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Abstract

Estimation of the memory parameter, d, by fitting a fractionally differenced autoregression of order p,
where p approaches infinity simultaneously with the observed series length, n, is examined. Under some
conditions on growth of p with respect to n and on the short-memory component, which admits an infinite
autoregressive representation with coefficients a j, the estimator is shown to be /p/n consistent and asymp-
totically normal, where p may be taken to be proportional to logn. The joint asymptotic distribution of the
estimators of d and of the a; is also derived.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

This paper considers estimation of the memory parameter d in a covariance stationary time
series {X;, 7t =, ..., —1,0, 1, ...} whose spectral density is of the form

F() = 12sin(2/2)| "> h(2), (1.1)
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where —% <d < % and 4 is a bounded continuous function, 4(0) # 0. In the case 0 < d < %,
{X;} is said to exhibit long memory, the case d = 0 corresponds to the short memory, and the
case —% < d < 0 to the negative memory or antipersistence.

A variety of different approaches to estimating d have been suggested. The currently available
methods may be grouped under four broad headings: graphical, parametric, non-parametric and
semi-parametric, we refer to Bhansali and Kokoszka [7] for a recent review.

In this paper, we develop theoretical foundations for a fractional autoregressive model fitting
approach to the estimation of d. We say that a time series follows a fractionally differenced
autoregressive model of order p, abbreviated FAR(p, d), if its dth fractional difference follows
an autoregressive model of order p. We assume that the observed time series is a realization of an
FAR(00, d) process. Our estimator of d is obtained by fitting an FAR(p, d) model by a likelihood
procedure, but we treat p as a function of the sample size n such that p — oo, as n — oo.
A main difficulty in developing an asymptotic theory has lied in the lack of a suitable Central
Limit Theorem for quadratic forms whose kernel depends on the sample size n. We established
the required results in [6]. To be able to use them, we develop in the present paper a number of
bounds on Lj, Ly and spectral norms of several matrices related to the information matrix and
their derivatives, inverses and products. The dimension of the matrices and vectors depends on the
sample size, and no relevant results have been available prior to the present work in the context
of long memory and antipersistent time series.

We show that /n/p(d—d) is asymptotically standard normal. The joint asymptotic distribution
of d and an increasing number of the estimated autoregressive coefficients is also shown to be
normal with the order of consistency /p/n. The factor ,/p, which slows down the convergence,
does not appear in the parametric likelihood estimation, see e.g. Fox and Taqqu [11] and Dahlhaus
[10], because there the model is assumed to be correctly specified and so the information matrix
is constant.

The approach we take is akin to the parametric approach, but the differenced process is postu-
lated to follow an infinite order autoregressive model, and since such a representation exists under
mild conditions (see e.g. [9, p. 78]), the class of processes we consider is larger than in a paramet-
ric setting. Indeed, our approach is similar in spirit to the well-known practice of estimating the
spectral density, the linear predictor and related parameters of a stationary process with bounded
spectral density by autoregressive model fitting, see Parzen [18], Berk [2], Shibata [21,22] and
Bhansali [3-5], among others. In our setting, however, the spectral density can be unbounded or
vanish, so the theory developed by the cited authors does not apply.

Hurvich and Brodsky [13] and Moulines and Soulier [16,17] consider an FEXP approach to
the estimation of d which bears some similarity to the approach studied in the present paper. In
the FEXP approach, log fy (1), the logarithm of the spectral density of the short-memory process
Y}, is postulated to possess an infinite Fourier series expansion and thus Y; is specified to follow
an exponential model of Bloomfield [8]. The estimator dgRr, say, is obtained by first truncating
the infinite Fourier expansion of log fy (1) at some finite value k and then by using a linear least-
squares regression procedure. On the assumption that k — o0, as n — 0o, Moulines and Soulier
[16] show that \/n/_k((’i\ER — d) is asymptotically normal. If the Fourier coefficients converge to
zero at an exponential rate, k may be taken to be proportional to log n, and this is also true of the
autoregressive order, p, used in our approach. In this sense both methods are comparable and yield
estimators of d with convergence rates (logn/n)'/%. Our approach is, however, likelihood-based
and it may be expected to be asymptotically more efficient than the regression-based approach of
these authors. Also, unlike Moulines and Soulier [16], we do not assume that the observed series
is Gaussian. Both methods are asymptotically superior to the nonparametric and semiparametric
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approaches for which the fastest possible rate of convergence is n~%*. Even though the rate
of convergence for the parametric methods is n~'/2, these methods are not robust to model
misspecification. A comparison of finite sample performance of the various methods discussed
above is presented in [7]. For a broad class of long-memory Gaussian processes, our method is
shown to outperform commonly used non-parametric, semi-parametric and parametric methods,
the latter if the parametric model is misspecified.

The paper is organized as follows: in Section 2, we state the assumptions and describe the
estimation procedure. Section 3 contains the main results of the paper and their proofs. These
proofs rely on a number of auxiliary results which are developed in Sections 4-6. Section 4
establishes bounds on the rate of growth of the information matrix and related matrices of an
FAR(p) process, as p — 00, thus extending similar results for AR(p) models to fractionally
differenced processes. Section 5 focuses on delicate bounds for the remainder term appearing in
the proofs of our main theorems. These bounds use the bounds of Section 4 and the pre-estimation
procedure described in Section 2. Section 6 applies the results of Bhansali et al. [6] to quadratic
forms of FAR(p, d) processes and establishes a Central Limit Theorem which is used to find the
asymptotic distribution of our estimator.

2. Assumptions, parameters and estimates

We suppose that the observed series X1, ..., X, is a realization of a process {X;} satisfying
the following assumption:

Assumption 1. The process {X;} is defined by

(1-B)YX, =Y, —-i<d<}, 2.1
where B is the usual backward shift operator and {Y;} is a weakly dependent autoregressive process
defined by

o
Zanl_j = Z[. (22)
=0

The random variables Z; are independent identically distributed and satisfy
EZ, =0, EZ’=¢’ EZ'<o. (2.3)

The coefficients a; are absolutely summable, ap = 1, and for some & > 0
o0
a@x)=Y ajz/ #0, |z <l+e (2.4)
o
In (2.1), (1 — B)? is the fractional difference operator defined by
oo .
1-B)?= ijB-’ (2.5)
j=0

withb; =T'(j —d)/[I'(j + DI'(=d)], where I'(x) is the Gamma function.
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The process {X;} has the spectral density
-2

2 X 0 .
f) = %u — TN et (2.6)
j=0

Denote by § = (d,aj,as,...)T a generic element of the parameter space and by [30 =
(d°, a(l), ag ,..)T the true value of the parameter. Assumption 1 pertains to the true value of
the parameter, even though this is not explicitly indicated by using the superscript 0.

