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Abstract

For a Poisson point process X, [t6’s famous chaos expansion implies that ev-
ery square integrable regression function r with covariate X can be decom-
posed as a sum of multiple stochastic integrals called chaos. In this paper,
we consider the case where r can be decomposed as a sum of § chaos. In
the spirit of Cadre and Truquet (2015), we introduce a semiparametric esti-
mate of r based on i.i.d. copies of the data. We investigate the asymptotic
minimax properties of our estimator when & is known. We also propose an
adaptive procedure when 6 is unknown.

Index Terms — Functional statistic, Poisson point process, regression estimate,
Minimax estimation

AMS 2010 Classification — 62G08, 62H12, 62M30



1 Introduction

1.1 Regression estimation

Regression estimation is a central problem in statistics. It is widely used and
studied in the litterature. Among all the methods explored to deal with the re-
gression problem, nonparametric statistics have been widely investigated (see the
monographies by Tsybakov, 2009 for a full introduction to nonparametric estima-
tion and Gyorfi et al, 2002 for a clear account on nonparametric regression). A
more recent challenge regarding this statistical problem is the regression onto a
functional covariate (see the books by Ramsay and Silverman, 2005 and Horvath
and Kokozska, 2012 for more precision on functional data analysis). Although
very challenging, the functional regression problem in the minimax setting has
little coverage up to our knowledge. In the kernel estimation setting, Mas (2012)
studied the small ball probabilities over some Hilbert spaces to derive minimax
lower bounds at fixed points. More recently, Chagny and Roche (2016) derived
minimax lower bounds at fixed points for adaptive nonparametric estimation of
the regression under some Wiener measure domination assumptions on the small
ball probabilities. Based on the k-nearest neighbor approach, Biau, Cérou and
Guyader (2010) used compact embedding theory to get bounds on the minimax
risk. See also the references therein for a more complete overview.

1.2 Minimax regression for Poisson coprocess

In this paper, we focus on a regression problem for which the covariate is a Poisson
point process. In the spirit of Cadre and Truquet (2015), we use a method based
on the chaotic decomposition of Poisson functionals.

Let X be a Poisson point process on a compact domain X C R? equipped with
its Borel o-algebra 2". Letting J, the Dirac measure on x € X, the state space
is identified to . = {s = }* | Oy, : m € N* x; € X} equipped with the smallest
o-algebra making the mappings s — s(B) measurable for all Borel set B in 2.
We denote by Py the distribution of X whereas L?(IPx) denotes the space of all
measurable functions g : .¥ — R such that

lgl122 5, = Eg(X)? < +oe.

Let P be a distribution on . X R and (X,Y) with law P. Provided E|Y| < oo
where E is the expectation with respect to P, we consider the regression function
r:.¥ — Rdefined by r(s) = E(Y | X = ).
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In this paper we assume that » belongs to L?(Py) and we aim at estimating r
on the basis of an i.i.d. sample randomly drawn from the distribution P of (X,Y).
In this context, any measurable map 7: (. x R)" — L?(IPx) is an estimator, the
accuracy of which is measured by the risk

Rn(F, r) = Ean— FH]%AZ(I[»X),

where E" denotes the expectation with respect to the distribution P®". Follow-
ing the minimax approach, we define the maximal risk of 7 over a class & of
distributions for the random pair (X,Y) by

R, (F,Z?) = sup R,(F,r).
Pe

We are interested in finding an estimator 7 such that
R, (7, 2) < infR,(F, 2),
r

where the infimum is taken over all possible estimates of r and u,, < v, stands for
0 < liminf, u,v, ' < limsup, u,v, ' < 4oo. Such an estimate is called asymptoti-
cally minimax over &.

1.3 Chaotic decomposition in the Poisson space

Roughly, It6’s famous chaos expansion (see 1td, 1956 and Nualart and Vives, 1990
for technical details) says that every square integrable and ¢ (X )-measurable ran-
dom variable can be decomposed as a sum of multiple stochastic integrals, called
chaos.

To be more precise, we now recall some basic facts about chaos decomposition
in the Poisson space. Let u be the mean measure of the Poisson point Process X,
defined by u(A) =EX(A) for A € 2", whenever X (A) is the number of points of
X lying in A. Fix k > 1. Provided g € IL?(u®*), we can define the k-th chaos I;(g)
associated with g, namely

Ik(g)=/A gd(X — )%, (L.1)

where A; = {x € XK : x; # x; forall i # j}. In Nualart and Vives (1990), it is
proved that every square integrable ¢ (X )-measurable random variable can be de-
composed as an infinite sum of chaos. Applied to our regression problem, this
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statement writes as

=BV + Y (), (12)
k>l

where equality holds in I.?(IPx), provided EY? < 0. In the above formula, each
fx is an element of Lgym(,u@k) —the subset of symmetric functions in L?(u®k)-,
and the decomposition is defined in a unique way.

