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Abstract

We establish various small deviation inequalities for the extremal (soft edge) eigen-
values in the 8-Hermite and S-Laguerre ensembles. In both settings, upper bounds on
the variance of the largest eigenvalue of the anticipated order follow immediately.
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1 Introduction

In the context of their original discovery, the Tracy-Widom laws describe the fluctuations
of the limiting largest eigenvalues in the Gaussian Orthogonal, Unitary, and Symplectic
Ensembles (G{O/U/S}E) [23, 24]. These are random matrices of real, complex, or quaternion
Gaussian entries, of mean zero and mean-square one, independent save for the condition that
the matrix is symmetric (GOE), Hermitian (GUE), or appropriately self-dual (GSE). The

corresponding Tracy-Widom distribution functions have shape
Frw(t) ~ e as t — —00, 1— Fry(t) ~ e 3 as t — o0, (1.1)

where $ =1 in the case of GOE, § = 2 for GUE, and § = 4 for GSE.

Since that time, it has become understood that the three Tracy-Widom laws arise in a
wide range of models. First, the assumption of Gaussian entries may be relaxed significantly,
see [21], [22] for instance. Outside of random matrices, these laws also describe the fluctua-
tions in the longest increasing subsequence of a random permutation [2], the path weight in
last passage percolation [11], and the current in simple exclusion [11, 25|, among others.

It is natural to inquire as to the rate of concentration of these various objects about the
limiting Tracy-Widom laws. Back in the random matrix setting, the limit theorem reads:
with Apax the largest eigenvalue in the n xn GOE, GUE or GSE, it is the normalized quantity
nY(Amax — 24/n) which converges to Tracy-Widom. Thus, one would optimally hope for

estimates of the form:

P<)\max —2Vn < _5\/ﬁ> < Ce_n2€3/c, ]P()\max —2¢/n > 5\/ﬁ> < Ce—n53/2/6”

for all n > 1, all ¢ € (0,1] say, and C' a numerical constant. Such are “small deviation”
inequalities, capturing exactly the finite n scaling and limit distribution shape (compare
(1.1)). Taking € beyond O(1) in the above yields more typical large deviation behavior and
different (Gaussian) tails (see below).

As discussed in [14, 15], the right-tail inequality for the GUE (as well as for the Laguerre
Unitary Ensemble, again see below) may be shown to follow from results of Johansson [11] for
a more general invariant model related to the geometric distribution that uses large deviation
asymptotics and sub-additivity arguments. The left-tail inequality for the geometric model
of Johansson (and thus by some suitable limiting procedure for the GUE and the Laguerre
Unitary Ensemble) is established in [3] together with convergence of moments using delicate
Riemann-Hilbert methods. We refer to [15] for a discussion and the relevant references,
as well as for similar inequalities in the context of last passage percolation etc. By the
superposition-decimation procedure of [10], the GUE bounds apply similarly to the GOE
(see also [16]).



Our purpose here is to present unified proofs of these bounds which apply to all of the
so-called beta ensembles. These are point-processes on R defined by the n-level joint density:

for any 8 > 0,
1

P(A, Aoy .oy An) = [T = AelPem GroEia X (1.2)
Zn.p j<k

At 5 = 1,2,4 this joint density is shared by the eigenvalues of G{O/U/S}E. Furthermore,
these three values give rise to exactly solvable models. Specifically, all finite dimensional
correlation functions may be described explicitly in terms of Hermite polynomials. For this
reason, the measure (1.2) has come to be referred to the S-Hermite ensemble; we will denote
it by Hg. Importantly, off of 5 = 1,2, 4, despite considerable efforts (see [9], Chapter 13 for a
comprehensive review), there appears to be no characterization of the correlation functions
amenable to asymptotics. Still, Ramirez-Rider-Virag [19] have shown the existence of a
general # Tracy-Widom law, T'Wjg, via the corresponding limit theorem: with self-evident
notation,

1M (Amax (Hg) — 2v/n) = TWp. (1.3)

This result makes essential use of a (tridiagonal) matrix model valid at all beta due to
Dumitriu-Edelman [5], and proves the conjecture of Edelman-Sutton [6]. As to finite n

bounds, we have:

Theorem 1. Foralln>1,0<e<1andp > 1:
P(AmaX(Hﬁ) > 2v/n(1 + 5)> < CePne/C

and
P<)\max(Hﬁ> < 2\/%(1 — 5)) < 056*571253/07

where C is a numerical constant.

The restriction to § > 1 is somewhat artificial, though note that bounds of this type
cannot remain meaningful all the way down to f = 0. Our methods do extend, with some
caveats, to 0 < 1.

Theorem 1. When 0 < < 1 upper bounds akin to those in Theorem 1 hold as soon as
n > 2B7L, with the right hand sides reading (1 — e=#/C)"1e=Bn=""/C for the right tail and
Ce=P7*/C for the left tail. A right tail upper bound is available without the restriction on
n, but with the right hand side replaced by (1 — e=#*/C) 1= net2/C.

Our remaining results will have like extensions to § < 1. We prefer though to restrict
the statements to 5 > 1, which covers the cases of classical interest and allows for cleaner,

more unified proofs.



At this point we should also mention that for € beyond O(1), the large-deviation right-tail

inequality takes the form
P (max(Hj) > 2v/(1 +¢)) < Ce /€. (1.4)

For 8 = 1 and 2 this follows from standard net arguments on the corresponding Gaussian
matrices (see e.g. [15]). For other values of § (this again for 8 > 1), crude bounds on the
tridiagonal models discussed below immediately yield the claim.

Continuing, those well versed in random matrix theory will know that this style of small
deviation questions are better motivated in the context of “null” Wishart matrices, given
their application in multivariate statistics. Also known as the Laguerre Orthogonal or Uni-
tary Ensembles (L{O/U}E), these are ensembles of type X X* in which X is an n x k matrix
comprised of i.i.d. real or complex Gaussians.

By the obvious duality, we may assume here that k > n. When n — oo with the x/n
converging to a finite constant (necessarily larger than one), the appropriately centered and
scaled largest eigenvalue was shown to converge to the natural Tracy-Widom distribution;
first by Johansson [11] in the complex (8 = 2) case, then by Johnstone [12] in the real
(8 = 1) case. Later, El Karoui [7] proved the same conclusion allowing x/n — occ.

For f = 2 and & a fixed multiple of n, a small deviation upper bound at the right-tail (as
well as the corresponding statement for the minimal eigenvalue in the “soft-edge” scaling)
was known earlier (see [14, 15]), extended recently to non-Gaussian matrices in [8].

Once again there is a general beta version. Consider a density of the form (1.2) in which
the Gaussian weight w(\) = e /4 on R is replaced by w(\) = AB/2(s=ntD)+1 o=6/2 6y
restricted to R,. Here k can be any real number strictly larger than n — 1. It is when &
is an integer and § = 1 or 2 that one recovers the eigenvalue law for the real or complex
Wishart matrices just described. For general x and g > 0 the resulting law on positive points
A1, ..., Ay is referred to as the 3-Laguerre ensemble, here Lg for short.

