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TRACY-WIDOM LIMIT FOR THE LARGEST EIGENVALUE
OF A LARGE CLASS OF COMPLEX SAMPLE
COVARIANCE MATRICES!

BY NOUREDDINE EL KAROUI
University of California, Berkeley

We consider the asymptotic fluctuation behavior of the largest eigenvalue
of certain sample covariance matrices in the asymptotic regime where both
dimensions of the corresponding data matrix go to infinity. More precisely,
let X be an n x p matrix, and let its rows be i.i.d. complex normal vectors
with mean 0 and covariance X . We show that for a large class of covariance
matrices X p, the largest eigenvalue of X*X is asymptotically distributed (af-
ter recentering and rescaling) as the Tracy—Widom distribution that appears
in the study of the Gaussian unitary ensemble. We give explicit formulas for
the centering and scaling sequences that are easy to implement and involve
only the spectral distribution of the population covariance, n and p.

The main theorem applies to a number of covariance models found in ap-
plications. For example, well-behaved Toeplitz matrices as well as covariance
matrices whose spectral distribution is a sum of atoms (under some conditions
on the mass of the atoms) are among the models the theorem can handle. Gen-
eralizations of the theorem to certain spiked versions of our models and a.s.
results about the largest eigenvalue are given. We also discuss a simple corol-
lary that does not require normality of the entries of the data matrix and some
consequences for applications in multivariate statistics.

1. Introduction. Sample covariance matrices are a fundamental tool of mul-
tivariate statistics. In the classical setting, one starts with an n x p data matrix X
and studies asymptotic properties of § = (X — X) (X — X) /(m — 1) when p is
fixed and n grows to infinity. The classic paper [1] answered most of the relevant
questions concerning the eigenvalues of S in the setting where the rows of X are
iid. N (M, X). It was shown in [1] that, from an eigenvalue point of view, S was a
good estimator of X. A thorough account of the classical case can be found in [2],
Chapters 11 and 13.

Nowadays, statisticians are working with datasets of increasingly larger size and
the practical relevance of the assumption that p is fixed and n goes to infinity is
often doubtful. It might also be counterproductive in applications. A significant
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effort has therefore been made recently to try to understand the asymptotic behav-
ior of certain classical tools in multivariate analysis, such as the largest eigenvalue
of S, in the setting where p and n both grow to infinity.

Large-dimensional sample covariance matrices are also of interest in other fields
than statistics. Matrices X whose entries are complex-valued and their singular
values are also of interest in different fields of applications and in particular in
communications engineering. They are objects of great interest, for instance, in
wireless communications (see, e.g., [32] and [38]).

In the rest of the paper, the data matrix will always be called X. The eigenvalues
of X*X will be denoted /1 > > --- > [,,. The population eigenvalues, that is, the
eigenvalues of X, willbe called A1 > A2 > --- > 4.

To situate our paper in the current literature, let us recall a few results that have
been recently obtained. When the true covariance matrix is Id and the entries of X
are either standard complex or standard real normal distributed, results in [14, 24,
25] and [12] showed that

h(X*X) — Kn,p

On,p

if n and p — o0, =TW,

where u,, , and o, , are explicit sequences (which do not depend on whether the
real or the complex case is under consideration), and the limiting law is a Tracy—
Widom distribution. When the entries are standard complex normal, the limiting
law is the Tracy—Widom distribution appearing in the study of the Gaussian unitary
ensemble (see [35]). When they are real normal, it is the one corresponding to the
Gaussian orthogonal ensemble (see [36]).

More recently, the paper [6] looked at finite-dimensional perturbations of the Id
covariance matrix. The authors considered so-called “spiked” covariance models,
advocated in [25], where a finite number—k—of eigenvalues are changed to a
value different from 1 and the remaining p — k eigenvalues are fixed at 1. They
discovered a very interesting phase transition phenomenon, with the behavior of /1
changing drastically depending on how far away A1, the largest eigenvalue of X,
is from the bulk of the spectrum of X,. In their case, this bulk was of course
concentrated at 1.

In the course of their analysis, they develop powerful tools to analyze the prob-
lem. In particular, their Proposition 2.1 (for which they also give credit to K. Jo-
hansson), and the subsequent remarks are finite dimensional and valid whatever
the true covariance structure. We exploit in this paper the powerful representations
obtained in [6] to handle a much more general class of covariance matrices than
finite perturbations of the Id matrix.

The motivations for doing so are many. From a theoretical standpoint, it is some-
what unclear at this point what features, if any, of the covariance structure of the
random variables are responsible for the appearance of Tracy—Widom laws. One
might ask, for instance, if it is the fact that the bulk of the true eigenvalues is ex-
actly concentrated at one point. We will show that intuitively what seems needed
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is a weaker condition, the clumping of a fraction of eigenvalues close to the largest
one.

From an applications standpoint, many covariances appearing in different fields
of science are not finite-dimensional perturbations of the Id matrix. Block-diagonal
covariance matrices are of particular interest since they are accepted models for,
say, the correlation of genes in microarray analysis (a topic of intense statistical
research at the time being), or the correlation of the returns of stocks of compa-
nies in financial applications. Covariances that are sums of atoms, for example,
a% of the variables have variance A1 and 1 — a% have variance A, are also of
interest, especially in light of Theorem 1.1b in [6]. We will come back to this in
Section 4. In other respects, covariance matrices that are also Toeplitz matrices are
very natural in the analysis of time-series data, since the covariance structure of a
stationary time-series is a Toeplitz matrix.

Before we state our main theorem, we need to introduce some terminology
and set some notation. We will be working with n x p matrices X, whose rows
{Xk}k=1,...,n are 1.i.d. Nc(0, X,). By definition, this means that Xy = Yy +iZy,
where Yy and Z; are independent (real) N (0, X, /2). The matrix W = X* X is then
called a complex Wishart matrix, with n degrees of freedom and covariance Z,. It
will be abbreviated Wc (2, n).

We will call the eigenvalues of ¥, A;, with A1 > A > --- > A ,. The eigenvalues
of We(X2), n) will be denoted /;, with the same ordering convention, that is, [ is
the largest eigenvalue of X*X.

It is well known in statistics that if X arei.i.d. Nc(M, X)), then (X — X)*(X —
X) is We(Z ), n — 1). For this reason, we will always assume that the X;’s are
Nc(0, Z)p).

We are now ready to state the main theorem.

THEOREM 1. Let us consider complex Wishart matrices We (X, n). Let Ay
be the largest eigenvalue of X, and let Aj be the smallest one. Let H) be the
spectral distribution of X,. Let c¢ be the unique solution in [0, 1/11(X))) of the
equation

A 2
e)) c=c(Zp,n,p)ce|0, l/kl(Zp)):/(ﬁ) dH,(\) = %

We assume that n/p > 1 is uniformly bounded, limsup A < 0o, liminfA, > 0 and
limsupAic < 1. We denote by § the class of models {(X,,n, p)} for which these
conditions hold. We call

1 p Ac
@) u——<1+;fdep<x)),

C

() )
3) ol= 1+nf ) dH,()).
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Let 1y be the largest eigenvalue of Wc (X, n), that is, [} = 11(X*X), where X is
an n x p matrix whose rows are i.i.d. Nc(0, X,). Then we have, as n goes to oo,

l1 —n
L Tw,
onl/
Moreover, if we denote by Fy the cumulative distribution function of TW,, we can
find ¢ > 0 and a continuous, nonincreasing function C (that may depend on the

models under consideration and &) such that

Vso ANg:s > so and n > Ng implies

Lh—nu C(sg)e 55/2
e e

Using these results, their proofs, and a little bit more work, we can prove the
following corollaries:

COROLLARY 1. In the setting of Theorem 1, if {(X,,n, p)} is in §, we have

[
—l—u—>0 a.s.
n

COROLLARY 2. In the setting of Theorem 1, if {(X,,n, p)} is in , the
k-largest eigenvalues of X* X, properly recentered and rescaled, converge to their
Tracy—Widom counterpart.

Before we proceed, let us remind the reader that the cumulative distribution
function of TW, is known. After introducing the intermediary function g defined
by

q"(x) = xq(x) +2¢° (x),
q(x) ~ Ai(x) as x — 09,

Fy satisfies (see [35])

Fo(s) = exp(— Koo(x — s)qz(x) dx).

We will discuss in greater detail the potential usage of the theorem in Section 4,
but we want to highlight sufficient conditions under which it applies and give a few
examples before we give the proof. More examples, additional results concerning
spiked versions of matrices in § and a remark about the fact that the bias of /1 is
(in some cases) independent of the distributional assumptions made on the entries
will be found in Section 4.

COROLLARY 3 (Sufficient conditions). When the following five conditions are
all satisfied, the theorem applies:
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. n/p remains bounded and n > p;

. H), = Hy,, in the usual weak convergence sense;

. A(Xp) = A1(00) = sup support Hy, < 00;

. Ap(X)p) = Aoo(00) = infsupport Hyo > 0;

. Hxo has a density hoo (M) in a (left) neighborhood of A1(00), and in this neigh-
borhood, hoo()) > B(A1(00) — L) for some B > 0.

hn Wi~

As a consequence we see that the result applies to:

e Symmetric Toeplitz matrices—with parameters ag, aj,...—for which
> kl|ag| < oo, the function

0
a:a(lw)=ap+?2 Z ay cos(kw)
k=1

has a derivative that changes sign only a finite number of times on [0, 2], and
for which the distribution F of a does not have atoms (F(x) = %Leb{w €
[0,27]: f(w) = x}).

e Covariances that have uniformly spaced eigenvalues on an interval [{, &], as
long as ¢ > 0 and & < co.

Also, as shown in Appendix A.3.1, if H), has an atom of mass v(p) at A;(X,)
and liminfv(p) > 0, assuming that limsupi; < oo, n/p remains bounded and
liminfA,(%,) > 0, the theorem holds.

Hence the Id case, which was investigated in [14, 24] and [25], is a special case
of our main theorem. Also, since spiked models with a “small” spike are in § (see
Section 4), the results of [6] showing convergence to TW, are also a subcase of
our main result.

2. Framework. As is—almost—classical for this problem, one tries to repre-
sent the marginal distribution, P(/;/n < x), as the determinant of I — K, ,, where
Ky, p is a trace class operator acting on L?([x, 00)). It greatly simplifies the analy-
sis if one is able to represent K, ,, as the product of Hilbert—Schmidt operators,
say Hy, pJy,, p. The problem is even more tractable if the kernels of those operators
have the property that H, ,(x, y) = Hy ,(x + y), and similarly for J, ,.

Let us mention before we proceed that we will be denoting the trace class norm
of an operator K by || K||1. Its Hilbert—Schmidt norm will be denoted by || K ||>. An
introduction to these concepts can be found in [30], Section V1.6 or [16], Chapter 4.

2.1. Finite-dimensional representation of operators. Proposition 2.1 in [6]
and their remarks in (82)—(85) remarkably managed to obtain all the character-
istics of the representations we wished for in the case of completely general X,.
Since the authors of [6] credit Johansson for the very elegant proof they present, we
will call this theorem Baik—Ben Arous—Johansson—Péché. Here is what it states.
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THEOREM 2 (Baik—Ben Arous—Johansson—Péché). Let us consider an n x p
matrix X with rows i.i.d. Nc(0, X)). Let us assume without loss of generality that
Ap(Xp) > 0. Let m; = 1/A;. Let g € R be such that 0 < g < my. Let K, ), be the
operator on L2([s, 00)) with kernel

(2m)2 / / dw

1 2\ o —w
xexp(—xn(Z—Q)-i-yn(w—q))w—_Z ™ l_[ —
k=1

Kn,p(xa y)=
4

Here B (resp. ') is a simple closed contour oriented counterclockwise and encir-
cling O (resp. my, ..., mp). Then, if we denote by l the largest eigenvalue of X*X
we have

L
5) P(; = s) =det(l = Kn.plL2(is.00)-

Moreover, K, , can be rewritten as

[ee]
(6) Kn,p(x,Y)= Hn,p(x+u)Jn,p(M+y)d”a
0
with
7) e i s P
P 2 rrk—z ’
®) T )= 5= / eIw=a)y, —”kl‘[lm—w)dw

Note that E should be strictly to the left of .

We reproduce their Figure 2 as our Figure 1 for the convenience of the reader
to give a graphical representation of I' and E. We refer the reader to Remark 2.1

A

(11
)
\J

N

FI1G. 1. Graphical depiction of T and E.
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in [6] for a discussion of the meaning of g. For our purposes, it will be enough to
know that g is essentially a free parameter that regularizes the operators we deal
with.

