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Abstract

The purpose of this paper is to estimate the self-similarity index of the Rosenblatt process by using the
Whittle estimator. Via chaos expansion into multiple stochastic integrals, we establish a non-central limit
theorem satisfied by this estimator. We illustrate our results by numerical simulations.
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1 Introduction

The Rosenblatt process appears as limit of normalized sums of long-range dependent series (see [8], [25]). In
the last years, this stochastic processes has been the object of several research papers (see [22], [27], [28], [29]
among others). Its analysis is motivated by the fact that the Rosenblatt process is self-similar with stationary
increments and moreover its exhibits long-range dependence (or long-memory). In this sense, it shares many
properties with the more known fractional Brownian motion (fBm in the sequel) except the fact that the
Rosenblatt process is not a Gaussian process. Recall that the fBm is the only Gaussian self-similar process
with stationary increments.

The practical aspects of Rosenblatt process are striking: it provides a new class of processes from which to
model long memory, self-similarity, and Holder-regularity, allowing significant deviation from fBm and other
Gaussian processes. The need of non-Gaussian self-similar processes in practice (for example in hydrology) is
mentioned in the paper [26] based on the study of stochastic modeling for river-flow time series in [15].

The Hurst parameter H characterizes all the important properties of a Rosenblatt process, as seen above.
Therefore, estimating H properly is an important problem in the analysis of this process. The Hurst parameter
estimation from a N-length path of a fBm or more generally of self-similar or long-range dependent processes,
has a long history. Several statistics have been introduced and studied to this end, such as parametric
estimators (maximum likelihood estimator) as well as semi-parametric estimators (spectral, variogram or
wavelets based estimators). Informations on these various approaches can be found in the books of Beran [4]
or Doukhan et al. [10]. But in the particular case of the fBm, the main results concerning this estimation
were certainly obtained by [11] and [7]. Indeed the optimal method for estimating H is obtained from the
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maximization of the Whittle approximation of the log-likelihood introduced by Whittle in [30] (in the sequel,
the Whittle estimator). This estimator shares the same asymptotic behavior than the maximum likelihood
estimator (MLE), notably it is asymptotically efficient, but numerically the Whittle estimator is clearly many
more interesting than the MLE (no need to inverse the covariance matrix). These properties also hold for long
memory stationary Gaussian processes as it was established in [11] and [7] under almost general conditions:
the Whittle estimator is asymptotically normal with a v/N convergence rate.

In the case of long memory non-Gaussian time series, there exist very few results concerning the limit
behavior of the Whittle estimator. In [13], the case of fourth order moment linear processes have been
considered and it was proved that the Whittle estimator is still asymptotically normal with a v/N convergence
rate. But in [14], the cases of functionals of long memory Gaussian processes have been studied and the
conclusion is different: in general, the Whittle estimator satisfies a non-central limit theorem with a non
Gaussian limit distribution and a convergence rate smaller than v/N. This is notably the case when the
functional is the Hermite polynomial Hs(x) = 2% — 1.

Estimating the memory parameter of the Rosenblatt process appears to be a challenging problem. This is
due to the fact that this process is not a Gaussian process, the explicit expression of its probability density is
not know and standard techniques cannot be applied in this case. The development of new criteria, based on
the Malliavin calculus and chaos expansion into multiple Wiener-It6 integrals (see the monograph [17]), for the
convergence of sequences of random variables recently led to new results. In [28] and [6] the authors studied
the asymptotic behavior of the quadratic variations of the Rosenblatt process in order to obtain the asymptotic
properties of an estimator for the self-similarity index. An approach based on wavelets has been also proposed
in [3]. A common denominator of all these works is that the estimators constructed are consistent but in
general their limit behavior is not Gaussian. This not very convenient for practical aspects.

We want to put a new brick to the theory of the long-memory parameter estimation for non-Gaussian
stochastic processes. We analyze the limit behavior of the Whittle estimator for the self-similarity index H of
the increments of a Rosenblatt process (where 0.5 < H < 1). We will see that, as in the case of the estimators
based on the quadratic variations (see [28]), the Whittle estimator has a non-Gaussian limit behavior and the
convergence rate is N' = . This is due to the fact that, if one compares with the fBm case, the chaos expansion
of the estimator involves a new term with a strong dependence structure that cannot be compensated by the
smoothness of the estimator. This result is not totally surprising. Indeed, from [25], the Rosenblatt can be
obtained as the limit of & EC":t]l Hy(X}) when n — oo, where (Xj) is a long memory Gaussian process and
we know from [14] that the Whittle estimator of (Hz(X%))r also satisfies the same kind of non- central limit
theorem.

Unfortunately, our new result concerning the Whittle estimator keeps open the following question: is it
possible to propose an asymptotically Gaussian estimator of the self-similarity parameter of a Rosenblatt pro-
cess? However, Monte-Carlo experiments attests that the Whittle estimator numerically provides accurate
estimations, clearly better than with other well known estimators and with almost the same quality than the
one obtained for the fBm when H is close to 0.5. Hence, even if it asymptotically satisfies a non-central limit
theorem, the Whittle estimator is really interesting for estimating the H parameter of a Rosenblatt process.

We organized our paper as follows. Section 2 contains some preliminaries on multiple stochastic integrals,
the Rosenblatt process and the Whittle estimator. In Section 3 we analyze the asymptotic behavior of the
Whittle estimator for the self-similarity index. Finally, Section 4 contains a numerical study of the estimator
and main proofs of this paper are established in Section 5.

