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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 quan-
tile. More precisely the quantile of the output of a real stochastic code with inputs in
R?. We introduce a stochastic algorithm based on the Robbins-Monro algorithm with
data tailored by the k-nearest neighbours theory. We give conditions on the model in
order that the algorithm is convergent. Further, we provide non-asymptotic rate of
convergence of the means square error. We also focus on the best tuning parameters
of the algorithm.

1. INTRODUCTION

In the last decades, computer code experiment problems have been widely studied by
statisticians (for example [15], [22], [21], ...).

1.1. Stochastic code. In the cumputer code experiment, a stochastic code is a numeri-
cal black box model with a random seed inside. Mathematically speaking, we can model
it in the following way. Let X (the inputs vector of the code) be a random vector of
RY. Let ¢ (the random seed)be the random vector of R™. We assume that ¢ and X are
independent random vectors. Further let g be a regular map from R? x R™ to R ; the
output of the stochastic code g is

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

This black box is said to be stochastic because of the unobserved random seed e.
Indeed, contrary to deterministic numerical black box, the code (1) does not, in general,
return the same output when we feed with the same input at two different times. Notice
that € and g are both unknown but realisations of (X,Y’) may be observed. Generally,
one run of the code may be very expensive.

In this work, we will propose and study an algorithm to estimate a conditional quan-
tile. For a fixed level o € [4, 1], the target of our algorithm is

0" (x) = ga (g(,€)) (z €RY)
Here, we denote by q,(Z) the upper quantile of level « of a random variable Z. In
other words
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where F,;! := inf{x : Fz(x) > u} is the generalized inverse of the cumulative distri-
bution function of a law Z.

1.2. The algorithm. If a call to the code is not too expensive then classical methods
may be performed to estimate a quantile. Indeed, having at hand a sample (Y;*); where
each Y;” is distributed as g(z, €), we can estimate the quantile with the empirical quantile
or with some classical stochastic algorithm (see next paragraph). Here, we are looking
for a recursive method which allows to estimate the conditional quantile for different
values of x at the same time. We begin by drawing a sample. We first draw a sample
of inputs (Xi,...X,,) that will feed the code. We then observe a sample of outputs
(Y1 = g(X1,¢€),...,Y, = g(Xn,¢)). Using the sample (X1,Y1),...,(Xpn,Ys) we will
iterate a stochastic algorithm allowing the estimation of the conditional quantile on
several x at the same time. This algorithm is based both on the classical Robbins
Monro algorithm to estimate a quantile and on the k-nearest neighbors methodology.
Let us see how the algorithm works.

Robbins and Monro introduced in [18] a general stochastic algorithm to approximate
the root of a function h : R? — R?. This algorithms is

@ 0y € R?
Ont1 = On — 7n+1H(0n7 Zn-i-l)

where (6,) is a Re%-valued sequence, (v,) is a deterministic step-size sequence and
(Zy,) an i.i.d sample of observations. The function H is related to the function h by the
formula

E(H (0, Zn11)[Fn) = h(0n),

where F,, := o(Z1,...Z,) is the past sigma field. This kind of algorithms has been
widely studied by many authors. In an asymptotic point of view, Robbins and Monro
showed convergence of the mean square error in [18]. The almost sure convergence
is proved with differents methods and under different hypothesis by Blum in [5] and
Schreck and al. in [23]. Fabian, Ruppert and then Sacks study the asymptotic rate
of convergence respectively in [11], [19] and [20]. In [26], Woodroofe investigate the
probability of large deviations for (6,). From a non-asymptotic point of view, there are
several recent results under different assumptions. Frikha and Menozzi give in [12] non-
asymptotic concentration bounds under Gaussian concentration assumption. Further
Moulines et al. propose in [17] non-asymptotic inequality on the mean square error
under convex assumptions.

The quantile is a classical example of target for this algorithm. Indeed the quantile of
order a (0 < a < 1) of Z is the root of the function h(6*) = Fz(0) — o where Fyz is the
cumulative distribution function of teh distribution Z. So that, to estimate the quantile
(in the simple case where we have at hand a sample (Z,,) of independent and identically
ditributed copies of Z) the algorithm is then the following
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0y € R
(3) {

Ont1 = On — st (12,11 <00s1 — @)

This algorithm is consistent and leads to an estimate having Gaussian asymptotic
distribution (we refer to [10] for a sum up of the asymptotic theory on Robbins-Monro
algorithm). In [6], Cardot et al. study this algorithm in the median case (o = 3). In
this paper, they took v, = n% with % < v < 1. Further, they provide non-asymptotic
confidence balls and non-asymptotic inequality for the mean square error.

The algorithm would then be useful if we would like to estimate the conditional
quantile for only one fixed z. To construct an algorithm converging for every x, we will
use in addition the k-nearest neighbors theory. Let us fix an input . To estimate the
conditional quantile at x with the previous algorithm, we need to observe a sample of the
output corresponding to the input x. As discused before, we can not afford to obtain
a sample of the output for each input we are interested in. We only have at hand a
global sample. At time n + 1, we will use a variation of the classical quantile algorithm

in up-dating only when the input falls in a neighborhood of z :

X1 — 2| < [[X — 2|

n,7)

where denotes Z(i,n) the i-th order statistic of a sample (Z;);=1. . Finally for a fixed
x, our algorithm to estimate the a-quantile of the law g(z,¢€) is the following

Oo(x R
(4) { 0();”

Ont1(z) () = Y1 H(0n(2), Yor1)1x,  ckN N, (2)

where we denote :

e (7,) is a deterministic sequence of steps. We will mainly study the case where
Vn:%for0<7§1, (n € N*.

e kNN, (z) is the set of the k,, nearest neighborhood of x fot the Euclidean norm
on R? that is

ENNp(z) :={X;: [|X; —z|| <[ X = 2|k, n), i=1...n}

We study the case where k, = |n”] for 0 < 8 < 1.
e The function H, (inspired from the classical Robbins Monro theorem) is

H(0n(2), Yn41) = 1y, <60, (2) — @

The idea of considering neighbors of = is classical. It appears for example in the
estimation of the conditional mean. Stone in [24] and [25] study this regression problem
and propose an estimator of the conditional mean based on k-nearest neighbors. He also
gives conditions on k, for this estimator to converge. Bhattacharya and al. Then use
in [4] this idea to introduce estimator of the conditional quantile (non-recursive) in the
case where the inputs ly in R. This estimator is built on the generalized inverse of the
empirical cumulative distribution function computed on the k,, responses corresponding



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

to the k,, nearest inputs of X. They study how to tune &, to achieve optimum balance
between bias and random error and show the weak convergence of their algorithm.

Notice that in our problem we have to find conditions both on k, and ~,. The paper
is organized as follows. In Section 2 we are interested in the a.s convergence of the
algorithm. We show that if % < v < B < 1, then the algorithm is strongly consistent.
We also prove a non-asymptotic inequality on the mean square error. This leads to the
rate of convergence of the alorithm. We discuss the best parameters. Finally, 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

In the previous section, we discuss a general method to build a sequential conditionnal
quantile stochastic algorithm. In this section, we explain how to tune the parameters
of this algorithm. We also give theoretical garantees of convergenceunder technical
hypohesis.

2.1. Notations and assumptions. In this paper, there are lots of constants. For sake
of simplicity in the notations, we will split them in three types.

1) Constants denoted (L,U) are lower and upper bound of compact support of
random variables. We put as an index something which make understand the
support of which random variable we are dealing with.

2) Constants (IV;);en+ are integer constants which are ranks after which some prop-
erties are true.

3) Constants (C;);en+ are all other constants.

In the case 2) et 3), when we do not precise any thing else, these constants only
depends on the model, that is on g and on the distribution of (e, X). Further, we will
denote Cj(u) or N;(u) for u € P({e,x,d}) a constant depending of the model, on the
probability level «, on the point x and on the dimension d.

We recap on appendix the values of all the constants.

In the sequel, we denote Y* a random variable with distribution g(z, €). Moreover, B,
is the set of the balls of R? centered in the point . For B € B, we denote rp its radius
and when 75 > 0, YB is a random variable of conditional distribution £(Y|X € B).

