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Abstract: The purpose of this paper is twofold. First, introduce a new
adaptive procedure to select the optimal — up to a logarithmic factor —
cutoff parameter for Fourier density estimators. Two inverse problems are
considered: deconvolution and decompounding. Deconvolution is a typical
inverse problem, for which our procedure is numerically simple and stable,
a comparison is performed with penalized techniques. Moreover, the proce-
dure and the proof of oracle bounds do not rely on any knowledge on the
noise term. Second, for decompounding, i.e. non-parametric estimation of
the jump density of a compound Poisson process from the observation of
n increments at timestep A, build an unified adaptive estimator which is
optimal — up to a logarithmic factor — regardless the behavior of A.
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1. Introduction and motivations
1.1. Adaptive procedure

In the literature on non-parametric statistics a lot of space is dedicated to adap-
tive procedures. Adaptivity may be understood as minimax-adaptivity, .e. op-
timal rates of convergence are attained simultaneously over a collection of class
of densities, such as Sobolev-balls. Adaptivity may also refer to proving non-
asymptotic oracle bounds, i.e. having a procedure that mimics, up to a constant,
the estimator that minimizes a given loss function. It is this last notion of adap-
tivity we adopt here.
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Hereafter, we propose an approach that is relevant for inverse problems when
the estimator relies on Fourier techniques. This method is inspired from the one
introduced in Duval and Kappus [20] and is generalized to deconvolution and
decompounding inverse problems. We present this procedure below in a general
context, even though in this article we study oracle bounds for two specific
inverse problems; deconvolution and decompounding.

Heuristic of the adaptive procedure

Notations. We first introduce some notations which are used throughout the
rest of the text. Given a random variable Z, ¢z(u) = E[e?*Z] denotes the char-
acteristic function of Z. For f € L'(R), Ff(u) = [ €™ f(z)dz is understood to
be the Fourier transform of f. Moreover, we denote by || - || the L2-norm of func-
tions, || f||? := [ | f(z)|?da. Given some function f € L'(R)NL?(R), we denote by
fm the uniquely defined function with Fourier transform Ff,,, = (F )1y, m]-

General statistical setting. Consider n i.i.d. realizations Y;, 1 < j < n, of a
random variable Y with Lebesgue-density fy. Suppose Y is related to a variable
X, with Lebesgue-density f through a known transformation T relating their
characteristic functions: ¢y = T(¢x), where T admits a continuous inverse. To
estimate the density f of X from the (Y}), we build an estimator @x , of px
as follows

Pxnl(u) = Tfl(g/o\y,n)(u) where Py ,(u) ==

S

n
E iy eR.
j=1

Cutting off in the spectral domain and applying Fourier inversion gives an esti-
mator of f

~ 1 m
fm () / e " ox p(u)du, Ym >0, ze€R.

:% .

Its performance is measured with a L%-loss, the choice of the cutoff parameter
m is crucial. The optimal cutoff m* which minimizes the L*-risk is such that

B1Fe — A7) = it 5= [ lex@Pdus 5o [ E[Gxat) - ox ()l du}.

m>0 2

(1.1)

This optimal value m™* usually depends on the unknown regularity of f and
is hence not feasible. An adaptive optimal procedure consistst in selecting a
random cutoff 7, calculated from the observations, for which the L?-risk is

close to the one of f,,«, meaning that one can establish an oracle bound
BIfn, -] < Cint {5 [ lexldutg [ElFxn-ex(@llduf+r,
" — m>0l 27 2 ’ ’

[=m,m]¢

for a positive constant C' and 7, a negligible remainder. Then, ]?ﬁln is called
adaptive rate optimal estimator of f.
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Heuristic of the adaptive procedure. Suppose there exists a function F,,
possibly depending on T and ¢y, such that for some positive constant C, it
holds

E[|8x,n(u) = ox (u)|*] < ClFpy (w)PE[|Byin(u) — oy (w)*],

which is the case e.g. if T~! is Fréchet differentiable: the quantity F,, =
(T~1)'(py) is explicit in the deconvolution case. Then, it follows

~ 1 C T 2

Efllfm = fII") < 5~ / Jox (u)lPdu + — / |Fpy (u)*du, m>0. (1.2)
[=m,m]¢ —-m

The second term in (1.2) is a majorant of the integrated variance of the estima-

tor. If the upper bound (1.2) is optimal, meaning that it has the same order as

(1.1), asymptotically we get m* =< m,,, where T, is such that the bias-variance

compromise in the right hand side of (1.2) is realized. To compute 7, we
differentiate in m the right hand side of (1.2) giving that m, satisfies

(ox ()P = | Fpy )] <= [T (00) ) = S|y R (13)

Clearly, (1.3) has an empirical version, we select m,, accordingly, let

T ' (Py,n)(m) ‘ _ i}
Fgy.,.(m) vnl’

for some k > 0, possibly depending on n. As, the solution of (1.4) may not be

unique we consider one element in this ensemble, such as its maximum.

i € {m e [0,n],

(1.4)

Relation to other works There exist numerous techniques for adaptivity, we
mention some of them together with a non exhaustive list of references. Loosely
speaking there exist three main approaches; thresholding techniques for wavelet
density estimators (see e.g. [16, 17, 36]), penalized estimators (see e.g. [3, 1,
31, 29]) and pair wise comparison of estimators such as the Goldenshluger and
Lepskii’s procedure (see e.g. [23, 24, 27]). These techniques have been developed
for different inverse problems and in anisotropic multidimensional settings.

All the afore mentioned methods rely on the choice of a parameter to be
calibrated by the practitioner, such as x in (1.4). Numerical performances of
the selected estimator are sensitive to this choice and many studies have been
devoted to the calibration of this parameter (see e.g. Baudry et al. [2] and Lacour
et al. [27]). An advantage of the procedure presented here is that, in the cases
considered, for all the values of k such that the oracle bound bound is valid, the
corresponding estimator is reasonable.

Many adaptive procedures such as penalization methods minimizes an em-
pirical version of the upper bound (1.2), while the spirit of (1.4) consists in
finding the zeroes of an empirical version of the derivative in m of the upper
bound (1.2). Roughly speaking, the difference between our procedure and a
penalization procedure is the same as the difference between Z-estimators and
M-estimators.
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Adaptation to the deconvolution problem We consider the deconvolution
problem as it is an archetype inverse problem that has been extensively studied
in the literature (see the references in Section 2). Moreover, it is a building brick
of many inverse problems. One observes n i.i.d. realizations of Y; = X;+¢;, where
X, and ¢; are independent, the density of £1 is known and the density f of X; is
the quantity of interest. Optimal rates of convergence depend on the asymptotic
decay of the characteristic function ¢. of the noise €, usually ordinary smooth
cases — when ¢, decays polynomially to 0 — and super smooth cases — when .
decays exponentially to 0.

In that first case our procedure presents many advantages. On a theoretical
point of view our procedure and the proof to establish oracle inequalities are the
same in both ordinary smooth and super smooth cases, whereas usual adaptive
procedures study these two cases separately. Moreover, the proof to get the ora-
cle bound is rather elegant and relies on a fine cutting of the quadratic risk: the
most powerful result involved is an Hoeffding concentration inequality. Usually,
tools used to establish oracle inequalities rely on more demanding concentration
results. On a numerical point of view, our procedure is simple and for all the
possible choices of the hyper parameter x in (1.4) predicted by the theory, the
associated estimators are relevant. We conduct an extensive simulation study
which illustrates the stability of the procedure. We compare our results with a
penalization procedure described in Comte and Lacour [12], which are known
to be rapid and efficient in deconvolution contexts.

