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Abstract: This paper deals with the study of dependencies between two
given events modeled by point processes. In particular, we focus on the
context of DNA to detect favored or avoided distances between two given
motifs along a genome suggesting possible interactions at a molecular level.
For this, we naturally introduce a so-called reproduction function h that
allows to quantify the favored positions of the motifs and which is considered
as the intensity of a Poisson process. Our first interest is the estimation of this
function h assumed to be well localized. The estimator i based on random
thresholds achieves an oracle inequality. Then, minimax properties of h on
Besov balls B3 . (R) are established. Some simulations are provided, allowing
the calibration of tuning parameters from a numerical point of view and
proving the good practical behavior of our procedure. Finally, our method is
applied to the analysis of the influence between gene occurrences along the
E. coli genome and occurrences of a motif known to be part of the major
promoter sites for this bacterium.

Keywords: Adaptive estimation, interactions model, oracle inequalities,
Poisson process, thresholding rule, U-statistics, wavelets.
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1 Introduction

The goal of the present paper is to study the dependence between two given events modeled by point
processes. We propose a general statistical approach to analyze any type of interaction, for instance,
interactions between neurons in neurosciences or the comprehension of bankruptcies by contagion in
economics. In particular, we focus on a model to study favored or avoided distances between patterns
on a strand of DNA, which is an important task in genomics.

We are first interested in the modeling of the influence between two given motifs, a motif being de-
fined as a sequence of letters in the alphabet {a,c,g,t}. This alphabet represents the four nucleotides
bases of DNA: adenine, cytosine, guanine and thymine. Our aim is to model the dependence between
motifs in order to identify favored or avoided distances between them, suggesting possible interactions
at a molecular level. Because genomes are long (some 1 million bases) and motifs of interest are short
(3 up to 20 bases), motif occurrences can be viewed as points along genomes. For convenience, we
work in a continuous framework and then, the occurrences of a motif along a genome are modeled by a
point process lying in the interval [0; T'], where T is the normalized length of the studied genome and
will drive the asymptotic. We add that our model focuses on only one direction of interactions, that
is to say we investigate the way a first given motif influences a second one. To study the influence of
the second motif on the first one, we just invert their roles in the model.
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We observe the occurrences of both given motifs (we presuppose interactions between them) and
we assume that their distributions are as follows. The locations of the first motif are modeled by
a n-sample of uniform random variables on [0;7T], denoted Uy,...,U, and named parents. As the
parameter T', the number n of parents will also drive the asymptotic. Then, each U; gives birth
independently to a Poisson process N’ with intensity the function ¢ — h(t — U;) with respect to the
Lebesgue measure on R (for instance, see [17]), which models the locations of the second motif. We
consequently observe the aggregated process

n n
N = Z N with intensity the function #+—s Z h(t —U;) (1.1)
i=1 i=1

and the points of the process N are named children. But in this model, for any child we do not observe
which parent gives birth to him. The unknown function A is so-called reproduction function. Our goal
is then to estimate h with the observations of the U;’s and realizations of V.

Such a modeling of locations of the first motif is linked to the work on the distribution of words
in DNA sequences of Schbath and coauthors (for instance, see [31], [24] and [29]). Indeed, the first
motif of interest is a rare word and is modeled by a homogeneous Poisson process N on [0; T]. Thus,
conditionally to the event "the number of points falling into [0; 7] is n", the points of the process N
(i.e. the parents) obey the same law as a m-sample of uniform random variables on [0;7]. Moreover,
with very high probability, n is proportional to T and this constitutes the asymptotic considered in
genomics, to which we will refer as the "DNA case". With our model (considering a uniform law on
the parents), we can also take into consideration the cases n < T (parents are far away with respect
to each other and one can almost identify which points are the children of a given parent) and n > T'
(parents are too close to each other, which leads to hard statistical problems).

If n = 1, the purpose is to estimate the intensity of only one Poisson process. Many adaptive
methods have been proposed to deal with Poisson intensity estimation. For instance, Rudemo [30]
studied data-driven histogram and kernel estimates based on the cross-validation method. Donoho
[8] fitted the universal thresholding procedure proposed by Donoho and Johnstone [9] by using the
Anscombe’s transform. Kolaczyk [18] refined this idea by investigating the tails of the distribution of
the noisy wavelet coefficients of the intensity. By using model selection, other optimal estimators have
been proposed by Reynaud-Bouret [25] or Willett and Nowak [32]. Reynaud-Bouret and Rivoirard [26]
proposed a data-driven thresholding procedure that is near optimal under oracle and minimax points
of view, with as few support assumptions as possible (the support of the intensity h may be unknown
or not finite), unlike previous methods that need to assume that the intensity has a known bounded
support.

We notice that the reproduction function h can be also viewed as the intensity of a Cox process
(for instance, see [5]) where the covariates are the parents Uj,...,U,. Comte et al.|4] proposed an
original estimator of the conditional intensity of a Cox process (more generally, a marker-dependent
counting process). Using model selection methods, they prove that their estimator satisfies an oracle
inequality and has minimax properties. Note that we consider here point processes on the real line.
Some aspects of similar spatial processes are studied in a parametric way [23], for instance.

Some work has been done to study the statistical dependence between motif occurrences. For
instance, in Gusto and Schbath’s article [12], the framework consists in modeling the occurrences of
two motifs by a Hawkes process (see [13]): our framework can be viewed when the support of A is in
R as a very particular case of theirs. Their method, called FADO, uses maximum likelihood estimates
of the coefficients of h on a Spline basis coupled with an AIC criterion. However, even if the FADO
procedure is quite effective and can manage interactions between two types of events, spontaneous
apparition (a child can be an orphan) and self-excitation (a child can give birth to another child),
there are several drawbacks. In fact, this procedure is a parametric estimation method coupled with a
classical AIC criterion which behaves poorly for complex families of models. Moreover, FADO involves
sparsity issues. Indeed, our feeling is that if interaction exists, say around the distance d bases, the
function h to estimate should take large values around d and if there is no biological reason for any
other interaction, then h should be null anywhere else. However, if the FADO estimate takes small
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values in this last situation, it does not vanish, which can result in misleading biological interpretations
(see [27]). Finally, in this model, the occurrences of the first motif only depend on the past occurrences
of first and second motifs. Reynaud-Bouret and Schbath [27] have proposed an alternative based on
model selection principle for Hawkes processes that solves the sparsity problem. Their estimate satisfies
an oracle inequality and has adaptive minimax properties with respect to certain classes of functions.
But it manages only one motif whereas it is necessary to treat interaction with another type of events
and the method has a high computational cost even for a small number of models. Note that Hawkes
processes have a long story of parametric inference (see [22], [21] and [5]). In particular, for genomic
data, Carstensen et al. [2| recently deal with multivariate Hawkes process models in order to model
the joint occurrences of multiple transcriptional regulatory elements (TREs) along the genome that
are capable of providing new insights into dependencies among elements involved in transcriptional
regulation.

In this paper, the proposed model is simple. Each child comes from one parent (no orphan and
no child who is a parent), that is to say we do not take into account the phenomenons of sponta-
neous apparition and self-excitation, contrary to Hawkes process models. But it brings novelties. To
estimate the reproduction function h, we propose a nonparametric method, using a wavelet thresh-
olding rule that will compensate sparsity issues of the FADO method. Furthermore, our model treats
interaction between two types of events, with a possible influence of the past occurrences but also
future occurrences. Then, there is the presence of a double asymptotic: the normalized length of the
studied genome T" and the number n of parents, which is not usual. In the biological context, it is not
acceptable assuming to know each child’s parent. Our model, via the reproduction function h, allows
to quantify the favored locations of children in relation to their parent, even if one cannot attribute a
child to a parent before the statistical inference. First we provide in this paper theoretical results and
we derive oracle inequalities and minimax rates showing that our method achieves good theoretical
performances. The proofs of these results are essentially based on concentration inequalities and on
exponential and moment inequalities for U-statistics (see [6], [11] and [14]). Secondly some simulations
are carried out to validate our procedure and an application on real data (Escherichia coli genome)
is proposed. The procedure provides satisfying reconstructions, overcomes the problems raised by
the FADO method and agrees with the knowledge of the considered biological mechanism. For these
numerical aspects, we have used a low computational complexity cascade algorithm.

In Section 2, we define the notations and we describe the method. Then Section 2 discusses
the properties of our procedure for the oracle and minimax approaches. Section 3 is devoted to the
implementation of our method and provides simulations. The cascade algorithm is presented in Section
3.1. Section 4 presents the application on the complete FEscherichia coli genome. A more technical
result that is at the origin of the one stated in Section 2.3 and proofs can be found in Section 6
(Appendix).

2 General results

2.1 Notations

To estimate the reproduction function, we assume that h belongs to L; (R) and Lo (R). Consequently,
we can consider the decomposition of h on a particular biorthogonal wavelet basis, built by Cohen et
al. [3], that we can describe as follows. We set ¢ = 1) the analysis father wavelet. For any r > 0,

there exist three functions v, q~5 and 1/; with the following properties:
° (5 and 1; are compactly supported,
e ¢ and v belong to C™t!, where C"+! denotes the Holder space of order r + 1,
e 1) is compactly supported and is a piecewise constant function,

e ¢ is orthogonal to polynomials of degree no larger than r,
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° {(gf)k,lﬁjyk)j)(),kez, ((Z‘gk,ll;j’k)jgojkez} is a biorthogonal family: for any 7, > 0, for any k, k" € Z,
[ oxtaiyp@rde = [ biul@ina)de =0,

/ Or(2)pp (2) d = Ly, / (@) () do = 1 popry,
R R
where for any x € R,
drl(x) = plx — k), Pip(x) =272z — k)
and B ) B S
Or(x) = Pz — k), Pjp(x) = 2Pz — k).

On the one hand, decomposition wavelets ¢ and ;; are piecewise constant functions and, on the
other hand, reconstruction wavelets ¢, and 1, are smooth functions. This implies the following
wavelet decomposition of h € La(R):

h=> ardk+Y Y Bikthjk (2.1)
keZ j20 keZ

where for any j > 0 and any k € Z,

akZ/Rh(ﬂf)ﬁf)k(fE)d% Bj,kZ/Rh@)%,k(f)dx-

The Haar basis, used in practice, can be viewed as a particular biorthogonal wavelet basis, by setting
qNS = ¢ and 1; = = 1]%;1] - 1[0;%], with 7 = 0 (even if the second property is not satisfied with such
a choice). The Haar basis is an orthonormal basis, which is not true for general biorthogonal wavelet
bases. This kind of decomposition has already been used in thresholding methods by Juditsky and
Lambert-Lacroix [16], Reynaud-Bouret and Rivoirard [26], and Reynaud-Bouret et al. [28].

