the learning rate
1

Thn = 7INT T
(n7)
This is a well-known fact that this algorithm has a good behaviour if, and only if, the
sum )
D=2 5

is divergent. That is if, and only if 5 > . At last, the condition % < 7 < 1is a classical
assumption on the Robbins Monro algorithm to be consistent (see for example in [23]).
Here, we restrict the condition to v < 1 because we need 1 > 3 > ~.

1
T
ns

2.3. Rate of convergence of the mean square error. Here, we study the rate of
converge of the mean square error denoted by a,(z) :=E ((9n(x) — 6" (:1:))2)

Theorem 2.2. Under hypothesis A1, A2, A3 and A4, the mean square error a,(z) of
the algorithm (3) satisfies the following inequality : ¥(v, B, €) such that 0 < v < g < 1
1

and1>e>1—p0,Yn> Ny + 1 where Ng =2<-0-5)

an(z) < exp (—2C%(x, ) (kn — KN, )) C1 + Z exp (—2Cs(z, &) (kp, — ki) di

k=Nop+1
3 1—e
+ C1 exp < n8 > ,
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J
where for j € N*, k; = Zfﬁ'y and
=1
3n

1—e
8

ko \ itk
)+ 2vBmcaan, ()" 12t

d, = C1exp <— -

Sketch of proof : The idea of the proof is to establish the recursive inequality on
an(z) (following [21]), that is for n > N,

an+1(2) < an(z)(1 = cni1) + dnsa

where for all n € N*, 0 < ¢, < 1 and d,, > 0. We conclude by using Lemma 5.7. In this
purpose we begin by expanding the square

(On1 () = 07(2))% = (On(x) = 0°(2))* + 91 [(1 = 20) Ly, <o) + 7] L, 1 hN Ny (2)
- 27714-1(971(1') - (9*(.%')> (1Yn+1§9n(9€) - 04) 1Xn+1€kNNn+1(I) :
Taking the expectation conditionally to F,, and using the Bayes formula, we get

En ((0n41(2) = 0"(2))) < En ((0n(2) = 0" (2))*) + 721 Pn
= 2Yn41 (O () — 07 (2)) Py |:FYB§”+1($> (On(z)) — Fy=(0"(x))]

where P, = Py, (Xpi1 € kNNpy1(z)) as in Lemma 5.1 and BE*(z) is the ball of R¢
centred in x and of radius || X — z||( ). We rewrite this inequality to make appear
two different errors :

1) First, the quantity FyBZ"“m

(made because the sample is biased). Using A1, we get

(5)

kn-‘rl ;T

(0n(x)) — Fy=(0,(x)) represents the bias error

E prnsn gy On(2)) = Fye (On(2))] < M(2)[[X = @[l 01.m) -

and by A3, |0, (x) — 0*(z)| < +/Ci. Thus,

= 29011(0n(2) = 0" @) Pa |F, v, 0n(@)) = Fr= (0 ()]
< 2941 ClM(x)Pn||X - x||(k

2) The second quantity, Fy=(6,(x)) — Fy=(6*(x)) represents the on-line learning
error (made by using a stochastic algorithm). Thanks to Assumption A4 we get

(B — 0°) [Fy= (6u(2)) — Fy=(8"(2))] > Ca(z, @) [0u(x) — 0" (@) .
Taking now the expectation of the inequality (5),we get
an+1(7) < an(z) = 27911Ca(z, 0)E [(en(x) - 9*(:E))2Pn] + '772L+1E(Pn+1)
2000 M (@) VOE(1X = allg o)

This inequality reveals a problem : thanks to Lemmas 5.1 and 5.6 (and so thanks to
assumption A2) we can deal with the two last terms, but we are not able to compute

nt1,m)

n+1 ,’I"L)
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E [(0n(z) — 0*(x))?Py]. To solve this problem, we use a truncated parameter €,. Instead
of writing a recursive inequality on a,(z) we write such inequality with the quantity

bp(z) = E [(Hn(a:) — 0*(z))* 1pn>5n]. Choosing €, = (n + 1)7¢, we have to tune an

other parameter but thanks to A3 and concentration inequalities (see lemma 5.4), it is
easy to deduce a recursive inequality on a,(z) from the one on b, (x), for n > Nj.

Comments on the parameters. We choose 0 < 8 < 1 for the same reasons as in
Theorem 2.1. About <, the inequality is true on the entire area 0 < v < 1 as soon as
~v < 8 (which is unusual, as you can see in [16] for example). We will nevertheless see in
the sequel that this is not because the inequality is true that a,(x) converges to 0. We
will discuss later good choices for (v, ).

Compromise between the two errors. We can easily see the compromise we have
to do on B to deal with the two previous errors. Indeed,

e The bias error gives the term
1
exp | —2Ca(z, 0)(x) > |
k=Np+1

of the inequality. This term decreases to 0 if and only if v+ € < 1 which implies
B > . Then S has to be chosen not too small.

e The on-line learning error gives the term (k‘n/n)l/dJrl = p(1=A0+1/d) in the
remainder. For the remainder to decrease to 0 with the faster rate, we then need
that g is as small as possible compared to 1. Then 8 has to be chosen not too
big.

From this theorem, we can get the rate of convergence of the mean square error. In
that purpose, we have to study the order of the remainder d,, in n to exhibit dominating
terms. d, is the sum of three terms. The exponential one is always negligence as soon
as n is big enough because 1 > €. The two other are powers of n. Comparing their
exponent, we can find the dominating term in function of v and 8. Actually, there exists
a rank Nj(x,d) and some constants C5 and Cg(z,d) such that, for n > Ng + 1,

if 6<1—dv, we get

d, < Cyn~ 2181
if 6>1—dv, we get
d, < Cy(z, d)n—'y+(1+§)(ﬁ—l) _
Copying that in the Theorem 2.2, we deduce the following result.

Corollary 2.1. Under assumptions of Theorem 2.2, there exists ranks Ny(z, o, d) and
constants C7(x, o, d) and Cs(x, ) such that Vn > Ny(z, o, d),
when > 1—dy andl—ﬁ<e<min(1—7,(1+é) (1—5)),

an(x) < C7(d,$,105,6,’7) '
n*€+(1+g)(1*6)
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When f<1—dvy, and 1 —e <min(l — 3 +~,1—7),
Cs(z, o)
an(2) < =g -

Remark 2.3. For other values of v and [, the derived inequalities do not imply the
convergence to 0 of ap(x) this is why we do not present them.

From this corollary we can derive optimal choices for (/3,7), that is parameters for
which our upper-bound on the mean square error decreases with the fastest rate.

Corollary 2.2. Under the same assumptions than in Theorem 2.2, the optimal param-
eters are v = ﬁld and 8 = 7y + ng where ng > 0 is as small as possible. With these
parameters, there exists a constant Cy(x, a, d) such that Vn > Ny(z,a,d),

Cy(x,a,d
an(z) < (177)
n1+d

where n =5 +ng andne =1 - — €.

Comments on the constant Cg(x,,d). Like all the other constants of this paper,
we know the explicit expression of Cy(x, «,d). An example of values of this constant is
given in Subsection 3.1.