1.4 Organization of the paper

In this paper we introduce a new estimator of the regression function r based on
independent copies of (X,Y) and we study its minimax properties. Section [2|is
devoted to the definition of a semiparametric model i.e. the construction of the
family & of distributions of (X,Y). In particular, we assume that r is a sum
of & chaos. In Section [3] we provide a lower bound for the minimax risk over
Z. When § is known, we prove that our estimator achieves this bound up to a
logarithmic term. Finally, in Section 4] we define an adaptive procedure when & is
unknown, the risk of which is also proved to be optimal up to a logarithmic term.
Last sections contain proofs.

2 Model

In the rest of the paper, we let ® C RP. For each 0 € O, ¢g : X — R, is a
Borel function. The family {¢g}gce contains the constant function 1x/A(X),
and 1s such that there exists three positive constants ¢, ¢ and y; satisfying, for all
x,y€Xand 0,60 € 0O, N

¢ < @p(x) <P, 2.1)
|09 (x) — g (x)| < @6 — 6], (2.2)
0o (x) — Qo (y)| < nlx—l, (2.3)

where, here and in the following, | - | stands for the euclidean norm.

Let (X,Y) be a pair of random variables taking values in . x R with distribu-
tion I, where . is the Poisson space over the compact domain X C R¢. Here, X
is a Poisson point process on X with intensity ¢, i.e. for all Borel set A € 2 :

= [ 9002, (2.4)



where A is the Lebesgue measure and E is the expectation with respect to P. In
other words, the mean measure of X, say u, has a Radon-Nikodym derivative ¢g
with respect to A. We assume that for all [ > 1, there exists an estimator

6: (' xR) -0,
such that,

1A 2 -

E'|6,— 6] < _l—i—l (2.5)
where K > 0 is an absolute constant that does not depend on [ and E! is the ex-
pectation with respect to P®/. As shown in Birgé (1983, Proposition 3.1), the
above property is satisfied by a wide class of models, provided 6; is a maximum
likelihood estimate.

Moreover, the real-valued random variable Y satisfies, for some u, M > 0, the
exponential moment condition:

Ey2Ze "l < m, (2.6)

As seen in (I.2), the regression function r(s) = E(Y | X = s) has a chaotic decom-
position. In our model, we consider the case of a finite chaotic decomposition, i.e.
there exists a strictly positive integer 6 and f; € Lgym( )i, fs € ]Lsym(u®5)
such that

—EY+ Z EATA) 27)

where the I;(f;)’s are defined in (I.1]). The coefficients f;’s of the chaos lie in a
nonparametric family, for which there exists two strictly positive constants > and
f such that forallk=1,...,8, and x,y € Xk

|fi(x) = i) < valx =y, (2.8)

[fi(x)| < f. (2.9)

In the rest of the paper, the constants @, @, y;,u,M, 8, %, f and k will be fixed,
and we shall denote by & the set of distributions P of (X,Y) such that the as-
sumptions (2.1)-(2.5)) are satisfied. In this setting, 6 implicitly denotes the true
value of the parameter, that is ¢y is the intensity of X (with mean measure t).



3 Minimax properties for known o

3.1 Chaos estimator

Our task is to construct an estimate of the regression function which achieves fast
rates over Z. Let P € &2 and (X,Y) ~ P where X has mean measure it = @g - A.

First recall some basic facts about chaos decomposition in the Poisson space.
If g € L2(u®%) and h € L?(u®") for k,I > 1, we have the so-called Itd Isometry
Formula:

El(o)I(f) = k! /X ghdp ™y and Ely(g) =0, 3.1)
where g and 7 are the symmetrizations of g and h, that is, for all (x,...,x;) € Xk:
_ 1
g(xt,... %) = Ezg(xo(l)v---axo(k)% (3.2)
o

the sum being taken over all permutations ¢ = (o (1),...,0(k)) of {1,...,k}, and
similarly for /.

Now let W be a strictly positive constant and W be a density on X such that
supg W < W. Furthermore, let i = hy(n) > 0 a bandwidth to be tuned later on
and denote

Wi, () = éw(h—k)

One may easily deduce from relations (I.2)) and (3.1)) that
EYEL (Wi (v—) = [ Wi (e —)ggtaa®
where, here and in the following, for any real-valued function g defined on X, the
notation g®¥ denotes the real-valued function on X¥ such that
k . k
g ) =Tlewxi), x=(x1,....x) € X~
i=1

Thus, under the smoothness assumptions (2.1) on @g and (2.9) on f;, the right-
hand side converges to fi(x)@g* (x), provided iy — 0.



Now let (X,Y), (X1,11),- .., (Xn,Yy,) be i.i.d. with distribution P. Based on this
observation, a semiparametric estimate denoted ; 5, (X) of the k-th chaos I(fi)
of (I.I)) may be defined as follows:

1 n
=) Vi<, /
nia A¢

Wh®k (x—y)

k

o (Xi— g A) () (X — g 2) (), (33)
(Péi (x)

where T, > 0 is a truncation parameter to be tuned later on and the 6;’s are the
leave-one-out estimates defined by 6; = 0,1 ((X;) j<x ji) (see Section .