To shorten mathematical expressions, we set

A={A=(0,k):j>-1,keZ},
and for any A € A,

[ & ifA=(-1,k) e ifA=(-1k)
AT i A= (k) with j =0 7 PA T 4y, if A= (j, k) with j >0

and similarly

ﬁ i Qe if/\:(—l,k})
AT Bik ifA= (G, k) withj >0

Then (2.1) can be rewritten as
h=> Bgr with B = / h(z)pa(x) do (2.2)
AeA R

and now, we have to estimate these wavelet coefficients.
For all A in A, we define ) an estimator of 3, as

A G . " n—1

f= 2 i Gl = [ |oate- 00 - " Brlale - 0| a2
Ri=1

where 7 is the uniform distribution on [0; 7] and E(p\(t — U)) denotes the expectation of vy (t — U)

where U ~ 7 (an independent copy of Uy,...,U,). If n = 1, we obtain the natural estimators of the

Ba’s in the case of only one Poisson process on the real line (see [26]).
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Lemma 2.1. For all A = (j,k) in A,
E(G(¢n)) = n /R ox(2)h(x) dz,

i.e. By is an unbiased estimator for Bx. Furthermore, its variance is upper bounded as follows:

. 1 1 279n
Var(ﬂA)éC'{n+T+ T2 }

and

. 1 n
v <0 (e 72}

where C' and C" depend on ||h||1, |h||eo, |[||1 and ||?]|2-

The behavior of the variance of the B \’s is not usual, because two parameters n and 1" are involved.
Nevertheless, when n is proportional to 7" ("DNA case" as explained in Introduction), the variance is
bounded by 1/T up to a constant, as for the Hawkes process (see [27]). When n < T, the variance
is bounded by 1/n up to a constant, which means that the apparition’s distance between two parents
is large enough to make their interactions insignificant for the statistical analysis. So in this case,
our framework can be viewed as the observation of a n-sample of a Poisson process with common
intensity h (see [26]). Finally, when n > T, the variance deteriorates and is only bounded by n/T?
up to a constant, and in this case, the small apparition’s distance between two parents leads to rough
statistical issues hard to overcome.

2.2 Description of our method

We start assuming that h is compactly supported in [—A; A], with A a positive real number. This
quantity A can denote the maximal memory along DNA sequences (this is chosen by the biologists (see
[12]), depending on the underlying biological process they have in mind). Furthermore, the properties
of the biorthogonal wavelet bases introduced previously allow us to assume that we know a positive
real number M such that the support of ¢ is contained in [—M; M].

First, we introduce the following deterministic subset I' of A

I={A=(j,k)eA:-1<j<jokekK;},

where jo a positive integer that will be fixed later and at each resolution level j, we denote K; the
set of integers such that the intersection of the supports of ¢y and h is not empty, with A = (j, k).
Straightforward computations lead to a cardinal of I" of order 27°.

Then, given some parameter v > 0, we define for any A € I'; the threshold

(1, A) = 1/ 2750V (%) + %‘703 (%) + A% (2.4)

where A is a positive quantity and Vg is the number of points of the aggregated process N lying in
2070 /2 . e

R. For theoretical results, A will be taken of order % + % + Y% times a constant depending on

Vo 190l [9ll2 and [[¢]lo. In (2.4), we set

B (%) = B0 =

(2.5)

i [SDA(' ~Up) - - ; le(w(' - U))}
1

o0

and

7 (2) = 700 = 2 (V000 + V2oV o) B2e) + 3B 26)
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where
n

Vi) = /]R (Z [@A(t ~U) -~ ; 1E7r(<PA(t - U))D dNi. (2.7)

i=1

Since they only depend on the observations, the numerical values of B(p,), V((pA) and so 17(g0)\)
defined respectively by (2.5), (2.7) and (2.6) can be exactly computed.
We denote f the estimator of § = (5))xea associated with the previous thresholding rule:

5= (Al meaber) (28)

and finally, we set

h=">_ Brda (2.9)

an estimator of h that only depends on the choice of (v, A) and jp fixed later.
Thresholding procedures have been introduced by Donoho and Johnstone [9]. They derive from the
sufficiency to keep a small amount of the coefficients to have a good estimation of the function h. The

threshold 7, (v, A) seems to be defined in a rather complicated manner but the first term: 27j0‘~/ ( %)

looks like the universal threshold proposed by [9] in the Gaussian regression framework, by choosing
v close to 1 and jp of order logn. The universal threshold of [9] is defined by 1)y = +/20%logn,
where o2 (assumed to be known) is the variance of each noisy wavelet coefficient. In our setting,
Var(By) depends on h, so it is (over)estimated by V' (£2). The other terms of the threshold (2.4) are
unavoidable remaining terms which allow to obtain sharp concentration inequalities.

2.3 Main result and discussions

Our main result is an oracle one. Given a collection of procedures (for example, penalization, projection
or thresholding), the oracle represents the ideal "estimator" among the collection. In our setting the
oracle gives, for our thresholding rule, the coefficients that have to be kept. In our framework (see [9]
and [26]), the "oracle estimator" is

h = Z Br@r, with Sy = B/\1Var(BA)<B§‘
Ael

This "estimator" is not a true estimator, of course, since it depends on h. The approach of optimal
adaptation is to derive true estimators which achieve the same performance as the "oracle estimator".
Our goal is now to compare the risk of A defined in Section 2.2 to the oracle risk:

E (Ih—hl3) = D E[(Brlyagyyepe — AN + YB3 = Y min(Var(8y), 83) + ) 5.

el AgD el gD

Theorem 1. We assume that n > 2, jo € N* such that 2j0~< n < 200t~ > 2log2 and A is defined
in the Appendiz by (6.15) and (6.16). Then the estimator h defined in Section 2.2 satisfies

E (I - nl3) < C nigng{ S B+

Agm

1+n
n T2

i

1
(logn)* x - + (logn)? x ;2] |m\} +Co

where |m| is the cardinal of the set m, Cy is a positive constant depending on v, ||h|1, ||P|lso, |[¢]1,
|¥]l2 and ||¢||leo and Ca is a positive constant depending on the compact support of h, ||h||1, ||| e, the

compact support of ¢, |[¢[lr, [[¢ll2 and || -

As the expression between brackets is of the same order as the upper bound of Var(BA) established
in Lemma 2.1 (up to a logarithmic term), the oracle type inequality of Theorem 1 proves that the
estimator h achieves satisfying theoretical properties.
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_ In particular, if we apply Theorem 1 with n proportional to 7' ("DNA case"), then the estimator
h defined in Section 2.2 satisfies

“%Tﬁm@ Ch

£ (1) <01t { e 8 2

This oracle type inequality is similar to the one obtained by Theorem 1 of [27] where the Hawkes process
is considered. Since m is proportional to T', this inequality is typical of classical oracle inequalities
obtained in model selection (for example, see Theorem 2.1 of [26] where only one Poisson process on
the real line is considered or more generally, see 20| for density estimation).

Then, we establish a minimax result on Besov balls still with n is proportional to T'. For any
R > 0 and s € R such that 0 < s < r + 1 (where r > 0 denotes the wavelet smoothness parameter
introduced in the description of the biorthogonal wavelet bases at the beginning of the current section),
we consider the following Besov ball of radius R:

BS,OO(R) = f € L2(R) : f = Z/B)\Qékvvj = _]-a Z B(2],k) < R22_2js
AEA kek;

Now, let us state the upper bound of the risk of & when h belongs to Bioo(R).

Corollary 2.1. Let R > 0 and s € R such that 0 < s <1+ 1. Assume that h € B3 (R) and n is
proportional to T. Then the estimator h defined in Section 2.2 satisfies

2s
- log T4\ 25+1
B (- nig) < o (55) 7

where C' is a positive constant depending on vy, the compact support of h, ||h|1, ||h]lco, the compact

support of ¥, |||, ¥l [¢llec and R.

The rate of the risk of & corresponds to the minimax rate, up to the logarithmic term, for estimation
of a compactly supported intensity of a Poisson process (see [25]) or for a compactly supported density
when we have n i.i.d. observations (see [10]). One more time this illustrates the optimality of the
procedure A but in the minimax setting.

3 Implementation procedure

From now on we consider the context of DNA, i.e. n is proportional to 7. As mentioned in Introduction,
we can assume that the parents are the points of a homogeneous Poisson process NV on [0; T] with
constant intensity p which allows to write n ~ uT.

In this section, we specify a procedure for the computation of the family of random thresholds
(mx(, A))aer to reconstruct the reproduction function h. We also provide some simulations in order
to calibrate parameters from a numerical point of view and to show the robustness of our procedure.

3.1 Algorithm

We only focus on the Haar basis where
¢=¢= 1j0,1] and ¢ =19 = 1]%;1} - 1[0;%},

because the expression of the functions associated to this basis, that are piecewise constant functions,
allows to implement simple and fast algorithms. Furthermore, considering this kind of functions is
suitable for our genomic setting. In fact, according to biological studies, the reproduction function h
is expected to be very irregular, with large null ranges and sudden changes at specific distances. We
recall that h is assumed to be compactly supported in [—A; A], with A a positive integer in practice.
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We consider the thresholding rule h defined in Section 2.2 with
F={A=(j,k)€A:-1<j<jokeK,}

and

m(7,0) = 1/2740V ( ) + %B (%) + \/(ST]:;R.

Observe that 77>\(%5) slightly differs from the threshold defined in (2.4) since the parameter A is
replaced with f (thanks to the definition (6.15) of A) and V(y,) is now replaced with V(py) (there

is no major difference in our simulations). The ideal choice (from a theoretical point of view) of the
maximal resolution level jg is given by Theorem 1, that is to say jo is the positive integer such that
200 < p < 290+ But we will fix jo = 5 in the sequel (in particular, to limit the computation time).
The choice of the parameters v and ¢ is discussed in the next subsection.

A key point of the algorithm is the computation of the quantity

n

SHENIOEDY [m(t -U;) — "T_lE,r(goA(t ~U))|, forallteR
=1

that appears in B \, B(py) and V((p,\). We decompose it into two parts: a random "piecewise constant"
part Sy(¢)) Z ox(- — U;) and a deterministic (piecewise affine) part (n — 1)E (pa(t — U)). Note

that the determlnlstlc part can easily be implemented with a low computational cost. This is not
the case of the random "piecewise constant" part for which we have constructed a cascade algorithm,
inspired by the pioneering work of Mallat [19]. To explain this algorithm in few words, we use the
following notations: for any j > 0, for any k € Z, for any x € R,

iu(x) = 2292w — k), iu(a) =222z — k),

where ¢; ;. are father wavelets and v, mother wavelets. We have the following relationships between
wavelets at level j and wavelets at level (j 4 1):

V2

Yk = (¢g+12k+1 Gjr12c) and @i =

V2

9 (G126 + Djr1,2k11)- (3.1)

We notice that only mother wavelets and the father wavelet of level j = 0 (that corresponds to ¢, with
A = (—1,k)) are used to reconstruct the signal. The cascade algorithm is implemented as follows.

1. Compute Sy(¢j,,0). Since Sy(¢j,,0) is a piecewise constant function, this computation gives a
partition and the values of S,(¢j,0) on the intervals of the partition.

2. Shift by 42770k the intervals of the previous partition by keeping the same values on the partition
to obtain S,(¢j, %) for any integer k in [—2704;270 4 — 1].

3. For any resolution level j going from (jo — 1) to 0, in a decreasing way, compute S,(¢; 1) and
Sr(¢j) with expressions (3.1). The quantities S, (1) allow the reconstruction of the signal
and the quantities S,(¢; ) are transitional and will be used for the computations of the lower
resolution level (5 — 1).

4. Also keep S, (¢o) because it is used for the reconstruction of the signal.
Now, let us define our thresholding estimate of h for a practical purpose.
Step 0 Let jo = 5 and choose also positive constants v and 6.

Step 1 Set I' = {\ = (j, k) € A: =1 < j < jo,k € K;} and compute for any A in I', S(px)(X) for all
points X of the process N. In the same way, also compute the coefficients /3y, B(py) and V(cpA).
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Step 2 Threshold the coefficients by setting B N = B 1
choice:

> (1:6) according to the following threshold

m(y.0) = \/WJr %‘703 (%) + \%]\:LR

Step 3 Reconstruct the function A by using the BA’S and denote

h=>Y 5éx
AEA

3.2 Experiments on simulated data

The programs have been coded in Scilab 5.2 and are available upon request.

