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ON BILINEAR FORMS BASED ON THE RESOLVENT OF LARGE
RANDOM MATRICES

WALID HACHEM, PHILIPPE LOUBATON, JAMAL NAJIM AND PASCAL VALLET

ABSTRACT. Consider a N X n non-centered matrix ¥, with a separable variance profile:

D/*X,D}/>
Yp=—m—— + Ay .
vn
Matrices D,, and D, are non-negative deterministic diagonal, while matrix A, is de-
terministic, and X, is a random matrix with complex independent and identically dis-
tributed random variables, each with mean zero and variance one. Denote by Qn(z) the
resolvent associated to X%}, i.e.

Qn(z) = (Zn3) —2In) " .
Given two sequences of deterministic vectors (un) and (vp) with bounded Euclidean
norms, we study the limiting behavior of the random bilinear form:
wy Qn(z)vn Vz € C—RT
as the dimensions of matrix 3, go to infinity at the same pace. Such quantities arise in
the study of functionals of 3,3} which do not only depend on the eigenvalues of 3,3,

and are pivotal in the study of problems related to non-centered Gram matrices such as
central limit theorems, individual entries of the resolvent, and eigenvalue separation.

AMS 2000 subject classification: Primary 15A52, Secondary 15A18, 60F15.
Key words and phrases: Random Matrix, empirical distribution of the eigenvalues, Stielt-
jes Transform.

1. INTRODUCTION

The model. Consider a N x n random matrix 3, = (£%) given by:

1 ~ 1

D2 X,D;

8, = 7"
N

where D,, and D,, are respectively N x N and n x n non-negative deterministic diagonal
matrices. The entries of matrices (X,,), (XJ} ; i, j,n) are complex, independent and identically
distributed (i.i.d.) with mean 0 and variance 1, and A, = (aj;) is a deterministic N x n

matrix whose spectral norm is bounded in n.

+An§Yn+An , (1.1)

The purpose of this article is to study bilinear forms based on the resolvent Q,(z) of
matrix 3,37, where ¥y stands for the hermitian adjoint of X,

Qn(z) = (2,55 — zIy) ",

Date: August 23, 2011.



2 HACHEM ET AL.

as the dimensions N and n grow to infinity at the same pace, that is:
N N
0 < liminf— < limsup— < o0, (1.2)
n n
a condition that will be referred to as N,n — oo in the sequel.

A lot of attention has been devoted to the study of quadratic forms y* Ay, where y =
nfl/Q(Xl, - X,)T, the X;’s being i.i.d., and A is a matrix independent from y. It is well-
known, at least since Marcenko and Pastur’s seminal paper [18, Lemma 1] (see also [4,
Lemma 2.7]) that under fairly general conditions, y* Ay ~o n~ Tr A.

Such a result is of constant use in the study of centered random matrices, as it allows to
describe the behavior of the Stieltjes transform associated to the spectral measure (empirical
distribution of the eigenvalues) of the matrix under investigation, see for instance [23], [24],
[14, 15], etc. Indeed, the Stieltjes transform of the spectral measure writes:

1 1
fa(2) = 5TrQn(2) = Z[Qn(Z)]n(Z> :

where the [Q,(z)]:i’s denote the diagonal elements of the resolvent. Denote by 7; the ith
row of ¥, and by ¥, ; matrix 3,, when row 7; has been removed, then the matrix inversion
lemma yields the following expression:

(Qu(2)]is = :

(U (S S — D))

In the case where 3,, = n~1/2X,,, the quadratic form that appears in the previous expression
can be handled by the aforementioned results. However, if ¥,, is non-centered and given by
(1.1), then the quadratic form writes:

1Qi(2); = 5:Qi(2)7 + @iQi(2)7} + 5iQi(2)a; +aiQi(2)a;
where Qz(z) = (E;‘;inn,i —zI)7!, and §; and a; are the ith rows of matrices Y,, and A,.
The first term can be handled as in the centered case, the second and third terms go to

zero; however, the fourth term involves a quadratic form a,;Q;(z)a; based on deterministic
vectors.

It is of interest to notice that, due to some fortunate cancellation, the particular study
of bilinear forms of the type w) Q. (z)v, or their analogues of the type UnQn (z)0F can be
circumvented to establish first order results for non-centered random matrices (see for in-
stance [8], [15]). However, such a study has to be addressed for finer questions such as:
Asymptotic behavior of individual entries of the resolvent (see for instance [10, Eq. (2.16)]
where such properties are established in the centered Wigner case to describe fine properties
of the spectrum) , Central Limit Theorems [17, 13], behavior of the extreme eigenvalues of
3,27 . behavior of the eigenvalues and eigenvectors associated with finite rank perturbations
of ¥,,3% [6], behavior of eigenvectors or projectors on eigenspaces of Q(z) (see for instance
[3] in the context of sample covariance (centered) model), etc.

In a more applied setting, functionals based on individual entries of the resolvent [1]
naturally arise in the field of wireless communication (see for instance Section 2.1). Moreover,
the asymptotic study of the quadratic forms u* @y, (2)uy, is important in statistical inference
problems. In the non-correlated case (where D,, = Iy and D, = I,,), it is proved in [25] how
such quadratic forms yield consistent estimates of projectors on the subspace orthogonal to
the column space of A,, in the Gaussian case (see also Section 2.2). Such projectors form the
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basis of MUSIC algorithm, very popular in the field of antenna array processing. A similar
approach has been developed in [19], [20] for sample covariance matrix models.

It is the purpose of this article to provide a quantitative description of the limiting behavior
of the bilinear form u’ @, (z)v,, where u,, and v,, are deterministic, as the dimensions of %,,
go to infinity as indicated in (1.2).

Assumptions, fundamental equations, deterministic equivalents. Formal assump-
tions for the model are stated below, where || - || either denotes the Euclidean norm of a
vector or the spectral norm of a matrix.

Assumption A-1. The random variables (XZ ;i 1<i<N,1<j<n,n>1) are complez,
independent and identically distributed. They satisfy EX7; = 0 and E|X{lj|2 =1.

Assumption A-2. The family of deterministic N x n matrices (An,n > 1) is bounded for
the spectral norm as N,n — oo:

Amax = sup || 4, < oo .
n>1

Notice that this assumption implies in particular that the Euclidean norm of any row or
column of || A4, is uniformly bounded in N, n.

Assumption A-3. The families of real deterministic N X N and n x n matrices (D,) and
(D) are diagonal with non-negative diagonal elements, and are bounded for the spectral
norm as N,n — co:

dmax = sup ||DnH < oo and c’imax = sup ||DHH <0
n>1 n>1

Moreover,

1 ~ 1 -
dpmin =inf =TrD, >0 and dmin =inf -TrD, >0 .
N N n n

We collect here results from [15].

