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In these lectures we aim at giving the reader a first glimpse at the so called random matrix ap-
proach in number theory. We also wish to illustrate the use of probabilistic ideas and techniques in
analytic number theory, more specifically in understanding the distribution of values of some arith-
metic functions which have to do with prime numbers, whose distribution is not random.

In probability theory, the Gaussian distribution plays an ubiquitous role: it is a universal distri-
bution which emerges through the central limi theorem. Hence it is not surprising to see it appear in
some of the celebrated limit theorems of analytic number theory, such as the Erd6s-Kac central limit
theorem for the number of distinct prime divisors of an integer and Selberg’s central limit theorem for
the logarithm of the Riemann zeta function on the critical line. The first thing we shall do is to put
these statements under a more probabilistic looking form by associating with them, in a natural way, a
sequence of arithmetically defined random variables or probability measures. But from a probabilistic
point of view, these limit theorems do not look so natural, in the sense that they do not fit in a general
probabilistic framework from which we could deduce these limit theorems (e.g. the central limit theo-
rem for sums of independent random variables). So one tries to build a simple probabilistic model, in
the sense that it is based on some independence assumption concerning the behaviour of prime num-
bers which we know does not exactly hold, but which we hope is close enough to the reality (let us
say asymptotically true), so that it predicts the correct fluctuations. We shall give a couple of standard
results which justify the choice of these probabilistic models. But we shall also see how these models
fail to capture the true nature of our arithmetic sequences. We believe that this phenomenon is at the
heart of the moments conjecture of Keating and Snaith.

The conjecture of Keating and Snaith is central in this lecture: it is a conjecture about the moments
of the Riemann zeta function on the critical line (or equivalently about the Fourier transform of the
logarithm of zeta) using random matrix theory. The final form of this conjecture is a mixture of two
components: one purely arithmetic and one purely group theoretic (random unitary matrices). Why
this conjecture, which has been extensively checked numerically and proved in the function field case,
is true remains a mystery. We will show that this phenomenon is not an isolated one and that it is shared
with other arithmetic objects.

Why this random matrix connection? This brings us to another universal distribution in probability,
but a distribution which mathematicians have only recently been able to prove to be a universal law of
nature: the sine kernel point process. This remarkable point process emerges asymptotically in the local
(or microscopic) distribution of eigenvalues of the Gaussian Unitary Ensemble (GUE) or the Circular
Unitary Ensemble (CUE). And many other ensemble of random matrices (this is the remarkable works
initiated by Tao and Vu on the one hand, and by Erd&s, Schlein, Yau and Yin on the other hand). In
1972, Montgomery conjectured that the zeros of the Riemann zeta function on the critical line also
follow this distribution. This seems consistent with a Polya-Hilbert spectral interpretation of the zeros
of the Riemann zeta function. Because of the importance of the sine kernel point process emerging from
random matrix theory, we shall devote some part of the lecture to prove how it is obtained in random
matrix theory. And then we give a totally probabilistic proof of the results by Keating and Sanith, which
in fact will give many other new results.

We shall conclude this lecture with a probabilistic attempt to prove Ramachandra’s conjecture,
which is a statement about the values taken by the Riemann zeta function on the critical line. We
shall note that this can be viewed as a local limit type theorem statement. This forces us to develop a
new framework which does not rely on sums of (independent) random variable. We are able to prove
within this framework an analogue of Ramachandra’s conjecture for the corresponding random ma-
trix statistics, the stochastic zeta function. As of today, we are only able to give a conditional proof of
Ramachandra’s conjecture (but a quantitative version of it).

These notes contain references which are by no means complete. The first Chapter is mostly from
works I have done in collaboration with Emmanuel Kowalski and I have also used there some material
from Emmanuel Kowalski’s lecture notesﬂ on probabilistic number theory. In fact, the reader can look
at these notes for a classical proof of the Erdés-Kac theorem and for a proof of Selberg’s central limit
theorem. The random matrix part presentation is part of an ongoing’ project with Joseph Najnudel.

1 https://people.math.ethz.ch/ kowalski/probabilistic-number-theory.pdf
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CHAPTER 1

Independence vs dependence

1. Two fundamental conjectures

We start by presenting the conjectured relations between random matrices and the Riemann zeta
function through two of the most striking conjectures: Montgomery’s pair correlation conjecture and
Krating-Snaith’s moments conjecture. In these notes, we shall give detailed proofs for the random
matrix or probabilistic results and refer the reader to the volume [21] for more details and references. It
was in 1972 that Montgomery conjectured that the distribution of the zeros of the Riemann zeta function
on the critical line are similar to those of large random matrices. This then seemed to support the Polya-
Hilbert philosophy for a spectral interpretation for the zeros of the Riemann zeta function (although
today this has to be more nuanced given all recent results on universality in random matrix theory).
In 1980’s, A. Odlyzko made extensive numerical computations which seem to support Montgomery’s
conjecture. Then in the late 1990’s, Katz and Sarnak proved in a gigantic work the conjectures in the
function field case (i.e. zeta functions over finite fields). And then in 2000, Keating and Snaith used
the very brave heuristic that the distribution of values of the Riemann zeta function on the critical line
can be modeled by the value distribution of the characteristic polynomial of random unitary matrices
on the unit circle in the n limit. They used this "philosophy" to make a guess or conjecture on the
moments of the Riemann zeta function on the critical line, a problem on which analytic number theorists
have been stuck for about a century. Since this seminal work, many research papers have studied the
characteristic polynomial of random unitary matrices and it is now an object of interest in its own,
with connections to mathematical physics, Gaussian multiplicative chaos, combinatorics, branching
processes, etc. For some of the fundamental results, one can find four or five different proofs using
totally different approaches: the most striking one being the case of ratios of factors of characteristic
polynomials for which there exist results using representation theory, supersymmetry, classical analysis,
probability theory, etc. It should be noted that as one can expect, the problems have also become more
complex over time.

The goal of this lecture is to try understand some of these conjectures and connections using prob-
abilistic models and ideas. Hence the focus will be essentially on probabilistic techniques.

1.1. The Montogomery conjecture. It has been well known since Euclide that there are infinitely
many prime numbers. But how many are there up to a value x, or in other words is there an asymptotic
for

m(x) :=#{p < x, p prime}?

THEOREM 1.1 (The prime number theorem (1896)). We have

7(x) v i) = [ ar | _x

x—r00 2 logt - log x~

When x is large, the probability that a number # in the vicinity of x is a prime is approximately

1/ log x.
There are many open problems on prime numbers: e.g. the twin prime conjecture which states that
#{n < x: nand n+ 2 are prime} ~ C x2
log~x

as x — oo, where

1
c=2]] <1—(P_1)2> ~ 13202

p>2

One important object related to the distribution of prime numbers is the Riemann zeta function (see
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[28] for more details and proofs). In what follows s = ¢ + it with 7, ¢ € IR. The Riemann zeta function
is defined as
=201
{(s) = Zl 5 0= Re(s) > 1.
n=

The sum is absolutely convergent for o > 1 and it is uniformly convergent for Re(s) > 1+ ¢ for any
0 > 0. It then follows that {(s) is holomorphic in the domain ¢ > 1. The function is connected to prime
numbers through the following Euler product representation.

THEOREM 1.2 (Euler product formula). If o > 1 we have
1\ 1
SR
where the product runs over all primes p and the product is absolutely convergent.

PROOF. This is an analytic reformulation of the fundamental theorem of arithmetic which states
that every integer n can be decomposed as product of primes in a unique way (up to the order of the
factors). (]

It is a very classical fact that the Riemann zeta function can be analytically continued to the whole
complex plane except at the point s = 1 where it has a simple pole, and satisfies a functional equation:

THEOREM 1.3. The { function has an analytic continuation to C except for a simple pole at s = 1 with
residue 1. Moreover,

n5/2C(s)F (%) = n(1—>5/2g(1 —s)r (1 ;S>
and {(—2k) =0 fork > 1and k € N.

It is sometimes more convenient to introduce the Riemann ¢ function which is an entire function:

o 1 . s/2 S
5(s) = 5s(s = D¢ (s)r (3)
which is entire in C. The functional equation gives

i(s) =81 —s).

We already know that {(s) # 0 for ¢ > 1 by the Euler product formula, and that I'(s) # 0 for all s;
thus ¢(s) has no zeros when ¢ > 1. Moreover, the functional equation implies that ¢(s) has no zeros for
o < 0. The zeros of ¢ are all in the strip 0 < ¢ < 1 and they are the same as the zeros of {(s) in that
strip.

We may also note that if p is a zero of ¢(s) then 1 — p is also a zero of &(s). Moreover, since &(s) = ¢(5)
then g and 1 — g are also zeros of {(s). The zeros are thus symmetrically arranged about the lineo = 1/2
and the real axis.

The Riemann hypothesis is the statement that ¢ = 1 for all the non-trivial zeros of ¢(s). This
conjecture is of central importance in mathematics for understanding the distribution of the zeros of the
Riemann zeta function amounts to understanding the distribution of prime numbers: there are many
formulas relating the zeros to prime numbers (they are called explicit formulas in analytic number
theory).

Using the theory of entire functions of finite order, one can prove the following Hadammard factor-
ization for ¢(s):

1) &s)=e [ (1 N S> 0

5 0

where p = B + iy runs over the zeros of {(s) in the strip 0 < g < 1.

With the argument principle we can prove the following theorem. Let N(T) = #{p = f+iv, 0 <
B <1, 0<vq<T} ie N(T)denotes the number of zeros p in the rectangle whose base is the line [0, 1]
and whose height is T.



THEOREM 1.4 (Riemann-von Mangoldt estimate). If T is not an ordinate of a zero of {(s), then
T T T

= —log— — — +O(log T).
27 8on  2m +0O(logT)

The following conjecture about the distribution of the zeros of the Riemann zeta function on the
critical line is at the heart of the connection between number theory and random matrix theory.

N(T)

THEOREM 1.5 (Montgomery, 1972). We assume that the Riemann hypothesis is satisfied. We note % + it,
then n-th zero of the zeta function with t, > 0. We define w,, as

_ I B
~on %on
Then for f € . (RR) such that supp f C [—1,1] one has
.1 "
lim & ¥ flom—w) = [ fx)Ra(x)dx,

1<m#n<N

Wn

where
sin(7x) ) 2

TX

Ro(x) :1<

CONJECTURE 1.6 (Montgomery, 1972). The above holds without any condition on the support of the
Fourier transform of the test function f.

The connection with random matrix theory occurred to Montgomery after discussing with Dyson.
Indeed Dyson had considered similar computations in random matrix theory. We state quickly basic
facts we need to illustrate the connection but we shall come back later with more rigour and details on
these random matrix aspects.

The random matrix model Dyson considered is the unitary group U(N) equipped with the Haar
measure. The Haar measure on U(N) induces a probability distribution for the angles of the eigenval-
ues, called eigenangles, as follows: U € U(N) chosen according to the Haar measure has N eigenvalues
(e, ... ,eN) and the joint probability density of (61, - - - ,8x) on [0,27)N (or alternatively on (—7t, 7t])
is

1 2
01, ,0y) = ———— ‘e
p( 1 N) (ZN)NN' 1<]l;([<N

Let f be a function on U(N) such that VU € U(N) and A € U(N),
fUAU) = f(A);

0 _ it

we then have
A)d =E A
/U(N)f( ) HHaar N[f( )]
— e . ONYp(0y, -, 0n)dO; - - - dON.
[O,Zn]Nf( )p(01 N)d6; N
For instance, for U € U(N) with eigenvalues denoted by e, ... et we could define
N
f(ei"l, L. ’iGN) — H (1 _ ein).
k=1
For f a suitable test function,

Ly f((em—e@zzfr)]=/°°f<x>Rz<x>dx,

1<m#n<N

lim ]EN
N—o0

where
Ro(x) =1 — <sin(7tx))2'
X
Hence it seems that the so called pair correlation statistics coincide for both the rescaled zeros of the
Riemann zeta function and for the rescaled eigenvalues of random unitary matrices. The so called GUE
conjecture for the Riemann zeta function states that in fact the point process consisting of the rescaled
zeros of the Riemann zeta function and the rescaled eigenangles have the same correlation functions
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of all orders and hence have the same distribution. We shall give a precise meaning to the notion of
correlation functions in the next chapter.

Is there a deep hidden picture which could explain this striking analogy? In light of recent results
on universality, one might be less enthusiastic than a couple of decades ago. Indeed it has been ob-
served that for many models of random matrices, the eigenvalues have a limiting short-scale behavior
when the dimension goes to infinity which depends on the global symmetries of the model, but not
on its detailed features. For example, the Gaussian Orthogonal Ensemble (GOE), for which the ma-
trices are real symmetric with independent gaussian entries on and above the diagonal, corresponds
to a limiting short-scale behavior for the eigenvalues that is also obtained for several other models of
random real symmetric matrices. Similarly, the limiting spectral behavior of a large class of random
hermitian and unitary ensembles, including the Gaussian Unitary Ensemble (GUE, with independent,
complex gaussians above the diagonal), and the Circular Unitary Ensemble (CUE, corresponding to the
Haar measure on the unitary group of a given dimension), involves a remarkable random point process,
called the determinantal sine-kernel process. It is a point process for which the k-point correlation function
is given by (see next chapter for more details)

sin(7r(xp — xg))

Pr(x1,. .., X) :det< ) .
m(xp — xq) 1<pg<k

Montgomery’s conjecture states that the limiting short-scale behavior of the imaginary parts of the
zeros of the Riemann zeta function is also described by a determinantal sine-kernel process. On the one
hand this can be disappointing since many other systems have this feature but on the other hand this
similar behavior supports the conjecture of Hilbert and Pélya, who suggested that the non-trivial zeros
of the Riemann zeta functions should be interpreted as the spectrum of an operator % + iH with H an
unbounded Hermitian operator.

In the following section we are going to see that the connection can still be deepened.

1.2. The moments conjecture and the characteristic polynomial. A major breakthrough in the so-
called random matrix approach in number theory is the seminal paper of Keating and Snaith [14], where
they conjecture that the characteristic polynomial of a random unitary matrix, restricted to the unit cir-
cle, is a good and accurate model to predict the value distribution of the Riemann zeta function on
the critical line. In particular, using this philosophy, they were able to conjecture the exact asymptotics
of the moments of the Riemann zeta function, a result which was considered to be out of reach with
classical tools from analytic number theory. One simple and naive explanation for the success of the
characteristic polynomial as a random model to the Riemann zeta function comes from Montgomery’s
conjecture that asserts that the zeros of the Riemann zeta function on the critical line (after rescaling)
statistically behave like the eigenangles after rescaling (and hence the zeros of the characteristic poly-
nomial) of large random unitary matrices.

More precisely the characteristic polynomial is usually defined in the following way: for U € U(n),
define Z,, as:

2) Zp(X) = det (Id - u;lx) = det (Id — U*X).

It is not hard to see that

| —

Zn(X) = (=X)" det(U,) Zu(55)-

>

Note that some authors take the convention
Zy(X) =det(Id — U, X),

in which case

1
Za(X) = (=X)" det(lln)Zn(X).
No matter the convention, the important common feature is that the zeros of Z, are on the unit circle
and that the unit circle plays the role of the critical line.
Now we want to illustrate the way the Keating-Snaith philosophy is used to make predictions for
the distribution of the values of the Riemann zeta function.

8



So first what are typical value distribution problems for the Riemann zeta function? The first prob-
abilistic result is due to Selberg: if U is a uniform random variable in [O, 1], therﬂ

logé(% +iTU)

\/%loglogT

as n — oo, and with N¢ = N] + iN, where A7, NV, denote two standard Gaussian distributions. In
other words the log of the Riemann zeta function behaves like a complex Gaussian distribution, with
very slowly growing variance. We do not provide a proof of this limi theorem but the way it is proven
is through the method of moments and more precisely through the following estimate:

law
— Ng,

THEOREM 1.7. If n is a positive integer, 0 < a < 1and T*" < x < TY", then there exists a constant
C = Cyq such that for all sufficiently large T

1 2T
v,

—it
Here, following a classical heuristic in analytic number theory (see next section), % can be thought

2n
dt < C.

—it

logg(L+it)— Y P

p<x

of as % where X, is uniformly distributed on the unit circle and the (X,), are independent and it

follows from a very classical number theory estimate that
X 1
P
var — | = — ~ loglog x.
(%) £

A seemingly related problem but which in fact is much harder and still open is the Ramachandra
conjecture:

CONJECTURE 1.8 (Ramachandra). We have:

{C(1/2+it), teR}=C.

We shall give a few results in this direction in relation with random matrix theory and the moments
conjecture that we now discuss.
Another open problem concerns the size or growth of ¢ (% +it).

CONJECTURE 1.9 (Lindelof).
¢ (; + it) =0(t¥), Ve>0.

It is known that the Riemann hypothesis implies the Lindeldf hypothesis. One way to attack this
conjecture is through the moments.

THEOREM 1.10. The Lindeldf hypothesis is equivalent to

2k
%/OT §<;+it>

dt =0(T%), Ve>0,k=1,23,---.
PROOF. A proof can be found in Titchmarsh’ book [28], chapter 13. O

The above explains why it is important to understand the moments and since Hardy and Littlewood
in 1918, number theorists have tried to estimate these moments. But as of today, only the cases k = 1
(1918) and k = 2 (1923) are known. In the 1990’s, Brian Conrey and his collaborators came with the
following conjecture:

CONJECTURE 1.11. For any positive integer k

@) /OT §<;+it>

1log {(s) is be defined as the unique version of the logarithm of zeta which is real on (1, 00), well-defined and continuous
everywhere, except on the closed half-lines at the left of the zeros and the pole at 1 of zeta.

2k
dt ~ apgx T (log T)kz,
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where ay, is the arithmetic factor

1\* 1
4 a=1] (1 - ) 2h (k,k, L >,
) p p

and gy is an unknown factor for which very little is known:
(1) g(1) = 1/1! by Hardy and Littlewood.
(2) g(2) =2/(2")? by Ingham.
It was also conjectured by Conrey and collaborators that ¢(3) = 42/(3!)?, and g(4) = 24024/ (4!)2.
Keating and Snaith made the guess that the unknown factor g; /k?! should be predicted by random

matrix theory, and more precisely by the moments of the characteristic polynomial. They were able to
compute

My = [ (N)|ZN<u><ef">]“duHaar, Re(A) > —

and managed to prove that

NTGIA+))  G*(1+A)

My (A) :g I2(j+ A) G(1+2A)

as N — co. Then they made the analogy N « log T to make the following full conjecture:

NA?

CONJECTURE 1.12 (Moment conjecture, Keating-Snaith). It is conjectured that:

e (M)“

dt ~ a(A)g()(log T)™
G2(1+A) 1

g(A) = mr Re(A) > —>

where

2
with G(1) = 1and G(z + 1) = I'(z)G(z). The function G is known as the Barnes function.

Moreover from their moment computation Keating and Snaith could deduce the following ana-
logue of Selberg’s central limit theorem for 6 € [0,271]:

log Zn (¢") lay -

\/3log N “

The methods they used to compute the moments, which is the main result on the random matrix
side, is the Selberg integrals. Indeed they write

N

H 719](

k=1
where 6, - - -, 6, are the eigenvalues of U. For s € C with Re(s) > 0, (in fact Re(s) > —1), Weyls’
integration formula gives

Ellznl] = (27r1) /ozn

Then they use the Selberg integrals
n
J(a,b,a,B,v,n) / | N EY, —xl|27H(a+ixj)7“(b—ixj)fﬁdxl---dxn
1<j<I<n j=1
()"
(a + b)(a+‘5)n—7n(n—l)—n
XﬁF(HvHv)F(Hﬁ— (nt+j—7)r—-1)
W=Ta pra+mre—m

in the special casea = b=y = 1.

s
i6;

7191( elvi — ei@;,

2
6y - - - db,.

[1

1<j<h<n

1

10



We shall propose in this lecture a totally different alternative approach to this result which does not
use Weyl’s integration formula. But for now let us explore a little more the computations by Keating
and Snaith:

R TOITG+24) 1
E[|Zn|*] _EW Re(d) > —.

Recall that the Barnes G-function is an entire function satisfying G(1) = 1 and
G(z+1)=T(2)G(z) VzeC(C,

and the zeros and located at the negative integers. We also have

[ee] 2
= 2/2 —z(z4+1)/2 z k % 2
G(1+42z) = (2m)*"e k|_|1{(1 + k) (1 + k) et
In particular for z € C\Z— we have

N
Er(jw) - W V9 e C\Z — .

This implies the following for the expectation of | Zy|**

G(1+N)G(1+ N +20)G>(1+A)
G1+20)G2(1+ N1 A)
It is known (for instance [11]) that uniformly on compact sets of {(7,5) e CxC, v+ ¢ Z_}
G1+N+7+0)G(1+N) (5< <1>>
=(14+N)”(1+0 (= .
G1+N+46)G(1+N+v) (1+N) tO\N

In our case vy = § = A we have

E[|Zy|*] =

G(1+N)G(1+2A+N) 22 1
=(1+N 1 — 1.
G2+ N+A) AN (1+0( gy
This implies that
1 . GH1+A)
dim e BIZNITT = a5y
With the notation
G2(1+4A)

oQ

(k) = G(1+27)
we have Vk € N

(T()T(k—1)---T(1))?
5) 8(A) = F(zk) (2k—1) (1)’

Now let us try to explain at least heurlstlcally the appearance of the arithmetic factor. If in the
moments conjecture we take A = iu where u € IR, we can rephrase (3) in terms of Fourier transforms

1 /T . . . .
(log T)”2 T/o exp[Zzulog‘C(% -I-lt)‘]dt ~ a(iu)g(iu)
=exp[u?loglog T]

=E[exp(2iu 10g‘§(%+iTU)‘)]
as T — oo and where U is a uniform random variable on [0, 1]. We note

a(iu) = I\l}linoo ai(u, N)a(u, N)

where

a(u,N)=J] (- p_l)_uz, a(u,N)=T] oF (iu, i, 1;p7 ).

pP<N p<N



We then use the following formula of Mertens:

[[Q-p™) ~ e 7(logN)™!
p<N

where v is Euler’s constant. Now, if we note vy = 2(y +loglog N), N > 2,
I\IILH; e”zw/zaz(u, N) = a(iu).