We can notice that the constant Cy(z,a,d) depends on x only through Cy(x) and
M (x). Nevertheless, often in practice, Cy(x) and M (z) do not really depend on z (see
for example Subsection 3.1). In these cases (or when we can easily find a bound of Cy(x)
and M (z) which do not depend on x), our result is uniform in x. Then, it is easy to
deal with the integrated mean square error and conclude that

/ an(z) fx(x)dx < M .
X nt+d
When « increases to 1, we try to estimate extremal quantile. Cy(x, ) becomes smaller
and then Cy(z, a, d) increases. The bound gets worst. We can easily understand this
phenomenon because when « is big, we have a small probability to sample on the right
of the quantile, and the algorithm is then less powerful.

Let us now comment the dependency on the dimension d. The constant Cy(x, d, alpha)
decreases when the dimension d increases. Nevertheless, this decreasing is too small to

—1
balance the behaviour of the rate of convergence which is in nT+d4. This is an example
of the curse of dimensionality.

Comment on the rank Ny (x, a,d). This rank is the maximum of four ranks. There
are two kinds of ranks. The ranks (IV;);+o depend on constants of the problem but are
reasonably small, because the largest of them is the rank after which exponential terms
are smaller than power of n terms, or smaller power of n terms are smaller than bigger
power of n terms. They are then often inferior to Ny in practice. We only need this rank
to find optimal parameters (and at this stage our reasoning is no more non-asymptotic).

The rank Ny is completely different. It was introduced in the first theorem because
we could not deal with a,(z) directly. In fact it is the rank after which the deviation
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inequality, allowing us to use by (z), is true. It depends on the gap between € and 1 — 3.
The optimal € to obtain the rate of convergence of the previous corollary is e = 1 — 8+,
with 7. as small as possible. The constant 1. appears on the rank Ny and also on the
rate of convergence (let us suppose that Ny = Ny which is the case most of time)

¥n > Ny =exp (2.1), an(z) = O (nﬁlzﬁ%”r”ﬁ) :
Then the smaller is 7., the faster is the rate of convergence, but also the larger is the
rank after which inequalities are true.

Let us give an example. For a budget of N = 1000 calls to the code, one may choose
Ne = 0.3 for the inequality to be theoretically true for n = N. The Table 1 gives the
theoretical precision for different values of d and compares it with the ideal case where
ne = 0.

d 1 2 3
1ne=0.3 | 0.088 | 0.28 | 0.5
ne=0 |0.031 | 0.1 |0.17
TABLE 1. Expected precision for the MSE when N = 1000

We can observe that, when 7. > 0, the precision increases with the dimension faster
than when 7.. Moreover, as soon as ﬁ < ne/2 (d = 6 for our previous example), the
result does not allow to conclude that a, decreases to 0 with this choice of 7..

Nonetheless, simulations (see next part) seem to show that this difficulty is only an
artifice of our proof (we needed to introduce €, because we do not know how to compute
E((0,, — 0*)P,), but it does not really exist when we implement the algorithm). In
practice, the optimal rate of convergence for optimal parameters is reached early (see
Section 3).

3. NUMERICAL SIMULATIONS

In this part we present some numerical simulations to illustrate our results. We
consider simplistic examples so as to be able to evaluate clearly the strengths ans the
weaknesses of our algorithm. To begin with, we deal with dimension 1. We study two
stochastic codes.

3.1. Dimension 1- square function. The first example is the very regular code
g(X, €)= X%+ ¢

where X ~ U([0,1]) and € ~ U([—0.5,0.5]). We try to estimate the quantile of level
a = 0.95 for x = 0.5 and initialize our algorithm to ; = 0.3. Let us check that our
assumptions are fulfilled in this case. We have £(g(z,€)) = U([—% + 2?; 5 + 2°]). Then

f(X,Y) (U, U) — 1[,%+u27%+u2](v) .

Moreover, the code function g takes its values in the compact set [Ly, Uy] = [—4; 3]. Let
us study assumption A1l. Let B be an interval containing z, denoted B = [z — a,
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(a>0,b>0), then
It oo [ Fixw) (2, y)dydz
fB Ix(z)dz

b
JAR

< 2

t
Fyn(t) — Fy=(t)] < - / Foxwy (@ y)dy

Vg — 1
n(B)

Now, we have to distinguish the cases in function of the localization of t. There are lots

of cases, but computations are nearly the same. That is why we will develop only one

case here. When t € [—3;2% — 1], we have

Sty
|Fyn(t) — Fy=(t)] < 2

(y)

L N I e WU

a+b
z+b
ija <1221(0) +1z§z(t_22+ %)122\/@> dz
a a-+b

@ 1,2
Joo(t+ 5 —2%)dz
b+a
There are again two different cases. Since t € [—3; 2% — 1], we always have (¢ + %)% <z.

But the position of (t 4+ 1/2)'/2 relative to (x — a) is not always the same. Then, if

te [—%; —%(CE —a)?], we get

[0 — 22 4 Dydz

[Fys(t) — Fy=(t)] <

b+a
1 > (r—a)?
<(t+)a— =+ ———
S+gla-5+—3
a3
g(w—a)za—an—i-an—g
< 2 +2a3
—alr+ 2
- 3

2
§0+r3x12><§,

as 0 < a < 1. Finally, in this case, A1 is true with M (z) = 2/3. We can compute exactly
in the same way for the other cases and we always find an M (z) < 2/3. The assumption
A2 is also satisfied, taking Cjnput = 1. We have already explained that assumption A3 is
true for [Ly, Uy] = [—1/2,3/2]. Finally assumption A4 is also satisfied with C,(z) =1
and Ca(z, o) = 0.02.

3.1.1. Almost sure convergence. Let us first deal with the almost sure convergence. We
plot in Figure 1, for (3,7) € [0,1]2, the relative error of the algorithm. Best parameters
are clearly in the area § > v > 1/2. We can even observe that for 5 ~ 1, § < v
or v < 1/2, the algorithm does not converge almost surely (or very slowly). This
is in accordance with our theoretical results. Nevertheless, we can observe a kind of
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continuity for v around 1/2 : in practice, the convergence becomes really slow only
when ~ is significantly far away from 1/2.

relative error in function of Beta and Gamma, n=5000

o

Gamma
0.6 0.8

0.4

0.2

Beta

F1cURE 1. Relative error for n = 5000 in fonction of 8 and

3.1.2. Mean Square Error (MSE). Let us study the best choice of 8 et v in terms of
L2-convergence. We plot in Figures 2, the mean square error in function of v and 3 (we
estimate the MSE by a Monte Carlo method of 100 iterations).

Mean square error, n=50 Mean square error, n=200

1.0
1.0

0.8
0.8

0.6
0.6

Gamma
Gamma

0.4

0.2
o
0.2

02 04 086 08 1.0 02 04 086 08 1.0

Beta Beta

FIGURE 2. Mean square error in function of 5 and v for the square function

Simulations confirm that the theoretical optimal area v = 0.5 and 8 = v + 73 gives
the smallest MSE. Nevertheless, it seems that in practice we can relax the condition that
the gap ng between 3 and v is as small as possible. Indeed, when 73 is reasonably big,
simulations show that we are still in the optimal area.
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3.1.3. Theoretical bound. In this case, we have at hand all the parameters to compute
the theoretical bound of our theorems. In particular, in corollary 2.2, we get

< Cg(l',d, Oé) )

Ap (T
)<

Table 2 summarizes the value of the constants needed to compute the theoretical bound
in this case.

