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Recently, Hammond and Sheffield [Probab. Theory Related Fields 157
(2013) 691-719] introduced a model of correlated one-dimensional random
walks that scale to fractional Brownian motions with long-range dependence.
In this paper, we consider a natural generalization of this model to dimen-
sion d > 2. We define a Z?-indexed random field with dependence relations
governed by an underlying random graph with vertices 74, and we study
the scaling limits of the partial sums of the random field over rectangular
sets. An interesting phenomenon appears: depending on how fast the rect-
angular sets increase along different directions, different random fields arise
in the limit. In particular, there is a critical regime where the limit random
field is operator-scaling and inherits the full dependence structure of the dis-
crete model, whereas in other regimes the limit random fields have at least
one direction that has either invariant or independent increments, no longer
reflecting the dependence structure in the discrete model. The limit random
fields form a general class of operator-scaling Gaussian random fields. Their
increments and path properties are investigated.

1. Introduction. Self-similar processes are important in probability theory
because of their connections with limit theorems and their intensive use in mod-
eling; see, for example, [50]. These are processes (X (¢));cr that satisty, for some
H >0,

(1) (X)), p 27 (X (1)), forall >0,

where “"&4 stands for “equal in finite-dimensional distributions.” It is well known
that the only Gaussian processes that are self-similar and have stationary incre-
ments are the fractional Brownian motions. Throughout, we let (B (7));cr denote
a fractional Brownian motion with Hurst index H € (0, 1); this is a zero-mean
Gaussian process with covariances given by

1
Cov(By (1), Bu(s)) = 5 (1127 + 1527 — |t — 51, t,s €R.
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Fractional Brownian motions were first introduced in 1940 by Kolmogorov [25]
and their relevance was first recognized by Mandelbrot and Van Ness [32], who
gave them their name. Invariance principles for fractional Brownian motions have
a long history, since the seminal work of Davydov [15] and Taqqu [49]. As the
limiting objects of stochastic models, fractional Brownian motions have appeared
in various areas, including random walks in random environment [19], telecom-
munication processes [35], interacting particle systems [36] and finance [24], just
to mention a few.

Recently, Hammond and Sheffield [22] proposed a simple discrete model that
scales to fractional Brownian motions with H > 1/2. This model, to be described
below, can be interpreted as a strongly correlated random walk with £1 jumps. As
the simple random walk can be viewed as the discrete counterpart of the Brownian
motion, the correlated random walks proposed in [22] can be viewed as the discrete
counterparts of the fractional Brownian motions for H > 1/2. In this regime, the
fractional Brownian motion is well known to exhibit long-range dependence [45].

In the present paper, we introduce a discrete random field model that generalizes
the Hammond—Sheffield model to any dimension d > 2 and we study the scaling
limits. Based on this model, we establish invariance principles for a new class of
operator-scaling Gaussian random fields. The operator-scaling random fields are
generalization of self-similar processes (1) to random fields, proposed by Biermé,
Meerschaert and Scheffler [8]. Namely, for a matrix E with all eigenvalues hav-
ing positive real parts, the random field (X (¢));cge is said to be (£, H)-operator-
scaling for some H > 0, if

f.d.d.
2) (X(AEt)),cpa = M (X(®),cpd forall A >0,
where Af = Zkzo(logk)kEk/k!. In this paper, we focus on the case that E
is a d x d diagonal matrix with diagonal entries fi, ..., B4, denoted by E =
diag(B1, ..., Ba). It is worth mentioning that a simple generalization of the self-

similarity would be to take E being the identity matrix in (2), and the advantage
of taking a general diagonal matrix is to be able to accommodate anisotropic ran-
dom fields. Examples of operator-scaling Gaussian random fields include frac-
tional Brownian sheets [23] and Lévy Brownian sheets [46]. Here, our results pro-
vide a new class to this family with corresponding invariance principles. We also
mention that there are other well investigated generalizations of fractional Brow-
nian motions to Gaussian random fields, including distribution-valued ones. See,
for example, [6, 30, 47].

We now give a brief description of the Hammond—Sheffield model and its gen-
eralization to high dimensions. Let us start with the one-dimensional model. Let
be a probability distribution with support in {1, 2, ...} that is assumed to be aperi-
odic (to be defined below). Using the sites of Z as vertices, one defines a random
directed graph G,, by sampling independently one directed edge on each site. The
edge starting at the site i € Z will point backward to the site i — Z;, where Z; is
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a random variable with distribution x. Here, u is a probability distribution in the
form of

3) u({n....}) =n""L(n),

where L is a slowly varying function and « € (0, 1/2). This choice of o guaran-
tees that the graph G, has a.s. infinitely many components, each being a tree with
infinite vertices. Conditioning on G,,, one then defines (X ;) jcz such that:

e X;=X;if jandi are in the same component of the graph,
e X; and X; are independent otherwise, and
e marginally each X; has the distribution (1 — p)§_; + pé; for some p € (0, 1).

The partial-sum process S, = Y 7_; X;,n > 1, can be interpreted as a correlated
random walk. Hammond and Sheffield [22], Theorem 1.1, proved that

Sint) — ES|n
n“'H/ZL(n)

4) ) = O'(Ba+l/2(t)),e[0’1]

1€[0,1]
as n — oo in D([0, 1]), with the constant o explicitly given. Here and in the se-
quel, we let “=" denote convergence in distribution [10]. Hammond and Sheffield
[22] actually established a strong invariance principle for the convergence (4).

To generalize the Hammond-Sheffield model to high dimensions, we start by
constructing a random graph G, with vertices Z4. Similarly, at each vertex i € Z4
we first sample independently a random edge of length Z;, according to a prob-
ability distribution w, and connect i to i — Z;. The distribution p has support
within {1,2,...}¢, intuitively meaning that all the edges are directed toward the
southwest when d = 2. Throughout, we assume that the additive group generated
by the support of 1 is all Z¢, and in short we say that y is aperiodic. Most impor-
tantly, the distribution w is assumed to be in the strict domain of normal attraction
of (E,v), denoted by u € D(E, v), for a matrix E = diag(1/«1, ..., 1/ag) with
a;i €(0,1),i =1,...,d, and an infinitely divisible probability measure v on Rﬁ.
That is, if (§;);>1 are i.i.d. copies with distribution u, then

(5) nEYE =
i=1

This assumption is a natural generalization of (3) to high dimensions. We again
focus on the case that G, has infinitely many components, which turns out to be
exactly the case that g(E) := trace(E) > 2, and given G, we define (X ) jezd
similarly as in dimension one. Remark that g (E) > 2 is trivially satisfied for d > 2,
due to the restriction on «; € (0, 1). Remark also that when d > 2, sometimes it is
more practical to express (5) in terms of nonstandard multivariate regular variation,
and in this case nothing needs to be assumed in terms of the spectral measure of
v. See Section 2 for detailed descriptions of the measure j, the random graph G,
and the model.
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The key feature of our model is that the underlying random graph induces a par-
tial order of Z?. Models with such a feature have been considered in literature. In
particular, the so-called partially ordered models have been recently introduced by
Deveaux and Fernandez [18]. Applications of such models include notably image
and texture analysis [14]. Our model may be formulated alternatively as a partially
ordered model. However, we do not pursue this direction here, as the current setup
serves our purpose better.

In this paper, we will investigate the scaling limits of partial sums over increas-
ing rectangles of the random fields described above. For this purpose, we introduce

Ss®)= > X, n=(@....ng) eNt=(t1,....1) €[0, 1]
JERn,1)

with R(n,t) = ]_[f:1 [0, ngty — 11N Z4. Surprisingly, the limit theorems are much
more complicated in high dimensions. In order to obtain an invariance principle for
Sn(2), one cannot simply require min;—,. 4 n; — oo as most of the limit theorems
for random fields do (see, e.g., [5, 16, 28]). Instead, one needs to investigate

6) sEwy:= > X

jeERME1,0)

with a diagonal matrix E’ = diag(By, ..., Ba).

The contribution of our main result, Theorem 5, is twofold. First, we establish
invariance principles to operator-scaling Gaussian random fields. Such limit the-
orems, rare in the literature, justify the usage of such Gaussian random fields in
various applications, including particularly texture analysis [4, 9, 44] and hydrol-
ogy [2]. Second, unexpectedly, Theorem 5 reveals the following surprising phe-
nomenon: for different E’, the limiting random field may not be the same. More-
over, in the special case with E’ = ¢ E for some ¢ > 0, the dependence structure of
the limiting random field is determined by the measure v. This case is referred to as
the critical regime. For the noncritical regime, one can still obtain invariance prin-
ciples under different normalizations depending on both E and E’, although the
limiting random field has degenerate dependence structure (either invariant, i.e.,
completely dependent, or independent increments) along at least one direction. To
the best of our knowledge, the existence of such a critical regime has been rarely
seen in the literature, except for the recent results by Puplinskaité and Surgailis
[38, 39]. They investigated a different model in dimension 2, and referred to the
same phenomenon as the scaling-transition phenomenon.

Below we briefly summarize the phenomenon of critical regime.

Critical regime: Here, we refer to the case of taking E' = E in (6).

THEOREM 1. Assume that u € D(E,v) for some diagonal matrix E =
diag(1/ay, ..., 1/ag) with o; € (0,1),i =1, ...,d, and a probability measure v
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on Ri. Assume a1 < 1/2 if d = 1. Let \ be the characteristic function of v. Then

SE@) —ESE(@)
( nl+a(E)/2 )te[O,l]q = (WO)rego, 10

in the space D([0, 119), where the limit Gaussian random field (W(t));cga has
zero-mean and covariance function

Cov(W(t), W(s))

2 [ (@ = D(ePr — 1)
L.

) d
= 1 d ’ t’ ER ’
o} ST llog v (y)| 2 dy s

k=1

where an explicit expression of 0)2( is given in (21) below.

The limit Gaussian random field is easily seen to be (E, H)-operator-scaling
with H = 14 ¢ (E)/2. For this new class of random fields, we study its increments
and the Holder regularity of the sample paths in Section 5.

