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Abstract

In this thesis we study zeroes of stationary Gaussian functions. A Gaus-
sian function on a strip D = Da = {z : |Imz| < A} is a random func-
tion f : D — C whose finite marginals, that is (f(¢1),..., f(fn)) for any
t1,...,t, € D, have multi-variate centered Gaussian distribution. The
Gaussian functions that we consider will be almost surely continuous, and
for most of the results, almost surely analytic. We abbreviate GAF for
“Gaussian Analytic Function”.

A Gaussian function on D whose distribution is invariant with respect
to horizontal shifts (i.e., by any element of R), is called stationary. Gaussian
functions are a natural model for noise, and in this context stationarity is
the natural assumption of “time-invariance”. Zeroes of GAFs in various
domains attracted growing attention in recent years. One reason for this is
that they form new interesting examples of point processes.

In this thesis we address three natural questions regarding a probabilistic
model — asymptotic mean, fluctuations, and estimation of some rare events
- for the zeroes of stationary Gaussian functions. Usually, we consider func-
tions which are a.s. analytic in some strip (unless stated otherwise).

1. Horizontal density of zeroes: We show that almost surely, for all
intervals I C (—A,A), counting the zeroes in the “long” rectangle
[0,T] x I and dividing by 7" converges to some (random) number (the
“horizontal density” of zeroes). Regarding this limit as a function of
the interval I, we get a locally-finite measure, and the convergence
holds also in the weak sense. We give a necessary and sufficient con-
dition for the limiting measure to be deterministic (a.s. not random),
and provide a simple formula for it in this case. Then we extend this
result to a family of “symmetric” GAFs which are real on the real axis,
and study some unique properties which appear in this case.

2. Fluctuations: We study the variance of the number of zeroes of a
stationary GAF in a long rectangle [0, 7| x I (T is large). We prove that
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it is always asymptotically between ¢TI and CT? with some constants
¢,C' > 0, and give necessary and sufficient conditions for achieving
each bound.

. Gap probability: We study the probability that there are no zeroes

at all in a “long” region. In this part we demonstrate results in the real
setting, i.e., for functions f : R — R. We do not assume analyticity,
but rather a mild mixing condition. We show that for a large family of
processes, the probability of having no zeroes at all in a long interval
[0, 7] is roughly exponentially small in 7.
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Introduction

The primary object of study of this work is stationary point processes. In
general these are random variables taking values in the space of discrete sub-
sets of a metric space, whose distribution is invariant under some collection
of isometries. Each element of the chosen discrete subset is referred to as a
point, and hence the name — point process. Point processes have been a pri-
mary tool in modeling many physical phenomena, such as the arrangement
of particles in gas, the arrangement of electrons in charged matter, and the
times of radioactive decay of an array of atoms.

The most important example of a stationary point processes is undoubt-
edly the Poisson point process. This process, which is characterized by
independence of the process when restricted to disjoint subsets of the under-
lying space, has been extensively studied and applied to countless physical
models. This is primarily due to its simplicity, and indeed this is often the
only point process that an undergraduate student in mathematics or physics
encounters.

But the simplicity of the Poisson point process is precisely the cause of
its weakness: the points of the process neither tend to attract each other
nor to repel from each other. Many physical systems, however, demonstrate
attraction (scattering of planets in a galaxy) or repulsion (scattering of elec-
trons in charged material), so it is desirable to reflect these properties in
mathematical models. Generating attraction between points in a process is
generally an easier task (a well-known example is the Cox process, which
is a simple generalization of Poisson process defined via a random underly-
ing intensity). Generating repulsion, in a way which will be convenient to
analyze, is much harder.

This was one of the motivations which led researchers to look for other
natural point processes. One such family which is extensively studied is
determinantal point processes. These have the property that the density
of the joint probability of seeing a collection of points z1,...,x; is given
by a determinant of a k x k matrix whose 4, j entry is F(x;,x;) for some
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positive-definite function F'. Determinantal processes often demonstrate re-
pulsion, and have been successfully used in many physical models, especially
in statistical mechanics.

Few other ways to generate a point process with repulsion are known.
One main example, which is not too difficult to analyze, is by considering
the zero-set of a random analytic function. This is done, usually, by consid-
ering a sum of “basis” functions with stochastically independent Gaussian
coefficients (with some mild conditions which ensure convergence). The “ba-
sis” could be some set of algebraic polynomials, trigonometric polynomials,
translations of a certain function, etc. It is remarkable that repulsion be-
tween zeroes of such processes is natural and intrinsic, and is by no mean
an artificial aspect in their construction.

Another motivation for studying zeroes of Gaussian analytic functions,
is the interest in the random function itself. Some mathematicians view it as
representing the “typical” behavior of a function from a certain space, so that
randomness is just a tool to investigate the major part of that space. From
a more applied point of view, many noise models are either represented or
approximated by Gaussian (most likely, analytic) functions. Applications
include signal processing (e.g., radio and brain transmissions), statistical
mechanics (e.g., heat processes), and statistics (e.g., huge data arrays). For
these reasons Gaussian functions, and especially stationary ones, were ex-
tensively studied since the middle of the 20-th century, both in academy and
industrial research groups.

Much attention was drawn to questions about the behavior of the zero-set
(and other level-lines) of stationary Gaussian functions, as they are crucial
for applications. Naturally, much discussed were questions about the mean
number of zeroes, the fluctuations of this number, and estimating some rare
events of interest. Somewhat surprisingly, most of those basic questions
remained open, or were not fully settled, even after many years of research.

In this thesis we relate to some questions asked by Wiener, Slepian, Cuz-
ick and more recent works. New tools and ideas enable us to improve their
results, or give entirely new ones. Most of the thesis studies the behavior
of zeroes of complex Gaussian analytic functions (GAFs), defined in some
horizontal strip, and invariant to horizontal shifts. We also study and com-
pare their behavior to the zeroes of some real counterpart processes (defined
on the real line or on a strip containing it). We investigate three types
of questions about the number of zeroes in a “long” horizontal rectangle
R*Y(T) = [0,T] x [a,b]:

e Limit density: When does the number of zeroes in R**(T') divided
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by the length T converge (as T rises) to a deterministic limit, and
what is this limit?

e Fluctuations: What is the order of magnitude of the fluctuations of
the number of zeroes in R%*(T)? When is it precisely linear in 7', or
precisely quadratic?

e Gap probability: What is the probability of the rare event that there
are no zeroes in R%*(T)?

The rest of this work is divided into three chapters, each addressing a
question from the list above. In order to make these chapters self-contained,
we provide the relevant notation at the beginning of each chapter. The
content of each chapter has appeared as an independent paper or preprint.
Partial results from the first chapter also appeared in my M.Sc. thesis;
as they have been significantly extended in the present work, we find it
appropriate to incorporate them here. The rest of the introduction consists
of a description of the content of each chapter.

Definitions

A Gaussian analytic function (GAF) over a domain D C C is a random
function f : D — C which is almost surely analytic in D and whose marginal
distribution on any set of n points is Gaussian in C" (with zero mean). It
is a well-known fact that every GAF can be represented as a random series

f(z) = ZCn@n(z)v
n
where ¢,,(2) are holomorphic functions in D such that > |¢n|? converges
uniformly on compacts, and ¢, ~ N¢(0,1) are i.i.d. complex Gaussian
random variables.

A random function on the horizontal strip D = Da = {|Im z| < A}
(where 0 < A < 00) is called stationary if its distribution is invariant with
respect to horizontal shifts. Stationarity is a natural assumption in noise
modeling, and is exemplified by many natural random series, such as

Az sin(m(z —n)) e
;(ﬁwne s ZCn - —n s € ggn\/my (1)

nel

where in all examples ¢, ~ Ng(0,1) are i.i.d., and in the left-most one
Wy, Ay, € R are given (and obey > w2e*¥ < oo for all |y| < A, which
provides convergence in Da).
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A stationary GAF is determined by the covariance function r(z) =
E [ f(2)f (O)} , or by its inverse Fourier transform — which is a non-negative,

finite measure on R with a finite exponential moment. This measure is called
the spectral measure of f.

Ch. [1} Horizontal density of zeroes

Result for Gaussian Analytic Functions

Under certain assumptions on the spectral measure, Wiener proved that
the zeroes of a stationary GAF in a strip obey the law of large numbers,
and computed their horizontal density. This result appears in his classical
treatise with Paley [37, chapter X].

In Chapter [I] we prove a stronger result, removing unnecessary assump-
tions. We show that almost surely, for all intervals I C (—A, A), counting
the zeroes in the “long” rectangle [0, 7] x I and dividing by T converges to
vf(I), where vy is some (random) locally-finite measure, which we call the
horizontal density of zeroes. Secondly, we show that vy is a deterministic
measure if and only if the spectral measure of f is continuous or consists of
exactly one atom. Lastly, we compute the measure vy in case it is deter-
ministic, using a version of Edelman-Kostlan (or Kac-Rice) formula; in this

case vy has the continuous density ﬁ% {%} where ¢(y) = E [| f(iy)|?].

Result for Symmetric Gaussian Analytic Functions

A natural counterpart of GAFs are symmetric GAFs, that is, Gaussian an-
alytic functions f : D — C on a domain D C C which posses a symmetry
around the real axis: a.s., Vz € D: f(z) = f(Z) (notice “Gaussian” this
time means that a marginal of n values has Gaussian distribution in R?").
This is a family of models for random analytic functions with a fixed propor-
tion of real zeroes; the zeroes are therefore a “mixed” point process (one and
two dimensional). The study of such functions goes back to Kac [23], who
was interested in the expected number of real zeroes of random polynomials
with real coefficients.

Chapter [I] also treats stationary symmetric GAFs. That is, we prove
that almost surely the horizontal density of zeroes vy exists, characterize
when it is deterministic, and compute this measure in this case. Here,
vy is the sum of two parts: a measure with continuous density, given by
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ﬁdi {W(y)}, and an atom at zero with weight f ©(0) (once
Y 7

Vw2 (0)? o)
again ¢ (y) = E [| f(iy)[?]).

For the last computation, we develop a new Edelman-Kostlan (or Kac-
Rice) type formula for calculating the mean number of zeroes of a symmetric
GAF in any sub-domain of the original domain of definition. This formula
does not require stationarity, and extends works by Shepp and Vanderbei
[43], Prosen [39] and Macdonald [29].

Using this new formula, we show that in the symmetric GAF case the
zeroes repel from the real line at short distances. Moreover, a GAF and a
symmetric GAF which share the covariance kernel will have asymptotically
the same density of zeroes away from the real line. Special cases of this
behavior roused the interest of physicists, as models for condensation; see
for instance Schehr-Majumadar [41].

References: The results of this chapter appear in

e N. Feldheim, Zeroes of Gaussian Analytic Functions with Translation-
Invariant Distribution, Israel Journal of Mathematics 2012.

Ch. 2t Fluctuations of the number of zeroes

After studying convergence to the mean, it is natural to ask about fluctu-
ations of the number of zeroes. Continuing in the setup of the previous
chapter, let f be a stationary GAF in the strip DA and let V**(T) be the
variance of the number of zeroes of f in [0,7] X [a, b].

In Chapter [2, we show that V*(T) is asymptotically between ¢T' and
CT? with positive constants ¢ and C, and give conditions (in terms of the
spectral measure) for the asymptotics to be exactly linear or quadratic in
T.

In more detail, first we show quadratic variance holds precisely when the
spectral measure contains at least one atom; this is mainly a consequence of
the results presented in Chapter [I] Much more effort is dedicated to showing
existence and positivity of the limit

a,b
L(a,b) = lim veuT)

T—o00 T < (O, OO]

Next, we prove that L(a,b) is finite if the spectral measure obeys some L2
condition. Then we give conditions for the limit to be infinite (“super-linear”
variance).
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Naturally, fluctuations of zeroes of random functions (as well as fluc-
tuations of eigenvalues of random matrices and other models) have been
treated extensively in the literature, but usually these were obtained with
much effort. For instance, for the analogous question for real processes (not
necessarily real-analytic), an asymptotic formula for the variance was given
already in the 1960’s by Cramer and Leadbetter in their book [9], but the
rate of growth is not apparent from it. Cuzick [I0] proved a Central Limit
Theorem for the number of zeroes, whose main condition is linear growth
of the variance. More than a decade later, Slud [45], using stochastic inte-
gration methods, gave a convenient condition for such linearity (which is, in
fact, an L? condition similar to ours). More recently, a work by Granville
and Wigman [19] and an extension by Azais and Leén [5] used similar meth-
ods to study the number of zeroes of a Gaussian trigonometric polynomial
with integer frequencies {—N,—N + 1,..., N} in the interval [0, 27]. They
showed the variance of this number is linear in N, and that a Central Limit
Theorem holds. Our proof seems more accessible, due to simplifications via
harmonic analysis and basic properties of analytic functions. On the other
hand, it does not extend directly to real processes.

References: The results of this chapter appear in

e N. Feldheim, Variance of the Number of Zeroes of Shift-Invariant
Gaussian Analytic Functions, submitted. See: arXiv:1309.2111.

Ch. [3: Gap probability for real stationary processes

In this chapter we consider, an a.s. continuous, stationary Gaussian function
f: R — R (definitions are analogous to those given in the beginning of this
introduction, omitting analyticity). The gap probability is defined as

H(T):=P(f >0o0n0,T))

(the name refers to the gap between sign-changes). The gap probability
was studied by many authors during the years 1950-1970, including Rice
and Slepian. While the behavior for small values of T" was extensively ex-
plored, the regime of large T is not well-understood. In favorable cases, it
is expected that H(T) decays roughly exponentially with 7', demonstrating
“independent-like” behavior in long distances. In 2012, Antezana, Buckley,
Marzo and Olsen [3] gave exponential bounds for the gap probability of a

special model, whose correlation function is sinc(t) = M

model).

(the sinc-kernel
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In Chapter [3| which is joint work with Ohad Feldheim, we give lower and
upper exponential bounds on H(T'), valid for a large family of processes.
More precisely, we prove the following: Assume the spectral measure of the
process obeys some moment condition, and that in some neighborhood of
the origin it has density which is bounded away from zero and infinity. Then
e~al < H(T) < e~ T for some ¢1,co > 0 and all large enough T'. We also
present similar bounds for Gaussian sequences under analogous conditions.

Our main tool is a spectral decomposition of our random function into
two parts: a rescaled sinc-kernel process which we are able to analyze, and a
second process whose influence on the gap probability we are able to control.

References: The results of this chapter appear in

e N. D. Feldheim, O. N. Feldheim, Long gaps between sign-changes of
Gaussian Stationary Processes. International Mathematics Research
Notices 2014; doi: 10.1093/imrn/rnu020. See also: arXiv:1307.0119.
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Chapter 1

Horizontal density of zeroes

1.1 Introduction

Following Wiener, we study zeroes of Gaussian analytic functions with
translation-invariant distribution, defined on a strip in the complex plane.
Under certain assumptions on the spectral measure, Wiener proved that
the zeroes obey the law of large numbers, and computed their horizontal
density (limiting measure). This result appears in his classical treatise with
Paley [37), chapter X]. Wiener’s proof is quite intricate; this may be why it
attracted little attention.

In this work, we simplify Wiener’s arguments and remove unnecessary
assumptions on the spectral measure. We incorporate the result into a
theorem that guarantees the existence of the horizontal limiting measure in
question, and asserts it is not random if and only if the spectral measure
is continuous or consists of a single atom. Then we prove a counterpart of
this theorem for a natural class of Gaussian analytic functions which have
a symmetry with respect to the real axis.

For this purpose, we developed a general Edelman-Kostlan-type formula
for computing the average zero-counting measure of zeroes of a symmetric
Gaussian analytic function in some domain (see Theorem [2| below). This
result extends those of Shepp and Vanderbei [43], Prosen [39] and Macdonald
[29].

1.1.1 Gaussian Analytic Functions

We deal with two classes of random Gaussian analytic functions.
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Definition 1.1.1. Let D C C be a domain, and let {pp }nen be analytic func-
tions in D such that the series Y., |bn(2)|? converges uniformly on compact
subsets of D.

1. Let a, be independent standard complexr Gaussian random variables
(an, ~ Ng(0,1)). The random series Yy, an¢n(z) is called a Gaussian
Analytic Function (GAF, for short).

2. Let by, be independent standard real Gaussian variables (b, ~ Ng(0,1)).
If the domain D and the functions ¢, are symmetric w.r.t. the real

azis (the latter means that ¢(Z) = ¢(z), z € D) then the random series
> 0 bndn(z) ts called a symmetric Gaussian Analytic Function.

Our assumptions on {¢, } ensure that the sums above a.s. converge to an
analytic function in D [22 Chapter 2|. Throughout this thesis we assume
that there is no zp € D such that ¢,(z9) = 0 for all n € N (hence the
function f has no deterministic zeroes).

The covariance kernel of f(z) is defined by

K(z,w) = E(f(2)f(w)) = ) ¢u(2)dn(w). (L.1)

The function K(z,w) is positive definite, analytic in z, anti-analytic in
w, and obeys the law K(z,w) = K(w,z). It turns out that every such
function K(z,w) of two variables z,w € D uniquely defines a GAF in D.

If in addition K(x,y) is real whenever z,y € D N R, then K(z,w) also
uniquely defines a symmetric GAF with this kernel. We stress that a GAF
and a symmetric GAF with the same kernel are different random processes.

1.1.2 Stationarity

We assume our domain is the A-strip D = Da = {|Im 2| < A} with 0 <
A < oo.