1.2. A unified estimator for decompounding

Consider a compound Poisson process Z,
Ny
Zi=Y X;, t>0,
j=1

where N is a Poisson process with intensity A independent of the i.i.d. ran-
dom variables (X;);jen with common density f. In the decompounding prob-
lem, one discretely observes one trajectory of a Z at sampling rate A > 0 over
[0,T]: (Zin, ¢ = 1,...,n), where n = |T/A]. The aim is to estimate f from
these observations. This model is central in many applied fields e.g. statistical
physics, biology, financial series or mathematical insurance as it is well adapted
to study phenomena where random independent events occur at random times.
For instance, in insurance failure theory these events can model the claims that
insurance companies have to pay to the subscribers, it is the Cramér-Lundberg
model (see Embrechts et al. [21]).

In the literature, cases A — 0 (high frequency observations) or A fixed
(low frequency observations, often A = 1) have received a lot of attention
(see the references given in Section 3) and are usually considered separately.
Here we propose a unified strategy which is valid regardless the behavior of
A=A, - Ay € [0,00). The dependency in Ay of the upper bound is made
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explicit and shows a deterioration as Ag increases. Those results complement
the knowledge on decompounding. Moreover, the estimator remains consistant
in cases where A grows to infinity slowly. This latter result is not straight-
forward, if the jump density is centered and has unit variance, it holds that
Zn = VAACA, where (a — N(0,1) as A — oo. Therefore, one would expect
that in these regimes non-parametric estimation of f is impossible as each in-
crement is close, in law, to a parametric Gaussian variable. When A goes too
rapidly to infinity, namely as a power of nA,,, Duval [19] shows that consistent
non-parametric estimation of f is impossible, regardless of the choice of the
loss function. Having a consistant estimator for f when A gets large is inter-
esting, usually a Gaussian approximation is made to simplify computations, at
the expense of loosing the specificities of the jump density (see e.g. Cont and
de Larrard [15]).

Finally, we show that our adaptive procedure can be extended to this case
and leads to an adaptive and rate optimal estimator of the jump density f, up
to a logarithmic loss, for all sampling rates such that A, < 1/4log(nA,) as
n — 00, this condition is fulfilled for fixed or vanishing A.

Organisation of the article In Section 2 we establish and prouve an oracle
inequality based on our procedure for the deconvolution problem. We illustrate
numerically its performances and compare it with a penalized adaptive optimal
estimator given in [12]. Section 3 is dedicated to the decompounding problem.
Finally, Section 4 gathers the proofs of the results of Section 3.

2. Deconvolution
2.1. Statistical setting

Suppose that X1,..., X, are i.i.d. with density f and are accessible through the
noisy observations
Y;=X;+¢e;,j=1,...,n.

Assume that the (g;) are i.i.d., independent of the (X;) and such that Vu €
R, ¢<(u) # 0. Suppose that the distribution of £; is known. This last assumption
can be softened, the procedure allows a straightforward generalization to the
case where the distribution of ;1 can be estimated from an additional sample,
see Neumann [32]. Then, the mapping T defined in Section 1.1 is given by
T : ¢ — @p., which is a continuous mapping of inverse T=1 : ¢ — /. and
(T~1Y is equal to 1/¢..

A deconvolution estimator of the characteristic function px of X is given by

n

Gy ~ 1 .
L(u), with @y, (u) = fZe“‘YJ, u € R,

e (u) ni

denoting the empirical characteristic function. Since ¢ x is a characteristic func-
tion, its absolute value is bounded by 1 and the estimator can hence be improved
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by using the definition

~ DOy .n(u 1
@X,n(u) — ' ,n( )

u€R. (2.1)

#=(u) max{1,|Eral |}’
Cutting off in the spectral domain and applying Fourier inversion gives the
estimator

m
Fla) = = / e " 5x o (u)du, x€R. (2.2)
27 J_., ’

This estimator and adaptation techniques have been extensively studied in the
literature, including in more general settings than above. Optimal rates of con-
vergence and adaptive procedures are well known in dimension d = 1 (see e.g.
8, 37, 22, 5, 6, 7, 34, 14] for L*-loss functions or [30] for the L>-loss). Results
have also been established for multivariate anisotropic densities (see e.g. [13] for
L2-loss functions or [35, 28] for LP-loss functions, p € [1, oc]).

2.2. Risk bounds and adaptive bandwidth selection

The following risk bound is well known in the literature on deconvolution.

E[|| fm — £II?] S%(/wa(U)lzdqu% / Iw:Z)IQ)' (2.3)

[=m,m]c

This upper bound is the sum of a bias term that decreases with m and a variance
term, increasing with m. We select m,, the optimal cutoff parameter, such that
the upper bound (2.3) is minimal

1 T du
m, € arginf / u2du+—/7.
ngO[{ ]|§0X( )| n ‘Q@a(u)P}
—m,m|¢ -m

Differentiating the right hand side with respect to m, we find that the following
holds for the optimal cutoff parameter:

s = lox(m)en(m)| = lov(m) = 2= (24)
This equality has an empirical version and we select m,, accordingly. In order
to ensure adaptivity the following heuristic consideration is helpful. When the
characteristic function is replaced by its empirical version, the standard devia-
tion is of the order n=1/2. Consequently, estimating ¢y by Py,n makes sense for
loy| > n=12. If |py| < n~1/2, the noise is dominant so the estimator can be
set to zero. This inspires to re-define the estimator of ¢y as follows:

2 1
|80X(mn)| B n|e ()]

Pyn(u) = Oy (Wlz, . (0)|>kan-1/2}; UER, (2.5)
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with the threshold value k,, := (1 + xv/logn). The constant x > 0 is specified
below and the additional log term is added to ensure good concentration proper-
ties on the event considered. Then, the estimator of f given in (2.2) is modified
using (2.5) instead of (2.1). We obtain

_ Pyn(u) 1

&X7 (u) = —
" Pe(u) max{1, —%’!ES;)

u€eR

5

and

~ 1 m™

fm(z) = —/ e " ox p(u)du, xR,
2 J_.,

We define the empirical cutoff parameter m,, as follows. Since @y, may show

an oscillatory behavior and the solution of (2.4) may not be unique, we consider

My = max {m > 0:|Py,n(m)| = ﬁnn_1/2} An®, (2.6)

for some a € (0, 1]. It is worth emphasizing that the calculation of /i, does only
rely on the empirical characteristic function Py, which can be estimated from
the direct observations, and does not require the evaluation of penalty terms
depending on the (perhaps unknown) ¢.. Moreover, this procedure is the same
in the super smooth case as well as in the ordinary smooth case. In (2.6) if we
set o = 1, m,, is thresholded to the value n, which is natural as if m > n, the
variance term in (2.3) no longer vanishes. It is possible to set 0 < a < 1, if one
has additional knowledge on the regularity of f (see the discussion below).

Theorem 2.1. Let M, defined as in (2.6), with & > /2 and o € (0,1]. Then,
there exist a positive constant C1 depending only on the choice of k and a uni-
versal positive constants Co such that

+Con*~ 7.

