NONPARAMETRIC LAGUERRE ESTIMATION IN THE MULTIPLICATIVE
CENSORING MODEL
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ABSTRACT. We study the model Y; = X;U;, ¢ = 1,...,n where the U;’s are i.i.d. with
B(1, k) density, k > 1, the X;’s are i.i.d., nonnegative with unknown density f. The sequences
(X3), (U;), are independent. We aim at estimating f on R* from the observations (Yi,...,Y,).
We propose projection estimators using a Laguerre basis. A data-driven procedure is described
in order to select the dimension of the projection space, which performs automatically the bias
variance compromise. Then, we give upper bounds on the L2-risk on specific Sobolev-Laguerre
spaces. Lower bounds matching with the upper bounds within a logarithmic factor are proved.
The method is illustrated on simulated data. May 30, 2016
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1. INTRODUCTION

Consider observations Y7, ...,Y,, such that
(1) Y;:XZUZ, i:1,...,n.

where (X;) are i.i.d. nonnegative random variables with unknown density f, (U;) are i.i.d. with
B(1, k) density given by fy(u) := pr(u) = k(1 — u)kill[oal} (u), with & > 1 and the sequences
(Xi), (U;) are independent.

For k =1, i.e. if U; has uniform density on [0, 1], model (1) is refered to as the multiplicative
censoring model and has been widely investigated in the past decades. It was first introduced in
Vardi (1989) and covers several important statistical problems, such as estimation under mono-
tonicity constraints or deconvolution of an exponential variable. Such a model is usually applied
in survival analysis (see e.g. van Es et al. (2000)). Numerous papers deal with the estimation
of f by various nonparametric methods. A nonparametric maximum likelihood approach is in-
vestigated in Vardi (1989), Vardi and Zhang (1992), Asgharian et al. (2012). However, in the
latter papers, authors assume that a m-sample of direct observations X1, ..., X,, is available in
addition to the Y-sample and the method does not apply to the case m = 0. Using only the
Y -sample, projection methods have been proposed. In Andersen and Hansen (2001), considering
the estimation of f as an inverse problem, the authors apply singular value decomposition in
different bases. Their procedure is not adaptive. Abbaszadeh et al. (2012, 2013) use projection
estimators on wavelets bases to estimate the density f and its derivatives. They provide adap-
tive estimators, upper bounds of the LP-risks but no lower bounds. Kernel estimators of f and
of the survival function F(z) = 1 — F(x), where F is the cumulative distribution function, are
studied in Brunel et al., (2015). Extensions of model (1) are considered in Chesneau (2013) who
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assumes that the U;’s are a product of independent uniform variables and the sequence (X;) is
a-mixing.

In this paper, we consider the extension of the multiplicative sensoring model to the case
where U; has B(1, k) distribution and propose nonparametric estimators of f built as projection
estimators on a Laguerre basis under the assumption that f € L2(R*). Laguerre bases, which
are orthonormal bases of L.2(R"), are well fitted for nonparametric estimation of R*-supported
functions. Moreover, the support of the density under estimation being hidden by the noise, it is
an advantage to have basis functions with non compact support. These bases have been recently
used by several authors, for instance, in Comte et al. (2015), for Laplace deconvolution of a
signal observed with noise, in Comte and Genon-Catalot (2015), for estimation of the mixing
distribution of a Poisson mixture model, in Mabon (2015), for deconvolution of densities on R™.
Laguerre bases are related to Sobolev-Laguerre spaces which were introduced in Shen (2000) and
with more details in Bongioanni and Torrea (2007). The regularity properties of a function f
belonging to a Sobolev-Laguerre space are characterized by the rate of decay of the coefficients
of the development of f in the Laguerre basis. The link between projection coefficients and
regularity conditions in these spaces has been described in Comte and Genon-Catalot (2015).
In the present paper, we choose a Laguerre basis and first establish explicit formulae linking
the projection coefficients of fi y, the density of Y in model (1), in the Laguerre basis to those
of f. This allows to define a collection ( fm) of estimators of f. We obtain a L2-risk bound
for fm Then, we propose a data-driven choice my of the dimension m leading to an adaptive
estimator fmk Using Sobolev-Laguerre regularity spaces, we determine upper bounds for the
rate of convergence of the L2-risk. Then, we study lower bounds and prove that upper and
lower bounds match up to a logarithmic term. The lower bound on Sobolev-Laguerre balls is
difficult to obtain and follows several technical steps. We start proving it in the case of direct
observations of the X;’s, that is in the simple density model and then we obtain it for model
(1) when k = 1. To avoid more technical developments, we just indicate how to extend it for all
integer k.

In Section 2, we describe the Laguerre basis, build the projection estimators of f and pro-
vide the upper bound of their L2-risk. This leads to the adaptive procedure. In Section 3,
we introduce the Sobolev-Laguerre regularity spaces and obtain upper bounds on the rate of
convergence of the projection estimators on Sobolev-Laguerre balls. To prove lower bounds, one
can follow the general scheme described, e.g. in Tsybakov (2009). However, in the considered
situation it is more natural to construct alternatives as finite combinations of Laguerre functions
with coefficients taking values in {0,1}. Such a construction makes the problem of attributing a
hypothesis to Sobolev-Laguerre ball straightforward. Then the lower bounds are obtained via a
modification of the Hamming distance and a corresponding extension of the Varshamov-Gilbert
bound. In Section 4, we implement the adaptive estimators of f, based on direct observations
Xq,..., X, and on multiplicative censored observations Y7,...,Y, for & = 1,2 and for vari-
ous densities f. The method provides very good results for direct observations, which remain
convincing for censored data. Extensions and concluding remarks are given in Section 5.

2. PROJECTION ESTIMATORS IN THE LAGUERRE BASIS

2.1. Laguerre basis. Below we denote the scalar product and the L2-norm on L2(R*) by:

+00 +oo
S 2 + S = S\ xX)ax 2: 2:6 X.
Vst € LARY), (s,1) /0 (@)t(x)dz, |It] /0 2(2)d

Consider the Laguerre polynomials (L;) and the Laguerre functions (¢;) given by

J ] xk’
L@ =Y 0 () 9@ = VELEDe T i 20

k=0
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The collection (¢;);>0 constitutes a complete orthonormal system on L*(R"), and is such that
(see Abramowitz and Stegun (1964)):

(2) Vji>1, Yz e RY, |pj(z) < V2.

We assume that f € L2(RT), so that we can develop f on the Laguerre basis:
F=Yai(fe.  ai(f) ={f.05)

J=0

Let S, be the m-dimensional subspace of L2(RT) spanned by (¢o, 1, ---,®m—_1). The function

m—1
3) os(f

7=0
is the orthogonal projection of f on S,,. Below, we define estimators a; of a;(f) from the obser-
vations Y1, ..., Y,. Thisleads to a collection of projection estimators (f,, = > 7" 01 ajpj,m > 1).

2.2. Preliminary properties and formulas. Let f;y denote the density of Y; given by (1).
A straightforward computation leads to

(4) fey(y) = k?/yoo (1 - —>k Hiw) du Ty>o.

u u

Moreover, another simple computation yields:

() [fey | < [[fIE(—=) < +oc.

1

VU
Thus, fry belongs to L2(RT). In this paragraph, we prove that the coefficients (a;(f),j > 0)
are linked with the coefficients (a;(fr,y) = (fr,y,¢j),J > 0) of the density fy on the Laguerre
basis by a linear relation. This requires preliminary steps.
Let us remark that a density satisfying (4) is k-monotone, i.e. that (—1)¢ f,geg, is nonincreasing
and convex for £ = 0,...,k—2if £ > 2 and simply nonincreasing if k = 1. This property is proved
in Williamson (1956). Therefore, model (1) covers the case of observations with k-monotone
densities. Note that k-monotone densities are considered in Balabdaoui and Wellner (2007,
2010) or Chee and Wang (2014), from the point of view of estimating fy (not f) under the
k-monotonicity constraint.

In Proposition 2.1 below, we state an inversion formula giving f from f;y defined by (4)
proved in Williamson (1956). For convenience of the reader, we give a proof in the appendix.