Definition 1.1.2. A GAF or a symmetric GAF in a strip Da is called
stationary if it is distribution-invariant with respect to all horizontal shifts,
n.e., foranyt € R, anyn € N, and any 21, ..., 2z, € D, the random n-tuples

(f(zl)v"'vf(zn)) and (f(zl+t)a"'af(zn+t))

have the same distribution.
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If f(z) is stationary in the A-strip, then
K(z,w) =r(z —w)

for some analytic function r : Doa — C. E|
Since 7(t) is continuous and positive-definite, it is the Fourier transform
of a positive measure p (Bochner’s Theorem):

r(t) —/Re%it)‘dp()\).

The measure p is called the spectral measure of the process f(z).
Since r(t) has an analytical extension to the 2A-strip, p(\) has a finite
exponential moment [27, Chapter 2J:

for each A1 < A, / 2281 gp(\) < o0, (1.2)

In fact, condition (1.2)) is also sufficient for r(¢) to have an analytic ex-
tension to the 2A-strip. Therefore, beginning with a finite positive measure
p obeying (|1.2]), we can construct a kernel by

K(z,w):/ReQ”i(z_w))‘dp()\). (1.3)

which defines in its turn a stationary GAF in the A-strip.

What measures could be spectral measures of a symmetric GAF? As we
mentioned earlier, a kernel K (z,w) defines a symmetric GAF if and only if it
is real for z,w € R; By relation this is equivalent to p being symmetric
with respect to the origin.

Finally, we mention that a random GAF or symmetric GAF may be
constructed, as follows, from its spectral measure p. If {1,,(2)}, comprise
an orthonormal basis in L%(R), then their weighted Fourier transforms

bn(2) = Tn(2) = / RN, (\)dp()

ndeed, define r(z) = K(z,0). Since K(z,w) is assumed to be analytic in z, r is
analytic in Da. Now by stationarity, for z,y € R the covariance E(f(z)f(y)) depends on
(z — y) only, so that K(z,y) = K(z — y,0) = r(z — y). Similarly, K(z,t) = r(z —t) for
any z € Da and t € R. Now, as K(z,w) is analytic in w and agrees with r(z — w) on an
open set, we conclude that » may be extended to Daa and that K(z,w) = r(z — w) for
any z,w € Da.
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comprise a basis in the Hilbert space F{L>(R)} (the Fourier image of L2(R)
with the scalar product transferred from L%(]R)). One easily checks that

r(z =) =Y ¢n(2)én(w).

Therefore, when used in Definition the basis {gbn} will result in a
random function with the desired kernel.

1.2 Results and Discussion

1.2.1 Main Theorem
It will be convenient to introduce some notation:

Notation 1. (zero-set, zero-counting measure) Let D C C be a region, and
f a holomorphic function in D. Denote the zero-set of f (counted with
multiplicities) by Z, and the zero-counting measure by ny, i.e.,

Vo CED), [ o) = Y ole).
D ZGZf
We use the abbreviation ns(B) = / dn¢(z) for the number of zeroes in a
B
Borel subset B C D.
Notation 2. Let y € (—A,A). For a stationary GAF or symmetric-GAF
in DA with kernel K (z,w), denote

P(y) = K(iy, iy) = / h e A dp()) .

—0o0

In the case of a GAF, define the function

_d (W) d AT T p()

In the case of a symmetric-GAF, define for y # 0 the function

S(y) = = V' (y) _d JZo et dp(N)
dy \ 4m\/1(y)* — 1(0)

K ¢ (e~ (1%,

(1.5)
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and the positive number

1 o) 2 A dp(Y)
~Ar | 9(0) _2\/ oo dp(n) 0

Finally, a stationary GAF is degenerate if its spectral measure py consists
of exactly one atom. Similarly a stationary symmetric GAF is degenerate if
py consists of two symmetric atoms (i.e., py = ¢(d4+0—4) for some ¢, q > 0).

The following theorem is our main result. Denote by m; the linear
Lebesgue measure.

Theorem 1. Let f be a stationary non-degenerate GAF or symmetric GAF
in the strip Da with 0 < A < co. Denote by vy the non-negative locally-
finite random measure on (—A, A) defined by

vi(Y) = %nf([o,T) X Y), Y C (<A, A).

Then:

(i) Almost surely, the measures vy converge weakly to a measure vy when
T — o0.

(ii) The measure vy is not random (i.e. varvy(I) =0 for every interval I)
if and only if the spectral measure py has no atoms.

(iii) If the measure vy is not random, then:

vy = Lmy, if f is a GAF,
vy = Smi+ Rdo, if f is a symmetric-GAF,

where &g is the unit point measure at the origin.

The measure vy is referred to as “the horizontal limiting measure of
the zeroes of f”, or simply “the limiting measure”. In the discussion and
examples that follow, we assume the normalization ¢(0) = [, dp()\) = 1.

Remark 1.2.1. The limiting measure vy might have atoms. Generally
speaking, the weak convergence in the theorem guarantees that vy r([a,b))
converges to v¢([a, b)) for all a,b € (—A, A) with a possible exception of an
at most countable set, which corresponds to atoms of the limiting measure
vy. Yet, due to stationarity, in our case the limit exists on all intervals. We
prove the following result:
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Proposition 1.2.1. Almost surely, for any a,b € (—A,A), we have:

lim Vf,T([av b)) = Vf([aa b))

T—o0

The proof is included in Section and may be easily modified to apply
to any type of interval (i.e., (a,b], (a,b) or [a,b]). Notice that in particular
for any a € (—A,A), a is an atom of vy if and only if it is an atom of vy
for large enough T

Remark 1.2.2. The part of the theorem pertaining to GAF's extends the
aforementioned Wiener’s theorem. In his work, Wiener assumed that the
spectral measure p has the L?-density dp(\) = |¢(\)|2d), that satisfies con-
vergence conditions:

For any |y| < A,

/ T (1422 1B+ iy)Pde < oo,

—Oo0
and

/_OO 1+ 2?) |(g/i)\)’(x + iy)|*dz < oo.

As above, ¢ is the Fourier transform of ¢. Under these assumptions, Wiener
proved that the limiting measure v; exists and equals Lmj, where L is

defined by (T4).

Remark 1.2.3. (atomic spectral measure)
Consider a spectral measure consisting of two atoms:

1
pP= 5(5—q + ) -

The corresponding GAF is f(z) = (C1e™ 27197 4 (5¢2™14%) /\/2, where (1, (2 ~
Nc(0,1), independently. The zeroes of such a function are

1 G |G

zr = — |arg(=) 4+ 27k — it log | =

img |G *la

We see that all zeroes lie on the same (random) horizontal line, equally

spaced upon it. The height of this horizontal line is a non-degenerate random

variable, and so in this example v is indeed random.

], keN.

For symmetric GAFs, the spectral measure above is degenerate (all ze-
roes of the corresponding function are real). We mention that it is possi-
ble to construct a random analytic function with continuous spectrum, for
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which an arbitrarily close to 1 asymptotic proportion of zeroes lie on the
real line. For this, choose a continuous symmetric spectral measure, suffi-
ciently close (in the weak sense) to the degenerated measure (61 +0_1). As
a concrete example, consider the symmetric GAF f. with spectral density
ﬁ(]l[_l_&_lﬁ] + W};_¢,14¢)). Using Theorem (1| and Proposition one
may compute that if € is small enough, f. has, in average, 99% of its zeroes
in a long rectangle lying on the real line.

Remark 1.2.4. (behavior near the boundary and near the real line.)
We observe that S(y) and L(y) have the same asymptotic behavior as y ap-
proaches the boundary +A. Therefore, zeroes of a GAF and of a symmetric
GAF with the same kernel behave similarly near the boundary of the domain
of definition.

For a symmetric GAF, we observe a “contraction” of the zeroes to the
real line: there are zeroes on the line itself, but they are scarce as we ap-
proach it from below or above (see figure below). This is confirmed by
a straightforward computation, which shows that S(y) = O(y), as y — 0.

1.2.2 Expected Zero-Counting Measures

In part (iii) of the theorem, the limit v¢(a,b) is actually the expectation
En ([0, 1] x[a, b]). In order to calculate this quantity in the GAF case, we use
the following classical formula, which appeared in Edelman and Kostlan’s
joint work on random polynomials [I3]. Several proofs of this formula are
known ([22, Chapter 2]).

Theorem. (Edelman-Kostlan formula) For a GAF' f with covariance kernel
K(z,w), the expected zero-counting measure is given by

Eldns(2)] = i Alog K(z, z). (1.7)

This should be understood as equality of measures in the following sense:
for any compactly supported h € C*°(D),

1
IE/Dh(z)dnf(z) = 47T/h(z) Alog K (z, z)dma(z).

Here and throughout this chapter, ms denotes the planar Lebesgue measure.

The proofs of this formula depend inherently on the fact that f(z) is a
compler Gaussian random variable for all z, which fails for the symmetric
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GAF. To that end, we prove the following result, that extends previous
results by Shepp and Vanderbei [43], Prosen [39] and Macdonald [29].

Theorem 2. For a symmetric GAF f on some region with covariance kernel
K(z,w), the expected zero-counting measure is given by

1
Eldn ()] = - Olog (K(2,2) + VEG, 2P = [K(z2)P), (1)
where the Laplacian is taken in the distribution sense.

Notice that stationarity is not assumed in the last two theorems. More-
over, this formula combines information about real and complex zeroes.

1.3 Examples

1.3.1 Paley-Wiener Process (Sinc-kernel Process)

Consider the spectrum

1
dpa(A) = 7X[—a,a](>\)d>‘a a>0.

2a
Condition (1.2)) holds for any A > 0, so the sample function f is entire. The
kernel is:

K(sw) = sin(2ra(z — w))

2ra(z — W) =r(z-m)

A base for construction of the GAF (in the sense of definition |1.1.1)) is

sin(2maz)

¢n(2) = n € 7.

- M
2maz — nw

This example yields a surprising construction of a random series of simple
fractions with known poles and stationary zeroes: Take for instance a = 1.

Our function is ( )
sin(2mwz
f(2) = Z n 2z — nmw
nez

where {a,} are independent Gaussian random variables. Almost surely,
Zy N 3Z =0, so we may divide by sin(27z)/m and get the random series

g(z)=>_ QZaf ~.

ne’
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The poles of g are known (and lie on a one-dimensional lattice), but its
zeroes are a random set invariant to all horizontal shifts!

Using Theorem [If for p,, we get that the zero-counting measure has the
following density of zeroes:

Similarly, the symmetric GAF with the same spectral measure has the
continuous density of zeroes

y , d [coshy— %
50 (2L) = ame? (2T
dra dy \ \/sinh?y — 32
plus an atom at y = 0, of size

a
R=—.
V3

Figure represents the graphs of the continuous densities for the
parameter a = ﬁ.

1.3.2 Fock-Bargmann Space (Gaussian Spectrum)

Set, )
dpa(\) = ——e /2% g\ .
Pa(A) P ,  a>0

Once again, f is entire (i.e., A = 00). The Fourier transform of the measure
is

1 X 19 9 . 9 9.9
T(Z):a - e Aa eZﬂzAzd)\:e aﬂ'z’
—00

therefore the covariance kernel is:
K(z,w) = gm0’ (=),

This space has an orthonormal basis of the form %6*022, where b = \/5%

a?

and ¢ = —75.
In this model, the density of zeroes is constant:

L, (L) = 2ma’.
2ma
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-15 -10 -5 0 5 10 15 -10 -5 0 5 10

(a) Paley-Wiener (b) Fock-Bargmann

N

-02 -01 0.0 01 02

(¢) exponential spectrum

Figure 1.1: Horizontal density of zeroes for GAF and symmetric GAF mod-
els with the same kernel. In each model, the lower graph represents the
continuous component of the mean zero-counting measure for the symmet-
ric GAF (the atomic part is an atom at y = 0, which is not graphed). The

upper graph represents the continuous (and only) part of this measure for
the appropriate GAF.
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This is the only model with Lebesgue measure as expected counting
measure of zeroes. For more information about this model and why the
distribution of zeroes determines the GAF, see the paper [46], the book [22]
Chapters 2.3, 2.5], or the papers [48], [33] and [32].

However, for the real coefficients case the continuous part of the limiting
measure has density

y2
s, (L) PN
2ma dy e2y® _

and the atom at y = 0 is of size v/2a.

Both continuous densities are graphed in[1.1(b)|for the parameter a = ﬁ.

1.3.3 Exponential Spectrum

Consider a symmetric measure with exponential decay, for instance

1
dp(A) = sech(m\)d\ = —————=dA\.
p(A) = sech(mA) cosh(m\)
Here r(z) = sech(rz) as well. This model is valid in the strip —1 < Im(2) <
%. Here
™
Lly) = ——.
) cos?(2my)
For the symmetric GAF in this model, we have
7| sin(27y)|
Sly) = ———%.
) cos?(2my)

We see that the zeroes concentrate near the boundaries of the region of

convergence (figure [1.1(c))).

1.4 Theorem[2; Zero-Counting Measure for a sym-
metric GAF

In this section we prove Theorem [2| Similar formulas were proved in specific
cases. Our proof follows Macdonald [29], who has considered random poly-
nomials (also in the multi-dimensional case). A novelty is in the extension
of his result to arbitrary symmetric GAFs.

Recall that for any analytic function f (not necessarily random) in a
domain D we have

1
nf:%Alogm.
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This is understood in the distribution sense.
Using this for our random f, we would like to take expectation of both
sides, to get:

B | [ nins()] =8 |5 [ sn) sl e)idm(e)| -

(1.9)
% /X Ah(2)E [log | £(2)]] dma(2),

where mo denotes the Lebesgue measure in C. The last equality is justified
by Fubini’s Theorem, as we show at the end of this section. Thus we can
conclude that (in the weak sense):

1
E(dny) = %AElog]ﬂ. (1.10)

Let us return to our setup: f is a random function generated by a
basis ¢r(z) of holomorphic functions, each real on R, and such that the
sum Y, |¢r(2)|? converges locally-uniformly. Denote ¢ (2) = ug(2) +ivg(2)
where uy, v are real functions. Our random function is decomposed thus:

f(z)= Z brdr(z) = Z brug(z) + i Z brug(z) = u(z) + iv(z),

where by, ~ Ng(0,1) are real Gaussian standard variables. (u(z),v(z)) have
a joint Gaussian distribution, with mean (0,0) and covariance matrix

mo (gt X ),

Lemma 1.4.1. The above matriz ¥ has two positive eigenvalues Ao > A\
obeying:
K(z,2) £ |K(2,2)|

2

where K (z,w) =Y ¢r(2)pr(w) = Y op(2)or(W).

Proof. For any complex number ¢ = u + v, we have:

Aol =

W = 2 (162 + Re(8?) , v* = 5 (18 ~ Re(¢?) , wo = ;m(#?).

Applying this, we can rewrite X as

> = < %(Z“bkﬁ‘i‘RGZ(ﬁi) %Imz¢i >
3Im 3" 7 Lok —Re X ¢2) )
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and then calculate its determinant and trace:

Mds = det = 1 (O I6u)? = (Re (602 — (1m 3_(6))?)

(K2~ K 2)P),

AL+ Ag = trace £ =) |¢]* = K (2, 2).

(1.11)
The lemma follows. O

Using the law of bivariate-normal distribution, we get:
log(v/22 + y2)e 2 @WET @D 4o gy (1.12
s L ooV v 112
log(v/22 + 32 —3 AT 2?05 ) 1 g
27r\/det //R2 3 ve v

Applying to the last integral the change of variables x = uy/A1, y =
Ao, with Jacobian /A1 As = V/det X, we have

Ellog|f(2)|] = % //R2 log(V/A1uZ + Agw2)e™ )20y duy.

Now, changing to polar coordinates u = rcosf, w = rsinf, we get:

Ellog |f(2)]] =

2m
Ellog|f(2)|] = % / log(v/A1 cos? 6 + Mg sin 6) df + C,
0
where C' is a constant which does not depend on the point z (i.e., is inde-
pendent of A\; and A2). In the following, we write C' for any such constant
(which may be different each time we use this symbol). These constants will
vanish when we apply Laplacian (recall )
So, the integral we should compute is:

2m
/ log‘\/xcosﬁ—l—i\/rgsinﬁ‘ ;ij
0

27 ; \/7 f de
zlog(\/EJr\/E)Jr/o log |e%? + e b

The remaining integral is computed easily by Jensen’s formula for the

: _ 2 EREVONEIOY)
function g(z) = 2° + ¢, where ¢ = NATERYs wilS 1. Indeed, it has two zeroes

in the unit circle, denoted a; and as, and so:

+C.

do
/0 log | ¢ + ¢| 57 = 1o |g(0)|~los |~ log |as] = log|e|~2log /I = 0.
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Recalling ((1.10|) and using the relations ((1.11]), we arrive at
A1
Eldny (2)] = o 5 log <)\1 NV \/4)\1)\2>

_ ﬁ Aog (K(2.2) + VE(z 2 ~[K(z2)P)

1.4.1 Justification of (|1.9)

We must show that the following integral converges:
1
or [ 140 - Ellog £ (2)] [dmaa)
TJX

It is enough to prove that E|log|f(z)|| is bounded on a compact subset
S of the plane. Given z, f(z) is a 2-dimensional real Gaussian variable with
parameters noted above, so we get

1 1y=1.2,y-1 2
1 2 4 2 e— 2 AV .
s [ Nlee(/a e wdy

As before, A1, Ao are the eigenvalues of ¥, dependent on z. By another
change of variables (z = uv/ A1, y = wy/\2) we get:

Ellog|f(2)[| =

1
Ellog|f(2)ll = - / / [Tog(Aru? + Agw?)|e~“+)/ 2qy du.

Fix z, and assume A; < Xo. Let us split the integral into two domains:
Q, = {(u,w) € R? : log(A\u? 4+ Aw?) > 0} and Q_ = {(u,w) € R? :
log(A1u? + Xaw?) < 0}.

