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Abstract. We consider the additive model: Z = X + ¢, where X and ¢ are inde-
pendent. We construct a new estimator of the density of X from n observations
of Z. We propose a projection method which exploits the specific properties of
the Hermite basis. We study the quality of the resulting estimator by proving a
bound on the integrated quadratic risk. We show also that the results can be easily
extended to dependent variables. We then propose an adaptive estimation proce-
dure, that is a method of selecting a relevant model. We check that our estimator
reaches the classical convergence speeds of deconvolution. Numerical simulations
are proposed and a comparison with the results of the method proposed in Comte
and Lacour (2011) is performed.

1. Introduction

Consider the additive noise model:
Zy, = X + €k, k=1,...,n (1.1)

where

(H1) (Xg)k>1 are independent and identically distributed (i.i.d.) with unknown
density f, with respect to the Lebesgue measure,

(H2) (ex)r>1 are iid. with known common density f., with respect to the
Lebesgue measure,

(H3) (X&)k>1 and (ex)x>1 are independent.
We observe n copies Z1,...,Z,. We want to estimate f, the distribution of Xj,
using Zi,...,Z, only. Under (Hj), if we denote by fz the density of Z;, we can
write

fz=f*fe (1.2)
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where g x h(x fR g(u)h(z — u)du is the convolution product of the functions g
and h under adequate assumptions. Formula (1.2) explains the term of "deconvo-
lution" for density estimation in model (1.1). The deconvolution problem has been
widely studied in the literature. It appears that two factors influence the rate of
convergence: the regularity of f and the asymptotic decay of the Fourier transform
of the errors f., with slower rate of convergence if this decay is faster. Two types of
errors are usually considered: "ordinary smooth" errors, when the Fourier transform
of f. is polynomially decaying near infinity, and ”super smooth” errors, when it is
exponentially decaying near infinity. The first works proposed kernel nonadaptive
estimators assuming that f is ordinary smooth and that f. is ordinary or super
smooth. We can cite Carroll and Hall (1988), Fan (1991), Fan (1993), among oth-
ers, see also the monograph of Meister (2009) on the topic. Adaptive estimation,
based on a wavelet method, was first considered by Pensky and Vidakovic (1999).
Butucea (2004) establishes the minimax rate in the case where f is super smooth
and f. is ordinary smooth while Butucea and Tsybakov (2007) study optimality
in the very difficult case where both functions are super smooth. Some more re-
cent works were dedicated to this problem: Comte and Lacour (2011) consider the
case where the noise density is unknown, and propose an adaptive estimator in
this setting, later improved by Kappus and Mabon (2014). Mabon (2017) builds a
projection estimator in Laguerre basis in the case where the variable of interest is
positive. Recently Comte and Genon-Catalot (2018) and Belomestuy et al. (2019)
described nice properties of Hermite basis. Projection methods allow to summa-
rize the information available on the unknown function through a small number
of coefficients. This is why we go further in this direction, and we define a new
estimator taking advantage of these convenient properties of Hermite basis. We
propose also an adaptive model selection procedure. We obtain a simple, fast and
powerful procedure, which preserves standard deconvolution rates. Moreover, its
numerical performances are very good. The paper is organized as follows: we define
our estimator in Section 2.2. We prove a bound on the risk in both the independent
and B-dependent cases in Section 3, and discuss rates of convergence in Section 3.2.
In Section 4, an adaptive estimation procedure is proposed in the independent case
and a risk control of the resulting estimator is provided. We then illustrate the
performance and stability of the adaptive estimation procedure in Section 5, and
we compare our results with Comte and Lacour (2011). Proofs of most theoretical
results are gathered in Section 7

2. Estimation procedure and Hermite basis

2.1. Useful tools.

2.1.1. Notations. For a, b € R, let a Vb = max(a b) and a4y = max(0,a). For

f, g in LA(R) N LL(R), we denote b ) - fR Wdu, £ = f, |£(w)Pdu,
) = [pe™f(u)du and fxg(x) = [ flz —u)g )du Vo € R. Lastly, we recall

Plancherel-Parseval formula (f, > (2m)~H(f*, *)

Before proposing an estimator, we start by recalling the definition of the Hermite

basis.
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2.1.2. Hermite basis. The Hermite basis (¢;);>0 is a basis on L*(R) defined from
2 g
’ C;i? 2 2
als are orthogonal with respect to the weight function e™*": [, H;(x)Hy(x)e™ " dx =
27§16} 1 (see Abramowitz and Stegun, 1964, chap 22.2.14), where §; 5, is the Kro-
necher symbol. Thus, we deduce that the basis:

2 Y . —
pj(x) = c;Hj(x)e ™ /2, ¢j = (2751y/m) /2,

is orthonormal in L?(R). The Hermite basis (¢;);>0 is a bounded basis verifying

Hermite polynomials (H;)j>0: Hj(z) = (—1)’e (e‘xz). The Hermite polynomi-

l#5lloe = Suglw(af)l < ¢, with ¢o = 1//*
e

(see Abramowitz and Stegun, 1964, chap 22.14.17 and Indritz, 1961). The Fourier
transform of (¢;),>0 verifies:

¢ = Ver(i) p;. (2.1)
Moreover, according to Askey and Wainger (1965), we have
lpj (@) < Ce 8", Jz| > /27 +1, C>0, (2.2)

where £ is a positive constant independent of x, 0 < £ < %

2.1.3. Assumptions on the noise. For the definition of our estimator, we assume
the following;:
(H4) the noise density f. is such that f* # 0.
We also assume that f. satisfies:
There exist ¢; > ¢} > 0, and v > 0, > 0,6 > 0 (with v > 0 if 6 = 0) such
that

1
(1 +2) et < FOE S er(1+12) e’ for all t € R. (2.3)
£
It is standard to assume a condition like (2.3) in the deconvolution setting. When
d =0 in (2.3), the function f. and the errors are called "ordinary smooth". When
d > 0 (with the convention that § > 0 if and only if x > 0), they are called "super
smooth".

Remark 2.1. According to Lukacs (1970), Theorem 4.1.1, the only characteristic
function ¢ with ¢(t) = 1+ o(t?), as t — 0, is the function ¢(t) = 1 for all t. That
rules out characteristic functions of the form e=#’ with § > 2. This implies that
in definition (2.3), when v = 0, if | fZ(¢)|> = ce~It” then necessarily § < 2. Indeed,
|f2(t)|? is also the characteristic function of a probability density function (it is a
characteristic function of e — &} where €1 and &} are i.i.d.).