N . logn (™ du .
B[l f—fa 21<C, inf / u)[*du+ /
(17~ o 1P 1%[07"&]{[ ]'fﬂ Pt = | o)

Proof of Theorem 2.1. Step 1: An upper bound for fm. Let m > 0, we first

establish an upper bound for the estimator }m of f defined as fm but whose
characteristic function is given by (2.5). Parseval equality and the definition
(2.5) of Py, give

~ m E —~ . _ 9
E|f 1 — FI7) < 1 fom - f\m% / [Bvinw) = ov(IF] |

—m |ipe (w)[?

where E[|@y,n(u) — ¢y (u)[?] equals

~ 2 2o (14 Kn
E[1Byn(w) = v (0 Lipy,, 1z 58] + oy (@) PP (|Byn(w)] < 7L ).
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The first term in the right hand side is bounded by L. Recall that x, =

1 + ky/logn, we decompose the second term on the set A = {u,|py(u)| <
% Vn](’g"} this leads to

o (1~ (1 + 2x+/Togn)? ~ rv/logn
oy B (Jfvn()] < T2) < SR 4P (1Bvn () — v (w)] 2 22T

2 572 2
< (1 + 2k+/logn) i < 1+ (1+ 2k+/logn)

= = ’

n n

where we used the Hoeffding inequality and x > /2. Finally, gathering all the

above inequalities, together with the fact that E[| f,, — f]|2] < E[H}m — flI%], we

get the following upper bound for f,,, 0 < m < n,

2+ (1 + 2x4/Togn)? /7” du
2mn “m e (W)

Step 2: Adaptation. It holds using the Parseval equality, that

Ell7n., - /17 = E| / A fex(uPau) 5] / ol — o

UE[—My , M| UWE [~y , My

= Tl + Tg.

E(l fm = FIP) < Il fm — £I7 + (2.7)

Let 0 < m < n be fixed. First, consider the event & = {m, < m}, on
this event we have the straightforward upper bound 75 < f[fm m] |@x n(u) —

¢x (u)]?du, we recover a usual variance term. Now we control the surplus in the
bias of the estimator fs,, decomposing T; as

Ty :/ |<pX(u)|2du+E{/ lox (w)|*du.
[=m,m]c [u| €[Mpn,m]

It is the sum of a usual bias term and an additional term controled using the
inequality

loy _SBY,n|2
|e|?

o 2
lox|? <2020 42
|§06‘

Along with the definition of m,,, it gives

B[1; / fox(u)Pdu] < 21 / o g+ IEH@Ym'E;LE)(;)ﬁy(UN | du

[u| €[, m] |u| €My ,m] —m

< ud
—m lpe(u)]

Then, the definition of x,, and (2.7) imply that, on the event &, for a positive
constant C' depending only on the choice of k&,

_ logn m du
E[l| fa.. = fIIP1e] < | fon = f1* + C= /_m e (u)[2”
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Second, on the complement set £¢, we immediately have T} < f[im m]c|<px(u) |2du.

It remains to control the surplus in the variance of fmn using the decomposition

= [ fgxal) - ex@PaE| [ o - exPad
u€[—m,m)] lu|€[m,mn]
By the definition of m,,, it holds

E[ / |Pxn(u) — SOX(u)|21{\goy(u)|>n*1/2}dU]'gc}
[ul€[m,my]
E[|fyn(u) — oy (u)?]
e (u)]?

IN

1{\¢Y(u)\>n—1/2}du.

lul€[m,n>]
On the event {|py (u)| > n~'/2}, we derive that
E[|Gyn(w) = oy (u)[*] < |y (u)* + E[|@y,n(u) — oy (u)]?]
< oy (W) + < 2oy (W)

Consequently, we get

B[ [ 18xn(0) = ox@P Lgy wpnvapdule] <2 [ o,

|| €[, ] [=m.ml¢

Next, using that |@x ,(u)| < 1, we derive that

E| / Bxin () = 30 (0) Ly 172y L

[u|€[m, ]

< /\@X(u)|2du+4/P(|@y’n(u)| > /fnn_l/Q)1{|¢Y(u)|§n71/2}du

[u|€[m,ne] [u|€[m,ne]
< [lextPdut 1 [ P(rat) - oy (] > logn/n)/)du
[u|€[m,ne] [u|€[m,ne]

< /|<px(u)\2du+8n“_“2/2.

w€[m,m]°

The last inequality is a direct consequence of the Hoeffding inequality. Putting
the above together, we have shown that for universal positive constants C; and
C3 and a constant C5 depending only on &, for all m > 0,

~ 1 m™ood
EllFa, - fI7) < Culf = full? + G222 [

2
+ Cyn@r/2,
—-m |(p€(u)|2 ’

Taking the infimum over m completes the proof. O
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Discussion Theorem 2.1 is non asymptotic and ensures that the estimator
fm,, automatically reaches the bias-variance compromise, up to a logarithmic
factor and the multiplicative constant C1.

Comments on the adaptive procedure. Similarly to the grouped data setting
(see [20]), the computation of the adaptive cutoff (2.6) involves only the set
{I@yn(u)] = (1 + ky/logn)//n}. Therefore, m,, depends only on the empirical
characteristic function of the direct observations Y, and not the one of the errors
e nor px and the adaptive estimator and the proof of the oracle bound are
the same in the super smooth case and the ordinary smooth case. Generalizing
the result to the case where the distribution of the error is unknown but where
we have e.g. independent i.i.d. relalizations (e1,...,ex) of € should therefore be
straightforward.

Comments on the proof. Proof of Theorem 2.1 is self contained and relies on
fine cuttings of the quadratic risk. The more involved tool used is an Hoeffding
inequality, whereas usual techniques involve stronger results such as Thalagrand
inequalities. The interest is that it should be robust to small changes of in the
modelisation.

Note that compared to [20], the proof relies on more direct arguments. More-
over, it permits to derive a stronger result, namely an oracle type inequality,
whereas in [20] we ensured that given some regularity class the optimal rate is
achieved on this class.

Choice of the hyper parameters in (2.6). Regarding the choice of o and &
in (2.6), it is always possible to take o = 1. Note that the case o > 1 is not
interesting as, even in the direct problem € = 0 a.s., if m > n the variance term
in (2.3) no longer tends to 0. Taking « < 1 is possible only if one has additional
information on the target density f. For instance, if one knowns that f is in a
Sobolev class of regularity (3, for some 8 > 5y > 0,

fes@.r={re®. [a+u)IFf@Pdus} (@9

where F is the set of densities with respect to the Lebesgue measure. Then,
it holds that ||f — fm||*> < m~2# and straightforward computations lead to
1

m* < (n/logn)**7 (regardless the the asymptotic decay of ¢.). Then, one
may restrict the interval for m,, to [0,n*] where 1 > a > Second, the

a—~k?/2

BT
choice of k must be such that n is negligible, the choice k > 2 always
works. The following numerical study illustrates that the procedure is stable in
the choice of k.

