CHAPTER 1

Introduction

1.1. Random polynomials and their zeros

The primary objects of study in this book are point processes, which are random
variables taking values in the space of discrete subsets of a metric space, where,
by a discrete set we mean a countable set with no accumulation points. Precise
definitions of relevant notions will be given later. Many physical phenomena can
be modeled by random discrete sets. For example, the arrival times of people in a
queue, the arrangement of stars in a galaxy, energy levels of heavy nuclei of atoms
etc. This calls upon probabilists to find point processes that can be mathematically
analysed in some detail, as well as capture various qualitative properties of naturally
occurring random point sets.

The single most important such process, known as the Poisson process has
been widely studied and applied. The Poisson process is characterized by indepen-
dence of the process when restricted to disjoint subsets of the underlying space. More
precisely, for any collection of mutually disjoint measurable subsets of the underly-
ing space, the numbers of points of a Poisson process that fall in these subsets are
stochastically independent. The number of points that fall in A has Poisson distri-
bution with a certain mean u(A) depending on A. Then, it is easy to see then that u
must be a measure, and it is called the intensity measure of the Poisson process. This
assumption of independence is acceptable in some examples, but naturally, not all.
For instance if one looks at outbreaks of a rare disease in a province, then knowing
that there is a case in a particular location makes it more likely that there are more
such cases in a neighbourhood of that location. On the other hand, if one looks at the
distribution of like-charged particles confined by an external field (physicists call it
a “one component plasma”), then the opposite is true. Knowing that a particular lo-
cation holds a particle makes it unlikely for there to be any others close to it. These
two examples indicate two ways of breaking the independence assumption, induc-
ing more clumping (“positively correlated”) as in the first example or less clumping
(“negatively correlated”) as in the second.

A natural question is whether there are probabilistic mechanisms to generate
such clumping or anti-clumping behaviour? A simple recipe that gives rise to posi-
tively correlated point processes is well-known to statisticians: First sample X(-), a
continuous random function on the underlying space that takes values in R, and
then, sample a Poisson process whose intensity measure has density X(-) with re-
spect to a fixed reference measure v on the underlying space. These kinds of pro-
cesses are now called Cox processes, and it is clear why they exhibit clumping - more
points fall where X is large, and if X is large at one location in space, it is large in
a neighbourhood. We shall encounter a particular subclass of Cox processes, known
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FIGURE 1. Samples of translation invariant point processes in the
plane: Poisson (left), determinantal (center) and permanental for
K(z,w) = %ezw_%(‘zlz”wlz). Determinantal processes exhibit repul-
sion, while permanental processes exhibit clumping.

as permanental processes, in Chapter 4, only to compare their properties with deter-
minantal processes, one of two important classes of point processes having negative
correlations that we study in this book.

This brings us to the next natural question and that is of central importance
to this book. Are there interesting point processes that have less clumping than
Poisson processes? As we shall see, one natural way of getting such a process without
putting in the anti-clumping property by hand, is to extract zero sets of random
polynomials or analytic functions, for instance, zeros of random polynomials with
stochastically independent coefficients. On the other hand it is also possible to build
anti-clumping into the very definition. A particularly nice class of such processes,
known as determinantal point processes, is another important object of study in this
book.

We study these point processes only in the plane and give some examples on the
line, that is, we restrict ourselves to random analytic functions in one variable. One
can get point processes in R2" by considering the joint zeros of n random analytic
functions on C", but we do not consider them in this book. Determinantal processes
have no dimensional barrier, but it should be admitted that most of the determi-
nantal processes studied have been in one and two dimensions. In contrast to Cox
processes that we described earlier, determinantal point processes seem mathemat-
ically more interesting to study because, for one, they are apparently not just built
out of Poisson processes’.

Next we turn to the reason why these processes (zeros of random polynomials
and determinantal processes) have less clustering of points than Poisson processes.
Determinantal processes have this anti-clustering or repulsion built into their defi-
nition (chapter 4, definition 4.2.1), and below we give an explanation as to why zeros
of random polynomials tend to repel in general. Before going into this, we invite
the reader to look at Figure 1. All the three samples shown are portions of certain
translation invariant point processes in the plane, with the same average number of
points per unit area. Nevertheless, they visibly differ from each other qualitatively,
in terms of the clustering they exhibit.

1«pg not listen to the prophets of doom who preach that every point process will eventually be found
out to be a Poisson process in disguise!” - Gian-Carlo Rota.
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Now we “explain” the repulsion of points in point processes arising from zeros of
random analytic functions (Of course, any point process in the plane is the zero set of
a random analytic function, and hence one may wonder if we are making an empty
or false claim. However, when we use the term random analytic function, we tacitly
mean that we have somehow specified the distribution of coefficients, and that there
is a certain amount of independence therein). Consider a polynomial

n-1

(1.1.1) p@)=z2"+a,_12"" " +...+a1z +ayp.

We let the coefficients be random variables and see how the (now random) roots
of the polynomial are distributed. This is just a matter of change of variables, from
coefficients to the roots, and the Jacobian determinant of this transformation is given
by the following well known fact (see the book (2) p. 411-412, for instance).

LEMMA 1.1.1. Let p(z) = H (z—2zp) have coefficients ap, 0<k<n-1lasin(1.1.1).
Then the transformation T : C” — C" defined by
T(z1,...,2n)=(an-1,...,a0),

has Jacobian determinant [] |z; —z; 12,
i<j

PROOF. Note that we are looking for the real Jacobian determinant, which is

equal to
0T(z4,...,2
idet( ( 1 n)) |2
0(z1,...,2n)

To see this in the simplest case of one complex variable, observe that if f = u +iv :
C — C, its Jacobian determinant is

1 i

>

Uy Uy

which is equal to |f'|2, provided f is complex analytic. See Exercise 1.1.2 for the
relationship between real and complex Jacobian determinants in general.
Let us write
Tok)=anp =D Y 2.2,
1<ii<..ip=n

Ty(k) and all its partial derivatives are polynomials in z;s. Moreover, by the sym-

metry of Ty (k) in the z;s, it follows that if z; = z; for some i # j, then the ith and

’th columns of % are equal, and hence the determinant vanishes. There-
fore, the polynomial det(aTaZ(k ))1 0 is divisible by [[(z; —z;). As the degree of
<j,ksn i<j

de t(aT n(k)

P ) ) is equal to Z k-1)= %n(n —1), it must be that
7 J1sjks<n k=1

det(aT(zl,...,zn)) _c, H(Zi _z))

6(21,...,2n) l<]

To find the constant C,,, we compute the coefficient of the monomial HzJ:_lon both

sides. On the right hand side the coefficient is easily seen to be D,, := (-1)"»~D2C, .

On the left, we begin by observing that T, (k) = —z,T,-1(k—1)+ T,,—1(k), whence
oT, (k) 0T,-1(k—1) N 0T,-1(k)

1.1.2 —_— =
( ) 0z; Zn

—0inTh-1(k-1).
6Zj OZJ' Jjntin 1( )
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The first row in the Jacobian matrix of T has all entries equal to —1. Further, the

entries in the last column (when j = n) are just —7T',_1(k — 1), in particular, indepen-

0T (k)
0z;

dent of z,. Thus when we expand det( ) by the first row, to get 2! we must

take the (1,n) entry in the first row and in every other row we must use the first
summand in (1.1.2) to get a factor of z,,. Therefore

B oT,(k
D, = coefficient of [] zj Lin det(ﬁ)
J=1 2j J1zk,j=n
(=iye OT,-1(k—1
= (=1)" coefficient of ] 2’ Lin det(—M)
=1 J aZj 2<ks<n
J 1<jsn-1
= -Dy-1.
Thus C, = (=1)"Cp,_1 = (=1)*"*V2 because C; = —1. Therefore the real Jacobian
determinant of T'is ] |z; —z;I?. O
i<j

The following relationship between complex and real Jacobians was used in the
proof of the lemma.

EXERCISE 1.1.2. Let (T1,...,T,) : C" — C" be complex analytic in each argu-

ment. Let A;j = 6Rgz;i(Z) and B;; = ﬂgf?}(z) where zj = x+iy;j. Then the real Jacobian
determinant of (ReT'1,...,ReT,,,ImTy,...,ImT},) at (x1,...,%n,¥1,..-,¥n), 1S
A B
det B A ]

which is equal to |det(A — iB)|2, the absolute square of the complex Jacobian deter-
minant.

We may state Lemma 1.1.1 in the reverse direction. But first a remark that will
be relevant throughout the book.

REMARK 1.1.3. Let z;, 1 <k < n be the zeros of a polynomial. Then z;s do not
come with any natural order, and usually we do not care to order them. In that
case we identify the set {z;} with the measure } 5,,. However sometimes we might
also arrange the zeros as a vector (zy,,...,25,) where 7 is any permutation. If we
randomly pick 7 with equal probability to be one of the n! permutations, we say that
the zeros are in exchangeable random order or uniform random order. We do this
when we want to present joint probability densities of zeros of a random polynomial.
Needless to say, the same applies to eigenvalues of matrices or any other (finite)
collection of unlabeled points.

Endow the coefficients of a monic polynomial with product Lebesgue measure.
The induced measure on the vector of zeros of the polynomial (taken in exchangeable
random order) is

n
(H |z; —z,-|2) [T dm(zp).
i<j k=1
Here dm denotes the Lebesgue measure on the complex plane.

One can get a probabilistic version of this by choosing the coefficients from
Lebesgue measure on a domain in C". Then the roots will be distributed with density

proportional to _H_ lz; — zjl2 for (z1,...,2,) in a certain symmetric domain of C".
1<j



1.1. RANDOM POLYNOMIALS AND THEIR ZEROS 5

A similar phenomenon occurs in random matrix theory. We just informally state
the result here and refer the reader to (6.3.5) in chapter 6 for a precise statement
and proof.

FAcCT 1.1.4. Let (a; ;)i j<n be a matrix with complex entries and let z1,...,2,
be the eigenvalues of the matrix. Then it is possible to choose a set of auxiliary
variables which we just denote u (so that u has 2n(n — 1) real parameters) so that
the transformation 7T'(z,u) = (a; ;) is essentially one-to-one and onto and has Jacobian
determinant

f@)[]lzi —z;l?
i<j

for some function f.

