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Abstract

Multivariate processes with long-range memory properties can be encountered in many
applications fields. Two fundamentals characteristics in such frameworks are the long-memory
parameters and the correlation between time series. We consider multivariate linear processes,
not necessarily Gaussian, presenting long-memory dependence. We show that the covariances
between the wavelet coefficients in this setting are asymptotically Gaussian. We also study the
asymptotic distributions of the estimators of the long-memory parameter and of the long-run
covariance by a wavelet-based Whittle procedure. We prove the asymptotic normality of the
estimators and we give an explicit expression for the asymptotic covariances. An empirical
illustration of this result is proposed on a real dataset of a rat brain connectivity.

Keywords. Multivariate processes, long-range memory, covariance, wavelets, asymptotic
normality, cerebral connectivity

Multivariate processes with long-range dependence (LRD) properties can be found in a large
scope of applications, such as geoscience (Whitcher and Jensen, 2000), finance (Gengay et al, 2001)
or neuroscience (Achard and Gannaz, 2016a). Extensions to multivariate settings was intiated
by Robinson (1995) and this topic has encountered much interest over the last several decades.
Several models have been proposed, like multivariate ARFIMA models (Lobato, 1997; Sela and
Hurvich, 2008). Kechagias and Pipiras (2014) give properties in time and spectral domains of linear
representations of multivariate LRD processes. A nonlinear example of multivariate long-range
memory processes is also proposed by Didier et al (2011), where a multivariate Brownian motion
is defined.

We focus on semi-parametric estimators, which are more robust to model misspecification
(Robinson, 1995). A common estimation procedure in this framework is Whittle estimation, which
is based on a Fourier representation of the processes (Lobato, 1999; Nielsen, 2011; Shimotsu, 2007).
The authors establish the consistence and the asymptotic distribution of their estimators. More
recently, asymptotic normality of estimators was provided by Baek et al (2020), in prolongation



of Robinson (2008), in a multivariate framework where components can be co-integrated. An
estimation with a Lasso penalty was also proposed in this setting by Pipiras et al (2017) and Diiker
and Pipiras (2019) established the asymptotic normality of this procedure.

As an alternative to Fourier, wavelet-based estimators can be used. Wavelet transforms are
interesting especially because the wavelet analysis performs an implicit differentiation, which
offers the possibility to consider non stationary processes. Wavelet-based Whittle estimation
was introduced in Moulines et al (2008) for univariate LRD time series. It was generalized to
multivariate setting by Achard and Gannaz (2016a). Estimators are consistent and they have
theoretical rates comparable to Fourier-based estimators. The numerical performances of wavelet-
based and Fourier-based estimators are also similar, as illustrated in Achard and Gannaz (2019).

This paper considers linear processes, not necessarly Gaussian, with long-memory properties. The
two main characteristics we are interested in are the long-memory parameters, which measure
the LRD behavior of the processes, and the long-run covariance, which captures the dependence
structure between the components. Long-memory parameters and long-run covariance are
estimated jointly with the procedure described in Achard and Gannaz (2016a). Our goal is to
establish the asymptotic normality of these estimators. Roueff and Taqqu (2009a) prove that this
asymptotic normality is acquired in univariate setting, but no result was provided for wavelet-
based estimation in multivariate setting. We first state that the covariances between the wavelet
coefficients at a given scale are asymptotically Gaussian. Asymptotic distributions of the estimators
of long-memory parameters and long-run covariance are then obtained.

The paper is organized as follows. Section 1 introduces the specific framework of our study. The
long-memory properties of the processes are described and assumptions on a linear representation
of the time series are given. The wavelet representation of the processes is also synthesized. The
asymptotic behavior of the covariance between wavelet coefficients is given in Section 2. Wavelet-
based Whittle estimation is considered in Section 3. Asymptotic normality of the estimators is
established. Section 4 illustrates the asymptotic normality of the estimators on a real data example,
with the study of functional Magnetic Resonance images (fMRI) on a dead rat.

1 The semiparametric multivariate long-memory framework

Let X = {Xy(k),k € Z,¢ = 1,...,p} be a multivariate stochastic process. We consider a long
memory process X with memory parameters d = (dy,do, .. .,dp). Let A denote the difference
operator, (AX); = X;11 — X;. The k-th difference operator, AF, k € N, is defined by k recursive
applications of A. For any D > d — 1/2, we suppose that the multivariate process Z =
diag(APr, ¢ =1,...,p)X is covariance stationary with a spectral density matrix given by:

for all (£,m), <D€""”><A>=%oamu—f“r@(l—e“)*d‘?ﬂfzmw A€ [-m 7,

{,m

where the long memory parameters are given by d;, = d,, — D,, for all m. The functions fﬂs 2 ()
correspond to the short memory behavior of the process. The generalized cross-spectral density of



processes Xy and X, can be written:

1

frn(R) = 5-Opu(1 =) (1= ) (1), A€ [~ 7]

The spectral density of the multivariate process X is thus,

fA) = Qo (A°Q)fS(MA’(d)), Acl-mn],  with A%d) = diag((1—e )~
where d = D + d°. The overline is the conjugate operator and o denotes the Hadamard product.

The spectral density f5(+) corresponds to the short-memory behaviour. The matrix ) is called
fractal connectivity by Achard et al (2008) or long-run covariance matrix by Robinson (2005). Similarly
to Achard and Gannaz (2016a); Moulines et al (2007) we assume that f°(-) € H(B,L) with
0 < B <2and0 < L. The space H(p, L) is defined as the class of non-negative symmetric functions
g(-) on [rr, 7t] such that for all A € (=7, 77), ||g(A) — g(0)]|eo < L||g(0)||e|AIP.

When A tends to 0, the spectral density matrix can be approximated at the first order by:

fA) ~Ad)QA), Ae(0nr],  with A(d) = diag(|A| de-7d/2). (1)

Lobato (1999) used A(d) = diag(/\*d) as an approximation of f(-). Whereas Shimotsu (2007)

chose to approximate f(-) using A(d) = diag()\*de*i(”*)‘)d/ 2), which corresponds to a second
order approximation due to the remaining term A in the exponential.

We refer to Section 2.1 of Achard and Gannaz (2016a) and references therein for examples of
processes which satisfy approximation (1).

1.1 Linear decomposition

We suppose hereafter that the multivariate process admits a linear representation.

Suppose that there exists a sequence {A(u)},cz in RP*? such that ¥, ||A(u)]|%, < co and

vt, APX(t)=p+ Y A(t+u)e(u)

UEZ

with &(t) weak white noise process, in RP. Let F;_; denote the o-field of events generated by
{e(s),s < t—1}. Assume that ¢ satisfies E[e(t)|Fi—1] = 0, Ele,(t)ep(t)|Fi-1] = 1,— and
Eleq(t)ey(£)ec(t)eq(t)|Fe1] = Haped With | pea| < oo < 00, foralla,b,c,d=1,...,p.

Define for all A € R, A*(A) = Y,z A(t)e*! the Fourier series associated to {A(u)},cz. We add an
additional assumption:

(A) Forall (a,b) € {1,...,p}? forall A € R the sequence (27/% | A% ,(277A)])jz0 is convergent as j
goes to infinity.



This assumption is necessary for technical reasons. It does not seems restrictive. Indeed remark
that for all (a,b) € {1,...,p}*, for all A € R, the sequence

(Zul (2724 A% (27T0)) (272 A (2*]')\))> _, converges (see (12)).
’ ’ j

=

An example of process which satisfies these assumptions is the causal multivariate linear
representations with trigonometric power law coefficients proposed in Kechagias and Pipiras
(2014).

1.2 Wavelet representation

We introduce a pair of wavelet filters (¢, ) satisfying:

(W1) The functions ¢(-) and ¢(-) are integrable, have compact supports, [, ¢(t)dt = 1 and
[y*(t)dt =1;

(W2) There exists & > 1 such that sup, g |[$(A)[(1+ |A])* < oo, i.e. the wavelet is a-regular;

(W3) The mother wavelet ¢(-) has M > 1 vanishing moments.

(W4) The function Y iz k‘¢ (- — k) is polynomial with degree ¢ forall ¢ = 1,..., M — 1.

(W5) Foralli=1,...,p, 1+B)/2—a < d; < M.
At a given resolution j > 0, for k € Z, we define the dilated and translated functions ¢;, k(1) =
2712927 - —k) and ;i (-) = 277/2p(27/ - —k). The wavelet coefficients of the process X are defined
by

Wik = / X(H)pjx(t)dt j=>0,keZ,

where X(t) = Yz X(k)¢(t — k). For given j > 0 and k € Z, Wj is a p-dimensional vector
Wi = (Wix(1) Wix(2) ... Wix(p)) where Wi fR}Q ;i k(t)dt.

As the wavelets have a compact support, only a finite number 7 of coefficients are non null at each
scale j. Suppose without loss of generality that the support of ¢(-) is included in [0, Ty] with Ty, > 1.
For every j > 0, define

nj:=max (0,27/(Nx — Ty +1) — Ty + 1).