Now let X be a random variable which is uniformly distributed on the unit circle, and let x € R with
x > 1. We then have

E {exp <—2iulog‘1 - j;m —E

X

X

\“w

—2iu
] = F(iu,iu,1; xil).

Indeed,

2

1 X :1+1_2Re(X)
Vx x Vx

Next, Re(X) = cos(8), where 6 is uniform on [0, 27t]

>(1-x12)2 >0

. o 2 —i
E[elulog|1—X/\/§| 2] _ %/ n(l—l—x_l _Zx—l/zcose) 1ud9
0

= b (iu,iu,1; x_l),
this comes from the integral representation of , F;. Now, write
X, |2
YN = log '1 - £
3 ( VP

p<N

then it follows from the previous calculations that
e”ZVN/zlE[e"”YN] = a(iu).

Here, (p'*) were assumed to behave like independent random variables which are uniformly distributed
on the unit circle, but we know this is not true. The random matrix factor seems to be a correction factor
accounting for the dependency that this naive model ignores. And this phenomenon is not specific to
the Riemann zeta function.

2. The splitting phenomenon

In some sense, probabilistic number theory can be viewed as the study of fluctuations (e.g. central
limit theorem, local limit theorem, large deviations, etc.) of arithmetically defined sequences of ran-
dom variables or probability measures. One of the most famous results in this direction is Erds-Kac
theorem:

THEOREM 2.1 (Erdés-Kac). For any positive integer n > 1, let w(n) denote the number of distinct prime
divisors of n. Then for any real numbers a < b, we have

(n) —loglog N <b}| = 1 /be
0loglogN - V2r a

One can easily interpret this as a convergence in law for a sequence of random variables which are
arithmetically defined. Indeed, consider Qn = {1,---, N} with the uniform measure Py on it, and
define the random variable X from Q) to R by

/24y

lim %ngrzSN:aSw

N—o0

w(n) —loglog N
VloglogN

Then the Erd6s-Kac theorem is the statement that X converges in distribution to a standard Gaussian
random variable \V.

It is very often possible to predict the behaviour of many such arithmetic variables or measures
with the help of simple probabilistic models. These probabilistic models are based on two relatively
simple results that we present now.

XN =

12



THEOREM 2.2. Let N > 1and Qn = {1,---, N} endowed with the uniform probability measure Py;.
Fix an an integer q > 1 and denote by 11y : Z — Z./qZ the canonical surjection which to n associates its
class modulo q. Let Xy be the random variable which is defined on Qy by Xn(n) = 14(n) and with values in
Z./qZ. Then the random variables (X ) converge in law to the uniform probability measure yi, on Z/qZ. More
precisely, for any function f : Z/qZ — C, we have

© BLFCN)] ~ ELfI| < 2 1flh
where
Iflh= ¥ If@l
acZ/qZ

PROOF. We have by definition

BN = X flrg(n)

1<n<N
and
1
E[fl]== ) f(a).
q acZ/qZ
Next we note that
1 1
5 L flmm= ¥ faxy X1
1<n<N acZ/qZ 1<n<N
n=a(modq)
Hence the last sum counts the number of integers 1 for which we have 1 < mq +a < N, which is [¥ q’” ]
Now the trivial estimate x — 1 < [x] < x for x > 0 yields the desired bound
1 1 2
5 X flmm)—= ) fla)l<Slflh
1<n<N T 0cz/qz
O

In the special case where f(1) = 1y, (774(n)), we obtain

1 2
PN (7tq(n) = a) — 7 SN
This is a non-trivial inequality as long as g is small enough compared with N. In particular, this shows
that for g fixed, the probability that an integer n < N is congruent to a modulo g is approximately 1/N.
This asymptotic estimate justifies the commonly used heuristic that the probability that an integer is
divisible by a 2 or 3 is approximately 1/2 or 1/3. Hence one could start to think of a model of the
form ), N Bp, where the sum runs over prime numbers and where B, is a Bernoulli random variable
defined as P[B, = 1] = % = 1—-1P[B, = 0]. Next we would like to know whether it is reasonable
to assume that these Bernoulli random variables could be taken to be independent. This is indeed
asymptotically true as a consequence of the Chinese remainder theorem. Indeed it is a well known
fact that if g1 and g, are two positive coprime integers, then the map Z/q1g2Z — Z/ 1 Z X Z./ §2Z
x — (x(mod ¢q1), x(mod g,)) is a ring isomorphism. This ring isomorphism can be interpreted as the
fact that the random variables 775, and 75, on Q) are asymptotically independent, that is
. 1 . .
dim Py (7q, (1 = a), 704, (n) = b) = o (Jim Py (71, (n) = a))(lim Py (71, (1) = b)).

So it is reasonable to build a probabilistic model by assuming that divisibility by distinct primes are
independent events. We can summarize this in the following proposition:

PROPOSITION 2.3. Let N > 1and Qn = {1, - - , N} endowed with the uniform probability measure Py.
Let k > 1 be an integer and fix g1 > 1,--- ,q > 1 a family of coprime integers. As N — oo, the random vector

(g, 7ig) 1 n— (7gy (), - -+, 710, (n))
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from Q withvaluesin Z/ 1 Z - - - X Z./ qxZ converges in law to the product of the uniform probability measures
Hgq;, o7 in other words converges to a random vector whose components are independent and uniformly distributed
on Z/q;iZ, for 1 < i < k. We also have a quantitative statement as is Theorem 2.2} for any function

fZ Z/q12~~~xZ/qu—>C,

we have

@) [E[f(7rq,(n), -+, 714, (n))] — E[f]| < %||f||1~

PROOF. The proof follows the same lines as the proof of Theorem [2.2)after noting that the Chinese
remainder theorem gives a ring isomorphism Z/q1Z - - - X Z/qxZ — Z./qZ where q = q; - - - q under
which the images of the product of the uniform measures jig; is pg4. O

REMARK 2.4. It is important to note that the random variables 714, and 7, are not independent: it is not
true that

P (7tg, (n = a), 71, (n) = b) = Pn(71q, (n) = a)Pn(75q, (1) = b).
Independence only holds asymptotically. This is the source of many subtle behaviours in analytic number theory.

Now going back to our probabilistic model, we may assume that the Bernoulli variables B, are in-
dependent. Consequently Zy = }_,<x By can be thought of as a probabilistic model for w(n) (more pre-
cisely for the arithmetically defined random variable Xy (n) = w(n) defined on Qy). Using Mertens’
estimates that <y % ~ loglog N, we have E[ZN] = },<n % ~ loglog N and var(Zn) = Lp<n(p(1 —
p))~! ~ loglog N. An application of the central limit theorem for independent random variables yields
that Zn—loglog N

\/loglog N
use this probabilistic model together with quantitative estimates as above to show that the moments
Xn—loglog N Zny—loglog N

\/log log N \/log log N
different and we would rather illustrate the limitations of the probabilistic model and see where the in-
dependence assumption in the probabilistic model can go wrong when compared to the true arithmetic

sequence of random variables. We shall use for this a formula of Rényi and Turén:

converges in distribution to a standard Gaussian random variable. In fact one can

of are close to those of are asymptotically the same. But our point here is

PROPOSITION 2.5 (Rényi and Turdn). We have the following asymptotic formula:
®) En["™¥] = (log N)*' 1 ((1) +-0(1)),
uniformly for t € R and as N — oo, with the factor ®(t) given by
it
1

-l 0-2) (%)

where the Euler product is absolutely convergent.

The proof of the Rényi-Turdn formula is much more difficult than the moments computation per-
formed to prove the Erd6s-Kac central limit theorem and the content is actually much deeper (the value
t = 7 implies the prime number theorem). Formula (8) follows from the following deeper theorem
whose proof is based on the Selberg-Delange method applied to the Dirichlet series of y« ("

w(n)
¥ _ Y
E T )

n>1

PROPOSITION 2.6 ([27], Section I1.6, Theorem 1). For any A > 0, we have for any y € C, with |y| < A
L 5™ = n(logm)' " (Ao(y) +O(1/ logn)),
k<n

where
1

- i i-3) (52
T T, p p—1
and the constant in the O symbol only depends on A.
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The following discussion is based on [19]. In formula (§) one recognizes (log N )elt_1 as the char-
acteristic function of a Poisson random variable with parameter loglog N. Since ®(t//loglog N) —
®(0) = 1, the Erd6s-Kac central limit theorem immediately follows from an application of Lévy’s cri-
terion for convergence in law. In fact this type of convergence is called mod-Poisson convergence and
there is now a well built general theory (of mod-phi convergence) from which one can deduce precise
large deviations estimates, speed of convergence, approximation in the total variation distance (see e.g.
[12], [2] and [6]) but we shall not touch upon this here. We would rather try to compare this with what
the probabilistic model Zy predicts. Indeed, a straightforward computation using the independence of
the Bernoulli variables shows that

eit it
itZN1 elt—1 1 e
E[¢“N] = (log N) ]‘[(1 ) (1+p_1).
Consequently the probabilistic model fails to capture the mod-Poisson phenomenon. This is coming
from the fact that the primes do not actually behave independently of each other and that the indepen-
dence assumption, while enough to predict the central limit theorem, fails to account for the real nature
of w(n). At the level of non nomalized characteristic functions, extreme values play a more crucial role.
Now one may ask about an interpretation for the factor A natural explanation is that this

r 1t
is a correction factor to the independence assumption made 1n( t}*ze probabilistic model. But does this
factor correspond to some natural "model" as well? It is surprising and mysterious that the answer is
positive. Indeed, consider the symmetric group of order N, Sy, endowed with the uniform measure,
and define on it the random variable /) that maps a permutation ¢ to the number of cycles in its cyclic
decompositions. Then it is well known in probability theory (see [1]]) that £y has the same distribution
as )_x<n Bx where the By’s are independent Bernoulli random variables with parameters 1/k. Using the
product representation of 1/T(z), one obtains that

E[e*N] = N1 (1’(1”) +o(1)) .

This can be added to the list of analogy between multiplicative properties of permutations and random
permutations. It remains an open problem to understand how permutations and primes can be mixed
to obtain the Rényi-Turdn formula (see [19] for more examples and explicit proofs where the role of
random permutations appear in finite fields analogue).

As far as we are concerned, we would like to see whether the moments conjecture of Keating and
Snaith is another manifestation of the above splitting phenomenon. In fact the discussion we already
had above when explaining heuristically the moments conjecture shows that this is indeed the case.
The heuristic we used to define .

2)

_Zlog(‘ _F

p<N

as a random model for the modulus of the zeta function on the critical line can be justified by the
following result:

THEOREM 2.7. For T > 0, let Qp = [T, T| be endowed with the uniform probability measure, that is
the Lebesgue measure divided by 2T (note that we could as well take Qp = [0, T| equipped with dt/T). Let
Xt = (Xp,1)p be the S = [1, S* valued random variable on Qr, given by

Xr(t) = (p~")p.
Then as T — oo, the random variable Xt converges in law to a random variable X = (X;), where the X, are
independent and uniformly distributed on the unit circle S'.

PROOF. Since S' is a compact Abelian group, Weyl’s criterion shows that the statement is equiva-
lent to the property that for any non trivial character y : S — S!, we have

Iim E[x(X =0.
Tgl;lo x( p,T)] 0

But an elementary property of the product of compact groups and the general form of the characters of
S! show that it is enough to prove that for characters x of the form

=I1="
2
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A

for every finite non empty subset S of prime numbers, m, € Z, m, #0and p € S,and z = (z,), € S'.
This is now easily checked thanks to the elementary estimate that for » > 0, we have

1

—it| < mi
|E[r~"]| < min(1, 7],' og 7] ).

O

So we can see that there is an analogy between the case of w(n) and the case of the Riemann zeta
function on the critical line. In the case of the Riemann zeta function, we have the random Euler product
which is sometimes called the stochastic zeta function. The heuristic on which this model is based
also comes from an equidistribution result for a sequence of arithmetically defined random variables
(Theorem 2.7). This model is enough to predict Selberg’s central limit theorem but is not enough for
the Fourier transform of log({(1/2 + it)). As for w(n), a correction factor is needed which seems to
account for the fact that primes are not behaving independently. In the case of w(n), the correction
factor seems to find its source in a compact group: it is related to some statistic coming from random
permutations. In the case of the Riemann zeta function, it is conjectured that there is also a compact
group with uniform measure: the unitary group. It is still a very open question on which there has been
no significant progress to understand how the unitary group and primes should combine to obtain a
proof of the conjecture.
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CHAPTER 2

The limiting behavior of the eigenvalues of random unitary matrices

The results we shall present here are very classical, but in some places (most notably when it comes
to weak convergence of point processes) we have chosen our own proofs. For sake of completeness we
have also put in Appendix [[]the classical methods the way they are usually exposed (e.g. like in [21]).

1. Preliminary facts about the distribution of eigenvalues

In this section we consider the most natural model of random unitary matrices. We call U(n) the
unitary group of size n, that is the set of matrices U of size n such that UU* = U*U = Id. Such matrices
also represent isometries of C", thatis (u(x),u(y)) = (x,y) for all x,y € C". Since for every x € C" we
have ||u(x)| = ||x||, it is easily seen that U(#n) is a compact Lie group. There exists on U(#n) a natural
probability measure which is given by the following fundamental result:

PROPOSITION 1.1. Let G be a compact Lie group. There exists a unique probability measure IP (also noted
WHaar OF W according to the context) on G (endowed with its Borel sigma algebra) such that for every Borel
measurable set A, and every g € G, we have P(gA) = IP(Ag) = IP(A). The measure IP is called the (probability)
Haar measure, or uniform measure, on G.

DEFINITION 1.2. Let n be a strictly positive integer, and endow U (n) with the Haar measure P. Then
(U(n),P) is called the Circular Unitary Ensemble of size n, and is noted CUE(n).

One can easily check that in the context of the above Proposition, Vg € G, Vf € L'(G)
[ F(gmar(n) = [ fug)apn) = [ fndp(n).

EXAMPLE 1.3. Let us consider the following examples.
(1) Let G be a finite group, G = {g1,- - - , §n} Where the g;’s are distinct. Then

1 n
j=1

is the Haar measure. Indeed, Vg, Vf € L'(G), one has

1 1 1
Y f(g) = Y f8gi) = - ) f(8ig),
=1 j=1 j=1
which comes from the fact that the map h — hg from G — G is a bijection.
(2) U = {e"%, —m < 0 < 7t} is an Abelian compact metric group. The normalized arc-length measure
d6 /27 is a Haar measure.

The following result is an immediate consequence of the definition of the Haar measure:

PROPOSITION 1.4. Let U be a deterministic matrix in U(n) and let M be a random matrix drawn from
CUE(n). Then MU, UM and UMU " are also in CUE(n).

Next we are interested in a very natural question in random matrix theory: what is the distribution
of the eigenvalues of matrices in CUE(n)? It is well known that if M € U(n), then all its eigenvalues
are on the unit circle U. We can for instance order the eigenvalues in increasing order of the arguments
in(—m, x|, forje{1,...,n},

A(M) = ),
where
—71 < 01 (M) < 0(M) < -+ < 6,(M) < 7.
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If all eigenvalues are distinct, we can define for each j € {1,...,n}, the eigenvector v;(M) associated
with the eigenvalue A;(M). Of course such an eigenvector is not unique and is defined up to a multi-
plicative factor. We can define it in a unique manner if we take it of norm one and such that (say) its first
coordinate of largest modulus is real and strictly positive. Now let V(M) be a matrix whose columns are
the vectors vy (M), v2(M), - -+ ,vy(M). Since [[o;(M)|| = 1forj € {1,...,n} and since the eigenspaces
are orthogonal, we deduce that V(M) € U(n). Moreover for j € {1,...,n}, Moj(M) = A;{(M)v;j(M),
which implies that
MV (M) = V(M)A(M),
where A(M) is the diagonal matrix whose (j, j)-th coefficient is A;(M). In other words,

M = V(M)A(M)(V(M))~},

that is M is the conjugate of a diagonal matrix.

Next let us note U*(n) the set of unitary matrices of order n having n distinct eigenvalues, and let
us note D, the set of diagonal matrices of order n whose coefficients (on the diagonal) are in U, with
strictly increasing arguments in (—7t, 7t|. Last define U (n) to be the set of matrices in U(n) such that
for each column, the first coefficient with highest modulus is a strictly positive real number. The above
discussion shows that

I1: M~ (AM),V(M))
is a bijection from U;; to D, x U4 (n), and the inverse bijection is given by
I (A V)= VAVL
If we identify D, with
Ay = {(e%,...,e%), —m <0 <0< - <6, <m},
we have the following formula, called Weyl’s integration formula:

PROPOSITION 1.5. If M is in CUE(n), then a.s. M has n distinct eigenvalues. Moreover, the following
hold:

(1) The probability distribution of A(M) has density:

1
DAy d) =5 [T =l
m 1<j<k<n

w.r.t. the uniform measure on A, Z,, > 0 being a normalization constant.
(2) The distribution of V(M) is the push forward of the Haar measure on U(n) by the application which
multiplies each column by a complex number of modulus 1 in such a way that we obtain a matrix in
U+ (T’l)
(3) The random variables A(M) and V(M) are independent.
Moreover if A € Dy, is distributed as in (1), and if U € U(n) is Haar distributed and if A and U are independent,
then UAU~! € CUE(n).

The above proposition shows that the eigenvalues of CUE(n) tend to repulse each other: if A¢,- - -, A,,_1
are fixed, then the density D(Aq, ..., A,) tends to zero when A, tends to one of the eigenvalues Ay, - -+ , A, _1.

1.1. Correlation functions.

PROPOSITION 1.6. Let M € CUE(n). The probability density function of A(M) w.r.t the uniform measure
on Ay is equal to

1
DA, dn) = ——det((Aj)r<jken),
n
where
n—1 ¢
Aj,k = /Z (/\]/\k) .
/=0

PROOF. We use the classical formula for Vandermonde’s determinant:
[T (A—4)) =det(C),
1<j<k<n
where ,
Cix=A, .
18



Now we apply this result to the conjugate of A4, ..., A, and use the fact that the determinant of a matrix
is equal to the determinant of its transpose to deduce that

H (Ak - A]) = det(B),

1<j<k<n

where
—k—1
B],k = A] .

We now multiply both equalities to obtain

IT 1A —Aj* = det(BC),

1<j<k<n
where
n o 01
(BO)jx = Y. BiuCox=Y_ A A,
/=1 =1
i.e.
(BC)jx = Ajxs
which is the desired result.
O

One can state this result under a slightly different form in a way that the ordering of the angles does
not matter.

THEOREM 1.7. Let M € CUE(n) and let E be the set of its eigenvalues. For every bounded measurable
function F : U" — R, we have:

1
1E< F(yl,...,yn)> = [ pa(Aa e A F(h - Andu(A) . dv(A),
p#paF - Fpn€E n U

where Z}, > 0 is a normalization constant, v is the uniform measure on U and

on(M, ., An) = det ((Ko(Aj, A h<jken)
with
n—-1
Ko(A,A) = Y (AN
(=0
PROOF. We first need to check that

E ( F(yl,...,yn)> =E(G(M(M),..., Apx(M))),
m#Fu2F e Fpun€E

where
Gy, tn) = Y, F(Hoays- - Ho(m)s
ey,
which follows from the fact that the n-tuples (uy, po, ..., in) of distinct elements of E are exactly the
n! permutations of (A1(M),...,A,(M)). Now an application of the previous proposition with Weyl’s
integration formula yields

1
E ( F(m,...,yn)) = 7/ G(M, ..., An) det((Ajp)1<jh<n)da(A, ..., An),
}‘17&}427&"'7&%1€E n JBn

where « is the uniform measure on A,,. Hence

1
E( F(m,...,un)) = 7/ G(A1, . A)ou(Ar, . An)dv(Ag) ... du(Ay),
J F o Fpn €E n B

where Z;, > 0is another normalization constant. Now we deduce that the previous expectation is equal

to
1
- T / FAa(1)s -+ Agn) )00 (A, oo An)dv (M) .. dv (M)

noge6,
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1
- T /U(An)F(/\l,...,An)pn(/\rl(l),...,Ar1(n))d1/()x1)...dv()\n),

ngeSy,

where 0(A) is the image of A, by the map
(/\1, .. -/)\n) — (/\(7(1), .. '/Aa(n))‘

Next we note that p,, is invariant under a permutation of the coordinates. Indeed when we permute
the elements of (Ay,...,Ay), the rows and the columns of the matrix (Ko(Aj, Ak))1<jk<n are permuted
accordingly and hence the determinant does not change. The last expression is hence equal to

1
Y /O_(A O Anon (g Anv () v ()
ngggn n

Now we also note that the sets 0(A,) are pairwise disjoint and that their union is equal to

{(A, oo An) €U Ay # - # Ay,

which is of full measure in U” w.r.t. the uniform measure. Consequently we have:

1
1E< F(yl,...,yn)> = | pnas e A F o Andv(Ar) . dv(A).
mFpaFFpun€E n JU

O

We shall see later that in fact the normalization constant Z, is in fact equal to 1. The function
Pn(A1, ..., Ay) gives information about the probability of finding an eigenvalue in the neighborhood of
the points Ay, ..., A,. The function p,, : U" — Ry is called the n-point correlation function. One can go
backwards from there and compute r-point correlation functions for 1 <r < n.

