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Compound Poisson approximation to estimate the Lévy density

Céline Duval * and Ester Mariucci |

Abstract

We construct an estimator of the Lévy density, with respect to the Lebesgue measure,
of a pure jump Lévy process from high frequency observations: we observe one trajectory
of the Lévy process over [0,7T] at the sampling rate A, where A — 0 as T" — oo. The
main novelty of our result is that we directly estimate the Lévy density in cases where
the process may present infinite activity. Moreover, we study the risk of the estimator
with respect to L, loss functions, 1 < p < oo, whereas existing results only focus on
p € {2,00}. The main idea behind the estimation procedure that we propose is to use
that “every infinitely divisible distribution is the limit of a sequence of compound Poisson
distributions” (see e.g. Corollary 8.8 in Sato (1999)) and to take advantage of the fact
that it is well known how to estimate the Lévy density of a compound Poisson process in
the high frequency setting. We consider linear wavelet estimators and the performance of
our procedure is studied in term of L, loss functions, p > 1, over Besov balls. The results
are illustrated on several examples.

Keywords. Density estimation, Infinite variation, Pure jump Lévy processes.

AMS Classification. 60E07, 60G51, 62G07, 62M99.

1 Introduction

Over the past decade, there has been a growing interest for Lévy processes. They are a
fundamental building block in stochastic modeling of phenomena whose evolution in time
exhibits sudden changes in value. Many of these models have been suggested and extensively
studied in the area of mathematical finance (see e.g. [7] which explains the necessity of
considering jumps when modeling asset returns). They play a central role in many other
fields of science: in physics, for the study of turbulence, laser cooling and in quantum theory;
in engineering for the study of networks, queues and dams; in economics for continuous time-
series models, in actuarial science for the calculation of insurance and re-insurance risk (see
e.g. [1, 4, 5, 32)).
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From a mathematical point of view the jump dynamics of a Lévy process X is dictated
by its Lévy density. If it is continuous, its value at a point ¢ determines how frequent jumps
of size close to xg are to occur per unit time. Thus, to understand the jump behavior of X,
it is of crucial importance to estimate its Lévy density.

A problem that is now well understood is the estimation of the Lévy density of a compound
Poisson process, that is, a pure jump Lévy process with a finite Lévy measure. There is a
vast literature on the nonparametric estimation for compound Poisson processes both from
high frequency and low frequency observations (see among others, [6, 8, 10, 14, 15], and [22]
for the multidimensional setting).

Building an estimator of the Lévy density for a Lévy process X with infinite Lévy measure
is a more demanding task; for instance, for any time interval [0, ¢], the process X will almost
certainly jump infinitely many times. In particular, its Lévy density, which we mean to
estimate, is unbounded in any neighborhood of the origin. This implies that the techniques
used for compound Poisson processes do not generalize immediately. The essential problem
is that the knowledge that an increment Xy A — X; is larger than some € > 0 does not give
much insight on the size of the largest jump that has occurred between ¢ and t + A.

Many results are nevertheless already present in the literature concerning the estimation
of the Lévy density from discrete data without the finiteness hypothesis, i.e., if we denote by
f the Lévy density, when fR f(x)dx = co. In that case, the main difficulty comes from the
presence of small jumps and from the fact that the Lévy density blows up in a neighborhood
of the origin. A number of different techniques has been employed to address this problem:

e To limit the estimation of f on a compact set away from 0;

e To study a functional of the Lévy density, such as xf(z) or 22f(x).

The analysis systematically relies on spectral approaches, based on the use of the Lévy-
Khintchine formula (see (5) hereafter), that allows estimates for Lo and Lo, loss functions,
but does not generalize easily to L, for p ¢ {2,00}. A non-exhaustive list of works related
to this topic includes: [2, 9, 11, 12, 16, 18, 20, 21, 24, 25, 29, 35]; a review is also available
in the textbook [3]. Projection estimators and their pointwise convergence has also been in-
vestigated in [17] and more recently in [27], where the maximal deviation of the estimator
is examined. Two other works that, although not focused on constructing an estimator of
f, are of interest for the study of Lévy processes with infinity activity in either low or high
frequency are [30, 31]. Finally, from a theoretical point of view, one could use the asymptotic
equivalence result in [28] to construct an estimator of the Lévy density f using an estimator
of a functional of the drift in a Gaussian white noise model. However, any estimator resulting
from this procedure would have the strong disadvantage of being randomized and, above all,
would require the knowledge of the behavior of the Lévy density in a neighborhood of the
origin.

The difference in purpose between the present work and the ones listed above is that we
aim to build an estimator f of f, without a smoothing treatment at the origin, and to study
the following risk:

g [ )= s

2



where, Ve > 0, A(e) is an interval away from 0: A(e) is included in R\ (—¢,¢) and such that
a(e) := minge o) [7| > € where, possibly, a(e) — 0 as ¢ — 0. To the knowledge of the authors
the present work is the first attempt to build and study an estimator of the Lévy density on
an interval that gets near the critical value 0 and whose risk is measured for L,, loss functions,
1<p<oo.

More precisely, let X be a pure jump Lévy process with Lévy measure v (see (3) for a
precise definition) and suppose we observe

(XiA_X(i—l)Aa izl,...,n) with A — 0 as n — oc. (1)

We want to estimate the density of the Lévy measure v with respect to the Lebesgue measure,
flx) = %, from the observations (1) on the set A(e) as € — 0. In this paper, the Lévy
measure ¥ may have infinite variation, i.e.

v: /(m2 A 1)v(dx) < oo but possibly / |z|v(dx) = oco.
R |z|<1

The starting point of this investigation is to look for a translation from a probabilistic to
a statistical setting of Corollary 8.8 in [34]: “Every infinitely divisible distribution is the limit
of a sequence of compound Poisson distributions”. We are also motivated by the fact that a
compound Poisson approximation has been successfully applied to approximate general pure
jump Lévy processes, both theoretically and for applications. For example, using a sequence
of compound Poisson processes is a standard way to simulate the trajectories of a pure jump
Lévy process (see e.g. Chapter 6, Section 3 in [13]).

We briefly describe here the strategy of estimation for f on A(e). Given the observations
(1), we choose ¢ € (0,1] (when v(R) < oo the choice ¢ = 0 is also allowed) and we focus
only on the observations such that |X;a — X (i-1) Al > . Let us denote by n(¢) the random
number of observations satisfying this constraint. In the sequel, we informally mention the
“small jumps” of the Lévy process X at time ¢t when referring to one of the following objects.
If v is of finite variation, they are the sum of AXj, the jumps of X at times s < t, that are
smaller than € in absolute value. If v is of infinite variation, they correspond to the centered
martingale at time ¢ that is associated with the sum of the jumps the magnitude of which is
less than € in absolute value.

For A and e small enough, the observations larger than ¢ in absolute value are in some
sense close to the increments of a compound Poisson process Z(e) associated with the Lévy
density H|r|>€% =: Ache(x), where A\; := v(R\ (—¢,¢)) and h.(z) := /\—i%lm». It
immediately follows that

flz) = gl_% Ache(2)jg)5e Vo # 0.

Therefore, one can construct an estimator of f on A(g) by constructing estimators for A.
and h. separately. However, estimating h. and \. from observed increments larger than ¢ is
not straightforward due to the presence of the small jumps. In particular, if iy is such that
| Xioa — X(ip—1)a| > €, it is not automatically true that there exists s € ((ip — 1)A,ipA] such



that |[AX| > ¢ (or any other fixed positive number). Ignoring for a moment this difficulty
and reasoning as if the increments of X larger than e are increments of a compound Poisson
process with intensity A. and jumps density h., the following estimators are constructed.
First, a natural choice when estimating . is

Ane = —2. (2)

In the special case where the Lévy measure v is finite, we are allowed to take ¢ = 0 and
the estimator (2), as A — 0, gets close to the maximum likelihood estimator. The study of
the risk of this estimator with respect to an L, norm is the subject of Theorems 1 and 2
Estimators of the cumulative distribution function of f have also been investigated in [30, 31],
which is an estimation problem that is closely related to the estimation of A\.. However, as
we detail in Section 3.2.2 below, the methodology used there does not apply in our setting:
it cannot be adapted to L, risks and the results of [30, 31] are established for non-vanishing
€ whereas we are interested in having ¢ — 0.

Second, for the estimation of the jump density h., we fully exploit the fact that the
observations are in high frequency. Under some additional constraints on the asymptotic of €
and A, we make the approximation he ~ £(Xa||Xa| > ¢) and we apply a wavelet estimator

to the increments larger than ¢, in absolute value. The resulting estimator ﬁnﬁ is close to h.
in L, loss on A(e) (see Theorem 3 and Corollary 1). As mentioned above, the main difficulty
in studying such an estimator is due to the presence of small jumps that are difficult to handle
and limit the accuracy of the latter approximation. Also, we need to take into account that
hn ¢ is constructed from a random number of observations n(e).

Finally, making use of the estimators )\ n,e and h n,e we derive an estimator of f: fn c =

Xn,ghnﬁ and study its risk in L, norm. Our main result is then a consequence of Theorem |
and Corollary | and is stated in Theorem 4.