PropOSItlon 2.1. Let fry and f be linked by formula (4) and set F(x) = [ f(t)dt (resp.
Foy(y) =[5 frey(t)dt). Then we have, for anyy >0, for k > 1,
—1)k
0 £y = S )
—1)! —1)* -
0 FO) = Fr) - uhr) o+ st 0+ S )

Note that, setting foy = f, Fo,y = F', these formulae contain the case where Y; = X; (U; = 1).
So, below, we consider the case £k = 0 in our results as the case of direct observations of the
X;’s. With the two following propositions, we give the links between the coefficients of f and
fr,y on the Laguerre basis.
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Proposition 2.2. Assume that EX*~! < +00. Then, for all j >0 and k > 1,

) wi(f) = U 03) = 13U (0o ™)

Proposition 2.2 provides a simple way of defining estimators of a;(f) by replacing the right-
hand side of (8) by its empirical counterpart based on the observed Y-sample. Moreover, the
proof relies explicitly on the fact that the ¢;’s are not compactly supported. This is due to the
integrations by parts used to obtain the result.

Proposition 2.3 hereafter gives another way of expressing the coefficients and is helpful for

studying the rates of estimators. Define the matrices Hqgf ) with size m x (m+ k) by

HY = Id,,,
and for k > 1,
[H, (k)] = hj F for € = sup((j — k), 1),...,5+k, [Hr(f)]j,g =0 otherwise,

where
9 B = w( >
o > (!

p=|¢—j|
and the (bg’p )’s can be recursively computed by

» ; l+1 14
BO=de BT = LN ok BT 4 0T, forp 20

Proposition 2.3. By convention, we set p; = 0 if j < —1 and define the column vectors of
coefficients of f on (o, ..., ¢m—1) and of fry on (Yo, .., Pmi+k—1)-

Am—1(f) == (aj(f))o<j<m—1,  Gmik—1(fr,y) = (aj(fr,y))o<j<mik—1-
Then,
am-1(f) = HP @ ir-1(fry)-
Moreover, the coefficients h?,k satisfy
(10) VE<j+k |hF| < CLG+k)E.

For each k, the coefficients have to be computed. In our simulations (Section 4), we use the two
values k = 1,2 and the coefficients are the following. For k =1, [Hé%)]j’g =0ifl#£4,j—1,7+1,

j 1 j+1
(11) H )= =5 HL =5 H )=
For k=2, [HY]; s =0if £ #j,j—1,j+1,j —2,j+2 and
JjG -1 L. P2+i-1
[H)j -2 = e [HD)j -1 = —5J [H55 = T

G+DG+2)
8 :

For the study of the risk bounds, we need evaluate two norms of the matrlx H ) The first one

1, .
[H; 41 = (J +1), [HPj 2=

is the spectral radius p(H,gf )) and the second one is the Frobenius norm |H | r. We recall their
definitions. The squared spectral radius of the matrix A, p?(A4) = Apnaz (A" A), is equal to the
largest eigenvalue of A A, where A’ denotes the transpose of A. The Frobenius squared norm
of A is given by |A|% = Tr(A? A) where Tr(M) is the trace of matrix M. The following result
is deduced from Proposition 2.3.
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Corollary 2.1. For m > 1 and k > 0, there exist constants c(k),C(k) depending on k only,
such that
e(RymPH < |HO R, < mpA(HY) < C(Kym(m + k)™

2.3. Projection estimator and upper risk bound. Proposition 2.3 leads us to define a
collection of projection estimators of f by:

m—1
(12) fu = 4505 am—1 = (@))ogjcm—1 = Hyamip-1(Y),  m>1
7=0

where am4k-1(Y) = [(@5(Y)) g cpmin_1) and @;(Y) is defined by

(13) 4i(Y) = 23" es(¥)

Note that, by Proposition 2.2, we have the other formula: a; = (1/n) Y1 ; &(y¥¢;)® (V). The
following proposition gives the risk bound for the estimator fm

Proposition 2.4. Let f,,, f be given by (12) and (3). Then we have, for all k,m >0,
((m + )p* ()] A [yl o 3]

n

E(|lfm = £I?) < I = frll? +2
where x Ay = inf(z,y). Moreover, it holds

. m 2k+1
E(lfm — 712 < IIf = funll? + ¢ DT

with ¢, = 2[(2k + 1)C})* where Cj, is the constant in Proposition 2.2, formula (10).

Let us discuss the two terms in the infimum appearing in the first bound of Proposition 2.4.
In light of Corollary 2.1, we have ]Hy(,lf)]% < mpz(Hy(,lf)) but || f,y|l may be infinite. On the
other hand, the two terms have the same order, given in second inequality of Proposition 2.4.

2.4. Adaptive estimation. The risk bound decomposition of Proposition 2.4 classically in-

volves a squared bias term [|f — f|?> = i>m a?( f) which is decreasing with m and a variance

term of order m?**! /n which is increasing with m. Therefore, to select relevantly m, we have to
perform a compromise. This can be done asymptotically by evaluating rates of convergence (see
below), or, as we do now, on finite sample by a model section strategy. In view of the discussion
on the risk bound, we define for k£ > 0,
2 (k)
N . y mp~(H,
(14) i = arg min ([ full2+ peng(m)) . peny(m) = xZZLI)
memMiP n
where
M) = {m e N*, mp?(H¥)) < n}.
Note that the definition of mj mimicks the squared-bias variance compromise as —||f mll© s an
estimator of —||f,,||> which is, up to the constant ||f||?, equal to || f — fm|[*> and pen,(m) is

I

proportional to the variance term. As H,glf is explicit, the computation of p? (H,glf )) is obtained
by a numerical algorithm (function eigs applied to (H,(,iC ))t (Hqgf )) in Matlab).

Theorem 2.1. Assume that E(1/X) < +oo. Let fn, be given by (12) and 1y, by (14). There
exists a constant kg such that for any Kk > kg, we have

. C
E(|lfa, = FIP) < Crinf (IS = fiml® + peng(m) + ==,

meMy, n
where C is a numerical constant (Cy = 4 suits) and Cy depends on k and E(1/X).
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It follows from Theorem 2.1 that the estimator fmk is adaptive in the sense that its risk auto-
matically realizes the squared bias-variance compromise.

The constant kg provided by the proof is generally not optimal; finding the optimal theoretical
value of k in the penalty is far from easy (see for instance Birgé and Massart (2007) in a
Gaussian regression model). This is why it is standard to calibrate the value k in the penalty
by preliminary simulations.

3. RATES OF CONVERGENCE ON SOBOLEV-LAGUERRE BALLS

We now study the asymptotic point of view to find the dimension m,,,; which realizes the bias
variance compromise of the risk bound given in Proposition 2.4. We have already identified the
rate of the variance term as m?**1/n. We now look at the bias term ||f — f,,||?. Classically,
the bias rate is evaluated by choosing a regularity space for the function f. Sobolev-Laguerre
spaces are well fitted to our framework.

3.1. Sobolev-Laguerre spaces. For s > 0, the Sobolev-Laguerre space with index s (see
Bongioanni and Torrea (2007)) is defined by:

(15) W* = {h:(0,+00) = R, h € L*((0,+00)), |h[2 := > k°aj(h) < +oc}.
k>0

where ag(h) = OJrOO h(u)gp(u)du. For s integer, the property |h|? < +o0o can be linked with
regularity properties of the function h. We give details in the Appendix. We define the ball
W#(D) :

WD) = {h e W?, |h? < D}.

3.2. Upper rates. We can deduce from Propos1t10n 2.4 the rates of convergence of the estimator
on Sobolev-Laguerre balls. For f € W#*(D), we have ||f — fn|* = > jsm j(f) < Dm~*. This
yields:

Corollary 3.1. Assume that f € W#*(D). Let fm be given by (12). Then choosing meop =
[n5+2k 1) gives
E(| fnoye — FI2) < C(D, 5, k)n =/ (+2k+1)

where C(D, s, k) is a constant depending on D,s and k.

The rate may be interpreted as follows: we have an inverse problem, where s measures the
smoothness and k the ill-posedeness.

For direct observations of Xi,...,X,, (k = 0), this rate is the same as the one obtained by
Juditsky and Lambert-Lacroix (2004) for estimation of a density on R, over Hélder classes of
densities.