REMARK 1.1.5. Unlike in Lemma 1.1.1, to make a change of variables from the
entries of the matrix, we needed auxiliary variables in addition to eigenvalues. If
we impose product Lebesgue measure on a; ;s, the measure induced on (z1,...,2,,u)
is a product of a measure on the eigenvalues and a measure on u. However, the
measures are infinite and hence it does not quite make sense to talk of "integrating
out the auxiliary variables" to obtain

n
(1.1.3) [T1zi =21 [ dm(zr)
i<j k=1
as the "induced measure on the eigenvalues". We can however make sense of similar
statements as explained below.

Lemma 1.1.1 and Fact 1.1.4 give a technical intuition as to why zeros of random
analytic functions as well as eigenvalues of random matrices often exhibit repulsion.
To make genuine probability statements however, we would have to endow the coef-
ficients (or entries) with a probability distribution and use the Jacobian determinant
to compute the distribution of zeros (or eigenvalues). In very special cases, one can
get an explicit and useful answer, often of the kind

(1.1.4)
n n n
lei—ZjIZHe_V(zk> dm(zk):exp{— V(zk)—Zloglzi—Zjl } Hdm(zk).
i<j % k=1 k=1 iZj k=1

This density may be regarded as a one component plasma with external potential
V and at a particular temperature (see Remark 1.1.6 below). Alternately one may
regard it as a “determinantal point process”. However it should be pointed out that in
most cases, the distribution of zeros (or eigenvalues) is not exactly of this form, and
then it is not to be hoped that one can get any explicit and tractable expression of the
density. Nevertheless the property of repulsion is generally valid at short distances.
Figure 2 shows a determinantal process and a process of zeros of a random analytic
function both having the same intensity (the average number of points per unit area).

REMARK 1.1.6. Let us make precise the notion of a one component plasma of n
particles with unit charge in the plane with potential V and temperature 1. This
is just the probability density (with respect to Lebesgue measure on C") proportional

to
Bl ,
exp{ —— ZV(zk)—ZloglzJ—zkl
2 o 7k

} H dm(zp).
k=1
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This expression fits the statistical mechanical paradigm, namely it is of the form
exp{—PH(x)}, where H has the interpretation of the energy of a configuration and
1/B has the physical interpretation of temperature. In our setting we have

n
(1.1.5) H(z1,...,2p)= ZV(zk)—Zloglz]-—zkl.
k=1 J#k

If we consider n unit negative charges placed in an external potential V at locations
Z1,...,2n, then the first term gives the total potential energy due the external field
and the second term the energy due to repulsion between the charges. According
to Coulomb’s law, in three dimensional space the electrical potential due to a point
charge is proportional to the inverse distance from the charge. Since we are in two
dimensions, the appropriate potential is log|z —w|, which is the Green’s function for
the Laplacian on R2. However in the density (1.1.4) that (sometimes) comes from
random matrices, the temperature parameter is set equal to the particular value
B = 2, which correspond to determinantal processes. Surprisingly, this particular
case is much easier to analyse as compared to other values of !

We study here two kinds of processes (determinantal and zero sets), focusing
particularly on specific examples that are invariant under a large group of transfor-
mations of the underlying space (translation-invariance in the plane, for instance).
Moreover there are certain very special cases of random analytic functions, whose
zero sets turn out to be determinantal and we study them in some detail. Finally,
apart from these questions of exact distributional calculations, we also present re-
sults on large deviations, central limit theorems and also (in a specific case) the
stochastic geometry of the zeros. In the rest of the chapter we define some basic
notions needed throughout, and give a more detailed overview of the contents of the
book.

1.2. Basic notions and definitions

Now we give precise definitions of the basic concepts that will be used through-
out the book. Let A be a locally compact Polish space (i.e., a topological space that
can be topologized by a complete and separable metric). Let p be a Radon measure
on A (recall that a Radon measure is a Borel measure which is finite on compact
sets). For all examples of interest it suffices to keep the following two cases in mind.

« A is an open subset of R? and p is the d-dimensional Lebesgue measure
restricted to A.

e A is a finite or countable set and p assigns unit mass to each element of A
(the counting measure on A).

Our point processes (to be defined) will have points in A and p will be a reference
measure with respect to which we shall express the probability densities and other
similar quantities. So far we informally defined a point process to be a random
discrete subset of A. However the standard setting in probability theory is to have
a sample space that is a complete separable metric space and the set of all discrete
subsets of A is not such a space, in general. However, a discrete subset of A may
be identified with the counting measure on the subset (the Borel measure on A that
assigns unit mass to each element of the subset), and therefore we may define a point
process as a random variable taking values in the space .#(A) of sigma-finite Borel
measures on A. This latter space is well-known to be a complete separable metric
space (see (69), for example).
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A point process & on A is a random integer-valued positive Radon measure
on A. If & almost surely assigns at most measure 1 to singletons, it is a simple
point process; in this case & can be identified with a random discrete subset of A,
and X' (D) represents the number of points of this set that fall in D.

How does one describe the distribution of a point process? Given any m =1, any
Borel sets D1,...,D,, of A, and open intervals I1,...,I,, <[0,00), we define a subset
of 4 (A) consisting of all measures 6 such that 0(Dy) € I}, for each £ < m. These
are called cylinder sets and they generate the sigma field on .#(A). Therefore, the
distribution of a point process & is determined by the probabilities of cylinder sets,
i.e., by the numbers P[Z (D})=np,1 <k <m] for Borel subsets D1,...,D,, of A.

Conversely, one may define a point process by consistently assigning probabili-
ties to cylinder sets. Consistency means that

Y. PIZDp)=np1l<k<m]
0<n;<oco
should be the same as P[Z'(D},) = n,1 <k <m—1]. (Of course, the usual properties
of finite additivity should hold as should the fact that these numbers are between
zero and one!). For example the Poisson process may be defined in this manner.

EXAMPLE 1.2.1. For m =1 and mutually disjoint Borel subsets Dy, 1<k <m, of
A, let

m D np
p((D1,n1),...,Dn,nm) =[] AL
k=1 nk!

The right hand side is to be interpreted as zero if at least one of the D s has infinite
p-measure. Then Kolmogorov’s existence theorem asserts that there exists a point
process & such that

P[ZDy)=np,1<k=m]=p((D1,n1),...,(Dm,nm)).

This is exactly what we informally defined as the Poisson process with intensity
measure (.

Nevertheless, specifying the joint distributions of the counts X' (D), D < A may
not be the simplest or the most useful way to define or to think about the distribution
of a point process. Alternately, the distribution of a point process can be described by
its joint intensities (also known as correlation functions). We give the definition
for simple point processes only, but see remark 1.2.3 for trick to extend the same to
general point processes.

DEFINITION 1.2.2. Let & be a simple point process. The joint intensities of a
point process & w.r.t. u are functions (if any exist) pj, : A¥F — [0,00) for k = 1, such
that for any family of mutually disjoint subsets D1,...,Dp of A,

k
[TxD

i=1

(1.2.1) E

= f pk(xl,. .. ,xk)d,u(xl). . .d[J(xk).
I; D;
In addition, we shall require that py(x1,...,x) vanish if x; = x; for some i # j.

As joint intensities are used extensively throughout the book, we spend the rest
of the section clarifying various points about their definition.

The first intensity is the easiest to understand - we just define the measure
u1(D) :=E[Z (D)], we call it the first intensity measure of Z. If it happens to be
absolutely continuous to the given measure pu, then the Radon Nikodym derivative



8 1. INTRODUCTION

p1 is called the first intensity function. From definition 1.2.2 it may appear that the
k-point intensity measure p is the first intensity measure of 2 ®* (the k-fold prod-
uct measure on A¥) and that the k-point intensity function is the Radon Nikodym
derivative of y;, with respect to u®*, in cases when py, is absolutely continuous to u®*.
However, this is incorrect, because (1.2.1) is valid only for pairwise disjoint D;s. For
general subsets of A*, for example, D1 x ... x D}, with overlapping D;s, the situation
is more complicated as we explain now.

REMARK 1.2.3. Restricting attention to simple point processes, p; is not the
intensity measure of & k but that of Z*, the set of ordered k-tuples of distinct
points of . First note that (1.2.1) by itself does not say anything about p; on the
diagonals, that is, for (x1,...,x;) with x; = x; for some i # j. That is why we added
to the definition, the requirement that p; vanish on the diagonal. Then, as we shall
explain, equation (1.2.1) implies that for any Borel set B < A* we have

(1.2.2) E#Bnx ™) =fpk(xl,...,xk)du(xl)...du(xk).
B

When B = HD?k" for a mutually disjoint family of subsets D1,...,D, of A, and & =
Y.7_1 ki, the left hand side becomes
r (X(D;
il ( ( ») wal.
=1\ ki

For a general point process &, observe that it can be identified with a simple point
process X* on A x{1,2,3,...} such that Z*(D x {1,2,3,...}) = Z(D) for Borel D c A.
This way, one can deduce many facts about non-simple point processes from those
for simple ones.

But why are (1.2.2) and (1.2.3) valid for a simple point process? It suffices to
prove the latter. To make the idea transparent, we shall assume that A is a countable
set and that p is the counting measure and leave the general case to the reader (con-
sult (55; 56; 70) for details). For simplicity, we restrict to r =1 and k21 =2 in (1.2.3))
and again leave the general case to the reader. We begin by computing E [Z'(D )2].

2
(Z %({x}))
xeD

(1.2.3) E

E[Z(DY] = E

E|Y 2

xeD

+ Y E[X({xhZ (y)]

x#y
E[Z D)1+ f p2(x, y)d p(x)d p(y).
DxD
Here we used two facts. Firstly, Z'({x}) is 0 or 1 (and 0 for all but finitely many

x € D) and secondly, from (1.2.1), for x # y we get E[Z ({xhZ ({y})] = pa2(x,y) while
p2(x,x) =0 for all x. Thus

(1.2.4) EZXD)ZD)-1)]= f p2(x, y)d p(x)d u(y)
DxD
as claimed.