In the space I, of square summable sequences, introduce the norms

1Blz={a*+> ai| . 1Bl =Idl+_lajl. 2.7)
j=1 j=1
The norm || - ||1 is used in Assumption 2.

Assumption 2. The parameter space E has the form E = [—%, %] X Ey,where E, = I1 xIp x - - -
and each I; is a closed bounded interval. The set £ 'is bounded with respect to the norm | - [|; and
contains an open neighborhood of the true parameter ﬁo.

To derive the limit distribution of the estimator of 8 studied in this paper, we need the following
assumptions on the order p = p, of the fitted FAR(p) model and on the a;:

Assumption 3. Suppose that, as n — oo,
pP=pn—> 00, p= o(n'’?), p= 0(n172d0/10g4n) 2.8)

and
o0
Z a% = o(n™'72). 2.9)
Jj=p

The upper bounds in condition (2.8) are technical assumptions which reflect the intuition that p
cannot increase too fast with 7, i.e. that the order of the fitted model should be much smaller than
the sample size. As illustrated in Remark 2.3, in practical applications, p increases roughly like
log n. The bound p = o(n!/3) is implied by condition (2.12) below and is included in Assumption
3 for ease of reference and to show the approximate maximal rate of growth of p which is needed
in our proofs. For d close to %, it is also implied by the last bound in (2.8).

Condition (2.9) indicates that p must increase sufficiently fast to ensure that the “bias” due to
the neglected autoregressive coefficients vanishes as n — oo. A similar assumption is made by
Berk [2] for establishing the asymptotic normality of the autoregressive spectral estimator in the
short-memory case.

We now describe the two-step estimation procedure. First, we pre-estimate the parameter d’ e
(—%, %) by an estimator d such that

d—d’=o0p(n™") (2.10)
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for some 0 < r < 1. Then we define the interval
Iig=1d— Ay, d+ AN -4, 1, @.11)

where A, = A/k,, A > 0 is a constant and the sequence k,, — oo is chosen such that for some
fixedy > 2,

P’ =0y, ky=o(min(n'* n")) asn— oo. (2.12)

(Recall that p = p,, is the order of the fitted FAR(p) model.)

The pre-estimation ensures that the remainder term r(p) appearing in the proofs of Theorems
3.1 and 3.2 is asymptotically negligible. In practice it allows to choose an initial value of d for the
likelihood optimization described below. A specific estimator d satisfying (2.10) and the choice
of the sequence k;, are discussed in Remark 2.3.

To formalize the procedure of fitting a FAR(p, d) model, define

G,(B) :/ L(D)g, Y By di, (2.13)
where
" 2
) 1 i1j
In(2) = 5— J;Xje J (2.14)

is the periodogram of the observations and
. p e .
gpn B) =11 =" NA, (D172 Ap() =) aje (2.15)
is the power transfer function of the FAR(p, ) model.
The estimator §, = p= d.,ai,....a a,) is obtained by minimizing the function G ,(f) over the set
Ey=1lyaxEqp, Eap=Ix-xI,

with the /; as in Assumption 2. It thus has only the first p + 1 nonvanishing components and can
be defined formally as

B, = argmin{G ,(B); B € Ey,}. (2.16)
In Section 3, we show that the estimator /ﬁ\p is an (n/p)'/? consistent estimator of d° and the
parameters a?, .. p, and satisfies the central limit theorem.

The correspondmg estimator of the white-noise variance o2 is given by
() =GBy

Remark 2.1. Condition (2.4) implies that c¢(z) := 1/a(z) admits the expansion

oo
c@) =) <, <], Q=1
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and that
a)=0@7) and ¢} =0@7) forsome0<r < 1. (2.17)
‘We denote
OO A OO A
AQ)) = Za?e’”, C)=1/A0) = Zc?e’”. (2.18)
=0 =0

By (2.17), Z?’;p |a9| = O(rP), (n — 00), so for (2.9) to hold it is enough to ensure that

1/2

p > K Inn with large enough K. Consequently, the rate of convergence (p/n) /< in Theorems

3.1 and 3.2 may be as fast as (Inn/n)'/.
Notice also that (2.17) implies the bound

> laf = o(k™?) (2.19)
=k

which we use in proofs below.

Remark 2.2. The bandwidth A, in (2.11) has the following properties which will be used in the
sequel:

d—d"=op(Ay), A<Cp™7, Pl €l,q)— 1. (2.20)

The first relation in (2.20), which implies the last one, follows from (2.10) and k,, = o(n"), see
(2.12). The bound A, < Cp~7 follows from A,, = Akn_1 and p” = O(ky). Definition (2.11) of the
minimization interval /,, 4 and (2.20) imply that our estimator of d defined via (2.16) is consistent:

at a0

Remark 2.3. For pre-estimation of the parameter d° —%, %) one can use, for example, the
local Whittle estimator d (see [20]) defined as

~

d = argmin{U,(d), d € [—1/2, 1/2]}. 2.21)

where U, (d) is a local contrast function
I~ 2y s 2 N,
U,(d) = log Z;J L)) —;XEmg].
j= j=

Here 1, = znik k=1,...,[(n — 1)/2] are the Fourier frequencies and m = m, — oo is the
bandwidth parameter. Under our assumptions, when m = O (n"%),

d—d" = o0pm='?).

Choosing m = n%7, for example, we see that (2.10) holds with » = 0.3. Since the coefficients a?

decay exponentially fast, see Remark 2.1, we can set p = (log n)9 for some & > 1. Form = n°%7,

we can thus set, say, k, = n%2 or k, = (log n)35.
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3. Asymptotic properties of the estimator

To formulate our asymptotic results, we set
i J 1/2
i—m . 2
0 =1, r,-:ZIT, 1<i<p, s;:(X(;rl) : 3.1
m= 1=

Below N (0, 1) denotes a random variable with a standard normal distribution.
Unless stated otherwise, all asymptotic relations are as n — o0o. Throughout the paper, a, ~ b,
means that a, /b, — C # 0asn — oo.