Using a tridiagonal model for Lg introduced in [5], it is proved in [19]: for k+1 > n — oo
with k/n — ¢ > 1,

(v/wn)'/? < 2
VI (Ae(Lg) — ) =W, 1.5
This covers all previous results for real/complex null Wishart matrices. Comparing (1.3) and
(1.5) one sees that O(n?*?¢) deviations in the Hermite case should correspond to deviations of
order (kn)Y8(\/k + /n)*3c = O(k'/?n'/5¢) in the Laguerre case. That is, one might expect
bounds exactly of the form found in Theorem 1 with appearances of n in each exponent

replaced by £%4n'/*. What we have is the following.



Theorem 2. Forallk+1>n>1,0<e<1andp > 1:

372/ 1 A(r\1/4
P (huas(Le) = (Vi + VA1 +)) < Ce VM Gen () e,

and
31 K 1/2
IP’()\maX(Lg) < (VR + Vi) — 5)> < (e (A (2) /0

Again, C' is some numerical constant.

The right-tail inequality is extended to non-Gaussian matrices in [8]. The rather cumber-
some exponents in Theorem 2 do produce the anticipated decay, though only for ¢ < \/?”L_//i
For ¢ > m, the right and left-tails become linear and quadratic in e respectively. This
is to say that the large deviation regime begins at the order O(y/n/x) rather than O(1) as
in the S-Hermite case. To understand this, we recall that, normalized by 1/k, the count-
ing measure of the Lg points is asymptotically supported on the interval with endpoints
(14 4/n/k)?. This statement is precise with convergent n/r, and the limiting measure that
of Marcenko-Pastur. Either way, \/TL_//{ is identified as the spectral width, in contrast with
the semi-circle law appearing in the S-Hermite case which is of width one (after similar nor-
malization). Of course, in the more usual set-up when ¢;n < £ < ¢an (¢; > 1 necessarily)
all this is moot: the exponents above may then be replaced with —Bne®?/C and —pn?e3/C
for € in an O(1) range with no loss of accuracy. And again, the large deviation tails were
known in this setting for g =1, 2.

An immediate consequence of the preceding is a finite n (and/or k) bound on the variance
of A\pax in line with the known limit theorems. This simple fact had only previously been
available for GUE and LUE (see the discussion in [15]).

Corollary 3. Take > 1. Then,
Var |:>\max<Hﬁ)i| < Cp n~Y3, Var [)\max(LB)} < Cj kn /3 (1.6)

with now constant(s) Cy dependent upon 3. (By Theorem 1, the Hermite bound holds for
p <1 as well.)

The same computation behind Corollary 3 implies that

lim sup np/GEP\max(Hg) - 2\/5}10 < 00

n—o0

for any p, and similarly for Ay.x(Lg). Hence, we also conclude that all moments of the
(scaled) maximal Hz and Lg eigenvalues converge to those for the TWjy laws (see [3] for
B =2).

Finally, there is the matter of whether any of the above upper bounds are tight. We

answer this in the affirmative in the Hermite setting.
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Theorem 4. There is a numerical constant C so that

3/2

]P)<)‘max(H5) Z 2\/%(1 + 5)) Z C_BG—CBTLE 7

and
P<)‘max<Hﬁ) < 2\/5(1 — 5)) > C*ﬁ€*Cﬁn253'

The first inequality holds for alln > 1,0 < e <1, and 8 > 1. For the second inequality, the
range of € must be kept sufficiently small, 0 < e < 1/C say.

Our proof of the right-tail lower bound takes advantage of a certain independence in
the S-Hermite tridiagonals not immediately shared by the Laguerre models, but the basic
strategy also works in the Laguerre case. Contrariwise, our proof of the left-tail lower bound
uses a fundamentally Gaussian argument that is not available in the Laguerre setting.

The next section introduces the tridiagonal matrix models and gives an indication of our
approach. The upper bounds (Theorems 1, 1/, 2 and Corollary 3) are proved in Section 3; the
Hpg lower bounds in Section 4. Section 5 considers the analog of the right-tail upper bound for
the minimal eigenvalue in the S-Laguerre ensemble, this case holding the potential for some
novelty granted the existence of a different class of limit theorems (hard edge) depending
on the limiting ratio n/x. While our method does produce a bound, the conditions on the
various parameters are far from optimal. For this reason we relegate the statement, along

with the proof and further discussion, to a separate section.

2 Tridiagonals

The results of [19] identify the general 5 > 0 Tracy-Widom law through a random variational
principle:

2 (% S 2 2

Wy —suwp{ —= [ Pydva) - [ [(F@) + o @)]de 2.1)
VB Jo 0

feL

in which x — b(z) is a standard Brownian motion and L is the space of functions f which
vanish at the origin and satisfy [~ f?(z)dz =1, [;7[(f'(x))*+x f?*(x)]dz < co. The equality
here is in law, or you may view (2.1) as the definition of TWi.

This variational point of view also guides the proof of the convergence of the centered
and scaled A\pax (of Hg or Lg) to TWps. In particular, given the random tridiagonals which
we are about to introduce, one always has a characterization of \,., through Raleigh-Ritz.
In [19], the point is to show this “discrete” variational problem goes over to the continuum
problem (2.1) in a suitable sense. Furthermore, an analysis of the continuum problem has
been shown to give sharp estimates on the tails of the 5 Tracy-Widom law (again see [19]).

Our idea here is therefore retool those arguments for the finite n, or discrete, setting.
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We start with the Hermite case. Let g1, 9o, ... g, be independent Gaussians with mean
0 and variance 2. Let also xg, X238, - -, X(n—1)s be independent y random variables of the
indicated parameter. Then, re-using notation, [5] proves that the n eigenvalues of the random

tridiagonal matrix

a1 XB(n—1)
Xon-1) 92 Xp(n-2)

Sl

X2 In—-1 X3
XB gn

have joint law (1.2).! Centering appropriately, we define: for v = (vy,...,v,) € R",
H(v) = o'[Hg—2v/nl,]v (2.2)
n n—1 n
1 2, 2 2
= 5 gV, + —F XB(n—k)VkVk 1 —2v/n V-
VIR et Z 2V
The problem at hand (Theorem 1) then becomes that of estimating

]P’(l sup H(v) > \/ﬁé) and ]P’(| sup H(v) < —\/ﬁ&?), (2.3)

|v]l2=1 vf|l2=1

where we have introduced the usual Euclidean norm ||v||3 = > ;_, v7. To make the connec-

tion between H(v) and the continuum form (2.1) even more plain we have the following.

Lemma 5. For any ¢ > 0 define

n n—1
1 2
H.(v) = —=)) guvi+—= XB(n—k) — E(Xs(n—r)) | VrUk 24
(v) \/3; i \/Bk_l[ﬁ( ) = E(Xg(n-#)) ] vrvE11 (24)
n C n
Y ST e
k=0 \/ﬁk=1

in which it 1s understood that vg = v, 1 = 0. There exist numerical constants, a > b > 0, so
that
H,(v) < H(v) < Hy(v) for all ve R, (2.5)

granted 3 > 1.

We defer the proof until the end of the section, after a description of the allied Lg set-up.
The point of Lemma 5 should be clear: for an upper bound on the first probability in (2.3)

'For 8 = 1 or 2 this can be seen by applying Householder transformation to the “full” GOE or GUE
matrices, and appears to have been used first in a random matrix theory context by Trotter [26].
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one may replace H by H, with any sufficiently small b > 0, and so on. Lemma 5 also marks
our first run-in with issues surrounding 5 > 1 versus § < 1. An available extension to § < 1

reads:

Lemma 5. If 0 < 8 < 1, estimates of type (2.5) with numerical a and b hold whenever
n > 287t This condition on n may be removed in the upper bound at the cost of choosing

b = const. /2.