Constant a | M(x)| Ciput | Cygz) | Ca(x,a) | Uy — Ly
Value || 0.95 | 2 1 1 0.02 2

Constant || /C1 | C3(d) | C4(d) | Cs(z,d) | Cs(z,d) | Cy(z,d, )
Value 2.95 | 7.39 2 1.95 12 180

TABLE 2. Constant values

For N = 1000, we obtain the bound ay(x) < 5.8 which is over-pessimistic compared
to the practical results. We can then think to a way to improve this bound. First of
all, the constant Cy(z, ) is in fact not so small. Indeed, we have to take a margin in
the proof, for the case where 6,, goes out of [Ly,Uy]. This happens only with a very
small probability. If we do not take this case into account, we have Ca(x, ) = 1. Then
Cy(z, a,d) =~ 3.7 and then, for N = 1000, the bound is 0.11. Practical results are still
better (we can observe that for n = 50 only, we have a MSE inferior to 0.05 !), but the
gap is less important.

3.2. Dimension 1 - absolute value function. Let us see what happens when the
function g is less smooth with respect to the first variable. We study the code

9(X,€) = X[ +e,

where X ~ U ([—1,1]) and € ~ U ([-0.5,0.5]). We want to study the conditional quantile
in x = 0 (the point for which the differentiability fails). Assumptions can be checked as
above. Since the almost surely convergence is true and gives really same kind of plots
than the previous case, we only study the convergence of the MSE. In that purpose, we
plot in Figure 3 the MSE (estimated by 100 iterations of Monte Carlo simulations) in
function of v and f, for n=300 (the discontinuity constraints us to make more iterations
to have a sufficient precision) and ¢; = 0.3. Conclusions are the same than in the
previous example concerning the best parameters. Nevertheless, we can observe that
the lack of smoothness implies some strange behaviour around v = 1.

3.3. Dimensions 2 and 3. In dimension d, we showed that theoretical optimal param-
eters are v = ﬁld and 8 = v+ n. To see what happens in practice, we still plot Monte
Carlo estimations (200 iterations) of the MSE in function of v and S.

3.3.1. Dimension 2. In dimension 2, we study two codes :
g1(X,€) = || X[]> + € and g2(X, ) = X] + X2 + ¢,
where X = (X1, X2) ~ U ([-1,1]?) and € ~ U ([-0.5,0.5]). In each case, we choose

n = 400 and want to study the quantile in the input point x = (0,0) and initialize our
algorithm in 07 = 0.3. In Figure 4, we can see that 5 = 1 and v = 1 are still really
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Mean square error n=300

Gamma

Beta

FicUure 3. MSE in function of 8 and « for absolut value function

bad parameters. As in our theoretical results, v = HLd = % seems to be the best choice.

Nevertheless, even if it is clear that § < + is a bad choice, the experiments seems to
show that best parameter 3 is strictly superior to 7, more superior than in theoretical
case, where we take (3 as close as possible of 7. As we said before, in practice, Ny seems
not to be the true limit rank. Indeed, with only n = 400 iterations, in this case, the
MSE, in the optimal parameters case reaches 0.06.

Mean square error, n=400, d=2, norm Mean square error, n=400, d=2

= =
«© «©

S S 15
o s o
© ©
s < s <

£ 1.0 £ 1.0

[ [

° < ° <
S S

05 05
o o
S S

00
0.2 0.4 06 08 1.0 0.2 0.4 06 08 1.0
Beta Beta

FIGURE 4. Mean square error in function of 8 and

3.3.2. Dimension 3. In dimension 3, we study the two codes

X3
gl(X,E) = HX”2+€ and gg(X,é) :X12+X2+73+67

where X = (X1, X2, X3) ~ U ([~1,1]%) and € ~ U ([-0.5,0.5]). In each case, we choose
n = 500 and want to study the quantile in the input point (0,0,0). The interpretation
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of Figure 5 are the same than in dimension 2. The scale is not the same, the convergence
is slower again but with n = 500 we nevertheless obtain a MSE of 0.10.

Mean square error, n=500, d=3, norm Mean square error, n=500, d=3
e e
2.0
3.0
] ]
= =
25
15
L8 20 8
£ £
I} 15 I} 1.0
° < ° <
S S
1.0
£
N N 05
= 0.5 =1 B
(— T
0.2 04 0.6 08 1.0 0.2 04 0.6 08 1.0
Beta Beta

FIGURE 5. Mean square error in function of 5 and

4. CONCLUSION AND PERSPECTIVES

In this paper, we proposed a sequential method for the estimation of a conditional
quantile of the output of a stochastic code where inputs lie in R?. We introduced a
combination of k-nearest neighbours and Robins-Monro estimator. The algorithm thus
elaborated had then two parameters to tune : the number of neighbours k, = [n” and
the learning rate v, = n~7. Obtaining a bias-variance decomposition of the risk, we
showed that our algorithm is convergent for % < v < B < 1 and we studied its mean
square error non-asymptotic rate of convergence. Moreover, we proved that we have to
choose v = Fld and 8 =y +mng (ng > 0) to get the best rate of convergence. Numerical
simulations have showed that our algorithm with theoretical optimal parameters is really
powerful to estimate a conditional quantile, even in dimension d > 1.

The theoretical guarantees are shown under strong technical assumptions, but our
algorithm is a general methodology to solve the problem. Relaxing the conditions will
be the object of a future work. Moreover, the proof that we propose constrained us to use
an artefact parameter ¢ which implies that the non-asymptotic inequality is theoretically
true for big n, even if simulations confirm that this problem does not exist in practice.
A second perspective is then to find a better way to prove this inequality for smaller n.

Finally, it is a very interesting future work to write non-asymptotic lower-bound for
the mean square error of our algorithms.

5. APPENDIX 1 : TECHNICAL LEMMAS AND PROOFS

5.1. Technical lemmas and notation. For sake of completeness, we start by recall
and prove some well-known facts on order statistics.

Lemma 5.1. When X has a density, denoting P, = P(X € kNN,41(z)|X1,...X,), we
have the following properties
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1) P, = |X x| (HX w‘|(kn+17n))
2) P, ~ Bk n1 7 = kny1+1)
3) E(P,) = n"jll
o\ 2knyin—k2 4+3kni1t+knyin?
4) E(Py) = 12 2)

where we denote Fjx_y| the cumulative distribution function of the random vector
| X =[], | X —2||(k,,,,n) the kny1 order statistic of the sample (|| X1 —z]l,..., || Xn—2||)
and B(kps1,mn — knt1 + 1) the beta distribution of parameters ky, and n — kyy1 + 1.