Remark 2.1. When the couple (X,Y) has a density fxy), when the random vector
X has a density fx which is positive, we can define the law L(Y|X = x) thanks to its
density function

foxn) (@)
fyix=2 = %

In this case, we have when B = {x},
YB~Y® ~g(z,e) ~ LIY|X =2).

In the sequel, we still denote Fz the cumulative distribution function of a random
variable Z.
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We will need to suppose two kind of assumptions. The first one is unavoidable, since
we deal with k-nearest neighbors. 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 € B,, Vt € R, |Fy5(t) — Fy=(t)] < M(z)rp.
In other words we assume that our stochastic code is continuous enough : the law
of two responses corresponding to two different but close inputs are not completely

different. The assumption is clearly required, since we want approximate the law of
g(z,€) by L(Y|x € kNN, (x)).

Remark 2.2. When we do not consider compact support law, we can show that the last
assumption holds for example as soon as (X,Y) had a regular density. In all case, it is
easier to show this assumption, that the couple (X,Y’) has a density. See Subsection 3.1
for an example.

Assumption A2 The law of inputs has a density and this density is lower-bounded
by a constante Cinpye > 0 on its support.

This hypothesis is strong. It implies that the law of X has a compact support. Notice
that this kind of assumptions are usual in k-nearest neighbors context, (see for example
[13]).

Assumption A3 The code function g takes its values in a compact [Lg, Uj].

Lemma 2.1. Under assumption A3 and if 5 > v, for allz, 6,(x) € [Lg—(1—a),Uy+a]
a.s. .

Proof. Imagine 6,,(x) leaves the compact set [Lg, Ug] by the right at step Ny. At worst,
it was in Uy, at step Ng — 1. This situation can be resumed in this way :

(9]\[0_1 = Ug
9]\[0 = Ug + ayNg-
Then, in the next step, since 0y, > U, we have Y41 < 0y, and then

Ono+1 = Ug + avng — (1 = a)Ng+1 x4 €k N Ny (2)-
Finally, since 6,, > U, the algorithm either does not move (if X, 11 ¢ kNN, (z)) or
comes back in direction of [L,,, U] with a step of (1 — &)yp41. Then, if

Z'YannHEk:NNn(a:) = +00 a.s
n>0
the algorithm comes back to the compact set [Ly, U,]. Let us then show that if 5 > ~,
the previous sum diverges a.s. Let us denote S,, the partial sum. First, the (X;) are
independent and the occurrence or non-occurrence of the events {X,41 € kNN, (x)}
are unchanged by finite permutations of the indices. Then, since S,, is at non negative
terms, we know by the Hewit-Savage zero-one law that it converges to a constant or it
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diverges to 400. The same argument gives that V,, also converges to a constant or it
diverges to +o0o where

But,

E(Sn) =Y P(Xir1 € kNNy(z))
k=1

o)

where we used Lemma 6.1 to compute the probability. So, when § > v the sum E(S),)
diverges to +o0o. Finally, either V}, converges to a constant and then .S,, diverges to +oo.
Or V,, diverges to +0o and then V,, diverges to +oo in probability. It implies that for all
e >0, P(V,, >€) — 1 (because V,, > 0). Then there is a contradiction with E(V,,) = 1.
Finally, V,, almost surely converges to a constant and so S, diverges to +00 a.s.

Finally, we have shown that if § > ~ and if the algorithm leaves the compact set
[Lg, Rg] by the right, its goes to Uy + o as a maximum and then comes back to the
compact. A similar results holds when the algorithm leave the compact set by the left
and finally we have shown that

Op(z) € [Lg— (1 —a), Ry + a] as.
O
Denoting L, the minimum of the support of X and R, its maximum, we then have

unde A3 and if 8 > v, v/C1 := |max(Ly +a — Lx,Ux — Uy + (1 — «))| is a bound of
|0 () — 07 ().

Assumption A4 For each z, the law g(x, €) has a density which is lower-bounded by
a constante Cy(z) > 0 on its support.

Lemma 2.2. Denoting C2(x,«) := min (Cg(m), U91:%9 ,), we have thanks to assump-
tion A4,

(5)  VOu(@), [Fy+(0n(x)) — Fy=(0"(x))] [6n(z) — 6" (2)] = Ca(2) [Bu(z) — 0" (2)]*.

Proof. It is obvious when 6, € Supp(Y*). When, it is not the case, we know that
0, € [Le,,Uy,]. Suppose Ly, < Lx < 0* <Ux <6, < Up,. Then, we have F(6,) =1,
F(0*) = a and

1—« l—« l—«o
C < <
2($)_ Up, — Loy, — Uy, —Lx — 0, — 0*

so that
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(On(z) = 0%(2))(Fy= (0n(z)) — Fy=(0"(2))) = (On(z) — 67(2))(1 — a)
> (On(x) — 0% (2))Ca(x, a)(On(x) — 0% (2))
= Oy(z, a)(On(x) — 0% ()2

The proof of the other cases follows similarly. O

This assumption is useful to deal with non-asymptotic inequality for the mean square
error. It is the substitute of the convex assumption made in [17] which is not true in the
frame of the quantile.

2.2. A.s convergence. The following theorem studies the a.s convergence of our algo-
rithm.

Theorem 2.1. Let x be a fized input. Under assumptions A1 and A2, the algorithm /
is a.s convergent if, and only if, % <v<pB<l.

Sketch of proof : To prove this theorem, we adapt the proof of Blum in [5] of a.s
convergence of the Robbins Monro algorithm to estimate a quantile. We decompose
the reasoning into 3 parts and use martingale arguments. In the sequel, we still denote
Fn = o (X1,... X, Y1,...,Y,) the past sigma field and E, and P, the conditional
expectation and probability on F,,. For sake of simplicity we denote

H(Qn(x), Xn+1, Yn+1) = H(Hn(.l‘), Yn+1)1Xn+1€kNNn(w)'

1) We decompose H(0,(x), Xnt1,Ynt+1) in two terms : a martingale one and a
remainder one :

hn(en) = E(H(ena XnJrl, Yn+1)|]:n) and H(9n7 Xn+1a Yn+1) = hn(en) + gnJrl-
Then

T = On(x) + > vihy1(05-1(x))
j=1

is a martingale bounded in L?. So it converges a.s.
2) We show the almost sure convergence of (6, ).
a) (0,) does not diverges to +oo or —oo.
b) (6,) converges a.s to a finite limit.
3) The limit is 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 true thanks to assumptions A1 and
A2 it is shown in Section 5.

Comments on parameters. In the Theorem 2.1, we assume % < v < 1 which is a
classical assumption on the Robbins Monro algorithm to be consistent (see for example
in [18]). Indeed, a stepwise sequence (7,) such that
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Z% = 0o and Z%QL < +o0
n n

is needed. The number of neighbors is |n”] with 0 < 8 < 1. § < 1 means that the

number a neighbors goes to +00.This implies the crucial following property (see Lemma
6.4) :

[ X = 2] (1,m) W O

2.3. Non-asymptotic inequality. Here, we study the rate of converge of the mean

square error that denoted by ay(z) :=E ((On(x) - 9*(x))2>

Theorem 2.2. Let x a fized input. Under hypothesis A1, A2, A3 and A4, the mean

square error ap(x) of the algorithm 4 at x satisfies the following inequality : for all
1

0<y<B<1,1>e>1—0, forn>2-0-8 := Ny,

nlfe

an(z) <Cjexp (—3 5 ) + ap(z) exp (—202(3:) Z k71+6>
k=1

+ Z exp (—202(96) Z ﬂi) B
k=1

i=k

where there exists a constant C3(d) such that

1—e 141

3 kn,
ﬁn = Cl exp <_ n8 ) —+ 2 \V ClM(I’)CS(d)’YnJ'_l <1’H—1> + 'y,,%+1

a

_mn
n+1

Sketch of proof : The idea of the proof is to establish the recursive inequality on
an(z) (following [17]) :

ani1(2) < an(2)(1 — ) + By
where 0 < oy, < 1 and B, > 0 and to conclude using Lemma 6.6. In this purpose we
begin by expanding the square
(Ons1(2) = 0(2))” = (Ou(2) = 07(2))? + 71 [(1 = 2001y, <00(2) + 7] 1x, 01 kNN ()

