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7. The special case of | =2

Consider the GUE ensemble density

") = !1 "2} R
5(") exp{ S

whereZ, is the normalizing constant. More generally,ddie a Borel probability measure
onR and consider the densifyon R” proportional to]%x)|? with respect to the measure

", All of what we say in this section will apply to this more general de&if&his is
symmetric in" 1,...," ,. The following lemma shows that it is possible to explicitly inte-
grate out a subset of variables and get marginal densities of any subset of the co-ordinates.
As we discussed earlier, this is crucial to computing local properties of the system of par-
ticles debned by the density
Observation: Let pg, p1,..., pa 1 be monic polynomials such that has degreé. Then,

1 x x; x’{:i po(x1) pi(x1) pa(x1)... pura(x1)

1 x; x5 ... A% po(x2) pi(x2) p2(x2)... pam 1(x2)
Ux)=det| . 2T P | =det| . | | .

1 x, x2 ... x?t po(xa) p1(xn) p2(xn)...  par 1(xn)

as can be seen by a sequence of column operatio. i$fany polynomial with degree
k and having leading coefbcient, then we ge#4x) = C, det(A) whereq; ; = &;(x;) with
the indexi running from O ton! 1 and the indexj from 1 ton. The constantC, =
(cocl...cn! 1)[ 1. Thus,

|%x)[? = Cidet(A A") = CZdet(K, (xi, %)), s,

wherek, (x,y) = #?':0 &;(x)&;(y). It turns out that choosing; to be the orthogonal poly-
nomials with respect tp enables us to integrate out any subset of variables explicitly!

Lemma 56. Let (A, 4,u) be a measure space. Let &, 1# k# n, be an orthonormal set in
L?(u) and define K (x,y) = #_, & (x)&(y). Define f : A" $ R by

f(x) = (nt)' 1det(K(xi,xj))i!j#n.
(1) Forany m# nandany ", k# m! 1, we have

/det D g ) = (1 m+ 1) At K ("1 ) e 1

(2) f is a probability density on A" with respect to i ". Further, if ("1,...,"0) is
a random vector in R" with density f, then " ; are exchangeable and for any
m# n, the density of ("1,...," m) with respect to u' ™ is given by

fk("17~--7"m): (l’l' k) de t( ( is j)),',j#m'

n!
Corollary 57. Let u %P(R) have finite moments up to order 2n! 2 and let &g, ..., &y 1
be the first n orthogonal polynomials normalized so that f &k&l du="y,. Then, the den-

sity f(x) = Z}, |%x)|? on R" with respect to a measure u' " can be rewritten as f(x) =
(nl)! Ldet(K, (",,"j))l.j#nwhereK( ) #"_5&;(x)&(y). Further, the marginal den-
( ("za"j))i,j#k

5These are special cases of what are knowdrasminantal point processes.
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The
theorem.
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corollary trivially follows from the lemma and the observations made before the
‘We now prove the lemma.

PROOF. (1) We need two properties of the kernel K. Both follow from or-

@

thonormality of @s. R
(a) Ehe reproducing kernel property:  K(x,y)K(y,z)u(dy) = K(x,z2).
(b)  K(x,x)u(dx) =n.
By expanding the determinant
z Zz

det(K(}‘i’}”j)i,jgmdxm = Z sgn(T) HK(?»i,kn(,'))dkm.

R neSy r =1

Fix ®. There are two cases.
Case 1: w(m) = m. then by property (b), the term becomes

m—1 z m—1

TTEMiAiy) K, M) = 1 [T K(Aiy o))

=1 i=1
where 6 € §,_ is defined by 6(i) = m(i). Observe that sgn(c) = sgn().
Case 2: Fix n(m) # m. Let p=7"'(m) and ¢ = n(m) (thus p,q < m). By
property (a) above,

4

HK(ki,%n(,->)d7\.m = HK(?»,-,?»n(i)) K(Ap, i) K (M, Ag)d Ao
g =1 i#p,m R
= H KO\% xo(i) )
i#m

where 6(i) = (i) fori # p and 6(p) = g. Then o € §,_ and sgn(c) = —sgn(7).
Now consider any 6 € §,,_. It arises from one permutation 7 in Case 1, and
from m — 1 distinct ® in Case 2. As theF§gn(G) has opposing signs in the two

cases, putting them together, we see that det (K(A;,A;), i<n dM\, is equal to
R <

n—1
(n—(m—1) Y [IKMiArep) = (n—m+1)det(K(hi,Aj); o, -
oeS,_ i=1 R
Letm <nandlet fo,(x1,...,%n) = gom f(x1,. .., %0)du(Xmi1) - .. du(x,). Induc-
tively applying the integration formula in part (2), we get

