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Abstract. We present a Gaussian process that arises from the iteration of p frac-
tional Ornstein—Uhlenbeck processes generated by the same fractional Brownian
motion. When the values of the parameters defining the iteration are pairwise
distinct, this iteration results in a particular linear combination of those processes.
Although for H > 1/2 each term of the iteration is a long memory process, we prove
that when p > 2 the process obtained has short memory. We prove that the local
Hoélder index of the process is H, and obtain an explicit formula for the spectral
density. We present a way to estimate the parameters and prove that the estimators
are consistent and the results are asymptotically Gaussian. These processes can be
used to model time series of long or short memory.

1. Introduction

In the field of time series, the AR(p) processes are introduced as the stationary
solutions of the stochastic recurrence equation

Xp=a1Xp 1+ ... +apXy_p+en,

where the a; are constants and ¢,, is a Gaussian white noise. The introduction of
such processes, and a fortiori of their parameters, allows some flexibility in fitting
real data. However, some care must be taken to not have excessively many pa-
rameters with the consequent overfitting. To control the number of parameters,
some theoretical tools must be applied, for example, Akaike’s criterion. In the case
of Gaussian processes in continuous time, a natural choice, generalizing the AR(p)
processes, is the set of processes that are the solutions of a linear stochastic differen-
tial equation of order greater than or equal to two. These processes have a rational
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function as spectral density. An emblematic case is the damped harmonic oscillator
forced with a Gaussian white noise. As with the AR(p), these processes provide
some flexibility in choosing their parameters. Nevertheless, there is a drawback.
Due to the fact that they are the solutions to a stochastic differential equation of
order greater than or equal to two, they have at least a continuous derivative. But
sometimes in practice we need models having continuous but irregular trajectories.

In the present paper we will define Gaussian processes which, like the higher-
order solutions of stochastic differential equations, are defined by a set of parame-
ters. However, we will insist that their trajectories be continuous but irregular.

These processes will be generated by a fractional noise with Hurst parameter
H. An advantage is that in the case H > %, the generating process exhibits
long range dependence and yet the resulting process has weak dependence. This
property allows considering parameter estimation when the observation interval
grows towards infinity.

In what follows we define these processes, also establishing some of their prop-
erties. We start by recalling the definition of a fractional Brownian motion.

Definition 1.1. A fractional Brownian motion with Hurst parameter H € (0,1] is
an almost surely continuous centred Gaussian process { By (t)},cp With

1
E(Bu(t)Bu(s) = 5 (1t + s = [t =s"), t,seR.

When H = 1/2, fractional Brownian motion becomes a standard Brownian
motion. An Ornstein—Uhlenbeck process is a Gaussian process defined by X; =
af e At—s dBl/g( ) for t € R, where o, A\ > 0, are parameters (Uhlenbeck and

()rnstem, 1930). This process is the unique stationary solution of the Langevin
equation (Langevin, 1908), defined by
dX; = = AXydt + 0dBy 5(1).

If we consider the Langevin equation with a fractional Brownian noise, dX; =
—AXdt+0dBy(t), then Xy = o f e M=) dBy (t) for t € R is the unique station-
ary solution, see Cheridito et al. (‘?( 03). In the present paper, we use the notation
{Xi},cx ~FOU(X, 0, H) for any process defined by X, = o [*__ e ¢=9)dBy(t),
where o, A > 0, H € (0, 1].

If we change the process { By (t)},.r by an unspecified process {y(t)},cg, we can
define the operators Ty (y)(t) := fioo e Mt=9)dy(s) and for each h = 0,1,2, ...

t . _ s h
T = [ N EALTI gy (11)

The process {y(t )}te]R are assumed to be continuous to ensure the existence of
the integral defined in (1). These transformations are called the OU operator with
parameter A and the OU operator of degree h and parameter X respectively (Arratia
et al., 2016).

Observe that Tf\o) = Tx. Given {Bp(s)},cp a fractional Brownian motion with
parameter H, and A\; # \g real positive numbers, we define the processes Xt(i) =
T\, (0Bu) () = of' e Mt=9dBy(s) for i = 1,2. This is {Xt(”} o~
FOU()\i7U, H ) for i = 1,2 generated by the same fractional Brownian mtgtion.
It can be proved that the process defined by X; := (Ty, o T»,) (Bm) (t) is equal
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to Xy = ﬁXt(l) + 22 Xt(Q), which is a particular linear combination of the

)\27}\1
processes {Xt(l)} and {Xt(z)} .
teR teR

This implies that (T,\1 ] T)\2) (BH) = (T)\Z o T>\1) (BH)

In general, if we compose the operator T p times, we get the following equality:
T = Z;’;é (pgl)T)(\]). If we compose the operator Ty, p; times, the operator T,
p2 times,..., and the operator T\, p, times, for pairwise distinct A;, it is possible to

expand Tfll o Tfj 0..0 qu“ as a linear combination of the operators T;h) (Arratia
et al., 2016).

It is known that for H > 1/2, every FOU(\, 0, H) is a long memory process,
Cheridito et al. (2003), this is 327°° |y (n)| = +oo where v (n) = E (XoX,). We
will prove, in Section 2, that if we compose at least two operators of the form T’
evaluated for a fractional Brownian motion, with Hurst parameter H > 1/2, we
obtain a process {X;},.p that satisfies T _IE(XoX,)| < +oo. Further, this
process has short memory.

The plan of this paper is as follows. In Section 2, we define a FOU(p) (this
is a fractional Ornstein—Uhlenbeck process of order p), and summarize the results
needed to obtain its auto-covariance function. We prove that any FOU(p) has
almost all of its trajectories not differentiable at any point, and the parameter H
is the local Holder index of the process. We also obtain its spectral density and
deduce that when p > 2, it is a short memory process. In Section 3, we give explicit
formulas to estimate H and ¢ and prove that they are consistent and the results are
asymptotically Gaussian. The local behaviour of the spectral density at zero allows
a consistent way to estimate the parameters of A. In Section 4 we give a formula
for the auto-covariance function of a FOU(p) process. Our concluding remarks are
in Section 5. Section 6 contains the proofs of the results presented in Section 2.

2. Definitions and properties

We start with the definition of a fractional iterated Ornstein—Uhlenbeck process.