2 Preliminaries

In this section we introduce the basic concepts used throughout the paper. We will present the the multiple
stochastic integrals, the definition and the immediate properties of the Rosenblatt process and the basic facts
concerning the Whittle estimator.

To begin with we call back some elements about multiple stochastic integrals.

2.1 Multiple stochastic integrals

Let W = (W,)ier be a classical Wiener process on a standard probability space (Q,F,P). If f € L?(R")
with n > 1 integer, we introduce the multiple Wiener-It6 integral of f with respect to W. The basic reference
is the monograph [18]. Let f € S, be an elementary function with n variables that can be written as
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where we put W (A fR 14(s)dWs. Tt can be seen that the application I,, constructed above from S,, to
L3(Q) is an isometry on S, in the sense
E [I,(f)Im(g)] = nXf,g)r2(rn) m=mn (1)
and

E [L,(f)In(9)] =0 if m#n.

Since the set S, is dense in L?(R") for every n > 1 the mapping I, can be extended to an isometry from
L*(R™) to L*(2) and the above properties hold true for this extension.
It also holds that I,(f) = I, ( f), where f denotes the symmetrization of f defined by

. 1
f(xlv'- '7:Cn) = mz.f(xa'(l)v'- 'aza(n))a

o running over all permutations of {1,...,n}. We will need the general formula for calculating products of
Wiener chaos integrals of any orders m,n for any symmetric integrands f € L?(R™) and g € L?(R"), which is

Ly, mﬁflf'( )( ) m+n—20(f ®¢ g), (2)

where the contraction f ®; g is defined by
(f Qe g)(slv ceeySm—py b1, 7tn*l)
:/ F(s1yeeySmepyttay ooy ug)g(te, ooyttt .oy ug)duy . .. dug (3)
Tm+n 24

and by extension f ®y g = f ® g. Note that the contraction (f ®, g) is an element of L?(R™*t"~2¢) but it is
not necessarily symmetric. We will denote its symmetrization by (f&@;g).

2.2 The Rosenblatt process

Recall that a fBm B = (B;);>0 with Hurst parameter H € (3,1) and parameter C' > 0 is a centered Gaussian
process with covariance function

2
Cov (Bt;BS) =F (BtBs) = %(SZH + t2H - |t - S|2H)7 Svt S [0,00), (4)

with C = Var (By). It is the only normalized Gaussian H-self-similar process with stationary increments. The
fBm admits the following moving average representation: for every ¢ > 0 and for every H > %

B, = CcB(H)/R </Ot(u - y)f%du> AW (y). (5)

where (W (y),y € R) is a standard Brownian motion with time interval R and cp(H) is a strictly positive
constant that ensures that E(B;)? = C?t2H for every t > 0.

The Rosenblatt process is related to the fractional Brownian motion. It shares many properties of the
fBm. For instance, it has the same covariance function (4) as the fBm, it is H-self-similar and it has stationary
increments. It has the same order of the Holder regularity of its sample paths as the fBm (that is, the
Rosenblatt process, as well as the fBm, are Holder continuous of order § with 0 < § < H). There are also
some differences with respect to the fBm. One of them, is that it is defined only for the self-similarity index
H > 1 and another difference, more important, is that it is not Gaussian. It can be expressed as a double

2
multiple integral with respect to the Wiener process and therefore it is an element of the second Wiener chaos.



More exactly, a Rosenblatt process Z = (Z;);>0 with self-similarity order H € (3,1) and parameter C' > 0 is

defined by
zi=cenn [ [ ( / w=m 7 = ) ) aw G aw ©)

where cz(H) is a strictly positive constant such that E(Z;)? = C?, i.e

2H(2H — 1)
p2(1—H, %)

We will call a (standard) Rosenblatt random variable every random variable that has the same law as Z; with
parameter C' = 1. In the sequel we will use the kernel Ly of the Rosenblatt process defined by

% (H) = see e.g. [27]. (7)

Tdu  for (y1,y2) € R2. (8)

+m\:

“Hu—y2)

+m\:

LH(?J1,?J2)=/O (u—y1)

As the second order properties of a Rosenblatt process are the same than the ones of the corresponding
fBm, the process Y = (Y;):>0 of the increments of a Rosenblatt process, defined by

}/t:Zt+17Zt fOI'tZO

with Zy = 0 by definition, is a long memory stationary process with covariogram

02
ri.c(t) == Cov (Yo, V) = - (|t + 127 + |t — 1]2H —2t|*H) for t € R, 9)

and a spectral density fg ¢ defined for A € [—m, 7] by:

1 o C? HT'(2H) sin(mH) —1-oH
fac(A) = 5 kezzr(k:) et = o (1 —cos)) kezz (A + 2k7| , (10)

since [ (1 — cosz)|z| 2 dx = 2r(HT(2H) sin(7rH))_1 (see Sinai, 1976, or Fox and Taqqu, 1986).