2.2. Recentering, rescaling and classical operator theory arguments leading to
weak convergence. Once the very important representations mentioned in (6)—(8)
are obtained, the path to showing weak convergence is classical in this type of
problem. One needs to find centering and scaling sequences such that the recen-
tered and rescaled version of K, , converges in trace class norm to its limit. Trace
class norm plays an important role because the determinant det(/ — -) is continuous
with respect to that norm.

Since (6) shows that K, , = Hy, ,Jy, p, the problem reduces to showing conver-
gence in Hilbert-Schmidt norm of H, , and J, , (once again properly recentered
and rescaled) to their limit. This comes essentially from the fact that if A and B are
Hilbert—Schmidt operators, A B is trace class with ||AB||; < ||A|2||B||2 and some
elementary algebra.

The authors of [6], in their Section 2.2, prepare the rest of their paper by doing
recentering and scaling of the operators already specializing to the case of interest
to them, namely finite-dimensional perturbations of the Id matrix. We do it here
for general Z,.

Let us be more explicit now that we have explained the basic ideas. Because (5)
is exact in finite dimension, one has

I
P(; < Mn,p + O'n’pS> = det([ — Kn’p|L2(Mn,p+Uzz,pS)) = det(l — S”l,P|L2(0,OO))
and S, , has kernel

Sn,p(xv }’) = Un,pKn,p(Mn,p + Un,p(x +5), Mn,p + Un,p(y + S))

This is what we called earlier the recentered and rescaled operator. Because of the
representation given in (6), we see that

m ~ ~
Sn,p(x,y) = /0 Hy p(x +s+u)Jyp(y+s+u)du,

with
7 non,p —noy, px(2—q) ,—n (z—q) n 4 1
Hn’p(x): 5 ’ /e n,pX(Z—q e Mn,p(Z—¢q z 1_[ dZ,
T Jr k=1"Tk =2
4 non,p 10 X (2—q) it (i—q) | u
Jn,p(x) = —= / e/ om XD gthn. ) — l_[(nk —2z)dz.
2n Je Fa

From an operator-theoretic standpoint, the three formulae above mean that

Sn,p = Hn,p-]n,p,
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and we can now view them as operators acting on L?([s, 00)) with kernel, that is,
Hy ,(x,y) = Hy p(x +y —s). Now, since my = 1/A, it is clear that
|

~ non,p / —nop, px(z—q) ,—n (z—q) n
Hy, p(x) = det(T e 1npX(@=q) p=nhn,p(z—q) ,
n,p(X) . (=p) - kl;[l e

dz

and

JNn,p(x) _ noy, px(2—q) e, pz— q) H(l — M2)dz.

27 det(E,,) /

Being primarily interested in the product H, pJ,, p and not the individual opera-
tors, we see (with [6]) that we have a little bit of choice in the _operators we wish
to work with. In particular, we can choose to work with «;, pH,, p and Jn P, [Kn,p
for any nonzero sequence k;, ;. So we can get rid of the det(X ) term appearing in
the previous display and work with

1
l_Z)\.k

no;
(9) Al’l,p(-x) — I’l,.p /Fe_no'n pX(Z 6]) —Nnn, p(z Q)Zn 1_[ dZ,

2mi

(10) B p(r) =L / 1.0 =) gitnp = q) H(l—kkz)dz

Tl

We now have S, , = A, ;Bn,p and A, , and B, , are operators on L3([s, 00))
with kernels A, ,(x,y) = A, ,(x +y — ) and similarly for B, ,. Since we are
aiming to show convergence to TW>, the Airy function will play a central role in
our analysis. We will denote it by Ai. Showing weak convergence of /1 (X*X) to
the Tracy—Widom law reduces to finding «,,, and “good” A and By such that
Ikn, pAn,p — Aol = 0 and || By, p/kn,p — Boo||2 — 0. Since, if we view the op-
erators as acting on L? ([s,00)), Ap,p(x,y) = Ay p(x +y — s) and similarly for
the Airy operator, Ai(x, y) = Ai(x + y — s), this will essentially amount to just
showing that kA, p(x) — Aco(x) — 0 pointwise, A being a simple modifica-
tion of the Airy function, and that both functions go to 0 fast enough (e.g., faster
than e~ for some b > 0) at co.

The operator-theoretic arguments used to prove Theorem 2 have considerably
simplified the problem, at least conceptually: we have moved from the problem of
studying an integral in R? to that of analyzing a function of one real variable. Note
that this was also the case with previous studies (see [25]), where arguments from
[37] and [41] (where some of the ideas behind Theorem 2 can be found) were used
to reduce the complexity of the problem to the same degree.

What is left to do now is very clear. We just need to find w,, p, 04, p, I', E and
Kn,p such that «, , Ay ) — Ao and By, p/kn.p — Boo g0 to 0 (in Hilbert—Schmidt
norm) when n, p go to oo, for appropriate A, and Bs.. More details on these
functions will be found in Propositions 1 and 2. The next section will be devoted
to doing all of this.
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3. Proof of the main result. A point of terminology before we proceed: we
will interchangeably call A, , either the operator whose kernel is A, ,(x + y) or
the corresponding function. This simplifies the notation and the exposition. If there
is some ambiguity, we will say precisely if we refer to the operator, its kernel or
the function that defines the kernel.

The strategy of the proof is the same as that of [6]. Loosely speaking, the func-
tions A, , and B, , can be viewed as integrals depending on parameters going
to co. The functions to integrate contain elements of the type ¢"/»»(?)_ This is a
situation where one can try to use steepest descent analysis.

3.1. Focus of the analysis. The expression defining A, , in (9) is somewhat
involved, but we will concentrate mostly on

1
1_Z)\.k’

p
e_nﬂn,p(z_q)zn 1_[
k=1

which can be rewritten as

P
f2) & eXP(-ﬂMn,p(z —q) +nlog(z) — Y _log(1 — zkk))
k=1
wherever this expression makes sense. [We use the principal branch of the log,
log(z) = log(|z|) + i arg(z), —m < arg(z) < m.] The sum appearing in the defin-
ition of f can be rewritten as an integral against the spectral distribution of X,
a distribution we call H,, and we finally get

1D f(@) = —pn,p(z — q) +1og(z) — Sflog(l —zA)dH,(2).

It is clear that f depends on X,, n and p but we choose to not highlight this
dependence here to avoid cumbersome notation.

3.2. Heuristic connection with work on a.s. convergence. Many results have
been obtained concerning the almost sure (a.s.) convergence of different spectral
characteristics of random covariance matrices, starting with the Mar¢enko—Pastur
equation (see [27] and [40]). The article [3] contains a thorough review and a nice
introduction to these problems.

Of particular interest to us are results concerning the behavior of the largest
eigenvalue in the case of non-Id covariance. Classical ([27], equation (1.15)) and
more recent results (see, e.g., [4, 31]) emphasize the role of the function
1 n r A

goo(m)z—n—1 nt 1+im

where H, is the limiting spectral distribution of ¥, in obtaining almost sure
convergence properties of /1(X*X/n) and [,(X*X/n) and determining the limit-
ing spectral distribution of X*X/n. In particular, the points m where g/ (m) =0

dHeo(2),
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intuitively play a crucial role in determining its support. Note that doing asymp-
totic analysis at fixed spectral distribution and p/n would lead to considering the
equivalent of go, where H), replaces Ho.

Now proceeding formally, we see that f'(z) = —un,p + gp(—2), where
gp(m) = —n% +2f ﬁde(k), and hence

(@) =—g,(=2).

Since we are essentially interested in the points where g;, (z) =0, the heuristic tells
us that for a large class of X, the critical point of interest to us is going to be a
triple point of the function f (i.e., a saddle point of order 2).

3.3. Consequences: choice of c, jun,p and o, p. So it is now clear that the
solutions of the equation

s 1 .p PN B
=g+ [(725) 4o =0

are likely candidates to play a central role in the problem.
Since we are focusing on largest eigenvalue problems, it is natural to consider
for ¢ the unique solution in [0, 1/A1(X)) of this equation. In other words,

)\‘ 2
(12) c=c(Zp,n,p)ce [O, l/kl(Ep)):/<_—CM) dH,(1) = —

1
will play a crucial role in our analysis.

Note that, if a > 0, the function x +— ax /(1 — ax) is continuous and (strictly)
increasing on (0, 1/a). Hence h(x) = f(kx)z/(l — Ax)? dHp()) is increasing on
(0, I/A1(%)p)). Itis also strictly convex, as a convex combination of strictly convex
functions. Since /& goes from 0 to co on [0, 1/A1(X))), the equation i (x) = r has
exactly one solution on [0, 1/11(X))) for all r € R . Existence and uniqueness of
c(Xp, n, p) are therefore proved.

For steepest descent reasons, we also naturally “require” that f’(c¢) =0 and
hence

unp——+ /—dH ) = 1(1+§f1i—c)wdf1p(x)>.

Hindsight from the analysis (see Appendix A.2) makes clear that if the arguments
are to go through, we will have

2 p e\
G (e)y=253 n2=2 Lt
() =20, ,n =3 <1+n/(1—kc> de()\,)).

While this discussion does not show anything, it provides heuristic reasons for
the not necessarily intuitive choice of the parameters ¢, u and o. What is left to
do is to find paths I and E on which we understand the behavior of f(z) and will
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allow us to show convergence of A, , and B, , to our target functions. Note that
the paths I' and E we will choose are functions of X, n and p. The fact that f is
real for real z as well as geometric properties of saddle points of order 2 (see [28],
page 137) makes natural the choice of lines crossing the real axis at angle 7 /3 and
27 /3 as starting points for I and E at c.

3.4. About T'. Because of a slight technical problem appearing in the operator
convergence analysis, we will not exhibit I' immediately but rather a I' which is
much more natural from the point of view of the analysis of the behavior of f.
Specifically, we will exhibit a curve I' on which f(z) is well understood. Then I

will just be = f‘+ U f+, where the™ denotes complex conjugation. The problem
is very graphical, so we will first show a drawing of " .
We will show the following lemma:

LEMMA 1. Under the assumptions of Theorem 1, R(f(z)) is decreasing for
ze€ ' Ul UT's as N(z) increases. Also the length of T+ is uniformly bounded.
Finally, there exists Ry > 0 such that max;er, R(f(z)) < R(f(d)), where d =
d(Zp,n, p)=c(l+2(=1+1/(c))e™3).

R is uniform with respect to our models: given a family of models {(X,, n,
P}, in §, we get & = limsupijc, 2 =limsupn/p, a,, = liminfi,. Ry is
just a function of these parameters and not of the individual triplet (X, n, p) we
will be dealing with.

Precise definitions of I';’s will be given as they arise in the analysis. In particu-
lar, that of I'; requires a significant amount of notation and we choose to postpone
it in the interest of clarity. Here is nonetheless a summary. _

We temporarily call a the real part of z. The problem of finding '} is divided
into four parts. First, when a < 1/1;, we go along a line that makes an angle of /3
with the real axis, starting at c. When 1/A1 <a < 1/A,, we use a slightly more
complicated path described in Section 3.4.2. When 1/A, is crossed, we go along a
line that is parallel to the real axis until reaching a value R;. At this value R, we
go down vertically to the real axis.

Hence we will show that one can follow, even in the general case, a path that
resembles that of Figure 4 in [6]. See Figure 2. There are two extra difficulties in
the general case: we have to take care of an arbitrary spectrum which significantly
increases the technical problems. Also, crossing the 1/eigenvalue zone is not a
simple problem when first encountered.

In all that follows, we will use the notation

n
afech,  arfch, apRchy,  YEES w2,

We work under the assumptions of Theorem 1, hence 0 <c < 1/A,0 <o < 1,
limsupa; < oo and liminfo, > 0. Recall that

f(@)=—u(z—q) +log(z) — %/log(l —zZA)dHp, ().
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d(X,,n,p)

\

c(X,n,p)
1/X, 1/A

p

FI1G. 2. The curve l:+.

3.4.1. Behavior onT|. On Ty, we have z = ¢ + te'™/3.

We call t = xc and consider m (x) = R(f (c +xce'™ /3)). Note that “x increases”
is equivalent to “N(z) increases.” This reparametrization considerably simplifies
the computations. We have

1 2 2
m(x) = —pcl[(l1+x/2) —q/cl+ Elog(c (14 x+x%)

1
57 / log((1 — @)% — xa(1 — &) + a2x2) d H, ().
Recall that we want to show that m’(x) < 0, so that m decreases when we move
along I'y with 9 (z) (or equivalently x) increasing. We have

, uc 1 2x+1 1 202x —a(l —a)
m(x):——+—7——/

2 214x+x2 2y2) (1 —a)? —xa(l —a)+a?x
Now remark that

S dH, ().

2
P2 «
7 _/(1—a)2dH"(’\)

and

2_ .2 o
puey =y + | ——dHp()
1l -«

- /((1 fzoz)2 i ia)‘lH”m
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/a +o(l —a)
(1— a)?