Definition 2.1. Suppose that {oBp(s)},cp is a fractional Brownian motion with
Hurst parameter H, and scale parameter o. Suppose further that Aj, Ag, ..., Ay are
distinct positive numbers and that pi, p, ..., py € N are such that p;+pa+...4py = p.
We define { X}, by

q pi—1

Xy =T 0T o o T (0Bu)(t) = Y Ki(A) Y (pij 1)T§j>(oBH)(t), (2.1)
i=1 j=0

where the operators T)(\f ) were defined in (1.1) and the numbers K;(\) are defined
by

-
I (1=2/%)

J#i

K (\) = Ki (A1, Aay ooy Ag) = (2.2)

The validity of equality given by (2.1) can be found in Arratia et al. (2016).
Notation. If {X;},.p is given by equation (2.1), then we denote {X;},.p ~

FOU (A(lpl),)\(zp2), ...7)\((1:0(1),0', H) , or, more simply, {X;},.p ~FOU(p).
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Observe that the notation FOU <A§p1)7 )\gp2)7 e )\((qu), o, H) implies that the pa-

rameters \; are distinct. Also, the simplified notation FOU(p) means that we have
taken the composition T, o Ty, o ... o T, where the values of X's are arbitrary,
where repetitions are allowed (this is the composition p times of operators T)).

Remark 2.2. When p; =ps = ... =p; =1 the process is equal to
Xt: (T)\1 OT)\2O...OT)\ O'BH ZK T)\ UBH)( ) (23)

and we write {X;},cp ~FOU(A1, A2, ..., Ag, 0, H).

Remark 2.3. When ¢ = 1, we obtain a fractional Ornstein—Uhlenbeck process
(FOU(\, 0, H)).

Remark 2.4. Any FOU(A%‘”)7 )\gpz)7 - /\ffq), o, H), is a Gaussian, centred, and al-
most surely continuous process.

Any FOU(p) has the property that almost all its trajectories are not differentiable
at any point. This fact will be used in Section 3 to obtain estimators of H and o.

Proposition 2.5. If {X;}, ., ~FOU(p), then, with probability one, its trajectories
are not differentiable at any point.

In Corollary 3.3, we will see that H is the local Holder index of any FOU(p).
We need to define the following functions in order to obtain the main results of
this paper.

FP@) =e" (F (2H) — /Ox eSSQH_ldS> , (2.4)

(2) T * —s 2H—1
D (@)= e (r(w)— /O o5 s2H ds), (2.5)
fr(@) = fi (@) + £ (), (2.6)

where T'(.) is the gamma function defined by I'(« ) +DO ta—le=tdt.

2H 1d

Remark 2.6. If H > 1/2, we write fl({l)(x) = F and applying
L’Hopital rule, we obtain fg)(x) — —oo and analogously fH () = 400 as ¢ —
+00.

As H increases, the functions fy increase, as can be seen in Figure 2.1. Then,
when x — 400, as long as H increases, the functions fg go to zero more slowly.
The following proposition includes the properties of fy that will be used later on.
We write f ~ g as  — a, when f(z)/g(z) = 1 as ¢ — a.

Proposition 2.7. If H > 1/2, a, 8 > 0, then

1) o' 2Hf(1)(0¢££) + BI*QHfg) (Bz) — 0 when x — +o0.
(2) '~ QHf(1 (o) + Bl_ngg) (Bx) ~ a+ﬁ (2H — 1) 2272 when x — +o0.
(3) fu(z)~ 2(2H 1)227=2 when 2 — +oo
(4) fu(@) = fu(0) = fu(w) — 20 (2H) = ==~ + 0 (227) when z — 0.
() f

I 2H+1 ) sin(Hm +o00 et |yt T2H
5 ( ): ( )f vlzj‘th dv.



Fractional iterated Ornstein-Uhlenbeck Processes 1109

2.0

15

1.0

f_H(t)

0.0
|

FI1GURE 2.1. The functions fg for H = 0.5, 0.6, 0.7, 0.8 and
0.9. The lowest curve corresponds to H = 0.5 while the highest
curve corresponds to H = 0.9.

Property 1 tells us that when H > 1/2, fg(x) — 0 as z — 400, and this fact will be
used to prove property 3. Property 3 gives the order of decay of the auto-covariance
function. In particular, when H > 1/2, then :z fu(n) = +oo. In Figure 2.1 it
can be seen that fy decreases slowly to zero as H increases. We will prove later,
in (2.8), that the auto-covariance function of any FOU(\, o, H) can be expressed
as a multiple of fr(At). Therefore, any FOU(A, o, H) is a long memory process for
H > 1/2. Property 4 will be useful for obtaining consistent estimators of H and o,
independently of the parameters A. Property 5 will be used to obtain the spectral
density of any FOU(p).

The following proposition is the key ingredient that will allow us to express the
auto-covariance function of any FOU(A1, Mg, ..., Ay, 0, H) as a linear combination of
fr (Ait) . The proof will be based on (4.1).

Proposition 2.8. Let {Xt(l)} _ ~FOU(, 0, H) and {Xt@)} ~FOUO, 0, H)
te €

t
be generated by the same fractional Brownian motion {0 By (t)},cp . Then, for all
t and H > 1/2,

2
W@ - 0 H (om0 1-2H £(2)
E(XVx) = 70 (MR G £ TP e i) @)

In particular, when ¢t = 0,

2 2
1) @) _ o HI (2H) | 1 oy 1—omy O T(2H+1) 1 oy 1—2H
E(XO X )_7A1+A2 (A7 4 Al )_72(A1+A2) (M2H A2

If we set Ay = A2 = X in (2.7), we obtain the auto-covariance function of any
FOU(\, 0,H) :
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Corollary 2.9. For any {X;},.g ~FOU(\, 0, H) where H > 1/2,

o?H fr (\t])

E(XOXt) = 9\2H

(2.8)

Observe that property 3 of Proposition 2.7 and (2.8), show that any FOU(\, o, H)
is a long memory process.

Remark 2.10. Observe that fy(0) = 2I' (2H) . Moreover, putting ¢ = 0, the well
known expression for the variance of any FOU(\, o, H) appears:

o’T (2H + 1)
2\2H
In Section 6 we shall prove the following proposition, which shows us that the

auto-covariance function of any FOU (p), where the Aq, Ao, ..., A, are distinct, is a
linear combination of the functions fg (A;t).

V(Xy) =

Proposition 2.11. If {X;},.p ~FOU(A1, Az, ..., A\p, 0, H) and p > 2, then

o2H & )\2p 2H—2
E(XoX;) = Z

[T (A7 -

J;ﬁl
Remark 2.12. If p = 1, then (2.9) is equal to (2.8).

)fH(/\ it))- (2.9)

2P

J#i
allows us to see (with a little more work) that when H > 1/2, then anl IE(Xo0X,)|
< +00 although :2 fr(n) = +oo. This fact will be also inferred from the next
theorem, about the formula for the spectral density.