2.3. Numerical results

Stability of the procedure To illustrate the performances of the method
and the influence of the parameter x we proceed as follows. Fix o = 1, therefore
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0.05f
0.025r
I TP a4 4 %
rnon-p--t 4.4 G000 . °
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FIG 1. Direct problem: Computations by M = 1000 Monte Carlo iterations of the L?-risks

(y azis) for different values of k < (V/n — 1)\/10g(n)71 = 11.6 (z awxis). Estimation of f
from n = 1000 i.i.d. direct realizations for different distributions: Uniform U[1,3] (plain
line), Gaussian N'(2,1) (dots), Cauchy (stars), Gamma I'(2,1) (dotted line) and the mizture
0.7N'(4,1) + 0.3T'(2, 1) (triangles).

we do not assume any regularity on the considered examples. For different den-
sities f, namely, Uniform U([1, 3], Gaussian N/ (2,1), Cauchy, Gamma I'(2,1) and
the mixture 0.7V (4,1) + 0.31'(2, 3), and for different values of x we compute
the adaptive L? risks from M = 1000 Monte Carlo iterations. The results are
displayed on Figures 1, 2 and 3. We consider three different settings:

e The direct density estimation problem (Figure 1): we observe i.i.d. real-
izations of f. It is a particular deconvolution problem where € = 0 a.s.

e Deconvolution problem with ordinary smooth noise (Figure 2): the error
¢ is Gamma I'(2,1) i.e. |p.| decays as |u|~2 asymptotically.

e Deconvolution problem with super smooth noise (Figure 3): the error € is
Cauchy i.e. || decays as e~1* asymptotically.

On Figures 1, 2 and 3 we observe that the adaptive rates are small and that
the procedure is stable in the choice of kappa. We observe, on these three cases,
that the value of x should not be chosen too large but that for a wide range
of values the performances are similar. In practice, the value of n is fixed and
there is a natural boundary for k, indeed observe that it is useless to increase k
if (1+xlogn)n=/2 > 1 as the selection rule (2.6) will be constant equal to n®.
Moreover, we expect that if (14« log n)n_1/2 gets too large, e.g. larger than 1/2
the performances of the adaptive estimator should deteriorate. This practical

-1
consideration encourages to choose k smaller than (/n — 1)4/log(n) . In Fig-

ures 1, 2 and 3 it appears that for all the meaningful values of &, e.g. smaller than

—1
1(y/n—1)y/log(n) = for instance, the performances of the adaptive estimator

are similar.

Comparison with a penalization procedure We compare the performanc-
es of our procedure for k = 8, with a penalization procedure and with an oracle.
For the penalization procedure, we follow Comte and Lacour [12] and consider
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F1G 2. Deconvolution problem (ordinary smooth case): Computations by M = 1000 Monte

Carlo iterations of the L2-risks (y axis) for different values of k < (v/m — 1)\/10g(n)_1 =326
(x axzis). Estimation of f from m = 10000 i.i.d. direct of X + € where € has distribution
'(2,1) (i-e. pe(u) = (1 —iu)~2) and for different distributions for X : Uniform U[1,3] (plain
line), Gaussian N'(2,1) (dots), Cauchy (stars), Gamma T'(2,1) (dotted line) and the mizture
0.7N(4,1) + 0.3°(2, %) (triangles).

the adaptive estimator fﬁln which is the estimator defined in (2.2) where

)

A(m) >2A(m)

i = argmin {—||fm|® + pen(m)}, pen(m) = K(log(m +1)

me[0,M,] n

where M,, > 0, K > 0 and A(m) = %f[fm,m] |oe(u)|~2du, which is known
in our setting. The parameter M,, is chosen as the maximal integer such that
1< # < 2. For the parameter K it is calibrated by preliminary simulation
experiments. For calibration strategies (dimension jump and slope heuristics),
the reader is referred to Baudry et al. [2]. Here, we test a grid of values of the
K’s from the empirical error point of view, to make a relevant choice; the tests
are conducted on a set of densities which are different from the one considered
hereafter, to avoid overfitting. After these preliminary experiments, K is chosen
equal to 2 which is the same value as the one considered in Comte and Lacour
[12]. The standard errors are given in parenthesis. The running times for each
risks of the penalization procedure and our procedure are similar. However, one
should take into account that a preliminary calibration step seems obsolete in
our case. In deconvolution problems, the theoretical optimal K can be in some
cases far away from the practically optimal K and may vary with the sample
size explaining the nessecity of this calibration step (see e.g. Kappus and Mabon
[26] where the practical optimal value of K was much smaller than the value
predicted by the theory).

Second, an oracle “estimator” is computed fAm*, which is the estimator defined
in (2.2) where m* corresponds to the following oracle bandwidth

m* = argmin E[||f — fl/?].
m>0

This oracle can be explicitly evaluated when f is known. We denote these dif-
ferent risks by R, for the risk of our procedure, Ry, for the penalized estimator
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Fia 3. Deconvolution problem (super smooth case): Computations by M = 1000 Monte

Carlo iterations of the L2-risks (y azis) for different values of k < (v/n — 1)\/10g(n)71 =326
(x awxis). Estimation of f from n = 10000 i.i.d. realizations of X + € where € has Cauchy
distribution (i.e. pe(u) = e~1%) and for different distributions for X : Uniform U[1,3] (plain
line), Gaussian N'(2,1) (dots), Cauchy (stars), Gamma I'(2,1) (dotted line) and the mizture
0.7N(4,1)+0.3T°(2, %) (triangles). For the uniform distribution, the rates where stable around
the value 0.5, they do not appear on the Figure not to spoil the readability of the other curves.

TABLE 1
Comparaison of the different adaptive estimators for the Gamma distribution.
7 T 1)

fe n R m Rpen m Ror m*
500 4.31 x 1072 1.05 1.97 x 10~ 2 0.80 0.74 x 10°2  0.66
(0.20) (0.07) (0.01) (0.05) (0.36 x 10—2) (0.14)

— =2 =2
re, 1) 1000 1.74 x 10 0.98 1.70 x 10 0.94 0.59 x 1(12 0.72
(0.13) (0.04) (0.03) (0.03) (0.28 x 1072) (0.14)
5000 0.40 x 10~ 7 0.85 1.30 x 107 1.32 0.31 x 10~ 7 0.91
(0.06) (0.01) (0.01) (0.05) (0.13 x 10~ 2) (0.15)
500 5.27 x 1072 0.90 1.21x102  0.56 0.92 x 1072 0.61
(0.23) (0.07) (0.69 x 10—2) (0.04) (0.48 x 10™2) (0.12)
1.84 x 1077 0.84 0.98 x 10~ % 0.70 0.70 x 10~ 0.67

C 1000 —2 —2
(0.13) (0.04) (0.61 x 107 2) (0.03) (0.34 x 107 2) (0.13)
5000 0.51 x 10—~ 0.70 0.71 x 107 1.10 0.39 x 10~ 0.82
(0.07) (0.01) (0.01 x 10—2) (0.02) (0.17 x 10™2) (0.13)

and R, for the oracle procedure. All these risks are computed on 1000 Monte
Carlo iterations. The results are gathered in Tables 1 for the Gamma density,
2 for the mixture and 3 for the Cauchy density where C stands for the Cauchy
distribution. In each case both an ordinary smooth and a super smooth errors
are considered.