3.2.1 Choice of parameters

Now, we deal with the choice of the parameters v and § in our procedure from a practical point of
view. The question is: how to choose the optimal parameters? We work with two testing functions
denoted ’Signall’ and ’Signal2’ whose definitions are given in the following table:

"Signall’ "Signal2’

v X Lgq | v x5 (Ljos0625 + Lf1;1.25)

with v, the children’s intensity, set to 4. We fix willfully A = 10. Such a choice of A (remember that
[—A; A] is the support of h) assumes that we do not know the support of functions. We recall that
Jo =5.

Given T, u the parents’ intensity and a testing function, we denote R(7,d) the quadratic risk of
our procedure & (depending on (v,0)) defined in Section 3.1. Of course, we aim at finding values of
(7, 9) such that this quadratic risk is minimal. The average over 100 simulations of R(7,d) is computed
providing an estimation of E(R(y,d)). This average risk, denoted R(7,d) and viewed as a function
of the parameters (v, ¢), is plotted for (7', u) € {(10000,0.1), (2000, 0.1), (2000,0.5)} and for the two
signals considered previously: 'Signall’ and ’Signal2’.

as

a0

35

30

risk
20

1s

10 30

25
20 delta

0 .OTT SR - - - SareT -0 ©

Figure 1: The function (v,68) = R(~,8) for 'Signall’ and ’Signal2’ for different values of T and p: 'Signall’
in B and "Signal2’ in B with (T, ) = (10000,0.1); "Signall’ in B and ’Signal2’ in B with (T, 1) = (2000,0.1);
"Signall’ in B and ’Signal2’ in I© with (T, p) = (2000,0.5).
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Figure 1 displays R for ’Signall’ and ’Signal2’ decomposed on the Haar basis. This figure allows to
draw the following conclusion: for any (7', ) € {(10000,0.1), (2000,0.1), (2000,0.5)} and for ’Signall’
or 'Signal2’,

R(v,0) ~ 0

for many values of (y,d). So, we observe a kind of "plateau phenomenon".

Reconstructions of the intensities of ’Signall’ and 'Signal2’ are respectively given in Figure 2 and
Figure 3 with the choice (v,0) = (0.18,2.4), a common value of several plateaus. Note the good
performance of our thresholding rule, in particular for 7" = 10000 and p = 0.1 (we have pT" = 1000
parents and uvT = 4000 children in average), which corresponds to the real case treated in Section 4.
Thus, we propose to take systematically (,d) = (0.18,2.4) in our procedure h defined in Section 3.1.

4 a. 4

4.0 = 4. 0] —_—— 4.0 —_——
3. 5] 3.5 3.5

3.0 3. 0] 3.0

2. 5] 2.5 2.5

2.0 2.0} 2.0

1.5] 1.5] 1.5

1.0 1.0 1.0

0. 5] 0. 5] 0.5

o 0. o

-0. T T T T T -0. T -0. T
-1.0-0.50.0 0.5 1.0 1.5 2.0 -1.0-0.50.0 0.5 1.0 1.5 2.0 -1.0-0.50.0 0.5 1.0 1.5 2.0

Figure 2: Reconstructions of 'Signall’ (true: dotted line, estimate: solid line): left: (T,p) = (10000,0.1);
middle: (T, ) = (2000,0.1); right: (T, u) = (2000, 0.5).

121 121 121
- | 1

107 107 107 i

8 81 8

6 61 6

4 a1 4

2 21 2

o == o] i o 11— =3 ===

T T T T T T T T T T T T T T T

-1.0-0.50.0 0.5 1.0 1.5 2.0 -1.0-0.50.0 0.5 1.0 1.5 2.0 ~1.0-0.50.0 0.5 1.0 1.5 2.0

Figure 3: Reconstructions of ’Signal2’ (true: dotted line, estimate: solid line): left: (T,un) = (10000,0.1);
middle: (T, u) = (2000,0.1); right: (T, ) = (2000,0.5).
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3.2.2 About the support of h

We are interested in the robustness of our procedure with respect to the support issue from a numerical
point of view. What happens if we are wrong about the support of the function that we want to
estimate? For instance, we consider the testing function denoted ’Signal3’ whose definition is given in
the following table:

"Signal3’

vx g (Lo75-05 + 1255

with v, the children’s intensity, set to 4.

Figure 4 displays reconstructions of ’'Signal3’ with different supports of h: [—A; A], with A €
{1,5,10}. This figure shows that when we take a not large enough support (A = 1 or 5), we do not
make large errors of approximation on [—A; A]. So, the procedure seems to take into account what
happens beyond the chosen support. And for A = 10, we have a good complete reconstruction of
"Signal3’.

-5 0 5 10

Figure 4: Reconstructions of ’Signal3’ (true: dotted line, estimate: solid line) with different supports: top:
A =1; middle: A =15; bottom: A = 10.

Finally, even if the support of the reproduction function is unknown, our method estimates correctly
the signal on the chosen support, which explains the robustness of our procedure with respect to the
support issue.

3.2.3 The case of spontaneous apparition

Here, we investigate the case of spontaneous apparition. Even if our model does not take into account
the spontaneous apparition (i.e. children can not be orphans), we are interested by the performance of
our procedure if there is a presence of orphans. On the one hand, let us give two processes: a process
of intensity 'Signall’ with v = 3, T' = 10000 and p = 0.1, to which is added a homogeneous Poisson
process on [0; T + 1] with intensity p(4 — v) = 0.1 (the orphans are viewed as a Poissonian noise).
Thus, we have in average 1000 parents, 3000 children having a parent and 1000 children being orphans.
On the other hand, let us give two other processes: a process of intensity 'Signall’ with v = 1 this
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time, 7" = 10000 and g = 0.1, to which is added a homogeneous Poisson process on [0;7 + 1] with
intensity p(4 — v) = 0.3. Thus, we have in average 1000 parents, 1000 children having a parent and
3000 children being orphans.

Reconstructions of 'Signall’ with ¥ = 3 and v = 1 are given in Figure 5. When there is a small
proportion of children being orphans, the reconstruction is still acceptable; the procedure can manage
few orphans. But, when there are too many orphans, our procedure makes approximation errors, which
are due to the fact that our model consists in associating any child with a parent.

o

0

I TG B o o e o e o e e e LN S B S B S S B e
-1.0 -0.5 0.0 0.5 1.0 1.5 2.0 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0

Figure 5: Reconstructions of ‘Signall’ (true: dotted line, estimate: solid line) with different values of v: left:
v =3; right: v =1.

We mention that the case of spontaneous apparition is only numerical. For a more precise study of
this phenomenon, we should extend our model by adding a positive constant to the intensity function
t— Y i h(t — U;), that would represent the orphans. This is outside the scope of this paper.

4 Applications to genomic data

As application, we are interested in the Escherichia coli genome. FE. coli is an intestinal bacterium in
mammals and very common in humans which is widely studied and used in genetics. More precisely,
we are interested in the study of the dependence between promoter sites and genes along the complete
genome of the bacterium. In particular, promoters are usually structured motifs located before the
genes and not too far from them. Here, we have considered the major promoter of the bacterium E. colz
and more precisely the word tataat. Most of the genes of E. coli should be preceded by this word
at a very short distance apart. In order to validate our thresholding estimation procedure (proposed
at Section 3), we hope to detect short favored distances between genes and previous occurrences of
tataat.

For this, as in [12] we have analyzed the sequence composed of both strands of E. coli genome
(4639221 bases); each strand being separated by 10000 artificial bases to avoid artificial dependencies
between occurrences on one strand and occurrences on the other strand; we took 10000 bases for the
maximal memory. It then represents a sequence of length 9288442; there are 4290 genes (we took the
positions of the first base of coding sequences) and 1036 occurrences of tataat. For convenience, we
set T'= 9289 and so A = 10 (we work on a scale of 1:1000). We recall that we have fixed jo = 5 and
taken (v,d) = (0.18,2.4).
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First, we investigate the way the DNA motif tataat influences genes and so, in our model, the
parents are the occurrences of tataat and children are the occurrences of genes. To give general insight
on h, Figure 6 gives the estimator i defined in Section 3.1 without Step 2 (no thresholding), i.e. we
have kept all the estimated coeflicients. We observe a peak around 0 which corresponds to what we
thought about the fact that most of the genes of E. coli should be preceded by the word tataat at a
very short distance apart. We also observe other peaks, for instance around 1200 bases. The biological
significance of these peaks remains an open question.

estimator

Figure 6: FEstimator, no thresholding, for E. coli data at the scale 1 : 1000 (i.e. I corresponds to 1000 bases),
with parents=tataat and children=genes.

We apply the complete procedure proposed in Section 3.1 (with thresholding) and we obtain Fig-
ure 7. The shape of this estimator explains how occurrences of genes are influenced by occurrences of
tataat. We can draw following conclusions, that coincide with the ones we could expect:

e The estimator (t) = 0 if t < 0 and ¢ > 500. It means that for such t’s, gene occurrences seem
to be uncorrelated of tataat occurrences.

e Conversely, if t € [0;500], h(t) > 0, meaning that short distances are favored; smaller the distance,
higher is the influence.

estimator

Figure 7: Estimator h defined in Section 3.1 for E. coli data at the scale 1 : 1000, with parents=tataat and
children=genes.

Then, we investigate the way genes influences the DNA motif tataat and so, in our model, the
parents are the occurrences of genes and children are the occurrences of tataat. Figure 8 gives the
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estimator h defined in Section 3.1 (with (v, ) = (0.72,2.4)). The shape of this estimator explains how
occurrences of tataat are influenced by occurrences of genes. We can draw following conclusions, that
is completely coherent with biological observations:

e When ¢ < —500 and ¢ > 1000, A(t) = 0. It means that for such s, tataat occurrences seem to
be uncorrelated of gene occurrences.

e When ¢ € [—500; 0], B(t) > 0, meaning that there is a preference having a word tataat just
before the occurrence of a gene. It corresponds to the same conclusions drawn from Figure 7
(second point). The motif tataat is part of the most common promoter sites of E. coli meaning
that it should occur in front of the majority of the genes.

e When t € [0;1000], 2(t) < 0; occurrences of tataat are avoided for such distances t. Genes on
the same strand do not usually overlap and they are about 1000 bases long in average: this fact
can explain this conclusion.

estimator

-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0

Figure 8: Estimator h defined in Section 3.1 for E. coli data at the scale 1 : 1000, with parents=genes and
children=tataat.

Finally, Figure 9 presents the results of the FADO procedure [12] and Figure 10 presents the
results of the Islands procedure of [27|. For the FADO procedure, we have forced the estimators to
be piecewise constant to make the comparison easier. Our results agree with the ones obtained by
FADO and Islands. But our method has advantage to point out that nothing significant happens after
a certain distance (contrary to the FADO procedure), has advantage to treat interaction with another
type of events (contrary to the Islands procedure) and has advantage to deal with the dependence on
the past occurrences but also on the future occurrences (the function h is supported in Ry for the
two other procedures). For algorithmic reason, a practical limitation of our method is that we only
consider piecewise constant estimators (as for the Islands procedure), but it is enough to get a general
trend on favored or avoided distances within a point process.
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FADO: m =12 FADO: m =15
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Figure 9: FADO estimators for both E. coli datasets: left: tataat; right: genes.
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Figure 10: Islands estimators for both E. coli datasets: left: tataat; right: genes.

5 Conclusion

In our paper, we have investigated the dependencies between two given motifs. A random thresh-
olding procedure has been proposed in Section 2.2. The general results of Section 2.3 have revealed
the optimality of the procedure in the oracle and minimax setting. Our theoretical results have been
strengthened by simulations illustrating the robustness of our procedure, despite a calibration of pa-
rameters from a practical point of view that differs from the theoretical choice. Section 4 has validated
the procedure with a good detection of favored or avoided distances between occurrences of tataat
and genes along the E. coli genome.