Remark 2.13. Tt is possible to show that if p > 2, then > 7_ = 0, which

Observe that when p = 2, then (2.9) says that
o’H (

2(Mf = A3)
Using (2.9), and property 5 of the function fz (in Proposition 2.7) and a little

more work, we obtain Theorem 2.14. The theorem gives a formula for the spectral

density of the process. This result shows that if p > 2, any FOU(p) is a short
memory process.

E (XoX:) = A7 fr (A lt) = X372 fa(Aalt]) - (2.10)

Theorem 2.14. If X = {X,},cp NFOU(AW,AW,...,Agm,o—, H) where py +
p2 + ... + pg = D, then the spectral density of the process is

02T (2H + 1)sm (Hr) |o?P~ 122

(@) = (2.11)
o [T (0 +42)"
i=1
In particular, if {X:},cp ~FOU(A, Az, ..., Ap, 0, H), then
2 . 2p—1-2H
£ () = T (2H + 1) sin (Hn) |z| ' (2.12)

]i[(A2+x)

(2
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Remark 2.15. For H € (1/2,1) and p = 1, zero is a point where the spectral
density of the process is singular, and we have a long memory process (because is
a FOU(\, 0, H)). If p > 2, the spectral density is no longer singular at zero which
suggest that the short memory property holds for such a process. This result will
be formalized in the next corollary.

Remark 2.16. Observe that f(X) (0) = 0 (for p > 2), from which it follows that
the FOU(p) process can be used to model anti-persistent time series. For example,
our processes could be used for modeling postural control during a quiet stance by
assessing the displacement of the center-of-pressure (COP) in the body. In fact,
in Delignicres et al. (2011), the position and the velocity of several individuals
are recorded. Then, empirical evidence of the change of the correlation pattern in
the velocity record of each individual is provided. In the short term, a persistent
behaviour is detected and in the long term an anti-persistent behaviour is detected.
One can model such a pattern by thinking of the velocity register as a fractional
OU-process passing through a filter of the type T} oT}>o... on;’ in such a way that
the output will be a FOU(p). Nevertheless, we do not consider this matter in the
present paper, it will be left to future research. Other interesting applications for
anti-persistent time series can be found for instance in Ai et al. (2010) and Maxim
et al. (2005).

Remark 2.17. To model non anti-persistent time series, one can develop the fol-
lowing idea. If X = {X;},.p ~ FOU(p) and Y = {Y;},p is a Gaussian stationary
short memory process, centred, differentiable, and independent of X, such that
fO(0) # 0, then Z = X + aY is a centred Gaussian short memory process
such that (%) (0) = o2f() (0). In this way, we have a stationary, centred Gauss-
ian, short memory process that also has the peculiarity that (%) (0) can take any
value, and the Holder index is equal to the Hélder index of X. The value of a can
be estimated from the periodogram.

CH|I‘21)—1—2H

ul 2 Pi
7‘1;[1 (Ai +$2>

o?T'(2H+1) sin(Hr)

Let’s write (2.11) as f&9) (z) = , where cg = D and

@] .
consider p > 2. We have ‘M’ < @ for z large enough.

In the other hand, observe that T) Ofork=1,2,...,2p—3, and ag:p) 2 ~
400 ‘aﬂ ) (x)

—#=r when z — 0, therefore [; dx < 400. Then, integrating by parts

Ox2p—2

2p — 2 times, we obtain that

+oo _ +oo (X) .

t2p—2 8x2p—2

Then, we obtain the following corollary.

Corollary 2.18. If X = {X,},p ~F0U(A§p1>,A§p2>,.. AP o H) where p1 +

)¢
P2+ ... +pg =p, for p>2, then |p(t)| < == where c = +oo adj;zp > | dx for all
t. Thus f p ()| dt < 400 and the process exhibits short range dependence.

Remark 2. 19 Contlnumg the argument that gives meaning the Corollary 2.18, ob-
o x)
serve that 2 3 o (af) <& when z — 0, thus if H > 1/2, we obtain f+°° ‘af (@) dx

Ox2p—1

= 400 and the results of Corollary 2.18 suggest that a = 2p — 2 is the maximum
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<

order of a bound in the form ;& for |p(t)|. Also, observe that as p grows, the
asymptotic decrease of the auto-covariance function of any FOU(p) grows.

3. Parameter estimation

In this section we give a consistent way to estimate the parameters of any
FOU(p) . Firstly, we can estimate o and H independently of the values of the A;. In
addition, we will prove the consistency and asymptotic normality of the estimators.
Secondly, taking advantage of the explicit formula of the spectral density, we can
estimate A using Whittle estimators.

3.1. Estimation of H and o. If {X;},.p is a FOU(p) process, we define v(t) :=
1E (Xigs — X,)? the associated variogram. In Ibragimov and Rozanov (1978) it
can be seen that if there is an s € (0,2) and C > 0, such that

V(1) = v)(0) + C(=1)” [t + o ]

where D is the greatest integer such that v is 2D times differentiable and o (|t|*)
means that 0(“;"5) — 0 when ¢t — 0, then h = D + s/2 is the local Holder index of
the processes. For these processes, Istas and Lang (1997) present a procedure to
estimate C' and s. In addition, they provide conditions that ensure the consistency
and asymptotic normality of the estimators.

Any FOU(p) has almost all its trajectories everywhere non-differentiable (Propo-
sition 2.5), therefore D = 0. Then, the first step will be to show that v(t) =

2 2H 2H
2 P o (1

and H and to prove that they yield consistency and asymptotic normality.

), and the second step will be to look for formulas to estimate o

Lemma 3.1. If \; # A, and we define X" := T\, (6By) (t) for each t, then
E (Xt(fi-)s - Xs(l)) (Xt(i)s - Xs(])> = 02 ‘t|2H +o <|t|2H)
for allt,s.

Theorem 3.2. If {X;},.p ~FOU(p), and v(t) is the associated variogram, then

o? 2H 2H
o) =21 +0<|t\ )

The following corollary follows immediately from Theorem 3.2, and shows that
H can be interpreted as a parameter that governs the regularity of trajectories of
any FOU(p).

Corollary 3.3. If {X;},.p ~FOU(p) then H is the local Hélder index of the pro-

CESS.

To obtain the estimators of o and H, we proceed as follows. First, we will call
a = (ag,ai, ..., a) a filter of length k+1 and order L > 1 if and only if the following
conditions hold:
° Zf:o a;it =0 paratodo 0 <[ < L —1.
. Zf:o a;i® # 0.
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Observe that given a a filter of order L and length k + 1, the new filter a? =
(ag,0,a1,0,a2,0,...0,a;) has order L and length 2k + 1. Now, we define the qua-
dratic variation of a sample associated to a filter a as follows.