3.2 Results

Based on the estimate (3.3) of the k-th chaos, we may define the following em-
pirical mean type estimator of the regression function r for any strictly positive
integer [

!
— 1.
FX)=Ya+ Y, Ellghk(X)a (3.4)
=1 K

where Y, is the empirical mean of Yi,...,Y,,.
In this subsection, we study the performance of the estimate 75 of the regres-
sion function from a minimax point of view when the number of chaos 8 is known.

Theorem 3.1. Let € > 0 and set T, = (Inn)"*€ and by, = (T2n~")'/2+4K) Then,

sup Ry (P, r) < oo.
Pes

lim sup
n—y4-oo

( n )2/(2+d6)
(

lnn)2+2£

Remark — Thus, the optimal rate of convergence over & is upper bounded by
((1nn)2+28n_1)2/ (2+d5). Here it is noticeable that, up to a logarithmic factor, we
recover the optimal rate n~2/(2+d9) corresponding to the dd-dimensional regres-
sion with a Lipschitz regression function (see, e.g., Theorem 1 in Kohler et al.

2009).

In our next result, we provide a lower bound for the optimal rate of conver-
gence over & in order to assess the tightness of the upper bound obtained in
Theorem [3.11



Theorem 3.2. We have,

liminfrn?/ *4%) inf sup R,(F,r) > 0,
n——+oo r Pecwp

where the infimum is taken over all estimates 7.

Remark — Theorem indicates that the optimal rate of convergence over & is
lower bounded by 2 2+d3) which, up to a logarithmic factor, corresponds to the
upper bound found in Theorem As a conclusion, up to a logarithmic factor,
the estimate 75 is asymptotically minimax on Z.

4 Adaptive properties for unknown 6

We now consider the case of an unknown number of chaos 6. For m > 0, we set
P(m)={Pe P :|fi]| >m; kel,...;d8},

where ||-|| stands for the IL2-norm relatively to the Lebesgue measure. Thus, when-
ever P € Z(m),

§ =min(k : || fe]| = 0) — 1.

Based on this observation, a natural estimate of § may be obtained as follows. Let
we assume that the dataset is of size 2n, and let (X;,Y7), ..., (Xou, Ya,) be i.i.d. with
distribution P € #(m). For k € 1,...,0, we introduce the empirical counterpart
of @g f defined by

1 2n
gw@=521néwﬁw—w@fmymwmw, (4.1)
i=n+1 k

where 6 = 6,(X,11,...,X2,) is defined in Section [2), and by = by(n) is a band-
width to be tuned later. The estimator & of § is then defined by

& =min(k: [|ge]l < p)— 1, (4.2)

where py = pi(n) is a vanishing sequence of positive numbers that we choose later
on. We may now define the adaptative estimator 7 of r by

i =T,
where 7; is defined in (3.4)) for all strictly positive integer /.
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Theorem 4.1. Let € > d& > 2, o, > 0 such that « +f < 1 and 200 + 8 >
1/(2+d3), and set T, = (Inn)' €. Then, if we take for all integer k,

e = (T2~ YV @R o — ((2k)1) 20 @B/ gnd by = n~PB/K),

we obtain, for all m > 0,

sup Ry (7,r) < Hoo.
Pe P (m)

lim sup
n— oo

n 2/(2+d9d)
( (Inn)%t2e )

Remark - Here it is noticeable that despite the estimation of the number of
chaos 6 and up to a logarithmic factor, we recover the optimal rate n~2/(24dd) of
Theorems 3.1l and

5 Proof of Theorem 3.1

In this section, we assume without loss of generality that the constants @, 1, 75,
f» A(X) and W are greater than 1 and that ¢ is smaller than 1. Moreover, C
denotes a positive number that only depends on the parameters of the model, i.e.
u, 0, 0,7,%,f,6,0,k, A(X),M and W, and whose value may change from line
to line.

We let P € &7 and, for simplicity, we may denote [ = [E” and var stands for the
variance relatively to P®". Finally, let (X,Y),(X1,Y1),...,(Xy,Y,) be ii.d. with
distribution P.

5.1 Technical results

Let kK > 1 be fixed and denote for all x,y € Xandi=1,...,n:

Wi, (x =) W, (x =)

gi(x,y) = and g(x,y) = : (5.1
W)= T =T
We also let
dX; = dX; — g2, dX! = dx — Pp,dA, (5.2)
d)?i:dX,-—(pgd/'L anddX:dX—(p9d7L. (5.3)



With this respect, we have (see (3.3)):
I (X) = %éYilmng /Ai g% (x,3) X (dy) X/ (dx).
Furthermore, denote for all x € X*:
Zix(x) = Yily <1 /A k ¢ (x,9) X2 (dy). (5.4)
Lemma 5.1. Leti=1,...,n and k < 8 be fixed. Then for all x € X*:

k\ck
var(Zix(x)) < T,EW,
k
kI \1/2
EZis(x) ~ i) < C (9o )  +Clu
k

and

where ¢ = EY21|y|>Tn.