3.1. Main results

Theorem 3.1. Suppose that Assumptions 1-3 hold. Then the estimator /ﬁp = (Zi\, ai,....dp)is
(n/p)'/? consistent:
(n/p)/*|d —d°. @ —af, ... ap —ala = Op(1). (3.2)

Theorem 3.2. Suppose that Assumptions 1-3 hold. Then for a fixed J and for increasing J =
Jl’l = 0(p)’

(n/p)'*d-d’a —af.....a;—ad)" = (o111 Zn + 10, (3.3)
where Z,, is a scalar random variable such that

Z, 4 N, 1)
and the remainder term satisfies ||x, j|l2 = op(1).
Corollary 3.1. Under the assumptions of Theorem 3.2,

(n/p)' 2@ —d% 4 NGO, 1) (3.4)
and for any fixedk = 1,2, ...,

n/p) 2@ — al) S wN (. 1). 3.5)

To obtain parameter free limits, set
7 1/2
~ ~
S] = <Z Ti )
i=0

Theorem 3.3. Suppose that Assumptions 1-3 hold and J = J, = o(p). Then,

I ~
L Fo=1, ?,:Z“ln;’”, 1<i<J. (3.6)
m=1

_ -~ —~ ~ d
/)25 7Nd —d% ar —a),....a; —a)ih >IN, D), (3.7)
5 s (3.8)

and

P I o~ ~ d
n/p)"V57Nd —d% a - d), ... a; —aYl S IN(O, D). 3.9)
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3.2. Idea of the proof and additional notation

Denote
By=(.a1,....ap)" = Bo.By..... B,)"

and define analogously /ﬁp and /3(1),. By the mean value theorem, for a vector [3; satisfying ||[3; —

B2 <11y — B2,

VG, (Bp) — VG, (%) = W, (B3 By — B5). (3.10)
where
9 9 !
VGp(l;p) = (a/), p(ﬁ)v ,,/ p(ﬂ) 0ﬁ Gp(ﬁ)) (3~1])
’ P

is the (p + 1)-dimensional random vector of partial derivatives, and
W, (B3) = VG, (B})

denotes the (p 4+ 1) x (p 4+ 1) random matrix with entries

2

. 0
wjk(B,) = 2Bk, = Gp (B (3.12)

Set
0 - 0 -~ 0 -~ 0\”
Up) = VG (), v(p) = (do ~d.a -db, ... 4, - ap) . (3.13)
Ifﬁp is an inner point of E,, then VGp(/ﬁp) = 0 and the relation (3.10) can be rewritten as

v(p) = —W,(B5) "' L(p). (3.14)

Fox and Taqqu [11] and Giraitis and Surgailis [12], among others, considered correctly specified
parametric models with finite fixed p. In their work the asymptotic distribution of v(p) may be
found from the asymptotic distribution of {(p) by showing that, as n — oo, W, ([f*) has a
deterministic limit in probability, which is an invertible matrix. In our setting, the main effort
is to show that the inverse W (ﬁ*) I can be replaced by a deterministic matrix W ([30) 1=
(2m/a*)W (p)~'. We now proceed to define the matrix W(p), providing first a heuristic argument
why 27/ a2)W (p)~! is a reasonable replacement for WI, (ﬁ*) 1

The entries of the matrix W »(Bp) can be written as

s
() = / B B di j k=0, 1,.... p, (3.15)
—T
where
62
hjk(/l5ﬁp)= gpl("?ﬂp
3B,
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Note that
2
—1 _ 201 _ il _ il2d N2
@ﬁoaﬁogp (4, Bp) =41In" |1 — |[1 — |7 Ap (D)
andfor j,k=1,...,p
2
-1 _ Ay ik2d —ilj NN
61306/3ng (4, Bp) =2In|1 = ||l — " (Ap(L)e + Ap(=A)e'’);
P
-1 _ il2d idk—j) —iA(k—J)
g, (4, Bp)=11—¢€""(e +e )
op;op°"

Define the matrix W, (f,) with the entries

0.2 T
w,-k(/f,,)=51/ hix(y Bp)g(s Bda, jk=0,1,....p

-7

2109

(3.16)

(3.17)

(3.18)

(3.19)

which are defined analogously to (3.15) but with the periodogram replaced by the spectral density

) o i7)—2d 2_ 0
F) = =1 =e*7* AN~ = =g (L P).
2n 2n
Set
W(p) = —Wp(/f0
and note that W(p) has the entries

7'[ s
‘ 2
woo = 4f 21 — e di= 8/ In?(2sin(4/2)) d/ = 57:3,
-7 0

n " . .
wo; =4/ e |1 — A TEAQ) d

—T

=1,...,p,
k+] P

T
wir = 2[ MDA d, jk=1,...,p
—T
It is convenient to write the matrix W(p) as

_ [ woo w(p)"
Wip = [w(p) 2T (p) ] ’

where w = (woy, .. ., wop)T and I'(p) = (wjr) j x=1,.... p-
Direct verification shows that

1 _ [oo(p) o(p)T
Wip) ‘[w(p) M(p)]’

(3.20)

(3.21)

(3.22)

(3.23)

(3.24)

(3.25)
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where

@o(p) = [woo — 3w(p) T(p)~w(p)] ™",
o(p) = —300(p)T(p) " 'w,
M(p) = ;T(p) "L + 300(pw(pIw(p) T(p)~']. (3.26)

If {X;} is an FAR(p, d) process of finite order p, and if this correct fixed order is used in
estimation, then 47W (p)~! is the asymptotic covariance matrix of /n(B(p) — Bo(p)), see e.g.
Fox and Taqqu [11], Giraitis and Surgailis [12], and 4nwo(p) is the asymptotic variance of
ﬁ(ZZ\— d®). As shown in Lemma 4.1, in our setting 4nwwo(p) ~ p, asn — oo.

We conclude this section by presenting a representation for the inverse of the matrix I'(p)
appearing in (3.24). This representation is used extensively in the proofs.

Observe that

['(p) = 2n/d*)R(p), (3.27)

where R(p) = {r(k — j)}jk=12,..,p denotes the covariance matrix of {¥;}, c.f. (2.2). As is well
known, see Kailath et al. [14], we may write

_ _o.x, T ~ T~
R(p)™ =028 S(p) = Up) U(p), (3.28)
where
—1 o] Op A3 - - Ofp—l_
L oapop - app
B 1 o e 0p3
S(p) = : (3.29)
1 o
- 1 -
and
[y apot o 0p3 - o |
Ap Op—1 Up—2 =+ 02
» O(p ap—l cee 03
U(p) = : . (3.30)
Op Ap—1
L %p
Here, the coefficients oy, oo, .. ., ap, which depend on p, are the values which minimize
1 n . )
— | 4w+ +u, PP |AG) 2 di (3.31)
21 )
with respect to u1, ..., u, and (ri is the minimum of (3.31).

We shall approximate R~!(p) by

H(p) = 2 IS(mTS(p) —UmTU(p)), (3.32)
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where
1 ayp a az - - - a,,_l_
1 ay ay - - a[,_g
1 ap --- ap—3
S(p) = . ) (3.33)
1 a
- 1 -
_a,, a,,_l a,,_z ap-3 --- ai 7]
ap ap—1 dp—3 -+ 4
ap a[)—] ce . a3
Ulp) = ) (3.39)
ap ap—1
L ap

using the following inequality of Baxter [1]:
P 00
Yloj—ajl=0 > lajl]. (3.35)
j=1 j=p+1
3.3. Proofs of Theorems 3.1 and 3.2

Proof of Theorem 3.1. By Lemma 5.1,

v(p) = —Q2n/a*)W(p) ' ¢(p) +r(p). (3.36)
where W (p) denotes matrix (3.20), and the remainder term r(p) has the property

Ir(p)ll2 = op((p/m)"/?). (3.37)
By Lemma 4.5,

IW ()~ e(p)ll2 = O((p/m)'?).