Noncritical regime: For the case E in (6) is not a multiple of E, the situation be-
comes much more subtle. One can still obtain invariance principles with appropri-
ate normalization depending on both E and E’. However, in the noncritical regime
the limiting random fields no longer reflects fully the long-range dependence in-
herited from G,,. In particular, the covariance function of the limiting random field
becomes degenerate in certain directions: along these directions, the covariance
function becomes the one of a fractional Brownian motion with either H = 1/2
(the standard Brownian motion, which is memoryless) or H = 1 [the case of com-
plete dependence with W (¢) =¢Z, t > 0 for a common standard Gaussian random
variable Z]. Accordingly, along these directions the increments of the Gaussian
random fields are independent or translation invariant, respectively. A general in-
variance principle is established in Section 4, and properties of the limiting random
fields are investigated in Section 5. Here, we only state the invariance principle for
d = 2. In the noncritical regime, the limit Gaussian random field is a fractional
Brownian sheet with Hurst indices H; and H,. However, we do not see a frac-
tional Brownian sheet in the limit in high dimensions most of the time: a complete
characterization of when it appears is given in Proposition 6 below.

THEOREM 2. Assumed = 2. Let u € D(E,v) with E =diag(1/a1, 1/a2) and
set E' = diag(1/ay, 1/a5) with oy, a2 € (0, 1), az # o). Then, depending on the
relation between a1, ay and o), the following weak convergence holds:

SE'(¢) — Es,f"’(t)>
= (W@ ,
< B rel0.1 ( )te[O,l]2

in the space D([0, 11%), where the limit Gaussian random field (W(t));cp2 has
zero-mean and covariance function in the form of

Cov(W(t), W(s)) = axa? Cov(Bpg, (t1), By, (s1)) Cov(Br, (t2), B, (s2)).
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Here, B8, o2, Hy, Hy and hence {W(t)}te[0,1]2 all depend on o1, ar and 05’2. In par-
ticular, there are four different possibilities as follows:

(1) Ol/2>0t2,0tz€(0,1/2)1[3=%+%(a—11 /) H1—2,H2=%+062-

(i) o > a2, 2 € (1/2,1): ﬂ=1+2+,[1+0}—§— e Hi =3 +ai(l — 51,
Hy=1.

(iff) o < e, e1 €(0,1/2): f=1+3(5 + 5, H1=%+a1,H2=%.
(i) @y < .00 € (1/2,1): f=3(1 - 2a1>+ +2a/, Hi=1H=1+
(1 — 2-).

2001

Explicit expressions of o2 in these cases can be found in the proof of Theorem 2
in Section 5.

The main result of the paper, Theorem 5, is a unified version of invariance prin-
ciples for general d € N, E = diag(1/«y, ..., 1/ag) and arbitrary E’, from which
both Theorems 1 and 2 follow as immediate corollaries. Theorem 5 also provides
a general principle to determine the correct normalization order, the limit covari-
ance function, and hence the directions of degenerate dependence. We have just
seen that in dimension 2 there are already 4 different noncritical regimes. For gen-
eral d > 3, the situation becomes more complicated.

The core of the proofs is an application of the martingale central limit theorem,
thanks to the key observation that the random field of interest can be represented
as a linear random field in the form of

(7 Xi= Y qjX;{ ;. ieZ’
jezd

of which the innovations (X%) jeza are multiparameter martingale differences.
Hammond and Sheffield [22] also made essential use of the martingale central
limit theorem, although the representation as a linear process as in (7) was not
explicit. This representation plays a key role in our proofs, as from there when ver-
ifying conditions in the martingale central limit theorem, thanks to the structure of
the linear process, we can deal with the coefficients g; and innovations X j sepa-
rately. This framework, or more generally the martingale approximation method,
has been carried out successfully in dimension one to establish invariance prin-
ciples for fractional Brownian motions for general stationary processes [17]. To
extend this framework to high dimensions, a notorious difficulty is to find a conve-
nient multiparameter martingale to work with. It is well known that the martingale
approximation method applied to stationary random fields is not as powerful as
to stationary sequences, as pointed out a long time ago by Bolthausen [12]. For-
tunately, our specific model can be represented exactly as a simple linear random
field with martingale-difference innovations as in (7).

Once the representation of linear random fields in (7) is established, the main
work lies in the computation of the limit of the covariance functions. This step
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is heavily based on the analysis of Fourier transforms of the linear coefficients
(gi);eza, the asymptotic property of which is essentially determined by v. Analyz-
ing the Fourier transforms is a standard tool to compute the covariance functions
for stationary linear random fields; see, for example, [28, 38, 39]. To complete the
invariance principle, the tightness is established. At last, to develop the sample-
path properties we apply recent results in Biermé and Lacaux [7].

The rest of the paper is organized as follows. In Section 2, we describe in details
the random-field model. Section 3 provides a general central limit theorem that
serves our purpose. Section 4 establishes a general invariance principle that applies
to both critical and noncritical regimes. Some properties of the limit random fields
are provided in Section 5.

Throughout the paper, we use the following usual notation. Let d > 1 be an
integer. On R?, we consider the partial order (also denoted by <) defined by ¢ < s
iftj <s;forall j=1,...,d, where t = (#1,...,13) and s = (51, ..., 54). In the
same way, we use the notation >, <, >. We write ¢ £ s as soon as t; > s; for at
leastone j = 1,...,d, and in the same way, we use %, £, #. We denote by [¢, s]
the set [#1,s1] X - -+ X [t4, 4] and we write |t|o for max{|z;|, j =1,...,d}, and
|t|1 for Z?:l |#;]. Furthermore, write N={0, 1, ...} and N, = {1, 2, .. .}.

2. The model. In this section, we will give a detailed description of our ran-
dom field model {X;};.7q, of which the dependence structure is determined by an
underlying random graph G,,. The asymptotic properties of the random graph are
determined by a probability measure y on {1, 2, ...}, which is assumed to be in
the strict domain of normal attraction of an E-operator stable measure v on Ri.
Some simple properties of the model will be derived. In particular, we show that
the random field of interest can be represented as a linear random field, of which
the innovations are stationary multiparameter martingale differences.

2.1. The random graph. On Z<, we consider the random directed graph Gus
associated to u, defined as follows:

o Let (Z,),cza be ii.d. random variables with distribution .

e Foreach n € Z4, let e, be the outward edge fromn ton — Z,.

e G, is the graph with all sites of 74 as vertices and random directed edges
{en,n € Z%}.

The graph G, is then composed of (possibly) several disconnected components
and each component is a tree. The upcoming Proposition 1 shows that, almost
surely, the number of components of G, is one or is infinite.

We first introduce the following notation. For n € Z¢, we denote by A,, the
ancestral line of n, that is the set of all elements k € Z¢ for which there exists a
directed connection from n to k (taking the orientations of the edges into account).
Note that, in distribution, A, can be described by the range of the random walk
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(n — Si)k=0 where (Sk)k>0 is the random walk starting at 0 with step distribu-
tion w. In particular, since p is supported by Nf,f , any element k in A, satisfies
k < n. Observe that the condition that the support of 1 generates the group Z< is
equivalent to the fact that P(A, N A, # ) > 0 forall n, m € Z4.

For n € Z¢, we set g, =P(0 € A,). We clearly have g, = 0 as soon as 0 & n,
except for gg = 1. Further, since each edge is generated independently at each site,
for any n, k € Zd,

Pk € An) = gn—k-

PROPOSITION 1. If} jcne q,% converges, then G, has almost surely infinitely
many components whereas if ) cnd q,% diverges, then G, has almost surely only
one component.

We start by proving the following lemma.

LEMMA 1. () If 3 gene q,% converges then for all n € 7¢,

-1
P(Ag N Ay £ 2) = ( > q,%) S khsn.

keNd kezd

(i) If Yene qi diverges then P(Ag N Ay # @) = 1 for all n € Z°.

PROOF. The proof follows an idea developed in Hammond and Sheffield [22],
Lemma 3.1, for the dimension 1. Let QL be an independent copy of G,,. We denote
by Aj, the ancestral line of n with respect to G;,. On one hand, one has

ElAgNAy|= > Pke AYPk € Ap) = Y qkGk+n-
keZd kezd

On the other hand,

E|A0 ﬂA;l| =P(AgNA, # @)E|A0 N A/0| =P(AgN A, #9) Z q,%
keNd

and thus (i) follows.
If > pene q,% = 00, then E|Ag N Aj| = oco. But E|Ag N Ay can also be computed
as

E|Ag N Ag| =D P(|Ag N Ag| > k)
k=0

(®)

1
=Y P(AgN Ay # {0) = :
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Thus, E|Ag N Ayl = oo if and only if P(Ag N Aj # {0}) = 1, and in this situation
|Ag N Apy| = oo almost surely. Now, since the group generated by the support of 14
covers Z¢, we know that, for all n € Z¢, there exists ko € Z¢ such that

P(ko € Agand kg —n € Ai)) =]P’(k() S AOﬂA;’) > 0.
But, since |Ag N Aj| = oo a.s., we infer that [Ag, N A;{O_n| = oo also a.s., and thus
P(Ag N Ay # D) = P(Aky N Akgn # 2) = P(|Aky N Ayl =00) = 1,

which proves (ii). [

PROOF OF PROPOSITION 1. If C:=) ;e q,% < 00, from Lemma 1(i), we
get

P(AgNAn#2)=C"" Y qiGisn

kezd
1 ) 12 ) 1/2
=Y @) (X )
keZd k+n>0 kezd k>0
1 1
_ ! 21?2 2?2
= Z qk Z 9k ) -
keZ4 k>—n keZ4 k>n

which goes to 0 as || — 00. Thus, P(Ag N A, # @) — 0 as |r|x — 00, and
we can build a sequence (ny)keN C Z4, iteratively, such that for each k € N,

k—1
IP’(A,,k n (U A,,j) # @) < 1712
j=0
By the Borel-Cantelli lemma, we see that, almost surely, the ancestral lines Ay, ,
for all k large enough, are disjoint from each other. This proves the first part of the
proposition.
The second part of the proposition is clear from Lemma 1(ii). [

2.2. The measure. From now on, we always consider a probability measure
Q on Nfi which is aperiodic (the additive group generated by the support of u
is all Z%) and such that w € D(E, v) for an infinitely divisible full probability
measure v on ]Ri and a matrix E = diag(1/ayq, ..., 1/ag) with «; € (0, 1) for all
i=1,...,d. Recall that we mean by u € D(E, v) that if (§;);>1 are i.i.d. copies
with distribution u, then

9) ntyE = v
i=1
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Note that, since the distribution of each coordinate is in the strict domain of normal
attraction of a positive stable law and since positive «-stable laws only exist for
a € (0, 1), the condition «; € (0, 1) foralli =1,...,d is necessary.

Consider the characteristic function v (t) = fRi et dv(x) of v. It follows from
(9) that the log-characteristic function log v is then an E-homogeneous function,
that is,

forall 7 > 0 and x € RY, log ¥ (t5x) = tlog v (x).

