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Central limit theorem for Fourier transform
and periodogram of random fields
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In this paper, we show that the limiting distribution of the real and the imaginary part of the Fourier trans-
form of a stationary random field is almost surely an independent vector with Gaussian marginal distri-
butions, whose variance is, up to a constant, the field’s spectral density. The dependence structure of the
random field is general and we do not impose any restrictions on the speed of convergence to zero of
the covariances, or smoothness of the spectral density. The only condition required is that the variables
are adapted to a commuting filtration and are regular in some sense. The results go beyond the Bernoulli
fields and apply to both short range and long range dependence. They can be easily applied to derive the
asymptotic behavior of the periodogram associated to the random field. The method of proof is based on
new probabilistic methods involving martingale approximations and also on borrowed and new tools from
harmonic analysis. Several examples to linear, Volterra and Gaussian random fields will be presented.

Keywords: central limit theorem; Fourier transform; martingale approximation; random field; spectral
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1. Introduction

The discrete Fourier transform, defined as

Su(t) = e Xy, (1)

k=1

where i = /—1 is the imaginary unit, plays an essential role in the study of stationary time
series (X ;) jez of centered random variables with finite second moment, adapted to a filtration
(]: u)ueZ~

The periodogram, introduced as a tool by Schuster [27], is essential for the estimation of the
spectral density of the stationary processes. It is defined by
2

1
I(6) = 5— |8 (1) tel—m, m). 2)

There is a vast literature concerning these statistics. They are often used to determine hidden
periodicities. Denote by A the Lebesgue measure on the real line. In Peligrad and Wu [24], it
was proved a surprising result, that, under ergodicity and a very mild regularity condition, for
J-almost all frequencies #, the random variables Re S, (1)/+/n and Im S,,(¢)//n are asymptoti-
cally independent identically distributed random variables with normal distribution, mean 0 and
variance 7 f(¢). Here f is the spectral density of (X;);ecz. The regularity condition, namely
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E(Xo|F-s) =0 a.s., is a mild restriction of dependence and accommodates large classes of
sequences with short and long range dependence. This result implies that for A-almost all ¢, the
periodogram I,,(t) converges in distribution to f(r)x?, where x? has a chi-square distribution
with 2 degrees of freedom, even in the case of processes with long memory. The proof of this
result is based on the celebrated Carleson theorem [4] about almost sure convergence of Fourier
transforms, combined with martingale approximations and Fourier analysis.

In this paper, we analyze the asymptotic properties of the Fourier transform for random fields.
Let d be a positive integer. We start with a strictly stationary random field (Xy),c 7« of square in-
tegrable and centered random variables. We introduce the discrete Fourier transform for random
fields by the rotated sum

Sa® = ) "Xy,

1<u<n
where we have 1 <u<nand te I = [—7, 7)<, By u <n we understand u = (uq, ..., ug),
n=mny,...,ng)and 1 <u; <ny,...,1 <ug<ng.Alsou-t=uit; +---+ugty.

For a weakly stationary random field the spectral analysis was initiated in several papers by
Helson and Lowdenslager [15], Kallianpur et al. [20] and Francos et al. [11]. These papers stress
the huge difficulties when one tries to extend the results from sequences of random variables to
random fields. One of the difficulty is that for random fields the future and past do not have a
unique interpretation. Also, many of the important spectral analysis results relevant to the proofs,
do not fully extend to double indexed sequences, including the celebrated Fejér—Lebesgue the-
orem (cf. Bary [1], page 139) or the Carleson theorem [4] (see Fefferman [10]). To compensate
for the lack of ordering of the filtration, we utilize the notion of commuting filtration. Such filtra-
tions have a certain Markovian character. For instance, for d = 2, we can start with a stationary
random field with independent rows or columns which generate a commuting filtration. Then,
we construct a stationary random field which is a function of the initial one.

The main result of the paper is a natural extension from sequences of random variables, in-
dexed by integers, to random fields of the result of Peligrad and Wu [24]. Under certain regu-
larity conditions, we shall prove that, almost surely in t € I, both the real and imaginary part of
Sn(t)//n1 - nq converge to independent normal variables whose variance is, up to a multiplica-
tive constant, the spectral density of the random field, denoted by f(t). The ergodicity condition
is imposed to only one of the directions of the random field.

The periodogram, has the following extension to the random field:

Z e1utX

1<u<n

In(t) = tel.

(2ﬂ)dn1

Our result is that, for almost all frequencies t € /, the limiting distribution of I, (t) is f(t) x2(2),
where x2(2) is a chi-square distribution with two degrees of freedom.

The proof is based on a new, interesting representation for the spectral density in terms of
projection operators, which is the most important tool for establishing our result. The proof also
involves a martingale approximation for random fields as well as laws of large numbers for
Fourier sums, which have interest in themselves.