Do joint intensities determine the distribution of a point process? The following
remark says yes, under certain restrictions.
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REMARK 1.2.4. Suppose that Z' (D) has exponential tails for all compact D c A.
In other words, for every compact D, there is a constant ¢ > 0 such that P[Z'(D) >
k1< ek for all k = 1. We claim that under this assumption, the joint intensities
(provided they exist) determine the law of Z'.

This is because exponential tails for Z'(D) for any compact D ensures that
for any compact D1,...,D}, the random vector (Z'(D1),...,Z(D})) has a conver-
gent Laplace transform in a neighbourhood of 0. That is, for some ¢ > 0 and any
$1,...,Sk € (—€,€), we have

(1.2.5) Elexp{s1Z(D1)+...+sp X (Dp)}] < oco.

The Laplace transform determines the law of a random variable and is in turn deter-
mined by the moments, whence the conclusion. For these basic facts about moments
and Laplace transform consult Billingsley’s book (6).

Joint intensities are akin to densities: Assume that & is simple. Then, the joint
intensity functions may be interpreted as follows.

o If A is finite and p is the counting measure on A, i.e., the measure that as-
signs unit mass to each element of A, then for distinct x1,...,x3, the quan-
tity pr(x1,...,xz) is just the probability that x1,...,x, € Z.

o If AisopeninR? and 1 is the Lebesgue measure, then for distinct x4, ..., xp,
and € > 0 small enough so that the balls B.(x;) are mutually disjoint, by
definition 1.2.2, we get

k
E [H % (Be(x;)

J=1

k
f oY1,y [[ dmiy))
j=1

IT%_, Be(x;)

k
(1.2.6) = Z P(%(Be(xj))znj,jsk)nnj.
(nj) j=1
njE].
In many examples the last sum is dominated by the term ny =...=n, =1.
For instance, if we assume that for any compact K, the power series
z;”...zzk
(1.2.7) Z max{pn, .40, 1, s tngtong) i ti EK}m

(n;):j<k

converges for z; in a neighbourhood of 0, then it follows that for n; = 1, by
(1.2.2) and (1.2.3) that if B.(x;) c K for j <k, then

P(ZB.(x;)=n;,j<k) <E

[

k (%(Beu j)))

j=1 nj
1
- | | p”1+---+nk(y1""7yn1+...+nk)l_[dm(yj)
ni:...ng. 7
Be(x1)"1 X...XBg(xk)nk

cr. k

- max{pn,+..+n, 1, tny+.np) 1t €K} [ B,

nil...np! i1

Under our assumption 1.2.7, it follows that the term P (2 (Be(x;)) =1, j < k)
dominates the sum in (1.2.6). Further, as p; is locally integrable, a.e.
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(x1,...,x) is a Lebesgue point and for such points we get
P(Z has a point in B(x;) for each j <k)
m(Be)k '
If a continuous version of pj, exists, then (1.2.8) holds for every x1,...,x; € A.

(1.2.8) pk(xl,...,xk):hné
€—

The following exercise demonstrates that for simple point processes with a deter-
ministic finite total number of points, the joint intensities are determined by the top
correlation (meaning k-point intensity for the largest & for which it is not identically
zero). This fails if the number of points is random or infinite.

EXERCISE 1.2.5. (1) Let Xq,...,X, be exchangeable real valued random
variables with joint density p(x1,...,x,) with respect to Lebesgue measure
on R". Let & =Y 6x, be the point process on R that assigns unit mass to
each X;. Then show that the joint intensities of & are given by

n!
(1.2.9) Or(X1,...,X) = ——— f px1,...x)dxp11...dxy,.
(n—k)
Rr—k
(2) Construct two simple point process on A ={1,2,3} that have the same two-
point intensities but not the same one-point intensities.

Moments of linear statistics: Joint intensities will be used extensively throughout
the book. Therefore we give yet another way to understand them, this time in terms
of linear statistics. If & is a point process on A, and ¢ : A — R is a measurable
function, then the random variable

(1.2.10) ()= f 0dZ = Y (@)X (la)
A aeN

is called a linear statistic. If ¢ = 1p for some D c A, then Z'(¢) is just Z'(D).
Knowing the joint distributions of & (¢) for a sufficiently rich class of test func-
tions ¢, one can recover the distribution of the point process. For instance, the class
of all indicator functions of compact subsets of A is rich enough, as explained ear-
lier. Another example is the class of compactly supported continuous functions on A.
Joint intensities determine the moments of linear statistics corresponding to indica-
tor functions, as made clear in definition 1.2.2 and remark 1.2.4. Now we show how
moments of any linear statistics can be expressed in terms of joint intensities. This
is done below, but we state it so as to make it into an alternative definition of joint
intensities. This is really a more detailed explanation of remark 1.2.3.
Let & be a point process on A and let C.(A) be the space of compactly supported
continuous functions on A. As always, we have a Radon measure p on A.
(1) Define T1(¢) =E [Z(¢)]. Then, T is a positive linear functional on C(A).
By Riesz’s representation theorem, there exists a unique positive regular
Borel measure p; such that

(1.2.11) T1(p) = f(l)dﬂl-

The measure p; is called the first intensity measure of ¥.

If it happens that p; is absolutely continuous to p, then we write dy; =
p1du and call p; the first intensity function of & (with respect to the mea-
sure u). We leave it to the reader to check that this coincides with pj in
definition 1.2.2.
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(2) Define a positive bilinear functional on C.(A) x C.(A) by

(1.2.12)

To(p,y) = E[Z (@)% ()]

which induces a positive linear functional on C.(A%). Hence, there is a
unique positive regular Borel measure fiz on A% such that

Tz((ﬂ,w)=fA2 Py (y)d fig(x, ).
However, in general fia should not be expected to be absolutely continuous
to u® . This is because the random measure & ® Z has atoms on the
diagonal {(x,x):x € A}. In fact,

EZ@X W] =E[Z@w]|+E| Y @yl Z(ahZUyh]|.

(x,y)EN2

Both terms define positive bilinear functionals on C.(A) x C.(A) and are
represented by two measures fig and pg that are supported on the diagonal
D :={(x,x):x € A} and A2\D, respectively. Naturally, fo = pg + flo.

The measure f[ig is singular with respect to p® u and is in fact the same
as the first intensity measure p, under the natural identification of D with
A. The second measure pg is called the two point intensity measure
of & and if it so happens that us is absolutely continuous to u® u, then
its Radon-Nikodym derivative pa(x,y) is the called the two point intensity
function. The reader may check that this coincides with the earlier defini-
tion. For an example where the second intensity measure is not absolutely
continuous to p® u, look at the point process & =9, +94+1 on R, where a
has N(0,1) distribution.

(8) Continuing, for any 2 = 1 we define a positive multilinear functional on

(1.2.13)

Exercise 1.1.2 Consider

C.(M)* by
k
[[Zw)

i=1

Ty(y1,...,¥p)=E

which induces a linear functional on C.(A)®* and hence, is represented by
a unique positive regular Borel measure fi, on A*. We write fi, as i + tz,
where fi;, is supported on the diagonal Dy = {(x1,...,xz) : x; = x; for some i #
Jj} and yy, is supported on the complement of the diagonal in A*. We call y,
the £ point intensity measure and if it happens to be absolutely contin-
uous to u®*, then we refer to its Radon Nikodym derivative as the k-point
intensity function. This agrees with our earlier definition.

1.3. Hints and solutions

—f;B i ] Multiply the second row by i and add to the first

A-iB B+iA
to get B BL ZL . Then multiply the first column by —i and add to the second to get
A-iB 0 . . .
_B A+iB | Since both these operations do not change the determinant, we see that

the original matrix has determinant equal to det(A —iB)det(A + iB) = |det(A — iB)|2.
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FIGURE 2. Samples of a translation invariant determinantal pro-
cess (left) and zeros of a Gaussian analytic function. Determinantal
processes exhibit repulsion at all distances, and the zeros repel at
short distances only. However, the distinction is not evident in the
pictures.



CHAPTER 2

Gaussian Analytic Functions

2.1. Complex Gaussian distribution

Throughout this book, we shall encounter complex Gaussian random variables.
As conventions vary, we begin by establishing our terminology. By N(u,o?), we

mean the distribution of the real-valued random variable with probability density
_(x—;i)Z
202 . Here p€ R and 02 > 0 are the mean and variance respectively.

L,
’ ZTA standard complex Gaussian is a complex-valued random variable with
probability density %e"z ? w.rt the Lebesgue measure on the complex plane. Equiva-
lently, one may define it as X +iY, where X and Y arei.i.d. N(0,1) random variables.
Let ap, 1 <k <n be i.i.d. standard complex Gaussians. Then we say that a :=
(@1,...,a,)" is a standard complex Gaussian vector. Then if B is a (complex) m x n
matrix, Ba+ p is said to be an m-dimensional complex Gaussian vector with mean p
(an m x 1 vector) and covariance £ = BB* (an m x m matrix). We denote its distribu-
tion by N (u,Z).

EXERCISE 2.1.1. i. Let U be an n xn unitary matrix, i.e. UU* =14, (here
U* is the conjugate transpose of U), and a an n-dimensional standard com-
plex Gaussian vector. Show that Ua is also an n-dimensional standard
complex Gaussian vector.

ii. Show that the mean and covariance of a complex Gaussian random vector
determines its distribution.

REMARK 2.1.2. Although a complex Gaussian can be defined as one having
i.i.d. N(O, %) real and imaginary parts, we advocate thinking of it as a single entity,
if not to think of a real Gaussian as merely the real part of a complex Gaussian! In-
deed, one encounters the complex Gaussian variable in basic probability courses, for
instance in computing the normalizing constant for the density ¢~/ on the line (by
computing the normalizing constant for a complex Gaussian and then taking square
roots); and also in generating a random normal on the computer (by generating a
complex Gaussian and taking its real part). The complex Gaussian is sometimes
easier to work with because it can be represented as a pair of independent random
variables in two co-ordinate systems, Cartesian as well as polar (as explained below
in more detail). At a higher level, in the theory of random analytic functions and ran-
dom matrix theory, it is again true that many more exact computations are possible
when we use complex Gaussian coefficients (or entries) than when real Gaussians
are used.