Proof. On the one hand, by the isometry formula (3.1)) over the set &,

var(Z;x(x)) < Tnz]E(/ 8®k(xa)’)X®k(dY))2

Ag

—2
< T2k /X 87 (6,395 (v)dy

Wk kI

>~ 1y, T
92/{ th

where g&(x, - is the symmetrization —see (3.2)— of the function g%*(x, -) defined
in (5.I). On the other hand, denote

Zia) =i [ )% (@),
k
then by the isometry formula (3.1):

BZ4(x) =Er(X) |

Ar
1

- 07K (x) Jxc Jilx— th)W(z)(p?k(x — Iz)dz.
6

X ) = [ A8 (x)05 (0)dy

10



Furthermore, by assumptions (2.1)), (2.3)), (2.8) and (2.9) on the model, we have
for all x,y € Xk:

() 05" (x) = /i ) 05 ()] < B [ fe(x) — fie0) |+ Fl9g™ (x) — 0™ ()]
< (@“n+kfe " n)lx—)

< 2kf@* pnlx—yl.

Hence, letting @ = [y |z|W®*(z)dz,

[BZ14(x) ~ )] < [E(Zix(0) = 254 () |+ [EZ3a () ~ ()
< [BV Ly, [ 6 )X ¥ d)] + EZix() ~ flx)

- 1/2 _
<9'2(E( [ ¢ X)) +2kfwk"’g2”hk

k

One last application of the isometry formula (3.1)) to the first term on the right-
hand side of above gives the Proposition. U

With the help of notations (5.1)), (5.2) and (5.3)), define

Rio=B( [ e )& @) 8 @ -XFa)]), 69
i
Ry = E( /A : g7 () [XP (dy) — X (dy) | X (dX)>2- (5.6)
Lemma 5.2. Leti=1,...,nand k < 8 be fixed. Then, for j =1 or 2:
L <ck (kth

Proof. The proofs for the bounds for R"1 . and R’Zk being similar, we only prove the
one for R},. We have

Riy = EE [( [ g &K @) [/ (@) - £ (an) )| <Xl>lgn] ,

Using the independence of X and (X;);<,, we can apply Lemma 4.2 from Cadre
and Truquet (2015), which entails

) k—1 k 2 ) 2
i . —j .k—j ®k o Qk
1k§j;)ﬁ<j) P /XkIE{Vl </Akg, (x,)X; (dy)) }dx, (5.7)

11



where V; = [[@y. — ®g]|*. Now letx € XK and j =0,...,k— 1 be fixed. We have
i . 2 i . . 2
EV; ( /A g (x,y)Xi‘g’k(dy)) <2EV; ( /A g: (x,y) (X7 (dy) — X (dy))>
k k

. - 2
#2877 ( [ gt X @)
k

We proceed to bound the two terms on the right-hand side of above. As before, we
apply Lemma 4.2 from Cadre and Truquet (2015), but conditionally on (X});<; ;.
For notational simplicity, and since it does change the result anymore, we do
not specify the symmetrized version of the functions when using the isometry
formula. By (3.1) and assumption (2.]), we then get

IEVl.k_j</ g7k (x,y) X (dy) ) < 221!( ) PRV ’/kgl@k(x,y)zdy
Ay

+ 2k!¢kEVik_J » g?k (x,y)dy.
Note that for all m > 1, by (2.2)), we have
V< (@A) (supl g, — 9ol) A (X)
< (PA(X))"|6: - 6P,

and
—k

w
2
/ngi (x,y)"dy < (PZkhdk

k
Hence, since ! ( l) < k!, we get with (2.5)):

. ) 2 wt _ o
mv /A kg?k(x,y)xﬁk(dy)) gzwpnh—’;gk((;)zl(X))k I (@ +9A(X))~.

Finally, we deduce with similar arguments and inequality (5.7) that
=k
YW K
llk < 2(](!) (DZk hdk ((P+(P A‘( ))

g
24"W ¥ x

— M (X%,
because both @ and A (X) are greater than 1. The Lemma is proved. O
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Lemma 5.3. Let € > 0 be fixed and set T, = (Inn)' €. Then, for all k < §:

. ) <lnn)2+28
E (T, (X) = I(fi)” < Ck(k!)z(T +h5).
ity

Proof. With the help of notations (5.1)), (5.2), (5.3)), we let
n=1y PR (e, y) XK (dy) XK (dxe
1= Z i<z, | ,8i (x,)X;7"(dy) (dx),
ni= A
1 & ~ ~
Jr = n ZYi1|Yi|§Tn /Azg®k(x,y)Xi®k(dy)X®k(dx).
i=1 k

Then, using notations of Lemma[5.2] by Jensen’s Inequality

N 2 T2 n .
Bl (00) 1) <270 3 (R]y + R,
i=1
Hence, by Lemma|5.2]
. 2 (k!)?
E (I n, (X) = 1) gT,kang. (5.8)