_/ A= o2 WHr )

Therefore, m’ ()C)2)/2 is equal to

dH, ()

2x+1 202x —a(l —a)
1+x+x2y (1 —a)? —xa(l —a) + a3x?

_/( o . 2x +1 a?
- (1—a)? 14+x+x2(—a)?

B 202x —a(l — a)
(1 —a)? —xa(l —a) + a?x?
[_1 a(x +1) B (1 —)?Qax — (1 —a))
l+x4+x2 (1—-0)?—xa(l —a)+ax?

eyt + dH,(})

)de(k)

o ]de(,\).

To simplify the problem, we note that the expression between the brackets can
be written

Zizockxk
(1+x+x2)((1 —a)? —xa(l —a) + a2x?)
g(x, )

T U+x+ (1 —a)? —xa(l —a) +a2x?)’

A simple computation shows the following simplification:

co=0,

c1 =0,

¢ =2a(ax—1),
c3=aa—1),
ey = —a’.

Hence
g(x, @) = —ax?(2(1 — ) + (1 — 2a)x 4 ax?).

We want g (x, ) to be negative, so we just have to study the polynomial P(x, o) =
2(1 —a) + (1 —200)x + ax?. Recall that x > 0. If o < 1/2, all the coefficients are
positive so the polynomial is positive for all x € R;. Now the roots, at @ fixed, of
P(-,a) are

_ Qa—1)£yVQa—1)?—8a(l —a)
= o :
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The polynomial under the square root can be rewritten h(a) = 120> — 12cc + 1. Its
roots are 1/2 = 1/+/6, and it is negative between them.

Therefore, if @ < 1/2 4 1/4/6~0.9, P(x, ) > 0 for all x in Ry. So we just
need to focus on «’s such that o > 1/2 + 1/4/6.

Remark that x and x_ are both positive, because o > 1/2. We potentially have
a problem (of sign) when crossing the smaller one of the two roots, which is of
course x_. Now note that x_ () > x_(ay).

As a matter of fact, we remark that x_(«) < 1 for all «’s under consideration.
Then, foru <1, P'(u, 1) < P'(u, ), since P'(u,) =14+ 20(u —1) and u < 1.
Note also that P(0, 1) < P(0,a) =2(1 — ). So P(u,a1) < P(u, ) for u < 1.
Since P(x_(a1),a1) =0, we see that x_(«1) < x_(a), if @« > 1. So for u <
x_(1), P(u,) = 0.

Now the only thing we need to verify to make sure that we can reach N (z) =
1/Aq is that x_(op) > 2(% —1). Given that a1 > 0.5 + 1/«/6, this is equivalent

to showing that VQay —1)2 —8a (1 — ay) < 6ay — 5, which is equivalent to 0 <
24(1 — ay)2.

So we have shown that 0( f(z)) decreases when the real part of z increases,
when going along the line intersecting the real axis at ¢ and making an angle of
/3 with it. If a1 < 0.5 4 1/+4/6, we can cross the whole plane along this line and
M(f(z)) continues to decrease. If oy > 0.5 + 1/4/6, we are guaranteed that the
property holds until 3i(z) = 1/A;.

Hence the claim we made about I'| being a descent path of N ( f) is verified.

3.4.2. Behavior on I';. As we saw in the previous subsection, this is only a
concern if a; > 0.5 + 1/+/6. So we suppose we are in this situation. Before we
proceed to exhibiting a path, we perform a preliminary computation that will prove
useful in both this subsection and the next one.

Independent computation. Suppose we write z = c(u + iv). We have
1
N () = —pelu = g/c) + 5 log(c*u® + %)
1
22 / log((1 — au)? + a?v?) d H, ().

If we consider that v = v(«), we have R(f(z)) = g(u). The question of finding a
path along which 91( f(z)) decreases when 9i(z) increases is equivalent to finding
v(u) such that g’(u) < 0. With this in mind, we observe that

1 2u + 20’ 1 / 2o (au — 1) + 20200’

 _ dH,(}).
2 u2 402 22 (1 —au)? + a2 p(*)

g'u)=—pc+
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Let us call 7 (u) = u® + v? and B = u + vv’. Using the fact that pcy? = Ja/(1—
a)?dH, () and y? = [@?/(1 —a)?>dH,()), we get

B (@p-D1-a)
I(u) (1 —au)? + 0?2

2 7 . o
13) vy g(u)_/m[—l—i-a ]dH,,()»).
Back to the topic of I';. When 1/A1 < (z) < 1/A,, we have 1/a) <u <
1/a,. In this part of the plane, we propose to choose 8 = I (u). Then the expression
inside the brackets in equation (13) becomes

(@) =D —w)?
o2l (u) —2ou +1

—1+4a«

=(a—1)[1_(a_1) ol () — 1 ]

a?l(u) —2au +1
2T(u) —20u+1—a?T(w)+oa+al@)—1

=@-1D o2l (u) —2au + 1
— (@) 2I(u)—2u—|—1

ol (u) —2au +1
B (u —1)? 4 v?
—(Ol—l)am <O0.

Note that at the end of I'; we arrived at u1 = 1/« and the corresponding v was
v = \/§+1—a1) Now the choice of B = I («) can be reformulated as I’ (u) = 21 (u)
and hence I (u) = K e?*. Simple algebra shows that finally

1 2
1(u) = <_) (14301 —ap)?)e® 2/ onT,.
a1

Note also that since u > 1, I () = u? + v? > u and hence B=u-+vv =1(u)
implies that v" > 0, as we started with v; > 0. So we will not cross the real axis by
following this path. In the original coordinates, if we call z = a + ib, the path is
such that

2
b2 = (%) (143(1 —ay)?)eal/rle g2
1

with b > 0. For I'2, we follow this path until we reach a = 1/ ,. Note that with our
assumptions about y, limsup « and liminf e« ,, the length of this path is uniformly
bounded. We also remark that if o), — 0, the length of I'; grows to oo, which
causes problem for the control of the operator later on.
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3.4.3. Behavior on I'3. We revert to the notation z = c¢(u + iv). The point is
just to show that with v" =0 when u > 1/a,, R(f(z)) decreases. If we recall
(13), we realize that if «f < I'(u) and «ff > 1, then g’(u) < 0. But when v/ =0,
B=u.Now, if u > 1/ap, au =aff > a,p > 1. Also, since u < I(u), and « < 1,
au < I(u). Hence N( f (z)) is decreasing when moving along I'3.

3.4.4. Behavior of T'4y. There, z = Ry + iy, where, with a slight abuse of no-
tation, 0 <y < I'2(1/a)). Now

1
R(f @) =—n(Ri =)+ log(R} + y%)
1
~ 5,7 /1og((,\R1 — 12+ 22y dH, (L)

so, since u is bounded away from 0, if Ry — oo, R(f(z)) = —o0, and we can
pick R so that, uniformly for our models,

N(f(2) =R(f(d)).

This is a simple consequence of the fact that R( f(d(Z, n, p))) is bounded below
under the assumptions of Theorem 1. (See Appendix A.1.1.)

There is of course a problem of definition of f at y = 0, because the ar-
gument of the logarithm is real and negative. Nevertheless the function h(z) =
e MHn.p(2=q) 71 ]_[,le(l — zxx) ! is well defined and well behaved at z = Rj, so
this definition problem will cause no harm in the analysis of the convergence of
the operators. As a matter of fact, it turns out that we will just be interested in
bounding |A(z)|. Since we can take the log of |k (z)| without any problems and it
leads to the same expression as the one for N( f(z)) we considered, we can safely
ignore the definition of f problem for all practical purposes.

3.5. About E. We use the same conventions as when we studled F Namely,
we will study the behavior of f on E, but we will first exhibit E, with E = E4 U
u+. It turns out that the analysis is much simpler for this contour and we will be
able to follow the path used in [6], after doing some precise technical work.

Once again, the problem is very graphical. A drawing of §+ is shown in Fig-
ure 3.

What we will have to do in this case is to show that 9i(— f(z)) is decreasing
when we travel along B and E», and $i(z) is decreasing.

This time E; is defined as a line making an angle of 27 /3 with the real axis
and crossing it at c. E; is a line that runs parallel to the real axis, in the direction
of —oo.

The aim of this subsection is to show the following lemma:
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= A
2 e(Ep,n,p) :‘1

c(%,,n,p)

FI1G. 3. The curve E.,..

LEMMA 2. Under the assumptions of Theorem 1, R(— f(z)) is decreasing
for z € B1U By as N(z) decreases. Also, the length of §+ is uniformly bounded.
Finally, there exists Ry > 0 such that max;cz, R(— f(2)) < R(—f(e)), where e =
e(Xp,n,p)= ic/3.

3.5.1. Case of E1. Once again, we will consider everything on the c scale. We
define 2 as z = ¢ + xce'?™/3. We have

91(x) £ 9 (= f (1 +xe™>1)))
=N(—f(c(1 - x/2+ix/3/2)))

=pe(l —x/2) — %log(l —x+x?)
+iflo (1 —a(l —x/2))* + 3a>x%/4) d H,(3)
2y2 & P

1/1 )
+§<ﬁ - l)log(c )+ uq.
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Hence, we get

1 2x — 1
2./ _ - 2 2 er s
Y ¢ (x) = —Zucy” —y 20 —x +x9)
1 202x +a(l —a
+ = ( ) dHp(1).

2) (1—a)?+xa(l —a) +ax?
Therefore, using the same equalities we used when studying I", we have

2024 (1) / —a 2x —1 o?
x) = —
e 1-—a)? 1—x4+x2(1—-a)
20%x + a(l — a)
a?x?+a(l —a)x + (1 —a)?

_ o ! 2x — 1

_/(l—a)2<_ _al—x+x2
Qax + (1 —a))(1 —a)? ) @
a?2x24+a(l—a)x+ (1 —a)? PR

As before, the expression that is within the parentheses can be written

dH, (%)

Zi:()ckxk
(1 —x/2)2 4+ 3x2/4)(@®x? + a(l —a)x + (1 — a)?)

and we know that the denominator is positive. A simple computation leads to

co =0,
c1 =0,
_ 2
= —2a + 2a°,
c3=o— 20:2,
c4=—a?,

and hence the numerator is
chx = —x?a(ax® + Qa — Dx +2(1 — a)).

The same questions we asked when dealing with I"'j now come up. Note that our
x is positive, soif ¢ > 1/2, P(x,a) = (ax? 4+ Q2o — Dx +2(1 —)) > 0. Also, at
« fixed the roots of P (-, «) are

1 —20++/1202 — 120+ 1
200 '

X+ =
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As we saw before, we therefore have P(x, o) >0on R, x [1/2 — 1/\/6, 1]. Now
ifa<1/2— 1/«@, we have to work a little harder. We remark that if o € [0, 0.5 —
1/ V6], it is easy to check that x_ (o) > 2. Hence we conclude that

Px,a)>0 on [0, 2] x [0, 1].

Now z(2) =0+ icy/3 = e. So we have shown that % (— f (z)) decreases when we
travel from c to e along E;.

3.5.2. Case of E. On this part of the path we use the parametrization z =
—xc+ i\/§c, with x > 0 and increasing. We have, if K is a constant (at X, n and
p fixed),

, 1 1
R(f (@) = pxe+ 5 log(x% +3) — 77 /log((l +ax)? +3a?)dH,(») + K.
Calling ¢»(x) = N(—f(z)), we hence get
1 1
$2(x) = —pxe = log(x? +3) + 77 / log((1 4+ ax)* +3a?)dH,(.) + K.

Using the same approach as before we find that
5, o X (1 +ax)(1 —a?)
= —|-1-
v 92 ,/(1 —a)Z[ 213 Utan?+3a2

Once again what matters to us is the numerator of what is within the bracket. It is
a polynomial—Ilet us denote it by O (x, a)—of degree 4 in x, its coefficients being

}de()»).

co=—6a(l —a),
c1 =202+ 3a),
c=—u+7a),
c3=—u(l +2a),
c4 = —a’.

Hence it is clear that Q(x, @) <0 on R x [0, 1]. Therefore, we have shown that
N(— f(z2)) decreases as N (z) decreases and z travels on Ej.

3.5.3. Case of 83. Here z = —Rs + iy, where 0 < y < ¢+/3. It is easy to see
that 91(— f (z)) can be made as small as we want, since u is bounded away from 0.
We show in Appendix A.1.2 that 91(— f(e)) is bounded. In particular, if we choose
R, large enough,

max R(=f(2) =R(=f(e).

This holds uniformly with respect to our covariance models, if they are in §.
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3.6. Study of A, p,. We give an outline of the key ideas and results that allow
us to then proceed to operator convergence issues. The proof is given in Appen-
dix B.