At each scale j, the non-zero coefficients belong to { Wi, k =0,...,n;}.

Let jo be the minimal scale and j; = jy + A the maximal scale which are considered in the estimation
procedure. In the following, n will denote the number of wavelet coefficients used for estimation
and < J > the mean of scales, that is,

1
n=Y nj and <.7>—on]]

J=Jo J=o

Define also
A D—u A o—u
WA::L;JL{2—2*A and KAZZMX:%)(H—WA) > 5h"




These sequences converge respectively to 1 and to 2 when A goes to infinity.

Let
D, (A;0) = Z A+ 21‘7‘[’75mzu/2$(2u(/\ +2t77)) e~ i2'T(A+2tn) ,
teZ
2741
Dyeo(A;6) Z D, <(A;0). )

Moulines et al (2007) establish that under assumptions (W1)-(W5) D, -(A;¢) is an approximation
of the cross spectral density between {Wj;, k € Z} and {W;,,,2" +7, T = 0,...,2" =1,k €

Z}. Function Dy (A;0) will appear naturally when taking into account the between-scales
dependence.

2 Asymptotic normality of wavelet covariances and correlations

Define 0,;,(j) the empirical covariance of the wavelet coefficients at a given scale j, between
components 2 and b, and let 0, ,(j) denote the theoretical covariance,

O-ab *ZW )

nj =0
Oap(j) = E[W, x(a)W;i(b)].

Proposition 2 of Achard and Gannaz (2016a) proposes an approximation of the wavelet covariance
at a given scale. It states that forall j > 0, forall A € (—m, 1),

00(j) = 277Gy | < CL2AHBAN, ©)
with constant C depending on 8, d, maxy ,, |Q) |, ¢ and ¢ and

Gap = Qupcos(m(ds —dy)/2)K(ds + dp)

KO) = [ 1500 Par,
K(0) being defined for all 6 € (—a, M).
The asymptotic behavior of the covariance process is given in the following theorem.
Theorem 2.1. Forall jo > 0, u > 0, define
T(jo + u) = vect (Z_fﬂ(dﬁdb)?fa,b(jo +u),a,b=1,..., p)

T(jo + u) = vect (2*70(‘1“*‘1‘1)0“,5(]'0 +u),ab=1,..., p)



where vect (M) denotes the operation which transforms a matrix M € RP1*P2 in a vector of RP1F2. Suppose
assumptions (A), (W1) to (W5) hold. Let 271 — 0 and N '2/0 — 0. Then

{V/Aora (TGo+w) = TGo+w)), w=0,...,8% 5 (", u=0,...,4}

j0—>oo
where Q.(d) is a centered Gaussian process with covariance function Vii),((a,b),(a’, b)) =
Cov(Ql(,d)(a,b), Qu(d)(a',b")) equal to

v@ ((a,b), (@, b)) = 2 ¢ 2 (datdytd -y Yuv i —|u—u'| /2

I\u—u’| (da +dy,dy, + db/) I|u—u’\ (da +dy,dp + du’)
Ga,a Go by + Gapy Go,or
K(d, +d,)K(dy +dy) K(d, +dy)K(dy +dy)

with -
1,(61,6,) = / Dryoo(A;61) Duso(A; 62) dA,
—7T

and D, (A; 87) defined in (2).
The proof is given in Section A. It is very similar to the one of the univariate setting given in

Theorem 5 of Roueff and Taqqu (2009a). It relies on decimated processes and limit theorems
developped in Roueff and Taqqu (2009b).

To simplify the expression of the variance, let define Tu (61,67) as

~ _ 1(61,02)
Iu((slr(SZ) - m

Then the variance can be written as
V;,E,du)’ ((a, b), (a/’ b/)) _ 27_[z(da+db+da/+db/)u\/u’—|u—u’\/2
(GG T (o + iy + ) + Gy Gt T (da+dyr, d + ) ) - (@)

Remark that -
S 89(A;1)gy(A; 62)dA

(S gp@i00dn) (7, gp(2i62)dA)

where gy(A;8) = Yyez|A + 2t| ~°|P(A + 2t77) 2. It is straightforward that Iy(d1,02) < 1.

TIo(01,8,) =

In the univariate setting, we obtain the same result as Roueff and Taqqu (2009a). Remark that they

use a different normalization, by \/Nx2~/ rather than by /M, u, and that | /7775 ~ / Ny2—jo—u,

Whitcher et al (2000) give asymptotic normality for wavelet correlations of bivariate multivariate
time series with long-range dependence. They prove their result under the assumption that the
wavelet coefficients are a stationary bivariate gaussian process. As stated by Moulines et al (2007),
wavelet coefficients are not Gaussian in the general case and the assumption of Whitcher et al (2000)
seems restrictive. Consequently, our result is more reliable.
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As already pointed out by Roueff and Taqqu (2009a), the covariance of the wavelet coefficients
involves between scales correlations which do not vanish when the sample size goes to infinity.
This fact contrasts with the behavior of Fourier periodogram. In the variance formulation (4), these
correlations appear through quantities {I,(d1,52), u >0, (a,b) € {1,...,p}*}.

Using approximation of {c; ,(j), jo < j < j1} given in (3), we obtain the following corollary.

Corollary 2.2. Under conditions of Theorem 2.1,

N T(jo 4 u) — vect Qulbcos(i(da—db))K(da+db), a,b=1...,p)), u=0,...,A
2

—{Qu,, u=0,...,A}.

We can deduce asymptotic normality for wavelet correlations by Delta method. We do not present
here the multivariate result for the sake of concision. We only give the pointwise result to highlight
the specificity of our setting.

Corollary 2.3. Let (a,b) € {1,...,p}?, a # b,and j > jo > 0. Define

5ou(i) = W) gy = Tabl)
Pap(j) = 50 d pap(7) 2000

Then, under conditions of Theorem 2.1,

VT (6a80) = pusli) 3 N (0.70n()

—00
with
Vap(j) =27 (T()(Zda,Zdb) + To(da + dp, da + dp) (0ap(7)* + pap(j)*)

—(To(2da, 2dp) + To 2y, da + b)) 200,(j)* = (To(2ds, 240) + To(24, 244)) pas()*/2)

In particular, when d, = dy,

. L ¥
V2 @up() = par(D) =2 N (0,27 Do (240, 240) (1 = 7, 7) -

The proof does not present major difficulty and it is thus omitted. Approximation (3) has been used
to simplify expressions. Remark that when parameter d, and d; are equal, we recover a traditional
form of the variance for a correlation.

Whitcher et al (2000) used the assumption of the convergence of the Fisher transform of p,;(j) to
a standard Gaussian distribution at a rate ,/7;, when the correlation p,;(j) is equal to zero. The
authors suppose that wavelet coefficients are independent, which is asymptotically satisfied when
the regularity of the wavelet goes to infinity (McCoy and Walden, 1996). Corollary 2.3 illustrates

- -1/2
that an additional normalization by (27110 (2d,, Zdb)> of p, »(j) is necessary.
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Wavelet correlation at a given scale is also known at wavelet coherence. It is used in some
application, as in environnemental studies by Whitcher et al (2000), or in neurosciences in Achard
et al (2019). In such real data applications, the crucial point is the access to test procedures. In
particular, the test of the nullity of the correlations at a given scale is essential. Yet Corollary 2.3
shows that the asymptotic distribution depends of the long-memory parameters d. An additional
step is thus necessary to provide test statistics, e.g. by plugging estimations of parameters d.

3 Asymptotic normality of the parameters estimates

For a better understanding, the true parameters are denoted with an exponent 0 in this part.
Let d and O be the Wavelet Whittle estimators as defined by Achard and Gannaz (2016a). They
maximize the criterion
1 1
L£(G(d),d) = - } | |njlogdet (A;(d)G(d)A;(d)) + ) Wi, (Aj(d)G(d)A;(d))  Wik|,
J=io k
where the superscript T denotes the transpose operator and A;(d) and the matrix G(d) are given
by:
Aj(d) = diag <27d>
Gym(d) = Qy , K(dy +dp) cos(mt(dy — dpm)/2) . (5)

The estimation of the vector of long-memory parameters d satisfies d = argmin R(d), with
d

. i 4
R(d) = logdet(G(d)) +2log(2) (rlz Zjn]) (; dg) .

J=io
The covariance matrix () is estimated by

~

Oy = Gy (d)/ (cos(t(dy — dw) /2)K(dy + dyy)),
il
where G(d) = ) mA(d) 'E()A(d) ©
j=jo
with Z(7) = (G5 (j))ap=1,...p-

The following theorem gives the asymptotic normality of the estimation of the long-memory
parameters.