— 2941 (On(z) — 0" () (v, 1 <00 (2) — @) 1x, 1 kNN (2)

Taking the expectation conditionally on F,,, and using the Baye’s formula, we get
En (0n41() = 0"(2))?) < En ((0n(@) = 0°(@))° ) +7241 P
= 29041 (0n(2) = 0°(2)) P | Fy iy (00 () = Fy=(60° (2))]

where P, = Py, (Xp41 € kNN, (x)) as in Lemma 6.1. Then may rewrite this inequality
by the way of two different errors.
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1) The first error is F pin o) (0n(x)) — Fy=(0,(z)). It is the error we make by using
the response corresponding to an input close to x instead of x. This is the

variance error. Using A1,

[Fy pin ) (On(2)) = Fye (0n(2))] < M(2)[[X = |1, )
and by A3,

[0n(z) = 6%(2)| < VCi

thus,

~2%n+1(0n(x) = 0°(2)) Po | E pn ) (Bn(2)) = Fw(Gn(x))] < 2941V C1M (2) Pa|X — | (4, )

2) The second term, Fy=(6,(z)) — Fy=(0*) is the error we make by approximating
0* by 0,,. This is a bias error. Thanks to Assumption A4 we get

(6 = 0%) [Fy= (0n(2)) = Fy=(6"(2))] = Co(x, ) [ () — 0" (2))*.

Taking now the expectation of our inequality we get (by using Remark 2.1)

ant1(7) < an(x) = 27,4102(z, ) E [(Gn(:c) -0 (33))2Pn] + '7721+1]E(Pn)
+ 2941 M (2) V/OLIE(||X — 2| (e ) Pr)-

This equation inequality a problem : thanks to Lemmas 6.1 and 6.5 (and so thanks
to assumption A2) we can deal with the two last terms but we are not able to com-
pute E [(0,,(z) — 0*(x))*P,]. To solve this problem, we use a truncature parameter e, :
instead of writing a recursive inequality on a,(z) we write such inequality with b, (x),
which is easier. Chosing €, = #, we have to tune an other parameter but thanks to A3)
and concentration inequalities (see lemma 6.3), it is easy to deduce a recursive inequality
on a,(x) from the one on by (x).

In fact, simulations (see Section 3) seem to show that in practice, the inequality is
true relatively soon.

Comments on the parameters. We chose 0 < § < 1 for the same reasons as in
Theorem 2.1. About 7, the inequality (2.2) is true on the entier area 0 < v < 1 as soon
as 7 < B (which is unusual, as you can see in [14] for example). We will nevertheless
see in the sequel that this is not because the inequality is true that it implies a fast
convergence to 0 of the mean square error.

Compromise between bias and variance. We can easily see the compromise we
have to do on 3 to deal with the two previous errors. Indeed

n
e The bias error gives the term exp (—202(3;, a)(x) Z e
k=1

) of the inequality.

This term decreases to 0 if and only if v+ ¢ < 1 which implies 8 > «. Then
must not be too small.
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1
fy Y1
n+1

to decrease to 0, we then need that 8 < 1 and then we can not choose 3 too big.

in the remainder. For the remainder

e The variance error gives the term (

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 5, in n to exhibit dominating
terms. It is sum of three terms. The exponential one is always negligeable as soon as n
is big enough because 1 > €. the two other are power of n. Comparing their exponent,
we can exhibit the dominating term. Indeed, there exists a rank Ni(z,d) such that, for
n > Ny(z,d),

If 6 <1—dv, we get

B < Cyn~ 2701
If 8 >1—dvy, we get

B < Cola, djn7HI+DE-D),

We notice that Ny and Nj(x,d) are not the same kind of rank. In fact, Ny(z,d) is
reasonably small whatever the model parameters are, because it is only the rank after
which exponential term and power of n term with big exponent are bigger than a power
term with small exponent. Even if the constants in front of the terms can increase
Ni(z,d), it stays reasonably small. Ny is not so nice, because, it increases exponentially
when € is close to 1 — 8 (and we will see in Corollary 2.2 that optimal parameters is
e =1— 3+ with 71 small).

Corollary 2.1. a,(z) decreases to 0 with the following rate

VYn > max (No, N1(z,d), No, N3(z,a,d)), when > 1—dy and
1— 5 <e<min (1 -, (1 + é) (1— 6)), there exists a constant Cr7(x, o, d) such that

07(d7 Zz,, 677)
n76+(1+§)(1*5)

and when B < 1 —dy and 1 —n < min(1 - +~,1—7) there exists a constant
Cs(z, o, €,7) such that

an(z) <

Cs(x,a, e
an(x) < 781(7_75_;,_,1_’:/)7
where we make appears dependence in € and vy in the constants, just like the dependence
on x, o and x. In the other cases, the inequality of Theorem 2.2, does not allow to show
that an(x) decreases to 0.

Sketch of proof : The proof consists in studying each term with comparison between
sums and integrales and to exhibit dominating terms and their order in n.

Corollary 2.2. Under the same hypothesis than in Theorem 2.2, when ~ is fized, the
choice of B giving the best rate of convergence of the mean square error is 8 = y-+ng where
ng > 0 is as small as possible. In this case, we get forn > max (No, N1(z,d), N2, N3(z, o, d)),

when vy > ﬁ
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07(.%',05, d7 6)7)
(@) € = T
na(="-n
and when v < ﬁ
CS(x7a7677)
an(z) < nY—1

where in the two cases n = %ﬁ —Ne and ne = € — (1 = B).

Comparison with others results. When they study the mean square error for the
classical stochastic algorithm to estimate the quantile, Godichon et al. show in [14] that
non-asymptotic rate of convergence is in O (n~7) for % < v < 1. Our study shows a rate
of convergence of O (n_7+1+’7) for these . Our rate is lower but it is logical because we
have a second level of approximation since we only have at hand a sample of bias laws.
Moreover, we are able to give the rate of convergence for 0 < v < % also.

Let us compare our results to classical result on k-nearest neighbors. Bhattacharya
and al. in [4] show that, to estimate conditional quantile with the generalized inverse of
empirical cumulative function, the best number of neighbors is for 8 = % when inputs are
in R. With this parameter, they show the weak convergence of their estimator at speed

O (n%) Our result gives for optimal 8 = % + 7 in dimension 1, a rate of convergence

of the mean square error in n? which is then slower. Nevertheless, our result is non-
asymptotic and our algorithm is easier to compute that their estimator which require to
calculate a generalized inverse. Moreover, our inequality is true whatever the dimension
d of the input space.

Corollary 2.3. Under the same assumptions than in Theorem 2.2, the mean square er-

ror decreases faster when parameters are v = H%d and 8 = y+ng where ng > 0 is as small

as possible. We indeed obtain with these parameters, for n > max(Ny, N1(z,d), Na, N3(z, o, d))
there exists a constant Co(x,a, d) such that

09(1‘7 «, d)

an(x) < —
nT+

where 1 is the the same than in corollary 2.1.

Comments on the constant Cy : As you can see in Appendix, the constant
Cy(z,a,d) is the minimum between C7(x,,d, 1, Hl_—d) and Cg(z,a,d, 1, lJ%d) The ex-
plicit form of these two constants show that this minimum is often Cg(z,a,d, 1, ﬁ)
Indeed, it is true as soon as 0.5 < /C5 M (x)C3(d) where C3(d) decrease when d increases
but is always biger than 1. Then, the minimum is Cg as soon as M (z)+/C] is biger than

0.5. You can see an example of values of these constants in Subsection 3.1.

We also can notice that the constant Co(z, v, d) depends on z only by the dependancy
on z of Cy(z) and M(x). In practice, there are lots of case where these two constants
does not depends on z (see for example Subsection 3.1). In these cases (or when we



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

can easily find a bound of Cy(z) and M (x) which does not depend on z), our result is
uniform in x and we can consider the integrated mean square error and conclude that

Cg(a, d) .

/ an(2) fx (2)dz <
X

1
n1+d n

When « increases to 1, we try to estimate extremal quantile. Co(z, «) becomes smaller
and then Cy(zx, o, d) increases. Finally the bound gets worst. We can easily understand
this phenomonon because when « is big, we have a small probability to sample on the
right of the quantile, and the algorithm is less powerfull.