3.6.1. Definition of q and modification of ' 70 ger . At this point we still
have not set ¢ and it is now time to do it. Let us pick an € > 0. Then, set

(14) q2q(E,n,p)=c—

non p

Then, as in [6], we just have to modify the curve I’ around c to obtain ["y. T’} is
the same as ', except it starts by

€ 9 T
F():{c—l—ie’e:— 59571}.
2noy,p 3
When I'g reaches_Fl, we follow I'{, and then follow 'y, I'; and I'4 to create I'.
Then I' =T'y UT' 4. Of course, in the end, the contour I' is oriented counterclock-
wise. A depiction of ['; can be found in Figure 4.

3.6.2. Arguments needed for the operator analysis to go through. The method
of proof is similar to that of [6], once the difficulties stemming from the fact that
we are considering a much more general case are understood.

The issue we will face is to find a sequence kj, , such that «, ,A, , —
e **Ai(x) and kA, , goes to zero exponentially fast at infinity.

The analysis will rely on four key points. They are:

A
d(X,m.p)
Iy
r, ’
\ r, >
FQ
(3 ,m.p)
1/A, 1/A,
Ry

Fi1G. 4. The curve I'y.
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1. The length of I' is uniformly bounded with respect to our models. We will
justify in Appendix B.1 why this is the case in the situation we are considering.
2. One needs to be able to find § > 0 such that
FAOINS
Vsils —c|l<d — 1 8<6.
4 has of course to be uniform with respect to our models.
3. We also need

=A < 0.

“
Vs:ls —cl<§ = limsupsupw
4. Finally, é has to be chosen small enough that the disc of center ¢ and radius §

should encompass neither d (%, n, p) nor e(X,, n, p).

We will explain in Appendix B.1 why these conditions are fulfilled under the as-
sumptions of Theorem 1 and then prove in Appendix B.2 the following proposi-
tion:

PROPOSITION 1. In the definition [see (9)] of Ay, p, let jw,,p be equal to
in (2) and oy, p = n—23a, with o defined in (3). When the four conditions above
are fulfilled, we have

Vso € R, 3C(s9) € Ry and Ng € N such that

C(SO)e—ES/Z

|Kn,pAn,p(s) _e_SSAi(sN < /3

if s > so and n > Ny. Here k p = e /(O
As a function of sg, C can be chosen to be continuous and nonincreasing.

3.7. Study of B, ,. Here also, = needs to be modified. We start by Ep,
an arc of a circle centered at ¢ and with radius 3¢/(noy, ;). Formally, B¢ =
c+ 38/(non,p)e"(”_9), with 0 <0 < /3. When &y intersects E1, we follow &1,
and so on. A depiction of E can be found in Figure 5.

We then have:

PROPOSITION 2. In the definition [see (10)] of By, p, let i, p be equal to
win (2) and o, p = n=23q, with o defined in (3). When the four conditions in
Section 3.6.2 are fulfilled,

Vso € R, 3C(s9) € Ry and Ng € N such that

C(So)e—es/Z

|Bn,p(S)/Kn,p_€8sAi(S)| = 173

if s > so and n > Ny. Here k,, j, = e ") the same as in Proposition 1.
As a function of sg, C can be chosen to be continuous and nonincreasing.

Explanations are postponed to Appendix B.3.
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= A
? 6(21,7n7p) ‘:1

(1]
[
<

c(X,,n,p)

F1G. 5. The curve 2.

3.8. Operator convergence issues. We will mostly rely on two key properties
in this subsection: the relationship between trace class and Hilbert—Schmidt norms
and the fact that the determinant det(/ — -) of trace class operators is a locally
Lipschitz function with respect to trace class norm.

More precisely, recall (see [16], Section IV.7) that if O and P are Hilbert—
Schmidt operators, then O P is a trace class operator and

OPll1 < [1O]211 P2

Also, it is well known (see [16], Theorem IV.5.2, and Theorem I1.4.1 and Corol-
lary I1.4.2 both due to Seiler—Simon) that if Q and R are trace class operators,

(Lip) |det(I + Q) — det(I + R)| < [|Q — R||;e!l QI HIRI+T,

This section is now devoted to proving two lemmas that allow us to prove Theo-
rem 1.

Let us call E the multiplication operator by ¢~ and Ai; the operator on
L?([s, 00)) with kernel Ai(x + y — ).
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LEMMA 3. Using the conclusions of Propositions 1 and 2, we have, if we view
all the operators as operators on L%([s, 00)):

Vso € R,3AB € R and No € N such that

C(SO)e—es/Z

1AnpBup = EARE™ |l < —F5—,

if s > sg and n > Ny. C, as a function of so, can be chosen to be continuous and
nonincreasing.

PROOF. Recall the following fact: according to [28], page 394, for x > 0,
Ai(x) < exp(—2x3/2/3)/(2n1/2x1/4). Hence it is clear that the operator P with
kernel P(x,y) = P(x +y —s) = Ai(x + y — s)exp(e(x + y — s)) is Hilbert—
Schmidt on L%([s, 00)), and similarly for O that has kernel O(x,y) =O((x +y —
s)=Ai(x +y—s)exp(—e(x +y—ys)).

More precisely, since these kernels are as functions of (x, y) square integrable
on [s,00) x [s,00), Theorem VI.23 in [30] applies and we see that, for instance,
if we view O as an operator on L?([s, 00)),

||0||2—/[ (OGx +y— ) dxdy
= / (O +y+5)) dxdy
[0,00)2

— /OO > (O(x +y))2dxdy.
=5 Jy=0

It is clear that this is a continuous, nonincreasing function of s having limit O at co.
The same analysis and conclusion apply to P.

Now let us denote A, , = ky pAn,p and By, , = By p/kp,p. From the previ-
ous analyses we conclude that we can find a continuous, nonincreasing func-
tion C such that, if we view all the operators as operators on L2([s, 00)), with
s > 80, ||An pll2 < C(s0), | Pll2 < C(so), and similarly for Bn ,p and O, as long as
n > No(so). For instance, C(s) could be 2(||O|2(s) + || Pl2(s)), where we have
highlighted the dependence of the Hilbert—Schmidt norm of O and P on s.

Since A, pBy,p — OP = A, »(By.p — P) + (Ay, — O) P, we have

|An.pBu.p — OPIl1 < |Anpl2ll Bu.p — Pll2 4 1An.p — Ol2]I Pll2.

Using the estimates obtained in Propositions 1 and 2, we have shown that if we
view A, By, , — O P as an operator on L3([s, 00)) with s > 50, we have

C(sg)exp(—es/2)

”An,an,p_OP”lf nl/3 ’

if n > Ny(sp), for yet another continuous, nonincreasing function C. Finally, O P
and EAi2E~! have the same kernel, so Lemma 3 is proved. [J
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Let us call Fy the cumulative distribution function of the Tracy—Widom distribu-
tion arising in the study of the Gaussian unitary ensemble. Recall that, as explained
in [35], formula (4.5) and page 166, Fo(s) = det(I — Ai2), where Ai? is viewed as
an operator on LZ([s, 00)). Note that since EAi; and AigE 1 are clearly Hilbert—
Schmidt on L?([s, 00)), det(I — EAi;Ai;E~') = det(I — Ai, ET' EAiy) = det(I —
Ai2).

We also have

I —nu
P<m> = det(l — An,an,p)'

The continuity of the determinant det(/ — -) with respect to trace class norm
implies that

’P(llfﬂ < s) — Fo(s)| — 0.
n'3o
The convergence part of Theorem 1 is therefore proved.

We now turn to proving the rate of convergence part of Theorem 1. In other
words, we want to show that:

We can find a function C (continuous and nonincreasing if we wish) such that
Vso, ANp:

s > so and n > Ng implies

I —nu C(sg)e 5%/2
P(mg =) = Aw| = =

PROOF. First, it is clear that since, in the notation of the previous proof, Zn, p
and B, , are Hilbert—-Schmidt operators and converge to, respectively, O and P,
we have, when considering our operators as operators on L2([s, 00)),

Vs > so and n large enough || A, »Ba pll1 < |An.pl1211Ba.pll2 < 211021 P2

This last quantity is less than C(s), where C is a continuous, nonincreasing func-
tion, going to 0 when s tends to co.

Hence, for s > sq, if n > No(s0), |An,p Bu,pll1 + IO Pll1 <3C(sp), for yet an-
other continuous, nonincreasing function C. In view of equation (Lip) and the
estimate we already have for || A, , B, , — O P||1, the statement is shown, because
|P((l1 —np)/(n'Po) <5) — Fo(s)| = | det(I — A, By, p) —det(I — OP)|.

Since the C’s appearing in Propositions 1 and 2 may depend on the models
under consideration, so may C. [

Hence the rate of convergence part of Theorem 1 is proved.
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4. Simulations, related issues and conclusion. We will discuss in this sec-
tion some practical consequences of Theorem 1 as well as some of the questions it
raises. To simplify the discussion, we recall that we denote by § the class of (co-
variance) models for which Theorem 1 applies. We will often abuse the notation
and say that a covariance matrix is in § to mean that the corresponding model is

in .

4.1. Finite perturbation of a covariance matrix that is in §. In this subsection,
we discuss some immediate consequences of the analysis we made to the case of a
finite perturbation of a covariance matrix that is in §. By this we mean that we are

now considering data matrices X that are n x (p + k), and X; L Ne(0, S ks
where k(p) < K, K € N, and we add to {A1(X)),...,A,(X,)} k eigenvalues
larger than A;(X,). In other words, Ak+1(§p+k) = A1(X)). This is of course a
generalization of spiked covariance models considered in [6], where the bulk co-
variance is not restricted to be Id but rather a matrix for which Theorem 1 applies.

We will discuss two cases. First, we will assume that there exists x > 0 such
that Al(flerk) < —x +1/c(Xp,n, p). We will see in that case that Theorem 1
applies. Then we will discuss the case where X1(§p+k) =1/c(¥p,n, p) and the
situation when the multiplicity of this eigenvalue is k.

FACT 1. In the spiked situation described above, if there exists x > 0 such
that

MEprr) < —x +1/c(Zp,n, p),
Theorem 1 applies to {(§p+k, n,p+k)}.

The proof is elementary and is given in Appendix A.4.1. Intuitively this
means that if we perturb a model for which Theorem 1 applies by adding a few
leading eigenvalues that are not too large [and too large means larger than
1/c(Zp,n, p) — x for some x > 0], then Theorem 1 applies to the perturbed
model.

In light of [6], another natural question is to understand what happens when we
spike the model by adding k eigenvalues at exactly 1/c(X,,n, p). We have the
following result in this case:

THEOREM 3. Let us assume that a model in § is spiked by adding k eigenval-
ues at

MEpin) == (Zpin) = 1/c(Zp, 1, p).

The value of k is fixed and is not allowed to change with n or p. Then calling F;’s
the distribution functions defined in Definition 1.1 of [6], we have

[ —nu
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As in Theorem 1, we have

—1<1+p/ re dH(A))
M_c n 1—AXc p ’

) e
TTa 1+n./ 1—Ac> dHp() ).

Note that c, |0 and o refer to the nonspiked model.

A justification is given in Appendix B. So we have extended Theorem 1.1(a)
in [6] to models in the class §. More information about the Fj’s can be found in
[5], [6] and Appendix B.1.4.

4.2. Statistical considerations.

4.2.1. Isolated largest eigenvalue vs. largest eigenvalue with a small mass.
One of the many very interesting results obtained in [6] was their Theorem 1.1(b).
It basically says that if an Id matrix is spiked with eigenvalues that are larger than
1/c(Zp,n, p) + x, x >0, 11 has a completely different type of limiting distrib-
ution, and that centering and scaling should be changed. In particular the scaling
should be adjusted from n'/3 to n'/2. The question of knowing if and how this
happens for matrices of the class § is currently under investigation by the author
of this article. As an aside, let us remark that n!/? is the rate obtained through
elementary concentration of measure arguments. We refer to Appendix A.5 and
references therein for more details.

Let us go back to our discussion and call this large spike A;. If instead of chang-
ing one eigenvalue we had a small mass v(p) [with liminfv(p) > 0] at X1, then
Theorem 1 would apply. Hence the centering, scaling and limiting distribution of
I, would differ drastically from the case where A is isolated. In practice (and in
statistical applications), one cannot tell from the data if there is one eigenvalue (out
of say 100) that is much larger than the rest of them, or if 1% of the eigenvalues are
clearly separated from the bulk. One will therefore have to specify precisely what
models are considered if the results presented in this paper and those in [6] are used
for statistical inference. Note that asymptotics done at fixed spectral distribution
lead to Tracy—Widom limits.

For instance, in a hypothesis testing context, the power of tests based on these
“large p, large n”” asymptotics will depend greatly on the specified alternatives.