Thus

v 2 <CUW ()P 2 + IF(p)ll2) = O((p/n)'/?),
to prove (3.2). O

Proof of Theorem 3.2. Denoting by [-]; the ith element of the vector occurring in the brackets,

and setting {4 (p) = ({;, ..., ()T (recall that {(p) = ({o, (i, ..., {,)T), by (3.25) we can write
1 P

(W) 'eplo=—V, V=w(p) Ezl[rf‘w]jcj—zo , (3.38)
J=

(W)l = S whiv + 4o, i=1,...,p, (3.39)

where to lighten the notation we denoted I' = I'(p).
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To prove (3.3) note that from (3.36) to (3.39) it follows that
d—d"=V+op((p/m)'?),
@ —af.....a,—a)’ = —-Qn/e*)iT "WV — @n/a") 3T {4(p) +1(p).
where [|[r(p)|l> = op((p/n)'/?). In Proposition 6.1 below it is shown that

Qn/a®) /) 2V 4 N, 1). (3.40)
By estimate (4.25) of Lemma 4.4 below, || %F*IW + 7]l <Cp~!. Hence

n/p)' @ —af.....a —a)’ =@.....1))" @n/cP)n/p)'*V

—3@n/a*)(n/p)'*T7 ¢ (p) +r1(p),

where the remainder term 71 (p) can be bounded as

Ir (Pl < (/) 23T w + 228 (P2 + llg(p)ll2)

< /P2 (P~ 0r((p/m)") + 0p(D) = 0p(1).

In Lemma 6.4 we show that

E|[IT™' ¢ (p)lil<Cn™ /2

uniformly ini = 1, ..., p. Hence, for J = o(p),

(”/p)l/z(a\() - do’al - a?v R 96‘/ - ag)T
=11, ..., e @r/a?) /) PV + 4" (p, ), (3.41)

lg”(p, DI </ p)2NAT (P, -, TN N2 + 0p(1)
= (n/p)"*(J/m)'?0p(1) + 0p(1) = 0p(1)
to prove (3.3). O

4. L1, L, and spectral norm bounds

In this section, we establish several bounds on L, L, and spectral norms of vectors and matrices
appearing in the proofs of Theorems 3.1 and 3.2. All matrices and vectors and relations between
them are defined in Section 3.2.

To lighten the notation, we denote throughout Section 4, a; = a(/),
the proofs, suppress the dependence of the matrices S,S,U,U on p.

Denote by || Az = (Zl’]: 11)1/2 the Euclidean norm and by [ Allsp = sup), = | Ax|l2 the
spectral norm of the matrix A = (a;;);, j=1,..., p. Recall that

[Allsp <IIAll2, Al <A/PlIAllsp.
A+ Bla<lAllz +11Bll2.  |A+ Bllsp<llAllsp + I Bllsp

0
cj=¢

i Wj = woj and, in

and
IABI2 <[ Allspll Bll2, A2 <[ Allsplivli2, 4.1

for any p x p matrix B and a vector v = (vy, ..., vp)T.
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Sett = (tl,...,tp)T and T = (rl,...,‘cp)T where
4z i aj—j
i=—— ZX;T (4.2)
]=

Lemma 4.1. Under Assumptions 1-3,
wo(p) ~ (4m) ' p. 4.3)
IW(p) g <Cp (4.4)
Proof of Lemma 4.1. To show (4.3) recall that
wo(p) = [woo — 3w(p) T(p)'w(p)l™".
We have I'(p)~! = ¢2(2n)"'R(p)~! where
R(p)™'=Hp)+ R(p)™' —H(p) =cS"S—UU)+ (R(p)™" — H(p)). (4.5
Thus
w(p) T(p)"'w(p) = @m)~"|Swl3 + 21) 'R,

where

IRyl < CIUWI3 + lw (R(p)™" = H(p)wll2)
< CUUWIE+ IR(p)™ = H(p)llspllwl3) < Cp~2

since w3 < C by (4.8) and [|[Uw|5<Cp~2 by (4.21) of Lemma 4.4 below, and [[R(p)~! —
H(p)llsp< Ccp~? by (4.17) of Lemma 4.3 below. Moreover,

p
1Swl3 = llel5 +2 > t[Sw — £ + 1Sw — £3 = |£15 + 0 (p™)
i=1

by (4.22) of Lemma 4.4 which implies
w(p) ' T(p)~'w(p) = @m) ' tl5 + O(p~).
On the other hand, by definition (3.21),

TE
woo = 4 f In? [2sin(1/2)| d .

—T

It is known that

/ncos(ji) In(2sin(4/2))dA = —l_, j=12,... (4.6)
0 2j
and

In@2sin(1/2)) = = Cosjj £ 4.7)

j=1
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So we can write In(2sin(4/2)) = Y% ¢*iy; where vo = 0 and for j = +1, 42, ...

j=—00

T . -
vj = / e/ 1n |2sin(4/2)|d) = 2/ cos(j2) In(2sin(4/2)) d ) = _E..
0 J

-
Thus, by Parseval equality
T o] 00
(In[2sin(A/2))?di = 2n)~! Z vi=202m" Z(n/j)2 = nZ i
o j j= j=1
Hence
ad 1
oo(p) ' =4nY 1 j7 = S@m T3 +o(pTh

j=1
00

p
=4n)y jP—@EmT' Y @/’ +o(pTh
j=1

=1
oo

=dn Y o) ~dnpT!,
:p+

to prove (4.3).
Using (3.25), we can estimate

IW ()~ llsp<loo(P)| + 2l (p)ll2 + 1M () lsp-
We have

lo(p)ll2 = lwo(P) IT(P) ' w2 <CIT(p) ™ lisplwl lwo(p)] < Claxy ()]
since ||[w]2 < C, by (4.8) and IT(p)~! lsp < C by (4.13). On the other hand,

IM(p)llsp = 15T I + Fo(PIw(pIw(p) T(p)™llsp
< 31T s + loo(I TR w(p) 112,
< C+ oo IT(P) I3, Iwlz < Cp.

by (4.3). Thus || W(p)~! lsp <Cp, to prove (4.4). O
Lemma 4.2. Under Assumptions 1-3, uniformly in p,
Iwl.<C,
IS p<C.  15(pllp<C.
IUPIp<C,  N1TPsp<C,
IS(I2<Cp2, IS(p)l2<Cp'/?,
IUp)2<Cp'?, 1Tp)I2<Cp'>,

IT~ (p)llsp < C.