Proof. Conditionally to Xi,...,X,, the event {X € kNN, i(x)} is equivalent to the
event {||X — z|| < |[X — 2|, )} Then,

P, =P(X € kNNpt1(z)|X1...Xp)
=Px (I|X — 2l < [IX = 2/l(kpy1,m)
= Fljx—a (1X =2l 1.m)) -

Since X has a density, the cumulative distribution function Fjx_, is continuous. In-
deed, using the sequential characterization we get for a sequence (¢,) converging to t

FHX*QCH(t ) X S Bd(IE t ))

/ F()1p, e (2) -

Since f is integrable, the Lebesgue theorem allows us to conclude that

1 X1... X))

liTEn/Rd f(z)le(xytn)(z) = /Rd 117ILnf( g, mtn)(z) =P(X € By(z,t)),

so the cumulative distribution function is continuous. Then thanks to classical result on
statistics order and quantile transform (see [9]), we get

Py = Fix o) (1X = 2llkny1m) ~ Uknyaim) ~ Blhns1,m = kng1 +1)
where we denoted Uy, ., n) the k41 statistic order of a independent sample of size n
distributed like a uniform law on [0, 1]. O

Let us know recall some deviation results.

Lemma 5.2. We denote B(n,p) the binomial distribution of parameters n and p, for
n>1andp € [0,1]. Then, if Z ~ B(n,p), we get

2
VA
P < > 2p> < exp <3np> .
n 8

Proof. Let (Z;) be an independent sample of Bernoulli of parameter p and let

1 n
:n;Z’”
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We apply the Bernstein’s inequality (see Theorem 8.2 of [11]) to conclude that

3 2
P(Z —p < —ep) < exp (— nge ) :

2
P(Z —p > ep) < exp <_3n§e ) )

The results follow by taking € = % in the first case and € = 1 in the second case. [

We now give some technical lemma useful to prove our main results.

Lemma 5.3. Suppose 8 > ~. Then, for C > 3, we get

P <Z lx, kNN, (2) < C) =0.

n

Proof. First, it is a well known result (see [9]) that if U ~ U([0,1]), then X £ F~YU).
Since F' is non-decreasing, we get

10, kN Nu(x) = LF-1(Un) kN Nu (F(z)) @-S-

So that, it is enough to show the result for X ~ U ([0, 1]).
Let x be a real number in [0, 1]. Let € be a positive real number. Let ng be an integer
such that

(6) D oxp (—i’%) <e.

Let n] be the integer such that if € {0,1}, n{ =1 and if z €]0, 1[, for n > n{,

ko
— <1
2n+:1:_ ,

We denote N := max(ng,n}). We set

n
Q= Vn 2N, D Ly ok <ka
j=1

On this event, for every n > N, there are at most k,, elements X; such that | X; — z| is
inferior to 3=. Thus, if an element satisfies | X; — x| < %, it belongs to the k,-nearest
neighbours of x. Then,
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n
P(Q) <D P Ly ycta >k

n>N j=1

(7) =) P(Zu> k)

n>N

= p (P> T

n>N

where, since n > n7y,

kp,
—P(|X—z<™
p (I 3?\_4n)

kn, kn .
P(——i—xﬁXﬁ—i—x) if z €]0,1]
n 4n

= P(ngn) ifx=0
4n

P(XSl—T) ifex=1

n

kn

2n

if z €]0, 1]

k
L “ otherwise
4n

< Fn
— 2n

Then, Equation (7) gives

P(Q) <D P Ly pcta >k

n>N j=1

® . <B(n,’§:;> . k)

n n

< ( Skn>
< exp _TG <e.

where we used the second inequality of Lemma 5.2 and the Equation (6). But, as we
noticed above, on the event {2, we have

IXuekNNn(@) 2 Lix, pj<tn -

Finally,
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9) PlQnN Z Ynlx,ekNNo(x) S C | <P Z ’7"1\Xn—rlﬁ% ¢
n>N n2N

Let now (Ij)x be a partition of [| N, +ool|] such that

kn
VE>1, ) Ty € 26,20 +1] .

nely

k
Such a partition exists since, as 8 > +, the sum E Yn— is divergent. Then,
n
n

Var | > Yl —pjctn | S B > Tnlix, <k | 2041,

nely nely

The Chebyshev’s inequality gives

20 +1

7
P Z 7”1|ka:p\§% < c < 02 < § <1 )

nely
since C > 3.

B[N St e =€) =0,

k TZEIk
(10) Pl >l et <C | =0.
n>N

Thanks to (7), (9) and (10), we get

P Y mlx,ernme <C | <P@)+0<e,
n>N

which holds for all € > 0.

Lemma 5.4. Denoting A, the event {X1,...X,, | P, > €,} where ¢, = ﬁ
parameter € satisfies 1 > € > 1 — 3, we have forn > 1,

1 1—e

P(a5) < exp (-2
Proof. Thanks to the Lemma 5.1, we obtain

P(A7) = P(B(kns1,n = knt1) = €n)

= Ien(kn—i-l’n - kn-{—l) s

19

O
and the
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where we denote I, the incomplete [ function. A classical result (see [1]) allows us to
write this quantity in terms of the binomial distribution

P(AY) = P(B(n, en) > kny1) -
Thanks to Lemma 5.2, we know that

1—e
H%Bmv+1¢n>zkmﬂ>gexp<_30v+;kwu> Sexp<_301t;>>,

as soon as ky11/(n+1) > 2¢,, which is true as soon as n > 21/(e=(1=8)) hecause e > 1—f.
O

Lemma 5.5. Under hypothesis of Theorem 2.1, || X — .CUH (kni1,m) CONVETgES almost surely
to 0.

Proof. Let u be a positive number.

pu i = B(X € B(w,u)) = /B( o

(11) S T2
B(zx, =Ci———
2 px (B, ) = Cre
= Cmputc4(d)u =i1quy -

Let Z be a random variable of law B(n,p,). Since |[|X — x|, ,n) > u implies that
there are at the most kjy1 elements of the sample which satisfy X € B(x,q,), we get :

POIX = 2l|(kyy0) > 0) = P(Z < Fngr) -

Thanks to equation (11), and denoting Z a random variable of law B(n,q,), we have

PIX — allgty) > 0) < B(Z < kay1) -

Lemma 5.2 implies that P(||X — ||, ,) > u) is the general term of a convergent sum.
Indeed, when n is large enough, then k,41/n < ¢,/2 because ky4+1/n converges to 0
(B < 1). The Borel-Cantelli Lemma then implies that || X — x|, , ») converges almost
surely to 0. O

Lemma 5.6. With the same notation as above,

kn-i—l 1+%
BPLIX = ol ) < Ca) (252)

Proof. Let us denote F' and f the cumulative and density distribution function of the
law of || X — z||.

E(IX = 2llGty 0 P) = E (11X = @l tpnm B (11X = 2l t0.m))

= /yF(y)an—:cl<kn+1,n)(y)dy,

with
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" B (y)fe (1 - F(@/))n_kn+1 f

W) = G =Dl

Six—alq, y) -

n+41-1)

Then we get

n!
(kn+l — 1)'(TL — l{in+1)!