Moreover, sequentially conditioning on (X;);<,, then on (Xl)lgn,l?g,-, and using
assumption (2.1)), we find with two successive applications of the isometry for-

mula (3.1)) that

E(J; —J2)2 < (k!)ZTn2¢2k]E/ (g7%(x,y) —g®k(x,y))2dxdy.
X2k

Now let x,y € X¥ be fixed. We have

Whgk)k(x —Y) [

®k ok
g1 (By)—g(xy)| < k Sup @5, — Po,
‘ 1 ( ) ( )| (P(?k(x> 9k e | 6 |
so that (2.2)) and (2.5)) give
2 _ g2 (R)?
E(Ji—h) <C L (5.9)
k

13



Finally, using notation (5.4)), by the isometry formula (3.1]), we have

E(h— (/)" = E(/ Zz,k ff®"(dx))

:k!/ .ZZ”‘ )22 (x)dx

k[ (lvar(Zlk( )+ (EZix(x) — fi()”) 05 ()
By Lemma 5.1} we thus get

2

’ k1)2Ck
E(JZ_Ik(fk)) STn2< f)ldk
iy

+CH (k)P ¢ - +Crkg.
hk
Moreover, given that gives ¢ < e “InEY2¢“lY|. Consequently,

2 -,

T
E(JZ_Ik(fk)) <Ck(k') < dk U T dk +hk>
nhj, h,
Finally, combining inequalities (5.8)), and above, we deduce that with the

choice T, = (Inn)'*¢:

nn 242¢
E (i (X) — I(fi)® < C*(k1)? (% +hi)’
k

hence the Lemma. O

5.2 Proof of Theorem 3.1
According to Jensen Inequality and Lemma(5.3] we have by (3.4) and 2.7):

2 - o1 . 2
B (a0~ r0)” =B + 3 (0~ A(40) )

2var(Y) S  ((nn)>t%
< §Y K ——+n?).
S———+8), " +hy

Setting hy, = ((lnn)%‘gn*l) 1/(2+dk), we deduce that, since var(Y) < M:

M Inn)? 28 2/(2+43)
E(73() () < My oM7)

hence the theorem. 0

Y
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6 Proof of Theorem 3.2

In this section we assume for simplicity that X contains the hypercube Xy =
[0,1]¢.

6.1 Technical results

We introduce the set .# = .Z5(}, f) of functions f: X% — R in L2, (1%9) for

sym
which conditions (2.8) and (2.9 - 9) hold, and let Z = Zs(7, f) be the class of func-
tions rp: . — R w1th f € & such that

re(-) = 5, fd( 1) (6.1)

Letting P the distribution of the Poisson point process on X with unit intensity, we
may define the following distance D on &% by

D(rfo’rfl) = Hrfo —rp HILZ(P)' (6.2)

Whenever P € &2, we can associate the regression function r. To stress the den-
dendency on r, we now write [P, instead of P. Now let N > 0. We define the fol-
lowing three conditions for any sequence of size N 4 1 of functions rO W
from .7 to R:

Rl. rY) e, for j=0,...,N;

R2. D(r\) r()) > 2p=1/(2+d9) for 0 <i < j<N;

R3. — Z%’ (P, P%G) < alogh for some 0 < o < 1/8 where J¢ is the
Kullback Leibler divergence (see e.g. Tsybakov, 2009).
Lemma 6.1. Introduce fo =0, fi,..., fv, N+ 1 functions from X to R such that
Fl. fie 7

F2. Hfl _f]H > 2n—1/(2+d5);

1 N
F3. N;gHﬁHz < alogN for some 0 < o0 < 1/8.

15



Then, the sequence of functions ry,,...,ry, defined by verify conditions R,
R2 and R3.

Proof. First of all, remark that since f; € % for j =0,...,N, by definition of the
ry;’s and the set %, we have ry, € . Hence condition R1 is satisfied by the ry,’s.
Now remark that the Itd isometry (3.1)) gives for any 0 <i,j <N

D(ry,,ry) = |fj = fill-
This ensures that the ry,’s statisfy condition R2. Finally, forall j=0,...,N

& Qn\ _
H (]Prfn, [Prfn) n (Pr ,Pry )

E, (1 deO XY

dIP’ o
=nk, E. <10g dIP’ (X Y) |X)

where E, is the expectation under PP, fo* Denote by p the density of the .47(0,1).
Then, since fo =0

E, <1og jﬁ o(x,y) \X) /Rlog (p(uf(%)p(u)du.