(4.8)

(4.9)
(4.10)
4.11)
4.12)
(4.13)
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Proof of Lemma 4.2. By (3.22),

o0
|w0j|<Z

k=0

Ck ‘
k—+j P

since Z,fio |ck| < oo (see Remark 2.1). Thus

P 1/2 00 12
||w||2<<2w%) <(czi—2) “c.
i=1 i=1

To show (4.9) note that

p 00
D lail< ) lail =t A < o0
i=0 i=0

and
p p

o
<G lal<ciTl =1,

5p7

14 00
Zl%’KZIai—ai|+Z|ai|<2Z|a,~| =:2A < 00

i=0 i=0 i=0 i=0

.....

P P
D OEI<A Y FI<A
i=1 j=1

and so

p D
T2 ~ o~ ~ o~ 2 2 2
ISI5, = sup E XiSkiSkjXj < sup E [SkiSkj| (x| +x7) <2A7 < o0,

llxll2=1 ik, j=1 llxl2=1 ik, j=1

2115

(4.14)

(4.15)

(4.16)

This also implies that [|S]l2 <./plISllsp <C./P. The bounds for S, U, U follow by the same

argument using (4.15)—(4.16).

Finally, it is well known, see e.g. Berk [2], inequalities (2.14), that inf ;< [AD|™2 > 0
implies || R(p) ™ '|lsp < C. Therefore (4.13) follows from (3.27). O

Lemma 4.3. Under Assumptions 1-3,
IR(p)™ = H(p)llsp = o(p~>).

Proof of Lemma 4.3. We show that

-2
p

ISTS — ST S|lsp = 0(p~2),

6,2 — a2 =o(p™™),

1070 —UTU | = o(p~2).

Then, together with (4.9) and (4.10), the above relations imply

IR(p) ™ = H(P)lsp <o, 2(ISTS — ST Sp + 1UTT = UT Ullsp)
+o™2 = 0,2 1AST lspllSlisp + U T sl U llsp) = 0(p™2).

(4.17)

(4.18)
(4.19)
(4.20)
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To prove (4.18) note that
T ) .
2n(oy, — 0P =0 | [l4oe” +-- +ape™” > — [AG)PNAG)| " *dA

—T

and that by (3.35) and (2.19)

o
|1+ oge + - ope) — ADISC D lajl =o(p).
J=p+l1

To show (4.19), note that S — S = {5}k, j=1,...p Where P, Iy 1< Yol — ail <
C Z}’ipﬂ la;j| =1 Ap = o(p_z) by (3.35) and (2.19). Hence, by the same argument as in the

proof of Lemma 4.2, it follows that
IS = Slp<v24, =0(p™), IIU—Ully=o0(p™?
which together with (4.9) imply (4.19). Verification of (4.20) is similar. [

Lemma 4.4. Under Assumptions 1-3, there exists C > 0 such that
lU(pwl2<Cp,
IS(pyw —tl2<Cp~!

and
IIS(pyw — i <C(p—7?p~', i=1,....p,

@m) ' S(mTS(pyw + 2l <Cp~ !,
)4

2

i=1

<cp!,

1

Br(p)—lw + ri|

<cp!,

1
H—F(p)_1w+1
2 2

where t and T are defined in (4.2).

Proof of Lemma 4.4. We first verify (4.21). By (4.14), |w;| < Cj~!, soby (2.19)

p p P
Uwlil <D lap—jpiwil< Y ap—jilC+ D lap—jruilCp™!
Jj=i j=i:j<p/2 Jj=i:j>p/2
oo o0
<c D lajl+p7 Y lajl | <cop+i?ph<epiT!

j=p/2 j=i
which shows that [Uw|> = (37, [UwIH /2 <CpL.

4.21)
(4.22)

(4.23)

(4.24)

(4.25)

(4.26)

Now we establish (4.22). Since for every > 1, ZL:O ayci—y, =0, (3.22) and (4.7) imply that

(4.27)
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Consequently,
p—i
[Swli = Zajwi+j =1 —qi
j=0
with
o o0
tiZZaij_j, qi = Z ajWiyj.
j=0 j=p—i+l
Forj>p—i+1,|wi4;|<CG + j)~'<Cp~!, and therefore by (2.19)
o
Swli =il =lgil< ) lajicp™'<Cp—i)?p~', i=1,....p.
j=p—i+l

Hence

P P
1Sw—el5 =) ((Swli —1)* =) g7 <Cp~*
i=1

i=1

to prove (4.22).
To prove (4.23), observe that

i

.
@' sTi ==Y L =—n, i=1....p
Jj=1

so that
@) 'STswl; = @ ST (Sw -] —
and by (4.30) and (4.9)

I@4m) " ST Sw + 2ll2 < @)~ IST (Sw — Dl

< (
< @m) YISl Sw —tla<Cp .

To show (4.24) note that by (3.28)
p

2

i=1

[%F(p)_lw +T]

1

p p 14

<CY @M ~'STSw 42l + Y _WUTUWL]+ Y IR(p) ™ — H(p))wli]
i=1 i=1 i=1

=:Sn,1+ Sn2 + Sn3.

By (4.28) and (4.31),

2117

(4.28)

(4.29)

(4.30)

4.31)

p P 14 p
i1 <C Y _Em ST (Sw —0L1<C Y 18T 1ijqi1<C Y lail Y lgil<Cpt,

i=1 i,j=1 i j=1
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in view of (4.29). Using (4.26), (4.31) and (2.19), we can estimate

p p p p p
sn2<C Y Y UL IUWIISC Y lail Y IIUWII<C Y (p2 42 p~h<Cp™.

i=1 j=1 i=1 j=1 j=I1
On the other hand,
Isn31 < Cp'2IR(P) ™ = H(p)wWll2
< Cp' IR = Hp)llsplwllp<Cp'*p2<Cp!
by (4.17) and (4.8).

Finally, (4.25) follows from (4.24), since
2 14

=2 [%F(P)lw + ‘c]

J=1

2

1
‘zr(p)IWH

2 J

SCp_z. O

(%

p
=1

lr( )7t
[2 p w+ri|

J

J

The next lemma and Lemma 5.1 form the proof of Theorem 3.1.

Lemma 4.5. Under Assumptions 1-3,
EIIW(p)~'¢(p)l2 = O(p/m)'/?). (4.32)

Proof of Lemma 4.5. Using relations (3.38) and (3.39), we obtain

IWP) ()l < CAVI+IT Wi VI + 1T ¢ ()2)
S CUVI+IT MWl VI + 1T Hisplies () 12).-

By Lemma 4.2 we have that ||F_1||SP<C, Iwllo<C. By Lemma 6.3 below, E|{(p)|l. =
O((p/n)"/?) and in Proposition 6.1 below it is shown that

E|V] = 0((p/m'?). (4.33)
Thus E[|W(p)~'¢(p)lla = O((p/n)"/?), to prove (4.32). O

5. The remainder term

In this section, we prove two lemmas which establish relation (3.37) on which, together with
Lemma 4.5, the proof of Theorem 3.1 rests.