PROPOSITION 1.8. With the notation above, for all r € {1,...,n}, and for any bounded measurable func-
tion F from U” into R, we have:

uz( 5 F(y1,...,yr)> . Zlyld/Upr(/\l,...,)\r)F()n,...,)\r)du()tl)...dv(A,),

mFpaF - FpurcE
where the function p, from U" to R satisfies the backwards induction relation:
1
oA ) = == [ pria(h,ee Ar (1),

n—r

forallr € {1,...,n—1}.

PROOF. For1 < r < n —1, let us assume the result holds for r + 1. For all bounded and measurable
function G from U1 to R, we have

B ( c<m,...,ur+l>)
M Fp2F - F 1 €E

1
_ ?AM or1t (Ao i) G (A oy Ayt )dv (A1) .. dV(Ayar).
n

If F is the map from U" to R given by
F(A, ..., Ar) =G(A1, -, A1),
we thus have

]E< F(m,...,yr))
H1F P27 Fpr 1 EE

1
_ ?AM ori1 Ay oo e ) E(A, oo AR dV(AY) - . dV(Ayir)
n

1
- ?/ F(/\l,...,)\r)dv(/h)...dv(/\,)/ 011y A )dV(Ars1)-
1 Jur U
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The terms of the sum do not depend on ;1. But .41 is an eigenvalue of M which must be different
from py, ..., pr, which leaves n — r possible choices. Consequently

(n—1)E < Z F(yl,...,y,))
H1F# U2 F - FUr€E
1

_ ?Ayp(m,...,;\,)dv(m...du(Ar)/Uer(Al,...,A)dy(A),

and we conclude with a backwards induction.
O

The above proposition applies to a large class of point processes, but we shall not go in this direc-
tion. In this lecture we shall rather explore the fact that the correlation function p,, can be expressed as
a determinant. The following lemma will reveal helpful:

LEMMA 1.9. Forall A, A € U,
Ko(M, A') = / Ko(A, A")Ko(A", A'Ydu(A"),
U

and
/U Ko(A, \)dv(A) = n.

PROOF. The second identity is obvious for Ko(A,A) = n forall A € U. For the first identity we note
that

n—1 n—1
/U Ko(A, A")Ko(A", A')dv(A") = /1U <Z<M”>f> (Z(A”A’)f) dv(1")

(=0 (=0
= X A" [ @ avan),
0<0,0/<n—1 U

But
/ (A”)E(V)Z’dv(/\”) _ / (A//)ffé’dv()\//)
U U
equals 1 if £ = ¢’ and 0 otherwise. We can then conclude that
/ Ko(A, M) Ko (A", Ydv(A") = T (R)L(A) = Ko(A, ).
u 0<f<n—1

O
We are now able to obtain a simple representation for the r-point correlation function:

PROPOSITION 1.10. For every r € {1,...,n}, and every bounded and measurable function F from U" to
R, we have:

]E( P(yl,...,yr)> :/rp,()Ll,...,/\,)F()\l,...,/\r)dv()\l)...dv()\r),
pa#pa A €E U

where
pr(A, ..., Ay) = det ((Ko()\jr/\k)hgj,kgr) :

PROOF. We prove the result with a backwards induction. We have already established the result
for ¥ = n. We assume that the expression given by the proposition holds for ¥ +1,for1 <r <n — 1.
Then from previous results we have

1
0r(A1y e ) = [U det ((Ko(Aj Ak 1<jiers ) dv(Arin).

n—r
We expand the determinant and isolate the factors involving A, 1 to obtain:

de’f((Ko()\j/)\k))lgj,kgrﬂ) = ) e(@)Ko(Ar1,Ar1) [T Ko(Aj Ag()
0€G,1,0(r+1)=r+1 1<j<r

+ ) Y e()Ko(Aa, Ars1)Ko(Ars, M) [T Ko(AjAg(j))-
1<a,b<r €&, 1,0(a)=r+1,0(r+1)=b 1<j<r,j#a
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Next we integrate w.r.to A, using the previous lemma:

(n=7)pr(A,. A =n Y e(@) TT Ko(Aj Ag(j)

eSS, 1§j§r
+ ) ) e(@)Ko(Aa, Ap) [T Ko(AjAg())-
1<a,b<r €&, 1,0(a)=r+1,0(r+1)=b 1sjsnjza

Now we note that the permutations ¢ in &, such that o(a) = r+1and o(r + 1) = b are in one to one
correspondence with permutations ¢’ in &, satisfying ¢’(a) = b: to see it, define ¢’ from ¢ by setting
o'(c) =o(c) forallc € {1,...,r} such that ¢ # a. With this bijection, we get:

(n=r)pr(My- Ay =n Y e(@) TT Ko(Aj Ag(j))

[SCH 1<j<r
s Y, elo) TT Ko(AjAwgp)-
1<a,b<r o' €&,,0'(a)=b 1<j<r,

Moreover if ¢ is the element of &, 1 which satisfies 0"’ (¢) = ¢/(¢) forc < rand ¢’ (r+1) =r+1, one
easily checks that ¢ = 7,1, 0 0, where 7,1 ; is the transposition exchanging r + 1 and b, and thus

e(0) = —e(d") = —e(d).
Consequently
(n=7)pr(A,. A) =n ) e(0) T Ko(AjAgj)
reS, 1<j<r
- X Y, elo) TT Ko(AjAery),
1<a,b<r ¢’ €&,,0'(a)=b 1<j<r,
that is
(n=n)pr(M,..., &) =n ) e() TT Ko(Aj,Ae)
eSS, 1<j<r
- L Y e@) TT Ko Agqp),
1<a<ro’es, 1<j<r,

The right hand side of the last equality is equal to

(n— 1) det ((Ko(Aj, M) rjner )

which proves the result for r and hence by backwards induction the statement is always true. Now the
previous proposition states that

1
uz( F(yl,...,yr)> = | oA ADFQu, o A)dv() v (),
A HaF - €E n /U

and so it is enough to show that Z;, = 1.
For this we taker = 1and F = 1:

1= [ v,

meE

where
Y 1=n
u€E

and

o) = [ Ko, A)dv(a) = n,

from which we immediately deduce the desired result.
O

A random point process whose correlation functions are of the form above is called a determinantal
point process. Determinantal point processes play a very important role in random matrix theory and
mathematical physics. The function Kj is called the kernel of this determinantal point process. Note
that K is a complex valued function while the correlation functions p, are real valued. We thus give an
alternative description:
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THEOREM 1.11. Forallr € {1,...,n}, and for 64,...,0, € R, the correlation function p, satisfies:

or(e™,..., %) = det(K(8;,0))1<j5<1),

where
iy _ sin[n(6’' —6)/2]
K6,6) = sin[(6’ —6) /2]’
for @ # 6" modulo 27t, and
K(6,0) =

if 6 = 0’ modulo 27.
PROOF. The result is already proven if one replaces K(6;, 6x) with K’(6;, 6;), where

ind inf/2 —inf/2
1 Ay ) i) _ " —1 _ iom-1)/2€ —e
K'(6;,6,) = Z € T _q ¢ o072 _ g—i072

if 0 := 6y — 0; # 0 modulo 27, and
K/(Gj/ Gk) =n
if 6 is a multiple of 27t. Consequently we have
K/(Qj, Gk) _ e—iej(n—l)/Zein(n—l)/ZK(le Gk)

It follows that (K'(6;,6k))1<jk<n can be obtained from the matrix (K(6;,6x))1<jx<n by multiplying the
j-th raw by e~ (=172 for all j, and the k-th column by €% ("~1)/2 for all k. One can then easily check
that both matrices have the same determinant.

O

We note that in order to compute p, at 7 points of the unit circle using the previous proposition, we
need to consider the arguments of these points. These arguments are a priori only defined modulo 27.
If n is odd, then K(6;, ;) does not depend on the choices made for 6; and 6, since sin(n6/2)/ sin(0/2)
is 27t-periodic in 6. On the other hand if # is even, this last function is 477-periodic, so that K(Gj, ;) can
change sign, for instance if one adds 27 to 6;. However this change of sign does not alter the value of
the determinant. For instance if n = 2, we have K(6,6) = 2,

sin(G’ 0)
sin[(6’ — 6) /2]

which changes sign if one adds 27 to 6 or §'. However a simple determinant computation yields
p2(e,e) = 4(1 — cos?[(6' — 0)/2]) = 4sin®((6' — 0)/2],
which only depends on ¢ and ¢/': we have

p2(A, ) = [A = A",

K(6,0") = =2cos[(6' —0)/2],

in agreement with Proposition[.5}
More generally we can give the following general formula when r = 2:

COROLLARY 1.12. The 2-point correlation for CUE(n) is given by

sin®[n(6' — 6) /2]
sin?[(0' — 6)/2]

026y = 2 —

whenever ¢ £ ',
A simple Taylor expansion yields, for n > 2,
pa(e”, ") ~ P (n? — 1) (6" —0)*/12

when 6’ — 6 tends to zero. We recover the fact the for CUE(n), the eigenvalues exhibit a repulsion
proportional to the square of their distance.
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1.2. The macroscopic behavior of the eigenvalues of CUE(n). We introduce the empirical distri-
bution of the eigenvalues; if A4, ..., A, are the eigenvalues, we define

1 n
nun = E 25)\1/

where 6), is the Dirac mass at A;. We would now like to prove that this measure converges to the
uniform measure on the unit circle. For this we consider its Fourier transform: for k € Z,

fin (k) = / 2Ky (z) ZAk Tr (M),
U

where M € CUE(n). This shows that it is important to understand the behavior of traces of powers.
We state and prove a simple result which is enough for our purposes:
PROPOSITION 1.13. Let M € CUE(n). For k = 0, Tr(M¥) = n, and for k # 0,
E[Tr(M*)] = 0, E[| Tr(M")|?] = |k| A n.

It is interesting to compare this result to the case of n points taken independently and uniformly on
the unit circle. If A{,... A}, are chosen in this way, then

() =

if k =0, and

Y (A
j=1

2]
ifk #0.
PROOF. The case k = 0 is trivial so we shall focus on the case k # 0. Since the distribution of M and
AM is the same for every A € U, we have:
E[Tr(M")] = E[Tr((AM))] = ARE[Tr(M")],
hence
E[Tr(MK)] = 0.
To compute the second moment we express the traces as functions of the eigenvalues to obtain:

E[| Tr(M")’] = E

n+ Y /\’;,A{;] = n+/ (AAY* 02 (A, A )dv(A)dv(N),
1<p#q<n v
where dv is the uniform measure on U. An application of Proposition yields:

B[ Te(M9)P) = n+ [ X (Ko(d, A)Ko(X, 1) — Ko(A, A )Ko(X', 1)) dv(A)dv()

e Aﬂ()@)k <”2 - X (M’)K(A’A)"/j dv(A)dv (M)

0</l,0/'<n—1

= n+n? / A dv(A)dv(V) — Y / ANV gy (A)du (M),
vz 0<6,0'<n—1
In the last sum of the equality above, only indexes corresponding to ¢ and ¢’ such thatk+ ¢ — ¢/ = 0
yield a non zero term (in which case the term is equal to 1). For |k| > n there are no ¢ and ¢’ such that
k+4¢—¢" = 0. For0 < k < n, the pairs of indexes satisfying this equality are (0,k), (1, k+1),..., (n —
1 —k,n —1): there are n — k of them. For —n < k < 0, the pairs of indexes satisfying this equality are
(—k,0),(1—k,1),...,(n—1,n —1+k): there are n + k of them. In all cases there thus (n — |k|) V 0 such
pairs, which yields
E[| Tr(M")[2) = n— [(n — |k|) v 0] = [k| An.

We can now prove the following convergence result:
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PROPOSITION 1.14. Let (M;),>1 be a sequence of random matrices, with M € CUE(n). We note y, the
empirical distribution of the eigenvalues. Then almost surely u, converges in law, when n — oo, to the uniform
measure on the unit circle.

PROOF. Let g > 0be an integer. It follows from the previous proposition that for k # 0,

2 2
P (0] = 1/g) < 2°E [ (0] = LB ety ) = THELAT < K

An application of the Borel Cantelli lemma yields that a.s. for k # 0 and forallg > 1, |f1,(k)| < 1/gifn
is sufficiently large. In other words, a.s. for all k # 0,

fin(k ) 0 =0(k),
where v is the uniform measure on the unit c1rcle. Moreover it is immediate that

n(0) = 0(0) = 1,

consequently y,, converges a.s. in law to v.

O

We observe from the above results that for k # 0, the L2 norm of the trace of M* does not depend
onn, if n > |k|. This means that this moment becomes constant and thus converges when 7 increases.
This is in fact a special case of a more general result due to Diaconis and Shahshahani ([9], [10]):

PROPOSITION 1.15 (Diaconis and Shahshahani). Let p > 1, a4, ... /Ay, by,..., bp > 0 be integers and
let M € CUE(n). We have:

E ] (Te(m))” (Te(MD)) ] = Lyjeqt,.phayet L 1/%(9)
]:

j=1

whenever
p
n>Y"j(aj+b))
j=1
We do not prove this result but rather give as a consequence a result on the convergence of traces
of powers.

COROLLARY 1.16. Let p > 0 be an integer and let M € CUE(n). Then the following convergence in law

holds:
(Tr(0))

where (Zy)>1 are complex independent Gaussian random variables satisfying
E[Z] = E[Z] = 0, E[|Z[*) =

1<k<p n—c o (Zisikeps

PROOF. It is equivalent to show the convergence of joint moments of <Tr(Mk)) L<ke . According

to the previous proposition each joint moment is constant for 1 sufficiently large. We thus- need to show
that for integers ay, .. -, ap, by,.. b >0,

E|1]297"

Since the variables (Z;);>1 are independent, it is enough to show that

P
= Lvjequ,...p}ai=b; ITl]'uj(“j)!-
]:

aj—=b; .
E[ZZ;7] = g, (a))!-
The case a; # b; follows from the rotation invariance property of the distributions of Z;. Moreover we
note that Zjis distributed like \/jzl, and thus for aj = b]-, we have

E[|Z;[*"] = jVE[|Z1].

Next we note that Z; = Nj +iN,, where N and N are two independent centred Gaussian random
variables with variance 1/2. Hence we have |Z;|? = N2 + N and

E[|Z, 2] :/ e 1dt = (aj)!
0
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which completes the proof. O

We thus see that the traces of powers of CUE(n) random matrices converge in law without any
normalization. This is very different from the situation of 7 i.i.d. points uniformly chosen on the unit
circle where according to the central limit theorem one needs a \/n normalization.

The Diaconis-Shahshahani result deals with the situation where the powers are fixed and the size of
the matrices goes to infinity. One may ask what happens when the size is fixed and the powers become
large. We already know from Propositionthat E[| Tr(MY)[?] = nif |k| > n: this is the same second
moment obtained when one replaces the eigenvalues with # i.i.d. points uniformly distributed on the
unit circle. Remarkably this generalizes to:

PROPOSITION 1.17 (Rains). Let M € CUE(n) and let k be such that |k| > n. Then the eigenvalues of MK
are distributed like n independent random variables uniformly distributed on the unit circle.

PROOF. Since the set of trigonometric polynomials is dense in the space of continuous functions
on U, it is enough to prove that for a symmetric function F from U" to C, which is polynomial in its
variables and its inverses, we have

[Un FO, o AR oA, A)dv(Ar) . du(Ay) :Kn/nF(Ak,...,Aﬁ)dv(Al)...dv(An),

K, depending only on n, and p, being the n-point correlation function for CUE(n). Now we use the
fact that there exists C,; > 0 such that

on(A, o A)=Co T IN—MPP=Cu T] (Aj—Ak)(A]fl—A,;l):R(Al,...,An),

1<j<k<n 1<j<k<n

where R is a polynomial function in Ay,..., Ay, Ay 1. AL Ly symmetric in Aq,...,A,, and such that
the exponent of each of the variables Aq,..., Ay is between —n 4+ 1 and n — 1. Now if acATl LA
—n+1<my,...,my <n—1isone of the terms of R, the integral

/ A A E(A, L AR (M) dv(Ay)
decomposes into a linear combination of integrals

/ /
- AT A V(M) L dv(Ay)
where the exponents m], ..., m}, are respectively congruent to 1y, ..., m, modulo k. This last integral is
non zero only in the case where m’l, ..., m}, are zero, which means that my, ..., m, are multiple of k. But
since their absolute value is strictly smaller than #, this implies that m;, ..., m; are all zero. Hence we
have:

/nF()\k,...,A’;l)pn()\l,...,)\n)dv(/\l)...dv(/\n)

— UnF(/\’l‘,...,A,’;)R()\l,...,/\n)dv()\l)...dv()\n)

:/U KaFOK, . AR du(Ar) ... dv(An),

where K, is the constant term of the polynomial R. This completes the proof.
O

1.3. The behavior of eigenvalues at the microscopic scale. We first make the observation that a
unitary matrix with simple eigenvalues has n eigenangles in any interval of length 27, such as (—7, 7].
The average spacing of these eigenangles is thus 27t/n. So if we wish to observe a non trivial behavior
of the eigenangles we need to properly normalize the spacing between eigenvalues by multiplying the
angles by a factor n/27t. This motivates our next proposition.

PROPOSITION 1.18. Let E,; be the set of random points, obtained by multiplying by n /2 all eigenangles
in (—mt, 7t] of CUE(n) random matrices. Then for all r € {1,...,n}, and for every measurable and bounded
function F from R" to R, we have:

E ( ) F(xl,...,x,)> :/ rF(yl,...,yr)pgn)(yl,...,yr)dyl...dy,,
X170 % B (=n/2n/2]
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where

o (1, yr) = det (K™ (yi, 1) )1<5<r),
with

Dy Sl — )]
KOd) = Sty =

fory' # yand
K" (y,y) = 1.
PROOEF. Define G from U” to R as
G(A, ..., Ar) =F(x1,...,%),
where forallj € {1,...,r},
Xj= n17j/27'c,
1j € (=7, 7] being the argument of A;. We have

]E( ) F(xl,...,xr)>:]E< Y. G(/\l,...,)\r)>,

x17£#xrEEy M##A€E

where E is the set of the eigenvalues of the considered CUE(n) matrix. Using previous notation we can
write:

E ( Z P(xl,...,xr)> = / ) G(A1,. ., Ar) det((K(0),0k))1<jk<r)dv(Ar) ... dv(Ay),

X7 Fxr€Ey

where 6; € (—m, ] is the argument of Aj. Now we write the integral w.r. to 6, ... 6, to obtain

E F(x,...,x) :/ G(e®, ..., e ) det((K(6;, 00) )1 per) ok ... 27
<xl#";cr€En ' > (77-(’7-(]r / Syksr 2r 27
Now we make the change of variables y; = n6;/27 and get
]E< Z F(xl,...,xr)>
Xy #xr€E
. ‘ d d
_ 2imyq /n 2imy,/n . . ay1 ayr
/(771/2/”/% Gle PR ) det((K(27mty;/n, 2rty/n))1<jk<r) o T
that is
IE( ) F(xl,...,xr)>
x17:#xr€En
1
= F(y1,...,yr)det | | =K(2my;/n,2m dyy ...dy,.
/(fn/z,n/zr (- yr) de (n (2my;/n yk/n))l<]}k<r] e

Next we note that for y # y' in (—n/2,1n/2], we have

K(2mty/n, 2y’ /n) = sii?i?y(’y—y)y;}n]’

and
K(2my/n,2my/n) = n,
which implies
%K(2ny/n,2ﬂy//n) = K" (y,y).
O

The set of random points E, is also a determinantal point process with kernel K("). The following
celebrated convergence result is due to Dyson:
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THEOREM 1.19 (Dyson). Fory,y’ € R, we have:
K(y,y') — K& (y,y),

n—o00

where
/

K(oo) (y,yl) _ Sin[”(y — 3/)]
AU
fory #y' and

K®) (y,y) =1.

The kernel K(*) which involves the function x — (sinx)/x: is called the sine kernel. The conver-
gence of K (") towards K(*®) hints at some convergence of the point process E;, to a determinantal point
process with kernel K(*). We now give a rigorous framework for this result. To this end we shall need
the following lemma:

LEMMA 1.20. For1 <r < mnandforallyy,...,y, € (—n/2,n/2], we have

0< Pﬁn)(ylz-u/]/r) <1

PROOF. A straightforward computation for geometric sums shows that fory,y’ € (-n/2,n/2],

1 o
K A ijr(y’—y)/n
(y 4 ]/ ) n Z e 7
jEAN
where A, is the set of integers between —# et 1, with a different parity than n. Hence K(")(y, /) is equal
to the usual Hermitian scalar product between the vectors vy et Oy of CA", where

1
vy = (e W) .
o=
\/ﬁ jEA,
Hence pﬁn) (Y1,...,Yr) is the Gram determinant of the vectors v,,, .. .,vy,, which implies

0< 0™ (1, ye) < oyl - oy, 1%

Since A, has n elements and that all the coordinates of vy, have modulus 1/+/7, these vectors have

norm 1, and the result of the lemma follows.
O

We now state and prove the main convergence result.