Simple calculus then give

2, (Tog o001 X) < 3 ()2
dIP’ 2
Thus, by the It6 Isometry,
o (B < 511
hence the lemma. U

6.2 Proof of Theorem 3.2

Let # be the subset of distributions P, of (X,Y) in & for which X is a Poisson
point process with unit intensity (recall that the unit function lies in {@g } gc@, sce
Section [2)) and such that

Y = r(X)+e, (63)
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where r € Z and € is independent from X with distribution .47(0,1). Since & C
22, we have

inf sup R,(7,r) <inf sup R,(7,r).
' P.ex I pPez

As aresult, in order to prove Theorem [3.2] we need only to prove that

liminfn?/ ?+99) inf sup Ry(7,r) >0,
n——+oo " P.ex

which accordingly to (6.2]) may be written

liminfn?/ ®+4%) inf sup E'D?*(F,r) > 0, (6.4)
n— oo r PrE«@o

where E” denotes expectation with respect to PY". Then, according to Lemma
and Theorem 2.5 page 99 in the book by Tsybakov (2009), in order to prove
(6.4), we need only to prove the existence of a sequence of functions satisfying
conditions F1, F2 and F3 defined in the previous subsection. To this end, we
let y € Lgym(l@)‘s) be a nonzero function such that Supp(y) = Xg and, for all

x,yEXg:

2

lw(y) —w(x)| < Zly—x| and [y(x)| < f. (6.5)

(ST

Let Q = |con?9/(2+4%) | > 8 where cy > 0 and |-| is the integer part and let a, =

(1/Q)"/(49). One may easily prove that there exists f1,...,7o in XJ such that the
functions

WQ():anW( a q)a forqzla"'7Q7

n

verify the following assumptions
(i) Supp(yy) CX§, forg=1,...,0:
(i) Supp(yy) N Supp(y,) = 0, for g # ¢';

(iii) 2% (Supp(y,)) =0~ L.

17



Now let, for all @ € {0,1}<:

0
) = lequ/fI('>v

According to the Varshamov-Gilbert Lemma (see the book by Tsybakov, 2009,
Lemma 2.8 page 104), there exists a subset Q = {0(?), ..., 0™} of {0,1}2 such
that ®©) = (0,0,---), N >29/3 and for all j # k:

Q

j K< 9
Y |0 — o= 5.
q=1 8

Now fix 0 < o < 1/8 and set

co= <4||w|’2a71)d6/(2+d6).

We may now prove that functions {f,) : j =0,...,N} satisfy conditions F1, F2
and F3. First of all, let j # k be fixed and remark that,

\|fwu>—fw<k>\|2§/X§ (foot (%) = fon ()

I
o

Il
LD
u\
5
=
s
Qef\
=
E
S—"
l\)
: )
<
[\®)
/N
=
||
= ~
9
~__—

B

©Q |=Ql\)
<

I

o

Furthermore, by definition of the set €2, we have

°°ItQ

g| o)) ~ o’ < 0.

so that

H‘I/H2 2 < 2 2 2 6.6
< fou) = fow lI” <llvl“a,. (6.6)
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Now let 0 < j < N. Since y € ]Lsym (229) it is clear that f( inherits that prop-
erty. Then, using the first part of assumption (6.5)) on y and assumption (ii) on
the y;’s, one may easily prove that f, ) is a Lipschitz function with constant
7>. Finally, using the second part of assumption (6.5 on y and assumption (ii)
on the y’s, (%) < anf with a, <1 as soon as

n> C(; (2+d5)/(a5) . We conclude that f, ;) € Z so that condition F1 is satisfied by
Soty- Now, taking k = 0 in (6.6) gives

2 2
8)/(ds
o Z ”wa HZ HWH < HV;H ¢ —(2+dd)/(d )Q

Since N > 29/8 and ¢y > (4]|y|>a~")49/(2+4d) e get
N

so that F3 is satisfied. Finally, according to (6.6), we have

|2 —(24+dé)/(d9)

o I? < 4llwllPeq logN < alogN,

2I~
Nl:

vl _ vl . 5
| fo) — Faio |l = ok 2\/_( co)M/@8) =1/ (2+a8)

We can now conclude that conditions F1, F2 and F3 are satisfied so that according
to Theorem 2.5 page 99 from the book by Tsybakov (2009) and Lemmal6.1]
is verified. Theorem follows. O

7 Proof of Theorem 4.1

In this section, we assume without loss of generality that the constants @, 71, 7,
f» A(X) and W are greater than 1 and that ¢ and m are smaller than 1. Moreover,
C denotes a positive number that only depends on the parameters of the model,
ie. mu, 0, 9,8,7,p,f 0,k A(X),Mand W, and whose value may change from
line to line.

We let P € &2(m), and for simplicity, we denote E = E" the expectation with
respect to P¥2", Recall that (X,Y), (X1,Y1),...,(Xa,,Ya,) are ii.d. with distribu-
tion P.
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7.1 Technical results

For k > 1, denote for all x € Xk

1 n
g0 = =% [ W=y (= 90-2) (@), 7.1)
2",

We also let

Sk = }1 Z ¥ (X3(X) + P2 (X)) (7.2)

i=1

Lemma 7.1. We have, for all k:
) 69
18— xll < C*Sy T
bk

Proof. Let (I the signed measure

=-) Y

i=1
k k

[X
_%g %() k»HX®U“1%@Mw_I1%mﬁd-

j=I+1 Jj=Il+1

95 2) *(dy) — (Xi— 9o - ) (dy)]

:I>—‘

Then,

2
18 — gl _/ (/ Wb%kx y)lfl(dy)) dx
= o[ Lt s s e

But,
W®k(x— (1))W®k(x_ (2))dx< W_
o by y by y _bgk.