We consider two types of summations. The first result is for summations of the variables
in a multi-dimensional cube. The reason we first restrict ourselves to summations indexed by
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the cubes is due to the relation between our results and optimal results available in harmonic
analysis. For example, for d = 2, Theorem 1 in Marcinkiewicz and Zygmund [22] shows that
the Fejér—Lebesgue theorem holds for spectral densities in L; when the summation is taken
over rectangles of size m x n, provided that m,n — oo such that m/n < a and n/m < a for
some positive number a. This result fails when the summation is taken over general rectangles.
However, if the summation is taken over the sets 1 <u; <n, 1 <upy <m, where n > m — o0,
one should assume the integrability of f(u)In* f(u) as a minimal condition for the validity of
the Fejér—Lebesgue theorem (see Jessen et al. [19]). We shall also give a result in this context,
where the summation is taken over unrestricted rectangles.

When dealing with random fields the notation can become rather complicated. This is the
reason why, for presenting the material, we implemented the following strategy: We treat first
the case d = 2. Then, we mention the small differences for treating the general case of multi-
dimensional index set by using the mathematical induction.

Our paper is organized as follows. In a preliminary section, we review several facts about
limiting variance of the Fourier series, introduce the notions of stationary random fields and
commuting filtrations. In Section 3, we obtain a representation of the spectral density in terms
of projection operators, which extends a recent result by Lifshitz and Peligrad [21] beyond the
setting of Bernoulli shifts. We also state and prove our main results on the limiting distribution of
double indexed, random Fourier sums. The extension to general index set is given in Section 4.
Section 5 is dedicated to examples, such as functions of Gaussian sequences, linear and nonlinear
random fields with independent innovations. It is remarkable that the only condition required for
the validity of our results for linear or Volterra random fields with independent innovations is
equivalent to merely the existence of these fields. In a supplementary section, we prove two laws
of large numbers and other lemmas about commuting filtrations.

Our paper joins the recent increased interest in finding martingale methods for random fields,
initiated by Rosenblatt [26] and continued by Gordin [14]. We would like to mention several
remarkable papers in this direction. For instance, the paper by Volny and Wang [29] treated
projection conditions and orthomartingales. Volny [28] discovered that the fields of stationary
orthomartingales require the ergodicity in only one of the directions of the field as a necessary
condition for the CLT. Cuny et al. [7] treated dynamical system via projection conditions. The
paper of El Machkouri et al. [8] deals with random fields which are functions of i.i.d. Wang
and Woodroofe [30], Peligrad and Zhang [25] and Giraudo [13] treated the Maxwell-Woodroofe
condition. Also, in the context of dynamical systems, the CLT for Fourier transform for random
fields was stated in Cohen and Conze [5] for K-systems. It should also be mentioned that a
central limit theorem for periodogram of random fields was obtained by Miller [23] under mixing
conditions. All these papers were inspirational.

2. Preliminaries

Spectral density and limiting variance

We call the complex valued zero mean field of random variables (Xm)y,cz2 defined on a prob-
ability space (€2, IC, P), weakly stationary (or second order stationary), if there are complex
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numbers y (m), m € 72, such that for all u, v € Z2,
cov(Xu, Xy) = E(XuXy) =y (@ —v).

In the context of weakly stationary random fields, it is known that there exists a unique measure
onl =[-m, n)z, such that

y(w) = / "X F(dx), forallu € Z2,
1

where u - x is the inner product. If F is absolutely continuous with respect to Lebesgue measure
A% on I = [—m, m)? then, the Radon-Nikodym derivative f of F with respect to the Lebesgue
measure is called spectral density (F (dt) = f(t)dt), and we have

y() = / U £ (x) dx, for all u € Z2.
1

The variance of partial sums on rectangles is

E’Sn(t) ’2 = Z y(u—v)et ",
1<u,v=<n
Well-known computations show that

Elsa = 37 et / XU £(x) dx

1<u,v<n 1

= Z XY £(x — t)dx.

1 1<u,v<n

So, with the notation x = (x1, x2), one can rewrite

E|sa®f = / Koy (1) Ky (52) f (x — £) dx,
niny 1

where K, (x) is the Fejér Kernel
K, (x) = Z <1 _ m>eijx.
. n
lil<n

Furthermore, by Theorem 1 in Marcinkiewicz and Zygmund [22], for A%-almost all t in I, we
obtain a limiting representation for the spectral density, namely

) 1 2 5
lim —E[S, ,(t)|" = @m)* f(v). A3)
n—oon
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If in addition f(u)In™ f(u) is integrable, then

E[Sym®] = m)2f ). )

lim
nizny—>0 NNy

Stationary random fields and stationary filtrations

In order to construct stationary filtrations, we shall start with a strictly stationary real valued
random field & = (&,),c 42, defined on a probability space (€2, KC, P) and define the filtrations

Fre=0Gju:j<ku=<t). ®)
To ease the notation, sometimes the conditional expectation will be denoted by
EqpX = E(X|Fap).
We shall consider that the filtration is commuting in the sense that
EyvEapX = EapuprvX. (6)

