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Abstract

In this paper, we consider the usual linear regression model in the case where the error process
is assumed strictly stationary. We use a result from Hannan [13], who proved a Central Limit
Theorem for the usual least square estimator under general conditions on the design and on the
error process. We show that for a large class of designs, the asymptotic covariance matrix is as
simple as the i.i.d.! case. We then estimate the covariance matrix using an estimator of the
spectral density whose consistency is proved under very mild conditions. As an application, we
show how to modify the usual Fisher tests in this dependent context, in such a way that the type-
I error rate remains asymptotically correct, and we illustrate the performance of this procedure
through different sets of simulations.

1 Introduction

We consider the usual fixed-design linear regression model:
Y =X[+e¢,

where X is the fixed design matrix and (¢;);cz is a stationary process. This model is commonly used
in time series regression.

Our work is based on the paper by Hannan [13], who proved a Central Limit Theorem for the
usual least square estimator under general conditions on the design and on the error process. Most of
short-range dependent processes satisfy the conditions on the error process, for instance the class of
linear processes with summable coefficients and square integrable innovations, a large class of functions
of linear processes, and many processes under various mixing conditions (see for instance [9], and also
[6] for the optimality of Hannan’s condition).

In this paper, it is shown that for a large class of designs satisfying the conditions of Hannan, the
covariance matrix of the limit distribution of the least square estimator is the same as in the i.i.d.
case, up to the usual error variance term, which should be replaced by the covariance series of the
error process. We shall refer to this very large class of designs as « regular designs » (see Section
2.3 for the precise definition). It includes many interesting examples, for instance the ANOVA type
designs or the designs whose columns are regularly varying (such as the polynomial regression type
designs).

For this class of regular designs, any consistent estimator of the covariance series of (¢;);cz may be
used to obtain a Gaussian limit distribution with explicit covariance matrix for the normalized least
square estimator. Doing so, it is then possible to obtain confidence regions and test procedures for
the unknown parameter 8. In this paper, assuming only that Hannan’s condition on (¢;) is satisfied,
we propose a consistent estimator of the spectral density of (¢;) (as a byproduct, we get an estimator
of the covariance series).
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Wu and Liu [14] considered the problem of estimating the spectral density for a large class of short-
range dependent processes. They proposed a consistent estimator for the spectral density, and gave
some conditions under which the centered estimator satisfies a Central Limit Theorem. These results
are based on the asymptotic theory of stationary processes developed by Wu [23]. This framework
enables to deal with most of the statistical procedures from time series, including the estimation of
the spectral density. However the class of processes satisfying the L2 "physical dependence measure"
introduced by Wu is included in the class of processes satisfying Hannan’s condition. In this paper,
we prove the consistency of an estimator of the spectral density of the error process under Hannan’s
condition. Compared to Wu’s precise results on the estimation of the spectral density (Central Limit
Theorem, rates of convergence, deviation inequalities), our result is only a consistency result, but it
holds under Hannan’s condition, that is for most of short-range dependent processes.

Finally, we use these general results to modify the usual Fischer tests in cases where (¢;);ez and
the design verify the conditions of Hannan, and we perform simulations with different models. For
these simulations, we need to choose how many covariance terms have to be estimated. In this paper
this number is chosen by considering only the autocovariance graph of the residuals. Developing a
data driven criterion would be more satisfying. This is probably a very difficult question in such a
general context; for this reason it is left out of the scope of the present paper.

The paper is organized as follows. In Section 2, we recall Hannan’s Central Limit Theorem for the
least square estimator, and we define the class of « regular designs » (we also give many examples of
such designs). In Section 3, we focus on the estimation of the spectral density of the error process
under Hannan’s condition. In Section 4, some examples of stationary processes satisfying Hannan’s
condition are presented. Finally, Section 5 is devoted to the correction of the usual Fischer tests in
our dependent context, and some simulations are realized.

2 Hannan’s theorem and regular design

2.1 Notations and definitions

Let us recall the equation of the linear regression model:
Y =XpB+e, (1)

where X is a deterministic design matrix and € is an error process defined on a probability space
(Q,F,P). Let X ; be the column j of the matrix X, and z; ; the real number at the row 7 and the
column j, where j isin {1,...,p} and ¢ in {1,...,n}. The random vectors Y and e belong to R™ and
[ is a p x 1 vector of unknown parameters.

Let |||, be the usual euclidean norm on R"™, and ||.||;, be the LP-norm on 2, defined for all random
variable Z by: || Z|l, = [E(Z?)]7 . We say that Z is in LP(Q) if [E (2?)] < co.

The error process (€;);ez is assumed to be strictly stationary with zero mean. Moreover, for all 4
in Z, ¢; is supposed to be in L2(£2). More precisely, the error process satisfies, for all i in Z:

€; = €go T,

where T : 0 — ) is a bijective bimeasurable transformation preserving the probability measure P.
Note that any strictly stationary process can be represented in this way.
Let (F;)icz be a non-decreasing filtration built as follows, for all :

Fi =T (Fo).

where JFy is a sub-c-algebra of F such that Fy C T~!(F,). For instance, one can choose the past
o-algebra before time 0: Fy = o(ex, k < 0), and then F; = o(ex, k < i). In that case, ¢ is Fo-
measurable.

As in Hannan, we shall always suppose that F_., = [\ JF; is trivial. Moreover ¢y is assumed

i€z

Foo-measurable. These implie that the ¢;’s are all regular random variables in the following sense:
Definition 2.1.1 (Regular random variable). Let Z be a random wvariable in L'(Q2). We say that
Z is regular with respect to the filtration (F;)icz if E(Z|F-oo) = E(Z) almost surely and if Z is
Foo-measurable.



This implies that there exists a spectral density f for the error process, defined on [—m,n]. The
autocovariance function 7 of the process e then satisfies:

'y(k) = COV(em, €m+k) = E(Emeerk) = / elk/\f()\)d)\

—T

2.2 Hannan’s Central Limit Theorem

Let S be the usual least square estimator for the unknown vector 3. Hannan [13] has shown a Central
Limit Theorem for B when the error process is stationary. In this section, the conditions for applying
this theorem are recalled.

Let (P})jez be a family of projection operators, defined for all j in Z and for any Z in L?(£2) by:

P;(Z) = E(Z|F;) — E(Z|Fj-1).
We shall always assume that Hannan’s condition on the error process is satisfied:

> I Po(e)llge < +oo. (C1)

€L

Note that this condition implies that:

> (k)| < o, (2)

kEZ

(see for instance [9]).

Hannan’s condition provides a very general framework for stationary processes. The hypothe-
sis (C1) is a sharp condition to have a Central Limit Theorem for the partial sum sequence (see the
paper of Dedecker, Merlevede and Volny [9] for more details). Notice that the condition (2) implies
that the error process is short-range dependent. However, Hannan’s condition is satisfied for most
short-range dependent stationary processes. In particular, it is less restrictive that the well-known
condition of Gordin [11]. Moreover the property of 2-strong stability introduced by Wu [22] is more
restrictive than Hannan’s condition. This property of 2-strong stability will be recalled in Section 4,
where large classes of examples will be fully described.

Let us now recall Hannan’s assumptions on the design. Let us introduce:

inj? (3)
i=1

and let D(n) be the diagonal matrix with diagonal term d;(n) for j in {1,...,n}.
Following Hannan, we also require that the columns of the design X satisfy the following conditions:

di(n) = IX 5, =

Vie{l,...,p}, 1Lm d;(n) = oo, (C2)
and:
. . SUP <i<n | Ti )
Vi, led{l,...,p}, lim ——=—=——"> =0. C3
(Looph lm SR (c3)

Moreover, we assume that the following limits exist:

n—k
. . Tm,j Tm4-k,l
l 1,... ak)=1 Zmogmet il 4
Vile{l,...opy pia(k) ngrgom521 4 (n)dr(n) (C4)

Notice that there is a misprint in Hannan’s paper (the supremum is missing on condition (C3)).
Note that Conditions (C2) and (C3) correspond to the usual Lindeberg’s conditions for linear statistics
in the i.i.d. case. In the dependent case, we also need the Condition (C4).

The p x p matrix formed by the coefficients p; ;(k) is called R(k):

s

R(K) = [pj0(k)] = / ¢ Fi (d), (4)

—T

w



where Fx is the spectral measure associated with the matrix R(k). The matrix R(0) is supposed to
be positive definite:

R(0) > 0. (Ch)
Let then F and G be the matrices:
1 T
F=o B Fx (d\), (5)
1 s
G=5- | Fx@ye o )

The Central Limit Theorem for the regression parameter, due to Hannan [13], can be stated as
follows:

Theorem 2.1. Let (¢;)icz be a stationary process with zero mean. Assume that F_o s trivial, eg
is Foo-measurable, and that the sequence (€;)icz satisfies Hannan’s condition (C1). Assume that the
design X satisfies the conditions (C2), (C3), (C4) and (C5). Then:

D(n)(B — B) —=— N(0,F"'GF ). (7)

n— oo

Furthermore, there is the convergence of second order moment: 2

E (D)@ - )3 - §)'D(n)!) —— FIGF ™, ®)

n—oo

2.3 Regular design

Theorem 2.1 is very general because it includes a very large class of designs. In this paper, we will
focus on the case where the design is regular in the following sense:

Definition 2.3.1 (Regular design). A fized design X is called regular if, for any j,1 in {1,...,p},
the coefficients p;j (k) do not depend on k.