Lemma 5.1. Under assumptions of Theorem 3.1,
2n 1
v(p) =——3W(p) &(p) +r(p) (5.1

where

Ir(p)ll2 = op((p/m)"/?). (5.2)
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Proof of Lemma 5.1. We show first that

Iv(p)lla = Op((p>?/n'/?)). (5.3)

By the mean value theorem,

0=Gp(By) — G,(B%) =v(p) VG, (B) +v(p) W, (B)v(p) + Ru(B5).

where
P
Ry(B},) = Z ViV vk Wijk (B), (5.4)
i,j.k=0
(vo, di’th) = @12—) Bo) = @d—d®a —af.....a—ab), and |8 — B l2<IBy — Bl-
Recall that (see (3.12)),
P
wijk(B,) = m@n(ﬁ;), (5.5)

where G, is given by (2.13).
‘We show below that

V(p) VG (B = Iv(p)20p (p/m)'/?), (5.6)
v(p)T W (B)v(p) = cp™ V()31 + 0p(1)) (5.7)

for some ¢ > 0. By (5.14) of Lemma 5.2 below, |R, (B3)| = [lv(p)30p(p~") which together
with (5.6) and (5.7) yields

ep VPB4 0p (1)) < IIV(P) 120p ((p/n)'/?),

to prove (5.3).
By Lemma 6.3 below,

1Kl = IVG (B2 = Op((p/m)'/?).
Therefore
V(PP I IR IE(P)II2 = V(P12 0p ((p/m)'?),

to prove (5.6). N
To prove (5.7) note that by Lemma 6.3 below, [|(W,, (B)) — W, (B%)ll2 = Op(p/n'/?). Hence,

V()T (W (BS) — W (B < IV 131 W, (BY) — Wy (B 112
= [V(p)I30p(p/n'?) = [v(p)l50p(p~")
because p = o(n'/%) by Assumption 3, which implies that
v(p) Wy (B)v(p) = v(p)" Wp(B))v(p) + Iv(p) I30p (7). (5.8)

By Lemma 4.1,

_ 2n _
W) o = IW () lp <cp
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with0 < ¢ < 0o. Therefore ||Wp(ﬂ§),)||sp>c/p,seee.g. Rao[19],p.33,andso v(p)TWp(Bg)v(p)

>clv(p) ||2 / p which together with (5.8) implies (5.7). This completes the verification of (5.3).
We now establish (5.1) and (5.2). Note that as n — 00, (2.20) implies that, with probability
tending to 1, the estimate dofd® e (—— ) is an inner point of the interval /,, 4. Indeed, since

p = o(n'/®) by Assumption 3, then by (5.3), ld —d° = 0p((p?/m)/?) = op(n—1/%), and
therefore

\d —d|<|d —d°| +1d° —d| = o(n"*) + 0p(A,) = 0p(A),
by (2.12) and (2.20). Hence, by Taylor expansion,

VG, (Bp) — VG, (%) = Wp(B)v(p) + 1v(p) V3G, (B5)v(p). (5.9)
where VG,,(E,) = 0. Setting {(p) = VGp(ﬂ?,), we obtain

—L(p) = Wy (B))v(p) + R}, (5.10)

where
R = (Wy(B%) — Wo(BD))w(p) + 3v(0) V3G, (Bi)v(p).

Recall that Wp([iO = 2T[W(p) Hence

27
v(p) = ——W(p) "e(p) — W(p) 'R} (5.11)
and (5.2) follows if we show that

IW(p) 'R 2 = op((p/n)"/?). (5.12)

We will show that

IW ()~ R;ll2 = op(Iv(p)ll2). (5.13)

Since by Lemma 4.5 |[W(p)~'¢(p)lla = Op((p/n)'/?), then (5.11) and (5.13) imply that
lv(p)lla = Op((p/n)'/?) which in view of (5.13) proves (5.12).
To show (5.13), observe that by Lemma 4.1, | W (p)~! lsp < Cp. Therefore
W) 'R < W) HsplRE N2
< Cp(IWp(B%) — W (BDI2 V()2 + V3G (B 12 V() 113)
< CIVP) 2Pl W, (B = Wy (B 12 + PIVG o (B3 2 v(p) 12)
=op(Iv(p)l2)

since by Lemma 6.3 below, p||(VT/p(ﬁ(l),) - Wp(ﬂg))”z = O0p(p?/n'’?) = op(1), because p =
o(n'/?), whereas (5.3) and (5.15) of Lemma 5.2 below imply that

PIVAG (B2 V(P2 = 0p (p*n™/%) = 0p (1),

in view of assumption (2.8). O
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Lemma 5.2. Suppose that assumptions of Lemma 5.1 are satisfied. Then R, ([3;) in (5.4) satisfies
the bound

IR (Bo)| = llv(p)I30p (P~ "), (5.14)
and V3Gp(ﬁ>;) in (5.9) has the property

IV3G (B2 = 0p(p*). (5.15)
Proof of Lemma 5.2. Since, by (3.18),

wijk(B) =0 if1<i, j, k<p, (5.16)
we can write

P P
Ry (B,) = 3vo Z vivkok (B,) + 3v3 Z v Wook (B,) + ngooo(ﬁ;)- (5.17)
k=1 k=1

Because supgc g [|Bll1 < 0o by Assumption 2, then

T

DijeBI<C [ (Inf1 =)+ 131 — 2 1,(2) d i =: Cjin(d®) (5.18)
—T

uniformly in 0<i, j, k <n.Hence

|Ru (B3 < Cjn(d*)n, (5.19)
where
14 4
ve = vl Y vivel 495 Y vl + Ivol?
j.k=1 k=1
12

P P
3
<Clphol X v+ [ DoV +1vol
j=1 j=1

< CIv(pI5(pIvol + p1vol + vol), = Iv(p) 302 (p~")
since by (2.20), |vo| = |21\— d% = op(p~?) withy > 2. To complete proof of (5.14) it remains
to show that
Jn(@*) = Op(1). (5.20)
We have that for any ¢ € (0, 1/4),

T

2
ELjy (@) ge> g0y <CE [ / |<|1n|1—e’ﬂ|+1)3|1—e”~|2d°—281nu)dz} = 0(1)
T

by (6.6) of Lemma 6.2, which shows that j, (d*) l{d* >d0—g) = Op(1).On the other hand, P(d* <
d0 — &) < P(|d* — d°| <&) — 0, since |d* — d°| <|d — d°| 5> 0, to prove (5.20).
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Relations (5.18) and (5.20) imply that

p p
IV3G,BIP = Y 5B <Cjr@d) > 1=0p(p)
i,j,k=0 i,j,k=0

to prove (5.15). O
6. Central limit theorem and approximation bounds

The main result of this section is Proposition 6.1 on which the proof of Theorem 3.2 rests. Its
proof relies on Lemma 6.2 which collects several results established by Bhansali et al. [6]. These
results include L, approximations and a CLT for a form of the integrated periodogram needed
to prove Proposition 6.1. Lemma 6.2 holds for linear processes (6.1) satisfying (6.2), (6.3). In
Lemma 6.1 we verify that Assumption 1 implies these conditions. Lemmas 6.3 and 6.4 are used
in the proofs of Theorems 3.1 and 3.2.

