FRACTIONAL POISSON FIELD ON A FINITE SET
H. BIERME', Y. DEMICHEL? AND A. ESTRADE!

ABSTRACT. The fractional Poisson field (fPf) can be interpreted in term of the number
of balls falling down on each point of RP, when the centers and the radii of the balls are
thrown at random following a Poisson point process in R” x R* with an appropriate intensity
measure. It provides a simple description for a non Gaussian random field that has the same
covariance function as the fractional Brownian field. In the present paper, we concentrate on
the restrictions of the fPf to finite sets of points in RP. Actually, since it takes discrete values,
it seems natural to adapt this field to a discrete context. We are particularly interested in
its finite-dimensional distributions, in its representation on a finite grid, and in its discrete
variations which yield an estimator for its Hurst index.

INTRODUCTION

In the last decades a lot of papers have been dedicated to the sum of an infinite number of
Poisson sources. The seminal ideas of Mandelbrot of adding Poisson sources in order to get a
fractional limit are described for instance in [5]. More recently this subject became popular
for the modeling of Internet traffic and telecommunication (see [6, 15]) providing processes
with heavy tails or long range dependence. In higher dimension, throwing Euclidean balls at
random following a specific Poisson repartition for the centers and the radii, and counting
how many balls fall down on each point, provides a random field defined on R?. In [13], with
an appropriate scaling, a generalized random field is obtained as an asymptotics. It has a
Poisson structure and exhibits a kind of self-similarity index H greater than 1/2. The case H
less than 1/2 is studied in [2] and a pointwise representation (Fp(y)),cgp of the generalized
field is given. It is proved that Fy may be written as an integral with respect to a Poisson
random measure and F is called as fractional Poisson field (fPf). Actually the fPf is of own
interest since it provides a microscopic description of macroscopic properties like stationary
increments or self-similarity and since it has the same covariance function as the fractional
Brownian field but is not Gaussian. Consequently, one can get the fractional Brownian field
with a central limit theorem procedure starting from copies of the fPf. For such an approach
see [10]. Moreover let us mention the opportunity of obtaining many other models following
the same scheme. For instance one can build anisotropic fields by replacing the Euclidean
balls by more general convex sets, stable fields by adding weights to balls [3] and natural
images can be simulated [4].

The present paper focuses on the restrictions of the fPf to finite sets of points in RP. It
is organized as follows. In the first section, we concentrate on the finite-dimensional distri-
butions of the fPf. Meanwhile, we exhibit a representation of Fg similar to the Chentsov one
(see [19], Chapter 8). In particular, we establish that all the finite dimensional distributions
are determined by the (D + 1)-dimensional marginal distributions. In Section 2, we give a
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representation of the fPf on a finite grid I' ¢ R”. More precisely, using explicit random vari-
ables, we describe a random vector (G(y))yer that has the same distribution as (Fg(y))yer
. Such a representation could be used for simulation purposes. In the last section, namely
Section 3, we investigate the increments of a fPf. We first give an estimate of the expectation
of the g-structure functions of Fy for a step ¢ and establish that it behaves as 627 with a
constant power, pointing out a high irregularity of Fz. We then turn to the discrete quadratic
variations of the fPf. A ratio of two different quadratic variations yields an a.s. estimator
for the Hurst index H. Note that a similar result holds for the fractional Brownian field, but
that our proof needs new arguments since we don’t deal anymore with a Gaussian framework.

To end this section let us give the notations used in the sequel and the precise definition
of the fPf as introduced in [2].

We consider RP endowed with the Euclidean norm ||-||. We write B(z,r) for the closed
ball of center z and radius r > 0 with respect to the Euclidean norm. Without any risk of
confusion, the notation | - | will either denote the absolute value of any real number, or the
D-dimensional Lebesgue measure of any measurable subset of RP. In what follows, we will
write Vp for |B(0,1)|, the volume of the unit Euclidean ball in R”, and SP~! for the unit
sphere in RP.