Theorem 3.1. Suppose assumptions (A), (W1) to (W5) hold. Let

j1—jo—=Ae{l,...,0}, jo(Nx27)"V/8 5 0and Nx2~(1+28) _ 0,



Then v/n (a — d°%) converges in distribution to a centered Gaussian distribution with a variance equal to

0-1 _ 0 1w (A) (01 . (0 1
log()(G oG +1,) "W (G oG +1,) 7,

with component (a,a’) of W), for (a,a’) € {1,...,p}, given by

WS = Y G0 VG (G Gy Ta(d)+d0, d) + dY) + Gy Gy Ta(d) + dY, d% +d))  (7)

a,a
b,b’

where quantities Tp(61,02) are defined by

2
Ia(61,62) = *10((51,(52) (8)
2 A 5 5 2 _ 27A+u _ '
+7 Z (2 +2%2) 27— (= 1pa) (u = s = o) 1u(61,02) - if A < oo,
A u=1
Teo(81,82) = To(61,82) + Z (210 4 212) 274 T (81,8,) , if A = co.
u=1

©)

Quantities (G,), 001 denote the (a, b)-th elements of GO~

The proof is given in Section B.

In univariate setting, we recover Theorem 5 of Roueff and Taqqu (2009a), using the equality

A—u -0 2 _ 2—A+u
Z m(” —na) (U —v—1p) = ﬁ(“ —11a) (U = 1A —Na-u),
v=0

in (8). Remark that we also normalized by /7 rather than \/Nx2/o.

If the vector d is constant equal to d, the resulting covariance is

7T

0—-1 0
Sogp T ) (G0 G +1,)!

We recognize a usual form of the variance, similar for example to the ones given by Lobato (1999),
Shimotsu (2007) and Diiker and Pipiras (2019) with Fourier-based Whittle estimators. Remark that
they used a different approximation of the spectral density at the zero frequency. Lobato (1999) and
Shimotsu (2007) considered respectively G° ap = (a pei™da=d)/2 and GY = Q. Diiker and Pipiras
(2019)’s model is more general and does not suppose a linear representation of the time series.
Their result is valid for a general form of matrix ). Remark also that Baek et al (2020) establish
asymptotic normality of estimators in a bivariate model with possible co-integration.

Consider the bivariate setting with Q) = (; g > and d; = dy = d. The variance matrix is equal to

_ _ . . 1—p%/2 2/2 . .
(G 1oG+1,) 1202(01,]1—]0):( pzf;z 1ﬁpz/2> o> (d, jr = jo),

9



where 02(d, j; — jo) denotes the variance of univariate components. This result proves that we
reduce the variance when we do multivariate estimation rather than univariate estimation. A
similar conclusion was provided for Fourier-based estimation by Lobato (1999) and Nielsen (2011).
Achard and Gannaz (2019) support this assertion on simulated data. In real data application,
Achard and Gannaz (2016b) also establish that the multivariate approach performs better than the
univariate one, comparing their application on fMRI data where subjects were scanned twice.

Even if the form of the variance in Theorem 3.1 seems complicated, it would be easily computable
once the quantities €) is given. Yet it prevents from building directly a test procedure on parameters

d.

We now study the asymptotic behavior of the estimation of the long-run covariance. We give a
result on the estimation of G’ = G(d°) by G(d), defined respectively in (5) and in (6).

Theorem 3.2. Suppose assumptions (A), (W1) to (W5) hold. Let
1—jo—=Ae{l,...,00}, jo(Nx2770)"1/® - 0and Nx2 70(1+28) _ 0

Then wvect (ﬁ (@ub(a) — ng) ,a,b=1,.. .,n) converges in distribution to a centered Gaussian

distribution with a variance equal to WG(A), with

G(A
Wy = 270 (GO GOW TS (da -+ du, dy + diy) + GOy Gl I8 (o + iy, iy + ) )

where

2 -2 A

(2”(51 + 2u52)2—u 5= Z—A Iu ((51,(52) l.fA < o0,

gl

TS (61,6) = Ip(6y,62) +

=
Il
—_

(2u51 + 2u§z)27u Tu((sll (52) lfA - 0.

gk

T8(81,82) = To(61,82) +

=
Il
—_

The proof is given in Section C.

As previously, we can state a similar result for correlations.

Corollary 3.3. Let (a,b) € {1,...,p}? a # b. Define
~ ég b(a) Gt(z),b

Then, under conditions of Theorem 3.2,
N L ~ .
Vi (Fap = 1ap) =2 N (0, W5 (7))
]—00 4
with
WEB) — 271 (Tx(2dy, 2dy) + Ta(dy + dy, do +dy) (12, + 7+
ab = T A( ar b)+ A( atdpds+ b)(ru,b+ra,b)
—(Za(2da, 2dp) + Tp(2dp, da + dp) ) 275, — (In(2d4, 2d,0) + Ia(2dy,2dy)) 12 ,/2) .

10



In particular, when d, = dy,

Vi(Fap = Tap) —= N (0,270 Ta(2da, 2d,) (1 - 12,)%) .

]—00

The proof does not present difficulties and it is omitted. @ The covariance structure of
vect (7,p, a,b =1,...,p) can also be deduced from Theorem 3.2 but it is not displayed here.

The result is very similar than the one presented in Corollary 2.3. Remark that, for all (a,b) €
{1,...,p}? the sequence (p,;(j))jz0 converges to r,; as j goes to infinity. The strength of
Corollary 3.3 is that all the scales are used to estimate r, ;,, which reduces the variance.

Similarly to Corollary 2.3, the variance depends on parameters d. Hence a test procedure cannot be
directly derived. Diiker and Pipiras (2019) propose a global test for non-connectivity. A similar test
would consider (Hy) Va # b, r,), = 0 against (Hy) 3a # b, r,; = 0. In our setting, the variance of
to» under the null hypothesis is equal to 2774 (2d,, 2d;,), which still depends of parameters d, and
dp.

We can go further than Theorem 3.1 and Theorem 3.2 by giving the joint distribution of estimates d
and G.

Proposition 3.4. Suppose assumptions of Theorem 3.2 hold.
Let T = (a —d° wvect ((@alb(do) — Gg{b) ,a,b= 1,...,n>).

Then /n'T converges in distribution to a centered Gaussian distribution.

A proof is given in Section D. An explicit form of the covariance term is given in (36)-(37). It is not
displayed here to gain in clarity.

Baek et al (2020) and Diiker and Pipiras (2019) also obtained that the estimates of long-memory
and of long-run covariance converges jointly to a Gaussian distribution in a Fourier-based Whittle
estimation framework. As stated before, they consider a more general model, allowing for a general
form of the matrix Q).

4 Tllustration on real data

We choose here to illustrate the asymptotic Gaussian behavior on real data either than on
simulations. We consider fMRI recordings on a dead rat. The dataset is freely available at
10.5281/zenodo.2452871 (Becq et al, 2020a,b). The duration of the scanning is 30 minutes with a
time repetition of 0.5 second so that 3,600 time points are available at the end of experience. After
preprocessing as described in Pawela et al (2008), we extracted 51 time series, each time series
being associated with a brain region of the rat. We expect that the long-memory dependence and
the long-run covariance are closely linked to the brain activity and not to recording artifacts. We
would likoe to check this assertion on the dataset. This means that we expect d’°=0anda diagonal
matrix G".

11
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Suppose d’ = 0 and G is diagonal. Theorem 3.1 and Corollary 3.3, with A = oo, give

~ 7 7T

Va,b=1,...,p, a £ b, /nFpy — N(0,27Z5(0,0)).

Figure 1 shows that the estimations of d and the estimated correlations (Tp) are closed from
Gaussian distributions. Observed and theoretical standard deviations are given in Table 1.
Theoretical standard deviations have the same order of magnitude than empirical observations.
Theory slightly overestimates the empirical standard deviations of the estimations of long-run
correlation. These observations tend to confirm that long-memory and long-run covariance result
from brain activity.

=>

o>

0 — 0 —
© __ © -
2 B 2 B
2 < g < o
(4] (4]
[a] [a]
N~ N
o J [ |7 o J
[ T T T T T 1 [ T T T T T 1
-03 -0.2 -01 0.0 0.1 0.2 0.3 -03 -0.2 -0.1 0.0 0.1 0.2 0.3

Figure 1: Histograms of long-memory estimators d (left) and of long-run correlation estimation
{/r\ﬂ,b/ a/b — 1/ . ‘/p/ a # b} (rlght)

Parameter Observed standard Theoretical Theoretical
deviation with finite A with A = o0

Long-memory d 0.061 0.054 0.061

Correlation (7,5) 45 0.057 0.083 0.084

Table 1: Standard deviations of the estimators of the parameters on the rat dataset. Estimation was
conducted with jo = 4, A = 4 and n = 405 wavelet coefficients.

Conclusion

In this paper, we consider a multivariate process with long-memory properties, with a linear
representation. We first establish that the covariance between wavelet coefficients is asymptotically
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Gaussian. The variance is explicitely given, and the convergence is established under mild
assumptions on the wavelet transform and on the process. Asymptotic normality for the wavelet-
based Whittle estimators defined in Achard and Gannaz (2016a) is also provided.