See (12) below. Further, log ¢ (0) = 0 and for all x # 0, |log ¥ (x)| > 0.

One can also describe p in the framework of multivariate regular variation.
Consider the triplet representation of v as an infinitely divisible distribution [34],
equation (3.17). Then [34], Corollary 8.2.11 states that (9) implies that the triplet
has the form (0, 0, ¢), with ¢ satisfying

(10) lim np(n®A) = ¢(A)

for all A € B(R?) bounded away from 0 and ¢(dA) = 0. Conversely, [34], Corol-
lary 8.2.11, also shows that (10) implies (9) with a possibly centering on the left-
hand side and v determined by the triplet (a, 0, ¢) with a possible drift term a.
However, under the assumption «; € (0, 1), it follows from [34], Theorem 8.2.7,
that a = 0 and the centering can be set as zero.

In view of (10), u is said to have nonstandard multivariate regular variation with
exponent E and exponent measure ¢. Most of the applications in the literature
of multivariate regular variation, however, focus on the case that a1 = --- = oy.
In this case, (10) is referred to as multivariate regular variation in the literature.
Standard references on (standard) multivariate regular variation include [42, 43].
References on nonstandard multivariate regular variation include [40], [43], Chap-
ter 6. See also some recent development in [41]. Some examples are given at the
end of the subsection.

We denote by P the Fourier transform of the measure u, that is,

P@t)= Y u({k})e*, teRY.
keNd
Note that the assumption that the additive group generated by the support of w is
all Z¢ is equivalent to:
P(t) =1 if and only if the coordinates of ¢ belong to 27 Z;

see, for example, Spitzer [48], page 76.

Let G, be the random graph associated to p as defined in Section 2.1. The
asymptotic behavior of {gx};cne Will play a key role in our analysis. It is essen-
tially determined by the measure u € D(E, v). We denote by Q the Fourier series
with coefficients g = P(0 € Ap), that is,

o) =Y qe'"™*.

keNd
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Using that g = >_ jeNd w({j}gk—j for k > 0, we see that both Fourier series are
linked by the relation

CO=T"%0

From Lemma 1, we see that

cn(1Q1%)

co(101»)’

where cx(|Q|?) denotes the Fourier coefficient of index k of |Q|?> = QQ. This
relation explains why the Fourier series Q plays a crucial role in the study of the

random graph.
The two following lemmas are key results concerning the behavior of Q at 0.

P(Ag N Ap # @) =

LEMMA 2. Let u € D(E,v) be as described above and  the characteristic
function of v. Then
-1 g(x) d
Ox)|=[1-Px)| =——""—"—", x €[-m, n]%,
| =] | |log ¥ (x)]

where g is continuous and positive with g(0) = 1.

PROOF. Let us use a change of variables in polar coordinates. As in [34],
Chapter 6, we define a new norm on R9, related to the matrix E, by

1 1
(11) ||x||E=/ IrEx|- dr,
0 r

where here | - | denotes the Euclidean norm. The unit ball Sg = {x € R? lxllg =1}
associated to this norm is a compact set of R? \ {0} and every vector in R? \ {0}
can be uniquely written as r£0 with r > 0 and 0 € Sg, since for any x # 0, the
map ¢ — |tEx||g is strictly increasing on (0, c0).

Since u € D(E, v), we have

P(n_EO)" — ¥ (0) as n — oo, uniformly in 0 € Sg,
from which we infer that
(12) tlog P(t_EO) — log ¢ (0) as t — 0o, uniformly in 0 € Sg;

see [31], page 159. Using that log(1 4 x) ~ x as x — 0 and that P is continuous
at 0, we obtain

t(P(t750) —1) > logy (@)  ast— oo, uniformly in 8 € Sg.
Thus, for all ¢ > 0, there exists 7 > 0 such that forall t > T,

|logy (1~50)] 1':' |log v (0)]

_— — ——— — 1| < iformly in 6 € Sg.
PUEO) 1| (PG—E0) 1| <e uniformly in 6 € Sg
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Now, set g(-) = [log ¥ (-)(P(-) — 1)~!|. The function g is clearly continuous and
positive on [—7, 719\ {0}. Set § = infpcs, ||T~£0] g > 0. Then for all x such that

lxllg <8, x = t(;EOO with 6y € Sg and ¢ty > T, and thus
|g(x) — 1] =g (15 00) — 1] <e.
Thus, g is continuous at 0 and g(0) =1. O

We are thus interested by the function x — log(x), which is a continuous
E-homogeneous function that only vanishes at 0. Recall that g (E) = trace(E).

LEMMA 3. If¢:RY — R is a continuous E-homogeneous function that only
vanishes at 0, then for any p > 0, x — |¢ (x)|~? is locally integrable in RY if and
only if g(E) > p.

PROOF. There exists a unique finite Radon measure o on Sg which allows
the change of variable

/ f(t)dt—/ / r£0)r1 B~ dop(0) dr,

for all f € L'(R?) (see [8], Proposition 2.3). Thus, using the E-homogeneity of
¢, one has

_ 1 . -
/{||x||E<1}‘¢(x)‘ pdx:/o fSE ri B (rE0)| P dog (0) dr

1
:f rq(E)—l—pdr/ 6O)| 7 dog(8).
0 SE

The second integral is finite because |¢| is continuous and positive on the compact
set Sg, and the first integral is finite if and only if ¢(E) > p. U

As a first consequence, we get the following proposition.

PROPOSITION 2. Let u € D(E, v). The random graph G, has almost surely
infinitely many components if and only if q(E) > 2.

Note that, when d = 1, the condition g(E) > 2 becomes o < %, which cor-
responds to the condition assumed in [22]. When d > 2, since «; € (0, 1) for all
i=1,...,d, then the condition g (E) > 2 is always satisfied.

PROOF OF PROPOSITION 2. As a consequence of Lemma 2, using Parseval
identity, we get

1 —
Y k= Gyt oy QP 5= g [ e Pllogyol

keNd
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Since g is bounded and bounded away from 0 on any compact set, we see that
Y keNd q,% < 400 if and only if x — |log ¥ (x)| =2 is integrable on [—, 7 ]1¢. The
function x — log ¥ (x) being E-homogeneous, by Lemma 3, it is the case if and
only if g(E) > 2 and the result follows from Proposition 1. [

To conclude the section, we give few examples of possible probability measure
ueDE,v).

EXAMPLE 1 (Product measure). Let u be the product measure @ ® - - - ® iy,
where each u; is a regularly varying measure on N, with index «; € (0, 1) such
that

wi([n, 00)) ~ ¢in™%,
for some ¢; > 0. Then, each u; belongs to the strict domain of normal attraction
(with normalization n~V %) of a positive «;-stable law v;; see [11], Theorem 8.3.1.
Positive a-stable laws only exist for o € (0, 1), and then their characteristic func-
tions are given by

() = exp{—yltl“(l —isgn(t) tan(%a))},

for some y > 0. See [11], Theorem 8.3.2. In this situation, the measure u belongs
to the strict domain of normal attraction of the measure v =v; ® - - - ® vy which is
a full E-operator stable distribution, with E = diag(1/«1, ..., 1/ag). The charac-
teristic function i of v is such that

d
log ¥ (x) = Z yj|xj|aj <1 —1i sgn(xj)tan(%oej)),

j=1

for some y; > 0.

EXAMPLE 2 (Standard multivariate regular variation). For the standard mul-
tivariate regular variation, that is, when o1 = - - - = oy = o, many examples have
been known from the studies of heavy-tailed random vector X = (X, ..., Xg) €
R, in the literature of heavy-tailed time series. An extensively investigated condi-
tion for multivariate regular variation is

P(X|>ux,X/|X|€")

(13) P(X| > 1) = x %() as u — oo, forall x > 0,

for | - | a norm on R? and o a probability measure on B(S) for § = {x € R? :
|x| = 1}. See, for example, [1]. It is known that (10) implies (13) (see, e.g., [29],
Theorem 1.15).

The measure o is often referred to as the spectral measure, which captures the
dependence of extremes. For example, the case that o concentrates on the d-axis
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with equal mass means that, in view of (13), the extremes of the stationary pro-
cesses are asymptotically independent. For more theory and examples on spec-
tral measures reflecting asymptotic dependence of the extremes, we refer to [42],
Chapter 5.

EXAMPLE 3 (Polar coordinate). A standard procedure to obtain nonstandard
regularly varying random vectors is via the representation using polar coordinates.
We use the norm || - ||g introduced in (11) to identify R4 \ {0} with (0, 0c0) x Sg
for the unit ball Sg = {x € R¥|||x||g = 1} such that every vector in R4 \ {0} can be
uniquely written as rE0 withr > 0and 6 € Sg. By [34], Theorem 6.1.7, in case of
(9) [equivalently (10)], ¢ can be taken to have the polar coordinate representation

(A) / / 1 ( 0)_t
¢(A) = o(d ,
0 Sp (tEocA) 12

for some finite Borel measure o on Sg. In our case, since u has support contained
in N‘j, ¢ is a measure on R4, and o is a finite measure on SE =SSN Ri. Identi-
fying Ri \ {0} with (0, c0) x Sg, to obtain a multivariate regular varying measure
as in (10), it suffices to show

(14) w((r,00) x T)~r~lo(I')  asr— oo, forall T € B(S}).

This follows from a standard argument showing that {(r, 00) X I'}, _ o g st are
a convergence determining class.

A standard procedure to construct a random vector of which the distribution ©
satisfies (14) is the following. Let R be a nonnegative random variable with P(R >
r)~ a(SZf)r_l as r — oo. Let ® be a random element in SZI with probability
o/o (Sg). Assume that R and © are independent. Then R @ is regularly varying
in RY in the sense of (14). Indeed,

P(RE@ e (r,00) xT)=P(R>r,@eT)~rlo(l')  asr— oo.

The so-obtained distributions can then be modified to become distributions on N¢
with the same regular-variation property. We omit the details.

REMARK 1. For our main results to hold, we do not impose any assumption on
the spectral measures o in Examples 2 and 3. The only assumption is the nonstan-
dard multivariate regular variation with indices «y, ..., g € (0,1), and o1 < 1/2
whend = 1.

2.3. The random field. 'We now associate a random field (X ;) jcza to the ran-
dom graph G,,. Assume that u € D(E, v) as in the preceding section, with the
diagonal matrix E satisfying g(E) > 2, and let p € (0, 1). We proceed as follows.