Faster rates of convergence may be obtained if the bias is smaller. Exponential distributions
provide examples of such a case. If X has exponential distribution £(#), § > 0, then the
coefficients are given by aj(f) = v2[0/(0 +1)] ((§ —1)/(0 + 1))* and the bias can be explicitly
computed,

> 016—1*"
IF = 1l = 3 a0 = § 551

k=m
Then the bias is exponentially decreasing and the rate of convergence is of order [log(n)]***!/n
for mepe = log(n)/p, p = |log[|(6 — 1)/(0 + 1)]]|]. The result can be extended to Gamma
and mixed Gamma densities, see Comte and Genon-Catalot (2015), Mabon (2015). Thus, the
Laguerre basis method provides excellent rates for the class of mixed gamma densities.
Nevertheless, we stress that the adaptive procedure does not require any knowledge on the
rate of the bias and still automatically realizes the finite sample bias-variance compromise and
also automatically reaches the best possible asymptotic rate.
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my,1 = 3.06 (0.31) My = 3.42 (0.76)

iy = 3.44 (0.93) My = 4.10 (1.16)

o.= - A e 0-2 - B o.=2 | -
\ _

FIGURE 1. True density f of Model (i) (Gamma distribution) in bold (blue). 50 esti-
mators of f, left: from direct observation of X in dotted (red); middle: from observation
of Y = XU with U ~ U([0,1]), in dotted (green); right: from observation of Y = XU
with U ~ /3(1,2), in dotted (green). First line: n = 400. Second line: n = 2000. Above
each plot, mx (resp. my,1, resp Mmy,2) is the mean of the selected dimensions from X
(resp. from Y') with standard deviation in parenthesis.

So far, we have used that the y;s are bounded. However, Szegt (1975) p.198 and p. 241. gives
the following asymptotic bound: Ya > 0,sup,-, |¢;(z)| < Cj~/4. Therefore, for densities with
support [a, +oo[ with a > 0, we have 3, ., E(@?(Yl)) < C'm*? and the variance term of f,,
has order O(m?**1/2/n) instead of O(m?**1/n). By choosing mgp = [n°t2+(1/2)], the upper
rate becomes on this restricted class of densities, of order O(n~=*/(st2k+(1/2))) " Lower bounds for
this class would require a completely different proof.

3.3. Lower bounds. We prove that the upper rate obtained in Proposition 3.1 is optimal on
Sobolev-Laguerre balls. This reveals unexpectedly difficult. We first treat the case k = 0 (U; = 1,
direct observations of X;). Then, we deal with k = 1 and give indications on how to extend the
result to all £ > 1. The upper bound matches the lower bound up to a logarithmic term.

Theorem 3.1. Assume that s is an integer, s > 1 and X1,..., X, are observed. Then for any
estimator fn, for any € > 0 and for n large enough,

sup Ef [an N fHQ} i wm wn _ nfs/(erl)/log(lJre)/(erl)(n)'
fews=(D)

The proof is based on Theorem 2.7 in Tsybakov (2009), and induces several steps. The main
difficulty of the construction is to ensure that the density alternative proposal is really a density
on R, and is in particular nonnegative.

Next we consider the case k = 1, but the step from k = 0 (case of direct observation of X)
to k = 1 suggests how to get a general result, see Remark 6.1 in the proof. However, given
technicalities of the proof, we detail only the case k = 1.
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Theorem 3.2. Assume that s is an integer, s > 1 and consider the model Y = XU, for X and
U independent, U ~ U([0,1]) with only Y observed.
Then for any estimator f, of f the density of X, for any e > 0 and for n large enough,

sup By {an - fHZ] - ?Z)n, @Z;n — p5/(s+3) (log n)(1+e)/(1+s/3)_
feWs(D)

4. SIMULATION RESULTS

We implement the adaptive estimators fmk of f based

e on direct observations Xq,...,X,,
e on multiplicative censored observations Y7, ..
e on multiplicative censored observations Y7, ..

Y, Vi = X;U; with Uy ~ U([0, 1)),
We consider for f the densities

(i) Gamma(3,1/2),

(ii) a Gamma mixture: ¢X with X ~ 0.4 Gamma(2,1/2)+0.6 Gamma(16,1/4) and ¢ = 5/8.
(iii) Lognormal(0.5,0.5) (exponential of a Gaussian with mean 0.5 and variance 0.5%).
(iv) 5X with X ~ Beta(4,5), a beta distribution.

All factors and parameters are chosen to have the true densities with the same scales.

After preliminary simulation experiments, direct estimation is penalized with k1 = 0.75. For
U following a uniform distribution on [0, 1], we use k2 = 0.25 and k3 = 0.025 for U following a
B(1,2) distribution on [0, 1].

Beam of estimators are given in Figures 1-2 and show clearly the performance of the method
via variability bands. The Laguerre basis provides excellent estimation when using direct data,
and the problem gets more difficult in presence of censoring. Increasing k (we have k = 1 when
U ~ U(0,1]) and k¥ = 2 when U ~ f(1,2)) makes the problem more difficult. This is why
Gamma mixtures are hard to reconstruct in presence of multiplicative censoring (see Figure 2).
Selected dimensions can be of various orders (between 3 and 12 in our examples) and vary or
be very stable (see the standard deviations).

n = 400 n = 2000
density Kernel | Laguerre | U(o,1]) | B(1,2) || Kernel | Laguerre | U(o,1]) | B(1,2)
7(3, 1/2) 3.66 3.38 6.9 12.55 1.20 0.58 4.05 4.67
(i) (2.19) | (1.35) | (7.77) | (14.95) | (0.47) | (0.51) | (1.28) | (3.21)
Mixed 22.25 6.17 51.07 41.54 12.00 1.82 9.47 12.62
Gamma (i) | (2.69) | (1.98) | (16.84) | (19.50) || (1.24) | (0.69) | (4.29) | (5.95)
Lognormale 3.93 2.54 19.54 22.34 1.28 1.13 6.21 7.07
(i) (2.25) | (1.61) | (8.42) | (19.43) | (0.51) | (0.45) | (2.66) | (4.40)
5,8(4, 5) 2.51 2.06 11.87 18.52 0.71 0.67 8.21 8.40
(iv) (1.31) | (1.64) | (8.36) | (14.49) || (0.36) | (0.46) | (2.18) | (4.56)

TABLE 1. MISE x 1000 with std x 1000 in parenthesis for 100 estimation of f
with kernel or Laguerre projection estimators in the case of direct observation of
X and with Laguerre projection in case Y = XU is observed and U is U([0, 1])

or 5(1,2).

Table 1 gives the Mean Integrated Squared Error (MISE) for two sample sizes (n = 400
and n = 2000) and the three cases for the same X sample; ISE are computed on the interval
of observation. The kernel estimator implemented for comparison is obtained via the function
ksdensity of Matlab. The projection method is in general better than the kernel estimator,
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mx = 12.32 (2.32) My = 6.72 (0.45) My = 6.58 (0.50)
mx = 8.58 (2.36) my; = 5.12 (0.48) Mys = 5.42 (0.61)
mx = 8.62 (1.55) my1 = 4.60 (1.12) mys = 5.58 (1.16)

FIGURE 2. True density f of Model (ii) (Mixed Gamma) on the first line, Model (iii)
(Lognormal) on the second line, and Model (iv) on the third line (Beta distribution)
in bold (blue). Left: 50 estimators of f from direct observation of X in dotted (red).
Middle: 50 estimators of f from observation of Y, in dotted (red) with U ~ U([0, 1]).
Right: 50 estimators of f from observation of Y, in dotted (red) with U ~ B(1,2),
n = 2000 in all cases. Above each plot, mx (resp. my,1, resp my,2) is the mean of the
selected dimensions for X (resp. for Y') with standard deviation in parenthesis.

with slight improvement for models (iii) and (iv), and a much more important one in the Gamma
and in the mixed Gamma case of models (i) and (ii). This was expected as theoretical rates
are better for Gamma or mixed Gamma when using Laguerre projection method. Clearly, the
inverse problem faced in the multiplicative censoring case makes the problem more difficult and
the MISEs higher.

5. EXTENSIONS AND CONCLUDING REMARKS

In this paper, we propose a nonparametric adaptive estimator of the density f of X; in the
model Y; = X;U; where X; are i.i.d. nonnegative random variables and the sequences (U;); and
(Xi); are independent. We develop the case of U; ~ (1, k) for k € N, where k = 0 corresponds
to the direct observation of the X;’s (i.e. U; = 1). Using a Laguerre basis a collection of
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projection estimators is built and a date driven procedure is proposed to select the dimension
of the projection space. The risk bound of the adaptive estimator provides a an automatic bias
variance compromise which is non asymptotic. From the asymptotic point of view, we prove
upper rates over Sobolev Laguerre balls. We obtain lower bounds matching with the previous
rates up to a logarithmic factor, the proof of which requires specific extensions of the classical
scheme.