4.2.2. Classical asymptotics orlimn/p < oo asymptotics? An interesting sta-
tistical aspect of Theorem 1 is that we see, in u, the effect the whole spectrum of
the covariance matrix has on the largest eigenvalue of the empirical covariance
matrix. This is very different from the classical situation (i.e., p fixed and n goes
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to 0o) where (at least in the real case and when all the eigenvalues of X, have
multiplicity 1)

ﬁ(% — M) = N(0,213).

(See [2], Theorem 13.5.1.)

In other words, in the classical case, a test based on the largest eigenvalue of
the empirical covariance matrix is not sensitive to the whole covariance structure
but just to the value of the true largest eigenvalue. Under the asymptotics we are
considering, such a test does—implicitly—take into account the whole structure of
the spectrum. This is of course very interesting, for instance, for tests of sphericity.

4.2.3. On Theorem 2 and other random matrices of interest. The joint distri-
bution of the eigenvalues of other random matrices with complex Gaussian entries
is also known. A good reference is, for instance, [23], Section 8. Note that they
all involve so-called hypergeometric functions of two matrix arguments. An inter-
esting characteristic of these functions (which since we are dealing with complex
entries have to do with the unitary group) is that they have representations in terms
of determinants. We refer to, for instance, Section 4 in [20] for explanations and in
particular to their Theorem 4.2.

The Harish—Chandra—Itzykson—Zuber formula, which is a preliminary to the
proof of Theorem 2, is a subcase of Theorem 4.2 of [20], specialized to the case of
the exponential function. A natural question is therefore to know whether one can
obtain the same type of representation as the one obtained by Baik—Ben Arous—
Johansson—Péché in Theorem 2 in the case of the more general distributions de-
scribed in [23], Section 8.

In other respects, let us also note the interesting recent developments found in
[9] and [15] concerning problems that are close to the one we studied. For more
statistical considerations, in the case of spiked models, see [29].

4.3. Concluding remarks. The problem of convergence of the joint distrib-
ution of the k-largest eigenvalues of X*X requires other tools than the one we
discussed in the main body of the paper. We therefore refer the reader to Appen-
dix A.6 for the proof of Corollary 2. In this subsection, we will keep discussing
some properties of the largest eigenvalue of X*X.

4.3.1. Convergence in probability and a.s. convergence. 1In this part of the text
only, we highlight the fact that « depends on X, n and p by calling it u(2,, n, p).
Using Slutsky’s lemma, it is clear that in the setting of Theorem 1 or 3, for models

in 4,

l
€ w(Xp,n,p)—0 in probability.
n
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Since w(Xp,n, p) > 1/c(Xp,n, p) and limsup Ajc < 1, we see that /1 /n is always
an inconsistent estimator of A; for models in the class §. Note that Theorem 1
allows us to quantify (/;/n) — A1 and explore how this quantity is affected by
changes in X, n and p. In particular, elementary computations show that, at X,
fixed, (I;/n) — A1 is, unsurprisingly, a decreasing function of n/p. We explain
in Appendix A.5 that, as announced in Corollary 1, through Theorem 1 or 3 and
concentration of measure arguments, we can show that, when the theorems apply,

[
—I—M(Ep,n,p)—>0 a.s.
n

In other respects, we have the following fact.

FACT 2. Let {Y;;} be iid. random variables, real or complex, with
E(Y; ;) =0, E(|Y,~7j|2) =1 and E(|Y,-7j|4) < 00. Let the n X p matrix X be such
that X = YE},/Z, where Y is an n X p matrix whose entries are the Y; j. Sup-
pose the model {(X,,n, p)} is in § and moreover H, = Hu, n/p — p and
A1 (X p) — supsupportHy,. Then

[
—I—M(Ep,n,p)—>0 a.s.,
n

where (X, n, p) is defined in (2).

It is a simple consequence of Theorem 1.1 and its corollary in [4], once we
realize that all the limiting quantities involved in that statement are independent
of the distributional assumptions made on the Y;’s. Hence the limit in the case of
complex Wishart matrices is the same as the limit in the “general” situation. In
particular, this covers the case of real Wishart matrices, that is, data matrices with
real normal entries.

4.3.2. Some simulations. It was remarked in [25] that the quality of the Tracy—
Widom approximation to the marginal distribution of /| is very good, especially
in the right tail of the distribution. This is one of the remarkable properties of this
approximation. We refer to [25], Table 1, page 302 for examples. As an aside,
we note that the simulation mentioned there was not done with complex Wishart
matrices, but rather with real random variables. Nevertheless the same observations
hold in the case of complex Wishart matrices with Id covariance. We refer to [11]
for theoretical considerations that help understand why this is happening and some
simulations in the complex Wishart case.

We made a few simulations to show that the same phenomenon seems to occur
in the more involved setting we treat in this paper. Note that numerically solv-
ing (1), (2), (3) and getting approximations for ¢, u and o takes a fraction of a
second on modern computers. We present some results of our experiments in this
discussion. See Tables 1 and 2.
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TABLE 1
Toeplitz covariance matrix example

TW quantiles T™W 100 x 50 400 x 50 2* SE
-3.73 0.01 0.004 0.007 0.002
—-3.20 0.05 0.033 0.041 0.004
—2.90 0.10 0.072 0.089 0.006
—-2.27 0.30 0.269 0.292 0.009
—1.81 0.50 0.479 0.497 0.010
—1.33 0.70 0.691 0.702 0.009
—0.60 0.90 0.901 0.908 0.006
—-0.23 0.95 0.953 0.956 0.004

0.48 0.99 0.991 0.992 0.002

The simulation mechanism was as follows. We generated 10,000 random ma-
trices X of size n x p (using Matlab). The rows of these matrices were i.i.d.
Nc(0, p). For each individual X, we computed /1 (X*X)/n and recentered
and rescaled it according to Theorem 1. After simulating 10,000 times we ob-
tained an empirical distribution F for 0 —w/ (anl/ 3). The columns of the
matrix show the value of F' at the quantiles of the Tracy—Widom distribution
(courtesy of Professor Iain Johnstone), given in the leftmost column. If the ap-
proximation were “perfect,” the third and fourth columns would be equal to the
second one.

Here we picked X, = Toeplitz(1, 0.2, 0.3), p = 50. For the first column, n =
100, n© = 3.7297, 0 = 3.9271. For the second column, n = 400, u = 2.6559,
o =4.4288.

TABLE 2
Sum of atoms example

TW quantiles TW 100 x 50 400 x 50 2* SE
-3.73 0.01 0.006 0.008 0.002
-3.20 0.05 0.036 0.045 0.004
—2.90 0.10 0.079 0.092 0.006
—2.27 0.30 0.283 0.292 0.009
—1.81 0.50 0.490 0.496 0.010
—1.33 0.70 0.700 0.697 0.009
—0.60 0.90 0.896 0.902 0.006
—-0.23 0.95 0.949 0.951 0.004

0.48 0.99 0.991 0.992 0.002

The simulation mechanism is similar to the one described previously. We again
did 10,000 repetitions of the experiment.

Here p =100. £p has Ay =---=A3p =10 and A3; =--- = Ay9p = 1. In the
case n = 100, u =24.703 and o = 21.871. In the case n =400, u = 16.417
and o = 21.257.

691
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We also did some simulations with real Wishart matrices instead of complex
ones. In the setting of Theorem 1, we obtained a very reasonable agreement be-
tween the empirical distribution of /;(X’X) and a Tracy—Widom approximation,
this time using the Tracy—Widom law appearing in the study of GOE, but keeping
the ¢, u and o obtained in Theorem 1.

We would finally like to point out that Theorem 1 is essentially explicit if one
has access to a computer. Then the eigenvalues of X, are numerically computable
and so are ¢, i and o . This is of course a very important property for the relevance
of the theorem in applications.

APPENDIX A
A.1. Uniform control of R(f(d(X, n, p))) and R(— f(e(X, nn, p))).

A.1.1. Case of N(f(d(Xp,n,p))). Recall that we want to show that
N(f(d(Xp,n, p))) is bounded below so as to guarantee that Ry, which appears
in Lemma 1, is uniformly bounded. In the notation of Section 3.4.1 this is equiva-
lent to showing that

m(2(1/a; — 1)) is bounded below.
We clearly have
m(2(1/a; — 1))
> —pc(l/ar —q/c)

1
- Z—)ﬂflog((l —a)? =2(1/a; — Da(l —a)

+a?4(1/ay — D) dHy(2).

It is clear that (1 — &)? — 2(1/a; — Da(l — @) + o24(1/a; — D) < 1 +
a124(1 Jap — 1), Note that this quantity is bounded. Note also that the same is
true of 1/ yz, wu (because limsupa; < 1), and hence —pca is bounded below. All
these arguments together show that m(2(1/«; — 1)) is bounded below and we have
the control we need.

A.1.2. Case of N(— f(e(Xp,n, p))). We now want to show that the quantity
N(—f(e(Xp,n, p))) is bounded below so that R, (see Lemma 2) is bounded. In
the notation of Section 3.5.1, we need to show ¢ (2) is bounded below. This quan-
tity is equal to

1 1 ’ 171 )
¢>1(2):—§log(3)+2—y2/10g(1 +a )de(k)—i_E(? — 1)10g(c )+ 1uq.

Now | log(cz)| is bounded, since c is bounded away from 0O (see Appendix B.1.1)
and ¢ < 1/A1 <1/, and we assume that liminf}, > 0. Therefore, ¢;(2) is
bounded below and the needed control is shown.
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A.2. About n!/3 scaling and its connection to having a saddle point of or-
der 2. We want to stress that n'/3 is the “natural” rate for convergence to Tracy—
Widom limits, as there is a connection between Airy functions and saddle points
of order 2. The few lines that follow are the natural heuristic explanations of steep-
est descent analysis. Similar arguments are given after (112) in [6] but we thought
it was important to mention them again (and highlight the key parts) since they
intuitively explain the connection between having f”(c) =0, an n'/3 scaling in
Theorem 1 and a Tracy—Widom limit. In another context, the same connections
were observed in [17].

Recall that

p
nan,p/ —noy, px(2—q) ,—n (z—q) n
Ay p(x) =———5 | e "X T p 279 7 dz
n,P( ) i Jr kl;[] I—Z)\,k
=_w/ e "10n.pX(2=q) nf (2) dz.
2wi Jr

Now because f'(c) = f”(c) =0, we have around ¢, f(z) =~ f(c) + fP(c)(z —
¢)3/6. The point of the steepest descent analysis is to show that we then have
(rigorously and up to precision we control)

nao; . 3, 3
Anp(o) = == /F 100X @) O+ DO /6) g

Since we picked f (e = 2037 pnz, we have

o1 px (@) (£ (©)+ P () (z=)*/6)

n303’p(z — 0)3
)

A key point is that the Airy function can be written for an appropriately chosen
contour £ (see, e.g., [28], page 53):

1 v3
Ai(x) = %/iexp<—xv + ?) dv.

So the change of variable a = t(z) = no,, ,(z — c¢) becomes natural and our inte-
gral can be rewritten as

= e—nan,px(c_q)enf(c) eXp(_an”vP(Z —o+

O a3
A, p(x) = ————e "omp¥ D) / exp(—xa + —) da.
2mi () 3

Picking g =c — mfn ~as in (14), we finally see that

enf(© e a3
Ay p(x) = — i e /r(l") exp(—xa + ?) da,
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and the problem is finally to pick a “good” I on which to analyze f and such
that 7(I") is an appropriate path from the point of view of the definition of the Airy
function. What is on the right-hand side now looks very much like e ** Ai(x) /Ky,
in the notation of Proposition 1. (The minus is of course not a problem since it is
an artifact of the orientation of our contours.)

A.3. Proof of Corollary 3 and examples of models belonging to §. In this
subsection, we show that under assumptions that are both reasonable from an ap-
plications standpoint and relatively easy to check, Theorem 1 holds. As in The-
orem 1 we assume that 1 < n/p, limsupn/p < oo, limsupA(X,) < oo and
liminfA,(X,) > 0. As seen in Appendix B.1.1, these three assumptions imply
that liminfc > 0 and liminf A ,¢ > 0. Our only problem will therefore be to check
that

limsupiic < 1.

We will use the notation « = Ac, & = A1c and y2 =n/p.

We consider covariance matrices X, with spectral distribution H,,. We will treat
two cases: when H), has an atom of mass v(p) at A1, and the case where H), weakly
converges to a limit and the endpoints of its support converge to the endpoints of
the limiting support.