2.2. Estimation procedure. We denote by S,,=span{y, ..., @m—1}, the linear space

generated by (o, - .., ¢m_1) in L?(R). Now, we construct an estimator of f relying
on the data Zi,...,Z,, from model (1.1). We suppose that f belongs to L?(R) N
L'(R), thus we can write f = jzog a;p; with a; = (f, ;) and the orthogonal
projection of f on S,, is given by: f,, = Z;’ZOI ajp;. In fact, we estimate f,, and
therefore, we build m estimators é; of aj,7 =0,...,m — 1. Under (H4) and using
(1.2), we have f* = ;f Therefore, using Parseval’s Theorem and (2.1), we have:
)i LY x
o5 = (o) = 5t = St e = S [ g @4
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Thus, to estimate aj, we replace f5 by an estimate. As f5(t) = [ fz(u)du =

E[e*%1], we set:
1~
=) et (2.5)
n
k=1

Plugging (2.5) into (2.4), we can propose an estimator of f,,,, provided that ¢,/ f*
is integrable on R, for j =0,...,m — 1:

=Yg 4= L [ 26)
i=0 :

Note that the coefficients a; are real. Indeed, using that ¢;(—z) = (—1)7p;(z), it
holds:

—_ () [ fz(-u)
a; = i(u)du =
Ve ) e P
where Z denotes the complex conjugate of the complex number z. The Hermite
basis has the specificity of leading to integrable ¢;/fZ in a large number of cases.

This estimator is different from the one proposed by Comte and Genon-Catalot
(2018), who propose to take instead of d;, the estimator

i = (VIR [ Fplu)es(u)/f
[u|<my/m
The drawback of the latter estimator is that it is biased and the coefficients depend
on m, making the choice of m untractable in the sequel. Our estimator is an
unbiased estimator of f,, and is easy to handle.

;i(—u)du = a;,

3. Risk study of the estimator

3.1. Risk of the estimator for fixed m. Under the additional assumption:
(Hs) fz is bounded,
we can study the risk of f,,, and the following proposition states our result.

Proposition 3.1. (i) Under (Hy), ..., (Hs) and for f,, given by (2.6), we
have for anyl >0

BllfnfIP < Lt [ (e lllelooZ/DF o

(3.1)
(ii) If in addition we choose | > 2 and if f. satisfies (2.3) with 0 < § < 2 or
(0 =2, with p < &), where £ is defined in (2.2), then

oWl 1
||fzoo2/u>m|f] g =0(,) (3.2)

Note that the constant [ does not depend on m or n. The first right-hand side
term of (3.1) is the bias term, it is decreasing with m as ||f — fn* = 3,5, a5-
The second term is the main variance term, it is clearly increasing with m. The
last term also comes from the variance computation, but we give in Proposition 3.1,
part (ii) conditions ensuring that it is negligible. Thus, choosing m that minimizes

the risk requires a bias-variance compromise.
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So under the assumptions of Proposition 3.1, part (ii), (3.1) becomes:

N 1 du c
Ellin— f<If = fulP 4o [ na S es0 122
S <vim [fZ(@)]?  n
Comment about (Hj;): We both have, Va € R, |fz(x)| = |f * fe(z)] <
min(|| floo, | felloo) and |fz(2)] < || f]l- I fell. Therefore, the density fz is bounded
if f or f. is bounded, or if both functions are square integrable. Condition (Hj) is
not very strong.

3.2. Rate of convergence. To obtain rates of convergence, we have to evaluate the
order of bias and variance terms. In general, each basis is associated with a regu-
larity space: here, we consider Sobolev-Hermite spaces.

3.2.1. Rate on a Sobolev-Hermite space. For s > 0, the Sobolev-Hermite space of
regularity s (see Bongioanni and Torrea, 2006) is given by:

Wi ={0:R—>R,0c Lz(R),Z k*ai(0) < 400}, an(h) = /G(U)gok(u)du
k>0

and the Sobolev-Hermite ball by:

Wi (D) ={0 € L*(R), > k*aj(6) < D}, D >0.
k>0
For s integer, 6 belongs to W}, if and only if § admits derivatives up to order s and
the functions 6,6, ...,00) z(5=®9(*) helong to L2(R), with k = 0,...,s — 1. We
can compare this space with the classical Sobolev space with regularity s, defined
by:

We={0¢ ]L2(R)7/(1 + u?*)|0* (u) |2du < 400},

Actually, Bongioanni and Torrea (2006) prove that, for s > 0, W;; & W*. It is also
proved therein and in Belomestny et al. (2019) that, for s integer,

W — { 0 € L2(R), 6 admits derivatives up to order s, such that }
101115500 == Zj:o |9(j)‘2 < 400 .

Consequently, for s integer, it follows that Wy C W?. For more details on these
regularity spaces, the reader is referred to Section 4.1 in Belomestny et al. (2019).

Thus, for f in W5 (D), we have ||f — fm|* = Zj>mjsa§j_s < Dm~*. Under
the assumptions of Proposition 3.1 and for f € W (D), we get:

o121 < sy L / _du
Bllfn =P £ Dm0 s (3.3)
where, for two functions u, v, we denote u(z) < v(z) if u(z) < cv(zx), with ¢ is
a constant independent of xz. This inequality is similar to the one in Comte and
Lacour (2011), with m therein replaced now by y/m. It is worth underlining that
the role of the dimension m in projection methods is played here by /m: this is
a specificity of the Hermite basis. The result is the similar in density estimation
when X, are directly observed, (see Comte and Genon-Catalot, 2018, Belomestny
et al., 2019). Let us denote by mqp: the value of m for which the bias-variance
compromise is obtained, relying on the same calculations as in Comte and Lacour
(2011), the rates and the dimension m,,, are given in Table 3.1.
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0=0 0<d<2 or =2, u<¢

2
2 5
o vy 1 (logn
Mgt [n=54757] [l( 5 ]

Rate n~ 72771 (logn)~%

TABLE 3.1. Rate of convergence for the MISE if f € W (D).

These rates coincide with the ones obtained by Fan (1993), Pensky and Vidakovic
(1999). They are known to be optimal: lower bounds corresponding to these rates
for f. verifying (2.3) are proved by Fan (1993) when f belongs to a Holder class,
and by Pensky and Vidakovic (1999) for f in a Sobolev class.

3.2.2. Rates of convergence for specific function classes. We can obtain for some
specific classes of functions a bias term with much smaller order, for instance Gauss-
ian densities or mixtures of Gaussian. Indeed, then, we can explicitly compute the
coefficients a; and obtain smaller bias than previously on W} (D). Let

RV 2p
fmg(x)za\}%exp (_(37205)) gw(m)zgic fool@), Cap=E[X],

for X a standard Gaussian variable. We also define the class of mean mixtures,
respectively of variance mixtures of the Gaussian distribution by:

f<0>={f:f<> oxil) = [ o —wan), HeP(C)},

where P(C) := {II € P(R), II(|u| >t) < Cexp(—t?/C), Vte R*'}, respectively

+°° z/u
Q(v)={f:f(x)=/0 @) 411wy, H([l/ﬁ,m)zl}, o>,

u

with ¢ the density of standard Gaussian and P(R) the set of probability measures
on R. The following results are based on bias evaluation obtained in Belomestny
et al. (2019). The rate is given by the order of variance term, since in all these
cases, the bias term is exponentially small. We can prove the following proposition.