Further extensions of our model could be investigated. First, we could consider a more sophisticated
model that takes into account the phenomenons of spontaneous apparition and self-excitation (as for
the complete Hawkes model). But this model raises serious difficulties from the theoretical point of
view. This is an exciting challenge to overcome them. Secondly, we could extend our cascade algorithm
to general wavelet bases and not only to Haar bases. Finally, it is also relevant to study similar processes
in the spatial framework and to connect them, for instance, to the Neymann-Scott process (see Section
6.3 of [5]), which is a stimulating topic we wish to consider.

Acknowledgments: The author wishes to thank Sophie Schbath for the two genomic data sets used
in Section 4 and both her PhD advisors, Patricia Reynaud-Bouret and Vincent Rivoirard, for a wealth
of smart advice and encouragement along this work.
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6 Appendix: Proof of Theorem 1

In the sequel, the values of the constants K, K/, Ky, K1, Ko, K3, ... may change from line to line. For
the sake of clarity, the proofs are fully detailed in this appendix.

6.1 A more general result

We first give a general result stated and proved in [26].

Theorem 2 (Theorem 2.2 of [26]). To estimate a countable family 8 = (8x)xena, such that ||B|l¢, < oo,
we assume that a family of coefficient estimators (Bx)xer, where I' is a known deterministic subset of
A, and a family of possibly random thresholds (nx)xer are available and we consider the thresholding
rule

p= (6)‘1|/3’A|277>\1)‘€F>)\€A'
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Lete > 0 be fized. Assume that there exist a deterministic family (H))xer and three constants r € [0; 1],
w € [0;1] and ¢ > 0 (that may depend on € but not on \) with the following properties:

(A1) For all X\ in T,
P <|5A — Bl > Fﬂm) <w

(A2) There exist 1 < p,q < oo with % + % =1 and a constant R > 0 such that for all \ in T,
A 1 1
£(16 - )] < e { 5, H7 =1}
(A3) There exists a constant 0 such that for all X in I" such that Hy < e,
P (!BA — Bal >, |BA] > 77>\) < HyG.

Then the estimator 3 satisfies

1— k2 = 9 1—}—/{
B (18- 81%) <E| inf Zm

Br—=B)*+ > M | +LDY Hy,

Aem Aem Ael
with LD = (( + oYyt 4 (14 gl/q)el/qgl/q)‘
Using the previous theorem, we establish the following result that we will prove in Section 6.4.

Theorem 3. Let n > 1, jo € N*, v > 0 and A defined by (6.15) and (6.16). Then the estimator (3
defined by (2.8) in Section 2.2 satisfies

E (HB — ,8”%2) < (Cq inf { Z 5; + F(jo,n,T)|m|} + CQR(e_Hle’Y/2 + e—mthHI/Z)zjo’
mCI’ \gm
where Cy s a positive constant depending on 7y, ||hll1, ||hllco, [¥l1, [[¥]l2 and |||, C2 is a positive

constant depending on the compact support of h and the compact support of ¥,

. 3/2 jo/2 deyi .9 .3/24 /2 .
F(]07n7T) - + n3/2 + 0n2 ! ¢

T e T

1 200/2  9i0/2 g
R:CR{n+W+W+W ’

with Cr a positive constant depending on ||h||1, ||h|lec, the compact support of 1, |1, |[¥|l2 and |9 s
and k1 and ko are absolute constants in ]0;1].

To obtain Theorem 1, we consider n > 2, we take jy the positive integer such that 270 < n < 270+1
and v > 2log 2 in the previous theorem. Therefore, we note that

3/20 Aedo s 3/24 .
Jo/ 200/2  jA9io . i . Jo/ 200/2 o
1372 n2

T nT1/2 T2
logn N (logn)3/?nl/? n (logn)*n n (logn)?  (logn)®?n'/2  (logn)n }

F(j()vn?T) = %)

<

=

VA
=
—— —— —/— +

n n3/2 n2 T nT1/2 T2

logn N (logn)3/? n (logn)* n (logn)?  (logn)*?  (logn)n
n n n T nl/2T1/2 T2

<K

(logn)* n (logn?)n
n T2 ’
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by comparing all the terms of the right-hand side between them (for this, we distinguish the cases

n < T and n > T), with K an absolute positive constant (that changes from line to line) and

1 n
R<KCr<{~-+ —»,
R{n+T2}

with K’ an absolute positive constant. Moreover, e~%1907/2240 i hounded thanks to the choice of .

Finally, since

I — hlI3 < KollB — BIIZ,.

with K a positive constant depending only on the functions that generate the biorthogonal wavelet

basis, we establish Theorem 1.

6.2 Technical lemmas
Before proving Theorem 3, we establish two lemmas which we will use throughout the proof.

Lemma 6.1.
1
(a) For any function f in Lao(R) and for allt € R, Var,(f(t —U)) < T/ f*(x) dz, where
R
Var,(f(t — U)) denotes the variance of f(t —U) where U ~ .

(b) For any function f in Li(R) and for all t € R, /REW(f(t —U))dt = / f(z)dx

(c) For any nonnegative function f in Li(R) and for allt € R, E(f( / f(z

Proof.
(a) Let f € Ly(R) and t € R.

Vary (f(t - U)) < B (f2(t— U /f%—u uézlj/RjQ(a:)da:

(b) Let f € Liy(R) and ¢t € R.

/REW(f(t—U))dt:Eﬂ (/Rf(t—U)dt>:E</Rf(a3)dx>:/Rf(x)da:

(c) Let f € Li(R) such that f >0 and ¢t € R.

T
BV =5 [ fe—wau< £ [ fa)da

O]

The next result is a Rosenthal type inequality for any Poisson process, that extends Lemma 6.2 of

126].

Lemma 6.2. Letp > 1. Consider a Poisson process N on (X, X) a measurable space, with aﬁmte mean

measure v : X — Ry and a function ¢ : X — R which belongs to Lay(v). We denote B = / o(z)
X

a natural estimator of B = / o(x) dv(x) that satisfies E(B) = B. Then, there exists a positive constant

X
C(p) only depending on p such that

(5 - 7)< ) ([ I avio) + (var(3))”).

where Var(f) = /X<p2(x) dv(z).
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Proof. Let p > 1. Suppose ||¢]|co < +o00 first. As a Poisson process is infinitely divisible, we can write:

for any positive integer k,
k

dN =) dN’,
=1

where the N*’s are mutually independent Poisson processes on X with mean measure v/k. Hence,

B—pB= Z/ (AN} — k™ ldv(x)) =) Vi,
where for any i,
Y; = / (AN% — k™ 'dv()).
So the Y;’s are i.i.d. centered variables, each of them has moments of order 2p and 2. We apply the

classical Rosenthal’s inequality (for instance, see Proposition 10.2 of [15]): there exists a positive
constant C(p) only depending on p such that

2p k k p
< 0w) (2E<w2p> + (zmm) ) |
=1 =1

k
Now, we give an upper bound of the limit of E (Z \Y;;E) for ¢ € {2p,2} when k — oo. Let us
i=1

k

> Y

i=1

E

introduce

Q= {Vie{l,...,k}, Nk < 1},

where N{ is the number of points of N* lying in X. Then,

P(Q§) =P(Fi € {1,...,k},N& > 2)

<SP _kz<v<X)‘/k>f o
i=1 j=2 J:
< K@(X)/R)® = K (X)?

On Q, if N =0 (so / o(x)dN! = 0),
X
and if N& =1 (so / @(x) dNL = (T, where T is the point of the process N*?),
X

Vil = [o(D)I + Or(k ™ (1)),

Consequently,

1o, (kOk; )+ > [l + Ox(k _1’@(T)\£_1)]>

TeN

(6.1)
k 2
<E +/P(QS) |E (Z\YM) .

=1
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But we have

/ 2 avi| + (k‘l /X ycp(x)dy(x)ﬂ

>t <23

k )
)4 -1
(;WH (V%) +k<k: /X\go(a:)\dy(x)>>
/
(w Nx+k e \sO(x)ldV(ﬂf)> )

Thus, when k& — oo, the last term in (6.1) converges to 0 since a Poisson variable has moments of

fmsup (zw) B ([ lot@an) = [ o) avio)

which concludes the proof in the bounded case.
But for any function ¢ such that [y [o(x)[* dv(z) < +o0, the desired upper bound is finite and we
get it by approximating ¢ by, for instance, piecewise constant functions. ]

every order and

6.3 Proof of Lemma 2.1

Let A € A be fixed. G(py), defined by (2.3), is a measurable function of the observations and by
considering the aggregated process (1.1), we can write

Gon) = [ 3 [erte -0~ "ot - v)| a
=1
-/ > i = U i = (= 1) | Extontt - v an
= Y [oe-viani— ¥ [ Ede-van

1<i,5<n 1<i#£j<n
=> /‘P/\(t_ dN“l'Z/ oAt = Ui) = Ex(oa(t — U))] dNY
i=1 J#i

Now, we prove the first part of Lemma 2.1. We have

E(G(ex)|U1, ..., Un)

n

=> /Wt— Dh(t—U, dt+2/ ox(t —Ui) — Ex(pa(t — U))]h(t — Uy) dt

i=1 j#i

Write © =t — U; in the first integral. Therefore,

E(G(eM)|UL, ..., Un) =1 /R ox(@)h(x) dz + W (py),

where
LUCNERDY [oa(t = Us) = Ex(pa(t = U))]h(t — U;) dt.

1<i#j<n
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Moreover,
E(W(gy)) = E( [or(t = Us) = En(oa(t — UN At = U;) ) dt
@) K;@ /R ([cm @) ] )
= 3 [Elet- U~ Exlpatt - U] - Up)de
1<i#j<n 'R
=0.
Finally,

E(G(¢)) = n /R ox(@)h(z) dz,

i.e. By is an unbiased estimator for 3):

£ =5 (“20) = [ @i =,

n

It remains to control the variance of the estimator BX

(e = [ eronto d:c)2

(px) — E(G(px)|Un, ..., Up) + W(pr))?]
V) +EW (er)?),

Var(G(py)) = E

[(
E(V(e

where

V(pxr) = Var(G(e)|Uy, . .., Un).
We start by dealing with the first term by using technics for Poisson processes. We have

n

V(@A):/R(Z[SO,\@—UZ’)—nglE (eA(t = U D th—

i=1

i#]

- Z / 2 (t — Uj)h(t — U;) dt

2
/Z (%\t +Z ot —U, (cp,\(tU))]) h(t — U;) dt

+2Z / S lalt = Us) — Exlipa(t —~ D))eoalt — Up)h(t — Uj) de
1#£]

+ Z/ S lealt - Ex(oa(t — U))] [pa(t — U) — Ex(oa(t — U))]h(t — Uy) dt.

i#£] k#j
In the first integral, write x =t — Uj. So,
Vier) =n | Gah(e)do+ 22 / S [oalt = Us) — Exlipa(t = U] oalt = Uph(t - Uy) b
i#]

+ Z/ > et - Er(oa(t = U))][pa(t = Ur) = Ex(pa(t = U))]h(t = Uj) dt.

i#] k#J

(6.2)
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Each term can be computed by taking the expectation conditionally to U; (in each sum) and we obtain

=N 2 T xT)axr Y —Uy) — LEg - 2 — Uy
E(V(er) = /R%( )h(z)d +JZ_:1/R;E<[%@ Ui) = Ex(pa(t — U))] >E(h(t Uj)) dt

—n / A2 (2)h() dz + n(n — 1) / Vars (ox(t — U)Ex(h(t — U)) dt. (6.3)
R R

Then using equations (a) and (b) of Lemma 6.1, we have
2 n(n—1) 2
E(V(er)) <n | ox(x)h(z)dx + —F ox(z)dx [ h(z)dx. (6.4)
R R R

Now, we deal with the second term by using the U-statistics technics. However, W(p,) is a
U-statistics of order 2 but it is not degenerate. So we write

Wpa) = Wilpa) + Wa(en), (6.5)

with
Wilea) = > [ [ealt = Ui) = Exl(oa(t = U)|Ex(h(t — U)) dt
I<i#j<n
— =1 [ [ealt = V)~ Ealoalt - U)]Ex(hle — U)) e
i=1 7R

and

Wa(er) = > 9(UsUj),

I<i#j<n

where

90,0 = [ [ealt = U) = Belipa(t = U)] bt = U,) ~ Enlhlt — )] .
Wa(py) is a degenerate U-statistics. It is easy to verify that
E(W(p2)?) = E(Wi(pr)?) + E(Wa(pr)?).
First we compute E(W7(p))?).