A3.1. Case of Hp having an atom of mass v(p) at Aj. We assume that
liminfv(p) > 0. Note that A;(X,) can vary in the analysis that follows. It just
needs to be bounded. Since

2 2
2_ o a]
= [ stz v (72)

simple algebra shows that

1
o0 < —.
Vv(p)/y +1
Recall that we assume that liminfv(p) > 0 and limsupn/p < o0, so it is clear that
liminf \/v(p)/y > 0 and hence

limsupo; < 1
in this situation. Therefore Theorem 1 applies.
A.3.2. Case of weak convergence of Hj, with conditions on its support. We
assume that:

1. H, = Hy in the usual weak convergence sense.
2. A1(Xp) —> supsupportHoo £ %1(c0). We assume that limsupA;(X,) < o0, so
A1(00) < 00.
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3. Ap(Z,) — infsupportHe £ Aoo(00) and Ao (00) > 0.
4. In a (left) neighborhood of A1(00), d Hx()) has the property that d Hyo(A) >
B(\1(c0) — A)dA, for some B > 0.

Hence the only property we have to show is that imsupiic < 1.
Now suppose H, = Ho and Hy, has a density. Note that for all x € [0, —x +

1/)\,1(00)], fOI' some X > O,
l(“) = ( AX >
1—)\.)(

is a bounded continuous function of A, for A € [0, x /2 4+ A1(0c0)]. Hence, if we
denote

[ (w)?
Fox) = /(1 s dH, ().
we have
fp(x)»foo(x)—/(1 — )deoom,

since for p large enough, both H,, and H, are supported in [0, x /2 + A1 (00)].
Now suppose there exist B > 0 and A p such that d Hyo (A) /dA > B(A1(0c0) — 1) in
[AB, A1(c0)]. Then of course

(Ax)? M) )2
Frolx) = /(1 Mdeoomz/AB T

2 /M(OO) A1(00) —
A

dHeo ()

> BA

Blis  (1/x—2)2
Note that
N A1(00) 11 (00) — A _ 1/x —Ap _ 1/x — A1(0c0)
“(x)_/xg (jx—a2 P =t (1/x—xl<oo>) SV T

Elementary manipulations show that v is a continuous, increasing function of x on
(0, 1/X11(00)), going from 0 to oo.

The definition of f, implies that it is a continuous, nondecreasing function of
x on the interval [0, 1/11(c0)). Since

foo(x) > BARU(x),

we see that limy_, 3, (00) foo(x) = +00. Therefore, we can find b such that f(b) =
2(1 4+ supn/p) and b is bounded away from 1/11(c0).

Now recall that f), is a continuous, increasing function of x. Since f,(c) =n/p,
when p is large enough, ¢ < b, since f),(b) — 2(1 + supn/p). But, for p large
enough, Ajc <X1b — X1(0c0)b < 1. Hence limsupAjc < 1.
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A.3.3. Some simple examples of matrices for which Theorem 1 applies. We
now justify the claims made after the statement of Corollary 3. We assume that
limsup A1 (X,) < oo, liminfA,(X,) > 0,n > p and n/p is bounded.

Sums of atoms. Suppose X, has a largest eigenvalue of multiplicity k(p) and
that in the models under consideration liminfk(p)/p > 0. Then we just saw that
Theorem 1 applies.

Equally spaced eigenvalues on an interval. Suppose the covariance matrices
X, in our models have eigenvalues that are equally spaced on a fixed interval
[¢, &]. Suppose also that n/p is bounded. Then it is clear that the conditions under
which we worked in Appendix A.3.2 are satisfied, as long as ¢ > 0 and £ < oo.
Hence Theorem 1 applies.

A.3.4. The case of Toeplitz matrices. Since we are working with covariance
matrices, our matrices X, have to be symmetric and positive definite. Let us de-
note the parameters defining the Toeplitz matrix by ag, ay, ... . Not aiming for the
greatest generality, we assume that

Zklakl < 00.

Then the function

o
a(w)=ag+?2 Z ay cos(kw)
k=1

is €! on [0, 277]. Hence it is bounded and continuous. This function plays an im-
portant role in the understanding of the limiting distribution of Hermitian Toeplitz
matrices. The results concerning Toeplitz matrices we need are very well known
and classical. They can be found in [19], Chapter 5, [18], Chapter 4, and [8], Sec-
tion 5.5.

Let us denote by F' the measure defined on the Borel sets of R by the following
relation: if £ C R is a Borel set,

F(E)= %Leb{a) €[0,27]:a(w) € E},
where Leb denotes Lebesgue measure.

As before, we call H), the spectral measure of ¥, which is now a p x p Toeplitz
matrix. We call A1 (co) = sup supportF and A, (00) = inf supportF'.

Here is a collection of some interesting and relevant properties of symmetric
Toeplitz matrices. Since a is bounded on [0, 27 ], we have, using Corollary 5.12
in [8], H, = F. a is also piecewise continuous, so limA,(X,) — A (c0) and
limA1(X,) — A1(00), using, for example, Theorem 5.14 in [8] or Lemma 4.2



LARGEST EIGENVALUE OF WISHART MATRICES 697

in [18]. Finally, it is known ([18], Corollary 4.1 or [8], page 141) that if F does
not have any atoms, then its cumulative distribution function D satisfies

1
D(x) = F((—o0,x]) = 3 /( - dw.

Recall our assumptions: a is bounded away from 0, C! and its derivative
changes sign only a finite number of times in [0, 27]. Also, F' is assumed to not
have atoms. Then we of course have

0< inf a(w)=Xis(co) and sup a(w)=A1(co) < o0.
[0,27] [0,27]
Also, we can split [0, 2] into, say, m intervals where a is monotonic. Calling the
intervals I and their endpoints py (with I} < I» < ---and I} = [p1, p2]), we have

"o
D(x) = — dw.

el :a(w)<x

The function a is invertible on I;. Also, A1(o0) is reached and so there is at least
one k, say ko, for which a(py,+1) = A1(00). Further, we can assume without loss
of generality that a is nondecreasing on Ii,,. We call ay, the restriction of a to Ij,.
ax, 1s an invertible function. Now, assuming that a(pg,+1) > x > a(pk,), we have

Dy (x) = / do = ak_ol (X) — Pko-
a)elko ra(w)<x

Since ay, is e!l, Dy, has a derivative in (a(px,), a(piy+1)) and we have
1

D, =
ko (X) af @ o)

We immediately see that on this interval
1

D, (x)> ——MmM >
ko supy,27] la' (@)

since a is C'.

Hence, after we rewrite D as a sum of Dy’s, we see that under our assump-
tions D has a density except at a finite number of points where the derivative of a
changes sign. The density tends to oo at these points. So the assumptions put forth
in Appendix A.3.2 hold and Theorem 1 applies to the class of Toeplitz covariance
matrices we considered.

In general, if a is a Lebesgue integrable function on (—m, w) whose Fourier
coefficient coincides with the a;’s, and if esssupa = M, < oo and essinfa =
mg > 0, Theorem 1 holds for such a Toeplitz matrix if

ror= [ (i) o



698 N. EL KAROUI

is a continuous function of x on [0, 1/M,) that is increasing and tends to oo as
x — 1/M,. (Note that since a > 0 a.e., T is nondecreasing in x.) This is a sim-
ple consequence of the so-called First (or Weak) Szeg6 limit theorem (see [19],
pages 64—65) and of the fact that the eigenvalues of the corresponding (truncated)
Toeplitz matrices are between m, and M, in this situation.

A.4. Justification of results for spiked models with a small spike. Here we
are considering “spiked” models of covariance. Namely, we start with a model
{Xp.n, p}p,pen that is in . In other words, Theorem 1 applies to this model.

When we say that we are considering the spiked version of this model, we mean
that we are now focusing on data matrices X that are n x (p + k), and X; tid
Nc(0, X p4x), where k(p) < K, K € N, and we add to {A1(Xp),...,Ap(Z)p)}

k eigenvalues larger than A1 (X,). In other words, Ax (f]p+k) =A1(Z)p).

A.4.1. Proof of Fact 1. The statement we want to prove is the following: In
the “spiked” situation described above, if there exists x > 0 such that

M(Epsr) < —x +1/e(Zp,n, p),
Theorem 1 applies to §p+k-

PROOF. In order to simplify the notation we will use in this proof the shortcuts

N ~

c=c(Xpyk,n, p+k),
cs c(Zp,n, p),
M EAE ).
It is clear that the only thing we have to check is that
limsup A1 (Zp0)c(Epik, 1, p+k) < 1.

We of course have ¢ < 1/4. Now let us call

Ao\~ -
p(x):/(l X)L > dHp where p is defined on [0, 1/A1).
— Ax
The equation that defines ¢ is

n -
() = —— ith ¢ € [0, 1/A1).
p(C) P with ¢ € [0, 1/A1)

We have seen that p is an increasing function of x. Now since ¢(X,,n, p) <1/ A,

we can compute p(c). Note that we have, if we denote by i’s the eigenvalues we
have added to X, to create X,

1 k

) e ()
x) = = + dH,()).
P p+kj§(1—xjx p+kJ) \1—ax r®)
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Now recall that by definition,
A 2
f( < ) dH,(0) = .
1—Ac p

1 k ch )2 n n

Cc) = = > .
a p+kj§<1—xjc p+k p+k

Hence

Since p is an increasing function of x this implies that
c<c
and therefore
115 < ilc <1—yec.
Since liminfc > 0 because {X,, n, p} € §, we have shown
limsup i1é < 1
and Theorem 1 applies to by pk- U

A.5. Issues of convergence in probability and a.s. convergence. We will
explain in this subsection why, when Theorem 1 or 3 applies, we have

l
L W(Zp.n.p)—>0  in probability
n

and
h
——w(Zp,n,p)—>0 a.s.
n

The convergence in probability part is an immediate application of Slutsky’s
lemma (see [39], Lemma 2.8), so we will not belabor this point. The only thing
we have to show is therefore the almost sure convergence part. We use concentra-
tion of measure arguments to show that /1 /n — u(Z,,n, p) — 0 a.s.

FACT. If Theorem 1 or Theorem 3 applies,
[
—I—M(Ep,n,p)—>0 a.s.
n

PROOF. Letus first recall that the application that takes a matrix M and returns
its ordered singular values is 1-Lipschitz with respect to Euclidean norms (see,
e.g., statement 7.3.8 in [22]). In other words, if we call {o;} and {r;} the ordered
singular values of two n x p matrices A and B, we have

P

2 2
D ok — ) <D laij — bi I
k=1 i
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In particular, that shows that the application that takes a vector of dimension 2np,
turns it into matrices M and N and returns the ordered singular values of M 4 i N
is 1-Lipschitz with respect to Euclidean norms. So is any 1-Lipschitz (for Euclid-
ean norms) R” — R function of the ordered singular values, and in particular
the projection that returns o from (o1, 02, ...,0,). Hence, by a fairly standard
concentration of measure argument (see, e.g., [13], pages 34-38, and references
therein, especially [21]), if we call m(XZ,, n, p) a median of s; = /I1(X*X)/n,
and A = supA1(X),) < 00, we have, in the setting of Theorem 1 or 3,

Vr > 0, P(lsi —m(Zp,n, p)l>r) < 26xp(—nr2/)_»1).

Note that the fact that the rows of our matrices are N (0, X)) plays a crucial role
here, for we know the concentration function of Gaussian random variables and
we also know that it has the so-called dimension-free concentration property. We
refer the reader to [26], page 99, for more information about it. Let us just say
that, for quite general distributions, the interplay between log-Sobolev inequalities
and concentration of product measures is the gist of the argument that leads to
the previous inequality. In the Gaussian case, we can also use the fact that the joint
distribution of the entries of the 2np vector has a density of the type exp(—U) with
Hessian(U) > 2Id/X;. [Recall that since we are working with complex standard
entries, the rows of M and N are i.i.d. N (0, X,/2).] Hence Theorem 2.8 in [26]
applies and the concentration function for this measure is exp(—r2/A1).

Combining it with the first Borel-Cantelli lemma (recall that n is going to o),
we see that

s —m(Xp,n,p)—0 a.s.

Since we know that (X, n, p) is uniformly bounded when Theorem 1 or Theo-
rem 3 applies, we conclude that in this situation ,/u(X,, n, p) is, too.

Now because s1 —m(X,,n, p) = 0 as., s —m(Z,, n, p) — 0 in probability.
But we also know that/y /n — u(X,, n, p) — 0 in probability. Therefore, /I1/n —

/n(Xp,n, p) — 0 in probability, because, for instance, u(X,,n, p) is bounded

below. And so m(X,,n, p) —,/u(Zp,n, p) — 0.
Hence, there exists K > 0 such that 0 <s; < K a.s. Hence s is (a.s.) uniformly

bounded. So is m(X,, n, p) and hence
(s1 —m(Zp,n, p))(s1 +m(Z,,n, p)) = s12 —m(Z,,n, p)?

