isid/ms/2014/1
January 4, 2014
http://www.isid.ac.in/statmath/eprints

From random matrices to long range dependence

ARIJIIT CHAKRABARTY, RAJAT SUBHRA HAZRA AND DEEPAYAN SARKAR

Indian Statistical Institute, Delhi Centre
7, SJSS Marg, New Delhi—110016, India






FROM RANDOM MATRICES TO LONG RANGE
DEPENDENCE
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ABSTRACT. Random matrices whose entries come from a stationary
Gaussian process are studied. The limiting behavior of the eigenvalues
as the size of the matrix goes to infinity is the main subject of interest
in this work. It is shown that the limiting spectral distribution is deter-
mined by the absolutely continuous component of the spectral measure
of the stationary process, a phenomenon resembling that in the situation
where the entries of the matrix are i.i.d. On the other hand, the discrete
component contributes to the limiting behavior of the eigenvalues in a
completely different way. Therefore, this helps to define a boundary be-
tween short and long range dependence of a stationary Gaussian process
in the context of random matrices.

1. INTRODUCTION

The notion of long range dependence is of significant importance in the
field of stochastic processes. Consider any stationary stochastic process
indexed by Z. If the process is an i.i.d. collection, then it does not have
any memory, and hence it is short range dependent. For a general stochastic
process which is not necessarily i.i.d., whether it is long or short range
dependent is determined by how much it resembles an i.i.d. collection. In
order to make the idea of resemblance precise, different functionals of the
process are studied. If the behavior of a functional of interest is close to that
in the i.i.d. setup, then the process is short range dependent, otherwise it
is long range dependent. Therefore, the definition of long range dependence
varies widely with context, and it is no wonder that there are numerous
definitions of this concept in the literature, which are not equivalent. The
survey article by Samorodnitsky (2006) describes in detail this notion from
various points of view.

The current paper is an attempt to understand long range dependence in
yet another context, namely that of random matrices. Let {X; : j,k € Z}
be a real stationary Gaussian process with zero mean and positive variance.
That means,

E(X;r) =0,
E(X7,) >0,
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and

E (Xj,ka—l-u,k—l-v)
is independent of j and k for all fixed u,v € Z. For N > 1, define a N x N
matrix Wy by

(1.1) W (i,j) == Xij + Xji,

for all 1 < 4,5 < N. Clearly, Wy is symmetric by construction, and hence
its eigenvalues are all real. For any N x N symmetric matrix A, denote
its eigenvalues by A\ (A) < ... < An(A4), and define its empirical spectral
distribution, henceforth abbreviated to ESD, by

N
1
ESD(A) := > 04
j=1

Section 2 lists the main results of the paper. That section is divided
into three subsections. In Subsection 2.1, the results that study the limit
of ESD(Wx/vN) as N — oo are listed, the main result being Theorem
2.1. In Subsection 2.2, a variant of the ESD called eigen measure is defined.
The main result of that subsection, Theorem 2.6, studies the limit of the
eigen measure of Wy /N as N — oo. The above two theorems motivate a
natural definition of long range dependence, which is discussed in Subsection
2.3. The proofs of the results mentioned in Section 2 are given in Section
3. Finally, in Section 4, the paper is concluded with a corollary and a few
examples.

We end this section by pointing out that Theorem 2.1 is actually an ex-
tension of the classical result by Wigner which says that if X; ; are i.i.d. stan-
dard normal random variables, then ESD(Wy /v/N) converges to the Wigner
semicircle law (defined in (2.5)). Relaxation of the independence assumption
has previously been investigated by Chatterjee (2006), Gétze and Tikhomirov
(2005), Hofmann-Credner and Stolz (2008) and Rashidi Far et al. (2008).
The articles by Adamczak (2011), Hachem et al. (2005), Naumov (2012),
Nguyen and Rourke (2012) and Pfaffel and Schlemm (2012) have studied
the sample covariance matrix and non-symmetric matrices after imposing
some dependence structures. A work by Anderson and Zeitouni (2008),
which is related to the current paper, considered the ESD of Wigner matrices
where on and off diagonal elements form a finite-range dependent random
field; in particular, the entries are assumed to be independent beyond a fi-
nite range, and within the finite range the correlation structure is given by a
kernel function. The results of the current paper, however, are more general
than those therein.

2. THE RESULTS

Define
R(u,v) == E (Xo0,0Xuv), 4, v €EZ.
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The Herglotz representation theorem asserts that there exists a finite
measure v on (—n,7]? such that

(2.1) R(u,v) = / eL(“””y)z/(dw, dy) for all u,v € Z,
(_7r77r}2

where ¢ := /—1. Let vg4., ves and vg denote the components of v which
are absolutely continuous with respect to the Lebesgue measure, continuous
and singular with respect to the Lebesgue measure, that is, supported on
a set of measure zero, and discrete, that is, supported on a countable set,
respectively. Since v, is absolutely continuous with respect to the Lebesgue
measure, there exists a function f from [—7,7]? to [0, c0) such that

(2.2) Vae(dz, dy) = f(z,y)dzdy .

The one and only assumption of this paper is that the continuous and
singular component is absent, that is,

Ves = 0.

As a consequence, it follows that
(2.3) V="Vact V4.
2.1. The empirical spectral distribution. Denote
(2.4) pn = ESD(Wx/VN), N > 1,

where Wy is as in (1.1).

The task of this subsection is to list the results that study the limiting
spectral distribution (henceforth LSD) of Wy /v/N, that is, the limit of the
random probability measures uy as N — co. The first result, Theorem 2.1
below, establishes that the limit exists.

Theorem 2.1. There exists a deterministic probability measure py, deter-
mined solely by the spectral density f which is as in (2.2), such that

BN = [,
weakly in probability as N — oco. By saying that the LSD iy is determined
by f, the following is meant. If for two stationary processes satisfying as-
sumption (2.3), the absolutely continuous component of the corresponding
spectral measures match, then the LSD of the scaled symmetric random ma-
trices formed by them also agree.

The exact description of uy is complicated, and will come much later in
Remark 3.1. However, a natural question at this stage is “When is ps the
probability measure degenerate at zero?”. The following result answers this
question.

Theorem 2.2. The second moment of the probability measure puy is given
by

[augtan) =2 [ fwpdudy.
R [—m,m]2
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The next result relates some properties of py with those of f. Some
new notations will be needed for stating that result, which we now intro-
duce. Fix m > 1 and 0 € NC5(2m), the set of non-crossing pair parti-

tions of {1,...,2m}. Let (Vi,...,V;41) denote the Kreweras complement
of o, which is the maximal partition @ of {1,...,2m} such that c U7 is a
non-crossing partition of {1,1,...,2m,2m}. Although the Kreweras com-
plement is a partition of {1,...,2m}, for the ease of notation, Vi,..., Vi1

will be thought of as subsets of {1,...,2m}, that is, the overline will be
suppressed. In order to ensure uniqueness in the notation, we impose the
requirement that the blocks Vi,..., V41 are ordered in the following way.
If1<i<j<m+1, then the maximal element of V; is strictly less than
that of V;. Let 75 be the unique function from {1,...,2m} to {1,...,m+1}
satisfying
Z'EV%(Z-), 1<i<2m.