It is remarkable that, by Problem 34.11 in Billingsley [2] (see Lemma 12), condition (6) is equiv-
alent to the apparently weaker condition: for a > u and X integrable we have

Eu,an,bX = Eu,bAvX~ (7)
Now we introduce the stationary random field (Xm)pyc 2, in the following way. We define first

XO = g(@u)uezz)’

where g : R — C and 0 = (0, 0).
Without restricting the generality, we shall define (§y),cz2 in a canonical way on the prob-

ability space Q = RZZ, endowed with the o-field, B(€2), generated by cylinders. Then, if
® = (Xy)yez2 We define &) (w) = xy. We construct a probability measure P’ on B(£2) such that
for all B € B(S2) and any m and uy, ..., u, we have

P'((xyys ... Xu,) € B) = P((u,. - ... &u,) € B).

The new sequence (&,)yc2 is distributed as (§y)ycz2 and re-denoted (£y),cz2. We shall also
redenote P’ as P. Now on RZ” we introduce the operators

™ ((xV)VeZZ) = (xv+u)vezz .

Two of them will play an important role in our paper namely, when u = (1, 0) and when u =
(0, 1). By interpreting the indexes as notations for the lines and columns of a matrix, we shall
call

T((xu,v)(u,u)eZZ) = (xu+1,v)(u,v)ez2
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the vertical shift and
S((xu,v)(u,u)ez2) = ()Cu,v-i-l)(u,v)ez2

the horizontal shift. Then define

Xk =g(TIS* Gu)uer2)- (8)

3. Results and proofs

Spectral density representation in terms of projections

In this section, we first find a useful representation of the spectral density for regular functions

and commuting filtrations. It extends a result of Lifshitz and Peligrad [21] beyond the case of

Bernoulli shifts. The proof follows the same lines as in Lifshitz and Peligrad [21]. We shall point

out the differences and give it here for completeness, clarification and equivalent definitions.
For an integrable random variable X, we introduce the projection operators by defining

Ps 0X = (Eo0 — E-1,0)X,
Py X = (Eo,0 — Eo,—1)X.
Note that, by (6), we have
PoX = P(),OPO,()X = PO,()P(),OX
and by stationarity, for all u,v € Z
PuvX =EyvX —Eyv-1X — Ey—1X + Ey—1,-1X. ©)

Define F_oom = ez Fum a0d Fi —oo = Nyez Fmv-
Now let X¢ be defined as before, in L,(€2, F, P). Then we have the following orthogonal
representation

Xo= Z PIIXO + Rum + Ui,

uel, m

where n and m are two positive integers, J, , = [—n,...,n] X [-m, ..., m],
an = E(X0|-7:—n—1,m) + E(X0|-/.';1,—m—1) - E(XO|-F—n—1,—rn—1)a
and

Unm = Xo — E(X0|~7:n,m)-

We assume the following two regularity conditions

E(Xo|F-c0.,0) =0 as. and E(Xo|F-x0.0) a.s. (10)
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Note that
EXolF-n—1,-m-1) = E(E(Xo|Fo,-m-1|F-n-1,0)-

By passing to the limit and using the reverse martingale theorem and arguments similar to The-
orem 34.2(V) in Billingsley [2], we obtain that

lim lim R, =0 a.s.and in L.
n—oo m—0odo

Since X is measurable with respect to \/ ;.72 Fu = Foo,00, by the martingale convergence the-
orem,

lim lim U,, =0 a.s.and in Lj.

n—oo m— o0
Therefore,

n m
Xo= n]LrI;omlew Z Z P_j—kXo a.s.and in Lj.
j=—nk=—m
We shall denote this limit by
Xo= ZE: PuXop. 1)
uez?

Note that for u v and for all X and Y in L, (2, IC, P) we have
cov(PuX,PyY)=0. (12)
Observe also that, by taking into account (11), (12) and stationarity, we have
Z E|[PuXol? = E|Xo|* < oo. (13)
uez?

We would like now to define a random variable which will be used to characterize the spectral
density of random fields. For random variables, this was achieved in Peligrad and Wu [24] by
using Carleson [4] and also Hunt and Young [18] theorems. For random fields, these theorems do
not hold in general. We could use instead a weaker form of them or, as an alternative, an iterated
procedure.

In the sequel, we shall use the notation || X I2=E(X]?).

Martingale difference construction

We start from the identity (13) and note that this identity implies

> IPuXolf <o Pas. (14)

ucz?
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Let Q' C Q with P(€2) =1 be such that the convergence above holds for all w € Q'. By the
main theorem in Fefferman [9] for convergence of double Fourier series, we obtain the almost
sure convergence in the following sense: For w € Q" we have

Y HPX @) = lim Y eV PXj)  Aae.,
n—
j622 jEHn

where I,, = [—n, n] x [—n, n].
By Fubini theorem, for almost all t € I, we also have that

> = SR s 09
j622 je]ln

Furthermore, by relation (1) in Fefferman’s paper [9] and by (14), for a positive constant C, we

have that
/ sup
I n

Whence, by integrating and using (13), we obtain
E | su e Py X;
J e
el uez?
It follows that for almost all t € 1
2
E (sup ) < 00.
n

By the dominated convergence theorem, the convergence in (15) also holds in L;.
Let us denote by

2
Zeij"%xj‘ dt<cC Z |PuXol>  P-as.

jel, uez?