A large class of regular designs is the one for which the columns are regularly varying sequences.
Let us recall the definition of regularly varying sequences :

Definition 2.3.2 (Regularly varying sequence [21]). A sequence S(-) is regularly varying if and only
if it can be written as:

S(i) =1*L(4),
where —oo < a < 0o and L(+) is a slowly varying sequence.
This includes the case of polynomial regression, where the columns are of the form: x; ; = 7.

Proposition 2.3.1. Assume that each column X ; is reqularly varying with parameter o;. If the

parameters a; are all strictly greater than —3, then Conditions (C2), (C3) and (C4) on the design

are satisfied. Moreover, for all j and l in {1,...,p}, the coefficients p; (k) do not depend on k and

V20 +1v2a+1
ozj—i-al—i-l

any distinct j,1 in {1,...,p}.

are equal to . Thereby, the design is regular, and (Cb) is satisfied provided a; # oy for

An other important class of regular designs are the ANOVA type designs. An ANOVA design is
represented by a matrix whose column vectors are orthogonal to one another. Each coordinate of the
columns are either 0 or 1, with consecutive sequences of 1. The number of 0 and 1 of each column
tends to infinity as n tends to infinity.

Note that a design whose columns are either ANOVA or regularly varying is again a regular design.

2The transpose of a matrix X is denoted by X?.



2.4 The asymptotic covariance matrix for regular design

For regular design, the asymptotic covariance matrix is easy to compute. Actually, we shall see that

it is the same as in the case where the errors are independent up to a multiplicative factor. More

precisely, the usual variance term o = E(e3) should be replaced by the sum of covariances : >, v(k).
Since the coefficients p;;(k) are constant, the spectral measure F'x is the product of a Dirac mass

at 0, denoted dp, with the matrix R(k); consequently the spectral measure Fx is equal to dpR(0).

Notice that, in the case of regular design, the matrix R(k) = [p;,:(k)] is equal to R(0) = [p;,(0)].
Thereby the matrix F' and G can be computed explicitly:

F= % _: Fx(d\) = % _: R(0)do(dN) = %R(O), (9)
6= [ Fx@n e =5 [ RO)© )@ = 3RO © 50 = fOF (0)

Thus, using (9) and (10), the covariance matrix can be written as:
F'GF~' = f(O)F .

The connection between the spectral density and the autocovariance function is known:

R :
fA) =+ v(k)e™™, X e [-m, .
2T M
and at the point 0:
1 o0
F0) = 5= 3 ).
k=—oc0

Thereby the covariance matrix can be written:

FO)F = (;ﬂ ) v(k)> Pl = < ) v(k)> R(0)™,

k=—o0 k=—o0

since F = 9 and F~1 = 27R(0) L.

In conclusion, for regular design the following corollary holds:

Corollary 2.1. Under the assumptions of Theorem 2.1, if moreover the design X is reqular, then:

D(n)(B—B) —=— N (07 ( > W(k)> R<0>1> : (11)
k=—oc0

and we have the convergence of the second order moment:

n— oo

E (D)3 - A)(3 - A D)) —— ( > 7(@) R(0) ™. (12)

k=—o0

One can see that, in the case of regular design, the asymptotic covariance matrix is similar to the
one in the case where the random variables (e;) are i.i.d.; the variance term o2 is replaced by the
series of covariances. Actually the matrix R(0)~! is the normalised limit of the matrix (X*X)~1. It is
formed by the coefficients p;;(0), which are, in this case, the limit of the normalised scalar products
between the columns of the design.

Thus, to obtain confidence regions and tests for 3, an estimator of the covariance matrix is needed.
More precisely, it is necessary to estimate the quantity:

> (k). (13)



3 Estimation of the series of covariances

Properties of spectral density estimates have been discussed in many classical textbooks on time series;
see, for instance, Anderson [1], Brillinger [3], Brockwell and Davis [4], Grenander and Rosenblatt [12],
Priestley [17] and Rosenblatt [20] among others. But many of the previous results require restrictive
conditions on the underlying processes (linear structure or strong mixing conditions). Wu [14] has
developed an asymptotic theory for the spectral density estimate f,, (), defined at (14), which extends
the applicability of spectral analysis to nonlinear and/or non-strong mixing processes. In particular,
he also proved a Central Limit Theorem and deviation inequalities for f, (). However, to show his
results, Wu uses a notion of dependence that is more restrictive than Hannan’s.

In this section, we propose an estimator of the spectral density under Hannan’s dependence con-
dition. Here, contrary to the precise results of Wu (Central Limit Theorem, deviation inequalities),
we shall only focus on the consistency of the estimator.

Let us first consider a preliminary random function defined as follows, for A in [—m, 7]:

T Cn
k| <n—1
where:
1 n—|k|
W=D G 0B < (n-1), (15)
j=1
and K is the kernel defined by:
K@) - 1 if o] <1
K(x) = 2—lz| if1<|z|<2
Kx) = 0 if ) >2

The sequence of positive integers ¢, is such that ¢, tends to infinity and <* tends to 0 when n tends
to infinity.
In our context, (€;)ieq1,...,n} is not observed. Only the residuals are available:

because only the data Y and the design X are observed. Consequently, we consider the following
estimator:

* 1 |k| 2k ik
r0 =g 3 K (H)sen aefmal (16)
[kl<n-1
where:
1 n—|k|
Vo= D GEew,  OS[R[<(n—1).
=1

Theorem 3.1 concludes this section:

Theorem 3.1. Let ¢, be a sequence of positive integers such that ¢, — oo as n tends to infinity, and:
c
cnE (|60|2 (1/\—n|eo|2)) — 0. (17)
n n—oo
Then, under the assumptions of Theorem 2.1:

sup 12 = F Ml — 0. (18)

Ae[—m,m

Remark 3.1. If ¢ is in L2, then there exists ¢, — oo such that (17) holds.



Remark 3.2. Let us suppose that the random variable €y is such that E (|60|6+2) < oo, with § €]0,2].

Since for all real x, 1 A |z|? < |z|°, we have:

5/2 148/2
2 Cn 2 2 Cn 5 Cn 5+2
ek (leol* (1A feol*) ) < e <|eo| “sleol ) < o E (leol” ).

1446/2
Thus if ¢, satisfies 6257/2 —— 0, then (17) holds. In particular, if the random variable €y has a
n—oo

2
fourth order moment, then the condition on ¢, is %" — 0.
n—oo

Theorem 2.1 implies the following result:
Corollary 3.1. Under the assumptions of Corollary 2.1, and if f(0) > 0, then:
R(0)= A c
2 D) (B - B) —E— N(0, 1), 19
D) () o MO (19)

where I, is the p x p identity matriz.

4 Examples of stationary processes

In this section, we present some classes of stationary processes satisfying Hannan’s condition.

4.1 Functions of Linear processes

A large class of stationary processes for which one can check Hannan’s condition is the class of smooth
functions of linear processes generated by i.i.d. random variables.

Let us take Q = R% and P = u®%, where p is a probability measure on R. Let (1;,i € Z) be a
sequence of i.i.d. random variables with marginal distribution p. Let (a;);cz be a sequence of real
numbers in [*, and assume that > _icz @ini is defined almost surely. The random variable € is square
integrable and is regular with respect to the o-algebras : F; = o(n;,j < i). We focus on functions of
real-valued linear processes:

SR ()

Let us define the modulus of continuity of f on the interval [—M, M] by:

Woo, (R, M) = sup [f(z+1) = f(2)].
|t1<h |2 <M, Ja+t| <M

Let (n})icz be an independent copy of (1;)icz, and let:

Z a1;

i€EL

» |GkTo + Z a;1;
i#k

M, = max

According to Section 5 in the paper of Dedecker, Merlevede, Volny [9], if the following condition
holds:

S [wseusClarlinol 24 A lloll. ||, < oo (20)
kEZ

then Hannan’s condition holds. We have an interesting application if the function f is y-Ho6lder on
any compact set; if weo, r(h, M) < ChYM® for some C' > 0, v €]0,1] and a > 0, then (20) holds as
soon as 3 |ax|? < 0o and E(|no|?(@*+) < co.



4.2 2-strong stability

Let us recall in this section the framework used by Wu. We consider stationary processes of the form:

€ = H( . 777i—1377i)a

where 7;, ¢ in Z, are i.i.d. random variables and H is a measurable function. Assume that ¢y belongs
to L%, and let 0}, be distributed as 19 and independent of (1;). Let us define the physical dependence
measure in L2 [23], for j > 0:

62(]) = Hej - G;H]Lz P

is a coupled version of €; with 7y in the latter being replaced by nj:

*

where € ¥

€ =H( oo n1,m0,M15 -5 M1, 70j)-

The sequence (¢;);ez is said to be 2-strong stable if:
Ay = Z(Sg(j) < 0.
§=0

As a consequence of Theorem 1, () — (i) of Wu [22], we infer that if (¢;);cz is 2-strong stable,
then it satisfies Hannan’s condition with respect to the filtration F; = o(n;,j < ¢). Many examples
of 2-strong stable processes are presented in the paper by Wu [22]. We also refer to [23] for other
examples.