The method can be extended to other noise distributions. As in Chesneau (2013), we can

consider that U; = Ui(l) . Ui(g) with Ui(j )% i.i.d. and uniform. Then denoting the density of Y;
by f)(f ), Proposition 2.3 applies and yields

C_im—l(f) - Hg)Hgll v Hr(i_)yg_laerZfl(f}(/é))'
Propositions 2.4 and 2.1 can be generalized without difficulty.

Another possible extension of the noise distribution is to consider that U; follows a B(r, k)
distribution, » > 1. Indeed, an inversion formula extending Proposition 2.1 holds. Denoting
by frry the density of Y; = X;U; with U; ~ §(r, k), we can prove (see Section 6) that if
E(1/X"1) < 400

(16) f(w)=(—1)k(r+k_1)(r+k_2)...rﬁ a1

Therefore, we can obtain an analogous of Proposition 2.3 and develop a complete study.

It is worth stressing that the model Z; = X;U; 4+ V; can be treated by our approach. Indeed
Laguerre functions are a convenient tool for deconvolution on RT, as done in Mabon (2015).
Moreover we provide a precise description of the strategy in the model Z; = X,;U; + V; in
Belomestny et al. (2016).

Another way of treating the subject could be to take the logarithm of (1) and estimate the
density of log(X) by deconvolution (mainly Fourier methods). This method can work for a
large class of noise distributions. On the other hand, the function which is estimated is fi,g(x),
the density of log(X). The relation fx(x) = fiog(x)(log(z))/z implies that the estimator is not
defined in 0 and the integrated risk has to be computed on [a,+oo], with @ > 0. This is a
significant drawback and justifies the use of the Laguerre strategy.

xk“i”l"*l dk <fr,k,Y($)> .

6. PROOFS

6.1. Proof of Propositions 2.2 and 2.3 for £ = 1. We first look at the case k& = 1 before
the general k-monotone case.
Set f1 = f1,y. We have

+oo
(f1, (o)) = [AWye; W=y > + /0 %y) x yp;(y)dy = (f, ;).

This yields (8) for k = 1.

As ygli(y)e? = \/iy[QLng) —L;(2y)] is a polynomial with degree j+1, it can be decomposed
in the Laguerre polynomial basis of degree j + 1. There exist coefficients bé’l such that
J+1
yei(y) =Y b eu(y)
=0
and using the specific properties of Laguerre polynomials we can compute the coefficient bé’l.

Let Lg.a) be the generalized Laguerre polynomials given by Formula (22.3.9) in Abramowitz and
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Stegun (1964) and L; = L;O). By (22.5.17) for m = 1 in Abramowitz and Stegun (1964), we
have

(17) L) = =13, (@).
Moreover, Formula (22.7.31) in Abramowitz and Stegun (1964) gives
1 )
(18) 2L () = (G + DILs() = Ly (@),
and Formula (22.7.12) therein
(19) wLj(x) = =0+ DLj(x) + (27 + DLj(x) — L1 ().

We have to compute 2yL’;(2y) — yL;(2y) or tL(t) — §L;(t). Combining relations (17)-(19), we
get

J+1 1 J
tLy(t) — —L i(t) = 5 ——Lj(t) — §Lj(t) - §Lj—1(t)-
Thus, bZ’l :0for€7£j—1,j,]—|—1 and
A 11 i1 J+1
(20) bioi=-5 b =—5 bh=""F"
Finally,
J 1 j+1
(21) (yes)" = #i(y) +y¢5(y) = =50i-1(y) + 505 (W) + 5w (y)
This gives the result for £k =1. O
6.2. Proof of Proposition 2.2 for k > 2.
Let fr = fr,y. Using (6), we write
-1 k +o00 &
(f. i) = ( k,) ; £ ) (0 e () dy

and by integration by part we have

-1 k +o00 b1 -1 k +o00
o =S [T i w6 = = cH S [T et e ) Pay
provided that all terms appearing in the integration by parts are null, i.e.:

+o0
k— E — _
(22) [Z fi i)V (=) 1] =0
0

Therefore, we obtain Formula (8) after proving that (22) holds.

Proof of (22)' Let

Z @) e )Y Zf(p) () D (1),

Using the Leibniz formula and interchanging sums ylelds

k—1
=5 )ziy)
t=0

with
k—1—t
— Z (

1)kfp—1fk(;p)(y)yp+1+t (k +1: B 1>k X(k—=1)...x (p+t+2).
p=0
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t)
’ 0

0 at 0 and +o00. We look at the coefficient of <p§. ) = 5

As ¢.” (y) is continuous at 0 and tends to 0 at +oo, we only need to prove that ¥;(y) tends to

1
(p+ 1)

By (7), Zo(y) = (=1)*k!(F(y) — Fry(y)). As F and Fjy are continuous c.d.f. on RT, they are
null at 0 and both tend to 1 at +o0o. Therefore, as y tends to 0 and o0,

k—1
So(y) = (~1)FkN S P (=1 P (y)
p=0

For the term X1 (y), we prove that each term fk(;p) (y)yP™2,p=0,...,k — 2 tends to 0 at both 0
and +o0o. Indeed,
+oo (u o y)kflfp

1P )y oyt / Y f(w)du.
y
) b2 “+oo yp+2 “+oo
(23) Pwws [ Eatwdizy [ fwi
y y
which tends to 0 as y tends to 0. Also,
) o2 “+oo yp+2 +oo
(24) Py [ Larwdis [ updd
Y y

which tends to 0 as y tends to +oo as E(X) < +oo. We proceed analogously for all terms
Y(y),t < k—1. We prove that f,ip)(y)yp”“,p =0,...,k—t—1 tends to 0 at both 0 and +ooc.
The convergence at 0 is already done. For the convergence at +o00, we use that

®) 11 +oo yp+t+1 +oo .
(25) P [ fwdes [ e
Y Y

which tends to 0 at +oo by the moment assumption E(X?) < +oo. The proof of (22) is
complete.O

6.3. Proof of Proposition 2.3. The function (y*¢;)*)/k! belongs to S; x, and therefore
admits a decomposition on the basis of the py, for £ =0,1,...,j + k:
¥ J
1 jtk
n
H(yk%)(k) => h%u(y).
’ £=0

This decomposition is obtained as follows. The Leibnitz formula yields:

1 k kE\ 1 ®)
(26) H(y%j)(“ => ( )—!y%jp :

= \p/)p

(»)

Next, the development of y¢. " (y) is given in the following lemma.

Lemma 6.1. We have
) Jj+p ‘
(27) el ) = Y. 0euy),
t=0v(j—p)
where b;’o = 0y, and for p >0,
L4+1 .

, 1 .
(28) b = - 5 byl — (p+ 5)5%’17 +

14

U
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Moreover
(29) V< j+p, 0] < Cp(j + ).

Applying Lemma 6.1, and interchanging sums in (26) yields formula (9). Next, we use Formula
(29) to get

k

: E\ 1

J.k . . k /- k

|hy"| < % lle(J +p)? <p>ﬁ < rggg(cp)w +k+1DF <O+ k)R
pP=£—=]

This gives the bound (10).

Proof of Lemma 6.1 Initialization of (27) for p = 0 is obvious. Formula (20) shows that the
induction formula (28) holds for p =0 (p=0to p=1).
Next, we differentiate (27) and multiply by v, to get

p+J

y (VW e W) = Y W el
{=0Vj—p

Now using (20), we get

+
p+1l (D) N p (P) — P _{ 1 t+1
P ) = —pre” )+ > b 5Pe-1(y) = 50e(y) + —5—eeny) | -
(=0Vj—p

Taking into account that pypgo(p ) (y) = ngv(jfp) P b%’p wu(y) gives formula (28). Inequality

(29) is obtained by stralghtforward induction. The proof of Proposition 2.2 is now complete. O

6.4. Proof of Corollary 2.1. The general inequality \H,(,f)\% < me(Hyf)) holds for all m x
(m + k) matrices. For k =0, HY = I, the m x m identity matrix, and the two above terms

are equal to m. First we prove the upper bound for pz(Hy(,lf )), k> 1.

m itk
PHY) = sup o at (HE) HPr=  sup (Y [H]jer)’
We consider first m > k and use (10) to get
m itk m jt+k
Z Z [H; 020)? < R+ _G+RT D 4
J=1 t=(j—k)+Vv1 j=1 (=(j—k)tv1
Jj+k
< (CP2(2k +1) m—i—k%z Z 7.
J=14=(j—k)tVv1
Next write that
m itk k j+k m itk
2 Z i = D) S S
J=1t=(j—k)+ j=1¢=1 j=k+1l=j—k

Interchanging sums yields



14 D. BELOMESTNY () F. COMTE® & V. GENON-CATALOT(®)
Therefore we get
P2(H®) < C(k)(m + k)% with C(k) = (CL)*(2k + 1)(3k + 1).