THEOREM 1.21. Let E, denote the set of eigenvalues taken in (—rt, 7t| and multiplied by n /27t of a random
unitary matrix of size n following the Haar measure. Let us also define for y # v

K(oo) (y,y') _ Sin[n(,y — 3/)]
(v —y)
and
K<) (y,y) =1.
Then there exists a point process Eoo such that for all ¥ € {1,...,n}, and for all Borel measurable and bounded
functions F with compact support from R" to R, we have, as n — oo,

E < ) F(xl,...,xr)> —>/ F(yl,...,y,)pﬁw)(yl,...,yr)dyl...dyr,
X7 #x,€Ey R"
where
o (- ) = det((K) (y,yi)<jesr):
Moreover the point process E,, converges to Eos in the following sense: for all Borel measurable bounded functions

f with compact support from R to R,
Ef(x)rH—go Z f(X),

xeE, X€Ew
where the convergence above holds in law.
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PROOF. In the course of the proof we shall use the above lemma which states that for 1 < r < n,
and forallyy, ...,y € (—n/2,n/2], we have

0<p" (g1, o) <1
and that the correlation functions of a Poisson point process with intensity 1 are all equal to 1 (and hence

are the correlation functions p£”) are dominated by those of a Poisson point process with intensity 1).

We first note the following identity: for any integer p > 0,

P up
<Z f(x)) =) ) Grpm (X1, -2 Xr, ),

x€Ey, m=1x1#xo 7 F#Xrp  €En

where 1, depends only on p, 7y, on p and m < up, and Gy, ,, being a measurable, bounded function
with compact support from R'7” to IR, and depending only on f, p and m. For instance

3
<Zf(x)> = L F))’+3 Y (fa)?f)+ X f)f(x)f(xs),

X€Ey, x1€E, X1 #x2€E, X1#X#x3€E,
with
uz =3,131 =1,130 =2,133 =3,
Grai(x1) = (f(x1))°,
Graal(x, x2) = 3(f(x1))*f(x2),
Graa(x1,x2,x3) = f(x1)f(x2) f(x3).

We can hence write

P up
< Z f(x)> ] = Z \/( /2 /2]717"1 Gf,P,m(yl"’"yrp/m)pf(’:,?n(yll'"/yrp,m)dyl"‘dyrp,m’
m=17\—n/sn ’

xeE,

provided the above expression converges absolutely, which we now check. Since Gy, , is measurable,
bounded with compact support, we can find Ay, ,, > 0 such that
(G pm YY) L < AL p Ly ey | <Ag

foryi, ..., ¥r,, € R. Moreover from the remark above on the correlation functions, we have

|p7(’;l,2n(y1/ . ’yrpm)|]ly1 y,pme( n/2n/2] <1

Consequently the expression we are dealing with can be bounded from above by
Mp Mp

E / Afpm < E (2A ) pm+1
Jrpm pm = f.pm ’
Afpm‘lfpm b

m=1

which is finite. Moreover our upper bound is independent of 1. Now since the kernel K("™) converges
pointwise to K(®), we also have

(n) (c0)
prp,m (ylf' . "yrp/m)1y1'“"yrp,me(fn/Z,n/Z n—00 p"pm (yl/ . ’y"'p,m)’

and we can apply the dominated convergence theorem to obtain

E[(X}”BP] — M)

n—oo 1P
where
x€Ey,
and

P
M]((,p) = Z /IRrp m Gf,p,m (yl’ t ’yr;1,rn)p7('p,n)1 (yl’ tee ’yrp,m ) dyl te dyrp,m'
m=1 ’

(o) |

We also note that

E(|x{" 7] < E[(X[}))7]
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where N is a Poisson point process defined on R with intensity 1 (the last inequality follows from the
fact that the correlation functions of E;, are smaller or equal than 1, and hence smaller or equal than the
correlation functions of N).

Now for every A € R, each term of the series

x OV iy

!
p=0 p:

is uniformly dominated in absolute value and independently of 1, by the corresponding term in the

y Bl [(Zﬂxn)p JEexp<|Ax§ If(x)lﬂ-

p>0 xeN
If we choose Ay > 0 in such a way that |[f| < A and such that the support of f is contained in
[—Af, Af], we have

E |exp (/\I D If(x)|>

M|AfY2Af

<E {exp (|A|AfCard(Nﬂ[ Af,Af]))} Ele ],

xeN

Y4 ; standing for a Poisson random variable with parameter 2A. The latter is finite and we can thus
apply the dominated convergence theorem to obtain

o) AP
E [ezx\Xf ] Y (id) M}w)/
n—co =0 P

p!

the last series in display being absolutely convergent and bounded from above by

(iA)P IAI AP (n)
1-— E < 2 < E —su E X b
p! fp ‘f‘P B p>1 p n>I1) H ‘ ]

pz0
P
(2 f(x)!> = E |exp (M )3 If(x)lﬂ -
xXeEN xXeN

WAfyzAf] 1= e2Af(eWAf—1) _

<y I?\l

p>1

< Ele

Consider now a finite number f1, f, ..., f; of measurable and bounded functions with compact support,
and let A > 0 be such that [f;| < AL|_4 4 forj € {1,...,9}, and take A, Ay,..., Ag € R. It follows from

the definition of XJ(,”) that

9
() _ x(n)
];A]ij = Xy

where
q
§:= Y Aifj
j=1
which implies that
ol P A I o ("\') M.
n—oo =0 p!

Now since g is bounded by A Z}Ll |Aj| and since the support of g is included in [~ A, A], we have

] g un [ AR D
(l)\)p (c0) 2A(1+2]v:1 [Al) <e 1
1-), i Mg, | <e -1

p=0

If v1,. .., v, are real numbers not all equal to zero, we set

A= Z|v|)\ =v;/
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which implies Z?:l |Ajl =1, and

E e

n—o0

q X ]X<”)
i= f/ — Q(fl,...,fq,l/l,...,l/q)

where
2014 _1)

|Q(flr---/fqu1,-~-rVq>_1‘ §e4A(6 -1

For fixed fi,..., f, the quantity Q(f1,..., f3,v1,...,V4) hence tends to 1 when (vy, ..., vq) tends to zero.
(n) x(m)

It follows from Lévy’s convergence theorem that the vector (X £ Xy ) converges in law, when n
goes to infinity, to a random variable with values in R7 with characteristic function given by

(Vl,...,l/q) — Q(fl,...,fq,l/l,...,l/q).

Consequently we have shown that there exists a family of random variables (Xj(coo) ) feA indexed by the
set A of bounded and measurable functions with compact support from R to R, satisfying

(X" e = (X7 gen,
in the sense of finite dimensional distributions. Now for x > 0, define

X0(@) = X{) | X0 = X5,

and for x < 0,

X0 (x) = =xi? X (x) = =X} .
Note that for y > x, X(")(y) — X(")(x) represents the number of points of E, in the interval (x,y].
Moreover we saw that (X (x x))xeq converges in law (in the sense of finite dimensional distributions)
to (X(®)(x))yeq- It follows from Skorokhod’s representation theorem that there exist random vari-
ables (Y(")(x)),eq and (Y() (x))zeq, With respectively the same distributions as (X" (x)),eq and
(X(®)(x))eq, such that almost surely, Y™ (x) converges to Y(®)(x) for all x € Q. By construc-
tion (Y("(x)) xcQ is almost surely integer valued and increasing as a function of x: the same thing
holds for (Y(®)(x)),cq. Moreover by taking the limits from the right, we can extend (Y(")(x)),cq et
(Y(®)(x)) xeq to cadlag functions defined on R. It is clear that (Y (x))rer has then the same law as
(X" (x))xer, because (X (x))ycr is also cadlag, with the same law when restricted to Q. We can
thus conclude that like for (X (x))yer, (Y (x))rer is also the distribution function of some o-finite
measure M, with the same law as the sum of the Dirac measures taken at the points of E,. Almost
surely, for x € Q, (Y(")(x)) converges to (Y(®)(x)): hence this convergences also holds at all conti-
nuity points of (Y(®)(x)). Consequently M, converges weakly, in the sense of convergence in law on
compact subsets, to a limiting random measure M, with distribution function Y(®)_ On can thus write

n— Z 5t()1)/ Mo = Z 5t(00)/

kez K kez 'k

where {t,((n), k € Z} is a set of points with the same distribution as E,,. The weak convergence of M,, to
Mo implies that for r > 0, F continuous with compact support from R to R,

FY, o) — Y R, ),

ki hy 7oy Kika e Ky

Indeed the left hand side can be written as:

Uy
Y [ Hepm (0 Y ) AMa(yn) o dMa(vs,,),
=1 RSr,m

31



where 1, depends only on 7, s, on r and on m and Hf,,, depends on F,r,m, and the right hand side
can be written in similar way with M, replaced with M. For instance

Y E ) = [Py, 0 d Mo (y)dMa (12)d Mo (35)
kKo ks R

— oo [F1,v2092) + FWa,y1,v2) + B3, v2,y2) Mo (32) M (12)

+2 /]R F(y1,y1,y1)dMu(y1)-

If we assume that F is positive, it follows from Fatou’s lemma that

Y F(t,(("),...t}((”))]
kitkaEe ke '

E

F(t;:o),. . t,((c:o))] < liminfE

n—oo

kyFko - Fky
= h,ﬂigf/w F(y1,. ..,y,)pﬁ") (W1, yr)dyr ... dy,

— . F(ys,.. .,y,)pﬁoo) (y1,--- yr)dys ... dy,.

Reproducing the same computations as in the beginning of our proof yields, for f continuous and
positive with compact support, and p a positive integer:

p
(Z f(tff"))) ] <M.

() ._
N =E
4 keZ

P

)

The bounds that we previously obtained for Mj(f;), and which obviously apply to N}o; as well, allow

us to deduce that for all A € R,

E

oo 500 - £

|
keZ p>0 P

Moreover an application of the dominated convergence theorem yields

E |exp (i)\ Y f(t,((w))>] = limE |exp (i/\ Y f(t;{"”)]
kez e kez
Ax(m iA)P
— limE {e“Xf } = @M}”?
n—co p>0 p: P
We can hence conclude that the coefficients of both series in A are equal, i.e. Mj(ro;) = Nf(?;). Going back

to the expression of the expansion of the moment of order p that we gave earlier in the proof, we see
that the equality can hold only if

E

F(t,i?o),---t,ifo))] B /VF(}/L-~-,yr)p§°°)(y1,~--/yr)dy1--~dyr/
Ky ko ek R

for all F,r such that r = rpm F =G £ pms with 1 < m < uy. Indeed the left hand side is always smaller
or equal than the right hand side, and if one of the inequalities were a strict inequality, we would obtain

by summing up all terms that N}?;) < M](:;). The only term for which ry,, = p gives

E F(t,({f"),--.t,({:")) =/pF(yl,-..,yp)péw)(m,...,yp)dm-~-dyp,
Ky ka7 R

where

F(yi, - oyp) = f(y1) - f(yp)-

This then extends to all functions F which are measurable, positive and continuous with compact sup-
port: indeed there always exists an f which is continuous with compact support on R such that F < G,
with

Gyr - yp) = f(y1) - f(yp)-
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Since we have inequalities for both functions F et G — F and an equality for their sum G, we in fact have
an equality everywhere.

We see that with a monotone class argument the previous equality then extends to functions F
which are measurable, bounded and with compact support. This shows the existence of a point process
E« with the same correlation functions as those given in the statement of the Proposition, provided we
do not exclude a priori point processes with multiple points. More precisely we take for E, the set of

points t,((oo) of the support of the measure M, taken with their multiplicities. Going back to our earlier
computations, we see that for functions f which are measurable, bounded with compact support from
R to R, and taking into account multiplicities, we have:

p
_ (o)
XE€Ew
and
) iAP (oo
E |exp (z)\ Z f(x))] = Z QM}J)).
x€Ew p>0 P
Consequently

.y (1)
E [e’“‘f } — E
n—oo

o (1 £ 500
X€Ew

which corresponds to the convergence in law stated in the Proposition.

It only remains to show that E., does not have multiple points. Indeed, if E is the set of points
(tl(coo) )kez, taken with multiplicities, then for any mesurable bounded function F with compact support
from R? in R,

]E< > F(t,ﬂj"%t,ﬂ?)) = [ Frn,y2)e8™ (1, v2)dyndys.
ky #ka R
Taking F(y1,y2) = 1,,=y, above yields

E [Card {(kl,kz) €22k £kt = 1) H —0,

which shows that E., does almost surely not have multiple points.
O

The point process Eo is called the sine kernel determinantal point process. It appears in many
contexts in random matrix theory (e.g. universality results).

PROPOSITION 1.22. The formula given in the previous proposition uniquely characterizes the distribution
of Eco. This distribution is invariant under translation: for all y € IR, the image of E« under a translation by
y has the same distribution as Ee. The expected number of points of Ee in an interval [a,b] is b — a, and its
variance can be bounded by log(b — a) ifb —a > 2.

In comparison, a Poisson point process with intensity 1 has variance b — a. The 2-point correlation
function p,(x,y) of E« is equivalent to 7%(y — x)?/3 when y — x goes to zero, which shows that the
points of E. tend to repel each other on small scales.

PROOF. Going through the beginning of the proof of the previous proposition, one checks that the
formula giving the correlation functions actually characterizes the finite dimensional distributions of

Y flx),
X€Ew

for f measurable, bounded and with compact support. In particular this gives the finite dimensional
distributions of the cadlag process

y— Z ]lyZO,xe[O,y] - Z ]ly<0,x€(y,0)/
xE€Ex xX€Eq

and hence the distribution of the stochastic process itself in the space of cadlag functions from R to
RR. Consequently the distribution of Es is characterized for the points in E are the time at which the
process jumps.
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Now the translation invariance of the law of E is an immediate consequence of the fact that the
correlation functions characterize the law of E. and thatforallr > 1,y,y1,...,yr € R,

o 4y ) =0 ),

which itself follows from:

Ky +y,y2+y) = K (g1, ).
The computation for the expected number of points N, ;, of E« N [a, b] is a straightforward consequence
of p1 = 1. To estimate the variance, we write

IE‘[(Na,h)z] =E

Ngp + Z 1x1,x2€[u,b]] b—a +/ ]/1/]/2 dyld]/2/

X1#Xp€Ew

and hence

Var[N, ;| = (b —a) —a) +/ 2(y1,y2)dy1dyn

_ (b—a)—/[ah]z[K( )(y1,y2)2dydys.

But for all y € R, we have

K(DO) (0 y) — Sin(ny) — /1/2 eZinytdt
4 ny 1/2 7
that is y — K(*)(0,y) is the Fourier transform of the indicator function of the interval [~1/2,1/2]. An
application of Plancherel’s formula and the translation invariance of K(?) implies that for all y; € R,

./R[K(OO) (Y1,y2)ldy2 =1,
and hence
/[g b}X]R[K(OO) (y1,y2)]2dy1dys = (b — a).

Consequently we can write

Var[N, ] = K (y4, dyrdyo,
ar[N, ] /[a’b]x(m\[a’b])[ (y1, v2))2dy1dy,

and by symmetry,
Var[N, —2/ / y1 vo)*dyrdy,.

Now we know

K @y < (1AL (2 = 1)4)

Var ab < 2/ / d]/ld]/z
1 \/ yz — }/1

/°° dyz :/oo dyz _ 1
b IVya—y1)* S (2-y)? b-wm

(e d]/Z
— =241y —b<2
/b 1V (y2 —y1)? y -

hence

For y; < b —1, we have

andforb—1<y; <b,

Finally

b
Var[N, ;] < 4/a W(‘jﬂyl—yl) = O(log(b—a)),

ifb—a>2.
O

EXAMPLE 1.23 (Exercise). Let M € CUE(n) and note 9 = 50;. For suitable test functions, prove that

ol i (2
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2. Virtual Isometries

In this section we shall freely use well known results from uniformly distributed vectors on spheres
and distributional properties of elements of random unitary matrices (all the facts we shall need are
explained in detail in Appendix[2]and Appendix[3).

2.1. How to generate the Haar measure. Now we wish to address the question of generating Haar
distributed unitary matrices recursively. We build our intuition on the special case of uniformly dis-
tributed random permutations. A permutation is a bijection ¢ € &, of {1, - ,n}

ye 1 2 ... n
“\oe() o) -+ o(n)
with #6 = n!. The Haar (or uniform) measure is defined as
1
a.

o) =
A transposition 7;; is an element of &, such that
w(j)=1i, t(k)=k fork¢ {i,j}.
LEMMA 2.1. Let 0 € &y. There exists a unique decomposition of o of the following form
0 = Tumy © Tn—1,m,_1 © " ° T,m
where Ty, 18 the transposition which commutes h and my, with my, € {1,---,h}.
PROOF. A simple induction. |

LEMMA 2.2. Fork € {1,--- ,n}, let T, be randomly and independently chosen according to IP[m) =
jl=1/k forje {1,--- ,k}. Then ¢ = Tym, © Ty—1,m, , © - © Tim, i uniformly distributed.

It follows from a simple application of the definition of the Haar measure that if a matrix M €
CUE(n), then its first column is uniformly distributed on the unit sphere ./ of C" (see Appendixand
Appendix 3| for background on uniformly distributed vectors on spheres and distribution of elements
of a random unitary matrix).

PROPOSITION 2.3. Let M € U(N + 1) be such that its first column M, is uniformly distributed on Yé\”l,
If VN € U(N) is chosen independently of M according to the Haar measure iy, then the matrix

1 0
VN+1 =M ( 0 VN )
is distributed with the Haar measure pyy(n1).-

PROOF. Due to the uniqueness property of the Haar measure, we only need to show that for a fixed

UecUN+1)
1 0 law 1 0
(50 ()0,

In the following, a matrix A will often be written (A1 A), where A; is its first column. As U €
U(N +1), (UM); = UM, is distributed uniformly on the complex unit sphere XN *!, so we can write

UM = (Py||P), with P; uniformly distributed on ,Vé\] *1 and P having a distribution on the orthogonal
hyperplane of P;. We then need to show that

@) (g g, )= onim (g g ),

where all matrices are still independent. As M; and P; are identically distributed, by conditioning on
M; = P; = v (here v is any fixed element of yé\’ +1) it is sufficient to show that

(v]|P") ( (1) ‘fN > 2 (o] M) ( (1) ‘EN )

where M’ (resp P’) is distributed like M (resp P) conditionally to M; = v (resp P; = v). Let A be any
element of U(N + 1) such that A(v) = (1,0,...,0). Since A is invertible, we just need to show that

A(o|[P') ( : ‘fN )12“ A(o]| M) ( : QN )
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that is to say
P”VN law M”VN
where P” and M" are distributed on U(N) independently of V. By independence and conditioning on

P (resp M"), we get P"Vy faw VN (resp M"Vy
gives the desired result.

law

= Vn) by definition of the Haar measure yi;(y). This

O

Now we need to make a natural choice for the transformation M: we need a simple unitary trans-
formation which maps the first vector of the basis to a uniformly distributed vector on the complex unit
sphere. This is the topic of next section.

2.2. Reflections over R. We will begin by briefly recalling the definition of reflections over IR since
this is the one which is used if one wants to carry our construction to the orthogonal group. We also
wish to state them here in order to understand why real reflections or Householder transformations
would not be suitable if the ground field is the field of complex numbers.

DEFINITION 2.4. Let H denote a real vector space of dimension n. A reflection of H (sometimes called
a Householder transformation or an elementary reflector) is defined as an orthogonal transformation of H
which fixes each element of a hyperplane (i.e. linear subspace of codimension 1).

Let 7 be a reflection. Let us assume that r # 1 so that ker(1 — r) = Kis a hyperplane and dimim(1 —
r)=1.

Since ¥ € O(R) we must have detr € {£1}. Clearly 1 is an eigenvalue with multiplicity n — 1. Let
A # 1 denote the other eigenvalue. As detr is the product of the eigenvalues we conclude A = —1 and
detr = —1. Consequently there exists a vector 2 € H such that r(a) = —a and note that r is a map of
order 2 (namely 7> = 1). We will write r, for the reflection which maps a — —a.

It is easy to find a formula for r,: First note that Ra @ (Ra)* = H. There exists ¢ € H* (where H* is
the space of linear forms on H) such that x —r,(x) = ¢(x)a for every x € Hand ker ¢ = ker(1—r,) = K.
Since ker((-,a)) = K, there exists a non-zero A € C* such that ¢ = A(-,a). Therefore x — r,(x) =
Mx,a)a. Now 7,(a) = —a so we have A = ﬁ, hence

(x,a) .

(a,a)

This is the equation of a real orthogonal reflection that sends a to —a and hence a householder transfor-
mation is parametrized by a vector a.

Finally, we note that if m,e € H are two distinct vectors with ||m|| = ||e|| = 1, there exists a unique
reflection which maps m on ¢, namely r,,—.. But it is easy to see that given two vectors of norm 1 in
a complex Hilbert space, then there does not necessarily exist a Householder transformation (9) which
maps one on the other. Hence we need to introduce another type of reflection.

9 ra(x) =x—2

2.3. Reflections over C. Over the complex numbers the theory is different since the reflections we
consider are not necessarily of finite order and they are parametrized by one vector and a phase (that
is, a complex number of modulus 1).

We now assume we are given a Hilbert space H with dim H = n. For u,v € H, we use the standard
inner product

n
(u,0) ==Y wy.
k=1

If F C H, F asubset of H, we write F- := {x € H | (u,x) = 0forallu € F}.