4.3 Conditions in the style of Gordin

According to Proposition 5 of Dedecker, Merlevede, Volny [9], Hannan’s condition holds if the error
process satisfies the two following conditions:

=1
—= [[E(ex|Fo)llp2 < o0 (21)
;\/E k1Y 0)lIL

=1
> — ek — E(e—i|Fo) |2 < oo (22)
eV

These conditions are weaker than the well-known conditions of Gordin [11], under which a mar-
tingale + coboundary decomposition holds in 2. An application is given in the next subsection.

4.4 Weak dependent coefficients

Hannan’s condition holds if the error process is weakly dependent. In this case, the (¢;);ez process is
F-adapted and Condition (22) is always true.

Let us recall the definitions of weak dependence coefficients, introduced by Dedecker and Prieur
[10]; for all integer k > 0:

O(k) = &(Fo, ek) = sup [[P(ek < t)70) = Plex < 1)llos

and:
a(k) = a(Fo,ex) = sup [P(ex < t[Fo) —Plex < t)||ps -
te

If (€;)icz is ¢-dependent and is in P with p € [2, 00|, then by Hélder’s inequality:

~ -1
IE(ex | Foll> < E(exlFo)lly < sup  E(Zex) < 20(k)F lleollys -
zZeB 51 (Fo)

where for all ¢ €]1,2], By(Fo) is the set of random variables Z, Fy-measurable such that || Z||;, < 1.



Consequently, if:

f: ! )5 < oo, (23)

k=1 k

then the condition (21) holds, and Hannan’s condition is satisfied.

Now we look at the a-weakly dependent sequence. We denote Q. the generalized inverse function
of z — P(le] > z). If (€)sez is G-mixing and verifies that there exists r €]2, +oo[, such that P(|e| >
t) <t~ ", then, by Cauchy-Schwarz’s inequality and Rio’s inequality (Theorem 1.1 [18]), we get:

IE(ex|Fo)llz = sup E(Ze) <2 </ Q )

EBQ(]:())

But:

Hence, if:

then (21) is true, and Hannan’s condition is satisfied.

Notice that all we have written for &-dependent sequences is also true for a-mixing processes in
the sense of Rosenblatt [20].

5 Tests and Simulations

We consider the linear regression model (1), and we assume that Hannan’s condition (C1) as well as
the conditions (C2) to (C5) on the design are satisfied. We also assume that €y is Foo-measurable and
that F_o is trivial. With these conditions, the usual Fischer tests can be modified and adapted to
the case where the errors are short-range dependent.

As usual, the null hypothesis Hy means that the parameter 5 belongs to a vector space with
dimension strictly smaller than p, and we denote by H; the alternative hypothesis (meaning that Hy
is not true, but (1) holds).

In the case of regular design, thanks to Corollary 3.1, the usual Fischer tests to test Hy versus Hy,
can be corrected by replacing the estimator of o = E(€?) by an estimator of: >, (k).

Recall that if the errors are i.i.d. Gaussian random variables, the test statistic is:

1 RSSO - RSS
P —po G2

F= (25)
In this expression, the integer pg is the dimension of the model under the Ho—hypothesis, RSS is
the sum of the squares of the residuals for the complete model (1) (equal to HA|| ) RSSO is the
corresponding quantity under Hp, and 62 is the estimator of the variance of €y (equal to ) Under
Hy, the quantity F follows a Fischer distribution with parameters (p — po,n — p).

In the case where the design satisfies Hannan’s conditions, if the random variables (¢;) are i.i.d. but
do not necessarily follow a gaussian distribution, the test statistic is the same as (25) and converges
to a y2-distribution under the Hy-hypothesis:

2 _
p_L X (p Po).

Now if the error process (¢;);cz is stationary, the test statistic must be corrected as follows:

- 1 RSSy — RSS
F. = X , 26
P — Do 27 f(0) (26)




where f is defined in (16). Thanks to Corollary 3.1, it converges to a y2-distribution:

20,
F_L X (p po).
n— oo pfpo

In practice, we shall only estimate a finite number of v(k), say a,. For the simulations, we shall use
the graph of the empirical autocovariance of the residuals to choose a,,, and instead of (26), we shall
consider the statistics:

1 " RSSy — RSS

F == ~ ~ 9
T p—po " Aot Dopn Ak

(27)

with 44 defined in (15).

5.1 Example 1: A non-mixing autoregressive process

The process (€1, ..., €,) is simulated, according to the AR(1) equation:

1
€pt1 = 5(61@ + My1),

where €; is uniformly distributed over [—3, 5], a
independent of €1, such that P(n; = —1) (n:
the o-algebra F_ . is trivial.

The transition kernel of the chain (€;);>1 is:

k@ =3 (r(5+3)+1(5-1)).

and the uniform distribution on [— %, %] is the unique invariant distribution by K. Hence, the chain
(€i)i>1 is strictly stationary. Furthermore, it is not a-mixing in the sense of Rosenblatt [2], but it is
¢-dependent. Indeed, one can prove that the coefficient (;5 of the chain (¢;);>1 decreases geometrically
[10]:

1
z nd
23

= = L. In this example, F; = o(nx, k < i), and

n;)i>2 is a sequence of i.i.d. random variables,
) = 2°

i@m\»—-
Nl

d(k) <27*.

Consequently Hannan’s conditions are satisfied and the Fischer tests can be corrected as indicated
above.

The first model simulated with this error process is the following linear regression model, for all 4
in{1,....,n}:
Y; = Bo + Bri + 10¢;.

The random variables ¢€; are multiplied by 10 to increase the variance. The coefficient Sy is chosen
equal to 3. We test the hypothesis Hy: f1 = 0, against the hypothesis Hy: §; # 0.

The estimated level of the Fischer test will be studied for different choices of n and a,, which
is the number of covariance terms considered. Under the hypothesis Hy, the same Fischer test is
carried out 2000 times. Then we look at the frequency of rejection of the test when we are under Hy,
that is to say the estimated level of the test. Let us specify that we want an estimated level close to 5%.

e Case 81 = 0 and a,, = 0 (no correction):

n 200 400 600 800 1000
Estimated level | 0.2745 | 0.2655 | 0.2615 | 0.2845 | 0.2445

Here, since a,, = 0, we do not estimate any of the covariance terms. The result is that the esti-
mated levels are too large. This means that the test will reject the null hypothesis too often.

The quantities a,, may be chosen by analyzing the graph of the empirical autocovariances, Figure 1,
obtained with n = 1000. For this example, this graph suggests a choice of a,, = 2 or 3.

e Case 51 =0, a, =2:

10
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Figure 1: Empirical autocovariances for the first model of Example 1, n = 600.

n 200 400 600 800 1000
Estimated level | 0.0805 | 0.086 | 0.0745 | 0.0675 | 0.077

As suggested by the graph of the empirical autocovariances, the choice a,, = 2 gives a better
estimated level than a,, = 0.

e Case 51 =0, a, =3:

n 200 400 600 800 1000
Estimated level | 0.078 | 0.0725 | 0.074 | 0.059 | 0.0625

Here, we see that the choice a,, = 3 works well also, and seems even slightly better than the choice
an = 2. If one increases the size of the samples n, and the number of estimated covariance terms a,,, we
are getting closer to the estimated level 5 %. If n = 5000 and a,, = 4, the estimated level is around 0.05.

e Case 31 = 0.005, a,, = 3:

In this example, Hj is not satisfied. We choose 1 equal to 0.005, and we perform the same tests
as above (N = 2000) to estimate the power of the test.

n 200 400 600 800 | 1000
Estimated power | 0.2255 | 0.728 | 0.9945 1 1

As one can see, the estimated power is always greater than 0.05, as expected. Still as expected,
the estimated power increases with the size of the samples. For n = 200, the power of the test is
around 0.2255, and for n = 800, the power is around 1. As soon as n = 800, the test always rejects

the Hy-hypothesis.

The second model considered is the following linear regression model, for all ¢ in {1,...,n}:
Y; = Bo + Bri + Poi% + 10¢;.

Here, we test the hypothesis Hy: 1 = f2 = 0 against Hy: 81 # 0 or 82 # 0. The coefficient fy is
equal to 3, and we use the same simulation scheme as above.

e Case 51 = 3 = 0 and a,, = 0 (no correction):

11



n 200 400 600 800 1000
Estimated level | 0.402 | 0.378 | 0.385 | 0.393 | 0.376

As for the first simulation, if a,, = 0 the test will reject the null hypothesis too often.

As suggested by the graph of the estimated autocovariances figure 2, the choice a,, = 4 should give
a better result for the estimated level.
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Figure 2: Empirical autocovariances for the second model of Example 1, n = 600.

e Case 1 = (2 =0, a,, = 4:

n 200 400 600 800 | 1000
Estimated level | 0.103 | 0.076 | 0.069 | 0.056 | 0.063

Here, we see that the choice a,, = 4 works well. For n = 1000, the estimated level is around 0.06.
If n = 2000 and a,, = 4, the estimated level is around 0.05.

e Case 31 = 0.005, B2 =0, a, = 4:
Now, we study the estimated power of the test. The coefficient 31 is chosen equal to 0.005 and S35 is

Z€ero.

n 200 400 600 800 | 1000
Estimated power | 0.2145 | 0.634 | 0.9855 1 1

As expected, the estimated power increases with the size of the samples, and it is around 1 as soon
as n = 800.