Let us now comment the dependancy in the dimension d. As we saw before, it is
more usual that Cq = Cg. In this case, Cy derease when the dimension d increases in

1
27+d, Nevertheless, this dereasing is smaller to balance the lost caused in the rate of

—1
convergence which is in nT+4. This is by the way why we chose best parameter vy by
optimizing the rate of convergence and not the constant in front of it.

Sketch of proof : It is easy optimization.

Comment on the rank Ny. As we saw before the rank (IV;);+o depends on constants
of the problem but is reasonably small. This is not the case of the rank Ny which depends
on the gap between ¢ and 1 — 3. The problem comes from the fact that optimal € to
obtain rate of convergence of the two previous corollaries is ¢ = 1 — § + n. with 7 as
small as possible. But, 71 = € — (1 — ) appears on the rank Ny but also on the rate of

-1
convergence : after the rank Ny = exp (2775_ 1) the rate of convergence is on O (nm+">.

Then the more 7 si small, the more the rate of convergence is fast but the more the rate
is true for big n. Our results are non-asymptotic but nevertheless true when n is large.

Imagine, you have a budget of 10000 calls to the code. Then if you want your inequality
to be theoretically true for N = 10000, we have to take 7. = 2(In(10000))~! ~ 0.217.

—1 2
In this case, we can theoretically obtain a risk of N EETARTIOY (where we forgot the term
dngl which is very small compared to the two others terms). It means that in dimension
1, the mean square error decreases theoretically to 6%, which is acceptable. But in

dimension d > 1 is not very good : we obtain 30% in dimension 2 and 63% in dimension
3.

Nonetheless, simulations (see next part) seems 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 exists when we compute the algorithm).
Our simulations show that the optimal rate of convergence when we choose optimal
parameters is fast reached (see Section 3).

3. NUMERICAL SIMULATIONS

In this part we present some numerical simulations to illustrate our theorems. To
begin with, we deal with dimension 1. We study two stochastic codes.
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3.1. Dimension 1- square function. The first example, is the very regular code car-
acterized by the function

g(X,e) =X?+¢

where X ~ U([0,1]) and € ~ U([—0.5,0.5]). We try to estimate the quantile for
x = 0.5 and initialize our algorithm to #; = 0.3. Let us show that our assumptions are
fullfilled in this case. We have L£(g(z,€)) = U([—3 + 2% 1 + 2?]). Then e

fxy)(u,v) = 1[_%+u2,%+u2}(v).

Moreover, the code function g is at values in the compact set [Ly, Uy] = [—1; 3]. Let
us study assumption Al. Let A be an interval containing z, denoted B = [z — a,x + b)
(a >0, b>0), then

It [ Foewy (2, y)dydz
fB fx(z)dz

_ Jou [ 1

: Rt R N O Rt R

- n(B)

|Fys(t) = Fy=(t)] <

t
- / foxyy (@, y)dy

(y)dz=dy

Now, we have to distinguish the cases in function of the localization of . There are
lots of cases, but computations are nearly the same. That is why we will develop only
one case here.

If t € [—3;22 — 1], we have :

x+b ft 1 1
fx—a _1 [_l+z2;l+z2} [—1+22;l+z2] (y)
Fy5(t) — Fy=(t)| < 2 2 2 2 2
By (t) = Fye(0)] < push
+b
) <122$(0) +Lco(t -2 + %)1,32 t+§) i
N a-+b

< [T (45— 2%)dz
a b+a

From now, there are again two cases.

Since ¢ € [—3;2% — 3], we always have (¢ + %)% < z. But the position of \/t +  in

relation to (z — a) is not always the same. Then, if t € [—3; —4(z — a)?], we get
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x+b 2 1
t— 24 35)dz
|[Fys(t) — Fy=(t)] < Jema 2)

b+a
1 2 (r—a)d
<(t+)a—— )
S(+3)a-5+-—
3
(6) S(:L’—a)Qa—$2a+a2x—%
<—a2x+2—ag
- 3
9 2
<0+4+rpx1°x -

3

where we use that 0 < a < 1.

Finally, in this case A1l is true with M(z) = 2. We can compute exactly in the
same way for the other cases and we always find an M(x) < % The assumption A2
is also satisfies, taking Cipput = 1. We have already explained that assumption A3 is
true for [Ly, Uy] = [—3,3]. Finally assumption A4 is also satisfies with Cy(z) = 1 and
Co(z,a) = 152

3.1.1. a.s convergence. Let us first deal with the almost sure convergence.

To check the convergence when 0 < v < 8 < 1, we plot in Figure 1 the relative
error of the algorithm in function of v and S when n = 5000. Best parameters are
clearly g > ~v = % We can even observe that for 5 ~ 1 or 8 < +, the algorithm does
not converge almost surely (or very slowly). This is in accordance with our theoretical
results. Since we also have plotted the relative error fo v < %, we can check that the
behaviour of our algorithm in this area is not good. Nevertheless, we can observe a
kind of ocntinuity : in practice, the convergence becomes really slow only when v is

significally far from %

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

o

0.8

Gamma
0.6

04

0.2

Beta

F1GURE 1. Relative error in fonction of 5 and ~
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To complete this observations, we plot in Figure 2 evolution of iterations of the re-
centered algorithm (6,, — 6*) for different parameters. Conclusions are the same.

Iterations of the algorithm re-centered, Beta=0, Gamma=0.75 Iterations of the algorithm re-centered, Beta=1, Gamma=0.75

g s 1 SN, S\
LR - © | \V\:\ \\ \\\?\.ﬁ\\

T T T T T T T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000

Index Index

Iterations of the algorithm re-centered, Beta=0.5, Gamma=0.75 Iterations of the algorithm re-centered, Beta=0.8, Gamma=0.75

040

035

o )

030
0 [}

-
N ‘\ \\\5-‘

T T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000

025

Ficure 2. Convergence a.s of the algorithm

3.1.2. Mean Square Error (MSE). Let us study the best choice of § when ~ is fixed
(illustrations of corollary 2.2). For this simulations (Figure 3), we estimate the MSE by
Monte Carlo with 100 realisations, when ~ is fixed, for 8 between 0 and 1 and n = 200.
We plot the MSE in function of 5 to check that it is smaller when [ is just superior to
~. Simulations are good illustrations of the corollary except when + is too close to 1.

Let us now illustrate the choice of v when 3 is optimal (illustrations of corollary 3.1.2).
In this part (Figure 4) , we study the influence of v when g is "optimal”, that is for g
just superior to . First, we plot the MSE estimated by a Monte Carlo method with 100
iterations in function of . We can see that the best choice of « is then %

Then in Figure 5, we plot in logarithmical scale the convergence of the MSE (still
with Monte Carlo of 100 realisations) for different values of . It appears that the more
close to % we are, the faster is the decreasing.

Finally, let us sum up all and find the optimal parameters. We plot in Figures 6,
the mean square error in function of vy and S (still estimate by Monte Carlo of 100
iterations).

We can see that best parameters are v = % and [ superior to 7.
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Risk in function of beta, gamma=0.2, n=200 Risk in function of beta, gamma=0.5, n=200
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FiGure 3. Choice of § when 7 is fixed

3.1.3. Theorical bound. In this case, we have at hand all the parameters, to compute
the theoretical bound, obtained in our theorems. In particular, in corollary 2.3, we get :

an(x) < M

e —
Since v = 0.95, C1 = 6, d = 1, Cinput = 1, Co(z,0) = 0.017, M(z) = 2, we get
C3(d) = 7.39 because Cy(d) = 2. Then C5 = 2 and Cg(x,d) = 48. So Cy(z, o, d) = 330
and we obtain a bound of 23 for n = 200 which is very far away from the practical
results we got. Our bounds are clearly not optimal, but they allow us to find optimal
parameters. We can 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 [L4, Ug]. This clearly can happen with a very small probability.
If we do not take account of this case, we have Cy(z, ) = 1. Then Cy(zx, v, d) ~ 5.65 and
then, for n = 200, the bound is 0.39. Practical results are still better (we can observe
that for n = 50 only, we have a MSE inferior to 0.5% !), but the gap is less important.
Theorically, we need a budget of 12770 calls to the code to get the precision of 5%.
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Choice of gamma for optimal beta, n=200
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FI1GURE 4. Choice of v when [ is optimal

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 z = 0 (the point in which the continuity fails).