The model for Lg is as follows. For £ > n — 1, introduce the random bidiagonal matrix

X Bk
%ﬁ(n—l) XB(k—1)
Bﬁ = ’

Sl

%62 XB(k—n+2)
555 XB(k—n+1)

with the same definition for the x’s and again all variables independent. (The use of Y is
meant to emphasize this independence between the diagonals.) Now [5] shows that it is the
eigenvalues of Lg = (Bg)(Bs)" which have the required joint density.? Note that Lg does
not have independent entries.

Similar to before, we define
VEL(v) = (Lﬁ — (VE+Vn)*L,)v
= 5 Z Xkt 1)Uk T

2
B
The added normalization by /k makes for better comparison with the Hermite case. With

2 2
XB(n—k+1)Vk

™| =

k=2

n

n—1
ZX&(,@ )X Bk UkVk+1 — (VE +v/n)? Z V.-
k=1

k=1

+

this, and since kK > n— 1, to prove Theorem 2 is to establish bounds on the following analogs
of (2.3):
IP’( sup L(v) > \/ﬁé?) and IP’( sup L(v) < —\/ﬁg) (2.6)
| |

v]|2=1 vll2=1
Finally, we state the Laguerre version of Lemma 5. (We prove only the latter as they are

much the same).

Lemma 6. Forc > 0 set

n n n—1
LC<U> = L Z Zk’l)]z + L Z Z}{U% + i Z kakka
—c\/_z Vpy1 — Uk)? — Z kv,

20nce again, at 8 = 1, 2 this connection had been noted previously (via Householder), see [20] for example.
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where

1 ~ 1
Z, = 2 - —k+1 7, = —— (Y? — —k+1
k \/m (Xﬁ(n—k—H) B("{ + ))7 k \/m (Xﬂ(n—k“f'l) B(TL + ))’
1 - -
and Yy, = ﬁ(Xﬁ(ﬁ—k-l-l)Xﬁ(n—k) — E[X8(r—k+1)XB(n—k))) - (2.7)

Then, for all B > 1 there are constants a > b > 0 so that L,(v) < L(v) < Ly(v) for all
v e R™

Proof of Lemma 5. Writing,

n n—1
1 2
H(v) = ﬁ Vi + ﬁ Z (Xﬁ(n—k) - E[X,B(n—k)])vkvk+l
k=1 k=1
-1

~SE]

3

XB(n—k)

\/B ](UkJrl - Uk)

=3 (V=B + o) = VA ed + o)

shows it is enough to compare, for every v,

i ﬁ‘
|
— =

I(v) = \/ﬁi(vkﬂ — )+ L Z kv?

and
n—1 n—1

J(v) = ;E[X%%kﬂ — ) + Z (Vi — E[’“(}ﬁ‘“n(vz + k).

(We implicitly assume here that n > 1; for n = 1 there is nothing to do.) For this, there is

the formula Ey, = 2/ 2L(r/2+1/2) By Jensen’s inequality we have the upper bound Ex, < /r

I(r/2)
Ex, > +/r—1/2, forr>1, (2.8)

for any r > 0, while

see (2.8) of [17].

These bounds easily translate to

k 1 2k
K e — <L -
N vn \/BEXB(n—k) < (2.9)

i

forall k <m—1and g > 1. It is immediate from the second inequality that J(v) < 41(v) for
every v. Next, if k <n/2, Elxgun-k/VB] > v/n/4 while if & > n/2, /i — Elxgtn-i)/VB] >
v/n/4. By splitting J(v) accordingly one can also see that J(v) > I(v)/16. O



Proof of Lemma 5. The issue is the lower bound (2.8). For r < 1 this may be replaced by

Exy > ———,
vV1i+r

valid for all 7 > 0 (this is due to Wendel, see now (2.2) of [17]).
In bounding J(v) above, it is the second inequality of (2.9) that is affected for B(n—k) < 1.
We still wish it to hold, with perhaps the 2 replaced by some other constant C. That is,

making use of (2.10) we want a constant C' so that

(2.10)

\/ESC\/EjLﬁ(n—k)(\/LQ_B_%)’

and we can take C' =1 if n > 2871,

For the lower bound on J(v), note that E[xgm—r)/vB] > v/n/4 for k < n/2 still holds
(i.e. we can still use (2.8)) when n > 237! and so everything is as before. On the other
hand, (2.10) provides E[xgm—k)/vB] > (v/3/2)y/n on that same range, and so we always
have J(v) > bI(v) with b ~ /3. O

3 Upper Bounds

Theorems 1 and 2 are proved, first for the S-Hermite case with all details present (and com-
ments on Theorem 1’ made along the way); a second subsection explains the modifications

required for the -Laguerre case. The proof of Corollary 3 appears at the end.

3.1 Hermite ensembles

Right-tail. This is the more elaborate of the two. The following is a streamlined version

of what is needed.

Proposition 7. Consider the model quadratic form,

Hy(v,z) = % ; 208 — by/n ;O(Uk+1 —0)? — NG Z kg, (3.1)

for fixzed b > 0 and independent mean-zero random variables {zx}r—1. » satisfying the uni-
form tail bound E[e**] < e for all A € R and some ¢ > 0. There is a C = C(b,¢) so
that

]P’( sup Hy(v,z) > 5\/ﬁ> <(1- 6_6/0)_16_6n83/2/0

[[o]l2=1

for all e € (0,1] and n > 1.
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The proof of the above hinges on the following version of integration by parts (as in fact

does the basic convergence result in [19]).

Lemma 8. Let sq,589,...,Sk, ... be real numbers, and set Sy = z];:l se, So = 0. Let further
t1,...,t, be real numbers, to =t, 1 = 0. Then, for every integer m > 1,
n 1 k+m—1
Z Sty = ; Sktm—1 — Sk—1]tx + kz_o (E ; [Se — Sk]) (tht1 — tr).

Proof. For any Ty, k =0,1,...,n, write

n

Z Spty = Z Sk(te — tes1)
k=1

k=1
n

= Z[Tk — S)(trgr — ti) ZTk the1 — t)

k=0
= Z[Tk — Sk) (k1 — tr) + Z[Tk — T ]ts
k=0 k=1
Conclude by choosing T, = + Zk+m 1S, k=0,1,...,n. O

Proof of Proposition 7. Applying Lemma 8 with s, = 25, and t; = v} (bearing in mind that

Vg = U1 = 0, and we are free to set sp =0 for £ > n + 1) yields

n k+m—1

> avp < —Z|5k:+m 1 — Sk- 1|Uk+z< Z S — 5k>|%+1 vi
k=1
S EZAm( —1 Uk+ZA |vk+1+vk||vk+1—vk\
k=1
where
Ay (k) = polEx |Sp — Sk|, for k=0,...,n. (3.2)

Next, by the Cauchy-Schwarz inequality, for every A > 0,

n

RS 2 IR 2 - 2 1 2 2
20y < Ap(k—Dvi + A Y (g1 —vp)* + A (k) (vgs1 + i)~
\/Bkz:; ok m\/ﬁkz:; k Z kLT Tk 4)\52 k+1 T Uk

k=0 k=0

Choosing A = by/n we obtain

sup Hy(z,v) < max Ap(k —1) + Ak = 1)% + A (k)?] — —) (3.3)

1 1
o] l2=1 1<k<"(m\/3 2bv/nf3 :
And since whenever (j —1)m+ 1<k < jm, 1 <j <[n/m]+ 1, it holds
A (k) V A (k = 1) <209, ((7 — 1)m),

11



we may recast (3.3) as in

sup Hy(z,v)

llv]l2=1

Ao ((j — 1)m)* -

Ao (G — Dym) + bw).