An essential point for real data application is the development of statistical tests, on the long-
memory parameters and on the long-run covariance. For example, as illustrated here on a real
data example, these characteristics are intrinsically related to the brain activity recordings in
neuroscience. Some works highlighted that their distributions can be modified by pathologies (see
e.g. Maxim et al (2005) and Achard et al (2012)). Statistical tests may be useful to assess rigorously
such observations. The variances obtained in the present work show that the estimations are highly
correlated. Additional work is necessary to propose test procedures.

A Proof of Theorem 2.1

As the wavelet { admits M vanishing moments, at each scale j > 0, the associated filter H; is
factorized as H;(A) = (1 — eM)M]i:]Ij(/\), with ]ﬁlj trigonometric polynomial, ]ﬁlj()x) =Yz Ej/tei”‘

Since M > D, the wavelet coefficients can be written as

Wik Zh (APX,)(t) = Y Ba(j, 2k —t) &(t)
] 2]k i’ 7 Vs
teZ " teZT“?ﬁ’

where By(j,2/k — t) = Ej/z]’k_t(AM_DAu)(t). Foralla =1,...,p, the sequence {B,(j, u) },cz belongs
to /?(Z). Define ‘
Ara(A) = (2r) " Y2Y Agu(t)e ™, L ER.
tez

Letj > 0and k € {0,...,n]- — 1}. Following Roueff and Taqqu (2009a), we introduce a new
indexing. This indexing is motivated by the study of the asymptotic normality for the vector
(7j,(a,b),...,7;(a,b)) and it would not be necessary if we were interested only in 4;j(a, b). Let u =
j—jo,u € {0,...,A}, and define (i,s) such thatk = 227%(s — 1) + i, withi € {287%,... 2874+l 1}
and s € Z. We have 2k = 2/1(s — 1+ 2“7%i). Index i varies from 1 to N = 221 — 1 and each couple
(j, k) corresponds to a unique couple (i,s). We can express wavelet coefficients in an uniform way:

2" 7°d“W k(a) =) Z v, 2]15 — ey (t)

teZa'=

with ) ‘ ‘ o
oW (t) = 270 % B, 4 (j, 21 (i — 2 7T) + 1), j = j1 — |log,(i)],

1]0

where [log,(i)| = A — u denotes the integer part of log, (7). Denote

15]0 Z Z Z) 2]15 - t)ga ( ) =2 ]Odaw 2~ lloga ()] (5 — 1)+z‘(’1)-

teZ a'=

13



Forallu =0,...,A, denoting j = jo + u, the empirical variance satisfies

—1
, o 1" , ,
2P EIWG () = - B 2PN W(a) 2P CW(h)
J k=0
R 2A—u+l_ 1 njl_l Ttp (2A7”71)
=YY n Y Yiep@b) Y Yo (ab),
] i=28-u 5=0 i—Dh—u
Sijo (ab) R;(a,b)

with

Yisjo(a,0) = Zisjo(a)Zisjy (1) -
Indeed, when's € {0,...,n;, —1}andi € {247%,... 2871 —1} thenk = 2%7*(s — 1) + i varies in
{0,...,2%7"nj, — 1}, and when s = nj andi € {2474,... Ty (227" — 1)}, then k varies from 2%~ "n;,
t0 287" (nj, — 1)+ Ty (22" —1) =27 (Nx — Ty +1) = Ty = n; — 1.

The vector of empirical correlations at different scales satisfies

Tap(jo) S1,jo(a,b) Rj,(a,b)
e N LY : +|
Tap(f1) SN,j,(a, D) Rj (a,b)
with
28 times
—_
0... ... 0 ntl.nt
Jo Jo
28-1 times
Ay = -1 -1
0... ... 0 N (i 0...0
L : :
n 0... ... ...0

-----

,,,,,

negligible.

(ll,l)l/))

A.1  Preliminary results on (v

Introduce ) , ,
o (A) = 2m) 2 Y o (e M, A eR.

/J0 LJo
teZ

(a,a’)x

We have [v(a.’a,)(Zjls —H]*(A) = 0% (A)e 1215, We first give some results on the behavior of
( /) LJo Lo
<U a,a *)

ifo

14



Lemma A.1. Define foralli,i’ =1,...,N,

w(ﬁf;b)*(A) -0, befisz'gn()x) 7e(da—dp) /2 p(u—8)/2+(u' = 8) /2+A (da-+dy)
1,1 ,

m{ﬁ(zul—A/\) |A|—dﬂ—db ei(zuiA(i—l)—2”,7A(i/—1)))\,
withu = A — |log,(i) |, ' = A — |log, (') |.

Foralli=1,...,N, forall A € R,

36, >1/2, ¥jo >0, Ya,b =1,...,p, sup 271/ f] by (A)’ (1+2|A])% < oo (10)
[A|<m
. )
30D (1), Fo"* (A, 2771/ 2@ (1) (27 p)e R0 BN p@b)x ) (11)
1,]o 1,00 1,]o j0_>0 1,00
2 Z ol (2ol (2710) — wli (). (12)
]04)00

Proof. Let us give some preliminary results. Remark first that

a,a’)* b,a' ) —io(d, _ 2 5y
ol (Aol (1) = 270 Wet) (2) 1 |H ()P A7 (N)Aj (M)

a,a’
and

—d,—d
au’ Aba/ ) = |fa,b(/\)| < C|/\| v

The last inequality results from the fact that |f,5(A)| < L(1 + 7f) maxg,, [Qgm| |1 — e ~4~ and
£5, 0] <L+ 7).

Moreover, Moulines et al (2007) established that
. .M ,
(27) 71 [H;(A)| < C2I72 ‘212\‘ (1+2 [A])*M (13)

where « denotes the regularity of the wavelet function ¢. Thus, since d, +d, < 2 M,

< € 2U—jo)(datdy) 2/(1 + 2| A|) 2,

Z vl]o Z]() ) ()\)

ﬂ/_

When j — jo is bounded,

< C2A(1+2|A|) 2 dads (14)

P ——F ,
Y ol % ()0l (1)
=1

L,Jo

Now, consider the proof of Lemma A.1. Foralla’ =1,...,p,

o7 (1) = 27 E , (A) A (A)el (220,

L,Jo

15



Using equation (14),

sup 277 v

10
a'=1,.. ]

l]o ‘ 22 ]

Inequality (10) follows as we have a +d, > 1/2.

] < C(1 42/ |A]) 224,

Proposition 3 of Moulines et al (2007) states that that for all j > 0, for all A,
H(A) = 22p(V)$(@IN)| < c2/2 7 M (15)
Let ®; ;,(A) be the argument of vl(;(’)b)* (A). We have

’2 ]1/2 (”b) (2 ]1/\) ( )(2 ]])‘) —92- A/24+NAd, A(Z_jl)L)I/P\(ZU_A)\)Z_jld”AZb(z_jl)\)"

< Cz]'(l/Z—fx—M)Jr(u—A)M|A|M2—A/2+Ada

e, (271 (16)
Using the inequality
d ™G e ™G 2jud ‘ 2d
20 Az 20| <2720 Y | An, 2| = 2720 fa (27 )] < CIAL R,
a'=1
and the fact that 1/2 —a« — M < 0, we obtain that the bound in (16) goes to 0 when j; goes to

infinity. By continuity, |#(27/11)| tends to |$(0)| = 1 when j; goes to infinity. We conclude (11) by
Assumption (A).

Inequalities (15) and (13) lead to:

H(AHy (A) - 272 2(G(0)] (1))

< 22§ BN + [ ()| [ (1) — 2726(1) §@0)|
< C2j/2+jl/22—jtx—j/v( ’/\‘ZM )

Using the equality }./,_, A* ndl (/\)AZ o (A) = fap(A), we get:

P
2 Y A )

a'=1

it 2 G2 2)] GRIF AN faa (@A) N

fa,b(z_h)\)‘

< 271 oda—jody

H; (2 T A (2712) — 2724 2§27 ) | (@A) $ (T |

c2~ ]12 joda ]odhz(]Jr])(l/Z x— M)Z(quu/fZA)M |A|2M lz—jl)&rdafdb

<
< C'2~ (j+j") (a+M) 2(u+u —2A)(M+1/2) 2A(da+db) |A|2M—da—dh )

The right-hand side goes to 0 when jo goes to infinity uniformly for A € (-m, 7).
As [p(2711A) ‘ ‘qb )] = 1 and as f,;,(271A) satisfies approximation (1), we obtain

convergence (12) O
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A.2 Asymptotic normality of S; ;(a,b)

The steps of the proof of the asymptotic normality of ), , u,,S; (a, b) are the following:
* We approximate {Y;.;(a,b), i =1,... N} by a m-dependent process {Y (a b),i=1,...N}

e We establish that {Y (a b), i .. N} is asymptotically normal when j goes to infinity,
using Proposition 2 of Roueff and Taqqu (2009D).

* We obtain the asymptotic normality of }_, ua,bsggg)( b) = _1 Z Yis,o(a,b), thanks to
Proposition 3 of Roueff and Taqqu (2009b).