First, generate the random directed graph G, as described in previous sections,
which has almost surely infinitely many connected components in this situation.
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Let {C;|i = 1} denote the collection of disjoint components and associate to each
component C; a random variable ¢; such that (g;);>; are i.i.d. with distribution
given by P(e; =1) = p and P(¢; = —1) = 1 — p. Finally, for all j € 74, set Xj=
&; where i is such that j € C;. This construction implies that X ; = X as soon as
J and k belong to the same component of G, and they are independent otherwise.

REMARK 2. The one-dimensional Hammond—Sheffield model can also be
formulated as an example of the so-called chains with complete connections [22].
This general class of models has a long history with different names, and is very
similar to but not the same as the Gibbs measures on Z; see [20, 21] for more
references. Recently, Deveaux and Ferndndez [18] extended chains with complete
connections to the so-called partially ordered models. It would be interesting to
formulate our model in their framework.

For all n € N9, we introduce the partial sum:

Sp = Z Xj.

jel0.n—1]

Our aim is to establish a functional central limit theorem (invariance principle)
for the partial sums S, (with centering and appropriate normalization) when n
goes to infinity with a specific relative speed in each direction. We will distinguish
different regimes. We first show, in this section, that (X ;) jezd can be seen as
a linear random field with martingale differences innovations, and thus, S, is a
partial sum of a linear random field.

For all j € Z¢, we define the o-fields 0j = o {Xylk < j} and & = o { Xx |k #
J}- Note that, for j < n, the value of X,, conditioned on o is obtained by sampling
the ancestral line A, and taking the value of Xj where k is the first site of the
ancestral line A, which is strictly smaller than j. We denote

(15) X;=X; —E(Xjloj)=X; —EX,[7).

The equality E(X j|o ;) =E(X j|o;) comes from the fact that starting from j, the
next site in the ancestral line A is necessarily strictly smaller than j. Then for
all j e 74, E(X}“-|E j) =0 and X’J‘f is measurable with respect to o j, for all

g=1,...,d, where e, is the gth canonical unit vector of RY. In particular, the
random variables X’; are orthogonal to each other, that is, IE(X’;X;;) =0 as soon

as j #k.

LEMMA 4. In the above setting,

1
Var X() ( Z qk) Var(Xy).

keNd
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PROOF. Let Z¢ be the random variable with distribution w that gives the first
ancestor of 0. We have Xo = ) ;¢ 1{z,=k} X—k and E(Xoloo) = D j-0 Pk Xk,
where pr = w({k}) for all k > 0. Therefore,

E(Xp?) = E((Z (Lizy=k} — Pk)X—k)2>

k>0
(16)
=3 E((zy=k) — Pr) Lizg=y — p0))E(X_ X_0).
k>04£>0

But

(17) E(X_iX_p) =P(A_x NA_g # DE(X3) + P(A_ N A_g = 2)E(X0)>
and

(18) E((Lzy=k} — Pk)(L{zy=t) — P2)) = Lik=} Pk — Pk Pt-

Combining (16), (17) and (18), we get

B =ECH)(1- X 3 mepPAkn A £))

k>0£4>0

=3 prpeP(A_k N A_g = @)E(Xy)*
k>04£>0

= (E(X5) —E(X0)*) D" Y " pkpeP(A 4 NA_4 =2)
k>0£>0
= Var(X())[F’(A() N A;) = {0}),
where A is an independent copy of Ay. Finally, as we saw in (8) in the proof

of Lemma 1, Y ;e q,% =E|Ag N Ayl =P(Ag N A = {0)~! and the proof is
complete. [

Now, for all j € 74, we introduce
AjX)= Y (—DTEIEXoj4e),
ec{0,1}4

where |e|; =¢e1+ -+ &4.
Remark that, since E(X j|oj1¢) =E(Xj|o;) forall € € {0, 1}¢ with the excep-
tion of & =1 for which E(X j|oj4+1) = X j, we have

(19) Aj(Xj):Xj—IE(Xﬂoj):X;‘f.

More generally, we have the following lemma.

LEMMA 5. Forall j, k eZ¢,

Aj(Xk) = qr-j X5,

which vanishes when k % j.
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PROOF. The result is clear when k = j [see (19)]. Inthe case k < j, k # J,
we easily see that A ; (Xy) =0.

Now, assume k £ j. By linearity, we have

Aj(Xp) = Aj(Xpljeayy) + Aj(Xelijga)-
Using first that Xg1{jca,) = X j1{jeca,). and then that {j € Ay} is independent of
0j+1, We obtain
Aj(Xilijea) = Aj(X)HP( € Ap) = qr—j X

Denote by a(k, j) the first element of the ancestral line Ay that is < j and remark
that a(k, j) is independent of o 1. Then

Aj(Xilyjea))
= Z Aj(Xklia, jy=¢) = Z Aj(XpP(a(k, j) =1).
L<j.t#j L<j.t#j

But Aj(X¢) =0forall £ < j, £+ j, and we finally have
Aj(XiLijga) =0,
which completes the proof. [J

LEMMA 6. Forall k € 79, the series Zjezd Aj(Xy) converges in L? and

Xk —EX) =) Aj(Xp).
jezd

PROOF. First, remark that by stationarity we may only consider the case where
k = 0. The sum in the statement can be written as ) jeNd A—j (Xy) since the other
terms vanish. We denote by n1 the vector (n,...,n) where n € N. By Lemma 5,
we have

E((je%:nll A (XO))Z) =B(XE) (je%:nﬂ Cﬁ)

and the right-hand side converges to Var(Xy) as n — oo thanks to Lemma 4.
Now, by construction, the random variables > jer0.n1] A—j(Xo) and X¢o —
2 jefo.n1) A—j(Xo) are orthogonal. To see this last fact, note that for all I <0
and j <0, E(E(X¢loy)|oj) = E(X¢|ominiz, j))» Where the minimum is taken on
each coordinate. Thus, we get

E((Xo —E(Xo) — Z A—j(X0)>2>

Jjel0,n1]

=Va:r(X0)—IE<< > A_j(XO))2>—>0

jel0,n1]

asn— oo. [



OPERATOR-SCALING GAUSSIAN RANDOM FIELDS 1207

From Lemmas 6 and 5, we get that (X j —E(X ;7)) jezd is the linear random field
given by the innovations (X7) jcz« and the filter (q;) jcz«. That is, for all k € 74,

Xk —EXw)= ) ar—j X5
jezd

Hence, we proved the following proposition.

PROPOSITION 3. Foralln e N9,

Sn —E(Sp) = Z bn,ij',
jezd

where by j = Y ke[0.n—1)9k—j- Further, for any n € NY, b, = (bn,j) jeza belongs
to L3(Z9), that is, |bp|* :='3 jeza by ; < 00

3. A central limit theorem. We still assume u € D(E, v), where v is a full
E-operator stable law on ]Ri with E =diag(1/ay, ..., 1/ag), witho; € (0, 1) and
ay € (0,1/2) if d = 1. The random field (X ;) jezd is the random field defined in
Section 2.3. In view of Proposition 3, we want to establish central limit theorems
for the sequences of L? random variables

Z cn’jX;‘-, n>1
jezd

with general coefficients ¢, = (cp, ;) jezd € EQ(Zd ). Recall the definition of X;‘- in
(15). It turns out that a simple assumption on ¢, for a central limit theorem is given
by

(20) lim sup 12l ¢

R 7 llexnl
The aim of this section is to prove the following central limit theorem.

THEOREM 3. Let ¢, = (Cn?j)jezd be a sequence in 0224 satisfying (20).
Then

1

el ch,jX;f = N(O,U)Z() asn — 0o,
jezd

where

Var(Xy)

(21) oy = Var(X}) = .
> kend 4
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As a preparation, we prove the following theorem which is an adaptation of
a theorem of McLeish [33]. McLeish’s result applies to triangular arrays of Z-
indexed martingale differences, and here we need a version for Z¢-indexed martin-
gale differences in the lexicographical order. Recall that in the lexicographical or-
der, fori, j € Z%,i # j, we write i < j if, withm :=min{g = 1,...,d :ig # j,},
im < jm. A collection of o-fields {F;};.za is called a filtration in the lexicograph-
ical order, if F; C Fj for all i < j. In this case, we say that integrable random
variables (&;); 7« are martingale differences with respect to {F;};czq if

£ € Fiye, and E(&|F)=0  foralli ez,
Whereedz(O,...,O,l)eZd.

THEOREM 4 (McLeish [33]). Let (64, j)pen, jeze be a collection of random
variables satisfying _ jczd §n,j € L? for all n € N. Assume that for each n € N,
(&n,j) jeza are martingale differences with respect to a filtration {Fy_ j} jcza in the
lexicographical order. If:

(1) limy,_ max ;74 |4, j| = 0 in probability,
(i) sup,cn E(max;czq 5;3,]') < 00,
(iii) limy—o0 X jeza &, ; = 0> > 0 in probability,
then
Y & = N(0.0% asn — oo.
jezd
PROOF. Let us explain how one can derive this theorem from Theorem 2.3

in [33] which is stated for finite sets of random variables at each n. First, since
D jezdbn,j € L?, one can find a sequence of finite rectangles I', in Z¢ such that

> jezd\r, §n,j converges to 0 in L? as n — oo. Thus, the conclusion of Theorem 4
holds as soon as

Y &, = N(00%) asn—occ.

J€TH
Furthermore, for each n, using the lexicographical order on the finite set I';,, one
can re-index the random variables (§,, ;) jer, and the o-fields {F, j}jer, in order
to fit with the statement of [33], Theorem 2.3. Now, it suffices to observe that
conditions (i), (ii) and (iii) imply those of [33], Theorem 2.3. [

We also need the following lemma.

LEMMA 7. Let ¢, = (cp,j) jezd be a sequence in 02(Z%) such that (20) holds.
Then

2 *2 *2 . 2
nl)ngo ch”2 Z ¢, i Xi = E(Xg?) in L.
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PROOF. We start by showing that
(22) Cov(X;*, X?) >0 asli — jloo — 0.

Observe that X7 = X; — 3y g peXj—¢. Let X5, = Xj — 3 peqy
For any j € Z¢, using that |X’J’f| <2, we get

Kyd PeXj—e.

.....

XG? = Xl =4l = X5l =4 X peXjd.
Le[1,00)4\[1,k]4

Thus, since |X j| =1 forall j € 74,

(23) supyx*2 X3 <4u([1, 00\ [1,k]7)  as., forall k > 0.
jezd

Now, introduce
Rijk= {( U Al’) ﬂ( U Am) =®}'
2ei—[0,k]¢ me j—[0,k]¢
We have
P(R{ ;1)< Y > P(AeNAn #2).
Lei—[0,k]9 me j—[0,k]4

But, from Lemma 1(i), we see that P(Ay N A, # @) — 0 as [£ — m|x — o0 and
thus, for any k > 1,

(24) IP( flk) -0 as [i — jloo — 00.