Then, on Q2 we estimate 0 < log(Au? + Xaw?) < log(A2) +log(u? +w?).
From here clearly the integral on Q4 is bounded by Cy + Cjlog As. By
lemma X2 = 3(K(z,2) + |K(2,%)|) is a continuous function of z, and
therefore is bounded on our compact set S.

For (u,w) € _ notice that 0 > log(A\ju? + Aow?) > log(A1u?), therefore:

// [ log(A1u? + Aow?)|e™ ")/ 2y dw <
Q_

// (|log(A1) + log(u2)|)e_(“2+w2)/2du dw < Cy + Cq]log \p].
Denote m = min{\;(z) : z € S}. If m = 0, this leads to K(zg,20) =0

for some zg € K, but this means zg is a deterministic zero. Therefore m > 0
and |log A1| is bounded from above.
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1.5 Theorem [1} Horizontal Limiting Measure

1.5.1 Preliminaries

We present the probability space of our interest, equipped with a measure-
preserving transformation. We explain the notion of ergodicity in this setup.
The probability space €2 is a countable product of copies of C, with
P being the product of complex Gaussian measures (one on each copy).
These copies represent the random coefficients in the construction of f:
each w = {an}n € Q corresponds to a function f,(z) = > anon(2). Fyis
the Borel o-algebra generated by the basic sets {w € Q : f,(z) € B(w,r)},
where z € D,r > 0. Here B(w,r) = {p € C: |p —w| < r}. The group of
automorphisms S; shall be defined via the correspondence w < f,:

fsw(2) = fu(z +1).

The map S; is measure-preserving, since we assumed that f is stationary.
Thus, we will say the random process f(z) is ergodic, if any measurable set
A € Fy which is invariant to all translations (S;A = A, Vt € R) is in fact
trivial (PA € {0,1}).

In a similar way, one can define when is the zero-set Zy ergodic (it is
itself a random point-process in the plane). The space 2, the measure P on
it and the automorphisms {S;} are just as before. Now, the o-algebra Fz,
is generated by the basic sets {w € Q: Zy N B(z,7) # 0} with z € D,r >
0,B(z,7) C D. Regarding this definition and other basic notions on point
processes, see for instance Chapter 1.2 in the book [22].

Corollary 1.5.1. Ergodicity of f implies ergodicity of Zy.

Proof. 1t is enough to prove Fz, C Fy. Let A be a countable dense set in
C. Basic sets of ]-'Zf can be written as

1
{Z, N B(z,r) # 0} = U ﬂ U {fw(p)€B<0,n>},
meN neN pGAﬂB(z,rf%)
which is indeed in F;. d
We will use the following classical result:

Theorem 3. (Fomin, Grenander, Maruyama) A stationary GAF (symmet-
ric or not) is ergodic w.r.t. horizontal shifts {f(z) — f(z + t)}er if and
only if its spectral measure p has no atoms.
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This theorem was originally proved for real processes over R (see for
instance Grenander [20]), but small modifications extend it to a strip in the
complex plane for both types of functions (GAFs and symmetric GAFs).

1.5.2 Existence of the horizontal limiting measure (state-
ment (i))

As above, for T' > 1, let v be the random locally-finite measure on (—A, A)
defined by:

0, 7)xY
I/T(Y> = Vf,T(Y) = W, Y C (—A, A) (113)
In this section we show that a.s. the measures vy converge weakly as 1" tends

to infinity. First, we assume that T tends to infinity along positive integers.

In this case, we use the subscript N instead of T. By a known theorem
(see for instance, [2I) section 2.1]), a sequence of measures vy converges
weakly to some measure if and only if the sequence of real numbers vy (h)
is convergent for every h € C§°(—A, A). It suffices to check whether vy (h)
is convergent for all h € M, where M C C§°(—A, A) is a dense set of test-
functions, and we may choose M to be countable. Given a test-function
h € M, denote by Aj the event that vy(h) is a convergent sequence of
numbers. To prove our claim it suffices to show P(Ay) = 1 for every h € M.
Note that vy(h) = (X1 + Xo + -+ + Xy), where

X; = Xy (h) = / Ly 1) (2)h(y) dng (2, y) (1.14)

is a stationary sequence of random variables.
The random variables X}, are integrable. This follows at once from an
Offord-type large deviations estimate [22, Theorem 3.2.1]:

Theorem 4 (Offord-type estimate). Let f be a GAF or symmetric GAF
on a domain D. Then for any compact set K C D, the number ny(K) of
zeroes of f on K has exponential tail: there exist positive constants C' and
c depending on the covariance function of f and on K such that, for each
A>1,

P{n;(K) > A} < Ce™.

(This theorem is stated and proved in [22] for GAF's, but minor modifi-
cations are needed to verify it for symmetric GAFs.)
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Therefore, we can apply the Birkhoff theorem [9, chapter 7]. It yields
that the limit + (X1 +Xo+- - -+ Xy) almost surely exists, and so P(4;) = 1.
This completes the proof of the weak convergence of the sequence vy.

Now, we consider the general case in statement (i). Let 7' > 1, and let
N = [T] be the integer part of T'. Then

N 1

vrlh) = v () + [ Uy @h(w) dng(.3)

=:Rr(h)

We show that a.s. the second term on the right-hand side converges to zero
for all bounded compactly supported test functions h. It suffices to prove
this for all bounded test functions supported by an interval [—Aj, Ay] with
an arbitrary 0 < A; < A. We have

R < P (1NN +1) < [-AnA4)).

Employing the Offord-type estimate with K = [0,1] x [-A1, A;] and using
translation-invariance of the zero distribution of f, we see that for each
e >0,

]P’{ TLf([N,N+ 1] X [—Al,Al]) > ET}
=P{ns([0,1] x [-A1,A1]) > T } < Ce N

Hence, for each M € N,
[o.¢]
P{limsup |Ry(h)| > e|lh]s} < ZCe_CEN =C(1—e ) tegme=M
T—o0 M

and we conclude that a.s.

lim Rp(h) =0

T—oo

for all smooth compactly supported test functions h. This completes the
proof of statement (i) in Theorem O

1.5.3 Non-random limiting measure (statement (iia),(iii) )

Here we will prove that if the spectral measure py has no atoms, then the
horizontal mean zero-counting measure vy is not random, which is half of
statement (ii). We then compute the limit v, which is statement (iii).
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Assume the spectral measure p is continuous. By Theorem (3| (Fomin-
Maruyama-Grenander) we get that f is ergodic, and by corollary SO
is Z¢. Using the notation introduced in the proof of statement (i), we get
that for any smooth test function h, the stationary sequence of random
variables X (h) introduced in is ergodic. In this case the Birkhoff
ergodic theorem asserts that, a.s.,

N—o0 N—oo

N—
lim vy (h) = lim < Z =EXo(h).
k=0

Therefore, the horizontal mean zero-counting measure is non-random, and
equals

EXo(h) :E/ﬂ[o,l)(l’)h(y) dng(v,y) = /B[O,l)(x)h(y) Edny(z,y),
where Edng(x,y) is the mean zero-counting measure. For a GAF, we com-

pute it directly by Edelman-Kostlan formula (1.7)); while for a symmet-
ric GAF we use the formula (1.8) (in Theorem . As before, denote

Y(y) = /_00 e ™A dp(\). Note that
K(z,9)= [ &dp(t) = b(y), and

K(22) = / 2R p(1) = / dp(t) = $(0),

where z = z +dy. Putting this into (1.8]), we get the first intensity of zeroes:

1 ST IR ¥(y)
By = gz o8 (V) + ?) = 4ﬂdy¢—

For any y # 0, this is a derivative in the functional sense, which equals S(y).
At y = 0, the function is not defined; but the limits

lim Y'y) = — lim V() =
v=0+ dmy/h(y)2 —(0)2 v=0— A/ (y)? — ¢(0)?
V' (y)

exist. This follows from being an odd function, increasing in

Y(y)?2—(0)?
€ (0,A). So, in order to compute En; we take the required derivative
in the distribution sense, which yields the continuous point-wise derivative

S(y) (for y # 0) plus an atom of size 24 at y = 0.
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In order to compute A let us write this limit again, and apply L’Hopital’s
rule:

47A = lim w’(y)
y=0+ /1h(y)? —(0)?
V() Vw)? —9(0)2 1
=, D(y) - ¥'(y) = Umeg

JZo A2dp(N)
JZo dp(N)
ments of the spectral measure. We conclude that A = /&, and therefore

the atom has twice this size.

where & = is the ratio between the second and the zero mo-

1.5.4 Random limiting measure (statement (iib))

In this section we prove the second half of (ii). We present the proof for
symmetric GAFs, since it is slightly more involved. We assume that the
spectral measure has the form

pf = Cél] + 65—q + M,

where p is a non-trivial measure. Our goal is to show that the horizontal
mean zero-counting measure of some segment v¢(a, b) is a non-constant ran-
dom variable. We may assume that ¢ =1 and ¢ = 1 (if ¢ = 0 the analysis is
easier).

Since L,%(R) is the direct sum of L3 5 (R) and Li (R), a union of any
orthonormal bases in these subspaces is an orthonormal basis in L%(R). By
the remark at the end of section [I.1.2] after applying Fourier transform on
this union we get a basis ¢, (z) from which a GAF with spectral measure p
can be constructed. This gives the representation

f(z) = g(2) + acos(2rz) + Bsin(2mz),

where g(z) is a symmetric GAF with spectral measure p and «, 8 ~ Ng(0,1)
are real Gaussians, independent of each other and of g. We write for short
n(z) = na,p(z) = acos(2mz) + Bsin(27z).

Fix a,b € (—A,A). Denote the number of zeroes of f in [0,7] x [a,b)
by Nr(g,a, 8) = 4z € [0,T] x [a,8) : g(=) = —a,5(2)}.

Assume to the contrary that there is some constant C' (depending on a
and b) such that

N
a.s. in o, 8, 3 lim M

Jim = =C. (1.15)
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Here we denote by Py and E, the probability and expectation (respec-
tively) conditioned on «, 5. We claim that:

NT(gva’B) ]EgNT(gaa,ﬂ)

By i, =g e (L9

This exchange is justified by the dominated convergence principle, as
seen by the following Offord-type estimate:

Proposition 1.5.1. Let g be a symmetric stationary GAF on a horizontal
strip, o and B are fived real numbers. There exist positive constants C' and

¢ such that:
(NT(97 a, /8)

sup P, T

> s) < Ce
T>1

This fact is proved in Section [1.7] below.

Next we claim that the right-hand side of is just E4N1(g, @, 5).
To see this, notice that for integer 7', Nr(g,«, ) is the sum of T iden-
tically distributed random variables, all distributed like Ny(g,«, ). This
follows immediately from the stationarity of g and 1-periodicity of 74 g(%).
Therefore, for integer T,

1
T EgNT(g7 «, /8) = EgNl(gu «, B)
For non-integer T', denote M = |T'|. Since
Eg N, = E#{z € [M,T] x [a,b) : g(2) = —na,p(2)} <EgN1 < o0,

it follows that for non-integer T,

E,N E,Ny M EgN
lim -2 2 r(9,,f) = lim ( g M Wl [M’T]) =E¢Ni(g, @, B).

T—o0 T T—o0 M T T
(1.17)
Combining (1.15)), (1.16) and (1.17)) we have:
a.s. in o, 3, EgN1(g,a,B) =C. (1.18)

We divide the rest of our argument into three claims.

Claim 1.5.1. The function (o, ) — E¢Ni(g, o, ) is continuous at the
point (0,0).
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Claim 1.5.2. For any compact set K C D, let N(g,«, 8; K) be the number
of solutions to g(z) = —na,p(z) with z € K. Then

E9N<gv a, B; K) - ncos(27rz)(K) as ‘Oé| — 0.
Here neos(2rz) 18 the zero-counting measure of cos(2mz).

Relying on the last claim and (1.18)), we get that
EgNi(g, , B) = 260([a, ) (1.19)

for almost all o, 8. Since EgNi(g,«,3) is continuous at (a,3) = (0,0)
(Claim [1.5.1)), equation (1.19)) is true for («, 8) = (0,0). The following claim

asserts this happens only for one family of symmetric GAFs:
Claim 1.5.3. If for — A <a<0<b< A,
EyN1(g,0,0) = Eng([0,1) x [a, b)) = 2b0([a, b)),
then the spectral measure of g is %(51 +0_1), up to a constant multiplier.

From this last claim it follows that the spectral measure of f consists
only of symmetric atoms at +1, which contradicts our assumption.

It remains now to prove the claims. In the course of their proof, we
justify the exchange of limits and expectations by the following

Proposition 1.5.2 (Offord-type estimate for sine-like levels). Let g be a
symmetric GAF on a domain D, and let o and 5 be fized complex num-
bers. Then for any compact K C D, the number N(g,c«, 3; K) of solutions
to g(z) = —nap(2) with z € K has exponential tail: There exist positive
constants C' and ¢ such that

P(N(g,o, 8; K) > s) < Ce™ .

The proof of the last proposition is similar to that of Proposition [1.5.1
and is also included in Section

Proof of Claim[1.5.1 First, observe that the event of g having a zero on the
boundary of [0, 1] x [a, b] is negligible, since the expectation of the number
such zeroes is zero (this expectation, computed using Theorem [2} is zero on
any line except the real line).
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Using this, it follows that almost surely in g, Ni(g,«,3) approaches
Ni(g,0,0) as (a, B) approaches (0,0). By Proposition we may pass to
the limit:

lim  E¢Ni(g,,60) = lim /Pg(Nl(g,a,Bo) > s)ds =

(a,8)—(0,0) (a,8)—(0,0)
/ah_{go Py(N1(g, v, fo) > s)ds = /Pg(Nl(gyoéo,ﬁo) > s)ds = E4(N1(g, ao, 5o))-

O]

Proof of Claim[1.5.3 Fix B and g. For any a # 0, the zeroes of

+ Bsin(27z)

2
5 + cos(27z)

ha(2) = 9(2)

and of f(z) = g(2) +na,8(%) are identical. Now notice that h,(z) converges
locally uniformly to cos(27z) as @ — oo (i.e., uniformly on any compact
set). By Hurwitz’s Theorem, this implies that the zero-counting measures
also converge locally uniformly, in the sense that for any compact K C D,

lim Nhg, (K) = Ncos(272) (K)

a—0o0

By the bound in Proposition this almost sure convergence in g yields
moment convergence:

Egnhcx (K) — ncos(27rz) (K>, as o — OQ.
OJ

Proof of Claim[I.5.3 Suppose the spectral measure is normalized, so that
¥(0) = Jpdp(X) = 1 (else, multiply it by a constant). The premise and
Theorem 1| give two conditions on ¥ (y) = K (iy, iy):

=c, R=2 /)\de()\):2,
R

for some constant ¢ € R. Solving the left-hand side ordinary differential
equation, and using ¥ (0) = 1, we get ¥ (y) = cosh(cy). Since 9 is a Laplace
transform of p, we get p = %(5C/QW+5,C/QW). But the right-hand side equation
is satisfied only if ¢ = 2. O
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1.6 Convergence on all intervals

In this section we prove Proposition We use the notation developed
in section For any point in the probability space w € €2, let vy be
the sequence of measures introduced in , for integer T'= N (the non-
integer case follows just as in the proof of part (i) of Theorem [l and will
not be discussed).

Define the set

C={weQ: (Vy)n converges weakly}

Notice that by part (i) of Theorem [I} P(C') = 1. From general measure
theory, one can deduce that almost surely, v%([a, b)) converges to v*([a, b))
for all a, b out of a countable exceptional set. This exceptional set is the set
of atoms of v (which might be random). We thus turn to define

A={weQ: A}im vy{a} = v*{a}, for each atom a of ¥} C C.
—00

Claim 1.6.1. A is measurable with respect to Fy.

The proof of this claim will be presented in the end of this section. Our
next goal would be to prove:

Claim 1.6.2. P(A) = 1.

Our main tool will be the Ergodic Decomposition Theorem (proved, for
instance, in [Il, chapter 2.2.8]):

Theorem 5 (Ergodic Decomposition). Let (Q, F,P) be a standard Borel-
space, equipped with a measure preserving transformation S :  — €. Then
the set ES(Q) of ergodic probability measures on Q is not empty, and there
exists a map B : Q — E%(Q) such that for any measurable set A € F the
following holds:

Q—[0,1]
w i Bu(A)

1. the map { is measurable.

2. B(A) = [y fu(A)dP(w).
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Proof of Claim[1.6.4 The stationary system (Q, Fz,,P,S) defined in sec-
tion and the set A defined above meet the requirements of the Ergodic
Decomposition Theorem. Therefore, in order to prove our claim it is enough
to show that

Yy e B5(Q),v(A) = 1.

Fix an S-ergodic measure . Since A is an S-invariant set, we get
v(A) € {0,1}. Moreover, the event {v* has an atom in the interval I} is
also invariant, for any interval I C (—A,A). Therefore, y-a.s. the limiting
measure v* has atoms at some known points (a,)neny C (—A, A).

For a certain atom a = a,, define the stationary sequence:

Xi(a) =ng([k, k+1) x {a}),
and notice that
| Nl
vy{a} = N Z Xk (a).
k=0
As v is ergodic, we have by Birkohff’s ergodic Theorem:
v-a.s. vy{a} converges to Eyn([0,1) x {a}) = v“{a}, as N = o0

Since there are at most countably many atoms, we get y(A) = 1. O

We now know that P-a.s., the sequence vy is weak convergent and con-
verges on any atom of the limiting measure (to the desired limit). A general
claim from measure theory will assure us that in this case, v5 converge on
any interval:

Claim 1.6.3. Suppose (vN)N s a weak-converging sequence of measures on
some interval I, and let v be the limiting measure. If ]\}im vn{a} = v{a}
— 00

for every atom a of v, then A}im vn(J) =v(J) for every interval J C 1.
—00

Proof. We demonstrate the case J = [a,b), where v has no atom at b (other
cases are similar).
Given ¢ > 0, one can construct piecewise linear functions ¢*, ¢~ € C(I)
such that:
Y, ¢~ (x) < Tigpy < Nigpy () < 07 (), (1.20)

and additionally
0<v(e?)— (v(i¢7) +v{a}) <e
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(For instance, for large enough parameter n, take ¢ supported on [a —
%,b + %], equals 1 on [a,b] and linear otherwise; ¢~ supported on |a,b],
equals 1 on [a+ 2,b— 1] and linear otherwise).