E(W1(p)?) = Var(Wi(gy))

== 1PVar ([ [oa(t = 00) = Bolionte — U)]Ex(h(e - V) )
= n(n — 1)*Var (/R ox(t —U1)Ex(h(t —U)) dt>

(/ \mt—U1>1Ew<h<t—v>>dt)2]
(f \w(t—Ul)dt)Q] (/ h<x>dx)2
il (f m<x>|dw)2 ([ n d) (6.6)

by applying inequality (c) of Lemma 6.1 with f = h.

<n(n—1)%E

n(n — 1)2E
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It remains to compute E(Wa(py)?). It is easy to see that

EWa(px)?) = Y. ElgUi, Up)(g(Us,Uj) + (U, U))] <2 Y E [g(U;, U;)?]

1<i#j<n 1<i#j<n

2
<2n(n—1)E (/R [ox(t = Ur) — Ex(pa(t — U))][R(t — Uz) — Ex(h(t — U))] dt> ]

We denote E(v)wrer(9(U,V)) the expectation of g(U,V) where U ~ 7 and V' ~ 7 are independent
and fX(t) = f(t — X). Hence,

E(W2(pr)?)

2
< 2n(n = DE@wyv)mrer [(/R 05 () = Ex(pX ()] [1Y (£) — Ex (R (1))] dt) ]

< 20(n — DEy)oren [( [ AR wn @ d By ( [ Awne dt)

. < /R V(R (1) dt) + By < /R SRV (1) dt) )2]
(/R X (R (1) dt>2 <va </R SOV (1) dt>>2]
(IEUW < /R X ()R (1) dt>>2 T (IE(UM)NWr ( /R SR (1) dt>>2}
(/R oS ()R (t) dt>2 + <E(U,V)NW®W (/R OV (1) dt>>2 }

- EUNW

< 2n(n — 1){E(U,V)~7r®7r

- EvNﬂ'

< 2n(n — 1){E(U,V)~7r®7r

Bu,
o [( JE0 dt)2 < Bwymen ( [[APO @ [ 1 (00at)
~ e ( [[(POR @) [ i)
— [ B (PO ©) [ (o) do
<1 [ A@a( [ he) dm)2
and

LA < /R o ()Y (t) dt) ’ —

1
[ (t))EmV(t))dt\ <7 [lo@lde [ ne)da,
R T R R
by using Lemma 6.1. So,

E(Wa(px)?) < 2n(n 1){} [ Gwar( [ b d:c)2 + 73 ([ @) dx>2 e d:c>2 }

(6.7)

Finally, by combining inequalities (6.4), (6.6) and (6.7), we obtain the following control of the
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variance of the estimator (y:

Var(y) = var (12

<+ [ Aen@dr+ 7 [ G [ ha)ds
+ 72 (/ oAz \dx) (/R (z )dx>2+;/¢§(x)dx (/Rh(x)dx)2

< n/%( )h(z )d:c+f||<m|| ||h”1+T2||<P/\|| 1Rl + = le!gllhlll

By using the properties of the biorthogonal wavelet bases considered in this paper, for any A = (j, k)
in A, we have: ||oall1 < 279/2 max(v/2/2, ||][1) and ||z ||z < max(1, [|¢]|2), which allows us to get the
purposed upper bound in Lemma 2.1.

6.4 Proof of Theorem 3

In the sequel, we will consider: n > 1, T > 1 and jyo = O(n) and we will use following notations:
My, = max(|[h]1, 1), Moo = max([llocs 1), My1 = max(|el, v2/2), Myz = max([¢],1) and
My, oo = max(||¥)]|oo, v2) (so that, for any A = (j, k) € A, we have: [[px|l1 < 279/2My 1, loalls < My
and [|¢allec < Qj/QMw,OO)'

We recall that A and M are positive real numbers such that h and 1 are compactly supported in
[—A; A] and in [—M; M] respectively.

Now, to prove Theorem 3, we apply Theorem 2 and for this purpose we have to verify Assumptions:
(A1), (A2) and (A3).

6.4.1 Proof of Assumption (A1)

Let A € T' be fixed. Remember that conditionally to the U,’s, the expression given in (1.1) is a
Poisson process. We apply Lemma 6.1 of [26]: for any a > 0, with probability larger than 1 — 2e™%,
conditionally to the U;’s, we have

\Gw —n [ eatehta) e = Wipn)

<v2aV(py) + %B(%),

where W (p,) is defined by (6.5), V(¢y) = Var(G(pn)|Uy,...,U,) and

n

> [ert =0 = "2 Ee(on - 0|

i=1

B(px) =

o0

Unlike B(px), V(¢a) is non-observable (it depends on the unknown function h). This is the reason
why, by fixing o > 0, we estimate V' (p)) by

T(o2) = Vipx) + /207 (02) B2p2) + 30B%())

/ (Z [w (t—U;) — ”glEﬁ(m(t — U))D2 dN;.

where

Moreover, by Lemma 6.1 of [26], we have also: P(V(¢)) = V(py)) < e™®. So, with probability larger

than 1 — 3e™%,
Glen) = [ or(aIhte)ds| < /2T (o3) + S Blen) + W (o)) (6:5)
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We provide a control in probability of Wi(p)).

Wilon) = (1= 1) 3 [ [oalt = U) ~ Enlinlt = U]ES(h(e — D))

This is a sum of i.i.d. random variables. We apply Bernstein’s inequality (for instance, see Proposition

2.9 of [20]) to get that with probability larger than 1 — 2e~¢,

[0
W1(ea)| < V2au(eyr) + 36 ©r),

oton) = Vartio) < "2 ([ oanar) ([ nwa)

(see inequality (6.6)) and

with

c[0:T] /R [%(t —u) — Ex(pa(t — U))]Eﬂ(h(t _ U))dt‘

<220 [os@lde [ bie)ds

using equations (b) and (c) of Lemma 6.1. Then, with probability larger than 1 — 2e™¢,

biea) = (n—1) sup

watenl < =Y [ @l [ ayae+ 200 [owlar [ i

Now it remains to control Wa(p,), with

Walex) = > g(U,Ty),

where

9(U;, Uj) = /R [a(t = Us) = Ex(pa(t = U))] [A(t = Uj) — Ex(h(t - U))] dt.
This is a degenerate U-statistics of order 2, we can rewrite it as
Z g(U’L’ Uj)a
1<j<i<n

where

G(U;, Uj) = g(Us, Uj) + g(Uy, Us).

(6.9)

We apply Theorem 3.4 of [14] to Wy and —W5 (keeping the same notations of [14]): for all &g > 0

(e = 1 for instance), with probability larger than 1 — 2 x 2.77e~¢,
[Wa(ior)] < 2(1 + £0)*2Cva + neo) Da + Bleo) Ba*? + y(e0) Aa?,

where

A = ||G]||s and by applying equality (b) of Lemma 6.1 with f = h, we easily have
A<l [ ho)dz,
R

e C? = E(Ws(py)?) and with (6.7), we have

c? §2n(n—1){;/ch§\(a:)dx (/Rh(:c)dx>2+T12 (/]R]cm(x)\dm>2 (/Rh(x)dx>2}, (6.12)

(6.10)

(6.11)
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n n—1
o D= sup {E ( Z Q(UZ,UJ)az(UZ)bJ(UJ)) 2E <Z az(Uz)2> < ].,E (Z bj(Uj)2> < 1},

1<j<i<n i=2 j=1

n i—1
_sup{ (ZZg Uy, Uj)ai(Us) +Z Z (U;, Up)ai( z)bj(Uj)):

=2 j=1 j=li=j+1

n n—1
E (Z; ai(Ui)2> <LE (2 bj(Uj)z‘) < 1}.

But, with the conditions on the a;’s and the b;’s, we have:

i=2 j=1

n 1—1
E (Zzg(Ui;Uj)ai(Ui)bj(Uj))
g[@E(Z\%(t—UZ)—EW(w(t— U))|lai(Us) ) (Z}h t—=Uj) — (h(tU))bj(Uj)) dt

=2

R\/ n — 1)Var, (px(t — U (Z |h(t — Uj) — Ex(h(t — U))}bj(Uj)) dt

<\/nT1/RsO§(fC)dwE(Z/Rh(tUj)Eﬂ(h U))|lb; (U dt)
=1

\/ /% Ydz E (225 ~)/Rh(m)dx)

2(n—1) 1/ <p x/

x(z)d
using equations (a) and (b) of Lemma 6.1. Inverting the a;’s and the b;’s, the same computations
apply to the second term and we obtain

A(n—1) z{/ﬂ{@@ dx/Rh(x) de, (6.13)

i—1 n
e B? = max {sup (Z E(G(u, Uj)2)> ,sup ( Z E(Q(Ui,u)Q)) } and since G is symmetric, we

i=j+1
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But,
E(g(u, Uj)

E[
[ [t =) = Belin(t = )] te = ) = Exthlt ~ 0D ] [ 1o o

</ [oalt — u) — Ealgalt — 0] d (/Rh<w>dx)2
2
<7 [ ([ rores)

and in the same way

E(g(Uj,u)?)