=——-—m(Z,,n,p)X—>0 a.s.
n

We know that m(%,, n, p)2 — u(Xp,, n, p) — 0, because u(X,, n, p) is bounded
above, so we have shown

[
—I—M(Zp,n,p)—>0 a.s. ]
n
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A.6. Determinantal character of the point process and consequences. In
this section, we explain that when viewed as a point process on the real line, the
eigenvalues of X*X form a determinantal point process. The main consequence is

that when the rows X; L N (0, ) and the covariance models are in the class g,
the joint distribution of the k-largest eigenvalues of X*X (k fixed) converges to its
Tracy—Widom counterpart.

The fact that the point process is determinantal is an easy consequence of a well-
known result that seems to first appear in [7], Section 2, and that directly applies to
the situation we are considering, given the form of the density of the eigenvalues of
X*X, when X; are n i.i.d. Nc(0, X)). Proposition 2.1 in [6] shows that the kernel
of this determinantal point process is K, ,, where K, , is defined in (4). We can
now turn to the issue of the convergence of the joint distribution.

A.6.1. Convergence of the joint distribution. Let B; be disjoint, bounded be-
low Borel sets of R and let Np : denote the number of eigenvalues of X*X that are
in B;. As explained in Theorem 2 in [33] (see also (2.44) in [34]), the generating
function of the probability distribution of Np; can be written as the determinant of

an operator. In our case, if we call L = Z];:l (zj — D1p;, we have

k
Np.
E(H Z; Bf) — det(ld + K,, ,L).
j=1

Using Lemma 2 in [34], if we can show that det(Id + A, , By, pL) — det(Id +
Ai’L), we will have shown the convergence of the joint distribution of the k-largest
eigenvalues of X*X (properly recentered and rescaled) to their Tracy—Widom
counterpart. (The argument is similar to the one given in the proof of Theorem 1,
pages 1047-1048 in [34].)

Now recall that we showed that A, ,B, , — E Ai2E~" in trace class norm in
the notation of Lemma 3. Our only problem is therefore to show that det(Id +
EAP’E —-11) = det(1d + Ai2L). Note that since L and E~! are multiplication
operators, they commute. Also, recall that EAi and AiE~! are Hilbert—-Schmidt
operators. Since L is bounded, AiL E~! is Hilbert—-Schmidt. Recall also that for
Hilbert—Schmidt operators F and G, det(Id + FG) = det(Id + G F). Hence,

det(Id + EAPPE~'L) = det(Id + EAP’LE™") = det(Id 4 (AILE ™) (EA))
= det(Id + AiLAi) = det(Id + Ai’L).

We refer to [35] and [10] for information about the limiting distributions of
b, ..., I.

APPENDIX B: CONVERGENCE OF OPERATORS

In this section, we will prove Proposition 1 (which deals with the convergence of
Ap, p) and sketch the proof of Proposition 2 (which does the same thing for B, ).
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The method of proof is similar to what is done for the proof of Proposition 3.1
in [6]. It might look a little simpler because we worked in the beginning of this
paper with more complicated functions f than [6] did. So, from the point of view
of this analysis, the efforts are in some sense balanced differently.

At this point, what we have to do is adapt the proof found in [6]; the difficult
conceptual and technical problems we had to solve that required fresh ideas and a
new look are found earlier in the paper. Now we principally need to rephrase parts
of the work of [6] in a more general context, once the gist of the argument is under-
stood in this general context. Note that our paths are slightly different from theirs,
and there are a few other things to check. (In particular, we state Proposition 1 with
an exp(—es/2) in the upper bound, independent of the interval [—sg, 00) on which
we work. We need to show that one can adapt the proof given in [6] to do this and
not have b(sg), possibly dependent on sy, instead of ¢.)

We decided to include the full proof for three reasons. A sequence of references
to various equations in [6] and modifications to make to those would have made
for a very difficult reading. It would also have assumed that the reader had an
enormous familiarity with [6]. So we decided to include this analysis for the con-
venience of the reader. Also, given the somewhat technical nature of the problem,
having a completely spelled out proof reduces considerably the risk of errors.

Nevertheless, because of the length of the proofs, we will only give a complete
proof for the convergence of k, Ay, , to its limit. We will just sketch the corre-
sponding proof for By, ,/kn, p.

B.1. Preliminary remarks. We first recall the assumptions satisfied by mod-
els in . We assume:

1. n/p is uniformly bounded and greater than or equal to 1.
2. limsup A1 (X)) < oo.

3. liminfA,(X,) > 0.

4. limsupAjc < 1.

Recall also that f, whose dependence on (X, n, p) we choose to not highlight, is
defined as

f@) ==z =) +log@) - £ [ log(1 — z3) dH, (%),

Before we explain why the proof of Proposition 3.1 in [6] can be adapted to our
problem under these assumptions, we need to show an intermediary result: the fact
that under the above assumptions, liminfc > 0.

B.1.1. About liminfc. The fact that A; £ lim supA; < oo implies that
liminfc > 0. As a matter of fact we have

n AC 2 AlcC 2
<5 () = (25)
p 1—2Xc 1—Aic
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and hence
1

— <c.
201

This of course implies that
liminfc(X,,n, p) >0

since we assume limsup A < oo.

B.1.2. Key properties needed for the proof to go through. As explained in
Section 3.6.2, there are four crucial points that will allow us to carry out the proof.

The first one is the fact that the lengths of I' and E are uniformly bounded when
the (nonspiked) covariance models are in §. It is clear that this is implied by the
condition liminf A ,c > 0 (which is equivalent to liminf A, > 0, since c¢ is bounded
below) and the fact that :(f(d)) and 9R(— f(e)) are bounded below under our
assumptions (which implies that R and R, are bounded).

The second very important point is that one needs to be able to find § > 0 such
that

Yl o’
—f<—.

4! 6
The importance of this property will become clear in the proof. Of course, this has
to be uniform with respect to our models. In our context, calling

35 > 0,Vs s —cl<dé —

limsupAic=o; and §=rnc,

it is easy to see that this is implied by

S i) <+
— |t |\ <=
4¢3 (1—77)4 n\1—{4na c3

1 p ) 4}
o—= 4.
”[(1—n>4+n<1—<1+n)al> =

Since by assumption @y < 1 and p/n <1 it is clear that we can find 1 > 0 such
that the inequality appearing in the previous display is verified.

Therefore, § = liminfnc is bounded away from 0, since 1 and ¢ both are. The
assumptions limsupAic < 1, p/n <1 and the fact that liminfc > 0 imply that
both u and o [defined by (2) and (3)] are bounded, which insures that for the
same §

or

(C))
Vs |s—cl<é = limsupsupW=A<oo.

Finally, note that since &1 < 1, we can guarantee that the § we pick is small
enough that the disc of center ¢ and radius 6 never encloses d(X,,n, p). [For
obvious symmetry reasons, it also means that § can be chosen small enough that
e(Xp,n, p) is not enclosed either.]
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B.1.3. On Theorem 3. In this situation, we consider the case where a covari-
ance model {X,, n, p} in § is spiked with k eigenvalues at 1/c(X,, n, p) (k=01is
a possibility).

Using notation similar to what we used earlier, we will need to analyze the
function

As (x) = _NOn,p / e "n,pX(2=q) p=tkn, p(2— q)zn 1_[ 1 c dz
Tk, prk 27i Jr L1 —zh (c— 2)F
__nUn,.pfe—nan,px(z—q)e—nfn,p(z) dz,
2mi Jr (c — )k

where f, p is the function that appears in the analysis of Ay, » ,. We used the
index (n, p) to remove any ambiguity.
Similarly, we will have to study

B§p+k,n,p+k (x)

:nUn,P/ enrrnpx(z q) e, p(z2— q) H(l—kkz)(C—Z) /C dz.
2wi J=

What we will show is that after proper scaling, these functions converge to limiting
functions Hoo x and JOO & defined thereafter (and appearing first in (120) and (122)
in [6]).

Theorem 3 is a generalization of Theorem 1.1(a) in [6] in the sense that it
shows that the same limiting distributions Fj’s appear if we spike the covariance
matrix at the “critical” eigenvalue. Note nevertheless that we do not recover ex-
actly the same critical eigenvalue. We could have if we looked at a model of
the type {X,k+r.n, p + k + r}, with r eigenvalues such that for some x > 0,
lis1, ..., €[x, 1/c(Zp, n, p) — x]. This would have added a little bit of techni-
cal difficulty to the proof we give later without the benefit of understanding since
we already saw that the model {X3,,,, p +r, n} (corresponding to X and those r
“extra” eigenvalues) is in §.

B.1.4. Limiting functions and limiting distributions. It seemed to us that
slight (essentially “cosmetic”’) modifications of the functions introduced in [6],
(120)—(122), were the most natural way to define them, especially when consider-
ing existing literature on Tracy—Widom limits. So we call

1 3 ,.da

(15) Hoo e (X) = —— / exp(—ax +a*/3)

2ri ak
Here if we call ¢ the positive real introduced earlier in the text, I'nc goes from
o0e!™/3 to ooe™i™/3, goes through the real axis on the left of 0, stays in the re-
gion N(z + ¢) > 0 and is symmetric about the real axis. It is oriented counter-
clockwise. In subsequent analysis, we will take ', to be the union of the straight
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line re'™/3, 0o > 1 > g/2, the arc of circle Qf center 0 and radius ¢/2, for an-
gles 6 € [r/3, 57 /3], and the straight line ze~""/3 for ¢ <t < co. Note that when
k=0, Hoo 0(x) = Ai(x).

Similarly, let

(16) Jook(x) = i / exp(ax —a’/3)d* da.

271 JEq
Here, the contour E. is restricted to the region % (z 4 &) < 0, goes from coe~27/3
to 0oe!?™/3 and is symmetric about the real axis. It is also oriented counterclock-
wise. In subsequent analysis, we will take it to be the union of the line re=%7/3,
3¢ <t < 0o, the arc of circle, 3¢e'?, 0 € [27/3,47/3] and the line ret2m/3
3e <t < o0.

Note that E is strictly to the left of I's

Finally, using (206) in [6], it is clear that |e™** Hy x (x)| < Ke /2 for some
K > 0. Using (205) there, we get similarly that ¢®*Jy 1 (x) = O(e~**/2) on
[s0, 00), for all s¢ > oo.

Hence, if we call Floo,k(x) =e ““Hyo x(x) and foo,k(x) = e Joo k (x), We see
that the operators on L?([0, 00)) with kernel K (x, y) = I:Ioo,k(x + vy +s) and
k(x,y)= foo, x(x + y + ) are Hilbert—Schmidt, for any fixed s. Hence their prod-
uct is trace class.

The cumulatlve d1str1but10n functions F;’s mentioned in Theorem 3 are con-
nected to HOQ r and JOo & in the following manner. If we call, by a slight abuse
of notation, HOO x the operator with kernel HOO r(x+y+s)on L?[0, 00) and
similarly Joo, x the operator with kernel Joo, x(x + y + 5) on the same space, then

Fi(s) = det(I — Hoo k Joo 1)-

Note that as explained in [6], this quantity is well defined and independent of ¢. &
is just here to ensure that Hy  is Hilbert—Schmidt.

B.2. Convergence of A, ,. We work in the general case where there is a root
of multiplicity k at c(X, n, p). We nevertheless will not highlight this dependence
on k to simplify the notation.

Denoting by f the function defined in (11) and corresponding to {X, n, p}, we
call /cn/p =exp(—nf(c))/(— an1/3c)k and, since we are in the case where 0, , =
o/n

1/3
nl/ cr/ —nBs(z—q) @ ckdz
r

Af)erk,n,P-i-k(s) = Ansp(s) = 27ri (C _ Z)k

Hence,

I / o105 (- flen 92
2mi (on!/3)k=1 Jr (z—o)k

The aim of this subsection is to show the following lemma.

A
C74>n,p :Kn,pAn,p(S) = -
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LEMMA B.1. Let f satisfy Lemma 1. Suppose
P

35 > 0:Vs |s—c|<8=>‘ 5%.

Then
Vso € R,3AC(sg), ANo(s0) : s > 59, n > Ny

C(sp) exp(—es/2)
= |kn, pAn,p(s) — exp(—es) Hoo k()| < n?/3

We now turn to proving Lemma B.1.

B.2.1. Notation. We call C the circle of center ¢ and radius §. We call D the
corresponding disc. We split I" into I' = GV U G®, where GV is the part of T
that is inside & (see Figure 4). Note that under our assumptions about § and d, the
intersection of I and € is on I'; U Ty, that is, on a section of I" where this contour
is parametrized as ¢ + te*7/3, t e R.

We call F&l;) the image of G under the map z — on'/3(z — ¢). Of course,
everything has been done so that this is a subset of I's,. Let us denote FC%) =
Too \TS.