By applying the measure vy to relation (1.20]), we get:

vn(¢7) +vv{a} <vn(la,b)) < vn(6T)

But, from our assumptions, for large enough N we have
v(¢”) +r{a}l —e <wn(la,b) <v(p") +e

As the difference between those bounds does not exceed 3¢, we see the limit
limy 00 v ([a, b)) exists. Since v(¢T) is as close as we want to v([a,b)), we
are done.

O

It remains only to prove the measurability of A.

Proof of Claim[1.6.1. We first investigate some underlying objects. Denote
by P = P(—A,A) the space of all locally finite measures on (—A, A) in-
duced with the Lévy - Prokhorov metric (for which convergence in metric is
equivalent to weak convergence):

m(pu,v) :=inf{e > 0| VY € Bu(Y) <v(Y®)+e and v(Y) < u(Y®) + ¢},

where B is the sigma-algebra of Borel subsets of (—A, A), and Y = Upey B(p, €)
is an e-neighborhood of Y.
We claim that the map

w— () =ns([0,1) x:)e P

is measurable; in fact, it is continuous (A small change of the coefficients
w = (a1, asz,...) in I% sense will yield a small change in the counting measure
of zeroes 14’ in Lévy - Prokhorov sense).

Now consider the space X = PN of sequences of measures with the
product topology. Notice that the map Q@ — X defined by w — {v\}
is measurable, as each coordinate is measurable; Moreover, its image lies
almost surely in the (measurable subset) of weak converging sequences. The
map C' — P which takes a weak converging sequence (vy) € C to its limit
v € P is also measurable. We arrive at

Observation 1. Any measurable set M € P induces a measurable set M =
{w:WeM}cCcCh.
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Consider the event:
B ={w e Q: the limiting measure v has at least one atom} C C C X

By the last observation, B is measurable w.r.t. F.

We construct a measurable function h : B — (—A, A)N which maps
w € B to a list of all atoms of the limiting measure v*, as follows. Let
hi: B — (—=A,A) be the map which maps some w € B to the largest atom
among those of v* (if some (finite) number of atoms share this property,
return the left-most one). Again by observation (1| h; is a measurable map.
In a similar manner we construct hg, which gives the second (left-most)
largest atom; and so forth. Our list of atoms is simply h = (hi, ha,...). We
notice that

A =Nien{w : (V¥ {h,w})n is a convergent sequence of numbers} =: N;enEj;.

All that remains is to prove measurability of Fj.

Indeed, the map H : X x (—A,A) — {0,1} which matches ({vn},a) to
the indicator of the event {(vny{a})n is a convergent sequence} is measur-
able; by composition of measurable maps 1g, = H((v), hiw) is a measur-
able function, as anticipated. O

1.7 Exponential decay of some tail events

In the course of the proof of the main theorem, we used several times expo-
nential estimates on certain probabilities: Theorem 4] Propositions and
and similar propositions for GAFs (which were not stated explicitly).
Such estimates are sometimes referred to as “Offord-type large deviations
estimates”. In this section we prove Propositions and (the proofs
are very similar). We adopt the proof of Sodin [46], presented also in [22,
chapter 7].

We first present our key-lemma, which deals with 2-dimensional Gaussian
random variables.

Lemma 1.7.1. If n ~ Np2(p, ), and E is an event in the probability space
with P(E) = p, then:

P

1
|E(xelog|n))| <p|—(1+ s)logp+ e

1
o + 3 log(trace ¥ + |ul?)| ,

where A1 is the biggest eigenvalue of 3.
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Proof. Upper bound: by Jensen’s inequality,
;E(XE log |n|*) < log <E(’77]’)2XE)> < log E|n|* — log p.
If n = u+ v, then
E|n? = Eu? + Ev? = var u + (Bu)? + var v + (Ev)? = trace ¥ + |u/?
Putting this in the previous equation, we get:
E(x log |n]) < £[log(trace =+ |uf?) — logp]. (1.21)
Lower bound:

E(xglog|n|) > —E(xglog™ n])
= —E(log™ [n|xEn{n<py) — E(log™ [nIXEn{jn/>p})

The second term may be bounded below by
—E(log™ [nIXEn{jn/>p}) = Plogp (1.22)

For the first term, we begin with some general manipulations:

_ _ ! ds
—E(log™ [nIXEn{jn<py) = —E(og™ [nlx{jy<py) = —E [Xn|<p/0 X8>|778:|

1 S
= [ Pl < minr. )%

Let us therefore bound from above the probability P(|n| < R). Denote
by A1, Ao the eigenvalues of X, where A\; > Ao > 0.

P(ln| < R) = 2713/@ /|x|<R exp (—;(33 — ez - u)) dma(x)

1 1
exp (—2xTE_1:E> dma(z)

<
= 2my/|8] Jel<r

1 Loy —1
— exp (| —z(A] w1 + A y2)> dma(y)
21 Jjyi<r ( 2 ?

R/ 1,2 _R?
</ e 2 rdr=1—¢ M
0

IN
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We have used the changes of variables y = Uz where U is the orthogonal
matrix diagonalizing ¥, and later y; = v/ \;w; for i = 1, 2.
Continuing, we have:

_ P 1
—E(log” |1lxenni<n) > - / ds

S S

_ 6—52/2)\1 11 6_p2/2)\1
p

1 p2/2)
= / e tlog(2\1t)dt
2 Jo
> — log(t)dt + — log(2M\1) = —(1 - =
>5[ ottt + - on(2A) = J-(logp— )
Therefore our lower bound is
2 2
P 1 P 1
E 1 > (1 — =) —pl >———+(1-=—)pl
(xeloglnl) = 53-(logp — 5) —plogp > — =+ (1 — 51 )plogp
Combining the two bounds we get the desired result. O

We now turn to the proof of our propositions.

Proof of Proposition[1.5.1 Take ¢(z) = ¢r(z) a real C? function, whose
support is [—3,T + 1] x [a/,V/] with —A < a’ <a <b <V < A, and which
takes the value 1 on [0,7] X [a,b). We may build such ¢7(z) that will obey
also the bound ||A¢||;1 < 10(T +b—a). Assume « and 3 are fixed for now,
and fix also s > 0. We are interested in dominating the probability of the
event Ap = {Nr > sT'}. Write p = pr = P(Ar).

We have

1
Nr < oo [ Aor() ol 1) dma(2).
and therefore,
1
ST+ < By(uanNe) < By (xas g [ 40(2) 08172 ldmale))

— o [ AOE, (xar log £ dma2)

1
o 1801 sup Eg (xar log|£(2)])
m zeD

Before we continue, let us justify the exchange of expectation and inte-
gral. Recall f(2) = g(2) 4+ 14,58(2); so in order to use Fubini’s theorem we
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need

[ Bal20() 10819(2) + 1) [dma)

= /D |Ad(2)| Eg|log |g(2) + na,p(2)] | < o0 (1.23)

Foreach z € D, f(2) = g(2)+n4,3(2) is a 2 dimensional Gaussian random
variable, with mean ;(2) = 74,8(2), and the same covariance matrix ¥(z)
as the 2 dimensional Gaussian r.v. g(z). By lemma we see that both
u(z) and X(z) depend continuously on the paremeter z. So, the function
Eg|log |g(2) 4 1a,5(2)| is bounded above for z € support(¢), which ends this
argument.

Notice further, that in our stationary case A1(z), A2(z), the eigenvalues
of ¥(z), depend on y only, where z = x + iy. Therefore they have lower and
upper bounds on R X [a/,¥']. Notice that also p(z), being a trigonometric
function, has such bounds. By applying lemma with n(z) = g(2) +
Na,3(2), we get:

sup  E(xarlog|g(z) +¢|) < p(er — c2logp).
z€Rx[a’,b']

where ¢y, ¢ are positive constants (¢; depending on «, 3, the horizontal lines
a, b, and the kernel of g). Putting all this together, we get:

5

ST p < —(T+b—a)p(c; = c2logp),

which leads to the exponential bound we strived for:
de, C > 0such that pr =Py(Np >T's) < Ce “, VI' > 1.

O

Proof of Proposition[1.5.2. We follow the outline of the previous proof. Let
#(2) be a real C? function supported on a compact K’ such that K C K,
and ¢(z) =1 for all z € K. Denoting N = N(g,a,3; K) and A = {N > s},
we have

N <o [ B0 tog|f()ldma(e),
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and so
SP(4) < By(xaV) < By (xag [ 200 og | f(2ldm(s) )
— o [ A0, (xalog | £(2) dima(:)

1

< 5 A0l sup Eg (xalog|f(2)])
m 2€K’

< c3-P(A)(c1 — c2logP(A)).

The change of integral and expectation is justrified by on the
domain K’ (no change in the arguments), and in the last line we used
Lemma with uniform bounds on A\;(z), A2(z) and u(z) for z € K'.
The constant c3 stands for % |A¢[| ;1. The last inequality clearly leads to
an exponential bound in s on the probability P(A). O

1.8 Directions of further research

1.8.1 Random Trigonometric Series

The results described in this chapter do not give much information about the
measure vy when the spectral measure contains atoms (i.e., when vy is ran-
dom). It would be interesting to know, for instance, under what conditions
is vy a.s. free of atoms or absolutely continuous.

These questions have the following concrete form, when the spectral mea-
sure is purely atomic: The function is described by a random trigonometric

series
f(z) — Z anwnel)\nz
n

where a, ~ N¢(0,1) are i.i.d., and wy, A, € R obey > w2e*Y < oo for all
ly] < A. Continuity and other traits of vy might be effected by the choice of
parameters {\,} and {w,} (in fact, arithmetic properties of the frequencies
{An} are expected to play a role in the answer).

By the argument principle, these questions relate to the mean incre-
ment of the argument of f(z) on some horizontal line (often called “mean
motion”). For deterministic functions it is a well-known problem, posed
by Lagrange, to determine whether the mean motion always exists. The
answer was proved to be positive in a sequence of works ranging between
1916-1945 (including authors such as Weyl, Wintner, Jessen and Tornehave),
but hardly anything could be said about the limit itself or its dependence
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on the parameters. I believe the stochastic version will be easier to analyze
and will shed light on the deterministic questions as well.

1.8.2 Universality

In related models, such as random polynomials, random matrices and some
lattice models, replacing the probabilistic distribution (in some range of well-
behaved distributions) will not affect the limiting object. This phenomenon
is often called wniversality. In our context, it is interesting to consider
random stationary series, aside from Gaussian. For an explicit example,
consider the Paley-Wiener process

=Y %M,

zZ—"N
neL

where {a,}nez are ii.d. random variables, with Eag = 0 and E|ag|? = 1.

The resulting sum is a stationary function with covariance E [ fi)f (fw)] =

W? so in particular the values of points lying on the lattice Z are

independent (distributed like ag).

It would be interesting to investigate limiting properties of f and their
dependence on the distribution of the coeflicients. In particular, we ask
when is the horizontal density of zeroes non-random, and when is it the
same as in the Gaussian case.
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Chapter 2

Fluctuations of the number
of zeroes

2.1 Introduction

In Chapter [T} we gave a law of large numbers for the zeroes in a long horizon-
tal rectangle [0, 7] X [a, b] (Theorem 1)), which extends a result of Wiener [37,
chapter X]. Here we go further to study the variance of the number of ze-
roes in such a rectangle. In Theorems [6] and [7] we show that this number is
asymptotically between ¢I' and CT? with positive constants ¢ and C, and
give conditions (in terms of the spectral measure) for the asymptotics to be
exactly linear or quadratic in 7. In Theorem [8| we give some conditions for
intermediate variance.

2.1.1 Recapitulation of Definitions

We recall some definitions and notation from the previous chapter. Let f be
a stationary GAF in the strip Da. In other words, f is a random variable
taking values in the space of analytic functions on DA, whose finite marginals
have a mean zero complex Gaussian distribution, and whose distribution is
invariant to real shifts. As before, denote the covariance function by

() = Flolla) = [ e dp(n),

where p is a non-negative finite measure on R, which we call the spectral
measure of f. We recall that, since r(¢) has an analytic continuation to the
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strip Daa, p must have a finite exponential moment:

for each |A1] < A, / 22 dp(\) < o0 (2.1)
—00

2.1.2 Results

In Chapter [I} we have studied convergence to the mean of the number of ze-
roes of a stationary analytic function in a long rectangle (recall Theorem [1)).
The next natural question is, how big are the fluctuations of the number of
zeroes in a long rectangle? More rigorously, define

a,b a,b a,b
RE = [-T,T) x [a,b], V'(T) = var [nf(RT )} ,
where for a random variable X the variance is defined by
var (X) = E(X —EX)?.

We are interested at the asymptotic behavior of VJ? ’b(T ) as T approaches in-

finity. The next two theorems show that VJ? ’b(T ) is asymptotically bounded
between ¢I’' and CT? for some ¢,C > 0, and give conditions under which
each of the bounds is achieved. We begin by stating the upper bound result,
a relatively easy consequence of Theorem [I]

Theorem 6. Let f be a non-degenerate stationary GAF in a strip Da.
Then for all —A < a <b < A the limit

VPN
L2 = Lg(a, b) = Th_I)IéO T2

€ [0, 00)

exists. This limit is positive if and only if the spectral measure of f has a
non-zero discrete component.

The lower bound result, which is our main result, is stated in the follow-
ing theorem.

Theorem 7. Let f be a non-degenerate stationary GAF in a strip Da.
Then for all —A < a <b < A the limit

V(T
L1 = Ly(a,b) := lim —7— € (0, <]

T—o00

exists. Moreover, the limit L1(a,b) is finite if p is absolutely continuous with
density dp(A) = p(\)dA, such that

(1+ A2)627r'2y’\p(>\) e L3(R), fory € {a,b}. (2.2)
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Remark 2.1.1. Another form of condition ({2.2)) is the following: For y €
{2a,2b},

/|r(m+iy)]2dx, /|r"(x+iy)\2dx<oo.
R R

This implies also that [ [r/(z + iy)|?dz < oco. Moreover, since the set
{c: €¥™Ap(\) € L?(R)} is convex, it implies the same condition for all
y € [2a,20].

The next theorem deals with conditions under which L;(a,b) is infinite.
Theorem 8. Let f be a non-degenerate stationary GAF in a strip Da.

(i) Suppose J C (—A,A) is a closed interval such that for every y € J,
the function A — (1 + A\2)e2™2¥Ap()\) does not belong to L*(R). Then
for every o € J the set {f € J: Li(«, ) < oo} is at most finite.

(ii) The limit Lyi(a,b) is infinite for particular a,b if either p does not have
density, or, if it has density p and for any two points A1, Ao € R there
exists intervals I1, Iy such that I; contains A\; (j =1,2) and

(1+ )™ 22p(\) & LR\ (11 U 1)), (2.3)
for at least one of the values y = a or y =b.

Remark 2.1.2. There is a gap between the conditions given for linear vari-
ance (in Theorem and those for super-linear variance (in Theorem . For
instance, the theorems do not decide about all the suitable pairs (a, b) in case
the spectral measure has density ﬁﬂ[—l,l}o\)- On the other hand, we are

ensured to have super-linear variance in case p has a singular part. If p has
density p € L' (R) which is bounded on any compact set, then (1+\?)p()\) €
L?(R) implies asymptotically linear variance, and (1 + \)p()\) ¢ L*(R) im-
plies asymptotically super-linear variance.

Remark 2.1.3. Minor changes to the developments in this chapter may
be made in order to prove analogous results regarding the increment of
the argument of a stationary GAF f along a horizontal line. Namely, let
V®(T) denote the variance of the increment of the argument of f along the
line [0,7] x {a} (for some —A < a < A). Then:

% exists, belongs to [0,00), and is
positive if and only if the spectral measure contains an atom.

e the limit Lo(a) = limy_ Veur)
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e the limit L1 (a) = lim7_, Va';(T) exists, belongs to (0, co], and is finite

if p has density p(\) such that (14 \2)e?™2¢2p(\) € L?(R). Moreover,
Li(a) is infinite if for any Ao € R there is an interval I containing Ag
such that the measure (14 \)e?™2Adp()) restricted to R\ I is not in
L3(R).

In fact, the first item is essentially proved in this chapter (Claim [2.3.11
below).

The rest of the chapter is organized as follows: Theorem [6] concerning
quadratic growth of variance is proved in Section and is mainly a con-
sequence of Theorem [I} For theorems [7] and [§ we _develop in Section [2.3]
an asymptotic formula for Vfa’b(T) /T (Proposition below). Then we
prove Theorem [7| by analyzing this formula and using tools from harmonic
analysis. We end by proving Theorem [§] in Section [2.5

2.1.3 Discussion

We mention here some related results in the literature (though they do not
seem to apply directly to our case). The question for real processes (not
necessarily real-analytic) was treated by many authors. An asymptotic for-
mula for the variance was given in Cramer and Leadbetter [9], but the rate
of growth is not apparent from it. Cuzick [10] proved a Central Limit Theo-
rem (CLT) for the number of zeroes, whose main condition is linear growth
of the variance. Later, Slud [45], using stochastic integration methods he de-
veloped earlier with Chambers [§], proved that in case the spectral measure
has density which is in L?(R), this condition is satisfied. It is interesting to
note that the condition for linear variance in the present theorem (condi-
tion ([2.2])) is the main assumption in the work by Slud for real (non-analytic)
processes.