1

Furthermore, one gets by induction that for  =0,... . k— 1:

k k
‘ IT a0 — T @ev)) ‘ — @ (v)l,
j=1+1 j=IH1 j=l+1



and by assumptions (2.1) and (2.2),

/Xk ; Z 196(v)) = P () Idyr1 . dyg < (k= DA(X)! |95 — @oldA
ST+

< (k—=DA(X)"pl6 6.

Puting all pieces together, we get

12 — . N 2
”gk_gk||2_bdk( Z\YIZk( ) X) oA (X)R ’|9—9\) :
We can then conclude

w2 2 n
sl < P8 -0 (1 3l (xc0)+9200)* )
k

l:

Lemma follows, since A (X) > 1. O
Denote for all i, j > 0

sij =BV (X(X) + PA(X))". (13)

Moreover, (V,), is a sequence of real numbers, bigger than 1 and tending to infin-
ity, to be tuned latter.

Lemma 7.2. Let [ > 0 be fixed. Then for all x € XK,

’l Clk

E)Y/ WK (x = )X (dy)| < stn—zz-
A bk

Moreover,

2 pmuVa/2

- \%
Rk Rk n
]E(Y/Akak (x—y)X (dy)) <C*\fsiax <k'bdk s )

Proof. First observe that
k

‘/ Wb%k x—y)X(dy) ‘ < bdk Z( )—k LX)RIX (X!

< (X(X) +9A.(%))"



Hence,

— Ik

W sk

S Tk
by

N

By [ wike— )X )|
k
Regarding the second inequality, we observe that
E(Y /Ak Wik (x —y)X@"(dy)>2 < Van(/Ak Wk (x —y)??@”‘(dy))2
+E (Y1|Y|>Vn /Ak W, K (x —Y)X®k(dY)> "

By (3.1), .

k o Rk 2 c
E(/ Wik = )X (dy) ) < ki
A K by
Moreover, by the Cauchy-Schwarz Inequality, and above,

E( U, [ WM c=0% 4 @) | <Py > V)

(Y [ Wit nR )’

" e—an
< C™s4 a2
by
Puting all pieces together gives the result. U
Lemma 7.3. Let k > 8 be fixed. Then,
X 2k)! 2
P(6 _ k) < Ck(( ) —Zk‘;lz,k) 52,2k' .
w22 (20
N ck i < no (kH*VE e 2uWn )
58,8k ) :
l§ (nbzik)ii (nbik)“ (nb%dk)4

Proof. Since k > &, we have with notation (7.T])

P(§ = k) < P(|| & > px)
< P(||gx — gl +Ilgxll > px)
< P(2||gk — gkll > px) +P(2]| gkl > px)- (7.4)
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Regarding the first term on the right-hand side, we observe that by Lemma

and (2.5):
66

P(2||gx — gkl > pr) < P<CkSkW > Pk)
k

<P(CH((20)1+514) 10— 0] > putf{*?)
+]P)<|Sk—sl7k| > (Zk)!)
(20! 510 | ElSk—si4l
T n(pebMy2 ((2k)1)?

Regarding the latter term on the right-hand side of inequality (7.4)), since k > 0,
we have

EY / Wk (x—y)X#*(dy) =0,
Ay

by (3.1). Thus, according to the Rosenthal Inequality (e.g. see Ibragimov and
Sharakhmetov, 1999), we get

Ellgil* < A(X)E | gfda
1 1
<c* /X" max (n—7Dk,8(x)7 E(Dk,z)él(x)) dx,

where for all j > 0 and x € Xk:
~ J
D) =BfY [ Wik a)|.
Ay

Finally, according to Lemma and since sﬁ ax < 58 8k, We obtain

n (k)43 o2V >
(nb)®" (nb{F)* — (nbg?)* )

Elg | < cksg,gkmax(

Lemma follows. O
From now on, denote

EL, = 20" '+ kfQ") a1 A (X)FT2F, (7.5)

where @y 1 = [yt |x| K= (x)dx and the other constants are defined in assump-

tions (2.8))-(2.9) on the model.
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Lemma 7.4. Let k < 8 be fixed. Then,

|Egks1ll > m— Exy11/bry1, and

El/gk+1 —Egis1]]” < C( d(’;1<+1) + 2d(k+1)>
nby | nby

Proof. By (3.1), for all x € Xk+1,

Egii1(x) = Xk+1fk+1( W (= y)pg™ () dy
. 1(fk+1(P®k+ )(x — by 12) Wk (7)dz.