Fu Moo A) = G (0 —m)1 det (K(As )

i,j<m"
In particular, if we integrate out all variables, we get C,,; 'n!. Thus, we must have
C, = n! for f to be a probability density (the positivity of f is clear because
(K(xi,xj)); j<, is n.n.d, being of the form AAY).

Plugging the value of C, back into the expression for f;, shows that

Iy A) = Wdet(x(xi,mugk -

These integration formulas are what make [ = 2 special. None of this would work if
we considered density proportional to |A(x)|P with respect to u®”. As a corollary of these
integration formulas, we can calculate the mean and variance of the number of points that
fall in a given subset.

Proposition 58. In the setting of Lemma let N(-) = Yi_, &, be the unnormalized
empirical measure. Let I C A be a measurable subset. Then,
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(i) E [(N(I))ml} = [ det(K (xi,x)); ;o\ du(x) where (k) =k(k—1)...(k—m+1).
(ii) E[N(I)] = [;K(x,x)du(x) and Var(N(I)) = [fje |K (x,y)[P4CI %),
(iii) Let Ty be the integral operator on L?(I,u) with the kernel K. That is Tyf(x) =
i K(x,y)f(y)du(y) for x € I. Let 01,05,... be the non-zero eigenvalues of T. Then

0; € (0,1] and if E; ~ Ber(0;) are independent, then N(I) 4 E1+&+....
PROOFR (i) Write N(I) = ¥;_; 13, ;- Use the exchangeability @ to write

E[(ND), ]| =E| L Gyabi,edy,a| =@mPRhicl, 1<i<m).

i1 eeim<n
distinct

Using the density of\1,...,A,) given in Lemm4 56 we get

E[(V(D),] = [ detk(xi.x))), o, du().

(if) Apply the formula in part (i) withn = 1 to getE[N(I)] = [; K (x,x)du(x). EXpressing
the variance o (7) in terms ofE[N(I)] andE[N(I)(N(I) — 1)] one arrives at

Var(V (1) = [ K(xduo) [ [ 1K) Py,
1

Write the prstintegral af [, |K(x,y)[>du(y) by the reproducing property &f. Sub-
tracting the second term give ;. |K (x,y) |?du(x)du(y).

(i) With I =A, we havely f =Y}, (f, ¢)9x. Thus,T is a projection operator with rank
n. Clearly, 0< T; < T, from which it follows that6; € [0,1] and at most of them
are nonzero. lfy; are the corresponding eigenfunctions, then it is easy to see that
K(x,y) = L0y () W;(y). '

Remark 59. In random matrix theory, one often encounters the following situation. Let
u € P(C) such thatf |z]2"2u(dz) < . OnC" debne the density(x) o« |A(x)|? with
respecu®”. Then we can again orthogonalize 1 . .,z" 1 with respect tq: to getgy, 0 <
k <n—1andthe kernet (z,w) = Z’};cl, 9;(2)®,(w). The density can be rewritten #iéx) =
(n!)*1det(K(x,>,xj))l.~an. This is of course a special case of the more general situation

outlined in Lemm& 56, except that one needs to keep track of conjugates everywhere when
taking inner products.

8. Determinantal point processes

Consider the densityj, of (As,...,A,) as described in Lem@G. Let us informally
refer to it as the chance thatfalls at locationy; for 1 <i < m. Then the chance thaj, ;=
Yi_1 9, puts a point at each, i < m, is precisely(n) | fn(x1, - .., %m) = det(K(xi,x;)).

For any random variablg taking values in the space of locally bnite counting mea-
sures (eg.L,), one can consider this chance (informally speaking), callednltll?ejoint
intensity of L. If for every m, the joint intensities are given by d&i(x;,x;)) for some
K(x,y), then we say thal is adeterminantal point process. A determinantal point process
may have inPnitely many points.