Here are some other basic properties of complex Gaussian random variables.

13
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o If a has Ng (,u, Z) distribution, then for every j,k < n (not necessarily dis-

tinct), we have
E (ax - e, — )] =0 and E [(a; - p)ar — )| = 2.

If a is a standard complex Gaussian, then |a|? and |Z—| are independent, and
have exponential distribution with mean 1 and uniform distribution on the
circle {z : |z| = 1}, respectively.

Suppose a and b are m and n-dimensional random vectors such that

a 7 [ Z11 Zio )
b v ’ 221 222 ’
where the mean vector and covariance matrices are partitioned in the ob-
vious way. Then X1; and Zgg are Hermitian, while 2], = Z31. Assume that
211 is non-singular. Then the distribution of a is N (1, 211) and the condi-
tional distribution of b given a is

NZ(v+Zo1Z77(a— ), Zos — Z01 277 Z12).

_ NgH—n (

EXERCISE 2.1.3. Prove this.

Weak limits of complex Gaussians are complex Gaussians. More precisely,

EXERCISE 2.14. If a, has N¢(u,,Z,) distribution and a, 4, a, then
{un} and {Z,} must converge, say to y and X, and a must have N¢(y,X)
distribution.

Conversely, if {u,} and {Z,} converge to p and X, then a, converges
weakly to N¢(u,X) distribution.
The moments of products of complex Gaussians can by computed in terms
of the covariance matrix by the Wick or the Feynman diagram formula.
First we recall the notion of “permanent” of a matrix, well-known to combi-
natorists but less ubiquitous in mathematics than its more famous sibling,
the determinant.

DEFINITION 2.1.5. For an n x n matrix M, its permanent, denoted
per(M) is defined by

n
per(M) = Z HMk,,k.
neS, k=1

The sum is over all permutations of {1,2,...,n}.

REMARK 2.1.6. The analogy with the determinant is clear - the signs
of the permutations have been omitted in the definition. But note that
this makes a huge difference in that per(A 1M A) is not in general equal to
per(M). This means that the permanent is a basis-dependent notion and
thus has no geometric meaning unlike the determinant. As such, it can be
expected to occur only in those contexts where the entries of the matrices
themselves are important, as often happens in combinatorics and also in
probability.

Now we return to computing moments of products of complex Gaus-
sians. The books of Janson (40) or Simon (79) have such formulas, also in
the real Gaussian case.
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LEMMA 2.1.7 (Wick formula). Let (a,b) = (a1,...,a,,b1,...b,)" have
Nc(0,2) distribution, where

211 212 ]
= ’ <.
291 222
Then,
E [al .. -angl .. Bn] = per(zl’z).
In particular

E[lay - -an[?] = per(Zy,).

PRrROOF. First we prove that

k
Elaq- ~-an31 --‘En] = Z H Eajgﬂ(j) = per(Eajgk)jk s
T j=1

where the sum is over all permutations 7 € S,,. Both sides are linear in each
a; and ZJ-, and we may assume that the aj, b; are complex linear combi-
nations of some finite i.i.d. standard complex Gaussian sequence {V;}. The
formula is proved by induction on the total number of nonzero coefficients
that appear in the expression of the a; and b; in terms of the V;. If the
number of nonzero coefficients is more than one for one of aj or b, then we
may write that variable as a sum and use induction and linearity. If it is
1or O for all aj, b;, then the formula is straightforward to verify; in fact,
using independence it suffices to check that V =V has EV'V" = n!lyn=n).
For n # m this follows from the fact that V has a rotationally symmetric
distribution. Otherwise, |[V|2" has the distribution of the nth power of a
rate 1 exponential random variable, so its expectation equals n!.

The second statement follows immediately from the first, applied to the
vector (a,a). U

Ifa,, n=1areii.d. Nc(0,1), then

1
lim sup |la,|" =1, almost surely.
n—oo

In fact, equation (2.1.3) is valid for any i.i.d. sequence of complex valued
random variables a,, such that
E[max{log|ail,0}] < oo, provided Pla; =0] < 1.

We leave the proof as a simple exercise for the reader not already familiar
with it. We shall need this fact later, to compute the radii of convergence of
random power series with independent coefficients.

2.2. Gaussian analytic functions

Endow the space of analytic functions on a region A c C with the topology of
uniform convergence on compact sets. This makes it a complete separable metric
space which is the standard setting for doing probability theory (To see completeness,
if {f,} is a Cauchy sequence, then f; converges uniformly on compact sets to some
continuous function f. Then Morera’s theorem assures that that f must be analytic
because its contour integral vanishes on any closed contour in A, since [ f = nll_}I]élo S

Y

and the latter vanishes for every n by analyticity of f},).
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DEFINITION 2.2.1. Let f be a random variable on a probability space taking
values in the space of analytic functions on a region A c C. We say f is a Gaussian
analytic function (GAF) on A if (f(z1),...,f(z,)) has a mean zero complex Gaussian
distribution for every n =1 and every z1,...,2, € A.

It is easy to see the following properties of GAF's

o {f®)} are jointly Gaussian, i.e., the joint distribution of f and finitely many
derivatives of f at finitely many points,

{fPep:0sk=n1<j=m},

has a (mean zero) complex Gaussian distribution. (Hint: Weak limits of
Gaussians are Gaussians and derivatives are limits of difference coeffi-
cients).

e For any n =1 and any z1,...,z, € A, the random vector (f(z1),...,f(z,,)) has
a complex Gaussian distribution with mean zero and covariance matrix
(K(zi,z))) i j<n- By Exercise 2.1.1 it follows that the covariance kernel K
determines all the finite dimensional marginals of f. Since fis almost surely
continuous, it follows that the distribution of f is determined by K.

o Analytic extensions of GAFs are GAF's.

EXERCISE 2.2.2. In other words, if f is a random analytic function on
A and is Gaussian when restricted to a domain D c A, then fis a GAF on
the whole of A.

The following lemma gives a general recipe to construct Gaussian analytic functions.

LEMMA 2.2.3. Let v, be holomorphic functions on A. Assume that ¥, W, (2)|>
converges uniformly on compact sets in A. Let a, be i.i.d. random variables with
zero mean and unit variance. Then, almost surely, Y, a,¥,(z) converges uniformly
on compact subsets of A and hence defines a random analytic function.

In particular, if a, has standard complex Gaussian distribution, then f(z) :=
Y nan¥n(2) is a GAF with covariance kernel K(z,w) =Y., w,(2)y, (w).

If (¢,) is any square summable sequence of complex numbers, and a,s are i.i.d.
with zero mean and unit variance, then Y c,a, converges almost surely, because by
Kolmogorov’s inequality
<

k
sup|Zc]-aj|2t lc;iI2

k=N  j=N

P

2=
- 0 as N — oo.

Thus, for fixed z, the series of partial sums for f(z) converge almost surely. However,
it is not clear that the series converges for all z simultaneously, even for a single
sample point. The idea of the proof is to regard ) a,v, as a Hilbert space valued
series and prove a version of Kolmogorov’s inequality for such series. This part is
taken from chapter 3 of Kahane’s book (44). That gives convergence in the Hilbert
space, and by Cauchy’s formulas we may deduce uniform convergence on compacta.

n
PROOF. Let K be any compact subset of A. Regard the sequence X, = Y ar vy,
k=1

as taking values in L2(K) (with respect to Lebesgue measure). Let || - I2 denote the
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norm in L2(K). It is easy to check that for any % < n we have
n
(2.2.1) E[IX, 1% |aj,j<k] =1Xp1?+ Y ly,l>
Jj=k+1

Define the stopping time 7 =inf{n : | X, || > €¢}. Then,

n

E[IX.1%] = E[I1X, 11,24 ]
k=1
n
= Y E[1,ElX,%la;,j< k]|
k=1
% 2
> E[1,-:1X:1*] by(22.1)
k=1
> €2P[Tsn].
Thus
12 9
(2.2.2) P |sup| Xl =e S—ZZIIU/J-H .
Jjs<n € j=1

We have just proved Kolmogorov’s inequality for Hilbert space valued random vari-
ables. Apply this to the sequence (X4, — Xy}, to get

(2.2.3) P| sup |Xm-Xnl=2e|<P

m,n=N

1 (e 0]

2
sup [Xn+n—Xnlz€e| =5 Z Iyl
n=1 €7 j=N+1

which converges to zero as N — co. Thus
P[3N such that Vn, || Xyin — XNl <€]=1.

In other words, almost surely X, is a Cauchy sequence in L2(K).

To show uniform convergence on compact subsets, consider any disk D(zy,4R)
contained in A. Since X, is an analytic function on A for each n, Cauchy’s formula
says

_ 1 [X©
(2.2.4) Xn(2)= omi) T-2

o

a¢

where C.(¢) = zg +re’t, 0 < ¢ < 27 and |z — 29| < r. For any z € D(z9,R), average
equation (2.2.4) over r € (2R,3R) to deduce that

1 3R27IX( N iG)
Xulz) = — ff nE0 T ie®dordr
2niR zo+ret? —z
2R 0

1
- Af X2 (Q)dm(0)

where A denotes the annulus around zg of radii 2R and 3R and ¢,(-) is defined by
the equality. The observation that we shall need is that the collection {¢,},ep(z,R) is
uniformly bounded in L2(A).

We proved that almost surely {X,} is a Cauchy sequence in L%(K) where K :=
D(zg,4R). Therefore there exists X € L2(K) such that X, — X in L%(K). Therefore
the integral above converges to % / 4 X(@-()dm({) uniformly over z € D(z9,R).
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Thus we conclude that X, — X uniformly on compact sets in A and that X is an
analytic function on A.