Comparison of the different methods. Tables 1, 2 and 3 show that all
the procedures behave as expected; the L2-risks decreases with n and are smaller
in the case of an ordinary smooth deconvolution problem than in the case of a
super smooth deconvolution problem. The estimator with the smallest risk is the
oracle, and the penalized risks are most of the time smaller than our procedure
which is consistent with the fact that our procedure has a logarithmic loss and is
asymptotic. More precisely for small values of n our procedure does not perform
as well as the penalized method. But for larger values of n it is competitive. We
can exhibit particular cases where our procedure is more stable in the choice of
the hyper parameter than the penalized procedure, even on large sample sizes
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TABLE 2
Comparaison of the different adaptive estimators on a mizture.
f 0.7N'(4,1) + 0.3T(4, 3)
fe n R m Rpen m Ror m*
500 1.77 x 1072 0.92  0.78 x 1072 0.78 0.33x 102 0.59
(0.13) (0.05) (0.65 x 10~2) (0.03) (0.17 x 107 2) (0.16)
— =z —2Z
1) 1000 0.74 x 10 0.8‘9 0.73 x 1072 0.8‘7 0.26 x 1(12 0.67
(0.08) (0.03)  (0.64 x 1072) (0.03) (0.15 x 10™2) (0.14)
5000 0.13 x 10~ % 0.79 0.38 x 10~ 1.10 0.01 x 10~ 0.82
(0.03) (0.01) (0.30 x 10~2) (0.01) (0.06 x 1073) (0.11)
500 2.78 x 1072 0.82 0.73x 1072  0.55 0.43 x 1072 0.50
(0.15) (0.05) (0.50 x 10~ 2) (0.05) (0.20 x 10~2) (0.14)
1.02 x 10~ 2 0.77  0.65x 10"~ 0.67 0.34 x 1072 0.58
C 1000 —2 -2
(0.10) (0.03)  (0.52 x 1072) (0.03) (0.16 x 10~ 2) (0.15)
5000 0.21 x 10~ 2 0.66 0.59 x 10—~ 0.94 0.16 x 10~ 0.74
(0.04) (0.01) (0.48 x 10~ 2) (0.02) (0.10 x 10— 2) (0.11)
TABLE 3
Comparaison of the different adaptive estimators for the Cauchy distribution.
f C
fe n R m Rpen m Ror m*
500 2.69 x 102 0.59  1.00 x 102 0.68 0.67 x 102 0.62
(0.16) (0.07) (0.67 x 10—2) (0.03) (0.29 x 10—2) (0.10)
— — —
re,1) 1000 1.00 x 10 0.84 0.97 x 1072 0.82 0.49 x 1072 0.67
(0.09) (0.04)  (0.70 x 10~2) (0.05) (0.21 x 10~ 2) (0.10)
5000 0.27 x 10~ 7 0.69 0.81 x 10~ 1.18 0.21 x 10~ 0.82
(0.05) (0.01) (0.57 x 1072) (0.04) (0.10 x 1072) (0.10)
500 2.50 x 1072 0.74 1.12x 1072  0.45 0.86 x 1072 0.56
(0.16) (0.07) (0.27 x 10~2) (0.01) (0.34 x 107 2) (0.09)
1.00 x 10~ 7 0.68  0.74x 10~ 2 0.59 0.62 x 10—~ 0.62
C 1000 —2 —2
(0.10) (0.04)  (0.32 x 1072) (0.03) (0.24 x 10™2) (0.09)
5000 0.52 x 10~ 2 0.54 0.73 x 10~ 7 0.93 0.29 x 10~ 0.74
(0.07) (0.01) (0.52 x 10~2) (0.03) (0.11 x 10™2) (0.09)

(see Figure 4 for example). This is due to the fact that the penalized constant
K that is suitable for small values of n is different than for larger values of n.
In practice a logarithmic term in n is added in the penalty term, that is theo-
retically unnecessary and entails a logarithmic loss but improves the numerical
results. If we add this logarithmic term (we replace K = 2 with K log(n)?
with K = 0.3 and the multiplying log(n)? factor as suggested in Comte et al.
[14]). This second penalty procedure performs well for all values of n and when
n gets large it has similar performances as our procedure (see Table 4). For our
procedure, changing « for smaller values of n does not improve the results.

3. Decompounding
3.1. Statistical setting

Let Z be a compound Poisson process with intensity A > 0 and jump density

f, ie.
Ny
Zy=> Xj, t>0
j=1



3438 C. Duval and J. Kappus

Ordinary smooth case ¢ ~ G(2,1)
Penalized adaptive estimator
K=2 K=5 K =38
03 0.3 0.3

02 0.2 0.2

0.1 0.1 0.1

0 2 4 0 2 4 0 2 4

Our adaptive estimator

Super smooth case € ~ C(0,1)

Penalized adaptive estimator
K=2 K=5 K=28
0.3 0.3

0.2 0.2

0.1 0.1

0 2 4 0 2 4

Our adaptive estimator
k=2 K=25 k=28

Fic 4. Comparison for different values of K and k the penalized estimator (green) and our
adaptive estimator (blue). Estimation of f ~ (0.3G(3, %) +0.7G(4,1)) (bold black) from n =
10000 observations.

where N is an homogeneous Poisson process with intensity A and independent of
the i.i.d. variables (X;) with common density f. One trajectory of Z is observed
at sampling rate A over [0,T], T = nA, n € N. Non-parametric estimation of
f, or its Lévy density Af has been the subject of many papers, among others,
[4, 9, 11, 18, 38] and [25] for the multidimensional setting.

We observe Z at the time points jA, j = 1,...,n, for A > 0, denote the
J-th increment by Yjan = Zjan — Z(j_1)a- We aim at estimating f from the
increments (Y;a,j = 1,...,n). Consider ¢ the characteristic function of X; and
A the characteristic function of Zn = Ya. The Lévy-Kintchine formula relates
them as follows

oa(u) =exp (AX(p(u) — 1)), ue€eR.
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TABLE 4
Risks and selected cutoff of the penalized procedure with an additional logarithmic term in
the penalty. Notation M stands for the mizture 0.7N (4, 1) + 0.3T(4, %)

f g M C

fe n Ryen Mpen Ryen Mpen Ryen M pen

500 117 x 1077 0.72 0.63 x 10~ 2 0.69 0.83 x 1072 0.62

(0.81 x 10—2) (0.03) (0.51 x 10—2) (0.02) (0.46 x 10~2) (0.005)

e, 1) 1000 0.94 x 10:; 0.82 0.40 x 107_: 0.75 0.59 x l(i;z 0.69

(0.63 x 107 2) (0.04) (0.30 x 1072) (0.02) (0.32 x 107 2) (0.03)

s000  0-62% 10~ 7 1.08 0.20 x 10—~ 0.94 0.31 x 10—~ 0.91

(0.62 x 1072) (0.01) (0.16 x 1072) (0.02) (0.19 x 1072) (0.02)

500 1.34 x 1072 0.45 0.60 x 10~ 2 0.45 1.31 x 10~ 2 0.41

(0.43 x 1072) (0.01) (0.25 x 1072) (0.01) (0.24 x 1072) (0.02)

c 1000 0.91 x 10~ 7 0.59 0.74 x 10~ 2 0.51 0.94 x 10~ 7 0.45
—2 —2 —2

(0.43 x 107 2) (0.02) (0.51 x 1072) (0.003) (0.14 x 107 2) (0.002)

5000 0.56 x 10~ 0.81 0.21 x 10~ % 0.75 0.35 x 10~ 0.65

(0.33 x 1072) (0.05) (0.15 x 1072) (0.001) (0.11 x 107 2) (0.02)

Then, the mapping T defined in Section 1.1 is given by T : ¢ — pa. As Z
is a compound Poisson process, |pa| is bounded from below by e~2*2, which
remains bounded away from 0 as long as A < co. Moreover, if E[|X;]] < oo it
holds that ¢ is differentiable and we can then define the distinguished logarithm
of ¢ (see Lemma 1 in [20])

_ . Los(pa(w) _ [ ea)
o(u) =1+ — A where Log(pa(u)) = /o goi—(z)dz’ ueR. (3.1)

For simplicity, we assume that the intensity A is known: A = 1. Following (3.1),
an estimator of ¢ is hence given by

