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Abstract The Tracy-Widom distribution that has been much studied in recent
years can be thought of as an extreme value distribution. We discuss inter-
polation between the classical extreme value distribution exp(— exp(—x)), the
Gumbel distribution, and the Tracy-Widom distribution. There is a family of
determinantal processes whose edge behaviour interpolates between a Poisson
process with density exp(—x) and the Airy kernel point process. This process
can be obtained as a scaling limit of a grand canonical version of a random
matrix model introduced by Moshe, Neuberger and Shapiro. We also con-
sider the deformed GUE ensemble, M = My + +/2SV, with Mg diagonal with
independent elements and V from GUE. Here we do not see a transition
from Tracy-Widom to Gumbel, but rather a transition from Tracy-Widom to
Gaussian.

1 Introduction and results
1.1 Introduction

In the random matrix litterature there has been alot of discussion about the
transition from Poissonian to random matrix eigenvalue statistics, see for exam-
ple [5,6,10,22,24]. One motivation comes from disordered systems, and an-
other from quantum chaos where Poissonian statistics is expected to describe
the eigenvalue statistics of classically integrable systems (Berry-Tabor con-
jecture), and random matrix statistics should describe eigenvalue statistics of
systems whose classical dynamics is fully chaotic (Bohigas—Gianonni—Schmidt
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76 K. Johansson

conjecture). Hence it has been natural to look at transitions between Poissonian
and random matrix statistics. In general there could be many ways to go between
different ensembles, but it is nevertheless interesting to find natural interpo-
lating ensembles and investigate their properties. In particular interpolating
ensembles which are themselves scaling limits. Mathematically it is easiest to
consider Hermitian (unitary) ensembles. Previous papers on the problem have
been mainly concerned with the transition statistics for eigenvalues in the bulk
of the spectrum. In the bulk we should see a transition from a Poisson process to
a sine kernel determinantal point process, and for the nearest neigbour spacing
statistics we should see a transition from the exponential distribution to the
Gaudin distribution.

In this paper we will discuss the edge behaviour of the eigenvalues. In a
finite random matrix ensemble we look at a scaling limit around the largest
eigenvalue instead of in the bulk of the spectrum. If we take a diagonal matrix
with independent Gaussian entries, the largest eigenvalue will, as the size of the
matrix grows, fluctuate according to the Gumbel extreme value distribution.
If we take a full Gaussian matrix from GUE, then the largest eigenvalue will
fluctuate according to the Tracy-Widom distribution. Can we find interesting
distributions that interpolate between Gumbel and Tracy-Widom? Is there a
family of determinantal processes that interpolates? Should we typically expect
to see a transition from Tracy-Widom to Gumbel? To shed some light on these
questions we will discuss two interpolating random matrix ensembles on Her-
mitian matrices.

1.2 The ensembles

(1) Deformed GUE. Let diag (y1,...,yn) denote the diagonal matrix with ele-
ments yq,...,ynN. We take yq,. .., yn to be independent Gaussian, N (0, 1/2)
say, random variables. Let V be an independent N x N GUE matrix with
density Z;,l exp[—Tr V?]dV. Consider the random matrix

M = diag (y1,...,yN) + V28V, (1)

where § > 0 is a parameter. When § = 0 we have a diagonal matrix with
independent entries and when S — oo, the matrix M/+/S approaches a
GUE matrix.

(2) MNS-model. This model was introduced by Moshe et al. [21], and we will
call it the MNS-model. Let H be a Hermitian matrix and U a fixed uni-
tary matrix. A probability measure on the space of Hermitian matrices is
defined by

Py y(H)dH = Le_Tere_bTr([U’H][UvH]*)dH
. 7n ,

where b > 0, dH is Lebesgue measure on the Euclidean space of Hermitian
matrices, [U, H] = UH — HU and the star denotes Hermitian conjugate.
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From Gumbel to Tracy-Widom 77

The weight is maximal when [U, H] = 0 and then U and H can be simulta-
neously diagonalized. The unitary matrix selects a preferred basis. We can
get a unitarily invariant measure by averaging over the unitary group with
respect to the Haar measure, so that we consider a random preferred basis.
We obtain the probability measure

1 «
PN(H)dH:Z—,e_TrHZ / e P AUHIVH) gy | dH. ()

N U(N)

The integral over the unitary group can be evaluated using the Harish-Chandra
or Itzykson/Zuber integral and this makes it possible to compute the eigenvalue
measure induced by (2), [21]. This gives the probability measure

1 2,2 -
N. —(b+1/2)(x; +xj)+2bx,x]) N
pNX)d x = _ZX/ det (e 1§i,j§Nd X (3)
on RV, where x1,...,xy are the eigenvalues of H. Actually we will consider a

grand canonical version of the model, see below, as was also done in [21]. There
is a generalization of the MNS-model to Laguerre/Chiral type ensembles that
we will not discuss here, see [7].

Both of the models above have interpretations in terms of non-interesecting
paths.

(1) Deformed GUE. Consider N standard Brownian motions on the real line,
we think of them as particles, started at yq, .. ., yy at time 0 and conditioned
never to intersect. Let xq,...,xy be the positions of the particles at time
S. The probability distribution of x1,...,xy is the same as the eigenvalue
distribution of M in (1), see for example [12].

(2) MNS-model. Consider N standard Brownian motions on the real line
started at x1,...,xy at time 0, conditioned to come back to xq,...,xn

at time ¢ and without having had any collisions during this time. Put an

initial density Hfil e~ on the points xq,...,xy. By a theorem of Karlin

and McGregor [17], we get a probability density

1..2 2 1 ) A2
1 det (e_z(xi )= 3 (i) ) dVx, 4)
2N 1<ij<N

on the xjs. This is the same as (3) if we take b = 1/2¢. We can think of this
as a model of non-intersecting paths on a cylinder. As stated above we will
be interested in the transition at the edge of the spectrum. The transition in
the bulk of the spectrum in the the MNS-model occurs when b/N? ~ ¢ or
t~1 /2cN2, ¢ > 0 a constant, as N — oo. (The bulk transition in deformed
GUE occurs when S ~ C/N?.) It is remarked, but not discussed further,
in [21] that when the bulk transition occurs, the behaviour at the edge is
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still like that of independent eigenvalues. Below, we will see that there is a
transition at the edge when b/N?/3 ~ cas N — oo.

1.3 The Gumbel and Tracy-Widom distributions

Consider N independent random variables Xi,...,Xxy with distribution
N(0,1/2). Then it is well known that, [20],

IP)I:max(Xl,...,)(N) —an

< x] — Fgx) =e ¢ (3)
bn

as N — oo, where

log(4m log N)
4,/log N ’
1

by = ——— (7)

B 2,/log N

The distribution function Fg is often called the Gumbel distribution. If we think
of X1,..., X as a point process on the real line with N points and we take the
appropriate scaling limit around the rightmost point we get a Poisson process
on R with density e™*. Its correlation functions are

(6)

ay = +/log N —

k
(X5 Xp) = He_xf, k=>1. (8)
j=1

The Tracy-Widom distribution, Frw, is defined by the Fredholm determinant

Frw(x) = det(I — KAiry) 12(x.00)> )
where
o0
Kairy(x,y) = / Ai(x + 2)Ai(y + 1)da, (10)
0

is the Airy kernel, [30]. This distribution occurs in several different places and
has been much studied in recent years, see [14,31] for reviews.