If F and G are subspaces of H, we write H = F & Gtoindicate H = F+ G = {x +y | x € F,y € G}
and (x,y) = Oforallx € Fand y € G. It is then easy to check that F = G* and (G')* = G and
dim G + dim G+ = dim H = n.

Let U(H) denote the set of unitary operators, i.e. linear bijections u : H — H which preserve the
inner product: (ux,uy) = (x,y) for every x,y € H. Let 1 denote the identity map. We first recall the
elementary and well known result:

LEMMA 2.5. Ifu € U(H) then im(1 — u) = ker(1 — u)=*.
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DEFINITION 2.6. Let u denote a linear transform of a complex vector space H of finite dimension. We call u
a complex reflection if it is the identity or if it is unitary and rank(1 — u) = 1. We will just write reflection if
the base field is clear.

REMARK 2.7. Usually in the literature, a linear transformation § € GL(H) is a reflection if the order of ¢
is finite and rank (1 — u) = 1. For our applications we do not require that g have finite order.

As in the real case, we can compute a formula for a general complex reflection.

PROPOSITION 2.8. Suppose that r is a reflection of the space H and that the vector a € H spans im(1 —r).
Then there exists « € U such that for every x € H,

(x,a)
(a,a)

PROOE. We have by construction and Lemma 2.5 the equivalences im(1 — ) = Ca and ker(1 —
u) = (Ca)t. Let ¢ € H* denote the linear form defined by u(x) = x — ¢(x)a. Clearly ¢(x) = 0 if and
only if (1 —u)x = 0, so ker¢ = ker(1 — u). But the linear form (-,a) also vanishes on ker(1 — u) =
(Ca)*, so we must have some A € C* such that ¢ = A(-,a). Hence u(x) = x — A(x,a)a.

rx)=x—(1—a)

To determine A, we note that u(a) = aa for some & € C, |a| = 1, so we must have A = <1a_a"§ as
required. O
DEFINITION 2.9. For non-zeroa € H and a € C, || = 1, we define the reflection 1, ,(x) by
(x,a)
Taa(x) =x—(1—«a a.
WX( ) ( ) <a, Ll>

Note that 7,4 has eigenvalue 1 with multiplicity n — 1 and eigenvalue & with multiplicity 1. The
following facts are easy to check and we omit the proofs.

PROPOSITION 2.10. For any non-zero a € H and a, B € U we have the following.
(1) Ta,u¥a,8 = Ta,ap-
(2) Forevery g € U(H), grang” = Teau-
(3) For every non-zero A € C, tpg 0 = Ty .
(4) raju% =Tag.
PROPOSITION 2.11. Let a,b € H be non-zero vectors and o, 5 € U. Then the reflections r,, and s
commute if and only if Ca = Cb or (a,b) = 0.
PROOF. This follows immediately by writing

Taalpp(x) = x — (1 —«) Ezl’ga -(1-p) igizi +(1—a)(1- ﬁ)Wﬂ

which shows that the reflections commute if and only if

(b,ay{x,b)a = {a,b)(x,a)b. O
Now we note that given two distinct vectors e, m € H of unit length, there exists a unique complex
reflection 7 such that r(e) = m, which is 7, ¢ where &« = — % Such r is given by the equation
r(x) =x— L’ m=-e ) —e).
1— (m,e)

2.4. Virtual isometries and projections of unitary matrices. We now explain how to construct an
infinite dimensional structure which contains in a natural way each finite dimensional unitary group. It
is crucial to our construction that the unitary matrices between different dimensions be closely linked.
This will allow us to give a meaningful definition to almost sure convergence of random matrices as the
dimension grows to infinity.

PROPOSITION 2.12. Let H be a complex Hilbert space, E a finite dimensional subspace of H and F a subspace
of E. Then for any unitary operator u acting on H which fixes every vector in E*, there exists a unique unitary
operator 1tg p(u) on H which satisfies the following two conditions.

(1) 7t p(u) fixes every vector in F+ > EL
(2) The image of H under u — rtg p(u) is contained in the image of F*+ under u — 1.
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Moreover if G is a subspace of F, then 1tp ¢ o g, p(u) is a well-defined unitary operator on H and is equal to
7E,G(1).

PROOF. First we prove uniqueness. Let x € FN (u — 1)(F'). There exists y € F* such that x =
u(y) —y. Since x € Fand y € F+ we have

@)1 = Iyl + llx|f?
by the Pythagorean theorem. Since u is unitary |u(y)| = ||y|| so we would require ||x|| = 0, hence
FN(u—1)(F+) = {0}.
Now if v and v; are two unitary operators satisfying the properties of g r(u), then:
(1) v1 and v, fix globally F since they fix F*.
(2) v1 — vy vanishes on F by construction.
(3) The range of v; — v; is included in (u — 1) (F*) since the range of each of v; — u and u — v, are.
We conclude from (2) and (3) that the image of v — v; is contained in F N (1 — 1)(F*) = {0} and so the
operators must agree.
Next we prove the tower property of 7t (1), assuming that the operator exists.
Let G C F C E C H. We write v = 7t r(u1) and w = 7 (v). These operators are well-defined and
satisfy

(1) v fixes every vector in F -
(2) (u—v)(H) C (u—1)(F")
(8) w fixes every vector in G

4) (v—w)(H) C (v—1)(G").
This yields the elementary calculation

(1 — w)(H) C span(

Since w fixes each vector of G*, it is equal to 7tg g (u).

Now we prove the existence of the operator by induction. It is sufficient to prove the existence of
7 r in the particular case where E = span{F,e}, where ¢ is a unit vector orthogonal to F. In this case,
if u is a unitary operator fixing each vector of E*, then the operator v = 7g (1) can be constructed
explicitly as follows.

If u(e) = e then on taking v = u which fixes span{E", e}, hence it fixes F*- and (u — v)(H) =
(u—1)(F5).

If u(e) # e then for all x € H we define

(u(x),e —u(e))
1—(u(e),e)
where 7, as indicated, is the unique reflection mapping u(e) — e. Hence v is a unitary transformation.
Now let x € E* so that u(x) = x and e — u(e) € E since E is globally fixed by u. Here (u(x),e —
u(e)) = (x,e —u(e)) = 0sov(x) = x. Moreover by construction v(e) = e, so consequently v fixes each
vector in F*.
Finally, for all x € H, we have u(x) —v(x) = (e — u(e)) for some v € C, so (u —v)(H) C
(u — 1)(F), hence v satisfies the conditions of 7t p(u). O

v(x) :=u(x) — (e—u(e)) =Fou

REMARK 2.13. It follows from Proposition that if r := (7) " is the reflection mapping e onto u(e) then
u=rmgr(u).
Similarly one can easily prove that u = 7t p o v’ where ' is the unique reflection such that ' (u=1(e)) = e.

The existence of the projection map described above suggests how to define “virtual isometries”,
the infinite dimensional objects alluded to above. Indeed, let H = ¢%(C) and (e;);>1 be the canonical
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Hilbert basis of H. Then for all n > 1 the space of unitary operators fixing each element of V,, :=
span(ey, . ..,ey)" can be canonically identified with the unitary group U ().

By identification, for n > m > 1 the projection 7y, v, gives a map from U(n) to U(m), more simply
noted 71y, so that, forn >m > p > 1,

Ttn,p = Tlm,p © Tln,m-

DEFINITION 2.14. A virtual isometry is a sequence (uy),>1 of unitary matrices such that for all n > 1,
uy € U(n) and 1,41 5 (Ups1) = tn. The space of virtual isometries will be denoted U.

REMARK 2.15. U® does not appear to have a natural group structure.

REMARK 2.16. In this definition we made a particular choice of vector spaces lying in (%(C). Although it
appears to be necessary to make a choice for the probabilistic arquments later, the ideas in this construction apply
also to other Hilbert spaces with a sequence of basis vectors.

PROPOSITION 2.17. Let (xy)n>1 be a sequence of vectors with x, € C" lying on the unit sphere (i.e. || x| 2(cn) =
1). Then there exists a unique virtual isometry (u,),>1 such that u,(e,) = x, for every n > 1. In particular,
uy is given by
Up =Tnly—1-"11
where for each 1 < j < n,r; = 1if x; = e; and otherwise is the unique reflection mapping e; — x;.
PROOF. This follows directly from the proof of Proposition and the remarks which follow
it. O
REMARK 2.18. In the particular case where every x, = ey, for some t(n) € {1,...,n}, then (un)y>1
is the sequence of matrices associated to a virtual permutation [23]. The sequence of permutations (0y,),>1 is

constructed by the so-called Chinese restaurant process [25]: for alln > 1,
On = Ty t(n) Tn—1t(n—-1) """ 7,1
where 7. ; = 1 if j = k and otherwise is the transposition (j, k).

REMARK 2.19. The above proposition shows in particular the fact that any unitary matrix of U(n) can be
expanded into a product of reflections.

Proposition shows in particular that U* is non-empty. Moreover, our construction will allow
us to construct measures on U®. Indeed, it is natural to look for the analogue of Haar measure on U®.
First, we recall the following correspondence from [4] (this can also be obtained as a consequence of the
results above and the subgroup algorithm of Diaconis and Shahshahani [9]).

PROPOSITION 2.20 ([4]). Let (x)y>1 be a random sequence of vectors with x, € C" and let (u,),>1 be
the unique virtual isometry such that uy(e,) = Xy for all n > 1. Then for each n > 1 the matrix u, is distributed
according to Haar measure if and only if x1,...,x, are independent and for each 1 < j < n, x; is distributed

according to the uniform measure on the unit sphere in C/.

As a consequence, we deduce the compatibility between Haar measure on U(n), n > 1, and the
projections 7y, forn > m > 1.

PROPOSITION 2.21. Foralln > m > 1, the push-forward of the Haar measure on U (n) under 1t ,, is the
Haar measure on U (m).

REMARK 2.22. One has to check that 7ty , is measurable as is done in [4]
The compatibility property of Proposition2.21|allows us to define the Haar measure on U%.
PROPOSITION 2.23. Let U denote the o-algebra on U™ generated by the sets

W(k,B) := {(un)n>1 | ux € B}

where k > 1 and B C U(k) is a Borel set. Let (yn)n>1 be a family of probability measures, u, defined on
(U(n),B(U(n))), where B(U(n)) is the Borel set on U(n), and such that the push-forward of y,11 by 41,
is equal to . Then there exists a unique probability measure p on (U%,U ) such that push-forward of u by the
nth coordinate map is equal to i, foralln > 1.

PROOF. This is the Kolmogorov extension theorem applied to the family (y,),>1. See [4]. O
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Now combining Proposition and Proposition we obtain the following.

PROPOSITION 2.24 ([4]). There exists a unique probability measure u(*) on the space (U*®,U) such that
its push-forward by the coordinate maps is equal to the Haar measure on the corresponding unitary group. In
particular, let (x,),>1 be a random sequence of vectors with each x, € C" almost surely on the unit sphere, and
let (11y)y>1 be the unique virtual isometry such that uy,(e,) = x,. Then the distribution of (i1,),>1 is equal to

1(®) if and only if the x,, are independent random variables and for all n > 1, xy, is uniformly distributed on the
unit sphere.

3. Revisiting and refining the Ketaing-Snaith analysis of the characteristic polynomial

Now we give a simple recursive result for the characteristic polynomial from which many interest-
ing results will follow.

THEOREM 3.1. Let (un),>1 be a virtual isometry and for n > 1 let x, = uy(e,). Note v, = x, —

en. Let (fk(n)hgkgn be an orthonormal basis of C" consisting of the eigenvectors of uy, with (/\lgn))Kkén the
corresponding eigenvalues. Let P, (z) be the characteristic polynomail of uy, given by

Zn(z) = det(z1 — uy),

and let us decompose x,11 € C"t1gs
() ()
Xn+1 = Z M S+ rneny
k=1
Then for all n > 1 such that x,11 7 e,+1, one has <y, # 1, and we have the recursive relation:

Z,(2) 2 A ]

771—’?,1

Zyi1(2) ul”

-7+ -0 Y [ e
k=1 k

forallz ¢ (A, AY, v = (xuss enn)-
PROOF. Since (u,),>1 is a virtual isometry and x,,11 # e,,41 we have that
Uny1 = Tug1(un © 1),

where 7,11 is the unique reflection such that r,,11(e;4+1) = x,4+1 and where the notation & stands for
diagonal blocks of matrices. The matrix on r,,1 is given by (see appendix)

T
— Un—-19y41-
— Y n+

Tne1 = lygp1 — 1

Hence for z ¢ {A§”),- - /A'Sln)}

1 _
Zy1(z) = det(z1,01 —uy © 1) det (1n+1 + - (2141 — Uy ® 1) 1vn+1z7§+1(un @ l)>

— In

= (z=1)Zu(2)

From a well known fact about rank one matrices we have (see Appendix[f]) det(1+ A) = 1+ Tr(A)
and so

— (2-1)Zu(2) (1+ —

r{ (st — tn © 1) Yopa 100 1 (0 © 1>}) .

Tn

Now we write all matrices in the basis (en+l,f1(n), e ,fnn)). The matrix of (u, © 1) is

1 0 - 0
0 Al

: .0
0 -~ 0 AWM
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The matrix of (z1,.1 — u, ©1)~!
1/(z—1) 0 0
0 1/(z—A") :

: . 0
0 0 1/(z—A)
Since
) ()
Uptl = Xp41 — €41 = ): we fo  (rn = Denya
k=1

we have )

lvn — 1] )

(n)
_ I3
Un+lv£+1 = ‘ !
2
!

Note that if A = (a;j)1<; j<n is @ matrix, then Adiag(ay,---,an) = (a1c1,- -+, ancy) Where ¢;’s are the

06111
columns of A and diag(ay, - ,an)A = : where [;’s are the rows of A. Consequently

anly,

(n)
Zy(z) 1 = 'Yn|2 S| A
Zui1(z) = 1+ — +
n1(2) 1—zl 1—’yn< z—1 k;yk Z_Al(cn)

the result follows by a simple expansion. O

COROLLARY 3.2. The following hold:

(1) Let (xu)y>1 be independent random variables such that x, is uniformly distributed on /. Let (un)n>1
be the unique virtual isometry such that x,, = uy(e,). Let Z, = det(1 — uy,). Then

Zp=(1=7-1)1=7n-2) - (1—)

where i = (Xj41, €k41)-
(2) Let U € U(n) be Haar distributed, then

n .
det(1, — U) 2 T (1 + ¢ \/ﬁ)

k=1
law 1 i0
= 11 (=% /Bii)
k=1
where 61, - - - , 0, are uniformly distributed on [0,27], By x_1 is Beta distributed with parameters 1,
k — 1 with the convention that By g = 1 a.s., and all variables in sight are independent.
PROOF. In the previous proposition if we take z = 1, we have
A
1- T

Zn41(1) (I =) (1 =7n) = (1= vu)Zn(1)

which implies that
Zni1=Zy(1=vy).
The the first result follows with a simple induction.
The distribution decomposition follows from the well known fact (see Appendix 2 for background
on uniform distributions) that if x; is uniformly distributed on S{E, then for all j, <xk, e]'> is distributed

like
6191‘ \/ Bl,k—l'
law 12 i aw 7= i
Zy=[](1- 319"\/ Bi1) =[]+ elgk\/Bl,k—l)
k=1 =1

k

Then

—
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which follows from the fact that —ei% faw ek,
O

Now we see that the joint moment generating function for the characteristic polynomial follows
easily from our decomposition into a product of independent random variables.

LEMMA 3.3. Let X = 1+ ¢, /B where 0 is uniformly distributed on [0,27t|, independent of B which
follows a Beta distribution with parameters 1 and k — 1 for k > 1. Then for all t and s such that Re(t ) > —2
and Re(t) > —1 we have

T'(k)I(k+t)

T(k+55)r(k+58)

PROOF. We use notation from Appendix @ on hypergeometric functions. We begin by noting that

E[|X|teisarg(X)} _

X(t+s)/2X—(t—S)/2 _ |X|teis arg(X)

and thus
]E[|X|teisarg(X)] _ ]E[X(t+s)/2X7(tfs)/2]

CE[(1+ B (14 e VB, a=tE, b= b
Note thata.s. /B < 1
o (_ 1\ki_ k
(14 x)* —I;)(l)(k!u)kx x| <1,
with
(—u)g = (—u)(—u+1) - (—u+k—1).
As ’eie\/ﬁ‘ < 1a.s., we have

isar o (—1 ¢ —a i o (-1 l —b —i
]EHXVE g(X)] —E k;) ( )ks )k‘Bk/Ze kel;) ( )l'( )I‘Bl/Ze 16

Since E[e™0] = 0if m # 0

1
= nn [:B ]

But rA+0T(k) I
Bl = Fara+n — )

so that in fact we have

=2F(—a,-b,k;1)
T(k)T(k+1t)
TT(k+ BT (k+ 5
by Gauss’ formula. O

THEOREM 3.4. We have for Re(t) > —1:

. n T(ROT(k 4 f)
El|Z t isarg(X)] _ .
1250 = L e gora 59

PROOF. Follows from independence and the previous lemma. O
We now want to show that oo 7
08 Zn 1ﬂ\>7 N +iN,

\/%logn

as n — 00. One way of doing this, is to consider
n n
IOg (H (1 + eiQk’ / Bl,kl)) = Z log(l + ein A/ Bl,k71>
k=1 k=1
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and we have a sum of independent random variables. We would rather use another decomposition
result.

THEOREM 3.5. Let (B} ;1) be independent Beta variables with parameters j and j — 1 (with the construction
that B1o = 1a.s.). Define Wy, - - - , Wy, as independent random variables that are independent of (Bj; 1)1<j<n
with W; having density

260 ((j— 1)1

(1) (dv) = <2 —2)! 05?1 (0)1 /2, /2) (0)do.

The joint distribution of (Im(log(Z,)),|Zx|) is

(Im(log Zy ), | Zu|) 2 (2 ],Uﬁ” 12COS(W)>

LEMMA 3.6. Let W; have density
chosz(jfl) (0)1(—r/2,7/2)(v)do
where J; is a normalizing constant. Next, let X; := B, ;i 12 cos(Wj)ein. Then for Re(t) > —1, one has

isarg(X; NN
Bl 0] = o Ve

Recall the classical results on Wallis” integrals:

/2 . /2 . /2 .
/ cos2U=1 (v)dv = 2/ cos2U=1 (v)dv = 2/ sin20=1 (v)do = 211
—n/2 0 0

with
/2
I, = / sin” (v)dv.
0

Integration by parts yields

n+1
Iﬂ+2 = mln

@2p-1)@2p—3)---1m _ (2p) =«
@2p)(2p—2)---2 2 2p(p1)? 2’

Thus Vp € N*

Ly =

PROOF OF THE LEMMA. One has
]E[|Xj |teis arg(xi)] = ]EH[%]-,]-_12 cos W; |teism]

t .
- ]E[’ﬁj,j,l.‘ JE[|2 cos W|'e™"]

t 1"2(]') /2 15X ( LiX —ix\Eooix —ix\20(-1)
= EJByo1 | Vo2 [ e e
We already saw that
o G2 1)
IE[‘/%],,_1].’ =ttty

Moreover, we note that
eiSX(eix +e—ix)t(eix +€—ix>2(j—l) _ (1 +e2ix>j—1+(t+s)/2(1 +e—2ix)j—1+(t—s)/2.
We now expand the right hand side as a hypergeometric function for x # 0
(1 + esz)] 1+(t+s)/2__ 1:0( (] 1+ t-&-Ts), _EZiX),
(1 € 2022 By (= 14 £52); -2,
We now integrate between (—7m/2,7/2)

/2 . ) ) . ‘ ‘
/ ) oS (el 4 671x>2(] 1) (e + eilx)tdx
—7/2
/2 ‘ , ) ‘ t »
- /771/2 1ho(=( -1+ ?);—e lx)lFO(_(] —1+5°);—e "")dx
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Since

/2 .
/ e?*¥dx =0
—/2

if k # 0 and 7t otherwise. Hence only diagonal terms in the double sum will survive to give

7T2F1< _(j_l_'—HTSi/(j_l_'—FTS) ;1>,

which by Gauss’s formula for Re(t) > —1
T(2j—1+1)
TG+ B+ 52
G+ )G+ %)
this ends the proof. O

THEOREM 3.7. We note again Z,, = det(1,, — U), where U € U(n) and is Haar distributed. Then

log Z
0g Ly law M lNz,
v/ 3 Logn "™
where N and Ny arw two standard independent Gaussian random variables.