Let H € (0,1/2). We consider ®p a Poisson point process in RP x Rt with intensity

vi(dz, dr) = r~ P72 qg dr, (1)

and associate with ® a Poisson random measure Ny on RP x R with the same intensity
measure V.
For any y in R, we consider the stochastic integral

Fu) = [ (Vo (s) = Lo (0) Nir(d, ) @

and finally we introduce the fractional Poisson field with Hurst index H as the random field
Fy = (Fy(y))yerp , which is clearly centered with stationary increments.

Heuristically, F(y) may be seen as the difference between the number of balls B(z,r)
with (x,r) € ®g covering the point y, and the number of balls covering the origin. This
point of view is not fair since the number of balls covering one particular point is infinite.
Nevertheless, the stochastic integral (2) is well defined since g, ,)(y) — Iy, (0) belongs to
L'(RP x R, vy (dz,dr)). Actually, for any y € R”, one can find a constant C(y) € (0, +00)
such that for any r € R,

/RD B0 () — Lp(a,m (0)| dz = [B(y, ) AB(0,7)| < C(y) min (7, rP) (3)

where AAB stands for the symmetric difference between A and B, two subsets of R”.
Furthermore, for any y € RP, g () (y) =1, (0) also belongs to L*(RP xR, vy (da, dr))
and using the rotation invariance of the Lebesgue measure, we obtain

/RD - (]IB(:c,r)(y) - ]IB(x,r)(O))Z VH(dxadr) =CH HyH2H (4)
X

with
cH = / |B(e1, ) AB(0,r)| r~P=1H2H gy
R+
and e; being any point in SP~1. One can check that cy is explicitly computed in dimension

D=1ascy= HQ(%ZHH) In higher dimension, explicit formulas for |B(e;,r)AB(0,r)| can be
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found for instance in [20].

Equation (4) shows that, up to a multiplicative constant, Fy has the same covariance function
as By, the fractional Brownian field (fBf) of Hurst index H, namely

Cov(Fi(y), Fu(y/)) = en Cov(Bra(y), Ba(w')) = geu (> + |1y ~ 1y~ o/|™)- (5)

Using a Gaussian measure with control measure vy instead of the Poisson measure Ny in
(2), would provide a Gaussian field with covariance (5) that would actually, up to a constant,
be the fBf of index H. Contrarily to this last one, the fPf is neither Gaussian nor self-similar.
However it is still with stationary increments, it is second-order self-similar and it exhibits
what is called an aggregate similarity property in [14].

Since the value of H is fixed all over the paper, we will not mention the dependence on
H anymore and from now on we will drop all the H indices writing ®, N, v, F' instead of
Qu, Ni,vi, Fu.

1. CHENTSOV REPRESENTATION
We notice that for z,y € RP and r € Rt we have
I, (Y) = I, (0) = Teynco)e (@, 1) — Teyney)e (T, 7)
when defining C(y), the cone over y, by
C(y) = {(z,7) e RP x R"; y € B(z,7)}. (6)

A similar computation as the one in (4) gives

c C
vCwNCO) = [ Tngopions()vids.dr) = B [yl
RD xR+

Then, we can write

F(y) = N(C(y) N C(0)°) = N(C(0) N C(y)%) (7)
and observe that F'(y) follows a Skellam distribution: it is equal to the difference of two i.i.d.
Poisson random variables with parameter <2 lly||2.

This formulation invites us to link the fPf to another related fields G which can be written
as
G(y) = M(C(y) NC(0)°) — M(C(0) NC(y)°) (8)

where M is any random measure on R” such that (8) makes sense and C(y) is the cone over
y as in (6).

First, when M is replaced by a symmetric a-stable random measure, the resulting field is
a so-called “H — sssis (H self-similar with stationary increments in the strong sense) Sa.S
Chentsov field” as introduced in [19], with the resulting consequence that H < 1/a. Going
further, M still being replaced by a symmetric a-stable random measure, and replacing the
difference in (8) by the sum, then the resulting field would be a Takenaka random field [21].

Actually, for the Takenaka random fields, as well as for the fields defined by (8), the
following proposition holds.