If we have a point process on R then its correlation functions, px (x1,. .. ,Xxk),
are characterized by

00 1 k
Bl [Ta+omn | = 5 [Tlowmmeodx a1
) ' i

k=0 " g j=1
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From Gumbel to Tracy-Widom 79

for any measurable bounded function on R with compact support. Here the
product in the left hand side is over all particles in the process.

A point process on R is called determinantal if all its correlation functions,
Pr(x1,...,xp), k > 1, exist and are given by

Pr(X1, ..., X)) = det(K (X, Xj)1<ij<k (12)

for some function K : R?> — R, the correlation kernel. A Poisson process on
R with density e™ can be viewed as a, somewhat degenerate, determinantal
process with correlation kernel,

if x#y

. (13)
if x=y

0
Kexi(x,y) = [ y
e
Here we could replace e™ with an arbitrary density p(x).

1.4 The interpolating process

Before we discuss the asymptotics of the MNS-model and the deformed GUE
model we will consider a determinantal process which interpolates between
the Poisson process with density e ™ and the Airy kernel point process, i.e. the
determinantal process that has kernel (10). We will see later that this process
can be obtained as a scaling limit of the (grand canonical) MNS-model, and we
will call it the interpolating process. Also, we will see that we do not have a tran-
sition between the Tracy-Widom and the Gumbel distribtions in the deformed
GUE ensemble. Rather we will see a transition from Tracy-Widom to Gaussian.
This will be discussed further below.
Define

ar
Mo (x,y) = / e(fiﬁm ( + VAL (y + V) dh. (14)

—00

That the integral is convergent follows for example from (44) and the Cauchy-
Schwarz inequality.

Proposition 1.1 The kernel M, defines a trace class operator in L*(a,o0) for
any real a, and there is a determinantal process, the interpolating process with
correlation kernel M.

That the kernel M, interpolates between the correlation kernels for the Pois-

son process with density e and the Airy kernel point process is seen in the
next theorem. The theorem will be proved in Sect. 2.
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80 K. Johansson

Theorem 1.2 We have the following scaling limits

1 1 1
lim =My (£ = —logdnad), L — —logdna®)) = Kex,v)  (15)
o 2« o 2o

a—0+ o

and

lim My (u,v) = Kairy(, v). (16)
o—> 00

It is not hard to see that floo M, (x,x)dx < oo for any ¢, see (45) below, and
hence the interpolating process has a last particle almost surely. The distribution
function F, for this last particle will interpolate between the Gumbel and the
Tracy-Widom distributions.

Theorem 1.3 The distribution function for the last particle in the interpolating
process is

0
(=n"
Fa)=)" / det(Mq (xi,%)))1<ij<nd"x=det(l — Mo)2(10)- (17)
n=0

n!
(,00)"
Furthermore
. & 1 3\ _
lim F, (> — —log(dna®) ) = FG(§) (18)
a—0+ o 2o
and
Jim Fo(§) = Frw(§). (19)

We postpone the proof to Sect. 2.

There is a different way of obtaining the distribution F, that is given in
the next proposition, which will be proved in Sect. 2. The construction in the
theorem will not give us the whole interpolating process though.

Proposition 1.4 Let x; > xp > --- be a realization of the Airy kernel point pro-
cess. Let y1,v2,... be independent random variables with common distribution
function

ax

Gy (x) = (20)

1+ exx’

which are also independent of {x;}. Define a new point process by z; = xj + yj,
j > 1. Then,

P [malx Zj < E} = Fy(%). (21)

j=
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From Gumbel to Tracy-Widom 81

Note that the point process {z;} in the theorem is not the interpolating pro-
cess, it is only the last particle distribution that is the same. Processes with
Poissonian edge behaviour constructed in a similar way have recently been
studied in [25].

1.5 Grand canonical determinantal processes

The probability measure (4) on RY does not define a finite determinantal point
process on R. To get a determinantal point process we have to consider a grand
canonical ensemble with varying N, see for example [4,13] for related construc-
tions. Let us first consider a general model with the same structure.

Let X be a complete separable metric space with a reference measure wu.
Assume that v;,j > 0, is an orthonormal family of complex-valued functions in
L2(X, ). Also, let a, > Obe a sequence such that ZZO:() a, < oo. Set

P06,Y) = D an ()P (). (22)
n=0

The function ¢ (x, y) is well-defined in L2(u x 1) and ¢ (x,x) is well-defined in
L' (). We can define a probability measure on X” by

1
pndY pw(x) = Z det(¢p (i, ) 1< jend™ (%), (23)
where
Zy = / det(¢ (xi, 1)1 <iendV (). (24)
XN

Here we assume that py(x) > 0 and Zy > 0. We construct a grand canonical
point process, compare [2], p. 123, by letting

_)»N ZN

=NZ0 (25)

4qN

be the probability of seeing exactly N particles, and pn()dY 1 (x) be the prob-
ability measure for finding particles at x1,...,xy given that there are exactly
N particles. Here Z(1) is a normalization constant (grand canonical partition
function),

Z(\) = Z ~_7Zn, (26)

N!
N=0
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82 K. Johansson

where Zy = 1. If g is a function in L*° with bounded support, then

00 N
1:[0 +g(x))) %% / 1] (1 + g(x))) det(¢ (xi, ) 1< jend” u(x),
(27)

where the product in the left hand side is over all particles in the process. The
next theorem, that will be proved in Sect. 3, says that this construction leads to
a determinantal process.

Theorem 1.5 The grand canonical point process defined above is a determinantal
process on X with correlation kernel

oo Aap _
Kiey) = 20 T yn @), (28)
n=0 n

We call this type of process a grand canonical determinantal process.

1.6 The MNS-model

In the MNS-model we have X = R and u is the Lebesgue measure, in the above
construction. We take

1 22y (2
DY) = dilry) = = (T (29)

Then the probability measure (4) is exactly the measure (23). That we have an
expansion of the form (22) follows from the next lemma, which is just a way of
writing Mehler’s formula. We will give the details in the beginning of Sect. 4.

Lemma 1.6 Set f; = 1+‘1 Then

i (_1 2 2y _ _ 2)
A= gz S &+ a_ )2( »)
00 ﬂZ
=D Bad" " hu(Byx)ha(Byy) exp (—é’(x2 + y2>), (30)
n=0

where hy,(x),n > 0, are the normalized Hermite polynomials.

If we make the identification 1/2t = g/(1 — ¢)? and define

Yn(x) = /Bahn(Bgx)e P/, (31)
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From Gumbel to Tracy-Widom 83

then the v,,,n > 1 are orthonormal and ¢ = ¢, can be expanded as in (22) with
a, = ¢"+t1/2. Theorem 1.5 then gives the next theorem.

Theorem 1.7 The grand canonical MNS-model coming from (3) or (4) is a
determinantal point process on R with correlation kernel

i rgHI o)
Kix,y) = D —————7¥n(0)¥n(y), 32

where the three parameters are related by

1 q
b‘z_t_a_q)Z' (33)
Write
g=c" (34)

and fix a number N > 0. Note that u — oo corresponds to t — co and u — 0+
tot — 0+. If we choose

r=eN 1, (35)

then fR K, (x,x)dx ~ N, so the expected number of particles in the process is
approximately N.

The next proposition shows that the kernel K interpolates between a point
process defined by N independent Gaussian random variables and GUE as we
should expect. We postpone the proof to Sect. 4.