2.3 The Whittle estimator

Our purpose is to study the asymptotic properties of the Whittle estimator of parameters H and C' computed
from a sample (Z,---,Zn) of a Rosenblatt process Z = (Z;)i>0 . Let us briefly introduce the Whittle
estimator. The first step is to define the periodogram of the process Y of the increments of Z:

R N-1
IN()\) 27TN‘ ZYke lk}“ (11)

Now, let g : R — R be a 27-periodic function such that g € L?([—,7]) and define

In(g) = / g\, (N)dX, the integrated periodogram of Y

—T

and J@) = [ g fumeOyar

with fu ¢ denotes the spectral density of Y defined in (10). From (9) and (11), we also have

N—|k|
InO) = — S Fn(k)e ™ with 7y (k Z Y;Yjq ks (12)

which is a biased estimate of 7y (k) (see the next section). Thus, the periodogram In(N) could be a natural
estimator of the spectral density; unfortunately it is not a consistent estimator. However, once integrated with
respect to some IL? function, its behavior becomes quite smoother and can allow an estimation of the spectral



density. The Whittle’s contrast is a special case of the integrated periodogram J, ~N(g). Indeed, this contrast
can be written (see [30])

s

Ow.C) = [

—T

(log(vaC(A)) + jN(l/fH,c()\)))d)\.

The Whittle estimator is thus:
(Hn,Cn) = Argmin(H,C)e(1/2,1)x(o,oo)UN(Ha O).

But using a classical renormalization (see Fox and Taqqu, 1986 for instance), the spectral density fg.c of ¥
can be decomposed as:

9 1 C? ,
o = 3 EHF(QH) sin(wH)

fac(\) = o?gg()\) with (13)
gu(\) = am(l—cosA) > [\ 2kx| 12

keZ

for all A € [—m,0) U (0, 7] with ay := exp [— /Tr log ((1 — cost) Z |t + Qkﬂ"_l_%r)dt}.
- kez
Then ©

/ " log(grr(\)dA = 0 (14)

—7
for H € (1/2,1) and the minimization of Uy (H,C) can be write again as a minimization in (H,0?2) and this
implies that

~

. =~ . ™ In(N)
Hy = Argmingeq o) {JN(l/gH)} = ArgmmHe(l/z,l){/ QHEA) dA} (15)

. ~ 1 -~
with oa = %JN(I/gﬁN). (16)

- 52
Ay ON

~ 1/2
and Cy = (27r — — — )
HNF(QHN) Sin(ﬂ'HN)

Remark 1 Howewver, for practical use, these definitions ﬁN and 5% have to be modified. Indeed, the assump-
tion that the process has zero mean is unrealistic. Moreover, the integrals defining the estimators has to be
replaced by their approximations by a Riemann sum. Thus, define:

N = N 7
~ . 2 IN(ﬂ'k/N) ~92 1 IN(ﬂ-k/N)
H = A - — d =N o= (2k/N)
N rgmingge 2] ; gH(wk/N)} weINT N ; 9, (Tk/N)’
_ 1 N-1 . ) 9 o 1 N-1
with In(\) = %—N’ Z(Yk — YN)eﬂkA’ for X€[-m 7| and YN = N Z Y.
k=0 k=0

3 Limit theorems for the Whittle estimator of parameters of a
Rosenblatt process

In this section, we prove limit theorems for the integrated periodogram Jy (g) for g € L?[—x,7]) satisfying

certain conditions. Applied to ¢ = 1/gpy, we will prove the almost-sure convergence of Hy. Applied to
62

g= BiH (1/gm) and then with a classical Taylor expansion also using the case g = 5777

(1/gg) this will provide
a non-central limit theorem satisfied by H N-

Therefore, the main point is to obtain limit theorems for Jn (g9) . For this, we use a (now) standard approach
based on the chaotic decomposition of the random variable J, ~ into a sum of multiple stochastic integrals.
Since the Rosenblatt process at fixed time is a multiple integral of order 2, the product Y;Yj is a product of
two double multiple integrals which can be expressed as a the sum of a multiple integral of order 4, a multiple
integral of order 2 and a deterministic function, which is the expectation of Y;Y;,,. This decomposition is



transferred to the integrated periodogram J, ~n, which will be written as sum of two multiple integrals (one of
order 2, one of order 4) plus its expectation. What we do next, is to analyze these three terms that compose

Jn. We will see that, as in the case of the variation statistic of the Rosenblatt process (see [28]) or of wavelet
statistic (see [3]), the dominant term is the one in the second Wiener chaos, which will give the asymptotic

behavior of Jy. A detailed study of this term shows that it converges to a Rosenblatt random variable.

3.1 Chaos decomposition of the integrated periodogram

The purpose of this part is to provide the asymptotic behavior of a sequence J, ~n(g) using its chaos decompo-
sition. We start first with the analysis of 7 (k) with fixed k& € Z. We will study the convergence of 7 (k) to
the covariance function rp (k). We first observe that

L

N — |k
ETy Z:EY+M NHmd@

and this converges to ry ¢ (k) when N — oo: 7iv(k) is an asymptotically unbiased estimator for rg (k). On
the other hand, for every j > 1 we can write the increment of the Rosenblatt process as

Yj = Zj1 — Z; = L(ALY)
where L is the kernel of the Rosenblatt process (8) and we denoted by ALJH the two-variables kernel

q_q 2_q

j+1
ALf(yl,yg) = CcZ(H)/ (w—y1)? (u—y2)} “du.

In the sequel we will simply denote L := L. Then, for every |k| < N, by the product formula (2)

~ 1
TN(k)—TH,C(k) = N Z IQ(ALJ‘)IQ(ALJ'J’,“C‘)
§=0
| NIkt
7=0
+IF 7‘\( —THc(k’)
Therefore, for g € L2([—m,7]),
N—|k|-1
In(g) — E Jn(g) = / N YD e (AL @ Ay L) + 4 I(AL; @1 ALy ) (17)
|[k|<N  j=0
= Ton(9) + T (9),
N—|k|-1
where T4 N = / Z Z Zk/\ I4 (ALj(yl,y2)ALj+‘k‘(y1’y2)) (18)
|[k|<N  j=0
B N—|k|-1
and To n(g):= — d)\g Z Z et 12(/dmALj(yl,x)ALj+|k|(y2,x)). (19)
k<N j=0 R

The notation fg, ~(9), f47 ~n(g) suggests that the sequence ﬁ, ~n(g) belongs to the fourth Wiener chaos while
T5 n(g) belongs to the second Wiener chaos.