Definition 3.4. Given a filter a of length k + 1 and a sample X1, X5, ..., X,,, we

define
2

1 n—k k
=52 | X
i=0 \j=0
Theorem 3.5. If XA, Xon, ooy Xin, -, Xna = X7 is an equispaced sample of the
process { Xt },cp ~FOU(p) and the filter a is of order L > 2 and length k + 1, then,
if A, = n~% for some a such that 0 < a < and T = nA,, - +o0 as
n — +o0o, define

1
2(2H—1)

SO V, 2
H = 5 10g2 (m) , (31)
1/2
-2V

ik k . .2H
AT ijo a;a; i — j|

Q)
I

(3.2)

Then
(1)

fogn (G—0) 3 N(0,Ty(H,o0,a))

3.2. Estimation of the parameters A. Once the parameters H and ¢ have been
estimated, taking advantage of the explicit knowledge of the spectral density, we can
proceed as in Leonenko and Sakhno (2006) to estimate the rest of the parameters
by using a modified Whittle contrast. Recall the spectral density of our model.
If X = {Xi}ter ~ FOU(/\gpl),...,/\gp“),a, H) where Y .!_ p; = p, the spectral
density is
00 () = 0T (2H + 1) sin(Hr)|z|?P~1-2H
2m [T1_ (A2 + 22)Pi '
The asymptotic behaviour of this function as || — oo is O(|x . Furthermore,

if p > 2, this spectral density is continuous and does not have any singularity.
Indeed,

|7172H)

2p—2H -2
)\:D

(=X

o?H &
E(XoX)) = — Z Fr(\t).
H#J
We have already shown that this covariance is integrable. Having in hand these
results we can obtain in the next theorem an estimator of the parameters A that is
consistent and asymptotically normal.
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Theorem 3.6. Suppose given {Xi},cp ~ FOU ()\gpl), )\ém), ...,)\((Zp“),a, H) where

o and H are known. Suppose further that \° = (/\?,)\8, ...,/\2) € A C R? is the
true value of the parameter, with \° €int(A) where A is compact and the process is
observed in [0,T] for some T > 0. Define the following contrast process:

R e Iy (2)
Ur (\) = E/m (log £ (2, 0) + f(XT)(M) w () dx (3.3)

where X (x, ) is the spectral density of the process given in (2.11), It (x) is the
periodogram of the second order
T .
/ Xteiltmdt
0

where b > 2. Then XT = argminyep Ur (N\) satisfies

2
IT (I) =

2nT

||

1+|z|®

and w(zx) =

~

° Tg)\o when T — 400 and
o VT (Ar = 2°) % Ny (0,07 (A) Wy (A) Wit (X)) when T — +o0

where Ny(.,.) denotes the q—dimensional Gaussian law and the matrices Wy (\°)
and Wy ()\0) are defined by

w1 () = (wf ) and W> (V) = (w (V)

4,J=1,...,9 4,J=1,...,9
where
+oo
(1) _ 1 9 ) 3 x)
+oo
@y - L 2 il () ﬂl ()
w;;” (A) ] w (x)a)\i og f\) (x,\) By og f'“) (x,\) dx.
Remark 3.7. It would be very interesting to prove that the following discretization
T < In(z)
- = 1 4 Ns — 1
UA 27-(-2 <ng(l’“)\>+ f(:]?l,)\)>w<xl)(ml X l)a

i=1

- 2
where x; = 1A, IA(JA) = ‘Z;;l e”AXjA‘ and T = nA — oo, would give the
same results as in Leonenko and Sakhno (2006). We plan to tackle this interesting
problem in future work.

27rn

Remark 3.8. Let us clarify the type of convergence that we deal in the following
remark. Given that the spectral density converges, then the covariances converge
too. This and the fact that we consider only Gaussian processes imply the finite
dimensional weak convergence. It remains to obtain that the sequence is tight. But
in C(K) for K C R by the Kolmogorov criterium a sequence of processes {X,,} is
tight if

E[|Xa(t) = Xa(s)/%] < CJt — 5|7+, for a, 8> 0.
But if the processes X,, are Gaussian and stationary then we get

E[[Xn(t) = Xu()|*] < (2(1 = ra(t = 5))) *E[N®] < C(2(1 — r(t — 5))) *E[N°],

where in the last inequality we have used the convergence of the covariance, then
the continuity of the limit process give the tightness by taking o > 2.
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Remark 3.9. If we take A\; = A and make As — 0 in (2.10) we obtain (2.8). This

implies that FOU (A1, s, 0, H) A FOU(A,0,H) where £ denotes the weak con-
vergence of processes of the remark 3.8. We can sketch an ideal semiparametric
test of hypothesis: long range dependence versus short range dependence. The Hy
hypothesis is that our FOU (A1, A2, 0, H) process has Ao = 0, this is it has long
range dependence. By using the spectral estimator that has already studied in the
present work a rejection region can be defined. Moreover, the asymptotic power of
the test can be obtained under the sequence of contiguous alternatives Ay, — 0.

4. Computing the auto-covariance function

Now, we compute the auto-covariance function of any FOU(p) process. For this

we need the following formula, whose proof can be found in Pipiras and Taqqu
(2000): if H € (1/2,1) and

f,ge{f R —R: // |f(u |u—v2H2dudv<+oo},
then

E ( / " f(w)dBu () / - g(v)dBHw)) (4.1)

— 00 — 00

+oo +oo
= H(2H — 1)/ f(u)du/ g) Ju—v* 2 dv.

— 00 — 00

We start with
7(t) = E (X:Xo)

=EY Ku(\) i (phj_ 1>T(J> (oBp)( Z Kpr (A hz (p”j/_ 1>T/\(Z:>(UBH)(O)

i =0
- 1) Kir()\) <p i’jl_ 1) ET\ (0 By) (t)T/\(ij//) (0Bg)(0).
Define yif’;;')( 1) = BTV (0B )()T ) (0 B11)(0), then
() = ZK Z Z PN R e
Now, we compute 1\’ (¢).
W30 = BT (0B 074 (0B1)(0)

_UzE/t e—A(t—u)MdBH( )/0 X' XJJ d dBy(v).  (4.3)

7! —o0
Using (4.1), we obtain that (4.3) is equal to

t J 0 155

A (t— 1 A I _

0_2H(2H _ 1)/ e—/\(t—u) ( ( g u)) du/ e>\ v ./’l'} ‘u _ 'U|2H 2 dv
o J: —c0 J-
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2H(2H — 1)V [ : o0 _
_ ( T ) / e M) (y — 1) du/ el |u — 0?72 du
2:7 —oo

weu_t C2H((2H — )N NI [0 . oL _
-t ? ( ,',”) / ekwwjdw/ AN w4t — o do
745" oo o
2H(QH — 1NN (—1)F" pree R _
~Z ( .)., (=D / ef/\ww]dw/ e N o4t — w2 dv.
gl 0 0
(4.4)

Remark 4.1. In the very interesting paper of Kaarakka and Salminen (2011) it is
introduced a certain stationary mean zero Gaussian process )A’(l)(t), defined for
t € R, that exhibes long range dependence and certain autosimilarity property.
They use ?(1)(15) as a bilateral noise. Then the following SDE is studied

dUP I () = —AUP ) (#)dt + dY D (1),

proving that a Gaussian stationary solution exists. This process is called a fractional
Ornstein-Uhlenbeck (OU) of the second kind. The authors show afterwards that
its covariance behaves

EUP) () UP(0)) = O(e~ mi“(%(l;fH))t) as t — 00.