Proposition 1.8 If we choose q as in (34) and i as in (35), then

N-1

. (v2142 .

Jim K. (,y) = 37 hn0hn (e = Keuea (36)
n=0

uniformly for x,y in a compact set, and

%e‘xz if x#y

lim K;(x,y) = 37
n—0+ ~ Y [O lf xX=y ( )

pointwise.

As mentioned above the bulk transition occurs when u ~ 1/cN. This is the
limit that was studied and discussed in [21].
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84 K. Johansson

Theorem 1.9 Let i = 1/cN, with ¢ > 0 fixed, and let A be given by (35). In this
case ) is a constant 1. = e'/¢ — 1. The following limit holds,

o
X Ty cosm(x —y)u

li K; =L = | = 7=
NS 2Nf (ZNﬁ’ZNﬁ) c(%.) / lgdic 41
0

du  (38)

uniformly for x,y in a compact set.

The theorem will be proved in Sect. 4.

Thus in this transition region in the bulk of the point pocess we will have
a determinantal process with correlation kernel L.. Suitable scaling limits will
give the sine kernel as ¢ — 0+ and a uniform Poisson process as ¢ — 00

In [21] only the following approximate expression

e sinw(x —Yy)

2 sinh 7 2e(x —y)/2 (39)

Le(x,y) ~

is given, valid when c is small. At the end of Sect. 4 we will sketch an argument
leading to this approximate formula without discussing the error.

As briefly mentioned in [21], but not really discussed, when u = 1/¢cN, the
behaviour at the edge is still like that of independent particles, i.e. we get a Pois-
son process with density e™*. More precisely we have the following theorem,
which will be proved in Sect. 4.

Theorem 1.10 Let i = 1/cN,c > 0 fixed and % = e'/° — 1 as in the previous
theorem. Set

log(47 log N/A2c?
an(c) = Jiog N — og(4m log N/r7c”)

4,/log N

and by = (2\/log N)~! as in (7). Then,
i bnK;.(an(c) + bnE,an(c) + bnn) = Kext(§, 1), (40)

pointwise.

To get an intermediate process at the edge we have to pick a larger . In fact
the intermediate process will be exactly the interpolating process with kernel
M, discussed above. The next theorem will be proved in Sect. 4.

Theorem 1.11 Choose i = a/N'/3 % = eV _ 1, where a > 0 is fixed. Then,

R Vo Ve
Jim s (N”f +oniaE N Ve + N1/3n)=Ma(€,n) (41)

uniformly for &, in a compact set.
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From Gumbel to Tracy-Widom 85

Hence, in the grand canonical version of the MNS-model, we can see a
transition between Gumbel statistics and Tracy-Widom statistics for the largest
eigenvalue.

1.7 The deformed GUE model

We turn now to the deformed GUE model (1). The bulk transition in this and
related models has been discussed for example in [5,10,24] and we will not
discuss it here. It occurs for S ~ ¢/N2, which is the same as for the MNS-
model. When we look at the edge, the behaviour of the deformed GUE will
be different from that of the MNS-model. We will not see a transition between
Tracy-Widom and Gumbel. If we choose S = «?/N?/3 we will see a change of
the edge behaviour as we vary «, but the transition will be from Tracy-Widom as
a — oo to Gaussian as o — 0+. Informally we can interpret this as follows. The
eigenvalue distribution is approximately a semicircle and with yq, ..., yy fixed
we would see Tracy-Widom fluctuations. However, the fluctuations of y1, ..., yn
causes the semicircle to fluctuate, that is the position of the edge fluctuates like a
Gaussian. We can think of the semicircle as fluctuating basically like % Zfi 1Yis
i.e. like a Gaussian. The effect is that the largest eigenvalue will fluctuate like
a Tracy-Widom random variable plus an independent Gaussian. There is some
similarity between this problem and the random growth model with random
parameters studied in [9].

Theorem 1.12 Let duu(t) be a probability measure on R satisfying f tdu(t) = 0,
[du(t) = o? and [|t|"du(t) < oo. Let y1,...,yn be independent random
variables with distribution du(t) and consider the random N x N matrix

M = diag(yy,...,yn) + V28V, (42)

where S = «>/N*3 and V is an independent GUE matrix with density Z;,l

exp(=TrV*)dV. Let Aﬁﬁ; be the largest eigenvalue of M. There is a number
R(N) ~ 2aN1/6, given by (77) below, which depends on du, o and N, so that

lim P

N—o00

[xﬁﬁi — R(N)

a/—mgt:|=]P’[X+Y§t], (43)

where X and Y are independent, X has the Tracy-Widom distribution and Y has
distribution N (0, 02/042).

If we want to compare with proposition 1.4 we can let x; > x» > --- be a
realization of the Airy kernel point process and y be an independent random
variable with distribution N (O, az/ozz). Set zj = xj +y. Then max;>1 x; = x1 +y,
will be distributed according to the right hand side of (43).
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86 K. Johansson

Remark 1.13 Another model for the transition between independent eigen-
values and GUE random matrix eigenvalues is a band Hermitian matrix with
Gaussian elements. Let m; be independent N(0,1/2), 1 < i < N and Re mj;,
Im m;,1 <i <j<N,andj—i< b, be independent N(0,1/4), for some given
b,1 <b <N.Setm;j=0for1 <i<j<N,andj—i> b andm; = mj. Then
M = (mjj)1<;j<n is a diagonal matrix when b = 1 and a GUE matrix when
b = N. It is conjectured, see for example [19] and references therein, that the
local bulk statistics, in the limit N — oo, shows a transition from a Poissonian to
a determinantal sine-kernel point process when b ~ ¢N'/2,0 < ¢ < co. When
is there a transition at the edge? Based on the results above one might guess
that the edge transition takes place for a larger b. Do we see a transition from
Gumbel to Tracy-Widom or is there something else happening in between? It
is not easy to approach these problems. Since we are dealing with the edge and
not the bulk it could be that the method of moments, used with great success in
[27] for Wigner matrices, is useful here also.

Remark 1.14 The comparison of the Tracy-Widom distribution with the Gum-
bel distribution suggests that we are thinking of the Tracy-Widom distribu-
tion as a kind of extreme value distribution. One way to motivate this is as
follows. Let w(i,)), (i,)) € Z%r, be i.i.d. geometric random variables, and let

JTliN),k =1,..., (Zji,v), be all up/right paths from (1,1) to (N, N). Set

xM="3" waj.

P (N)
(iy)em;

For N large each X, liN) is approximately normal. Clearly, the X ,((N) are not inde-

pendent. The random variable G(N, N) = maxy, X ,EN) is thus a maximum over
dependent random variables each of which is approximately normal. We know,
[11], that G(V, N), appropriately rescaled converges to the Tracy-Widom distri-
bution, which thus arises as an extreme value distribution for certain dependent
random variables. We are not aware of any last-passage percolation problems
that would interpolate between Tracy-Widom and Gumbel.

In measures on partitions both the Gumbel and the Tracy-Widom distribu-
tion appear, [32]. Are there any natural measures on partitions that interpolate
in the way that the MNS-model does?

2 The interpolating model
In this section we will give the proofs of the results for the interpolating
determinantal process with correlation kernel M,. A basic identity that is

useful is
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From Gumbel to Tracy-Widom 87

o
1 2 3
/ e Al (x + DAL (y + 1)dt = ———e~ WY /amalety)/2Ha?/12 (44
. Vamra

for @ > 0 and all x, y, see for example [23].