For example, if

0= {(17 4)7 (2a 3)7 (57 6)} )
then 75(1) = 2,75(2) = 1,75(3) = 2,7,(4) = 4,7,(5) = 3,7,(6) = 4. For
any function f from [—m, 7% to R, define the function L, ¢ from [—m, 7)™
to R by

Lof(x):= ] [f (erw: —27w) + F (~270)27wm)]
(u,w)€0
for all x € [—m, 7)™ L.
Theorem 2.3. 1. Form > 2, the (2m)-th moment of pys is finite if || f||m <

oo. Here ||f|, denotes the LP norm of f for all p € [1, 00].
2. If || flloo < 00, then iy is compactly supported, and

/ "y (dr) = (2m)" ! / L, f(x)dx for allm > 1.
R [—m,m]m+l

O'ENCQ 2m

Remark 2.1. [t is shown in Example 1 that the converses of the statements
above is false.

The last two results of this subsection gives neat descriptions of py in
two special cases. In what follows, WSL(y) for v > 0 denotes the Wigner
semicircle law with variance ~, that is, it is the law whose density is

27r1\ﬁ 4—a?/y 1(|z] <27).

Theorem 2.4. If there exists a function r from [—m,m| to [0,00) such that

(2.5)

% [f(x,y) + fy,z)] = r(x)r(y) for almost all x,y € [—m, 7],

then
py=mn-XWSL(1),
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where 1, denotes the law of 23/?mxr(U), U is an Uniform (—m,n) random
variable, and “K®” denotes the free multiplicative convolution.

Theorem 2.5. Suppose that there exists finite subsets Ay, Ao, ... of Z such
that A, 1 Z. Define

! / TR ST ) 1 f (g @)dady, .k € 7.
[_7‘—’71—}2

dip =
aok 227
If it holds that

> digdjpr (k15 +k € Ay) =0 for all j € Z\ {0} andn > 1,
k,leZ

then
py=WSL2[fl1)-

2.2. The eigen measure. Theorem 2.1 shows that the discrete component
of the spectral measure does not have a bearing on the limiting behavior of
the ESD. Therefore, it is imperative to come up with a variant of the ESD
that would capture the role of this component. That end is achieved in this
subsection. The first task is to define the proper variant, which we now
proceed towards.

It should be remembered that a symmetric matrix always means a N x N
symmetric matrix for some finite V. A symmetric matrix A is to be thought
of as a Hermitian operator A of finite rank acting on the first N coordinates
of 12, where

P .= {(anZHEN)CR:Z|an|p<OO}7p€[1700)'

If Ay <... < Ay are the eigenvalues of A counted with multiplicity, then the
spectrum of A is {0, A1, ..., An}, where 0 has infinite multiplicity. Motivated
by this, we define the eigen measure of A, denoted by EM(A), by

N
EM(A) :=00dy + Y 0y, -
j=1

The measure EM(A) is to be viewed as an element of the set P of point
measures £ of the form

&= 0060+259j ,
j=1

where (6; : j > 1) is some sequence of real numbers. It is not hard to see
why EM(A) is an element of P for a symmetric matrix A because 6; can be
taken to be zero after a stage. For p € [1,00), define a subfamily C, of P by

¢, = {NEP:/Rlx\pu(dx)<oo}.
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Once again, it is easy to see that for any symmetric matrix A,
EM(A) €Cp forallp>1.
Fix p > 1 and £ € Cp,. Clearly, there exist unique real numbers
ar(§) > az(§) = ... 20,

and

a1(§) Sas(§) <...<0,
such that

§ = 00dp + Z5aj(g) ;
J#0
where > j0 means the sum over all non-zero integers. Define
1/p
dp(&1,62) = | Y laj(€) —a;(&)P| , &,6 €Cp.

J#0
Given the natural bijection between C, and (P, it is immediate that (Cp, d))
is a complete metric space. It is also worth noting that

(26) H [ lpean)] " [ lapeata)] h

The main result of this subsection is the following.

< dp(£17£2)7 §1,82 € CP'

Theorem 2.6. Under the assumption (2.3), there exists a random point
measure & which is almost surely in Co such that

(2.7) dy (EM(Wy/N),€) 50,

as N — oo, where Wy is as defined in (1.1). Furthermore, the distribution
of & is determined by vy.

Remark 2.2. It is trivial to see that Co C Cy4, and hence one can talk about
the dy distance between two point measures in Cs.

Remark 2.3. There is a notion of convergence different from that in (2.7),
namely “vague convergence”. Suppose that (&, : 1 < n < 00) are measures
on R such that

En(R\ (—¢,¢)) < oo foralle >0,1 <n<oo.

Then &, converges vaguely to & if for all x < 0 < y with & ({x,y}) = 0,
it holds that

Tim & (R\ (2,9)) = £ B\ (,)).
The vague convergence defined above is same as the vague convergence on
[—00,00] \ {0} discussed on page 171 in Resnick (2007), for example. It can

be proved without much difficulty that if (&, : 1 < n < oo) C Cp for some p
such that



RANDOM MATRICES TO LONG RANGE DEPENDENCE 7

then &, converges to £, vaguely. The converse is, however, not true, that
is, (2.8) is strictly stronger than vague convergence.

If Theorem 2.6 is seen as an analogue of Theorem 2.1, then the next natu-
ral question should be the analogue of that answered in Theorem 2.2, namely
whether ¢ restricted to R\{0} is non-null and necessarily random. Both these
questions are answered in the affirmative in the case when vy((—m, 7]?) > 0
by the following result.

Theorem 2.7. If vy((—m, w]?) > 0, then the random variable

| #*etan)

is positive almost surely, and non-degenerate.

2.3. Long range dependence. In this subsection, we make the connection
between the random matrix models and the long range dependence men-
tioned in Section 1. Recalling the fact that for a family of i.i.d. Gaussian
random variables, the spectral measure is absolutely continuous, Theorem
2.1 can be interpreted as a result about the “short range dependent” com-
ponent of the process {X; : j,k € Z}. Indeed, the LSD py is completely
determined by the absolutely continuous component of the spectral measure.

On the other hand, Theorem 2.6 establishes the connection between the
discrete component of the spectral measure and the limiting eigen measure
&. In the presence of atoms in the spectral measure, a stationary Gaussian
process is considered to have a long memory for several reasons. For exam-
ple, in that case, the process is non-ergodic; see Cornfeld et al. (1982). A
trivial example of such a process is the following. Let G be a N (0, 1) random
variable, and set X := G for all j, k.

It is also worth noting that in addition to the transition from ESD to
EM, the scaling also changes from v/N to N when passing from the former
result to the latter. Therefore, it is clear that the absolutely continuous and
discrete components of the process contribute only towards the LSD and
the limiting eigen measure of Wy respectively, albeit with different scalings.
The above observation suggests naturally the following definition of short
and long range dependence.

Definition 1. A mean zero stationary Gaussian process with positive vari-
ance indexed by Z? is short range dependent if the corresponding spectral
measure is absolutely continuous, and the same is long range dependent if
the spectral measure is discrete, that is, supported on a countable set.

The above definitions, of course, are not exhaustive in that there may be
processes whose range of dependence is neither short nor long. That can be
hoped to be resolved partially if the role of the component v, is understood.
This we leave aside for future research.

We conclude this discussion by pointing out that there are other contexts
in which long and short range dependence is defined based on absolute con-
tinuity of the spectral measure. For example, Section 5 of Samorodnitsky
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(2006) approaches long range dependence for a stationary second order pro-
cess indexed by Z from the point of view of the growth rate of the variance
of its partial sums. In particular, the definition given in (5.14) on page 194
therein is close to the definition given above, though not exactly the same.

3. PROOFS

3.1. Proofs of Theorems 2.1-2.5. We now proceed towards the proof of
Theorem 2.1. The proof is by the classical method of moments. However, as
illustrated later by Example 3, the moments of the LSD need not be finite.
Hence, some work is needed to get around that.

Define a map T from (—m, 7] to itself by

T(x)=—-zl(z<m)+7nl{x=7), - n<x<m.