If m < k, the bound obviously holds.
Now we prove the lower bound on |H,§iC )|% First

m Jjt+k
HE=2 > [HWBe= ) IH

j=1 E:(j—k)+v1 j=1
Now, Proposition 2.2 yields [Hy(,lf)]jyﬂk = hl kk = b]+k/l<: and b]+k = ((j +k)/2)0 +k 1 Indeed,
coefficients bz’p are zero if £ > j+ p (see formula (27)). Therefore, as h;’ﬂ =(j+1)/2, we get,

by elementary induction that

it _ LG+0G+2). (G +h)
j+k T k! ok :

We obtain

=
Z

o

Y

T GEDG D)+ R 1 .
;(E(J )U 2k) (J )> Z(mk)22(j+l)gk

> ;/ 22k dr = L
= (K122 f) (2k + 1)(K12K)2°

which ends the proof. O

6.5. Proof of Proposition 2.4. The risk bound of the estimator can be written as follows

1 fn = FIZ =1 = fnl® + 1 fn = fll?

m—1

where fi, = > 15, a;(f)p; is the projection of f on Sy, = span(go, ..., pm-1) and [|f — fml? is
the usual bias of a projection estimate. Next we have, see (12),

m—1
o = Fll® =D (@5 = a5()* = [HE @ g1 =BG )nir—1))[I-
j=0
So,
E(|| fm = fml?) < p*(HEE(G(Y )mik1 — E(dﬂ(Y)mel)HQ)
m+k—1 m—+k—1
< p*(HW) Z Var(a;(Y PP(HP) > Var(p;(V1))
=0
1 m~+k—1 ”
< Epz(Héf)) > E(pi(M))
§j=0
o 2Am+ RPN

)

n
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as Zerk Y o2(2) < 2(m + k), Vo € RT. This gives a first bound. For the second one, we can
write, if nyHoo < 00,

E(|fr = fmll?) =E (Z (B GO k1 =BG i) )

L
L
2

= E Z Z[H(k)] [c:i(Y)erkfl—E(g(y)erk—l))]j
¢ J
= 3 S Pl seov a5V, a5 (V) = 57 S HE D greov(5(1), 03 ()
gy NN

2

= —ZVar ZH(k)] i (Hy) S%ZE Z[Hrf)]&j@j(yl)
¢

J

< ||f§;Hoo Z/ SO HB) i) | dy = £y llso SSSHWR, = HfY||oo|H(k|
t j £

which gives the second part of the bound.

It follows from Corollary 2.1 that me(Hf,f)) and \H,(,f)\% are both of orders m2**1, but
the second bound involves || fy||co. This term is unknown, difficult to estimate and additional
assumption is required to ensure its finiteness, for instance E(1/X) < 400 for k=1. O

6.6. Proof of Theorem 2.1. In the proof, we omit the index k in Mq(lk), peny(m) and .
Let M = max M,, the maximal element of the collection. Let for m < M, S,,, = {{ eRM ¢ =
(t1,...,tm,0,...,0)} and for any e RM let

() = 13— 208 By daris (V)
where ||Z]|2, is the Euclidean norm in R and (-, -)5s the associated scalar product. For £ € S,,,
we denote by %, the vector of R™ with the m first coordinates of # (those which are not necessarily
zero). Thanks to the particular form of the matrices 28 (band), we have, for £ € S,

(& H Y anrek (V) ar = (Es P G 1 (V) = (B ot )
Therefore the vector f in RM with m first coordinates a,,_; and following coordinates null
is such that f(m) = arg ming_g Yn( (t) and 'yn(f(m)) = —||fm|/?. Therefore
= arg min ’Yn(f(m)) + pén(m)).
Now for m,m’ € M,,, and t € S,,, §€ S/, we have
@ =) = = Fulde = 15— Fulde — 20— 5 HY darra (V) = Fardm
= = Faalie =115 = FarlRe = 2F = & HY @nrina (V) = nrena ())ae
where fM = (a;j(f))o<j<m—1. Let us define
val®) = (E Hyp @nrena (V) = v ()

and note that

(30) Hfm—frP:rrﬁm)—fMH%wZa?m, I fm = FI2 = o = Furllir + D a3 (F)

j=M j=M
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By definition of m, we have

—

o Fy) + pen(rin) < Y (fon) + pen(m),

which writes
(31) iy = Fralie < I fm = Faallir + pen(m) + 2vn(fmy = fin) — pen(i).
Let B(,m) = {t € Spvm, ||t]lar = 1} and note that

2Vn(f(m)_fm) < 2”f(m)‘meM# sup ‘Vn(tw

teB(ri,m)
1 = "
< <oy = fmlli +4 sup v (D)
4 te B(rn,m)
L.z 7o L Low 72 2
< glfemy = fallar + 5l fm = Fallar + 4 sup Vi (1)

te B(rn,m)
We get by plugging this in (31),
1 ~ — 3 — — ~
iy — FotlBr < 2l Fon = Farll3y + pen(m) +4_ sup v2(7) — pen(ii)
te B(,m)

Let p(m,m’) be such that 4p(m,m’) < pen(m) + pen(m’) and use (30), to get

%Hfm—leS;Hfm—f\l2+2pen(m)+4< sup v,%@—p(m,m))

te B(m,m) n

Now, we have

C
_7
n

(32) E ( sup Vﬁ(ﬂ—p(mﬁ)) <

te B(rn,m) "

where ¢ depends on k and ||fy|e = E(1/X). The proof of (32) follows the line of the proof
of Proposition 7.1 in Mabon (2015) and delivers the value of kg. Thus, we obtain the result
announced in Theorem 2.1.

6.7. Proof of Theorem 3.1.

6.7.1. Main steps. Define fy as the density

x) = Carp +(x
fO( ) (6+:C)a10g6(e+x)1R ( )

where a > 1, and 8 = (14 ¢€)/2 > 1/2 with € < 1, and ¢, g is such that [ fo = 1. Note that as
Ve > 0,1 <log(e+z) < e+ x, we have, as § < 1,

Ca,B Ca,B
33 — F K < ——F
(33) (e +z)otl = fo(z) < (e + 2)°
Next we consider the functions
2K
fo(x) = fo(x) +6 Z Ok —r or(2)
k=K+1

for some 6 >0, K € Nand 0 = (64,...,0x) € {0, 1},

Lemma 6.2. Let s integer, s > 1. Then fo and fg belong to W*(D) provided that o >
(s+1)/2(> 1) and $*K*T1 < D/C for some constant C' = C(s) > 0.
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Lemma 6.3. Suppose that Zszl 0r(—1)% = 0 and all partial sums > F_, O(-1)F, p=1,... K,
are uniformly bounded by 1, then under the choice § = & K¢ logfﬁ(K) for small enough constant
0" > 0 not depending on K, we have that fg is a probability density on R.

Next we have for any 6,6’ € {0, 1},
. K
2
(34) /0 (fol) = for(@)* du =62 (6, — 0;)" = 50(6,6"),
k=1
where p(0,0') = Zszl 1y, is the so-called Hamming distance. Now to apply Theorem 2.7

p.101 in Tsybakov (2009), we need to extend the Varshamov-Gilbert bound (see Lemma 2.9 p.
104 in Tsybakov (2009)) as follows.

Lemma 6.4. Fiz some even integer K > 0. There exists a subset {0, ... 0} of {0,115 and
a constant A; > 0, such that 8©) = (0, ..., 0), all partial sums ZN H(J)( DF,N=1,...,K,
are uniformly bounded by 1,

K

S0k =0 and (69, 00) > 4K,

k=1
for all 0 < 5 <1< M. Moreover it holds that, for some constant As > 0,
(35) M > 242K,

Then we have the following Lemma.