The following system of equations:
. N -1
5(z) = iTrD, (Z(JN £ 5(2)Do)Ix + A, (In + 5(z)Dn) A*
1 5 zeC— R+

(=%
—
I\
~—
I

410D, (~2(0 4 520Da) + 4 (v 45200 4)

(1.3)
admits a unique solution (8,) in the class of Stieltjes transforms of nonnegative measures’
with support in RT. Matrices T},(z) and T,,(z) defined by

-1

T(2) <_Z(IN +3(2)Dn) + A (In + 5(2)[),1)71 Aii) 1.4

T,(2) = (—z([n +6(2)D,) + A (IN + 5(2:)Dn)71 An) -

I fact, § and & are the Stieltjes transforms of measures with respective total mass n='Tr D, and
—1 ™
n~*Tr Dy,.
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are approximations of the resolvent Q,,(z) and the co-resolvent Q,(z) = (X%, — zIy)~ ' in
the sense that (2% stands for the almost sure convergence):

1 a.s.

NTI‘ (Qn(z) - Tn(z)) m 0 ’
which readily gives a deterministic approximation of the Stieltjes transform N~1Tr Q, () of
the spectral measure of 3,%? in terms of T, (and similarly for @, and T,). Matrices T,
and T, will play a fundamental role in the sequel.

Nice constants and nice polynomials. By nice constants, we mean positive constants
which depend upon the limiting quantities dmin, Jmin, dmax, Jmax, Qmax, liminf % and
lim sup % but are independent from n and N. Nice polynomials are polynomials with fixed
degree (which is a nice constant) and with non-negative coefficients, each of them being a
nice constant. Further dependencies are indicated if needed.

Statement of the main result. Let §, be the distance between the point z € C and the
real nonnegative axis R*:

5. = dist(z,RT) . (1.5)
Here is the main result of the paper:

Theorem 1.1. Assume that N,n — oo and that assumptions A-1, A-2 and A-3 hold true.
Assume moreover that there exists an integer p > 1 such that suan|X{§|8p < oo and let

(un) and (v,) be sequences of N x 1 deterministic vectors. Then, for every z € C — R,

1 1
EJu, (@n(2) ~ Tu(2)) vl < Sy, (5—) et 0 7, (1.6)

where ®,, and ¥, are nice polynomials depending on p but not on (u,) neither on (v,).

Remark 1.1. Apart from providing the convergence speed O(n~?), inequality (1.6) provides
a fine control of the behavior of E|u*(Q — T)v|*” when z is near the real axis. Such a control
should be helpful for studying the behavior of the extreme eigenvalues of ¥, X% along the
lines of [4] and [5].

Remark 1.2. Influence of the eigenvectors of AA* on the limiting behavior of u*Qu. Consider

a matrix ¥ with no variance profile (D = Iy, D = I,,) and let T be given by (1.4). Matrix
T writes in this case:

146
Denote by VAV™ the spectral decomposition of AA*, and by Ta:

T = <z(1 +0)I + Ad >1

. AN\t
Th = —-2(1 I+ — .
A ( z(14+0)I + 1 +6)
Obviously, T'= VTAV* and by Theorem 1.1, v*Qu — u*VTAV*u — 0 . Clearly, the limiting
behavior of u*Qu not only depends on the spectrum (matrix A) of AA* but also on its
eigenvectors (matrix V).
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Contents. In Section 2, we describe two important motivations from electrical engineering.
In Section 3, we set up the notations, state intermediate results among which Lemma 3.6,
which is the cornerstone of the paper. Loosely speaking, this lemma whose idea can be found
in the work of Girko [11] states that quantities such as

n
Z u* Qia;a; Qiu
i=1
are bounded. This control turns out to be central to take into account Assumption A-2. An
intermediate deterministic matrix R,, is introduced and the proof of Theorem 1.1 is outlined.
Basically, the quantity of interest u*(Q — T)v is split into three parts:

u(Q—T)v=u"(Q —EQ)v +u"(EQ — R)jv+u*(R—T)v ,
each being studied separately.

In Section 4, the proof of estimate of u*(Q —EQ)wv is established, based on a decomposition
of Q —EQ as a sum of martingale increments. Section 5 is devoted to the proof of estimate
of u*(EQ — R)v; and Section 6, to the proof of estimate of u*(R — T')v.

Acknowledgment. This work was partially supported by the Agence Nationale de la
Recherche (France), project SESAME n°ANR-07-MDCO-012-01.

2. TWO APPLICATIONS TO ELECTRICAL ENGINEERING

Apart from the technical motivations already mentionned in the introduction, Theorem
1.1 has further applications in electrical engineering. In this section, we present an applica-
tion to Multiple Input Multiple Output (MIMO) wireless communication systems, and an
application to statistical signal processing.

2.1. Optimal precoder in MIMO systems. A bi-correlated MIMO wireless Ricean chan-
nel is a N x n random matrix H,, given by

V. -
H, = B, + R)/*—=R)/*
TR

where B,, is a deterministic matrix, V,, is a standard complex Gaussian matrix, and where
R, and R, represent deterministic positive N x N and n X n matrices. An important
related question is the determination of a precoder maximizing the so-called capacity after
mininum mean square error detection (for more details on the application context, see [1]).
Mathematically, this problem is equivalent to the evaluation of a deterministic N x N matrix
K,, maximizing the function Z,,,,sc(K,) defined on the set of all complex valued N x N
matrices by

N
Tmse(Kn) =B [log (I + K, H HK), (2.1)

j=1
under the constraint +Tr(K,K;) < a (a > 0). This optimization problem has no closed
form solution and one must rely on numerical computations. However, direct numerical
attempts such as optimization by steepest descent algorithms or Monte-Carlo simulations
to evaluate Z,mse(K ) before optimization, or any combination of these techniques, face
major difficulties, among which: Hardly tractable expressions for Z,mse (K, ), and for its
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first and second derivatives, computationally intensive algorithms when relying on Monte-
Carlo simulations.

If N and n are large enough, an alternative approach consists in deriving a large system
approximation Z,,mse(Ky) of Zymse(K,) which, hopefully, is simpler to optimize w.r.t. K.
This idea has been successfully developed in [1], in the case where B,, = 0, and in [9] in a
slightly different context, where the functional under consideration is the Shannon capacity
I(K,) =Elogdet (I + K, H,H}K}).