It is easy to show that the upper bounds we provide tend to 0 (see Theorem 3, Corollary 1
and Theorem 4). It is also easy to check that in the particular cases where X is a compound
Poisson process or a Gamma process, we recover usual results. Yet, it is tricky to compute the
rate of convergence implied by these upper bounds in general. Indeed, the difficulty comes
from the fact that for the estimation of both h. and A., quantities depending on the small
jumps arise in the upper bounds. But even on simple examples, when the Lévy density is
known, the distribution of the small jumps is unknown. We detail some examples where we
can explicitly compute the rate of convergence of our estimation procedure. The obtained
rates give evidence of the relevance of the approach presented here.

The paper is organized as follows. Preliminary Section 2 provides the statistical context
as well as the necessary definitions and notations. An estimator of the intensity A. is studied
in Section 3.1 and a wavelet density estimator of the density h. in Section 3.3. Our main
result is given in Section 4. Each of these results is illustrated on several examples. Finally
Section 5 contains the proofs of the main theorems and an Appendix Section 6 collects the

proofs of the auxiliary results.



2 Notations and preliminaries

We consider the class of pure jump Lévy processes with Lévy triplet (v,,0,r) where

- f\x\gl zv(dr) if f‘x‘gl\xly(dx) < o0,
0 otherwise.

We recall that almost all paths of a pure jump Lévy process with Lévy measure v have finite
variation if and only if fm <1 |z|v(dx) < co. Thanks to the Lévy-Ito decomposition one can

write a Lévy process X of Lévy triplet (7,0, v) as the sum of two independent Lévy processes:
for all € € (0, 1]

Nt(E)
X, = th,(e) +%ig6 <ZAXSH(M(|AXS|) — t/ ;E,,(dx)) + Z Yi(e)

s<t n<l|z|<e i—1

=:tb,(e) + My(e) + Zi(e) (3)
where
e The drift b,(¢) is defined as
by(c) i | dirise V() it flpye l2lv(de) < oo, "
- fgg|m|<1 zv(dx) otherwise;

e AX, denotes the jump at time 7 of the cadlag process X: AX, = X, — limyy, X;

o M(e) = (M(e))t>0 and Z(e) = (Z;(e))i>0 are two independent Lévy processes of Lévy
triplets (0,0,1;<.v) and (fe<|x|<1xu(dm),O,H|x|>€1/), respectively;

e M (e) is a centered martingale consisting of the sum of the jumps of magnitude smaller
than e in absolute value;

e Z(c) is a compound Poisson process defined as follows: N(g) = (Ni(g))¢>0 is a Pois-

son process of intensity Ac := [, .. v(dx) and (Y;(g));>1 are ii.d. random variables

independent of N (e) such that P(Yi(e) € A) = V&f), for all A € B(R\ (—¢,¢)).
The advantage of defining the drift b,(¢) as in (1) lies in the fact that this definition allows
us to consider both the class of processes

Xe=) AX,,

s<t

when v is of finite variation, and the class of Lévy processes with Lévy triplet (0,0, ), when
v is of infinite variation. Furthermore, when v(R) < oo, we can also take ¢ = 0 and then
Equation (3) reduces to a compound Poisson process

Ny

X =>Y,

i=1



where the intensity of the Poisson process is A = A\g = (R \ {0}) = v(R) and the density of
the i.i.d. random variables (Y;);>0 is f(x)/A\.

We also recall that the characteristic function of any Lévy process X as in (3) can be
expressed using the Lévy-Khintchine formula. For all v in R, we have

E[emxt] = exp (Z’tu%, + t</R(ei“y —1— iuy]lmgl)l/(dy))), (5)

where v is a measure on R satisfying

y({0) =0 and /R (I A Du(dy) < 0. (6)

In the sequel we shall refer to (v”,0,v) as the Lévy triplet of the process X and to v as the
Lévy measure. This triplet characterizes the law of the process X uniquely.

Let us assume that the Lévy measure v is absolutely continuous with respect to the
Lebesgue measure and denote by f (resp. f.) the Lévy density of X (resp. Z(e)), i.e.
flx) = V(dix) (fe(z) = W). Let h. be the density, with respect to the Lebesgue
measure, of the random variables (Y;(g))i>o, i-e.

fa(x) - )‘aha(x)]l(e,oo)(‘x’)’

We are interested in estimating f in any set of the form A(e) := (A, —a(e)] U [a(e), A) where,
for all 0 < e < 1, a(e) is a non-negative real number satisfying a(e) > e and A € [1,00] (the
case a(e) = ¢ = 0 is not excluded). The latter condition is technical, if X is a compound
Poisson process we may choose A := 400, otherwise we work under the simplifying assumption
that A(e) is a bounded interval. Observe that, for all A C A(e) we have

f@)La(lz]) = Ache (@)L a(|2]). (7)

In general, the Lévy density f goes to infinity as = | 0. It follows that if a(e) | 0, for instance
a(e) = e, we estimate a quantity that gets larger and larger. In the decomposition (7) of

the Lévy density, the quantity that increases as € goes to 0 is A\, = f\x\>e f(x)dx, whereas

the density h. := f\c—i may remain bounded in a neighborhood of the origin. The intensity A,
carries the information on the behavior of the Lévy measure f around 0.

Suppose we observe X on [0, 7] at the sampling rate A > 0, without loss of generality, we
set T := nA with n € N. Define

Xon = (Xa, Xon — Xa, ..., Xna — X(m1)a)- (8)

We consider the high frequency setting where A — 0 and 17" — oo as n — oco. The assumption
T — o0 is necessary to construct a consistent estimator of f. To build an estimator of f on
the interval A(e), we do not consider all the increments (8), but only those larger than ¢ in



absolute value. Define the dataset D, . := {XZ-A — X(i—na, 1 € fg}, where .7 is the subset
of indices such that
S = {Z =1,...,n: |X(i—1)A - XiA| > 6}.

Furthermore, denote by n(c) the cardinality of .7, i.e.:

n(e) =Y Ip\eq(Xia — Xg-nal), 9)
=1

which is random.

We examine the properties of our estimation procedure in terms of L, loss functions,
restricted to the estimation interval A(e), for all 0 <e < 1. Let p > 1,

Lye = {9 gl = </A(€) |g(x)|pd:17>% < oo}.

Define the loss function
—~ —~ ~ /
ep@(f’ f) — (E[Hf_ fuzzp’s])l/p _ </A( )Eﬂf(x) - f(ﬂf)’p]dx>l P7

where fis an estimator of f built from the observations D, ..

Finally, denote by Pa the distribution of the random variable XA and by P, the law of
the random vector X, A as defined in (8). Since X is a Lévy process, its increments are i.i.d.,
hence

n
Po=@Q)Pa=P", where Pia=2(Xin—Xi1)a)-
i=1
We consider also the following family of product measures:
Pn,e = ® Pi,A-
€5

In the following, whenever confusion may arise, the reference probability in expectations is
explicitly stated, for example, writing Ep,. The indicator function will be denoted equivalently
as Ty(x) or Ieq.

3 Main results

3.1 Estimation strategy

Contrary to existing results mentioned in Section 1, we adopt an estimation strategy that does
not rely on the Lévy-Khintchine formula (5). A direct strategy based on projection estimators
and their limiting distribution has been investigated in [17, 27]. Here, we consider a sequence



of compound Poisson processes, indexed by 0 < € < 1, that gets close to X as € | 0 and we
approximate f using that

flz) = gl\‘l% Aehe(x), Vo e A(e).

For each compound Poisson process Z(¢), we build separately an estimator of its intensity,
Ae, and a wavelet estimator for its jump density, h.. This leads to an estimator of f. = A h..
Therefore, we deal with two types of error; a deterministic approximation error arising when
replacing f by f. and a stochastic error occurring when replacing f. by an estimator f, ..
The main advantage of considering a sequence of compound Poisson processes is that, in
the asymptotic A — 0, we can relate the density of the observed increments to the density
of the jumps without going through the Lévy-Khintchine formula (see [14]). This approach
enables the study of L, loss functions, 1 < p < co. Our estimation strategy is the following.

1. We build an estimator of A. using the following result that is a minor modification of
Lemma 6 in Riischendorf and Woerner [33]. For sake of completeness we reproduce their
argument in the Appendix.

Lemma 1. Let X be a Lévy process with Lev(y measure v. If g is a function such that

fm21 g(z)v(dr) < oo, limy_yo 2 (— =0 and qagy 18 bounded for all z in R, then

1
lim ~Blg(X,)] = /R g(@)v(da).

In particular, Lemma | applied to g = 1 4(.) implies that

Ae ilgq A]P’(|XA|>»3) Vo<e<l.

Using this equation, we approximate \. by %P(|X A| > ¢) and take the empirical coun-
terpart of P(|Xa| > €).

2. From the observations D, . = (Xia — X(;_1)a)icr. We build a wavelet estimator ﬁn,g
of he relying on the approximation that for A small, the random variables (X;n —
X(i—1)A)ics. are ii.d. with a density close to h. (see Lemma 3).

3. Finally, we estimate f on A(e) following (7) by

Fre(@) = A chn (@)L ae)(2]), Vo € Ale). (10)
3.2 Statistical properties of XW

3.2.1 Asymptotic and non-asymptotic results for Xme

First, we define the following estimator of the intensity of the Poisson process Z(g) in terms
of n(e), the number of jumps that exceed e.