Hence, a short range dependence of exponential type holds. A comparison can be
made with our FFOU (p) processes. First at all our processes exhibit a short range
dependence also but of polynomial type. Another interesting difference is that the
FOU (p) processes allow fitting several parameters, instead of two as is the case of
fractional OU of the second kind. We can pushforward our commentaries by con-
sidering other stationary mean zero Gaussian X processes, those whose covariance
function is given by rx (t) = e~ 711" for 0 < H < 2. These processes although do
not have a SDE representation, are short range dependent of exponential type too.
Besides, the three processes cited here have the same type of local smoothness.

5. Conclusions

In this paper we have presented a family of Gaussian processes that arise from
the iteration of p fractional Ornstein—Uhlenbeck processes generated by the same
fractional Brownian motion. When the \; are distinct, this iteration results in
a particular linear combination of fractional Ornstein-Uhlenbeck processes. We
proved that when H > 1/2 and the \; are distinct, the auto-covariance function of
the process can be expressed as a linear combination of the auto-covariance func-
tions of each FOU(\;, 0, H). We have obtained an explicit formula for the spectral
density of the process, which allows us to deduce that although every fractional
Ornstein—Uhlenbeck process with H > 1/2 is a long memory process, for p > 2, the
iteration results in a short memory process. As p grows the decreasing of the auto-
covariance function of any FOU(p) grows. We have proposed consistent estimators
for all the parameters. Modelling short memory continuous time series using the
FOU(p) processes will yield some advantages, because of the possibility to choose
several of the parameters A\ and moreover by using H to measure the regularity of
the trajectories. Lastly, the FOU(p) process (when choosing an appropriate value
of p) can be used to model time series of long or short memory.
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6. Proofs

Proof of Proposition 2.5: We start showing that 23‘:1 K;(\) =1
Define p(z) = ? 1 K (M) [1,; (1 + Aiz) . Observe that p is a polynomial of de-
gree at most ¢ — 1 and p(0) = >7_, K;(\). Also observe that p(z) =

;]':1 Hiséj 11:;\/\}3)6\] and p (;—:) =1 for all h = 1,2,...,q. Then p necessary is
constant and it follows that >>1_, K; (\) = 1.

For any j = 1,2, 3, .., we integrate by parts and obtain that

J+1 )
T (By)(t) = / Br(s)e %) (¢ — 5)7 71 (£ — s — j) ds.

If j = 0, Tx(Bu)(t) = Bu(t) — A J*_ Bu(s)e (=*)ds. Then T\ (By) is differen-
tiable for 7 =1,2,3, ... and is not dlfferentlable for 7 = 0 at any point.

PILACY Z <pij_ 1) T\ (Bp)(t)

i=1 7=0
= Y K\ | Tn(Ba)( Z( >T(’)(BH)(t)
i=1

= DY KNI\ Br)t)+ > Ki(\) z_: (pij1>T§f)(BH)(t).

i=1 i=1 j=1

Using that > 7 _, Kj, (A) = 1, we deduce that

S K (AT, (Br)(t) =Y Ki(\) (BH(t) -\ / t BH(s)eAius)dS)

=1 i=1 —0o0

= Bpy(t) — iKi (A N /_t BH(s)e—/\i(t—s)dS

and so, with probability one, the trajectories of X are not differentiable at any
point. This concludes the proof. ([l

Proof of Proposition 2.7: (1) Tt is enough to prove that

_ol—2H foax ess2H -1 +5172H6(a+5)z fﬁtoo e—5g2H-14g¢

— 0.

60&(13
We apply L'Hépital’s rule twice to obtain

y at+pB—e —Bx2H— 1+51 2Hf+00 —sg2H—1¢
11m =

r—+o0o e—Bz

. a+f
lim

T—+00 (Y

(2H — 1) 2172 5 0.
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(2) Since a!=2# I({l)(ax) + 51_2Hf§12)(6x) — 0and e ®/2272H — 0 as z —
+o00, we can apply L’Hopital’s rule and get

ol =2 i) (ax) + B2 17 ()

lim
r——+00 x2H_2
61—2H€(a+ﬂ)w f+0<> e 5g2H-14s _ o1-2H faT ess2H=1 ¢
= lim Bz 0
rz——+00 eaa:xQH—Q
_ 2H-1 1—-2H Bz [t° —s 2H—1
i Sl S Bty
=400 g2H—2 Oéﬁ

where in the last equality was from applying L’Hopital’s rule again.
(3) In property 2, put « = § = A. Then we get that

Ffax) = fP0x) + £ (\a) ~2(2H — 1) (Ax)*7 2

where x — +0o0.
(4) Furthermore,

fu(z) — fu(0) = fu(x) — 2T (2H)

=T (2H) (e"+e " —2) — e_x/ efs? 1 =1gs — ex/ e 55?145
0 0

400 n+2H +oo n, n+2H 2H
_ 2H\ .z z _ =z (=1« _ 20y _ T
=o(@) —e ;n!(rH—ZH) ‘ nz;o i zm @) g

(5) Cheridito et al. (2003) have shown that if X; ~FOU(\, o, H), then

p(t) =E(XoX;) = dx.

02T (2H + 1) sin (H) /+°° eite |25
2 A2 4 2

— 00

But, due to (2.8), p(t) = %, and then we deduce that

dx.

J M) = 2T (2H ) sin (Hrm) \2H /+°° eitr |g|'72H
H N Hr R

Finally, if we make the change of variable z = A\v, we obtain the result.
This concludes the proof.
O

Observe that in the proof of property 5, we use (2.8) that is a corollary of
Proposition 2.8, but the proof of Proposition 2.8 is independent of any property
of fH.