E([X = llo,,0mPa) = / yF ()1 (1= F(y))" e f(y)

_ kn—f—l
n+1

E (HX - :UH(kn+1+17n+1)) :

We denote U) the upper bound of the support of || X — z||, and write

Uy
E(1X = /|6, 114 1051) = /0 P(IX = 2llysr st msr) > )

Using same arguments that in Lemma 2.1, denoting C1o(d) = ¢ %,We get

C1o(d)

Uy
I:= / P([X = @[l (k1 +1,041) > w)du = / P(B(n+1,qu) < knt1 + 1)du
0 0

Uy
[ BB L) < b+ 1)
Clo(d)

Cro(d) Ui 3(n + 1)Cinpur Ca(d)u
g/ 1du+/ exp(— (n 4 1) Cinput Ca( )u>du,
0 Cro(d) 32

where we use Lemma 5.2 in the second integral because u > C1o(d) implies Fnpr bl o e

. n+1
Then, we obtain
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+oo ‘ J
1< Chold) + / exp (_3<” + 1) Cinpur Ca(d)u ) .
C11(d) 32

too yd-t 3(n 4 1)Cinput Ca(d)u?
i [y (B VOG0
10( ) 0 Clo(d)d_l p 39
Chi(d) 32
Clo(d)d 3(n + 1)dCanutC4(d)

= Cho(d) (1 LN )

__d 2(kn-',-l + 1) 16

= Cio(d) +

(_ 3(n + I)ngutCél(d)ud)} e

[— exp
0

N 2 kg1 +1 <1 . 16 )
B n+1 znputC4 knJrl Sd(kn+1 + 1)
Ik /
< df hbn41 4 1
N znputC4 T34 3d
o n+1
= Ca(d){ n+1’
because for n > 1, we get k, > 1. O

Lemma 5.7. Let (b,) be a a real sequence. If there exist sequences (cp)n>1 € [0, 1] and
(dn)n>1 €]0, +00[N such that

Vn > No, bptr1 < bn(1 —cpy1) +dny
then for allm > Ny + 1,

n k
Vn, bn<exp< ZN0+1ck> bn, + Z exp | — ch—ch dy. .
j=1 j=1

k=Np+1

Proof. This inequality appears in [21] and references therein. It can be proved by induc-
tion using that Vx €]0, +o0[, exp(z) > 1+ x. O

Let us first prove the following consequence of Assumption A3.
Lemma 5.8. Under assumption A8, if B >y, then for all x and for alln > 1,
On(z) € [Ly — (1 —a),Uy + af,a.s.

Proof. Suppose that 6, (x) leaves the compact set [Ly,Uy]| by the right at step Np.
By definition, On,-1 < Uy and consequently 0y, < Uy + ayn,. At next step, since
On, > Uy, we have Yn, 1 < 0y, and then

Ono+1 < Uy +avng — (L= a)Ng+11 Xy 11 €N Ny 11 (2) -
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Then, the algorithm either does not move (if Xn,+1 ¢ kNNpn,+1(x)) or comes back in
direction of [Ly, Uy] with a step of (1 — a)yn,+1. Then, if

D Anlx, kNN, (o) = +00 @5 ,
n>0

the algorithm almost surely comes back to the compact set [Ly, Uy|. Thanks to Lemma
5.3, we know that, since S > +, the previous sum diverges almost surely. A similar result
holds when the algorithm leaves the compact set by the left and finally we have shown
that almost surely,

Hn(:c) € [Ly — (1 — Oé), Uy + Oé] =: [Lgn, Ugn} .

0

5.2. Proof of Theorem 2.1 : almost sure convergence. To prove this theorem, we
adapt the classical analysis of the Robbins-Monro algorithm (see [7]). In the sequel we
do not write 6,,(x) but #,, to make the notation less cluttered.

5.2.1. Martingale decomposition. In this sequel, we still denote H (0, Xpt1, Yni1) =
(1Yn+1§9n—04) 1Xn+1€/€NNn+1($)7 fn = O’(Xl, . ,Xn, Yl, ey Yn) and Pn and En the prob—
ability and expectation conditionally to F,,. We introduce

hn(en) = ]E(H(‘gna Xn+17 Yn+1)|-7:n)
=P,(Ynt1 <0, N Xpt1 € ENNy(2)) — aPp(Xpy1 € ENNy(2))
=P, [( yENNy 41 (2) (0, ) Fy= (9*)] )
Then,

n—9n+27] j— 19] 1 —90 Z'Y]gja

7j=1
with & = H(0;-1,X;,Y;) — hj—1(0j—1) is a martingale. It is bounded in L?(R). Since

suplép| < a+ (14 a) =14 2a,
n

the Burkholder inequality gives the existence of a constant C' such that

2 2
n

E(T.%) <E | | Y & SCE D (%&)? | <CU+20)) ) <.
j=1

Jj=1 Jj=1

5.2.2. The sequence (0,,) converges almost surely. First, let us prove that

(12) P(6,, — 00) + P(6, — —o0) = 0.

Let us suppose that this probability is positive (we name €2; the non-negligeable set
where 6, (w) diverges to +oo and the same arguments would show the result when the
limit is —00). Let w be in ;. We have 6,,(w) < 6* for only a finite number of n.
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Let us show that on an event Q C )y with positive measure, for n large enough,
hn(0n(w)) > 0. First, we know that P, follows a Beta distribution. This is why
Vn, P(P, = 0) = 0. Then, the Borel-Cantelli Lemma gives that

P(3N V¥n>N P, >0)=1.

As Q4 has a positive measure, we know that there exists {29 C 2y with positive measure
such that Yw € Qq, 0,,(w) — 400 and for all n large enough, P, (w) > 0. Since

hn(Bn () = P (FYB?HM (On(w)) — a) :
we have now to show that on €2 C {29 of positive measure,

F s ) (Ba(@)) —a> 0.

As 0, (w) diverges to 400, we can find D such that for n large enough, 6,,(w) > D > 6*.
Then,

YBZH-H(?C) (gn(w)) —a= FYszn+1(w> (en(w)) — Fy= (9*)
= FYBE"“@) (On(w)) — FYBanH(I) (D) + FYBE"H@) (D) — Fy=(D)
+ Fya (D) — Fy= (9*) .

First, FYBan( )(9n(w)) - FyBk"+1( )(D) > 0 because a cumulative distribution function

is non-decreasing. Then, we set n = Fy«(D) — Fy=(6*) which is a finite value. To deal
with the last term, we use our assumption Al.

F iy (D) = Fya(D) 2 —M@)IX = 2ll, 1y -

We know, thanks to Lemma 5.5, that [[X — ||, , n) converges almost surely to 0.
Then, there exists a set 23 C €1 of probability strictly non-negative such that forall w
in Q3, the previous reasoning is true. And for € < 7, there exists rank N(w) such that
ifn>N,

(13) FyBZ’”'l(z)(D) — Fy:(D)>0—Le+n>0.

Finally, for w € Q3 (set of strictly non-negative measure), we have shown that after a
certain rank, hy(6,(w)) > 0. This implies that on Q3 of positive measure,

n
lim | G (w) + D Aiihia(B51(w) | =400,
j=1
which is absurd because in the previous part we proved that T}, is almost surely conver-
gent. Then 6,, does not diverge to +0o0 or —oo.