Proposition 3.2. Assume the assumptions (Hy), ..., (Hs) hold and f. is ordinary
smooth. For the choice mop = [log(n)/Ch], with C1 = log(2) + eu? if f = fu1,

2 2 . w2 .
Cr =log (Z2) if f = fows C1 = Goriimery £ € F(O), C1 = (53) i
f € Gv), we have

1
]E[Hf — 2 < (logn)”*z

n
where v is given in (2.3).

The same result holds for f = g, ,. This rate is similar to the one obtained in
Butucea (2004) for super-smooth functions f.

However in all previous cases the choice m = mg,; depends on the regularity of
f and associated parameters, which are unknown. This is why we have to look for
another method to make the bias-variance compromise, in a data-driven way (see
Section 4).
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3.3. Comparison with the classical estimator in deconvolution. The "standard” de-
convolution estimator (see Fan, 1991, and choose sinus cardinal kernel) is given
by:

: L™ e T2(0) :
fe(z) = o /_ﬂe et (=) du, where f} is defined by (2.5).
We mention that this estimator can be decomposed in an orthonormal basis namely
Yo (2) = V(L — j), ¥(x) = S2IL (see Comte et al., 2008, Section 3.2), but the
development is infinite:

, . A 1~ 1 [ (—u) .

fg(.’L‘) = Za&ﬂ/}g,j, Qg j = E Z % / ffék((u))eWdeu
JEZ k=1

A finite (computable) development would require an additional approximation

(truncation of the sum as in Comte et al., 2008) to k, > n coefficients. From

computation point of view, the low complexity of fm in the Hermite basis is an

advantage (see Belomestny et al., 2019, Section 4.5). The risk of f, verifies

3 du
E[lf — I < 1/t|> 1P dut L/

T 27 210 Jyuj<re |fz ()

In this context, the regularity spaces which are considered are Sobolev balls defined
by

We(D') = {f € LQ(R),/(l +u?)| £ (u) Pdu < D’}, D' > 0.

Note that it is proved in Belomestny et al. (2019) that W3, (D) € W5(D’), for D and

D' related constants. For f € W*(D) the bias term is such that - f|t|>7fé |f* (w) | du

< %(Wﬁ)_% = C{¢~%5, where C = %77_23. Therefore, for ¢ = y/m, the risks of the
two estimators have the same order on W} (D). This implies that they have the
same rates of convergence.

3.4. Extension to the dependent case. Proposition 3.1 (and its consequences) may
be extended to the context of dependent X;’s. We first define the mixing coefficients.

Definition 3.3. Let (2, A,P) be a probability space, and U, V two o-algebras of
A. The S-mixing coefficient is defined by

z J
1
B, V) = 5sup{d > [PUNV;) = PUP(V;)]}, (3.4)
i=1 j=1
where the supremum is taken over all pairs finite partitions {Uy,...,Uzr} and

{Vi,...,Vz} of Q, such that U; € Y and V; € V.

Let (Xg)rez a strictly stationary process. Let Fyp = o(X;,4 < 0) and Fj, =
o(X;,i > k) for all k € Z, where Fy is the o-algebra generated by the X; for
1 < 0 and Fj, generated by X; for i > k. The mixing coefficient [ is defined by
Br = B(Fo, Fr), where § is defined by (3.4).

The process (Xi)kez is S-mixing if the sequence S, tends to zero at infinity.

In this section, we still consider model (1.1), but we replace (H;) by:

(H}) (Xk)g>1 is strictly stationary and S-mixing.
The estimator is the same as in the independent case and we can prove a bound on
the risk.
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Proposition 3.4. Let assumptions (H}), (Hs), ..., (Hs) hold. Let1 < p,q < +00
two real numbers such that ot l = 1. Then, if E[|X1]?9/?] < 400 and the mizing

coefficient are such that Z (k + 1)p 18, < +o0, we have
/ du
™ Jjuj<vim |2 (W)]2

|iju| /\/7
|wuzﬂwwadw (3.5)

Elllfm = fIP) SIS = Fll® +

where | > 2 is a positive constant, and ¢ is a constant depending on E[|X]?/3]

and Z (k +1)P71 ;.

Now, we comment this bound of risk. We remark that we have the same bias
and variance terms as in the i.i.d. case with an additional term ¢’v/m/n which is
clearly specific to the 3-mixing case. As |f*(u)| < 1, we have, 1 f\u|<\/ﬁ Ifd(ﬁ >

%ﬁ\/ﬁ Consequently, \/m/n has smaller order than -1 mem 7 ( 7oz and In-

equality (3.5) implies that the risk of fm here has the same order as in the i.i.d.
case. We have therefore the same rates of convergence.

We compare the result given in Proposition 3.4 to Proposition 4.1 in Comte et al.
(2008). The first two right-hand side terms of (3.5) (|| f— fum||*+ == ul </ ﬁ)

are the same as in Comte et al. (2008) with v/Im replaced by mm (see Section 3.3).
Under the assumptions of Proposition 3.1 (ii) the other terms (residual terms) are
order O(n=1)+O(y/mn~!). This order is smaller than the order of the residual term
stated in (4.4) of Comte et al. (2008), which is n=!m?2. Note that all estimators
of their collection require to compute k,, > n coeflicients, which can make the
procedure slow when n is large.

4. Adaptive estimation and model selection

For sake of brevity and simplicity, we only study the independent case (i.i.d case)
hereafter.

From now on, [ given in Proposition 3.1, part (ii) is assumed to be fixed. In this
section we propose an automatic selection of m which performs the bias-variance
compromise. The procedure does not depend on the regularity of the density f,
but only on data Z1,...,Z,. Consider the contrast function defined by

) = I = 26, ) = o ﬁ%>
k=1 c

e dy, (4.1)

It is easy to check that f,, = argmin-y,, (t). Let
tESm

1 du
A(m) = ~ _du
W)wﬁgmmwv

We consider M,,, the collection of models,
n={m e N\{0},A(m) <n}.