* The asymptotic normality for ), , #,,S;,(a, b) is obtained by letting m goes to infinity.

A.2.1 First step, approximation by a m-dependent process

Following Roueff and Tagqu (2009b), we introduce a non-negative infinitely differentiable function
H defined on R such that H(0) = 1 and H(t) = 01if || > 1/2. Denote by H its Fourier transform.
There exists ¢y > 0 such that [H(A)| < cy|A| % forallu > 1and 5~ [* H(A)dA = H(0) = 1.

Let define

Ul(f;[,]ﬂ,,m)(t) = vl(] )(t) H(z_]lt/m) , t e R,

(aa'm)x -1 —A_m > 5 (aa)x —j
vijou "R = (2m) ﬂévzm M= 27 ) H(m‘f)vi,?'u (A=2711¢)dg, AER,
Zo0 =1 ): ol (2 — Dea(r).
teZa'=
T
Then vectors Zg; (a,b) = (ZY:)]O(Q) Z;,ms)]()(a) Z%":?O(b),...,zl(\,";)/jo(b)> are m-dependent
relatively to index s. That is, for all g > 1, for all (s;...,s,;) such that s, > s, 4+ m, vectors
Zgl ])O(a b),. Zs( ]) (a,b) are independent.

We shall first study (Y Y )(u b))i=o,..N,—1, with Y™ (a,b) = zm (a)ZFm? (b),fors > 0.

1,5,jo i,5,jo 1,5,jo i,5,jo

A.2.2 Second step, asymptotic normality for variables Y (")

We first give some results on the behavior of (vl(;[’)”,’m)) and (Ulgj(’)ul’m)*), similarly to Lemma A.1.

a,b,m)

Lemma A.2. Foralli =1,...,N, forall m > 1, sequences {v ,a,b=1,...,p, jo = 0} verify the
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following properties:

Vjo = 0,Va = ..,p,ZZv“m 2]1s—t)2<oo 17)
teZa’
sup oo >(2f1 H| — 0 (18)
a=1,.,pa'=1l..p teZ ] Jo—roo
And forall m > 1, for all (a,b) € {1,...,p}? forall (i,i") € {1,...,N}?and (s,s') € {0,...,nj, —1}?,
there exists ZEZ. S)) (@ s,)(a,b) such that

Y f o WM (s — Pl (20 — 1) — =0 L (a,b). (19)

tZama o fo—vo (B)AI")

Proof. Inequality (10) and Lemma 5 of Roueff and Taqqu (2009b) entail that

ol (2)| < €2 (14 2|A)

L]0
with C not depending of A, m, nor j. By Parseval’s theorem and a change of variable,
(a,a’,m) (a,a’,m) 2 —20
o) (g — / W) d/\<—/ (14 |A]) % da,
teZZ: 1,jo \/7 1]0

which implies (17). Similarly, (18) is obtained with inequalities

sup |0 (2715 — )| < oo m) 2]1s—t / p & m) A
te§’ )’ te% iy \/ﬁ Vijp (A
C :
< 72—1/2/ 1+ |AD) % dA.
22 [T )
Recall that
ot i) = 2 [ Ame)elf @7 (A - 8)de.

By (11), v(”.’”/)* (2771(A — &)) converges to vl(i: s (A —¢). We can apply dominated convergence and

we obtain that v(” ' m)x (27711) converges to

ol @iy = 22 [ (A -y
when jy goes to infinity. Denote
p
(a,b,m)x* 1s i (a,a’ ,m)x (ba ), (]
0 (A) = lim 27 azlzlvi,fo Aoy 2T (20)

As stated above, w(ﬂ,bm (A) = 2 (@ m)*(/\)vgb’u/’m)*()\).

=1 zoo 1’00

18



Foralla,b=1,...,p, using Parseval’s inequality,

Z Z aa ) 2]15_ t) (bu m)(z]'ls/_ t)

teZa'=

21 P
(a,a’ ,m)x* (ba )% (i i(s—sA
_/ 270 Y7 ol (2 Ay P (27 el A,

217

Convergence (19) follows with

£ @ b) = [ wlit () et an,

(i,5),(i,8") ii

Convergence under the integral can indeed be applied thanks to dominated convergence. O

Foralla=1,...,p,let

Z(a) = (27 (), 24, (a)... 23 (@)

Jo 1,8,jo 2,5,jo Ns,jo §=0,..mj; 1
e

By Proposition 2 of Roueff and Taqqu (2009b),

we get that (Vect (Z](;”)(a),a =1,..., p) vect (Z}m)(a),a =1,..., p)) converges in distribution

to ( vect Z(m) a),a=1,..., vect Z( ) ,a=1,..., , which follows a centered Gaussian
io p p
distribution with )
~(m ~(m
Cov(Z\") (a), ") . (b)) = (i) i (a,b).

Fors =0,...,n; — 1, denote

Y (ab) = (Y1 (a,0),... Y (@)

and Yg}? = Yab=1,..p ua,ng,'?O)(a,b). The continuous mapping theorem implies that Y](-;n) =
(Yg'z))szo,m,n, _1 converges in distribution to \N{(m) = (Zmb:l U, injo)(a,b)L_O o with
=Vl =

g™ 7"
s]o ((Z b) ( Es)(a)Zer)(b)>i:1 N

We now prove that conditions of Proposition 3 of Roueff and Tagqu (2009b) are satisfied.

Lemma A.3. Forallm > 1,

sup supsup E[Yl(s )] < co. (21)
i=1..,N 530 jo=0 J0
Vs,s' >0, lim Coou(Y, ( ) Ygf”.)) = Cov(?gm),f{élm)) (22)
]0—)00 /Jo
1/2£_1 (m) (m)
1. 1 — m — m
lim ]_Olir;o Cov(l S;)YS,O )=T (23)
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with T = Yap=1,..p La p/=1,..p Ya buu/,b/l’( )((a,b), (a', 1)) and

.....

ii ii ii ii

rim )((a b), (a, 1)) :27_[/ @((a’a/’m))*(/\)@Q’b,’m)*()\)d)\—|—27‘[/ ZT)(q,b’,m)*(/\>w(l7a )% (M)dA,
—TT

where wl(‘:,b M) = Yyeg wl(f,b M (A + 2477, function w( "™)* being defined in (20).

Proof. First, (21) follows from the fact that IE[ s ]0] Yap—1. uu,bZE;ﬂs)) (i) (a,b).

~ _ _ _ T
Vector (ng)(a) ng)(b) Zgﬂ)(a’) Zg/’”)(b’ )) follows a centered Gaussian distribution, with

covariance given by %("). We can therefore use Isserlis’s theorem. We get:

E(YY )
Yttt yB(Z ()2 (0) 2 () ZIW (1))
ab,a’ b’ ’ ’ ’ ’
( ) (m) (m) (m)
= e o (20,0 @D ZG0 1 (0 8) 20 o @0V ZE ) (B8

(m) 1y (m) ,
+Z(i,s),(i/,s/) (ﬂ, b )Z(i,s),(i’,sl) (b, a ):| .
It results that:

COV(YZ s 7 l . lgb/ Ug pUg! b [ (m)) (@, )(ﬂ a/)ZEZ?),(i,’S,) (b/ bl)

Additionally,

zs]o Zuab [ZZU{M ) 2715_ ) Z(,I]”’ m)(zh )]

— Z ua,bZ(m) (a,b).

We deduce that it is sufficient to prove that, when jy goes to infinity, E(Y; jo Vit ]-0) converges to

bty e [ 01, (B R )3, (0 0) 4 2 3,0 (@ )25 g3 ) (@, 8)
(m) (m) )
+Z(i's)'(i/s) (a, b)z(i’,s’),(i’,s’) (a',b )}

to obtain equality (22).
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We have

E(Y™ Y™

i,8,j0 ~ 1,8 jo
(a,a1,m) 1mj (b,ag,m) (' a3,m) (mjy ot
Yo ugptay Y. Y o™ (2 — )0y (2hs — t)vy " (218" — 1)
ab,a b a1,a2,a3,04 t1,t,t3,t4

ol (2’ — 1) Eleay (1) eas (t2)e (£3)ea, ()]

Z Ug pUg! b

ab,a’ b
galm fre (bar,m) oy o (@ a2,m) (i (V' azm) (mjy ot
Yo ) ot (@s — )oY (s — 1) | Y Y vp P (21— )y i (21— 1)
a1 h a; ty
(ZZ au1 m) 2]15 . tl) (a] ,a1,1m) (2]’15/ _— ) (ZE ll;ouzm 2]15/ - tz)vgllf;(;uz,m)(zfls/ . tz))
a1 h a; tp
ZZ au1 ) 2]15 _ tl)ZJE,b]’-(')al'm) (2]‘15/ . tl ZZ 1’;0”2 M) 2]15/ ¢ )U(,b] 2, m)(zjls/ . t2)>
amoh - az iy
R,
with

~ b . b/, , .
Rjo = Z ZU ) Zhs o ) l(] o (2]18 o t) z(lfjoa3 " (2]1 ) ( 'oa4 " (2]15/ - t) Hay,az,a3,a4

z’,]
ai,a2,a3,04

- X Tl s - 0l s - el 2 elf 2

i,jo i',jo i',j
ay,ap
a,a1,m) (ba ) (a',a1,m) (V' ,a3,m)
_ ZZ 1]01 2]15_ t)o v 2, (211 t)o Z_’]Ol (211 —t)v 11]02 (2]15 —t)
ay,ap
_ 2 Z aalm 2]15 . t) l(,b 2, m)(zh ) l(u’] M2, m)(zh )Ul(b,] A1, m)(z]l )
ay,ap

Thus it is sufficient to prove that R]0 — 0. Cauchy-Schwarz’s inequality yields to:
]0—)00

IR < (ptoo +3)

ol (215 — £yol (205 — t)ol M (20! — byl (20! — t)

LJo i 1jo
ay,ap,as,04
2
< (Hoo + 3) sup supsup |v ‘ (2]1 t) ‘
b by teZ

1/2 1/2
(szaalm 2]1s_t>2) <ZZ bazm 2]15—1‘)2) )

Conclusion follows from (17) and (18).