If a,s are complex Gaussian, it is clear that X,, is a GAF for each n. Since
limits of Gaussians are Gaussians, we see that X is also a GAF. The formula for the
covariance E[f(z)f(w)] is obvious. O

2.3. Isometry-invariant zero sets

As explained in Chapter 1, our interest is in the zero set of a random analytic
function. Unless one’s intention is to model a particular physical phenomenon by
a point process, there is one criterion that makes some point processes more in-
teresting than others, namely, invariance under a large group of transformations
(invariance of a measure means that its distribution does not change under the ac-
tion of a group, i.e., symmetry). There are three particular two dimensional domains
(up to conformal equivalence) on which the group of conformal automorphisms act
transitively (There are two others that we do not consider here, the cylinder or the
punctured plane, and the two dimensional torus). We introduce these domains now.

e The Complex Plane C: The group of transformations
(2.3.1) prp(2)=Az+B, zeC

where |1| =1 and f € C, is nothing but the Euclidean motion group. These
transformations preserve the Euclidean metric ds? = dx? + dy? and the
Lebesgue measure dm(z) = dxdy on the plane.

o The Sphere S?: The group of rotations act transitively on the two dimen-
sional sphere. Moreover the sphere inherits a complex structure from the
complex plane by stereographic projection which identifies the sphere with
the extended complex plane. In this book we shall always refer to C U {oo}
as the sphere. The rotations of the sphere become linear fractional trans-
formations mapping C U {oo} to itself bijectively. That is, they are given by

az+p

(232) (pa,ﬁ(z) =, zeCu {OO}
—Bz+a

where @, € C and lal?+| ﬁl2 = 1. These transformations preserve the spher-

2 2
= ‘(ifﬂz luéi;'z and the spherical measure (l‘i'lnz(;))z. It is called the
spherical metric because it is the push forward of the usual metric (inher-
ited from R?) on the sphere onto CU{co} under the stereographic projection,

and the measure is the push forward of the spherical area measure.

ical metric ds?

EXERCISE 2.3.1. (i) Show that the transformations ¢, g defined by
(2.3.2) preserve the spherical metric and the spherical measure.
(i1) Show that the radius and area of the disk D(0,r) in the spherical metric

and spherical measure are arctan(r) and

-7, respectively.

 The Hyperbolic Plane D: The group of transformations
az+p

(2.3.3) Yap(2) == , zeD
Bz+a

where a,f € C and lal? - Iﬁl2 =1, is the group of linear fractional transfor-
mations mapping the unit disk D = {z : |z| < 1} to itself bijectively. These
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_dx®+dy?

transformations preserve the hyperbolic metric ds? = FREED and the hy-
dm(z)

perbolic area measure e (this normalization differs from the usual
one, with curvature —1, by a factor of 4, but it makes the analogy with the
other two cases more formally similar). This is one of the many models for
the hyperbolic geometry of Bolyai, Gauss and Lobachevsky (see (13) or (36)
for an introduction to hyperbolic geometry).

EXERCISE 2.3.2. (i) Show that ¢4 g defined in (2.3.3) preserves the
hyperbolic metric and the hyperbolic measure.
(i1) Show that the radius and area of the disk D(0,r), r <1 in the hyper-

7'”‘2

1-r2°

bolic metric and hyperbolic measure are arctanh(r) and
tively.

respec-

Note that in each case, the group of transformations acts transitively on the cor-
responding space, i.e., for every z,w in the domain, there is a transformation ¢ such
that ¢(z) = w. This means that in these spaces every point is just like every other
point. Now we introduce three families of GAFs whose relation to these symmetric
spaces will be made clear in Proposition 2.3.4.

In each case, the domain of the random analytic function can be found using
Lemma 2.2.3 or directly from equation (2.1.3).

e The Complex Plane C: Define for L > 0,

n
2".

(o]
(2.3.4) fz)=) a
ng'o " Val
For every L > 0, this is a random analytic function in the entire plane with
covariance kernel exp{Lzw}.
o The Sphere $?: Define for Le N={1,2,3,...},
L VLIL-1)...L-n+1)
(2.3.5) fz)=) a 2"
;;o " vn!
For every L € N, this is a random analytic function on the complex plane
with covariance kernel (1 +zw)~. Since it is a polynomial, we may also
think of it as an analytic function on $2 = C U {oo} with a pole at co.
o The Hyperbolic Plane D: Define for L >0,

X VLIL+1)...(L+n-1)
(2.3.6) f(z)= n n
z ;Oa - z

For every L > 0, this is a random analytic function in the unit disk D = {z :
lz| < 1} with covariance kernel (1-zw)“. When L is not an integer, the
question of what branch of the fractional power to take, is resolved by the
requirement that K(z,z) be positive.

It is natural to ask whether the unit disk is the natural domain for the
hyperbolic GAF or if it has an analytic continuation to a larger region. To
see that almost surely it does not extend to any larger open set, consider
an open disk D intersecting D but not contained in D, and let Cp be the
event that there exists an analytic continuation of f to DuD. Note that
Cp is a tail event, and therefore by Kolmogorov’s zero-one law, if it has
positive probability then it occurs almost surely. If P(Cp) =1 for some D,
then by the rotational symmetry of complex Gaussian distribution, we see
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(2.3.7)

(2.3.8)

(2.3.9)
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that P(C,isp) = 1 for any 6 € [0,27]. Choose finitely many rotations of D so
that their union contains the unit circle. With probability 1, f extends to
all of these rotates of D, whence we get an extension of f to a disk of radius
strictly greater than 1. But the radius of convergence is 1 a.s. Therefore
P(Cp) =0 for any D, which establishes our claim.

Another argument is pointed out in the notes. However, these argu-
ments used the rotational invariance of complex Gaussian distribution very
strongly. One may adapt an argument given in Billingsley (6), p. 292 to
give a more robust proof that works for any symmetric distribution of the

coefficients (that is, —a d a).

LEMMA 2.3.3. Let a, be i.i.d. random variables with a symmetric dis-

tribution in the complex plane. Assume that conditions (2.1.4) hold. Then

v = . .
e 0Qn Wz” does not extend analytically to any domain larger

than the unit disk.

PROOF. Assuming (2.1.4), Borel-Cantelli lemmas show that the radius
of convergence is at most 1. We need to consider only the case when it is
equal to 1. As before, suppose that P(Cp) =1 for some disk D intersecting
the unit disk but not contained in it. Fix & large enough so that an arc of
the unit circle of length 27” is contained in D and set

. | an ifn#0 modk
=1 —a, ifn=0 modk
Let
- o VLIL+1)...(L+n-1)
fz)=) a 2"
r;o " Vn!

and define Cp in the obvious way. Since f d f it follows that P(Cp) = P(Cp).
Now suppose both these events have probability one so that the function

dof - 4 ©  VIL+D..L+kn-D ,,
o) F2)=2Y am
g(z) = f(z)-f(2) ng'oak — 2

may be analytically extended to D U D almost surely. Replacing z by ze
leaves g(z) unchanged, hence g can be extended to D uU(uyD/) where D, =
e2milk ) In particular, g can be analytically extended to (1 +¢€)D for some
€ > 0 which is impossible since g has radius of convergence equal to one. We
conclude that Cp has probability zero. O

2milk

Next we prove that the zero sets of the above analytic functions are isometry-
invariant.

PROPOSITION 2.3.4. The zero sets of the GAF f in equations (2.3.4), (2.3.5) and
(2.3.6) are invariant (in distribution) under the transformations defined in equations
(2.3.1), (2.3.2) and (2.3.3) respectively. This holds for every allowed value of the pa-
rameter L, namely L > 0 for the plane and the disk and L € N for the sphere.

PROOF. For definiteness, let us consider the case of the plane. Fix L > 0. Then

oo \/17
f(z) = n—=2",
‘ ngoa \/ﬁz
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is a centered(mean zero) complex Gaussian process, and as such, its distribution is
characterized by its covariance kernel exp{Lzw}. Now consider the function obtained
by translating f by an isometry in (2.3.1), i.e., fix [A| =1 and B e C, and set

gz)=1f(Az+p).
g is also a centered complex Gaussian process with covariance kernel

Kg(z,w) = Ke(dz+p,Aw+p)
esz+LzAB+Lw13%+L\ B2 )

If we set B
h(2) = f(e)e"=AP+ LI

then it is again a centered complex Gaussian process. Its covariance kernel Ky, (z,w)
is easily checked to be equal to Kg(z,w). This implies that

(2.3.10) fz + B) 2 f(z)eL2AB+2LIB®

where the equality in distribution is for the whole processes (functions), not just for
a fixed z. Since the exponential function on the right hand side has no zeros, it
follows that the zeros of f(1z + f) and the zeros of f(z) have the same distribution.
This proves that the zero set is translationally invariant in distribution.

The proofin the other two cases is exactly the same. If fis one of the GAF's under
consideration, and ¢ is an isometry of the corresponding domain, then by computing
the covariance kernels one can easily prove that

(2.3.11) £(p() LA, ),

where, A(p,z) is a deterministic nowhere vanishing analytic function of z. That
immediately implies the desired invariance of the zero set of f.

The function A(g, z) is given explicitly by (we are using the expression for ¢ from
equations (2.3.1), (2.3.2) and (2.3.3) respectively).

LzAB+3LIBP qomain = C.
Alp,z) = (p’(z)% domain = $2.
w'(z)_% domain = D.

It is important to notice the following two facts or else the above statements do not
make sense.

(1) In the case of the sphere, by explicit computation we can see that ¢'(z)
is (-fz + @)"2. Therefore one may raise ¢’ to half-integer powers and get
(single-valued) analytic functions.

(2) In the case of the disk, again by explicit computation we can see that ¢'(z)
is (Bz+@) 2, but since L is any positive number, to raise ¢’ to the power L/2
we should notice that ¢'(z) does not vanish for z in the unit disk (because
lal? —| ,BI2 =1). And hence, a holomorphic branch of log¢’ may be chosen
and thus we may define ¢’ to the power L/2.

O

We shall see later (remark 2.4.5) that the first intensity of zero sets for these canon-
ical GAFs is not zero. Translation invariance implies that the expected number
of zeros of the planar and hyperbolic GAF's is almost surely infinite. However, mere
translation invariance leaves open the possibility that with positive probability there
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are no zeros at all! We rule out this ridiculous possibility by showing that the zero
set is in fact ergodic. We briefly recall the definition of ergodicity.