This collection is finite and contains models with bounded variance. More precisely,

du:Z\/ﬁ

as already noticed, |fZ(u)| < 1, implies A(m) > %f\u|<\/ﬁ . Therefore,
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the elements m of M,, satisfy m < n?. The cardinal of M,, is therefore at most of
order O(n?). Our aim is to find the best model m in M,,, that is, to select 7 such
that, the risk of f; approximately performs the bias-variance trade-off, without
any information on f. We set:

1 = argmin{yn (fin) + pen(m)}, (4.2)

meM,,
where pen(m) is an increasing function defined by:
o Alm)

n 9

if f. is ordinary smooth or super smooth with ¢ < %,
pen(m) = 2K (1 + 24Ml6/2m5_%) # if f. is super smooth with % <9 <2
(4.3)
where £ > 0 is a numerical constant, p is the constant given in (2.3) and I > 2
given in Proposition 3.1, fixed. As v(fm) = —||fml? = — Z;-n:_ol a3, it is worth
emphasizing that computing 7 is numerically fast. Clearly the choice of m given
by (4.2) is entirely determined by the data. The constant  is independent of
the data. The theoretical results show that x > 17 is suitable (see the proof of
Lemma 7.2). In practice this value is too large and is calibrated by preliminary
simulation experiments. They confirm that (see Section 5) smaller practical values
must be chosen.
We can prove the following theorem.

Theorem 4.1. Assume (Hy), ..., (Hs) hold and f. is square integrable. Let

pen(m) defined by (}.5), fm = argminyn(t) and m selected by (/.2). Then, there
tESm,

exists a constant kg such that, for all Kk > ko = 17, the estimator fm satisfies
!

p C
IE[ — 2}<C it (||f — fnll? =, 44
= SIP] S € inf (1f = full + penm) + (1.4
where C is a numerical constants (C=/ suits) and C' a constant depending on fe..

Remark 4.2. Assume that the assumptions of Theorem 4.1 are satisfied. Then if
f € W (D) the estimator fy, converges to f with the rates obtained in Table 3.1.
Indeed, the term C’/n in (4.4) does not change the order of the rate, and is negligible
compared to the term ||f — f,||? + pen(m). Moreover, (4.3) induces a loss in the
order of pen(m) compared to the variance term when ¢ > 1/2, but this does not
change the rate which is governed by the bias term in this case (see Table 3.1 and
choice of my; of order (logn)).

5. Simulation and numerical results

5.1. Implementation of the adaptive estimator. In this section, we propose some

illustrations of the theoretical results. More precisely, we implement the projection

estimator given by (2.6). To do this, we consider data simulated according to (1.1).

For the density f, we choose the distributions (following Comte and Lacour, 2011):
(i) Gaussian standard N (0,1), I = [—4,4]

(ii) Cauchy standard: f(z) = (7 (1+ x2))_1, I =1-10,10]

(i) Laplace density: f(z) = e~ V2l /\/2, I = [-5,5]

(iv) Gamma density T'(4,1/v/3)/v/12, I = [0, 6]

(v) Mixed-Gaussian density (0.5M(—2,1) 4+ 0.5N(2,1))/V/5, I = [-3,3]
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where [ is the interval on which we compute the risks. Except the Cauchy density,
all the densities are normalized to have variance equal to 1. Note also densities (i)
and (v) belong to W}, with s = 400, (iv) has regularity s =3 —n, n > 0, (ii) and
(iii) admit a regularity s = 3/2 —n and s = 1 —n,n > 0, respectively (but (ii) is
infinitely differentiable).

For noise distributions, we consider two cases with the same variance 1/10 and
thus, except for the Cauchy density the signal to noise ratio is equal to 10.

e Case 1 : Laplace noise ("ordinary smooth")
We consider the density f.:

f@) = 2e el = N a—avs

2 X2+ o2
The penalty term is given by:
2
K K U
=2A(m) = — 1+ —)%d
pentm) = FaGm) = 7 [ (1 G
2K 2 s (VIm)®
== (Vi ——(Vim)?
7Tn< m+3)\2( m)" + 514 ’

where [ = 6.
e Case 2 : Gaussian noise ("super smooth")
We have:

1 2 2 2,2
fe(z) = 27706_96 205 ) =e7 /2 62 =1/10.

The penalty proposed is:

/l 1
pen(m) = 4k (1 + 240§lm3/2) yim (/ 6“2"§lmdu) ,
0

™

where | = 4 here and the integral is computed by a Riemann sum discretized in 300
points. Then, we have to calibrate the penalty constant . This constant is fixed
through preliminary simulations, by testing set of values on different densities f
with a large number of repetitions. The comparison of the risks for these different
values of k¥ makes it possible to make a reasonable choice. Finally, we choose xk = 0.4
for a Laplace noise, x = 1072 for a Gaussian noise.
The estimation procedure is described as follows:
e For m in M,,, compute — Z;-n:_ol aZ+pen(m) = Cr(m), with a; given by (2.6),
e Select m such that m = argmin  Cr(m),
A meM,,
e Compute f;; = Z;n:_ol ajepj, and [,(fin(u) — f(u))?du by discretization.

5.2. Simulations results. Simulation results are given in Tables 5.2 and 5.3. The
columns of Table 5.2 indicate the values of the MISE (Mean Integrated Squared
Error) multiplied by 100 for a Laplace noise or a Gaussian noise, Table 5.3 gives the
ratio of the risk values obtained in Comte and Lacour (2011) divided by the risk
values obtained by our method: the larger it is, the better our method is. The errors
obtained by our method are computed by a discretization of the integral as Riemann
sums and averaged over 100 independent simulations. We remark that increasing
the sample size makes the error smaller and thus improves the estimation. Globally
the results of our simulations are satisfactory and our method is often better than
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Comte and Lacour (2011) for both noise densities. The main exception concerns
the Gamma density (iv). Some failures for Cauchy density (ii) and super smooth
noise are also observed, especially when n increases.

n =100 n = 250 n = 500 n = 1000
Noise
f Lap. Gauss. Lap. Gauss. Lap. Gauss.  Lap. Gauss.
Gaussian 0.44 0.37 0.12 0.06 9.5910~2 4.310~2 7.107% 4.1.1072
Cauchy 028 089 020 0.56 0.14 0.37 0.10 0.29
Laplace 1.65 218 1.06 1.34 0.75 1.16 0.57 0.87
Gamma 170 1.27 098 0.97 0.50 0.90 0.28 0.83
Mixed-Gaussian | 2.82 1.91 1.09 0.87 0.66 0.69 0.41 0.53

TABLE 5.2. Empirical integrated mean squared errors computed

from (100 x E||f — f]|?) over 100 independent simulations for
n = 100, 250, 500, 1000.

n = 100 n = 250 n = 500 n = 1000

; Noise Lap. Gauss. Lap. Gauss. Lap. Gauss. Lap. Gauss.