Definition 1. Let Xn,g be the estimator of \. defined by

5. ne)
ne = oL, (11)

where n(e) is defined as in (9).

Controlling first the accuracy of the deterministic approximation of . by %]P’(\X Al > ¢€)
and second the statistical properties of the empirical estimator of P(|Xa| > ¢), we establish
the following non-asymptotic bound for A, ..

Theorem 1. For alln>1, A >0 ande € [0,1], let Xn,g be the estimator of . introduced in
Definition 1. Then, for all p € [1,2), we have

]P’(‘XA’ > E))%

2 N CAETT
nA

I[*:Pn “Xn,s - )\€|p] § C{( A

and, for all p € [2,00)

nP(|Xa| > ¢) y (IP’(|XA| > e)>§>

(nA) A2 Aa—w‘p}

Ep, [[Ane = A7) < c{( N

where C' is a constant depending only on p.
In the asymptotic setting the latter result simplifies as follows.

Theorem 2. For all A > 0 and ¢ € [0,1], let Xnﬁ be the estimator of . introduced in
Definition 1. Then, for all p € [1,00), we have

)\E_w‘p+o<<w)%>

EPn [|/>\\n,€ - )\€|p] < A nA2

as n — 0o, provided that nA remains bounded away from 0 and that nP(|Xa| > &) — oc.

3.2.2 Some remarks on Theorems 1 and 2

On the convergence of Xn@. Theorems 1 and 2 study how close is the estimator Xn,a
to the true value A, in L, risk. The bound depends on the quantities P(|Xa| > ¢), which
appears in the stochastic error, and [A. — A7'P(|Xa| > )|, which represents the deterministic

P(Xal>€)
- = | as

error of the estimator. Note that we may rewrite the stochastic error |Xn€
L|Fa(e) — ﬁmA(E)’, if we set Fa(e) := P(|Xa| > ¢) and ﬁmA(E) its empirical counterpart.
Let us discuss what information we have on these terms.

If we decompose the stochastic error on the number Na(e) of jumps of the compound

Poisson process Z(g) we get, for all 0 < e <1,

P(|Xa| > ) < P(|Ma(e) + Aby(e)] > e)e ™2 +ua(e)e ™2 AA + P(Na(e) > 2)
AZA2

§?}A(E)+)\€A+ 5




where va(g) :=P(|Ma(e) + Ab,(g)| > €) and ua(e) := P(|Ma(e) + Ab,(e) + Yi(e)| > ¢) < 1.
Note that, by Lemma 1, we have

vee (0,1, lim ”Af)

= 0. (12)

Indeed, the process (M;(e) + tb,(€))i>0 is a Lévy process with Lévy measure 1_. 4(z)v(dz).
An application of Lemma | taking g(z) = Lg\(—c) gives us (12). This equation is important
in the sequel: it gives an upper bound on the influence of the small jumps M (e).

For every fixed € € (0,1], Fa(e) = P(|Xa| > ¢) is expected to converge to zero quickly
enough as A goes to zero. Therefore, from the bound

[NiS]

(28 + 2 + ) ifpell2),

p

LBy, [|Fae) - Fuae)l] < C
g —’}fggi)v(ngghr + 2 )2 if p>2,

A

we deduce that lim, . A5 Ep, [|Fa(e) — ﬁmA(s)]p] = 0 as long as we can choose ¢ such that
2
both % and T/L\—Z vanish as n goes to infinity.
Let us now discuss the deterministic error term. We have

P(|Xal >€)‘ _

Ae — A

_AEA<AUA( ) — un(e)Ae
Z]P’(‘ZYJrMA( )+ b A‘>a)“5 s )‘

<988 31— ua(e) + XA,

- A

For the term A.(1 —ua(e)), observe that, for all €,&" € [0, 1]

Ae(1 —ua(e)) S AP(Y1| < e+ ) + AP(|Y1] > e +€)vale’)
<v([-e—¢,—e]Ule,e +£]) +vale)A.

Therefore, if one chooses ¢’ € (0, 1] such that

va(e) < 2

v([—e—¢,—¢elUlg,e+¢€]) S UAA(E)
this term also goes to 0. Unfortunately, such a choice depends on the rate of converge in (12)

which is very difficult to compute, even in examples. Therefore, it seems difficult to provide
a general recipe for the choices of ¢ and e.

10



Relation to other works. In [30] and [31], the authors propose estimators of the cumula-
tive distribution function of the Lévy measure, which is closely related to A.. Indeed, following
their notation, the authors estimate the quantity

- ffoo v(de), ift<0
N = { [ v(dx), ift>0.

Then, for all £ € (0,1], we have A\. = N(—¢) + N (g). The low frequency case is investigated
in [30] (A > 0) whereas [31] considers the high frequency setting (A — 0) and includes the
possibility that the Brownian part is nonzero. In both cases, an estimator of A/ based on a
spectral approach, relying on the Lévy-Khintchine formula (5), is studied. In [31] a direct
approach equivalent to our estimator is also proposed and studied.

For each of these estimators the performances are investigated in L, and functional central
limit theorems are derived. However, the involved techniques use empirical processes and
cannot be generalized for L, losses, p > 1. Most importantly, those results hold for values of
t that cannot get close to 0, whereas in our case we require an estimator at a time e that is
vanishing. Therefore, in this context, our Theorems | and 2 are new.

A corrected estimator. If we had a better understanding of the rate (12) we could improve
the estimator ), . in some cases. A trivial example is the case where X is a compound Poisson
process. Then, one should set € = 0, as we have exactly

P(|XA| > 0) = P(Na(0) #0) =1 — e 04,

Replacing P(|Xa| > 0) with its empirical counterpart F\nA(O) and inverting the equation,
one obtains an estimator of g converging at rate vnA (see e.g. [14]). A more interesting
example is the case of subordinators, i.e. pure jump Lévy processes of finite variation and
Lévy measure concentrated on (0,00). If X is a subordinator of Lévy measure v = 1 oV,
using the fact that P(Za(e) > ¢|Na(e) #0) = 1, we get

P(Xa > ) = P(Ma(g) + Ab,(e) > e)e ™2 41 —e 2 £>0. (13)
Suppose we know additionally that
va(e) = P(Ma(e) + Aby,(e) > €) = o(Fa(e)™) (14)

for some integer K. Equation (12) as well as Fa(e) = O(A:A) ensures that K > 1 (neglecting
the influence of \; with respect to A). Using the same notations as above, define the corrected
estimator at order K

~

K k
ko1 (Fn,a(9))
=3 ;:1: T K>l

11



If K =1 we have X,lw = Xn,g. For 1 < p < oo, straightforward computations lead to

IN

(Fon(@)®  (Fale)pp 1 & (Fa(e)”
K 2 ‘)*‘ >

M) =

E(AE.—X)P)

ooz

E(|Faa(e) = Fa(e)lP) 1 ‘i (Fa g ( 1— vA((s))) ‘p}
k 1-— FA £

Eenl
y |l
—_

—
o ol
T =

AP A

< CP{CK P
where we used (13). Finally, using the proof of Theorem 2, expansion at order K of log(1— z)
in 0 and assumption (14) we easily derive

~ Fa(e)\5  /Fa(e)E+Dp
K _ ] < o2 a7
S0, - ] (29 (B
However, even when the Lévy density is known, we do not know how to compute P(Ma (g) +
Ab,(e) > €): assumption (11) is hardly tractable in practice. In the case of a subordinator,
taking advantage of (13) and A.A — 0 it is straightforward to have va(e) = O(A™'Fa(e) —
Ac), when A. # 0. In many examples A~ Fa(e) — A = O(A2A?), therefore va(e) = O(AZA?).

In these cases one should prefer the estimator X%e

3.2.3 Examples

Compound Poisson process. Let X be a compound Poisson process with Lévy measure
v and intensity A (i.e. 0 < A = v(R) < 00). As v is a finite Lévy measure, we take ¢ = 0 in
(11) that is,
~ >t Trygoy (IXia — Xi—1)al)
An0 = .
nA

Applying Theorem | (and observing that A\g = \), we have the following result.

Proposition 1 (Compound Poisson Process). For all n > 1 and for all A > 0 such that
AA < 1, there exist constants Cy and Cs, only depending on p, such that

B, [Fno - A < 0 { ()" + 028y}, ipe o).

p
Ep, [|Ano — AP] < @{W Vv (n%) * 4 (A2A)p}, ifp>2.

This rate depends on the rate at which A goes to 0, and the bound of AP might, in some
cases, be slower than the parametric rate in (nA)_f”/ 2 — 7-P/2_ Indeed, the reason for this lies
in the exact bound |A\g — W\ = |A—(1—e?2)] = O(A). In the compound Poisson case
another estimator of A\ converging at parametric rate can be constructed using the Poisson
structure of the problem (see e.g. [14], one may also use the corrected estimator discussed
above).