2
dt<CE ) [PuXol* < C|[ Xol*.

Z efij'tp()Xj

jel,

Dy(t) = nli)rrolo Ze_ij'tPoXj P-a.s.and in L. (16)
el

In the next theorem, we point out a representations for the spectral density by using definition
(16).

Theorem 1. Let (Xx)icz2 be a stationary sequence defined by (8) and the filtration (Fx)yez2 IS
commuting as in (6). Assume that the second moment is finite and the regularity condition (10)
is satisfied. Then, the sequence (Xx)ycz2 has spectral density which has the representation:

1
f(t) = —=E|Dy(t)

2
(27)? '

tel A7)
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Proof of Theorem 1. Let us compute the covariance of Xx and Xg. By using the projection
decomposition in (11), written for both Xk and Xy, together with the orthogonality of the pro-
jections in (12) and stationarity, we have for all k € VAS

cov(Xy, Xo) = COV(ZPij, Z PuXo)
jez2 uez?

= ZCOV('Pij, PiXo) = ZCOV('P()X](H, PoXj).
jez? jez?

(18)

Let us analyze the function f(t) defined in (17). By Fubini theorem and (13) we have

1 i 2
/If(t) dt= WE/; Z e UPyX;| dt=E Z P X0l < .
jez?

jez?

Now, let us compute the Fourier coefficients of f(t). For every k € Z2, by the definition of f(t)
and Fubini theorem we have

. 1 I
eftftydt= —— E / el KW APy ¥ Py Xy dt.
/1 f® (271)22 1 0XiPoXu
u,jez?
By using the orthogonality of the exponential functions, we obtain

/ Kt (t)dt = Z cov(PoXj, PoXu)lik—j+u=0}
1

juez?

= Y cov(PoXusk, PoXu)-

uez?

Now, comparing this expression with (18) we see that f in formula (17) is the spectral density
for (Xk)gez2- |

Remark 2. For defining the spectral density iterated limits are also possible. By applying Car-
leson [4] and Hunt and Young [18] theorems twice, consecutively in each variable, one can show
that the following limits exist: for A2-almost all t € [—m, n)z, we can define a random variable
Dy(t) in the following sense

n m

A T . —iut ) .

Dy(t) = nll)rgo mh_)mocJ E E Po(Xu;,uy)e P-as.andin L,.
Ul=—nuy=—m

Similarly, we can also define the other iterated limit
n m )
Dy(t) = lim lim Z Z Po(Xuy ur)e ™t P-as.andin L,.

m— 00 n—> 00
Uy=—nur=—m
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Also, we can obtain the following alternative definitions for the spectral density:

~ 2
E|Do(t)|".

FO = —=E|Dot)]’ =

1
(2m)? @2m)?

Note that in all the characterizations of f(t) the limits commute with the integrals.
Remark 3. By (6) and its definition, Dy(t) is a martingale difference in each coordinate
Eo_1Do(t) =0 and E_joDy(t)=0 P-as.

We are ready to state our main result. Everywhere in the paper = denotes convergence in
distribution.

Theorem 4. Assume that (Xx)ycz2 and (Fx)yez2 are as in Theorem 1. In addition, assume that
one of the shifts T or S is ergodic. Then, for \*-almost all t € I,

1
—(Re Spn(),ImS, , (t)) = (N1, N2) asn — oo,
n
where N1, Ny are i.i.d. normally distributed random variables with mean 0 and variance

272 f(t), where f(t) is the spectral density of the sequence (Xx)kez2- Furthermore, if
f@)In™ f(u) is integrable then

o (Re Spy 0y (0),Im Sy, 0, () = (N1, N2)  asny Any— o0

with N1, Ny as above.

Proof of Theorem 4. This proof has several steps. Let us point out the idea of the proof. First we
show that the proof can be reduced to random variables with continuous spectral density. Then,
we construct a random field which is a martingale difference in each coordinate and has the same
limiting distribution as the original sigma field. To validate this approximation we shall use the
limiting variance given in (3) and (4) along with the representation of the spectral density given
in Theorem 1. The result will follow by obtaining the central limit theorem for the martingale
random field. To fix the ideas let us assume that the shift S is ergodic.

Martingale approximation
Let us recall the definition of Dy(t) given in (16) and introduce a new notation:

DY () =Y Po(Xpe Tt 3 Py(Xpe It =Dy(t)  P-as.andinLr.  (19)
Jele jez?