Proof of Proposition 2.8:

t s
(02 < (] |

o0 — 00

e)‘Z(S”)dBH(v)) :

As H > 1/2, we can apply (4.1), and so

t K]
E (Xt“)XS(Q)) = o’H(2H — 1)/ e_/\l(t_“)du/ e 22070 |y — PP 72 gy,
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Now we make the change of variable w =t — u, z = s — v and get that
—+00 +oo
E(XX®) =o*H(2H - 1) / e*hwdw/ e |t — w2z — s dz.
0 0

Then, E (XS)X‘SQ)) only depends on ¢t — s, so we only need to find a formula for
E(x"x2).

—+o0 —+00
E(X"x7) = o*H(2H - 1) / dw/ e P P

then, after doing the change of variable h = A\jw + Aaz in the integral in z, this is

equal to
_ +00 2H -2
2H 1) / dw/ h — )\lw—w—t dh —
Aw
o?H(2H — +oo B
ToNrT / dw/ e b — (A1 + o) w — Mot [P dh =
Aw
2H(2H —1 R/
%/ eihdh/ |h — (A1 + A2) w — Aot 72 duw. (6.1)
2 0 0

Now, we continue the calculation in the case ¢ > 0, distinguishing three regions
according to the absolute value that apears in the last integral. Then, we get that
(6.1) is equal to

2H(2H —1) [*' R/ 2 _
%/ e*hdh/ (1 + Ao) w0 + Aot — 122 quoy
2 0 0

2H(2H — 1) [+ Sk _
%/ e’hdh/ T (= v A w — o) dut
AZ /\Qt 0

o?H(2H —1) [T R/ -

% / e "dh (A + X)w + Aot — h)*7 72 dw.
A2 Aot s

Now we make s = Aot — h in the first summand and s = h + A1t in second, and we

get

2H Aot B
T (e A [ e Ot an ) 4
)\1 + AQ 0

°H +oo _
pus et 2H/ e (h+ Mt)*" " dn
1 2 0
Aot
_ /\Jj—H;\ <e’\2tI‘(2H) AL-2H _)\%72H67/\2t/ : ess2Hld8> "
1 2 0
o’H )\1 2H€)\1t/+oo o5 g2H—1 g
Al + )\2 >\1t
2H At
— )\%*QH 1(1,2) (Aat) + /\%72H eMIT (2H) — e)‘lt/ e s 1qs
A1+ Ao 0

o’H 1-2H £(2) 1-2H (1)
= Ty (D e M ()
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The case t < 0, is treated similarly. This concludes the proof. (I

To prove Proposition 2.11, we need the following lemma.

Lemma 6.1. If A1, Ao, ..., A, are distinct positive reals numbers, then

K, AP
Kz+2)\z = L OTi:1,2,3,...,
Z)\i"‘/\j H(/\z+)\j)f P
j#i oy
J#i
where K; = K;(A) fori=1,2,...,p are defined in (2.2).

Proof:

To obtain the result, it is enough to show that

p -1
K; AP
Ki+2\) A_;X = : (6.2)
j=2 v J H ()\1 -+ )\J)
j=2
p—1
Because, K; = ——— then (6.2) is equal to
IT(Ai=2;)
JF#i
p—1 p K Ap—l
A +20 ) —I—= !
p / >\1 + )‘j P
[T (\ =) i=2 IT (i +2)
j=2 j=2
which is equivalent to proving that (if we write x = A1)
A . " K (6.3)
p p - :
Me-x) [+ =Y
j=2 j=2

In fact, we can develop the quotient in simple fractions, and obtain that (6.3) is

equal to
P2 P2

-2 1@+
j=2 Jj=2

B z”: AP—2 1 (=P
71_72 H(Ai—)\j)x—)\i 1_[()\j—)\l)l'+)\z
N J#i J#i
B Zp: APT22) 1
S| =) (@ =) (4 M)
j#i
p —1 p
AP 1 K;
=_9 7 — _ J
n J#i

This concludes the proof. (I
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Proof of Proposition 2.11: We start with (4.2) in the case p; = ps = ...... =pg =1,

00
A(t) = E (X, Xo) = ZKKN,(\,,,\)

1,7=1
and using (2.7)
o S Ko (A28 Oty + X2 1D ()
V() =0 il
et J )\i—F)\j
" K? oy % H () K
= o*H | 37 SN fa ) + 3O KA 0 D
i,j=1 i=1 J#
2HZK/\1 2 13 (\it) Z
£ A +)\

P K; K;
=c?HS KN gt | =2 + N J

Now, using Lemma 6.1, the last expression is equal to

S KA )
—_— K\ 77 fu(\it) =—~———~
Pl H ()\1 + )\j)
J#i
)\P*l p 1

Sl o R et

2 = IIi=XA) " l_[(/\+/\)
J#i J#i
G2H P \2p2H-2
= * fa(Nit)
2 ; IT (A7 =A%)
J#i
This concludes the proof. O

The expression for the spectral density is a consequence of the equalities estab-
lished in the following two lemmas.

Lemma 6.2. If A1, Mg, ..., Ap, p > 2, are distinct positive real numbers, and © # X;
foralli=1,2,....p then

x2P—2 P /\?p_2 1
. 2 2 - Z H ()\3 - >\2) >\2
H (:C — )‘j) =1 i J

Proof: A decomposition into simple fractions yields

x2p—2 x?p—Q

=

—

1(90—)\j)($+)\j)

7

. AFP2 1 AFP2 1
i _ i _
Z <2)‘inj7€i ()\g—)\g)J?—)\l QAiijéi ()\?—)\f)l‘—F/\l)

i=1
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i )\?p 2 ( 1 > P )\2p 2 ( 1 )
_ ).

NI =) \e=N z+h) T ST, (- N2) \a2 = A2

This concludes the proof. 0

Lemma 6.3. If A, A, ..., \p (p > 1) are distinct positive reals numbers, then

2p 2 p )\Qp 2 1
g —A2) A+

li[ (A2 + 22)

Proof: We will proceed by induction in p. For p = 1, the equality is evident. Supose
that the equality holds for p. Then, calculate

1.217 x2p72 .’E2
— - - e (6.4)
[T O2+a2) 1102 +a2) 0
i=1 1=1

and by applying the hypothesis of induction, we deduce that (6.4) is equal to

Z )\2p 2 1 IQ _
i=1 AD) AF Ay 2
zp: /\ngfz ( )‘12 _ )‘p+1 > —
P M+a2 N a2 )
=t (A7 = A0) IT (A7 = A3) e
J#i
S ( M )
P A7+ 22 BN
S oz 1102 -) =
Jj#i
P 2 P 2 2p—2
Z p+1 )\ip )\2 j_ 2 Z pj\lerl)\i )\2 1_|_ 2 (65)
N R R | N i
J#i J#i
Now, using Lemma 6.2 with = A\,41, we obtain that
P 2p—2 2p—2
Z )\ip — _ )‘pil
£ p+1 P
ST =a3) TG = 2A9)
i =1
and then (6.5) is equal to
st pi-1 A+ a2
ST -
J#i
This concludes the proof. (I

Proof of Theorem 2.1/: First, we will prove the result for the case in which
{Xthier ~ FOU(AL, Aoy ...y Ay, 0, H) . Using property (5) of fy in (2.9) and
Lemma 6.3, we obtain that E (XoX;) =
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o?T'(2H + 1) sin (H) / ot |1 QHZ 22 1 N
27 - H o 22) 22 1 a2
2F(2H+1)s1n(H7r)/ o |x‘2p72H71
- e ———————dx,
o O T )

and so (2.12) holds.