Fix ¢ > 0 and, using (23), let k € N be such that SUp jezd |X* — X* k| < &. From
(24), for |i — j|co large enough, we have IP’(R,-C’ il ) < €& and we obtaln

E(X2X2) = E(X2X2) + 0() = E(X2XZIR; ;1) + O(e)
(X;% IR j )E(X3% | Ri jx) + O(e)

(XFDE(XR) + 0(e) = E(X)E(XF?) + 0e).

Il
5 =

This proves (22).
To prove the lemma, fix ¢ > 0 and let K be such that | Cov(X 2 X ; %) <eas
soon as |[i — j|eo > K. One has

2
2 2
(ucn E. Z X7 ~E(XG )>

|2 Z '” Cov X*2 X*Z)

,ezd | nl ' llenll?
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2 2
=X = X 5 |Cov(X}2 X72)|
ez llenll? ;7 ok | n|
2.
+e i
Z ||Cn||2 |z—j20.;>K llenll?
02
< sup Y |Cov(Xgh X7 +e.

kezd ”Cn” li—0]co<K

and the first term of the right-hand side goes to 0 as n — oo because | Cov(Xﬁz,
X;-"Z)| is bounded and supy 74 Cﬁ,k = 0(||cx||?) by assumption. [

PROOF OF THEOREM 3. Recall that we write 0j = o {Xklk < j} and 0 =
o{Xklk # j}, and we already have seen for all j € 74,

E(Xjloj) =E(X o).
We now consider the o-fields Fj = o {Xy|k < j}. We have 0; C F; C o for all
ES 74, and thus, for all AS 74, we also have

E(X;lFj)=EXjloj).

Thus, by definition [see (15)], the random field (X;‘.) jezd is composed of mar-
tingale differences with respect to the filtration {Fj}; 7« defined above in the
lexicographical order. Now in order to establish Theorem 3, we apply Theorem 4
to

C
Enj = ”’””Xj and F, j:=Fj=o0{Xklk < j}.

Note that | X ;| <2, and by Lemma 4 the conditions (i), (ii) and (iii) are satisfied
with 0)2( =ol= E(X;';Z) = Var(X{) = QX gene qk) "'Var(Xg). The proof is thus
complete. [

The following lemma gives another useful condition on the coefficients
(cn,j) jezd for Theorem 3.

LEMMA 8. If (¢n,j) jeza is a sequence in 02(Z%) that satisfies, for all ¢ =
1,...,d,

@ T, ||2 Z 0.7 = e, | =0

where e, is the qth vector of the canonical basis of R, then (20) holds.
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PROOF. We use an idea of [37]. Assume that (20) does not hold. Then there
exist € > 0, a sequence (nx)k>1 such that ny — 0o as k — oo, and a sequence
(J)k=1 such that ¢, j, > &llcy, || for all k € N. Choose M > 0 such that M2 >
1. One has, for all k e N,

2 2 d 2 2 2
lenell” = Z Crrjpt+i = >M"c gy Z ’cﬂk;jk-ﬁ-j —an?jk’.
jelo,M—1)4 Jjelo,M—1)4
Hence,
) 2 2 2
(26) (M = Dllew < D" lenjiri — ol
jelo,M—1)4

But, if j € [0, M — 1]¢, then

()
2
}an,jk Cng, Jk+J‘ Z’an A nk Aipil

where A = (Ao, A1, ..., Ay) is any path from A¢ = j; to Ay = j; + j, with |A; —
Air1l1=1. Since j € [0, M — l]d, we can always choose the path A of length
£ = £(A) smaller than d M. Thus, we get

’C%kv.lk an J]d‘]’ <dM sup  sup ‘an k— rzlk,k+eq’
q=1,...d kez74
= dM Z Z |an nk k+eq‘
q=1kezd

Together with (26), this contradicts (25). [

REMARK 3. Using the Cauchy—Schwarz inequality, we also see that the con-
dition

. 1
27) lim e E (cn,j—cn’jJreq)Z:O forallg=1,...,d,
; d

n— 00 ||C

implies (25), and thus by Lemma 8, implies (20). This last observation leads to an
improvement in Theorem 3.1 in Biermé and Durieu [5]. The conditions (i) and (ii)
of this theorem are equivalent to our conditions (20) and (27), respectively. Thus,
the condition (i) in [5], Theorem 3.1, is unnecessary.

4. An invariance principle. The aim of the section is to establish a general
invariance principle for partial sums of the random field (X ;) jcz« defined in Sec-
tion 2.
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4.1. Main result. Recall that (X j) jcza are associated to the random graph G,
with u € D(E, v). We consider partial sums on finite rectangular subsets of Z¢.
As we will see, the growth of the rectangles will be determinant in the invariance
principle and different limit random fields appear at different regimes. For the gen-

eral case, consider a matrix E’ = diag(1/c}, ..., 1/a)) witha! >0,i =1,...,d
and the partial-sum process
sE= > X; axlandt=(n,...,12) €[0,11%,
jel0,nE t—1]
The result will depend on both E’ and E.
We introduce several parameters. First, for all k =1,...,d, set p := o /01,/{,

and consider

1
(28) y():yo(E,E'):=min{ye{p1,...,pd}’ Z a_>2’ Z

; }
— <2.
(67
kiy=pi Ok kiy>p K

Note that yp is well defined by the assumption ¢ (E) > 2, and is completely deter-
mined by E and E’. Given yy > 0, define the sets
Io:={kefl,....d}yo < pk}s
I-:={ke{l,....d}|yvo = px},
I:=lkefl,....d}yo > pi}.

This gives a partition of {1, ...,d}. Wealsowrite I<:=/_Ul_-and I> :=I_UI..
The sets I and /. consist of the directions in which the limit random field exhibit
degenerate dependence structure. Remark that, by construction,

[I=|>1 and |I.|<]1.
According to these subsets of {1, ..., d}, we consider subspaces of R¢ given by
Ho={xeRxy =0fork ¢ I},

and similarly H=, H-, H<, H>. Let m, m—, 7~, m<, and > denote orthogonal
projections to the corresponding subspaces, and let L, A—, A~, A<, and A~ denote
the Lebesgue measures on the corresponding subspaces. For 7 of any proceeding
projection, 7 E is a linear operator on R?; accordingly there is a corresponding
diagonal matrix, which we also denote by 7 E with a slight abuse of notation.

Next, we define another diagonal matrix E” (that only depends on E and E’)
by

Yo

E" :=diag(y1/a}, ..., va/ay) withy:="—=Vv1l,k=1,...,d.
Pk

By the definition of E”, one has
(29) n<E"=n.E" and n-E" =yyn-E.

Further, E” — yE is strictly positive on H . We can now state our main result.
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THEOREM 5. Assume u € D(E, v) with E =diag(1/ay, ..., 1/ag) with a; €
0,D,i=1,...,d, and a1 € (0,1/2) ifd = 1. Let E' =diag(1/a},...,1/a)),
with ozl{ >0,i=1,...,d,and yy defined as in (28). If q(m~ E) < 2, then

SE' @) —E(SE 1))
( n0ta(E)—q(E")/2 )te[o’l]d = (W®)sero1¢

as n — oo, in the Skorohod space D([0, l]d), where (W (t));cgrd is a zero-mean
Gaussian process with covariances given by

Cov(W(t), W(s))

= o'%( 1_[ COV(B]/z(lk), Bl/Z(Sk))>

kel
ts (¢! — 1)(eisk¥k — 1)
<(IT1% ")/ log |2 [] =D iy,
kel 2 kel= 2n|yk|

with By, a standard Brownian motion on R, v is the characteristic function of v,
and 0)2( is given in (21).

In the expression of covariance above and in the sequel, it is understood that
when /_ or I. is empty, the corresponding product equals 1.

This theorem reveals that taking different summing rectangles may lead to dif-
ferent limits, under different normalizations. To the best of our knowledge, such
a phenomenon has not been noticed in the literature until very recently [38, 39]
for a different model. We elaborate on this phenomenon of scaling transition in
Section 5.

REMARK 4. Observe that one can write Cov(W (¢), W(s)) = o )dC(t s)
with

C _ e — 1) (el — 1)
(30) T(t.s) :=(1‘[ fksk)fRd“OgW(ﬂzy)} 2(1—[ (e Yoo ))dy’

2
kel kel | vkl

because of the identity ([46], Proposition 7.2.8)

lty_l U‘y_]
(€2 / € |y)|(le+2H )dy:CHCov(BH(t),BH(s)), t,s R, He(0,1)

with
T
HI'(2H)sin(Hm)'

Cy =
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Both Theorems 1 and 2 follow directly from Theorem 5.

PROOF OF THEOREM 1. In the critical regime corresponding to Theorem 1,
E=EFE and I. = I. = @. In addition to /. = I. = &, it also follows that H> =
R¢ and A is the Lebesgue measure on R¥. Theorem 1 now follows immediately.

g

The proof of Theorem 2 is slightly more computational. As it corresponds to a
special case that the limit W is a fractional Brownian sheet, which will be discussed
in Section 5.2, the proof is postponed there.

REMARK 5. By definition (28), g(r~ E) < 2. The condition ¢ (7~ E) < 2 in
Theorem 5 cannot be dropped. It is easy to construct an example with g (7~ E) = 2,
and as can be seen at the end of the proof of Lemma 9, in this case the asymptotic
estimate of the covariance no longer holds. Moreover, in view of results for d =2
(Theorem 2), this corresponds to the cases o/z > o, =1/2 or aé <ap, o] =
1/2. In these cases, we conjecture that the limiting random fields are still fractional
Brownian sheets with (Hy, Hy) = (1/2,1) and (H, Hy) = (1, 1/2), respectively,
that is, the dependence is degenerate in both directions. So g (7~ E) = 2 may be
viewed as another critical regime in the noncritical regime. Since the paper is
already quite involved, and this regime seems to preserve the least dependence, we
do not pursue the investigation of this case here.