Now, we will show that (6,) converges almost surely. In all the sequel of the proof,
we reason w by w like in the previous part. To make the reading more easy, we do not
write w and €2 any more. Thanks to Equation (12) and to the previous subsection, we
know that, with probability positive, there exists a sequence (6,,) such that
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n
(a) O, + Zvjflh(Hj,l) converges to a finite limit
j=1
(b) liminf#, < limsupé6, .

Let us suppose that limsup6, > 6* (we will find a contradiction, the same argument
would allow us to conclude in the other case). Let us choose ¢ and d satisfying ¢ > 6*
and liminf 6§, < ¢ < d < limsup#,. Since the sequence (v,) converges to 0, and since
(T},) is a Cauchy sequence, we can find a deterministic rank N and two integers n and
m such that N <n < m implies

(d—c)
(@) ym < m
iy d—c
() |6 = 00— > 5h(6;-1)| < —5— -

We choose m and n so that

(a) N<n<m

(0) 0, <c, O, >d
(c)n<j<m=c<0;<d.

(14)

This is possible since beyond N, the distance between two iterations will be either
a(d—c)

a%SB(l—a) <(d—r¢),

because o < % or

(1—a)p < 3(d—c) < (d—0).

Moreover, since ¢ and d are chosen to have an iteration inferior to ¢ and an iteration
superior to b, the algorithm will necessarily go through the segment [c, d]. We then take
n and m the times of enter and exit of the segment. Now,

A

d—c
Om — O < + Y iehi(05)

d—c
<
3
because n < j < m, we get 0% < ¢ < 0; and we have already shown that in this case,

hj(0;) > 0. We then only have to deal with 6,,. If 6,, > 6*, we can apply the same result
and then

+ 'YnJrlhn(en) )

en_engd_ca
3

which is in contradiction with (b) of equation (14). When 6 < 6*,
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d—
Om h(6,,_
3 (0n—1)
<t -a)
d—c d-—c
< _
< 3 + 3 <(d-c),

which is still a contradiction with (b) of (14). We have shown that the algorithm
converges almost surely.

5.2.3. The algorithm converges almost surely to 0*. Again we reason by contradiction.
Let us name 6 the limit such that P(6 # 6*) > 0. With positive probability, we can find
a sequel (6,,) which converges to 6 such that

(@) 0" <€ < e <0
(b)€1<9<62,

(or —o0 < €1 < €3 < 0* but arguments are the same in this case). Then, for n large
enough, we get

€1 <0, <ey.

Finally, on the one hand, (7,,) and (6,,) are convergent, and we also know that the
sum »_ v;+1h(0;) converges almost surely. Let us then show that on the other hand,
hn(6y) = P, (FYBan( >(Gn) — a) is lower bounded. First we know thanks to Lemma 5.4,

thatforl<e<1—ﬁand6n=(n+%)e,

P(P, < €,) < exp <—3(n+81)1_6> :

This is the general term of a convergent sum. Therefore, the Borel-Cantelli Lemma gives
PENYn>N P, >¢,)=1.
Moreover, as we have already seen in Equation (13), since 6,, > ¢; > 0%,
FyB,’i”“(z)(g") —a>0-M@)||X —2||(h,s1,n) + Fy=(e1) — Fy=(67) .
Then, when n is large enough so that

Fyz (61) — Fyz (0*)
nt1n) = 2M (z)

X =k

holds, we have
wa (61) - Fya: (9*)

5 .
Finally there exists a set €2 of positive probability such that, Vw € Q2

FYBZnH(I)(@n) —az

> rrhi(6r) = f-ta) FYZ Z%Hf’k > Z “ ( :

T Ty
P — n+1)
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which is a contradiction (with the one hand point) because the sum is divergent (y+¢€ <
1).

5.3. Proof of Theorem 2.2 : Non-asymptotic inequality on the mean square
error. Let z be fixed in [0,1]. We want to find an upper-bound for the mean square
error a,(z) using Lemma 5.7. In the sequel, we will need to study 6,,(z) on the event
A,, of the Lemma 5.4. Then, we begin to find a link between a, (x) and the mean square
error on this event.

n

an(@) = E [ (0n(2) = 0%(2))* 1, | +E [(0n(2) - 0%(2))* 1ug

<E (00— 0 1a,] + C1P(4S)

(12 <B[(00(0) - 070 1, | + Oy op (2L
<E[00e) -0 10,] + Cremp (<257

thanks to Lemma 5.4 and for n > Nj.
Let us now study the sequence b, (z) := E [(Gn(x) —6*)? 1An]. First, for n > 0,

o1 (2) < E [(0nsa () — 0°(2))?] .
But,

(Ong1(z) — 0 (2))% = (On(x) — 07 (2))* + 71 [(1 = 20) 1y, <0, (@) + %] 1x, 1 ebN N (@)
— 2941 (On(7) — 0% (2)) (1Yn+1§9n(w) - O‘) 1Xn+1€lcNNn+1(9:) :

Taking the expectation conditional to F,,, we get

En ((0n11(2) = 0°(2))2) < En ((0a(@) = 0"(@))°) + 72 11Pn (Xns1 € KN Ny (7))
= 2941 (On(z) — 07 (7)) [Pp, (Yn41 < On(z) N Xpy1 € kNNpyi(z))
X P (Xpi1 € kNNpir(2)) Fy=(07)] .

Using the Bayes formula, we get

By (6ns1(x) — 0%(2))?) < E, ((Gn(x) . 9*(x))2) 442D,

= 2Yn41 (Bn(2) — 07 (2)) P {Fnybnﬂ(T) (On(2)) — Fy= (9*(517))} )

Let us split the double product into two terms representing the two errors we made by
iterating our algorithm.

E, (9n+1(33) - 9*(55))2) < (On(z) — 0*(1'))2 + 7721+1Pn+1
(16) = 21 (0n(2) = 0 () Past [Fytis ) (0a(2) = Fre (00 ()
= 29n41 (On(z) — 07 (2)) P [Fy= (0n(z)) — Fy=(6"())] .
We now use our hypothesis. By Al,
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1F ki, (0n(2)) = Fye(0n(2))] 2 M (2)[|X — 2|

YBTL n+17n) ’

and by A3,

0, () — 0"(2)| < /T
Thus,

—2Vn11(0n(z) — 0% (x)) P, |:FYBan+1 (@) (On(z)) — Fy= (gn(x))} < 27n41 mM(f)Pn‘|X - x||(kn+1,n) .

On the other hand, thanks to A4 we know that,
(6 = 07) [Fy=(0n(x)) = Fy=(0"(x))] = Ca(, ) [fa(z) — 0" ()] .
Coming back to Equation (16), we get

E, (9n+1(53) - 9*(55))2) < (On(z) — 9*($))2 (Lan +14,) + 772L+1Pn

- 2771-{-1 (en(x) - 0*(3:))2 02(33705)Pn + 27n+1M(£) V ClHX - x||(kn+1,n)P’ﬂ .