4
1< fml+1 ( VB byv/np vn

Continuing requires a tail bound on A, (J) for integer J > 0. By Doob’s maximal

inequality and our assumptions on z, for every A > 0 and ¢ > 0,

]P)( max Sy > t) < e_AtE [6)\52’"} < 6—At+2cm)\2'
1<e<2m

Optimizing in A, and then applying the same reasoning to the sequence —S, produces

IP’< max |S;| > t) < 2t/ 8em,

1<0<2m
Hence,

P(Agm(J) > t) < 9 t/8em (3.4)

for all integers m > 1 and J > 0, and every ¢ > 0.
From (3.4) it follows that

P<1<]<[n/ml+1 (mff Ao ((j — 1)m) — [b(j —Q%H 1]) . 8\2/ﬁ> (3.5)
[n/m)+1  1ym o/
<% P (G- 2 M )

IN

~ 128¢

2[n§+lexp< Bm [b[(j —1)m +1] +5\/ﬁ]2>7

and similarly

P<1Sjgﬂ%ﬁ]+1<b\;;ﬁ Ao (G — 1ym)? — bl(j —1)m + 1]) > 5\2/ﬁ> (3.6)

S 2n/zm:+1exp< ﬁb\/_[ [(F — )m+1]+€\/ﬁ}).

64cm

Combined, this reads

]P’( sup Hy(z,v) > s\/ﬁ) (3.7)

[[o]l2=1

2 2 2
—Bmne=/128¢ —Bben/64cm
< (1 - e—ﬁsbm2/64c>€ T <1 _ 6—6b2/64c)e )

which we have recorded in full for later use. In any case, the choice m = [¢71/2] will now

produce the claim. O
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We may now dispense of the proof of Theorem 1 (Right-Tail). Before turning to the
proof, we remark that if € > 1, one may run through the above argument and simply choose
m = 1 at the end to produce the classical form of the large deviation inequality (1.4) known
previously for g =1, 2.

We turn to the values 0 < ¢ < 1. The form (2.4) is split into two pieces,

Hy(v) = Hyj2(v, g) + f{b/2(v> X);

Proposition 7 applying to each.

The first term on the right is precisely of the form (3.1) with each z, an independent
mean-zero Gaussian of variance 2, which obviously satisfies the tail assumption with ¢ = 1.
The second term, fIb/g(v, X), is a bit different, having noise present through the quantity
ZZ:(XB(n—k) — EXB(n—k))UkUk+1. But carrying out the integration by parts on t; = vk
(and si = Xam—k) — Exgm-r)), will produce a bound identical to (3.4), with an additional
factor of 2 before each appearance of A,,,. Thus, we will be finished granted the following
bound.

Lemma 9. For x a x random variable,
E[e*] < N2 for all X € R. (3.8)

Proof. When the parameter r is greater than one, this is a consequence of the Log-Sobolev
estimate for general gamma random variables. The density function f(z) = e Le™™/2 on
R, satisfies (log f(x))” < —1 (if » > 1) and so the standard convexity criterion (see e.g.
[13]) applies to yield a Log-Sobolev inequality (with the same constant as in the Gaussian
case). Then the well known Herbst argument gives the bound (3.8).

For r < 1 set ¢(\) = E[e™] and first consider A > 0. Differentiating twice, then
integrating by parts we have that

¢"(A) = Ag'(A) +ro(N),

subject to ¢(0) = 1, ¢'(0) = Ex := e, for short. Note of course that ¢"(0) = r = Ex?, and

now integrating twice we also find that: with 1(\) = e **/2¢(\) and § = = <1,

Y\ = 1+e)\+/A(r)\—(1+r)t)w(t)dt

A
< 1+e)\+r6/ () — £)0b(01) dt.
0

Next, by the inequality —— < ¢ already used above (proof of Lemma 5') we can continue

the above as in ¥(A\) < 1+ e\ + ¢2 fOA()\ — t)9(0t)dt. Tterating, we get a next term which
reads

¢? /t(t —5)(1 + ¢fs)ds < ¢? /t(t —5)(1 +es)ds = &*(1?/2) + ¢3(t3/6),

13



and this easily propagates to complete the proof (which actually works for all r).

To prove (3.8) for A < 0 set ¢(\) = Ele X (viewing A as nonnegative), and the ba-
sic differential equation becomes ¢"(\) = =A@’ (A) + ro(N). With p(A) = ¢'(N)/@(N) this
transforms to p'(\) = —p?(A) — Ap(A) + r. Just using p'(A) < —Ap(\) + r we find that

A
p<>\) S p(O) +T€_>\2/2/ 6t2/2dt S —¢ +TA7 or ¢()\) S 6_8)\4_71)‘2/27
0

which is what we want (when of course r < 1). O

Remark. For Theorem 1’ simply examine (3.7) to note the new form of the constants, with

b dependent on [ for the second part of the statement.

Left-Tail. This demonstrates yet another advantage of the variational picture afforded by
the tridiagonal models. Namely, the bound may be achieved by a suitable choice of test

vector since

]P’( sup H,(v) < —26\/58) < ]P’(Ha(v) < —2C+/ne HUHE)

|lv]l2=1

for whatever {vj}r=1.., on the right hand side. This same idea was used in the large

77777

deviation estimates for TWj in [19]. (Here have thrown in the additional constant 2C' for

reasons that will be clear in a moment.) Simplifying, we write

P(Ha(v) < —20ie |lo]]}) (3.9)
< P(Hulv.g) < ~Cvieloll}) + B(x(v) < ~Cvie|loll),

where in H,(v, g) we borrow the notation of Proposition 7 and

n—1
2
X(U) = —5 (Xﬁ(n—k) - EXﬁ(n—k))Ukvk—f—l-
k=1
Focus on the first term on the right of (3.9), and note that
P(Ha(v,9) < —Cv/ne |lo]]3) (3.10)
2 o~ 4\ 1/2 - < a &
SR (ED YRRV S SV SNBSS 5
k=1 k=1 k=0 "=

with g a single standard Gaussian. Our choice of v is motivated as follows. The event in
question asks for a large eigenvalue (think of \/ne as large for a moment) of an operator

which mimics negative Laplacian plus potential. The easiest way to accomplish this would

14



be for the potential to remain large on a relatively long interval, with a flat eigenvector

taking advantage. We choose

k k
vy = — A (1 — —) for £ < ne and zero otherwise, (3.11)
ne ne
for which
n n n 1 n
2 4 2 2 2.2
,;:1 Ui ,;:1 U ~ NE, kE:O (Vg1 — k) — an kEZI v ~ ne (3.12)

(Here a ~ b indicates that the ratio a/b is bounded above and below by numerical constants.)
Substitution into (3.10) produces, for choice of C' = C(a) large enough inside the probability
on the left,

]P’(Ha(v,g) < —Cv/ne HvH;) < e PN for ned? > 1.