~ 1 ~
Son(u) =1+ Z LOg(@A,n(u))’ ueR (32)
with
Y Pan(z) 1 -
Log(oa n(u ::/ =" “dz, where ® = — k e#Yia (3.3
BPan() = | 5= o "Z: (3.3)

k € {0,1}. The quantity Log(®a »): if ¢ never cancels, it may not be the case
of its estimator @ . Usually, to prevent this issue a local threshold is used and
(Pan(z))"" is replaced with (Pan(2)) " '1ip5. . (2)|>rn, for some vanishing se-
quence 1, (see e.g. Neumann and Reif [33]). Here we do not use a local threshold
inside the integral in (3.3), replacing (Pan(2))~! by (@A,n(Z))illlﬁA,n(z)lwna
instead, we will threshold the integral so that our estimator Log/(ap\A,n) of
Log(va,n) satisfies Log(pa ) = Log(@a ). For that, consider

~

Pn(u) = <Pn(u)1\¢n(u)|§4, u€R, (3.4)

where @, is given by (3.2). The choice of a threshold equal to 4 is technical (see
the proof of Theorem 3.1). Cutting off in the spectral domain an applying a
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Fourier inversion provides the estimator if f

fm,A(m) 1 /m e G (u)du, x€R. (3.5)

2 ).,

3.2. Adaptive upper bound
3.2.1. Upper bound and discusston on the rate

Theorem 3.1. Assume that E[X?] < oo, A < 1log(nA) and nA — oo as
n — oo. Then, for any m > 0 it holds

- o> [ du m m?_
B a fIZ1 <[l f — F[2 —/7 2 5°E[X?]— + 257 :
[1Fma=fIP]<im = FIP+ 1% | e +2 VBN + 25 5

The contraint A < Ilog(nA) is fulfilled for any bounded A as nA — oo.
Moreover it allows A to be such that A := A,, — 0 and A,, — oo, not too fast.
This last point is interesting. An estimator that is optimal simultaneously when
A is fixed or vanishing and consistant, optimal up to a logarithmic loss, when
A tends to infinity, has scarcely been investigated, nor the estimation problem
when the sampling rate goes to infinity. To the knowledge of the authors, the
only similar result was released shortly after our result in Coca [10]. In [10], a
L,,p > 1 adaptive optimal nonparametric estimation of the Lévy density (which
is related to the jump density) is studied. Both results are complementary, our
estimator is adapted to Lo and has the advantage that its definition (both
adaptive and non adaptive) is simpler, leading to more succinct proofs and we
provide a numerical study. In the remaining of this paragraph, we discuss the
different rates of convergence implied by Theorem 3.1 according to the behavior
of A.

Discussion on the rates The upper bound derived in Theorem 3.1 is the
sum of four terms: a bias, two variance terms V =< e;AAm (using that |oa (u)| >
e ?2) and V' < x> which is always smaller or of the same order as V, and
a remainder. Assume that f lies is the Sobolev ball . (3, L) (see (2.8)). Then,
the bias || f — fn||? has asymptotic order m~2# and we may derive the following

rates of convergence.

e Microscopic and mesoscopic regimes. Let A = A, be such that
A, — Ag € [0,00) such that nA,, — oco. Then, the bias variance com-
promise leads to the choice m* = (6_4A°71A0)2/31ﬁ and to the rate of
convergence (6—4AonA0)*2§% that matches the optimal rates of conver-

gence as Ay is fixed or tending to 0. Indeed, the rate is in szg%, with
T = nA,, denoting the time horizon, it is clearly rate optimal as it corre-
sponds to the optimal rate of convergence to estimate the jump density of
a compound Poisson process from continuous observations (A = 0). The
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constant e =440 appearing in the rate depends exponentially on Ag, which
asymptotically as little effect but in practice deteriorates the numerical
performances.

e Macroscopic regime. Let A = A,, — oo such that A,, < ilog(nAn)
The variance term V tends to 0, so that the estimator is consistent. Heuris-
tically, if A goes to infinity the central limit theorem states that YA is
close in law to a parametric Gaussian variable, e.g. if f is centered and

with unit variance it holds that: VA  Ya % N(0,1). Consequently,
— 00

the fact that f can be constantly estimated is non trivial. Duval [19] es-
tablishes that if A = O((nA)?%), for some § € (0,1), i.e. when A, goes
rapidly to infinity, there exists no consistent non-parametric estimator of
f. The fact that estimation is impossible when A goes too rapidly to infin-
ity was established through an asymptotic equivalence result. In this case
it is always possible to build two different compound Poisson processes
for which the statistical experiments generated by their increments are
asymptotically equivalent. Therefore, the result of Theorem 3.1 is new in
that context. We may distinguish two additional regimes:

1. Slow macroscopic regime. If A, = o(log(nAn)), the choice m* =

(e*4AnnAn) 2541 leads to the rate of convergence (e"m"nAn)f 28+
There is no lower bound in the literature to ensure if this rate is
optimal. However if A goes slowly to infinity, for example if A,, =

2B
log(log(nA,)), then the rate is ((log(nAy))~*nA,) 2**, which is
rate optimal, up to the logarithmic loss that may not be optimal.

2. Intermediate macroscopic regime. Let A,, = dlog(nA,), 0 < § < 1/4,
_ 28(1—48)
then m* = (nA,) 341 , leading to the rate (nA,)~ 261 . This rate

deteriorates as ¢ increases. The limit § = 1/4 imposed by Theorem
3.1 may not be optimal, no lower bound adapted to this case exists
in the literature.

The interest of the macroscopic regime is mainly theoretical as in practice
if A is a large constant to get e *2nA large one should consider a huge
amount n of observations. However, this regime enlightens the role of the
sampling rate A in the non-parametric estimation of the jump density.
Using [19], consistent non-parametric estimation of the jump density is
impossible if 35 > 0, A,, = O(nA,)?, the remaining questions are what
happens in between and if the log loss in the upper bound that appears
when A, — oo is avoidable or not. The constant 1/4 in the bound A, <
1/41log(nA,,) of Theorem 3.1 can probably be improved.

3.2.2. Adaptive choice of the cutoff parameter

We consider the optimal cutoff 7, given by

2 m du m m?
m inf — e = 1 252E[X?] = 4 9352 .
i & angint{ |, ~ | +nA[m oata 2RI 25 )
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Following the previous strategy, the upper bound given by Theorem 3.1 is op-

timal, at least for A — [0,00). The leading variance terms is in ”fZA, we

differentiate in m the upper bound to find that the optimal cutoff m* < m,, is
such that:

4A
2 &

which has an empirical version, we select m,, accordingly. As in the deconvo-
lution setting, we modify the estimator @, in (3.4) which is set to 0 when the
estimator of || is smaller that 1/v/nA, meaning that the noise is dominant.
Define

Pn(u) == on(Wlz ()>kna/van: WER (3.6)

where #, A 1= (€22 + ky/log(nA)), £ > 0, and the new the estimator of f

i 1 " —UT—
Fmsl@) =52 [ B, du, aeR

Finally, we introduce the empirical threshold, for some a € (0,1] and x > 0

iy, = max {m >0: |3, (m)| = f/%} A (nA)e.

Theorem 3.2. Assume that E[X}] < oo, K > %, A < 1log(nA) and nA —
oo as n — 0o. Then, for a positive constant Cy, depending on r, E[X?] and
E[X}], and Cy a constant depending on E[X?] and E[X{], it holds

Ellf 5,0 = F1%]

log(nA)m m?