To conclude, we take the expectation

but1(2) < CLP(A) + ba(@) = 2941 C2(, 0)E | P (On(2) — 07|
+ 92 1 E(Pn) + 2941V O1 M (2)E [Po|| X = 2| (5,01 m)] -
But, by definition of A,,we get

27011 Ca(, Q)E | Puss (0n(2) = 0] < —i1enCale, @) |(0n(x) — 0(2))* 1,
= —2yns1eaCal, )by (2);.
Finally,
bny1(z) < bn(z) (1 = 2C2(2, @) ynt16n) + ent1
with

et i= CIP(AS) + 72 E(Po) + 2301/ CLM (0)E [PallX — allge

77«+17n)} :

Now using Lemmas 5.6, 5.4 and 5.1 we get for n > Ny with

l1—e k
n

it k
> + 2/ C1 M (2)Cs(d)vn <n> _{_%21% .

3
en < d, := Crexp (— n
The conclusion holds thanks to Lemma 5.7, for n > Ny + 1,

(17)

n

bn(x) < exp (—2Co(x, ) (kn — KNy )) b, () + Z exp (—2Cs(z, @) (kn — Kk)) di -
k=No+1
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But thanks to Assumption A3, we have already shown that by, (z) < an,(z) < C;. To
conclude, we re-inject Equation (17) in Equation (15) and obtain for n > Ny + 1,

n

an(x) < exp (—2C2(z, a)(kn — kN, )) C1 + Z exp (—2Cy(z, &) (kp, — Kg)) di

k=No+1
1—e
+ Ci exp (_3n8 > .

5.4. Proof of Corollary 2.1 : Rate of convergence. In this part, we will denote

nl—e

T9 := Cyexp ( ) , T} = exp (—2Co(z, @) (kn — KN, )

and
n

T2 = Z exp (=202 (2, a) (kn — Kk)) d -
k=Nop+1

We want to find a simpler expression for those terms to better see their order in n. First,
considering T} we see that a,(x) can converge to 0 only when the sum

1
Z kyte = +00.
k>1

This is why we must first consider e < 1 — . As e <1 — 3, we have to take 5 > ~.

Remark 5.1. The frontier case € = 1 — y is possible but the analysis shows that it is
a less interesting choice than € < 1 — v (there is a dependency in the value of Co(x, @)
but the optimal rate is the same as the one in the case we study). In the sequel, we only
consider € < 1 — 7.

Let us upper-bound T!. As x +— 1/27 is decreasing, we get

n

T! = exp | =20y (z, a) Z
k=No+1

n+1 1
< exp <—202(x, a) /N X Wdt)
o+

n l—e—vy _ l—e—7
oo <_202($7a)( +1) (16(]V3)+ 1) > .

Then, T} (just like T?) is exponentially small when n grows up. To deal with the second
term TT% we first study the order in n of d,,. d, is composed of three terms :

1
ket

3nl—e

8

d, < C7exp (— ) + 24 /01M(x)Cg(d)n‘“Y*(ﬁ—l)(H%) 4 AL

The first one is negligeable (exponentially decreasing). Let us compare the two others
which are powers of n. Comparing their exponents, we get that there exists constants
C5 and Cg(d) (their explicit form is given in the Appendix) such that
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if 6 <1—d~, then for n > Ny + 1,
d, < Cs(z,dyn~20+P=1
if 8 > 1 — d~, then for n > Ny + 1,
d, < Cy(z, d)n*'”(l*é)(ﬁ*l) _

Remark 5.2. Let us detail how one can find Cs (it is the same reasoning for Cg). If
B < 1—d~y, we know that when n will be big enough, the dominating term of d,, will be the
one in n~2VTB=1 Then, it is logical to search a constant Cs(x,d) such that ¥n > No+1,

05($7d)
n < oy p1 -

Such a constant has to satisfy, for alln > Ng+ 1,

L, 2VCM(2)Cs(d)

ey rrc)

Cs(z,d) > Cexp <—:n16> n?—A+1

Since f§ < 1 — dy, the map = +— % 1s positive and decreasing. Then its
mazimum is reached for n = Ng + 1. Moreover, the map x — C1 exp (—%nlfe) n2y—B+1
is also positive and is decreasing on an [A,+oo|. It also has a maximum. The previous

inequality is then true for

. 2/OM@)0Cs(d)

L 3 1—e 2y—pB+1
Cs(z,d) := max Cjexp (—8n )n (No + 1) +(1=5)/d )

n>No+1
Let us study the two previous cases.
Study of 7? when 3 > 1 —dy :

To upper-bound these sums, we use arguments from [8], which studies the stochastic
algorithm to estimate the median on an Hilbert space. The main arguments are com-
parisons between sums and integrals. Indeed, for n > Ng + 2 and n > N3 where N3 is
such that

Vn > N3, {gJZNo-i-l,

3| ()-8 T gy Ha-5)

a ) 1 + Cﬁ(xad)

a 1
) gt | () -6)

k=N, j
n—1
a 1 Co(z,d)
+ Cs(x,d) exp | —2Cs(x, «) Z — T + SRVER
k=145 ]+1 S I | ()8 gyt (6
=: 51+ 5+55.

First, the function x — =7 is decreasing on |0, +oo[ then
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n—1

n+1 1 1
S < Cg(z,d) k_LE:Hl exp <—202($704) /k+1 xe-{-’ydx) A+ (A-5)
=3

n 1—vy—e
= 06<x7 d) exp (_202(x’ a)(l—i_—l’z/—6>

n—1

(k + 1)17’)/76 1
Z exp (—202(36,@) — .
k=241 1—v—ce€ pr+A+3)(1-8)

Then, taking, 1 — 8 < e < min((1 — dy), (1 + 3) (1 — 8)), we have since k > |2 + 1

1)1-7—e 9 (H‘%)(l_ﬁ)_E
Sy < Cg(x,d) exp <—26’2(w,a)(n+)> (>
l1—vy—c€ n

n—1
E+ 117\ 1
exp (—202(x,a)( T )—e > e
k=141 7

|3

Now, since for k > 1,

1\ 2\
_ < [ = ,
) <(&9)

we get

1 l1—v—e 2 (1""%)(1_/8)_5
Sa < Ce(x,d) exp (—202(1‘,04)(”4—)> () 2¢+7
1—v—¢€ n

n—1

k1) 1
Z exp (—202(56,@)( 1+_ ) — ) sk
k=14 !

2Cs (z,a)
vte

l—e—v\ . .
n
17577> is decreasing on [

define the integer Ni(z, ) the rank such that

Since the function x — exp (26’2(33, a) ,+00 [, we also

N 205 (z, o) .