The restriction of the range of € stems from the gradient-squared term; it also ensures that
en > 1 which is required for our test vector to be sensible in the first place.

Next, as a consequence of Proposition 9 (see (3.8)) we have the bound: for ¢ > 0,

P(r(0) < = o]) < o - 5(2) / 82) (313

With ¢ = C'y/ne and v as in (3.11), this may be further bounded by e=#"*¢*/¢_ Here too we
should assume that ne®/2 > 1.

Introducing a multiplicative constant of the advertised form C® extends the above bounds
to the full range of € in the most obvious way. Replacing € with £/2C' throughout completes
the proof.

Remark. With the exception of the restriction on n, nothing changes for the related con-

clusion in Theorem 1’.

3.2 Laguerre ensembles

Right-Tail. We wish to apply the same ideas from the Hermite case to the Laguerre form
Ly(v) (for small b). Recall:

n n n—1
1 1 ~ 2
Lb(U) = ﬁ E Zkvﬁ + ﬁ E Zk’l)z + ﬁ E Yk’ljk+1’0k (314)
k=1 k=2 k=1

n 1 n
—b\/ﬁ Z(U}c+1 — Uk)Q — b% Z kv,%
k=0 k=1

Here, Zy, Zk and Y} are as defined in (2.7), and the appropriate versions of the tail conditions

for these variables (in order to apply Proposition 7) are contained in the next two lemmas.
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Lemma 10. For x be a x random variable of positive parameter,
E[eM] < B0 for 4l real A < 1/4.

Proof. With r = E[x?] > 0 and X < 3,

B[] = (1 —12A>T/2'

Now, since = > —% implies log(1 + z) > x — 22, for any \ < % the right hand side of the

A2)2)

above is less " as claimed. OJ

Lemma 11. Let x and X be independent x random variables. Then, for every A € R such
that |\| < 1,

= 1 A2
]E[e’\(xx E[Xﬂ)} < Ve exp (2(1 ) [EX]* +E[X)* + QAE[X]E[)HD
Proof. For |A| < 1, using inequality (3.8) in the Y variable,
E[e™X] < E[e/\E[fdxH\QxQ/Q} :/ E[GA[E(%HS}X} dr(s)
where 7 is the standard normal distribution on R. Now, for every s, with (3.8) in the x
variable,
E[QA(E(%HS)X] < AERIHEN I ER]+5]2/2
The result follows by integration over s. O]

What this means for the present application is that

E[e*2H], E[eﬁk] < e? for all real A < VB[4, (3.15)
and
E[eM*] < 2¢'" for all real A with |A| < v/Br/2v/2. (3.16)

To proceed, we split L,(v) into three pieces now, isolating each of the noise components,
and focus on the bound for supy,,—1 Ly3(v, Z) (the notation indicating (3.14) with only the
Z noise term present). One must take some care when arriving at the analog of (3.4). In
obtaining an inequality of the form P(A,,(J,2) > t) < Ce=**/C we must be able to apply
(3.15) (and (3.16) when considering the Y noise term) with A = O(¢/m). But, examining
(3.5) and (3.6) shows we only need consider t’s of order \/B(y/n + \/ke)m. Thus we easily
get by via

IP’( sup Ly(v) > \/Eg) < C’IP’( sup Lyjs(v, Z) > \/Eg/c) (3.17)
[[v]l2=1 ||v]|2=1
C 2 C
< —Brme*/C —Bvkne/Cm
- <1_6—65\/Em2/0>e +<1—67ﬁ/0>6 ’
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with C' = C(b), compare (3.7). Setting m to be the nearest integer to % (%)1/4 puts

both exponential factors on the same footing, namely on the order of e~ AR IC and

removes all €, k, and n dependence on the first prefactor. Certainly the best decay possible,
but requires € < y/n/k. Otherwise, if ¢ > y/n/k, we simply choose m = 1 in which case the
second term of (3.17) is the larger and produces decay e PVie/C - Happily, both estimates

agree at the common value € = y/n/k.

Remark. That Lemma 11 holds for chi’s of any parameter will allows an extension to 5 < 1
in the same spirit as the Hermite case, granted working out a Lemma 6’ standing in the

same relationship as Lemma 5 does to Lemma 5.

Left-Tail. It is enough to produce the bound for P(L,(v, Z) < —C\/kel||v||3) for large a,
given v € R" and a C = C(a) as in the Hermite case. Indeed, (3.15) and (3.16) show that
La.(v,Z) and Ly (v,Y) will follow suit.

We have the estimate

P(La(v, 2) < ~C/relul3) (3.18)
= P(X (=2t = VB [CVEzIlol 3 — av/al[ Vol — (a/v)IVE0E] )
k=1
2 2 212
< exp ( e [CV/kel|v]]3 a\/ﬁllwllf1 (a/vn)|[VEv|[3] )
8|[v]l3
Here we have introduced the shorthand
Iollf =D v [IVoll3 = (v — ), [VEo|l3 =Y ko, (3.19)
k=1 k=0 k=1

and have also used the fact that (3.15) applies just as well to —Z. In fact, the sign precludes
any concern over the required choice of A\. For the Y-noise term, care must be taken on this
point, but one may check that all is fine given our selection of v below.

For the small deviation regime, we use a slight modification of the Hermite test vector
(3.11), and set

Vg = <ik> A (1 - ik) with § = (n/k)"/?
ne ne

for k < ne/§ and vj, = 0 otherwise. This requires ¢ < § = (n/x)'/? in order to be sensible,
and produces the same appraisals for |[v|[3, [|v][2, [|V||3, and [|vEv||3 as in (3.12), with each
appearance of € replaced by £/4. Substitution into (3.18) yields

£313/2,1/2

P(Lal0,2) < ~CvRelolR) < exp (- (@t - 0ty o] ).

17



For ¢ > \/n/k, notice that the particularly simple choice of a constant v gives

]P(La(l, Z) < —C\/EeHng) < exp(—(ﬁ/8)/m52[0 — (2a/n) — a]Q).

Combined, these two bounds cover the claimed result, provided that x3/2n!/2¢% is chosen

larger than one in the former. Extending this to the full range of ¢ and all remaining

considerations are the same as in the Hermite setting.

3.3 Variances

We provide details for Ayax(Hp), the Laguerre case is quite the same. (Neither is difficult.)
Write

Var [Amax(Hp)] < n/OOO]P’ ([Amax(Hg) — 2v/n| > v/ne) de?

and then split the integrand in two according whether A\ < 24/1 or Apay > 24/

First note that our upper bound on the probability that Ap.(Hs) — 2v/n < —y/ne
applies to any € = O(1). Further, from the tridiagonal model we see that Ap.x stochastically
dominates (1/+/8) maxj<k<, gx. Hence, for § > 0 we have the cheap estimate P(Apax(Hg) <
—0y/n) < e P and thus

P ()\max(Hﬁ) - 2\/5 S —\/ﬁg) S C,B e—,BTLZ(E?’/\E?)/C

for all € > 0. This easily produces

(/ /> (Amax(Hg) — 2¢/n < —y/ne) de* < Cgn™

For the other range, recall that we mentioned at the end of proof for the right-tail upper
bound that the advertised estimate is easily extended to the large deviation regime (cf. (1.4))

to read
P (Amax(HB) — 2\/% Z \/EE:) S CIB 671871,(53/2\/62)/0'

This results in

(/ / ) Amax(Hg) — 2¢/n > /ne) de* < Cgn™*

and completes the proof.
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4 (Hermite) Lower Bounds

Right-Tail. This follows from another appropriate choice of test vector v. To get started,

write

P<| sup H(v) = Ve ) = P(Ha(v) = vz |lo] ) (4.1)

|v]|l2=1

v

P(H,(v,9) = 2v/ne ||ol3) B(x(v) < vz [lv]13).