DEFINITION 2.3.5. Let (Q,%,P) be a probability space and let G be a group of
measure preserving transformations of Q to itself, that is, Por~! = P for every 7 € G.
An invariant event is a set A € & such that 7(A) = A for every 7 € G. The action of
G is said to be ergodic if every invariant set has probability equal to zero or one. In
this case we may also say that P is ergodic under the transformations G.

EXAMPLE 2.3.6. Let P be the distribution of the zero set of the planar GAF f.
Then by Proposition 2.3.4 we know that the Euclidean motion group acts in a mea-
sure preserving manner. The event that f has infinitely many zeros is an invariant
set. Another example is the event that

1
(2.3.12) lim — {Number of zeros of f in [—a,a]z} =c
a—o0 42

where c is a fixed constant. In Proposition 2.3.7 below, we shall see that the action
of the translation group (and hence the whole motion group) is ergodic and hence
all these invariant events have probability zero or one. We shall see later that the
expected number of zeros is positive, which shows that the number of zeros is almost
surely infinite. Similarly, the event in (2.3.12) has probability 1 for ¢ = 1/7 and zero
for any other c.

PROPOSITION 2.3.7. The zero sets of the GAF f in equations (2.3.4), and (2.3.6)
are ergodic under the action of the corresponding isometry groups.

PROOF. We show the details in the planar case (A =C) with L = 1. The proof is
virtually identical in the hyperbolic case. For § € C, let f5(2) = f(z + ﬁ)e_zﬁ_%lﬁlz. We

saw in the proof of Proposition 2.3.4 that fg d f. We compute
E [fﬁ(z)f(w)] — o 2P S1BP+2T+ T

As f — oo this goes to 0 uniformly for z,w in any compact set. By Cauchy’s formula,
the coefficients of the power series expansion of fg around 0 are given by

1 0
o2mi ) (nt1T”
C

where C(¢) = e, 0 < t < 27. Therefore, for any n, the first n coefficients in the power
series of f and the first n coefficients in the power series of fg become uncorrelated
and hence (by joint Gaussianity) independent, as § — oco.

Now let A be any invariant event. Then we can find an event A, that depends
only on the first n power series coefficients and satisfies PIAAA,]<e¢. Then,

|E[14®14(fp)] —E[14,H14,(Ep)] | = 2e.
Further, by the asymptotic independence of the coefficients of f and fg, as f — oo,
E (14,014, Ep)] — E[14, O] E[14,Ep)] = (E[14,0])°.
Thus we get
(2.3.13) limsup |E [14(H)14(f5)] — (E[14(D])? | < 4e.

B—o0
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This is true for any € > 0 and further, by the invariance of A, we have 14(£)14(fg) =
14(f). Therefore

(2.3.14) E[14(6)] = (E[14(H])>

showing that the probability of A is zero or one. Since the zeros of fg are just trans-
lates of the zeros f, any invariant event that is a function of the zero set must have
probability zero or one. In other words, the zero set is ergodic under translations. [J

REMARK 2.3.8. It is natural to ask whether these are the only GAFs on these
domains with isometry-invariant zero sets. The answer is essentially yes, but we
need to know a little more in general about zeros of GAFs before we can justify that
claim.

2.4. Distribution of zeros - The first intensity

In this section, we show how to compute the first intensity or the one-point cor-
relation function (see definition 1.2.2). The setting is that we have a GAF f and the
point process under consideration is the counting measure on £~1{0} with multiplici-
ties where f is a GAF. The following lemma from (70) shows that in great generality
almost surely each zero has multiplicity equal to 1.

LEMMA 2.4.1. Let f be a nonzero GAF in a domain A. Then f has no nondetermin-
istic zeros of multiplicity greater than 1. Furthermore, for any fixed complex number
w #0, f—w has no zeros of multiplicity greater than 1 (there can be no deterministic
zeros for w # 0 since f has zero mean).

PROOF. To prove the first statement in the theorem, we must show that almost
surely, there is no z such that f(z) = f(z) = 0. Fix zy € A such that K(zg,z¢) # 0.
Then h(z) :=f(z) - %f(zo) is a GAF that is independent of f(zg). For z such that
K(z,z9) # 0, we can also write

flz)  h(z) + f(zo)
K(z,z9) K(z,z9) K(z0,20)
Thus if z is a multiple zero of f, then either K(z,z¢) =0 or z is also a multiple zero of
the right hand side of (2.4.1). Since K(-,z¢) is an analytic function, its zeros constitute
a deterministic countable set. Therefore, f has no multiple zeros in that set unless it
has a deterministic one. Thus we only need to consider the complement of this set.

Now restrict to the reduced domain A’ got by removing from A all z for which
K(z,29) = 0. Condition on h. The double zeros of fin A’ are those z for which the
right hand side of (2.4.1) as well as its derivative vanish. In other words, we must
have

(2.4.1)

h(z)
K(z,zp)

f(zo) __ h(z)
K(zo,20) K(z,z0)

(2.4.2) ( ) 0 and

!
Let S be the set of z such that ( Kl('z(zz)o)) =0. Almost surely, S is a countable set. Then

the second event in (2.4.2) occurs if and only if

f(z0) e{— h(z) 'zes}
K(z0,20) K(z,z0) .

The probability of this event is zero because the set on the right is countable and the
conditional distribution of f(z() given h(-) is not degenerate.

The same proof works with f replaced by f— w because the mean 0 nature of f
did not really play a role. ([l
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We give three different ways to find a formula for the first intensity of ng, the
counting measure (with multiplicities) on £71{0}, when f is a Gaussian analytic func-
tion. Part of the outcome will be that the first intensity does exist, except at the
deterministic zeros (if any) of f. The expressions that we obtain in the end can be
easily seen to be equivalent.

2.4.1. First intensity by Green’s formula. The first step is to note that for
any analytic function f (not random), we have

1
(2.4.3) dnys(z) = —Alogl|f(2)l.
27

Here the Laplacian A on the right hand side should be interpreted in the distri-
butional sense. In other words, the meaning of (2.4.3) is just that for any smooth
function ¢ compactly supported in A,

(2.4.4) f P(2)dns(z) = f A(p(z)% log|f (2)ldm(2).

A A
To see this, write f(z) = g(2)[1,(z—ar)™*, where aj, are zeros of f (with multiplicities
mp) that are in the support of ¢ and g is an analytic function with no zeros in the
support of ¢. Since ¢ is compactly supported, there are only finitely many aj. Thus

log|f(2)| =loglg(2)|+ Y _myloglz — agl.
%

Now, Aloglg]| is identically zero on the support of ¢ because log|g| is, locally, the
real part of an analytic function (of any continuous branch of log(g)). Moreover,
% loglz —ar| = G(ag,z), the Green’s function for the Laplacian in the plane implying
that

1
[A(p(z)— loglz —ar| = p(ap).
S 2

Therefore (2.4.4) follows.
Now for a random analytic function f, we get

f w(z)dnf(z>]

A

(2.4.5) E E

1
f A(p(z)—loglf(z)ldm(z)]
J 27

1
(2.4.6) f Ap(e)=Ellog f(z)l1dm(z)

A
by Fubini’s theorem. To justify applying Fubini’s theorem, note that

E

1 1
[ 13pe1 ogita) | amee)| = [ 1896)1E[|logitz) || dm).
J 27 S 2

Now for a fixed z € A, f(2) is a complex Gaussian with mean zero and variance K(z, z).
Therefore, if @ denotes a standard complex Gaussian, then

E[|loglf(z) || E[|loglal|] + |log VK(z,2) |

o0
1 1
= éfllog(r)le_rdr+§ |logK(z,2) |
0

IA

= C+% |logK(z,z)|
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for a finite constant C. Observe that |logK(z,z)| is locally integrable everywhere
in z. The only potential problem is at points zy for which K(zp,z¢) = 0. But then,
in a neighbourhood of zy we may write K(z,z) = |z — 20|12’ L(z,z) where L(zg,z0) is
not zero. Thus logK(z,z) grows as log|z — zg| as z — zp, whence it is integrable in a
neighbourhood of zg. Thus

E

d
fIA(p(z)I gl | 272 | < oo
J 2n

This justifies the use of Fubini’s theorem in (2.4.6) and we get

1
(2.4.7) E [(p(z)dnf(z) = f(p(z)% AE[log|f(z)[1dm(z).
A A
. . f(z) .
Again using the fact that VRS is a standard complex Gaussian, we deduce that
1
Efllog|f(z)]] = E[loglal]l+ 3 logK(z,z)

—g +log VK (z,2)

where
oo
Y= —flog(r)e_rdr.
0

is in fact the negative of Euler’s constant, but for our purpose we need only observe
that it does not depend on z. Thus by comparing (2.4.7) which is valid for all C2
functions, with (1.2.11) we deduce that the first intensity of £ 1{0} with respect to
Lebesgue measure is given by

(2.4.8) p1(z) = iAlogK(z,z).
4

This is sometimes known as the Edelman-Kostlan formula. There is no problem
with differentiating log K(z,z) which is real analytic. Exceptions are points where
K(z,z) vanish, and at such points the first intensity function does not exist and the
first intensity measure has an atom (f has a deterministic zero).

2.4.2. First intensity by linearization. This is a more probabilistic approach.
Let z € A. We want to estimate the probability that f(w) = 0 for some w € D(z,¢), up
to order ¢2. Expand f as a power series around z:

(w—2)?

fw)=f)+f ) w-2)+f"(2) T

The idea is that up to an event of probability o(e?), f and its linear approximant,

gw):=f2)+w-2)f(2),
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have the same number of zeros in D(z,¢). Assuming this, it follows from (1.2.8) that
P[f has a zero in D(z,¢)]

lim

p1(2)

e—0 ne2
. P[ghas azeroin D(z,¢)]
= lim 5
e—0 e

P [ ;f((zz)) ED(O,E)]
m—t"®

e—0 ne?

—f(2)
f'(z)
If a,b are complex-valued random variables then, by an elementary change of vari-
ables, we see that the density of a/b at 0 is equal to y,(0)E [Ibl2 |a =0], where y, is
the density of @ at 0 (assuming the density @ and the second moment of b given a =0
do exist).

When f is Gaussian, (f(z),f(2)) is jointly complex Gaussian with mean zero and

covariance

at 0.