Note that Dgy(t) and D[()E) (t) are functions of (§,),cz2. By using stationarity and translation
operators 7 and S we define Dl(f) (t) and Dk(t) for any k € Z2. Note that, by Remark 3, both
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(Db(fz,(t)) and (D, ,(t)) are coordinate-wise martingale differences with respect to the filtrations
(Foo,v)v and (Fy,o0)u Tespectively.
For almost all t € I we shall approximate Sy (t) by the martingale

Ma(t) =) eI Dj(t). (20)
j=1

To validate this approximation, we first consider the situation when n = (n, n). Define the mar-
tingale

n
MP® =Y D (1) @1
j=1

and, for t’ fixed, the “proper” Fourier series in t,
n
0] A ijt 0 (¢
MO (t,t) =" eI*DiO(t).
j=1

Note that we can bound
|Sa(t) — Ma(®)|
<3(|Sa®) = MO (6, €) ] + ML (1, 1) — MO ®O + | ML ®) — Ma®)]).

By (3), for almost all t € [

" ¢ 2 2 £t
dim =5 E[Sa(®) = My” (8¢ = 2 O (& ),
where O (t,t) is the spectral density of (Xj — Dl(f) k.

By using the representation (17) given in Theorem 1, and taking into account that Py Dj(g) t) =
0 P-as. for j € Z? with j # 0 we obtain

2
E|Do(t) — D ().

" 1
Z ,Poxjeiu.t - D(()Z) (t/) = (27.[)2

On the other hand, by the orthogonality of the projections,
1 2 2
SE[MP(t¢) - MO = E|Dy” () - Dy 0 (22)

and

1
SE[MO® ~ Ma®|> = E|D{ (&) — Do(®)|.
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So, overall, by the above considerations,

1
lim sup — E|Sa(t) — Mo

n—od
12 2 [4 14 2 14 2
<3(E|Do) — D" ()" + E| DS (t) — DY ®|* + E| DS (t) — Do(®)]?).
Note now that D‘()Z) (t') is continuous in t’ and so, by the dominated convergence theorem,

limy _ ¢ D((]Z)(t’ )= D(()L]) (t) in L. Therefore, by taking into account (19), and letting first t' — t
and then £ — 0o, we obtain for A%-almost all t € I the approximation

1
lim — E[Sa(t) — Ma(®)|* =0.
n—oon

Furthermore, if n = (n1, n2) and f(u)In™ f(u) is integrable, by replacing in the proof the limit
given in (3) by (4), for A2-almost all t € I we have

lim E|Sa(t) — Ma(t)|* =0. (23)
ny>ny—00 NNy

By using Theorem 25.4 in Billingsley [2], the limit (23) shows that, the proof of Theorem 4 is
now reduced to prove the central limit theorem for My (t).

The central limit theorem for the martingale

Proposition 5. Consider My (t) defined by (20) where n = (n1, ny). Then the real and imaginary
part of My (t) converge to independent normal random variables with variance E |D0,0(t)|2 /2
when ny A ny — oQ.

Proof. To ease the notation, we shall drop t and denote D x = D (t), My = My(t).
We start by writing (t = (t1, 12))

1 1 1 &
—an—Ze‘/tl—Zelktsz,k.
Jning 11 =1 V12 i—1

Note that, by construction and since the filtration (Fj,, ) is commuting, the sequence (D;l2 j)./
defined by

1 .
D, j=——> *Dj;
na,Jj 7
n
V2 k=i

is a triangular array of complex martingale differences with respect to the filtration (Fj,o0) ;.
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For a and b real numbers let us find the limiting distribution of

a ReM,+b

1 1
niny J/ning
1
\/__

Im M,

Z (acos jt; + bsin ji;)Re D! .+ (bcos jt; —asin jt;)Im D/

i (24)

na,j

1 &
=—> An,
‘/n_ljzl "

In order to find the limiting distribution of -2 o i1 An,,j we have to prove now a central limit
theorem for the triangular array of martingale differences (A,,,;)j>1. According to a classical
result, which can be found in Génssler and Hausler [12], we have to establish that

1
max —|An2,j|—>L2O asny| Any — 00.
I<j=ni /N1

and to verify the Raikov type condition, namely

n

D (A5, —EAL )

j=1

1
—E
n

—0 as ny Any — oQ. (25)

The first condition is easy to verify since, by the stationarity involved in the model and the main

result in Peligrad and Wu [24], the variables (| Dl’12 i %) ;j are uniformly integrable and therefore,

(|1 Ap,, 12) j in (24) are also uniformly integrable.
In order to verify (25), after using the well-known trigonometric formulas

2c052x:1+0052x, 25in2x:1—c0s2x,

cos” x — sin” x = cos 2x, 2(cosx)(sinx) = sin2x,

by Lemma 10 in Section 6, it follows that for almost all t € I, the terms involving cos2j#; or
sin2j# in (25) are negligible as n1 A np — oo.
After simple computations, proving (25) is reduced to show that

ny

> (105, 5" = £[ D, ;)

j=1

1
—E
ni

— 0.