REMARK 6. As we will see below in the proof, essentially we establish an
invariance principle for linear random field (X ;) jcz« with

Xj=) qj-iXf.  jeZ’,
icz4
where (X[);czq are stationary martingale-difference innovations and (g;); 7« are
real Fourier coefficients of certain function Q(¢). This is a standard framework to
obtain linear random fields in the literature, and we comment briefly on connec-
tions between our results and others:

(i) First, the same invariance principle should hold if the innovations are re-
placed by other weakly dependent random fields (weakly dependent in the sense
of, e.g., [5, 28, 51]). These results can be viewed as generalizations of the seminal
work of Davydov [15] on invariance principles for linear processes.

(i) Second, from the modeling point of view, the specific choices of Q(¢) [in
terms of u € D(E, v)], and hence (q;) jezd are new. However, although our as-
sumption on Q(¢) is very general, not all possible operator-scaling Gaussian ran-
dom fields can show up in the limit; in particular, the Hammond-Sheffield model
in high dimensions does not scale to fractional Brownian sheets except for a few
cases in terms of Hurst indices shown in Proposition 6. The aforementioned results
[5, 28, 51] all include linear random-field models scaling to fractional Brownian
sheets, for flexible choices of Hurst indices.
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(iii) At last, when the innovation random fields exhibit strong dependence, the
limiting object could be more complicated ([28]).

4.2. Proof of the main result. The rest of the section is devoted to the proof of
Theorem 5. Using Proposition 3, we get

(32) SE) —E(SE@®) =Y baj(0)X5,
jezd
with b, (£) = (by,j (1)) jega € £*(Z7) and
(33) buj@®= Y qr-j-
ke[0,nE t—1]

Recall that (X ;f) jeza are stationary martingale differences.

The proof of Theorem 5 is now divided into three steps. The key step is to
compute the covariance, which is done in Section 4.2.1. Then we proceed with
the standard argument to show the weak convergence by first establishing finite-
dimensional convergence in Section 4.2.2 and then the tightness in Section 4.2.3.
The matrices E and E’, and thus yp and E”, are fixed as in the assumptions of the
theorem.

4.2.1. Covariances. From (32), we obtain for ¢, s € [0, l]d,

Cov(SE'(2), SE'(5)) = 0 2{bu(t), bu(s)),

where, (b, (t),b,(s)) := > rczd bk (t)by k(s). The asymptotic behavior of the
covariances are given in the following lemma where u, oo Un stands for

limy,— o0 4 /vy = 1.

LEMMA 9. Forallt,s €0, 1}4,
o2 {ba(t), by ®) ~ n2V0+2’1(E) 9E") Cov(W (£), W(s)).

PROOF. Define form € Nand x € R,

} l(m+l)x -1
Dy, (x) = Zel = T
and for x € R?, the trigonometric polynomial
K (t x)— Z II. OnE/t 1 —1_[ l/a//([k—IJ(Xk)’

jezd
where |- ]| stands for the integer part. Recall that since

Q)= Y gje™,

jezd
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the sequence b, (¢) [defined in (33)] is obtained by the convolution product of the
Fourier coefficients of K,(¢,-) and Q with Q(x) = Q(—x) since (¢;) jezd is a
real sequence. It follows that b, x(¢) is the kth Fourier coefficient of 0K, (t,-).
Therefore, using Bessel-Parseval identity, we get

1 _ —
but®.ba ) = g [ OOK X 0@ Kn(s. ) dx

34 _ ! n D D d
. = 37 g 2 TT 2 ity 00D g G
n_q(E”)
= — D, (y,t,8)dy,
(27T)d AE//[ﬂ’n]d n(y ) y
where

D,(y,t,5)

_E" ’ _ ’
| 1_[ l/akt n Yk/akyk)DLnl/O’],gsk_lJ (n yk/akyk),
According to Lemma 2 and the E-homogeneity of log i, one has

0|0 y)[F = n 20 g(n ™ y) Pllog y (n 0 E R ETTI0E) y) | 7

= |g(nE" y)|*[log y (n=E 0Bl y) |72,
Thus,

lim n ZVO}Q y)}2 = llogxﬁ(nzy)‘_z,

n—oo

because E” — yp E is null on H> and strictly positive on 7 - and g(0) = 1. Further,

foralln e Ny, y € nE//[—ﬂ, 7],

35)  n [0 Fy)[* < max yg(x)\ sup [log ¥ (z + = y)| 2

l—m,m ] Z€H <
Now, remark that for all 7 € [0, 1] and y € R,

eity -1

. _ _ , ify=1,
lim n 1DLnt—lJ(” yy): iy Y

n— 00 .
t, ify>1,
and if [n™"y| < m, then
~{1 1} ify =1
i -y 7 ming 1, —¢, ify=1,
sin(|nt|n™"y/2) - ] 14

nsin(n=vy/2) |~ |
2 9

" D1y (077 )| =
ify >1,
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where we have used that %|x| <|sin(x)| < |x| A1 for x € [—7/2, /2] and that
|t] < 1. Since y; > 1 if and only if k € I, we infer

®,(y, 1, 5) ~n?020E ) log (7~ y)|

(T )(IT )

2
kel kel< |Vl

(36)

asn — oo and for all ¢, s € [0, 114,

(37) n 024 E @, (y, t,5)| <720 max [g(o)Ph(y),
xe[—m,m)d
with
) 1
(38) h(y):= sup [log ¥ (x +7r>y)| l_[ mln{l, —2}
XEH - kGIS |)7k|

Applying the dominated convergence theorem to (34), (36) and (37) and using
(30), to show the desired result it remains to prove that  is integrable on RY.
Formally, write

Lomar= [ [ mnar-eiom

/H Hmm{ |2}dk »)

< kel-

_ ) 1
X /H sup [log ¥ (x + )| 2 H mm{l E |2}d)»>(y)

z XE€H< kel-

where the first integral in the right-hand side is understood to be 1 if H. = {0}
(i.e. I. = @). By Fubini’s theorem, / is integrable over R? if

39) /H< kle_[[ mln{ |2}dk (y) <o0
and
h(y)di=(y)
@0
:/ sup |logw(x-i-y)f_2 H min{l 2}d)»>(y)<oo
H> xeH- kel | |

The integrability condition (39) is obvious. For (40), let us remark that the
function y € H> +— infrey_ [logy(x 4 y)| is (w>E)-homogeneous and since
q(w>E) > 2, by Lemma 3, the function y € H> > sup,cy,_|logy(x + |2
is locally integrable on H> with respect to A-. Together with the fact that
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supycy_ |logyr(x + y)|~2 is bounded by 1 for 7r_ y large enough, this shows that
(40) holds in the case H~ = {0}. For the case H~ # {0}, the preceding considera-
tions show that

/H L{ime yllze e<1}h(¥) dA (y) < 00,

with the definition of || - ||z, g given in (11). Moreover,

/H Ljirre ylipe =131 (¥) dA=(y)

Sf L{iyllr. g>1) SUP llog ¥ (x + )| 2 di~ (y)
H> x€7‘[<

<J im0

= kel=

The second integral is clearly finite. For the first one, since y € H. +—
infyex [log¥(x + y)| is (= E)-homogeneous and ¢ (7~ E) < 2, one has

f L{jiylly g>1} SUP llogw(x+y)\_2d/\>(y)
H> xe’HS

+00 2
=/; rq(7T>E)_3/ sup |]0g1ﬂ(x+0)|7 d0n>E(0) < 00,

SJT>E xEHS

where S;_g is the unit sphere of H. with respect to | - ||z. g and o,_g is the
Radon measure on S;_g such that dA. =r9 (= E)=1 gy doy_ . This shows that
(40) holds, and thus the function /4 in (38) is integrable over RY. O

4.2.2. Finite-dimensional convergence. We start by showing that the coeffi-
cients b, j(t) defined in (33) satisfy the condition (20) of Theorem 3 in the fol-
lowing lemma.

LEMMA 10. Forallt e (0 l]d andallg=1,...,d,
T (t)||2 Z} e, O] =0

and (20) holds.

PROOF. Fix £ € {1l,...,d} and t € (0, l]d be fixed. Using the Cauchy—
Schwarz inequality,
1

DB (0 = bR e, D) < ( 5" (buj () = bu jve; (t))2> "2 bu ()]

jezd jezd



OPERATOR-SCALING GAUSSIAN RANDOM FIELDS 1219

So, it is enough to show that
> (bu i (O = by jre ) = o(|ba(®)]?).
jezd
But we have
b j(t) — by, je, () = 3 Gh—j— D, Gh—jer

ke[0.n" t-1] ke[0.nE'1-1]
Withk(:Lnl/aZtl_lfl Wl[hk(:()

Thus,

2
> (bn.j () — by j1re,®))> <2 > < > Qk—j) -

jezd JEZ4 “ke[0,nE t-1]
with ky=0

Let ¢ > 0. Using Lemma 9, we get

2
li .
s (b < E Z( 2 ’)

sup ——
JEZ “ke[0,nE t—1]
with k,=0

2
=P 0P <t>||22( o a)

— 0
" J€Z4 " ke0.nE t—1]

!
with ke<en'/%¢t,—1

. b (t1s - s te—1, Etes tosts -5 1) ||
= limsup 3
n—>00 15y (2]
_ V(tl’ AR ) t(—l»gtb t@"‘l’ AR ] td)
V() ’

where V(¢) := C(t,t) with the covariance function C(-,-) defined in (30). We
conclude the proof of the lemma using that, for any ¢ € (0, l]d,

V(tr, ... . te—1, &te, toy1, ..., tg) > 0 ase — 0.
The fact that (20) holds is a consequence of Lemma 8. [
To prove the finite-dimensional convergence, we use the Cramer—Wold de-

vice. Let m € N, t1,...,t, € [0,11%, A1, ..., A € R, and consider S(m) =
S MSE (#4). One has

Sr(lm) (m) Z d, J

jezd
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where d,, j =Y} Akbp, j(t;) and Var(S,(,m)) = ||d,|? Var(Xy). Using Lemma 9,
we get

ldnll® = D3 Mhelbati), bulty))
k=11t=1

n2ro+2q(EN—q(E") m_m

n:oo (2ﬂ)d Zzlk)%’c(tk,te)

k=1¢=1

where C is defined in (30).

I Y0y S0y MheC iy t) = 0, then ——ler (5" — E(S3™) con-
verges to 0 in L2 If 37 3% AxreC(tk, te) > 0, we get that for each k =
1,....m,

C(ty. ty)

by (ty) ||d & — .
| H S i AkAeC(tr, te)

Thus, since the b, j (£x) satisfy (20),

Supldn il < Zxk suplby, j (ti)| = Zxko 162 (t0)]) = o(lldall).
k=1 J k=1

This proves that (20) also holds for the d, ; and Theorem 3 applies to S, ) We
thus proved the finite-dimensional convergence.