If a point process which has a bxed Pnite total number of points, then we can randomly
arrange it as a vector and talk in terms of densities. But when we have inbnitely many
points, we cannot do this and instead talk in terms of joint intensities. Like densities, joint
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intensities may or may not exist. But if they do exist, they are very convenient to work
with. In random matrix theory we usually get finite determinantal processes, but in the
limit we often end up with infinite ones. Therefore, we shall now give precise definitions
of point processes, joint intensities and determinantal processe

Definition 60. Let A be a locally compact Polish space (i.e., a complete separable metric
space) and let [ be a Radon measure on A. A point process lon A is a random integer-
valued positive Radon measure on A. If L almost surely assigns at most measure 1 to
singletons, we call it a simplepoint process;

Definition 61. If L is a simple point process, its joint intensitiesw.r.t. Yl are functions (if
any exist) px: AK — [0,00) for k > 1, such that for any family of mutually disjoint subsets
l,...,Ikof A,

k
31) E lHLa,-)] = [ B X0dhOx) - X0,
=1

I <. xlg

In addition, we shall require that px(Xi,...,X) vanish if X, = Xj for some i # j.

Definition 62. A point process L on Ais said to be a determinantal processith kernel K
if it is simple and its joint intensities with respect to the measure [ satisfy

(32) pk(xl,...,xk):det(K(xi,xj))lgi,jgk,
forevery k> 1 and Xp,..., %X € A.

Exercise 63. When A has density as in Lemma check that the point process L =
Yk O, is a determinantal point process with kernel K as per the above definition.

9. One dimensional ensembles

LetV : R — R be a function that increases fast enough at infinity so that [ e PVM¥dx<
oo for all B > 0. Then, define the probability measure pn(dx) = e "™V /Z, and the let A be
distributed according to the measure Z é|A(X)|Be’”ZE:1V(Xk>. Under some conditions on
V, the empirical measure of A converges to a fixed measure i, g. Then one asks about

We will now concentrate on two particular examples of § = 2 ensembles.

(1) The GUE (scaled by v/2). The density is Z; !|A(A)|*exp{— ¥R_, A2 /4}. To write
it in determinant form, we define [ as the N(0,2) distribution, that is p(dx) =
(2y/T)~'e¥/4dx Let Hy, k > 0, be the orthogonal polynomials with respect
to | obtained by applying Gram-Schmidt to the monomials 1,X,X?,.... Hy are
called Hermite polynomialsThe kernel is Kn(X,y) = Yf~4 Hk(X)Hk(y). We have
chosen them to be orthonormal, [ Hy(X)H¢(X)dp(X) = 8 ¢. Hermite polynomials
are among the most important special functions in mathematics.

(2) The CUE (circular unitary ensemble Let [ be the uniform measure on S' and
on (S")" define the density f(x) = |A(X)|?> with respect to u*". In this case 2 =
&t are themselves orthonormal, but it is a bit more convenient to take @k (t) =
e 1(n=1t/2gkt Then, the kernel is

. . 1 _gn(s sin(nu/2)
—i(n—1)s/2 b (n—1)t/2 _ _ -
€ e a6 Dn(s—t), Dn(u) : Sn(0/2)

TFor more detailed discussion on joint intensities, consult chapter 1 of the book ? available at
http://math.iisc.ernet.in/ manju/GAF_book.pdf. Chapter 4 of the same book has discussion and examples of
determinantal point processes.
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D, is the well-known Dirichlet kernel (caution: what is usually callbg is
our Dy,11). We shall later see that the eigenvalues of a random unitary matrix
sampled from the Haar measure are distributed as CUE.

The GUE and CUE are similar in the local structure of eigenvalues. However, there are
edge phenomena in GUE but none in CUE. However, all calculations are simpler for the
CUE as the kernel is even simpler than the GUE kernel. The difbculty is just that we are
less familiar with Hermite polynomials than with monomials. Once we collect the facts
about Hermite functions the difpculties mostly disappear. The study of the edge is rather
difbcult, nevertheless.

10. Mean and Variance of linear statistics in CUE

Let A be distributed according to CUE Let 4 : ST — R be a bounded measurable
function. LetN, (h) be the linear statistiE;_,; 2(Ax). Then,

E[N,;] = /h K(x,x)du(x —n/h

Actually this holds for any rotation invariant set of points on the circle. In particular,
E[N,(I)] = |I|/ 2m.