Lemma 6.5.
1 M
27 2 X ((fo0) ™" (f)*") S nd® K™ and for 0 <j # 1< M, | foo — fou | 2 0K
=1

Now we are in position to end the proof of Theorem 3.3. Under the choices
52 — (5/)2K72a(10g K)*(1+6) and K = (n/ 10g1+6 ))1/(201)
using inequality (35), K < log M/ (A2log2), we get

a7 Z X fe(ﬂ) ) (f0)®n) S loga+4(M)

and

g = fow|* Z (n/log!te(n)) =202
for all 0 < j # 1 < M. Finally, by taking o = (s+1)/2 (recall that o > (s +1)/2) and arbitrary
small € > 0, we derive
£gir = fowl® Z (n/log"t¢(n))~*/ 1 1og= (149 (n) = =/ V[log ()]~ (1<) (+1),
This ends the proof of Theorem 3.1. O

Proof of Lemma 6.2. We have
2

400 i S . i S +00 . 9
2= [ (2 ()@ ) <2y () [T (@20 @) a.
0 =0 M =0 M/ Jo
The “worst” term in the above sum is 2%/2(e + 2)~*log™?(e + x). Thus, as o > (s 4 1)/2 and
B>1/2,
xs/2f(§])($) c L2(R+)
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for j =0,...,s and there exists a constant B(s, «) such tat
1foll < B(s, ).
It follows that
[fol: < B(s,a), B(s,a) = (s + 1)B(s,a) A(s)
where A(s) is defined by (49). We take D/4 > B(s, ). Next
2K

> Ok

k=K+1

’f@’s < ‘fO’s +9

s

Let us define for f,g € W*, (f,9)s = (1/2)(If + g|? — |f|? = |g|?) so that |¢x|? = k* and
(o, 0e)s = 0 for k # £. Therefore

2 2K 2K
Z O-rcpe| = D, KOix< Y K

k=14+K k=1+K k=1+K
2K k+1 9K 1 1)t _ (1 + K)s+!
- / po = KA - 0RO

k=1+K K s+

and
[folZ < 21folZ + COPKF/(s +1)
for some constant C' = C(s) > 0. Hence |fg|? < D if ?K*t!/(s + 1) < D/(2C). O

Proof of Lemma 6.3. First, noting that [ ¢ (z)dz = v/2(—1)¥, we have

/Ooofo(x)dw _ 148 S 6 K/ onlz) do

k=14+K

= 1+26 Z O (—1)F =1,

k=1+K

so that our conditions ensure that [ fo(z)dz = 1.
Next we prove that fg is nonnegative, which is surprisingly difficult. We have

e+ 2)%log”? (e +x)
fo(x)/folz) = 1+5( ) . 5 Z Ok (z
o.f k=K +1

For any fixed a > 0, for any z € [0,a], we have |fg(z)/fo(z) — 1| < 6K+/2(e + a)*log”(e +
a)/cap S 0K = §'K'"%log™#(K) which is small as a > (s 4+ 1)/2 > 1. Without loss of
generality, we assume that a > 1.

Thus, in order to prove that fg is a nonnegative function, it is enough to show that

(36) sup |2 logh( Z Op_ron(z)| < KMogh(K), K — oo
r>a k=41

for any fixed A > 0, © > 0 and for sufficiently large a > 0. Then by taking A = a, u = § and
§ = 0'K~*log #(K) for small enough constant & > 0 not depending on K, we get fo(x) > 0,
x € R+.

We proceed in two steps for the proof of (36). First we study the supremum for large values
of x, 2z > cv, v = 4K + 2, ¢ > 0 and then for intermediate values of z (2a < 2z < bv with
b<1).
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Step 1. Suppose that the sequence 8 = (01,...,0x) € {0,1}¥ satisfies

> Oe(-1)F
k=1

for all m = 1,..., K, and some constant A > 0. Fix some real numbers A\, p with 0 < A < K,
and g > 0, then it holds for any 2z > 4K + 2\ + 1,

<A

2K
(37) 2Mogh(x) - Y Oh_xpr(x)| < AC K M ogh(K), K — oo,

k=K+1

where ¢y (z) = v/2e ¥ Ly (22) and the constant C), depends only on A, p.
To prove (37), we first study the case p = 0 and \ integer.

Lemma 6.6. It holds for any integers n and A < n,

A
(38) P L) = Y ) Losi(z),
k=—\

where the coefficients c,g/\% can be computed via the relation

e = Ve R) + 1)~ D (k) — e (kD)

for |k| < X with cg)?)l = o and

O UES YR PR U S

Proof. For A = 0, (38) obviously holds. Suppose that it holds for some A = K, then due to
formula (19), we have

K
oKL (2) = Z c,g;)anJrk(x)
k=—K

K
= Y 1@+ B) + D) Lngk(@) = (04 k + 1) Lnpisr — (04 B) Lo ()]

k=—K
K K+1
K K
= Y cévn)(Q(n + k) + D lpgp(a) = > cl(%)l’n(n + k) Ly
k=—K k=—K+1
K-1

Stk ) Ly(@)
k=—K-1
K+1

= Y 8 L)
k=—K-1

This ends the proof of Lemma 6.6. U

We deduce by induction from Lemma 6.6 the following Corollary.

Corollary 6.1. Fach coefficient c,(:‘T)l in (38) can be represented in the form

A
(39) e = > os) [T (n +rs)

r=(r1,A)TiES] | =1
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with n > X, Sx172 = {=A .. A U{=A+1/2,...,A + 1/2} and some coefficients blg/\T) not
depending on n.
The following property is given e.g. in Muckenhoupt (1970).
Lemma 6.7. Set v =4N = 4n + 2, t = z/v, then it holds for all x > dv for any d > 0

NN+1/6=N Ai(—v2/3(t)) )]

e P Lo(x) = (_1)nn!(—x¢’(t))1/2 x

Ai(—2Pp(t)) + O <

where
Blt) =~ Br(/2¥, (1) = (1~ ) — Seosh ™ (1172)
and Ai(t) is the Airy function (see Abramowitz and Stegun (1964)).
Corollary 6.2. Under conditions of the previous lemma, we have a representation
(10) 2L (2) = (—1)"an (),

where for any x > cv with ¢ > 1 the sequence a, is bounded (uniformly in x), positive and
increasing inn forv=4n+ 2 < .

Proof. The function Ai(—1/2/3¢(ac/1/))/(—acgb’(av/l/))l/2 is monotone increasing in v for any x >
v = 4n + 2. Moreover, the function N¥+1/6e=N /p! is monotone increasing in n. The uniform

boundedness of a,(x) follows from the boundedness of |e‘z/ 2Ln()|. O

Proof of Step 1. First we prove (37) for x = 0 and A integer. From (38), (39) and (40), we
have

2K A
N Oge P Ly(x) = 3 S DB sk r)
k=K+1 r:(rl,...,r)\),riES;\"l/Q ==X
with
2K A
A A
k()= " O (—DFari(@)pl (), oY () = [k +r0).
k=K+1 =1

Note that k +— p,(g’\) (r)agsk(x) is nonnegative and nondecreasing and ayyi(z) is bounded. In-
equality (37) for p =0 and A an integer follows from the next Lemma.

Lemma 6.8. Let K| < Ks be two integers and let p, be an increasing sequence of nonnegative
numbers, then for any x > 4Ks + 2, we have

Ko n
—xz/2 _1\n
> e POpnln(x)| < pryax, (x) o na > (-1
n=Ki+1 n=Ki+1
Proof. Due to the Abel summation theorem, we get
K2 K2
Z eiz/Qenann(x) = Z ann(_l)nan(x)
n=Ki+1 n=Ki+1
Ko—1
= SKyPK,aK,(T) + Z Sp(Pn+1an+1(T) = pran(z)),
n=Ki+1

where S, = Y1 +1(=1)70; for n > K. Since the sequence ppan(z) is non-decreasing and
non-negative, we get the desired estimate. O
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Now consider the case of A a real number and write that A\ = [A] + {A} where {\} is the
fractional part of A and belongs to (0,1). For any 2z > 4K + 2[\] + 3,

2K 2K
Z Hk,K(pk(.%') Z kaKSOk(x)

k=K-+1 k=K+1
< (4K +2X +3)W Ay KT

= ‘.’I]{/\}ill "I,'[/\}Fl

and the result follows.
Now we study the case p > 0 and we want to prove that, for 2z > 4K + 2[\] + 3,

2 logh( Z Or—rcor ()| < logh (K)K™.