2
< [oa(t = w) — Ex(pa(t = U)] [A(t - Uj) — Ex(h(t - U))] dt) ]

[or(t —u) —Ex(pa(t = U )]Q\h(t—Uj)—]Eﬂ(h(t—U))|dt/R]h(t—Uj)—Eﬂ(h(t—U))\dt

N
|—|\

’ﬂ

=K </R [ox(t = Uj) — Ex(oa(t — U))] [A(t — u) — Ex(h(t — U))] dt)2]
<E[/R[¢A(t—Uj)—Eﬂ(goA(t— ] |h(t —u) — Ex(h(t —U |dt/\ht—u —U))|dt
< 2F [/ [oA(t = Uj) = Exl(pa(t — U))]?|A(t — u) — Ex(h(t — \dt]/Rh(x)dx

</ |h(t —u) U))‘dt/ﬂ{goi(m)dm/ﬂgh(w)dm

<7 [ <>dx(/Rh<>dx)27

by using Lemma 6.1. Hence,

B? 40("T_ D /ch?\(x) dz (/R h(z) dm)Q. (6.14)

Finally, by inequalities (6.8), (6.9) and (6.10) combined with (6.11), (6.14), (6.12) and (6.13), we
obtain: for any 9 > 0, with probability larger than 1 — (5 + 2 x 2.77)e™®

N

1B) — Bl < 2aV( >+3B<n)
+{F

1 1
2% ol + 201+ 20)*2V 20y Hlleall + ol

1 40 8
+ dn(zo) 7 Iall3 + Bleo)a® | loall3 + nv(so>a2||w||oo}|hu1
<y2v () +55(7)

+{W

— +2V2(1 +£9)*/2 My, 24 /; +4(1+ 50)3/2M¢71@

T 3T T

032 90/242
+ 4n(eo) My, 2ﬁ + \ﬁB(EO)Mlp N + 87v(c0) My, oo - |11,
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because 279/2 < /2 if —1 < Jo. We denote b the quantity between braces above.
This upper bound depends on h (via ||h||;) and this potential threshold could not be used for

applications because h is unknown. So we overestimate ||h||; by M and we have a threshold that
does not depend on h. So, for any value of k €]0; 1], by fixing o = /<; joy with v > 0, we define for all
Ain T,

m(y,A) = 2]0’7V< ) + ‘%B ( - ) + Af

where

A:(1+50){2M¢71V - L ovamy, ‘;0—;+2\f(1+50)3/2Mw72\/‘%+4(1+60)3/2M¢,1—V‘71?7

jO’Y ]3/2 )3/2 230/2 0
+ An(eg) My o == =+ v 40/3 M, +38 Y E M, —_— .
77( 0) w72\/f ( ) V2T — /TLT ( 0) 1,00 n

Thus, for all A in T,

P(|8x — Br| > kna(7, A))

P (’@ - Bl > \/2a‘7 (%)

N
p (yBA ~ Bl > 1/2aV (W) +§

n
P (16 - ) > f207 (2) + 58 (2) ol ) + 2 (20 <y )

14 )V
<(B+2x277)e @+ P <(+20)R < IhH1> :

1 N 1 N
B(£2) 45! *ZO) R *;0) R>thl)

)

n
1 Y 1 N
B (2) 4yttt LR <,
n n

+
w|R

with
1+ e9)V; eonllh
P <(0)R < ||h||1> —_P (N]R — n||h||; < _OHH1>
n 1+¢9
< exp (—g(eo)n|h[|1),

using Proposition 7 of [25] with g(eg) = 1+50 (log Tres — 1) + 1.

Therefore, Assumption (A1) is true if we take w = (542 x 2.77)e""97 4 exp (—g(co)n|| k1), with
v > 0 and g9 > 0. Furthermore, the threshold (2.4) that lies at the heart of the paper is achieved by
rewriting A by grouping the constants into one:

_ 3§20 Jo Vion
—d(%||¢||1,!|¢|2,||¢lloo){ T ETT } (6.15)

with
d(v, 19l 192, [[¥]le0)

22
—(1+ ao){zﬁMw,l + \!va,l +2V2(1+ 20)*2 TMy2 +4(1 + 20)* 2T My, (6.16)

+ 4n(e0)yMy.2 + VA0B(20)7v* 2 My 2 + 87v(c0) 7 My oo }7

where ((eo), v(g0) and n(ep) are defined in [14] with g9 = 1.
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6.4.2 Proof of Assumption (A2)
Let A € T be fixed. For any p > 1,

E(|8) — B:[*) =E (‘G (ﬂ) - /RSOA(x)h(ﬂﬁ) dx

2p
n

= (|60 — BV U + Wiea) )

2p—1
< 2 o [E(1G (o) = E(G(pA)UL, .., Un)[P) + E(IW (2) )] (6.17)

Now, let us give an upper bound of each term of the right-hand side of the previous inequality.
We first study the first term of (6.17). We have:

E(|G(¢x) — E(G(A)|Un, - .., Un) ) = E[E(|G(¢r) — E(G(o))|U1, ..., Up)[?) | UL, ..., Uy)]

and conditionally to the U;’s, N is a Poisson process. We apply Lemma 6.2: for any p > 1, there exists
a positive constant C(p) only depending on p such that

E(|G(px) = E(G(p)|U1,- .., Un)[?P) | Un,... . Un)

2p

<) ( LIX [ -0 =" Rentone - 0] | Sonte- )i+ va) o ow
R =1 j=1
On the one hand, we provide a control in expectation of the first term of (6.18). We have:
n 2p n
n—1
E(/R;[%(tUi) —Ex(pa(t-U ] th— )
2p
E(/Z oAt =Uj) + > [ealt = Ui) = Ex(pa(t = U))] h(tUj)dt)
i#j
2p—1 3 —UN2PH(+ — U
<221 |E (/RZ [oa(t — U)[ht U;)dt)
+E (/ YD ealt = Ui) = Exla(t = U))]| h(t— Uj)dt) ] :
Rj=1|i#j
with
E ( i 3.l = 0)hie =0, ) = [ @) de <n [ G deliea 22 hl
and
2p
(/ DD lealt = U) = Exloa(t = U))]|  hlt— Uj)dt)
J=1|i#j

2p
= Z/ ( [oa(t = Ui) = Ex(a(t = U))] ) E(h(t —U;)) dt

i#j

2p
) E;(h(t—U))dt.
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By applying Rosenthal’s inequality, there exists a positive constant C(p) only depending on p such
that

n—1 2p

> [ealt = Ui) = Ex(oa(t = U))]

=1

<C) ((n=DE (|oalt = V1) = Ex(palt = D)) + (n = 1) [Vare(oa(t = U))]")

E

But,

E (Joalt = U1) = Ex(oa(t = U)[") S K (Ex(loat = U)P?) + [Ex(pa(t — U)%)

1 (T 1 [T 2p
<K<T/ |<Px(tu)|2pdu+‘T/ ox(t —u)du )

<K <;/IR¢§(x)dx lpall25=2 + </ lpa(z |d$> >’

with K a positive constant only depending on p and using inequality (a) of Lemma 6.1,

Vars (ot = U)) < 7 [ (@) de

Thus,
2p
B [ 3015 [eatt -0~ Exlertt - 00)]| na- v
Jj=1 Z#J
n— n—1)P
<n K (T lelBlelz 2 + ot el (Tp>uw|§p> [ Eetite -0 a
n 2
<K (TloaBloalZ? + lloali? + ) il

using equation (b) of Lemma 6.1.

Therefore, we have the following control of the first term of (6.18)

av

_ n
SK [nHwH%HmIIZﬁ ?[llloo + (TH(PAH%”SOAHZg 2+

2p

th—

n

Z[%(t—Ui)—nglE (oAt =U }

=1

(6.19)

||90>\H

) Hhh],

Now let us provide a control in expectation of the second term of (6.18), i.e V(¢y)P. First, we recall

that V(px) = Var(G(px)|U1, .. ., Uy) and we remark that E(V(p3)?) < [E(V(2)2)]"? (using the
Cauchy-Schwarz inequality). So, we focus on the moments of V(¢,) of any order m > 2.

T2P
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Let m > 2. According to the expression (6.2) of V' (¢)), we have:

V(ea)
_ / dx+22/§ ot — Ui) — En(oa(t — U))]oalt — Uj)h(t — Uy) dt
i#j
+Z/ D lealt = Ui) = Enloalt = U))] [oa(t — Ux) — Exl(pa(t — U))]h(t — Uy) dt
i#j k#j
—n [ B dx+2z / ; At = U3) = Eal(pa(t — U))]Ealalt — U)R(t — U)) dt
i#j
+2Z/; oAt = Ui) = Exlpa(t = U)] [palt = Uph(t = Uj) = Ex(pa(t = U)h(t ~ U))] dt
i#j
+Z/ZZ oAt = Ui) = Ex(oa(t — U))] [oa(t — Ur) — Ex(pa(t — U))|Ex(h(t — U)) dt
i#j k#j
+Z / SN [ealt = Us) = Exla(t — U)] [oa(t — U) = Ex(ioa(t — U))]
i#] k#j

x [h(t = U;) — Ex(h(t — U))] dt.

This formula provides a decomposition of V(p,) in a sum of degenerate U-statistics of order 0, 1, 2
and 3. Indeed

V(pa) = Wolwa) + Wilea) +Walea) + Wsa(en),

with W;(pa) is a degenerate U-statistic of order i defined as follows:

Walor) = Y /R[SOA(t—Uz‘)—En(SDA(t—U))][%(t—Uk)—Ew(%(t—Um

1<i#j#k<n
x [h(t = Uj) — Ex(h(t — U))] dt,

Wa(pn)
=2 ) / [oa(t = Us) = Ex(oa(t — U))] [ea(t = Up)h(t — Uj) — Ex(oa(t — U)h(t — U))] dt

1<i#j<n

+(n-2) > /R [oa(t = Ui) = Ex(oa(t — U))] [oa(t = Ur) = Ex(oa(t — U))|Ex(h(t — U)) dt
1<i#k<n

+ Y [[m(t —U;) — Ex(pa(t — U))]? = Varg (@ (t — U))} [h(t — U;) — Ex(h(t — U))] dt,

1<i#j<n

Wi(pa) =2(n — 1) Z/R [ox(t — Ui) — Ex(oa(t — U))|Ex(ox(t — U)h(t — U)) dt
+(n—1) Z/ [[w(t — Us) — Ex(ipa(t — U))]” — Vara(pa(t — U)):|E7r(h<t —U))dt

(n—1) /Varﬂ ot — h(t — Uj) — Ex(h(t — U))] dt
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and

Wo(pa) = n/Rgoi(x)h(x) dx +n(n—1) /RVarW(wx(t —U)Ex(h(t—U))dt

:EW@M)gnéwﬂmM@dw+MZ:”A&&@Mx/h@ML (6.20)

R

by using (6.3) and (6.4).

First, we are interested in the moments of Wi (¢, ) that we write:

Wi(ea) = Wii(ea) + Wia(ea) + Wiz(ea),

with:

n

« Waalon) =200- 1) " [ [oalt = ) ~ Exlia(t — U))]Enloalt ~ Uhlt = U) e

i=1 7R
We have:

E(IW11(ex)[™)

:y%nmmE<

Z/R [oa(t = Ui) = Ex(pa(t — U))]Ex(pa(t = U)h(t = U)) dt
i—1

< 2™ (n— 1™ x C(m) (m& ( [ lortt = 02) ~ Exor(t — U] Esliontt - (e~ 0) dt\m>

a2 {var < | Tt = 02) = Bxliealt = UD)]Belia(t = Dbt = V) dt)]m/2 )

using Rosenthal’s inequality, where C(m) is a positive constant only depending on m. But, applying

Lemma 6.1,
E ( [ [oatt = 00) = Exoa(t ~ U] Enliontt — Ot ~ 1) dt‘m)

<2 ([1esanas) " ( [lesineac)”

and
Var (/R [(P/\(t — Ul) - EW(SD)\(t — U))]EW((p)\(t — U)h(t _ U)) dt)
= Var </R ox(t — Up)Ex(oa(t — U)h(t —U)) dt>

<E [( [ oate = UlE<(on(t - V)lnte )t ]

o ([ n) ([iowmea)

N
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So,

E(IWia(o2)]™) < 27(n — 1) x C(m) <2m” ([1er@lac)” ([ los@miorac)
n o (L1owiae) ([ m(x)m(m)dx)m)
< Ky n3m/2 </ loa(z ’d$> (/ loa(x)|h(x) d$>m

3m/2 2m
< s o ([los@las) - nl, (6.21)

with K1 a positive constant only depending on m.