As in Section 4, in this section we denote a; = a®

) 0
J’ J

Cj =cC.

Lemma 6.1. [fthe process {X;} satisfies Assumption 1, then it admits the representation
[o/0]
Xp=) W;Zi ©.1)
=0

with the  ; satisfying
Yy =ci "M A+0G™) ifd#0, 1d| < 1/2, (6.2)

where ¢ = [a(DT(d)]~L. Moreover, ifd € (—1/2,0) then Z?O:O lﬂj =0, and

dDWil=0w? ifd=0. 6.3)

Jj=n

Proof of Lemma 6.1. In the cased = 0, xpj = c?., so (6.3) follows from (2.17).

The case d # 0 can be handled as in Sections 2 and 3 of Kokoszka and Taqqu [15] who
considered the special case of c(z) = 0,(z)/ d)q (2), where 0,(z) and ¢q (z) are the usual moving
average and autoregressive polynomials and ¢, (z) has no roots in the closed unit disk. The latter
assumption implies that the coefficients of c¢(z) decay exponentially fast. In our setting, the ¢;
also decay exponentially fast, so (6.2) can be established for the /; defined by

Yo =c@ -7zl <1, (6.4)
j=0

by following exactly the proof of Lemma 3.2 of Kokoszka and Taqqu [15]. The proof is exactly the
same for positive and negative d because it uses the asymptotic order of the ratio I'(j +d) /T'(j+1),
as j — oo.

For the y; defined by (6.4), it can then be verified, e.g. as in the proof of Theorem 2.1 of
Kokoszka and Taqqu [15], that (6.1) is the unique causal moving average solution to Egs. (2.1)
and (2.2). O



R.J. Bhansali et al. / Journal of Multivariate Analysis 97 (2006) 2101 —2130 2123

Set

N (4) = 27by () f(4),

where b, an even real function and f'is the spectral density of (X;). Define also the matrix

T

En= (e yoys € = / &1, (2) . 6.5)

—T

Lemma 6.2. Assume {X,}, (6.1), satisfies either (6.2) or (6.3), and b, (1) is a real even function
such that

by (W) <Kl 22470, A<,

where 0<0 < zlL- Then, as n — o0,

T T 2
E‘/ bn(/l)ln(i)di—/ ba()f(A)di| <CK2n!, (6.6)

—T

where C does not depends on n and K,,. If in addition

Knnmax(é,d,O) 10g n

6.7
AL ©7
and
/ M) di = ot~ Ey ), 68)
then
ﬁT < / bu () I (2 d . — / bn(i)f(i)di>—d>N(0, 1 (6.9)
nll2 -7 7
and
2(mn)? LY ARSI b
v ”%E(fnbn(k)ln(ﬂ)dﬂ—/nbn(/n)f(/n)d/n> - 1. (6.10)
Lemma 6.3. Under Assumptions 1-3,
Wy (B%) — Wp(B) 12 = Op(p/n'/?) (6.11)
and
EL(p)ll2 = 0((p/m)'/). (6.12)
Proof of Lemma 6.3. By definition, {(p) = ({o.l1,....(,) and W,(B%) — W,(8)

(= / hjGo B (A di,  Dj = [ hixGa BO)In(2) — f(2) di,

-7 -7

j7k=071’~-'7p7
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and

BBy = 2 7
PP 0B, BB ;

Since for any & > 0, uniformly in [A| <7 and 0< j, k< p,

g, (A Bp). (. Bp) = g, (4 Bp).

\ il12d0— \ i 0_
hj G BDISCIL = P05 PO < CIL = e P2,

then by (6.6), E| jx|> < Cn~" uniformly in 0< j, k< p, and therefore

4
E[(Wy(B) = Wo(BIDI3< Y Eldpl><CpPn™,
J. k=0
to prove (6.11).

Next, we show that

EIL;P<Cn”! (6.13)

uniformly in 1 < j < p which implies (6.12). We have that
2

EIl;I? <2E V hj G B (I () — £ ())d2

2
= dn,1 (J) + (/In,Z(j)v

+2 V_n hi G BO) f () di

where g, 1(j) = O (n~1) uniformly in 0 < j < p, by (6.6). On the other hand, it is easy to see that
under Assumption 3,

Y T a
f hjG, BY) f(2) di= / [—gp‘u, ﬁg’,)} fG)di

_n . aﬁj
:/ i~f_1()\‘) f(;“) di"’ O(n_]/z) = O(n_]/z),
| %,
j=0,1,...,p,

since

/n [f} f‘l(i)} f()di=0, j=0,1,...,p,

—n | OB

which completes the proof of (6.13).
The last equality is well-known as the normalization condition and is satisfied in our case
because

S [T A2 g
/_n [—aﬁof (/1)] f()h)dﬂn_/;nu erdi=0
and

/n [if—l(},):| f(di=2 ! ZC“ cos((u+ j)A)di =0,

—n | 9B, B
j=1,...,p. O
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Lemma 6.4. Under Assumptions 1-3, uniformly ini =1, ..., p,
E|T(p) "¢ (mlil = 0™/, (6.14)
where Lo (p) = (Ui, -, ).