It remains to study (23). We have
(m) y,(m)
( Z 15]0 E i’,s ]0 ) OE E (Yz’,s,ngi’s’,jo> .
s,/ =
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When jj goes to infinity, it converges to

Y wapttgy Y (z< )(a,a)z") (b, 1) + £ (a,6)Z") (2, 1) + £ (a, b)z " )(a’,b’)> .

s,s! s,s’! s,s’! s,s'
aba b’ s,8'=0,...,0—1

Thus,

co (£, £ 2

(m) (m) (m) (m)
— Z UgpUg b E (Z(i,s),(i’,s/) (ﬂ, al)z(i,s),(i’,s’) (b/ b/) + Z(i,s),(i’,s’) (El, b/)z(i,s),(i’,s’) (ﬂ, b/)> :

Jo—re0 aba b’ s,s'=0,...,0—1

(m)

Quantity Z(Z (i) (a,b) can be written as

(m)
z“(i,s),(z",s

ii

) (a,h) = / T M )y e i gy
-7
Hence, settingv = s — ¢/,
o(aa N (b, 1)

T m)x gy —ivA T b m)x gy —ivA
=Y - o))+ / w;'y (A)e dA / w; (A)e dA ),
- -7

VEL

with (¢ — |v|)4 = ¢ — |v] if £ — |v| > 0 and 0 otherwise. Using Lemma A.5 it results that when ¢
goes to infinity we have the convergence to

T N . /
o / @M ()Y (A)dA
—7T

i1 i,i
Using similar arguments for the term ¢! Yoss=0,. 01 Zgns)) (i) (a, b)ZE;"s)) (i) (a,b), we obtain (23)
and (24). O

With results of Lemma A.3, we can apply Proposition 3 of Roueff and Taqqu (2009b). We deduce
that n=1/ ZY](;”) converges in distribution to a A'(0, T with T") defined in (23) and (24).

A.2.3 Third step: asymptotic normality for the initial framework

Fori = 0,...,N — 1, when j; goes to infinity, S( )(a b) = n_l/zz )(a b) converges to a

zs]

N (0,T0) distribution. We want to deduce a smrular result for Varlables (Sijo(a,b)).
Denote

w4 (A) =270 Z ol (2 Aol (277 A

zz’

1,1

T — T —F—
Lo ((a,b), (a', 1)) = 27 / a ) al daam [ @l sl (),
-t -
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~(a,b)* ( ) (a,b)x

where W, i Yiez w; i
prove the following properties.

(A +2t7). In order to apply Theorem 3.2 of Billingsley (1999), we

Lemma A.4. Foralli,i’ =0,...,N —1,

lim T (a,0), (@, 1)) = Ty((@,0), (@, 1)), 5)
11]‘171
: : —1 2 ~1/2
o, e Var | Z =T L Yas | =0 9)
With properties of Lemma A4,

Theorem 3.2 of Billingsley (1999) entails that ( *1/ 2 ZZQO_ ! Yi,s,jo)z-zle converges in distribution

to N'(0,T') when jy tends to infinity.

Proof. To study the limit of r(m) (a,b) when m goes to infinity, we will inverse the limits, that is,
prove that I'((a,b),(a,V")) in (25) satisfies
i ((a,b),(a',b")) = limj e limy, se0 i ((a,b),(a',b")), where

i,i’,jo

n / / / /
™). ((a,b), (V) = 27 / @ @@ )G B QY4 4 25 / @0 )T (A)dA,
_7‘[ 4

i,i,jo . ii,jo ii,jo i,i,jo ii,jo
a,b,m a,b,m)x
where wl(l] ) "A) = Yiez wl(l,]0 ) (A +2tm) and
a,b,m)x au ) ba M .
wi M (A) = 270 Z oM (2T A Yol (27 A),

Remark that, as stated in equation (23), limj, o = i ((a,b),(a, b)) = l"gm)((a,b), (a',b")).

i’ jo i,i’
Let
wii*(A) =27 Z ol (2 Ao (270 A)
Tip,((a,b), (@, b)) = 27 1 7; wfj;jo) (D@ (M)A + 27 [ 7; @ (V)@ (A)da,
where wl(f l;) (A) =Yz wl('j,b)* (A +2tm).
Since vl(i?o)* is continuous, we can apply a convergence under the integral,
o) = o [ A u/m)du —y o () [ " Aw)de =" (2).

Remark additionally that

Vjo =0, Va,b=1,...,p,sup sup 2~ ]/2) (al.”m)*()x))(1+2j|/\|)5” < ©

1,5,]o0
mz21 A< !
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rtm

i,i,jo

Consequently I';;, ((a,b), (a',b")) converges uniformly in m to T'; y j, ((a,b), (a’,b")).

Moreover, T'\") ((a,b),(a’,b")) converges to i )((a,b),(a’,b/)) when jp goes to infinity, the

ii,jo i1
convergence under the integral being obtained by continuity.

It results that
lim lim T ((a,b),(d', V")) = lim lim F(/ m) ((a,b),(a', 1))

m—>00]0—)oo 2 ] ]O—)oo m—>00

Convergence (25) follows.

y(m)

To obtain convergence (26), we can establish that Cov(Y, i25,j0

to infinity to

(a,b), Yy s, (a’,b")) converges as jo goes

e -7

ii ii ii ii

with @ b/)(m)*( A) =Yz w! G ) (A 4+ 2t7r) and wfz/’bl)(m)* (A) defined as

i ii

. p /
Wi (A) = 270 Y o 2 Aol (2.
a'=1

The proof is very similar to the one carried out for proving (23) and it is thus omitted.

Next we can study the limit as m goes to infinity and state that Cov(Y, 1( ; ]) (a,b), Yy (a', b))
converges uniformly to I'; ;i ((a,b), (a’,b")) when m goes to infinity. As above we can inverse the
limits, so

lim lim Cov(Y" (a,b), Yy ;,(a,b')) = lim lim Cov (Y, (a,b), Yy, (", b'))

m—00 ]Oﬁoo ]Oﬁoo m—00
= Ty ((a,b), (d, ).
This concludes the proof. O

A3 Study of Ry (a,b)

172 _ T,—1)(N=1)—1
R]'O(a,b) _ 71‘1/2 1 Z( p—1)( )

We want to prove that ™ i Limo Yin,j(a,b) goes to

)(Nu 1)
zero as j goes to infinity. We have

1/2 1/2
E[[Yin, j(a,b)] Z (Zv (2'n;, — t)2> <Zv (2'n;, — t)2> .

a'= teZ teZ

Using Parseval’s equality and (10),

B, et < 3 ([

L,Jo

: 2 V2 on / 2 1/2
o™ ()[7dA o) [Td A
— ijo .
a'=

<C [ 1+ e e,
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Ri (a,b) = Op(n;

j 1/2
Ty =D Rio W)

Consequently, E[|Yj,, j[] if finite. Thus using Markov’s

inequality.