12



Gamma process. Let X be a Gamma process of parameter (1 1) that is a finite variation

Lévy process with Lévy density f(z) = g]l(o,oo)( )y Ae = f

xT

!Et_l

P(|X;| > ¢e) =P(X; > ¢) :/mm

e Ydx, Ve>0,

where I'(¢) denotes the I" function, i.e. T'(¢ fooo t=le=*dx. By Theorem 1, an upper bound

for Epn|/)\\n,€ — Ac|P can be expressed in terms of the quantities |- — %‘ and P(Xa > ¢)
that can be made explicit. Let us begin by computing the first term

/Oo gy PXa>e) ( (15)

A _]P’(XA>E)‘_
c N x A

A

Define ['(A,e) = [ x5 Ye™®dx, such that T'(A,0) = T'(A). Using that T'(A,¢) is analytic
we can write the right hand side of (15) as

- PO =l oo - g el |
r<o,e>\1—§igﬁ“1 e it e Ll w

As T'(A,0) is a meromorphic function with a simple pole in 0 and residue 1, there exists a
sequence (ay,)x>o such that I'(A) = X 4+ >3 aiA*. Therefore,

1 — AT(A,0) AZ%M

and
1—AT(A) B AzzozoakAk N
AT(A) 1 +AZZ°:0 apAF '

Let us now study the term > 77, Ak—f (%F(

aa—AkkP(A,g)‘A:O‘ < ‘e‘l/ log dx‘ + ‘/ “(log(z da:

o k+1
RO [T e gl

£)) |A:0. We have:

Let zg be the largest real number such that e = (log(z0))*. This equation has two solutions
if and only if £ > 6. If no such point exists, take g = 1. Then,

00 o) 0 - z
/ e *(log(x))kdx < / e (log(x))*dx +/ e 2dr < (log(azo))k(e_1 —e %) + 23
1 1 o
zg

<eT liye T <k,
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where we used the inequality xy < 2klog k, for each integer k. Summing up, we get

1%—@?{%?(&5)\ N ‘1ZM“0,§+‘1M i“— Z S )
k=1 k=1
[ee) &
2

< |log(e)| [e¥15) 1] + ,() 0(a)
k=6

< (l0g()*A + O(A).

In the last two steps, we have used first that A < e~2 and then the Stirling approximation
formula to deduce that the last remaining sum is O(A3). Clearly, the factor ﬁ(ﬁ) ~ 1, as
A — 0, in (16) does not change the asymptotic. Finally we derive that

P(XaA > E)‘

Ae — = O(log(e)QA).

Another consequence is that there exists a constant C, independent of A and ¢, such that
P(Xa > ¢) < A(A: + Clog(e)?A).
We have just established the following result.

Proposition 2 (Gamma Process). For all € € (0,1), there exist constants Cy and Cq, only
depending on p, such that, for A > 0 small enough

Ae + 10g(5)2A> 2

Ep, [Ane = AP] < Cl{( nA

+ (log(a)2A)p}, when p € [1,2),

()\5 +1log(e)?A
(nA)P—1 nA

D
Er, [Pne = AP] < Co{ )7+ (log(e)?A)y ), when p > 2.

Cauchy process. Let X be a 1-stable Lévy process with

1 & dx
f(l') = 7Tx2 ]]-R\{O} and ]P)(‘XA’ > E) = 2/2 m
Then, under the asymptotic A/e — 0, we have
]P’(‘XA‘ > E) A?
R M =0(%) (17)

Indeed, observe that with such a choice of the Lévy density we have A\, = % and, furthermore,
P(|Xa| >€) = 2(3 — arctan (£)). Hence, in order to prove (17), it is enough to show that

3 2

23 <7T arctan (Z)) — %

2
hm —

—>07T

< 0. (18)
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To that purpose, we set y = % and we compute the limit in (18) by means of de I'Hopital

rule:

2 .
— lim
T y—0

2 arctan( )—y' yz

=lim ———— <
y3 y1—>0 (1 + y?)3my? >

1 <7T " <1>> 1
— |z —arctan (- ) | — | =
Y3\ 2 y y?

Therefore, in the case where X is a Cauchy process of parameters (1, 1), Theorem 2 gives:

Proposition 3 (Cauchy Process). Let 0 < e = ¢, <1 and A = A, be such that lim,,_,, A” =
0. Then, for p > 1 there exist constants C1,Co and ng, depending only on p, such that ¥n > ng

< AP w1 A?
Ep, [Ane = AP] € O + 8) 5 (Z + ).

Inverse Gaussian process. Let X be an inverse Gaussian process of parameter (1,1), i.e

7'rA2
e~ T
f(@) = —5le)(z) and P(Xa >e¢) 2Af/ Caf
T2 Lz
Then,
7rA2
Pa29) | slonve [T 2Dy eave oy [T e,

A 2 e x2

After writing the exponential e % as an infinite sum, we get I = O(é_;) if AX; % —
£2
0. Expanding ¢2V7™ one finds that, under the same hypothesis, I] = O(AN;) = O(% .

Theorem 2 leads to the following result.

Proposition 4 (Inverse Gaussian Process). Let 0 < ¢ = ¢, < 1 and A = A,, be such that
lim,, o0 ﬁsln = 0. Then for all p > 1 there exist constants C,Co and ng, depending only on

p, such that for all n > ng

B e~ ] < 4 (35 + 57) + ) F (Lo en(55+ )

D
2

3.3 Statistical properties of ﬁma
3.3.1 Construction of ﬁnﬁ

We estimate the density h. using a linear wavelet density estimator and study its performances
uniformly over Besov balls (see Kerkyacharian and Picard [26] or Haddle et al. [23]). We state
the result and assumptions in terms of the Lévy density f as it is the quantity of interest.
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Preliminary on Besov spaces. Let (®, ¥) be a pair of scaling function and mother wavelet
which are compactly supported, of class C" and generate a regular wavelet basis adapted to the
estimation interval A(e) (e.g. Daubechie’s wavelet). Moreover suppose that {®(x —k),k € Z}
is an orthonormal family of Ly(R). For all f € L, . we write for jo € N

F@) =" e Pjor(@) + > > Bin(F)Tjn(x), Vo € Ale)

kA, i>jo ke,

where @1 (z) = 2% (200 — k), U (x) = 2%\P(2j:p — k) and the coefficients are

aok(f) = /A | Bok@f @ and 5(f) = /A @@

As we consider compactly supported wavelets, for every j > jo, the set A; incorporates boun-
dary terms that we choose not to distinguish in notation for simplicity. In the sequel we
apply this decomposition to h.. This is justified because f. € L, . implies h. € L, . and the
coefficients of its decomposition are aoi(h:) = ojor(f)/Ae and Bjr(he) = Bjor(f)/Ae. The
latter can be interpreted as the expectations of ®;,(U) and W;(U) where U is a random
variable with density h. with respect to the Lebesgue measure.

We define Besov spaces in terms of wavelet coefficients as follows. Forr > s > 0, p € [1,00)
and 1 < ¢ < oo a function f belongs to the Besov space B, ,(A(e)) if the norm

13,0000 = ( 3 \ajok<f>rp)% H| X (e (X \Bjk(f)V’)’l’)T (19)

keAjq 7>jo keA;

is finite, with the usual modification if ¢ = co. We consider Lévy densities f with respect to
the Lebesgue measure, whose restriction to the interval A(e) lies into a Besov ball:

F (50,4, M=, A(€)) = {f € Lpe = || fllBs, (ae)) <M} (20)

Note that the regularity assumption is imposed on f| () viewed as a L, . function. Therefore
the dependency in A(e) (hence a(e)) lies in the constant 91.. Also, the parameter p measuring
the loss of our estimator is the same as the one measuring the Besov regularity of the function,
this is discussed in Section 3.3.2. The following lemma is immediate from the definitions of
he and the Besov norm (19).

Lemma 2. Let f be in F(s,p,q, M., A(e)), then h. = f\c—i belongs to ﬂ(s,p, q, E?\t—;,A(z—:)).

Construction of lALn,a. Consider D,, ., the increments larger than . We need to estimate the
jump density h. but we only have access to the indirect observations { X;a — Xi-nat€ I},
where for each 1 € 7., we have

Xin = Xi—1)a = Mia(e) — M_1)a(e) +bu(e) + Zia(e) — Zi—1)ale)-
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The problem is twofold. First, there is a deconvolution problem as the information on A, is con-
tained in the observations { Z;an —Z(;_1)a,i € Z}. The distribution of the noise Ma(g)+by(¢)
is unknown, but since this quantity is small we neglect this noise and make the approximation:

Xin = X(i—na = Zia(e) = Zi—1)a(e), Vi€ S (21)

Second, even overlooking that it is possible that for some iy € 7, | X;,a — X(io—1) Al > e and
ZioA = Z(ig—1)a = 0, the common density of Zin — Z;_1)a|Zin — Z(i—1)a # 0 is not he but it
is given by

pa(z ZPNA ) = k|Na(e) # 0)hz"*(x) Zk,e& — h*k< ), VzeR, (22)

where x denotes the convolution product. However, in the asymptotic A — 0, we can neglect
the possibility that more than one jump of N () occurred in an interval of length A. Indeed,
we have the following lemma.