< f 2

- Clme[on(lnA o {Hfm A7+ nA T hA / |<pA (nA) }
1 o K2 AZe—AA

If Kk > ﬁ%m the last additional term is negligible, regardless the value a < 1
and Theorem 3.2 ensures that the adaptive estimator ?ﬁzn, A satisfies the same
upper bound as in Theorem 3.1. Therefore, it is adaptive and rate optimal, up
to a logarithmic term and the multiplicative constant C7, in the microscopic and
mesoscopic regimes defined above. In the macroscopic regimes such that A :=
A,, — oo such that A,, < % log(nA,) as n — oo the estimator is consistent. Note
that to establish the adaptive upper bound we imposed a stronger assumption
that E[X{] < co. In the following numerical study, we recover that the procedure
is stable in the choice of k.

3.3. Numerical results

As for the deconvolution problem, we illustrate the performance of this adaptive
estimator for different densities f. We consider the same densities as for the
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0.05 ¢

0.02

FIG 5. Decompounding: Computations by M = 1000 Monte Carlo iterations of the L2-risks
(y azis) for different values of k < %(\/ﬁ, 1)\/log(n)71 = 11.9 (z azis). Estimation of
f from n = 5000 (T = 5000 and A = 1) increments of a compound Poisson process with
intensity A = 1 and jump density f: Uniform U[1,3] (plain line), Gaussian N(2,1) (dots),
Gamma T'(2,1) (dotted line) and the mizture 0.7TN (4,1) + 0.3T'(2, %) (triangles).

deconvolution problem, the Cauchy density excepted as it is not covered by our
procedure: it has infinite moments. We compute the adaptive L2-risks of our
procedure over 1000 Monte Carlo iterations for various values of x. We consider
n = 5000 and the sampling interval A = 1. The results are represented on
Figure 5, we observe that the rates are small and stable regardless the value of
x and the density considered.

4. Proofs of Section 3
4.1. Proof of Theorem 3.1
4.1.1. Preliminaries

We establish two technical Lemmas used in the proof of Theorem 3.1.

Lemma 4.1. Let m > 0 and { > 0 and define the event

Qe,a(m) := {Vu e [=m,m], |Pan(u) —palu)] <¢ logTEnA) }

1. If E[X?] is finite, then, the following holds for n > 0 and any ( >

VA1 4 2n),
E[X?] m
4 .
nA + (nA)n
2. If E[X{] is finite, then, the following holds for n > 0 and any ¢ >
VA1 4+ 2n),

P(Qe.a(m)°) <

C m
Ay Tt nay

P(QC,A (m)c) <

where C' depends on E[X}] and E[X?].
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Proof of Lemma 4.1. Consider the events

Ale) = {\%iw ~E[val)| <}

)

for some positive constants ¢, h and 7 to be determined. First, using that z —
€"™* is 1-Lipschitz and that E[|Ya|] < AE[|X:|] we get on the event A(c)

|Pan(u) = Ban(u+h)|Lae < h(AE[|X1]]+¢), YueR, h>0. (4.1)

If E[X?] is finite the Markov inequality and the bound V[|Ya|] < V[Ya] =
AE[X?] lead to

Byr(m) = {¥kl < | 5], [Bam(kh) = palkh)| < 7

¢y o AE[XT]
P(A(c)°) 2, (4.2)
If E[X{] is finite (4.2) can be improved using that
- 4 2 yd 2y 2
E[( Y- (Val — EIYal)) | < nA’ELX] + 3n(n - 1)AE[X])
=1
leading to
A2

where C' is a constant depending on E[X{] and E[X?]. Second, we have that

log(nA
P(Byr(m)°) SP(H k< [, [Ban(kh) = palih)] > 7 OgTEZ )>
[m/h]
R log(nd
< 3 B([Eantkh) —palin)| > 7/ ERR))
-
frn /1 )
< > 2exP(f%A(”A)):4[%(7&)42/(%)
k=—[m/h]

where the last inequality is obtained applying the Hoeffding inequality. Let
|u| < m, there exists k such that u € [kh — %, kh + %] and we can write that

LanB, . (m) ’@A,n(u) - SOA(U)|
<1a)nB, . (m) (|<2A,n(u) — @an(kh)|+|Pan(kh) — pa(kh)| + |pa(kh) — <PA(U)|)-
Using (4.1), the definition of By ,(m) and that  — €?* is 1-Lipschitz, lead to

log(nA)
nA

14(e)nBy . (m) SUP ]‘Qa,n(u) — oa(u)| < 2RAE[|X1]] + he+ T .

u€[—m,

(4.4)
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Taking ¢ = A, h = o(y/ %) such that h > 1/v/nA and ¢ > 7, (4.4) shows

that A(c) N Bp-(m) C Q¢ a(m). Moreover, it follows from h > 1/vnA, (4.1)
and (4.2) that, for all n > 0

P(0% 4 (m) < B(A°(A)) + B(Bf - (m)) < “AL) 4] ™) (nr) 53
E[X?] ae?
< A + 4m(nA) .

Finally, choosing 72 = A(1 + 27) leads to the result. The second inequality is
obtained follows from similar arguments using (4.2) instead of (4.3). O

Lemma 4.2. Let v > 0, define

MS)A :==min {m > 0: [pa(m)| = vy/log(nA)/(nA)},

)

with the convention inf{0} = +oo. Take v > ¢ > 0, then, we have

|Pan(u) = pa(u)l
loa (u)| '

~ Y 2
Laty g rm. s o | LO8(Ba.n ()~ Log(ipa ()| < Flog ()

Proof of Lemma 4.2. First note that for [u| < M) », the ratio i—,i is well defined.
Moreover, on the event ¢ A(m) then we have that

log(nA)
nA

[Pan()] = lpa(u)] = [Pan(u) = palu)] = (v =) >0, Vu| <m.

/

Then, the quantity gi’z is also well defined if v > ¢. For v € R, notice that
A @an®@=pa@))’
@/A,n(v) _ SﬁlA(v) _ (7 pav) ) (4.5)
Zan(v)  pav) (1 _ (@A,n(v)—wA(v))) ' '
pa(v)
On the event Q¢ a(m), it holds Vu € [=m A M, x,m A M,/ 4]
- 1 _¢
[Pan(u) —pa(u)] < (vlog(nA)(nd)~2 < ;\%’A(U)L (4.6)

where v > (. Then, a Neumann series expansion, with (4.5) and (4.6) gives for
[v] <m A M, A,

Pan®) W) < (Pan(®) —ea)\'(@an(®) —pa(v)\!
Pan(v)  palv) ;( pa(v) ) ( pa(v) ) ’

where

(Pt ) (o) -l Bm )™
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Using $A(0) — A (0) = 0 and (4.6), we get

SOA n SD/A(U) ‘
:l‘u|<1w/\Mﬂ A7Q< A(m)‘ / SOA n oA (v)>d’l)
Z |Pan(u) — sozi(luw < [Pan( |Z C/v
+1 pa(u)] Im — (+
gl Y N\ Pan(u) = palu)l
= —log : , 4.7
R e P (&)
which completes the proof. O

4.1.2. Proof of Theorem 3.1

We have the decomposition
~ ~ 1 /™
s =112 = = £+ Fo = ol = = P+ 5 [ 100 p(a) Pl

Let v > ¢, we decompose the second term on the events {m < MJ’A} and
Q¢ a(m) of Lemma 4.2,

m m/\MZ,A
[ tut) = ptPdu= [ 1oy lale) o) P
—m —m/\M;Z,A
FLpoar st / 1Bu(tr) — o(w)|2du
' lul€[M)] A,m]
+ Loy Ay / 1B(10) — () P

= Tl,n + TZ,n + TS,n-

725 > (. On the event {|u| < m A M5, Q¢,a(m)}, Lemma 4.2 and

equations (3.1), (3.2) and (4.7), along with (4.6), imply

Fix ya =

0] < 14 LL08(B000) = Lol )L + | Logfoa] g, L g () <,

consequently @, (u) = @,(u). Then, we get from Lemma 4.2 and the definition
of ya, that

1 m,/\M:ZAA 9
BT = 55 [ B[l an| Log(@an(u) - Log(pa ()| *|du

YA
m/\Mn A

[1Pam () — pa()]
/ m( ER

>

D|
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Direct computations together with the Lévy-Kintchine formula lead to

_1- loa(u)l? - (2A[Re(p(u)) —1]) A1 - 2A A 1.