Proof (Proposition 1.1) We first prove that m, defined by (14) is a trace class
operator on L?(a,b) for —oo < a < b < co. Note that M is symmetric and

n °0 otk 2
Z ZiZjMy (X, Xj) = / Py ZZZAI (i + )| da,
ij=1 A
for any complex numbers z1, . .., zy and all x;, so M (x, y) is a Hermitian positive
definite function. Hence, see e.g. [26], it suffices to show that
o
/Mo,(x,x)dx < o0. (45)

It then follows that M, defines a trace class operator on L?(a,b) with Tr M, =
/ ab M, (x,x)dx. The inequality (45) follows from the estimate

ar
M, (x,x) = / S Ai(xr+1)2da

ar + 1
—00
o0
1 3
< / ea)‘Ai (x —i—)»)zd)\ - eaxta /12’ (46)
. Vara

by (44).

If we can show that 0 < M, < I, it follows that there is a determinantal
process with correlation kernel M,, see [28]. Let f be a continuous function on
the real line with compact support. Then,

[ o) 00 2
[ [ Mewproroey = [ 2 TH / A (x+ 0fdx | di

by Fubini’s theorem and hence M, > 0. Fixe > 0,0 < € < «, and note that

eolA

2
] <ef (47)

@ Springer



88 K. Johansson

for all real A. Thus
2

Ai(x +AM)f(x)dx | da

eoz)»

/ / ( e Al (x + MAI(y + 1) | f)f (y)dxdy

X

oo o0
1 2 3
—(x—y)*/de—e(x+y)+e’ /12
e x)f(y)dxdy.
/ / e fOO)f(y)dxdy
o0 —00

Since f is continuous and has compact support this last integral — |[|f ||% as
€ — 0+. Since € > 0 can be taken arbitrarily small we obtain M, < I. O

Next we turn to the scaling limits of the kernel M,,.

Proof (Theorem 1.2) Set f(«x) = % log(4ra?). Then

1
Mju,v) = —Me (= - f@), = — f@)
o o o

1 T eat+f@) .
za/mAl(t—i-u/a)Al(t‘l‘V/a)dt

—00
= dn / ——Ait+u/o)Ai(t +v/a)dt.  (48)
Varader 41
Using the identity (44) this can be written as M} (u,v) = A — B,where
A = e~ W=—v)?/4’ —(u+v) /240 /12
Ai(t+u/a)Ai(t+ v/a)dt.

5 e ot
B =4« / _
Varoder +1
—0oQ
Itisclear that A - Qasa — O+ ifu Zvand A - e *asa — 0+ ifu = v.
Hence, we have to show that B — 0 as « — 0+. We can assume that u > v

without loss of generality and write

B=B{+ B>+ B3

4
([ ) iz (s (2o
47rozey+1 o o
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From Gumbel to Tracy-Widom 89
Now x — Ai (x) is a bounded function and we have the estimates
AL < oz (49)
for x < 0, and
e—2x%/3
AL = —7 (50)

for x > 0, where C is a numerical constant. It follows from these estimates that

2y
_ e _A3/2 3/2
|By| < Co*/?e™% e~ W3 dy

0\8
Q%

Clearly, By — 0 as « — 0+. Similarly,

2y
(&)

B <Ca3/2/ e
1Bl = Y + w4y + v /4
—Uu

and hence By — 0 as « — 0+. Finally,

B3] < Ca¥Pe2 / dy,
N

which goes to 0 as « — 0+. This proves (i) in the theorem.

_(y+u)3/2/3a3/2dy

The fact that My (u,v) — Kairy(u,v) as @ — oo follows from the estimates

(49), (50) and the dominated convergence theorem.

m}

It follows from the estimate (45) that the interpolating process has a last
particle almost surely. Its distribution function is given by Theorem 1.3 which

Wwe now prove.

Proof (Theorem 1.3) It follows from Hadamard’s inequality and (49) that

n

Z / det(Mq (xi,x7))d"x < Z / My (x,x)dx | < oo.

=0 (t 00)"

Hence, the first equality in (17) holds, see for example [16]. The second inequal-
ity follows since M, is trace class on L2(t, 00) for anytandTr M,= ftoo M, (t,t)dt,

[8].
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Next, we turn to the proof of (18). Write f(«) = % log(4ra?). Then

© _qyn
Fugfa~f@ =3 S5 [ detyind's (51)

n=0 (€,00)"

where M, is as in (48). It follows from the estimate (46) that

M (x,x) < Le*eraf(a)Jr&/lz _ efx+a3/12‘
o3

Hence, by Hadamard’s inequality,
det (M (i, X)) 1 zijen < /126”215,

and it follows from (15), (51) and the dominated convergence theorem that

oo n

1" .
tim Fu(e/a—f@) =3 S5 [ [[ea
a—0+4+ =0 n! 20y i1
= > E e pgee,
= n!

which proves (18).
If we use the estimate (47) with € = 1 and (44) we see that for o > 1

My (x,x) <e™. (52)
Hence, for o large, we have
det(My (x;, xj))lsi,jgn <e” 2 X

Consequently, we can use (16), (17) and the dominated convergence theorem
to conclude that (19) holds. O

We will now prove Proposition 1.4 which gives an alternative representation
of the F,-distribution.

Proof (Proposition 1.4) We have

P [I}ljfi Zj < S} =K [H(l - X(é,oo)(zj))i| =E |:H(1 — X(g,00) (X +}’j)):|

j=1 j=1

= [T ( [ @ = et =G ) |

=1 Yoo
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where E, denotes expectation with respect to the Airy kernel point process.
Here we have used the fact that the y;s are independent with distribution G,
and that they are independent of the Airy kernel point process. The last equal-
ity then follows from Fubini’s theorem. We have also used the fact that the
G-distribution is symmetric to replace y with —y. Note that x o) (x; —y) =0
if and only if y > x; — & and thus the last expression can be written

[Ta - Gatxj— &)
j=1

(- 1)k K
—z /HG (xi — £) det /Al(x,+t)A1(x,+t)dt d*x

kll

since we have the Airy kernel point process with correlation kernel (10). We
now make the shift x; — x; + & and manipulate the expressions as follows

(- 1)" K
= Z / HG (x;) det / Al (xi + DA (x; + Ddr | dx

Rkll

k
=Z( b / e HG x0) / d¥rdet(Ai (x; + 1) Al () + 1)
k=0 =1 & oo)k

=Z( D / dk¢ / dkx HG ()AL (x; + 1) | det(Ai (x; + 1)),
k=0

S OO)k Rk i=1

where we have used the fact that the determinant is unchanged under transpo-
sition. Now, this last expression can be written

— (—1)¥
k!

oo
/ det / Go ()AL (x + 1) Ai (x + ;)dx | d¥t
(§,00)K o0

= det(l — MOI)LZ(S,OO) = Fa(é)

k=0

3 The grand canonical point process
In this section we will show that the grand canonical point process defined in

Sect. 1 using (23) and (25) is a determinantal process with correlation kernel
given by (28). The proof is based on the identity (27).
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Proof (Theorem 1.5) We want to prove that

E [H(l +g(x,~)>} =

J

o0 N
AN
=2 N / [T + &) det(e Cxi, x))1 <ijend™ 1 (x)
j=1

N=0 XN

I
M2 N‘H

P4
I

0

1 N
ﬁ/Hg(xj)det(Kx(xi,xj))15i,jgNdNM(x)- (53)
.XN j:1

The first equality is just (25) and (27). The identity (53) implies the theorem,
see e.g. [16]. To prove (53) we will use some facts on von Koch determinants,
see e.g. [8]. Let (aij);_ be an infinite matrix and assume that