Lemma 3. If \.A — 0, then for all p > 1 there exists some constant C' > 2 such that:
[pae=helly,. < CAIfll, .
Finally, our estimator is based on the chain of approximations
he = pae = L(XAl|XA] > €).
Therefore, we consider the following estimator

= Z aJ,kq>Jk($)7 T e A(g)v (23)
kel y

where J is an integer to be chosen and

gk = Z(I)Jk in — X@i—1a)-
n( i

We work with a linear estimator, despite the fact that they are not always minimax for general
Besov spaces B; ,, 1 < 7,q < oo (7 # p). Our choice is motivated by the fact that, contrary to
adaptive optimal wavelet threshold estimators, linear estimators permit to estimate densities
on non-compact intervals. But, most importantly, to evaluate the loss due to the fact that
we neglect the small jumps Ma(e) (see (21)), we make an approximation at order 1 of our
estimator h, .. We need our estimator to depend smoothly on the observations, which is
not the case if we consider usual thresholding methods. Finally, we recall that on the class
F(s,p,q, M., A(e)) this estimator is optimal in the context of density estimation from direct
i.i.d. observations (see Kerkyacharian and Picard [26], Theorem 3).
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3.3.2 Upper bound results

Adapting the results of [26], we derive the following conditional upper bound for the estimation
of h. when the Lévy measure is infinite. The case where X is a compound Poisson process is
illustrated in Proposition 5. Recall that A(e) = (—A4, —a(e)] U[a(e), A) with A € [1, 00].

Theorem 3. Assume that f belongs to the functional class ﬁ(s,p,q,ma,A(a))Adeﬁned in
(20), for some 1 < qg<o00,1 <p<oo,e€ (0,1 and A < co. Letr > s > %, hpe be the
wavelet estimator of he on A(e), defined in (23). Let va(e) := P(|Ma(e) + Aby(e)| > ¢),
Fa(e) == P(|Xa| > €) and o2(¢) := f|x|§€a:21/(da:). If ;i(é)) < 1 and A:A — 0 as n — oo,
then the following inequality holds. For all J € N and for all finite p > 2, there exists a
positive constant C' > 0 such that:

B(fne(1ia — Xoonabien) — kel 1) < of 27 [(2200 )" + (2]

(2 5) + e + (Al Y]

2 0 A 4 n(e) P ()A)" + (()AY] |

where n(e) denotes the cardinality of 7z and C only depends on s, p, ||hellr,., |hellL, .
1P, |®]|ow and ||®||,. For 1 < p < 2 this bound still holds if one requires in addition that
he(r) < w(x), Yo € R for some symmetric function w € L.

The assumption ;i((‘?) < % is not restrictive: this term is required to tend to 0 to get a
consistent procedure. An immediate consequence of the proof of Theorem 3 is the following.

Proposition 5. Assume that [ is the Lévy density of a compound Poisson process and that
it belongs to the functional class 7 (s,p,q,Mo, R\ {0}) defined in (20), for some 1 < g < oo,
1<p<oo. Take A= o0 and letr > s > %, hno be the wavelet estimator of hg on R\ {0},
defined in (23). Then, for all J € N and p € [2,00), there exists C > 0 such that:

E (im0 ({Xia = X-naties) = holl}, ,|-90) < C 277 + 272(0) 7 + (Al fl11,.0)"].
where n(0) is the cardinality of Yo and C depends on s, p, ||hollL, o, IhollL, 0. Ao Mo,
[|®]|0os [|®|lco and || ®@]|,. For 1 < p < 2 this bound still holds if one requires in addition that

ho(x) < w(zx), Vo € R for some symmetric function w € L, .

Taking .J such that 27 = n(O)%+1 leads to an upper bound in n(O)_ﬁ V A, where
n(O)_%+1 is the optimal rate of convergence for the density estimation problem from 7(0)
ii.d. direct observations. The error rate A is due to the omission of the event that more than
one jump may occur in an interval of length A.

To get an unconditional bound we introduce the following result.
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Lemma 4. Let Fa(e) :=P(|Xa| > ¢€). For all v > 0 we have
3nFa(e)\—" _ —3nF, nFa(e)\="
<T> <E(n(e)™") < 2exp ( n32A(€)) +< 2 > :
Using Lemma 4, together with A(12) , we can remove the conditioning on .Z. and we get
an unconditional upper bound for h,, ..

Corollary 1. Assume that f belongs to the functional class F (s,p,q,Mc, A(e)) defined in

(20), for some 1 < qg< oo, 1 <p<ooand A< oc. Letr > s > % and let hy, . be the wavelet
estimator of he on A(e), defined in (23). If ;i((?) < %, AeA — 0 and nFa(e) — 0o asn — oo,
then, for all J € N and p € [2,00) the following inequality holds:

Bl csaher) -1, <o (B0 (20

(2o 0) + TR (@) + (AN,

+ 270020 [(nFp (2)) TP A + (nFa (2)) 72 (0%(2)A)"* + (b, () AV | }

for some C > 0 depending only on s, p, ||he|[r,., |hellr, . [Plloos (@ [loc and || @], For
1 < p < 2 this bound still holds if one requires in addition that he(x) < w(z), Vx € R for
some symmetric function w € Lp/2.

The various terms appearing in this upper bound are discussed in Section 4.1. The implied
rates are illustrated on examples in Section 4.2.

4 Statistical properties of fnﬁ

Combining the results in Theorem 2 and Corollary | we derive the following upper bound for
the estimator f, . of the Lévy density f when v(R) = co. The case where X is a compound
Poisson process is illustrated in Proposition 6.

Theorem 4. Let f belong to the functional class F(8,p,4, M, A(e)) defined in (20), for
somel < qg<oo,1<p<oo,eé€ (0,1 and A < oco. Letr > s > % and let f, . be the

estimator of f on A(e), defined in (10). Then, under the assumptions ;i((?) < %, AA =0

and nFa(e) — 00 as n — oo, for all J € N and p € [2,00), there exists C > 0 such that the
following inequality holds:

P
2

[Ep,e(ﬁz,e,f)]p < C’{ [(ZAA(‘?) 4l - FAA(&:) m (9;7\1_:)p

G G

() 4 R (0Fa©) T + (Al

+ 27020 |(nFp (2))' TP A + (nFa (2)) 7 (0%(2)A)"* + (b () AV }}
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where va(g) == P(|Ma(g) + Ab,(¢)| > €), Fale) :=P(|Xa| > ¢), 02(g) := f|m|§e 2?v(dx) and
C depends on s, p, ||hellr, ., Ihellr, o 1 @llocs |®]loc and [|@],. For 1 < p < 2 this bound
still holds if one requires in addition that f-(x) < w(x), Vo € R for some symmetric function
w € Lp/Q.

4.1 Discussion

The upper bound presented in Theorem 4 is difficult to interpret in general. Here, we give
a rough intuition of what terms are dominating and where they come from. Thinking back
on our strategy, we made different approximations that entail four different sources of errors
(points 2-3-4 are related to the estimation of h. whereas point 1 to the estimation of \.).

1. Estimation of A\.: In Section 3.2.2 we have already discussed this point. Our appro-
ximation strategy for the intensity A. leads to the error

Fa(e) ‘p .

+ -2 =Ry

(FA(€)>§
A

nA2

2. Neglecting the event {|Ma (¢)+b,(g)| > e}: We consider that each time an increment
Xa exceeds the threshold e the associated Poisson process Na (¢) is nonzero. This leads
to the error

vA () va(e) | _ sesvale)
QQJ{ NG Fm} RN

This error is unavoidable as we do not observe M(g) and Z(g) separately.

3. Neglecting the presence of Ma(e) + Ab,(¢): In (21) we ignore the convolution
structure of the observations. This produces the error in

27O (nFp () TP A 4 (nFa () (02(6)A)2 + (B () A | = B,

It would have been difficult to have a better strategy than neglecting Ma(g) + b, () A:
the distribution of Ma (e) is unknown, then we cannot take into account the convolution
structure of the observations. Moreover, even if we did know it (or could estimate it),
deconvolution methods are essentially adapted to Lo losses.

4. Estimation of the compound Poisson Z(eg): This estimation problem is solved in
two steps. First, we neglect the event { Na(e) > 2} which generates the error:

A||f||Lp,5 = E4'

This error could have been improved considering a corrected estimator as in [14], but this
would have added even more heaviness in the final result. Second, we recover an esti-
mation error that is classical for the density estimation problem from i.i.d. observations
in

m. M _
2705+ 72 (nFae) = EBs.
£ 13
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One can get easily convinced that the most significant term is Fy. Using (12) we see that it is
possible to choose J, going to infinity, such that Fs still tends to 0. This choice of J together
with A — 0 and nFa(e) — 0 leads to an upper bound that goes to 0. Balancing these
five terms to get an explicit rate is difficult without further assumptions. But, in general,
the leading term will be imposed by the unknown rate of convergence of UA((‘S)) to 0 of and
consequently by E3. We cannot ensure that this rate is optimal and we cannot propose an
adaptive choice of J as, in practice, as we already underlined, a sharp control of va () is not
known. Below we discuss the main problems related with this quantity va(e).

4.1.1 How to control the small jumps of a Lévy process

As we have already pointed out, a crucial role in determining the rate of convergence of our es-
timators is played by the quantity va(g) := P(|Ma(e) + Aby(g)| > €). In the literature papers
devoted to expansions for the distributions of Lévy processes already exists (see, e.g., [33] and
[18]) but they cannot be used in our framework. The expansions for P(Ma(e) + Ab,(e) > x)
holds only for x large enough with respect to &.