The variance is considerably more interesting. Write the Fourier seriéé pE

Yiez axe™ whereay = [Z% h(r)e~™ 4. This equality is inL2. Then,

dt ds
V. $))2K(5,0) K (£, 5) ——s-.
ar(N 2// (s:)Kn(t,5) 72
—T-T
We write
(h(t)—h(s))zz Z axa (eikz_eiks)(efi!t_efi!.y), Kn t, S Z e i(p—q)t lq p)s
k) €Z p.q=0
Hence,
dt ds
— ikt —i! jks—i! jks—i! jkt —i!
Var(h,(h) = 5 ly Z @ // g it o=t _ ety =gy o= & D

k' €Z p,q=0

) Z Zoaka' {8k-14p-48—p +8p—g8k—1g-p — Skt p—gB-tg-p = 814 p—gBkigp
k\'€Zp,q=

- 9 Z Z @81 {8p—g+ 8y — Skt p—g—kigp}

k' €Z p,q=0

= *Z|ak|z Z {25p q 6k+p —q 8k+t1 p}

keZ p.q=0
= Yl (n—(n—[k])+).
keZ

Remark 64. The variance can be written &, <, [k[[A(k)|2+n Yy > , [ax|? whereR(k) =

ar. The brst sum is the contribution of low frequencies:iwhile the second gives the
contribution of the high frequencies. For smooth functions, the high frequency Fourier co-
efbcients will be small and the brst term dominates. For more wild functions, the second
sum becomes signibcant. We shall consider two cases next.
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Case 1: h! H'/? which by definition means that " h"12-11/2 =1 4z |kllax|? <" . Observe
that if h! C”, then h") has the Fourier series | ; 7 (# ik)2aze” * and hence | |k|¥|ax|? =
" )"iz. Thus H'/? can be roughly called those functions hat have half a derivative. In-
deed, one can also write the norm in a different way as

BB (bt h(s))? ar as
(#s)2 42

Exercise 65. Show that hlqu n=
i

If k! H'/2, we use the inequality n# (n# k), $| k| to see that

1 -
Var(N,(h)) $ Ek!. Zlak|2|k| ="h"2 ..
This means that even as the expectation grows linearly in n, the variance stays bounded!
Further, for each k fixed, n# (n# k). % |k| asn % " , and hence by DCT Var(N,(h)) %
uhuill/2 as n % n .

Case 2: h is the indicator of an arc I = [a,b]. Then N, (h) = N, (I). We assume that the arc
is proper (neither / or I¢ is either empty or a singleton). The Fourier coefficients are given
b R #ike dt _ l-(e#ikb#e#ika) Evid W hi . 1/2
yar= , e " 55 = ——g - Lvidently isnotin H'/~.
We work out the special case when I = [# #/2,#/2]. Then a; =

if k is even and equal to (<2)+1> if k=2j+1. Thus,

% which is zero

" on# (n#2j# 1
Var(v,) = 21 MFE0# 2Dy

im0 #Q2j+1)?
n# 11
B |2 2j+1 n
o #(2j+1) j>@| #2(2j+1)%
As ! j>mj = O(m" ), the second term is O(1). The first term is easily seen to be

#2 Ilogn+0(1). Thus, Var(N,) = #—12 logn+ O(1). Although it increases to infinity with n,
the variance grows remarkably slower than the mean. Compare with sums of independent
random variables where the mean and variance are both of order n. In the next exercise,
take I = [# $,$] without losing generality and show that the variance is asymptotically the
same.

R
Exercise 66. Let f be a 2#-periodic function on R such that " "2 := (2#)*! f# |fI? is
finite. Let f(k) := f# f(t)e** 4L denote its Fourier coefficients. Let foft) = f(t# % be
the translates of f for any % R.
(1) Use the Plancherel theorem to show that 41 7 | f(k)|?sin® (k% =" fo# fuor 2.
[Hint: fofk) = e **F (k)]
(2) Let f(t) =t on [##,#] and extended periodically. Show that f(k) = w and
hence conclude that for 9% [0, #]
|" sin (k%
k=1

= %Ht# %.

(3) Fix % [0,#] and let A, =17 SC0% yng g — 1 0% ghoy that 4, +

B, =logn—+O(1) and B,# A, = O(1) asn % " . Conclude that both A, and B,
are equal to 5 logn+O(1).
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(4) Deduce that Var(N,(I)) = 75 logn+O(1) asn —" for any proper arc I (proper
means 0 < |7] < 2!).