k=K+1

If X\ is an integer, we write

1 K
0og ( )K)\—l—l _ IOgM(K)KX,

[ logh(2))a ! Z O repn(e)| S 2

k=K+1

since x +— logh(z)/z is decreasing for x large enough (z > et).
If X\ is not an integer,

[t log# (x Z Ok—Kon(a
k=K+1

< logh(K)
Kl {A}

KN+ — Jogh (KK,

since for any w > 0, x + log#(z) /2% is decreasing for  large enough (z > e*/¥). O

Step 2. Now we want to prove (37) for x < bv, b < 1, v = 4K + 2. It holds that (see
Muckenhoupt (1970) p.288)

z/v) 12 /-
eI L,(z) < E%] [Jo<uw<x/v>>+0< o ))]

for x < bv for some b < 1 and v = 4n + 2, where

1 1
() = 5t - )2 4 5 arcsin(vVt),
Jo is the Bessel function and Jo(u) = 1)0,1)(u) + u"'/?1,~1. Since

;ﬁ% =2+ §t +O(E?), () =Vt+0 (tw) » £0,

it follows from the asymptotic behavior of the Bessel function Jy, that

e Ly(x) = Jo (Vav) (1+0(1)
- \/%xu)”‘* cos( — vaw) - i\/;m) sin(T — Viw) + O((av) /1),

provided xv is large. Suppose that x > 1 and A > 1, then

2K €08 [1 —Vx(dn + 2)}
A =120, Lo( Ot — + Ry(x)
T ().
D e
Since
2K

Z 1 < /2K 1 ds < K4
e — e — 8
i (An ot 234~ Ji (L4s)3/4 7 7
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we have |R,(z)| < 2 3/4KY* < K* for x < K. So we need to investigate the series

2K cos [% —Vz(dn + 2)}
Sk(z) = Z O
2T T G
A—3/4

It is clear that we can restrict our attention to the case x > K 3173 because if 2 1/4 < KA=3/4,

then
2K

1
1Sk ()] < A4 Z - < AVARBIA < KO
n=K+1 (4n + 2) /

Now, as Sk (z) is a harmonic sum, its asymptotic behaviour can be analysed using the Mellin
A—3/4

/
transform approach, which yields that |Sx (x)| < K* for # > K*-1/2. This yields (37) for u =0
and 2x < 4K + 2. The case p # 0 is here straightforward. This ends the proof of Step 2. O

Therefore (36) is proved so the proof of Lemma 6.3 is complete. O
Proof of Lemma 6.4. Set for any j € Ng = {1,2,...,},

21
@Qj = {(01,...,92]') S {0,1}2j : Zek(_l)k =0, [= 1,...,j},
k=1

then it obviously holds
©a341)| =2 1095], (02 =1.
Indeed
Og(j+1) = {(01,...,602;,0,0); (01, ...,025,1,1),(01,...,025) € O;}.
Thus
1O, = 27.

And, for any sequence 6 € ©y;, it holds ‘22:1 Hk(—l)k‘ < 1forany!=1,...,2k. Hence the set

. K
SO(-DY <1, 1=1,... K Z‘)k(‘”kzo}
k=1 k=1

satisfies |Qg| > 25/2 for all even K. Next we follow the proof of the Varshamov-Gilbert bound
(see Tsybakov (2009)) applied to the set Qi and get that for any even K > 16 there exists a
subset {0, ... 0™} of QO such that

Qi = {(91,...,9[() € {0,1}K:

p(09) 00) > K/16, 0<j<I<M,
and M > 2K/16. O
Proof of Lemma 6.5. Equality (34) and Lemma 6.4 imply [|fo0) — fou > > A16%K, for

0<j#1<M.
From (33), we have

X2(f9’f0) _ /Ooo (f@(x)fo_(xf)O(x)) dr

Cr [ (fota) = fole))* do+Co [ (VP fo(o) — 2 FV ) d

0

IN
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for some constants C7,Cy > 0. First

| o)~ po@))? da =326 < 82K

k=1
Next, using the relation (19), we derive that for (o + 1)/2 integer,
2K +(at1)/2

dOH2(fo(x) ~ fole) =6 D vk K a,0)p)
k=K+1—(a+1)/2
where [1)(k, K,a,0)| < K©@+t1)/2. Now, with the orthonormality of the system {py}, we get
X*(fo. fo) S O°KT2 K — o0
uniformly in 6 € {0,1}%.
If (¢ +1)/2 is not an integer, splitting the last integral between 0 and 1 and 1 and oo, we get
a bound 62 K1 where aq is the smallest even integer larger than o + 1. Therefore,

X*(fo, fo) SEK M, K — oo
uniformly in 8 € {0,1}* and we get Lemma 6.5. O

6.8. Proof of Theorem 3.2. The proof follows the same steps as the proof of Theorem 3.1.
First we define proposals fo and fg for the densities of X, ..., X;, and compute the corresponding
densities fy,o and fyg of Y1,...,Y,. Let us choose fy such that

oo fo(u Coy
o) = [ L= o) = 1),

where 5 = (1+¢€)/2, with 0 < e <1 and a > 1. By derivation, we get
x

(e + z)o+ logP (e + )
Then we can compute by formula (4) for k = 1, Next, let

fo(x) = —zfy () = cap [alog(e + x) + Bl1g+(z),

2K

folz) = fo@)+6 > Ok ko (x).

k=K+1
We have, as [ ¢p(z)dz = v/2(—1)* that

+oo
[ acti@ae = @l - [ auade = V-1

Therefore [ fo(z)dz = 1 under the condition 3 6;(—1)F = 0, as previously. Thanks to formula
(21), we have
k 1 E+1

roy(r) = —?Pkfl(x) - ?Pk(@ + 9

and we can write fg as follows in the (py)x basis:

<Pk+1(90)
i i 2K +1
folw) = folw)+6 > 1(0)ex(z)
=K
with for k= K, K +1,...,2K + 1,
5 Or—K+1— =O0p_K_1

pi(0) = - K3

under initial and final conditions §_1 =60y = 011 = 042 = 0.

k41 Ok
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Computing [ fa(u)/u du yields

2K

fro=fro@) +8 > O rer(@).

k=K+1

We stress that by our construction, fy,g = fo and fy,¢ = fg, so that Y4( fv.e, fvo) = x2(fo, fo)
is already computed in the previous section (proof of Theorem 3.1).

Lemma 6.9. Let s integer, s > 1. Then fo and fg belong to W*(D), provided that o >
(s+1)/2>1 and 6>K**3 < D/C for some constant C = C(s) > 0.

Next, we have to see under which condition f 6 = 0.

Lemma 6.10. Suppose that Zszl 0r(—1)% = 0 and all partial sums >0 _ 0u(—1)*, p=1,... | K,
are uniformly bounded by 1, then under the choice § = &' K~ (et log*B(K) for small enough
constant &' > 0 not depending on K, we have that fg is a probability density on R.

Next, we have

2K+1

(41) Ifo = forll* =62 > (1k(6) — 114(6"))?

k=K
Write that for k= K, K +1,...,2K + 1, we have

k Op—r + O—
i (0) = —E(Gk—KH ) — K 5 bRl
We notice that for j =0,1,..., K + 1, we have
K+j .
|rc+(0) — purc+5(0")] > | 5 1 if 01 =01 F 01— 051
since [0 — 0} + 041 — 07,1]/2 < 1. Therefore, we get
2K +1
(42) > (1k(8) — i (6))* > (K/2 = 1)*p1(6,6"),
k=K
where
2K
pl(e’el) = Z 19k+1—9k_17£9;€+1—6’;€_1'
k=K+1

Therefore, we need to check that pi(.,.) is a distance and that the Varshamov-Gilbert Lemma
holds with the Hamming distance replaced by p(.,.).

Lemma 6.11. Fiz some even integer K > 0. There exists a subset {#(0), ... (M} of {0,1}K
and a constant A1 > 0, such that 6©°) = (0,...,0), all partial sums Z?Zl 9§m)(—1)j, k=1,....K,
are uniformly bounded by 1,

K
SO =0 and  pi(00,00) > 4K,
k=1

for all 0 < m < | < M. Moreover it holds that, for some constant Ay > 0,
(43) M > 28K,

Next we prove
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Lemma 6.12.

i ZX ( Fyo)® 7(fY,0)®n) Snd K™ and for 0 < j #1< M, ||fo0) — fou|? 2 K.