A theoretical approach to compute va(e) is offered by the inversion formula and the
Lévy-Khintchine formula. We reproduce the computations only in the case where X is a
subordinator but they can be done in general. Formally, let X be a subordinator with Lévy
measure v, we have

M (g) + tby( ZAX To<ax,<e-

s<t
By the Lévy-Khintchine formula, it follows that

15
E[ei“(MA(a)JrAb”(a))] = exp <A/ (e — 1)y(dy)> = (u)
0

and we can express the density of the random variable Ma () + Ab,(¢) as

d(z) = 21 exp < —dux + A/ ey — )V(dy)) du.
7T
Therefore
P(Ma(g) + Aby(e) > ¢) = zi/ / exp ( —jux + A/ (e — 1)1/(dy)> dudz.
TJe JR 0

Unfortunately, the double integral above is far from being easily computable. Another possible
representation that one could use is the one provided in [19]:

]P)(MA(&) + Aby(s) > 6) 1 i /OO e—ita(’p(_t) _ eita(p(t) 0

2 27 it
oo T —iue
L1 [l
2 7w U
11 et J (cos(uy)=1)v(dy) gipy <A [y sin(uy)v(dy) — us)
= -4+ = / du,
2 m™.Jo u
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but, again, these expressions are hard to handle in practice.
However, at least in the case where X is a subordinator, something more precise can be
said about va (€) thanks to the relation (13)

P(Ma(e) + Ab,(e) > &) = M2 [P(Xa >e)+ e A 1], e>o0.

In particular, for the class of Gamma processes and Inverse Gaussian processes treated in
Section 3.2.3, we have

va(e) = e A[(P(Xa > &) — A:A) + (74 — 1+ AA)] = O(\2A?)
as A\eA — 0.

4.2 Examples

We go back to the first two examples developed in Section 3.2.3.

Compound Poisson process (Continued). In this case we take € =0 as A := \g < 00
and we have
FA(0) =P(|Xa| > 0) =1—¢ 2 = O(\A).

It is straightforward to see that nFa(0) — oco. Moreover, the choice ¢ = 0, simplifies the
proof of Theorem 3 significantly. Indeed, we have that va(0) = 0, % = 5, n(0) = n(0) and
that Xa has distribution pa o (see Section 5.3). Proposition 5 and Lemma 4 lead then to the
following upper bound. For all J € N, Vhq € f(s,p, q, %,R \{0}),1 <¢g<o0andp>1,
there exists a constant C' > 0 such that:

E(”ﬁn,o . ho”ip,o) SC{2_JSP + 2Jp/2(nA)—p/2 + Ap}

where €' depends on A, Mo, 5, p, [[hollL, 0, [[®lloos [|®]loc and [|@]|,. Choosing J such that
27 = (nA)T{H we get

E([fno — holl?, ) < C{(nA) "= 4+ AP},

where the first term is the optimal rate of convergence to estimate pa o from the observations
D,, ¢ and the second term is the deterministic error of the approximation of hg by pa 0. This
result is consistent with the results in [14] and is more general in the sense that the estimation
interval is unbounded.

Concerning the estimation of the Lévy density f = fo, we apply a slight modification of
Theorem 4 (due to the simplifications that occur when taking e = 0), and we use Propo-
sition | to derive the following result. Let ¢ = 0, assume that fy belongs to the class
F(5,p,q, Mo, [—A, A] \ {0}) defined in (20), where 1 < ¢ < o0, 1 < p < o0 and A < oo.
Here we consider a bounded set A(0) for technical reasons (see the proof of Theorem 4), this
assumptions might be removed at the expense of additional technicalities. Let J be such that

27 = (nA)#H, then for p > 2 we have

_p
2

[tp0(Fros )] = O((nA) 77V (nA) 7% + (nA) 7251 + A7) = O((nA) 7541 + A7)

22



The case p € [1,2) can be treated similarly and leads to the same rate. As earlier, the first
term is the optimal rate of convergence to estimate pa o from the observations D, o and the
second term gathers the deterministic errors of the approximations of hg by pa o and Ag by
AP(|Xa| > 0). We therefore established the following result.

Proposition 6. Let f € % (s,p,q, Mo, [—A, A]\ {0}),1<qg<o00,1<p < 00 and A < 0o, be
the Lévy density of a compound Poisson process. Let r > s > % and let f, o be the estimator
of f = fo on [-A, A\ {0}, defined in (10). Then, for all p € [1,00) and n big enough, there
exists a constant C > 0 such that

[£p.0(Fn0: )] < C((nA)_% + Ai”),

where C depends on X, Mo, s, p, [|hol|L, 0, [Plloc, [¥']lcc and [|®]l,.

Gamma process (Continued). Let X be a Gamma process of parameter (1,1). Let
e €(0,1), we have \. = [ <=dz = O(log(c 1)) and if log(¢)A — 0 the above computations
lead to

Fa(e) =P(Xa >¢) =0(\A) and wa(e) = O(\2A?).

Moreover b, (e) = [ zv(dx) = O(¢) and 0?(¢) = [; #*v(dz) = O(e?). Also, we observe that
forall1 < ¢ <ocand1<p < oo, f- belongs to the class .Z (s, p, q, Mlog(c~!), A(e)) for some
constant M. Let r > s > %, applying Theorem 4 for p > 2, we derive

-~ _ _Js _y[Alog(e? _
[pe(Fres £)]F = O<(log(€ Lyypo=Jsp 4 9J(Gp/2-1) [$ + (log(e 1)5A)pD.
Neglecting the effect of € (e.g. consider € = m) and setting

1 A
= - — p
g (G )

we obtain the following rate of convergence

f A _ﬁ
[ep,a(fn,&f)]p = O<<W +Ap) (s+5/2—-1/ )>'

If A(e) is bounded away from zero (e.g. a(e) is non-vanishing), the Lévy density is regular
and s can be chosen as large as desired. For large s, we recover the rate APV W, which

is optimal under the classical condition A = O(1/y/n).

4.2.1 Conclusion

The accuracy of the estimation of A. and he have already been discussed. Theorem 4 is the
aggregate of both results: the rate of f, . is the worst between the two errors. We cannot give
a general rate of convergence due to the influence of the small jumps, present in the upper
bound via the quantity va(e) that is difficult to handle in practice. However, consistency of

23



fn,g is ensured for L, loss functions. Moreover, our upper bounds show clearly the influence
of the small jumps. Finally, in the case where X is a compound Poisson process or a Gamma
process we recover classical results, which gives credit to the procedure. But the question of
whether our procedure is optimal in general, as well as the question of the adaptive choice
for J, remain open. Answering them will require a deeper understanding of the quantity
P(|Ma(e) +by(e)] > ¢) as e — 0.

5 Proofs

In the sequel, C' denotes a generic constant whose value may vary from line to line. Its
dependencies may be given in indices. The proofs of auxiliary lemmas are postponed to the
Appendix in Section 6.

5.1 Proof of Theorem 1
Let Fa(e) :=P(|Xa| > ¢) and Fa(e) := s, 1z 00) (| Xia — X(i—1)al])- The following holds

Ae —

FAA(e) ‘p+iEpn UFA(E) —ﬁA(E)|p]}. (24)

Er, UAE N X"’E‘p] = 2p{ AP

To control the second term in (24), we introduce the i.i.d. centered random variables

_ Lo ([Xia = Xnal) — Fale)

UZ 5 221,,71
n
For p > 2, an application of the Rosenthal inequality together with E[\Ui\p] = O(Ffﬂ(f))
ensure the existence of a constant C), such that
S _ Fa(e)\P/2
1] < 1=p = :
Epn[ ;UZ ]_0p<n FA(5)+< > )
For p € [1,2), the Jensen inequality and the previous result for p = 2 lead to
n » n 9 p/2 FA(€) p/2
E ul | < (En || ul]) =(22)
W[50l = (Enllzel]) = (52)
O

5.2 Proof of Theorem 2

Thanks to (24) and using the notations introduced in the proof of Theorem 1, we are only

left to show that, for p > 2,
P En(e)\r/2
-o((2)")

24

n

Ui

1=1

1
Lo




An application of the Bernstein inequality (using that |U;| < n~! and the fact that the
variance V[U;] < Fﬁ—é‘”) allows us to deduce that

& t2n
P Ul >t) <2 e
<Z - )‘ eXp( 2FA(6)+%>

i=1
Therefore,

n p 0 N 0 b1 t2n
U; = / t_]P’< Zt)dt§2 / 7 ex <—7>dt.
; ] Py P 1y P 2Fa(e) + %

Observe that, for t < 3Fx(¢), the denominator 2Fx (€) + % is smaller than 3Fa (¢) while for
t > 3Fa(e) we have 2Fa () + 2 < 2t. It follows that

/ =L exp ( - 7n2t>dt < /2 o exp (= o )dt +/ P15 dt.
0 2FA(e) + 5 0 3Fa(e) 3Fa(e)

After a change of variables, the following inequalities hold:

>0

i=1

Er. |

/OSFA(E) =1 exp ( — 3;’2725))6175 < %(%(E))Phr (g) 26)
and
fr? 502 ()1 (059), -

Here, I'(s, ) = [° 25~ 'e~“dx denotes the incomplete Gamma function and I'(s) = T'(s,0) is
the usual Gamma function. Equation (26) readily gives the desired asymptotic. To conclude,
we use the classical estimate for the incomplete Gamma function for |z| — oo:

[(s,z) =~z le™® <1 + 21 ! + O(%))

x

In particular, when (27) is divided by AP, it is asymptotically O( (ni)p e " A(E)), which goes
to 0 faster than (25).
5.3 Proof of Theorem 3

Preliminary. Since the proof of Theorem 3 is lengthy, to help the reader we enlighten here
the two main difficulties that arise due to the fact that the estimator h, . uses the observations
Dn,ay Le. hn,a = hn,a(Dn,a)'

1. The cardinality of D, . is n(e) that is random. That is why in Theorem 3 we study the
risk of this estimator conditionally on .#.. We then get the general result using that

Ep, |pe (fneshe) | = E[Ep, . [fpe(ne, he) | 22] .