Observe that the constant in front of logn does not depend on the length of the interval.
Essentially the entire contribution to the variance comes from a few points falling inside
or outside the interval at the two endpoints. Points which “were supposed to fall” deep in
the interior of / (or deep in /) have almost no chance of falling outside of / (outside of I,
respectively) and do not contribute to the variance. This shows the remarkable rigidity of
the CUE.

Proposition 67. In the setting of the previous discussion, for any proper arc I, asn — ",

Nn(l) - |2L"

1 -1 /logn

PROOF. Fix an arc /. By part (c) of Lema N, (1) is a sum of independent Bernoulli
random variables. By the Lindeberg Feller CLT for triangular arrays, any sum of inde-
pendent Bernoullis converges to N(0,1) after subtracting the mean and dividing by the
standard deviation, provided the variance of the random variable goes to infinity. As
Var(N,(I)) ~ clogn, this applies to our case. |

< N(0,1).

Next we compute the covariance between N(I) and N(J). We take I and J to be
disjoint. Then, Cov(N(I),N(J)) = — [, [; 1K (x,y) |*du(x)du(y).

11. Fredholm determinants and hole probabilities

Let (A, 4,u) be a probability space. Let K : A> — R or C be a kernel such that || K| :=
sup, , [K(x,y)| <" . Let T be the integral operator with kernel K.

Definition 68. The Fredholm determinant of the operator I — T which we shall also call
the Fredholm determinant associated to the kernel K is defined as

#(K) = $0(_ml')m [ et K (xi,); i) i)
m= : Am

Recall the Hadamard inequality for matrices which says that if M is a square matrix
with columns u, k < n, then [det(M)| < %j_, |[uj]|. Therefore, [det(K(xi,x})); ;e | <
(|IK|]+/m)™ for any m and any xi,...,x,. This shows that #(K) is well-defined for any K
with ||K|| <" .

Remark 69. Let M be an n x n matrix with eigenvalues &;, j < n. Then, we leave it as an
exercise to show the identity

$ & & ...&, =  $ det (M;, ;,)

o . o . p.qsm
1<ij<ir<...<i<m 1<i|<ip<...<i<m

for any m > 1. For m = 1 this is just the identity $ & = $;M,;. For any m > 1, one can
think of the identity as being exactly the same identity, applied to a different matrix. If M
acts on a vector space V, then one can define the operator M"* on the alternating tensor

power V/\* as (M(ej, ... Aej),ei A... Aej) =det(M;,j,) . This has eigenvalues

& &, ... & where ij <ip <...<i. Expressing tr(M"*) in two ways gives the above
identity.
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Anyhow, from this identity, we get the following expression for det(/ —M) =[Tj_, (1 —
0;).

n

[1(1—8;)

=1
= 1—Zei+zei9/’— Z 0,06 +...
i

i<j i< j<k

det(I — M)

1-Y M+ ! Y det M M| 1 Y det AA//II” 11\\/1/[” 11‘\/14,k +
- Mj,i Mj,j 6 ~ Jit o] Jk
i i,j i,j.k My, Mk’j M«

Thus, det(I — M) is exactly what we defined as A(K), provided we take A = [n] and
K(i,j) = M;;. With the usual philosophy of regarding an integral kernel as a matrix
(K(x,y)),,» We arrive at the definition of the Fredholm determinant. The following ex-
ercise is instructive in this respect.

Exercise 70. Let T be the integral operator with a Hermitian kernel K with || K|| < oo. Let
0, be the eigenvalues of T'. Then, for any m > 1, we have
Z
1
Z 6,‘19[2...9% = % det(K(x,-,xj))iijmdy(xl)...d,u(xm).

(1<ip<..<ip .Am
We shall need the following simple lemma late

Lemma 71. Let K and L be two kernels on L*(A, A, ) such that C = max{ || K|, ||L||} < .