Recall that we called A, ,(x) = KnpAn p(x). Let sy p(x) = AL, (x) +
:A;f,%i, (x), where the superscript indicates that Af,i,)p (x) is the contribution of the
integral defining +, ,(x) over G,

We similarly split Hoo x into Hoo = Héé?k + H(g,)k where now the superscripts

refer to the contribution of the integrals over Féé) and F(%).

B.2.2. Preliminary computations. Recall that o is uniformly bounded (away
from 0 and oo) for models in the class §. Since we supposed that | f ¥ (s) /418 <
03 /6 and § is bounded away from O, it is clear that there exists 0 < A < oo such
that supj;_.|<s | f®(s)/4!] < A, uniformly for our models.

We now turn to bounding a quantity that is key in the analysis. We have, for any
complex number z, |N(z)| < |z|. Therefore, since f has two 0 derivatives at ¢, we
have by Taylor’s theorem, for z’s such that |z — ¢| <6,

m(f(z) — (o) - f(%)( —0) )‘ =

@
5( up L) (S)l)lz—6|4,

s—cl<s 4!

4
5( sup M)5|z—c|3,

s—cl<s 4!

(3)
f (C ) (z 6)3

f@)— flo)—

’

3

o

3

S z—cCl,
6| |
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because |z — ¢| < §. Recall that f(3) (c) =203. Hence when z € D,
3

R(f(2)— f(0) < %(m«z — o) +1z—cl).

In particular, when z € D and z = ¢ + te™7/3, R(f(z) < f(c) — 363/6.
Now recall that because 9i(f) is decreasing on 'y and since d ¢ D, f(d) <
fc+8¢7/3) . If z is in GP, either it is on ' or N(z) > R(d). In the latter
case, N(f(d)) = N(f(z)) because f satisfies Lemma 1. In the former, we can
use the fact that 9i(f(z)) is decreasing on I'y to finally get that for z € G?,
N(f(2) <R(f(c +8eT) < f(e) —a?8%/6.

We will now split the analysis into three parts corresponding to different regions
of I'.

B.2.3. Behavior of our functions on G» and F(%) . Let us first focus on
AL, (x). By definition,

AR (1) = L f o o) n(f—fen__ 92
' 27i (on!/3)k=1 Jgo (z =)k
Hence,
4@ ()] < 1 / o Poxdie—q) nR(f @)~ f(0) |dz] .
PN T 2 (onl 3k Jgo lc — z|k

Now on G®, |c —z| = 8 and R(f (z) — f(c)) < —0383/6. So we only have to pay
close attention to n'/3oxM(z — q).

Suppose x € [—sp, 00), with sg > 0. If x > 0, then —oxN(z —q) < —0x§/2 <
osoR1 —ox6/2. If x <0, then —ox(z — q) < ospRy, because (g) > 0 and
we saw that R can be chosen to be independent of our models (i.e., uniform with
respect to them). We of course also have —ox9i(z — q) < osgR; — 0x5/2 when
x < 0.

So, since the length of G, L@, is uniformly bounded, because that of T,
L[‘, iS,

Ly —no383/6_n'3o (soRi —(x8/2))
()] < 27 (on 3)k—1gk ¢ :

We deduce from this that for all x in [—sg, 00), 59 > 0,

A0

{'Aifig(x” < C(_SO)e—xs/Ze—l’l0353/]2’

when 7 is large enough. Note also that C(sg) can be chosen to be a continuous
nonincreasing function of sp.

‘We now turn to Hé?k. Note thatifa € Fé%), a=rteT/3 andt > Son'/3. Recall
that

— +a3/3
) B 1 e—Xa
H 0 =5 /F e
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Hence,

e—xm(a)+<n(a3) /3 1 oo e—xt/2—13 /3
|da| < / —dt.
)

1
(2)

H -
|Hoo il = 5 /<2> |k

Now note that for sg > 0, x > —sg and ¢ > &, e /2 < %01/2=x¢/2 We conclude
from the last display that, when # is large enough,

onl/3 tk

|eXp(—8X)H( )k(x)‘ < C(—s¢)e” o383 n/6 —xe/2

where again C(y) can be chosen to be a nonincreasing continuous function of y.

As an aside, let us go back to the point we raised in the main text about f not
being defined when we cross the real axis. What we just did is to take the modulus
of the quantity that appears inside the integral taken over G®. When we worked
on N(f), we essentially focused on these quantities, since N (log(z)) = log(|z|),
when the log is defined. So the analysis we did for 3 (f) applies to the situation
when we first take the modulus of the quantity of interest, and hence we are rid of
the problem created by the fact that the log is not defined when we cross the real
axis at Rj.

B.2.4. Behavior of the difference of our functions on GV. We first note that
after changing variables through a = on'/3(z — ¢), Fg}) is transformed into G (V.
In other words, after doing this change of variables,

1/3
H(l) ( ) _Gn / f e—an1/3x(z—c)+na3(z—c)3/3 dz
KX = : 13,y — k"
2wi Jow (n'Po(z—0))
We also have exp(—ex) = exp(nl/ 3o(q — ¢)x), and therefore,
1/3 d

(1) n / —on'Bx(z—q)+no3(z—c)?/3 <
exp(—ex) H S —
p( X) k(x) 27_”, G(l)e (n1/3O’(Z—C))k

Hence we have

AL () — exp(—ex) H (x)]

1/3 n(f(@)—f©) _ noz—c)®/3
on / e—an1/3x§)€(z—q) le € | Idz).
G

2 n'Bc(z — )|k
o The case z € Iy.

Recall that if z € Ty, z — c = €%/ (2on'/3), 6 € [7/3, 57/3].
We call
onl/3 _pyle" V@S @) _ "o @=0*/3

/ —rml/3x‘)\(z
2 Jonr, |n30(z —c)|¥

Iry(x) = |dz|.
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Note that for u, v € C, |e" — '] < max(|e], |[e”|)|u — v|. This is easily seen
if we write ¥ () = v + (u — v)¢ and note that " — e = fol e?Wy'(t)dt. Then,
le¥ | = exp(N(v) + tNR(u — v)) and the result follows.

Hence, using the computations made in Section B.2.2,

| @=f@©) _ ena3<z—c>3/3|

3
3 3 o
< max(|e" /SO [T ET BNl () = f(e) = @ =)
< ena3(2?)1((z—c)3)+\z—cl3)/6nA|Z _ C|4‘
We also have on'/3(z — ¢) = ei98/2, and therefore
4
o3 NR((z—c))+lz—cl)/6 4 _ ee Ae
e nAlz—c|" <e Tooinll3"

In other respects, R (z —gq)on'/? =on' B Rz —c) +R(c—q)) = e(14cos(9)/2).
We also note that the length of I'g is 47 ¢/ (60 n'/?). Therefore, we conclude that

o leT@=1© o’ @=0/3)

/ —onBxf(z—
G(‘)ﬂl"() |n1/36(Z _C)|k

|dz]

6onl/3\2
where C can be chosen to be a continuous nonincreasing function. In other words,
for x € [—sg, 00), when n is large enough,
C(—s0) exp(—xe/2)
nl/3 :

4 (—k) At
< C(—s0) exp(—gx/z)A<f> ee3/1678’

jro(x) =
o Thecase z €TI'y.

Whenz e 1 NGWY, z=c+tet™/3 ¢/2on'3) <1 <8.
We call

(D — F e 3(,_ )3
onl/3 / ontPeie—g) |en(f@—f(©) _ gno(z=c)’/3)
27 JeWnr, |n130(z — )|k

Going through the same steps as before, we find that

Ir,(x) = ldz].

| @=F(©) _ gno?c=0)?/3| < gno @M= )He—e)/6) A7 — ¢4

3.3
< Mo t /6Ant4.

In other respects, onl/siﬁ(z —q) = tn1/30/2 + ¢&. Therefore, for x € [—sq, 00),
with so > 0, we have —xon!'3R(z — q) < so(tn'36/2 + ) — ex. Hence,

1/3 P) —no33/6 4
I () < onl/ eSOEe—Sx/ esofnl/3<7/26 /6 Ant
! - 27 &

/Qon'/3) (n'Bot)k
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After changing variables to v = on'/3t, we get

AeS0E p—EX 00 3 B
Ir () < =73 / e*0V/2 v /0yA=k gy,
2woinl/3 gy
Hence, here again, we can find a continuous nondecreasing function C such that
for x > —s¢, so > 0 and for n large enough,

N C(_So)e—xs/Z
Ir(x) = 5

B.2.5. Conclusion. The expression |k, A, p — e Hoo k(x)| was our initial
center of interest. We have the simple bound
|Kn,pAn,p —e oo,k(x)l
< | AWM _ _ H( ) e;4‘,(2) _ H( )
< [, () — exp(—ex) Hyy  (0)| 4 [A,7), (x) | + exp(—ex) | Hy ' (%)
~ ~ 2
< Ty () + 31, () + AP, ()| + | exp(—ex) HL, ()]

C(_So)e—sx/Z
/3 ’
for C a nonincreasing continuous function. This bound is valid if x € [—sg, c0),
so > 0 and when 7 is large enough.
So Lemma B.1 is shown.

B.3. Convergence of B, ,. We again work in the general case where there is
aroot of multiplicity k at c(X,, n, p). With notation similar to the ones above, we
have

1/3
B§p+k,n,p+k(s) = Bn,p(s) = 2

k
o [ ooty
Tl = C
Hence,
1/3k+1

(on ) / en1/36S(z—q)e—n(f(2)—f(6))(Z — o)k dz.

2mi E
The aim of this subsection is to show the following lemma.

orBn,p(x) = Bn,p(s)/Kn,p =

LEMMA B.2. Let f satisfy Lemma 2. Suppose

()
35 > 0:Vs s —c| <dé= f (S)

cr
=%
Then

Vso € R, AC (sg), ANo(s0) : s > s, n > Ny

¢ C(sg) exp(—es/2)
=5 1B p(5)/n,p = € oo (5)] < —

We now turn to proving Lemma B.2.
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B.3.1. Notation and preliminary computations. Recall that we denote by C
the circle of center ¢ and radius §. We call £ the corresponding disc. We split &
into 8= XM U X®, where X is the part of E that is inside £. Note that under
our assumptions about § and e, the intersection of E and € is on E; U E1, that is,
on a section of & where this contour is parametrized as ¢ + re™27/3 r e R.

We call & ’“( ) the i image of X under the map z — on'/3(z — ¢). Of course,

everythlng has been done so that this is a subset of Eo,. Let us denote E((,%) =

Let us call B, () =By p(X) /s p and B, p(x) = B ) (x) + Bip(x), where
the subscript indicates that JB(’) (x) is the contribution of the integral defining

By, p(x) over X1,

We similarly split Joo  into Joo x = J, (l)k +J (2)k where now the subscripts refer
to the contribution of the integrals over E "‘(1) and E "‘(2)

Note that using the same arguments as before, we have, inside D,

3

N(f(c)— f2) < %(—m((z — o)) +1z—cP).

So for z = ¢ + teT273 R(f(c) — f(2)) < —o°t3/6. Also, by arguments similar
to the ones we used before, we have

o3

ma(x R(—f(2) <R(f(c+8e¥™) < —f(c) — < 3.

B.3.2. Behavior of our functions on X @ and Efﬁ? . We first focus on JB,(,zg, (x).

Note that for z € X@, we have |z — ¢| < v3c2+ (R2+¢)? and —(R2 + ¢) <
N(z — q) < —e/(2on'/3). The second inequality comes from the fact that g is a
circle of radius 3¢/ (on'/3). Now we have

1/3\k+1
) (on’’") nBoxRz—q) nN(F @ —F@) . _ 1k
BN = —— ¢ e Iz — cl¥dz].

Because for x in [—s9, 00), xR (z —q) < —x&/(2on'/3) 4+ s0(Ry +¢), we conclude
using the results put forth in the previous subsection, that

82,00 = C(—soye™ 0"/ 120512,

On the other hand, since Eg%) is parametrized as z = te®?"/3, with son'/? <

t < 0o, we obtain along the lines of the proof done for H, g)k that

Jég,)k (x) < e—38x/2€—a383n/6C(S0)‘
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B.3.3. Behavior of the difference of our functions on XV. Here again, by the

1/3 =(1)

change of variables a = n'/30 (7 — ¢), B¢ is mapped to X (1. Hence we can write

1B (x) — Ve

1/3
L on / eanl/3xﬂi(z—q)|o_n1/3(z —
- 2 Jx®

« [T O=F@) _ gm0 @03 .

Splitting the problem into first Ep and then E1, and repeating the approach used
in the study of AWM together with the new estimates of f(c) — f(z), we get

1B () — e I ()] < C(=s0)e /2 /'3,

o0,

The combination of this bound and those for J é?k and £,(fg, (x) shows Lemma B.2.
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