In the remainder of this section, we consider the case where B,, # 0 and briefly indicate
how Theorem 1.1 comes into play. First remark that for every deterministic matrix K, the
random matrix K, H,, writes:

K,H, = K,B,, + (KanK:;)l/Q% R
n

where W, is standard Gaussian random matrix (notice that (K, R,K;)~Y/2K,Ry/? is uni-

tary).

Using the eigenvalue/eigenvector decomposition of matrices K, R, K and R,,, the unitary
invariance of the canonical equations (1.3), and Theorem 1.1, one can easily check that
the diagonal entries of (I + K, H,H;K)~! have the same asymptotic behaviour (when
(n, N) — 00) as those of the deterministic matrix 7T}, (K,,) defined by:

. - —1
Tu(K) = [(1+ 80K KnRuI3) + Ko Bl + (Ko R) ' BLK]

where 0(K,,) and 0(K,) are the (unique) positive solutions of the system:
—1

5%»:%ﬁ&&ﬁ@+@@&&ﬁﬂ«ﬁﬂ+wwmﬂﬁm}

N . N N —1
(K, = %Tar [(I +0(Kn)Ry) + BEKX(T + 5(Kn)KanK;)*1Kan}

(2.2)
From this, it appears that Z,,ms.(K,) can be approximated by Zmse(Ky,) given by:

-1

N
Tonmse (Kn) = Y Tog [(1 + 8K Knu ) + KB + 8(Ko) R) ' By K
j=1

757

Although the values taken by function K,, — Z,,mse(K,,) are defined through the implicit
equations (2.2), the first and second derivatives of Z,,,s. are easy to compute, and the
minimization of Z,,mse instead of Z,,.,sc certainly leads to a computationally attractive

algorithm.

A number of important related questions remain to be addressed, e.g. the accuracy of the
approximation Z,,mse (K, ), its impact on the error on the optimum solution, the derivation
of a more accurate approximation as in [1], the development of an efficient algorithm to
compute the optimal K, etc.; however this already underlines promising applications of
Theorem 1.1 in the context of wireless communication.

2.2. Statistical signal processing applications. There are many important applications
such as source localization using antenna arrays, communication channel estimation, detec-
tion of signals corrupted by additive noise, etc. where the observations are stacked into a
matrix 3, given by (1.1) in which A,, is a non observable deterministic matrix modelling the
information to be retrieved and where Y,, is due to an additive noise. It is therefore often
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relevant to estimate certain functionals of matrix A,, from ¥,,. In this section, we show how
Theorem 1.1 is valuable and relevant in the context of subspace estimators when N and n
are of the same order of magnitude.

Subspace estimation. Assume that % <1, D, = Iy and D, =1, (white noise); assume
also that matrix Rank(A,) = r < N where r may scale or not with the dimensions n and
N. Denote by II, the orthogonal projection on the kernel of matrix A,,. The subspace
estimation methods are based on the estimation of quadratic forms w11, u, where (u,)nen
represents a sequence of unit norm deterministic N—dimensional vectors.

If N if fixed while n — +o00, it is well known that | 2,3} — (A, Af + I)|| — 0. Hence, if
II,, represents the orthogonal projection matrix on the eigenspace associated to the N — r
smallest eigenvalues of 3, %7, then ||II,, — IL,|| — 0 and thus

w M, —u M, ————— 0. (2.3)

n—oo, N fixed

In order to model situations in which n and N are large and of the same order of magnitude,
it is relevant to look for estimators consistent in the regime given by (1.2). Unfortunately,
(2.3) is no longer valid in this context.

An estimator for large N,n. The starting point of the estimator proposed in [25], inspired
by [21], is based on the observation that II,, writes:

1

=— | (A, A5 —XI)"tdr,
um Jo-

n
where C™ is a clockwise oriented contour enclosing 0 but not the non-zero eigenvalues of
A, A% . In the white noise case, matrix T),(z) writes:

To(z) = (1 + 0n(2)) (An A}, — wn(2)1 )

)
where wy(z) is the function defined by wn,(z) = z(1 4 6,(2))(1 4 6,(2)). It is shown in
[25] that (under additional assumptions) such a contour C~ is the image under w,, of the
boundary 9R, of the rectangle R, = {z = x + iv,z € [z_,z], |v| < y} for well-chosen z_
and 4. A simple change of variable argument therefore yields the following formula for I1,,:
S (A A% —wn (1) (2)dz = —— ()22,
2im Jor, 2im Jor- 14 6,(2)

—1

Hence, w11, uy, is given by:

1
ury Iy, = — uZTn(z)unMdz . (2.4)
2im Jor- 14 6,(2)

Eq. (2.4) is particularly interesting because all the terms in the integrand admit consistent
estimators: Quantities 6, (z) and 6,,(2) can be estimated by 8, (z) = LTr(Qn(2)) and on(z) =
LTv(Q,(2)), wy,(2) can be estimated by the derivative of wy,(2) = 2(1 + 6,(2))(1 + dn(2));

finally, Theorem 1.1 implies that w} @y (2)un, —u) Ty (2)u, — 0 for N,n — co. A reasonnable
estimator for II,, should therefore be

N

= S L p ’LUn(Z) o
M = 247 R, @l )1 + gn(z)d (25)

and it should be expected that u;';f[nun —uy Il uy, — 0 for N,n — oo.



8 HACHEM ET AL.

Remaining mathematical issues. The full definition of 1L, requires to prove that none of the
poles of the integrand of the r.h.s. of (2.5) can be equal to x_ or x;. Otherwise, the mere
definition of II,, does not make sense. This problem has been solved in the Gaussian case in
[25]. In the non Gaussian case, partial results concerning “no eigenvalue separation for the
signal plus noise model” [2] together with Theorem 1.1 tend to indicate that the estimator

* . .
wy I, uy, is also consistent.

3. NOTATIONS, PRELIMINARY RESULTS AND SKETCH OF PROOF

3.1. Notations. The indicator function of the set A will be denoted by 1 4(x), its cardinality
by #A. Denote by aAb = inf(a, b) and by aVb = sup(a,b). Asusual, Rt = {z € R : z >0}
and Ct = {z € C : Im(z) > 0}; similarly C- ={z € C : Im(z) < 0};i=+—1;if z € C,
then Z stands for its complex conjugate. Denote by P, the convergence in probability of

random variables and by L, the convergence in distribution of probability measures. Denote
by diag(a;; 1 <1 < k) the k x k diagonal matrix whose diagonal entries are the a;’s. Element
(¢,7) of matrix M will be either denoted m;; or [M];; depending on the notational context.
if M is a n x n square matrix, diag(M) = diag(m;;; 1 < i < n). Denote by M7 the matrix
transpose of M, by M* its Hermitian adjoint, by Tr (M) its trace and det(M) its determinant
(if M is square). We shall use Landau’s notation: By a, = O(b,), it is meant that there
exists a nice constant K such that |a,| < K|b,| as N,n — oco. Recall that when dealing
with vectors, || - || will refer to the Euclidean norm; in the case of matrices, || - || will refer to
the spectral norm.