Now, in the general case in which {X;},.p NFOU()\gpl),)\gpz),...,)\,gp"),a, H)
where py +p2+...4+py = p, observe that for any ¢, T\ 1/, (Bu)(t) = e t/"T\(By)(t)
— T (Bg) (t) when n — +o00. This fact allows us to obtain the auto-covariance
function of FOU()\(Q),O’, H) as a limit of the auto-covariance function of any
FOU\ A+ 1/n,0,H). If we call py x and px r+1/n the auto-covariance functions
respectively, then using (2.12) and dominated convergence theorem, we obtain

+oo itz |33|372H dr oo itz |x|372H dx
Prxxt+1/n (1) = CH/ 2 CH/ T2 422
—oo (A2 4 22) (()\+ 1/n) +x2> oo (A2 42?)

+00 eitz|w|3 QHdJZ e ‘3 2H

Then, pxx (t) = cp f i and f(z) = CH(XZIi,“) is the espectral den-

sity of FOU( @ o, H ) . Using this argument repeatedly, we obtain that the auto-
covariance function of { Xy}, is the pointwise limit of the auto-covariance function

of {Xt(n)}te]R ~FOU(p) with parameters Ay, \i+1/n, ..., \i+(p1—1)/n, ....; Ag, Ag+
1/n,..., ¢ + (pg — 1)/n,0,H. Then, from the fact that the spectral density of

{Xt(")} “ satisfies formula (2.12), we deduce that
te

FED) (@) = X () for all z, and so (2.11) holds. This concludes the proof. I

Proof of Lemma 3.1:

B (XL + B (x99) 5 (xx) B (x0xiD)
=28 (x"x?) - B (xVx{) — B (x{"x) .

We will work with the difference E (Xél)Xéz)) —E (Xél)Xt(z)) , the other dif-

ferences can be treated analogously.

—

Using (2.7) we can decompose

E(x"X() B (x{"xP) = A+ B+ €,

B (2, - x00) (X2, - x)

where ) (281)
c“HT (2H _ _ _
Avi= S (7 (1 ) 1 (1= M),
B, = o’H /\1 2H Alt/)\ltesSQHldS
AL+ A2 0
and oy
o’H 2
— )\1 2H 7)\2t/ sg2H-1 ¢
¢ A+ )\2 0 €s 5
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Using that e* =1 — e s for ¢; € (0, A\1t) we obtain that

0_2H>\1—2He)\1t At 0_2/\
B, = i S 1—e S 2H71d _ 1 t2H t2H )
! AL+ A2 /0 (1) ’ 2(M1+ A2) o)

Analogoulsy, C; = ﬁtﬂ{ +o0 (tQH) . Then,
Bot Gy = T2l 4o (20
t+ 0t = 5 +o ( ) .
On the other hand, we can decompose

B(x"x() -E(x{VxP) = 4;+ B+ €|

where ,
o*HT (2H) _ _ _
A= T S (1= AT (1 e ),
2H Aot
B — g AL —2H ,\2t/ —sg2H—1
p WA e ; e ’s s
and
oH At
C/ = )\172H —)qt/ S 2H—1d )
| A e ; e’s s
Then, Bj + C} = Z42H 4 o (127) .
Thus,

9E (X31>X32>) ~E (Xt(l)X(()Q)) —E (Xél)Xt(Q)) =A+B,+Ci+ A+ B+ C) =

A+ Ay + o 1o (£21)
To finish the proof, it is enough to see that A; + A} = o (tzH) . Indeed,

A+ A
_ 02){{2(/2\1'1) (Aé—ZH (2 et _ e)‘zt) i )\%—2H (2 _ oMt _ eAlt)) _ o(tQH).
1 2
This concludes the proof. O

Proof of Theorem 3.2: Observe that it is enough to prove the result for the case in
which all the A; are distinct. This is because in the general case, any FOU(p) is
pointwise limit of a sequence of FOU(p) where the parameters are pairwise distinct,
and then we use a similar argument to the one used in the proof of Theorem 2.14.
Now, suppose that X; = Y7 | K; (\) X" where K; (\) are defined in (2.2), and
, N 2 ,
define v;(t) := iE (Xt(i)s - Xgl)) the variogram of each process {Xt(z)} . To
teR
simplify the notation, we write K; instead of K; (A).
We start with

1 1
v(t) = 5B (Xep — X, = SE

p 2
; K (X0, - Xﬁ“)] =

1& ; N2 1 & ; . , .
5D KE (Xt( - xgn) +3E Y KK, (Xt( ) Xg)) (Xt(i)s - X§,J>) (6.6)
i=1 i#j=1
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Now, using that v;(t) = "—; 1t + o <|t\2H) and Lemma 3.1, we obtain that (6.6)

is equal to

> [”2 t|’“’+o(|t|2H)] 1B S KK [P o ()] 6)
i=1 i#j=1

and using that Y 7 | K; = 1 we obtain that (6.7) is equal to
2
g
— [t +o0 <|t|2H> .
2
This concludes the proof. (Il

Proof of Theorem 5.5: We verify the hypotheses of Theorem 3 (i) and (iii) in Istas
and Lang (1997). We do not follow strictly the notation of Istas & Lang. The
writing of this theorem is adapted to the notation of our work. The theorem start
with the assumptions (A1) and (A2) that we show below.
Assumption (A1)

Denote D the greatest integer such that v is 2D times differentiable. We assume
that there exists a real s such that 0 < s < 2 and a real C' > 0 such that:

VD) () = v@P)(0) + C(=1)P [t|* + 7(t) and r(t) = o (|t|*) at zero.