Since the integral on the right hand side of (2.1) is real for all v and v, it
follows that v is invariant under the transformation (x,y) — (T(z),T(y)),
and in particular

v({(z,9)}) = v({(T(x),T(y))}) for all z,y.

Since the measure vy is concentrated on a countable set, and

va({(z,9)}) = v({(z,y)}) for all z,y,

it follows that v, is also invariant under the map 7. By (2.3), it follows that
Vge 18 also invariant under that map, that is,

(3.1) f(z,y) = f(—z,—y) for almost all (z,y) € [, x]>.
Therefore, for k,l € Z, c; defined by

(3.2) cuai=(r) [ e ) dady,
[777-777]2
is a real number. By Parseval’s identity, it follows that

Z cz7l<oo.

k,lcZ
Let (U;j :4,j € Z) be i.i.d. N(0,1) random variables. Define
(3.3) Yi,j = Z Ck,lUifk,jflv i,j cZ.

k€L

An important result, on which the current paper is built, is the following
fact which is well known in the literature of stationary processes.

Fact 3.1. The process (Y ; : i,j € Z) defined in (3.3) is a stationary Gauss-
ian process with

E (YijYitujtv) = / e Tt f (2, y)dw dy, for all u,v € Z.

[_71—77r]2
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Since v, is T invariant, it follows that
a;
Vd = Z 9 (6(%%) + 5(T(mj),T(yj))> ’
Jj>1

for some at most countable set {(x1,41), (x2,%2),...} C (=7, 7]? and non-
negative numbers ayp, ag, ... such that Zj a; < oo. Since some of the a;’s
can be zero, we can and do assume without loss of generality that the above
set is countably infinite. Let (V;; : ¢ = 1,2, j > 1) be a family of i.i.d.
N(0,1) random variables which is independent of the family (U;; : i,j € Z).
Define

(o]
(3.4) Zij =) ar[Vigcos(iz + jyr) + Vo sin(izg + jyr)] . .5 € Z.
k=1

It can be verified by calculating the covariances that

. d o
(Xij:i,5€Z) = (Yi;j+Zij:4,j€Z).

Therefore, without loss of generality, we assume that
(35) Xi,j = Yi,j + ZiJ, i,] € 7.
Fix n > 1, and define

n

(3.6) Yijn = Z e Uik,j—1,4,J €L,
kJl=—n

and similarly,

n
Zijm =Y _\ag Vi cos(izy, + jyr) + Vo sin(izg + jyr)] , 4,5,m > 1.
k=1

Set

A~

(37) fn(u7 'U) =E [Y;,j,nY;—i—u,j—&-v,n]

= Z Ch i Chtu 4o L(|E| VI V [k +ul V[T 4+ v <n),
kJlEZ

for all u,v € Z. For N,n > 1, define the following N x N symmetric
matrices:

(3.8) Win(i,j) == Yijn+Yin,

(3.9) Wioo(isj) == Yij+Yji,

(3.10) WNn(isg) == Yijn+Yiin+ Zijn+ Zjin
(3.11) Wy(i,j) = Zij+ Z;,

(3.12) Wxn(i,§) = Zijm+ Zjin,

forall 1 <4,7 < N.
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Fix m > 1, and 0 € NCo(2m). Let (Vi,...,Vj41) denote the Kreweras

complement of o. For 1 <i <m + 1, denote

(3.13) Vi = {vi,...,vfi}.

Define
ls

(3.14)  S(0) :={ (k1,..., koy) € Z2™ : ij =0,s=1,....m+1%,
j=1

and

(3.15)

Br,om = Z Z H [ —ky) + fulky, —ku)|, myn > 1.

c€NC2(2m) keS(o) (uv)€o

Notice that even though the set S(o) has infinite cardinality, only finitely
many summands on the right hand side above are non-zero, because fn(u, v)
is 0 if |u| V Jv| > 2n.

Our first step towards proving Theorem 2.1 is the following proposition.

Proposition 3.1. For fired n > 1, there exists a compactly supported sym-
metric probability measure iy, whose 2m-th moment is By, 2m for allm > 1.
Furthermore,

ESD(WNJL/\/ N) — Hfmn s

weakly in probability, as N — oo.

Proof. The proof is by the method of moments. As is now standard in the
literature, for executing the proof, it is sufficient to show that

(3.16) Jim N=HOE [T (WE)] = Baom for all m > 1,
—00 ’
(3.17) lim N 20"+ Dyar [Tr (W]%f’;l)] =0forallm>1,
N—o0 ’
and
(3.18) lim sup 51/2m < 00.
m—0o0

It is worth mentioning that the odd moments of the ESD can be safely
ignored, because that they go to zero, is now routine.

We start with showing (3.16). To that end, fix m > 1, and for i :=
(i1,...,42m) € Z*™, define

Ez‘ ::E H(}/;j_l,z],n+}/;],lj 1,n ) ?

with the convention that ig := i9,, for all i € Z*™, a convention that will be
followed throughout this proof. Recall that

B[Tr(WR)] = >, B

ie{l,...,N}2m
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Fix 0 € NC3(2m) and denote its Kreweras complement by K (o). For a
tuple i € Z?>™, call i to be o-Catalan if

liu—1 — @] V iy — ip—1] < 2n for all (u,v) € o,

and
iy, — iy| > 4n whenever u,v are in distinct blocks of K (o).
For N > 1, denote
Cat(o,N) :={i € {1,...,N}*™ i is o-Catalan} .
In view of standard combinatorial arguments, it suffices to show that
: —(m+1) .
(3.19) Jim N > E
i€Cat(o,N)
= Z H [fn(kuy _kv) + fn(kva _ku):| y
keS(o) (u,v)€o
for all fixed o in NC2(2m).
To that end, fix a 0 € NC3(2m). Let Vi,..., V41 denote the blocks of
K(o). Write
Vw=A{v},...,uthu=1,....m+1,
where
vy <<

Then it can be shown that for all i € Cat(o, N), there exist unique tuples
k(i) € S(o) N {—2n,...,2n}*™ and j(i) € Z*>™ such that

(320) (j(l)u—lv.](z)u) = (](Z)U7J(Z)v—l) fOI' all (U,’U) 6 Ua

and

(3.21) foy = (0o + 3 k(eg, =1, lyyu=1,...,m+1.
w=1

As a consequence, it follows that for all (u,v) € o,
(3.22) by — -1 = k(i)u,
(3.23) and iy — iy = k(i)y.
Notice that for fixed (u,v) € ¢ with 1 <u < v < 2m,
lip—1 — iy| > 4n,
because v — 1 and v cannot belong to the same block of K (o). Therefore,
ltu = 0] > o — G| — liu1 — iu] > 20,
and hence
E Vi, 1 iunYi | =E [YiyiunYipip1m) =0.
Furthermore, if (u,v) ¢ o, then by a similar reasoning, it can be shown that

B [(}/iu_l,iu,n + Yiu,iu_l,n) (}/iv_l,iv,n + }/iv,iv_l,n)] =0.

v—1,%,T
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As a consequence of the above two identities, it follows that

Ei = ]I Bl(Viriwn+Yiisiin) Yieorivm + Yiio1n)]
(u,v)€0
=TT [Falkl@es k(i) + JalkG)u, —k())] -
(u,w)€0

the last equality following from (3.22) and (3.23). It is, once again, easy to
check that for fixed k € S(0),

lim N~"fi € Cat(o,N) : k(i) =k} =1,
N—oo

and hence (3.19) follows, which establishes (3.16). Proof of (3.17) follows by
a similar combinatorial analysis which is analogous to the proof by method
of moments for the classical Wigner matrix. Hence we omit that.