Due to condition (1.2), we can assume (without loss of generality) that there exist 0 <
0~ < £+ < o such that

< ot

N
VYN,neN*, £~ < =—
n

We may drop occasionally subscripts and superscripts n for readability.

Denote by Y the N x n matrix n=/2DY2X D'/2; by (n;), (a;), (z;) and (y;) the columns
of matrices X, A, X and Y. Denote by X;, A; and Y}, the matrices ¥, A and Y where
column j has been removed. The associated resolvent is Q;(z) = (X;%% — zIy)~". Denote
by E; the conditional expectation with respect to the o-field F; generated by the vectors
(ye, 1 < £ < j). By convention, Eg = E. Denote by E,, the conditional expectation with
respect to the o-field generated by the vectors (ye, £ # 7).

3.2. Classical and useful results. We remind here classical identities of constant use in
the sequel. The first one expresses the diagonal elements of the co-resolvent; the other ones
are based on low-rank perturbations of inverses (see for instance [16, Sec. 0.7.4]).
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Diagonal elements of the co-resolvent; rank-one perturbation of the resolvent.

W) = e oy
Q) = Q) - AL 52)
o) - )+ SRS 33)
L+n;Q4n; % - (3.4)
A useful consequence of (3.2) is:
nQe) = =5 o) 35)

1+ 03Q;(2)n;
Recall that 8, = dist(z,RT). Considering the eigenvalues of Q(z) immediately yields
|Q(2)|| < &.' . Taking into account the fact that

1 1
- _ and — ———————
2(1+n~1d;Tr Q; + a5Q;a;) 2(14n;Q;n;)

are Stieltjes transforms of probability measures over RT, and based on standard properties
of Stieltjes transforms (see for instance [15, Proposition 2.2]), we readily obtain the following
estimates:
1 1
g B S RV
1+ #TI‘DQJ' +G;Qjaj 9 }14’77]‘@]'77” #

The following lemma describes the behavior of quadratic forms based on random vectors
(see for instance [4, Lemma 2.7]).

Lemma 3.1. Let € = (21, -+ ,xy,) be anx1 vector where the x;’s are centered i.i.d. complex
random wvariables with unit variance; consider p > 2 and assume that E|z1|*? < co. Let
M = (m;;) be a n x n complex matriz independent of x. Then there exists a constant K,
such that

E|a* Mz — Tr M|” < K, (Tr MM*)"/* .
Let u € C" be deterministic, then Elx*u|P = O(||u||?). Moreover, E|z||P = O(n?/?) .

Note by D = diag(d;; 1 <i < N) and D = diag(d;; 1 <1i < n). Gathering the previous
estimates yields the following useful corollary:

Corollary 3.2. Let z € C—R™, and let p > 2. Denote by A; the quantity:

Aj = anjT]j — #TYDQJ — anjaj .

Then

1
Eyj |Aj|p =0 (W) .
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Theorem 3.3 (Burkholder inequality). Let (Xj) be a complex martingale difference sequence
with respect to the filtration (Fy). For every p > 1, there exists K, such that:

n 2p n p n
Yxi| <k, (E (ZE(|Xk|2|fk1)> +ZEIXk|2p> :
k=1

k=1 k=1

E

A result on holomorphic functions:

Lemma 3.4 (Part of Schwarz’s lemma, Th.12.2 in [22]). Let f be an holomorphic function
on the open unit disc U such that f(0) = 0 and sup,cy |f(2)] < 1. Then |f(2)] < |z| for
every z € U.

Rules about nice polynomials and mice constants. Some very simple rules of calculus related
to nice polynomials will be particularly helpful in the sequel:

If (Pf,1 < k < K) and (P;,1 < k < K) are nice polynomials, then there exist nice
polynomials ® and ¥ such that:

D () Wk(y) < B(x)T(y) for z,y > 0. (3.7)
k=1

Take for instance ®(z) = Y, B () and U(z) = S, Ui ().
If ®; and ¥y are nice polynomials, then there exist nice polynomials ¢ and ¥ such that:
1 (2)W1(y) < D(x)¥(y) for z,y > 0. (3.8)
Take for instance ® = 27%(1 + ®;) and ¥ = (1 + ¥;) and note that:

(1 + @ (2))

(1+®1(2)0 () < 3

(1+Wa(y)) -

DN | =

Py (2) W1 (y) <

The values of nice constants or nice polynomials may change from line to line within the
proofs, the constant or the polynomial remaining nice.

3.3. Important estimates.

Lemma 3.5. Assume that the setting of Theorem 1.1 holds true. Let u be a deterministic
complex N x 1 vector. Then, for every z € C — R™, the following estimates hold true:

n p

E ZE]‘_1 (u*Qaja;Q*u) < p||Z|2|§p ) (3'9)
le , z

E ZEjfl (w*Qnym; Q u) < Kp%# , (3.10)
Jj=1 z

where K, and K, are nice constants depending on p but not on |u).

Proof of Lemma 3.5 is postponed to Appendix A.
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Lemma 3.6. Assume that the setting of Theorem 1.1 holds true. Let u be a deterministic
complex N x 1 vector. Then, for every z € C — R™, the following estimates hold true:

= 1
S B Q) < oD (5 ) (3.11)
=1 :

p

E Z E;_1 (U*Qjaja;fQ;‘u)

j=1

IN

B9 (5 ) i Ga2)

where ®, U, ® and U are nice polynomials not depending on ||ul|.

Proof of Lemma 3.6 is postponed to Appendix A.

In order to proceed, it is convenient to introduce the following intermediate quantities
(€ C—R"):

1 1 - -
an(z) = =TrD,EQ.,(z), an(z) = —=TrD,EQn(2), (3.13)

n n

N -1
Ro(z) = (—Z(IN +a(2)Da) Iy + Ay (I + a(2)Dy) A:;) : (3.14)
. . -1
Ro(z) = (—z([n +a(2)Dy) + A (In + &(2)Dy) " An) . (3.15)
A slight modification of the proof of [15, Proposition 5.1-(3)] yields the following estimates:
1 ~ 1
IBa)I < 51 IBa()l < 5~ forzeC—R*.