Proposition 1.1. Let G be defined by (8). Let y1,92,...,Ym be m points in RP \ {0} with
m > D. Then the distribution of (G(y1),...,G(ym)) is determined by the (D+1)-dimensional
marginal distributions of G.



4 H. BIERME, Y. DEMICHEL & A. ESTRADE

A similar result was originally established by Sato in [18] for Takenaka fields. As a conse-
quence of Proposition 1.1, if a field GG associated with an unknown Poisson measure M has
the same (D + 1)-dimensional marginal distributions as the fPf F', then realizations of G may
be obtained by choosing M as the particular Poisson measure with intensity (1).

We do not detail the proof of Proposition 1.1 since similar ideas as [18] can be used in our
case. We only describe the ingredients which are needed.

For any positive integer m, we define
Em ={0,1}" ={e:[1,m] — {0,1}} .
Let y1, 42, ..., ym be fixed in RP\ {0}. Then, writing T = (y1,¥2, . . .,%m) we denote for any
e € &nm,
C(T.e)= (] Cluw™
1<km
where C(y) still stands for the cone over y and the following convention is used
C(y)! =C(y) and C(y)° =C(y)° .

The next statements are obvious. For e e’ € &, if e # €' then C(T,e) N C(T,¢e') = ), and
forany k=1,...,m,

Cw)= |J OTe) and Cw)°= |J C(T.e). (9)

e€Em;e(k)=1 e€Em; e(k)=0

We also denote T = (0,41, Y2, - - -, ym) and &y, = {e : [0,m] — {0,1}}, so that using (9), for
any k=1,...,m,

C0)*NCyx) = U C(T,e),
e€Em; e(0)=0,e(k)=1
CO)NCyr)® = U C(T,e) .

e€€m; e(0)=1,e(k)=0

Hence, using (7), we obtain a representation of the random vector (F(y1),...,F(ym)) as
stated in the next proposition.

Proposition 1.2. Let y1,y2,...,ym € RP\ {0} and &,, = {e : [0,m] — {0,1}}. There
exists a family of independent Poisson random variables {X (e); e € &} such that

(F ) gy (X (e0) - )X (@) (10)

e€ém Lshsm

Moreover, for any e € &y, X(e) = N(C(Te)).

2. DISCRETE REPRESENTATION

Let us fix 0 < § < R and consider the finite set of RP with .J Rr,s € N points
Trs = B(0,R) N6Z” = {y;; 1 < j < Jrs}. (11)

We discuss here the possibility to represent the discrete field (F(y))yery, by a simpler and
‘more natural’ field which could be more relevant for the structure of F. The idea is to
count the number of balls B(x,r) falling down on the points of I'p 5. For any fixed y € RP,
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we take into account in the integral (2) both the covering of y and 0 because the function
(z,7) = Ip(y,)(y) is not integrable with respect to the intensity measure v given by (1).
Intuitively the fact that this latter integral is not finite comes from the high number of very
large balls. It is possible to classify the balls according to their influence on the finite set
I'rs. Notice that 0 € I'g 5. One checks that, for all y € I'p s,

- if r + R < [|z[| then B(z,r) does not intersect B(0, R) so Ip(,,(y) =

- if [|z]| + R < r then B(x,r) covers B(0, R) so I ) (y) = Ip,)(0) =

- if (J]z]] = R)+ < r < ||z|| + R then B(x,r) does not cover B(0, R) but is With a non

empty intersection with B(0, R) so Ip(,,)(y) — Ip@,(0) € {—1,0,1}.

Each type of balls corresponds to a Poisson Point process (PPP) with a suitable intensity
and by superposition, the original PPP & corresponds to their independent union. Only the
balls that have a non-trivial intersection with B(0, R) are interesting. They are related to a
PPP in RP x RT of intensity measure

B(:p r) (0) =0,

I/o(dl‘, dT) = ]I[(||a:H—R)+,||z||+R) (T)T_D_1+2H dz dr.