The proof will be complete if (3.18) can be shown. To that end observe
that

Br2m < (32712 max |fn(u,v)>m#NC2(2m).

fulV[o|<2n

It can be shown by Stirling’s approximation that
#NCy(2m) =0 (4™) ,
and hence (3.18) follows. This completes the proof. O

Recall the N x N random matrix Wy, from (3.10). The second step in
the proof of Theorem 2.1 is the following lemma.

Lemma 3.1. For fired n > 1, as N — oo,
ESD(WN.u/VN) = fifn,
weakly in probability, where py ., is as in the statement of Proposition 5.1.

For the proof of the above result, we shall use the following fact which
follows from Theorem A.43 on page 503 in Bai and Silverstein (2010).

Fact 3.2. If L denotes the Lévy distance between two probability measures,
then for any two N x N real symmetric matrices A and B,

L (ESD(A), ESD(B)) < %Rank(A _B).
Proof of Lemma 3.1. All that needs to be shown is that
L (ESD(Wn/VN), g ) =0,
as N — oo. In view of Proposition 3.1, it suffices to show that

L (ESD(WN,H/\/N),ESD(WN,n/\/N)> Lo,
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as N — oo. To that end, notice that by Fact 3.2,
L (ESD(W y,0/VN), ESD(Wy.,./VN))
< %Rank (WNm — WN7n) .

It is easy to see that the rank of the N x N matrix whose (i, 7)-th entry is
Z; jn is at most 4n. Therefore,

Rank (WN’n — WN,n) < 8n.

This completes the proof. O

For the final step in the proof of Theorem 2.1, we shall use the following
fact which is also well known.

Fact 3.3. Let (3,d) be a complete metric space, and let (2, A, P) be a
probability space. Suppose that (X @ (m,n) € {1,2,...,00}2\ {00, 00}) is
a family of random elements in X, that is, measurable maps from € to %,
the latter being equipped with the Borel o-field induced by d. Assume that

(1) for all fixed 1 < m < oo,

A( X Ximso) — 0,

asn — 0o,
(2) and, for all e >0,

lim limsup P [d(Xmn, Xoon) > €] =0.

m—=00 n—oo

Then, there exists a random element Xoooo 0of 2 such that
(3.24) (X moos Xoooo) — 0,
as m — 0o, and

d(Xoon, Xoooo) = 0,

as n — o0o. Furthermore, if X0 s deterministic for all m, then so is
Xoooo, and then (3.24) simplifies to

(3.25) lim d(X 00, Xooso) = 0.

m—ro0
Proof of Theorem 2.1. The space of probability measures on R is a com-
plete metric space when equipped with the Lévy distance L(-,-). In view of
Lemma 3.1 and Fact 3.3, all that needs to be shown to complete the proof
is that

(3.26)  lim timsup P (L (ESD(Wy /VN), ESD(Wy,0/VN)) > &) =0,

n—oo N-—oo
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for all € > 0. To that end, fix € > 0 and observe that
P (L (ESD(WN /\/N),ESD(WM/\/N)> > 5)

3R [L?’ (ESD(WN/\/N)yESD(WNrn/\/N)>i|
e B3N 2ETr [(WN - WN,n)z] )

the inequality in the last line following from the Hoffman-Wielandt inequal-
ity; see Corollary A.41 on page 502 in Bai and Silverstein (2010). Clearly,
by (3.5), it follows that

(3.27) ETr [(Wy — Whn)?]

<
<

N
< 4> [B[(Yij - Yin)?] +E[(Zij - Zijn)?]]
ij—1

o0
(3.28) = AN? | D) awt+ Y &y

k=n+1 ,JEZ:|i|V|j|>n

This establishes (3.26). Fact 3.3 ensures the existence of a deterministic
probability measure py such that

L (ESD(WN/\/N),W) 20,

as N — oo.
Furthermore, assertion (3.25) ensures that

(3.29) [Lfn — [if ST — 00.

From the definition, it is easy to see that py,, is determined by f for every
n > 1, and hence so is py. This completes the proof of Theorem 2.1. O

Remark 3.1. Since pif, are compactly supported for each n, its character-
istic function is

o
itx -1 -1 mﬁﬂ,Qm 2m R.
/Re pfn(de) + Z( ) (2m)!t ,t e

m=1

Thus, the characteristic function of jy is

oo
itx : mﬁn,Qm 2m
de) =1+ 1 -1 " teR.
/Re s (de) +n520m221< )" o))
It is worth noting that exchanging the sum and limit above does not make
sense because im0 Bn2m may or may not be finite. Example 3 is one

where the limit is infinite for all m > 2.

Proof of Theorem 2.2. Denote the probability space on which we were work-
ing so far by (2, A, P). In particular, the random matrices Wy, are defined
on this probability space. Consider the interval (0,1) equipped with the
standard Borel o-field B((0,1)) and the Lebesgue measure Leb which when
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restricted to (0,1) becomes a probability measure. Define a master proba-
bility space

(2 x(0,1), Ax B((0,1)),P:= P x Leb) .
Denote the expectation with respect to P by E. By Proposition 3.1 and
the Cantor diagonalization principle, one can choose positive integers N1 <
Ny < N3 < ... such that for all fixed n > 1,

ESD(WNk,n/\/ Nk) — Kfn as k — o,

weakly almost surely, that is,
(3.30) lim L (ESD(Wiin/ VNi), i ) = 0 almost surely,
—00

for all fixed n > 1, where L is the Lévy distance. For 1 < k,n < oo, we
define a random variables x, on © x (0,1) by

Xk (W, ) = N,;lm)\mkx] Wy n(w)), weQ,ze(0,1).
Furthermore, for all &k, define
Xioo(@,2) = Ny Ay (Wioo (@), w € Q€ (0,1),
where W o is as in (3.9). Finally, for all n > 1, define
Xoon(w, ) := Fy (x), we Q,z € (0,1),

where F),(-) is the c.d.f. corresponding to pi¢,,, and for any c.d.f. F(-), F(-)
is defined by

Fy)=inf{zeR: Fz) >y}, 0<y<1.
Our first goal is to show that for all fixed 1 < n < oo,
(3.31) Xkn — Xoo,n P-almost surely, as k — co.
To that end, define the set

A= {w €N klim L (ESD(WNk,n(w)/\/Nk),uf7n> =0 for all n > 1} .
—00
By (3.30), it follows that P(A) = 1. Therefore, for establishing (3.31), it
suffices to show that for all w € A,
(3.32) Xk (W, ) = Xoon(w, ) as k — oo for almost all z € (0,1).
To that end, fix w € A. If F},,, denotes the c.d.f. of ESD(Wn, n(w)/v/Nk),

then it is easy to see that
Xk‘,n(w7 J)) = FI;,_n(x) :
By the choice of the set A, it follows that for fixed 1 < n < oo,
lim Fy,(z) = Fy(z)
k—00
for all x which is a continuity point of F,,. Therefore, by standard ana-

lytic arguments (see for example the proof of Theorem 25.6, page 333 in
Billingsley (1995)), (3.32) follows, which in turn establishes (3.31).
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The next task is to show that for fixed 1 < n < oo, the family
{Xi,n : 1 <k < oo} is uniformly integrable.
To that end it suffices to show that

sup E (X%,n) < o00.
1<k<o0

Fix n and notice that
E(Xin) = N BTr (W)
— Bpaask — oo,
the last step following by (3.16). This establishes the uniform integrability,
which along with (3.31), proves that
(3.33) lim E {(an — Xoo n)z} =0foralll <n < 0.
k—s00 ’ ’

Our final claim is that

(3.34) lim lim sup E [(X,m - Xk,oof] —0.

n—oo k—00

To that end, notice that
Ng
E |tk = Xhoo)’] = NiZED Dg(Waien) = MW
j=1

< NUETE [(Wan — Wavoo)?)