4.2.3. Tightness. To prove the tightness, by Bickel and Wichura [3], following
[51] and [27], it is enough to show that for some p > 0 there existy > 1and C > 0
such that for all £ = (11, ..., t4) € [0, 119,

SE'(¢t) — E(SE'

q(E")
)- 150

E

pyota(E

Recall from equation (34) that for all ¢ € [0, 11, we have

_ (E//)
by(t)|” =
nEy /%y V12 ) @
X o n .
/nE”[—n,n]d (H’ "% gy — y")|) y
For any § € (0, 1), observe that |sin?(x)| = | sin' 7% (x) || sin'*® (x)| < min{|x|'~?,

|x |2} for all x, and | sin(x)| > %le for x € [—m /2, m/2]. Then, for all n and y such
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that |[ny| < m and all ¢ € [0, 1], one has

22 Yy
_ _ sin“(|nt]|%-)
n 2|DLnt—1J(” ly)|2=72n

n?sin® ()
<mm{ﬂ—2tl—_5 H_ZIZ} = ﬂ—zt”min{L 1}
- 210 |y|1+87 4~ ) = 219 ML
and thus,
n 1—8 . 1 '
n_2|D|_nt—1j(n_Vy)’2 < fl‘ mm{|y|_1+8’ 1}’ ity =1,
s ify>1,

Recalling that yg /o, > 1 if and only if k € 1., together with (35), this shows that
there exists a constant C > 0 such that

21024 (E"+q(E") | (2) ||2

=e(I1)(I )

jel- jels

) , 1
X sup |log¥(x +m>y) mm{i,l}dy.
/RderJ =) Jl_,[ ly;[1+9

One can show that this last integral is finite by proceeding exactly as we did to
show the integrability of the function % in (38). The important point is that 1 4
6 > 1 to guarantee the integrability of |y\++5 at infinity. Hence, for a new constant

C’' >0,

d
o <e(T1)([]14) << T
j=1

jel- jel<
Let p > 2. Using Burkholder’s inequality and the preceding inequality, there exists
a constant ¢, > 0 such that
SE(6) —E(SF @)
nv+q(EN—q(E")/2

p b% (1) £
n,Jj *2
= CpE< > 2B g B i )

jezd

p

15, (2) 1 2
S Cp _ "
n2vo+2q(E")—q(E")

d
'p/2 (1=8)p/2
<c,C l_[ £ ,
j=1
2
i

(S

which gives the tightness by choosing § > 1 —
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5. Properties of the limit field. In this section, we focus on the zero-mean
Gaussian random field (W (¢)),cra arising in the limit in Theorem 5. Recall that
this random field depends on both E and E’.

5.1. Increments. We may consider a harmonizable representation of W, de-
fined on the whole space R? by

voo( 1) L]

kel kel<

llkyk

—)llog ¥ (=y)| " Mdy),
LYk

for all t € R, with oy given in (21), and M is a centered complex-valued Gaus-
sian measure on R? with Lebesgue control measure (see [52]). The harmonizable
representation shows that the random field has stationary rectangular increments.
In the sequel, we let (eq, ..., ez) denote the canonical basis of R4, Rectangular
increments of W are defined for s < ¢ by

W(s.t) = > (—DENW(s) +e1(tr — 51 .u5q + €alta — 5a))
e€{0,1}4

A A@ L A@

=51 == " td—Sd

Wi(s),

where |e|; = &1 + -+ + &4 and A(J ) corresponds to the directional increment of
step§ € Rin directlon j for 1 < j <d, defined by

AW (@) =Wt +bej) — W().

A direct consequence of Theorem 5 are the following properties of the random
field W.

PROPOSITION 4.  The random field W satisfies the following properties:

() stationary rectangular increments: for any fixed s € R%,

(W(Is, 1), "Z" (W (0,1 = 51)),_, = (W(t = 9),_;

(ii) (E’', H)-operator-scaling property: for all A > 0
’ d.d.
(W (1)) ego "2 01 W 0) g

with H = yo + q(E') — 262 and E" satisfying (29).

PROOF. Property (i) can be proved by observing that W{s, ¢] corresponds to
the limit of partial sums of a stationary random field over a rectangle area, after
normalization. By stationarity, the distributions of the partial sums, and hence the
limit, depend only on ¢ — s, up to certain boundary effect which needs to be taken
care of. Alternatively, the stationary increment property can also be derived from
the covariance function. The proof is omitted.
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We only prove (ii) here. Recall the definition of C (¢, s) in (30). By the change
of variables,

o )Ll/“llcyk, kGIS,
Yk )L)’o/akyk’ kel.,
we have
_ / / / !
C(rEt,2Es) = ( Az/“ktksk)/
( ) kle_II> R¢ |log Y (L~ EAWET, )2
(eitk)ul/al/‘yk _ 1)(m)
<[] 3 dy
rel 27 | yi|
= ([T 22/ (T2 ) (T 20 Jeass)
kel- kel< kel

— )\2Vo+q(E/)+q(n>E/)—yoq(ﬂ>E)f(t’ 5),

where in the second equality we also used the fact that log ¥ (Af y) = Alog ¥ (y).
On the other hand, recalling (29), we have
1 1 Y0
q(E') = 54(E") =q(E') = 5q(n<E') = Tq(-E)
1 1 0
= Eq(E/) + Eq(n>E’) — %q(:@E).
The desired result thus follows. [

We can say more about the directional increments A((Sj )W(t). First of all, as a
special case of Proposition 4(i), W (¢) viewed as a process indexed by #; € R has
stationary increments. Moreover, simple dependence properties in the directions
corresponding to /- and [/, if not empty, are given below. Following ideas from
[39], Definition 2.2, we state the following proposition. Recall that |/..| < 1.

PROPOSITION 5. The random field W satisfies the following properties:

(i) When I = {j}, the random field W has invariant increments in the direc-
tione;j:forallh,s eR, t € R4, we have A((Sj)W(t +he;j) = Aéj)W(t).

(i) When 1. # &, the random field W has independent increments in any di-
rection ej with j € I.: forall 6 > 0,t € R, Agj)W(t) is independent from W (t).

PROOF. Let (e j)l denote the subspace of R? orthogonal to e j- Let (e )L and
A (ej)t denote the corresponding projection and Lebesgue measure, respectively.

First, let us simply remark that for I. = {j},§ € R,and t € R4,
AW () = 8W (i, )1 () + e)).
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which does not depend on #;. The desired statement then follows. For the second
statement, when j € I,

AW = crx( I1 rk>

kel
itjyj(pi0y; _ 1 i1k Yk
R (T S lee vy Ry,
R4 Lyj keloskj Yk
Therefore,

idy; _ 1)(1 _ eitjyj)

Cov(AY W (0), W(t) :Cej(t)/R e

Yis
lyjl? !
with
Cej (t)
ttkyk -1 2
kel> ej)* kel<; k;ﬁj
Hence,

Cov(A§ W (0), W(t)) =21 Ce, (£) Cov(B12(1; + 8) — B o (1)), Bi2(t))),

with By, a standard Brownian motion on R. By independent increments of Bj 3,
we obtain that Cov(Aéj)W(t), W(t)) =0 for § > 0. Since W is a Gaussian field,
we conclude that Ag’ ) W (¢) is independent from W (¢). [

Let us mention that our definitions of invariant and independent increments are
not the ones used in [39], Definition 2.2. However, we remark that invariant incre-
ments in the direction e lead to invariant rectangular increments in the sense that,
foralld e R,and s < ¢

W([s +3ej,t+8e;1)=W([s, t]).
This follows from the fact that

W(ls +8ej.t +8e;) = AL AZ - A

th—s ' td—Sd

W(s +de;j).
Indeed, computing first A;J )_s W(s +dej) = A,(J)_S W (s), we obtain the desired
result.

When the increments are either invariant or independent in at least one direc-
tion, we say that W has degenerate increments. Otherwise, we say that W has
nondegenerate increments.
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EXAMPLE 4. When d = 2, choosing E’ = diag(1, ) for B > 0 as in [39]
we obtain that |/—-| = 2 if and only if p; = po, thatis g = z—f It follows that for

B # g—f, one has |/—| =1 and W has either independent or invariant increments in
the orthogonal direction. However, when g = z—f we get

2 oitkve _ -
W(t)zox/ ne— |log1//(y)|_1/\/l(a'y) for all # € R?.
R\ Dk

In this case, W has nondegenerate increments. Recall that all possible noncritical
cases in d = 2 have been provided in Theorem 2 in the Introduction.

More generally, for d > 2 we can state the following scaling-transition property.

COROLLARY 1. The random field (X j) jczd, defined in Section 2.3, exhibits
a scaling-transition in the sense that:

(i) If there exists ¢ > 0 such that E' = cE, then W has nondegenerate incre-
ments.

(ii) Otherwise, W has degenerate increments. That is, there exists at least one
direction in which the increments of the limit random field are either invariant or
independent.

In the sequel, we need to control the variance of the directional increments. By
Proposition 5, for all u € RY 5 e R,

Var(A§ W @) = 82 Var(W (m, 1 () + ;). jel.
and
(41) Var(A§ W (w)) = 8| Var(W (m, 1 (@) +e),  j€l-.

The control for j € I- is a little more involved, as summarized in the following
lemma.

LEMMA 11. There exist some constants C such that for all u € [—1, 119,8 €
R, j € I, the following inequalities hold:

(@ Iflls|=1orl. = andaj <1/2,

@) Var(APW@) <Clst with B =ozj<1 - L”J)) +a

2 2’
b) IfI. =, a;=1/2, then

(43) Var(AY W (w)) < Cmax (82, 151*7))  forall H; € (0, 1).
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© IflI. =@,a; > 1/2, then

(44) Var(AY W u)) < C82.

PROOF. Recall (31). For j € I_, forallu € [—1, l]d and § € R,

0 2 ey 12
Var(ASJ W) = (ax H uk) / —| fipdy;,
kel R 1Yj
with
oHUk _1 _y
f,(y,)—/ I1 log ¢ (= (y + yje))| “dhi )1 ().