The third model that we consider is the following linear regression model, for all 7 in {1,...,n}:
Yi = Bo + B1Vi + B2 log(i) + 10e;.
We test again the hypothesis Hy: 81 = P2 = 0 against Hy: 51 # 0 or B2 # 0. The coefficient §y is
equal to 3. The conditions of the simulation are the same as above except for the size of the samples.

Indeed, for this model, the size of the samples n must be greater than previously to have an estimated
level close to 5% with the correction.

e Case 51 = 52 = 0 and a,, = 0 (no correction):

12



n 500 1000 | 2000 | 3000 | 4000 | 5000
Estimated level | 0.4435 | 0.4415 | 0.427 | 0.3925 | 0.397 | 0.4075

As for the first and second simulation, if a,, = 0 the test will reject the null hypothesis too often.

As suggested by the graph of the estimated autocovariances figure 3, the choice a,, = 4 should give
a better result for the estimated level.
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Figure 3: Empirical autocovariances for the third model of Example 1, n = 2000.

e Case 1 = (2 =0, a,, = 4:

n 500 | 1000 | 2000 | 3000 | 4000 | 5000
Estimated level | 0.106 | 0.1 | 0.078 | 0.072 | 0.077 | 0.068

For a,, = 4 and n = 5000, the estimated level is around 0.07. If n = 10000, it is around 5%.
Then, we study the estimated power of the test for Sy or 51 non equal to 0.

e Case 1 =0, 82 =0.2, a, = 4:

n 500 1000 | 2000 3000 | 4000 | 5000
Estimated power | 0.2505 | 0.317 | 0.4965 | 0.6005 | 0.725 | 0.801

As expected, the estimated power increases with the size of the samples, and it is around 0.8 as

soon as n = 5000.

5.2 Example 2: Intermittent maps

For v in 0, 1, we consider the intermittent map 6., from [0, 1] to [0, 1], introduced by Liverani, Saussol
and Vaienti [15]:

2(1 + 2727 ifz €[0,1/2
9w(:v):{ ( 2a:—1) if x € [[1/2»/1]-[

It follows from [15] that there exists a unique absolutely continuous 6,-invariant probability measure

U, with density h..

13



Let us briefly describe the Markov chain associated with 6., and its properties. Let first K, be
the Perron-Frobenius operator of 6, with respect to v, defined as follows: for any functions u, v in
LQ([Ov 1], Vy):

vy(u-voby) =uvy(K,(u)-v).

The operator K., is a transition kernel, and v, is invariant by K. Let now ({;);>1 be a stationary
Markov chain with invariant measure v, and transition kernel K,. It is well-known that on the
probability space ([0,1],v,), the random vector (6.,02,...,0") is distributed as (&,,&n—1,...,&1).
Now it is proved in [8] that there exists two positive constants A, B such that:
A . B
— 1= &) <
(n+1)7

1—

NGRS Vs
Moreover, the chain (&;);>1 is not a-mixing in the sense of Rosenblatt [19].

In the following simulations, we consider linear regression models, where ¢; = 93. But, in our
context, the coefficient v must belong to ]0, %[ Indeed, if v is lower than %, then Condition (24) is
verified. Consequently, Hannan’s condition is satisfied and we can apply our results. Note that if - is
greater than 1, then the chain (¢;) is long-range dependent (see the introduction in [7]).

Recall that our results apply only in the short-range dependent case, so we shall only consider the
case where v < % For the simulations, the coefficient ~ is chosen equal to i. Consequently, &(n) is of

order n=3, which is quite slow. In addition, if F; = o(&, k < i) then F_,, is trivial (see for instance

[8])-

Note that, in this example, the mean of the errors is not equal to 0, but this is not an issue because,
it will only modified the intercept term in our different models.

For the first simulation, we consider the following linear regression model, for all 7 in {1,...,n}:
Y; = Bo + Bri+ 10¢;,

where the hypothesis Hy is: 1 = 0, and the hypothesis H; is: 51 # 0. Again the coefficient fy is
equal to 3 and the random variables ¢; are multiplied by 10 to increase the variance.

We shall study the estimated level of the test for different choices of n and a,,, which is the number
of covariance terms considered. With intermittent maps the convergence is slower; the coefficient &
do not decrease geometrically. Thereby we consider larger samples (n = 500 to n = 5000, sometimes
n = 10000 or 20000). Under the hypothesis Hy, the same Fischer test is carried out 2000 times. Then
we look at the frequency of rejection of the test when we are under Hy (i.e. the level of the test). Let
us specify that we want an estimated level close to 5%.

e Case 81 = 0 and a, = 0 (no correction):

n 500 1000 | 2000 | 3000 | 4000 | 5000
Estimated level | 0.361 | 0.365 | 0.3685 | 0.371 | 0.3645 | 0.349

Here, since a,, = 0, we do not estimate any of the covariance terms. The result is that the esti-
mated levels are too large. This means that the test will reject the null hypothesis too often.

The quantities a, may be chosen by analyzing the graph of the empirical autocovariances (see
Figure 4). In the case of intermittent maps, the number a,, should be larger than for the previous
example.

e Case 51 =0, ap, = 5:

n 500 1000 2000 | 3000 | 4000 5000
Estimated level | 0.101 | 0.0805 | 0.0755 | 0.073 | 0.0705 | 0.0805

14
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Figure 4: Empirical autocovariances for the first model of Example 2, n = 2000.

e Case 1 =0, a, = 6:

n 500 | 1000 | 2000 3000 | 4000 | 5000
Estimated level | 0.086 | 0.076 | 0.0705 | 0.0635 | 0.066 | 0.0675

e Case f1 =0,a,=T7:

n 500 | 1000 | 2000 | 3000 | 4000 | 5000
Estimated level | 0.09 | 0.072 | 0.074 | 0.0585 | 0.061 | 0.06

For small samples (n = 500), a,, equal to 5 is enough. The estimated level does not change a lot,
and is around 0.095. But for large samples, a,, = 7 is better. Indeed, with n = 5000 and a,, = 7, the
estimated level is around 0.06, and if n = 10000, this is around 0.05. We see here that an automatic

criterion to choose a,, would be useful.

Then, we study the estimated power of the test for 5; non equal to 0.

e Case 1 = 0.0005, a, =6 :

n 500 1000 | 2000 | 3000 | 4000 | 5000
Estimated power | 0.1195 | 0.1865 | 0.663 | 0.979 1 1

As one can see, the estimated power is always greater than 0.05. As expected, the estimated power
increases with the size of the samples. For n = 500, the power of the test is around 0.12, and for
n = 4000, the power is around 1. As soon as n > 4000, the test always rejects the Hy-hypothesis.

The second model considered is the following linear regression model, for all 7 in {1,...,n}:
Y; = Bo + Bri + B2i” + 10¢;.

We test here the hypothesis Hy: 51 = B2 = 0 against Hy: 81 # 0 or B3 # 0.
The conditions of the simulation are the same as above.

e Case 51 = 3 = 0 and a,, = 0 (no correction):

15



n 500 1000 | 2000 3000 4000 5000
Estimated level | 0.536 | 0.506 | 0.5275 | 0.5165 | 0.5055 | 0.4925

As for the first simulation, if a,, = 0 the test will reject the null hypothesis too often.

As suggested by the graph of the estimated autocovariances, the choice a,, = 6 or 7 should give a
better result for the estimated level.
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Figure 5: Empirical autocovariances for the second model of Example 2, n = 2000.

e Case 1 = P2 =0, a, = 5:

n 500 1000 | 2000 | 3000 | 4000 | 5000
Estimated level | 0.1265 | 0.0905 | 0.078 | 0.079 | 0.079 | 0.085

e Case 1 = P2 =0, a, = 6:

n 500 1000 | 2000 | 3000 | 4000 5000
Estimated level | 0.1065 | 0.1 | 0.0795 | 0.08 | 0.0705 | 0.0685

e Case f1 =02 =0,a,=T:

n 500 1000 | 2000 | 3000 | 4000 5000
Estimated level | 0.112 | 0.0815 | 0.071 | 0.07 | 0.0725 | 0.0615

As for the first example, for small samples, a, equal to 5 is enough and it is not necessary to
increase the value of a,,. But for large samples, larger values of a,, are required. So for n = 5000 and
an, = 7, the estimated level is around 0.06. If n = 20000 and a,, = 9, we approach the level 0.05.