The same estimates hold true for |7}, (2)|| and ||T,,(2)]|.

3.4. Main steps of the proof. In order to prove Theorem 1.1, we split the quantity of
interest u*(Q — T)u into three parts:

u'(Q—T)v=u"(Q —EQ)v+u"(EQ — R)jv+u*(R—T)v,
and handle each term separately in the following propositions:

Proposition 3.7. Assume that the setting of Theorem 1.1 holds true. Let (uy) and (vy,) be
sequences of N x 1 deterministic vectors. Then, for every z € C — RT,

1 1
E i, (@ () ~ EQu(2)val® < 012}, (5—) et 0 7,

where &, and ¥, are nice polynomials depending on p but not on (u,) nor on (vy).
Proposition 3.7 is proved in Section 4.

Proposition 3.8. Assume that the setting of Theorem 1.1 holds true.

(1) Let (un) and (vy) be sequences of N x 1 deterministic vectors. Then, for every
z€C—RT,

« 1 1
4, (BQu() ~ Ral))wnl < =00 () Fual ]

where ® and U are nice polynomials, not depending on (u,) nor on (vy).



12 HACHEM ET AL.

(i) Let My, be a N x N deterministic matriz. Then, for every z € C — RT,

lTrMnIEQn(z) — lTrMan(z) < lq)(|z|)\Il <i> |1 M),
n n n

[

where ® and ¥ are nice polynomials, not depending on M,,.

Proposition 3.8-(i) is proved in Section 5; proof of Proposition 3.8-(ii) is very similar and
thus omitted.

Proposition 3.9. Assume that the setting of Theorem 1.1 holds true. Let (uy) and (vy,) be
sequences of N x 1 deterministic vectors.

Then, for every z € C — RT,

. 1 1
i, (Bal2) = (@ ol < 2009 (5 ) Bl o]
where ® and ¥ are nice polynomials, not depending on (u,) nor on (vy,).

Proposition 3.9 is proved in Section 6.

Theorem 1.1 is then easily proved using these three propositions together with inequality
| +y + 2% < Kp(|2[* + [y +[2]*) and (3.7).

4. PROOF OF PROPOSITION 3.7

Recall the decomposition:
u'(Q—T)v=u"(Q—-EQ)v +u"(EQ — R)jv+u*(R—T)v .
In this section, we establish the estimate:

Elu” (Q(:) ~ BQU) ol < (DT, () Il ol ¥:eC-RF.  (4)

4.1. Reduction to unit vectors and quadratic forms. Using a polarization identity,
it is sufficient in order to establish estimate (4.1) for the bilinear form u*(Q — EQ)v to
establish the related estimate for the quadratic form u*(Q — EQ)u and for unit vectors ||ul|
(just consider u/||u|| if necessary):

Eu* (Q(z) — EQ(Z))u|2p < %(I)p(|z|)\llp (6%) . (4.2)

4.2. Martingale difference sequence and Burkholder inequality. We first express the
difference u*(Q — EQ)u as the sum of martingale difference sequences:

w(Q-EQu = Y (Bj—Ej1)(u'Qu) = Z(]Ej*]Ejfl)(U*(Q*Qj)u)

J=1

- u*Qn;n;Qju A -
- (i —E;) <+ = = (B —E;i )l .
j; L+ nj Qi ;
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One can easily check that ((E; — E;_1)I';) is the sum of a martingale difference sequence
with respect to the filtration (F;, j < n); hence Burkholder’s inequality yields:

n

> (B; —E;_ )T

j=1

2p
E

n P n
2 2
<K E(ZEa‘—lKEa‘—Eg‘—l)le) + Y E|(E; —Bj )Ty | . (4.3)
=1

j=1

Recall the definition of A; = n;Q;n; — n_ldjTr DQj — ajQja;. In order to control the
right-hand side of Burkholder’s inequality, we write I'; as:

* * * * d~j *
ro_ Qm;nQju  uQnin;Qju " 1+ ZTr DQ; +ajQja;
I T * 0. * 1
L+ n;Q;m; LEmjQing 14 4T DQ; + a3Qja;
_ wQmpniQpu 1+ u1iQ5m; — Ay A o p
— " = - 17 — 125,
LEmQin 14 LT DQ; + a3Qja;
where
u*QniniQju A
Iy Qy1;1; Q; and Ty — i (4.4)

1+ LTr DQ; + a3Qjay 1+ LTr DQ; + a3Qja;

In the following proposition, we establish relevant estimates.

Proposition 4.1. Assume that the setting of Theorem 1.1 holds true. There exist nice
polynomials (P;,1 <i <4) and (V;,1 <i < 4) such that the following estimates hold true:

IA
|
g
§
=

E<zn:Ej1 |(B) — Ej—1)Lyy)° >p ;p (%) : (4.5)

j=1
1
5—) , (46)
=1 -

(
E(ilﬁju@jlﬁjnmm)p < Laleus (5 ) (47)
(

5_12> . (4.8)

> E|(E; —E;1)Ty™

IA
|
=
4
x
=
(V]

. 1
> EIE; —Elal? = — (=)

j=1

It is now clear that the proof of Proposition 3.7 directly follows from Burkholder’s in-
equality together with the estimates of Proposition 4.1. The rest of the section is devoted
to the proof of Proposition 4.1.
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4.3. Proof of Proposition 4.1: Estimates (4.5) and (4.6). We split I';; as I'1; = x1; +
X2j + Xx3;j, where:

\ u*Q;y;y; Qju
1; = 7 )
1+ LT DQ; + alQja;
o = yQuuQie; o 4Qun 05y,
i = 3 3 ;
1+ 4T DQ; +aiQja; 1+ LT DQ; + atQ;a;
u*Qjaja;‘qu
X3; =

1+ 4Tr DQ; + a3 Qjay

Notice that (E; —E;_1)(xs3;) = 0, hence x3; will play no further role in the sequel. As Q;
is independent from column y;, we have:

x;D1/2quu*QjD1/2xj —Tr DQjuu*Q;
d; *
1+ ?JTI‘DQ]' + anjaj

E, . (4.9)

SHRS

(E; —Ej—1)(x;) =

and

2
(@) d 2 DV2Q uu*Q,; DV ?x; — Tr DQuu*Q,;

2 max J J J J J
Ejr (B —Ej—) ()l < xEjy | 7
1+ #TI‘ DQj + a}fQjaj

® Jiax |Z|2 *11/2 « 1/2 . 2
< 2 _52 X Ej_l Eyj .Z'jD quu QjD T — TI‘Dquu Qj
O B P

¢ z

< K Z;x = xE;_1 (Tr Dl/Qquu*Qle/QDl/QQ;uu*Q;Dl/Q)

Els
_ O(n253 , (4.10)

where (a) follows from Jensen’s inequality, (b) from estimate (3.6), and (¢) from Lemma 3.1.