PROOF. Let us first recall a few facts about cumulants. The equation

e}
E[e"™X] = Y E[X")i"t"
n=0
is not true in all generality.
Assume that X is a random variable such that [E[e'X] exists for all < &. Then we define the cumulant
of order n and note it xy by

g() log]E tX ZXn h

n=

If instead we consider the characteristic function
h(t) := log E[e~"X] Z Xn

More generally, if X has a moment or order , then

lo (]E[eitx]) = i ﬂ +0(th)
& o n:OXn n! ’
Note that y; = E[X]. If E[X] = 0, then x; = 0 and we have y; = var(X) = E[X?]. Note that
for the Gaussian distribution all cumulants ), for n > 3 are zero. Finally, note that, if X anbd Y are
independent, then

Xn(X+ Y) = Xn(X) +Xn(Y)'

We also introduce the polygamma functions

B r/(Z) ® _ dk+1
¥ = Ty W) = S logT(2).
It is known that as z — oo, |arg z| < m we have
B
P(z) ~logz — 5 2 =

k—1)! k! > (2n+k—1)!
+ 2 k+1 + n;() Ban (2n)1z2n+k

p0(z) ~ (-1 |

~k

where By, are the Bernoulli numbers given by




We denote T; := log(p;,—12cos W;)

n n
(10g |Zy| , arg Z,) ' (Z"—’%ZW])-

j=1
Furthermore )
s, I“(j)
E est] _ : . : —.
€] IG+3TrG—3)

For Re(t) > —1
]E[etTf] — F(]z)r(] _|t— t) )
2(j+3)
Let ¢; x denote the kth cumulant of T; and let R; x denote the kth cumulant of W;. Then

g(t) := log(E[e"]) = log(T'(j)) +log(I'(j + 1)) — 21og I(j + })

which implies that
g9(0) = gt (4 1) = S+ )
and -
2 -1 (k1
Yik= gM(0) = 2(7,11/)](
Similarly,
_ (DT ey
Rj,k - k-1 17bj
when k is even and 0 when k is odd. Since T; and W; are independent, the kth cumulant of 27:1 Tjis
2k 1_ 1 (k— 1
2k 1 Z ll]
The kth cumulant of )7/ ; W; is
1 k/2+1 n
( ) Z 110 1k even:
The first cumulant is zero so the sums are Centered. The second cumulant gives the variance and this
shows that
Z 1&1 1
ar (Z Tj> ~ = Z -~ —logmn,
j=1 2i31 2
Z 1&1 1
ar (};W]) EZ; ~ Elogn.
Let
1 N ) N
Ly = 3 Y E[|T.]], Sy = Y E[|Tj|"] ~ 5 logn
N n=1 j=1
! 1 N 3 - 1
LN = — Y E[[Wal’], oy = ) EB[[W[’] ~ 5logn
N n=1 =1
Since
N N 3
2 (Ta’) < oo, 3 E[[Wal’] < oo
n=1
we have that Ly — 0 and L}, — 0 as well. Next, how to check that the following holds?

oo N
Z (ITaf’] < oo, Y B[[Wal’] < oo
n=1 n=1

For instance, we know that [E| ’W’ | <E| ‘W- ‘4 3/4 One checks that
|W| 3/4 (R +3R2 )3/4NC/]3/2
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which implies that
3
Y E[[Wj|"] < o,
and the same thing for T;. O

From now on we write

X 2 dt
D(x :/ e 2o
( ) —00 \/27'[

and use classical results around central limit theorems and the law of the iterated logarithm.

COROLLARY 3.8. The following estimates on the rate of convergence of the CLT hold:
(1) for the real part,

\/ % logn (log )™ *(1 + [x])
(2) for the imaginary part,

]P(Im(logzn)gx)—qD(x) < ¢

w%logn (log”)3/z(1+ |x|)3

COROLLARY 3.9. Let (Uy),>1 be a virtual isometry which is Haar distributed (i.e. with distribution pe
on U®). Define Z, := Z,(1). Then peo-a.s.

(1) for the real part,

where C > 0 is a constant.

lim sup Re(log Z») =1,
n—co +/lognlogloglogn

(2) for the imaginary part,
liminf 120082 _ 4
n—00 \/logn logloglogn

4. Almost sure convergence of eigenvalues

We consider a sequence (ity,),,>1 of virtual isometries. We assume throughout that for each n > 1,
the n eigenvalues of u;, are distinct; this holds almost surely for virtual isometries constructed according
to the Haar measure.

We recall that the eigenvalues of u;, /\gn), /\én), e, /\,(f), are ordered in such a way that /\]((n) = eieén) ,
and

0<o <. <ol <om

Moreover, the eigenangles enjoy a property of periodicity: for all k € Z, 9,51)11 = GIE”) +2m.

As all the eigenvalues are distinct, each eigenvalue corresponds to a one-dimensional eigenspace.
We can therefore write fl("), ey f}z”) for the family of unit length eigenvectors of u,, which are well-

defined up to a complex phase: the notation fk(") is then extended n-periodically to all k € Z.
Let x, = uy(e,) and let r, denote the unique reflection on C” mapping e, to x,,. Therefore, we have

Upy1 = Tpy1 © (1 @ 1). It is natural to decompose x4 into the basis given by t(fl(n)), ...,l(f;gn)),en+l,
where 1 : C" — C"* is the inclusion which maps (x1,...,%,) to (x1,...,x,,0). Identifying fk(n) and
L(f,f") ), we then have

() ()
Xpgy1 = Z}ik fk + Vnepi1
k=1

for some ‘u,({”) (1 < k < n) and vy, such that |]/t§”) 2+ + |y,(1n) >+ |vn|? = 1. Again, is can be convenient
(n)

to consider ;. for all k € Z, by a n-periodic extension of the sequence. The following result gives the
spectral decomposition of 1,1 in function of the decomposition of u, and x;,41:
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THEOREM 4.1 (Spectral decomposition). On the event that the coefficients y&"), ceey yﬁl”) are all different
from zero and that the n eigenvalues of uy are all distinct (which holds almost surely under the uniform measure
on U®), the eigenvalues of u, 1 are the unique roots of the rational equation

/\(n) |1 . Vn|2

n

(m)j2_"7j 15

];L'M] | /\(n)_z+ 1_2 —1 Vn
]

on the unit circle. Furthermore, they interlace between 1 and the eigenvalues of uy,

0 <o <o <ol < <ol <ol <o

and if the phases of the eigenvectors are suitably chosen, they satisfy the relation

n 1 (n+1) L “l/l] (n) vy —1
()2 = e ent1
k k ];1 /\](n) B A£n+1) j 1— A}({n+1) +
where
(n)
Rt _ i |yjn |2 vy — 1‘2

is the unique strictly positive real number which makes fk(n+1) a unit vector.

PROOF. Let f be an eigenvector of u,, 1 with corresponding eigenvalue z. Then we have
" g £
f=% ajf; +benia
j=1

where ay, ..., a,, b are (as yet unknown) complex numbers, not all zero. Our goal is to write these coeffi-
cients in terms of x,, 1 and the eigenvalues of u,,.
We have

zf = upa f
= Upy1 <Z ajf]»(n) + b€n+1>

j=1

n
=) ﬂjun+1f]-(n) + bupy1ent1
j=1
=) (n)
= Z a]»)Lj 7’n+1f]‘ + bxn+1‘
=1

We recall that for all t € C"*1, 7, 1(¢) is given by

<t, Xn+1 — en+l>

rpa1(t) =t 4+
wi1(t) (nt1, Xng1 — €np1

> (xn+1 - en+1)

so that

<fj(n)/ Xn+1 — en+l>

(nt1, Xnt1 — €ng1)

n
Zf = 2 a]'A](‘n) (f](n) + (anrl - en+1)) + bxn+1-
j=1

Now we decompose

n
X1 = Z .”kn) k(n) + Unépt1
k=1
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and
SPRNON I P‘;(")
zf = 2 ajA]' f] + 71 (Xn+1—ens1) | +bxpy1
j=1

n

L n L (n)
= gaj)\](,n)fj(n) + (421 114)\2”) %f_ 1) (Xp41—eni1) +bxy 1.
j= -

Because fl(”), s f,S”), en11 is a basis for C"*1, we deduce the system of 1 + 1 equations

()
o )y () Py (n)
za]—a]/\]. +Hj Z;ag/\z ﬁ—l—i_b‘uf
forj=1,...,nand
n ﬁ
zb=b+ (v, —1) ) ag)\g’)i‘% +b(v, —1).
= v, —1

For z ¢ {/\gn),. ey )\,([’), 1}, let us consider the linear transform Q : C"tl — €1 whose matrix repre-
sentation in the basis fl(n),. . .,f,g"),enﬂ is
Q= I+wd,

where

and

Then, the above system can be written

Qf =0.
Clearly, rank Q € {n,n +1}. If it has full rank then f = 0, but we assume a priori that z is an eigenvalue
for u, 41 and so has a non-trivial eigenspace. Thus we must have rank Q = n and

0=0Qf = f+w(@f).
The right hand side can only vanish if f is proportional to w, so f = aw for some complex constant
a € C\ {0} and v'w = —1. In particular,
|vn —1J?

j=1 AW g 1—z

:1_W/

as required.

Conversely, if z ¢ {Ag"), ..., /\El"), 1} satisfies this equation, then
Qu =w+w(v'w) =w+w(-1) =0,

which implies that w is an eigenvector of u,,.1 for the eigenvalue z.

(n)

Let us now show that the eigenvalues z ¢ {Ag”), oo, Ay’ 1} of uy, 4 strictly interlace between 1 and

the eigenvalues of u,: since 1,11 has at most n + 1 eigenvalues, this implies that )Lgn), eee, Asln), 1 are not

eigenvalues of 1, 1.
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Define the rational function ® : S' — C U {0} by

(n) 2
n 1 e, — 12
_ ] ] n — (1=
O(z) = ,; O e - (-
]
Note that ® vanishes precisely on the eigenvalues of 1,1 which are different from /\gn),. . .,)\,(1"), 1.
Recalling that | ‘u@ 24 2 |> + |vn|? = 1, we can rearrange the expression of ® to the equivalent
form

A
1§ tz 142
@(2)22(2 | (n) |2)\] +1]1-v |2 Zvn+vn>.
—Z

j=1 i

Hence, ® takes values only in iR U {c0}, since for all z # 2z’ € S!, (z+2')/(z — 2') is purely imaginary
(the triangle (—Z/,z,2') has a right angle at z). Note that for z € {Ag"), e, )\,(1"), 1}, a unique term of the
sum defining & is infinite, since by assumption, ygn), el yg,"), 1 — v, are nonzero and Ag”), el Aﬁl”), 1
are distinct: ®(z) = 0.

Next, we consider t — ®(e*) in a short interval (H;n) -9, 9](") + ). Then, for t = 9](”) + u in this
interval,

A A i

( (

] ]

(n) )L(”)ezu 1— et
]

=2iu" ' +0(1)

A

]

while the other terms in ®(e*) are uniformly bounded as 6 — 0; likewise for the interval (—4,5). In

particular, & — ico as u — 0 from the right and ® — —icc as u — 0 from the left. We therefore
conclude, as @ is continuous, that on each interval of the partition

0,6y U (8", 0y U U (0", 27)

of the unit circle into 1 4 1 parts, t — ®(e'') must assume every value on the line iR, and in particular
must have at least one root. But we know that ® has only 7 + 1 roots on the circle so there must be
exactly one root in each part of the partition, which proves the interlacing property.

It remains to check the expression of the eigenvectors ( fk(n+1))1§k§n+1 given in the theorem, but
this expression is immediately deduced from the expression of the vector w involved in the operator Q

defined above, and the fact that || fk(”H) | =1.
O

In order to prove the convergence of the normalized eigenangles of u, when 1 goes to infinity, we
need the following lemma. It should also be noted that all the strong convergence results that follow
rely on a priori estimates given in Appendix [/}

LEMMA 4.2. Let € > 0. Then, almost surely under the Haar measure on U*, forn > 1and 0 < k < n'/4
we have
9]?’1"!‘1) | le) ‘2 1
S =1+0(kn"3%€
G guiy L O
k k

and forn > 1 and —nt/t <k <0,

A S S 1
= n —3t€
9(”) S0~ g _geny 1T O Km0,
ko Yk O~ — 6

REMARK 4.3. The implied constant in the O(-) notation depends on (iy,),>1 and €: in particular, it is a
random variable. However, for given (uy, )y>1 and €, it does not depend on k and n.
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PROOF. By symmetry of the situation, we can assume k > 0. Moreover, let us fix € € (0,0.01). We
will suppose that the event E := Eg N E; N Ep, N E3 holds ( see Appendix@ , where

Ey = {9(()1) 0 N{vn>1v, #0}N{Vn >1,1<k < ”/}l;((n) £ 0}
E| = {31’10 > 1,V1’l > ny, |Vn| < n—%-&-e}
Ey={3n0 > 1,Vn > no, 1 <k <, |ul"| < n ¥}

E3 = {3ng > 1,Yn > ng, k > 1,n*gfe < 6,&1)1 — Blgn) < noitey

It is possible to do this assumption, since by the result proven in Appendix[7} the event E occurs almost
surely. As we will see now, this a priori information on the distribution of the eigenvalues of the random
virtual isometry implies strong quantitative bounds on the change in eigenvalues of successive unitary
matrices.

Recall from Theorem 4. that

(n) 2
i ?] |y]<| ) |1_2/n|2)
+1 +1
=1 /\]" A 1-A"

=1-v,.

(n)

By using the n-periodictiy of A , ;1](”), f () wyith respect to j, we can write

J
(m)),,(m) 2
A 11— v, )2

(10) 2 n n n
AP AP T 0D

:1_V}’l/

(n+1)

where | is the random set of n consecutive integers, such that Bk - < 6](") < GISHH) + 7. Iterating

the lower bound on the distance between adjacent eigenvalues, given by the definition of the event E3,
we get, for j € J\{k —1,k},
1 -
60 — 00"V 2 [k — jln—i,

and then
R e U

1’l+1|<n

since |9](")
Likewise, we have by E3, 1 — /\](:H'l) = O(kn=1%€), and by E,, |y](") > = O(n=1%2€), which gives, for
j € I\k—=1k},
()1 n+1
Aa AR
g>_gwn <=7
Summing for jin J\{k — 1,k}, which is included in the interval [k — 1 — n, k 4 n], gives
1)
A= AL 2

]
jenteng A=At

n—%+4e.

= O(kn~— 34 logn) = Okn~315€).

A]({H-H)

Now, subtracting this equation from the product of by 1 - , and bounding v, = O(n_%+€)

(by the property E1) gives us the resulting equation

n n n 1
V17 G PP TS B 001 17 PP FP
Al D) kel P k=1e] = :

Next we estimate the first two terms in terms of the eigenangles. We find
and
1) _ . 1 1
T (R >)A§”) + O((e}”) —o{")2)
for j = k — 1, k. Collecting terms and using the trivial bounds gives
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1
o

(11) (14 0(kn 1)) 14

(n) (n+1)
Gk - Gk
9£n+1)|‘ul((n)l‘2 )
- —1+e _ —3+5¢
ORE] (1 +O0(kn )) Te_1e) = 1+ O(kn=375%).
k-1 k
From Theorem the eigenvalues of u;, and u, 1 interlace, so for n sufficiently large the real part of
the first term is positive and the real part of the second term is negative. The real part of the right hand
side tends to 1 as n grows with k fixed, so the first term has real part bounded below for n sufficiently
large. In particular,

n+1 n
o P
91511) . 9£n+l) ~

Using the a priori bounds for Glgnﬂ) and | yk”) 2, we find

9[((”) _ 9[£”+1) S kn—2+3€.

Hence,

o — 0" = (0" —0")) — (6" —6("") 2 n 3 — Okn23) 23,
since kn—2+3¢ /p=3-€ = O(nl/4=2+0.03+5/3+001) — 4(1). We deduce that the second term of is
dominated by kn~1/3+4€ and then
1
o 2

_1
oy = L O(kn™3T).
Gk _ek

Changing the value of € appropriately gives the desired result. O

This lemma is enough for us to estimate the change in Glgn) as n grows, and in particular to find a
limit for the renormalized angle.

THEOREM 4.4. There is a sine-kernel point process (yy)xez siuch that almost surely,
) _ 2\, — %+
6" = g+ O((1 4+ R)n379),
foralln > 1, |k| < n'/* and e > 0, where the implied constant may depend on (uy,)y,>1 and €, but not on n
and k.

PROOF. The proof proceeds exactly as in [4]. It is sufficient to prove the result for € equal to the
inverse of an integer: hence, it is enough to show the estimate for fixed e. By symmetry, one can take
k > 0. We rearrange the equation in Lemma[4.2to find

()

n 0 1

2 = (9(:+1) = 1) (14 O(kn=3%¢))
k

Because almost surely, |‘ul((”) > = O(n=1%2€), we get

(n)
| n)|2 _ Hkn —1+O(k7’17%+3€)
M = o) :
k

Using the asymptotic log(1 — 8) = —6 + O(62) for § = 0(1), we conclude, if € is small enough,

9(”) " 4
log 9(2‘“) = |;4,(( )|2 +O(kn—313¢),
k
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Define the random variable ngn) = log GIEH) + Z;’;ll |y](<j ) |?; we have just shown LI({”H) - LI((") = O(kn*%”’€ )

so for k fixed, L,(c")

Now,

converges to a limit L,((w) almost surely as n — oo, with |L](cn) - L,((oo)| = O(kn*%”e).

n—1 )
exp L]((") = 9;{") exp Z |‘u,((])|2
=k

(n) 1N e ]
=n, "’ exp —10gn+g?+ E(Wk | _;)
j= j=

Recall —logn + Y"1 1 = 4 + O(n~1) where v is the Euler-Mascheroni constant. Next we define

j=1 ]
n—1 X 1
M}En) — 2 (Iyl({])|2 o )
j=1 J

and observe that each term of the sum is an independent mean-zero random variable. Therefore, for k
fixed, (M,Sn) )n>k is a martingale. We claim that M,Sn) is bounded in L?; in fact,

[P =0(n).

B[ —

so that
E(M™ — p™2y = Y™ e — 12— gt
(M r )7 Z ([ | n) (n=7),

j=zn

where M,ioo) is the claimed limit of M,(:I) (this limit exists since Mlgn) is a sum of centered and indepen-

dent random variables with summable variances). To see this, we write

|2 €1

(m)2 _

where the variables ¢, are independent standard exponential random variables. Then we compute

myp2 1o (n—1)eg —ey—---—ey 2
E(lp | n)—JE( T _

As shown before in this paper, P(e; + -+ +¢, < %) = O(n~C) for all C > 2 so that

1 _ 4
E(ji" 2= 2)? <O + —E(((n—1)er —ex =+~ —en)?)
<0(n?)
Now, by the triangle inequality and Doob’s maximal inequality, for g positive integer, k < 21,
o0 0 249 29
B(sup (M) — M) S E((M™ = M) + B(sup (M — M)
n>241 n>21
SEM™ — M)y
O(271).

Hence,

E| sup sup (M,EOO) - MIEH))2

29<n<20+1 k<nl/4

sup sup (M]EOO) _ M]((”) )2
k<2(@+1)/4 21<p<2q+1

< Y E
k<2(g+1)/4
5 2(44’1)/42*&] _ O(z*3ﬁ/4)

sup (M]((m) — M]En))zl

20<n<29+1
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and

sup  sup (M,goo) — M,gn))2

2r§n§2r+l k§n1/4

E [sup sup (M,((oo) —M,E"))zl <Y E

n>21 p<pl/4 r>q

5 Z 273;'/4 — 0(27351/4)'
r>q

By Markov’s inequality, we get
P(sup sup \M,(:O) - M,(Cn)| > 2*‘7/3) < 22‘7/3]E(sup sup (MIEOO) - MIE"))Z) = O(Z*q/lz),

n>21 kgn‘l/él n>21 k§n1/4
which, by Borel-Cantelli lemma, shows that almost surely for some qp > 1, all g > g9, n > 27 and
k < n'/4 satisfy |M,E°°) — M,E”)\ < 279/3, Hence,

M = M| =05
almost surely. Collecting these estimates and applying them to the equation
exp LI(CH) = n()lgn) exp(y+0(n~ 1) + M,En))
gives us
exp (L,(fo) + O(kn*%“e)) = nO,En) exp(y + M,goo) + O(n*%))
Rearranging,
0" = exp(LL™) — MI™) — ) (1 + O(kn=313)) =: 27y, (1 + O(kn~3+%),

Now, by [4], (yx)kez is a determinantal sine-kernel process, so we have almost surely the estimate
Yk = O(1 + |k|), which proves Theorem [4.4] O
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CHAPTER 3

The Ramachandra conjecture and local limit theorems

1. A general local limit theorem

In this chapter, we take a closer look at the Ramachandra conjecture, which is the statement that the
set{(1/2+it), whent € R, is dense in C, following [8]. In [20], we proved that a quantitative version of
the moments conjecture implies the Ramachandra conjecture and we proved the analogue for function
fields. Here we wish to show that a much weaker statement than the moments conjecture implies the
Ramachandra conjecture. We first start by noting that while Selberg’s limit theorem can be viewed as
a central limit theorem, Ramachandra’s conjecture is more a statement of the local limit theorem type.
We hence try to work in a framework in which we have a sequence of random vectors which satisfy a
central limit theorem and from which we want to deduce a local limit theorem.

Our results heavily rely on Fourier analysis so we first mention the conventions we shall take. We
define the Fourier transform as is usually done in probability theory, namely

fA(t):/]Rdexp(it-X)f(x)dx.

The inversion formula is, at least when f € L'(R?), given by

Flx) = (Zlﬂ)d/w exp(—it - x)f(t) dt.

In particular, when y is a probability measure with an integrable characteristic function ¢, we get
that u is absolutely continuous with respect to Lebesgue measure m, and its density is given by

which is therefore continuous.