We shall apply Lemma 11 below. Clearly it is enough to prove that

ni

> (Re*D;, ; — ERe* D), )| —

na,j na,j
j=1

1
—E
ni

—-0
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and
nj

1 2 2
E > (im*D;, ; — EIm* D}, ;)| — 0.
j=1
Their proofs are similar and we shall deal only with the first one involving the real part.
Let m be a positive integer. By using Cramer theorem, trigonometric formulas, the main The-
orem in Peligrad and Wu [24], ergodicity of S and Lemma 10 from Section 6, we can easily

show that the vector valued sequence of martingales (Re D;_|,...,Re Dy, ,,)n, converges to a
Gaussian vector (Ny, ..., N,,) with the covariance structure, for all &,

cov(Ny, Nj) =cov(Ni, Niyj).

The computations are simple and left to the reader. Because of the martingale property, we have
the orthogonality of (Re D,’Q’ k- In addition, we also have uniform integrability of the fam-
ily (|D”12’1 |2)n2, provided by the results in Peligrad and Wu [24]. By applying the continuous
mapping theorem and the convergence of moments theorem associated to the convergence in
distribution (Theorem 25.12 in Billingsley [2]), we obtain

cov(Ny, Ny) = n}iinw cov(Re Dy, |,Re D, ;) =0.
This shows that the Gaussian limit (Ng)x is a stationary and independent sequence. It fol-

lows that, for all m € N, (Re2 D;tz,l’ ...,Re? D,/U_m),,2 converges to an independent vector

(N2, ..., N;%;) and (Nkz)k is stationary and ergodic. Therefore, (25) holds by Lemma 11 in Sec-
tion 6. O

By all of the above considerations, we obtain

1 1 2
Re My (t) + b Im My (t 2+ bA)N(0, E|Dg o(0)]),
@ mRe n(t) + T n(®) = (a®> +b*)N(0, E| Doo(®)]")
and the result follows. (|

4. Random fields with multi-dimensional index set

In this section, we discuss the differences which occur when the index set is Z¢. The main dif-
ference is that we use some recent results on summability of multi-dimensional trigonometric
Fourier series which are surveyed and further developed in Weisz [31]. Many summability re-
sults, needed for our proofs, have already been extended from dimension 1 to dimension d, but
the results are very different depending on the summation type and on the shape of the regions
in Z? containing the indexes of summations. Our intention is to present a method rather than the
most general results. The probabilistic tools are completely developed in our paper. However,
the statements are limited by the level of knowledge in harmonic analysis. In order to construct
the approximating martingale we can always base ourselves on the summation on cubes, where
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the celebrated Carleson—Hunt theorem extends completely for square integrable functions (see
Theorem 4.4. in Weisz [31]) or we can use an iterative procedure. However, the statements of the
CLT and the conditions imposed to the spectral density, strongly depend on shape of the sum-
mation region and the extensions of the Fejér—Lebesgue theorem, namely on the validity of (3).
These regions of summation can be restricted by using conditions imposed to various norms on
Z? or the summations can be taken over nonrestricted rectangles. In the latter case, additional
restrictions have to be imposed to the spectral density. This is an active field of research in har-
monic analysis and our results can be reformulated whenever a progress is achieved. We shall
formulate the general results by using only summations over cubes and nonrestricted rectangles.

To introduce the regularity conditions we shall start with a strictly stationary real valued ran-
dom field & = (&§y),c ¢, defined on the canonical probability space RZ" and define the filtrations
Fu=0(&j:j <u). Recall that by j < u we understand that each coordinate of j is less or equal
the corresponding coordinate of u. By taking intersections of sigma algebras or sigma algebra
generated by unions of sigma algebras, we can consider the coordinates of u in F, being valued
in Z U {—o00, oo}. The filtration is commuting if EyEqX = EyaaX, where the minimum is taken
coordinate-wise. We define X9 = f((u)ycz¢). We also define 7; the coordinate-wise transla-
tions and Xy = f(le1 0---0 T;" (Ew)yezd). We call f regular if E(X¢|Fy) =0 as., when at
least a coordinate of u is —oo.

Our general result is summarized in the following theorem.

Theorem 6. Assume that (Xk)gczd and (Fx)yeza are as above and f is regular. In addition,
assume that one of the shifts T; is ergodic, 1 <i <d. Then, for 2 -almost all t € [0, 2n)d,

1
W(Re Sa(t),ImSy(t)) = (N1, N2)  asn — oo,

where n= (n,...,n), N1, N, are i.i.d. normally distributed random variables with mean 0 and
variance 2971 £ (t), and f (t) is the spectral density of the sequence (Xx)keza. Furthermore,
if f)(AnT f )~ is integrable, then

1
————(ReSp(®), ImSu(t)) = (N1, N))  as \ ni — oo,
/nlnz...nd 1§i§d

with N1, N> as above.