E[|@an(w) = pa(w)?]

We derive that

E[T ]<2A/\1/m du < 2 /m du
= TAr  Tea@)]? T nA ), lea(u)?

Next, fix { > v5A, Lemma 4.1 with n = 2 gives

E[T3,] < 2 5%(%212] +4 (T:Z)Z).

Moreover, using |pa(u)| > €722, Vu € R together with the constraint A <
dlog(nA), ¢ < %, we get

loa(u)] = (nA)™* > ya+/log(nA)/(nA), Vu € R.

Finally, M4 = +oo, V¢ > 0 and T»,, = 0 almost surely. Gathering all terms
completes the proof. O

4.2. Proof of Theorem 3.2
Preliminary

Lemma 4.3. Assume that E[X{] < co. Let n > 0, a € (0,1] and c¢(A) =
kAe 22, Then, for some positive constant C depending only on E[X?] and
E[X{], it holds for @, defined in (3.2) that, for all u € [—(nA)*, (nA)*],

(100 — )] 2 “EER) < o(ua) @ 4 Eo s auay

Proof. We use Lemmas 4.1 and 4.2 with yo = % and ¢ > /A(1+2n),n > 0.
First it holds that

P(lsﬁn(u) —p)] =z~ %)
= IP’(| Log(@a.n(u)) — Log(pa(u))| = A bgn(%&)
log(nd)

< P(1@an(u) — pa(@)] > lpa(w)|kd )+ P(26a((n2)%).

n

Then, we derive from the Hoeffding inequality and Lemma 4.1 that

P('@n(u) - @(u)| > K bg;%m) < 2(”A)7C(A)2 4

may * 4(nA)*,

where C' depends on E[X?] and E[X{]. O



3448 C. Duval and J. Kappus
Proof of Theorem 3.2

Step 1: An upper bound for Tm,A. Let 0 < m < (nA)%, Parseval equality and
(3.6) leads to

ElFa — 17 < I = 1P+ 52 [ B[ - o(@)]du

where

E[[,(u) — o(u)l’]

= E“@n(u) - @(U)|21\¢n(u)|2’j}%

J + o) PP(|Zn ()] < T22).

The first term in the right hand side is bounded using Theorem 3.1. For the
second term, recall that k, A = e?2 + ky/log(nA) and decompose it on the set

2A
A= {u, [p(u)] < “ZNEOD) this leads to

() PP (13n(w)] < 22

JnA

@ QKW)Q +P(17n(w) - o(u)] 2 %>
_1e0 MZXM)Z +B(|@a(u) — ow)] > %)
< céﬁ%

from Lemma 4.3 with 7 > 2, K > €22 /A and where C depends on x, E[X?] and
E[X}]. Finally, gathering all the above inequalities, we get the following upper
bound for f,, o, 0 <m < (nA)%,

- log(nA) 2 /m du 2352m?

2 < o2 anlog(nia) E
ElllFma = SIS Mo = FIP + O =0momt 8 | e T amye
(4.8)

where C' depends on k, E[X?] and E[X{].

In the sequel C denotes a constant depending on x, E[X?] and E[X}] whose
value may change from line to line.

Step 2: Adaptation. Let 0 < m < (nA)* be fixed. Consider the event £ =
{m, < m}, on this event we control the surplus in the bias of the estimator

f., - Using the inequality |¢|? < 2|@,|? + 2|¢ — @n|?, along with the definition
of m,, and (4.8), give
KA SR
B[te [loPan] <28[1e [ Z50au] +2 [ BIg.0) - pw)Pldu
n —m

|u|€[n,m] lu|€[fn,m]
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2
Ky, AT 4 m u

<4—= - -

- nA * nA /_m [pa(u)]?

212 21 M 42 M alog(nA)
+25]E[X1]nA+25(nA)2 et = m

Recall that , A = e?* + ky/log(nA) together with (4.8), this implies immedi-
ately that, on the event &,

B log du 2552
~ 2 < 2 4A
Ell /5, a=fI"Le] < lfm—fI7+Ce2 ="~ nA/ A (nA)?

Second, consider the complement set £°, where we control the surplus in the
variance of fg, . By the definition of m,,, it holds

B [ o) - ptPdute:] < [ Elp,w - pw)Pldu

lul€[m,mn] |ul€[m,(nA)e]

Let n > 2, such that « — n < —1, and ¢ > /A(1 + 2n) and ya as in the proof
of Theorem 3.1 (leading to M;Z,AA = +00). Then, Lemmas 4.1 (decomposing on
Qe a((nA)Y)) and 4.2 lead to

E[[7,(u) = o(w)’] < lp(u)]* + E[|n(u) — p(u) ]
2 E[X?] 4

< 2 Uy
< le(w)l” + nAlpa(u)|? + nA + nA

First, on the event {|o(u)| > €2 /v/nA}, we obtain
E[[@,(u) — o(w)]*] < [o(w)]? (6 + E[X7]).

Consequently, define Cp := 6 + E[X?], then,

/I% — (WP Ly ses vy du Lee ] SCO/ fe(wldu.

|u|€[m,my,] [=m,m]¢

Next, using that |g,,(u)| < 4 and the definition of m,,, we derive that

]E|: /'@n(u) - @(U)P 1{|¢(u)|§62A/m}du ]_gc:|

ful€lm, ]
= / o(u)fdu + 57 / P&l = ./ VAN pisera vamy du
[u|€[m,(nA)e] |u|€[m,(nA)>]

< / () [Pdu + 52 / P(Bu(w) — p(w)] > £/ log(nl)) (nd)) du

[ul€[m,(nA)*] [u]€[m,(nA)*]
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Finally, we bound the last term using Lemma 4.3 with n > 3, such that 2a—n <

—1 and ¢ > +/A(1 + 27), it follows that

N log(nA) a—c(A)>? !
_ o\ ") < il
| B(18utw) = etu)] > my B du < agmay = 4
[ul€[m,(nA)*]
where C’ depends on E[X?] and E[X{}]. Putting the above together, we have

shown that for a positive constant Cy, depending on «, E[X?] and E[X{], and
Cs a constant depending on E[X?] and E[X{]

— log nA m?
E N _ 2 < C m 2 /
(17,8 = £17] < Ca (Ilfm = FI2+ +— m 5+ ay)
— a—c(A)?
+C’2(nA+(nA) )
Taking the infimum in m completes the proof. O
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