Gaussian 1.95 1.27 5.67 5.00 5.01 5.11 2.41 3.41
Cauchy 4.07 1.07 245 0.79 2.43 0.70 1.40  0.52
Laplace 1.47 1.40 1.13 1.34 1.12 1.02 1.04 0.89
Gamma, 0.67  0.88 0.66 0.73 0.82 0.49 1 0.37
M-Gaussian | 1.26 2.17 1.45 2.24 1.17 1.68 0.95 1.15

TABLE 5.3. Ratio of the risks obtained in Comte and Lacour
(2011) divided by those of Table 5.2.

6. Concluding remarks

We proposed a projection estimator of the density of X in the convolution model
(1.1), relying on the Hermite basis. The estimator has the advantage to be kernel-
free, as the integral is over the entire real line and not truncated as in the previous
works by Comte and Genon-Catalot (2018). The method provides a parsimonious
description of the function under estimation: indeed the function is relevantly es-
timated thanks to a small number of coefficients. This has also the advantage of
making the method numerically fast and convenient. We prove a bound on the
quadratic risk in the independent and 3-dependent cases which shows that the rel-
evant parameter is not the dimension m but rather /m. A data driven estimator
is proposed: the model can be automatically chosen and the resulting estimator
reaches optimal rates in most cases. We also provide numerical simulation results,
and the comparison with Comte and Lacour (2011) ensures the good performances
of our method.
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7. Proofs

7.1. Proof of Proposition 5.1. We start by the part (i). For f,, given by (2.6), we
have:

m—1
E[fm = FI2] = 1 = fnll® +E [Ifon = fl2] = 1 = funll® + 3 Var(ay).
=0
(7.1)
Now with the definition of a; given by (2.6) we have

o= (G £ o)
— g Var (i [ e i)

<o oo ]

Plugging this in (7.1) yields
2
/eiuZl @j(“)du‘ )
R fx(u)

m—1
B[l = 1] <11 = sl + 5 S B

Using |a + b]? < 2|al? + 2[b|?, we deduce

m—1 2 m—1 2
uzy 5 (W) uzy 5 (W)
E /e’“zljidu < 2E / el LI gy,
jEZ:O R f; (u) Jz:;) |u|>vIm f:(u)

m—1 2
Z / otz wj(u) du
=0 [lui<vim fe(w)

We evaluate the two right-hand side terms of the previous inequality. By Bessel
inequality we have, for the last term:

+2E

m—1 e 25(W) 2 mo1| iZe 2
E / et 2 dy| | =E (——1 0 1<vi> ©5)
2 e T 2 | s ¢
du
< _ . (7.2)
~/|u§\/m | f2(u)l?
Moreover, let ;(u) = #2 Ezgﬂlubm’ we get for the other term
= (u) (W, |
E / ezuZl piu du zuz P d fZ(Z)dZ
; |ul>Tm fx(w) lusvim  JE(w)
W, |
<||fzIl / / ——du| dz
= Z v ()
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m—1 m—1
=l £zlloe D 1517 = 2rllf2ll00 Y II5lI*.
7=0 7=0

(7.3)

Putting (7.2), (7.3) in (7.1), we have the part (i).
Let us prove the part (ii). We have, using (2.3), that:

m—1 m—1
li (w)|? / 2 2 ulul®
du < ¢q (14 u?)7 |p;(u)]? e du.
jgo /u|>\/l |f (u)| Z |u|>vIm !

By (2.2), we have |¢;(z)| < Ce %" if |x| > /27 + 1, for j € {0,...,m — 1}. Thus
it is in particular true for |z| > v/Im, with [ > 2. Therefore, for j < m — 1,

/ (14 u?)? |<pj(u)\2 etul’ dy < CQ/ (1+ u2)76_25“26“‘“|6du
|u|>VIm |u|>VIm

< C’Qe_ﬂm/(l + u2)76_5“26“|“‘6du.
R

And [, (1 +u2)76*5“26“‘“|6du <4ooifd <2orif § =2, u <& which corresponds

to our assumptions. Therefore: Z;@Ol ul> v I? Emzdu = O(me=¢"™). Hence
the result. 0.

7.2. Proof of Proposition 3.2. By (3.1) and (3.2), we have:

A 1 du c
Ell fm = fI2) < f = full? + = n’
fm = FIFT <N f = fonll +_ﬁnu/;<vﬂn|f *(u)|? T

Using Lemma 2 in Comte and Lacour (2011) p.8, we have

/ du
lul<vim |2 (u)]?

We denote for two functions v and v, u(z) < v(z), if u(z) S v(z) and v(z) S u(z).

From Belomestny et al. (2019) the bias term is exponentially small (see Proposi-
tion 7, 8 and 9), thus, the rate of convergence is given by the order of variance term.
As f. is ordinary smooth, 6 = 0 in (7.4) and replacing m by mep: = [log(n)/Ch1],
with C is given in Proposition 3.2, we have the result. [J

14 1% $
=m Ytz eH2m?,

(7.4)

7.3. Proof of Proposition 5./. As in the i.i.d. case, we have the bias-variance de-
composition given by (7.1). Now,

Var(a;) = Var / etuZn % u)du
27T’rL R *(t)

k=1

= %1”2 ;Var ((—i)j /R ewz’“%du>

tam X Gl [ i o e i)

1<k, 1<n,k+#l €
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As Var(X) < E|X|?, it comes

P2 _ 2 imil eiuzlL(U) u2
E|Ifm = FI2] < 1f = ful +QM;OE / IOk ]
-\ j iu k@j(u) Y i l@j(u)
+ 5o Z ;kﬂcw (w /Re S Y /Re ’ f:(u)d”>'
(7.5)

The first two right hand side terms are the same as in the independent case and
are dealt with as in Proposition 3.1. We compute the covariance term. First,

Cov <(—¢)j /]R e Zfi( ) du, (—i)f / i ?JE ;du>
= | [ [ R ]

[ gl oo

The first expectation is equal to

| [ [ o]
// z(uXk—‘ruek vX;— val)} f*g gf*((Z)dUdv

://E ez(“X"_”X’)} @;(u)p;(v)dudv, (7.7
R JR
and the second to:

[l o]

Thus, from (7.6), (7.7) and (7.8) we deduce

Cov ((_Z’)jAeiuzk%du,(-i)j/]Rei“Zl%du)

= Cov (/ eiuxkcpj(u)du,/ eiuxlgoj(u)du> .
R R
As a consequence

Cov(/]R Xk o (u )du/]R WX (u )du) < Var( kil/Re“‘X’“ j(w)du).