Proof of Theorem 6. The proof of this theorem follows the same lines as of Theorem 4 with the
following differences. In order to be able to obtain a characterization of the spectral density, we
have to introduce the d-dimensional projection operator. By using the commutative property of
the filtrations it is convenient to define

Po(X)=P1oPro---0Pi(X),

where

Pi¥)=E(Y|F) - E(v|FY).
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Above we used the notation: }'é] ) — JFo, and ]-'91) = JFu, where u has all the coordinates O
with the exception of the jth coordinate, which is —1. For instance when d = 3, P>(Y) =
E(Y|F0,0,0) — E(Y|Fo,-1,0)-

We can easily see that, by using the commutativity property, this definition is a generalization
of the case d = 2. We note that, by using this definition of Py(X), the statement and the proof
of Theorem 1 remain unchanged if we replace Z> with Z¢. The definition of the approximating
martingale is also clear as well as the proof. We point out the following two differences in the
proof. One difference is that instead of Theorem 1 in Marcinkiewicz and Zygmund [22] we use
Corollary 14.4 in Weisz [31], which assures the validity of (3) for A4-almost all t in [0, 27)9.
Another difference in the proof is that Proposition 5 is proved by induction. More precisely,
we use instead of the results in Peligrad and Wu [24] the induction hypothesis. For proving the
second part of the Theorem 6, we use several results in Weisz [31], namely Corollary 16.5 about
unrestricted summability and the line above relation 15.2 on page 123. ]

5. Examples

We start this section by mentioning an easy way to generate commuting filtrations. This happens
for instance, when we consider a stationary random field & = (§,)¢cz with its columns &, =
(&4.¢)uecz independent copies of a stationary stochastic process. Of course, we can also consider
as well random fields with independent lines. This can be seen by combining Lemmas 13 and 12
in Section 6. The random field of interest is then constructed by taking functions of (& )« jez
as in definition (8). Furthermore, if the columns of (&, ;) are independent, then Fo _ is trivial.
If the lines of (§k, )k, jez are independent then F_ ¢ is trivial.

Next, we give examples of stationary random fields (§y),cz2 Which generate commuting fil-
tration and in addition both Fp _~ and F_ ¢ are trivial.

Independent copies of a stationary sequence with ‘“nonparallel” past and
future

The p-mixing coefficient, also known as maximal coefficient of correlation is defined as
p(A, B) =sup{Cov(X, )/ X[2]IY]l2: X € L2(A), Y € La(B)}.

For the stationary sequence of random variables (§;)rcz, denote by F the past o -field generated
by & with indices k < 0 and by F" the future o -field after n—steps generated by &; with indices
J = n. The sequence of coefficients (p,),>1 is then defined by

pnzp(f07fn)-

If p, < 1 for some n > 1, then the tail sigma field F_, = ﬂnez 0 ((§j) j<n) is trivial; see Propo-
sition (5.6) in Bradley [3]. In this case it is customary to say that Fo and F" are not parallel.
Now we take a random field with columns & j = (6, j)kez independent copies of a stationary
sequence with p, < 1 for some n > 1. Clearly, because the columns are independent the sigma
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field Fo,_o is trivial. Furthermore, we shall argue that F_ o is also trivial. To prove it, we
apply Theorem 6.2 in in Cséki and Fischer [6] (see also Theorem 6.1 in Bradley [3]). According
to this theorem

p(0 (k. j)jezk=0), 0 (k. j)jez.k=n))
= SQPP(U((Ek,j)kgo), o (k. jk=n)) =pn < L.
J

Therefore we also have that F_ o is trivial and our theorem applies. For this case, we obtain
the following corollary:

Corollary 7. Assume that the random field (& )k, jez consists of columns, which are indepen-
dent copies of a stationary sequence (§;) jez having p, < 1 for some n > 1. Construct (Xn)ye 72
by (8) and assume that the variables are centered and square integrable. Then the results of
Theorems 1 and 4 hold.

As a particular example we can take, as generator of the commuting sigma algebras, inde-
pendent copies of a Gaussian sequence with a special type of spectral density. It is convenient
to define the spectral density on the unit circle in the complex plane, denoted by T. Let p de-
note normalized Lebesgue measure on 7 (normalized so that w(7) = 1). For a given random
sequence X := (Xy)kez, a “spectral density function” (if one exists) can also be viewed as a real,
nonnegative, Borel, integrable function f : T — [0, oo) such that for every k € Z

cov(Xx, Xo) = / % f(H)p(dr).
teT

Let (§;) jez be a stationary Gaussian sequence and let n be a positive integer. The following
two conditions are equivalent:

(@) pn <1
(b) (&;)jez has a spectral density function f (on T') of the form

f@) =|p®|exp(u®) + (1)), teT,

where p is a polynomial of degree at most n — 1 (constant if » = 1), u and v are real
bounded Borel functions on 7" with ||v||s < 7/2, and v is the conjugate function of v.