We do not try to check our assumptions, because computations are nearly the same
than in previous case, but they are true. Since the a.s convergence is true and gives
really same kind of plots than previous case, we only study the convergence of the MSE.
To deal with the MSE, we also check that best parameters are the theoretical one in
practice. In that purpose, we plot in Figure 7 the MSE (estimated by 100 iterations of
Monte Carlo simulations) in function of v and 3, for n=300 (the discontinuity constrains
us to make more iterations to have a sufficient precision) and §; = 0.3. Conclusions are
the same than in previous example concerning the best parameters. Nevertheless, we
can observe that the lack of continuity implies some strange behaviour around ~ = 1.

3.3. Dimensions 2 and 3. In dimension d > 1, our theorems give that theoretical
optimal parameters are v = ﬁ 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 §.

3.4. Dimension 2. In dimension 2, we study two codes :

g1(X,e) =||X||* + e and g2(X,€) = X7 + Xo + ¢,
where X = (X1, X2) ~ U ([-1,1]%) and € ~ U ([-0.5,0.5]). In each case, we chose
n = 400 and want to study the quantile in the input point x = (0,0) and initialize our
algorithm in ¢; = 0.3. In Figure 8, we can see that § =1 and v = 1 are still really bad
parameters. As in theoretical point of view, v = ﬁld = % seems to be the best choice.
Nevertheless, even if it is clear that 8 < 7 is a bad choice, the experiments seems to

show that best parameter 3 is strictly superior to 7y, more superior than in theoretical
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F1cURE 5. Convergence of the mean square error in logarithm scale

case, where we take (3 as close as possible of v. As we said before, in practice, Ny seems
not to be the true limit rank. Indeed, with only ,= 400 iterations, in this case, the MSE,
in the opitmal parameters case reach 6% !
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Mean square error, n=50 Mean square error, n=200
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FIGURE 6. Mean square error in function of 5 and ~ for the square function
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FIGURE 7. MSE in function of 8 and « for absolut value function

4. DIMENSION 3

In dimension 3, we study the two codes :

X3
g1(X,€) = ||X||* +eand g2(X,€) = X7 + Xo + 73 Te

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 of
Figure 9 are the same than in dimension 2. The scale is still not the same, the decrease
is again more slow but with n = 500 we nevertheless obtain a MSE of 10%.



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

Mean square error, n=400, d=2, norm Mean square error, n=400, d=2
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FIGURE 9. Mean square error in function of 5 and ~

5. CONCLUSION AND PERSPECTIVES

In this paper we aimed at estimating a conditional quantile of the output of a sto-
chastic code where inputs ly in R%. In this purpose we introduced a new stochastic
algorithm using k-nearest neighbors theory. Dealing with the two erros made by this
approximation, we show that our algorithm is convergent for % <7y < B <1 and study
its non-asymptotic rate of convergence of the mean square error. Moreover, we show
that to get the best rate of convergence, we have to chose 8 = v + 73 and v = %
Numerical simulations show 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. A futur work can consist in

trying to relax this technical assumptions. Moreover, the proof we propose constrained
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us to use an artifact parameter ¢ which implies that the non-asymptotic inequality is
theoretically true for big n, even if simulations confirm that this problem do not exists
in practice. A second perspective is then to find a better way to prove this inequality
for smaller n. Finally, it could be interesting to find a way to chose the new input at
each step. Maybe we could build a criteria which allows us to chose the best new input
to provide to the code, to reduce the error made by our algorithm.

6. ANNEXES : TECHNICAL LEMMAS AND PROOFS
6.1. Technical lemmas and notations.

Lemma 6.1. Denoting P, = P(X € kNN, (x)|X1,...X,), we have the following prop-
erties

1) P, = FHszII (HX - xH(kn,n))

2) Py ~ Blkn, 1 — kp + 1)

3) E(P,) = 2.

where you denote Fj|x_y) the cumulative distribution function of the law ||X — ||,
| X = || (1, n) the ky order statistic of the sample (|| X1 —x||,...[| Xy —2|]) and B(kn,n—
kn + 1) the beta distribution of parameters ky, and n — ky, + 1.

Proof. Conditionnally to Xi,...X,, 7X is in the set kNN, (z)” is equivalent to "X
satisfies || X — z|| < |[X — 2|, n)"- Then
P,=P(X € kNN, (z)|X1...X,,)
=Px (||X — 2| < IX — 2t )| X1 - Xn)

= Flix—a)| ([1IX = 2l ,.m))
Since X is at density, the cumulative distribution function Fjx_, is continuous.
Indeed, using the sequential caracterization we get for a sequence (t,) converging to t

Fjix 2| (tn) = P(X € Ba(x,n))

/f o (2).

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

lim [ FGp () = [ T (o)L, (2) = BOX € Bula. ),

so the cumulative distribution function is continuous.
Then thanks to classical result on statistics order and quantile transform (see [7]), we
get

Py = Flix—g) (11X = 2/l (k,,n))
~ U(kn,n)

where we denoted Uy, ,,) the ky, statistic order of a independant sample of size n
distributed like a uniform law on [0, 1].
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O

Lemma 6.2. Denoting B(n,p) the binomial distribution of parameters n and p, we have

B(n,p) p 3np
AP P < _Tr
IP’< - < 5 ) S exp 5

 (500) - ) oy (1)

Proof. Let us prove the first inequality. By noticing that
1 n
7 = — Z;
I

k=1
where (Z,), is an independant sample of B(p) (Bernoulli law of paramater p), we apply
the Bernstein’s inequality (see Theorem 8.2 of [9]) to conclude that

3 2
P(Z —p < —ep) < exp (— nge >

2
P(Z —p > ep) < exp <—3n§6 )

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

Lemma 6.3. Denoting A, the event {X1,...X,, | P, > €,} where €, = # and 1> € >
1 — 3, we have forn > 1,

1—e
]P’(Ag) < exp (— 3n8 >

Proof. Thanks to the Lemma 6.1, we obtain
P(AS) = P(B(kn,n — kn + 1) > €)
= I, (kn,n —kp + 1)

where we denote I, the incomplet 8 function. A classical result (see [1]) allow us to
exprim this quantity in function avec the binomial distribution. Then

P(AS) = P(B(n,e,) > ky)

Thanks to Lemma 6.2, we know that

P(B(n,€,) > ky) < exp (—32%)

as soon as

k
on > 26,
n
1
which is true as soon as n > 2<-(0-8 because ¢ > 1 — . We now use the Cramer’s

method to study the deviation of the Binomial distribution (see [8])



CONDITIONAL QUANTILE SEQUENTIAL ESTIMATION FOR STOCHASTIC CODES 23

1— kn
P (B(n’ﬁn) > kn) < exp (—n <knlog <kn> + (1 — kn) log ( n )))
n n n nen, n 1—e€,
n—=kn
_(ren )" [ 1=e
~ \ ka 1— bn

Then, since €, = n~¢ and k, ~ n®, computations give us

B=1 _ e
log (P(A})) = n” (1 — e + B)log(n) + (n — n” log <1 - nl_nﬁibl>

< nf (1 —€+pB)log(n) + nB — petl
=0 (—nﬂ log(n))

and the result follows.

Definition 6.1. Let B¥»(x) be the ball centered in x such that
P(X € kNN, (2)|X1...X,) = P(X € B (z)),
mn fact

B () = By, (@, [|1X — 2| 1,.0))-

n

Lemma 6.4. Under hypothesis of theorem 2.1, ||X — z||( n) converges to 0 a.s.