Here, as before, x(v) = (2/v/B) X32; (Xsm—k) — ElXam-—r)])kvrt1-
Our choice of v is arrived at by examining the first factor above: with, as in the left-tail

upper bound, a standard Gaussian g,

P(Ha(v. g) > 22/ |[v]})
— P((% iv,%)mg > 2v/ne ivi + a\/ﬁi(vkﬂ —v)? + % i kv,%)
k=1 k=1 k=0 k=1
Now the intuition is that the eigenvalue (of a discretized —d?/dx?+ potential) is being forced
large positive, so the potential should localize with the eigenvector following suit.

Let then
vp = Vek A (1 —+ek) for k < £71/2 and otherwise 0,

where we will assume that n > e73/2 > ¢=1/2. With these choices we have

1 1
— IV]|2 ~ VE, ||VEkv|2 ~ =,
\/g || ’U||2 \/g H U||2 c

(recall the notation from (3.19)) and thus the existence of a constant C' = C(a) so that

1
P(H,(v.9) > 2e/m|[o]) > & e,

Similarly, returning to the second factor on the right hand side of (4.1) and invoking the

[1o[l3 ~ [lvlli ~

estimate (3.13) we also have

—Bned/?
P(x(v) = Vel ) < e/

for the same choice of v. And granted ne®? > 1, it follows that P(x(v) < v/ne||v||3) >
1 — e~ Y€ throughout this regime. That is,

1
]P’( sup H(v) > \/ﬁ€> > - e~ CPn’” whenever ne¥/? > 1.
[[v]l2=1

When ne’/? < 1, write

1 1 B 3/2
P(sup H(v 2\/56>ZIP<sup H(v Z\/ﬁ5>2 > o Cpine ’
l[v]l2=1 ) I|v]]2=1 (v) 0 CePC = CefC

where g = n~2/3 < 1 to produce the advertised form of the bound for all n and «.
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Left-Tail. This relies heavily on the right-tail upper bound. The first step is to reduce to
a Gaussian setting via independence: for whatever b > 0,

P( sup Ha(v) < —vine) = P( sup Hy(v,g) < ~2v/ne) P( sup Hy(v,x) < Vie).

[[o]l2=1 [[o]l2=1 [[v]l2=1

Here we also use the notation of the proof of Theorem 1 (right-tail), from which we know
that
P( sup Hy(v, x) > x/ﬁg) < Qe e,

llvll2=1
(As B > 1 we are simply dropping it from the exponent on the right at this stage.) Hence,

if as we regularly have start with an assumption like ne®? > C? > 1, it follows that

P( sup Hy(v) < —vnz) = (1— e P( sup Hy(v,g) < —2v/ne).

[[v]|l2=1 [[o]l2=1

Turning to Hy(v,g) we make yet another decomposition of the noise term. Let L be an
integer (1 < L < n) to be specified. Set S, = %Zle gk, and

1
nk:gk—zSLfor1§k§L,nk:gkforL<k§n.

Note that the family {ny }r—1 ., is independent of Sy,. If the procedure of Proposition 7 could

—ns3/2/C (

be applied to Hy(v,n), we would have an event of probability larger than 1—Cle again

we simply drop the beta dependence at this intermediate stage) on which

RS 2 - 2 b N~ ~
— anvk —by/n Z(vkﬂ — )" — ——= Z kv < \/ﬁez%. (4.2)
VB k=1 2Vn i k=1

Since we are still working under the condition ne3? > (€2, this is to say that there is an

event of probability a least 1 — 1/e, depending only of the n;’s, and on which

L n n
1 b
Hb(U,g) < _SLZUIz - _Zkvl% + \/5622}137
\/B k=1 Qﬁ k=1 k=1

for every v € R". If we now choose L 4+ 1 > 6ne/b, we have further

L L n
1
Hy(v,g) < —SLZUZ—F\/ﬁeZvi—Q\/ﬁs Z V3
VB k=1 k=1

k=L+1

on that same event. Note this choice requires ¢ < b/6; it is here that the range of valid
epsilon gets cut down in our final statement. In any case, putting the last remarks together

we have proved that

IP( sup Hy(v,g) < —2\/ﬁg> >(1—e P (SL < -3 nﬁe)

v][2=1
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and so also )
P( sup Hayy(v) < — ns) > — O
[o]la=1 c
again under the constrains ne®? > C? and € < b/6. The last inequality follows as Sy, is a

mean-zero Gaussian with variance of order (ne)~!.

The range ne? < C? is handled as before,

]P)(Hfluzlil Hop(v) < —\/ﬁg> > P(Hzlllzzl Hop(v) < \/ﬁeo> P 205 > 0;05 e—Cﬁn%?”
where g9 = (C2?/n)%3. As gy must lie under b/6, this last selection requires n > (6/b)%2C?,
but smaller values of n can now be covered by adjusting the constant.

It remains to go back and verify that P(supy,,—y H(v,1) > v/ne) < Ce="*/C The only
reason that Proposition 7 cannot be followed verbatim is that the n;’s are not independent,
the first L of them being tied together through S;. We need the appropriate Gaussian tail
inequality for the variables

Ak, m) max

k<f<k+m

Y

>

and, comparing with (3.4), shows that an estimate of type P(A,,(k,n) > t) < Ce **/Cm
suffices. But

L

¢
an:Zgj+(€AL—kAL)SL,
=k

and so
P(Am(k,n) >t) <P(An(k,g) > t/2) + P(mS, > t/2).

The first term we have already seen to be of the required order, and the second is less than
e L*/8m* " Since we only apply this bound in the present setting when L = Cne > Ce~ /2
and m = [¢71/?] (the choice made in Proposition 7), we have that P(mS, > t/2) < e=*/¢™

and the proof is complete.

5 Minimal Laguerre Eigenvalue

While not detailed there, the results of [19] will imply that

kn)/3
(\/(E\/__—\}ﬁ)zl/:’)((\/_ —Vn)* - /\min(LB)> = TWs, (5.1)

whenever k,n — oo,k/n — ¢ > 1. This appraisal was long understood for the minimal
eigenvalue of L{O/U}E, and has recently been extended to non-Gaussian versions of those

ensembles in [8]. The condition x/n — ¢ > 1 keeps the limiting spectral density supported

21



away from the origin, resulting in the same soft-edge behavior that one has for Ay... If
instead k — n remains fixed in the limit, one has a different scaling and different limit law(s)
for Anin, the so-called hard-edge distributions. Granted the existence of the “hard-to-soft
transition” for all 8 > 0 (see [4] and [18]) it is believed that (5.1) holds as long as Kk —n — oo,
but (to the best of our knowledge) this has not been explicitly worked out in any setting.
We only consider the analogue of the right-tail upper bound for A,;, and have the fol-

lowing.
Theorem 12. Let > 1 and kK > n+ 1. Then,
P()\min(Lﬁ) < (\/__ \/5)2(1 . 8)) < Ce—ﬁ(nn)l/‘l(\f—\/ﬁ)e?’p/c*, (5.2)

for a numerical constant C' and all 0 < & < \/Z(a A a®n=?/%) in which o =1 — \/n/k.