Now we end the proof of Theorem 3.2. We choose o = (s+1)/2, 62 = (¢')2K ~2(+1) Jog=(1+9) (K)
= [n/log"*( )]1/[2(0‘“” and we obtain

M ZX ( fyg(ﬂ) (fY,O)®n) S 10ga+4(M)'

and 3 R
1 foir — fowll? = n=*/+3) [log(n)) 1T/ (Fs/3),

Note that 62 K*+3 = [log(n)]~(1+¢) is bounded (constraint from Lemma 6.9). This ends the proof
of Theorem 3.2. O )

Proof of Lemma 6.9. For fy we follow the same line as in the proof of Lemma 6.2 and omit
the details. Next fg belongs to W*(D) if 62 375 H pi(0)k* < D/4ie. for C = C(s) a constant,

SR < D/C. O

Proof of Lemma 6.10. First note that fo(0) = fo(0) = 0 and f;(0) = capla+ B)/e*T >0
and

2K 2K
f6(0) = f5(0) + 6 Z Or— 10} (0) = G — V2 Z (2k + 1)0k_k.
k=K 41 k=K1

Now f4(0) > 0 if §K? << 1. Under this condition, fg is nonnegative on an interval [0,a], a > 0.
For > a, we follow the arguments in the proof of Lemma 6.3 for each of the three terms
involved in the definition of p(@). Thus we must prove that

2K+1
sup |2 logh (e + ) Z Or—rckor(z)| S K logh(K).
r>a k=K

This is obtained as previously (just change p?) (r) into kpé_’\) (r), see Step 1 of the proof of Lemma
6.3). Then by taking A = o, u = and ¢ = §'K~>"1log=?(K) for small enough constant &' > 0
not depending on K, we get fg(x) >0, z € Ry. O

Proof of Lemma 6.11. Let
0= {(90,...,02]{4.1),(90 =0 20,0]' S {0,1}, for j = 2,...,2K—|—1}.

We prove that pi(.,.) is a distance on ©. Due to the initial conditions 6y = 6; = 0, p1(6,6’) =
implies that @ = 6'.

For 8 € O, we separate 8 = (0p,...,02x+1) as gleven) . (62;,0 < j < K) and godd)
accordingly. Let po(w,w’) = ZkK:o Loy 1wt~ then

p1(8,6") = pa((8)™), (8") ™)) 4 po((6)*'), () D).
Now we can check that ps satisfies the triangular inequality on Q = {(wo,...,wk),wo = 0,w; €
{0,1},5=1,...,K}. For ¢,¢ € {—1,0,1}, we note that
1
Leger = 5 (le= €| + [lel = |€]]) = d(e, €)

where d(.,.) satisfies the triangular inequality. Setting e = wp11 — wk, we get that po(w,w’) =
Zf:o d(ex, €,) satisfies the triangular inequality on 2.
Thus, it is enough to prove the Lemma for the set €2 and the distance ps.

)
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Following the proof of the Varshamov-Gilbert Lemma as given in Tsybakov, this amounts to
proving that for w(©® = (0,...,0) € Q, Card({(wi) € Q, pa(w,w®) =i}) = (IZ() Let

K

Api o= Card({w € Q) Loy, —w—0 = i}).
k=0

Note that

K
AK,Z’ = Card({w S Q,Wl —wo = 0’ Z 1wk+lfwk:0 =1i— 1})
k=1

+Card({w € Qw1 —wo =1, Y 1y, w,=0=1})

> T

= Card{w € Q,wy=0,w1 =0 lop—wp=0 =1 —1})

El
Juy

K
—|—Card({w < Q,w() = 0,w1 = 1, Z 1Wk+1—wk:0 = ’L}) = AK—l,i—l + AK—l,i-
k=1

As Ao = A1 =1, we deduce Ak ; = (IZ( ) by the definition of the binomial coefficients. O

Proof of Lemma 6.12. The first inequality follows from Lemma 6.5 and fy9 = fg and
fv,0 = fo. The second inequality follows from (41), (42) and Lemma 6.11. O

Remark 6.1. For k > 1, we choose fi,yo(x) = fyo and deduce fx o, via formula (6). Similarly

we set frye = fro+ 5Z?§K+1 0;_kpj. This leads to fx o = fx,0+ 52?5K+1_k vj(0)p;, with
vj(0) to be computed. The proof can be completed analogously but with more tedious computa-
tions.

6.9. Proof of Formula (16). We have

folw) = B(:, PR )" 1j(u) where B(i’ o (r+k— 1()157;+1)f€' —2)..1
and thus
hart =g (0T R
If we define
() = 2D (o) = IO

we have the analogous of relation (4)

(44) Oy () = k/+°° (1- )" ox )2,

y v v

Noting that E(1/U"!) = 1/(kB(r,k)), under the assumption E(1/X""1) < +oo, we have
0+°° Oy (y)dy = f0+oo 0x (x)dz. Therefore, relation (44) implies (see formula (6) in Proposition
2.1) Ox(z) = ((—1)F/kN)2*6\) (z). This gives Formula (16). O
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7. APPENDIX

7.1. Proof of (6) and (7). For simplicity, set fry = fr. Fork =1, fi(y f+oo w)/u)duly>g.
Derivating yields the first equality in (6). Integrating between 0 and y glves the second equality
which implies:

(45) limy fi(y) = lim y fiy) =0.

To get (6), we proceed by induction and prove that, for any p such that 1 <p <k —1,

p k=l=p 04 _ +oo
) ] = ek 3 (T ) [ I
Yy

=0 J

The formula is true for p = 0 as (4) implies

() = kk; (k ; 1) () / I

Now if we admit the formula for order p, we can deduce that, derivating once more,

qr+1 k=1-p

e e
gt e = (DR (k= p) > (k ! p)(—l)J(J'y“)/ quJEpJ)rldu
Yy

=1 J

k—1—p
+ Z < p>(_1)j+1yjy]f—£g—?—l

The last sum is equal to

_fy) kip <k -1 —P>(_1)j _ _Ly)u e )

p+1 p+1
Yy =0 J Y

and for the first one, we note that
. k‘—l—p) <k:—2—p>
) =(k—-1-p .
]< J ( ) J—1

qp+1 k—1-p

9 e gy
ol = 17k = == 30 (F 72T ) et [T L

J=1

so that we get

and setting j/ = j — 1 in the sum gives the result at order p + 1. Therefore Formula (46) is
proved for all p=0,...k — 1. Taking p = k — 1 and derivating once more gives Formula (6).

To obtain (7), we integrate (6) between 0 and y. The successive integrations by part give the
result provided that, for £ =0,..., k,

_ k—0—
yk gfk(; 1)(y) —0, as y—0.

For this notice that, as for u >y >0, u —y < w and y/u <1,
too () \k—1—(k—(—1)) +o0
T gt [ fwdn <y [
Y Y

uk - U

The r.h.s. above is equal to yfi(y) and tends to 0 as y tends to 0 by (45).0
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7.2. Norms in Sobolev-Laguerre spaces. For s > 0, the Sobolev-Laguerre space with index
s (see Bongioanni and Torrea (2007)) is defined in (15). The following results have been proved
in Section 7 of Comte and Genon-Catalot (2015). For s integer, if h : (0,4+00) — R belongs to
L2((0,400)),

(47) B2 = " k*ai(h) < +oo.
k>0

is equivalent to the property that h admits derivatives up to order s — 1, with R(s=1) absolutely
continuous and for m = 0,...,s — 1, the functions

m+1 1
D2 () D) g /2 3 <m + > B
— J
7=0
belong to L2((0, +00)). Moreover, for m =0,1,...,s — 1,
[T (hem) e 12 = N k(k—1) .. (k —m)ag (h).
k>m+1

For h € W* with s integer, we set ||h|3 = ||h]|* and for s > 1

(48) ||hus=uxS/QZ(j)hmn=[Zk(k—1>...<k—s+1>az<h>1l/2, AN =S 1Al
i=0 :

k>s

<
Il
=)

Then the following property holds.
Lemma 7.1. When s is integer, the two norms |||h|||s and |h|s are equivalent.

Proof of lemma 7.1. Obviously |hlg = |||h]||o and ||h[|? < |h|3 for all j. Moreover j — |h|; is
increasing. Therefore |||h||2 < (s + 1)|k|%. On the other hand, let b; s the coefficients such that
X =375 bj,s X (X — 1) (X —j +1). Then [h]? =375, bis[[AlF < A(s)[I[A]l[Z, with

(49) A(s) =max(|bj s, 7 =1,...,s). O
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