(e kel ikt j

This is a locally integrable function over R for all values of «; € (0, 1) due to
the fact that |logy (w>y)| is a 7> E-homogeneous function, ¢(7=FE) > 2, and
Lemma 3. Furthermore, by E-homogeneity and polar coordinate x = 7(x)£0 (x),

log v (x)| ™'
_ Hogyr(m=x)| + ||
| log ¥ (x)]|
_ t@)[log (7= 0(x))| + T(x)[6;(x)|*
T(x)|log ¥ (0(x))]
< c1(Jlog ¥ (r=x)| + [x;1%) "

with ¢; = maxgeg; (|log ¥ (- 0)| +16;1%7) /| log ¥ (0)]. Thus,

(Jlog (= x)| + ;%) ™!

1

(llog ¥ (=x)| + |x;1%7)~

luk)’k —
i) <Cl/ 1_[ ‘ (llog v (= y)| + Iy;1*)~ 2d)‘(eﬂl(y)
fej)* kel<;k#j
elukYk _ 1
= 75 )
kel<;k#j

X /H>(|10gw(n>y)| + 1y 9) 2 das (),

where the last integral in the right-hand side has to be reduced to |y, |72 if Ho =
{0} and otherwise is equal to

/H 1y 172 (log ¥ ((1y;1%) " F = y)| + 1) 2 dr=(y)

= [y |t fH (Jlog ¥ (= )| + 1) 2 dhx () =: [y s
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with B; =a (1 — g (- E)/2) + 1/2. We have thus obtained

|7t withes=cfer [ Qrup).
kel:k+#j

Fi(yj) = csly;

Recall that |1 ]| < 1.
(a) Incase that |I.| =1, g(7~ E) > 1, and thus B; < 1. Therefore, by the above
calculation and (31),

zéiyj -1

(45) Var(Agj)W(u(j))) EO')Z(Cg/ —‘ ly; |72’3/+1dyj —GXC3C,3 18781 .

Incasethat |I.|=0, Bj =a; +1/2. If aj < 1/2, then the same bound (45) holds.
(b) If j = 1/2, then for any H; € (0, 1),

/ lSyJ_l 2 )
£ dy; <8/ £ dy;
Rl iy S 12
lSyJ_l .
o [ | ] 1725 dy,
|yj|>1 ly
< camax(8?, |8|2Hf),

with

elURYE

= max / d)»<e/.>i(y)+C3CHj.
uc[—1,119 J(e; ’

Therefore,

P kel k;é]

Var(AY W (u)) < ocqmax(s2, [8127)).
(c) Atlast, if aj > 1/2, then f; > 1, the function f; is integrable on R and
18y]

/Ri—l

iyj

(yj)dy; <6 / £y dy;.

It then follows that
Var(A((Sj)W(u(j))) <cs8?,

with

elMkYE — ]

—‘ llog ¥ (7> y)| > dy.

s = sup / H

ue[ LIRS gkt j
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5.2. Fractional Brownian sheets. Here, we give a complete characterization
of when W is a fractional Brownian sheet. Recall that a zero-mean Gaussian ran-
dom field (X (#));cgae is a standard fractional Brownian sheet with Hurst index
(Hi,...,Hy) e (0, 1]% if

14 A
Cov(X (£), X (5)) = 71_[ (1 PP 1327 — 1ty — i),

Remark that we include the degenerate case that Hurst index equals 1.
For the limit random field W, the covariance function can be factorized accord-
ing to different directions as

Cov(W(t), W(s))
2

(27:;& <1_[ Cov(B1/2(t), Bl/Z(sk))>< [1 tksk>xp(t,s),

kel
with W (z, s) only depending on {tx, sk }xei_, given by
(ekk — 1) (eiskyk — 1)

27|yl

w(ns):==/; logw (|7 [T drs(y).

kel-
Recall Cy in (31).

PROPOSITION 6. The random field W is a fractional Brownian sheet, if and
only if |I-| = 1. In this case, W(t, s) has the following expressions:
in case I- ={j}, I. = @,
(46)  W(t,s) = |log K/f(ej)\_zcajﬂ/z CoV(Ba;+1/2(tj)s Ba;+1/2(5)));
in case I- = {j}, I = {k},
@47 Wt s) = /H llog ¥ (y +ej)|‘2dk>(y)CH, Cov(Bu;,(t)), Bu;(s))),
with Hj = Olj(l — 1/(205k)) + 1/2-

PROOF. We first prove the “if part.” Suppose /- = {j}. In the case I. = &,

itjyj _ 1)(eiSJyj _ 1)

2my;l?

U(t,s) = /R|log v(vien| G

Yij

Z(eitjyj _ 1)(eis]~yj _ 1)
2m|y;l?

:fRylogW((lyj|a’)Eej)‘_ dyj

(€1 — D@ — 1)
27T|yj |2+2txj

=/R|logw(ej)|7 dyj.
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Thus, by (31), in case I— = {j}, I~ = &, (46) follows. In the case /. # J,

2 (€ = D —

27y, P di=(y)dy;

\IJ(t,s):/R/H llog ¥ (y + yje;)

= /R/H 1yj17 2 Hog v (1] ™)  (y + yjep)|

(eitjyj _ 1)(eisj-yj _ 1)

2 ly;|?

di-(y)dy;j

(eitjyj _ 1)(eiAijj _ 1)
R 27 |y;|*F2ei—eiq (- E) Yi-

=/H llog ¥ (y + e;)| 2 dAs (y)

That is, in case I- = {j}, I # &, for H; = a;j(l —q(n- E)/2) + 1/2, (47) fol-
lows.

Next, we prove the “only if part.” Suppose W is a fractional Brownian sheet with
Hurst indices Hj, ..., H;. From Proposition 4, W is also (E’, H)-operator-scaling
with H = y9+ q(E") — q(E")/2. Then it follows that

H H
ot_il +- a—Z =y +q(E) —q(E")/2,

or equivalently

1 1 1 1
@) Y 1D+ Y (H - 1)=V0<1 P —).

kel< “k kel. ~k kel %k

We consider the variance. By the assumption that W is a fractional Brownian sheet,
and the fact that W has stationary directional increments, for all j € {1, ..., d}, for
all § e R,

(49) Var(A((SJ)W(u)) = |52H Var(W(n(ejH(u) +ej)).
Recall that |7~ | < 1. We first consider the case I. = @. In this case:

for k € I, comparing (49) and (41) yields Hy =1/2,

for k € I—, oy < 1/2, comparing (49) and (42) yields Hy = ax + 1/2,
for k € I—, oy = 1/2, comparing (49) and (43) yields Hy =1,

for k € I_, oy > 1/2, comparing (49) and (44) yields Hy = 1.

Then (48) becomes

Y gt X w=n

kel mee1/2 20k repmi<ip

Since oy < 1, it then follows that |/—-| = 1. Similarly, in the case I. # @, say
1. = {1}, it follows from comparing the corresponding inequalities that:
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o H =1,
o forkel ., H,=1/2,
o forkel_, Hy=oy (1 —1/Qay)) +1/2.

Then (48) becomes

5 (i) 12

kel-

which implies |/_|=1. O

REMARK 7. When the limit is a fractional Brownian sheet, in directions cor-
responding to /., I- (if not empty) and /-, the Hurst indices equals 1, 1/2 and
some value in (1/2, 1), respectively. Thus, W exhibits long-range dependence in
the directions corresponding to /.

As a concrete example, we prove Theorem 2.

PROOF OF THEOREM 2. Case (i): when ozé > g, a2 € (0,1/2). In this case,
Y = p = ooy, E' = diag(ljar, 1/a}), 1= = (1}.1- = (2}, f = ar/aj +
%(al—l + ai/z) and H; = 1/2 are straightforward. Then, by (46), H, = % + ap and
0% =Cp,|logy (0, 1)| 72,

Case (ii): when o) > ap, a2 € (1/2,1). Inthis case, yg=p1 =1, E" = E, I. =
2}, I-={1}, =1+ Ti, + 1 - ﬁ and H, =1 are straightforward. Then, by

L)
@7), Hi =5 +a1(1 — =) and 02 = Cpyy fiz |log ¥ (1, y)| "2 dy.
The calculation of cases (iii) and (iv) are similar, and thus omitted. One obtains
that 02 = Cpy, | log ¥ (1, 0)| =2 for case (iii) and 02 = Cp, [ |log ¥ (y, 1)| 2 dy for
case (iv). [

5.3. Sample-path properties. We conclude this section by the following gen-
eral sample-path properties for the random field W that is a consequence of [7],
Proposition 5.3.

PROPOSITION 7. There exists a modification W* of W on [0, 11¢ such that
for all € > 0, almost surely there exists a finite random variable Z such that for all
s,te[0,119,

[W*(6) — W (s)| < Zo(e. )log(1 + p(s.0)~") "+

with
1/2 H;
pls. )= It —sjl+ D Ity — s+ 3 Ity —s;1™
jel> jelo jel=

where, for j € I—:
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(@ Hj=aj(l—-q(@-E)/2)+1/2ifeither |I.|=1orl. = and aj < 1/2,
(b) Hj can take any value in (0, 1) if I. = @ and o; = 1/2, and
(© Hi=1ifl. = andaj>1/2.

PROOF. Letus consider E”” the diagonal matrix with entries corresponding to
1 for jel.,2for jel. and 1/H; for j € I—. Let T~ be the radial part with
respect to E” according to [7], equation (9). Let us quote that since ¢ — p(0, ¢)
is E” homogeneous and strictly positive on RY ~ {0}, following ideas of Clausel
and Vedel [13], Theorem 3.2, the function ¢ — p(0, ¢)/tg» () is continuous and
strictly positive on the compact set Sg. It follows that we may find C, C’ > 0
such that for all # € R,

CTE///(t) < 10(0’ t) < C"L'E///(t).

Therefore, by [7], Proposition 5.3 (with 8 = 0), to show Proposition 7 we prove
for t, s € [0, 114 that

(50) \/IE (W) — W(s) \/Var (W(t) —W(s)) <Cp(s,t).

For t,s € [0, 114, considering as in [26], the sequence (u(j ))05 j<a defined by
u® =g and ultH =) 4 (tj—sj)ejfor0<j<d—1,weget W(t)—W(s)=
Zd 1A(z s W(u(f)) Hence,

JVar(We) — w(s) < \/Var AL W ().

Now to obtain (50), it suffices to apply the bounds on the directional increments
established in Lemma 11. Observe that in the case j € I—, [. = O, since § =
tj —sj € [—1, 1], the right-hand side of (43) becomes C|8|*i. The details are
omitted. The proof is thus complete. [

Let us mention that we probably could improve this result. Actually, following
[52], it is sufficient to get a similar lower bound on the variance on [, 114 to estab-
lish condition (C), from which Theorem 4.2 follows, saying that the inequality is
true for ¢ = 0 and Z has finite moments of any order.
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