According to (5.1), the deviations are of the order of (v/kn)/3(\/k — /n)?/3¢, which ex-
plains the exponent in (5.2). Our condition on ¢ is certainly not very satisfactory, although
still sensible to the fluctuations in (5.1). One would hope for the range of € to be understand-
able in terms of the soft/hard edge picture — what we have here arises from technicalities.
On the other hand, if we place an additional, “soft-edge” type, restriction on x and n, we

obtain a more natural looking estimate.

Corollary 13. Again take § > 1, but now assume that k > cn for ¢ > 1. The right hand
side of (5.2) may then be replaced by Cle=Pne*’?/C for a C = C(c), with the resulting bound
valid for all 0 < e < 1.

The last statement should be compared with Corollary V.2.1(b) of [8], which applies to
classes of non-Gaussian matrices.

As to the proof, we proceed in a by now familiar way. We first set
VAL@) = o' (Vi = Vi) = Ly)v.
Then, after a rescaling of €, we will prove the equivalent

P( sup L(v) > 044/3\/ﬁé> < Ce /€ for & < min(a™/?,a¥3n?%).
[[ol]=1

Similar to the strategy employed above, a series of algebraic manipulations shows that we

can work instead with the simplified quadratic form

n n n—1
KW = ZY 2+ STt S (Kuna (53
k=1 k=2 k=1
n—1
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(The condition k > n + 1 in Theorem 12 is used in passing from L to L'.)

We remark that under the added condition x > cn for ¢ > 1, a is bounded uni-
formly from below and ﬁE[XB(H_kH)SZB(n_k)] is bounded below by a constant multiple
of v/n — k. Hence, the deterministic part of L’ is bounded above by a small negative mul-
tiple of /i S p— (Vg1 + vg)? + \/Lﬁ > p_, kvi. The proof of Corollary 13 is then identical to
that of the right-tail upper bound for Ayax(Lg).

Back to Theorem 12 and a’s unbounded from below, we begin by rewriting the noise

term in L' as times
\F

n n—1
Z( Zk Uk + Z Zk Uk + 2 Z Yk ’Uk’Uk+1
k=1 k=1
n _ n—1
= > (Ui + Z(—Z@(vi —vi1) + D (Ya) vk (vrgr + vr),
k=1 k=2 k=1
in which
Uy = —— | Otatersny = Xotn)* — E[(Xs(eken) = Xow#)?] |, k=1,....m
\/ﬁ ) ) 1y

(with the convention that o = 0). The idea is the following. For moderate k, Var(Uy) =
O(a?), and thus it is this contribution to the noise which balances the drift term \";—% Son_, kvt
Also, one may check that in the continuum limit the optimal v is such that vy + v, 1| = o(1),
and so the Z and Y terms should “wash out”.

We complete the argument in two steps. In step one, we simply drop the Z and Y terms
and apply the method in Proposition 7 to the further simplified form

n—1

]E (k— n—
L('U, U \/_ Z Uk Z Xﬁ k+1)Xﬁ( k)] (U]g+1 + Uk . Z k?'Uk (54)

k=1

Even here we loose a fair bit in our estimates (resulting in non-optimal on ¢) due to the
variable coefficient in the energy term. Step two shows that, under yet additional restrictions
on ¢, the Z and Y noise terms may be absorbed into L(v, U).

Step 1. We wish to prove P(sup, = L(v,U) > a3\ /ne) < CePr="?/C for some range
of ¢ > 0. (The optimal range being 0 < & < (k/n)Y2a?3.) A first ingredient is a tail bound

on the Uy variables, for which we first bring in the following.

Lemma 14. (Aida, Masuda, Shigekawa [1]) Given a measure n on the line which satisfies

a logarithmic Sobolev inequality with constant C > 0, there is the estimate

/e/\(FzE[Fden < 28ONEER yhenever |A| < T6c

for any 1-Lipschitz function F.
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As a consequence, we have that:

Corollary 15. Let x and X be independent x random variables (each of parameter larger
than one) and set U = (x — X)* and 0 = E[x — X]. There exists a numerical constant C' > 0
such that

E[BA(UAEU)] < 06002,\2

for all real X € (=1/C,1/C).
Indeed, by the general theory (see Thm. 5.2 of [13] for example) the distribution of the

pair (x,x) on R, x R, satisfies a logarithmic Sobolev inequality. The lemma then applies

with F(z,y) = x — y. In our setting, we record this bound as
E[e*U+] < CeC%Y for |A| < v/Br/C and o7 = E[U,)?.

We make no effort to extend matters to x’s of parameter less than one as would be needed
to consider < 1.
Picking up the thread of Proposition 7, the variable coefficient in the energy term of

L(v,U) is dealt with by applying the Cauchy-Schwarz argument with A = \; defined by

EX8(x—k+1)XB(n—k)]

PVE

compare (3.3). Schematically, we are left to bound

)\k: ,kzl,...,n—l, (55)

[n/m] 02

3 p(m%ﬁam(jm, U)v ﬁAm(y‘m, Uz TogmtcatVa) o (56)
i=1 m

for our choice of integer m. The A,,(-,U) notation stands in analogy to that used in Section
3. Note we have taken the liberty to drop various constants and shifts of indices in the above
display (which are irrelevant to the upshot).

Here the dependence of o5, and A, on the relationship between n and k comes into
play. While at the top of the form everything works as anticipated, these quantities behave
unfavorably for k near n. For this reason we deal with the sum (5.6) by dividing the range

into j < n/2m and j > n/2m with the help of the appraisals:

(5.7)

N Ca?, 1<k<n/2, Vn/C, 1<k<n/2,
or < Ak >
C, n/2<k<n. avVn—k, n/2<k<n.

Restricted to j < n/2m (and hence substituting o3, = Ca?, \j,, = v/n/C), the sum
(5.6) can be bounded by Ce=#="*/C upon choosing m = [e=*/2a~2/3]. This holds for all

values of € so long as the choice of m is sensible, requiring that € > a~%3n~2. But this is
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ensured if & > n + 1 and €%/?n > 1 (the former having been built into the hypotheses and
the latter we may always assume).

On the range j > n/2m the ¢ term on the right hand side within the probabilities is of
no help, and we use, along with o3, < C and A, < ay/n — jm/C, the crude estimates

Z IP)(A ]m U \/_O[ m2 .] ) < C Z €*5m3a4j2/0n

n/2m<j<n/m j>n/2m
_9 _4 _ 4
< Cm 2 —4 e Bmao n/C,

and

Z P(Am(]m’ U)2 > ﬁOZQTfL)\ij) < C Z —/304 (n/m)1/251/2/C
\/ﬁ 1<j<n/2m

< C(1+ (m/na®)) =P n/m)'2/C

n/2m<j<n/m

~1/2=2/3] being fixed, we can bound each of the above by the desired

20/3
Y

The choice of m = [e
Ce=Pne*/?/0 only by restricting € to be sufficiently small. The first estimate requires ¢ < «
the second requires in addition that ¢ < a8/3n=2/5 (and again uses ned/? > 1).