1<k, 1<n, k#l

(pJ du (7.8)

Using Viennet (1997)’s covariance inequality and equality (2.1), we have

<Z/ X, du) Var <;<p (X4 ) < 87rn/b w)p; (u)? f(u)du,
(7.9)

With b = ZZ b and by, a sequence of measurable functions such that by = 1,
J b () f(w)du = ﬂk (see Theorem 2.1 in Viennet, 1997 given here in Appendix).
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Lemma 7.1. Under the assumptions and notations of Proposition 3.4, there exists
a constant ¢* > 0 depending on E[|X1[2/3] and 3720 (k + 1)P~' 6, < 400 such
that:

/ b()2 () f(x)de <
R

By Lemma 7.1 and (7.9), we deduce

Var ; etuXn j(u)du>
5 w5 s
[ m—1
< 8 / QECICIEDY [ eswi ] @0

< 8mn ¢025k+z

k>0

C*
Vi

m—1

*

(7.11)

Using (7.11), Proposition 3.1 and in view of (7.5), we obtain the announced result
O.

7.3.1. Proof of Lemma 7.1. To prove this lemma, we first use the decomposition
formula of the Hermite basis in the Laguerre basis (see Comte and Genon-Catalot,
2018, Lemma 8.4, p. 287) given by:

par(z ¥z l/J( 1/2) 2%/2),  popy1(x ¥V 1/)(1/2 2?/2), >0

where (1, (@ ))k>0 is the Laguerre function with index 6 > —1 defined from the
Laguerre polynomial (L ;f))kzo with index § > —1 and degree k given by:

B! B o § . 78 1, .
mrrarn) W @aete L @) = eta Tt o (o).

(8 () — ot
’(/}k (QL‘) =27 ( k! dﬂ:k

Note that (1, (8 )) k>0 is an orthonormal basis on L?(R™). Next, using the asymptotic
formula of Askcy and Wainger (1965) recalled in Section A.2, we get a bound of

(1/),(;5)) k>0, for k large enough. We distinguish two cases depending on the parity of
j and we study only the first term of the following decomposition:

/R () () f () e = / b)) f (2)d + / b(—) g2 () f(~x)d,

since (¢;);>0 is even for j even and odd for j odd. The study of the other term is
similar and its bound is the same as the one on the first term.
For j even, j = 2k, we have:

/ b(@)2 (@) f (x)dz = 5/ (67 @2/2)) f@b(a)de = g,
0 0 =1

where J; are integrals on disjoint domains specified below, see also Section A.2.
Setting v = 4k + 1, we have six terms to evaluate.

n=3 | e (72 @2/2)) b))
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C 1/ﬁ YRE: C

<</ /4] b(x) f(x)da < M/Rb( )f(x)de < 2\f ;Oﬂk
1 VR

2/1/ p ¢ (z /2)) b(x) f (x)dx

9 m “UN2p(2) f(x

“2 )y Fr eyt < Qf I;)Bk

v u1/3)1/2

1 2
2/\/72 ](C 1/2)(332/2)) b(z) f(z)dx

C (v— u1/3)1/2 ) o )

5 o -1 4( 1,2) 1 4) b(x) f (x)de
c [

5 21/3,2/3 —1/2( 2)_1/2b($)f(x)dx

<57 / (22/3b(x) f ().

Using the Holder inequality, we have

/R|x|2/3b(x z)dx < </ |[29/3 f (2 dx) (/ W (2) f(2)d )1/p

211/
) |:‘X1|2q/3} qE[b(Xl)p]l/p,
with % + % = 1. By Lemma 4.2 in Viennet (1997), page 481, we have:

E[b(X1)?) < p Y (k+ 17y,
k>0

It comes: J; < ;5-E [|X; [20/3) Y (p 3 s (k + 1)P=2 B) /7.

(v V1/3)1/2
Ji=2 /( ' z(w,g‘l/”(x?/mfb(x) F(a)dz

2 v—pl/3)1/2

C (V+V1/3)1/2
= (v V32 0(x) f(x)da
(l,,yl/a)l/z

C (V+V1/3)1/2 C
<— 23223728 (2) f (x)dx < —/ |z|2/3b(x) f (z)dzx.
(v—v1/3)1/2 VV R
By the same computation as for J3 we deduce: Jy < %E [|X1\2‘I/3] 1a (p Zkzo(lﬁ'
PP,

1 \/3v/2

Js = =
g 2 [y+y1/3)1/2

\V3v/2
< g xt/342/3 <y71/4(x2 - I/)fl/4ef”fll’_l/2($2*”)3/2)2 b(z) f(x)dx
(v+u1/3)1/2

v (02 2)) ) f(o)d
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\V3v/2
< 9 p=1/201/3(2 )=V 2e=2mv 2@ =) 2085 (0 £(0) de

(v+v1/3)1/2

< 7= [l bo re)da

Again by the Holder inequality we get:

C 1/q _
Js < R[] 0k 1
v k>0
Finally, it holds
1

.y
¥ 2 \3v/2

< e / b(z)f(z)de = C'e > T E[b(X)] < Cle 3T Z Bk
R

k>0

T (7’[}/(9_1/2) (552/2))2 b(x) f(x)dx < S/O: /2 z@*%be(x)lf(x)d.T

For j odd, j = 2k 4 1, and setting v = 4k + 3, we have:

/Oo b(a:)(pQ () f(z)dx = l/oox ( (1/2)(332/2))2 f(@)b(x)dx := zﬁzKl.
) 2k+1 2 )y k -

Only the first term changes, thus, we just compute K; and the other terms are such
that the bounds coincide with the case where j is even for [ = 2,...,6.

K, = % /O 1/\533 (¢,§1/2>(x2/2))2b(x)f(a:>dx < % /0 Uﬁx [(x v)”ﬂ b(z)f(z)dz
< 2f25k

k>0

By gathering all these inequalities according to the parity of j, we have the an-
nounced result.

7.4. Proof of Theorem /.1. By definition of 7, we have: ’yn(fm) + pen(m) <
Y (fm) + pen(m). Moreover, for two functions s, ¢ in L2(R), v,(t) — Yu(s) =
[t = £II* = lIs = fII* = 2vn(t — 5), where

)= 1S (02 - it 1),
k=1

where ¢; is defined in (4.1). Thus, for m any element of M,,, we have

1 = fIIP < Ml fm = fIIP + pen(m) + 2v,(fi = fn) — pen(ri2)

As the function ¢ — v, (t) is linear, we deduce

3

i = Fom

< fm = £I? + pen(m) + 2| £ — fnl sup vn(t) — pen(m).
tESm+Sm,|It]|=1
(7.12)

Vo = FIP < 1l — I+ pen(m) + 20l f — I ( S = ) — pen(1i)
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For all z,y > 0 we have: 2zy < 2%/4 + 42, therefore, we obtain

. 1 .
2| frin — fml sup va(t) < o llfm — fmll? +4 sup (vn(t))?. (7.13)
tESm+Sm,|It]|=1 tESm+Sm,|lt||=1