Then,
= m m)m—1
IAK) — AWD)| < K~ L| (Z m) |

|
m—0 m:

PROOF. Fixm>1andxq,...,x, €A. Let Xy = (K(xi’xj))i,jgm and X, = (L(x,-,xj))i’jgm.
For 1 <k < m, let X}, be the matrix whose first k rows are those of X() and the rest are those
of X,,. Then, det(Xo) —det(X,,) = Y, det(X;_1) — det(X;). Using Hadamard’s inequality
we see that |det(X;_;) —det(X;)| is bounded by (Cy/m)"™ !||K — L||. Thus

|det (K (x3,))); ey — 4t (L31.5))), | < m(CVim)™ | K ~ L.

i,j<m i,j<m

Integrate over x;s and then sum over m (after multiplying by (—=1)"/'m! to get the
claimed result. u

The importance of Fredholm determinants for us comes from the following expression
for “hole probabilities” or “gap probabilities” in determinantal processes.

Proposition 72. Let (A, 4, u) be a probability space and let K be a finite rank projection
kernel (that is K(x,y) = Yi_1 9;(x)9;(y) for some orthonormal set {@;}). Let ) have
density (n!)~!det (K(xi,xj))l.‘jgn. Let I C A be a measurable subset of A. Then P(N(I) =
0) = A(K;), where K is the kernel K restricted to I x I.

8We have borrowed much of this section from the book of Anderson, Guionnet and Zeitouni ? where the
reader may find more about these objects. F.Riesz and Sz. Nagy’s great book on Functional analysis is another
good reference for Fredholm’s work in functional analysis.
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PROOF. From part (c) of Lemma ??, we know that P(N(7) =0) =1 ;(1 ") where
" ; are the eigenvalues of the integral operator 77 with kernel K. Hence,

P(N(I)=0) = 1-#"i+#"";— # """x+-..

i i<j i<j<k
$ (_ 1 )m
- # /det (K (5is))), i) ... ()
m=0 .
I)?l
by Exercise The last expression is %4K;) by definition. |

12. Gap probability for CUE

Let &be distributed as CUE,, ensemble and unwrap the circle onto the interval [—' " ].

Thus & follows the measure on [—' ," |" given by
1 dty ...dt, sin (4(s—1))
Edet(K”(ti’t/))i,anW’ where Kn(l7s) = W
Scale up by a factor of n/2 to get &= n&/2 which follows the measure (on [—n' /2,n" /2]")
1 . dt ...dt, . 2 2t 2s
Hdet (Kn(ti’tj))i.jﬁn W’ where Kn<l‘,s> = ;Kn (n, n) .
Then,
N 2sin(s—t 2sin(s—t
R(t,s) = %H) S K(t,s) = %
nsin (1) s—t

It is also easy to see that the convergence is uniform over (z,s) in any compact subset of
R2. Further, ||K,|| <2 and ||K|| < 2. Thus, by Lemmal[71] we see that %K, ;) — %K;) for
any compact interval /. By Proposition prop:holefordeterminantal this shows that for any
a<0<b,

P (& ¢ [2"“ Zf] vi< n) — P (& ¢ [~a.b] Vi <) — %K)
as n — $. This gives the asymptotics of gap probabilities in CUE. Some remarks are due.

Of course, it is incorrect to say that we have calculated the gap probability unless we
can produce a number or decent bounds for this probability. For example, we could define
F(t) := %K|_,,)) which is the asymptotic probability that the nearest eigenvalue to 0 in
CUE, is at least 27 /n away. Can we find F(¢)? All we need to so is study the kernel K
(called the sine kernel) and deduce F(r) from it. This is not trivial, but has been done by
?72? They show that F () can be characterized in terms of the solution to a certain second

Secondly, we considered only the gap probability, but we could also consider the dis-
tributional limit of the whole point process L, := #k(&k' But then we must employ the
language of Section ??. In that language, it is not difficult to show that the convergence
of K, to K implies that L, converges in distribution to L, the determinantal point process
with kernel K. The latter is a stationary point process on the line (and hence has infinitely
many points, almost surely). Basically this distributional convergence is the statement
that all the joint intensities det (K, (x;,x f)iJ <m converge to the corresponding quantities
det (K (x;,x;); ;<,,- However, note that the distributional convergence does not automati-
cally imply convergence of the gap probability, because the latter is expressed as a series
involving joint intensities of all orders. That is why we had to establish Lemma 71] first.
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13. Hermite polynomials

Our next goal is to prove results for GUE analogous to those that we found for CUE.
Additionally, we would also like to study the edge behaviour in GUE, for which there is no
analogue in CUE. In this section we shall establish various results on Hermite polynomials
that will be needed in carrying out this programme.