3.2 Asymptotic behavior of the integrated periodogram

In order to study the asymptotic behavior of J, ~(g) let us first specify our assumptions on the function g. For
H € (1/2,1) and for g : [-m, 7] — R, we introduce



Assumption A(H): g € L?([—7,7]) and for any § > 0, there exists C' such that
g\ < CIAPHE-1=2 forall A € [—7,0) U (0, 7).
A very useful point for us is the following (already proved in [12], p. 531):

Lemma 1 Let H € (1/2,1) and let gg be given by (10). Then, 1/gm, 6%(1/95’) and 66—1;(1/5711) satisfy
Assumption A(H).

The limit in distribution of the sequence Jn (9)—F In (g) as N — oo depends on the asymptotic behavior of
the two terms T3 y(g) and T4 n(g) above. First, let us analyze the term in the second Wiener chaos, denoted by

@7 ~n(g), of the decomposition Jy(g) when the function g satisfies Assumption A(H). Its asymptotic behavior
is described by the following result.

Proposition 1 For every H € (3,1) and all function g satisfying Assumption A(H),

. 22H — 1
NYHT,0g) 2 8 ( )

N—oo m (/:Q(A)f(HJd)/zyc()\) d)\) R,

with R a standard Rosenblatt random variable (IE R* = 1).
Under the normalization of fgy]\[(g) the summand JAZLN(g) goes to zero:
Proposition 2 For cvery H € (%, 1) and all function g satisfying Assumption A(H),

L@

NliH j—\‘4,N(g) 0

N—o00

A non-central limit theorem satisfied by J, ~n(g) is thus the consequence of both the previous Propositions
1 and 2:

Proposition 3 For every H € (3,1) and all function g satisfying Assumption A(H),

N1-H (jN(g) - EjN(g)) N%O 8 % (/:T Q(A)f(HH)/z,c()\) d)\) R,

with R a standard Rosenblatt random variable (IE R* = 1).

The above Proposition 3 holds for any function g that satisfies Assumption A(H). The next result shows

that, when g = 55 (giH) (with g defined in (13)) under the normalization of fQ,N(g) the deterministic term

in the chaos expansion of Jy(g) converges to zero.

Proposition 4 With gy given by (10), we have

N'H g jN(aiH (giH)) — 0.

N —oc0

It is also possible to show the following almost sure limit theorem for the sequence T ~(g) when g satisfies
Assumption A(H).

Proposition 5 For cvery H € (%, 1) and dll function g satisfying Assumption A(H), we have

In(g) =5 o /F g(\) gr(X) dA.

N—oco —r

Now, we can state our main result.
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Figure 1: FFT estimation (Silverman’s method) of the density of the limit of I;TN for H = 0.65, N = 5000
from 1000 independent replications of Rosenblatt process paths.

Theorem 1 Let Hy be defined by (15). Then

Hy *% H and N9 (Hy-H) 2 ~H)R

N —oc0 N —oc0

where R is a standard Rosenblatt random variable (with IE R*> = 1) and v(H) is defined by:

~v(H) = 167 4;((21}1;[1))2 ( f(H;I)m 1 / Faa(n aH2 <T) d/\)_l 20)

—T

It is also possible to provide the strong convergence of Cn (defined in 16) to C:

Corollary 1 Under the assumptions of Theorem 1,

Cn 2% ¢ and N'YH(Cy-C) 2 Cp(H)R,

N —o00 N —o0

where R is a standard Rosenblatt random variable (with IE R?* = 1) and p(H) is defined in (42).

4 Monte-Carlo experiments

We generated 200 paths of Rosenblatt processes for several values of H (= 0.55, 0.65,---,0.95) and N
(= 1000, 5000 and 20000). These paths are obtained from the algorithm already used in [3] and deduced
from the asymptotic behavior of n=# Z["t (Y2 — 1) when n — oo where (Y;) is a sequence of centered and
normalized LRD processes with memory parameter d = H/2 (typically FARIMA(0, H/2,0) processes). Note
that the generator of Rosenblatt process paths as well as the computations of the estimators used in this
section are available on the website http://samm.univ-parisl.fr/-Jean-Marc-Bardet with a free access on
(in Matlab language).

We computed the Whittle estimator H ~ of H. An example of the estimation of the probability density function
of Hy provided by the Silverman’s nonparametric procedure is given in Figure 1. This estimated probability
density function appears could first appear as Gaussian density function but it is slightly asymmetric as the
Rosenblatt density function should be when H = 0.65 (see for instance Figure 1 in [29]).

The Whittle estimator H ~ of H applied to paths of Rosenblatt processes is also compared to both other
estimators:

e The extended local Whittle estimator Hapg defined in [1] from the seminal paper [23]. The trimming
parameter is chosen as m = N?-%5 (this is not an adaptive estimator) following the numerical recommen-
dations of [1].