Assumption (A2)
Given a filter a = (ag, a1, ..., ap), we assume that for any real s such that 0 <
s < 2M(a) and s is not an even integer:

p

P
ZZakal |k —1° #0,
k=0

=0

where M (a) denotes the order of the first non-zero moment of the filter a. It is
defined by:

P P
Zaiik =0for 0 <k < M(a) and ZaiiM(a) # 0.
i=0 1=0

Theorem 3 (i) (Istas & Lang)

e Let X be a centred process with stationary increments satisfying the con-
dition (Al).

e Let a > 0 and define the observation mesh A by A(n) =n=.

o Consider several filters a', a?, ..., a’. We denote p’ the length of the sequence

a’ and define the matrix A with size I x p where p = max {p',p?,...,p’ }
by Ay =250 7 agay; for j =1,..,p" and A;; = 0 otherwise. Assume
that the a’ are such A is full rank.

e Assume that there exist three reals §,G > 0, 7 > s and an integer q¢ >
v+ 1/2, such that the remainder 7(t) is ¢ times differentiable on (0, d] and
|r@ ()| < G|t|""7. If § < T, assume that for some integer d > s +1/2, v
is 2D + d times differentiable on (4, T] and that

T
/ ‘v(zDer) (t)‘ dt < +oo.
5

We choose a filter a satisfying (A2) with 2M (a) > max {2D + ¢,2D + d} .
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Then, as n — +o0,

(ﬁ,é) L5 (b, O).
Theorem 3 (iii) (Istas & Lang)

e Let X be a centred process with stationary increments satisfying the con-
dition (A1).

e Let a > 0 and define the observation mesh A by A(n) =n~%.

e Consider several sequences a',a?, ..., a’. We denote p’ the length of the se-
quence a' and define the matrix A with size I x p where p = max {pl,pQ, .
p'} by A = ZZz:Oj ayaj,,; for j =1,..,p" and A;; = 0 otherwise. As-
sume that the a’ are such A is full rank.

e Assume that there exist three reals §,G > 0, v > s and an integer ¢ > 2,
greater than « 4 1/2, such that the remainder r(¢) is g times differentiable
on (0,6] and |[rD(t)] < G[t|""7. If 6 < T, assume that for some integer
d > 2, greater than s+ 1/2, v is 2D + d times differentiable on (4, 7] and
that

T
/ ‘v(2D+d) (t)‘ dt < +o0.
§

We choose a filter a satisfying (A2) with 2M (a) > max {2D + ¢,2D + d} .
o If s > 1, we choose A (n) such that

nA2=Y (n) = 4oo0. (6.8)

Then, as n — +oo,

N (?L — h) converges in distribution to a centred Gaussian variable.

Vn
logn

(6 — C) converges in distribution to a centred Gaussian variable.

From Theorem 3.2, we obtain that v(t) = %2|t\2H + r(t) where r(t) = o (|t|*)
when ¢ — 0. Then h = 2H and C = ¢2/2. We use I = 2 in condition (A42) by
taking a filter a and a2 defined in Definition 25. Further, in the proof of property 4
in Proposition 2.7, we see that there exists G > 0 such that

O] < G for e (0,1) (69)

holds for any H,e € (0,1). In the other hand, observe that in our case s = 2H > 1
(because H > 1/2) and condition (6.8) is fulfilled by taking A,, = n~* for a such
that 0 < a < m This concludes the proof.

O

Proof of Theorem 3.6: The formula for the spectral density (2.11) and the choice
of the weight function w, allow us to verify the conditions A.I to A.V of Leonenko
and Sakhno (2006) which demonstrates the consistency and asymptotic normality
of our estimators. Conditions A.I to A.V are the following;:

A. 1 Let Y(t), t € [0,T], be an observation of a real-value measurable stationary
Gaussian process Y (t), t € R with zero mean and spectral density f (z,\) = € R,
A€ A C R™, where A is a compact set, and the true value of the parameter
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A €int(A), the interior of A. Suppose further than f (z,\) # f(x,\') for A # X
almost everywhere in R with respect to the Lebesgue measure.

Consider w (x) a symmetric about z = 0 function such that Uy (\) defined in
(3.6) is well defined.

AIL f(z, \)w(z)/f(z,\) € L' (R) N L% (R) for all A € A.

A.TIII. There exists a function v(x), € R such that:

(i) The function h(x, ) = v(z)/f(x, ) is uniformly continuous in R x A;

(i) f(x, \)w(z)/v(z) € L* (R) N L? (R).

A.IV. The function 1/f(z,A) is twice differentiable in a neighorhood of the
point \° and

(i) flz,\)w(x) (02/0N0N;) (1/f(z,N)) € L' (R) N L*(R), i,j = 1,2,...,m,
A EA;

(ii) f(z, \)w(z) (0/0N:) (1/f(z,)\)) € LEF(R) forallk > 1,i=1,2,...,m, A € A;

(iii)\/TfRE (Ir(z) = f(z, A%) w(z) (8/0N;) (1) f(x,\)) dw — 0 as T — +oo for
alli=1,2,....m, A € A.

A.V. The matrices W; (A) and W5 (A\) are positive definite.

Theorem 1 and Theorem 2 in Leonenko and Sakhno (2006), prove that under
the conditions A.I to A.V it holds that

o Ar 5 A0 when T — +o0 and
o VT (Ar = X0) 5 Ny (0,W (W) Wy (A°) Wi (A°)) when T — oc.

In our case m = ¢q and we will check conditions A.I to A.V for our process.

Conditions A.I, A.Il and A.IV are verified directly. For condition A.III, it is
enough to take o such that |[A||*> < a for all A € A and consider the function
v(z) = % To conclude the proof we will show now that the matrices
W1 (A) and Wa (M) are positive definite (condition A.V).

We work in L? (w(z)dz), so that (f, g) = fj;: w(x) f(x)g(x)dx. Fixed A, for each
z € RY we obtain that

q 2

Z

s A) 2i

0 (x) 9 1o £ (
Z <3)\i (,A), 5‘)\ og f Z w A) 23z
1,j=1 i,j=1
Then j 1w(1) (A) ziz; > 0 for all z € RY9. Up to this point the formula for
F&) (z,)) has not been necessary.

I w ( )zizj =0 then > 7 a,\ log £ (., \) z; = 0 and it follows that
(using that w > 0 and the formula for the spectral density) Y7, f;i_;; = 0 for
all x # 0. Writing a; = p;\iz; for each 1 = 1,2,3,...,q, and taking the derivative
q times in the equality > 7 = 0, and taking limit when x — 0, we obtain

i=1 )\2+12
q _
>im1 @i =0
q 2 _
> im1 O‘i a; =0
q
-1 a al =0

Where o = /\_ . As the \}s are distinct we may use well known facts about the
Vandermonde determinant, to deduce that a1 = as = ... = a5, =0, thus z; = 23 =



1128 J. Kalemkerian and J. R. Leén

. = zg = 0 and the matrix W; (X\) is positive definite for each A. Analogously,
working in L? (w?(z)dz) yields that W5 ()) is positive definite. This concludes the
proof.

O
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