= Probability density of

K(z,2) K(Z z)

%K(z,z) 062 5Kz, z)

Here we use the standard notation
0 1(6 .6) 0 1(6 .6)
— ——i—|and = ==-—+i—|.
0z 2\0x Oy 0z 2\0x Oy
The density of f(z) at 0 is m. Moreover, f'(z2) |f(2):O has

0 0 1 0 0
N@( '3 a_K(,z z2)— KG, 2)( —K(z, z))( K(z, z)))

distribution. Thus we can write the first intensity as
£K(z,2) - gz 2 K(2,2) £ K(2,2)
nK(z,z) ’

This is equivalent to the Edelman-Kostlan formula (2.4.8) as can be seen by differ-
entiating logK(z,z) (since A=42 2).

Now we justify replacing f by its linearization g. Without loss of generality, we
can assume that z = 0 and expand f as a power series. The following lemma is from
Peres and Virag (70).

6z 0z

pl(Z)

LEMMA 2.4.2. Let f(z)=ag+ai1z+... be a GAF. Assume that ag is not constant.
Let A¢ denote the event that the number of zeros of f£in the disk D(0,¢) differs from the
number of zeros of g(z) :=ag+a1z in the same disk. Then for any 6 > 0, there exists
¢ >0 so that for all € >0 we have

P[A,] < ce® 20,

PROOF. By Rouché’s theorem, if |g| > |f—g| on 0D(0,¢), then f and g have the
same number of zeros in D(0,¢).

We bound the maximum of |f—g| by Lemma 2.4.4. For this we observe that for
small enough ¢,

(2.4.9) |rr‘laxE[If(z) gi2)?1<Cet
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since f—g has a double root at 0. Thus Lemma 2.4.4 gives a constant y such that
(2.4.10) P |max{|f(z) - g(z)| : 2 € D(0,€)} > 20| < cge 7
Now let © be the annulus dD(0,|a1le) +D(0,e27%) (the Minkowski sum of the two
sets), and consider the following events:
Do = {lagl < 2¢'7°),
E={lail<e™)
F = {min{|g(z)| : z € 0D(0,¢)} < €27°} = {—a € O}.

Note that P[E€] < c9e® and that EnF < Dg. Given Dy, the distribution of ag (recall
our assumption that ag is not a constant) is approximately uniform on D(0,2¢!~9) (in
particular, its conditional density is 0(e29-2)). Since P[E] tends to one as € — 0, this
implies that

P[F]1<P[FNE|DyIP[Dol+PIEC] < caccse® 2 + coe® < cge® 2.

>

In the first term, the factor of € comes from the area of © (as a fraction of the area
of D) and the factor of €229 from the probability of Dg. Together with (2.4.10), this
gives the desired result. O

REMARK 2.4.3. In the proof we used Lemma 2.4.4 to bound the maximum mod-
ulus of a Gaussian analytic function on a disk. In the literature there are deep
and powerful theorems about the maximum of a general Gaussian process which
we could have used instead. For instance, Borell’s isoperimetric inequality (see
Pollard (71); the inequality was also shown independently by Tsirelson-Ibragimov-
Sudakov (88)) implies that for any collection of mean-zero (real) Gaussian variables
with maximal standard deviation o, the maximum M of the collection satisfies

(2.4.11) P[M > median(M)+ bo] < Ply > b],

where y is standard normal. We could have arrived at (2.4.10) by an application of
(2.4.11) separately to the real and imaginary parts of @ (note that the median is
just a finite quantity). However we preferred to use Lemma 2.4.4 as it is elementary
and also exhibits some new tools for working with Gaussian analytic functions. One
idea in the proof below comes from the paper of Nazarov, Sodin and Volberg (61), see
Lemma 2.1 therein.

LEMMA 2.4.4. Let f be a Gaussian analytic function in a neighbourhood of the

unit disk with covariance kernel K. Then for r < %, we have

2/q -2
—t°/807%,

(2.4.12) P <2e

max |f(z)| > ¢
lz|<r

where U%r =max{K(z,z):|z| <2r}.

PROOF. Let y(¢) = 2reit, 0 < ¢ < 27. By Cauchy’s integral formula, for |z| < r,

YO, dt
#2)] f POl

dt
< 20 f [f2rett)|—
J 27
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where f(z) = f(z)/\/K(z,z) and we have written just ¢ for gg,.

21
” . dt t
P max|f(z)|>t| < P flf(2re”)|—>—
|lz|<r 21 20
0
P 1 (T ar\
N . t
< g exp{ — flf(2re”)|—
2 2
| 0
[ 1 7 d
N . t
< e—tZ/Sg'ZE exp —f|f(2relt)|2—
20 2

by Cauchy-Schwarz inequality. Now use the convexity of the exponential function to

get
T dt
!exp{glf'@re”)ﬁ} %] .

Since |f(w)|? has exponential distribution with mean 1 for any w, the expectation of
expl3[f(2re’)?} is 2. Thus we arrive at

202
P < et/SO'E

max |f(z)| > ¢
|lz|<r

202
< 2et/80"

P

max |f(z)| > ¢
|lz|<r

O

2.4.3. First intensity by integral geometry. This is a geometric approach
to get the first intensity. We shall sketch the idea briefly. Interested readers are
recommended to read the beautiful paper (23) for more along these lines.

Let f be a GAF with covariance kernel K. Since K is Hermitian and positive def-
inite, we can write K(z,w) = Y. w,(z2)w,(w), where v, are analytic functions on some
domain in the plane. Then we see that f(z) =Y a,w,(2), where a,, are i.i.d. standard
complex Gaussians. (What we just said may be seen as a converse to Lemma 2.2.3).

First suppose that f(z) = Zflvzlanu/n(z), where N < co. In the end let N — oo to
get the general case. This is possible by Rouche’s theorem, for if the series fy(z) =
Zﬁlvzlanu/n(z) converges uniformly on compact sets to f(z) = 377 ; @, ¥, (2), then for
any compact set, the number of zeros of f and fy are equal, with high probability, for
large N.

When N is finite, setting y(z) = (y1(2),...,¥n(2)), we may write

f(z) = (y(2), (@1,...,an))

where (, ) is the standard inner product in CV. As z varies over A, y(z) defines a
complex curve in CV. Also (a1,...,an) has a spherically invariant distribution. Thus
asking for the number of zeros of f is equivalent to the following.

Choose a point uniformly at random on the unit sphere {(z1,...,z25): Y |2z 12 =1}
in CV and ask for the number of times (counted with multiplicities) the hyper plane
orthogonal to the chosen point intersects the fixed curve .

Turning the problem around, fix z and let w vary over D(z,¢). Then the hyper-
plane orthogonal to w(w) sweeps out a certain portion of the unit sphere. The ex-
pected number of zeroes of f in D(z,¢) is precisely the area of the region swept out
(again counting multiplicities).
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FIGURE 1. The Buffon needle problem.

Now as w varies over D(z,e), w(w) varies over a disk of radius approximately
llw'(2)lle on the image of the curve w. However what matters to us is the projection
of this disk orthogonal to the radial vector y(z), and this projection has area
!

ly'(2) y(2)|2 )
lp(2)112

However this disk is located at a distance [|w(z)| from the origin.

When a particle P moves a distance § on a geodesic of the sphere of radius r,
the hyper-plane P orthogonal to P, rotates by an angle of %. When § = &, the entire
sphere is swept out by P+ exactly once. Putting these together, we find that the
probability of having a zero in D(z,¢) is

/ 2_|u/’(z)~1//(z)|2)
(12?2 - g2 \

()2
and this gives p(z). Since K(z,w) = w(z)-w(w), this is the same as what we got earlier.

Iy ()12 -

>

REMARK 2.4.5. As a simple application of (2.4.8), one can check that the zero
sets of the GAF's described in equations (2.3.4), (2.3.5) and (2.3.6) have first inten-

sities equal to %, w.r.t, the Lebesgue measure dm(z) on the plane, the Spherical
dm(z) dm(z)
(1+]z[2)? (1-]z[2)?

disk D, respectively.

on $2 = Cu{oo} and the Hyperbolic measure on the unit

measure

EXERCISE 2.4.6. Follow the steps outlined below to give a geometric solution to
the classical Buffon needle problem: Consider a family of parallel lines in the plane
with adjacent lines separated by a distance d. Drop a needle of length ¢ “at random”
on the plane. What is the probability that the needle crosses one of the lines? See
figure 1.

i. Show that the probability of a crossing is ¢¢ for some constant ¢, provided
that ¢ <d.

ii. If a circle of circumference ¢ is dropped on the plane, deduce that the ex-
pected number of intersections of the circle with the family of parallel lines
is again c/. Use this to compute c.

2.5. Intensity of zeros determines the GAF

In this section we present the result of Sodin (80) that two GAF's on A having the
same intensity p1(z)dm(z) are essentially equal. In particular we get the remarkable
conclusion that the distribution of the zero set £ 1{0} is completely determined by its
first intensity! We first prove a standard fact from complex analysis that will be used
in the proof of Theorem 2.5.2.
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LEMMA 2.5.1. Let K(z,w) be analytic in z and anti-analytic in w (i.e., analytic
inw) for z,w)e Ax A If K(z,2)=0Vz €A, then K(z,w)=0Vz,we A.

PROOF. It is enough to prove that K vanishes in a neighbourhood of (z,z) for
every z € A. Without loss of generality take z = 0. Then around (0,0) we can expand
KasKiz,w) = Y ampz"w". Then K(z,2)= Y am,2"z". Let z=x+1iy. Note

m,n=1 m,n=1

that

am+n
0zmaz"
Returning to K(z,z) = Y ak’gzkE[, this gives (since we have assumed that K(z,z)
k,0=1

k=t
2"2" | ,_o = Omm)h,ym!nl.

is identically zero)

am+n
0 = WK(Z,Z) 2o
= mlnla,,.
Thus K(z,w) vanishes identically in A x A. O

Sodin (80) discovered the following result and related it to Calabi’s rigidity the-
orem in complex geometry.