Z laji| < oo, Z |al]| < o0. (54)
i,j=0

Then,

det(/ + A) = Z > det(@mm)} iy (55)

: meN#

is well-defined. Furthermore, if we have two such matrices A and B, then
det(/ + A)det(l + B) = det(l + A + B+ AB). (56)

Inserting (22) into the left hand side of (53) we get

AT el
o / 1 (1 +g)y; > [y et ) de e
N=0 j=1 meNNj 1
1 o
- =3k S [t [ 1 g0 37, G
N=0 meNN] 1
= Z0 det(I + Dy),
where

Dy(i,j) = 2a;”? / (1 + g Vi Y0 dua;”?
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Here we have used the determinatal identity

1
/ i)Y () du(x) | = N / det(¢i(x))) det(Yi ()Y u(x),  (57)

XN

where all the determinants are of size N x N, see e.g. [16]. Clearly, Do(i,j) =
Aa;8;;, and hence Z(1) = det(/ + A), where

A(L,)) = ra;dy.

Set
12
Bg(i,)) = 1_”\ /g(x)w,(x)t/f](x)du(x)a
X
Note that since gis bounded we have |Dg (i, j)| < Cal/2 1/2 Bg(@, )] < Ca1/2 1/2,
so the conditions (54) are satisfied. Note also that,
8ij + Aaidij + Bg(i,)) + (AByg)ij = 8ij + Dg(i,)).
Hence, by (56)
det(l + Dg) = ——— det(I + A) det(] + By)
€ = ———— de (]
Z(\) 87 de t(I A) g
= det(I + By) = Z > det(Bg(mi,mp)1<ij<n
N= 0 meNN
. 1 Ay, d d gV
=2 v 2 H T o / et(Ym; (x))) et(x/fm,(x,»f[g(xp u(x)
N:O meNN i=1 XN j=1
00 1 N 00 A
m ) 4N
= Z N / Hg(xj) det(z 1+Aam¢m(xi)1/fm(xj))d w(x),
N=0 N =1 m=0

which is the right hand side of (53). Here we have used the identity (57) again.
o

4 The MNS-model

In this section we will give the proofs for the results on the MNS-model stated
in Sect. 1. First we must prove Lemma 1.6 which makes it possible to use the
formalism for a grand canonical determinantal process and obtain Theorem 1.6,
which is the starting point for the asymptotic analysis.
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Proof (Lemma 1.6) We will use Mehler’s formula,

0 2
Hyx)Hu(y) , 1 q 2., .2 2q
rm 1T g o —1_q2(x +y)+1_q2xy . (58)

n=0

where 0 < ¢ < 1 and H,, are the standard Hermite polynomials. If we use
instead the normalized Hermite polynomials,

1
hn(x) = 711/4—\/WHH(X) (59)

and rewrite the exponent we obtain

i 2,2

> G hu () (y)e™ T/

n=0

=;exp(— -4 o+ )2 + — 2(JC—}’)Z)- (60)

7/l —¢q? 201+9) I-q

The change of variables x — B4x,y — B4y and multiplication by ﬂqql/ 2 now
gives (30). o

The choice of the parameter A in (35) with ¢ given by (34) is motivated by
the fact that the expected number of particles becomes

e} )»C[n+1/2 w e X
/Kk(x,x)dx = Z T3 a2 %/ g Ae—ﬂxdx
R n=0 0

1
= —log(1+ 1) = N.
n

We turn to the proof of proposition 1.8
Proof (Proposition 1.8) With ¢ as in (34) and X as in (35) we have
- 1

KA(X,Y) = Z

n=0

1 + (1 _ efﬂ,N)fle(yH,l/sz)” Wn(x)l//n()’)’

where v, is given by (31). We split this into two sums, one fromn =0to N — 1,
called X1, and one from N to infinity, called X;. Since 8; — 1 as u — oo we see
that X; converges to the right hand side of (36). We have to prove that ¥, — 0
as u — oo. A useful bound is

ha(x)e 7| < (61)

/12’
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for all x, see [18]. Hence,

oo
1
5 <CY eWniom
»<C Ne 6
n=

which goes to 0 as u — oo. This proves (36).
To prove (37) consider first the case x = y. We have

1 <1+ €N —1)e /D < enN,

Since
00 N _ —(n+1/2)n
. (e* De
Ky (x,y) = Z; T @V~ e Vn@¥a®)
n=|
we obtain
1—e MmN Nt —(n+1/2)u 2
—N/,LNZG Wn(x) S K}L(x’x)
K n=0
N -1 Ny, (o2
N UND e Yn(0)” < Ky (x,x).
K n=0
The formula (30) gives

1—e MV uN

_ etV —1 uN
€
uN  (l—eH)/m

AN (e myre

—x2 2
e < Knen < e,

By letting © — 0+ we get the first part of (37).
Consider now the second case, x # y. Write

Ki(x,y) = @ = 1) > e "2y, () (y)

n=0

ad 1
uN _ _
+(e iy EO |:1 T ("N — 1)e—nt1/Dm 1}
n=|
xe” Dl g () Y(y) = Sp + Sa.

By (30),

uN _
S1 = c 1e_#/Ze—(x2+y2)/2—€’“(1—6’“)’2()C—Y>2
1—eH ,
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which — 0 as © — 0+. Furthermore,

1S2] < (N = 1)2 D" eI [y () g ()|

n=0
1 e M2 2 2
N 2 —Xx -y
=< 5:7:(6 — D+
by the Cauchy-Schwarz’ inequality and (30). We see that the last expression
— 0as u — 0+. O

We turn now to the proof of the two theorems that concern the asymptotic
behaviour of the kernel K in the regime where we have a transition in the bulk.

Proof (Theorem 1.9) We will use the following asymptotic formula for the
Hermite polynomials, [3], valid for -1+ 6§ <x <1 -4, > 0 fixed,

174 1 1 1
2 2 1 . 1
hy, («/an) e = iz (=) (cos |:2nF(x) > arcs1nx:| +0 (n)) ,
(62)

where
/ 1
F(x) = /,/1 —yidy = E(arccos x —xv1—x2).
X

Set Ay = A 1el/2N_ Note that Ay = A~} + O(1/N) and By = ~2cN +
O(1/N3?) as N — oco. Write fu(x) = hn(x)e~*/2 Using the asymptotic for-
mula (62) we obtain

Tk ( X Ty )
2NJe “\2NJe' 2N /e
_ 7hy ad 1 nﬁqx> (nﬁqy)
_N«/anz(:)ANe”/CN+1f” (ZN\/E fu 2N /e
00 o\ —1/4
_ Bq Z 1 1_( TPyx )
N2¢ ~ Apnen/eN 41 2N 2cn
—1/4
x(1- ( 7Bqy )2 /
2N~2cn
L 7Bgx Tfgx ):|
Xn1/2 cos [ZnF(sz) arcsin (—ZN\/E
) e ()
2nF| ———)— = —_— 1
xcos|: n (ZN\/E 3 arcsin NV +o(1)
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1 & 1 1
_ Z o
VN = a—len/eN 41 pl/2

x cos | 2nF | ————) — = arcsin | ————
2N~/2cn 2 2N~/2cn
7Bqy ) I ( 7Bqy )}
xcos | 2nF | ——) — zarcsin| ———— ) | + o(1).
|: (ZN V2cen 2 2N 2cn
Note that the sum