Proof. Let u be a strictly non-negative number.

pu s = B(X € Bla,u)) = / Ft)dt

B(z,

(7) > px (Bla,w)) = Crog——

= inputc4(d)ud =dqu
Since {||X ||k, n) > u} C {there are at the most k, elements of the sample which satisfy X €
B(z,u)}, we get, by denoting Z ~ B(n,p,),
POIX = @[l (k) > v) =P(Z < k)
Thanks to equation (7), we get, by denoting Z ~ B(n, ¢,),

P(1X = @[l (n,m) > w) < P(Z < k)
Thanks to Lemma 6.2, we then know that P(||X — x|, ») > u) is the general term

of a convergent sum. Indeed, for n large enough, %” < L because %" converges to
0 (B < 1). The Borel-Cantelli Lemma (see for example Proposition 5.1.2 of [3]) then
implies that || X — x|, n) converges to 0 a.s. O
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Lemma 6.5. With de forcoming notations,

kn \ 1T
1 — ol o) < Cald) (27 )

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

E(1X = 2ll(mPa) = E (I1X = all e P (11X = 2llgm))
= /yﬁ(y)fmzn(kw) (y)dy
with

n!

fix—al o, (W) = D ,\Cn)!lﬁ(y)’“”’1 (1 - F(y)) fw)

Then we get

nl

T =Dl = o)l

me—wmmman=/@ﬂw“u—F@W%“ﬂw

kn

= n+1E(|’X—$H(kn+1,n+1))

Let us now use a classical inequality between expectancy and probability (see for
example Proposition 3.4.8 of [3]). Let us denote U | the upper bound of the support of

Uy
EmX—MW%mMSA P(IX = 2ll s mg1) > w)du

Using same arguments that in Lemma 2.1, we get denoting C11(d) = { #M

U, Cio(d)
I:= / P([|X — 2k, +1,n41) > u)du = / P(B(n+1,q,) < kp+ 1)du
0 0

Up
+/ P(B(n+1,qu) < kn + 1)du
Clo(d)

Cio(d) U 1 ‘ J
S/ ldu —|—/ exp (_ 3(n 4+ 1)Cinput Ca(d)u ) i
0 C1o(d) 32

where we use Lemma 6.2 in the second integrale because u > C1o(d) implies kn"—:fll <L
Then, we get
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Foo 3 1) CinputCa(d)u®
I:§C10(d)+/ exp (— (n+ )035 (Ca(d)u >du
C11(d)

+oo d—1 ‘ 4
< Cro(d) + / e (_3(n 1) Cinpur Ca () ) N
o Cio(d)

32
Clo(d) 32 /+oo 3(n + 1)deputC4 (d)ud_l ( S(Tl + 1)CmputC4(d)ud>
= Cqp(d — d
O (@) 300+ 1C,eCa(d) 32 o 32 ’
C11(d) 32 [ ( 3(n+ 1)cmputc4(d)udﬂ e
= C1o(d) + - -
10( ) CIO(d)d 3(” + 1)dcinputc4(d) P 32 0

3(n + 1)dCyppur Ca(d
= C1o(d) (1+ ( +32)010(d)d al )>

_ 2kt <1 L6 )
(n 4+ 1)CinputCa(d 3d(k, + 1)
af ./ a/ kn + 1
= 1
n + 1 znputc4 + n + 1))

1/ U 1
n+1 znputc4 +3d
= Cs(d )V n+1

where we use in the last inqequality that for n > 1, k, > 1.

0

Lemma 6.6. Let (b,) be a deterministic sequel such that there ezists a constant C and
a sequence (o), such that

Vn, bpy1 < bp(1 —2Cay) + Bn
then

vn, b, <exp (—QC Z ak> by + Z exp —202 o
k=1 k=1 j=k

Proof. Proof by induction. O

6.2. Proof of Theorem 2.1 : a.s convergence of the algorithm. To proove this
theorem, we adapt the proof of Robbins-Monro in the classical case (see [5]). In the
sequel we don’t write 6,,(x) but #,, to make the notation less cluttered.

6.2.1. Introduction of a martingale. Let us recall that we denote H(0,, Xp1+1, Ypi1) :=
(lynHSgn,a) 1x, . ekNNy(z) a0d Fp = 0(X1,... Xp, Y1,...Y,) and P, and E,, the prob-
ability and expectancy conditionnaly to F,,. Let us denote
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hn(0n> = E(H(ena Xn+17 Yn-l—l)’-]:n)
= Po(Yos1 < 0N X1 € ENNu(2)) — aPp(Xnsr € kN No(2))
= Pp [(Fysnnn@ (0n) — Fy=(0%)]

where we use the notations P, := P(X € kNN, (x)|X1,...X,) as in Lemma 6.1.
We then have exhibited a martingale 7},

T, =0, + Z/yjhjfl(ejfl)
j=1

= 0o(x) = > 7i&
j=1
with & = H(0;-1,X;,Y;) — hj—1(0;—1). This martingale is bounded in L?. Indeed, as

suplép| <a+ (14+a) =142«
n
the Burkholder inequality gives the existence of a constant C' such that

2

E(T.%) <E [ | D &
j=1

<CE () (yg)* P

Jj=1
n
<C(1+20)) 7
j=1

which allows us to conclude because Z V2 < +o0.
n>0

6.2.2. The sequel (0,) converges a.s. First, let us show that

8) 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 +o0o and the same arguments would show the result when the
limit is —o00). Let w be in ;. We have 6, (w) < 6* for only a finit number of n. Let
us then show that for n large enough, h,(6,(w)) > 0. First, we know that P, follows a
Beta distribution. This is why

P(P,=0)=0Vn
and then the Borel-Cantelli Lemma gives that
P(IN VYn> N P, >0) = 1.
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As we suppose 1 has a strictly non-negativ measure, we know that there exists 2o
of strictly non-negative measure such that Yw € Qo, 0,(w) — 400 and for all n large
enough, P, (w) > 0. Since

ha(0()) = Po (Fy ngr oy (Ba()) — @)

we have now to show that
Fysﬁn(z)wn(w)) —a>0.

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

F ok,

i (n(@) —a = F

y BEn (@) (Qn(w)) — Fye (9*)
= F piin oy On(w)) = F pn ) (D) + F i (D) = Fy=(D)
+ Fye (D) — Fy= (0*)

(z)

First, F pin (On(w)) — F pin ) (D) > 0 because a cumulative distribution function
is non-decreasing. Then, we set n = Fy= (D) — Fy=(0*) which is a finite value. To deal
with the last term, we use our assumption Al.

F (D) = Fy«(D) > =M(2)||X = 2]y, )-

but we know, thanks to lemma 6.4 that |[|X — x|, ») converges to 0 p.s. Like so
there exists a set {23 of probability strictly non-negative such that Vw € g3, the previous
reasonning is true and for € < 7 , there exists rank N(w) such that if n > N

(9) F pin ) (D) — Fy«(D) >0+ —Le+n > 0.

Finally for w € Q3 (set of strictly non-negative measure), we have shown that

lim | 6 (w) + Z’Yj—lh(ej—l(w)) = +00
j=1

which is a absurde because of the previous part : T, is almost surely convergent.
Then 6,, does not diverges to +00 or —oo.

Now, we will show that (6,,) converges a.s. In all the sequel of the proof we will make
reasonning w by w like in previous part. To make the reading more easy, we do not write
w and 2 any more. Thanks to equation 8 and previous subsection, we know that, with
probability strictly non-negative, there exists a sequel (6,,) such that

n
(a) 0, + Z’yj_lh(ﬁj_l)converges to a finite limit
j=1
(b) liminf#,, <limsupb,
Let us suppose that limsup6,, > 6* (we will find a contradiction and the same argu-
ment would allow us to conclude in the other case). Let us choose ¢ and d satisfying
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c> 0% liminfé, < c < d < limsupb,.

As the sequel (v,,) converges to 0, and (7},) is a Cauchy sequence , we can find a
deterministic rank N and two entires n and m such that N < n < m implies

(d—c)
(a) Yo < m
m—1 d—c
(b) |Om — On — ]E:n Yih(0j-1)| < 3

We the choose m and n so that

(a) N<n<m
(10) (b) 6, <c, 0, >d
()n<j<m=c<b;<d
This is possible since beyond N, the distance between two iterations will be either

o < a(d—c)

_m<(d—c)

because o < % or
1
I-a)m<gld=—c) <(d-ec).