In order to deal with the balls with small radii (smaller than ¢/2) we use independence and
superposition property by splitting the intensity vy as v(!) + () with

v (d, dr) = T(a|=R).. o +R)nfs/2.400) ()T 77 T2 dadr

v (dz, dr) = Tz Ry, e+ R)n0s/2) (T)r P2 da dr.

Balls with large radii. Let us consider a global PPP &) of intensity »(!). The number of
associated balls is a.s. finite and Poisson distributed with parameter
+0o0o
A = / u(l)(dac,dr) = Cy(r)yr—P-1+2H gy
RD xR+ §/2
with

1) = [ Momerem(lalds = Vo (¢4 B)” = (= B)Y).

Note that, since R is fixed, as 7 tends to infinity, Cy (r)r~P~1+2H behaves like r—2+2H | Hence,
since H < 1/2, the last integral converges and \; < oo. Therefore we can decompose the
intensity v(!) (dz, dr) as

Ci(r) _p 1
A —r t2H r)dr — T, z|)dx | . 12
AL ( " 20 ) (s M) (12)
number of balls
to consider distribution of the large radii distribution of the centers

conditionally to the radii

Thus we define a random field 7™ by

A
T — Z ]IB(XT(LI),R%D) (13)
n=1

where
- Ay is a Poisson random variable with parameter \;
- Rg) is a positive random variable with probability density function

p1(r) = AT CL(r) r P M ) (1)
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- XT(LI) is distributed in R” according to the probability distribution with conditional

density with respect to Rg) given by

(R =r}, \ _
" (z) = G T —ry, rrr) ()

Balls with small radii. Now we focus on the intensity measure y(2)(dx,d7"). Let (x,r) €

Js,r
RP x R*. Either (z,7) € ﬂ C(y;)¢ and the ball B(x,r) have no contribution on the set I' 5,
j=1
Js,r
either (z,r) € U C(y;). Since ||y; — ys|| = d for all pairs (y;,y;) of different points in I'p 5,
j=1

the Jg s sets (RP x [0,6/2)) NC(y;) are disjoint sets. Therefore the PPP of intensity v is

(2)

the superposition of Jg s independent PPP & j2 of intensity

2 _D—
v (der, dr) = b (o] - ]+ RIN06/2)C ) (227272 dadr

for which the associated balls B(x,r) satisfy Ip(, ) (y;) = 1 if and only if i = j.
Thus each PPP provides a random field Tj@) such that

@) e
T-(Q)(yi) _ Aj ifi=j
J 0 otherwise,

(2)

where Agz) is the number of balls resulting from ®:. This number is a.s. finite and Poisson

distributed according to the parameter )\5-2) = y§2) (RP x R*). Since ||z — y;]| = ||zl — |y ]| =
|lz|| — R and ||z|| + R > R > 0/2, we obtain

2) _ —D—1+2H _ W 2H
)\j = /RDXR+ ]I[||xfy]~||,6/2)(74)7, dx dr = ﬁ(6/2) .

JR,s

To conclude we define a random field 7 over Crs by T® = Z Tj(2) (note that the Tj@)
j=1

are independent). Finally, superposing all the previous independent PPP and their related
fields, we obtain the following proposition.

Proposition 2.1. Let I'gs be the finite set defined by (11). Then (F(y))yery, has the same
distribution as (G(y) — G(0))yery,; with G = T + 73,

This description shows that the restriction to I'g 5 of the field F' is essentially made up with

- a field T™W which is a simple ’balls counting field”: random balls are built picking-up
the radii first, the centers next, then 7} (y;) counts the number of these balls above
each y;,

- a field T® whose values at each point y; form a collection of i.i.d. Poisson random

variables with parameter ;/T?I((S /2)2H
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3. INCREMENTS OF A FPF

3.1. Structure functions.
Let f: R — R be an integrable function. If ¢ > 0, we define the g-structure function of f by

1
V520 sq(a):/O F(E+8) — F()|" dt. (14)

When f is regular enough one may expect that lims_o Sy(6) = 0 for all ¢ > 0. More
precisely if f satisfies |f(t + ) — f(§)] ~o 0% with « € (0,1] and for all ¢ € R (where
u(9) ~p v(Jd) means that u(d)/v(J) is bounded from above and from below for small §) then
clearly S, (9) ~g 049.