More recently, Granville and Wigman [19] studied the number of zeroes
of a Gaussian trigonometric polynomial of large degree N in the interval
[0, 27], and showed the variance of this number is linear in N. This work
was extended to other level-lines by Azails and Leén [5].

Sodin and Tsirelson [48] and Nazarov and Sodin [34] studied fluctuations
of the number of zeroes of a planar GAF (a special model which is invariant
to plane isometries), proving linear growth of variance and a CLT for the
zeroes in large balls (as the radius approaches infinity).
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2.2 Theorem [6 Quadratic Variance

Recall the notation Ry = RaT’b = [-T,T] % [a,b]. From Proposition we
know that

PUCL )

im

T—o0

=Z,

where Z is some random variable and the limit is in the almost sure sense.
Moreover, var Z > 0 if and only if the spectral measure of f contains an

atom. Clearly
R
var ( lim nf(TT)> =varZ

T—o00

Theorem [6] would be proved if we could change the limit with the variance
on the left-hand side. By dominant convergence, it is enough to find an
integrable majorant for the tails of

ny(Rr)
T

”f(RT)Z'

and X2 = T2

Xp =

To this end we refer to an Offord-type estimate, which provides exponential
bounds on tails of Xp:

Proposition 2.2.1. Let f be a stationary GAF in some horizontal strip,
then using the notation above we have

AC,¢>0: supP(X7 > s) < Ce™® = h(s).
T>1

The statement is very similar to that of Proposition where o = 3 =
0 and g is a GAF (not a symmetric GAF). We omit the proof as it follows
directly from the proof of the latter proposition, changing every Gaussian

distribution in R? to one in C (a particular case).
We may then conclude that

sup P(X2 > s) < Ce™V* = h(y/s).
T>1

Since both h(s) and h(4/s) are integrable on R, we have the desired majo-
rants. Exchanging limit and variance then yields:

. var (ng(Rr)) . ny(Rr)\ . np(Rr)\
i A e () v (i M) v

and the result is proved.
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2.3 An Asymptotic Formula for the Variance

This section is devoted to the derivation of a formula for the variance
Vf’b(T) = varns([-T,T] x [a,b]) where T is large. We prove the follow-
ing:

Proposition 2.3.1. Let f be a stationary GAF in Da with spectral measure
p. Suppose p has no discrete component. Then for any —A < a < b < A,
and any T € R, the series

T = 5> /R /R Tsine? (20T(\ — 7)) h2* (A + 7)dp™ (\)dp™ ()

k>1

converges, and

Veb(T) b
li —v®°(T) ) =0.
T520< o V@) =0
sin x

£, and

Here p** is the k-fold convolution of p, sinc(z) =

2
a,b a Ta T
RO = (IO = ()™ )

where

0 1 27
Yy — -A,A .
L(N) By (7“’%21’3;)) +rk(2iy))\’ forye (A, A),keN

2.3.1 Integrals on significant edges.

The boundary of the rectangle Ry = [T, T] x [a, b] is composed of four seg-
ments OR7r = |J;<;<, I; with induced orientation from the counter-clockwise
orientation of Ry, where I} = [-T,T] x {a} and I3 = [T, —T] x {b}. By
the argument principle,

1
ng(Rr) = ) %A;‘Targfv

1<i<4

where AT arg f is the increment of the argument of f along the segment I;
(a.s. f has no zeroes on the boundary of the rectangle Ry E[)

! To see this, first notice that the distribution of nf(I;) for j = 2,4 (the number of
zeroes in a “short” vertical segments) does not depend on 7. If it were not a.s. zero, then
Eng(I2) > 0. Now for any finite set of points {t;})—, C [0, 1], we have En([0, 1] x [a, b]) >
Z;.VZI Eng({t;} % [a,b]) = NEns(I2), yielding En(]0, 1] X [a, b]) = oo - which is false. For
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Then, by the argument principle,
1
b
Vi(T) = var [ng(Rr)] = ) Z cov (A arg f, AT argf), (24)
1<i,j<4

where

cov (X,Y) =E[XY] - EX -EY.

Our first claim is that asymptotically when T is large, the terms involving
the (short) vertical segments are negligible in this sum.

Claim 2.3.1. As T — oo,

a 1
Vi ’b(T) =2 Z cov (A;‘F arg f, AJT arg f)

i,j€{1,3}

+0 <1 + \/var (AT arg f) + y/var (AT argf)) :

Proof. We demonstrate how to bound one of the terms in (2.4) involving
a “short” vertical segment (corresponding, say, to i = 2). We have by
stationarity:

var (AL arg f) = var (A arg f) =: ¢

Therefore by Cauchy-Schwarz,
cov (AIT arg f, AL arg f) < \/var (AT arg f)\/var (AT arg f)

=c-y/var (AT arg f).

We now give an alternative formulation of Claim Using Cauchy-
Riemann equations we write:

O]

T T
AlTargf—/T <aaxargf(a?+ia)> dx = —/T(falog]f(x+ia)]dm = —X%T)

T T
Agargf:—/_T <8amargf(:v+ib)> dx:/_Tgblogf(:L‘+ib)|dx:Xb(T)

j = 1,3, recall that since there are no atoms in the spectral measure, f is ergodic with
respect to horizontal shifts (this is Fomin-Grenander-Maruyama Theorem, see explanation
and references within [15]). This implies that each horizontal line (such as L, = R x {a})
either a.s. contains a zero or a.s. contains no zeroes. If the former holds, then also
Ens([0,1]x{a}) > 0, and the measure v4 from Theorem [I]has an atom at a - contradiction
to part (iii) of that Theorem.
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Denoting C**(T) = cov (X*(T), X*(T)) we may rewrite Claim as

V(T = ﬁ (ca»a(T) —20°M(T) + Cb’b(T)>+O (1 +/Co(T) + \/OT(T)> ,

and so we arrive at:

Claim 2.3.1a. As T — oo, we have:

Vel(T) _ Cn(T) —200NT) + CVI(T) | (1 + /O (T) + Jc@bm)

2T 472 . 2T T

Later on we shall prove that limp_, 7”0?(:” = 0 if no atom is present
in the spectral measure (Claim below). This may be viewed as a
one-dimensional counterpart of Theorem @ (though the methods of proof
are different). In the mean time, we turn to find an expression for C**(T),
which will be refined through most of the section.

2.3.2 Passing to covariance of logarithms

Our first step is a technical change of order of operations.

Claim 2.3.2.

T T 2
Cob(TY = / / O cov (log |f(t +ia), log|f(s + ib)|) dt ds.
—_TJ-T 3@ 8[)

We comment that the right-hand-side (RHS) of the equation contains a
mixed partial derivative, so for C*%(T") the computation is as follows: take
the prescribed mixed derivative (as if a # b) and then substitute b = a.

Proof. Following the definition of C*?(T"), we shall first prove that

T T
E{/Tdt /Tds (;Cllogf(t—kiaﬂ gblog|f(s+ib)|>}

T o T g
_E{/_TaalOg’f(t—i—ia)\dt}E{/_Tablog]f(s—i-ib)]ds}

coincides with

T T 82
/T/T (B {log|f(t + ia)| log | (s + ib)[}

O log |7 (s + )| dt ds.

0 .
(2.5)
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Notice that
f(x +ia)
f(z +ia)

‘ailog\f(ﬂia)l <

Therefore, by Fubini’s theorem, it is enough to prove the following two
statements:

E‘ff:; <ooforalteR, aec (—AA), and
T ! .
/Ewdt<oo.
—r | f(t+ia)

(IT)

f’((f:;;)) f(;j:: ) < oo for all t,s € Rt # s and (a,b) € (—A,A)?,

[.1.:

After proving this, it will also follow that (2.5]) coincides with
T T 82
/—T /—T da Ob [

thus ending the proof of our claim. Indeed, it is enough to see that for any
fixed t, s, t # s and given ag, by we have

and
"(t 4 ia) f'(s +ib)
t—i—m ) f(s+1ib)

’dtds<oo.

(t + ia)| log|f(s+ib)|}

—Elog|f(t +ia)| Elog | f(s +ib)| |dt ds,

0 ,
amag = E% log | f(t + ia)| |

E{log |f(t + ia)| log |f(s + ®)[} ..,y (2.7)
2

83()

0 )
%Elog|f(t+za)| ‘

2

Oa 9b

(2.6)

a=agp’

75— log |f(t +ia)| og|f(s + )|} | ,_yo pose-
To see this, fix € > 0 and define the event
G.={weQ: f,(z) #0Vz € B(t +iag,e) U B(s +iby, )},

where B(w,e) = {2z € C: |z —w| < ¢}. Under G, each derivative (6% or
852%) is in fact a limit of a sequence of random variables, which are domi-

J' (t+ia) [ (t+ia) f'(t+ib) . .
Firria) | T 1or Fltria) Flix®) | T 1 respectively. By 1temsand

nated by
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these majorants have finite expectations, so by dominated convergence we
get that

0 , 0 .
%‘a:aoE (1Og |f(t + 7’0’)| I[GE) =E (8@’&=a0 log |f(t + Za)’ HGE) ’ (28)

and a similar statement for the double derivative. Now,

0 0
E<aalog|f(t+ia)\) = lim E(aalog|f(t+ia)| ]IG6>

e—0+

.0 .
= lim —-E (log|f(t +ia)| Ic.)

o .. .
= 5, Jim E(log|f(t +1a)| Lc.)

B,
= 5 E (log| f(t +ia)]).

The first and last equalities are due to lim._,y0 = P(G¢) = 1. The second
is precisely , and the third follows from monotonicity of the limit in
¢ (Dini’s theorem). This establishes (2.6). An analogous argument estab-
lishes .

We now turn to prove (). Let z = t+ia be fixed. The vector (f(z), f'(z))
is jointly Gaussian, in fact we may write

f(z)=pf'(2) +Y(2)

where p is a number and Y (z) is a Gaussian random variable independent
of f'(z). Therefore,

(f()IF(2)) ~ Ne(0,0%) + u(f'(2));

that is, f(z) conditioned on the value of f’(z) is Gaussian, with mean de-
pending on f’(z) and variance not depending on it (equal to 0? = var (Y (2))).
The following is a straightforward computation.

Lemma 2.3.1. Let 0 > 0 and ( ~ Ng(0,02). Then there is a constant

Cy > 0 such that for any p € C, EKTlul < Cy.

Using this lemma, we have
@) _ (‘ f'(z)
2|51 === (175

where Ciy,(;) is a constant which depends only on Im(z). The notation
E E(X]Y) for random variables X,Y means first taking the conditional

7)) <E(FO]- Cuge).
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expectation of X given Y (which results in a function of Y'), then taking
expectation of this function. Now follows easily.

We now turn to prove . We use the notation f < g to stand for the
inequality f < C'- g, where C' > 0 is a constant (which may vary from line
to line). Similarly, f < g stands for f = C - g with some C' > 0.

Let ¢ > 2, and let 1 < p < 2 be such that %—l—% = 1. By Holder inequality
we have

f’ t+ia) f'(s+1ib)

/ / f(t +ia) f(s+1ib) ‘dtds
f'(t +ia) f (s + ib) " E|f(t + ia)f(s + ib) i dt ds
<[] el |
<[ [z ias ]| " s 29)

The last inequality is an application of Cauchy-Schwarz inequality and sta-
tionarity, as follows:
q}

[E
< (VEIF(+ ia) P B+ )2) " = (B[ £ (ia) PR S (0)1]) % < oc

(finiteness follows from the fact that f’(ia) and f’(ib) are both Gaussian
random variables, thus have finite moments of any order).
Let

Q=

"(t +ia) f'(s +ib)

A= {(t,s) €[-T,T)?: |r(t—s+ia+ib)|* < ;}

We split the last integral in (2.9)) into two parts: on A and on A¢ = [T, T]?\
A. For the integral on A, we use the following lemma (to be proved later in
this subsection).

Lemma 2.3.2. Let Zy, Zy be N¢(0,1) random variables with E[Z1Z5) = a,
and let 1 < p < 2. Then

2
E[1227] < (1-la) b (1-2)
Using lemma [2.3.2] we have:

//A <E‘f(t+ia)f(s+ib) )

1

P\ /P
) dtds,S// (1—|r(t—s+ia+ib)*) 2 <T?
A
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which is bounded. In order to bound the integration on A€, we use another
lemma (to be proved in the end of this subsection).

Lemma 2.3.3. Suppose &1, & are independent N¢(0,1) random variables,
and let Z1 = a&; and Zy = & + €2 where o, B,y € C\ {0}. Let 1 <p < 2.
Then there exists a constant ¢ > 0 such that
2—2p
| ip) < o 5
|Z12Z5[P laBlP |8

Moreover, given 1 < p < 2 and a number M > 0, the constant ¢ may be
chosen uniformly for all parameters o, B, such that ]%] < M.

We would like to apply this lemma with Z; = f(t + ia) and Zy =
f(s+1ib). This yields the choice of parameters «, 3,7 so that a = \/7(2ia),
afB =r(t—s+ia+ib) and |32 + |y|> = r(2ib). Thus

r(2ia)r(2ib) — |r(t — s +ia +ib)|?
B |r(t — s+ ia + ib)|?

is uniformly bounded for (¢,s) € A°. Now, applying Lemma we get

that for some ¢ > 0,
—p\ /P
) dt ds

// (E'f(t+ia)f(s+z'b)

< // c (r(2ia)r(2ib) — |r(t — s +ia + ib)[?)' =P %dt .
N e \|r(t — s +ia +1ib)P r(t — s + ia + ib) 22

_1
// r(2ia)r(2ib) — |r(t — s +ia + ib)| )_pT dt ds

-1
/ (r(2ia)r(2ib) — |r(z + ia + ib)| )_pT dt ds,
{z:|r(z+ia+ib)|>2/3}

where the last inequality is obtained by a simple change of varibales (similar
to Claim below). If a # b, then |r(x + ia + ib)|? < r(ia + ib)?
r(2ia)r(2ib), and the integral is finite. In case a = b, there may be isolated
points xg for which |r(z¢ + 2ia)|? = r(2ia)?. Taylor expansion near any of
those points gives |r(z + 2ia)|?> = r(2ia)? — C(z — x0)? + o((x — z0)?) as x
tends to xzg. Notice C > 0 since

|r(z + 2ia)| = /Re%ix)‘e%ga)‘dp(/\)’ < /Re%'h)‘dp()\) = r(2ia).
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Thus, the finiteness of the integral is equivalent to that of f‘$_w0‘ (T

z0)~2P~1/Pdg (with some § > 0), which is indeed finite for 1 < p < 2.
The proof of Claim is complete. O

It remains now to prove the lemmata.

Proof of Lemmal[2.3.3. Let &, & be independent N¢(0, 1) random variables,
write Z1 = & and Zy = @&y + /1 — |a|?€,. Then:

Bz = % [[ 6@ + VT=TaPe)] e o1 (6 dm(e)

Now, by the Hardy-Littlewood re-arrangement inequality, we have:

~ [L1ag + VTPl Pe e  am(e) < (1= o) F - < [ jol e e am(e)
= (1-la?)Er (1-5).
So,
B2z ) < (1= o) ¢r (1= 5) - < [ e lim(e)
= (1~ faf) T (1~ 5)2
]

Proof of Lemma([2.3.3. In this proof we shall use the notation f < ¢ to
denote f < Cg, were C' > 0 is a constant which may depend on p and M
only (M is an upper bound on |%|), and may vary from line to line.

We begin by writing-out the desired expectation explicitly.

E[1212:|™" ] = |aB| P E [ |3+ 15152}_1) ]

B
= laB|?- 732// 2% + lzw‘fpe*‘dz*lwlz dm(z) dm(w)
C2

ﬂwWﬂAwﬂUv+wpwﬁw@ <P )

(2.10)
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we bound the inner integral as follows:

/ |z + %w’fpeﬂw'gdm(w)
C

_1]8,? 2 N
5/ \z|_pe_|“’|2dm(w)+|z|_pe i[5+ éz +/ fyw’ e_|w|2dm(w)
jwl<d|22] w>2| 2| |5
2 2 2 p
= |z|7P 1—6_%‘22‘ > —|—‘ﬁ |z|2_pe_i‘%z‘ —|—’ﬁ I<52>,
Y Y Y

1, 0<s<1,
I(s) = / w| e dm(w) S w2 5=
|w|>2s sPe™ ) s> 1.

The last bound is achieved by changing to polar coordinates, as follows:

- +1 -2 —p+1 > —r? —p+1 L 4
I(s) = r P e dr S s7P e dr < sTPTE—em
2s 2s 2s

Returning to the double integral in (2.10)), we have:

E 2 1 p:|
[|€1 + ,85152‘

S/ {sz (1—ei|52‘2> —i—'ﬁ pI(‘ﬂz>}ez|2dz
C Y v

This is the sum of three integrals, which we bound separately. For the
first, we have:

2
/|Z|_2p <1 _ o3 >e‘|z2dz
C

s ? 2—2 2 2
5/ = |27 pdz—}—/ 2| ~2Pe1#"dz
1< 3| l21>[3

fy
52

B

2 2
ofr2e 35 e
Y

4—2p 2—2p

+0(1):|;

7
B
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Next, denote A =1+ i‘gf and compute

/]z|2 2= AlA g

/ P22 AT ) gy [r=1|z| ]

73 o 2
2A/ ds [s = Ar?]

Thus, the second integral is

(a1l e]?) .2 2-2p
|2—2p€ (1+4"Y’ )‘Z| dz:'

2\ —(2—-p)
- ‘7
)=l

B 1‘5
= 1+ ==
gl <+4’y

Finally, the last integral is

z|7PI < —z > e 1z
p 2
2| Pe P dz + ‘7‘ / 12\2p67(1+4’€| U
|<| | Bl Ji>131

2-p 2\ P11 2-2p
+ {1+ 4'ﬁ ~ "Y
Y B

y

_‘B”

The proof is complete.
O

2.3.3 Expansion in terms of the original covariance function.

The covariance between logarithms of two Gaussians can be expressed as a
power series, using the following claim.