[=S)
>y L
/N ~ r—len/cN +1 nl/2

is bounded in N. We have

whgx  mx n O( 1 )
O2N2en  24nN JnN>/2
and
2nF( el )_nn X n—l—O( ! )
2JnN) T 2 VN JnN3/2

as N — oo, x in a compact set. Hence,

Tk ( X Ty )
2N e \2NJc' 2N /e
1 & (=" ny\-1/2 n
=% Z TV T (ﬁ) cos (n(x +y)‘/ﬁ)

n=1

1 & 1 ny\-1/2 n
v eyt (v) (e

n=1
00

l/cosn(x—y)\/fi

% —_—m
2 rletle 1 \/t
0

uniformly for x,y in a compact set as N — oo. If we make the change of
variables t = u” we obtain L.(x, y) in (38). O

When we are in the transition region in the bulk, the behaviour at the edge is
still like that of independent random variables. This is the content of Theorem

1.10 which we prove next.
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Proof (Theorem 1.10) We split the kernel K, as follows

Ky (6,y) = D AR e N (0) Y ()

n=0

My 00 1 1
W PR ( YV ANen/cN)wn(an(y)

n=0 n=Mpy+1
= S1(x,y) +S2(x,y) + S3(x, ),

where My = [(1—-38)cN log N]with§ > Osmall. Here Ay has the same meaning
as in the proof of Theorem 1.9. Note that we have the estimate

_ —2n/cN
‘ANen/cN +1 ANen/cN‘ < Ce el (63)

By (30),
bnSi(an(c) + bn&,an(c) 4+ bnn)

__ b 1 ), 1 ,
_oaby
A=q2 ——E - )

= exp (—5% — (AN? + O(N))(E —m)* + a(l))

as N — oo. The last identity explains the choice of ay(c) and by and we will
get (40) if we can prove that S, and Sz both tend to zero as N tends to infinity.
From the estimates (61), (63) and B; ~ ~/2cN we obtain

1/2 0 1
bnS3(an(c) + bng,an(c) + byn)| < — D> e N—r 50
IOg N n=Myn+1 n /

as N — oo provided § is sufficiently small.
We can write ¥, (an(c) + byE) = Y (+/2ny), where

= (o)
 (Viog N — (avog Ny og (1375 loe ) + 2o ™))
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For a fixed &, we see that y > 1 4 § if NV is sufficiently large and 1 < n < My.
We can then use the estimate,

| (V2mx)e ™| < W e W (64)
for x > 1+ 6, [3], which gives

(V20006 | < —1}4 e,

where C, is a numerical constant. If N is large enough, then y > /cNn~! log N
and we get

|bnS2(an(c) + bNE, aN(C) +bnn)|

1 C\/_ Z o~ Can(y/eNn—Tlog N-1)3/2
1/log N~ nl/4

which — 0 as N — oc. O

The next result shows that the kernel M,, can be obtained as a scaling limit
of the kernel K,

Proof (Theorem 1.11) Let Ay have the same meaning as in the proof of Theo-
rem 1.9. We have

Ay ~ e—aN2/3+aN—1/3/2

with a negligible error. Also, as N — oo,

ol )

Write f,,(x) = hy, (x)e—¥"/2 as above. We have

x/a (N1/3f+‘/— 1/3f+ﬁ)

N1/ NS e

1 1
- (Nl/ﬁﬁ (NS/ﬁ )) eaN2/3((n+1/2)/N D41

(e g o () (5 ks o)
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_My—1 My

N
1 1 1
=(N1/6¢§+0 (N5/6)) o 2+ Mz eat—1/D/NV {7

—00  k=—My k=My+1

X fN-k (\/WJr NU62 o (Niﬁ)) I WJF Nl/zﬁ o (Ni/ 3))

=3+ X2+ 23,

where My = yN'/3 log N with some fixed y > 0 that can be chosen. The
asymptotic contribution will come from X,. Here we use the asymptotic for-
mula

u 24 k—1/2 log N
ka(V2N+N1/6\/§)=N1/12A1 (M+W) (1 O(N2/3)) (65)

for |k| < yN'/3log N and u in a compact set. This formula folows from results
in [3], see [1]. Using this we see that

My
. . 1 1 . k—1/2Y\ . k—1/2
Nll_r)anz—Nh_I)nooNl/3 % e—a(k—1/2)/zvl/3JrlA1 (§+ N1/3 )Al (’7+ N1/3 )
—MN

e—O{X

T
=/ — AT AT (x4 )dx = Ma (6.

We still have to prove ¥; — 0 and ¥3 — 0 as N — oo. For X; we use the
estimate (61), which gives

—Mpy—1 1 1

%] =< N1/6 kzoo e—alk—1/2)/N13 { 1 (N — k)1/6

which goes to zero as N tends to infinity if we choose y large enough.
For 1 < x <1+ § we have an asymptotic formula for f,(+v/2nx) in terms of
the Airy function, see [3]. Estimates of the Airy function then gives

|fn(mx)} < N1/12 o—en(x—1)3 )

for some constants ¢, C, when 1 < x < 1 + 8. Since F(x) > c¢(x — 1)*/2, we can
combine this with (64) to see that (66) holds for all x > 1. For N sufficiently
large this leads to an estimate

1 —ck32 )N
(O ez 0 (s ) | =
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It follows that

N
Zl<C > e KN g
k:MN+1
as N — oo if we choose y sufficiently large. O

We give here a sketch of an argument for the approximate expression (39)
for L.(x,y). Integration by parts gives

e¢]

2
sin w(x — y)u2u ei’/c
L = — d
() / T —y) Ac (el 12

2 /OO sin T (x — y)u du
f— u .
c n(x—y) cosh®u?/2c +a/2)

where a = log(1/1). When c is small a ~ —1/c. Make the change of variables
u =1+ ct. This gives

sin w(x — y)(1 4 ct) dr
T(x—y) cosh?(t + c2/2)

Lc(x,y) = / (1 +cp)

—1/c

o
1 sint(x —y)A +ct) dt
= 1+4ct .
2 / ( ) T(x—y) cosh? ¢
—00

If we use the addition formula for the sine function and neglect terms containing

c® we get

o
Lo(t.y) ~ / cos (x — y)ct sin w(x —y)
ey cosh2t+1 w(x—y)

. nz(x —y)c sin w(x —y) _ mc sin w(x —y)
© 2sin h(m2e(x —y)/2) w(x—y) 2 sin h(m2c(x —y)/2)

We see that as ¢ — 0+ the kernel L. approaches the sine kernel.

5 Largest eigenvalue for deformed GUE

This section contains the proof of Theorem 1.12. Consider N non-intersecting
standard Brownian motions started at yq, . . ., yy and conditioned never to inter-
sect. If we fix yq,...,yn the particle distribution at time S is a determinantal
process with correlation functions
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PmN(X1, . X3 y) = det(Kn (Xi, X3 Y) 1<ij<ms (67)

where

N
1 2 2 1 w—y;
Knwviy) = —— [ dz / et vP/2s—mu2S__ T 222 (8
N, vi3) (2711)2Sy/ / Woz Ty (©9

see e.g. [12]. Here y is a positively oriented simple closed curve containing
v1,...,yn and T' a vertical line oriented upwards and not interesecting y, we
place it to the right of y. The formula (67) also gives the correlation functions
for the eigenvalues of the hermitian matrix M given by

M = diag (y1 +--- + yn) + V25V (69)

with V a standard N x N GUE matrix. If A% is the largest eigenvalue of M

then A% has the same distribution as maxj<j<p Xj.