When f is not as regular these functionals are a classical tool to study its fractal behavior
[12, 22]. In view of the regular case, one is usually interested in an asymptotic power-law

behavior through a relation of the type S,(6) ~o §"(@ for a certain constant H (q) > 0.

The study of random processes forces to deal with sample paths and the relation above
has to hold almost surely. For example for the fractional Brownian paths By one obtains
S,(8) ~o 6*H% and H(q) = 2Hq with probability one. Except for a few random functions
such computations are difficult to state. Instead of working path-to-path one may prefer to
work statistically (see [7, 16]) looking for relations of the type

E(S,(6)) ~ 65, (15)

Then, assuming that f is a random function satisfying sup E|f(¢)|? < oo for some s > 0,
te [—s,149]
one can consider, by Fubini theorem,
1

B(S,(8)) = / E|f(t+6) — f(t)|" dt. (16)

Finally, let us explain how to work with a multivariate function f : R” — R. Among all the
possible extensions we choose to look at the function along straight lines: for fixed tq € R”
and direction § € SP~1 we define

teR— Ltoﬁf(t) = f(t() + t9) .

Then one may consider (16) for the univariate functions Ly, g f.

Now we can state the main result of this section: for the fPf I, all the functions L, ¢ F' satisfy
the relation (15) for all ¢ > 2 and H(q) is explicit.

Theorem 3.1. For all g > 2, there exists Cy, C</1’ dq > 0 such that, for all ty € RP and all
6 € SP~1 one has

1
Viel0,6,)  C %M < E(/ |F(to + (t 4 6)0) — F(to + t9)|th>< Cl o (17)
0

Proof. The proof is divided into two parts: (i) the result is proved for all even integers, (ii)
we extend it to all integers g using Holder interpolation.
Let to € RP and 6 € SP~1. For all t € R we simply write f(t) = F(to + t6).
Let us write, for all (y,z,r) € RP x RP x R,
Yy, z,7) = I (y) — Lp,m)(0).
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First we observe that for all t € R and ¢ > 0:

FE+0) — f(t) = /RD (Wl + (44 9.1 = 00 +10..7)) N(do,dr)
= / (00, x —tg —t6,r)N(dx,dr). (18)
RDP xR+

(i) Let p > 1. Observe now that ¥(y,-,-) € L? (RD x Rt v(dw, dr)) and

0 .f . dd’
/ (00, x —tg —t0,r)P v(de,dr) = ifpiso
e cgd?fif pis even.

Then, according to [1] (with the convention that 0° = 1) and using (18), we have

E ((f(t+9) - f1)”)

2p

Tk
= Z Kgp(T‘l,...,sz) H </ 1/}((59,$—t0 —t@jrr)k y(dx,d?“))
( = RD xR+
T1,..,72p)E1(2p) k=1
p T2k
= Z Kgp(O,T2,07...,T2p) H (/ 1/1(59,90 — 1o —tQ,T)Qk l/(d:E,d?"))
(0,72,0,...,72p)E1(2p) k=1 \/RPxR*

P

= Z I~(p(r1, ey Tp) (cH(FQH)kZ::lTk ,

(T1,...,7‘p)€[(p)
n —1
where, forn > 1, I(n) = {(rl,...,rn) e N > kr, = n}, Ky (ri,...,mn) =n! <Hrk (k)" )
k=1

-1
and Ky (ri,...,m) = (2n)! < I1 rk!((Zk‘)!)”@) . Integrating with respect to t € [0, 1] we get

p

7% 2Tk
E (S2p(6)) = Z Kp(ri,...,rp) (CH52H)k:1 .
(r1,-mp) €1 (p)
P
Note that e, = (0,...,0,1) € I(p) and for any (r1,...,7p) € I(p) \ {ep} we have > ry > 2
k=1

such that
E (S2,(0)) = cgd* + 64 u(s),
where § — u(d) is bounded near 0. This gives the result for all even q.