THEOREM 2.5.2 (Calabi’s rigidity). Suppose f and g are two GAFs in a region
A such that the first intensity measures of £ {0} and g~ {0} are equal. Then there
exists a nonrandom analytic function ¢ on A that does not vanish anywhere, such
that £l ¢g. In particular £1{0} 4 g 1{0).

PROOF. For a z € Q, we have K¢(z,z) = 0 if and only if z is almost surely a zero
of f (and the corresponding orders of vanishing of K¢ and f at z match). Since fand g
are assumed to have the same first intensity of zeros, the set of deterministic zeros
of f must coincide and have the same order of vanishing for f and g. By omitting all
such zeros from A, we assume that K¢(z,2) and Kg(2,2) do not vanish anywhere in A.
It suffices to prove the theorem for this reduced domain, for suppose that f = ¢g on
A —D where D is the discrete set that we have omitted, where ¢ is a non-vanishing
analytic function on A—D. Since at each point z of D, the functions f and g vanish to
the same order, we see that ¢ is bounded in a neighbourhood of z and thus ¢ extends
as an analytic function to all of A. Again because f and g have the same order of
vanishing at points of D, it is clear that ¢ cannot vanish anywhere.

Hence we assume that K¢(z,z) and K4(z,2) are non-vanishing on A. By (2.4.8),
the hypotheses imply that logK¢(z,2) —logKg(z,2) is harmonic in A. Therefore we
can write

(2.5.1) Ki(z,2) = e“®Ky(2,2)
where u is a harmonic function in A.

If A is simply connected, we can find an analytic function ¥ on A with 2Re(y) =
u. Set ¢ =e¥. Then the above equation says that the two functions K¢(z,w) and
¢(2)p(w)Kg(z,w) are equal on the diagonal. As both of these are analytic in z and
anti-analytic in w, Lemma 2.5.1 shows that they are identically equal. Hence f 4 pg.
As ¢ does not vanish this shows that £-1{0} and g~1{0} have the same distribution.

If A is not simply connected, fix a zg € A and an r > 0 such that D(zg,r) c A.
Then there exists a non-vanishing analytic function ¢ on D(z¢,r) such that

(2.5.2) Ki(z,w) = p(2)p(w)Kg(z,w)
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for every z,w € D(zg,r). Then fix w € D(z¢,r) such that ¢(w) # 0, and note that
Ke(z,w)

Pw)Kg(2,w)

Taking the union over w € D(z¢,r) of all these analytic functions we get an analytic

extension of ¢ to the whole of

is an analytic function on A—{z : Kg(z,w) = 0} and is equal to ¢ on D(z¢,7).

(2.5.3) ANz : Kg(z,w)=0 Yw € D(z,r) s.t. p(w) # 0}.

But if Kg(z,w) = 0 for all w in an open set, then Kg(z,z) = 0. By assumption this does
not happen. Thus ¢ extends to the whole of A and the relationship

Ki(z,w) = p(2)pw)Kg(z,w)

persists. Thus ¢g and f have the same covariance kernel and by Gaussianity we get

£ ¢g and ¢ is analytic on A. By inverting the roles of f and g, we see that 1/¢ must
also be analytic on A, which means that ¢ cannot vanish anywhere. O

REMARK 2.5.3. Alternately, for the non-simply connected case, one could use
the uniformization theorem to argue as follows. If A is a region of C, let = be
the covering map from D or C to A. Recall the definition of u from (2.5.1). Let
K¢, Kg,u" be pull backs of K and Kg and u to D. Then as before we can write
Ke(z,w) = (p*(z)a*(w)Ké(z,w) for a non-vanishing analytic function ¢* on D. If
n(z1) = n(zg), then ¢*(21) = ¢*(22) (Fix w and note that K{(z1,w) = K{(22,w) and
K;(zl,w) = K;(ZQ,M))). Thus ¢ = ¢*n~ ! is well defined, does not vanish on A and
satisfies, K¢(z,w) = p(2)p(w)Kg(z,w).

An immediate consequence is

COROLLARY 2.5.4. The random power series described in (2.3.4), (2.3.5) and
(2.3.6) are the only GAFs, up to multiplication by deterministic nowhere vanishing
analytic functions, whose zeros are isometry-invariant under the respective group of
isometries.

Unfortunately, Theorem 2.5.2 is not constructive in that it does not tell us how
to determine the k-point intensities of the zero set of a GAF if we know the first in-
tensity. However, in the next chapter we shall see that it is possible to write general,
although often intractable, formulas for the joint intensities of a GAF.

2.6. Notes

e The study of zeros of random polynomials goes back to Mark Kac (43) (but see also
Paley and Wiener (68) which preceded Kac). He obtained the density of real zeros of
various models of random polynomials, for example ag+a1x+...+a,x", where a,
are i.i.d. standard (real) Gaussians. These results can be obtained by the geometric
proof presented here due to Edelman and Kostlan. See (23) for details. Following
his papers, there was a significant amount of work done on this subject. Apart from
zeros, there are many other interesting questions about random powers series as
can be seen in the book of Kahane (44).

o The recent resurgence of interest in complex zeros is at least partly due to the
work of many physicists such as Bogomolny, Bohigas and Leboeuf (7),(8), Han-
nay (32) and others. Apart from the Probabilistic perspective of these notes, there
are other frameworks in which these objects are studied. For instance see Shiffman,
Zelditch (76) (and references therein) who study random sections of line bundles.
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e The planar GAF models were introduced (in parts) by Bogomolny, Bohigas and

Leboeuf (7) and (8), Kostlan (50), Shub and Smale (78). Some of them are natu-
ral generalizations to complex coefficients of random polynomials studied by Mark
Kac. A special case in the unit disk (L = 2) was found by Diaconis and Evans (19)
as the limit of the logarithmic derivative of characteristic polynomials of random
unitary matrices.

Subhroshekhar Ghosh pointed to us another proof that the hyperbolic GAF does
not extend to any domain larger than the unit disk. If it did, the covariance kernel
would be an extension of (1-zw) L and would remain analytic in z and anti-analytic
in w. This is clearly impossible, as (1—|2|2)~L does not extend continuously to any
point on the boundary of the unit disk.

Theorem 2.5.2 is from Sodin (80), who found the result and related it to Calabi’s
rigidity theorem from differential geometry. A constructive way of recovering higher
intensities from the first one is not known, and would be very desirable to have.

2.7. Hints and solutions

Exercise 2.1.1

(2.7.1)

(2.7.2)

(2.7.3)

(2.7.4)

i

ii.

Note that X has density

1 2e
(2m)d/2

where |-| denotes the Euclidean norm. By the transformation formula, the density
of AXis f (A_lx)ldet(A_l)I2 (note that we use the real Jacobian here). The deter-
minant is 1 and unitary matrices preserve the Euclidean norm, hence the density
of X is invariant under A.

It suffices to consider the case EX = EY = 0. By definition there are standard
Gaussian random vectors X and Y and matrices A and B with X = AX and Y = BY..
By adding columns of zeros to A or B, if necessary, we can assume that X and Y
are both k-vectors, for some %, and A, B are both d x & matrices. Let o/ and 2 be
the vector subspaces of ck generated by the row vectors of A and B, respectively.
Suppose, WLOG, that the first £ < d row vectors of A form a basis of «f. Define the
linear map L : of — % by

f(Zly---’Zd):

L(Ai)ZBi fori= 1,...,[.

Here A; is the ith vow vector of A, and B; is the ith row vector of B. Our aim is to
show that L is an orthogonal isomorphism and then use the previous proposition.
Let us first show that L is an isomorphism. The covariance assumption implies
AA* =BB*. Suppose there is a vector v1Aq1 +---+vyA, which maps to 0 under L.
Then the vector

v=(vy,...,00,0,...,0)
satisfies vB = 0. Hence
|vA|2 =vAA*v* =vBB*v* =0,

s0 vA =0. Thus L is injective and dim &/ < dim %8. Interchanging the roles of A and
B shows that L is an isomorphism. The entry (i,j) of AA* = BB* is the inner
product of A; and A; as well as B; and Bj, so the mapping L preserves inner
products. Thus it can be extended on the orthocomplement of </ to give a unitary
map L : ck - ck (ora unitary k x £ matrix). Then X = AX and Y =BY = AL*Y.
From part i. we know that L*Y is standard complex normal, hence X and Y have
the same distribution.
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Exercise 2.2.2 If z € D and D(z,r) c A, then f has a power series expansion in D(z,r).
By virtue of it being Gaussian in D, the coefficients of the power series have a jointly complex
Gaussian distribution and hence f is Gaussian on the whole of D(z,r). In general, for any
w € A\D, we can find a sequence of disks D(z1,r1),...,D(zy,rn) contained in A such that
D(z1,r1) €D, D(zn,rn) > w and such that z; € D(z;_1,r;). Inductively, we apply our earlier
observation about concentric disks to conclude that f is Gaussian near zs,...,z; and hence
near w.

Exercise 2.4.6

i. Consider the needle as a union of shorter needles, use linearity of expectations.
Each of the shorter needles will give the same expected number of intersections,
provided that it is not too far from the center of mass of the original needle. And
lastly, for ¢ < d, the number of intersections is at most one, hence we get the proba-
bility of intersection.

ii. The same argument used in i. shows that if a polygonal path of length ¢ is dropped
uniformly between the two lines, the expected number of intersections is c¢. Circles
can be approximated arbitrarily well by polygonal paths, so the same is true for
circles. A circle of diameter d has exactly two intersection, which yields ¢ = %

Exercise 2.3.1
i. Direct calculation shows that for ¢ as in (2.3.2), we have

o'z 1
L+lp@@)12  1+212

This shows that the metric and area are preserved by ¢.

ii. The radius of D(0,r) is given by fj Tltzdt and the area is given by [p(g %
Straightforward calculations show that these integrals are equal to arctan(r) and
%, respectively.

Exercise 2.3.2
i. This time we check easily that for ¢ as in (2.3.3), we have
o'z 1
1-lp)12  1-z12

This shows that the hyperbolic metric and area are preserved by ¢.

ii. The radius of D(0,r) is given by [j 1__1tzdt and the area is given by [pq ,) %

Straightforward calculations show that these integrals are equal arctanh(r) and

2 .
& , respectively.