For n = 1, this equivalence is due to Helson and Szegd [17]. For general n > 1, it is due to
Helson and Sarason [16], Theorem 6.

Functions of i.i.d.

Our results also hold for any random field which is Bernoulli, that is, a function of i.i.d. random
field. For instance, if (§n),c 7« 1s @ random field of independent, identically distributed random
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variables and we define (Xk)y 7« and (Fk)gcz« as in Theorem 6. Then the filtration is commut-
ing and the regularity conditions of Theorem 6 are satisfied provided the variables are centered.
If in addition Xy is square integrable, then the result of Theorem 6 holds.

For the next two examples the only conditions imposed are equivalent to the existence of the
fields involved.

Example 8 (Linear field). Let (§,),. 7« be arandom field of independent, identically distributed
random variables which are centered and have finite second moment. Define

Xk = Z ak—j&j.

jezd
Assume that } 574 aj2 < 00. Then the CLT in Theorem 6 holds.

Another class of nonlinear random fields is the Volterra process, which plays an important role
in the nonlinear system theory.

Example 9 (Volterra field). Let (&,),c7¢ be a random field of independent random variables
identically distributed centered and with finite second moment. Define

Xk = Z au,vékfuskfv»

u,vezd

where ay v are real coefficients with ay y = 0and ), ;74 alzlyv < 00. Then the CLT in Theorem 6
holds.

6. Supplementary results

In this section, we prove two auxiliary results. They are laws of large numbers which have interest
in themselves.
The following lemma is an extension of a result in Zhang [32].

Lemma 10. Assume that the triangular array (X, i)kez is row-wise stationary and (X, )n,>1
is uniformly integrable for any k fixed. In addition assume that X, y = Xy, where Xy’s have the
same distribution and are in L1. Then, for h-almost all t € [—m, ),

n
1 .
—Ze‘ktanyk—>0 a.s. when ny Any — 0o.
ni

k=1

Proof. Letm > 1 be a fixed integer and define consecutive blocks of indexes of size m, I;(m) =
{(Gj—1Dm+1,...,mj}. In the set of integers from 1 to n; we have [n1/m] such blocks of
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integers and a last one containing less than m indexes. By the stationarity of (X, «)xez we have

1 ni 1 [n1/m]
ikt ik
E > et Xk <— Z DD
k=1 j=1 kel;(m)
1 !
-
el D DI (Y
j=In1/mlm+1
m
< —E Ze‘k’an,k +0,,(1) asnp — oo.
k=1

Now, again by the uniform integrability of (X, x)n,>1 and the convergence of moments associ-
ated to the weak convergence (see Theorem 25.12 in Billingsley [2]) we have

ikt
i kZ Ko
m
< nzll_r)nooE ZX"Z”‘ sinkt| + 2lg)nooE ZXM k Ccoskt
k=1 k=1
m m
=E|Y_ Xgsinkt|+ E|Y_ Xy coski|.
k=1 k=1

Since the X} ’s have the same distribution, by Zhang [32], for almost all # € [—m, )

1 & 1 &
—Zstinkt—>O and —ZXkcoskt—>0 P-ass.andin L;.
mk=l mk:l O

Lemma 11. Assume that the triangular array (X,, i)kez is row-wise stationary, mean 0 and
(Xny,k)ny>1 Is uniformly integrable for any k fixed. In addition assume that the finite dimensional
distributions of (X, 1)k converge in distribution to those of (Xy)y as np — 0o, where (Xy) is
stationary and ergodic and in L. Then
nj
1 .
— ZX"%’C converges in L1 to O when n1 A np — 00.
n

k=1

Proof. As in the previous lemma, we make blocks of variables as before and use the inequality

Zank

<— k| +0n, (1) asn; — Q.

1
—E
ni
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Now, by the uniform integrability and the weak convergence of the sequence (X, k)n,>1, We
obtain
=E

lim E
np—00

m m
anz,k ZXk
k=1 k=1

Furthermore, note also that by the conditions of this lemma we also have E(X) = 0 for all k.
By the ergodic theorem ) ;" ; Xx/m — 0 a.s. and in L; and therefore

1m
— X

The following lemma follows by Problem 34.11 in Billingsley [2].

E -0 as m — 00.

Lemma 12. Assume that X, Y, Z are integrable random variables. Then the following are equiv-
alent

E(g(X, )oY, 2)) =E(g(X,Y)|Y) a.s.,
E(g(Z,V)|o(Y, X)) =E(g(Z,Y)|Y) a.s.

We recall the following lemma which is not difficult to verify. Its proof is left to the reader.

Lemma 13. Assume that X, Y, Z are integrable random variables such that (X,Y) and Z are
independent. Assume that g(X,Y) is integrable. Then

E(g(X,V)|o(Y,2))=E(g(X,Y)|Y) a.s.
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