Let P, denote the probability measure for yi,y;,... and let Py;, denote
the probability measure for the determinantal process with correlation kernel
Kn(u,v;y) given by (68). Furthermore, we let Py = P, ® Py, be the product
measure. We are interested in the distribution function

N
Fn@) =Py <01 =By | [ = X005
j=1

N
=Ey | Exy H(1 — Xtoo) X)) | | - (70)
=1

When computing the inner expectation we are considering y1,. ..,y as fixed
and hence we can work with the correlation functions (67).
Fix a number € € (1/7,1/6) and set
Ay ={y eRY; |yl <N, 1<i<N).

Define a cut-off measure duy(¢) by

1
dun () = mX[—NG,NG](I)dﬂ(I), (71)
and the function
d t
Gn(2) = / den® (72)
Z—1
R

for z € C\ [-N¢, N€].
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Since by assumption p has finite 7th moment it follows that

C

Py[AY] <N Ve

which — 0 as N — oo. Hence, since the expression in the E,-expectation in

(70) is bounded, we can restrict our attention to Ay and use uy instead of u,

so we regard y1, ..., yn as independent random variables with distribution uy.
Denote this probability measure by IE”;N).

Lemma 5.1 There is a real number w, = w.(N), which is approximately ~/ NS =
aNYC, such that

Gywe) =~ (73)
for all sufficiently large N.
Proof We have
Ne
Gy() =— / (dZMiVS)Z
_Ne
The moment conditions on x can be used to see that
‘sz) -5=5 (74)

for real z > 2N¢ say. We see that, for N sufficiently large, Gy is a decreasing
function in [2N€, 00). Furthermore, G\ (z) — 0 as z — oo and G};(2N¢) ~
1/4N% > 1/aN'/3 Hence, when N is large enough, there is a z = w, such that
(73) holds. From (74) we see that 1/w? ~ 1/a?N'/3, which gives the asymptotic

behaviour. O
Set
N
rny) = — Z — + NG;V(WC)’ (75)
i1 (We — yj)
and
N
= S . 76
Ve = We + Z We —y; ( )

j=1
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Furthermore, set

W2N1/3  G2N1/3
RON) = we + n / Y duny) (77)
We We 1—y/we
R
and define
o [y y
j
= - d . 78
WO = S ch—y,- /wc—y KN () (78)
j=1 R
Note that
= RN+ 755N 0): (79)

Lemma 5.2 (i) There is a constant C such that

ENM [rv(n)] < C. (80)
(ii) We have the limit
VarV sy ()] — 0% /o’ (81)
as N — oo.
(iti) The random variable sy(y) converges in distribution to N (0,02/012) as
N — o0

Proof Since the 7th moment is finite and [rdu(r) = 0 we get | [tdun(0)| <
CN~—% < CN~%7 The definition of w. and Gy gives IE;N) [r~(»)] = 0 and thus

N
1
EMNM[ry ()% = Var™[ry ()] = Var{V) Z (We — yi)2

1 NC
=N[—EGS>(WC)— ;V<wc)2] =5

c

where the last inequality follows from our moment condition. Since w, ~ aN'/6
we see that the right hand side is bounded. To prove (ii) we compute

) 2N2/3 y 2
Var®[sy ()] = ( = /wc>2 din(y) - ( | = /ch/uv(y)) )

(82)
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Writing y(1 — y/we) ™ = y +y?/we + -+, we get [y(1 — y/we) ldun(y) =
o(1). Similarly, writing y?/(1 — y/we)?> = y* +2y3/we + - - -, we get fyz/(l —
y/we)dun(y) = o2 +o(1). Using w, ~ aN'/%, the identity (82) now yields (ii).
The claim (iii) follows immediately from the central limit theorem, since sy is
a sum of independent random variables. O

Define By to be the set of all y € Ay such that [ry(y)| < CN€ and [sy(y)| <
CNe. 1t follows from Lemma 5.2 (i) and (ii) that we can restrict ourselves to
y € Bn. We will study

N
F3) =EN | x5y 0)Exy | [ ] = Xo0) ) (83)
j=1

instead of Fy(f) given by (70). Hence it is enough to consider a fixed y in By
and work with

N
F{(6;) = By | [T = X000 @)
j=1

& (=D
:z k! / det(K (xi, xj;y))d x. (84)
k=0

(1,00)k

Our problem is then to investigate the asymptotics of Ky (i, v;y) for y € By.
Set

2
w
f(W)=x—

N
VeWw
o+ glog(w -,
]=

where we choose the principal branch of the logarithm. The number v, was
defined so that

f'(we) =0. (85)
We consider
o o
U=ve+E—; Vv=ve+n—s, 86
‘ S\/N ‘TN (86)

where & and 7 lie in a compact set.

To perform a saddle-point argument in the integral (68) we must specify
appropriate contours. Let C; : [0,00) 3 t - we +t+it, C; : [0,00) > t —
Wwe+t—it,C3:[0,00) 5t > we—t+itand Cq4 : [0,00) >t —> w. — 1t — iL.
We want to show that we can deform I"' to C; — C; and y to C3 — C4 in the

@ Springer



106 K. Johansson

contour integral (68). Let C§4 be the parts of the contours where we restrict ¢ to
[0,A+wc]andlet yq : [—W. — A,w.+ A] 2t —> —A —it, where A > 0. Then
y can be deformed to C4' + y4 — C4' in (68) if A is sufficiently large. From (77)
we see that R(N) ~ 2N/ and since & belongs to a compact set we see from
(79), IsN(»)| < N€ and (86) that u > «N'/° for all sufficiently large N. Since
Re (—(z — u)?) < —2uA we see that we can let A — oo and conclude that the
contribution from y4 goes to zero.

Choose T to be a vertical line through w.. We want to show that the part of
this line that lies in the upper half plane can be deformed to Cy, and the in the
lower half plane to C;. Setw = w, +t+iA,0 <t < A. Then,

g) =Re (W —v)?) = +2(we — V)t + (e — v)? — A%

For 0 <t < A/2, we see that g(t) < —A2/2 for A large, and when A/2 <t < A
we have

g(H) < We — VA + (we — V)% < —%N1/6A

for N and A large. Hence we can deform the upper part of I' to Cj in (68). The
deformation to C; is analogous by symmetry.
Next, we want to localize the integration to a small neighbourhood of w,.

Lemma 5.3 Define gi(t) = Re (f(Ci(t)) — f(we)) for i = 1,2 and gi(t) = —Re
(f(Ci(t)) — f(we)) fori =3,4,t > 0. There is a positive constant c so that

—cN23,  0<t<aN/9)2

87
—cN/t t>aNV6p2 7 (87)

gi(H) < H

for all sufficiently large N.