Claim 2.3.3. Let £*,n* ~ Nc(0,1) be standard complex Gaussian random
variables. Then

|2k:

E
cov (log |£*|, log |n*|) = Z| o
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A proof is included in the book [22] Lemma 3.5.2], or in a slightly different
language in the paper by Nazarov and Sodin [34, Lemma 2.2].

For any centered complex Gaussian random variable & ~ Ng(0,02) we
may write £ = 0&* where £* ~ N¢(0,1), and thus get

log [¢] — Elog |¢] = log [¢"[ — Elog [£7].

Therefore Claim implies that for any centered complex Gaussians &
and n we have:

1S E(&m)|*
cov (log [¢],1log |n]) = ZZ <IE.\§|§£’)"‘7‘2>
k=1

We now apply this formula for £ = f(¢t + ia) and n = f(s + ib): By
stationarity and our notation, we have

[E(f(t+ia)f(s+1ib)[*  |r(t— s+ ia+ ib)?

RIf(t+ia)PEIf s+ 0 i) S w0
so that Claim gives:
e / dt/ s 500 S i = s, (2.11)
§ aa a k - S,a, . .

2.3.4 From double to single integral

Next, we pass to a one-dimensional integral using a simple change of vari-
ables:

Claim 2.3.4. For any function Q € L'([-2T,2T)), the following equality

holds:
T 2T
/_T/_T@@—swds:z [ - et

Applying Claim [2.3.4] to we get:

ceb(ry 1 [ || 0? ¢"(x,a,b)
=3 /_2T (1 - ) da (2.12)
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2.3.5 Some properties of ¢

We digress shortly to summarize some properties of ¢, which we will use
later in our proofs. In the following, when we do not specify the variables
we mean the statements holds on all the domain of definition. We use the
subscript notation for partial derivatives (such as g, for %q).

Claim 2.3.5. The function

r(z 4+ ia + ib)|?
alw,a,b) = | 5"(2—;_(1) 7“?—2@;)))) (2.13)

is well-defined, infinitely differentiable on R x (—A, A)%, and satisfies the
following properties:

1. q(z,y1,92) € [0,1].
q(z,y1,y2) = 1 if and only if (x =0 and y1 = y2).

2. supeg q(z,y1,y2) <1 for any y1 # y2 in (A, A).

3. For fized y1 and yo let gy, 4,(x) be one of the functions q, qa, @b, Gab
evaluated on the line {(z,y1,y2) : * € R}. Then gy, 4, € LO(R). If
condition holds, then for any yi,y2 € [a,b] we have also gy, 4, €
LY(R) N Co(R) (i.e., is integrable and tends to zero as v — 400).

4. qa(0,t,t) =0, for any t € (—A,A).

Proof. Since r(2iy) > 0 for all y € R, the function ¢ is indeed well-defined;
differentiability follows from that of r(z).
For item 1, notice that

—2mix 2
q(aj . b) _ (f e2m(at+b)A,—2 )‘dp()\))
[ f627r~2a)\dp()\> f627r~2a)\dp<)\)

and so, by Cauchy-Schwarz, is in [0, 1]. Equality ¢(z,a,b) = 1 holds only if

the function \ — e2™0e =27 i3 o constant times the function \ — e27bA,

p-a.e., but, if p is non-atomic, this is impossible unless z = 0 and a = b.
Further, we notice that

|r(x+ia+ib)| = ‘/62”(a+b))‘6_2“ix’\dp()\)' < /e%(a%))‘dp(/\) = r(ia+1b),

so that ¢(z,a,b) < ¢(0,a,b) < 1 (the right-most inequality is by item 1).
Taking the supremum yields item 2.
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For item 3, notice any one of the functions ¢, qq, s, @ap is the sum of
summands of the form

Cla,b) 79 (z +ia +ib) 7™ (—z + ia + ib), (2.14)

where 0 < j,m < 2 are integers. It is enough therefore to explain why
r )(ac +ia+1b) is bounded and approaches zero as x — o0, for any integer
0 < j < 2. Recall that

rO) (@ + iy) = i FAN €™ dp(N)] (),

where c; is some constant. As a function of z, this is a Fourier transform of
a non-atomic measure, therefore has the desired properties.

If condition holds, then dp(\) = p(A\)dA, and the function A +—
M e2mWity2)Ap(X) is in L2(R). Then, its Fourier transform r) (x4 iy; 4 iy2)
is also in L?(R), and each summand of the form is in L'(R), as
anticipated.

For item 4, notice that for all x € R and all a,b € (—A,A) we have
the symmetry ¢(x,a,b) = q(x,b,a), and therefore for all t € R: ¢,(x,t,t) =
gp(x,t,t). On the other hand, for all t € (—=A, A) it holds that ¢(0,¢,t) = 1,
so taking derivative by t we get q,(0,%,t) - 1 + g5(0,¢,¢) - 1 = 0. This proves
the result. O

2.3.6 Change of derivative and sum
We would like to take derivative term-by-term in ([2.12]).
Claim 2.3.6. For all z # 0,

aaab; 2 (2.15)

Proof. Fix x # 0. For shortness, we do not write the variables (z, a,b), and
use again the subscript notation for partial derivatives. We compute:

o2 Qab k=1
S (z) = kL= Qe
+ )= e ab {q } {k(k - 1)¢" 2 qaqy, +kd" g k> 1.

Therefore,
a,b
Sy ()

_ I
2| <6 laaw] + 50" gl (2.16)
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By part 1 of Claim q(z,a,b) < 1 (notice this holds also if a = b).

a,b
We deduce that > S| < o i.e., the RHS of (2.15)) converges in absolute
value. By standard arguments, this is enough to prove equality (2.15). O

k2

Thus, continuing (2.12f), we arrive at

cebry 1 [ || 0% ¢ (x,a,b)
oT 2 /2T <1 - > dadb B (2.17)
k>1

2.3.7 Parseval’s identity

The next claim is a special case of Parseval’s identity for measures (see
Katznelson [24, VI.2.2]):

Claim 2.3.7. For any finite measure v on R,

/ ZTT ( - |29;|> F)(z)dz = /R 2Tsinc? (27T€)dy(€).

sin £

where sinc(§) = e and F] is the Fourier transform of ~y.

In order to apply this claim to simplify equation (2.17), we shall first
find a finite measure 4" such that F[y*’)(z) = ¢(x,a,b)*. This is done in
the next step.

2.3.8 The search for an inverse Fourier transform

For now, we keep a, b and k fixed. Our goal is to find a measure whose
Fourier transform results in ¢*(z,a,b) (or, instead, in |r(z + ia + ib)|?*).
This measure is given in Claim [2.3.8 in the end of this subsection. In order
to present it we must first discuss some definitions and relations between
operations on measures.

Denote by M(R) the space of all finite measures on R, similarly M™(R)
denotes all finite non-negative measures on R. For two measure u,v € M(R)
the convolution p+v € M(R) is a measure defined by:

Vo € Co(R) : (u*v)(p) = / / oA+ T)dp(N) (7).

When both measures have density, this definition agrees with the standard
convolution of functions. We write p** for the iterated convolution of p with
itself k£ times.
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Next recall that
1) = [ eRpN) = Flpl(2).
By properties of Fourier transform,
r*(z) = Flp™(2),

or, writing z = z + i1y we have
r*(x +iy) = / e~ A G2TYA R ()). (2.18)
R

This gives rise to the following notation: for a measure u € M™(R)
having exponential moments up to 2A (i.e., obeying condition (2.1))), and a

number y € (—2A,2A), we define the exponentially rescaled measure ji, €
M (R) by

Yo € Co(R) : puy(p) = (™ p(N)) = /R A o(\)dpa()

Observation. For any p,v € M(R) and any |y| < 24,
(b 1)y = py * vy
Proof. for any test function ¢ € Cy(R) we have:
[ s = [ [ et ) diy W)
= [[ e e duantr) = [ dGur),

As a corollary, we get that for any |y| < 2A and any k € N,

(py)™ = (™)

Therefore there will be no ambiguity in the notation pzk .
Next, we define for u € M(R) the flipped measure flip{u} € M(R) by:

flip{p}(I) = p(—1I) for any interval I C R,

and the cross-correlation of measures u,v € M(R) by:

ok vi= px flip{v}.
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An alternative definition, via actions on test-functions, would be:

Vo € Co(R) : (p*v)( // A —T1)dp(N)dv(T).

Notice that the cross-correlation operator is bi-linear, but not commutative.
Now relation (2.18)) easily implies:

o r*(z +1iy) = FlpyF](z)

o 1k (z +iy) = Floy'|(—2) = Flflip{p}*}](),
which leads at last to the end of our investigation:

Claim 2.3.8. For any ¢ € R, |y| < 2A and k € N, we have:
@+ i) = F | (0y) % (0] (@),
This measure acts on a test-function ¢ € Co(R) in the following way:

(pzk % py // 27ry /\+T)dp*k()\)dp*k(7').

2.3.9 Taking the double derivative
Using Claim we rewrite equation ([2.17)):

CNT) _ /2T _ =l S 102 [ Flpt, > pt)(@) dz (2.19)
2T _oT 2T 2k%2 9a Ob | rF(2ia)rk(2ib) '
k>1

The double derivative in this expression may be rewritten using the
following claim.

Claim 2.3.9.

82 Flotk, x pk ) (x)

a,b L o a xk b xk
S = Gap ety = (O * RO @),

where 1$(N),12()\) are linear functions in A, given by

10 = 5 (o7 + et = 7 (o) ™)
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Proof. Recall that

]:[Ioa+b * Ioaer // —iz(A—T) 27rz(a+b)()\+7')dp*k;()\)dp*k;( )

and notice we may differentiate by a and b under the integral, as the result
would be continuous and integrable w.r.t. p**. From here, the proof is a
straightforward computation. O

Futher, using Claim and the definitions from Section [2.3.8] we have
for fixed k,

/_2; ( - ‘;;L) St (x) do = /_2; < - ’;;L) F [lg(/\)pzlib*li()\)pzib} (z)

- / / Tsine? (27T (A — 7)) 18 (AL ()2 @) 157k (\) 17 (7).
R JR
(2.20)
Now, recalling Claim we use the form (2.19) and Claim we

write the expression which, up to an error term, is asymptotically equivalent
Vit
2T -

e || a.a ab bb
— @—M)Z%A9<w%y@+%me

3
dm® J_or

to

471.2 Z 22 / ( |x> (SZ’G(w) - 2SZ’b(fE) + S]l;’b(iﬁ))d:v (2.21)

=— — sinc? — )b Vdp** k(o
4ﬂ;HAAT (IO DA+ 7)™ ™ (),

where

2
R = ()2 = p()e>™) . (2.22)
The exchange of sum and integral in the first equality of (2.21)) is justified

by the monotone convergence theorem, as each term in the series is non-
negative. The second equality follows from (2.20)).
We summarize the result in the following claim.

Claim 2.3.10.

CYT) — 2C*(T) + C**(T)

47r2 2T
-y / / Tsinc®(2nT(A — 7)h% (A + 7)dp™ (\)dp™* (7).
47r2k2

k>1
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where hZ’b is given by (2.22]).
One more step is required in order to establish Proposition [2.3.1}

2.3.10 The error term

At last, we show that the error term in Claim approaches zero as T
tends to infinity.

Claim 2.3.11. If p contains no atoms, then for any a € (—A, A):

lim c(T)

T—o00 T2 =0

Proof. By Theorem [3] since p has no atoms, f is an ergodic process. Thus,
by the ergodic theorem,

: 1 a _ a
Jim = X(T) =EX“(1) (2.23)

converges almost surely and in L' to a constant. Recall X%(T') has finite sec-
ond moment (this is precisely relation[[I, which was proved for Claim [2.3.2)).
Thus, the convergence in is also in the L? sense (see [12, Exercise
7.2.1]). This yields the convergence

. 1 a BT 1 a,a
Tlgrolo ﬁvar(X (T))—Tlggo TZC (T)—o0,

which is our claim. O

2.4 Theorem [7: Linear and Intermediate Variance

The proof is divided into two parts. First we prove the existence of the limit
L; and its positivity, and later we prove that it is finite under condition ({2.2)).

2.4.1 Existence and Positivity.

In this section we prove that L; exists and belongs to (0,00]. If p has at

Vel
least one atom, Theorem |6 implies that limzp_ oo —£ T2( ) > 0, and therefore
vabr
Ly = limy_,oo L T( ) = 00. We thus assume that p has no atoms.

Using the formula for the variance obtained in Proposition [2.3.1 and
recalling the functions hZ’b are non-negative, we see that the limit L, exists
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and is in [0, oo]. More effort is needed in order to establish that L; > 0. We
begin with a simple bound arising from Proposition

VE(T)
A f a,b xk xk
hTHilo%f 5T Ehifrglo%f g k2 //Tsmc @2rT (N —7))h, (A + 7)dp™ (N)dp™™ (T)

1 .92 a,b

> - _ )

2 13 thLloI;f/ / T sinc*(2nT(A — 7)) h” (A + 1) dp(X)dp(T)

> Cy hmmf/ / —]I{ A7) 2 A= 7] < e} A+ 7) dp(N)dp(7),
R

e—0+
(2.24)

where Cp > 0 is an absolute constant. The last step follows from ignoring
the integration outside

Diag, = T{(\,7) : |\ —7| <&},

for e < %. Next we turn to investigate h‘f’b. Recall its form is given in

Proposition or more recently in (2.22)).
Claim 2.4.1. The function h‘f’b has exactly two real zeroes.

Proof. By the form of h‘f’b, h‘ll’b()\) = 0 if and only if

L A—(a)
™ (2ib)) =¢ A=(b)’

1 ,J
2rb-ax _ 1) % (“ i (2 w))
lll)()‘) ) (77)\ i

where C' > 0 is a positive constant and 1(y) = 5= dy [log r(2iy)]. Since y —
log 7(2iy) is a convex function, for a < b we have ¢)(a) < ¢ (b). Therefore,
A= C % is a strictly decreasing function, with a pole at ¢ (b) and with
the same positive limit at +co. Thus, it crosses exactly twice the increasing
exponential function 27—, O

The next claim will enable us to bound h‘f’b from below, on most of the

real line. Denote by 21,22 € R (21 < 22) the two real zeroes of h‘f’b whose
existence is guaranteed by Claim We also use the notation B(z, ) for
the interval of radius § > 0 around x € R.

Claim 2.4.2. For all 5g > 0, there exists c5 > 0 such that for all X €
R\ (B(Zl, (50) U B(Z2,50)).'

hclt,b()\) > 05(1 + )\2) HlaX(eQaQﬂ—)\,eQb.Qﬂ—)\).



2.4 Theorem |7|: Linear and Intermediate Variance

65

ha,b()\) la(A)—lb(A)GQW(b7G>A 2
ATAEjetazen = ( BV sy approaches

strictly positive limits as |A\| — oo, there exist M,, ¢, > 0 such that

Proof. Since the function

V’)\| > M, : h‘ll’b(A) > Ca(l + )\2)6261'2#)\.

Similarly, there exist some My, ¢, > 0 such that V|A| > M, : h‘f’b(x\) >
cp(1 + A2)e22™ Take M = max(M,, My). Since h()\) attains a positive
minimum on [—M, M|\ (B(z1, ) U B(z2,dp)), there exists some ¢ > 0 such
that for all A in this set, h(\) > c(1 + M%) max(e2*2™ ¢2027) Choosing
now c¢s = min(c, ¢q, ¢p) will yield the result. O

The next claim is a slight modification of the previous one, in order to
fit our specific need.

Claim 2.4.3. For every § > 0 there exist a set F = Fs = R\ (I1 U I2)
such that I; is an interval containing z; and of length at most § (j =1,2),
p(F) > 0, and there ezists cs > 0 such that for all small enough ¢,

h(A+7) > c5(1 + (A + 7)?) max (eza'%()"”), eQb'Qﬂ()‘JFT)) ,

for all \, 7 € (F x F) N Diag,.

Proof. Choose F = R\ (B(%,00) UB(%,%)) .
enough so that p(F) > 0. Then, for ¢ < §p and (A, 7
have

where 09 < 6 is small
) € (F x F)NDiag,, we

N+ 7 — 2| > 27 — 2| = [N = 7| > 200 — € > dp.

Choosing the constant ¢5 > 0 which is the consequence of applying Claim
will end our proof. O

Fix a parameter § > 0, and fix ' = Fj; to be the set provided by
Claim Continuing from equation ([2.24]), we have
a,b

SN f ( T-2a(A+T
llTrglOr(l)f 5T > c5 llren—}(?f//pprI[Dlagi (A, 7) €220 dn(N)dp(T)

=c5 h?l—:(l)lf/F 322 (1t —e,74+¢)NF)dpa(7)

1
=5 hmlnf/ 2k (1 —e,74+¢e)dp(r),
R

e—0 S

where p is the restriction of pa, to F, i.e. pu(p) = p2q(lp - ¢) for any test-
function ¢. Notice that by the choice of F, u(R) = paq(F) > 0. The next
lemma characterizes the limit we are investigating.
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Lemma 2.4.1. Let p € MT(R) (u # 0). Then the following limit exists
(finite or infinite):

. 1 . 2
Jig [ (=) du(r) = /R Fl2 (@) de.

Positivity of the lower bound which we gave for the limit L; is now clear.