In summary

IP’( sup L(v,U) > oz4/3\/ﬁe> < CePr?IC i g < e < min (a2, a8/3n=%/5). (5.8)

|lvf]=1

It is perhaps worth mentioning here that the bounds on )\, and o} for the range k > n/2
introduced in (5.7) may be improved slightly, though not apparently with great effect on the

final result.

Step 2. To absorb the Z,Y noise terms, we show that L'(v) < L(v,U) + &(Z,Y,v)
with a new form f/(v, U) comparable to L(v,U), and an “error” term &£ for which we have
P(E > a'3\/ne) < Cle=P="?/0 gt least for some range of ¢ > 0. What follows could almost
certainly be improved upon.

Define, for k=1,...,n —1:

1 1 ok
ak:L—l)\kforkgo/ln, ak——a—fork>an

16 v/n

(Recall the definition of Ay from (5.5).) Then, an application of the Cauchy-Schwarz in-
equality yields: for all v of length one,

72
Zk—i—l

J_E: Zk Uk1 E:Akwﬂ4ﬂ% }: %+H£E§15%

A similar estimate applies to ZZ; Yivg(vgs1 — k). Accordingly,

= Z?H Yk2
L'(v) < L(v,U) + max max
1<k<n—1 fBap — 1<k<n—1 [Bay
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with

L(U U \/_Z Uk Z/\k Vg1 +Uk 2\/_Z/€Uk

Obviously, the arguments of step 1 apply to L(v, U).
Finally, with W}, either Zkﬂ or Y;, Lemmas 10 and 11 imply that

P( max W >ga4/3\/_> <CZ —ﬂ€a4/3ak/C

1<k<n— 15ak —

provided say ¢ < 1. Since it may be assumed that o < 1/2 (otherwise we are in the easy
regime covered by Corollary 13), we have the bound a = A\, < 1/n/C for k < a'n < n/2
and so also .

Z p—eat/?v/nay/C < oin e~ Peat/Pn/C WLO/S e—ﬁeoﬁz’/?’n/c7

k=1

4 4

by considering the sums over k < a’n and k > a'n separately. If now ¢ < o*/3 (still
keeping in mind that £¥/2n > 1), the right hand side is less than Ce=#"<"*/C Adding this

new constraint on ¢ to those stated in (5.8) completes the proof.

Acknowledgments The second author thanks the Institut de Mathématiques de Toulouse,

during a visit to which much of the present work was completed, for its hospitality.

References

[1] AIDA, S., MASUDA, T., AND SHIGEKAWA, I. (1994) Logarithmic Sobolev inequalities
and exponential integrability. J. Funct. Anal. 126, no. 1, 83-101.

[2] BAIK, J., DEIFT, P., JOHANSSON, K. (1999) On the distribution of the length of the
longest increasing subsequence of random permutations. J. Amer. Math. Soc. 12, no.
4, 1119-1178.

[3] BaIk, J., DEIFT, P., MCLAUGHLIN, K., MILLER, P. AND ZHOU, Z. (2001) Optimal
tail estimates for directed last passage site percolation with geometric random variables.
Adv. Theor. Math. Phys. 5, 1207-1250.

[4] BORODIN, A., FORRESTER, P. (2003) Increasing subsequences and the hard-to-soft
transition in matrix ensembles. J. Phys. A: Math and Gen. 36, no. 12, 2963-2982.

[5] DumMmITRIU, I. AND EDELMAN, A. (2002) Matrix models for beta ensembles. J. Math.
Phys. 43, no. 11, 5830-5847.

26



[6]

[11]

[12]

EDELMAN, A., SuTTON, B. (2007) From random matrices to stochastic operators. J.
Stat. Phys. 127, no. 6, 1121-1165.

EL Karour, N. (2003) On the largest eigenvalue of Wishart matrices with identity

covariance when n, p, and p/n — oo. To appear, Bernoulli.

FELDHEIM, O., SODIN, S. (2009) A universality result for the smallest eigenvalues of

certain sample covariance matrices. To appear, Geom. Funct. Anal.

FORRESTER, P. Log-gases and Random Matrices. London Math. Soc. Monographs.
Princeton University Press, 2010.

FORRESTER, P. AND RAINS, E. Interrelations between orthogonal, unitary and sym-
plectic matrix ensembles (2001). In Random Matriz Models and their Applications, vol-
ume 40 of Math. Sci. Inst. Res. Publ., 171-207. Cambridge University Press.

JOHANSSON, K. (2000) Shape fluctuations and random matrices. Comm. Math. Phys.
209, no. 2, 437-476.

JOHNSTONE, I. M. (2001) On the distribution of the largest eigenvalue in principal
components analysis. Ann. Statist. 29, no. 2, 295-327.

LEpoux, M. The Concentration of Measure Phenomenon. Mathematical Surveys and
Monographs 89. Amer. Math. Soc. 2001.

LEDOUX, M. (2004) Differential operators and spectral distributions of invariant en-

sembles from the classical orthogonal polynomials: The continuous case. Elect. Journal
Probab. 9, 177-208.

LEDOUX, M. (2007) Deviation inequalities on largest eigenvalues. Lecture Notes in
Math. 1910, 167-219. Springer.

LEDOUX, M. (2009) A recursion formula for the moments of the Gaussian Orthogonal
Ensemble. Annales Inst. H. Poincaré 45, 754-769.

Qr, F. (2010) Bounds for the Ratio of Two Gamma Functions. Journal of Inequalities
Appl. 2010, Article ID 493058.

RAMIREZ, J., RIDER, B. (2009) Diffusion at the random matrix hard edge. Comm.
Math. Phys. 288, no. 3, 887-906.

RAMIREZ, J., RIDER, B., AND VIRAG, B. (2007) Beta ensembles, stochastic Airy
spectrum and a diffusion. Preprint, arXiv:math.PR/0607331.

27



[20]

[21]

[22]

SILVERSTEIN, J. (1985) The smallest eigenvalue of a large dimensional Wishart matrix.
Ann Probab. 13, no. 4, 1364-1368.

SOSHNIKOV, A. (1999) Universality at the edge of the spectrum in Wigner random
matrices. Comm. Math. Phys. 207, 697-733.

Tao, T., AND VU, V. (2009) Random matrices: Universality of local eigenvalue statis-
tics up to the edge. Preprint, arXiv:0908.1982.

TrACY, C., AND WIDOM, H. (1994) Level spacing distributions and the Airy kernel.
Comm. Math. Phys. 159, no. 1, 151-174.

TrACY, C., AND WIDOM, H. (1996) On orthogonal and symplectic matrix ensembles.
Comm. Math. Phys. 177, no. 3, 727-754.

TrAcCy, C., AND WiDOM, H. (2009) Asymptotics in ASEP with Step Initial Condi-
tion. Comm. Math. Phys. 290, no. 1, 129-154.

TROTTER, H. F. (1984) Eigenvalue distributions of large Hermitian matrices; Wigner’s

semicircle law and a theorem of Kac, Murdock, and Szeg6. Adv. in Math. 54, no. 1,

67-82.

28