A.4 Expression of the covariance

To express the variance, we use equality A. The variance matrix Vu(‘i)/ ((a,b),(a',b")) satisfies, for all
0<u <u<A,

1/2 .1/2 (d) _ -1/2..-1/2 T
e v, w((ab), (b)) = ”11”]0+/14 ]o+/u/( «T((a,b), (a,’b/)>A”)u,u/
2A7u+171 2A7M,+171
=n 1”]1 ]o}ru ]_o-lku’ Z 2 ri,i’((a/b)f (a,rbl))r (27)

i=28-u  j_pA—u
with
Ty ((a,b),(a",0)) = lim € ! Z(;) Z Z(is) 0 ) i) (i) (0, 0") +Zig) (11,5 (@, b)) Zi 5) i) (B, @)
s=0¢'=
(28)
Using (12) and dominated convergence,
z‘(zs (#,8) (Zb / w”/ ﬂs S)/\Cl/\
= Qa,b 2 COS(T[(da — db)/Z) 2(u—A)/2+(u’—A)/2+A (d”+db)E(u,S),(u/,S/) ({Jl, b) (29)

with

@

us) )(ﬂ b)
_ 2” AA (zu AA)M‘ —d,—d, 71(2“ A(i—1)— 2 =B(i'=1))A 71(5 s)/\d/\

OO

Z(A u)(1—d,—dy) /oo Wﬂ)\(zu’,u)\) ‘A‘*da*db e,i (i+2A7”S)/\+i (ZA’“ISLH‘,)Z“/*”/\ di

:2(A*u)(lfdafdb)/ Quw—u(A;d, +dy) e 'K —2" A g\

with g, (&68) = P(A) (2% “A)[A| =%, and k = i 42874 (s — 1), k' = i’ + 227 (s' — 1).

To get all values in Z from k — 2% ~uk! we introduce T € {0, .. il U 1}. Then, when i,
i, s and s’ vary respectively in {2474, .  287utl 1}, {2A*”/,...2A*”/+1 -1}, {0,...£ —1} ad
{0,...¢ -1}, quantity ¢ = k — ' —ugl 4 ou' =i takes all relative integers values in {—Q,...,Q},

with Q = 28-4(¢ — 1),
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We have

2A—u+1_1 2A—u’+1 1

Yy oy Z (8, D)E15) () (@', V')

j=28-u  y_oA—u! s=0s'=

1) 2= _q /
= % Z (1 — %)+2(A_u)(2_dﬂ_db_da’_db’) (/ 2 g()\; d, +dy) e 192" uTV\)d)\)
- =0

-Q<g<Q

w20 . ’_
( Z g(/\r da’ + db’) e—l(q—zu ”T)/\d/\)

= ZA_M Z (1 — i)+2(A_”)(2—‘7111—‘111—"111’_db’) </7T 2_(”,—”)/2ﬁu1_u,oo()\} ds + db) eiq/\d/\)
-Q<q<Q Q o

7T , . .
< / 22D, o (Asdy + dy) e“V‘d/\>
—7T

since ﬁu’—u;oo(/\/' do +dp) = ZZM g lol-u)/2 Yz &uw—u(A + 2t7t)eizuliur()‘+2t”). Applying
Lemma A.5, we get:

2A—u+l -1 2A7u/+1 -1

(0
lim Z Z 571 Z Z E (u,5), LZ b)E(u s),(u's") (LZ/, b/)

{—00 imohu o

— 0t (277 (A=) (2~ da—dy—dy —dy)+u= u/ Dy —i0(A;da + dp) Dy o0 (A; dor + dp) dA. (30)

Since nj n; i i/uzn o i/uz, ~ 27 AFu/241/2 e deduce from (27), (28), (29) and (30) that

v )((a b), (d, b)) = 270 9~ (=) /2 u(datdytd,+dy)

e f Duoo A d, +d ) uoo(/\ db+db’)
a0 Gp v (du+da/) (db+dh/)

+Ga,b/ Gb,a/

J7 Dueo(A;da + diy) Diyo(A; dy + doy) Qi
K(d, + dy)K(dp + dor)

with G, = Oy p COS(TL’(da - db)/Z)K<da +dy).
We conclude using the symmetry of the matrix V(%) ((a,b), (', 1')).
A.5 Technical lemma

The following lemma states the convergence of a series of bivariate Fourier coefficients. It is used
for the convergence of the variance terms in the above proof.
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Lemma A.5. Suppose {wj(A), A € (—m, )} and {w;(A), A € (—m, )} are C- valued functions of
L?((—m,7)). Then

Y (1—1q1/Q)+ (/_7; w’{(A)eiquA> </” w;(A)eiqu/\> 2 27 /7T wi (A)wy (A)dA.

gez - e -

Proof. Remark that

21/ (" wietriar) ([ wsae har) = - lgl/Q)ency,

q€Z geZ
with c1, and ¢y, the ¢t Fourier coefficient respectively of functions w} and w}.

The sequence (1 — |q|/ Q) yc14c24 converges to c1,c2, when Q goes to infinity. By Cauchy-schwarz’s
inequality and Parseval’s inequality,

- 172 ; .n 1/2
€1y Coa| <27 w*(A)|* dA w(A)[FdA < oo0.
q =29 . i - 1

la|<Q -

Thus dominated convergence entails that the series Y.z (1 — |9|/Q)+c14c29 converges to
quz C14 C24- By Parseval’s inequality,

T
Y cigey = 27'(/ wi (A)wz(A)dA,
qeZ -

which concludes the proof. O

B Proof of Theorem 3.1

For a better understanding, the true parameters are denoted with an exponent 0 in this part.

The criterion R is equal to R(d) = logdet (A< j>(d)é(d)A< j>(d)) —1. It is
straightforward that d = argmin R(d) satisfies
d

d =argminR(d) with R(d) = logdetG(d)
d

and G(d)=A_ 7-(d—d")G(d)A_ 7 - (d—d°)

The Taylor expansion of &‘(id) atd at the neighbourhood of d° gives

d
Vn(d—d°) = ( R d) Vn gﬁ (33)

odod’

dO
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where d is such that ||d — d°|| < ||d — d°||. The matrix <1c].:1j0 a(izlle

d> is indeed invertible for

sufficiently high Nx when 2—jof 4 N}zl/ 29j0/2 _y )

The derivatives of the criterion R(d) are equal to

OR(d) _, (G(d)lac(d)> /

ad, ad,
R(d) 196(d) d)laG(d)> ' irace <G ( d)1a2c(d)>
adgody ) -

od,od,

—trace (G(d)

when G(d)~! exists. .
It has already been established in Section E.2.5. of Achard and Gannaz (2016a) that

?R(d
odod”

~—

. Lk, 10g(2)2(G" 0 GO +1,,) . (34)

: aR - _
We now study the asymptotic convergence of °d ‘ & More precisely, for any vector v = (v04)4=1,...p,

T aR
we want to prove that v °d

, converges to a Gaussian distribution with variance VT(ZKjl W)V

where W is defined in equation (7). Once this result established, Theorem 3.1 will follow with (33)
and (34).

As expressed on page 36 of Achard and Gannaz (2016a), G(d) can be written as:
Ea,b(do) = Gz(z),b + Sa,b(l/n) ’

with S, ;,(1/n) defined as

1 Wj,k (ﬂ) Iij,k (b) 0 I 1 aa,b (]) 0
Swuﬁﬂzg;n< (@) _GM>:;;n<yWM$_mGM>'
’ =Jo

Applying Proposition 8 of Achard and Gannaz (2016a), we get:
Gop(d°) = G, + Op(2710F 4 N~1/22711/2)
We deduce that

aR(d)

V! ad

with

oG
0-1
S, = \/ﬁ;vatrace (G e

o)

It is then sufficient to demonstrate that S, converges in distribution to N (O, VTWV).
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Foranya = 1,...,p, let i; be a p X p matrix whose a-th diagonal element is one and all other
elemenE are zero. Let a and b be two indexes in 1, ..., p. The first derivative of G(d) with respect

tod,, %d(f)' is equal to
1& 1wy N _
~log(2)— Y i (j— < T >)Ac 7 5 (d = d)Ai(d) " (1E() + E()ia) Ay(d) AL 7 - (d—dO),
j=jo
with f(]) = (Ea/,b/ <j))a’,b’:l,...,p' Thus

9G log(2) ¢~ . PR . -
e >ij mi=< 7 >) M) GEG +EQia@ )
=J0
Consequently,
2log(2) & . o .
B0~ 28D Vo< g 5) F el i R0,
j=jo a,b=1,...p
Using inequality (3),
_ 2108<2) i e 0(—1) joP
E(Sn) o \/ﬁ f;% n](] w7 >)ub—21:...pva Ga’b <Ga'b +0 (20 ))

since Z;:lzjo nj(j — < J >) = 0. Thus E(S,) converges to zero when jZ Nx2~0(1+26) — 0.

We can write S,, — E(S,) as
S, —E(S,) = Z Su(a,b)
a,b=1,...p
; dO dO jl_jO ~
with S, (a,b) = —n/227 00 0) 210g(2) Y~ wy(a,b)(Gap(f) — 0ap ()

u=0

and w,(a,b) = % (o+u—<J>) o —u(d+dy) U”GS,(I;_D'

Using the same notations as in Section A, 2 /oldtd)G (i) = %ZZ’: 0 Zis,jo(a)Zisjy(b), with
k = 21(s — 1+ 2/70i). Following the proof of Section A.2, it can be established that
n]._l/ 2 ZZ]: 0 Zis,jo(@)Zisj,(b) converges in distribution. It results that its variance is finite. Hence,
there exists a constant C such that

Djo(da+dy)

VT
The right-hand side is equivalent, up to a constant, to 2/ (dﬁdb“)N)z 1. We can therefore apply

the same proof as in Theorem 3 of Roueff and Taqqu (2009a). As vectors (0u(f))ab=1,..p

.....