Now, || i — fmll? < 2l £ — 12+ 2]| fm — £]|? and plugging this and (7.13) in (7.12),
we have

Sl = 12 < Sl = fIP +penGm) +4 5w (ua(6)? = pen(in). (7.14)
tESm+Sm,|It||=1

We decompose the empirical process v, (t) in two processes. We set m* = m V m.
For t € S,,~, we have using Plancherel-Parseval

n

Vn(t) = - (¢t(Zk) - <tv f>)

_l - 1 t*( ) —iuZy _
_nz<2ﬂ/|u|<\/mf*( w)" du—k

i/ i (’LL) e—iqudu - E
27 |u|>VIm* fa (—U)

1 ) 1 P e
22 Oal2) Bl 45 [ s -

(7.15)

with ¢u1(2) = 5 [l <y :((_ui e~"=dy. Therefore, we write v, (t) = vy,1(t) +
1 (001(Zk) = E[¢01(Zk)))
" (u)

and Vo) = 2 fpyovime 7o (5 (=) — F5(—w)du. Using that (v,i(6) +
Un2(t)? < 2(vp1(t)? + 2(vn2(t))? and by (7.14), (7.15) we deduce

§||fm - fII* <

£ = fI? +pen(m) +8  sup ~ (vna(t))®

tESx,[It]|=1
+8  sup  (vma(t))® — pen(ih).
tES+,|It]|=1

r A(mvm')
8 n
smooth with 6 < 1/2 and p(m,m’) = 2k(1 + g(m,m’)) otherwise, where

g(m,m’) is given below, which verifies 8p(m, m’) < pen(m) + pen(m’). We obtain:
1 fin = F1I* <Bllfom = fI? + 4pen(m) +16 Y ( sup  (vn1(1))* = p(m,m')) 4
m’ e M, EESmvms s [IEl[=1

+16  sup  (vn2(t)?
tES,,*,|t||=1

if f. is ordinary smooth or super
A(mvm’)
8n

We introduce the function p(m,m’) =

By taking expectation, we get

E{Ilfn = £1P] < 3llfm — fI° + 4 pen(m) + 168

+16ZE

m’'eM,,

sup (l/n72(t))2‘|

tE Sy, It][=1

sup (V1 (1)) — p(m,m) :
€S gt =1 .
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The two followings lemmas lead to the result of Theorem 4.1:

Lemma 7.2. There exists a constant X1 such that

Z E <tesmvs:fr?|t|1(yn71(t)) p(m,m,)>+] -

m’'eEM,,
Lemma 7.3. There exists a constant Yo such that

21
=

b))

E .
n

sup  (vn2(t)?] <
eS8, lItl=1

Using Lemmas 7.2 and 7.3, we have the result choosing C = 4 and C’ = 16(%; +
). O

7.4.1. Proof of Lemma 7.2. To prove this lemma, we use Talagrand’s inequality
given in Appendix A.3, and compute H2, M;, v defined there. Denote by m” =
mV m'. We start by computing H?. As the map t — v, 1(¢) is linear, for ¢t =

1"

Z;-n:()_l aje; such that ||[¢]| =1, we have

m' —1 m’'—1 m’ -1 m' —1
2
(Vna (1) = Z ajvpa(pj) ] < Z a? Z Una(p;)? = vn1(p5)?.
j=0 7=0 j=0 j=0
Therefore,
m'’ — -1
E sup  (vna(1)) <E Z Una(p;)? Z Var (hp,1(21))
tES s |tl|=1 §=0 j=0
1’” ~
<= Z E (|64, (Z1) ]
7=0

It comes using (7.2) that,

m' —1 m'' =1

ELY 160, (20 = Gl 2
j=0

(7.16)
Now we look for M;. Using Cauchy-Schwarz inequality and Parseval’s theorem

t* (u) efium
f2(=u)

1 1

t*(u)
Pea(x)| = — / e "du| < —
| tl( )| T J Ju| <VIm f;(_u) 2m

1 du
mr\/ Jroraf

1 du
— [ 2m||t 2/ g < VAm).
27T\/ || || |lu|<vVIm' |fa*(_u)|2 ( )

Thus, it follows

du

/|u<¢lm”

sup ||¢t,1||oo S \/W = Ml

teSm+S,,/,|t]|=1
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The case of v is more tedious,

2 —zuz
Var(g,1 (7)) < E [|611(2 |} o / ‘ [ e g
// )e_’(“ v)zfz( ) |u\§mﬂ\v|§mdUdvdZ

- // fx( ( fz( WLy < i Ly < i dudv
€

<o Il
£ (u)

<> / £zl [ |5

Using the Cauchy-Schwarz inequality and Parseval’s theorem we have:

/Ifz Idz—/lf 2)ldz < 2nl| 1] | £1]

> (v u)|11|u‘S ﬁlm“]l\vlg i dudvy

L < vmmdu.

Thus, we get: Var(¢:1(Z1)) < %
two cases.
(1) Ordinary smooth case: In this case, we have by (7.16) and by (7.4) that

/l’y+l/2
H2 —

]llu\ < vim#du. We consider separately

. Moreover,

Var ¢t1 Z1 /|t 1+t2> |u\<Wdu <(14+1"m ”’Y /|t | du
=27(1 4+ 1m")||t||* = 2 (1 + 1"m/").

We can set v = em””7, with ¢ > 0. Thus, using Talagrand’s inequality we
have:

t€S,r, tl=1

SUm")+v(m")], (7.17)

+

with p(m, m’) = %A(m”) = 2H? > 2(1+2¢)H?, we take kg = 17, e = 1/2,

and
Uiy =0 Ky nH?\ _ em™ K, =0 "
= — _—— = —_—— 2c
(m"") exp 5 g exp 5 Vo | S e ,
A(m”)
M} 1 nH A(m’) Vo
V(m') =——t— —KCe)—=—|=C —Cop "
(") =G P\ TKCEO B ) = O o |~ s
<le—02\/ﬁ
Nn b

because for m € M,,, A(m) < n. Therefore, we deduce by (7.17) that:

) E[( sup <un,1<t>>2p<m,m'>> ]5 S Uy + V(")
+

m/EM,, teSnL//, Ht”zl
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As

Z U(m”)

N

K
1 3 ! e S
n
m/

2

m n
_ 1 §£:7ny767§gvcﬁﬁg% ZE: /" o S
n
m/’=0 m’/=m
+oo /
_ 1 lmwﬂe{jg\/er Z m'e— 5= Vm’ < Q
n n
m/=m
and
1 _ 1 _ _ cy
E V(m") < = g e~ OV — —|M,le Cav/n < ne Cavn < 21
n n
m’eM,, m’eM,,

We deduce that

> E

tesS, i1, |t||=1

5
( sup MAWLNWWO]SJ,&:q+qu&
+

m/'eM,,
(2) Super smooth case: In this case the order of H? is given by (7.4): H? <
1-5 & ud
m// 5 e“12m 2

n )
s 4,98
Var(ea (20) < e [ 1@ '8y < exett [ el
s 48 S s
= 2me et |2 S etP T =,

We use Talagrand’s inequality again, we must compute U(m') and V(m').