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

m—1
d—c
b — O < —5— + > vieh;(6;)
j=n
d—c
< 3 + ’Yn-i—lhn(gn)
because n < j < m, we get 0* < ¢ < 6; and we have already shown that in this case,
hj(0;) > 0. We then only have to deal with the terme 6,,. If 6,, > 6%, we can apply the
same result and then

en_‘gngd_c

which is in contradiction with (b) of equation (10). When 6 < 6*,

d—
Hm - gn S TC + "Ynh(en—l)

Sd;6+’yn(1—oz)

<d—c+d—c
- 3 3

<(d—r¢)



CONDITIONAL QUANTILE SEQUENTIAL ESTIMATION FOR STOCHASTIC CODES 29

which is still a contradiction with (b) of (10).
We have shown that the algorithm converges a.s.

6.2.3. The algorithm converges a.s to 8*. Again we reason by contradiction. Let us name
6 the limit such that P(6 # 6*) > 0. With probability strictly non-negative, we can find
a sequel (6,,) which converges to 6 such that

(@) 0" < e < e <00
(b)61<(9<62

(or —o0o < €1 < €2 < 0* but arguments are the same). Then, for n large enough, we
get

€1 <0, < es.

In the first hand, (7},) and (6,) are convergent, we also know that Z"}/j_i_lh(gj)

Jj=1
converges a.s.

But, in the second hand, let us show that h,(6,) = P, (Fysﬁn(x)(en) - a) is lower

bounded. First we know thanks to Lemma 6.3, that for 1 <e <1 — § and ¢, = #

3
P(Pn < fn) eXp <_ 77‘85n> .

This the general term of a convergent sum, the Borel-Cantelli Lemma gives

P(AN Vn >N P, > ¢,) = 1.
Moreover, as we have already seen in equation (9), since 6,, > €1 > 0%,

F oy (0n) = @ 2 0= M@)||X — ) + Fre(e1) — Fy=(60%)

Then, when n is large enough to have

Fyz(el) - Fyz(e*)
X — <
X = 2k n) < 2N (@) ,

Fyz (61) - Fyz (0*)
5 .
Finally there exists a set ) of probability strictly non-negative such that, Vw € €

E ptn o) (0n) —a >

n

- wa (61) - Fy:c (9*) " 1
kZ’Ythk(@k) > 5 kZ%Pk > kz e
=1 =1 =1

which is a contradiction (with the first hand point) because the sum is divergent
(y+e<1).
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6.3. Proof of Theorem 2.2 : Non-asymptotic inequality on the mean square
error. Let z be fixed in [0,1]. We want to study the means square error a,(z). In that
purpose, let us establish an inductive inequality to conclude with Lemma 6.6. In the
sequel, we will need to study 6, (z) on the event A,, of the Lemma 6.3. Then, we begin
to find a link between the quadratic risk and the mean square error on this event.

an(2) = E |(6(2) — 0" (@)’ 1, | +E |(Bu(2) - 0"(2))* Lag
<E [(en g2 1An} + O P(AC)

where R is the constant of the Remark 2.1. Lemma 6.3 gives the quantity P(AS). We
finally obtain

) B[00 0w < B[00 0w 1] + e (2

Let us now study the sequence b, (z) := E [(Hn(a?) —60)? 1An:| :
First,

b1 (@) < E [ () — 0°(2))°].
But

(Ont1(z) — 0% (2))% = (On(x) — 0" (2)) + 541 [(1—20)1y, <o) + 7] Lx, ek N, (2)
— 2941 (0n () — 0°(2)) (v, <6, (2) — @) Lx, 1 €bN N, (2)

Taking the expectation conditionaly to JF,,, we get then

En ((6n41(2) = 0°(2))2) < En ((0u(@) = 0"(@))°) + 72 11Pn (Xn41 € KN Ny (2))
= 2941 (On(z) — 07 (2)) [Pp, (Yny1 < On(z) N Xpny1 € kN Ny(z))
X Po (Xpi1 € kNN, (2)) Fy=(07)]

Using the Baye’s formula, we get

By (Ons1(x) — 0°(2))?) <E, ((Hn(x) . 9*(x))2) 442D,

~ N1 (0n(@) = 07 () Pa [Fy i ) (00(2)) = Fy= (0" (@)

where P, = P, (X,,4+1 € kNN, (z)) as in lemma 6.1. Let us split the double product
term into two terms representing the two errors we made by iterating our algorithm. We
still denote Fy= and F i, the cumulative functions of the laws g(x,€) and L(Y|X €

kNN, (z)).
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Ey, (Ons1(2) — 0%(2))%) < (Bn(2) — 0%(2))> + 24, Pa

(12) = 2011 (0a(2) = 0" () P | Fy sty (0n(2)) = Fy (0n(2))

= 29n41 (On(2) — 07(2)) Py [Fy= (On(2)) — Fy=(07(2))]
We now use our hypothesis. By A1,
[E, in 0y (On(2)) = Fy=(0n(2))] = M (2)[|X = 2|k, n)
and by A3

[0n(z) = 6%(2)| < V/C1

thus,

ot Bn(2)) = Fy=(00(2))] < 241 V/CrM (@) PallX = 1.

On the other hand, thanks to A4 we know that,

—29n41(On () — 07 () Pn | F.

(6n — 0%) [Fy=(0(2)) — Fy=(6"(x))] = Ca(x, @) [fa(z) — " (a)]".

Let us come back to equation (12).

Ep (Ons1(2) = 0°(2))°) < (On(2) = 0°(2))* (L4, + 14,) + 71 Pn
— 2941 (On(@) — 07(2))? Co(, @) P + 29041 M (2) v/ C1| X = ]| (1, ) P

where we used again Remark 2.1. To conclude, we take the expectation

bui1(2) < CIP(AY) + bu(@) — 2911 Co(@, Q) | By (B () — 07

+ '7r2L+1E(Pn) +2Vp11VO1 M (2)E [PHHX - "'E”(kn,n)]
We have to compute the two expectancies. Thanks to Lemma 6.5, we first know that
for n large enough,

n+1
The second one is more difficult to compute. This is why we need the event A,. By
definition of A,

K 1+3
E(HX—xH(kmn)Pn)g( ) C3(d),

27011 Ca(, Q)E | P (0n(2) = 0%)?] £ —vs16nCa(w, 0)E | (0 (x) = 0"(2)) 1, |
= —2vp+16,Ca(z, )by ()
We obtain for n > 1

bpt1(x) < by(x) (1 —2C(x, a)n_fy_e) + By
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with
1—e

E |
d k
> + %21+1 .

3n
~-C - T
Bn 1eXp( n+1a

Let us now use Lemma 6.6,

> + 203 (2, a) M (2)Cs(d) yn+1 <n]:—n1

n

s e (ﬂcﬂ%a)ikﬂ_g) bo() + Y exp [ —205(.0) S5 | 0

k=1 k=1 j=k

To conclude, we reinject equation 6.3 in Equation 11 and obtain

n

an(x) < exp (202(x, a) Z k76> bo(z) + Z exp (202(:17, «) Zjev) Br. + C1exp < 3n;6> .
k=1 j=k

k=1

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

T} :=exp (—26’2(33, Q) Z k“’*)

k=1
and
n n

12:m Y [~ 305 | o
=k

k=1 j
We will find their order in n to conclude. When + is fixed, our inequality shows thanks
to T)} that a,(z) can converges to 0 only when the sum

1
Z k’y+e = +00.
E>1

This is why we must first consider e <1 —~. As e < 1 — 3, we have to take 8 > ~.

Remark 6.1. The case where € = 1 — v is possible but its study shows that it is a less
interessant case than for € < 1—-y (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). The case € > 1 —~ show that
an(x) is bounded, but we already know it. In the sequel, we then only consider e < 1 —+.