Proof Consider g1 (t) We have

_1 2_p_ L
g1() = S[we +07 =] = Svelwe +1)

N
1
+ 3 Zlog((wc +1t— yj)2 +7) — Re f(w,).
j=1
Differentiation gives
,(I)_wc—vc_l_ We — yj + 2t
SU=T ~ (we—yj+D*+1

J=1
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and hence g} (0) = 0 by (76). Hence

N 212
! 1) = 4 t) — /0 = — .
GO =80 =80 == Gy T

We know that w. ~ «NV/¢ and lyjl < Ne.If Je] < aN/6 /2, we see that there is

a positive constant ¢ such that g (1) < —cN'/?/ for 0 < t < aN'/%/2. Since

g1(0) = 0 we obtain the first part of (87) for i = 1. If t > «N/6/2, then

g1 (O =—cN 3/ for some postive constant ¢, and we obtain the second part of (87).
Consider next g3(f). Again g3(0) = g’3 (0) = 0 and we get

N 212
1) = —
8 jzzl(wc_yj)((WC_Yj+t)2+t2)

and we can proceed as above. The functions g> and g3z are treated analogously.
(]

We also need a local approximation of f(w) in a neighbourhood of w.. By
(85) we have f'(w.:) = 0 and we also have

!/ _ l _ 1 —
f (WC) - S y])2 - "N(Y)’ (88)

— (We —

J=1

by (73) and (75). Furthermore,

N 2
&) c) = — 89
O we) ];(wc—y,-ﬁ (89)
Lemma 5.4 For¢ € Cand |¢| < N'/18,
1
fve +£aNTV0) = fwe) + 2% +o(D), (90)

as N — oo, where o(1) is uniform for |¢| < N8,

Proof Define R(¢) by

1 1
fwe+¢) =fwe) +f wot + 5f”<wc>¢2 + gf@)(wac3 +R(©).  (91)

Since we ~ aN/® and |w, — yjl is much greater than 1 for N large enough a
Taylor expansion gives
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IR(¢)| < CN'P|z|* (92)

for |¢| < 1. It follows from (85), (88) and (89) that

2
Fwe +icaN=10) = flwe) = - rn()e?N

1 Y [3N-1/2 .
+= = 4 R@CaN7%), 93
3 2wy RENTD )

Since |ry(y)] < CN€ and |¢] < NV18 we see that lrN(C2NT1B) < CN-1/18,
Furthermore, by (92), |[R(CaN~1/)| < CN~1/9. We can write

> LNyt N2,
P (Wc wve—y)> W} o wilwe —yp? o
as N — oo. We see now that (90) follows from (93). ]

It follows from (68), the definition of f and the change of contours discussed
above that

o o
KNe+E—=,ve+1—=)
COUNTCUN
B V —u N2/3 / / ef(W) f(z) Nl/éw/a+§N1/6Z/(¥ (94)
T (Qmi2e?
Cy

Consider z on C3 and w on C;. The other cases are similar. Set z = w, + (—t +
iaN~V0 w =w.+ (-1 +it)aN"V 1, v > 0. It follows from Lemma 5.3 that
we can localize the evaluation of (94) tot,7 < N'/!8, By Lemma 5.4

1 1
fon) = f@) = 3 + i)} — JCr+ in’ + o(1)
uniformly for 0 < ¢, < N8, Hence, the contribution to (94) from z on C3
and w on Cj is
N8 N1/18

N2V =2 +E—nNYowe/a 3 (THTY = § (—t+iD +£ (—t+in—n (x+iT)
dr dr
QniYa / / (T +iv) — (—t+iD)

0 0

Define
Ky, vyy) = ev2_u2+(”_")w0/SKN(u, viy). (95)
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We can just as well use K3, as Ky. If we argue as above for all parts of the
contours we get

. o o
lim — —

o
NI N m’“”ﬁ)
1

1
— (zni)z/dz/dwew3/3fz3/3+52*77ww_Z’ (96)
y/ l—‘/

Ky (VC +&

where y’ is the contour given by ¢ + it for t < 0 and —¢ + it for t > 0, and I' is
the reflection of ¥’ in the imaginary axis.

We have to show that the right hand side of (96) is really the Airy kernel. LetC
be the contour given by ¢ +i|¢[, ¢ € R. If we change variables by z = i¢,w = —iw,
then y’ maps to C and I'" to —C and we see that the right hand side of (96)
becomes

1 / dc / depel@® Binovicd prise 1
42 i +w)’
C C

which is the Airy kernel Ka;r, (&, 7), [15].
We have proved

Lemma 5.5 Define

ﬁK}% (Vc + Eﬁ, Ve + ”ﬁ) 7)

with K3, as in (95) and v. given by (79). Then

Kn(E,my) =

lim KNEm3y) = Kairg (B, 1) (98)

uniformly for &,n in a compact set and y € By.
To control the convergence of (84) we need some more estimates.

Lemma 5.6 Fix a constant A. There is a constant C, depending on A, such that
for &,n > —A and all sufficiently large N we have the estimate

RESSUIRS)

Kn(E.niy)| < Ce30 (99)

fory e Bn.

Proof Deform the contour C3 — C4 to y = y; + y» + 3 and C; — C; to
I' =T+ Iy +I'3, where y; : (—00, —adN~10) 5t — w, + 1+ it, 2 :(=48,8) 3
t— we—adN VO 4 aitN=V0 3+ (@8N0, 00) 5t — we—t+itand '}, T, T3
are obtained by reflection in the line Re z = we.
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Note that for zony and won T,

1 N1/6
<
lw—1z| = 2aé

From (94), (95) and (97) we obtain

~ 1/3 1/6,,—1
KnE miy)| < /e—Re(f(z)—f(WL-))—&—SN/a Re(z—wc)|dz|
T T Ba2sm?
Y
« / e—Re FON—Fove)+aN o Re to=wo) gt | . (100)
Y

On I'; we can use Lemma 5.4 to get

Re[f(we 4+ a(8 + i) N~V0) — f(wo)] = %33 — 82 +o(1).

This gives
8
e~ReFm—f o) +aN"Pa™Re (w=we) 4y < C p-n [ ooty
N1/6
Iy —5
< Lefﬁﬁ—'ﬁ
= N1/6§1/2 :
On I'; we can use Lemma 5.3 to get
/ e~ Re (FM—fovo)+nNY/oa™IRe (w=we) | 4y
I3
aNYo 2 IS
< / e—cN1/213—nN1/6t/adt + / e—cNS/Gt—an/Gt/adt
—8aN-1/6 aN1/6/2
< Le_ﬂg
- NL/6

The contribution from I'; is analogous. Choosing § = \/nforn > 1 and§ =1
otherwise, we get

e Re (v N VSa = Re 0w gy < & o=
N1/6

r
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The estimate for the other integral in (100) is analogous and the estimate (99)
follows. O

Define the distribution function Hy by

N k

-1 N

Hy(y) =3 k,) / det (K (&, & y)d". (101)
k=0 ’

(t,00)k

It follows from Lemmas 5.5 and 5.6 that
lim Hy(t;y) = Frw(?) (102)
N—oo

uniformly for ¢ in a compact subset and y € By.
If we change from Ky to K} in (84) and make the change of variables

x; = ve + a&i/+/N, we see that
F® = BN [ 1y )GN /NG = vo) i) ]
Thus
F{(R(N) + £a/v'N) = EN[xsy 0)GNE — sn)ip)].

We can now use Lemma 5.2 and (102) to see that

Jim_ FRROV) + 5a/V) = [ Prw - ohtodn
R

where h(u) = Qro?/a?)~1/2 exp(—uzaz/Zaz). This completes the proof of
theorem 1.12.

Acknowledgments I thank Y. Chen for drawing my attention to some papers on intermediate
ensembles.
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