[ N=1000 | H=055] H=065] H=0.75 ] H=0.85 | H=0.95 ]

mean Hy 0.570 0.653 0.736 0.815 0.917
std Hy 0.030 0.041 0.047 0.053 0.050
mean Hapg 0.570 0.634 0.708 0.795 0.906
std Hapc 0.072 0.084 0.094 0.105 0.102
mean Hyyq 0.499 0.542 0.619 0.685 0.766
std Hyvq 0.104 0.116 0.115 0.129 0.119

[ N=5000 | H=055] H=0.65] H=0.75 [ H=0.85 [ H=0.95 |

mean Hpy 0.582 0.655 0.743 0.837 0.929
std ﬁN 0.014 0.019 0.029 0.033 0.035
mean Hapg 0.575 0.627 0.723 0.824 0.919
std ﬁADG 0.041 0.052 0.062 0.067 0.072
mean Hyy, 0.550 0.610 0.698 0.800 0.891
std ﬁwa 0.055 0.062 0.072 0.079 0.075

[ N=20000 | H=055 ] H=065] H=0.75 [ H=0.85 | H=0.95 |

mean Hpy 0.571 0.656 0.746 0.847 0.937
std Hy 0.008 0.015 0.020 0.025 0.025
mean Hapag 0.563 0.637 0.734 0.838 0.931
std Hape 0.033 0.040 0.052 0.040 0.045
mean Hyy, 0.569 0.630 0.728 0.838 0.931
std Hyq 0.040 0.039 0.052 0.053 0.042

Table 1: : Comparison between the Whittle estimator Hy and other famous semiparametric estimators of H (extended
local Whittle estimator Hapg and wavelet estimator Hw,) applied to 100 paths of Rosenblatt processes with several
H and N values

e The wavelet estimator Hyy, as it was already defined in [3).

Note that both these estimators are semi-parametric estimators (while Hy is a parametric estimator) and
thus can be applied to other processes than Rosenblatt processes. However the asymptotic study of Hapg for
Rosenblatt was not already done. The results are detailed in Table 1.

Conclusions of the simulations: The results obtained with the Whittle estimator H N are very convinc-
ing and fit the limit theorem we established. Indeed the estimator Hy seems to be asymptotically unbiased
and its standard deviation is depending on H (the larger H the larger the standard deviation).

For giving a comparison, it could be interesting to compare these results with those obtained for fractional

Brownian motions (fBms) instead of Rosenblatt processes (the computation of the Whittle estimator is exactly

the same for both those processes). In additional simulations, we obtained the following results: the standard

deviation 3y of Hy applied to fBms almost not depends on H. Hence for almost all H €]0.5, 1] and N = 1000,
~ =~ 0.02, for N = 5000, 5y ~ 0.01 and for N = 20000, 55 ~ 0.005. As a consequence, from Table 1,

e when H = 0.55, the standard deviation of H ~ for Rosenblatt process is close to the one obtaineAd for
fBm. In terms of theoretical convergence rate this is not surprising since the convergence rate of Hy is
NO-45 i case of Rosenblatt process while it is N%° in case of fBm.

e when H = 0.95, the standard deviation of H ~ for Rosenblatt process is dramatically larger than the one
obtained for fBm. Once again, this is not surprising since the convergence rate of Hy is N°% in case of
Rosenblatt process while it is still N%° in case of fBm.

Also from Table 1, we can compare the convergence rates of H ~ and both the semiparametric estimators
H apc and HWa The standard deviation of H ~ is almost the half of those of H apc and HWa The results
are really convincing and show the good accuracy of the Whittle estimator for estimating H. However, to be
fair, we have to underline that Hy is a parametric estimator typically appropriated to Rosenblatt (or fBm)
increment processes while H Apc and ﬁwa are semiparametric estimators which can be applied to general
classes of long-memory processes.

Remark 2 As we improved the generator of Rosenblatt processes, the results obtained with ﬁwa are a little
better than those obtained in [3], especially when H is close to 1.



5 Proofs

The following technical lemma will be needed several times in the sequel.

Lemma 2 Let g satisfy Assumption A(H) with H € (1/2,1). Then, for any 6 >0 and k € Z,

/W g(\) e*AdX = O((1 + |k|)~2H+2).

—T

Proof: This have been stated and proved in [12], Lemma 5. |

Proof of Proposition 1: First, using the definition of the contraction ® (see (3)),

(ALj @1 ALjye)(y1,y2) = /deLj(th)ALme(ymw)
H—1 H_7 JHIkl+L q_1 q_q
/dx/ R LR L M T (RS TRk
J+lk|
J"‘W‘"l H_ H_
_ e (ma( / du / do(u—y1) 2 (0 —ya)E - o]
J+Ik|

where we changed the order of integration and we used the identity: for (a,b) € (—1,0)? and a + b < —1, for
(u,v) € R? with u # v,

UAv
[ ey = 51— a = biat 1) u o (21)
Then
N—|k|-1 j+1 j+ k| +1
-~ 4H(2H — 1) i ! ’ 21 z- H-1
Ty n(g) = c?— o/ d)\g e Iy / du/ dv(u—y1)7 (v—y2)7 |u v )
B(l1—H,L)n N |k|z<:N JZO ( 3tk ’ )

By Lemma 3, the sequence (Nl_Hfg,N(g))N has the same limit in L2(Q2) as the sequence (Nl_HféyN(g))N
where