Thus
n 5 p |Z|2p
B(XEaIE st ) = o) )
J= z
We now turn to the contribution of x2;. Arguments similar as previously yield:

2 2 2
Ejo1 |(Bj —Ej—1)(x2i)l” = Ej1 [Ejxz;” < Ejo1lxzyl

- gE ) z;Dl/Qquu*Qjaj N a;fquu*Qle/Q:cj
— J— 7. 7. )
n 1+ i—]TI'DQj + a;fQjaj 1+ d—n]TI“ DQj + a;Qjaj
< EEE E *D1/2 ooy *D1/2 . )k o)k
S e et v, (T Qjuu*Q; z;) X u*Qjaja;Qju
+E,; (z;Dl/QQ;uu*Qle/sz) X u*Q;aja;qu) ,
5|Z|2E Kk ke E. *O) oo ¥ )% 4.19
( -1 (u Qja]an]u) +E;4 (u Qja]anju)) . (4.12)

n&‘:
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Now, using Eq. (3.12) in Lemma 3.6 yields:

E(ZE € -E bl ) < Sl (5 ). (113)

j=1

Hence, gathering (4.11) and (4.13) yields estimate (4.5).

We now establish estimate (4.6). As previously, consider identity (4.9); take it this time
to the power p. Using the same arguments as for (4.10), we obtain:

EIE -t = 0 (L)

n2p 5217

hence:

ESIE — B o)) = O(L) (4.14)

2p—1 §6p
= n?r=14;
Similarly, using the same arguments as in (4.12), together with elementary manipulations,

we obtain:

K |2
ne §

Ej—1 |(Bj — Ejm1)(x2)|* < (Bj1 (u*Qjaja;Qu)" + Ejoy (u*Qja;a3Q5u)”) .

Due to the rough estimate (A.1), we obtain

K |2

E|(E; - B-0)0e)l” < -5 (B (v Q5aja;Q;u)” + B (wQja,05Q50)")

which after summation, and the estimate obtained in Lemma 3.6, yields:

n

EY 1B B0 < %@'uznm'(&%), (1.15)

j=1

where ®" and U’ are nice polynomials. Gathering (4.14) and (4.15) yields estimate (4.6).

4.4. Proof of Proposition 4.1: Estimates (4.7) and (4.8). We split I'y; as I'y; = x1; +
X2j + X3, Where:

Xy = Ay x w0050 Qs
i = B N 57 . )
(L+n;Qim)(1 + FLTr DQ; + a3Qja;)

X2 = A x Q3 Qs
J - J 9

(L+n;Qim)(1 + FTr DQ; + a;Qja;)
u*QjyjaiQiu+ urQja;yrQju
* Jj * .
(L+n;Qim)(1 + T Tr DQ; + a;Qja;)

X3j = Aj X
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Consider first:
Ej—1 (B —Ej—)Oa)” < 2Bj-1fxy)?

(a) I(|Z|4 * * * 173 2
S 64 Ej_l "U, Qjajanju (ijjyj —n d]TI‘DQJ)‘

K 4
+%Em |u*Qja;a5Qu (y;Qsa; + aiQiy;) |

z

S WEj—l u Qjaja]—qu Eyj ZC]-DI/2QJ‘D1/2.’L']‘ — TI'DQj
K’Z4 * * )k * % Yk
+ n|6(L E;_1 [u Qja;a;Qiu Ey, (ijl/QQjajanle/Q:cj)]
K|Z|4E " . % E *D1/2 * ok ‘D1/2 .
+—n66 j—1 U Qjaja;Qu yj(acj Qjaja;Q; xj)
© K[z . i
S 5 Ej—1(u"Qjaja;Q5u) ,

where (a) follows from (3.6), (b) from the fact that |u*Q;a;a;Q u| < K&.? and lu*Qjaja;Q ul <
K672, and (c) from Lemma 3.1. From this and Lemma 3.6, we deduce that:

p

= 2 1 1
E(> BB —Ei1)(x1))l < o)y (5—> : (4.16)
j=1 i
Consider now:
(a) ) K|z ;s (© K|zt
2 * 2
Ej1[(B; —Ej—1)(x2j)l” < 2Ejalxey* < —51 i1 i Qul 187 < 5410

where (a) follows from the triangle and Jensen’s inequality, (b) from (3.6) and (¢) from
Cauchy-Schwarz inequality, Lemma 3.1 and Corollary 3.2.

Hence,
n i 4p
DR el I =~ B
j= z
Similarly, one can prove that:
n i 4
E Z;Ej—l |(B) —Bj-1)(xsy) [ = 0 (%) -
Jj= z

Gathering the previous results yields the bound:

p

- 1 1
BB alE - BTl < e ()
=1 :
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We now evaluate the second part of Burkholder’s inequality (and may re-use notations @
and VU for different polynomials).

< 2 KI |4p 2 2
D E|E; —Ej-1)(x1))” < Z]E wQja;a;Qiu) " By, [Ay17
(@ K|z|** & . « % \2P—2
< — 5217 ZE U QjajaJQ u) (u Qjajanju)
K|Z|4p -
<

6101) 1 ZE U QjajaJQ u)

< %@qznw (ai) ,

where (a) follows from Corollary 3.2 and the last estimate, from Lemma 3.6. Similar com-
putations yield:

SEIE - B < et (v (5)
SEIE - B0 < e (D (5 |

the first of these inequalities requiring the assumption sup,, E|X7%[% < oo in the statement
of Theorem 1.1. Gathering these three results yields:

SEIE BT < el (5 ) -

j=1 *

and Proposition 4.1 is proved.

5. PROOF OF PROPOSITION 3.8

Recall the decomposition:
u'(Q—T)v=u"(Q—-EQ)v +u"(EQ — R)jv+u*(R—T)v .

In this section, we establish the estimate:
" (BQ(2) — R(2)) o] < —=&(1)¥ (= ) [uf o]
u z zZ V| = \/ﬁ z 6Z u v s

The argument referred to in Section (4.1) still holds true here; therefore it is sufficient to
establish, for z € C — R™ and for a unit vector u:

" (BQ(:) ~ R(3))ul < = () (i) | (5.1)

Z
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Recalling that R = [fz(l +aD)+ A(I + aD)*lA*} , the resolvent identity yields:

wWw(R-—Qu = uRQ 'R HQu,
— WR(TE* — A(I + aD)~ 1A*) Qu + zau*RDQu

aja’
Zn n: 1 Qu + zau*RDQu
7 1+ad

(a) Z *ananj _ZU*R‘IJ'“;QJU

= LHniQmy o 1+ ad;
n

3 u* Ra;jaiQim;n; Qju _iJjE
(

L+m;Qm)(1 +adj) = n <1+77ij%

>
™
N

where (a) follows from (3.2) and (3.5), together with the mere definition of a.