By assumptions (2.1))-(2.8)) on the model, we have

(196" ) (x = brs12) = (fir105™ ) (0] < (@0 +kF @ ) bry |2

Hence, since [y WdA =1,
Egis1 > fir1(x) — (@1 + kF @M brrt 1.
Then,
_ - 2
|Egis|* > /Xk+1 (fer1 () = (@ '+ kfP ) bpst 1) “dx

> ka+1Hz—2(¢k+17’2+kf¢k)bk+1wk+1/Xkﬂfkﬂd?t
> | i 12 = 2@ + kFO" ) brr 1 0 1 A (X)) fra |-

First part of the lemma follows, since || fi1]| > m and |fi, 1| < f. Moreover, the
second part is straightforward from Lemma since

Ellgr+1 —]T-‘3g1<+1\|2:/X,(+ var (g4 (x) ) dx

_ _/k lvar W®k+1 (x— y)X®kH(dy)>dx
Xkt Apiy

2
®k+1 o Qk+1
/Xk+1 /Ak 1ka ! (x=y)X (dy)) d.
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Lemma 7.5. We have, for all k < o:

R VZ equ,l/Z
—k) < n
P(6=k) < C( pd (i) + nbzd(k—i—l))'

noy 4 k+1

Proof. Since || fi+1]| # 0,

P(S =k) <P(||8k+1l < prt1)

<P(ll8k+1— g1l + lI8k+1 — Egrr1ll = [[Egis 1]l — Prs1)

R |Egk+1ll — Pr+1
<P(l|8k+1 — 81l > u 5 )

Egkr1]l — Prt1

+P(llgkr1 —Egepal > | *! 1. (7.6)
According to Lemma [/.1] and using the lower bound obtained in Lemma we
find that the first term on the right-hand side of (7.6)), denoted by pi, is upper
bounded by

6-0| _1
P<Ck5k+lﬁ 25 (m—Ex1v/ b1 — Pk+1)> :
bk+1
Since by assumption by 1, Px+1 tend to 0 as n tends to +oo, for all k < §:

A d(k+1)/2
PlSP(Sk+1|9—9|Zbk(+1+ )/ 1),

for some I > 0 that does not depend on n and k < 8. Thus, by the Markov In-
equality,

A d(k+1)/2
p1 <P((1+s1411)10 —6] > bk(+1+1)/ 1) +P(|Skr1 —s1e1] > 1)

U +s1441)° E[0 — 62

>~ 12 bd(k+1) +]E<Sk+l _sl,k‘Fl)z
k+1
C C
- e (7.7)
d(k+1) ’
by "

by assumption (2.5) on the model, and since s, 541y < C. In a similar fashion,
regarding the latter term on the right-hand side of (7.6), further denoted by p,, we
obtain with Lemma

4 5 Vn2 e UWVn/2
P2 < I_QEHgk—H —Egr1I” < C( bd(k_H) + bzd(k+1)>'
Oy Oy 1
We conclude the proof combining (7.6), (7.7) and above, since V,, > 1. O
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7.2 Proof of Theorem 4.1]

First observe that for all k > 1, Sis independent from 7, so that

E(#5(X) —r(X))* <E(#s(X) 2y Zgl@ F(X) — r(X))*P(6 = k)
k<
+ Y E(R(X) - r(X))ZIP’(S = k). (7.8)
k>0

By Lemma 5.3} it is clear that for k < 8,
E(#(X)—r(X))> <C.

Moreover, following the arguments of the proof of Theorem [3.1](see Section[5.2)),
we can prove that for all kK > 0 (recall that C > 0 does not depend on k nor n):

T2 2/(2+dk)

E(7(X) — r(X))? < ck(

Thus, by Theorem 3.1} and above,

T2 2/(2+d8) N
E(75(X) — r(X))’ <c( ) +C Y P(5=1k)
k<8
+ Y P =k). (7.9)
k>6

Let p and by be defined in Theorem and let V,, = 2(Inn)% /u, where & > 1.
Then by Lemma[7.5] we get for k < §:

u (Inn)%
P(6 =k) Cnl_ﬁ/z .

Provided € > d8, & < (2+¢€)/(2+dd) and B <2d5/(2+dJ), we have

IN

<T2>2/(2+d8).

Y P 6=k <C (7.10)

Note that WhenA B < 1, the previous condition on f holds if d6 > 2. Our task now
is to bound P(6 = k) when k > §. First, we observe that for all i, j > 0:

sij < (By%)'/? [(E(X(X)zj)) 2 +¢J'7L(X)f]

< (BY?) 2[5 /2 + /A
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according to the Cauchy-Schwarz Inequality. Consequently, by Lemma if
k> d:

A ck Cck\/(4k)!
]P)((S = k) < ((2k)!)2n06+ﬁ/2 + n((2k)')2

C*\/(16k)! 1 (k)*WS =24V
+ ——————-—max ( L >
((Zk)!)m nia+3’ n4a+2B no :

Noticing that by the Stirling Formula,

V() (k) /(16k)!
L ({aowt @ane ) <

we deduce, whenever 20+ f8 > 1/(2+4d9):

k>1

A T2\ 2/(2+d$§)
ZP(S:k)§C<7"> .

k>68

Theorem is now a straightforward consequence of (7.9), (7.10) and above. O
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