Var (a—a,b (])) <C

are asymptotically Gaussian, the sum )., _, n=1/2~jo(da+dy) YA owu(a,b)d,,(j) is also
asymptotically Gaussian for all A > 0. Next the proof of Roueff and Taqqu (2009a) is unchanged
since the above inequalities on the variances of 7, ,(j) are satisfied. It leads to the desired variance.
The variance expression is detailed in next subsection.
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B.1 Expression of the covariance

Let us specify the variance of S,

Var(S,)

410%(2) 0—1 o nclo 1/2,,-1/2(
=——2 Y v0eGl Gy Y anw nalotu—<J>)(jo+u —<J>)
aba b u=0 u’'=0

o= u(d+d))—u' (d+dY) Vi ((a,b),(a',b"))

=4log(2)27r Y 0,00Goy UGty (GO Gy T(dS + dY, dY + dY)
aba b’

+G, G, ZT(5)(d + Y, d°, +d2)) ,

where
(S) 1/l ~1/2,,-1/2
T ((51,(52):—L;)ug e 1 (o tu—<J>)jo+u —< T >)

Ut —lumil|2pub =W L (81,6).

We can formulate this expression to recover a similar form than the one given in Moulines et al
(2008) and Roueff and Taqqu (2009a). The arguments are the same than those used in the proof of
Proposition 10 in Moulines et al (2008), but are recalled here to explicit the form of the variance.
First, as nj ~ Nx27/and n ~ Nx2/0(2 — 2-(1 *]‘0)), we can express AC) (61,02) as

A
. 2T
T 0) = 5y Lo +¢'= <7 >)*27" (8, 2)
1 Ji—jo A—u , , , 5 5
- _ _ —0—=0 001 V0
T h v; Ug()@”r o' —1a) (0 = 1a)27° T (27 4 27°) [y (61, 62) s
where we set v = |u—u'| and v = u Au'. Lemma 13 of Moulines et al (2008) states that

jo — < J > — na when Nx — oo. Using this result and the definition of x5, we obtain

T0)(81,8,) = xalo(61,87)
5 iz w

/ / —v—0' 06 06
Fygi L L )@ =) 27 2T 2 (0, 8)

Setting Z(1,62) = K%I (S) (61,02), we recognize the expression (8) given in Theorem 3.1.
A
When A goes to infinity, the sequence x converges to 2. Additionally, for all u > 0,
1 A—u - i
a Z W(Z—WA)<Z+M—17A> — 1WhenA — 00,
We deduce the asymptotic form (9) when A = j; — jo — oo, as in page 30 of Moulines et al (2008).
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C Proof of Theorem 3.2

Remark that G, ,(d) = 2<J >W-d+di-d)G , (d) and G,,(d’) = G,,(d°) with G(d) defined
in (32). As2< J >u _ 1 = jyu log(2)(1 4 0(1)) when u — 0,

Gop(d) = Gap(d) = jo (da — df +dy — d}) log(2)(1 +0(1))Gyp(d).

Since jo (dg — d° + d — d)) = op(1), it is sufficient to establish the asymptotic distribution of
G,»(d). More precisely, we want to prove that /1 vect (Ca,b(a) -G, ab=1,..., p) converges

in distribution to a centered Gaussian distribution. We decompose /71(G, ;(d) — G?,) as

Vi(Gap(d) = GIy) = Vit (Gup(d) =GB, ) + Vi1 (Gup(d) = Gp(d”) ) -

We will establish that the first term converges to the desired distribution, while the second one is
negligible.

C1 Study of \/n (E(do) - GO)
Consider Ty = vect (\/ﬁ (Ea,h(do) — E(Emb(do)» ,a,b=1,.. .,n). Recall that

G,,(d0) = Z 271 B+ )G, (7).
J]O

Using inequality (3),
E(G,y(d")) = G, (j) + 0 (2F) ,

and consequently /n (E(Eulb(do)) — Gg,b(j)> =o(1).

We can write /1 (To,p — E(To,p)) as

— —_— . ; jl _jo o~ . .
Vi (Gap(d) = E(Gop(d")) ) = V/Nx2 0 2 0B85 0, (G04(j) — 0 (7)),
u=0
with w, = (Nx2 )~/ 2”]'04-1[/ Vv/n. Applying Theorem 3 of Roueff and Taqqu (2009a), we obtain
that Tp — E(Tp) converges as n goes to infinity to a centered Gaussian distribution, with variance

A A ;
0 40 0 | 40 iy ruMjg+u!
Cov (TOa,b/TOa’b’ = § , § , u(da-+dy) d L )M uu ((b‘l b) (ﬂ/,b/))

n

0u'=
(Goa,cbb,zA (o + dor, o+ i) + Gy Gl TS (o + iy, dy + ) )
where

- u/2—u'/2—u—u'|/2 _
Oy

2(uVu’—u)(51+(u\/u’—u )
2—-2-4

gl
gl

I5(51,6,) =

Tjw—u) (81, 62).

!

0

=
Il
o

=
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Quantity Z¢ (83, 6;) can be simplified as

A D—u A 5 5 _ A—u -0
uoy u 2 —u
IS(61,8) = ; —1o(61,62) + ; (2" 42 1,(61,62) ;0 5 5F
ué ué w2—2" A
_10(51,52 +Z 2 1+2 2) Wlu(élléz)'
When A goes to infinity,
IS(61,62) = 1o(01,62) + Y (2% +292)27" I, (64, 62).
u=1
C2 Study of \/1 (6(&) - E(do))
A Taylor expansion at order one at d° gives
— = oG ~ ~ °G ~
_ 0y) — oG _ 40 _qn\T _ 40
Vi (6(@) - 6 = vir 53 d0> @)+ Vi@ - a7 (20, d) @-d),

with Ha— dOH < Ha — dOH. Section E.2.4. of Achard and Gannaz (2016a) states that, when
2P 4 N /220072 — 0,

0°G

adod”

d’ N

Thus _
°G

adod”

vird )"

d) (@ d%) = op(1).

Next, using the derivative of G(d) given in (35), we have:

0G| log(2) & : i T ~
v <ad MG d°>> =" \g/(ﬁ Yo (=< T >) 2 G, () (do — ) + dy — ).
ab j:jO
Similarly to what was done in Section B,

we can establish that

Z;l Wi —<J>)27 (@2+d)) G, ,(j) is asymptotically Gaussian. Since
(da —dd+ d, — d)) — 0 we conclude that this term goes to 0, which concludes the proof.
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D Proof of Proposition 3.4

From the proof of Theorem 3.1 and Theorem 3.2, we can extract the following results:

((GO—1 oG +1,)v/n(d — do))

P ) i—Jo
= Z \/WZ_]O(dS/"rdg/) Z wg,j()a’,b’) ((Ara/,b, (]) —Og (]))(1 + 0[@(1)) + 0[@(1),
b'=1 u=0
\/ﬁ (@a,b(a> - G2b>

. J1i—Jo
= V/Nx2 0o 2 08N w0l (Fn(7) = 00p(7) (1 + 05 (1)) +0p(1),

u=0
with

Wi = (6, p2108(2)) 7 (2= 27TV (jo +u — < T >) Gy P 2 )

w(ca b = (2 2= ) 1/22—112—u(d2+d2).

Hence, linear combinations of v/7(dy — dy) and /n (@ah(a) _Gg,b))> can be written as

Yo V/Nx2 102 @A) Sh00 0 o) — Tom (7)) (1 + 0p(1)) + 02(1) with w, () linear
combination of (wgl()alb)) o and (wﬁlb)) a2p- Theorem 3 of Roueff and Taqqu (2009a) gives the joint
convergence to a Gaussian distribution.

It remains to explicit the asymptotic covariance between d and G(d). Asymptotically, the
covariance between /n(d; — d)) and \/n(G,(d) — G ) is

A A
d,G(A — —A\— —u— —lu — .
WietY =2 (a2log(2)) ! (2 - 27%) 13:0' ME/:O, 22 (g u— < T >)

2(u/\u’—u )(dd+d)) 2 ( GO—l OG0+IP)_1) z(u/\u/—u)(dg-i-d?,,)

lm

=

m=1

(GM 0T (e da o + ) + GOy G Ty (e + s + o))

=

7 (210g(2)) " Y (G 1o G +1,) )y (cgacfmbzgfc(dﬁda,dm+db) (36)

+G9,Go ZYC (dg + dy, dy + da)) ,

with
e 2 & 2 7
Zy° (61,62) N u;) 5= (U = 1)l (1,02) (37)
+ i i zfu'fu ((Sl (52) Aiu 27_2} (27”51(1/[ _ 77A) + 27}152 (u + 00— 77A)>
Ka =1 v=0 2-274

1 A _ 5 5 2 _ 27A7u 5

s L2 ) <(2 2T ey ) 27 2’7A”> |
A y=1
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