Then, we study the estimated power of the test for 5y or 51 non equal to 0.

e Case #; = 0.0005, 82 =0, a, = 7:

n 500 | 1000 2000 | 3000 | 4000 | 5000
Estimated power | 0.13 | 0.1675 | 0.5685 | 0.964 1 1

As expected, the estimated power increases with the size of the samples, and it is around 1 as soon
as n > 4000.
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6 Proofs

6.1 Proposition 2.3.1
Proof. Let us define:

dj(n) = [|X_jll2 =

The condition (C2) is verified if:
> 29 L(i)? = oo (28)
i=1

When 2a; < —1, it is known that (28) converges. However, for 2a;; > —1, thanks to Proposition 2.2.1
of Pipiras and Taqqu [16], we have the following equivalence:

n 2aj+1L 2
S (iy? o~ 1
205 + 1

i=1

and this quantity diverges as n tends to infinity. Thus the condition (C2) is satisfied if «; is strictly
greater than —%. We also immediately check that (C3) is satisfied.

Now let us compute the coefficients p;;(k) and prove that they do not depend on k. For j,1
belonging to {1,...,p}:

Z_: T g Tmakl _ D klmaJL( )(erk)alL’(erk

— dl( ) / Z2o¢JL / q 1q2alLl

and we have:
SR me L(m) (m + k) L (m + k)
D iy P L(i)% /300 a**1 L (q)?
_ i (m® ((m + k) — m))L(m) L (m + k)
Sy PO L) Sy > L (g)?
Sty memet L(m) L' (m + k)
ST PG LGR /S, 2L ()P

Let us deal with the first term of the right-hand side in (29). If a; > 1, we get:

(29)

Yot (m® ((m + k) — me)) L(m) L' (m + k)
Doy P L(0)% /300y ¢ L' (q)?
St (m (kay(m + k)~ 1)) L(m) L' (m + k)
Sy PG L()% Sy 2 L (g)?
_ (ko) 5028 m® (m(1+ ) "' L(m) L' (m + k)

— )

D i 1299 L(1)2 /301 a* L' (q)?

<
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k

and because ;- is smaller or equal to k:

(k) Sy m (m(1+ £)) " L(m) L' (m + k)
S P L2 S g2 L (g)?
_ (ko) Yo mosm® Z (1 + k)™ L(m) L (m + k)
S 2 L(D2 /Sy 2oL (q)?
(ko) (L+ K)™ 500 m* e L (m) L' (m + k)

V 2img P L(0)? [0 ¢ L (q)?

Using again the proposition of Pipiras and Taqqu, we have:

<

(kay)(L+ k)=t 57" m@te=tL(m)L (m + k)
2?21 720 L(’i)2 2221 qzalL’(q)Q
ajtap

(kay)(1 + k)=t~ L(n)L'(n+ k)

ajtag
2o+ 2o+l
\/ 2ajj+1 L(”)2\/ 2a1L+1 L'(n)?
V205 + 1320 + T(kay) (14 k)1 1 L' (n + k)
aj + oy n L'(n) ’

and this quantity tends to 0 as n tends to infinity.
With the same idea, if 0 < o; < 1 and again for the first term on the right-hand side in (29), we
have:

S E m® ((m+ k)™ — m®) L(m)L (m + k)
Z?:l 720 L(i)2 ZZ:l q2aZL/(q)2
~ Xhim® (ko™ ™)) Lim) L' (m + k)

m=1

Doy P9 L(0)% /300 q* L (q)?
< (kay) >0y m@t=1L(m)L' (m + k)
> Z?:l izajL(i)2 22:1 qQO‘lL’(q)2

If aj + a; > 0, we can use the equivalence of Pipiras and Taqqu and show that it converges to 0:

(k) 32y m 4 L(m) L' (m + ) (kon)y/205 + 1V20 T 11 L' (n + k)
Doimy 129 L(1)2, /300?01 L (q)? o+ n L'(n)

If o; + a; < 0, the quantity converges to 0, because the numerator is summable and the denominator
tends to infinity. Furthermore, if o; + o = 0, the quantity converges to 0 too.
Finally, if f% < aq < 0, we have:

> (M ((m + k) — m®) L(m) L' (m + k) < > (M7 [ (m + k) — m® ) L(m) L' (m + k)

m=1 m=1
D1 P L(0)? 3y ** L (q)? - D1 P L(i)? 3y ** L (q)?
X (me (kg m® ) L(m) L/ (m + k)

Doimy 129 L(1)2 /300y 4?1 L (q)?
(Elou) 3oy m® T~ L(m) L' (m + k)
Z?:l 720 L(i)2 22:1 qzalL’(q)z

and we get the same results as above.
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For the second term on the right-hand side in (29), we use again the proposition of Pipiras and
Taqqu:

(n_k)aj+al+l

ZTL k (XJ+O(ZL( )L'(m+k WL(TL— k)L’(n)

Y n a n2u-+1 n2ap+1
VELT IS e P it
V205 + 120 + 1 (n — k)*tatt [(n — k)
aj+a+1 npetl/2pautl/2 L(n)

)

and this quantity converges to 7%
Thereby the coefficients p;;(k) are constants and equal to 7%
O
6.2 Theorem 3.1
Proof. The proof of Theorem 3.1 is splitted in two parts. Indeed, notice that:
IFa ) = FW) e < 12 ) = fa)lles + 1 (X) = FW) I
The proof is complete with Propositions 6.2.1 and 6.2.2:
Proposition 6.2.1. Under the assumptions of Theorem 3.1, we have:
lim —sup  [|fn(A) = f(A)[lL: =0 (30)
N0 \g[—m,n]
Proposition 6.2.2. Under the assumptions of Theorem 3.1, we have:
lim —sup [|f5(A) = fa(M)[lr =0 (31)
n=00 xg[—m,7]
O

6.2.1 Proposition 6.2.1

Proof. Without loss of generality, ¢, is chosen such that 2¢,, <n — 1. Let m be an integer such that:
1<2m < 2¢, <n—1. For all i € Z, define:

€i.m = E(&;|Fixm) — E(€|Fizm). (32)

and notice that E(¢; ,,,) = 0. The associated spectral density estimate is defined as follows:

=g ¥ K (B)ien yelnal

2T
k| <n—1 "
where :
n—|k|
. 1
Vhm = > EGméirikims K <n—1.
j=1

By the triangle inequality, it follows that:

”fn()‘)_f()‘)”]}_,l S ||fn(/\)_ T?Zl Hp"‘”fn n ||
+ [E(f7M (V) — E(f, \+|UE fn( )) JAOVIII>
< 2| f ) = fal ||L1+Hf;" —E(fTOD I + IES () = FW) e
because |]E(f,T(>\)) E(fn(A | ||fm - f"(A)H]Ll'

The proof is complete using Lemmas 6.2.1, 6.2.2 and 6.2.3:
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Lemma 6.2.1. Under the assumptions of Theorem 3.1, we have:

lim  sup [E(fa(A) = fN)]ls =0 (33)

N0 Ng[—m, 7]

Lemma 6.2.2. Under the assumptions of Theorem 3.1, we have:

lim limsup sup Hf,’:’()\) — fn()\)H]L1 =0 (34)

M=0 n—oo Ae[—m,n)

Lemma 6.2.3. Under the assumptions of Theorem 3.1, we have:

lim limsup sup || fr’f(/\)fE(f;”(A))||Ll =0 (35)

M= nooo \e[—m,7]

Proof of Lemma 6.2.1. By the properties of expectation and by stationarity:
1 || &\ oikA 1 n — |k| k| ikA
E(f.(N) =— K|— |E A = — —— | K| — ) me™.
=5 ¥ &) -5 ¥ () k(B e
[k|<n—1 |k|<n—1

Since ¢, —— oo and lim,_,g K(u) = 1, thanks to dominated convergence theorem and because

n—00
> ok [7(E)| < 400, it is clear that (33) is true.
O

Proof of Lemma 6.2.2. Let S,, and S’,T be defined as:

n

Sp(\) = Z epet*X

k=1
SN =Y Eme™
k=1
Because (a + b)? < 2a? + 2b%, we have:
~ 2 . N i
1520 =8N = D ™ =D ™
k=1 k=1 L2
1 n n 2
= E ZekeikA - (Z E(Ek‘]‘-ker)eik)\ - E(Ek]‘-km)eikk>
k=1 k=1 L2
1 n n 2
= - Z(Ek - E(ek‘]:ker))eik)\ + ZE(EHI}C,m)eik)\
k=1 k=1 L2
2 |l R ’
< E Z(usk — E(Gk‘fk+m))€1k)\ + g ZE(€k|fk_m)€Zk>\
k=1 L2 k=1 L2
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We get for the first term of the right-hand side:

n 2 1 . - |
e~ Bl Fa e LIS S P
= L2 k=1 j=k+m+1 L
2
1 s n )
B E Z ZPj(Gk)ek)\l{jZk+m+l}
j=m+2 k=1 iy
1 & 2
T on Yo R Pile)e™ <y
j=m+2 ||k=1 Lo
2
1 & n
j=m+2 \k=1

using the Pythagoras’s theorem and the triangle inequality. It follows:

2 2
1 o0 n 1 o0 n
- > <Z||Pa‘(fk)||u1{k—js—<m+1)}> - > (Z”Po(%—j)llu1{k—js—<m+1>}>