N—|k|—1
. AH(2H — 1)
T, =0 —— d)\
fato) = 03I sy 375
<N =
GHL ik i+1 H_y By
><Ig / du/ dv|u—v|H_1/ du'(u —y1) 2 (W —y2)? )
J+Ik| J
But from the definition of a Rosenblatt process and the computation of fﬁl du fijlH dvlu — v|H~1,
J+lkl

- 8(2H —1)
T3 =C? ”“dA 4+ 17 4k — 17 — ok H Y Ry
) = O\ G > A L R L T

where (R:); is a standard Rosenblatt process with parameter H. But from Lemma 2, with 6 > 0 that can
be chosen arbitrary small, we have [ g(A\)e'* d\ = O((1 + |k[)=2#*?) and since (|k + 1|7+ + |k — 1|7+ —
2|/k|A+1) ~ $(H 4+ 1)H k¥ ~1 when k is large enough, we deduce that

3 / e NN (Jk -+ 1[4 [k — 1]~ 2k < o,
keZ -

Moreover, since a Rosenblatt process is a H-self-similar process, (N_HRN,W)“CKN 2 (Rl_m)|k|<N. This
N

is also a continuous process and therefore

~ [2(2H — 1)
Nl_HTQ/,N(g) D 402 (1+H 5 5 Z / zk)\d)\ (|k—|—1|H+1+|kz—1|H+1 —2|/€|H+1)R1_%
|k|<N -
| 2(2H —
1 H / Zk}‘(|k+1|H+l+|k*1|H+1*2|l€|H+1)R
N + keZ

10



20k[FH) = 2r(gi1)/2,1(k) (see (9)) and therefore from the definition of a

But (|k + 17 4 [k — 1]H+ —
spectral density,
1 HA D 2(2H —1) ( " )
—_ = A A)dA .
N5 n(9) el HO+ H)? 7Tg( Vfr+1)/2,0(A) Ry
|
Lemma 3 Define the sequence of functions (Gy)n by
- N—|k|—1
Gn(y1,92) == NﬁH (/\)CD\ Z O Z
|k|<N 7=0
k| +1 24 oy +l H_g Z_q
/ du [ o= um e - [ @ - ],
J+Ik| J
Then,
L2 (R?
Gn(y1,92) 5.
N—o0
Proof: 1. On the one hand, define the sequence of functions (Gn,1)n by
N—|k|-1
Gy, y2) = N1 A)dA Z e Ak Z
- |k|<N j=0
Jj+1 J+Ik|+1 H_ H_ H_
/ du/ dvlu — o[ Hu — 1) 2 1{(U—y2)j ! —(u—y2)? 1}
J J+lkl
Then we have
IGxaln ) ey =N [ 3 Y / M [ gOa)e
|k1|<N |k2|<N T
Jitlkal+1 H_ H_ H_3
dvrfur = 0| = 90) T (01 )T (- )7 )

N—|ki|=1N—|ka|=1 9 /
J

X Z Z /1 duy ]
. (u2 — yz)%%])-

71=0 ja=0
J2+1 J2t|ka|+1 o1 H_4
X (/ duz/ dvalug — vo| " ug — 1) [(v2 —y2) P

J J2+|k2|

Then, using (21), there exist Dy > 0 and Dy > 0 such as

HGN1||L2(]R2 = D, N Z Z/ (A)e ZAlkld}\l/ g(A2)e" M d\
H-1

|k1]|<N |kz|<N
N—lki|=1N—lk2|-1 ;i 11 G141k |41 Ja+1 ot |ka|+1
X Z Z / du; dvy / dug dvg lug — ’Ul|H_1|u2 — 1)2|H_1|u1 — Us
J1=0 j2=0 J1 Jitlkal Jo+|k2|
X [|U1 - U2|H71 — Jug — v T = Jug — vy |7 4 |y — v2|H*1]
< ]\?22}1 Z [(1+|k |)(1+|k/’ 2H 5 Z /duldvldugdvg (|U1*’Ul |k1|||u271)27|k2|||u17u2+]17]2|)H71
Ik k2l <N ! 2 J1.ja=1
ur — v+ j1 = jo — [k2||" 7 fug — w1 + 2 — j1 — [Ea|[TH Jor — w2+ 1 — o+ [Ka| — [ko||T 1‘
(22)

X‘|U1 —up + 51 — jo| T

—N2H1 Z Z Z (k1 k2, 5)

|k1|<N |k2|<N |j|<N

11



with

1 H-1
I(k1, ko, ) = durdvidusdvs (|ug — v1 — |k1|| |lue — vo — |kal| lur — us + J
(k) = T es Jggterostbs ==kl = o = 1)
X |lur = ug + 41771 = Jur =g + G =[R2 [T = Juz — o1 — G = [k [T A o1 — w2 +j+|/<?1|—|k?2||H_1‘

(23)

and where both the last inequalities are obtained from changes of variables, Lemma 2 (with § > 0 which can be
chosen arbitrary small) and symmetry properties. For |z| > 2 and (u,v) € [0,1]?, |z4+u—v|H~1 < 21=H |g|H -1
and for |z| < 2 and (u,v) € [0,1]%, u # v, |z +u—v|/7~1 < |u—v|[#~1. Moreover from a usual Taylor expansion
of the function z + |1 + 2|7~ there exists C' > 0 such as

" = T D)) SOy when 20yl <

Therefore, there exists C' > 0 such as

lur —ug + 4|77 = Juy — vg + j — |kef| T

—Juz = vr = = a7 oy = v+ | = [k
<C A+ k| + [ka]) 151772
< C [(1 + |k1|)2H71+5 + (1 + |k2|)2H71+5} |j|7H76
when [j| > 2max(|k1], |k2]). Then for |j| > 2max(|k1], |k2|) and for |ki| and |k2| large enough,