Once the conditional expectation is bounded, we use Lemma 4 to remove the condition-
ing and derive Corollary 1.
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2. An observation of D),, . is not a realization of h.. Indeed, an increment of the process
Z(e) does not necessarily correspond to one jump, whose density is h., and, more
demandingly, the presence of the small jumps M (¢) needs to be taken into account. To
do so we split the sample D,, . in two according to the presence or absence of jumps
in the Poisson part. On the subsample where the Poisson part is nonzero, we make an
expansion at order 1 and we neglect the presence of the small jumps. This is the subject
of the following paragraph.

Expansion of Enﬁ. Consider D, = {Xian — X(j_1)a, @ € F} the increments larger than
. Recall that, for each i, we have

Xin — X(i—l)A = Ab,,(é‘) + MZ’A(E) — M(z’—l)A(E) + ZZ'A(E) — Z(i—l)A(E)'
We split the sample as follows:
e ={i € Iz, Zin(e) — Z—1)a(e) # 0}
HE = I\ K.

Denote by n(e) the cardinality of .#z. To avoid cumbersomeness, in the remainder of the proof

we write M instead of M (e) and Z instead of Z(g). Recall that @ ji(z) = 2%<I>(2Ja; — k).
Using that & is continuously differentiable we can write, Vk € Ay,

agg = %( S+ > >(I>Jk(XiA = X(i-1)a)

ieHe  ieHe
1
= —— > {n(Zia — Zi—1ya) + 2P (Min — Mi_yya + by () D) (270, — k) }
n(g) i€
1
LS (X Xua),
5 g); Jk(Xin — X(i—1)a)

where 7; € [min{Zian —Z_1)a, Xia = Xi—1)a t, max{Zian — Zi_1)a, Xia —X(i—1)a}]- It follows
that
e (2, {Xin — X_nyaties) = D Qup® k()
k‘EAJ
n(e)~

= %hn,e(% {Zin — Zi—1)atiexz)

23J/2
Z (MiA — M(z’—l)A +b,(e)A) Z @,(2‘1772' — k)q)Jk(.Z')

TL(E) 1€He keAy

1
* n(e) > D Car(Mia = Mi_yya +bu(€)A) i (w),
’iEJ{E‘: kel y

where conditional on 7, En75({ZZ~A — Z(i—1)a biex.) s the linear wavelet estimator of pa .
defined in (22) from mn(e) direct measurements. Explicitly, it is defined as follows

T e (2, { Zin — Zi_v)atiexn.) = Z asr®r(z), (28)
kel y
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where &) = %Zze% D5 (Zin — Z(i_l)A). This is not an estimator as both JZ. and
{Zin — Z(i—1)a }ie#. are not observed. However, a , approximates the quantity

g = / D i ()pa e (x)de. (29)
Ale)

Decomposition of the L, . loss. Taking the L, . norm and applying the triangle inequality
we get

[P ({Xin — Xapaties) = helll <G, {(n( ) i e({Zia = Zgadiess) el

+ (1= 23 Inel,,

93.Jp/2 P
s [ Y Ohia = M s+ 0008) 3 ¥ - sl da
"(6) A©) e keA,
/ > @ p(Mia — Mi_yya + by (€)) B k(@ )‘ dw}
teXkely
:C’p{T1+T2+T3+T4}. (30)

After taking expectation conditionally on .Z. and %, we bound each term separately.

Remark 1. If X is a compound Poisson process and we take € = 0, then ﬁnﬁ = l~1n,€ (and
’I’L(O) = ’FL(O)) and T2 = T3 = T4 =0.

Control of T7. We have

ne({Zia = Zii-vyabienz) = helll, . < Co{llhme({Zia = Zi-1yaies) — paclly, .
+llpae = hellz, . }
=: Cp(T5 + Tg).
The deterministic term Ty is bounded using Lemma 3 by (Al f|z,.)P. Taking expectation
conditionally on .. and % of T5, we recover the linear wavelet estimator of pa . studied
by Kerkyacharian and Picard [26] (see their Theorem 2). For the sake of completeness we

reproduce the main steps of their proof. First, the control of the bias is the same as in [26],
noticing that Lemma 2 implies pa . € ff(s,p,q, %,A(E)) (see Lemma 5.1 in [14]) we get

—Jep (MNP _ ~
E(T5| 7%, #2) < CP{Q ’ p<>\—€> +2/®27D N R (|, - aJ,k|p|fs,<%/e)},
€ keAy

27



where oy, and ), are defined in (28) and (29). First consider the case p > 2. We start by
observing that

1
E|: —ﬁ(g) Z (I)Jk(ZiA — Z(i—l)A) — /A(E) ¢Jk($)pA,e($) -, €:| —
Z 1= %}E'm Z(I)Jk in — Zi-1)A) — / P i (z)pac(z)|,
Ic{1,...,n} iel Ale)

where |I| denotes the cardinality of the set I. To bound the last term we apply the inequality
of Bretagnolle and Huber to the i.i.d. centered random variables (@Jk(ZZ’A — Z(i_l)A) —

E[®jx(Zin — Z(i_l)A)])z’eI bounded by 27/2+1||®||o, conditional to {#; = I'}. We obtain,

1
E‘m Z Q(Zin — Zii—1)a) — /A( ) P rp(2)pac(z)| <
icl €
p/2
Cp { / 27z — k)’pac(r)de| +
2(p—2)(J/2+1 PP;2
p_1|| H / 2J<I>(2Jx — k‘)2pA7€(x)dx}.
1] Ale)

Therefore we get

~ 1
N E(lasy, — anlP| 2 ) < Cp S {W [QJ /A( | o2z — k;)QpA’s(;p)d:E}

kel s keAy

2(p—2)(J/2+1)H<1>||P—2/
+ — > 270271 — k)?pa..(z dx},
n(e)r! Ae) ( JPacl@)

p/2

where, as developed in [26],

p/2 M

3 / 27 (2 k)zm,a(w)dw} < /\—€2JHPA,EH’£/2

A c p/2,e
keAy
J 2 Me g
and Z 2 O(27x — k) pac(z)dr < —27.

Ae

kel

We can then conclude that

J -2
- m, (2 HPA&HL e 2701205
_ p < e

kEEA E(laji — agplf| I, He) < G, A { n(c)p/? n(e)p—1

J

Plugging this last inequality in 75 we obtain

E(T5| -9, #:) < C{Q—Jsp<%)p N %(%)p/2}’
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where C is a constant depending on p, ||h€HLp/2’ ,
|®||oo. Gathering all terms we get, for p > 2,

that is an upper bound of |[pa || and

p/2,e”

B (e ({Zia = Z-vyabiess) = hell, |72, %)

<o (2 TE) + T (25)" + s,

where C is a constant depending on p, [|he||r,,,. and |[®[/«. For p € [1,2), together with the
additional assumption of h., following the lines of the proof of Theorem 2 of Kerkyacharian
and Picard [26] we obtain the same bound as above. Finally, we have established that

=) %(%)m (A, (31)

n\e

E(Tllfe,%> < C{(2—J8

where we used that n(¢) < n(e). Note that 9t./\. remains bounded. Moreover, taking J
1
such that 2/ = m(g)%+1 we have, uniformly over .% (s, p, q, S/J\t—:,A(e)), an upper bound in

ﬁ(s)_s/ (2s+1) for the estimation of DA, which is the optimal rate of convergence for a density
from mn(e) direct independent observations (see [26]).

Note that we did not use that A(e) is bounded to control this quantity, it was possible to
have A = co. This together with Remark 1 lead to Proposition 5.