< C Z C?n,l ’

m,lEZ:m|V|l|>n
for some finite constant C'. The inequality in the second line is the Hoffman-
Wielandt inequality; see Lemma 2.1.19 on page 21 in Anderson et al. (2010).
This completes the proof of (3.34).
Fact 3.3 along with (3.33) and (3.34) shows that there exists Xooc0 €
L%(Q x (0,1)) such that
(3.35) lim E [ (Xoe,n — Xoo0)?| = 0.

n—oo

It is easy to see that for all n < 00, Xoo,n has law pf,,. Therefore, by (3.29)
and (3.35), it follows that law of Xooc0 is ptf. Equation (3.35) furthermore
ensures that

2 _ : 2
[ #ustde) =t [ @
_ : 2
= lim 2B(Yg,,)
= 2E(Yg))

= 2/ f(z,y)dzdy,
[_71—’7‘—]2
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where Yj o and Y( 0, are as in (3.3) and (3.6) respectively. This completes
the proof. O

We now proceed towards the proof of Theorem 2.3. For that, we shall
need the following two facts, the first of which is a simple consequence of
the Holder’s inequality.

Fact 3.4. Suppose for some integer k > 1 and a measure space (¥,Z,m),
the functions {fim, : 1 < i < k,1 < n < oo} are in L*¥(X). Furthermore,
assume that for all fived 1 < i <k,

fin = fico, asn — oo in LF.
Then, fin ... fin € LY(X) for all 1 <n < oo, and
Fin - frin = floo - froos asn — 00 in Lt

The second fact is a restatement of Theorem 3.4.4, page 146 in Krantz
(1999).

Fact 3.5. Assume that for some p € (1,00), h € LP ([—m,7]?,C), that is, it
is a function from [—m,7|? to C with finite LP norm. Define

. 1 ,
hji == — e~ TR b (2 yYdady, j.k € 7.
27T [_ﬂ-:ﬂ-]Q
Then,
1 < ;
o Z hmkeb(]wrky) — h(z,y) in the LP norm, as n — co.

j,k:—TL
The first step towards proving Theorem 2.3 is the following lemma.

Lemma 3.2. If f is a non-negative trigonometric polynomial defined on
[—7, )2, that is,

n
Z ajkeb(jx+ky) > 07
j,szn

for some finite n > 1, and real numbers (aj, : 1 < j,k < n), then for all
fixed m > 1,

/ " g (dx)

336) = > > ]I / e Bt TR [ f (2, —y) +

oc€NC2(2m) kES(U ) (u,w)€o
x)|dxdy

(3.37) = (2m)m! Z /_ (z)dz

cENCy(2m) Y I ”]"LH

where S(o) is as in (3.14).
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Proof. Since f is a trigonometric polynomial, it is integrable, and hence
there exists a stationary Gaussian process (G j : 4,j € Z) with mean zero,
and

Re(k,1) == E(GooGry) = / B ) £ (0, y)dady, k,1 € 7.
[—m,m]?

The hypothesis ensures that Rg(k,l) = 0 if |k| V |l|] > n. Hence, exactly
same arguments as those in the proof of Proposition 3.1 will show that for
fixed m > 1,

/R Prupde) = Y Y T Relku—ko) + Ralk, —k)]

0eNC2(2m) keS(o) (u,v)€o

= > > 1 Bolku k),

c€NC2(2m) keS(o) (u,v)€o
where
Ra(u,v) :== Rg(u, —v) + Rg(v, —u).
Defining
9(z,y) = fz, —y) + f(=y, ),
it is easy to see from (3.1) that

(3.38) / e ) gz, y)dzdy = Rg(u,v), u,v € Z,
[~

which shows (3.36).
Therefore, to complete the proof, it suffices to show that

(3.39) S [ Felwe) = o / Lo (a)de

keS(o) (u,v)eo [—m,m]m

for all 0 € NC5(2m). To that end, fix o, and notice that (3.38) implies that

n

gloy) = @m)2 S Relh, hetkatin),
k,l=—n

for almost all z,y. Observe that for all k € {—n,...,n}?*™ and
T € [—m, 7"

m+1

Z [kur, ) + ko7, (0)] Z 2] Z ki,

(u,v)€0 = JEVS
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and hence
/ Lo ¢(x)dx
[_ﬂ.-’ﬂ-]m«‘rl

= /[ - 9 (@7, 27, )) | do
-, (

u,v)Eo
m—+1
= (Qﬂ)Zm/ 1[ Z exp leij
L P S =1 jev
H Rg(u,v)] dx
(u)€c

= (@2mi™ Z H Rg(u,v)

ke{—n,...,n}2mNS(0) (uw)Ec

= 20" Y [] Re(uv).

keS(o) (u,v)€c

This shows (3.39) which in turn establishes (3.37) and hence completes the
proof. O

The following lemma will also be needed for the proof of Theorem 2.3.

Lemma 3.3. Suppose that for all 1 < n < 0o, g, s a non-negative, inte-
grable and even function on [—m,7|? such that as n — oo,

Gn = oo in L.
Then,
tg, i>,ugoo as n — oco.
Proof. The hypothesis can be restated as

(3.40) Vn = /Goo in L%
Let (G;j : 4,5 € Z) be a family of i.i.d. N(0,1) random variables. Define

g = (27T)1/ e F ) fg, (x, y)dwdy, k,1 € Z,1 < n < oo,
[777771']2

and
H; = Z di1nGiokj—1, 1,] € Z,1 <n < oo.
k,leZ
By Fact 3.1, it follows that for all 1 < n < oo, the family (H;j, : i,j € Z)

is a stationary Gaussian process whose spectral density is g,. For every
1<n<ooand1l<N <oo,define a N x N matrix Ay, by

ANn(iy§) = (Hijn + Hjin) /VN, 1 < 4,5 < N.
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By Theorem 2.1, it follows that for all 1 <n < oo,

(3.41) L(ESD(Ann), f1g,) — 0 as N = oo

Notice that for fixed 1 < N,n < oo, by arguments similar to those leading
o0 (3.28) from (3.27),

ETr [(ANm—AN,OO)Q/N] < 42 (dpin — droo)
klcZ

= 4/m2 (\/gn(w,y) -~ \/goo(:ﬂ,y))zdxdy,

the last equality following from Parseval. Therefore, by (3.40), it holds that
for all € > 0,

lim limsup P [L (ESD(An,,), ESD(AN,)) > €] =0.

n—o0 N—o00

The above, along with (3.41) and Fact 3.3 proves the claim of the lemma. O

Proof of Theorem 2.3. For the first part, fix m > 2, and assume that || f||,, <
0o. Let ¢ be as in (3.2), and define for n > 1,

2

1 n
(342) fn(g;, y) = 27 E ckleb(karly) ,—rT<z,y<T.
™
k,il=—n

By Fact 3.5, it follows that
(3.43) fn— fin L™ norm, as n — oo,

which, with an appeal to Fact 3.4, implies that

n—oo

(3.44) lim Lo, (x)dr = / Ly ¢(x)dx, 0 € NCa(2m).
[—m,m]m+l [—m,m]mHl

Equation (3.43) along with Lemma 3.3 and the observation that f, is a
non-negative even function implies that