We fix d > 1 and a probability measure x on R?. We then assume given a sequence (X;) of random
variables defined on a probability space (Q, F,IP) and taking values in R?. We define ¢, to be the
characteristic function of X,,. We now consider the following properties:

e H1. The characteristic function ¢ of the probability measure y is integrable; in particular, y
has a density du/dm, with respect to Lebesgue measure 1.

e H2. There exists a sequence of linear automorphisms A, € GL;(IR), with inverses X, = A,/ L
such that X, converges to 0 and ¢,(X}t) converges continuously at 0 (or what is equiva-
lent: uniformly on compact sets) to ¢(t). In other words, the renormalized random variables
X, (Xn) converge in law to u. (Recall that X is the transpose of 2,,.)

e HB3. For all k > 0, the sequence

fuk = @n(Znt) sy <k

is uniformly integrable on RY; since f, ; are uniformly bounded in L' and L* (for fixed k), this is
equivalent to the statement that, for all k > 0, we have

12 lim su / SFE) 1y dt = 0.
(12) dmsup [ lon (i sy

DEFINITION 1.1. [Mod-¢ convergence] If y is a probability measure on R with characteristic function @,
X, is a sequence of R*-valued random variables with characteristic functions ¢,,, and if the properties H1, H2,
H3 hold, we say that there is mod — ¢ convergence for the sequence X,.

We observe that mod-¢ convergence will hold when H1 is true and we have
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e H2’ There exists a sequence of linear automorphisms A, € GL;(RR), with inverses ¥, = A;, L
such that £, converges to 0, and there exists a continuous function ® : RY — C such that for
arbitrary k > 0

(13) Pn(t) = @(t)p(Aut)(1+0(1))
uniformly for ¢ such that [Zt| < k.

THEOREM 1.2. [Local limit theorem for mod-¢ convergence] Suppose that mod— ¢ convergence holds for
the sequence X,,. Then we have

dp
|det(A)| ELf(X,)] = F5(0) [ fx)dx,
for all continuous functions with compact support. Consequently we also have

d
(14) | det(A,)| P[X, € B] — ﬁ(o) m(B).
for relatively compact Borel sets B C RY with m(9B) = 0, or in other words for bounded Jordan-measurable sets
B CRY
The proof relies on the following result from harmonic analysis:
THEOREM 1.3 (see [8]). Suppose f : RY — R is a continuous function with compact support. Then for
each 17 > 0 we can find two integrable functions g1, g>: R — R such that

(1) &1, 8> have compact support,
() &2<f<g,
B) Jre(81 —g2)(t)dt <.

PROOF. We first assume that f is continuous, bounded, integrable and that f has compact support;
using Theorem the case of a general continuous function with compact support will follow easily.
We write

FX)] = [, Fdm ()
where y;, is the law of X,,. Applying the Parseval formula transforms this into

1 N
FO) = g foa P OF 1)1

By the linear change of variable t = X5, we get
E[f(Xa)] = (20) | det(Z,)| [, (i) f(~T55) ds.
Now fix k so that the support of f is contained in the ball of radius k; we then have

B ()] = ()| det(Za)] [ gn(Zis)f(-Tjs) ds.

The integrand converges pointwise to ¢(s)f(0) according to the assumption H2. The condition H3 of
uniform integrability then implies the convergence in L!. One can see this quickly in this case: for any
€ > 0, and for any a > 0 large enough, we have

[ 10n (i) i (<Zio)lds < Ifleo [ 1gu(Zis)Lsgoields < e
|s|>a |s|>a
for all n by . On |s| < a, the pointwise convergence is dominated by || f |1 |s|<q, hence

/\s\ga P (Z58)jszs)<if (—Zps) ds —>f(0)/ ¢(s)ds.

s|<a
For a large enough, this is f(0) [ ¢, up to error €, hence we get the convergence
Sy PR (T d5 = F(0) [ p(s)is
Finally, this leads to

[det(A4,)|[£(X0)] = (27)f(0) [

_ dp
- ¢(s)ds = = (0) ]Rdf(S)ds,
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which concludes the proof for f integrable and with f with compact support. Now if f is continuous
with compact support, we use Theorem 1.3} by linearity, we can assume f to be real-valued, and then,
given > 0and g» < f < g1 as in the approximation theorem, we have

| det(An)[E[g2(Xn)] < [det(An)[E[f(Xy)] < |det(An)[E[g1(Xn)],

and hence

| det(An)[E[g2(Xn)] — am

and

| det(4,) [ELF (X)) ~ T (0) [ flx)ax <
|det(4)[Elgy (X)) — 55 0) [ mi(x)dx+ 52 0) [ (g1 - g2) (i
and hence
. dp
limsup | det(A) [E[f (X,)] = 35.(0) [ f(x)dx| <

which proves the result since # > 0 is arbitrary. The proof of is performed in standard ways.
O

It can happen that dy /dm(0) = 0. We can overcome this by the following:

PROPOSITION 1.4. [Mod-¢ convergence and shift of the mean] Let d > 1 be an integer, and let (X,,) be a
sequence of R%-valued random variables such that there is mod— ¢ convergence with respect to the linear maps
Ap. Let a € R? be arbitrary, and let «,, € R be a sequence of vectors such that

(15) Iim X0, =«,

n——+o00

for instance ay, = Apa. Then the sequence Y, = X, — ay, satisfies mod-i convergence with parameters A, for
the characteristic function

(1) = g(t)e™"".
In particular, for any continuous function f on R¥ with compact support, we have
lim | det(An)[E[f(Xs — an)] = 2 (a) [ f(x)dx
n—+co " " " dm R4 !

where y is the probability measure with characteristic function ¢, and for any bounded Jordan-measurable subset
B ¢ R?, we have

(16) Jim_|det(A,) [P[X, ~ a € B] = Z—Z(a)m(B).

PROOF. This is elementary: ¢ is of course integrable and since

]E[eitYn] _ (Pn(t)e—itwnl
we have E[e™ntYn] = ¢, (Zit)e #Fn% which converges locally uniformly to ¢(t) by our assump-
tion . Since the modulus of the characteristic function of Y;, is the same, at any point, as that of
Xy, Property H3 holds for (Y,) exactly when it does for (X,), and hence mod-y convergence holds. If
h = du/dm, the density of the measure with characteristic function ¢ is ¢(x) = h(x + «), and therefore
the last two limits hold by Theorem[1.2] O
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2. Application to random matrices and the Riemann zeta function

This general local limit theorem surprisingly applies to large variety of situations such as the clas-
sical Stone-Feller local limit theorem for sums of independent and identically distributed random vari-
ables in the domain of attraction of a stable distribution, the winding number for the planar Brownian
motion, as well as many other situations (see [8] and [20] for more arithmetic examples). The next
examples deal with the objects studied in this lecture.

We first start with the characteristic polynomial of random unitary matrices, which corresponds to

the case d = 2. The results of the previous chapter tell us that A,(t) = (lo%)lﬂdiag(tl, t); ¢ is the

characteristic function of the standard Gaussian distribution. Last we are (this is the result of Keating
and Sanith) in the situation of H2’ with

pn(t) = @(Ant)®(t)(1+0(1))
GO+ 12yG(+ 1)

G(i+it)
similar to the one used in Chapter 1 for the Barnes function ([11]), we can obtain uniform estimates (see

[201)

for any fixed t, as n goes to infinity, where ®(t) =

. With a little more analysis

[pn(B)] < ClD(H)p(Aut)]
for all t such that |f| < n!/®, where C is an absolute constant. This immediately gives the uniform
integrability for ¢, (Z};t)1}z, s <k since |Z;t| is only of logarithmic size with respect to n. In other words,
we have checked H3, and hence there is mod-¢ convergence.
We can thus state for random unitary matrices:

PROPOSITION 2.1. Let us note yy, for the Haar probability measure on the unitary group U,. Then we have

m(B)
(zn)d/z

nl_igloo | det(An)|pn(g € Uy; logdet(l1—g) € B) =

for any bounded Jordan-measurable set B C C

This can be viewed as a random matrix analogue of Ramachandra. Next we take a look at a similar
problem but for the stochastic zeta function. The computations are very similar to those done in the
first chapter with the difference that here we do not restrict ourselves to the modulus (hence we work
with d = 2 but the computations are similar so we do not repeat them and refer the reader to [8] for
more details).

We recall the finite products finite products Y, = T,<,(1 — %) where the X, are i.i.d random

variables uniformly distributed on the unit circle. The random variables Z, are then defined as minus
the logarithm of Y}, (taken along its principal branch defined as log(1) = 0). So

p;nlog(1f> ,;;( )k

Then we can show that

1,. 1
¢n(t) = Elexp(it - Zy)] H »F ( (it] + to), E(ltl — tz);l;p) ,

p<n
where t = (t1,12) € R?, t-x = t1x1 + trxo is the inner product in R? and ,F; denotes the Gauss
hypergeometric function. Straightforward estimates (see [20] for details) then give

D) |en(t)] < c(b) exp(—%(log logn)|t|?), where c is a non-decreasing function (in fact one can
take a constant);

() (Pn(\/ﬁt) — exp(—3[t?).

The conditions of Theorem [1.2] are fulfilled and hence we have
loglogn
2

for any bounded Jordan measurable set B C C. This is the analogue of the Ramachandra conjecture for
the stochastic zeta function.
Based on the random matrix analogy, we can make the following conjecture:

P [Zy € B = 5-m(B).
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CONJECTURE 2.2. [Quantitative density of values of {(1/2 + it)] For any bounded Borel subset B C C
with boundary of measure 0, we have

m(u e [0,T] | log{(1/2+iu) € B) = @,

lim Jloglog T
27

T—+oc0 T
where m(-) denotes the Lebesgue measure on C.

The point is that the following much weaker estimate of the characteristic function of log {(1/2 +it)
suffices to prove this:

THEOREM 2.3. If for all k > 0 there exists Cy, > 0 such that
1 (T
17 = it -1 1/2+i <
(17) ‘T/o exp(it -log ¢(1/ +1u))du’ S TI
forall T > 1 and t with |t| < k, then Conjecture[2.2|holds.

These statements illustrate that the method developed in this chapter can be considered as a new
method of potential interest in any number theoretical problem dealing with sets of zero density.

Cr
loglog T)?
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CHAPTER 4
Appendix

1. Classical Techniques

In this appendix, we present the results the way they are usually presented in random matrix theory
textbooks on the CUE. The notation might differ from those in the main text. As usual we assume that
Weyl’s integration formula is known.

We introduce some extra notation to be consistent with the literature.

_ sin(7tx) _ sin(Nx/2)

S() nx Snlx) = sin(x/2) ’

as well as
Kn(xy) =Sn(x—y), Kxy) =S(x—y).
We recall the following basic facts about Vandermonde determinants

i—1
Alxy, -, xN) = det(x{c J1<jk<N

= II (—x.
1<j,k<N
Then we observe that

. 12 . . 2
esz _ezek — ‘A(lzell_ . IZZGN)‘ )

1< k<N
LEMMA 1.1 (Transposing). Let ¢; and g be measurable functions. Then the following holds
det (¢j—1(xk))1<jk<n det (Pj—1(xx))1<jk<n
N
= det (Z Pn1 (xj)lljnl(xk))
n=1 1< k<N

PROOF. Follows from: VA, B complex matrices of size N x N we havedet(A) = det(AT) and
det(A) det(B) = det(AB). O

Now we give an alternative formula for the Haar measure

, 2
el% — %" = det (Sn(6) — 07))1<j<k<N-

1<j<k<N

To see it, we apply the transposing lemma to

P (0) = €%, p;(6r) = e %

We note that

i Sin-10 _ eiN6 _ 1 B ¢iN6/2 sin(N6/2)

= e -1 ef/2 sin(6/2)

— ei(N*l)G/ZSN(G)'

This implies that

. o2 .

‘A(e’gl, A ,EZGN)‘ — det(elN(91+“'+9N)ZSN(91 . GN))
= det(SN(Gj — Qk))

(Factor ¢N%/2 from the jth line and e INO%/2 from the kth column and note that the product is 1).
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If we formally write the Haar measure dX ) (for functions which only depend on conjugacy classes),
then

doy - - -dbn

dXn = det (SN(0; — 0k) )1<j<ksN 20 N

Another useful lemma is the following result.

LEMMA 1.2 (Andreirf’s lemma). For any interval ], and integrable functions ¢; and ;, we have

% /]N o /]N det(¢; (k) det(y;(0))d6y - - dO

= det (/] ¢j(0)¢j(6)d6) .

Note how 7 integrals in the LHS become just one integral on the RHS.

PROOF. Recall thatif X = (xj;) then

N

detX = Z sgn(a)l_[lea(]-).

TESy, j=1

Thus, we may write

|, det(dy(60) det(y; 0048

N N
=/ L, sen(0) [10/(0r) T sen(®) [Tou(Or) 0

oEeSy, = TES, k=1

“ [ et [1 o mk

N
(_}J)/]N;sgn( 11 HQDT 1(k
:hANEngn<r>II¢<eﬂﬁ>¢rqgﬂeggpd5

() N =
= /]N Y sgn(7) H D (00 (j)) ¥ (j) (Oo(j) )0

= N! L sgn(c qﬁ@@%@@w

— N!det ( /] ¢j(9)¢1(j>(9)d9) ,

where (a) follows by letting T — o2 with ¢ fixed, (b) since a € G (a group), so Ta : G — G such that
x — ax and k — 7~ 'k is a bijection, and (c) because T — 7! is a bijection. O

We note that the same proof leads to the more general result

1 N
NI /]N gf(f)i) det(¢p;(0x)) det(y;(0x))do; - - - dOn = det (/]f(9)¢j(9)¢r(j)(9)d9) -
LEMMA 1.3 (Gaudin’s lemma). Let f be a measurable map and | an interval such that

v,y Af@ﬁUWJWGZCﬂ%w
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where C is a constant. Assume further that

/]f(x,x)dx =D
then
]Aglxeg/[(f(()]-, )40y = (D — (M —1)C) (M—l()ierEM—l)f(Bj’ 6)-
EXAMPLE 1.4. Take f(x,y) = Sn(x,y) and interval | = [0,27t]. Then
D= /]SN(O)d() — 27N
We have the following

27
/ Sn (6 — 0)Sn (0 — 6,)d0 = 27SN (0 — 0;) = C =2,
0

as well as ,
T
det (Sn(6; — 6;))dOn =2 det Sn (6, — 6:).
o ek (Sn (6 — B))don N N-1) N (0 — 65)
Assuming successively Gaudin’s lemma we have
_ — N-n _
/[OZH]N » et (SN(0) = 0c))dby1 - - dby = (N —n)!(27) 77" det(Sn (6; — 6))-

We note the following remark. Let f : R” — IR be a suitable test function. Then

fuy I, F@or By = L O

]C{l ]C{lr"'rN}J:{jl/'”/]’n}

By Gaudin’s lemma we have that this is equal to

1
(27_[) /[02 ]N n f(ell e ren) SSE(SN(G] - 9k))d9n+1 U dQN
PROOF OF GAUDIN’S LEMMA.
M
det f(9], Qk) = Z sgn(U) Hf((?], 9{7(]))
MxM TESum =1

We consider two cases: 0(M) # M and (M) = M. In the former we have
M-1

/Hf (j) )dOp = H f(ej/ 9(7(]')) /]f(eafl(M)'GM)f(eM' GV(M))dG

=1, 0(j)#M
M-1
= f(0),65))CF (651 (a1), Om)
j=Lo(j)#M

For 0 € Sy such that M # M we can construct ¢’ € Sy;_1 as follows
oy - o) ife(j) #M
o () —{ oM ifo(j) =M

thus the above is equal to
M-1

-] f(e,0,
j=1
Clearly each permutation ¢’ can be obtained from M — 1 permutations of Sy and sgn(c’) = —sgn(6).
Thus we have
M M
sgn(0) [ 1£(8),05))dom = —(M=1)C 3 (sgn(e) [ TF(0; b))
I oes, o(y#M j=1 0'ESM-1 j=

~— =

=—-(M-1)C det 0i,0k).
( ) (Mfl)x(mfl)f(] ¢
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Now we go case (M) = M which yields

M—-1

/ Hf 0o = ] o) / f(0, M) f (Oa, O (a1 )46
=1 0(1)#M
j=Le()#M

This implies that

- M

/}Hf(ej/ 00(j))d0m =D ) sgn(o H f(0;,05:(;)
j=1 o'eSy_1
=D det 9',9
(M71)><e(M71)f( j»0)

Putting both cases together yields the lemma. g

As an application we give the classical pair correlation computation which historically played an
important role. As before
= N
We want to compute the following expression for suitable test functions (to be determined by the
reader):

/u Y F(6; — 00)dXy n)-

(N) j<k

Gaudin’s lemma implies that

QN(f) = / f(él — ég) det ( SN(G?I_ 62> SN(Q}\]— 92) ) d91d292

[0,272) 2x2 (2m)=2!
1 ~ 1. (27(6:—62)
2 Jjo2n? f(61-02) glxe;c (NSN ( N >> 4616,
2
; IR [1 - (SN(ZH(GlN_ 92)/N)) ] d6,d6,.

We make the change of variables # = ¢ and v = 6; — 6, so that

2
QN(f) _ /[_N’N]f(0> [1_ (SN(zﬂ(Glz\]— 92)/1\])) ‘| (N— |U‘)dU

where the last term comes from max(v,0) < u < min(N, N — v). We have already seen that
.1 2o
am, SN (w) =5()

and this implies that

Lo o [ - (2 e

Now, it follows that

/ Y (6 —6)dXyny — N f(©) [1— (sinr([:)w))j do.

];ék N—oo )0

It is the same as what one expect to hold for the zeros of {(s) on the critical line if RH is true (Mont-
gomery’s conjecture).
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2. Beta-Gamma algebra and uniform vectors

First recall that the Gamma function is defined by

oo
T(a) = /0 1Tt

for « > 0 (or Re(a) > 0). An integration by parts shows that

I'(a+1)=al(x)

and since I'(1) = 1 we then have I'(n) = (n — 1)! when #n is an integer. We also have Stirling’s formula
n!mjxﬂigefnnn+l/2

asn — oco.

DEFINITION 2.1. A Gamma random variable with parameter « > 0 noted vy, has density given by

afleft

P(70 € d) = g5 Txe ()i

A Beta random variable with parameters a > 0 and b > 0 and noted B, }, has density

_Tla+b) . -1
LEMMA 2.2. The following statements hold.
(1) One has
; 1
inya] —
Ele™ ] = a—qye
(2) If X is exponential with mean 1/~ with <y > 0 then
; 1
inX1 _
Ele™ ) ==

Let S” be the unit sphere in R", i.e. §" = {x € R"| ||x|| = 1}. The mapping P such that
R™\ {0} —]0, 00[x S"

u
u— ||”||/W

is a homeomorphism. For A measurable, we define 0, (A) = nA,(A) where A, is the Lebesgue measure
in R” and A is

with

A={rulre[0,1], u € A}
0y defines the surface/area measure (or uniform measure) on S”. For ¢ nonnegative Borel measurable

on §",
X
do, :n/ () dA, (x).
5n 87" FESANT] (%)

nm/2 271/2
&) = = g T T

where V;, is the volume of the unit ball. Moreover, for any Borel measurable > 0 and integrable function

fOl’l]R we ha\/e
d/\n - / / 1 ru d7d0n u).
~/]Rnf IR+ sn f( ) ( )

In spherical coordinates u = (uy, - - -, uy)

In particular,

U] = sin¢y

Up = COS 1 sin ¢,

Uy = COS 1 COS Py - - -sin¢,_1q
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with ¢; € [-71/2,7t/2] and ¢,,_1 € (7, ). The differential element is

doy = cos" 2y - - - oS Py _odpy - - - depy_1.
COROLLARY 2.3. Let Xy, -+ , Xy, be iid N'(0,1) random variables. Then

R=/x2+ - +xZ

X
U:E/ X:(Xllan)

are independent and U is uniformly distributed on the sphere S".

and

PROOF. Use the above integral

EFRWI = [ F(r7)exp (;m) fo

(27)
—r2/2 1
_/]R /n n/2 " tdrdoy, (1)
+

Since the densities split up, we have the mdependence. O

PROPOSITION 2.4. Let Z, be a Gamma variable with parameter a > 0 and let Z, j, be a Beta variable with
parameters a > 0 and b > 0.

(1) The following identity holds in law

1
(Zar Zb) aw(zu,bza+hr (1 - Zu,b)za+b)

all variables on the left hand side are independent as well as tose on the RHS.
(2) We also have the identity in law

law
Zﬂ,b+c = Za,hZa+b,c

(3) Leth € Nand Xy, -+, X, be h independent N (0, 1) variables. We note

h 1/2
Ry = (Z X]2>
j=1

2 law

R?=27,5.
PROOF. Let f be any bounded Borel function defined on R+..
]E[f(za bZa-+bs (1 - Zn h)Zaer)]

Then

[(a+b) x*~'(1—x)" lyhley
_// dxdyf(xy, (1 — )) T(a)T(b) T(a+D)

/ / f(z, 1)z te 2 e~ dzdt
- ]EU(ZIZ/ Zb

by the change of variables z = xy and t = (1 — x)y. This proves the first part. The second part is
equivalent to showing

law
Zn+b+czu b+c — Zu+b+cza bZa+h cr

where Z, ;.. is independent of the other variables. (Technically this (i.e. multiplying with Z, ;) is
illegal. Ex: X139 faw 21 does not imply > = 1.) But we know from part 1 that

law law
ZovvicZaprc = Za,s and Za+b+czu+b,c = Zaip-

Hence it is equivalent to showing that

law

Z - Za+bza br
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which is true (from part 1). This proves part 2. What is X? in law? Let f be Borel and bounded

ELFO) = [ )22
_ ~ x2 e,xz/zdix
=2 [ (e
= ” ue*”/zidu
u—x22 0 f< ) \/EZX
= E[f(2Z,2)]
Hence
inRZ inXx? inZy mh _ ;
Ble ) = B = El =

but 1/(1 — Zirz)h/ 2 is the characteristic function of 27, /2, this implies that R2 law 27y /> and therefore
part 3 is proved. O

2 law

It follows from the proposition that X3 + X3 = exp(1/2), density %e’l/ 2dx. Furthermore, let (Z;, )<,
be independent standard complex Gaussian random variables then

Z

> = S,
1Z]] /Z%+...+Z% /Z%+...+Z%

is uniformly distributed on 7.