Control of T3. Using the fact that ® is compactly supported, we get
3Jp
272 ||®||Z, pd:z:
E(T5| S, %z) < A/ ‘ > ox—k ‘ (‘ Z Min — Mg _1ya + bu( ‘ |fe,<%/)
n(e)P R ex,

Furthermore, we use the following upper bound for the last term in the expression above:

<‘ > (Mia — Mg_1ya +by(e ‘ ’fe,c%/>

1E€EH

< cp{E<( S (Mia — Myya) (”\fa,xfa) + (ﬁ(a)b,,(s)A)”}

i€ M

From Rosenthal’s inequality conditional on .#. and . we derive for p > 2

o] 5 s =o' 2) = G e + o))

1€EHe
_ Cp{ﬁ(s)Aﬂp@) + (ﬁ(5)02(5)A)p/2}

where Apy,(e) :== E(|]Ma|P) = O(A). For p € [1,2) we obtain the same result using the Jensen
inequality and the latter inequality with p = 2. Next,

LIS ee-n['5 <2 nrio.

keA
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As @ is compactly supported, and since we estimate h. on an interval bounded by A, for every
§ >0, the set A has cardinality bounded by |A;| < C27, where C' depends on the support
of ® and A. It follows that,

E(T3| S, #2) < C|| @[5 || 527 P>~ {'FL(E)n(@_”A +n(e) P (7(e)o*(e)A)"

n(e)b,(e)A\P
—_— . 2
- ( n(e) > (32)
Control of T;. Similarly, for the last term we have
_ n(e)\p
B2, #2) < 2/ @D o)s o) (1 - %) . (33)

Deconditioning on .. Replacing (31), (32) and (33) into (30), and noticing that T5 is
negligible compared to E(Ty|.7, #¢), we obtain

~ n(e)\?
E(|[fne({Xia = Xgnalies) = helly, |-, ) < c{zw(l - 2O

n(e)
R e ) @1

n 2J(3p/2—1)|AJ|p [ﬁ(s)n(e)_pA + n(g)—p(ﬁ(5)0-2(g)A)p/2 + (%)p} }

where C depends on s, p, [[icll,c, [helle, s [@lke, ¥l and @], To remove the
conditional expectation on JZ we apply the following lemma.

Lemma 5. Let va(e) = P([Ma(e) + Aby(e)| > €) and Fa(e) = P(|Xa| > ¢). If ?’2(8 <L
then for all r > 0, there exists a constant C' depending on r such that

E(fi(s)”7|%2) < Cn(e) ™
B ) UA(e)e—)\gA
E((n(e) () |-72) < O (nle) ™ —

r v e BT
) ? + (n(s)%) }

Finally, using the fact that A\.A — 0 and n(e) < n(e), we conclude:

B (el X — Xnaies) — hell, 2) < o[ (28 )72 (128

(2 ) + S e + (Al Y]

2N 0 A 4 (o) P D) + ((8Y] |

where C' depends on s, p, [|hellr, ., [|hellz, . [[®lloo, [®'][oc and [|@]|,. The proof is now
complete. O
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5.4 Proof of Theorem 4

Theorem 4 is a consequence of Theorem | and Corollary 1. For all 0 < & <1, we decompose
lpe(fne, f) as follows:

[ep,a (]?n,aa f)]p = /A(e) IE:Pn [‘Xn,aﬁn,e(x) - )\ahe(x) ‘p} dx

<27 Ep, [[Rne = AP0t + 2B, |
=: 2;0—1(]1 + 12)

Aol e = e[|

The term I; is controlled by means of Theorem | combined with the fact that if f. €
F(s,p,q, M., A(e)) then h. € F(s,p,q, ET—;,A(E)), which implies ||he||z,. < 9;\15. Concerning
the term Iy, the Cauchy-Schwarz inequality gives

I = / Ep, [[Anelf |hne(x) — he(x)[F] da

< \/EP |/\ne| p / \/EPn ‘hne - )‘2p]d$ = \/J_l\/']_2

The term .J; is treated using Theorem | and the triangle inequality

E[[An %] < Cpo(AZ +E[Ane — Ac|?)).

For the term Jy, notice that as A(e) is bounded, hence applying the Jensen inequality we get:

/A( \/Epn [[7on,e () — )\QP]dx<o\/Epn (17, — hII3E],
€

where C' depends on A. The rate of the right hand side of the inequality has been studied in
Corollary 1. The proof is now complete. O

6 Appendix

In this section we collect the proofs of all auxiliary results.

6.1 Proof of Lemma 1

Let (t,)n>0 be any sequence converging to zero and let X" be a sequence of compound Poisson
processes with Lévy measure

]P)(th S A)

vn(A) = ; ,

VA€ B[R\ {0}).
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Using the Lévy-Khintchine formula jointly with the fact that any Lévy process has an infinitely

divisible distribution we get:
. " ) E wXe, | 1
on(u) = E[e"F] = exp </ (e — 1)vn(d$)> = exp <u>
R\{0} tn

= exp <(E[emx1])w S (M> (34)

tn tn

We then deduce that the characteristic function ¢, of X7 converges to ¢, the characteristic
function of X7, as n goes to infinity. Indeed, from (34), we have

pnlu) = exp (eXp“" log(p(u))) — 1

tn
This implies that the law of X7 converges weakly to the law of Xj.

Let us introduce the sequence of measures p,,(dr) = (22 A1)y, (dz). From Theorem 8.7 in
[34] it follows that (p,,), is tight, i.e. sup,, pn(R) < 0o and limy_,, sup,, flx|>€ pn(dx). So there
exists a subsequence (py, )i that converges weakly to a finite measure p. Let us introduce the
measure 7(dz) = (x2 A 1)"!p(dz) on R\ {0} and 7({0}) = 0. Then, for any function f such
that f(z)(z2 A1)~! is bounded, the following equalities hold:

) = exp (log(p(u)) + O(tn)).

lim /f(x)ynk(da:) = lim f(@)(@* A1) pp, (do)

k—o0
/ flx :17 A1) p(dx) / flx
By definition of v, this implies that

1

n—oo t,,
The uniqueness of v (see [34], p. 43) joint with the fact that v, converges weakly to v (since
the law of X]" converges weakly to the law of X1), allow us to conclude that v = v. O

6.2 Proof of Lemma 3

Using the definition (22) we derive that

he— AsA)\A —)\5 h*k
Pae = fe = (1—e_>‘E _> Zk'l—e"\s

e AN A e ANAKZ
:<1—e—>‘6A )h +(A:4) Z KI(1 — e 2D hZ”.

Taking the L, norm and using the Young inequality together with the fact that h. is a density
with respect to the Lebesgue measure, i.e. [|h[|,. <1, we get

ABN A

/\ A
Ipoe—hell,, < (|l —1] + (B2

ikl
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Under the regime A\.A — 0 we obtain
HpA,e - haHLp,s < C)\EA”ha”Lp,ga

where C' > 2 and A\ h. = f, which completes the proof. O

6.3 Proof of Lemma 4
‘We have

n

n(e) = Z 1 oo)(IXia — X(i_1)al) = AnenA.
i

We introduce the centered i.i.d. random variables V; = 1. oo)(|Xia — X(i—1)a|) — Fa(€), which
are bounded by 2 and such that E[V;?] < Fa(e). Applying the Bernstein inequality we have,

n na?
P(‘%—FA@)P@ §2exp<—m), z > 0. (35)
Fix o = Fa(e)/2, on the set A, = {‘# — Fa(e)| < x} we have
nt: Az(g) < ne) < n?’F%(E) (36)

Moreover it holds that
E(n(e)™) =E(n(e)"1ac) + E(n(e) "14,).

Since r > 0 and n(e) > 1, using (35) and (36) we get the following upper bound

F —r
E(n(a)_r) < 2exp ( — %nFA(E)) + (n%(e»
and the lower bound
3nF, -
E(n(2)7) 2 B(n(e)"1,) > (X12E))
This completes the proof. a

6.4 Proof of Lemma 5
For the first inequality, the proof is similar to the proof of Lemma 4. Using the definition of
n(e) we have
(&) = D Lia@# 26 1a)
1€.I
For i € .., we set W, := Lza(e)#£2i—1ya(e)- We have
va(e)e A

E(Wili € 72) = P(Zia(e) # Zi—1)a (@)1 Xia — X-pal >€) =1 - Fa(e)
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using the independence of M (e) and Z(¢). The variables W; — E(W;|i € Z.) are centered
i.i.d., bounded by 2 and such that the following bound on the variance holds: V(W;|.#;) <

va(e)e AeA

. Applying the Bernstein inequality we have,

FA(e)
P((% - (1- %)‘ > x‘f€> < 2exp (_ 2(%(6)7:(21:: 2_£))>7 x>0, (37)
T Fale) T3
Fix o =, on the set A, = { |2 — (1 - 2262 < 1} we have
" < (3 - B e < e (39)
if %i((?) < 1. It follows from (37), (38) and () > 1 that for r >0
E(fi(e) "] 4) < 2exp (— En(e)) + (%)_

T

Finally, using that for all z > 0 we have z"e™" < C, :=r"e™" we derive

E(n(e)™"|2) < Cyn(e)™" + (%)_T,

which leads to the first part of the result.
The second part of the result can be obtained by means of Rosenthal’s inequality. For
r > 0, we have, using that n(e) > n(e),

E((n(s) — ()| £) < C’T{EQn(a)(l — e f(e)

va(e)e 22"
fa) + <n(a) A;A(e) ) }
The Rosenthal inequality leads to, for r > 2,

s

) <G, (n(E)MyM.

E(‘n(a)(l — M) —n(e) Fa(e)

FA(E)

Thanks to Jensen’s inequality we can also treat the case 0 < r < 2 recovering the same
inequality. Therefore, it follows that for all r > 0

E((n(e) — n(e))"|-22) < C{Oﬁ@%)rﬁ + (n(g)%y}.

This completes the proof. O
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