(ii) We will prove that for all ¢ > 2, there exists Cy, Cy,d, > 0 such that
Vte[0,1] V6e[0,6,] Cu8* <E|f(t+6)— f(t)|? < Cpo*. (19)
Let t € [0,1] and § > 0

1 1-—
(a) Let 1< g <r< q<+ooanda€[01]suchthatf 2y /a‘
q q
Then, using Holder inequality :

(1—a)r

E|f(t+0) = (O < (BIf(t+06) — f(OI) T BIf(t+06) - FB)IT) 7 . (20)
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(b) Proof of the rhs of (19). Let r € [2,400) and p € N~ {0}. Apply (20) with ¢ = 2p and
q = 2p+ 2 yields
(1—a)r

E|f(t+8) — fOI" < (EIf(t+8) — fOF) 2 (B|f(t+8) — f(1)[*F2) 252,

Therefore, using (i):

(1—a)r

E|f(t+08) — f()]" < (ChyChppa)d e T o) — 1 52H

assuming 0 < 6 < min(dzp, d2p12)-

(c) Proof of the lhs of (19). Let r € [1,400) and p € N~ {0} such that 1 <r < 2p < 2p+ 2.
Apply (20) with ¢ = r, r = 2p and ¢ = 2p + 2 yields

(1—a)2p

E[f(t+06) = F(O < (E|f(t+0) = FOIN) T BIf(E+0) — fB)PF?) 25"

Therefore, using (i):

EIf(t+8) — F(&)]")

_(A-0)2p

> E[f(t+0) = f(OFF (EIf(t+06) — f()]FF2)" 22

> (Cop 6°M1) (Cyyyyp 621~ 2072

@

2pa

_(A-a)2p
> C,’,’(62H)1 wrz = OV(§2H)
assuming 0 < 0 < min(dgp, d2p+2). Hence

E|f(t+06) — f(t)]" = (C/yws 821 = ¢, 621,

Finally for 0 < 6 < &, = min(dap, d2p+2) we have C.0%27 < E|f(t+0) — f(t)|? < CL6*H as
required. U

Let us observe that, contrarily to By, the exponent-function ¢ — H(q) is not linear on
[2,4+00). The function is constant (H(q) = 2H) over this interval. We may think about this
as a high irregularity statistical indicator for F'.

3.2. Quadratic variations.
As suggested by (17), the study of increments leads naturally to estimate the Hurst index.
In practice, when only discrete observations are available, one can use either wavelets as in
[8], or g-variations. In the Gaussian framework, asymptotic properties of the estimators are
obtained from the quadratic case ¢ = 2 using Hermite expansions of the function |- |7 [11, 9].
For any ty € RP and # € SP~! we consider here the discrete 2-structure function of the line
process Ly, oF instead of (14), replacing the integral by a finite sum and choosing § = 27"u
with v a positive integer. It leads to the quadratic variations of Ly, ¢ F" with step u € N\ {0}:

2n—1
ST (F(to+ (27" (k +u)0) — Flto + (27"k)0)). (21)
k=0

1

Vo (u) = on

In order to compute the asymptotic properties of V,,(u) we introduce the stationary sequence

Xn(k) = F(to+(27"(k+u))0)—F(to+(27"k)0) = / (27" ul, x—to—2""k6,r) N(dx,dr)
RD xR+
according to (18). Note that Vj,(u) is then the empirical mean of (X2(k))ogk<on—1 so that
BVA(w) =BOCM) = [ wlaervdnd) —n@ 0P (22)

RD xR+
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Then, a natural estimator of H can be built by considering log-log ratios of V,,(-), precisely
we will prove the following theorem.

Theorem 3.2. Let u,v > 1 with u # v. Then, almost surely as n — +o0,

Hy(u,v) = %log <“§ZEZ§> / log <%> — H

where Vy,(u) is defined by (21).