(3.45) [Lf, — jif as T — 00

Therefore, by Fatou’s lemma, it follows that

/R:v2mpf(dx) < liminf/R:U2m,ufn(d:L")

n—00

= liminf(27)™" / Lg g, (x)dx
[~ m]m+l

n—oo
O’GNCQ(Qm
D / Ly pla)dz < oo,
GEeNCy(2m) ? [=mm™F

the equality in the last two lines following from Lemma 3.2 and (3.44) re-
spectively. This completes the proof of the first part.
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For the second part, assume that || f||coc < co. By the arguments above,
it follows that

lim [ 2®™uy, (dz) =

n—o0 R
@emmt Y / Lo f(x)dz for all m > 1,
GENC,(2m) Y =™
and
1/2m
limsup | (2m)™™ / Lo ¢(x)dx
m—00 06N02(2m) [—,m]m+1

< limsup [(ZW)Zm(2||f|’oo)m+1#NC2(2m)] 2

= 4271/ f]ls -

This shows that there exists a compactly supported even probability measure
w* such that

/ ¥ (dx) = / L, ¢(x)dx for all m > 1,
R aeN02(2 [=mm]m4t
and
w *
pf, — pFasn — oo,
This, along with (3.45) completes the proof of the second part. O

Next, we proceed towards the proof of Theorem 2.4. The following lemma,
which is the first step towards that, proves the result for a special case.

Lemma 3.4. Suppose that (G, :4,j € Z) is a stationary Gaussian process
whose covariance kernel Rg(-,-) defined by

Ra(u,v) :=E[Go,0Gup], u,v € R,

satisfies
Ra(wo)= [ e fo(a) fo(y) dody, w0 € .
7]

for some non-negative fg(-) defined on [—m, 7|, and there exists n such that
(3.46) Re(u,v) =0 if |u| V |v| > n.

Then ESD of the N x N matriz whose (i, )-th entry is Gi,j/\/ﬁ converges
weakly in probability to
ne WWSL(1),

where ng is the law of fo(U)r2v/2 and U is an Uniform (—m,n) random
variable.
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Proof. By Theorem 2.1, it follows that the limit exists, say ug, and fur-
thermore by the hypothesis (3.46), and claim (3.36) of Lemma 3.2, it holds
that

(3.47) /RQOlu,G(dx) =

Z Z H [Ra(ky, —ky) + Ra(ky, —ky)], m > 1.

ceNC2(2m) keS(o) (u,v)eo

Our first claim is that

(3.48) Rg(u, —v) + Rg(v, —u) = rg(u)rg(v), u,v € Z,
where
(3.49) ra(u) == V2 i e fa(x)dx .

To that end, notice that by (3.1), it follows that
fa(=z) fa(—y) = fa(x) fa(y) for almost all z,y € [, 7] .

Integrating out y, it follows that fg(-) is an even function. Therefore,

Ro(w—0) + Ro(v,—0) = [ 2costur — )o@ o o)y

= ra(wra(v),

where the fact that fg(-) is even has been used for the last equality. This
establishes (3.48).
Our next claim is that

1 n
ra(k)e " for almost all z € [—, 7.
25 X relh o

(350)  folx) =

The above follows from (3.49) using Fourier inversion and the fact that for
|u| > n, rg(u) = 0 which is a consequence of (3.46).
By (3.47) and (3.48), it follows that for fixed m > 1,

/QOug(dfb‘) = Z Z H 76 (ku)rc(ky)

c€NC2(2m) keS(o) (u,v)€o
2m
= 2 2 1re.
c€NC2(2m) keS(o) j=1

Fix 0 € NC9(2m), and let for i = 1,...,m+ 1, I; be the size of V; which are
the blocks of the Kreweras complement of o, as in (3.13). Then, it is easy
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to see that
m+1

2m l;
S Ilrek)y) = 11 > ek

keS (o) j=1 =1 keZli:ki+...+k,=07=1
m—+1

= H (2m)~? /7r |:fG($)7T2\6} " dx
i=1 d

m+1

_ xli o
- Q/R ne(dr),

the second last equality being a consequence of (3.50). Therefore, it follows
that
m—+1

/R Mugldr) = > ] /R aling(de)

c€ENC2(2m) =1
= /a:anG XWSL(1),
R

the last equality following from Theorem 14.4 in Nica and Speicher (2006).
This shows that pug = ng X WSL(1), and thus completes the proof. O

The next step towards the proof of Theorem 2.4 is the following.
Lemma 3.5. If

[f(l',y)+f(y,$)], —m<z,y<Tm,

| =

9(z,y) :=
then
[if = fg -
Proof. For n > 1, let f,, be as in (3.42), and define and

gul,9) = 3 [falev) + fuly )], —7 <y <
Noticing that for all o € (J,._; NCa(2m),
Lo, = Loy, ae.,
it follows by Lemma 3.2 that
[f, = g, foralln >1.
Using (3.43) with m = 1, which is valid because || f||1 < oo, it follows that
fn— fin L' as n — o0,

from which it follows that
gn — g in L.
Lemma 3.3 completes the proof. O
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Proof of Theorem 2./. Define

o(.) = 5 [f(,9) + f,2)], ~m <oy <.

In view of Lemma 3.5, it suffices to show that
(3.51) pg = XWSL(1).
To that end, define

di = (2m)~Y/? "M\ /r(x)dz, k € 7.

—Tr

Then, it is easy to see that

(3.52) (27r)_1/ ekt ) Jo(x, y)dady = dpd;, k1 € 7.
[_ﬂ"ﬂ—}z

Define
2

n
gn(z,y) = | (2n)7! Z dpdje! Bt | g < T,y <.
k,l=—n

Clearly,
gn(z,y) = rp(z)r(y) for all —m <z,y <,

where

2
n
() 1= [(2%)_1/2 Z dked”] .
k=—n
Arguments similar to those in the proof of Lemma 3.4 show that g,(-,-) and
() take values in the non-negative half line. By the same lemma, it follows
that
Lgn, = Nr, RWSL(1), n > 1,

where 7, is the law of 23/27r,(U), U being an Uniform (—m,7) random
variable. By the Fourier inversion theorem, it follows that

™

nh_)ngo - |rn(z) — r(z)|dz =0,

and hence by Corollary 6.7 of Bercovici and Voiculescu (1993) and Lemma
8 of Arizmendi and Pérez-Abreu (2009), it follows that

Ny, MWSL(1) -5 1, RWSL(1) as n — oo

Again, Fourier inversion and (3.52) tells us that

lim \gn(z,y) — g(z,y)| dedy = 0.

n—oo [_7"’7"}2

An appeal to Lemma 3.3 establishes (3.51), and thus completes the proof.
O

Finally, we prove Theorem 2.5.
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Proof of Theorem 2.5. Define

1
9(z,y) =5 [fx.9) + [y, )], -m < zy<m.
By Lemma 3.5, it suffices to show that
(3.53) o = WSLE| 1)

To that end, set
h(2,y) = (2m) 71 Y djl (G k€ A)e VTt —n <w oy <.
J,kE€Z

Since djy are the Fourier coefficients of /g, they are real numbers, and
furthermore by the Parseval’s identity, it follows that

> dir <o,
J,kEZ
and hence in view of the assumption that A, 1 Z, it follows that as n — oo,
hn — /g in L*.
Define
gn('7 ) = |hn('7 ’)|27 n > 17
where the modulus is necessary because hy,(-) is C-valued. Therefore,

(3.54) gn — gin L.
Fix n > 1. Since d;, is real, it is easy to see that
gn(,y)
= @2m)? Y didel(i, 4 k1 € Ay)etmRTHG0Y)
Z'7j7kvl€Z
— (27T)_2 Z e—L(u:c+vy) Z d@jdi_;_u’j_;_y]_(i,j,i + u,j +v e An) .
u,vEZ 1,JEL