* Wiale) ==Y [ [Wt U — Enpa(t — U))]? = Vars(oa(t - U>>]Ew<h<t _v) .
=1
We have:

E(Wi2(ex)™

)
(n— 1mE<
<n™ x C(m )(n]E(

2 [Var ( /R [Wt —U1) — Ex(palt = U))]* = Vara(oa(t - U))]Mh(t ~0)) dt)]W )

> [ |[eate = 1) = Enliatt = U] = Vars(alt = ) |Exhle — )

)

/R {[%(t — U1) — Ex(ea(t — U))]” = Vara(pa(t — U))}Ew(h(t _U)) dt"")

using Rosenthal’s inequality, where C'(m) is a positive constant only depending on m. But, applying
Lemma 6.1,

(| [ [[or(t - 00) ~ Extiortt - 0] = Varatine - 0) [Extitc - )| )

<K12</ ()dx) (/Rh()dx>m,

with K12 a positive constant only depending on m and
Var [ [ oa(t = 00) = Baliatt = U] = Vara(i(t - 0)| o0t - ) )
~ Var (/R [oa(t — U1) — Ex(ioa(t — U En(h(t — U) dt>
)] "Ex(h( )) di

<E

([ o= 00) = Enterte - Ottt - v )]
<L1E

)d 2
S 72 (/R [oa(t = U1) — Ex(pa(t — U))]Zdt>2] </Rh(x)dx>2
s () ([rrs)




Nonparametric estimation in a Poissonian interactions model 35

So,

E(IW12(ex)|™)

< Kygn™ (;fn (/R 22 () dm)m </R h() dm)m + ”;: </R 2 () dm)m (/R h(z) dx)m)
< Kis ”;T ( /R V2 (z) da:)m < /R h(z) dm)m. (6.22)

« Wis(pn) = (-1 /R Vars(ox(t — U)) [h(t — Uj) — Ex(h(t — U))] dt.
j=1

)

[ Vet~ Ut - 00) - Botne - U] i)

We have:

E(Wi3(ex)|™)

=(n-1)"E (

Z/ Vars (ox(t — U)) [h(t — Uy) — Ex(h(t — U))] dt
j=1"R
<(n—1)"xC(m) (nIE <

+ /2 [Var </RVar7r(90)\(t —U))[h(t = U1) = Ex(h(t = U))] dt)}mm)’

using Rosenthal’s inequality, where C(m) is a positive constant only depending on m. But, applying
Lemma 6.1,

“(

m m m m

/RVarw(go,\(tU))[h(tUl)Ew(h(tU))] dt‘ )< T </Rso§(x)d:r) </Rh(w)dw> ;

and
Var </R Vars (ox(t — U) [h(t — Uy) — Ex(h(t — U))] dt)
~ Var ( /R Vars (ox(t — U)A(t — Uy) dt)
<E < [ Vara(alt = U)h(t - V1) dt) 2]
< % (/Rwi(x)deE (/Rh(t—Ul)dt>2]
<7 ([ 4@ dx>2 e da:>2
So,

R
+ ”;f (/ng(x) dg;)m </Rh(:c) dx>m>
< Kis ”;Wf < /R 2 (2) dm)m ( /R h() d;v)m, (6.23)
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with K7 3 a positive constant only depending on m.
Next we deal with the moments of Wh(p,) that we write:

Wa(pr) = Wai(pa) + Waa(oa) + Was(er),

with:

e Wailp) =2 ) A[@x(t—Ui)—Ew(wx(t—U))] [oa(t=Uj)h(t=U;)—Ex (o (t=U)h(t=U))] dt.

I<i#j<n

We want to use Theorem 8.1.6 of [6] (a moment inequality for U-statistics using decoupling) so we
write:

Wailpn) =2 Y f(U,Uy),

I<i#jsn

where
f(U:,U;) = /R [oA(t = Ui) = Ex(oa(t = U))] [oa(t — Uj)h(t — Uj) — Ex(oa(t — U)h(t — U))] dt.

There exists a positive constant Cy ,, depending on m only such that

E( > LUy )

1<i#j<n

< Copyn™E(|f (U1, U2)[™)

< Copn™E ( [[fontt = 0 = Beliontt — U] [oalt ~ Vb~ 03) = Exlioa(t ~ OO0( - 0)] dt]m)

m/2
< Cymn™E [(/R [t = U1) — Ex(ioa(t — U))]? dt)

x E

m/2
(/R [oa(t — Ua)h(t — Uz) — Ex(oa(t — U)h(t — U))]2 dt) ]

< o ([ Awra) " ([ Ao o) "

m
<so ([ Fwra)” e,
R
by applying Lemma 6.1 and setting Ko 1 a positive constant only depending on m. So,
m
E(Wo, 1 (H)™) < Kap n™ </ 3 () dﬂﬁ) [12]|%e- (6.24)
R

e We may write: Wha(py) = (n —2) Z f(Ui, Uy), where

1<i#k<n

fU,Ug) = /R [ox(t — Ui) = Ex(oa(t — U))] [oa(t — Ur) — Ex(or(t — U))|Ex(h(t — U)) dt.
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We use Theorem 8.1.6 of [6]: there exists a positive constant Cs ,, depending on m only such that

E( > f(ULU) )

1<i#k<n

< Co ™ E(| (U1, U2)[™)

< Cymn™E < /R [ox(t = Ur) = Ex(oa(t = U))] [ea(t = Uz) — Ex(pa(t — U))|Ex(h(t — U)) dt)m>
< Koo ;—: {E </R [oA(t = Ur) — Ex(pa(t — U))]2dt>m/2] }2 </R h(z) dx>m

n

sz (/Rgpi(x) dx)m (/Rh(:c) daz>m,

by applying Lemma 6.1 and setting K2 a positive constant only depending on m. So,

< Ko

E((Wa2(f)I™) < Kao ’;?: (/R 03 () dx)m (/R h(z) da:)m. (6.25)

e We may write: Wa3(py) = Z f(U;,Uj), where

1<i#j<n

We use Theorem 8.1.6 of [6]: there exists a positive constant Cs ,, depending on m only such that

E( > LUy )

I<i#j<n

< Comn™E(| (U1, Un) ™)

< Copn™E ( [ lioatt = 00) ~ Enliontt ~ O = Vaxo{ioa(t ~ )t - Us) — Bo(hlt — ) dt)m)

< K32 "8 | [ [[oa(t = 00) = Enloa(t = O] = Varolioale — )| )| 12

< Koy n™ ( [ @ da:) s
R

by applying Lemma 6.1 and setting K> 3 a positive constant only depending on m. So,
B(Waalon)l™) < Kaa " ( [ o) I, (6.26)
R

And finally, we focus on the moments of Ws(p,) that we write: Ws(py) = Z f(Us,U;,Ug),
1<i#j#k<n
where

fU,U;, Uy) = /R [ox(t=U;) —Ex(or(t=U))] [ex(t—Ur) —Er(ox(t—0U))] [2(t—U;) —Ex (h(t—U))] dt.
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We use Theorem 8.1.6 of [6]: there exists a positive constant C3 ,, depending on m only such that
> fULUL )

m
E
I<iAj#k<n

< O™ PE(|f (U1, Uz, Us)|™)

<03,mn3m/2ﬂ*3< /R[w(t—Ul)—Ew(w(t—U))] [oa(t = U2) = Er(pa(t = U))]

x [h(t — Us) —Ex(h(t — U))] dt

< a0 ([ |[oa(t = 00) = Balioale = U] [oa(e - 02) — Enlate ~ 0] [ at) | 2

by applying Lemma 6.1 and setting K3 a positive constant only depending on m. Furthermore, using
the support properties of the biorthogonal wavelet bases considered in this paper, we have

* K/R [Loa(t = U) = Bx(at = U))] [oa(t = U2) — Ex(oa(t = U)] dt) m]

-E ( [ Jeate = Urontt = 02) = alt = UnBa(ionlt = V) = oalt = UalEn(in(t = V)
+ [Exloa(t - U)))°] dt) m]
< K, {E ( / \m(t—Ulwt—Uz)\dt)m +E ( / }m(t—UnEﬂ(w—U))\dt)m]
+E (/R[]Eﬂ(gox(t—U))]th> ”
with:
E (/ ’w (t— U )pa(t — Us) dt) ;2 /OTdu1 /OTduz(/R‘w,\(t—ul)go)\(t—uQ)‘dt>m

1 T u1+2M m
2/ du1/ dus </ o3 () dac)
0 uy—2M R
4M< 2( )
T ' ’
T \UJr e
1 (7T "
’@A (t—1Un) ( / cp;(t—u)du)‘dt
R T Jo
(/ du/‘cpAt—Ulw,\t—u‘dt> ]
1 m
Tm+1/ du1</ du/ ‘gpA t—ur)px(t —u) |dt>
1 T ur+2M 9 m
< —— duy / du/gp x)dx
Tmﬂ/o u—2M R A7)
4MH)™ m
< Tm> </ P () d$>
R

\

</R‘<PA(75—Ul)E”(%(t—U))‘dt) ]

E

1
\Tm
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and
) 1 T T
| Extontt - 0))] dtzTg/dt/ dupn(t=u) [ dvgr(t=v)
= — du/ dv/cp)\t—ugp,\t—v)d
u+2M )
< —= du/ dv/gp x)dz
T2/0 u—2M R (@)
aM [,
< — .
< [ A
So,

E(Wi(e)|™) < K ™ [; ([awaw) + 5 ([ 4w daz)m] iz 2

with K a positive constant only depending on m and the compact support of ¢. Note that if we had
used the same method as for the control of the moments of W5 2(p,), we would not get the correct rate
of convergence. We obtain a better rate of convergence thanks to the properties of the biorthogonal
wavelet bases used here.

Thus, combining inequalities (6.20), (6.21), (6.22), (6.23), (6.24), (6.25), (6.26) and (6.27) yields

E(V(ex)™)

<K {nm ([ @) im0 ([ ) ([ )"

o I (Lrenar) iz o ([ d@a)” ([ rea)”
W( @) ([wa)” + (/ f(ads) b2
(/ ) (/Rh(x>dx)m+n (/R A(m)dm) T

+ aime [; ([a@aw) + 5 ([ 4w da:)m] thz}

n3m/2 ) n2m )
R N Y P L T

3m/2

T

n
n™m +

IIsOAH%mHhHZé},

with K a positive constant only depending on m and the compact support of 1. So, we obtain

n3p/2

E(V (1)) < K { a

3p/2

n
loAllE” 1715 + 7H<mHszhH’f + P

]Hw\?”h!ﬁo}, (6.28)

with K a positive constant only depending on p and the compact support of .
To conclude for the first term of (6.17), using inequalities (6.19) and (6.28) in (6.18), we have

E(IG(#r) —E(G(w)lUu--.,U )I7)

n? 2 2
S K - N
T2p T °° > (6.29)
n*/? 2p) 1 ||P 2p) 1 ||P b, 1 2|11
+ — lleall IR +*H<PAH2 AllT + | n” + == | llealla"l1Al5 ¢-
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Now, we have to focus on the second term of (6.17). Recall the definition (6.5) of W (py)

W(px) = Wilpa) + Walen),

with
Wilpy) = (n—-1)Y /R [oa(t — Us) — Ex (o2 (t — U))] B (h(t — 1)) dt,
=1
and
Walpx) = > 9(U,Uj),
I<i#j<n
where
o(U,U;) = /R [oa(t = U3) = Ex(pa(t — U))] [h(t — Uj) — Ex(h(t — U))] dt.

So,

E(IW (02)*) < 2277 E([Wi(02) ) + E(Wa(px)[?)].

On the one hand, we have to control E(|WW7(¢,)|??). We use Rosenthal’s inequality: there exists a
positive constant C(p) only depending on p such that
2p>

E(|W1(ex)*)
/R [oa(t = U1) = Ex(pa(t = U))|Ex(h(t = U)) dt

=(n—1)*”E (

3 [ a0~ Bulion(t ~ )] Eahit — )
=1 R
< (=1 x C(p) ("E (

)

Lo {Var </R [oa(t — U1) — Ex(o(t — U))]Ex(h(t — U)) dtﬂp) .