Proof of Lemma[2.4.1, Denote ¢. = 5T (.. for € > 0. Rewriting the
integral and using Parseval’s identity, we get:

I,(e) == 216/]RM(T—€,T+5) dp(T)
— [ e+ or)dutr)
R

_ /R (Flu] - Flie]) (@) Flul (—)da
= / sinc(2mex)| Flu)|* (x)dx
R

Since [sinc(2mez)| < 1, we have the upper bound I,,(g) < [; [Flu][*(z)dz.
For a lower bound we shall use the following general fact:

Observation. For any 11,12 € Cy(R) and p € M (R),

[ ordes va) = [ (w1 ip{ua)) du
Proof
[ordtsvn) = [ i+ ) duaintiay
= [ ([ orte+ it -0 d ) duto) = [ ipoah (o),
]

Using the last observation and the fact that ¢ * . < 2¢9. we get:

/R(uwa) d(M*%):/RH*(%*SOE)dMSQ/RM*SOQE dp = 21,,(2¢)
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On the other hand,
Lo dtus o = [ Fluxod? = [Ff sinc2rea) da
> / | Fu]|? - sinc?(2mex) da
K

for any compact set K C R. Sin ce the limit h%lJr sinc(2mex) = 1 is uniform
E—

in # € K, the last expression approaches [, |F[u]|* as e — 0+. Thus,
by choosing K and then € > 0 properly, the lower bound may be made
arbitrarily close to [p |F[u][?. This concludes the proof. O

2.4.2 Linear Variance

Recall that, combining (2.21)) and Claims [2.3.1aland [2.3.11] we obtained the

formula

vel(T)
21 (2.25)
1 1 2T 2| y y .
_— —_—— . I ad , _2 7 ’ 1
where

a a
Sk7b(x) = m {qk(x7a7 b)} )

and S;“(x) denotes the evaluation of the same mixed partial derivative at
the point (z,a,a). In the next claim we prove strong convergence properties
of similar sums, provided that condition (2.2) holds.

Claim 2.4.4. If condition (2.2)) is satisfied, then for every k € N the func-

. a,a a,b 0,0
tions S,""(x), S (x) and S}
x. Moreover,

(x) are in L'(R) with respect to the variable
1

ZkQ/Sk(w)d:c converges,

E>1 R

with any of the three possible superscripts on the letter S.

Let us first see how to finish the proof of linear variance using this claim.
Again, as we saw in section each term of the series in the RHS of ([2.25))
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is non-negative. Therefore, by the monotone convergence theorem:

a,b
lim Vf (1)
T—o00 2T

= z a,a a
8772 Z 2 lim <1 - |2T> (S (x) — ZSk,’b(x) + Sz’b(az)) dx.

T—o0

The limit in each term can be computed using the following:

Claim 2.4.5. If Q : R — [0, 00) is integrable on R, then

T
lim < ’“””') v)dz = / 0.
T—o0 -T
Proof. Notice that:

[0 e [ -5 [

and both ends of the inequality approach the limit fR Q. ]

We conclude that

i 2T > 5 (500w - 2507() + 81w)) d,
T—o00 2T 87T2 k‘2

which is finite by Claim

Lastly, once we know the limit is finite we may obtain another formula of
it using Proposition[2.3.1] We may take term-by-term limit of " — 0o, again
by monotone convergence, and get an alternative form for the asymptotic
varaince:

Va b
. f a,b
Jim 87T3 Z e / hk (2\)d\ € (0, 00).

All that remains now is to prove Claim

Proof of Claim|[2.4.7. We recall that Sg’b was computed in the proof of

Claim [2.3.11] to be:

0? Qab k=1
S, — kY _ ) dabs 2.26
"~ 9a 0b {q } {k:(k —1)¢"2quqp, +hqd" Lqup k> 1. (2:26)
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Step 1: Let g be one of the functions ¢, qq, g or gq. Then g(z,a,a),
g(z,a,b) and g(z,b,b) are all in (L' N L>) (R) with respect to the variable
x.

This is, in fact, part 3 of Claim m This step ensures that S°%, Sg’b

and Sz’b are in L'(R) with respect to z.
We turn now to prove the "moreover” part of the claim. We use ([2.26))
in order to rewrite the desired series:

Z;ASk(x)dx (2.27)

k>1

_ 1 _
= / Gap d + Z/ 7" qags da:+zk/q’“ ? (q4ab — Gas) da.
R R R

k>2 k>2

Once again, all functions are evaluated at (z,a,a), (z,a,b) or (z,b,b) and
what follows holds for each of the three options. By step 1,

/ |qap| da < o0, / |gaqs| dz < 0. (2.28)
R R

For the middle sum in (2.27)), it is therefore enough to show that:
Step 2: The sum Zmzl fR q"qaqp dr converges.

Proof. We will show, in fact, that the positive series Y., < [z ¢"'|¢aq| dz
converges.

First, in case we are evaluating at (x,a,b) (a < b), our series converges
due to and the bound in part 2 of Claim Now assume we are
evaluating at (x,t,t) (where ¢t € {a,b}). As we deal with a positive series, it
is enough to show that both

(I Zm21 f,ll q"|qaqp| dz < 00, and
(II) Zle f|r‘21 quQaqH dxr < 0.

Denote by C' = sup,cr |¢aq(z,t,t)| € (0,00). The sum in is bounded
by

C Z / q"(x,t,t) de =C L(w,t,t) de < C”/ q(z,t,t) dx,
st Jlel>1 w>11—4¢ R

where C’ € (0,00) is another constant. C, C’ and fR q(x,t,t)dx are all finite
by part 3 of Claim
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We turn to show (I)). By parts 1 and 4 of Claim the sum

Qaqb
> " qags| dw = |1“ |

—q
m>1

is well-defined for all x (including z = 0). By the monotone convergence
theorem, item is then equivalent to

1
4a9b
/_1 lla_ql(x,t,t) dx < o0,

which is indeed finite as an integral of a continuous function on [—1,1]. [

At last, only the right-most sum in (2.27) remains. Using the bounded-
ness and integrability guaranteed in Step 1, it is enough to show:
Step 3: The sum ng #H fR q™ dx converges.

Proof. We use a fact which is the basis for on of the standard proofs of the
Central Limit Theorem (CLT). For completeness, we include a proof in the
end of this subsection.

Lemma 2.4.2. Let g € L'(R) be a probability density, i.e., g > 0 and
Jz 9 =1. Suppose further that

(a) [zl A[Fg(N)dX < oo for k=1,2,3 and
(b) Ja|Flgl(x)]” dx < oo for some v > 1.

Then there exists C' > 0 such that for all m > v,

/R Flol(@)mda < fm

We would like to apply the lemma to

_ eQw(a—i—b))\p()\)
r(ia + ib)

Notice that indeed this is probability measure, as by equation (2.18) with
k=1:
r(x + ia + ib)

Flg™lw) = r(ia +1ib) ’
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and in particular Flg fR g*® = 1. This choice also obeys the extra
integrability cond1t10ns in the lemma (as condition (2.1)) implies @ and (|2 .
implies (b)) with v = 2). We see now that

r(ia + ib)?

@i T @ < F )P,

q(z,a,b) =

the last inequality following from the log-convexity of y +— r(iy). Similarly
we define g% and have q(x,a,a) = |F[g»?](z)|*. Thus in all three cases of
evaluation, using the lemma with the appropriate function g yields:

=1 / F
—— [ " dx < Flg Mdx
<C < 00,
Z (m +2)v2m

as required. O

Combining all three steps with (2.27), we end the proof of Claim
O

Our last debt now is to prove Lemma The proof is a minor varia-
tion of the proof for CLT appearing in Feller [I8, Chapter XV.5].

Proof of Lemma[2.4.4 Write G(z) = Flg](x). We may assume that [, Ag(\) =

0 (otherwise we shall con51der, instead of g, the function g, (\) = g(A + p)
where p := [p Ag(A\)dA. There is no penalty since |Flg,](x)| = |Flg](z)|
for all z € R). By assumption (), G(x) is thrice differentiable, and by the
above assumptions G(0) =1 and G’(0) =0

To prove the lemma, it is enough to show that

m—0o0

lim \/m/ |G(z)|™dz exists and is finite.
R

Notice that /m [ |G(x)|"dx = [3 |G (x/y/m)|™dz, and so it is enough to

show that .
o ()| -

for some value of a > 0, which in fact is a := G"(0).

We shall achieve by splitting the integral into three parts, and
showing each could be made less than a given € > 0 if m > v is chosen large
enough.

lim
m—00 R

dz =0, (2.29)
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Fix R > 0 (to be determined later). By Taylor expansion,
2

G(z) = G(0) + 2G’'(0) + l;G”(O) +o(z?) =1+ % +o(z?), . — 0 (2.30)

and so |G(z/y/m)|™ — e=***/2 as m — oo, uniformly in x € [~ R, R]. Thus
the integral in (2.29) computed on [—R, R] converges to zero as m — oo.
From the expansion ([2.30) we get

az2

>0V|z|<d: |Gx)| <e 1.

Consider the integration in (2.29) for R < |z| < dy/m. For such = we have
|G(x//m)|™ < e~ 2, and so the integrand is less than 2¢~ 1 . Choosing
2

R so that 4 [~ e~ “T < e will satisfy our needs.
Lastly, consider the integration on d/m < |z| < co. By properties of
Fourier transform, 7 := supy,>s |G(z)| € (0,1). Thus

Jional [ G =

for m large enough. Here we have used condition (]E[)

de < nm™" \/E/ \G!”—i—/ e 2 <,
R |z|>8v/m

2.5 Theorem [8 Super-linear variance

In this section we prove the two items of Theorem [§| in reverse order.

2.5.1 Item : Super-linear variance for particular a,b

Assume condition holds for the particular a and b at hand. Fix a
parameter § > 0, and let F' = Fjs be the set provided by Claim [2.4.3] The
premise ensures that, if & is small enough, at least one of the measures
(14 A)p2a|r; and (1 + X)pap|r; does not have L2-density. WLOG assume
it is the former. At first, assume also po,|F is not in L?. Repeating the
arguments of the Subsection [2.4.1] we get the lower bound

Vel
)z [ 1P @

lim inf
T—o0

where = pag|r and ¢s > 0. The LHS is therefore infinite, and so L1 = oco.
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We are left with the case that Apg,|r, does not have Lz—density, but
p2q|Fy does (denote it by pag). The argument is similar. Continuing from

(2.24) and employing Claim we get

lim inf V}Lb( ) >c liminf/ / i1[ (A (A +7)?p2a(A) p2a(T)dAdT
T = G 0 Jp/p2e (t—e,m+e) P2a P2a

T—oo e—

> 54 / X2paa(N)2dA,
K

where K C F' is compact. But, by our assumption, by choosing K properly
Va,b(T)

the last bound can be made arbitrarily large, so that limp_, o, 10277,

2.5.2 Item : Super-linear variance for almost all a,b

Let p be such that the condition in item holds. If p has a singular
component, then the condition in item holds for all possible a, b and so
Li(a,b) = oo with no exceptions. Otherwise, p has density p(A). Define the
set

E ={(a,b): a,be J, a<b, the condition in item fails for a,b}.

If E =0, once again Lq(a,b) = oo for all a,b € J with no exceptions.

Assume then there is some (ag,bg) € E. This means there exists A1, Ao
such that for any pair of intervals I1, I such that \; € I; (j = 1,2), both the
functions (1+A2)e?™2a0Ap()\) and (14 A2)e?™ 20 p(\) are in L2(R\ (I UIy)),
but at least one of them (WLOG, the former) is not in L?(R). Observe that
the existence of such A\, Ay depends solely on p()), and may therefore be
regarded as independent of the point (ag,bg) € E. Moreover, at least one
among A1 and Ay (say, A1) is such that for any neighborhood I containing
it, p & L2(I).

Suppose now a,b € E are such that

hiP (A1) > 0, (2.31)

where h?(\) = (I8 (N)e?mar — l’{()\)e%b’\)2 is the function appearing in the
the first term of our asymptotic formula, and in the lower bound in inequal-
ity (2.24)). Recall h‘f’b is non-negative and has only two zeroes by Claim

We may choose § > 0 smaller than the minimal distance between A;
and a zero of hcf’b, and then construct F' = Fj as in Claim Certainly
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A1 € Fy, and so the measure 1 = pog|r, is not in L?(R) (it is even not in
L*(I) for any neighborhood I of A;). Just as in subsection we shall get

T—o00

Vfa,b(T) )
liminf -4 > ¢ / L2 (2)dz = oo.
2T i

We end by showing that for a given point A\; € R and a given a € J, the
set of b € J which do not obey (2.31)) is finite. Indeed, this is the set

{beJ: h*P\) =0} ={bec J: p(a) =)}

where

o 627r/\1y
— p2myA gy -

Suppose the desired set is not finite. ASin(:e  is real-analytic, it must be
27

constant on J. But then r(2iy) = ecy+1dy for some c,d € R, and the corre-

sponding spectral density would satisfy condition (2.2) for all relevant a, b.

This contradiction ends the proof.

2.6 Directions of further research

2.6.1 Related fluctuation problems

Most likely, it is possible to extend the methods developed in this chapter
in order to study fluctuations in other models. These include:

e the number of zeroes of a real stationary Gaussian function: it might
be possible to simplify Slud’s result, and to show that the variance is
always at least linear under mild assumptions on the spectral measure.

e the increment of the argument of a stationary Gaussian function f :
R —C.

e smooth statistics of the zeroes of a GAF: For a compactly supported
smooth test-function ¢ : Do — R, study the number of zeroes weighted
according to ¢; that is, > ¢(T'x + iy), where the sum is taken over
all x + iy which are zeroes of f.

2.6.2 A Central Limit Theorem

It is expected that the number of zeroes of a stationary GAF in long rectan-
gles converges, after appropriate scaling, to a Gaussian distribution (i.e., a
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“Central Limit Theorem”, or CLT, for the zeroes). This conjecture is sup-
ported by analogous theorems applying to real functions (mentioned above).
More support comes from a work by Nazarov and Sodin [34] for the “pla-
nar GAF” (a special GAF which is invariant to plane isometries), in which
they prove CLT for zeroes in large balls as the radius approaches infinity. It
would be desirable to prove a CLT for zeroes of a stationary GAF, beginning
with the case of linear fluctuations (i.e., when V»(T) grows linearly in T').
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Chapter 3

Gap probability for real
stationary processes

3.1 Introduction

3.1.1 Definitions

Let T be either Z or R, with the usual topology. A Gaussian process (GP)
on T is a random function f : T — R whose finite marginals, that is
(f(t1),..., f(tn)) for any ti,...,t, € T, have multi-variate centered Gaus-
sian distribution. A GP on Z is called a Gaussian sequence, while a GP on
R is called a Gaussian function. The Gaussian functions that we consider
will be almost surely continuous.

A GP on T whose distribution is invariant with respect to shifts by any
element of T, is called stationary. We abbreviate GSP, GSS and GSF for
Gaussian stationary processes, sequences and functions respectively.

For a GSP f on T define the covariance function r: T — R as

Observe that due to stationarity, for every ¢, s € T we have

ELf(s)f(®)] =r(t—s).

It is not difficult to verify that r(-) is a positive-definite continuous function
(continuity follows from almost sure continuity of f). By Bochner’s theorem,
there is a finite non-negative measure p on T* such that

r(t) = p(t) == /* e Pdp(N).
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Here T* is the dual of T, i.e. Z* ~ [—m, 7] and R* ~ R. Notice that p must
be symmetric, i.e., for any interval I: p(—I) = p(I). We use the notation
M(T™) for the set of all finite non-negative symmetric measures on 7*. The
measure p = py € M(T™) is called the spectral measure of the process f.
Any p € M(T*) uniquely defines a GSP on T.

Throughout the chapter, we shall assume the following condition:

36>0: / IAPdp(N) < oo. (3.1)
T*

This condition is enough to ensure that the associated process f will be a.s.
continuous (see Adler and Taylor [2, Chapter 1, p. 22]). Notice that this
holds trivially in case T = Z.

3.1.2 Results

Let f: T — R be a GSP. Define the “gap probability” of f to be
H{(N)=PVte[0,N)NT: f(t)>0),

where N € R is a parameter. This describes half the probability that no
sign-changes of f occurred in a time interval of length N. We study the
asymptotics of this probability as N — oo. It makes no essential difference
to regard N as an integer, and we usually do so.

Our main results are the following. Let f be a Gaussian stationary pro-
cess on T = Z or T = R, with spectral measure p € M(T™*), satisfying (3.1)).

Theorem 9 (upper bound). Suppose that there exists a > 0 and two num-
bers M, m > 0 such that

for any interval I C (—a,a), m|I| < p(I) < M|I|.
Then there exists C' > 0 such that for all large enough N,
H(N) <e N,

Theorem 10 (lower bound). Suppose that there exists a > 0 and a number
m > 0 such that

for any interval I C (—a,a), m|I| < p(I).
Then there exists ¢ > 0 such that for all large enough N,

Hp(N) > e N,
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Remark 3.1.1. The condition in Theorem [9] may be replaced by the fol-
lowing: There exist two intervals J; = (—a,a) and Jz, and two numbers
M, m > 0, such that

(a) for any interval I C Jy: p(I) < M|I|, and
(b) for any interval I C Ja: m|I| < p(I).

The necessary changes in the proof are indicated in Section |3.3.1} How-
ever, the authors believe condition (a) might be enough to ensure an upper
exponential bound on H(N).

Remark 3.1.2. Examples for which H(N) tends to zero slower than any
exponential in N are known; Newell and Rosenblatt construct one in [35].

Examples for which H(N) tends to zero faster than any exponential in N
are also known. A simple example was pointed out to us by M. Krishnapur.
Let (Yj)jez be a GSS with ii.d. entries, distributed A(0,1), and define
X; =Y;—Yj_y for all j € Z. Then X is a GSS with Hy(N) = & =
e~Nlog N(1+o(1) ' Notice that the spectral measure has density 2(1 —cos(\)),
A € [—m, 7], which vanishes at A = 0.