C
(U4 R [) (1 [Ro[)]H+H=0

1
sl

(kl,kz, ) [(1+|k1|)2H71+6+(1+|k2|)2H71+6]

Therefore,

N2H 1 Z Z Z I(k1, k2, j) fevils (24)

—00
[k1[ <N [k2| <N [j|>2max(|ki],|k2])

Now, for 2 < |j] < 2max(|k1], |k2|) and for |k1| and |k2| large enough,

© T
[+ ) (L + R0

X (|J'|H71 +ur —vp 45 — kol [T 4 Jug — vy — 5 — k|| + o — v 5+ k| — |’<?2||H71)-

I(k1, k2, j) <

But for 8 € R*, since 1/2 < H < 1, there exists C' > 0 such as for || < M,
M

1 _
G+ gy < oM

j=2
Thus, for 2 < |j] < 2max(|k1], |ke2|) and for |k;1| and |ko| large enough,

C

2H-1
ki,ko,j max(|k1|, |k .
k) < (o s (el )
Therefore,
NQH 1 Z Z Z I(k1;k27.j) N:>>o 0. (25)
[k | <N [k2| <N 2< |51 <2 max(|k1],lk2])
We can easily add to this asymptotic behavior the cases j =0, j = 1 or 5 = —1 thanks to the convergence of

the integral defined in [0, 1]*. Finally, we obtain:

HGN,l(yhyz)H%Z(W) Nooe 0. (26)

12



2. On the other hand, define the sequence of functions (Gy 2)n by

. N—|k|-1
Gn2(y1,92) == NﬁH/ g(A)dA Z e Z
- |k|<N J=0
J+\k\+1 J+1 "oy H_q oy g
/ B R T O e A e A |
+

Then following the same kind of computations and expansions than for |Gy 1(y1, yg)||%2 (R2)s We have

N—|ki|—1 N—|kz|—1

HGN2(y1ay2 HLZ(RZ) _N—2H Z Z Z Z / )\1 1/\1k1d)\1/ g()\g)e_i/\ZkZd)\Q

|[k1|<N |k2|<N  j1=0 j2=0 -

Ji+1 Ji+lki|+1 pji+1 jo+1 Jo+lka|+1 pjo+1
/ dul/ dvl/ dul/ duQ/ dvg/ duly |uy — v1 |7 ug — v 1
J1 J1+|k1] J2 Ja+|k2| J2

x (Juux = o 2172 4+ fup, = 212 = Juy — [P 2 — fuf — w2

c 1
<— duydvy du’ dusdvadu — k — k
R T [<1+|k1|><1+|k2|>]2H—6/[o,iﬁé vadiduadaduy (us = o1 [l uz = v2 + )

X D7l =z PR g = PR fun g — P | ) — 22|
\j\<N

1 2
_N2H 1 Z Z Z 1+|k1 (1+|k? |)]H+1 6(1+|J|)H 3

[F1|<N k2| <N |j|<N

As a consequence, since all the previous sums are finite, we deduce that
IGN2Y1, y2) 17282y o O (27)

Then (26) and (27) imply Lemma 3 holds. |

Proof of Proposition 2: In a first step we use the isometry of multiple integrals (1) and the fact that
the L? norm of the symmetrized function is less than the L? norm of the function itself. In a second step we
change the order of integration and we use (21). Then, for the last bound below, we use the same lines as in
the proof of Lemma 3. We have

E (N'VHT o N gy dydysd dA1drag(A)g(A2) —tk1A1 g—ika Xz
4,N(9) = Y1ay2ay3ay4 1 29 1 2 Z Z
Rt [=m,m]? lk1|<N |ko|<N
N—|k1|—1 N—|kg|—1

Jjit+1 Jitlki|+1 H_4 H_4 H_q gy
> Y [ af dofw—y)F - ) f T 0 - w)E T 0 - )

j1=0 j2=0 J1 Jit|ka]
Jj2+1 , Jo+|k2|+1 2oy, H_q H_q, H_q
></ du/ ' —y)i (W —y2)i (v—wya)l (W —ya)l
J2 J2+lk2|
s
_ ﬂ (1 N 2H Z Z / fzkl)qg(/\l)d)\l)(/ eilszzg(AQ)dAQ)
[k1|<N k2| <N 777 o
N— \kll IN— \kzl Lorii4l pjutlkal+1 pia+1 piatlkel|+1
X / / / / du dv du’ dv' |u — u' |2y — /|22
ji= 0 Gom= J1+V€1 J2+|k2|
s s X sy s+ il ).
a<n ke<n (1 |k1|)(1 +k2l)) g1<N

As in the proof of Lemma 3, we decompose the previous right left hand term in two parts: firstly, when
7] > 2max(|k1],|k2]), we have rg1(j) < c(1+|])2772 and rg1(j + k1] — |k2|) < c (1 +]5])*# 2. Then, with

13
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c>0,

1
N1-2H E: 2 : E ‘THl(j)THl(j+|k1|_|k2|)‘
2H—§ ’ ’

2 [kaen (14 TR ) (1 + [K2])) 2 masx(| i |, k2 ) <|j| <N

1
1-2H 4H-3
<cN 2H—5
2 helen (14 [FL)) (1 + [R2]))
< ¢ N2 (28)

since 2H — § > 0 because H > 1/2 and § > 0 can be chosen arbitrary small.
Secondly, when [j| < max(|ki |, |kz|), using |rg,1(j + k1| — |k2])| < 1, we obtain