Forn >0, dePnedhy(x) := (—1)"e /2 &e/2  Itis easily seen thah, is a monic
polynomial of degreen. It is also easy to see that the coefpcientsoft, x"2 etc. are
zero. Consider

~ez A g A g2 dx
/Hn(x)Hm(x)e Zm = (-1 /Hn(x)dxne 2\/5

d" dx
/exz/ZMHn(X)

Varn
_ 0 if n<mbecause, has degree onlg.
~on ifm=n

ThusHn(X) := ﬁHn(x) debne an orthonormal sequence of polynomials with respect to

N(0,1) measure calletiermite polynomials Let yn(X) = (21)"Y/4e¥/4H,(x) be the
Hermite functions Then {y,, : n > 0} for an ONB forL?(R,Lebesgug The following
properties may be derived easily (or look up any book on special functions, for example,
Andrews, Askey and RoY).

. q H g H#
Exercise 73. (1) —gx X Hn(x) =Hn:1(X) and hence also— g5+ X Hn(é) =+/N+ 1IHp1(X).
(2) Hermite functions are eigegfunctions of the Hermite operaterg’—x +3 yn(X)=

vn+1y,1(x) and % +3 wn(X) = v/nyn_1(x). Consequently,
$ $

2 2% %

a7 Yn(X) = n+s Yn(X).

(3) Three term recurrence:B(x) = nHh_1(X) + Fnt1(X). ConsequentlysHq(x) =
\/ﬁHn_l(X) + V n + 1Hn+l(x)

We now derive two integral representations for Hermite polynomials. Observe that
Feew?2& = (—1)" & e/2 Therefore, Pxing, we get the power series expan-

(33)

sione=(-W? = Yo Ha(X)w"/n! which simplipes t@wﬂ; =Y oHn(X)W"/n!. Thus,

1 few%

T om ) wl
Y

A second integral representation will be obtained from the well-known identity

(34)  Hn(x) dw; for any closed curveg with Ind,(0) = 1.

2 : 2,5 dt 2,, dt
e /2= /e*'“‘e*t 2= — [ coqtx)e t/2—.
Nz G

Differentiaten times with respect ta to get

5 . :S (- R{ cogtx)x"et’/ 2% if n=2m.

€ (=)™ [sin(tx)x"e /29t if n=2m—1.
V2
R

We end the section with the Christoffel-Darboux formula.
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Lemma 74. Let u be a probability measure on R with infinite support. Let py be the
orthogonal polynomials with respect to unormalized so that p,(x) = K,x"+ ... with K, > 0.
Then,

= _ Kn—1 Pu(%) pu—1(y) = pn—1(x) pu()

Y p(®)pe(y) = :

k=0 Kn X=y
For x = y the right hand should be interpreted as K;’(—;l( Pn(X) Pl (x) = ph(x) pr—1(x)).

PROOF. Write the three term recurrence
Xpn(X) = bp-1pn—1(x)+ @npa(x)+ bypp+1(x).
Multiply by p,(y) to get the equation
xpn(X) pn(¥) = bp—1Pn—1(X) pn(y) + @npn(x) pu(y) + bnpn+ 1(x) pu(y)-

Write this same equation with x and y reversed and subtract from the above equation to get

(=) Pn(x) Pa(¥) = =bn—1(Pn—-1(3) Pn(x) = Pa—1(x) Pu(M) + bu(Pn(¥) P+ 1(x) = Pu(3) P 1 () -
Put k in place of n and sum over 0 < k < n— 1 to get the identity

n—1 B
k;)pk(X)pk(y) = bn_1p”(x)p”’l(y))c75”*‘(}6)’)”@).

In the original three term recurrence equate the coefficients of x"* 1'to see that b, K+ 1 = K.
This completes the proof. n

Corollary 75. For any n > 1, we have

n—1
X, —1 —WYn—-1\X
Z Wk(x)wk(y) = \/’jl\lfn( )llli'l (y) Wl ( )\Vn(y) .
k=0 xX=y
The corollary follows immediately from the lemma. The importance for us is that it
makes it very clear that analysis of the GUE for large n depends on understanding ,, (or
equivalently, understanding H,) for large n.