S —
j=m+2 \k=1 j=m+2 \k=1
1 o —(m+1) 2
< - > Y NPolellie L j<r<n—s)
j=m+2 \ r=—o0
| & —(m+1) 2
- Z 1 r<j<n—r) Z | Poler) |l
j=m+2 r=—00
—(m+1) ?
< D IPoel | - (36)

With the same arguments, the second term of the right-hand side satisfies the inequality:

< (Z P0(€r)||11_2> : (37)

Consequently, combining (36) and (37), we obtain that:

n 2
Z E(€k|fk_m)eik>‘

k=1 L2

—(m+1) oo 2
U] COEECYFELY (D DRI +2<2||Po<er>||p>

Then, since > = ||Po(€;)||p2 < +00, we have this first result:

1=—00

lim limsup sup — HS S’;"()\)Hi2 =0. (38)
w] "

M= pnosoo Ae[—m,

Define now the two periodograms corresponding to the quantities S, and S',Tz

n—1
1 1 o
L) = 5 ISP = 5— 3 Awe'™

k=1—-n

m _ - |gm 2 i 2 ik
In ()‘) - 2rn |Sn ()‘)’ - o7 k;ﬂ’yk,me
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By Cauchy-Schwarz’s inequality and the triangle inequality:

I = 22Ol = | g 19008 - g 187
- ﬁH\Sn 182
" 1108201 = 1520 (18201 + 82D
< % 1501 =[S [l [1Sn T+ (S5 ]l
<

Thus, thanks to (38) and the following inequality for S,, and S

% 12Nl < S 1P ()]s < o0,

keZ
we get: ~
lim limsup sup ||[I,(A\) — I*(A =0.
m—o0 5 300 )\E[ 71'71'] H ( )||]L1
Then, let K(.) be the Fourier transform of K:
rm k i
RO -r0) = o 3 k(B em o)
\k|<n 1
ke A
Ly L (f R ad o i
\k|<
1 [ i
= K(u)— - (G HVg
o7 Ju (u)z >, (—An)e v

|k|<n—1
1 A -
= — K(u)([n<u+)\>— ;’“(u—i-)\))du,
21 R Cp, Cn
using the definition of I,, and T . Hence, by the triangle inequality:
/K ( < +)\> <u+>\)>du
271' Cn
o (o (5 ) - (5 )
Cn Cn

1 . .
3500 [1.0) = 720, [ |G| au.

L1
du
]Ll

IN

IN

Using (40) and the fact that K is integrable, Lemma 6.2.2 is proved.

Proof of Lemma 6.2.3. Without loss of generality, suppose § = 0. We have:

o = 5 ¥ K (H)h

k| <n—1
o2& (kN L1
- o — n Vk,m 27_[_’70 m
9 n—1 k 1 n7k~ ) n ~2
o2 2 COPDILECRREEE
k=1 j=1 1

11 am 1Ml [EXCN]
ar o 197 () Sm)HU( NG Nond



By the triangle inequality again and a change of variables, we have:

| fir(0) —E (f:f(m)HLl

2 «— 1 B _ ~ 1 n ) i
Bz Z <) n Z sk = BEmrenm) + 50 ) &~ EG )
=t - 7=l Jj=1 Lt
) n—1 1 i ) ]
= ﬂ ( ) E Z €J,m€j+k,m - E(€j7m€j+k,m))
k= j=1 .
11, B
% n Z ei,m E(EO m)
i=1 Ll
) 1 n 1—1 i —j i i ) ~
< % ﬁ Z Z K c (ei,mej,m - E(Gi,mfj,m))
1=2 j=(i—2c,)V1 n L
1|1, ~2
+ % n Z ei’m - E(EO,m)
i=1 L1

By the L'-ergodic theorem, it is known that, at m fixed:

lim
n—oo

Consequently, it remains to prove:

1—=7\ ,. - .
Jim timsn |13 51 () e B

=2 j=(i—2cy)V1 L

‘We know that:

i—2m . .
Z Y K (’ — J) E(€:méjm) = 0, (41)
i=2m+1 j=(i—2c,)V1 Cn
Indeed,
E(éméjm) = E (B(€j|Fjtm) — B(&[Fj—m)) (E(€i| Firm) — (il Fimm))) -
But E(€;|Fitm) — E(€;|Fi—m) is orthogonal to L?(F;_,,), and E(e;|Fj+m) — E(€;|F;—m) belongs to
L2(Fi—m) if 5 +m <i—m. Thus E(& ,,,é;m) is equal to zero if j < i — 2m and (41) is true.
Thereby we have:

n i—1 o
%Z SOk (’ —J ) (EmEjm — E(Eméjm))

i=2 j=(i—2c,)V1

1 n i—1 Z—] ) i ) )

< Y X K () @i Bt
i=2 j=(i—2m+1)Vv1 n L
1—2m i
TSN SR ()
i=2m+1 j=(i—2c¢,)V1 n Lt

1 2m—1n—k k

S E ]; ;K <Cn) (gi»mg’i-‘rk,m _E(gi,mgi—i-k,m)) y




For the first term of the right-hand side of (42), since the kernel K is bounded by 1, we have by
the triangle inequality and the stationarity of the error process:

1 2m—1n—k k 2m—1 1 n—k
=Y MK () Eiméitkm — B@Eméirem))|| < Y |5 D Eméitrm — E(€omérm))
[ gt Cn L1 1 || = L1
Using the L'-ergodic theorem, for all k fixed, we deduce that:
2m—1 1 n—=k
- (gi,mgi-i-k,m - E(gO,mgk,m)) — 0.
n n— oo
k=1 i=1 Lt
It remains to be shown that:
1 n i—2m i
lim limsup ||— Z Z K( j) €,m€j.m =0.
—
oS oo 1M O = (i 2oV En Lt
We have:
1 n i—2m i _j
D INED S G L
i=2m+1 j=(i—2¢,)V1 " Lt

1 2[n/2m]m i—2m i —j 1 n i—2m i _j

S IR SN VN Coo LIS P S S € e I
i=2m+1 j=(i—2cn)V1 " i=2[n/2m]m+1 j=(i—2cy,)V1 " L1

then by triangle inequality:

1 2[n/2m]m i—2m i —j 1 n i—2m i j

g Z Z K ( - ) gi,mgj,m + g Z Z K (C) €i7m€j,m

i=2m+1 j=(i—2cn)V1 " i=2[n/2m]m+1 j=(i—2c,)V1 " L1

1 2[n/2m]m i—2m P
n C,
V1

i=2m+1 j=(i—2cn

1 n i—2m Z—]
fe 2 s k(e

i=2[n/2m]m+1 j=(i—2c,)V1 Lt

L1

and using a change of variable:

1 2[n/2m]m i—2m i—
=Y > K( o >€i,m€j,m

i=2m+1 j=(i—2c,)V1 L1

1 n i—2m .
i 3 K(ch1>€i’mgﬂ‘m

i=2[n/2m]m+1 j=(i—2c,)V1 L1
2m [n/2m]—1 2(r—1)m+l .
1 - 2rm+1— -
SIS a2 K(f) Eim
=1 r=1 G=(2rm—+1—2c,)V1 " Lt
n 1—2m . .
1 1 —
S DRI S Y AT R
i=2[n/2m]m+1 j=(i—2cn)V1 " Lt
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For the second term of the right-hand side of (43), by the Cauchy-Schwarz inequality and by
stationarity, we get:

1 n i—2m ’L—j 1 n i—2m
TP VI v () T D DR o oS
i=2[n/2m]m+1 j=(i—2¢cn)V1 Lt i=2[n/2m]m+1 j=(i—2c,)V1
1 n i—2m
~ 2
< o Z Z ll€0,m g2
i=2[n/2m]lm+1 j=(i—2cy)V1
4 n i—2m
2
S
i=2[n/2m]m+1 j=(i—2c,)V1
C
< 16m ol (44)

and (44) tends to 0 as n tends to infinity.
Using ideas developed by Dedecker [5] (see the proof of his Theorem 1), we study the first term of
the right-hand side of (43) and we shall prove that it is negligible. Let Z be:

[n/2m]—1 2(r—1)m+1

5 2rm+1—7\ _
Z(Tv n, m) = E Z €2rm+l,m Z K <cj> Eij- (45)

r=1 j=(2rm+1—2c,)V1

Let ¢ be the function defined by ¢'(0) = ¢(0) = 0 and ¢”(t) = (1 — [t[)1{sj<13, that is the
symmetric function such that, for all ¢ greater or equal to 0, ¢(t) = %(1 — t)31{t<1} + %t — %.
Now, for all € > 0, by the growth of ¢, there exists a constant C' such that:

E(|Z(r,n,m)|) = E((Z(r,n,m)| 1 z(nm)>er) + E(Z(r,n,m)| 1z n,m)|<et)
< CE(p(Z(r,n,m)1{ z(rm,m) >e}) T E(Z(r,n,m)| 141 2(0n,m)|<e})
< CE(p(Z(r,n,m))) +e.

because the function ¢ is positive.
We conclude the proof using Lemma 6.2.4.