Since A, is a finite set, g, is a trigonometric polynomial. By (3.36) of
Lemma 3.2 and the observation that g,(x,y) = gn(y, z), it follows that for
all m > 1,

(3.55) JETE
R
> > H /[ . e then) g, (o, —y)dady

ceNC2(2m) keS(o) (uv)€o
Fix u € Z\ {0}, and notice that

/[ . " gn(z, —y)dady = Y di jdiuj1(i,j,i +u € Ap) =0.
™, i,jEZ
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From the above, a simple induction on m will show that for all o € NC2(2m)
and for all k € S(0),

II / . e burthov) g (. —y)dady # 0

(uv)€a
implies that k£ = (0,...,0). Therefore, (3.55) boils down to

[ 72" d) = @) #NCa2m), > 1,
R
and hence
pgn = WSL(2[|gnll1) -
Equation (3.54) with an appeal to Lemma 3.3 shows (3.53) and thus com-
pletes the proof. ([l

3.2. Proofs of Theorems 2.6 - 2.7. As the first step towards proving
Theorem 2.6, we start with a special case.

Proposition 3.2. There exists a random point measure & which is almost
surely in Co such that

(3.56) ds (EM(WN/N),g) Lo,

as N — oo, where Wy is as in (3.11).

Remark 3.2. In view of the inequality
P (da(€1,62) > €) < P (d2(61,&) > €°)

for all e € (0,1) and random measures &1,& which are almost surely in Ca,
(3.56) implies that

(3.57) ds (EM(WN/N),g) Lo,

as N — oo. Thus, the assertion of Proposition 3.2 is stronger than that
of Theorem 2.6 in the special case when the spectral measure of the input
process is discrete.

A few facts from the literature will be used in the proof of Proposition
3.2, which we shall now list below. The first fact is essentially a consequence
of the well known result that any two norms on a finite dimensional vector
space are equivalent.

Fact 3.6. Suppose that for every N > 1, By is a N X p matriz, where p is
a fixed finite integer. Assume that

A}im (B%;BN)(Z',]') =C(i,7) forall1 <i,5 <p.
—00

Then C > 0, and for any p X p symmetric matriz P

2
(3.58) lim Tr {{(B%BN)VZP(B%BN)UQ — 01/2P01/2} ] =0.

N—oo
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The next fact is a trivial consequence of the Sylvester’s determinant the-
orem

Fact 3.7. Suppose that B and P are N1 X No and Ny X Ny matrices respec-
tively, the latter being symmetric. Then,

EM (BPBT) = EM ((BTB)l/QP(BTB)1/2> :
The next is a well known fact from linear algebra.

Fact 3.8. For any symmetric matriz A, and a positive integer p,
/ 2P(EM(A))(dx) = Tr(AP).
R

The last fact that we shall use is a combination of Corollary 5.3 on page
115 in Markus (1964) and the above fact. A detailed survey of results similar
to this one can be found in Chapter 13 of Bhatia (2007).

Fact 3.9. For symmetric matrices A and B of the same size and a positive
even integer p,

d, (EM(A), EM(B)) < Tr'/? [(A — B)?] .

The following fact, the proof of which is an easy exercise, will also be
needed.

Fact 3.10. For all x,y € R, the following limits exist:

N
1
lim — Z sin(kx) sin(ky) ,

N—oo N
k=1
N
1

A}gnoo N ; sin(kx) cos(ky) ,

and

N
. 1
]\}gnoo N ; cos(kz) cos(ky) .

Furthermore, for all x,y € R,
N
(3.59) lim N2 Z [cos(iz + jy) + cos(iy + jz)]?

N—oo “~
i,5=1

exists, and is strictly positive.

Proof of Proposition 3.2. Recalling the definition of ’WVNW from (3.12), in
view of Fact 3.3, it suffices to show that there exists a random measure &,
which is almost surely in Cy such that

(3.60) do (EM(WN,n/N )v§n> Lo,
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as N — oo for all fixed n > 1, and
(3.61)

lim lim sup P [dg (EM(WN,L/N ), EM(Wy /N)) > s} —0foralle>0.

n—oo N—o00

Proceeding towards showing (3.60), fix n > 1. By a relabeling, it is easy
to see that for all N > 1,

4n
Wi 5) = > Vi [ur(i)or(5) + vk (i)ui ()]
k=1

where Y7,Y5, ..., Yy, are normal random variables which are not necessar-
ily independent, and for each k, there exists w; € R such that either

ug (i) = sin(iwy) for all 7,

or
ug (i) = cos(iwy) for all 7,

and a similar assertion holds for v with wy replaced by some z;. For N > 1
and 1 < k < 8n, define a N x 1 vector uiy by

upn (i) = ug(i), 1 <i < N,

and similarly define the vector vgy. Next define a N x 8n matrix

By := [ Yiluin VIYilvin ./ | Yan|wan ¥ |Y4n|v4nN} ,

and a 8n x 8n symmetric matrix P by

sgn(Yy), if i =2k —1 and j = 2k for some k,
P(i,j) =< sgn(Yy), ifi=2k and j =2k — 1 for some k,
0, otherwise ,

for all 1 < 4,5 < 8n. Then, it is easy to see that
Win = ByPBY, N >1.
Fact 3.7 implies that
(3.62) EM (”VVN,,L/N> — EM (Jb(BﬁBN)WP(BJTVBN)l/?) N> 1.
By Fact 3.10, it follows that there exists a 8n x 8n matrix C,, such that

1
lim N(B;‘C,BN)(i,j) = Cy(i,7) almost surely,

N—o0
for all 1 < 4,7 < 8n. Facts 3.6 and 3.9 ensure that

N—oo

lim dy (EM <]17(BJTVBN)1/2P(BJTVBN)1/2> EM (C}L/?PC%/Q)) -0,

almost surely, which with the aid of (3.62) ensures (3.60), with
&n := EM(CY2PC1/?) .
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For (3.61), it suffices to show that
lim Tim sup B |3 (EM(W,./N), EM(Wy/N) )| = 0.
n=0 N oo

To that end, notice that by Fact 3.9,

E |d3 (EM(Wy,n/N),EM(Wy/N))| < NZ2ETr (Wi — Wy)?|

AN
~
g

~

the last line following from arguments analogous to those leading from (3.27)
to (3.28). This establishes (3.61) which along with (3.60) and Fact 3.3 shows
the existence of ¢ which is almost surely in Co, and satisfies

(3.63) do(&n, &) 5 0 as n — oo,

and (3.56). This completes the proof of Proposition 3.2. O

Proof of Theorem 2.6. By the arguments mentioned in Remark 3.2, (3.57)
follows from Proposition 3.2. In view of that, to complete the proof of (2.7),
all that needs to be shown is

(3.64) dy (EM(WN/N),EM(WN/N)) LPy0as N = oo.

To that end, recall (3.5), and the definition of Wy, from (3.8). By the
triangle inequality, it follows that for all N,n > 1,

dy (EM(WN /N), EM(Wy /N))
< dy (EM(WN IN),EM((Wy + W) /N))
s (EM((WN + Wnn)/N), EM(WN/N)> .
By Fact (3.9), it follows that
B [} (EM(Wnx /N), EM((Wy + W) /N)) |
(3.65) < E[Tr(Wnn/N)H] = 0as N — oo,

for all fixed n > 1 using (3.16) with m = 2. In order to show (3.64), it
suffices to prove that

lim limsup P [d4 (EM((WN + Win)/N), EM(Wy /N)) > e} ~0,

n—o0 N—o00
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for all e € (0,1). To that end fix such a e, and notice by the arguments in
Remark 3.2,

P [d4 (EM((WN + W) /N), EM(WN/N)> > a}

< P[dy (EM((Wiy + Wiv)/N), EM(Wy /N) ) > 2]
< B [dg (EM((WN + Win)/N), EM(Wy /N))}
< AN [Tr {(WN + Wy — WN)2H

< Cc Dy dy,

1,JEZL:|i|V|j|>n

for some finite constant C' which is independent of N and n. In the above
calculation, the second last line follows from Fact 3.9, and the last line is
analogous to (3.28). This shows (3.64) which in turn proves (2.7).