Vnle(:E,Oé), \‘ngLl— €+

For n > Ni(z,a) we get
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(n+ 1)1—7—e> 2(1+3)(1=B)+

< —
Sy < Cg(x, d) exp ( 205(z, @) o GRS Ty

n—1 n xl_,y_e 1
X exp | —2C5(z, a ) dx
2 /L§J+2 ( ()3 -y —€) arte

k=12 ]+1

Cﬁ(l‘, d) _
< 3Ch(z.a) exp ( 20y (z, a)

o (26a(0.0) ) - e (20u(e.0)

Cs(z,d) 20+DA=B+r  Co(z,d, ) 1

~20y(z, ) A+ A=H—c 2 poet(+3)A-p)
Let us now deal with the term S1. As k < |5 ], we have

(n+ 1)t=7=¢\ 20+ A=A+
T—y—c¢ ) AT (-p)—

nl—e—'y

(131+ 2)1“)]

l—e—7v l—e—7v

n

1 >n 1
Azkjljer'y = 9 pety
j=k+

Then,
2] ” a 1
S = Cg(x,d) Z exp [ —2Cs(x, «) Z - -
k=No+1 J=ht1 Jer k7+(1*ﬁ)(1+3)
L3)
< Co(z,d) Y exp (—Ca(z,a)n'~77)
k=1

|3

1

=8 (1+%)
L5

< Cg(z,d) exp (—Cg(x, a)n1_€_7) Z

k=1

Thanks to the exponential term, 5] is insignificant compared to So whatever is the

1
behaviour of the sum Zk—'y—(l—ﬁ)(1+3)7 and so is T7". Then, denoting Na(d,x) the

k
rank after which we have

1
A=A (1+3)

Cr(z, a,d)
Sy+ 8y + T+ 10 < 180D
A R

we get, in the case where § > 1—~vand 1 — < e < min((1 — 7), (1 + ;li) (1 —3)), for
nz ma.X(No,Nl(.’IJ,OZ),NQ(d,CU))

C7<1’, «, d)
pet(+3)a-p)

ap(z) <

Study of 7? when 3 <1 —dy :

Using the same arguments, we conclude that for 1 — 5 < ¢ < min(1—++,1—~) and
n > max(Ng, N1(z,a), No(d, z)) (see Appendix for precise definitions of these ranks),
there exists a constant Cg(z, , d) such that the mean square error satisfies
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CS(:E7 «, d)

an(®) < < prie

5.5. Proof of Corollary 2.2 : choice of best parameters § and . Let us now
optimize the rate of convergence obtained in previous theorem. When 5 > v and 8 <
1 — dry, the rate of convergence is of order n~Y+t8=1%¢ To optimize it, we have to choose
€ as small as possible. Then, we take € = 1 — 3+m,.. The rate becomes n~7*". Then, we
have also to choose v as small as possible. In this area, there is only one point in which
«y is the smallest, this is the point (v, §) = (Fld’ HLd) Since we have to take 5 > v, the
best couple of parameters, in this area, is (Fld’ ﬁ +ng). These parameters follow a
rate of convergence of nﬁlﬂﬁn.

When we are in the second area, the same kind of arguments allows us to conclude to
the same optimal point with the same rate of convergence.

In Figure 6, we use the numerical simulations of Section 3 to illustrate the previous
discussion.

Mean square error, n=200

Gamma
0.6 0.8 1.0

04

0.2

0.0

0.2 04 0.6 0.8 1.0

Beta

FIGURE 6. Theoretical behaviour of the MSE in function of 5 and ~

We have finally shown that

< Cg($,0{, d)

an(z) < S —
ni+

where the constant is the minimal constant between C7(z, a, d) and Cg(z, cv, d) computed
with optimal parameters (v, 3, €).

)
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6. APPENDIX 2 : RECAP OF THE CONSTANTS

Let us sum up all the constants we need in this paper.

6.1. Constants of the model. We denote :
e M (x) the constant of continuity of the model, that is

VB € B, Vt € R, |Fy(t) — Fy=t)| < M(x)rp
® Cinput is the positive lower bound of the density of the inputs law fx.
e Cy(x) is the positive lower bound of the density of the law of g(z,¢).

6.2. Compact support. We denote :

e [Ly,Uy] the compact in which are included the values of g.

e [Lx,Ux] the compact in which is included the support of the distribution of X.

o [Ly,,Up | :=[Ly — (1 —a),Uy + ] the segment in which 6,, can take its values
(V).

e U) the upper bound of the compact support of the distribution of ||.X —z|| (V).

6.3. Real constants. We denote :

e \/C| :=Uy +a — Ly. C is the uniform in w and = bound of (8, (z) — 6*(z))>.
Cy(z, ) :== min (C (x) 170‘> is the constant such that

> Uy+a—L

[Fys (B(2)) = Fy= (6%(2))] [Ba(2) — 6" ()] = Ca(z, @) (Bu(z) — " (x))* .

* Cg(d) ~ \d/§ (1 + % + d\/ CinplutCAL(d)).

d
o (Cy(d) := F(;—s—l
2y C1M (2)C3(d)
— 2y=F+1
o C5(x,d) = x| C’lexp< > + N0+1) S (—p)/d + 1.
1

Cs(x,d) = C —= v+ C1M(z)Cs(d .
o Coland) = max Croxp (—gnl= )7+t M@0
e CP"™ .= max Cjexp <—n( n3)=ne ) (N0+1)1+d mstl 4 !

n=Not1 (No + 1)~ T 10T

o O™ (2 d):= max Cjexp <_:n(1id+na)—ne> n(1+%)—m—na(l+%)+2 C1 M (z)Cs(d)+

n>Np+1

ng
(NO+1) d+d(1+d)+1+d+£

2(1+ )(1— /3)+’Yc (I d)

o C7(z,a,d) := o)
o Cs(z,a) := 2P 5 (w.d) Cﬁ:(;?;’)(z 4.

11 1 _ .
21+E*m*7lﬂ(1+3)cozﬁtlm(w d) Qﬁ*WBJrlcoptlm(x’d)

4 09(377 «, d) ‘= min ( C(z,0) : — CZ(I»?X) ) '

L 2(kn+1
o Cio(d) := { m
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6.4. Integer constants. We denote :

[ ] NO = 25*<11*5) .
e Ni(z,«) is the rank such that n > Nj(z, «) implies

n 205 (z, @)

L§ e+vy

e Ny(z,a,d) is the integer such that Vn > Na(z, o, d),
a) I 6 < 1 - dv,

|+1>

C7(x7 «, d)
on(1+3)(1=p)—¢’

where Té = exp _202('7:7 a) Z k_’Y—G ) Tr? = Cl exp <_37§176>7
k=No+1

Ss+ S+ T + Ty <

15)
Sy = —Coled) _ ang 6 = Ci(, d) exp(—2Cy(z, a)nt=7) Y " 7y~ (1=A)0+1/d),

T+(1+3)(1-8)
" k=1

b) If B> 1— dv,

w3

Cs(z,a,d)
1 0 8\, &,
S3+51+Tn+TnSW7

where TT} =exp | —2C%(z, a) Z k=77, TS = C1exp (7:)’"7175),
k=Np+1
L
S3 = 771279‘;}“) and Sy := Cs exp(—2Cy(z, a)n'~7) Y 77~ (1=A+1/d)
k=1

]

|3

> No+ 1.

e N3 is the rank such that Vn > N3, [§]
7N2(:L'aaad)aN3)'

o Ny(z,a,d) := max (Ng + 2, Ny (z, a)
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