T! = exp (—202(35,04) Z k:1€>
k=1

n+1 1
< exp (—202(3:, a)/ Wdt)
1

n l—e—vy _
< exp <2C'2(:U,oz)( —(1_11_)6_;) 1>

To deal with the second term T2 we fisrt study the order in n of 8,. Comparing
exponant we get that there exists a rank Nj(z,d) and constants Cs and Cg(d) (see
appendix for explicit forms) such that if 5 <1 — dy
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—29+8—-1
Bn S C57’L v+h ;
and if 5 >1—d~,

By < Cg(x, dyn~ 1t E-D)

We have to distinguish the two cases in the sequel.
Study of 72 when 8> 1—dy :

To deal with these terms, we will use arguments from [6].

n n a 1
= <_202 ") 2 a) RGN

k=1 j=k+1
[5]-1 n a 1
= Cg(z,d) exp | —2Cs(zx, @) Z 7 | e

k=1 j=k+1

|3

k=] j=k+1

nf3

n n a 1
+ Cs(x,d) Jexp (—202(3:,04) Z j6+7> G

=51+ 5

If we take 1 — 8 < e < min((1 — dv), (1 + ﬁ) (1 —7)), we have

Sy <

AN
A/~

k=12) j=k+1

1 (1+%)(1—ﬂ)—6 n n 1 1
m) Cs(z,d) Z exp | —2Cs(z, o) Z i | e
Cée

(m, d) n

(n+ 1) — (k + 1)1—e—v) 1

< -2
< huoas eXP< Co(x, a)(z) [p— =
k=%
Ce(x,d) (n+D7\ & (E+1)t7\ 1
[ A A — ~ 7 0
S o exp | —2C3(z, a) oo E exp | 20y (z, o) Tp— ey

k=13

Let us introduce N3 the rank after which Vk > |5 ],

1 2 e+
< | — .
ety = <k: n 1>

For n > Ns,
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Sa

A

Col@.d) o (-202(x,a)W> 247 3™ exp (202(96,@)(30) <k+1)1+7> L
-

= (1) a-8)—e l—e—ny | l—e—y ) (k+1)
1

Ce(x, d) (n+ DTN oy /” t+1) 1
(1+1)(1-B)—e P < 20s(, a) l—e—v 2 12 exp | 2C2(@,a) l—e—vy ) (t+ 1)t

l—e—7y
C6(x7 dl) exp (202(1?, a n+ 1 ) 26+’Y ex (202(%, Ol) ( + 1)167)
202(3?, a)n(l"rg)(l_ﬂ)_f 1—€e— Yy

+ w3

IN

dt

IN

then for n large enough, there exists a constant C7(x, d, @) such that
C?(.’L‘, d: Oé)

2n(1+§)(1—5)—e
Let us now deal with the term S1. As k < |5 ], we have

Sy <

n

1 >n 1
;ljew = 9 pety
j=k+

then

[Z] n
a 1
S1=Cs(z,d) p_exp (‘202(9”’0‘) Z je+v) =8 (1+%)

k j=k+1
L

[NE

NE
— =

1

< _ l—e—yy =
< Golw,d) : exp (~Calz,a)n )kw+(1—ﬂ)(1+%)

=
[

L
< Cg(z,d) exp (—Ca(z, a)n' ~77)

J

©I3

1
P ra=-m(1+3)

=

=1

thanks to the exponentiel, S is insignificant compared to S whatever the behaviour
1
of Z k_w_(l_ﬁ)(l'ké), and so is 77". Then, denoting N3(d, z) the rank after which we
have

max($y, 71y < — T d)
A7) (1-B)—€
we get, in the case where § >1—~yand 1 — 3 < € < min((1 —~), (1 + ﬁ) (1-7)),
for n > max (Ny, N1(z,d), N3, N3(d, x))

07("1:7 «, d)
n*€+(1+%)(17/8)

an(z) <

Study of 72 when 3 <1 —dy :

It is the same arguments and we conclude that for 1 — 8 < e < min(l — 8 +v,1 —7)
and n large enough (n > max(Ny, Ni(x,d), Na, N3(z, o, d))),
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08(33, a)d)
an(z) < o —BHi—e

6.5. Proof of Corollary 2.2 : choice of parameter g when ~ is fixed. Let us now
optimize the rate of convergence by choosing the best parameters. When v > ﬁ then
~v > 1 —d~. So the condition 8 > ~ implies, 5 > 1 — dv and we are in the first case. The
rate of convergence is then ne=(143)0-A) for 1 — B < e < min(1 — dv, (1 + %) (1-0)).
To have the greatest rate of convergence, the best choice is then to take € the smallest
as possible : € =1 —~ —n+ 1. with n. > 0. The rate is then in n~(1=Aa+1: We then
chose 8 the smallest as possible, that is to say § = v+ ng where 7g > 0. We obtain the

rate of convergence n~a =D+ with n=n+ %5 which conclude the corollary.

When v < ﬁld, the two cases are possible. If we take 8 > 1 — dy, we are in case 1

and in the same way than before, the rate of convergence is in ne=(1+3)1-8) We take
5 and € the smallest as possible as in the previous part. But the constraints > 1 — dy
implies that the smallest 3 is 1 — dvy 4 ng. Then, we choose € = dy — ng + 1. and we
obtain the rate of convergence n~7*"7. In the second case, if we take v < 8 < 1 —d~y, we
have, for 1 — 8 < € < min(1 — 7,1 — 3 + 7), the rate of convergence n~Y+#~1+¢ 1In the
same way, we take € as small as possible : € = 1 — 8 — .. This leads to the rate n=77.
The choice of 8 does not matter. When then chose abitrary § = v+ 13 to find back the
result of the previous part. The two sub-cases given the same result, we choose the first
which is the same that first result and the corollary is proved.

L
1+d

we obtained the rate nfé(lfv)”], this is why we have to chose v as small as possible
which means v = ﬁld; to have the faster convergence. The rate of convergence is then

6.6. Proof of corollary 2.3 : choice of parameters v and 5. When gamma v >

__1 . _ . .
n~ T+ When v < ﬁld, the rate of convergence is n~7*7 and the best choice is to

1
take v near ﬁ and the rate is then n~ a1, To conclude, best choices are v = —;

T+d>
B = v+ ng and with these parameters we have shown that
Cy(z,a,d
an(z) < ¥
nita "

where the constant is the minimal constante between C;(z, o, d, 1, 1—5%1) and Cs(z, o, d, 1, l—i%d)

(because € < 1 and optimal v = 14%(1)
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7. APPENDIX

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

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

VB € By, Wt € R, |Fys(t) — Fyat)| < M(z)rp.

® Cinput is the positive lower bound of the density of the inputs fx.
e (y(z) is the positive lower bound of the density of the law g(z,€).

7.2. Compact support. We denote :
e [Ly,U,] 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),Us + ] the sement in which 6,, can take its values
(V).
e U| the upper bound of the compact support of the distribution of ||.X —z|| (V).
7.3. Real constants. We denote :
o VO :=max(Ly+a—Lx,Ux —Uy+ (1 —a)). C; is the uniform in w bound
of (0n(z) — 0*(x))%
o (s(z,a) := min (Cg(a:), ﬁ) . It is the constant such that

[Fy+ (0n(x)) = Fy= (0%(2))] [0 (2) — 6%(2)] > Ca(x, ) (u(2) — 6%(2))".
° Cg(d) = \d@ <1

d

8 1
+ @ + \d/ Cinputc4(d)) ’
o Cy(d) = 12

r(g4)+1’

) 26T Cg(d)
- Coz,)

(
(

PY Cg(iﬁ,aaﬁa’y) s é?;ﬁ’zgs)
(

oTHa Tl og(a) 214 i)
L . 6 5
L4 09 T, d) ‘= min Co(z,a) ' Co(z,a) ’

o 2(kn+1
o Cuold) = {/ et

7.4. Integer constants. We denote :

o Np:=2707.
e Ni(d,z) is the interger such that for n > Ny(z,d),
a) I3 < 1—dy,

kn 3 3 n-2r+A-1
max (2\/ C1 M (2)Cs(d)Yn+1 (n n 1) ,C1exp <_8n1 6) < —
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b) If B> 1—dy,

max <n_27+6_1, C exp <—zn1_€>> < \/C’1M(x)Cg(d)n_wr(l*é)(ﬁ_l).

e N, is the rank such that n > Ny implies

e+
ws ) s ()

e Ni(z,a,d) is the interger such that Vn > N3(z, «, d),
a) I 6 <1 — dv,

mas (1, T1) < — 1)
4n(1+d)(1 B)—e

b) If B> 1 — dy,

Cs(z, o, d)
1 g\, &,
max (SlaTn) < W

37
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