N
p) < /R h() dx) ’

But, applying Lemma 6.1,

“

< %E (‘/R [oA(t = U1) — Ex(oa(t —U))] dt

<= (/ |w<x>|dx>2p e dx)Qp

Var ([ it = 00) = Extion(t - )] Exli(c ~ V) )

/R [oA(t = U1) = Ex(pa(t = U))]|Ex(h(t = U)) dt

and

~ Var (/R o (t — U Ex(h(t — U)) dt>

([ 1oate - o) Extnte - v at) ]
(f \mt—Ul)dt)Q] (f h(m)dmf
<;2(/R|¢A<:c>|dw)2(/ﬂgh<x>dx)2-

<E

1
S@E
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So,

E([W1(2) ) < K1 nP

(] \soA(x)rdx) 7 ([ 1onta dw) ]( / h(x)dx)zp, (6.30)

with K; a positive constant only depending on p.
And on the other hand, we have to control E(|W2(¢y)|??). We have:
Walpr) = > 9(Us,U)).
1<i#j<n
We use Theorem 3.3 of [11] associated with Theorem 1 of 7] (we keep the same notations of [11]). We
set h;j = { 0 ifi= and we consider (Ui(l),i =1...n) and (Ui(z),i = 1...n) two independent

g otherwise
copies of (U;,i =1...n). With Theorem 3.3 of [11], there exists an universal constant K such that

2p
E( > hig(@, U )<K?p[<2p>P02p+<2p>2pD2p+<2p>3pB2p+<2p>4pA2p],

1<i,j<n
where

e A =max |hi;lloc = |9l But, for all (z,y) € R?,

),

o(z,9)] = ’ /R [oa(t — ) — Ex(pa(t — U)] [A(t — ) — Bx((t — U))] dt
4 /R [ox(@)] da |1l e

using equality (b) of Lemma 6.1 with f = ¢). So,

4 /R ox(@)] da 1]l oe (6.31)

ZE (n2;UY, UP) =S E(63 (U, U;)). But, for all i # j,
7]

E(¢*(Ui, Uj))

2
</R [ox(t = Us) — Ex(oa(t — U))] [2(t = Uj) — Ex(h(t = U))] dt) ]

<E

<E [/R[(P)\(t—Ui> —EW(SOA(t—U))]2|h(t—Uj)—Eﬁ(h(t—U))]dt/R\h(t—Uj) — E.(h(t — U))|dt
< 2E [/ [‘PA(t—U)—EW(QD,\(t—U))]Z‘h(t—Uj)—Eﬂ(h(t—U))‘dt}/Rh(x)dx

/ [alt = U3) ~ Ex(palt — D)%) i </Rh(a:)dm>2
< T/Rgpg\(ar) dx (/Rh(m) d;v>2,

using Lemma 6.1. So,
dn(n —1 2
o2 ¢ dnn=1) / 02 (z) do < / h(z) da:) : (6.32)
T R R
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e B2 — max HZEl(h?’j(Uhy))H )

o

Zm(h%,j(x,vj))Hm with
B2, ) = { B B < [ ([ ) dm>2

and

9 e, 2
Ei(h};(z,Uy)) = { Ex(g él’aU)) ifi#j < 16 R«pi(fﬂ) dx </R h(z) dﬂ?) :

otherwise T
using established inequalities to get equation (6.14) in the proof of the assumption (Al). So,

B? < 167” [ Az da ( /R h(z) d:r>2, (6.33)

e D = sup E(Zhi,j(U}”, U}Q))ai(Ui(l))bj(Uf))) :E(Zaf(m)) < 1,E(Zb§(Uj)> <1
12 ( J
By using established inequalities to get equation (6.13) in the proof of the assumption (Al), we
obtain

1
D <2n T/Rgoi(x) dx/Rh(a?) dx. (6.34)

Moreover, we use the equivalence of Theorem 3.3 of [11] and the decoupling inequality provided in
Theorem 1 of [7] to obtain the following upper bound of E(|Wa(py)|?P):

2“2: (/Rwi(x) dx>p (/R h(x) dm>2p+ %g; </R<p§(x) d$>p (/R " dm>2p
2p
+ </R|<P,\(x)|dg:> ||h||§§],

(6.35)

E([Wa(x)P) < K>

with Ky a positive constant only depending on p.
Finally, by using inequalities (6.29), (6.30) and (6.35) in (6.17), we obtain:
E(|Bx — 5x|*)
<K o loa Ul + e Al Il + g oIl 22 21 R
X n2p_2T2p A 1 1 np_lTp A 2 1 n2p_2T A 2 A (o' 1
o eIl 2 Rlloo + — o oA I + = ol IR
n2r—1 2 o0 oo ’I’LP/QTP 1 o0 Tp 2 1

1
np/2T

np

2 2
73 loa i IRl

1 2 2 n 2 2

+ ﬁ”%”f”hﬂgo + loall"IRl1B,  + ﬁ“%\hp”h’hp +
1

np TP

1 9 2 2 2 1 2
+ Al + HmHszhHler@Hmhp\\h\\iﬁ
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and so,
A 1
[E (!ﬁA—5A’2p)]p
1 1 1 1
<K {Wum B + ZolioalBIAIE + = lloal3blloo + =5l IR

1 1
g lealBlinly” +

1 1
i Lz_m;mp = l/p] loallslleallss ”%u”p}

with K a positive constant only depending on p and the compact support of .
Recall that for any A = (j, k) € A, we have:

1 9 1 9 5 1 1 5
+ + pllolBlal + FUoa3InIE + |2+ o el

loallt <27972My1,  loalla < Myz and ol < 27/2 My o

We consider 1 < p < oo and we fix 1 < ¢ < oo such that %4—%: 1, so that

1
)T <k 4 i+ L ypy 1 Longe
[E(15y - :7)]” < {Tguhuﬁnguhuoo [ e T PR P

1 1 1 1 ;
Sl Jjo/q||p||L/P
+ [n + nl/QTl/p] 1Flloo + [nQ/QTl/p + n1+1/q} 20074 [hlloe }’
with K a positive constant depending on p, ||[¥||1, ||¥|l2, |||l and the compact support of .
Finally, choosing p = 2, Assumption (A2) is fulfilled with

1 2d0/2  9do/2 n
R=Cr {Hnw*n:rw*:rz !

where Cp is a positive constant depending on [|A||1, ||2|leo, [#l1, |#]|2s ||#]|cc and the compact support

of 1,
Hy =1)cr

and € = 1.
6.4.3 Proof of Assumption (A3)
To shorten mathematical expressions, we denote 1y = 7 (v, A) in the sequel. The following inequality:

P (|B>\ — Bal >k, [B] > 77>\> < Hy¢

is obvious with ¢ = w, which proves Assumption (A3) choosing 6 = ~T=.

6.4.4 Completion of the proof of Theorem 3

Therefore we can apply Theorem 2: the estimator B = <B ,\1‘ Bx\?ml Aer))\eA satisfies

1 — K2

mE(IIB—BIIZ}éE inf, HHQZ/BA+ Z(BA—BA +3Y @y +D> A,

Agm AEm AEmM el

< inf 1+H2Zﬁ,\+ ZE (Br =B + D _E@R) ¢ + LD Y Ha,

Agm AEmM AeEm el

with
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o forall A= (j,k) in T,
(A — ) = Var(B) < & {24+ 2

where K is a positive constant depending on ||h||1, ||2]/co, ||¢|l1 and ||2||2 (see Lemma 2.1);

e forall \=(j,k)inT,

mgK( jOV< >+ OB(n>+ANR>

n

where K depends on e, k, v, |1, ||¢|2 and ||¢||~ and
A g2 o jon

- n + ﬁ + T 5
o LD = H—%((l + 0*1/2)w1/2 + (14 01/2)51/2C1/2) <K R(e*”QjW/2 + exp (—g(so)thHl/Z)), where

K is a positive constant depending only on € and &,

° ZH,\ = |I'|, where |I'| is the cardinal of the set I'. So, we can upper bound this quantity by

Ael
K 27 where K is a positive constant depending only on the compact support of h and the

compact support of .
Recall that € = 1, x €]0; 1[ will be fixed in the sequel and v > 0, according Assumption (Al).
It remains to compute E(n?). Let A € I'. We have:

J0 12 7 J jon  jo 275y | E(Ng)
E() < K (vam» +SE(B(92) + { =t T } el k

with K depending on ¢, &, v, [|[¢]l1, [|#]l2 and ||1)]|e and E(NZ) = nl|h|1 + n?||h|? < 2n2Mﬁ71.
We control 17(90,\) in expectation and we recall that o = k2jo7y.

E(V(p2) < E(V(92) +  20E(7 (02) E(B2 (1)) + 3aE(BX(¢3)), (6.36)
with using inequality (6.4),
~ n2
BV (o) =BV (o)) < & {nlile + T 1011 }.

where K is a positive constant depending only on [[7)]|2.
Now, we focus on E(B?(y))) where

> [m -0 - B - 1))

=1

2; [w (t = U) = " Ee(oalt - U>>] |

B(pa) = B(pa) =

o)

= sup
teR

< B p— 9
(on) + TH‘PAHl

n
> loalt = Ui) = Ex(oa(t — U))]|-
i=1
Then, we have to control E(B(yy)). Since it is a decomposition biorthogonal wavelet, ¢ is a piecewise
constant function and we can write:

with B(py) = sup
teR

N

o\ = Z a5

=1
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where N € N* and for any [ € {1,..., N}, a;,b;,¢; € R and a; < b;. It is easy to see that

N N
Bpa) > Blal ) =D lalB(Ligm)-
=1 =1

It remains to compute E(B (1)) for some interval [a;b].

B(1g) = sup | Y (L (t — Ui) = B (L (t — U))] ‘
teR | =
< sup > [15,(Ui) = E<(15,(U))]],

B¢ teR i—1
where for any t € R, B, = [t — b;t — a].
We set B = {By,t € R} and for every integer n, my(B) = sup |[{AN By, t € R}|. It is easy to see

ACR,|A|=n
that .
ma(B) < 1+ %

and so, the VC-dimension of B defined by sup{n > 0, m,(B) = 2"} is bounded by 2 (see Definition 6.2
of [20]).

By applying Lemma 6.4 of [20], we obtain:

VRE(B (1)) < 5 V2

where K is an absolute constant. So, for any A in I,

E(B(py)) < fﬁ

But, we want an upper bound of E(B?(¢y)). For this, we use Theorem 11 of [1]:

[E(B())] > < K {E(Bm» n HMIIz},

where

M = max sup |px(t — U;) — Ex(pa(t — U))|

1<i<n ¢eR
Hence,
M5 < 4fleall5 < K 27,

with K a constant only depending on ||9||~.
Finally,

<K {[E(B(¢A))]Q+2ﬂ+2T_;}
<K {Tll+2j+2T_2j}, (6.37)

with K a constant only depending on ||?||; and |[¢||cc-
Then combining (6.36) and (6.37) yields

3/244 . ; . ; . . 3/2 . .
jo *20/2 L J020 50?0 do  Jb jol*2i/2jon
n T T )

Jo
E(U%) <K { + n3/2 n2 n2
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where K is a constant depending on =, ||h||1, ||2]|cc; ||2]1, ||#]|2 and ||¢)||s0, Which concludes the proof
of Theorem 3 by setting

. 3/2, Ao . 3/2, .

o Jo/ 970/2 ]égjo ]g ]o/ 970/2 jon

F(]D,’I’L,T):ng n3/2 + n2 +?+W T2