Proof of Lemma 6.4. To lighten the notation, we suppress the dependence of the matrices

I'(p). R(p), H(p), S(p) and U(p) on p.
By (3.27), we have that

P P
E|IT™' ¢ (plI<CEIR™' ¢ (pLI<C Y IR IGIEILI<Cn™ 2 Y (IR 5
j=1

j=1

by (6.13). Now,

p p p
DRI Y IRy — [Hlyj | + D IHj | =: Th () + Ta (i),
j=1

j=1 j=1

where H is defined by (3.32). It remains to show that |7, (i)| < C,u = 1, 2, uniformly in 1 <i < p.
We have that

1/2
p
i) <p | D IR — HI; P | <p2IRT = Hlla=0(D)

by Lemma 4.3. On the other hand, by definition H = ¢ 2[ST S — U U]. Denote by a;; and b;,

i, j=1,..., pthe elements of matrices S and U. Then, in view of (3.33) and (3.34), it is easy to
see that
2
p
Dol sy l<c Z laxiax;| < Da, < o0
j=1 k,j=1 j=0
and
2
p
Y owrvj<c Z |biibij] < Zm, < 00
j=1 k,j=1

which implies that |72 (i)| < C < oo, uniformly in 1<i<p. U

Proposition 6.1. Under Assumptions 1-3, the random variable V defined in (3.38) satisfies
Qn/a®) /) 2V 5 N, 1) (6.15)

and

4n’ /et (n/p)EV? — 1. (6.16)
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Proof of Proposition 6.1. By (3.38)

1 14
V = wo(p) EE [F_IW]jCj_CO ,
Jj=1

where in view of (4.3), wo(p) ~ (4m)~! p. Therefore to prove (6.15) and (6.16), it suffices to
show that

o' (1 & d
Qui=— [ 5 20 Wl =G | > NO, D (6.17)
j=1
and
EQ? - 1. (6.18)
By definition,
T[ . A
to = 2[ L)1 — e’)'lzdo|A,,(/1)|21n|l — " d (6.19)
—T
and for j > 1
gj:2/ L)1 — e 24 1% A7) d i (6.20)
-7
Hence we can write
s s
QnZ/ In(/l)bn(i)d=/ Iy (2)Re(bn (1)) d 2, (6.21)
—-n —-n
where
~ - (pn)!/? i [ —izj | L ) iJ
ba(2) = == Ap(D)|1 — €| D e STw| = Ap(=2)in|1 — e
j=1 J

is a complex valued function with the property Z,, () = i;n(—i). To prove (6.17) and (6.18) we
shall show that conditions (6.7) and (6.8) of Lemma 6.2 are satisfied with

N (2) = 21, (W) f(A),  bu(2) = Re(bp(A)),
K, = C(pn)l/2 logn.

We focus on the verification of (6.7), condition (6.8) will the follow easily and will be verified
towards the end of the proof.
Consider the matrix E, = (¢,—s) defined by (6.5). We shall show below that for any 6 > 0,

ba (DI CK 1P, i<, (6.22)
where C > 0 does not depend on n and A, and

IEq 3 = 2(n)*(1 + o(1)). (6.23)
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Relations (6.22) and (6.23) imply condition (6.7) since, with d = d°, bf and small enough

max(d,d,0) .
Kun logn<C(p/n)l/z(logn)anax((),d,O)_)07

”En ||2
by Assumption 3.
To show (6.22), note that | 31, [3T7'w +1];|<Cp~!, by (4.24), which implies that
b (h) = (””)WA pDI =2
p
D e+ Ap(=A Il =+ 0(p7h . (6.24)

Observing that |A,(2)| < Z?O:O laj| < oo, and using the bound

j
aj— la; k] .
e o lajd+ Y j]/2 <cj L, (6.25)
k=1

1<k<j/2 J/2<k<j
which follows from (2.17), we obtain that for any 6 > 0,

ba(2)] < Clpm) /2|1 — &2 Z, +In |1 — et

< C(pn)!*(logm)|1 — e”|2d 0 = CK, AP0,

to prove (6.22).
We now establish (6.23). Denote

T (2) = 27h, (A) £ (A).

Then 5, (7) = Re (7], (1)) = 2nRe(by, (4)) f (1. First, observe that Yr, e~itig; = Zf;‘ e~
T+ O(p~") since [Tp+1l <Cp_1 by (6.25). We can write
p+1 p+1 p p+l—=s

ZT e l/lj_ze ilj Zaj ok~ 1 Zefi/lsas Z e*i/lkkfl
s=0 k=1

=A,(=4) Z ek 4 o(p~?)

k=1
since

p p p p

Z fz/u Z 7”1kk71 <Z|asl Z k71

s=0 =p— s=0 k=p—s+2

P p

< D> el Yo K D> ad Y k!
0<s<p38 k=p—s+2 PBLs<p k=1
=o(p™'?)

using the estimate Z/I():p—s+2 k'<Cp~ls = o(p™'/?) for 1<s<p>?, and the estimate
Y s <s<p lasl = o(p~/®) which holds in view of (2.19).
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This, together with (6.24) and (2.6) implies that, for 0 <A< 7,

() =—(pm)'?|A,(DPIAG) 2 Ze*l“ '+ 1In(2sin(2/2)) +o(p~'/?)

Since A, () = A(A) + o(n~'/?), by Assumption 3, we obtain that

T, = —(pn)'/? Ze 7571 L In@2sin(4/2) | + om'/?)(|In@2sin(4/2))] + 1).
j=1

This and equality In(2sin(4/2)) = — 372, j~' cos(j2) yields that
nn(/l) = Re(ﬁn ()")) = nn’] (;‘) + nn,z()“)s
where
o
Nai (D) = (pm)'? Y j7 cos(j D), m, () =o' )(IIn i) + 1).
Jj=p+1
Write

IE, ||2—Zet v=f

t,s=1

2
N, (ON, (y)dx dy = vy1 + v 2,

n

Zeit(x+y)

t=1

where

n
Un,1 2/

-7

n
|Un,2|</

-7

To estimate v, 1, note

n . T . e
en1(t) ::/ 6”)”’1”,1(/1) dl = (pn)l/Z/ e E i eos(jA)da
—T

o j=p+1

2
N1 (N, 1 (¥) dx dy

n
Zeit(x—i-y)

t=1

and
2

1,1y 2]+ 111, 2N, 2(V)D) dx dy.

n
Z eit(x+y)

t=1

(pn)”2 . t=p+l

and e, 1(t) =0, for 0<¢ < p. Then

vni= Y en (t—s5)= Y (n—lthey (t])

t,s=1 t=—n

n
=2m’np Y (n -0t =2’ 1+ o(1)).
t=p+1

(6.26)
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On the other hand, by Cauchy inequality,

i ) 12
ma<C| [ S i P dxdy
=1
i ) 12
x f D eI g, 5 (0P dxdy
T li=1
m|n 2
4 [ Sy drdy
s

t=1

" 2 § 2 W2 " 2 2
< Cn (/ P dx [0 dy) v [ a0l dx = o0
—T —T s

since by Parseval equality,

T o0

/ 1 P dx<Cpn Y 172<Cn
- 1=p+1

and
" 2
/ 11,27 dy = o(n),
—T

to complete proof of (6.23).
Finally, from (6.26) we obtain that

b n X i b
/ nnuw,:/ 3 CO?"dH/ o' )| In| A di = o(n'’)
T -7 . T

B j=p+1

which in view of (6.23) implies (6.8). [
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