DY 1 Y W) Gt Il — kD)

2H—6
o kel (1 [ [) (1 +[k2])) i <2 max([k1 |, k2])
1

< [hal=nv (1 [F) (1 + [E2
S CN172H+5. (29)

< ¢N'2H max(|ki |, [ko])?7 "

2H—3
)
As a consequence, from (28) and (29),
~ 2
E (N'""Tin(g) — 0,

N —oc0

and the conclusion of Proposition 2 follows. |

Proof of Proposition 4: The proof follows the lines of end of the proof of Theorem 2 in [12], p. 528-
529. Notice that

N -k »
[k|l<N Y7 gH
Denote - 9 )
—_ ik _Y d\
o /ﬂe 8H(gH()\))
Then
B (L)) = eSS el K
OH ‘gy (2m)2N ot
From (3.3) in [12], we know that
> ro(k)er =0 (30)
kez
Therefore,
~ 70 ,1 k
1-H o L _ 1-H _Fr
N ]EJN(aH(gH)) NN (1= ) rac (k) e
k| <N
= N7 > rpck)er— N7 " krgo(k)ex. (31)
[k|<N |k|<N

From Lemma 2 and since ry o (k) = O(|k|*=2), |k| — oo, we have for all § > 0
TH7c(k’) e = O(|k’|_2+6). (32)

Then, from a usual comparison with a Riemann integral, >°,, - krm,c(k) ex = O(N?). Moreover, from (30),
open rac(k) ee = =35 n ra,0(k) e and also from a usual comparison with a Riemann integral and (32),
we know that >, - n ru,c(k) ex = O(N~'*%). As a consequence, from (31),

N Ty (8(2( ~)) = o).
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As § can be chosen arbitrary small, we deduce that Proposition 4 holds. |

Proof of Proposition 5: Note that the Fourier coefficients of Iy are given by

/ eikmfN(:L')dZ' :?N(k)l(\kKN)-

—T

The proofs of Proposition 1 and 2 imply that

N — TH C(k) (33)
N—o00
The above convergence holds almost surely by an argument in [9] (Theorem 7.1, p. 493). |

Proof of Theorem 1: For establishing the strong convergence, define for h € (1/2,1),
~ 1 ~
Vn(h) = o In(1/gn). (34)

From Proposition 5, Vi (h) Nﬂ V(h) =0 [T gu(N)/gn(N\)dA. As H = Argming, e 1)V (h) and Hy =
— 00
Argming ¢ /o 1)‘7N(h), from usual arguments (see for instance [12]), then Hy NB) H.
) — 00

For proving the non-central theorem, apply Proposition 3 to g = 77 (giH) and from Proposition 4, we obtain:

d = p 1 [8@H—-1) /[ &/ 1
1-H . - (-
N ahVN( ) ok om H(l1—H)? (/_,r OH (gH()\)) 9er+1)/2(A) d’\) B,

with R a standard Rosenblatt random variable. Now use the following result established in Lemma 2 in [12].
Suppose that (by)n is a sequence of real numbers such that by N—> + 0o0. Assume that
— 00

0 = D
bN%VN( ) L Y (35)

where Y is a random variable. Then

by(Hy — H) 25 727r(/ﬂ fH,C(A)aa—I; <L> dA)_lY.

N—o00 o gH()\)
Using by = N'=1, v =8 /2810 ( I g farsn eV dA) Ry, Proposition 3 applied to 527 (-) and
Proposition 4, then (35) holds. This implies T heorem 1. |

Proof of Corollary 1: Using Vy (h) defined in (34), it is sufficient to write

1/2
C = (u(Hy) Vi (Hx)) ",
with an
h) =27 ————~
Hh) = 2 T s
and the strong consistencies established in Proposition 5 and Theorem 1 allow to show the almost sure con-
vergence of Cy.

for h € (1/2,1), (36)

For establishing the non-central limit theorem, the Taylor’s formula implies that
~ 1 ~ o 0% o
Vi (H) = Vn (Hx) + 5 (H = By (55 Vv (Hy) ).
with probability 1, and with |[Hy — H| < |Hy — H|. From previous Theorem 1, it follows

N'"H(Vy(H) - 0®) = N'"H(Vy(Hy) — 0%) + O,(NF). (37)
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Moreover, from Proposition 3,

~ ~ 4
N (Vn (i) — B V() 2~ C?B(H) R, (38)
—00
with S(H) = é(ali;ll))Q (flr 97 N fasn /21N d/\). Since IE (Vi (H)) = 0 + o(N~1/?) (see for instance
[12]), from (37) and (38), we deduce:
~ o~ 4
N'"H(Vn(Hy) - 0%) 2> ZB(H)R. (39)
N—oo T
From Theorem 1 and using the Delta-Method,
_ = D
NI () — p(H)) s ()4 (H) R (40)
Thus, using (39) and (40), we obtain:
1—H(, (77 N\ (T 2 D 2 / 9 1 4
NI ) Vi () = (D)%) By €2 ( (D) 9 (H) s+ ST (D) R (41)
As a consequence, using again the Delta-Method, we have:
~ C 4
N'-H(Cy — By ((W/(H)*v(H) + = B(H) 1*(H 42
(Cx =0 2o gy (WD ) + 2 () (1) ) B (42)
achieving the proof of Corollary 1.
|
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