In order to complete the proof of Theorem 2.6, all that needs to be shown
is that the distribution of £ is determined by v4. That is, however, obvious
from (3.56) and the fact that the spectral measure of the stationary process
(Zi,j 11,] € Z) is vy. U

Remark 3.3. The only reason that in (2.7), dy cannot be changed to ds is
that the limit (3.65) will become false if the index 4 is replaced by 2. Every
other step in the above proof goes through perfectly fine for ds.

We next proceed towards proving Theorem 2.7. For that, we shall need
the following lemma.

Lemma 3.6. Suppose that G1,Ga,... are i.i.d. N(0,1) random variables
and {ojy : j, k € Z} are deterministic numbers such that

2n P
Z OéjijGk — Z7
k=1
as n — oo, for some finite random variable Z. If a1 # 0, then Z has a
continuous distribution.

Proof. The given hypothesis implies that

2n 2n
P 2
G1 Zalej + Z OéjijGk — 7 — 0411G1 ,
7j=2 7,k=2

as n — 0o. By passing to a subsequence, we get a family of random variables
(Xn, Y, :n > 1) which is independent of G such that

G X, +Y, —> 7 — auG%, almost surely, as n — 0.

From here, by conditioning on G; and using the independence, it follows that
X, and Y, converge almost surely. Therefore, there exist random variables
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X and Y such that Gy is independent of (X,Y") and
Z=anG?+G1 X +Y as..

Since aq1 # 0, for all z € R, it holds that
P(Z ==2) :/ PlanGl+Giz+y=z] P(X €dz,Y €dy) =0
RZ

because for every fixed x and y, the integrand is zero. This completes the
proof. O

Proof of Theorem 2.7. In view of (2.6) and (3.63), it follows that

(3.66) /Ra:2§n(dx) N /szf(dx) as n — 0o,

where &, is as in (3.63). The content of the proof is in showing that there
exists real numbers {a;j; : 1 < 4,5 < 2, k,1 > 1} such that

2 n
(3.67) / 26(dr) = Y > oy VipVy foralln > 1,
R

i,j=1k,l=1

where Vi, is as in (3.4). Furthermore, since a premise of the result is that
Vg4 is non-null, we assume without loss of generality that a; > 0. Based on
that, it will be shown that

(3.68) aq111 > 0.

Lemma 3.6 along with (3.66) - (3.68) will establish that [, 2?¢(dz) has a
continuous distribution, and thus the claim of Theorem 2.7 will follow.
To that end, notice that by (2.6), (3.60) and Fact 3.8, it follows that

(3.69) N2Ty [”VT/J%,”} N / 226, (dz) as N — oo,
R

for all fixed n > 1, where /I/I\?N,n is as in (3.12). It is easy to see that

2 n
Wyn=>_> VieAixy ,

i=1 k=1

where A;py are N x N deterministic matrices defined by

Agen (u,v) = Vg [cos(uxy 4+ vyg) + cos(vay + uy)], =1,
ikN (U, v) 1= Vg [sin(uxy + vyr) + sin(vey, +uyg)], =2,

for all 1 < wu,v < N. Therefore,

2 n
N=2Ty [”W]%n} =3 3 VaVuN 2 Te (Aun Ajiy) for all Nyn > 1.
i,j=1k,l=1
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Since by (3.69) for every fixed n the right hand side converges in proba-
bility, and the random variables {V;;Vj; : 1 < 4,5 < 2,1 < k,l < n} are
uncorrelated, it follows that

Qi = lim N72Tr (AignAjin) exists forall 1 <i4,5 <2, k,01>1,
N—o0

and that (3.67) holds. Finally, notice that (3.68) follows from (3.59) in Fact
3.10. This completes the proof of Theorem 2.7. O

4. A COROLLARY AND EXAMPLES

In this section, a corollary and a few numerical examples that follow from
the results of the previous sections are discussed. The first one is a corollary
of Theorem 2.5, followed by a numerical example of the same result.

Corollary 1. Assume that (G, : n € Z) is a one-dimensional stationary
Gaussian process with zero mean and positive variance, and whose spectral
measure is absolutely continuous. Let ((Gin :n € Z) i € Z) be a family of
i.i.d. copies of (G, :m € Z). Define

Xj,k = ijk,ka 5, kel.
Then, (Xj : j,k € Z) is a stationary Gaussian process, and

pg = WSL(2Var(Gy)) -

Proof. The hypotheses imply the existence of a non-negative function h on
(—m, 7] such that
E[GoG,] = / e h(x)dx, v € L.

—T

Clearly, for all j, &k, u,v € Z,
E [Xj,ka-l-u,k—l—v] = E [GOGv} ]_(u = 1}) ,

which shows the stationarity. Extend h to whole of R by the identity A(-) =
h(- + 27). Notice that

/ e T (1 4 y) dady
[77777‘-]2

™ zZ+m
= / etuv) {/ ewzh(z)dz} dx

= 27E[GoGy] 1(u =v).

Thus,
fla,y) = @m)'h(z +y), - <ay<m,
is the spectral density for (X ). Furthermore, for integers j # k,

/ e~ Utk [ (2, y)dady = 0,
[_7r77r12

and therefore, the hypothesis of Theorem 2.5 is satisfied with
Ay = {-n,...,n}. This completes the proof. O
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Remark 4.1. The above corollary is false without the assumption that the
process (Gy,) has a spectral density. For example, if Gy, = G, for all m,n,
then the matric Wy becomes a Toeplitz matriz. Bryc et al. (2006) have
shown that the LSD has unbounded support in this case.

Example 1. Let (G, : n € Z) be a zero mean stationary Gaussian process
with spectral density \:U|_1/2, and let X}, be as in the above corollary. Then,
it follows that

ny = WSL(8V).
where
f(x,y) = @2m) h(z+y), -7 <zy<m,

with h(-) defined on R by the identities h(-) = h(- + 27) and h(z) = |z|~'/?
for —m < z < 7. It is easy to see that ||f|l2 = oo, thus showing that the
converses of both parts of Theorem 2.3 are false.

Next, we shall see two numerical examples where Theorem 2.4 hold.

Example 2. Let
fle,y) =1(—7/2<z,y<7/2), —m<z,y<m.
By Theorem 2.4, it follows that
pg=n XWSL(1),

where n, is the law of 28?71(|U| < n/2), U being an Uniform (—m,)
random variable. A calculation of the moments of the right hand side using
Theorem 14.4 in Nica and Speicher (2006) will show that pf is the law of
27 BW where B and W are independent (in the classical sense) random
variables distributed as Bernoulli (1/2) (that is, takes values 0 and 1) and
WSL(1) respectively. This is an example where the LSD is not a continuous
probability measure.

Example 3. Let
flay) = oy —m <@y <.
By Theorem 2.4, it follows that
pp=mnRWSL(1),

where n, is the law of 23/?x|U|~Y2, U being an Uniform (—m,7) random
variable. Since the second moment of n. is infinite, it follows that

/R$4Mf(dx) = co.
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