O
Lemma 6.2.4. In the conditions developed at the end of the previous proof, for all fived m:
lim E(¢o(Z(r,n,m))) = 0. (46)
n—oo

Proof of Lemma 6.2.4. To prove that (46) is negligible, the two following results are needed:
Lemma 6.2.5. The following inequality holds:

lp(z + h) — p(x) — he' ()] < P(h),

where:
Y(h) = |h*1n<ay + 2R = D213

Proof. The function ¢ is continuous and differentiable in the neighborhood of 0. Using the Taylor
formula, we have the following majorations:
h/ h / < |h’ 2 1 < |"L|2
o+ b) — () — b/ (@)] < T sup ()] < 12
u€R

then, by the triangle inequality:

lp(x +h) — () = he'(z)] < p(x 4+ h) — (@) + |l |¢'(z)] < 2| sup |’ (w)] < |h].

The proof is complete.
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Lemma 6.2.6. For all real x in R, we have:

|1 A |2]) < ¥(x) < 2z[(1A |2)).

The proof of Lemma 6.2.6, being elementary, is left to the reader.

So we get:

[n/2m]—1
E(@(Z(r,mm))) = Z E(

i=1

C
i=2gm+l—2c, "

i—1 2(g—1)m+1 .
1 N 2gm +1—j\ .
— - mtlm K| — )&
P nE €2gm-+1, E, ( )63, )1)

. Cn
g=1 ji=(2gm+1—2c,)V1

i 2(g—1)m+l i
1 N 2gm +1—35\ .
<(p<n qZ:1€2q +L, E ( )61, )

. Cn
ji=(2gm+1—2¢c,)V1

i—1 2(g—1)m+! .
1 N 2gm +1—7\ .
- ¢ (’Il § €2gm+1,m E K( n >€j7m>> ‘
g=1 V1

i=2gm+1—2c,

i 2(g—1)m+I .
1 ~ 2gm+1—35\.
® (TL § €2gm+1,m E K( >6j,m>
g=1 V1

[n/2m]—1
1

C X

Then applying Taylor’s expansion, with :

i—1 2(qg—1)m+l .
1 - 2gm +1—7\ .
ro= gz%m“m > K (Cn) €jm
g=1 j=(2¢gm+I1—2c,)V1
2(i—1)m+1 . .
. 1_ 2im4+1—35\ .
A(lv m) = ﬁGZim+l,m Z K <0n> €5.m
j=(2im+1—2¢,)V1
i 2(g—1)m—+l1 .
) 1 . 2gm+1—3\ .
T+ A(va) = ﬁ Z€2qm+l,m , Z K <Cn) €5,m;,
q=1 j=(2gm+I1—2c,)V1
we have:
[n/2m]—1 = 2(g—1)m+l Sqm 41— j
E(cp(Z(nn,m))) < Z E(SD/ n Z€2qm+l,m Z K (C) gj,m
i=1 q=1 j=(2qm+I—2c,)V1 n

2(i—1)m+1

1. 2im 41—\ . .
X EeQim-H,m Z K <> €j,m =+ w(A(Zam))> |

. . Cn
j=(2im+1—2¢,)V1
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Then by triangle inequality, we obtain:

[n/2m]—1 1 _ 2(g—1)m+1 2qm n I ]
]E(‘P(Z(Tyn,m))) < Z < ﬁ Z €2gm+1,m Z K (C) gj,m
i=1 g=1 =(2qgm—+1—2c,)V1 "

2(i—1)m+1 . .
1. 2im+1—7\ .
X E62im+l,m Z : 1K (Cn> 6j,m> ‘

i=(2im+1—2¢c,)V

[n/2m]—1
+ Z E (JAGm)* 1gagmy<y + 1AGm)] = 1) Lgagms1y ) ‘
[n/2m]—1 i—1 2(g—1)m+! .
1 . 2qgm + 1 — -
<3 B(e (i 2 k(M)
i=1 q=1 =(2qm+1—2c,)V1 "

S|

i— l

i 2t %im +1— 4\ _

X €2im+1,m Z K 07 €im
j=(2im+1—2c,)V1 "

[n/2m]—1
+ Z IE( i,m \ 1ga@,my <1y + (21A@Em)[ — 1) 1gaq, m)\>1}>

By definition, (€; ,)icz satisfies:

E(€2im+1,m|F2im+i—m) = 0.

Hence:
[n/2m]—1
E(p(Z(r,n,m) < Y E(AGM)PLyagmy<iy + CIAG M) = D 1ga6m)>1})
=1

For this term, put:
[(2(i — 1)m—|—l)—((2im+l—2cn)\/1)+1]K <22m+l—j

Cn

B(i7j7 m, Z) = ) €2im+1 mej m-

n
Using the convexity of ¢ and Lemma 3 of Dedecker [5], we have that:

2(i—1)m+1

, 1 .

2(i—1)ym+1

1 . .
[(2( — Dym +1) — ((2im +1 —2¢,) V1) + 1] j_(%m;_%nm E (¢ (B(i,j,m,1)))

2(i—1)ym+1

2 2c 2c
< @ . S (Zaar (1 ) ).
(206 —1m+1)— ((2im+1—2¢,) V1) +1] @i 2oV n n
and:
2(i—1)m+l
2 2c 2c
E( =leoml® [ 1A ="|E0,m|?
(2@ —1)m+1) — ((2im+1—2¢,) V1) +1] Z ( n [é0.m| ( [é0.m| ))

j=(2im+I1—2¢,)V1
8c -
<="p <|eo,m\2 (1 A —|60 ml )) .
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Thus we can conclude if, for m fixed:
Tim c,E (|g07m|2 (1 A %"|go,m|2)) = 0. (47)
To prove (47), notice that:
en ([eoml? (11 Lleoml?)) < 4eaE (B (ol F)? (1A 2 E(eol Fn) ) )
+ denk (JE(eol Fn)* (1A 2 E(eol Fom)[?))
4B ([E(eolF_m)|? (1A 2 E(eol ) ?))
+4c,E (|1E(60|f,m>|2 (1 A %\E(eo|}1m)|2>) . (48)

For the first term and for the last term, we use the convexity of :

o (IE(colFn)? (1A Bl Fa))) < nE (4 (E (o)) )
< (2 (0 (21a) 17)
< nE(v(Flal))
< 2,E (|60|2 (1 A %”|EO|2)) . (49)
With the same idea, for the last term, we show that:
enlE ([BleolF-m) (1A B (ol Fom) ) ) < 260 (Jeof® (14 eol?)) (50)

For the second term, with the convexity of 1), we have:

IN

Cn Cn Cn Cn
nE (2 [E(colFn)|? (1A 2@l F-n)?)) < nE (ZE(eol|Fn) (1A E(eo*1F-m)))
< o (0 (B (SHal7-0)))
c
2nIE( 2(1a 2 2)) 51
enkE (leol? (1A el (51)
Since g :  — 1 Ax is a concave function on R and 1 is a convex function, for the third term, we
obtain that:

N

IN

IN
S

enlE (IE(colF—rm)[* (1A 2 [E(eol Fn)?) ) (6o [F—m)E (9 (ZE(leol*|Fn) ) [F-m) )

Bl E-n)o (E (SE(eof 171 -n) )

OBl ) (1A Bl 1)) )

IN

IN

3 3
@ =\ =B ©
e N N

IA
3
<
/N
SRRy
=
£}
o
&
3
N’
N——

IA
[\
le)

S
=

—
)
o
—
/N
—_
>
@)
s S

S

[}

=

N———
N———

—
t
[\

N—

Using (48) to (52), we deduce that (47) is verified as soon as (17) is true.

6.2.2 Proposition 6.2.2
Proof. Recall that:

k ,
fn(N) = % Y K (;) A

k| <n—1
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where:

n—|k| n—|k| P
N 1
Y = Z €GEj+1k] = Z ( Z%,lﬁl) <Yj+|k| - ijJrk,lﬂl) , 0|k <(n—-1),
— I=1
and:
Z K <| > 2% zk)\
\k|<n 1
where:

n—|k n—|k
1 || |k|

1
Y=~ Z €i€j+lk] = Z

p
( ij zﬁz) <Yj+k| - Z’Ijﬂm,zﬁz) , 0 [R[ < (n—1).
=1

3

Thus we have:

k - k ,
10~ A0 = |5 3 K(Ll)%e“ﬂ_;w 3 K(Il) it

™
k| <n—1 "

[k|<n—1 L1
1 |k‘ A% 2 kA
= a2x Z K(%) [ — ] e
|k|<2¢c, Lt
1 ko
S o Z 19 — Ve llps - (53)
|k|§2cn
Since < tends to 0 when n tends to infinite, it remains to prove that:
A 1
sup |95 = Al =O( — ). (54)
|k|<2¢n n
Lemma 6.2.7. The following inequality is verified:
1 n—|k|
19 = Al = |- D2 (Y5 Z%lﬂl Yisim — Zwﬁw B
j=1
— k| p
- Z (Y Z%lﬂl> ( Ikl — foj+k|,151>
=1 Lt
TR 2k 1 22 2k
< maY|(a-a) L IR (G - i) 3
I=11'=1 Lt I=11=1 Lt
12 n—|k| . 12 n—|k| .
+ 5121 > ey (8- 54) ﬁz S i (- A)| . (59)
= J= L1 =1 = L1

The proof of this lemma will be given in Section 6.3.