Proof. Using (22), it is enough to prove that almost surely, as n — +o0,
Vi (u)
E(Va(u))
By Markov inequality we have, for all € > 0,
p < Vo (u) ) < Var(V,,(u))
E(Vn(u)) T E2E(Va(u)?

thus the only thing to do is to control the variance of V,,(u) in such a way that we can use

Borel-Cantelli lemma. First let us remark that by stationarity
n—1 2n—1

Var(Vi(u)) = 53 S Cov (X300, X2(0) = 5 3 (1= 27"K|)Cov (X3(0), X2(K)).
k=0 k=—(2n—1)

— 1.

—1|>¢

To compute the covariances we follow the framework of [17]. We can write X, (k) = 11 (¢ )
as the Wiener-Ito integral of

UYnp(z,r) =2 "ub, x —tg — 27 "k0,r) (23)

with respect to the compensated Poisson random measure N — v on RP x RT. Moreover,
according to the product formula we have

XE0K) = Do (i ® i) + 10 (620 + [ 0 ularvtdo,dr) (24)

where Iy (1, 1 ® ¥y 1) is the multiple Wiener-It6 integral of order 2 of the symmetric function

Uk ® Ynp € L2((RP x R+)2 ,v(dz,dr)®?). Then, using (24), by isometry we obtain that,
for k > 0,

Cov (X7(0), X5 (k)

2
=9 </ 1/)n70(33,7‘)1pn,k(56,T)V(dI,dT)) —l—/ 1/)%70(56,T)l/)ivk(x,T)V(dx,dT).
RD xR+ RD xR+

For the first term, let us remark that by a change of variables one has
/ Yno(x, 1) Yn k(z, 7)v(de, dr) = Cov (F(Q_"ue), F2™™(u+k)0) — F(Q_"kze))
RD xR+
= (27" pu(k)
with
pulk) = Cov (F(ub), F((u+ k)9) — F(k)) = L (Ju -+ kT — 20 + Ju — K27)  (25)

2
according to (5). Similarly, by a change of variables the second term satisfies

/RD - ¢721,0($,7’)¢721,k(33,r)y(d%dr) _ (2771)21{2)\;(]{:)
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with

— 2 2
pu(k‘) = /RD - (]IB(x,r) (UG) - ][B(:c,r)(o)) (]IB(LT)((U + k:)@) - ]IB(JI,T)(kQ)) V(dxvdr)-
X
(26)
Let us write
Tz () = Tp ey (0) = Tewoyneo)e (%, 7) — Teo)ncuo)e (@, 7)
where C(u#) is the cone defined by (6). Note that p,, is even and let us consider k > u. We set

o

T = (0,ud, kO, (u+k)0) so that, according to (9), we can write the integrand in (26) as the sum
of indicator functions of the following sets: C'(7', (0, 1,0,1)), C(T,(0,1,1,0)), C(T,(1,0,0,1))
and C(T,(1,0,1,0)). Since k > u, each of them is empty except C(T,(0,1,1,0)) and hence
2 2
(][B(x,r) (ug) - ]IB(a:,r) (0)) (]IB(JJ,T)((U =+ ]{1)0) - ]IB(:v,r) (k’@))

= Tc(up)ne(o)enc((utk)s)enc (ko)

= - (]IB(:I:,T) (’LL@) - ]IB(ac,r) (0)) (][B(x,r)((u + k‘)@) - ]IB(J?,T‘) (ka)) :
Therefore, by symmetry, for any |k| > u we have p, (k) = —py (k).

Finally
-1 21
Var(Vy(u)) = (27" 2 Y (=27 k)py (k) + (272 Y (1=27"k])pu(k).
k=—(2n—1) k=—(2n—1)
Note that (25) implies that p, (k) " = O(|k]*2(1*H)) and hence p, € [2(Z) and p, € I*(Z).
——+00

Thus, the first term of Var(V;,(u)) is equivalent to (27")**12%, . p2(k) and the second
one is equivalent to (27271 3 5. (k). Using (22), it yields

Var(Vn(u)) ~ (2717,)172H ZkEZ Z)\;(k>
E(Vp(u))? n—+oo cutt
Since H < 1/2, the Borel-Cantelli Lemma allows us to conclude the proof. (]
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