THEOREM 2.5 (Poincaré’s theorem). Fixh € Nandletn > 0. Let Y = (Yl(n>,- x ,Y,En)) be uniformly
distributed on S". Then

where X1, - - - , X, are independent N (0,1) variables.

PROOF. We know from the previous Corollary (1.9) that

\/ﬁ(yl(”),...,y}g”))lg" Vn (X1, , Xp).

Now, from the expression of the characteristic function of the Gamma variables of parameter « > 0, it
follows that

27,0 2 271)

5 (1)
1t 22

1/2
(i)

where Z, 7 are independent Gamma variables with parameter 1/2. Moreover,

S (i 1
]E[Z§l/)2] )
The law of large numbers gives
27
h/2 1, as
h
and therefore
Vi —1, as



3. Distribution of elements of random unitary matrices U € U(n)

Clearly the entries of Haar distributed random matrices are not independent. We already know that
the first column is uniformly distributed on the unit sphere S¢. The Haar measure is invariant under
left and right translations, and since permutation matrices are in U (1) we deduce that each column and
row has the same distribution (in fact, each element).

Let U = (Ujj)1<ij<n then the Uj; all have the same distribution. If u; is the first column of Uy

law [ X3 Xy
U, (41 an
! (IXI' '|X|>

where X3, - - - , X;; are independent standard complex Gaussian random variables and

X = /1% P+ X

THEOREM 3.1. Each entry of U is distributed like €' \ /By ,_1 where o is uniformly distributed on [0,27]
and By ,,_1 is a Beta variable with parameters (1, n — 1) and which is independent of 6. The convention is By g = 1
almost surely.

In other words, each entry has density

n—1

(1—n®)""2rdrde, rc[0,1], 6 € [0,27]

PROOF. We know that each element has the same distribution as

X ‘
ﬁ, X, 20 /2R.

Let f : [0,1] — R be bounded. One has

el (%) -2l (722

=E

\/ZZl,n—lzn + (1 - Zl,n—l)zn

=E[fV/Ziu1).

We also have

= IP[Bl,m—l < 72]
r F(Tl) 2
= 1—x)""
/0 T —1) (1—x)""“dx
=1-(1-r*)"1
The density of |U;| is 2r(1 — r?)" 2. U
COROLLARY 3.2. One has
Vil 2 X 4 iy
n—oo

where X and Y are independent N'(0,1/2) variables.
PROOF. We compute U;; = e? /B1n—1. We note that

PlV|uy[* <2 =1- (1~ %)H S 1—e*

SO
\/ﬁ Uij lgv E[GX/E
n—o0
where R is a standard exponential variable. But
‘ 1 .
VR = —€"V2R.
V2
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We remark that one can also compute the moments of ‘Uij ‘ Forn > 1, we have

['(n)

]EHuij|2k] Tn—1) /01 (1 - x)n_zdx

= ]E[Blf,nfl] =

and we know that 1 T'(a)T(b)
1 b1, Ta
fera-oa =iy
which imples that
S O e
T(n—1) T(k+n)
POk 1)
T(k+n)

_( n+k-1 -
- n—1

DEFINITION 3.3. Forn > 2and ay,--- ,ay > 0, let Dir(ay, - - - ,a,) be the Dirichlet distribution on the
simplex

{(xl,--‘ ,xn) €10,1]" : ixk = 1}
k=1

with density

T(ay+- +an) 7 o1

[(ay)---T(an) 57"
Ifa; = ay = --- = a, = a, it is called the Dirichlet distribution with parameter a and is noted Dir(a). If
a1 =ap = --- = a, = 1, then this is the uniform distribution on the simplex.

LEMMA 3.4. Let (Z,,) with 1 < i < k be k independent gamma variables with respective parameters a;.
Then

k
Z Zﬂi
i=1

Za
Zy= o :
]
Ei:] le,‘ 1<]<k

and this vector above is uniformly distributed on the simplex.

is independent of

PROOF. Since
k Za.
Y o =1

7]{ =
=1 Li=1Za;

it suffices to show that Zi-‘zl Za; is independent of

Zy,
Y, Z '
=174 / 1€j<k—1

Letf: Ry — R, g: ]R’j:l — R be bounded Borel functions. We want to compute

B |f (il z) 2(Zh ,z;k_1>] .
We make a change of variables :
y1=73 ! :.ylyk
Yi—1 : % - e :'ylf—fyk

Y =X+ +xx xk:yk_.zll/iyk
=

69



Thus we have

X1 Xk—1
Z ,...,Za_/ — x+...+x ( S, )
(z ) z, m] e A e R e e

+

a]— l Ap— 1
Xl xk

“T(ay) - T(ay)

] ya1+"'+”k71 o1 a1 . k—1 a—1
(/}R+ ykf(yk)F(”l""”"‘”k)) /]R,i_lg(]/l,-..,]/k—1>y1 cey] _1'221%

r(al +"'+ﬂk)
. T(ay)---T(a) vl i y<ly dyy - dyg—1

e (x1+"'+x")dxl PN dxk

k .
:]E f(zzal> all.. Ztllk ])]
i=1
and this ends the proof. O

COROLLARY 3.5. The joint distribution (|Uy1|%, - -+, |Uy1|?) is uniform on the unit simplex.
PROOF. The proof comes from

7U)
}2 law 1

Yz’

and the result follows. ]

Ui

4. Hypergeomertic functions

See Special functions by Andrews, Askey and Rog. Leta € C for n > 0 we have (a), = a(a +
1)---(a+n—1)and (a)p = 1. One notes that
I'(a+n)

=T
DEFINITION 4.1. We formally define a hypergeometric function as
a,---,a = (a1), - (ap), x"
F p ,x) = —ni,
pq<blf"'1bq n;o(bl)n"'(bq)n n!
where ay, - -+ ,ap,by,- -, by € Cbut not in {0,1,--- }.

THEOREM 4.2. The series ,F; converges absolutely for all x if p < q; for [x| < 1ifp = q+1; and it
diverges forall x # 0if p > g+ 1.

PROOF. See Special functions by Andrews, Askey and Roy. O
As a special case of interest to us:

DEFINITION 4.3. The hypergeometric function ,F(a, b, c; x) is defined by the series

(@), (b), 5"
Z wi(o),

for |x| < 1, and by analytic continuation elsewhere.

THEOREM 4.4. The series ;11F; with |x| < 1 converges absolutely if Re(Xb; — Xa;) > 0. It converges
conditionally, except for x =1, if —1 < Re(Xb; — Xa;) < 0 and diverges otherwise.

PROOF. It follows from

(@), -~ (ag41), TIT(B;) SLa-Lbi-1
(b1)y - (bg),  TIT(a) '

) (),

(y) 1% (1),

The estimate follows from

=1
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We remark that one may also use Stirling’s formula for the proof
T(x) ~ V27x"1/2e%
where Re(x) — oo.
THEOREM 4.5. IfRe(c —a —b) < 0 then
oFi(a,b,c;x)  T(c)T(a+b—c)

S A O O

forc=a-+b
2F(a,b,c;x)  T(a+b)

im = :
1= log(2) [(a)L(D)
THEOREM 4.6. Let S, denote the nth partial sum of ,F;(a,b,c,1). For Re(c —a—b) <0

r(c)nu+bfc
T(@)L()(a+b—rc)’

SnN

and for the case c = a + b
o _TE
" T(a)T(b)

THEOREM 4.7 (Gauss). For Re(c —a —b) > 0 we have

i (2), (),
= n!'(c),
Let us give a few examples which show that many elementary functions have representations as
hypergeometric functions.
e log(l+x) =x2F(1,1,2,—x) for [x| <1
o (1—x)""=1F(a,x) for |x] <1
e arctan(x) = xoF (% ,x2),

log n.

I'(c)T(c—a—Db)

=2Fi(a,b,c1) = I(c—a)(c—b)

NN\H\
NIw g

e sin(x) = xoFi(3, XI)
° COS(X) = X()Fl(% XZ)
o ¥ = F(x).

In many situations one can analytically continue these functions.

5. Central limit theorem and Berry-Esseen bounds

For the CLT, we refer to Feller An introduction to probability theory and its applications, volume 2.

THEOREM 5.1. Let Xy, Xy, - - - be independent random variables such that E[X;] = 0, var(Xy) = of and
put s5 = 0% + - - - 0. Assume that for each t > 0 we have

1 n
) Y B[ Xk 1x, ~15,] = O
n ':

nla N(O )

asmn — o0.

It is often easier to check Lyapunov condition for some § > 0

. 245
,115?02+621E|X| |=0.

Check

1 & 1 L

7 3 ElXelP1x,55,) < 5275 2 ENIX**).
J

n £5y"° k=1
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Now we present a multidimensional version of Lindberg’s CLT. We refer to Probability Theory, an analytic
view by D. Stroock page 85. We assume that (Xj,) is a sequence of independent random vectors with
values in R such that

X5
E[|Xa?] <00, Xu= | : |, [Xul? =X+ -+ X2
X,
Further, we assume that
E[X;]
E[Xy] = =0,
E[X],]

and the covariance matrix is stricly positive

cov(Xn) = (E[XE X)) 1< jes

that is,
U
vu=| : |, U(ovX,)U>0 U#0.
Un
Weset S, =Y}, X and Cp, := cov(S,) = L} cov(Xy).

— (detC,)V/@), sl =3t
L

THEOREM 5.2. Assume that A := lim,HooCn/Z,% exists, and assume that Ve > 0:

n—o00

o1& 2
n k=1
Then the vector S, converges in law to a Gaussian vector with mean zero and covariance matrix A.

Question: what is the speed or rate of convergence of CLT (d = 1)?

THEOREM 5.3. Let X1, - -+, Xy, be independent such that E[X)j] = 0, IE|X]-|2 < 0. Put c7]-2 = ]E[XJZ] and

n n
j=1 j=1

Define
1 n
== Y EIXP).

Sh k=1

Then there exist two constants A and C, not depending on n, such that the following uniform and non-uniform
estimates holds

Fu(x) —

sup e_tz/zdt‘ < ALy,
X

1
V2 J—
and

1 x CL
Fy(x) — — e 2at| < u

V27 Jeo ‘\ 1+]x])*

These are called the Berry-Essen inequalities. As a reference, check Petrov’s Limit theorems of Proba-

bility.
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6. Rank one matrices

Let (e1,---,eu) be the canonical basis of K", where K = R or C. Let A be a matrix such that
rank(A) = 1. When can it be diagonalized?
rank(A) = 1: all columns cy,---,c, of A are linearly dependent: thus A can be written as A =
(01U, - -+ ,v,U), where U is a column vector, U # 0,and V = (vq,--- ,0v,)" € K", U = (uy,--- ,un)’.
Then we see A = UV, and if we note A = (a;;) where a;; = u;;

n
A*=uviuv?® =Y uoyuv? = tr(A)A.
i=1
tr(A)

Let P(X) = X?> —tr(A)X, P(A) = 0.

(1) tr(A) # 0. In this case, P is a polynomial of degree 2 with simple roots, hence it is the minimal
polynomial of A, P(X) = X(X — tr(A)) and since A # tr(A)1,, P is indeed the minimal
polynomial. Thus A can be diagonalized.

The eigenspace associated with the eigenvalue 0 is H = ker(A)

n
AX =0 UVX=0s (va) u=o,
i=1

hence

is the equation of the hyperplane H. The eigenspace associated with Tr(A) is spanned by U:
AU =UVTU = tr(A)U.
Let (f,- -+, fn) be a basis of H, then in the basis (U, fp, - - -, fu) the matrix A has the form

a 0 0
0 0
0 0

witha = Tr(A).
(2) Tr(A) = 0. In this case A% = 0, 0 is the only eigenvalue of A and since A # 0, we have that A
cannot be diagonalized. ker(A) = H is a hyperplane but Tr(A) = 0 implies that U € ker(A)

n
AV =UV'T = <Z v%) u
i=1

from which we consider the cases
e K = R then AV = [|9]|*U, v # 0 implies ||o]| # 0 which then gives us v ¢ ker(A). We
choose a basis (U, f3,- -+, f;,, V). In this basis A has the form

0 0 a
0 0

where a = ||o|%.

e K = C: here Y_v? can be zero. Let us keep (U, f},- - -, f;) as a basis of ker(A). We know
that Ae; = c¢; = v;U for all j. Since A # 0, then there exists jo € {1,---,n} such that
Aej; # 0. Now consider the basis (U, f3,- -, fy,¢j,). In this basis the matrix A has the
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form

0 0 a
0 O
0 -+ --- 0
where a = v;.
EXAMPLE 6.1. Let e, m with ||e|| = ||m|| = 1 be two vectors of C" such that e # m. There exists a unique

reflection r such that r(e) = m. Next,
rank(id —r) =1
and one can easily check that the matrix of (id —r) is given by

(m— e)(m)T, v = (m,e).

17
LEMMA 6.2. Let A be a matrix of rank one. Then det(1+ A) =1+ Tr(A).

PROOF. Use the simpler forms of A above. O

7. A priori estimates for unitary matrices

Let us fix € > 0. The goal of this section is the proof that the event E := Ey N E; N E; N Ez holds
almost surely under the Haar measure on the space of virtual isometries, for

Eo={0Y £0}n{vn>1,v, £0} 0 {¥n >1,1 <k <npul" 0}
Ey = {3ng > 1,1 > ng, |va| < n-27€)

Er={3n0>1,n > no,1 <k <m|u"| <n it}

Es = {3ng > 1,¥n > no, k> 1,n"37¢ < 6l — ") < n-1¥¢),

REMARK 7.1. In [4] an analogous event was defined to avoid small values of the dimension n where the
behavior of the eigenvalues can be more erratic. This event will serve the same purpose, although we have chosen
the exponents more carefully to sharpen our results.

We begin by showing that for any fixed basis of C", the coefficients of a uniform random vector on
the unit sphere are almost surely O(n_%"’e) for any € > 0.

LEMMA 7.2. Suppose v1, ..., v, € C" is an orthonormal basis and x € C", ||x|| = 1 is chosen uniformly
from the unit sphere. Then if we write x = x101 + - - - + X, U, we have bound

IP(|x]‘|2 > 0) = O(exp(—dn/6)),
foralléd >0andj=1,..,n.

REMARK 7.3. We will prove this statement for deterministic vectors vy,...,v, € C". However, by con-
ditioning, one deduces that the result remains true if the vectors vy, ...,v, are random, as soon as they are
independent of x.

PROOF. Let us assume é < 1, since the probability is zero otherwise. Let ¢, ..., ¢, be iid uniform
random phases in S!and letey, ..., e, be independent standard exponential random variable. Then, it is
well-known that x has the same distribution as the random vector y = y1v1 + - - - + y, 0, where

_ ¢
V= e rxer

Now,
Ple; +- - +ep < g) < e 2Elexp(—e; — - —en)] < e < e/6,
SO
2 on
P(x > ) < Ple; > o) +Ofexp(~n/6))
= O(exp(—dn/6)),
since § € (0,1). O
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From this estimate, we deduce the following bound on the coordinates of the eigenvectors fk(n).

LEMMA 7.4. Let € > 0. Then, almost surely, we have

sup [(f1",e¢)[2 = O(n~1+¢)

1<) <n

and

sup E [[(f", e}l A] = 0(n'*),

1<j<n

where the implied constant may depend on € and (U )y>1.

PROOF. Consider the vector fj(n) for each fixed j and n. By the invariance by conjugation of the

Haar measure on U(n), this eigenvector is, up to multiplication by a complex of modulus 1, a uniform
vector on the unit sphere of C". More precisely, if ¢ € C is uniform on the unit circle, and independent

of ]‘j(n), then ¢ J’j(n) is uniform on the unit sphere. One deduces that for all #, j, ¢,

P(|(f", )2 > n71+) = Ofexp(—n/6)).

Using the Borel-Cantelli lemma gives the first result. Moreover,

]E[|<fj(n),€€>|8/e] :/0 ]P[|<fj(n),e€>|2 > (56/4]‘15

< /OO 67;11156/4/6‘1(5

~Jo

= / e_ze/4/6d(z/n4/6) — O(n_4/€),

0
We deduce:
74IE |:E[|<L(”)Ieé>|8/€|A}:|
SE(F", )] = 0(nY).
By the Borel-Cantelli lemma, for all but finitely many n > 1,1 <j,¢ <,
E[ (", e0) /9| A] < n* ¢

By the Holder inequality applied to the conditional expectation, for € sufficiently small,
€/4 B
E[(f" e P1A] < (EIA", e/ A]) T < nte. O

Another consequence of Lemma|7.2]is the following:
PROPOSITION 7.5. The events Ey, Eq, Ey all hold almost surely.

PROOF. We apply Lemma [7.2]to the decomposition
(1) ()
Xn41 = 2 K f] + Vnéni1,
=1

which gives
P(|p" [ > n71%€) = O(exp(—n/6))
so, in particular,

Y Y PP > amite) =0(1).

n>11<k<n

Therefore, by the Borel-Cantelli lemma, almost surely only a finite number of the events {|y,(€n) ? >
n~1+€} hold simultaneously. A similar argument controls the coefficients v;,. g
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Before we can control E3, we require some estimates on the eigenvalues of a Haar unitary random
matrix. Recall that if u, is distributed according to the Haar measure, then one can define, for 1 < p <

(n)

n, the p-point correlation function p,’ of the eigenangles, as follows: for any bounded, measurable
function ¢ from R? to R,

E Y g, ..,9}:))
L<jiF#jp<n
— (n)
= Jozn P (Fy oo tp) (b, .o tp)dty ... dtp.
Moreover, if the kernel K is defined by
__ sin(nt/2)
K(#) = 27sin(t/2)

then the p-point correlation function can be given by

05" (b s t) = det (K(t — 1)), .

Let us first show that the gaps between eigenvalues cannot be asymptotically much larger than
average.

LEMMA 7.6. Let I C [0,27r) be Lebesgue measurable. Then
]

IP(all of the eigenvalues of 1y, arein I) < exp(—ﬁn).

PROOF. We recall the Andreiev-Heine identity [26], which says that
IP(all of the eigenvalues of u, are in I) = det M!

where M! is an n x n matrix with entries

Ml = [ explilj— K1) 5
n
k=1
likewise M. Moreover, by computing the entries of M! + M, one checks that this sum is the identity
matrix: hence, M!, M!* have the same eigenvectors and, if we denote by (Tj)1<j<n the eigenvalues

for j, k between 1 and 7. Note that the matrix (exp(i(j — k)t)) is hermitian and positive, M! is also;

of M!, then (1 — Tj)1<j<n are the eigenvalues of M. The eigenvalues of each matrix must lie in the
interval [0, 1], as otherwise one of the eigenvalues of the other matrix would be negative. Now,

n IC

detM! = TT(1 - ) < exp(~ 3. 1) = exp(~ T M") = exp(—5-n)

j=1 =1
as was to be shown. O

Note that the previous lemma applies to all measurable subsets, although we will only need to
apply it to intervals.
Next we control the gaps between eigenvalues from below.

LEMMA 7.7. Suppose ty, ..., tp € I lie in an interval of length |I| = 6 < 1/n. Then we have the estimate
O (H1, s ty) = 0677203 72),
PROOF. We have
oy (b tp) = det (K(ti — 1)),
The Taylor series for the sine function shows that for [t| < 1/n,
n

K(t) = 5 (1 — 21—4(n2 — 1) +O(n4t4)) :

Thus, we have:
nb

oWk, ty) = P det (1 — gz (n? — 1)(t; — £;)* + O(n*(t; — tj)4)>5j:1
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Let A denote the p X p matrix in the last display, let 1 denote the column vector of all ones and let w;
denote the column vector whose ith entry is

ij = zlz(nz =Dt = 1)+ Ot — 1)),

Then by multilinearity and the inclusion-exclusion principle,

(wj)i=1-A

wj, jGU'

e Y (1) det (o1 vp) where j {1, otherwise

oClp]

Clearly each term is zero if more than one of the columns is equal to 1, so we get

P
detA = (—1)P1 Zideth + (=1)P detM
]:

where M is the matrix with columns wy, ..., w, and M; is M with the jth column replaced with 1. Then

in the expansion of each determinant we can bound each term by O, ((n26%)P~!), and the conclusion
follows. .

PROPOSITION 7.8. The event E3 holds almost surely.

PROOF. Fix n > 1. The probability that two adjacent eigenvalues of u, differ by at least 26 is
bounded above by the probability that one of the parts of the partition

(0,6)U(6,20) U---U (2716716, 2671 +1)6)
contains no eigenvalue. This, by Lemma is bounded by
|27t671 4 1] exp(—on/27).

*¢ and apply the Borel-Cantelli lemma to show that at most a finite number of the
1+e

Now we let§ = n~1

uy have gaps larger than n™
Next, we see by Lemma[7.7|that the probability that two adjacent eigenvalues of u, differ by at most
6 <1/nis bounded by

// Pén)(tlztz) dty dty = O(n*s®)
J o |t1—t2|<5

which, when we specialize § = n=37, is O(n17¢); summing over n and applying the Borel-Cantelli
lemma shows that these events occur at must a finite number of times as well. O
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