It remains to calculate these four terms. For the first term of the right-hand side, for all {, I’ fixed
and for all k, we have:

— |kl

( ) ZT/ < (Bl—Bl)zzn:wil ,

Lt J=t Lt

i LT di(n)*E <(5l - 3!)2) :

and:

(5! - Bl)2 z":x?l = ‘ dy(n)? (ﬂl - Bl)
PSR
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Hannan has proven in his paper [13] a Central Limit Theorem (11) with the convergence of the second
order moments (12). Consequently, we have:

N2
‘ am? (B -4) | =o),
L1
hence:
oIk . 9
sup (ﬁl - Bl) Z xil < d;(n)*R ((,Bl — ﬂl) ) =0(1).
|k|<2¢c, j=1
Lt
So we can conclude:
1 B2 o NIkl 1
4 2
— — : =0 .
a2 (o 3 )=o)
>4Cn — r— ]—1 L
For the second term, the same arguments are used, because Z;-l;l‘k‘ :E? kg S Z;—;l :v?l Hence:
1 22 oIkl 1
O E-> 3 (2 SN I R EE
kl<2e, \ 27 1 1] = n
= = = ]_1 Ll

For the third term, for all [ fixed, by the Cauchy-Schwarz inequality, we get:

n—|k| n—|k|

E €554 (k|1 (51 - 51) < E €554 |kl,1 Hﬂl —H L
=1 Lt =1 L2
Then, we have:
n—|k| 2 k| n—|k|
E : €5 j+|kl1 = E , E , Vi Tit | k| 1T j+ k]
j=1 L2 j=1 i=1
n—|k| n—|k| n—|k| i—1
= Z Z Vi—iTit|k| 1T+ k|1 T E E Vi—iTit|k| 1L j+|k|,1-
=1 j=i i=1 j=1

For the first term of the right-hand side, it follows with the change of variables r = j — ¢:

n—|k| n—|k| n—|k| n—|k|—1i
Z Z Vi—ilit|k| 1L+ k|l = E E VrLit| k| 1 Lit k|41,
=1 j=i i=1 =0

n—|k| n—|k|—1i

< D> el ez e
i=1 r=0
n—|k| n—|k|—1i
S 3 SRR
— i+k|,l i+|k|+r,l
i=1 r=0
n—|k| n—|k|—1i n—|k| n—|k|—1i
<

2 2
Yo D> et Do D0 el
i=1 r=0 i=1 r=0
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Since r < n — |k| — i, we have ¢ <n — |k| — r, and it comes:

n—|k| n—|k|—i n—|k| n—|k|—i
2 2
§ E Vel 27 gy 0+ § § Ve |3 )
i=1 r=0 i=1 r=0
n—|k| n—|k|—i n—|k| n—|k|—r
2 2
SR ANTED D R DN D WAy
i=1 r=0 r=0 i=1
n—|k| n—|k|—r
2 2
< Z xi+|k|,l2|%\+2\%| Z Lt |k |47,
i=1 T T =1
Since Y, |y(k)| < oc:
n—|k| n—|k|—r n—|k| n—|k|—r
<

2 2
E Tit|k|,l E 1| + E v E Tit ||+,
i=1 r T i=1

2 2
M E Tyt E T3y k|4
i=1 =1

n n
Y (z 24 zwzz)
=1 =1
n

/ 2
< MY
1=1

With the same idea, for the second term of the right-hand side, we have:

IN

n—|k| i—1 n
Z Z"/jfixi+|k|,lmj+\k\,l <MY ai,
i=1 j=1 j=1
thus: )
n—|k| n
sup Z €Tiv || < 2M' Zx?l = M"dy(n)?.
Ikl<2en || 521 Lo =1
In conclusion :
n—I#] ) n=Ik] )
RETISY (51 - ﬁz) = (P Hﬁl - ﬁl‘ "
Jj=1 Lt Jj=1 L2
< Cdi(n)y/E ((ﬂz - 31)2)
< o\fatns (- Br) = o,
hence:
n—k| )
sup || Y €m 4. (ﬂz - ﬂz) =0(1),
|k|§26n j=1 L
thereby:
1 & n—|k| . 1
sup | — €54 k|1 (51 - 51) =0 () .

The same idea is used for the fourth term of the right-hand side of (55). Thus (54) is verified and
consequently (31) is true.

O
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6.3 Proof of Lemma 6.2.7
We start by developing the term Y:

n—|k|

. Z; <Y Z%Mﬁ)( Gk — Z%Hk\ zﬂz)

Ak A

Ve — Vk

L1

n—|k|

p
—% Z (Y Z%lﬂl>< +k| — Z$j+|k|,zﬂl>
1=1 L1
1 n—|k| P D
n > (Z%l(ﬂl ﬁl) +€a> (Zxﬁkl(ﬁl )+€j+|k>
j=1 \i=1
1 n—|kl P P
— (Yj - Zl‘j,lﬁl) <Yj+|k - ijJrk,lﬂl)
=1 L1

) : P .
Because € is equal to Y; — )" | x5, we have:

P

E (£t 9t
- nyfl <Y nglﬁl) < 1K~ ;%Hkl zﬁl)

<§p:$jz(ﬂl 51) Z%Hkl l( )
+¢€; Zx]—+\k|,z (51 - Bl) + foj,l (ﬁl - Bl)€j+|k>
=1 =1

]Ll

n—|
1
2

k|
j=1

]Ll
Using the triangle inequality, we obtain:
n—lk\ p
Z (Zxal(ﬂl Bl) Z%+|k| l(ﬂl 51)
Jj=1 =
/4
TE Zxﬂlkll (51 - Bl) +Y @ (ﬁz - Bl)€j+|k>
=1 =1 Lt

1 =LA )

Z (Zl’]l (ﬁz ﬁl) Z$3+|k\ ! (ﬁl Bz)) +- > (6]‘ > @i (ﬁl —ﬁl)>

J=1 =1 Lt j=1 =1 L1

1 n—|kl / p .
T ; (;fﬂj,l (ﬁz - ﬁl) 6j+k> . ,
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then we swap the sums between them:

n—|k|
Z (Z 5,1 (ﬁz ﬁz) ngﬂk\ ! (51 5z)>
j=1 Lt
1 n—|k| P . 1 n=|k| / p .
I Z (% D Tk (ﬁl - ﬁl)) - Z (Z T (ﬁl - 5l) 6j+k|>
j=1 =1 L j=1 \i=1 L
1" kl / p P .
< = (Z 1 (ﬁl - 51) > @i (51 - 51))
[ R =1 L
12 n—|k| R 1 n—|kl| R
- Z €54 |k|,1 (51 - 51) il Z €j+1k|Zj,0 (51 - 51) ;
=1 j=1 L =1 j=1 L
and using again the triangle inequality:
n—|kl|
Z <Z$;z (51 51) Zx]—HkU B — 51))
Jj=1 \i=1
p n—lkl| P "—Ik\ .
+ *Z PORGEIHY (ﬂz 51) nz D T (51 51)
=1 j=1 Lt =1 j=1 Lt
1 n—|k| / p P .
< - Y - y ’ r — ’
< 5 Z <Zl’g,z (51 ﬂz) Z%HW (/31 B ))
j=1 \i=1 r=1 L
1 A 1 2= Ld .
+ 52 Z T+ k], ( 5!) + ;Z Z €5+ (K| T.L (ﬂz —BZ)
=1 || j=1 Lt =1 || j=1 L1
For the first term of the right-hand side, we have:
1 n—|k|
L5 (z it (60— 8) e (50 - ﬁl,))
j=1 = I'=1 L1
122 n—|k| . .
-~ SN T (51 - ﬁz) T (k| 1 (5l' - ﬂl/) ;
I=11=1 j=1 L
then by triangle inequality:
1P n—|k| R .
- SN w (51 - 51) Tt |kl (51/ - [31/)
I=11=1 j=1 o
12 n—|k| .
< Z Z Z T (Bl - Bl) Tt (k)1 (ﬂl/ ﬂl/)
1=11=1| j=1 o
Since ab < %az + %bz, we get:
12 n—|k| . .
- SIS = (ﬂz - ﬂz) T |k| 17 (51/ - BZ/)
1=11=1] j=1 o
1&g n—|kl| N2 n—|k| . 9
< HZ > 7 2 (xj,z (51 - ﬁz)) t3 Z (ij+|k|,zf (@' - ﬁl/)) ;
=1 r=1“ j=1 j=1 o
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and by triangle inequality:

n—|k| n—|k|
1 1 21
- Z Z 3 (l‘j,l (/31 - ﬁz)) Z (%Hk\ 7 (ﬂl' - ﬁw))
I=11=1 j=1 0
1 22 o Ikl 1 22 o NIkl
<> |(m-A) LT RPN (T ) 3 o
=1 1=1 L =1 1/=1 o
In conclusion, we have:
1 Pr 2 nlkl 1 22 2kl
B D SO ] (RN DR 1 IR 9 9i (=3 N 3
=1 1=1 j=1 L =1 1=1 L
| o |t A | |t A
T Z Z €5+ k|1 (51 - 51) +o Z Z €j+1k| T4l (ﬂl - 51)
1=1 || j=1 L =1 || j=1 L
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