3.1.3 Overview

The rest of the chapter is organized as follows. Section is devoted to
discussion of the results. This includes an historical background, and a
simple yet useful observation that we shall use (Observation [2| below). The
results are then proved independently: Theorem @] (an upper exponential
bound) is proved in Section while Theorem [10| (a lower exponential
bound) is proved in Section

3.2 Discussion

3.2.1 Background

Gap probability, sometimes referred to by the name “persistence probabil-
ity” or “hole probability”, was studied extensively in the 1960’s, by Slepian
[44], Longuet-Higgins [28], Newell-Rosenblatt [35] and others. In addition
to proving some bounds and inequalities (such as the well-known “Slepian
Inequality”), they developed series expansions which approximate this prob-
ability quite well for small intervals. In a few examples, exact expressions
for the gap probability were calculated (see [44] and references therein).
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In the last decade or two, physicists (such as Majumdar-Bray [30] and
Ehrhardt-Majumdar-Bray [14]) proposed some new methods of approxima-
tion, especially for the long-range regime. These suggest that in many cases
of interest the gap probability H(NN) behaves asymptotically like eV, with
some 6 > 0.

Dembo and Mukherjee [IT, Theorem 1.6] observed that if the covariance
function r(t) is non-negative, this asymptotic behavior follows from Slepian
Inequality and subadditivity. I.e., the limit

.. —logHf(N)
Op=Jm — N

exists, and is finite and non-negative (finiteness is not mentioned explicitly in
the reference, but follows easily from the proof therein using the continuity
of f). To our knowledge, even in this simpler case no general bounds on 6
were known. A computation of the limit 6, as well as its existence for r(t)
which changes sign, are open.

We note that [I1], along with other works by physicists such as Schehr-
Majumdar [40], draw connections between gap probabilities of GSPs, those
of diffusion processes, and those of zeroes of random polynomials.

The first attempt to tackle the case where r(t) is not non-negative was
done by Antezana, Buckley, Marzo and Olsen [3]. They were able, using
novel ideas, to obtain exponential upper and lower bounds for H;(N) for
the particular case of the cardinal sine covariance r(t) = M’ which cor-
responds to indicator spectral density I[_. r;. Our results may be viewed
as an extension of their result to other stationary Gaussian processes, using
an idea of spectral decomposition. Recently Antezana, Marzo and Olsen
were able to generalize this same result in the direction of Gaussian analytic
functions over de-Branges spaces [4].

Via private communication we learned of results by Krishnapur-Maddaly
regarding lower bounds for the gap probability of a GSS. It seems that our
conditions for a lower exponential bound are currently stronger, but they
have given very mild conditions which ensure Hy(N) > e~V * (where ¢ > 0
is a constant, and the inequality holds for large enough N). Though the
results are similar in spirit, their methods seem to be very different from
ours.

Lastly we mention an analogous result for the planar Gaussian analytic
function

ZTL
anp——, where a, ~ N¢(0,1) are i.i.d.
> N c(0,1)

nel
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Bounds concerning hole probabilities for this model were obtained by Sodin
and Tsirelson [49], and later refined by Nishry [36]. Nishry showed that
the probability of having no zeroes in a ball of radius R in the plane is
asymptotically e=(¢*/ 4+0(1))R4, as R — oo. For discussion of such results
and comparison to other point processes in the plane, see [22 Chapter 7].

3.2.2 A Key Observation

We include here the basic observation which will be used to prove both
Theorems [9] and We use the symbol @ to indicate the sum of two
independent processes or random variables.

Observation 2. Let f be a GSP on T with spectral measure p € M(T*),
and suppose p = p1+ p2, where p1, pa € M(T™*). Then the following equality
holds in distribution:

FL1f,

where f; is a GSP with spectral measure p; (j =1,2), and fi is independent
(as a process) from fa.

Proof. We calculate the covariance function of f1® fo using the independence
of the processes:

E[ (£1(0) + £200) (A1) + fo(0) | = EAO) /1(8) + E£(0) (1)
= i(t) + pa(t) = (o).

This covariance function is equal to that of f. As all processes are Gaussian,
the observation follows. O

3.3 Theorem [9; Upper bound

This section is devoted to the proof of Theorem [9]

Let f be a GSF or GSS with spectral measure p, obeying the conditions
of Theorem@ Let k € N be such that 7 < a, and denote J := [-7/k,7/k] C
[—a, a]. We decompose the spectral measure as follows:

dp(X) = mILy(A)dA + dp(N),
where p € M(T*) is non-negative and there exists M’ > 0 such that

for any interval I C (—a,a): u(I) < M'|I]. (3.2)



82

Gap probability for real stationary processes

By Observation [2, we may represent

fLsaeyg

where S and g are independent processes, with spectral measures m1 ;(\)
and p respectively.

Next, we observe that sampling S in a certain lattice results in indepen-
dent random variables:

Observation 3 (indicator spectrum). The GSP (S(t))ier having spectral
density mUj_ i, »/x) has the property that (S(jk))jez are i.i.d. Gaussian
random variables.

Proof. By taking the Fourier transform of the given measure, the covariance
function of S is o
sin(%(t — s))

E[S(s)S(t)] = 2m P

Thus S(jk) and S(nk) are uncorrelated for any j,n € Z, j # n; as these are
Gaussian random variables - independence follows. ]

In order to apply Observation |3| we look at a certain translated lattice
{jk+¢:j € Z} on which S is indeed independent. The translation (which
we call “split”) of the sampled lattice will depend on g.

More precisely, fix a number ¢ > 0 (say, ¢ = 1), and define the set
G C C(T) as follows:

N
1
G={hez®: NZh(j)<q ,case of GSS
j=1

1 [N
G = {h e C(R) : N/ h(t)dt < q} ,case of GSF.
0

Using the law of total probability we have:

P(f(t)=S(t)+g(t) >0, 0<t<N)
§]P’<S(t)+g(t)>0, O§t<N‘g€G>+]P’(g§ZG).
It is enough to show that there exist C',Cy > 0 such that for large enough
N,
(i) IP’(S(t)—i—g(t) >0, 0§t<N‘gEG) < e OV and
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(i) P(ggG)<e N

We proceed the proof for the function-case, noting the sequence-case follows
similar lines and is generally easier.

We begin by showing (i). It is enough to show that there is C; > 0 such
that for any large enough N and any fixed g € G,

P(S(t)+g(t) >0, 0<t < N)<e OV, (3.3)
Indeed, this would imply (using the independence of g and 5):
P(S(t)+g(t) >0, 0<t< N |geq)
:E[P(S(t)Jrg(t) >0,0<t<N|g) }geG} < e OiN,
as required.

To that end, we use a property which holds when the event g € G occurs,
stated below.

Observation 4. Let g be a continuous function such that fo t)dt < q,
and assume N € N is divisible by k, then there exists a numberl € [0,k)

such that
N/k 1

— Z (JE+ 1) <

Proof. Else, for every [ € [0, k) the reverse inequality holds. Integrating it
over [ € [0, k] yields a contradiction. O

Now, fix a function g € G. We can find a special split £, whose existence
is guaranteed by Observation |4 Therefore:

P (S(t) +g(t) >0, 0 <t < N)
gP(S(jk+€g)+g(jk+€g)>0, j=0,1,....N/k—-1),

where (S(jk +¢))jcz are i.i.d Gaussians (whose variance is independent of
ly), and & ZN/ 1 g(jk + €4) < q. The following inequality will give the
desired bound

Proposition 3.3.1. Let X;,..., Xy be i.i.d standard Gaussian random
variables (distributed N(0,1)), and let ¢ € R. There is a constant Cy > 0
such that for any numbers by,...,by € R which obey % Zjvzl bj < q, the
following holds:

P(X;+b;>0,1<j<N)<e %l
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Proof. Denote by ®(b) = P(X; < b) the cumulative distribution function of
X1. By symmetry, ®(b) = P(X; > —b). Using the “i.i.d.” property of the
variables {X j}évzl we have:

N N
p=P(X;+b;>0,1<j<N)=][P&X;>-b)=][20

J=1

Taking logarithm and using the concavity and monotonicity of x — log ®(z),
we get:

>, b
logp = Zlog(l) ) < N -log® N < N -log ®(q),

and so Cy = —log ®(¢) > 0 is the desired constant. O

In order to prove (ii), we shall use the following;:

Proposition 3.3.2. + fON g(t)dt ~ Nr(0,0%), where 0%, < 50 for all N €
N and some constant Cy > 0.

Proof. The normality of the given integral follows from general arguments
of convergence of Gaussian random variables. We focus on the bound on its
variance. Recall that p denoted the spectral measure of g. We calculate the
variance:

O’]QV_]\;E</N > NQ//ONPEgtg (s))dt ds
Nz/ / t—SdtdS—AKN( —ﬂ)ﬁ(t}dt.

The change in order of integration and expectancy in the first equality is
easily justified by use of Fubini’s theorem.

l¢]

The inverse Fourier transform of (1 — ) I[_y n(t) is given by

Kny(\) =N <m](vj\;?2/2)>2 < min (N, ;;)

Using first Plancherel’s Identity, and then condition (3.2]) on the bounded-
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ness of u, we get:

A
Z\ =~
AN

%\
2
>
o8
=
>

ok

(/ <|Al<a )\|>a> A2 d,u()\)

%
<M e X ( g —u({In >a}>>
N ' N2 z<pj<a A2 @2
o
where Cj is a constant (depending on pu). O

At last, we prove (ii). Denote by 7 a standard Gaussian random variable.
Using the Proposition together with the well-known inequality

1 2
Vy>0: P(y>y) < eV /2,
Y (v>y) N
we get:
1 N q
P(Q%ZG):P(N/ g(t)2q> =P(on ’Y>Q):P<72>
0 ON
1  on *%%
—_— 76
T V2 ¢
< 1 700 26 < g2
~qV 21N - ’

for a suitable choice of Cy > 0 (depending only on ¢ and p). Theorem |§| is
proved. ]

3.3.1 Extension: Proof of Remark [3.1.1]

Remark states a somewhat more general condition under which the
conclusion of Theorem [9] is true. The proof is only a slight modification of
the one presented. First, choose ¢,k € N so that
(20— )7 27
Ji=|——F—,—| CU(=J2).
[ k: k 2 U (=J2)
Now decompose the measure as follows:

dp(A) = mIyu—g(A)dA + du(A).
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By the premise, u € M(T*) obeys the boundedness condition (3.2 (just as
before). Applying Observation [2[ we get

fLsay,

where S has spectral measure m1;_;(A)d\ and g has spectral measure .
We define G as before and strive to prove items (i) and (ii). Item (ii) fol-
lows from Proposition [3.3.2| and the calculation following it with no change.
The only property used in order to prove item (i) is the independence of
(S(jk))jez (ie., Observation [3). Let us show this still holds.

One way to end the argument is by calculation of the Fourier transform
of Ty,—s(A)dX and observing it vanishes at kj, j € Z (just as in the proof
of Observation . We give here a more general argument, relying on two
observations:

Observation 5. Let (f(t))ier be a GSF with spectral measure p, and o > 0.
Then the GSF x — f(ax) has spectral measure i Po, Where

VICR: po(I)=p{zeR: azel}).

Proof. E[f(at)f(as)] = pla(t —5)) = 3 pa(t — s). H

Q=

Observation 6. If (f(t))ier is a GSF with spectral measure p, then the
GSS (f(4))jez has the folded spectral measure p* € M([—m,7]) obtained by:

p*(I) = Zp(f—f— 27n).

neL

Proof. p* is the unique measure in M ([—,7]) such that p*(j) = p(j) for
any j € Z. O

Combining the last two observations, we get that if (S(t));er has spectral

density m1;u—,(-), then the spectral density of (S(kj))jez is 7 Wj—rA(-)-
Now Observation [ leads to the desired conclusion.

3.4 Theorem [10: Lower bound

In this section we prove Theorem
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3.4.1 Reducing GSS to GSF

Theorem is easily reduced to the case of functions, by noticing the fol-
lowing:

Observation 7. Any finite measure p € M([—7,n|) generates a GSF' f and
a GSS X. The distribution of (X(j))jez is the same as that of (f(j))jez
(since their covariance functions coincide). Moreover, for any number N :

Hp(N)=P(f(z) >0, z € [0, N) NR)
<P(f(7) >0, j €[0,N)NN) = Hx(N).
Therefore, in order to bound Hx (N) from below where X is a GSS, it

is enough to bound H¢(N) from below where f is the GSF with the same
spectral measure as X.

3.4.2 Proof for GSF

Let (f(t))tcr be a GSF with spectral measure p, obeying the condition
of Theorem By scaling f (and therefore scaling its spectral measure
according to Observation , we may assume the condition is satisfied with
a=T.

Just as in the proof of Theorem [9] we decompose the spectral measure
in the following manner:

dp = ml_; -(A\)dA + dp.
Applying Observation [2| we have
f£Sag
where S and g are independent processes, and the spectral measure of S has
density m1|_, 1(A).
We have:
Hi(N)=P(S(z)+g(x) >0, 0<z<N)

>P(S(x)>d, 0<z<N) P<\g($)]§ ,0§x<N>, (3.4)

where d > 0 is a parameter of our choice. The first probability is bounded
from below by the following theorem:
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Theorem 11 (Antezana, Buckley, Marzo, Olsen [3]). Let S(z) be the GSF
with spectral measure dp(A\) = W_y -(A\)dX. Then for any d > 0 there exists
a constant cq > 0, such that for all N € N,

P(S(z)>d, 0<x<N)>e <V,

In [3], the theorem is stated for the case d = 0, but the above can be
obtained by minor modifications to the proof given there.

We turn to bound the second probability in , i.e., the probability of
the event {|g(x)| <e, 0 <ax < N}. This is known in literature as a “small
ball probability”, and is bounded from below by the following result:

Lemma 3.4.1 (Talagrand [50], Shao-Wang [42] ). Let (f(t))ter be a centered
Gaussian process on a finite interval I. Suppose that for some ¢ > 0 and
0<d6<2,

dy(s,)* = E|f(s) = ()P < clt —s°, s,t el

Then, for some K > 0 and every € > 0,

P (sup 0] < <) 2 e (-5,

tel

The proof of Lemma [3.4.1] apart from being deduced from a much more
general result in Talagrand’s paper, may be found in notes by Ledoux [25],
Ch. 7, statement (7.13)] (in a slightly different formulation). Shao and Wang
decided to omit a proof from their paper as they learned that Talagrand’s
result generalizes theirs; but their Theorem 1.1 is the closest formulation to
the one above.

We use this lemma to prove the following:

Proposition 3.4.1. Let f be a Gaussian stationary function on R with
spectral measure p, obeying the moment condition (3.1)). Then for all € > 0
there exists C, K > 0 such that for any interval I:

P (sup]f(t)\ < 5) > Ce Kl

tel

Applying the proposition to f =g, I = [0, N) and ¢ = % > 0, will give
the desired bound on the second factor in (3.4)), thus ending the proof of
Theorem [I0l
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Proof of Proposition[3.4.1 First we notice that if the moment condition
is satisfied with a certain exponent > 0, then it is also satisfied by any
smaller positive exponent. Therefore we may assume 0 < § < 2.

We shall check that f obeys the condition of Lemma [3.4.1] with this
same ¢, i.e. that there exists a constant ¢ > 0 such that

dp(s,t)? < clt —s|°, s,t€l.
Indeed:

dp(s.1)° = E(f(5) — F(£))? = 2r(0) — r(s — 1))
= — COS S — — S 5 5
—o /R (1~ cos(A(s — 1)) ) dp(A) < 2L}t — /R APdp(N),

1—cos(z)
ER

where L = sup,cp < 00. The proposition follows. O

3.4.3 Directions of further research
Investigation of the gap probability

The results of this chapter show that there is a relation between spectral
properties of a Gaussian stationary process, and the asymptotics of its gap
probability. It would be desirable to understand this relation better, and use
it to find accurate asymptotics of the gap probability; i.e., to prove existence
of the limit

lim —logH(T)’

T—00 T

presumably under some spectral conditions. As mentioned earlier, this limit
is known to exists if the correlation function r(¢) is non-negative, and is
conjectured to exist in a much broader setup; but even for simple examples
in which r(¢) changes sign, such as the sinc-kernel, the existence is open.
Further, it would be interesting to compute the limit (which is unknown also
when r(t) > 0), and to characterize when is it 0 or +00. This, I conjecture,
has to do with the spectral measure vanishing or being unbounded near the
origin, respectively.

Another direction is to extend the bounds obtained in Theorems[10and [9]
to similar probabilities for complex-valued functions. For instance, it would
be desirable to bound the probability that a stationary “smooth” function
f iR — C does not wind around zero for a long time-interval.



90

Gap probability for real stationary processes

Exponential concentration

For stationary Gaussian functions f : R — R, another rare event of interest
is that the number of zeroes in a long interval [0, 7] is “far” from the mean
number of zeroes (by more then oT', where o > 0 is given). The probability
of such an event is expected to be exponentially small in 7" (with a constant
depending on «). “Exponential concentration” around the mean is natural
to expect when Offord-type estimates hold (i.e., when the tail of the distri-
bution of the number of zeroes in a compact set decays exponentially; see
[22) Chapters 3.2 and 7.1]). Exponential concentration was proved for nodal
lines of Gaussian spherical harmonics, by Nazarov and Sodin [31].

A significant step towards proving such a result for real Gaussian pro-
cesses was done by Tsirelson in a course he gave in TAU [51]. There he proves
exponential concentration for weighted counting functions of the zeroes (de-
pending on the derivative at each zero), under the assumption of purely
atomic spectral measure. As a first step, it would be natural to extend this
result to arbitrary spectral measures (with similar weighted counting func-
tions). This might shed light on the methods and conditions needed for the
original problem; yet, it seems, some new ideas and techniques will still be
required.
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