2 13m% m”lgé
nH cett=m
= exp | —Kien
n

)
5/2,."%5
eul m

n

v
1
Um")=—exp | —Kie —
n v e#l‘;/zm 2

s 1-5
<l wldm'' 2 —Kiem' 2

e Study of > . U(m"): we have

" 1 lgm”ng 5m”¥
E Um"”) < — E e ! .

m/eM,, " m’'eM,
We are going to study this term according the value of §.
(i) Case 0 < § < 1/2: In this case §/2 < (1 —4)/2. Thus the choice e =1
1—6

5 1-5
implies that mett’m? —Kiem 2" s hounded by a constant independent
1—6

5,18 o .
of m/, and et"™ ? ~EKiem 2" g integrable in m’/. We deduce that:

. 5 1-95
l E ey,l"m”f —Kiem' 72 _
n

m’eM.,,
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1 m l6/2 ne K n1=8 TL2 l5/2 ne K nizé
2 — 2 2 2
—— E et m 1EM + 2 et m 1eEM
n
m’=1 m’'=m
s 1-5 s 1-5
< l meuléﬂmf—Klam 2 + § eulé/lef—Klam/ 2
n
m’eM,
o
<L
n
" 5 1-5
(ii) Case § > 1/2: We choose ¢ such that ul®/?m/2 — Kiem” 2" =
s s . 5/2 _1 o .
—pl2m”z, that is e = %m”‘s z. This implies
s 1-5 s s "
l E e/Ll5/2m”§—K15m” 2 _ l § 6—ul6/27n”§ < l E e—pl‘s/znz/f < C(1
n n ~n ~n’
m/'eM,, m’'eM, m/

C/I
In the all cases, we have : 37, U(m") < =%,

e Study of }_ .\ V(m")
As |[M,| = O(n?) and for all choice of ¢ in the study of U(m”), we have
C(e) =1, e > 1. Thus, it follows

" M., , n , o
2 V') S g e (SKIC(E)eVR) < iy exp (FKIC(E)VEVR) < -

Therefore, (7.18) holds and the result of Lemma 7.2 is proven. [

7.4.2. Proof of Lemma 7.3. Here m* = m V . Using the Cauchy-Schwarz
m*—1 o

inequality for ¢ = Z?:*O_l ajp; such that [[t]|* = 377 a? = 1, we have:

2
()’ = ( / PO () f%(U))dU>

2m)2 \ Jjujsvims f2(—u)
1 m*—1 @}k(u) o )
) @m* \ = /|u>\/W fi(—u) (2(-w) = fz(-w)du

By (2.1)-(2.2) and using the Cauchy-Schwarz inequality, we have:

2

m*—1

Fi) e
/|u>\/er* fa*(—u)(fZ(u) fz(u))d

m*—1

Jj=0
2

i) he N
/|u>mf:<—u)<z( )= Fy(—u)d

=27
j=0

S =0 = f=al
Sz_:</|\/ﬁ THET R ”d)

m*—1 P 2
1f7(=w) = f2(=u)| _epe
<
~ 4 </u|>wr7* | f2(—u)| ‘ du)

Jj=0
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m*—1 L
fo(cw) = [P e,
<
P> </|ﬁ FwE d“)

j=0

X / e~ du.
Ju|>+1Im*

—&u? —&m* : —&x : :
As flu\> Vi € du < ce and the function z — xe reaches its maximum

(1/€)e~1 in o = 1/€, it implies v, ()2 < [, LeW=SZCWE (—6 gy, Therefore,

[fz(=u)|?
E[Ifs(-w) - f(-wP] __,
v 2 —&u® g
E sl e ] S

Now, we have

ik * fk 1 —iu
E[Ifz(—u) = f5(~w)?] = Var[fz(—w)] = - Varle™ 4] =
Thus, by this last inequality we deduce

1 1 .
sup (20| < - / e,
teSme, tl=1 n Jg |f2(—u)?

If f. is ordinary smooth, the integral is convergent and the previous bound is of
order 1/n. Assume now f. super smooth, we have by (2.3):

S|

(1=1fz(-u)?) <

S|

E

1 by
E sup  (Vna(t)?| < f/ erlul’ =6 gy < =2
t€S,,x, [|t]=1 nJr n

if § <2,0rif § =2, and pu < €. This gives the announced result.

Appendix A. Some inequalities

A.1. Covariance inequality (Viennet, 1997). Let (X;);ez be a strictly stationary
absolutely process with S—missing sequence (5x)r>0. Then, there exists a sequence
of measurable functions (bg)r>0, with by = 1, 0 < by < 1, Ep[bg] = B such that
for any measurable function f in IL?(P) and any positive integer n, we have

Var( Z F(X,)) < 4n / b(z) f2(x)dP(x),

where b = >°)_, by is such that Ep(b?) < p>~, oo (k+ 1)P716, for 1 < p < +0
(see Lemma 4.2 in Viennet, 1997 p. 481).

A2, Asymptotic Askey and Wainger formula. From Askey and Wainger (1965), we
have for v = 4k + 26 + 2, and k large enough

a) (zv)®/? if0<z<1/v

b) (zv)~ 14 ifl/v<z<v/2
T Te) i R i fojzsasy B

d) v /3 ifyv— v <gp<y4 /3

e) v VA (g — v) Ve 2@ i 418 < g < 30/

f) e ® if x> 3v/2
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where v, and 7, are positive and fixed constants.

A.3. Talagrand’s inequality. Let (X;)1<i<n be independent real random variables,
F a class at most countable of measurable functions and v,,(f) = £ 37 | (f(X;) —

E[f(X;)]) for all f € F. We assume there exist third strictly positive constants M,
H, v such that:

1 n
sup || flleo < My, E[sup | vn(f) |] < H, and sup — ZVar(f(Xi)) <w.
feF fer feF i
Then, for ¢ > 0,

E Ksup |V2(f)] —2(1 + 25)H2>
N

fer

4 (v nH? 49M? y nH
E (n exp(—KpS » ) + K102(5)n2 eXp(_ch(g)\/gM)>

IN

where C(e) = (vV1+e—1) A1, K; = 1/6 and K/ a universal constant. The
Talagrand inequalities has been proven in Talagrand (1996), reworded by Ledoux
(1995/97). This version is given in Klein and Rio (2005).
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