) uw*RDQu ,

As usual, we now write 1; = y; + a;, group the terms that compensate one another and

split Z; accordingly:

where

*Qjuu*Ry;  d. 1
Zy = M,_JE —— | w*RDQu,
L+n;Qm;  n \1+n0;Qm;
Z 7 (adj — y;-‘ijj)u*Raja;qu
2 = " =
(1 +m:Q;n;)(1 + ady)
P y;Qjua;Q;y; x u*Ra;
3j = " —,
(1 +n;Q;n;)(1 + ad;)
u*Ry;jaiQju+ u* Rajy; Qju
Z4j =

L4 n;Q;m;
7y;-‘Qjaju*Raja;qu + a;-ijju*Raja;-qu
(1+n:Qin;)(1 + ad;)
' Raja3Q;0;3 Qs + u* Raja3Q;,03 Q0
(14 n:Q;m;)(1 + ad;)

Now, the estimate (5.1) immediately follows from similar estimates for the terms E 2?21

1 < ¢ < 4. The rest of the section is devoted to establish such estimates.

lev
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5.1. Convergence to zero of ) . EZ;;. We have

19
EZ,; = E M*U*Ry] fiE + E(u*RDQu)
L+ n;Qjm; n \ 14+n;Q;n;
_E y; Qjuu” Ry; 7; u*RDQju
L+n7Q;n; n \1+n;Q;n;
d; w*RDQ;u
+-2L |E J E(u*RDQ,u
n <1+77JQJ77J> <1+77]Q377]> ( J )]
d.:
+21E E(uw*RD(Q; — Q)u
n <1+77Janj> Ju)

X15 + X25 + X35

We first handle x;;. Recall that A; = n;fanjfnfldjTr DQj—a;Qja;. Since By, (y; Q uu* Ry;)
czjn_lu*RDqu, we get:

“ - E- y;Qjuu” Ry; 7@ u*RDQ;u
’ L\ L+ Qim; ’

no \ 1+n7Q;m;
1 1 . . d;
= E T 0 - (ijjuu Ry; — —( RDQjU)) ,
+niQm 14+ LTy DQ; + a3Qja; n
- E Aj yJQjUU Ryj - ?( *RDQ] )

(L +n5Qum;) (1 + ;TYDQJ' +a;Qja;)
Hence,

~ 2 1/2
il < S EIAP [k 0wy, - S rDQ)| |
b2, 1 42
< By - o« = ,
: Vs ner = O\

Summing over j yields the estimate Y. |x1,| =

=0 (|Z|27’L_1/25;5).

We now handle x2;. Using the inequality cov(XY)

K
eyl < 'Z'wm “RD(Q

Hence, applying Proposition 3.7 to |[u*RD(Q; — EQ,)u |
estimate Y [x2;] = n~ /2 ®(|2|) ¥ (7).

var(X)var(Y'), we get:

— EQ;)ul”

and summing over j yields the
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Let us now handle the term x3;. Using the decomposition of ); — @, Schwarz inequality
and the fact that vab < 271(a + b) yields

dig <;> E(uw"RD(Q; — Q)u)| ,

|X3j| n 1+ " Q.5
= %%gmwwm@mﬁ+mw@m%. (5.2)
Now, as:
Elu*RDQ;n;|? Eu*RDQ;y;y; Q; DR*u + Eu"RDQjaja;Q; DR u
E|77;-‘qu|2 = Eu"Qjy;y; Qju + Eu*Qjaja;Qju ,

it remains to sum over j and to apply Lemma 3.6 to get the estimate 3, [xs;| = n=r(|z])¥ (8.
Gathering the partial estimates yields:

ﬁiﬁu

_ ®(=)veh

S (5.3)

5.2. Convergence to zero of Zj EZ5;. Recall that

(adj — y}‘ijj)u*Raja;qu

2 = =
! (1 +n;Q;n;)(1 + ad;)
We have:
@ 2 :
EZy| < wa%m\ — y;Quy5)a; Qs
< 5 |u"Rayl E|G*QJ |2\/E ‘ad —Y; QJyJ

u*Raja; Ru + Eu*Qja;a3Q u ~ 2
< |5|2 ( ja - jaj J )\/E’adjijjyj , (5.4)

z

where (a) follows from (3.6). In order to estimate the remaining square root, we decompose
the difference as:

N d;
adj —y;Qjy; = D(EQ - Q) + JﬂD@ Q) + ﬂD% yiQiyj -

_J
n
Hence,

Elad; — y;Q;y;/?
2

1 1 d; .
<K | SE[TrDEQ - Q) + SETr DQ - Q) +E| LT DQ; — Q5

Writing E[n~'Tr D(Q—EQ)[* < £% sup, ., E|e D(Q—EQ)e;|* where e; represents canon-
ical vector number j and using the result of Section 4, the first term of the right hand side is
of order n~1®(|z|)¥ (8. "). The second term is of order (nd.)~2 (minor modification of [24,
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Lemma 2.6] to encompass the case Re(z) < 0). Finally, the third term is of order n=14

2

by Lemma 3.1. Collecting these results, we obtain:

K

— ; oWy 1/2
\/E|adj - yj ijj| S — @1\111 + " 4+ (1)3\113

NG

K 1/2
< — (D0 Dy, iz
< \/ﬁ(l 1+ Py + P3¥5)
(a) — ()
Ky Y By,
n

G Vi

where the ®’s are nice polynomials with argument |z| and the ¥U’s are nice polynomials with
argument |8, |, and where (a) follows from (3.7) and (b) from (3.8). It remains to plug this
estimate into (5.4), to sum over j and to use Assumption 2 together with Lemma 3.6 to

obtain:

‘EZZQJ-
j=1

IN

<

2

K|Z * % - * * -
NG u*RAA Ru+jE:1]Eu Qja;a;Qju | ®(|z[)¥(851)
1
—= (|25 . (5.5)

n

NG

5.3. Convergence to zero of ) EZ;;. Recall that

We have:
(a) |z 2

y;-‘qua;ijj x u*Ra;
3j = » ~ .
(1 +m:Qym;) (1 + ady)

|2

E|Z3;] < ?|U*Raj|X]E|y§qua;ijj| < ?WR%'I\/E|9§QJU|Q]E|G§QJ%|2

®) K |z|?
< - T

n&z

u*Rajl ,

where (a) follows from (3.6), and (b) from Lemma 3.1. Hence,

ZEZgj
j=1

n

K 2
K= Z|U*Raj|

<
= 1
n et
K |2 N Ell

j=1

5.4. Convergence to zero of Zj EZ4;. Write Zy; as

with

Wy j

Ly = -
T (L Qmy) (1 + ad;)

Wy =1+ OéCZj)(U*Ryja;QjU + u*Rajy;-‘qu)

- y;Qjaju*Raja;qu — a;ijju*Raja;qu
+u'Ra;a;Q;a;y;Qju+ u*Ra;ajQ;y;a5Q;u
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Write
1 B 1 Aj

LHmQmi 14+ 9T DQ; +a5Qa; (14 n1Qimy)(1+ LTr DQ; + a3Qay)

Plugging this identity into Z,; and taking into account the fact that E,, Wy; = 0, we obtain:

AWy
(1+ ad))(1+n;Q;my) (1 + 2Tr DQ; + a3 Q;a;)

|Z| K |zP
\/E|A |2\/E|W 2 < ﬁF\/HWMP-

/ZE|W 12 . (5.7)

2
) (E|a;qu|2u*RDR*u + |u*Raj|2E(u*Q;Dqu))

E

|EZ4;]

IN

Hence,

K
B 7| < 7z r SR
J
We therefore estimate E|Wy;|?. First, write:

K 1
E[Wy)? < - <1+ 5
K * 2 * 2 * )k * *
+—|u” Ra;[E [lajQjul® (a;Q; DQja; + a;Q;DQjay)]
K * * * * * *
+g|u Ra;’E (|anja]—|2u Q;DQju+ |anjU|2“ijDQjaj )

Now, summing over j yields:

> EIWy)?
j=1

IN

K n
- ZE(u*Q;aja;qu) (1—}—6—12)

Jj=1

K . * * *
+E ZE(u Rajaj; R*u) (

S,
ol F

AR
+
o =
7N
—

+
&=
N——
N——

< Sa(huErh.

Plugging this into (5.7) yields the estimate

EY " Zy| < —=2/(|2)¥'(8") . (5.8)

J

S

5.5. End of proof. Recall that:

|u*(R—EQ)u| < ’EZZU +‘EZZQJ‘ +‘EZZ3j + ’EZZM .
=1 i=1 =1 =1
It remains to gather estimates (5.3), (5.5), (5.6) and (5.8) to get the desired estimate:
x 1 _
[W(R—EQ)u| < —=(z))¥(67").

NG
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6. PROOF OF PROPOSITION 3.9

Recall the decomposition:
u'(Q—T)v=u"(Q—-EQ)v +u"(EQ — R)jv+u*(R—T)v .

As mentioned in Section 4.1, it is sufficient to establish the estimate:
x 1 1
o (R(2) = Tl < LoD (5 (6.1)

for z € C — R* in the case where u has norm one.

6.1. The estimate for u*(R—T)u. Recall the definitions of 6,4 (1.3), o, & (3.13) and R, R
(3.14-3.15). Using twice the resolvent identity yields:

u(R—T)u=(&— )k + (@ —0)ka , (6.2)

where
k1 = zu*RDTu ) . }
ke = u*RA(I + aD)_lD(I +0D) LA T

The following bounds are straightforward:

z Jmax A 2Jmax Y — M —
k1] < HT and |kg| < % x |(I4+aD)7 Y| x (I +dD)71 .

It remains to control the spectral norms of (I +aD)~" and (I +6D)~". Recall that a is the
Stieltjes transform of a positive measure with support included in R™. This in particular
implies that Im(za) > 0 for 2 € CT. One can check that

1
L= )

is analytic and satisfies Im(Y;) > 0 and Im(2Y;) > 0 on C* and that lim, .. (—iyY,(iy)) =
1. As a consequence, T; is the Stieltjes transform of a probability measure with support
included in R (see e.g. [15, Prop. 2.2(2)]). In particular,

[T;(2)] < for 1<j5<n,

1
J.
which readily implies that ||(I + aD)~|| < |2|6;". The same argument applies for ||(I +
§D)~Y|. Finally,
22| All* dinax

s '
In view of the estimates obtained for k1 and kg, it is sufficient, in order to establish (6.1),
to obtain estimates for & — § and @ — §. Assume that the following estimate holds true:

k2| <

~ 1 1
VzeC—RY, max (|a—5|,|d—5|) < —(|2|) 0 (5—) : (6.3)
n 2

where ® and U are nice polynomials. Then, plugging (6.3) into (6.2) immediately yields the
desired result (6.1).

The rest of the section is devoted to establish (6.3).
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6.2. Auxiliary estimates over (a—d) and (a—4). Writing v = n~'Tr DR+n~"'Tr D(EQ—
R) and § = n='Tr DT, the difference o — § expresses as n~!Tr D(R—T)+n"'Tr D(EQ — R).
Now using the resolvent identity R — T = —R(R™' — T~1)T and performing the same com-
putation for the tilded quantities yields the following system of equations:

a—0\ a—9 15 [ ug zwg
(dg)—co(&g)—l—(é) where CO_(zfzo ﬁo)’ (6.4)

the coefficients being defined as:

up = LTrDY2RA(I+aD) 'D(I + D)~ 'A*TD'?
ip = <TrDY2RA*(I+aD) *D(I+46D)"*ATDY? (6.5)
vo = +TrDRDT ’ '
% = +iTrDRDT
and the quantities € and € being given by:
1 1 =~ ~ =
e = ~TrD(EQ—-R) and é = —TrD(EQ — R) . (6.6)
n n

The general idea, in order to transfer the estimates over € and € (as provided in Proposition
3.8-(ii) ), to « — ¢ and & — 4, is to obtain an estimate over 1/ det(I — Cp), and then to solve
the system (6.4).

Lower bound for det(I — Cp). The mere definition of I — Cj yields
|det([ — CO)| = ‘(1 — UQ)(l — ’&/0) — ZQ’UO’EO‘
> (1= |uol) x (1= liio]) — |2[*|vol x |5l

In order to control the quantities ug, 4o, v9 and vy, we shall use the following inequality:

ITr AB*| < (Tr AA*)Y? x (Tr BB*)'/? | (6.7)

together with the following quantities:

wp = LTrDTA(I+6*D)~'D(I + D)~ tA*T*

i, = ITrDTA*(I+6D)"'D(I+6*D)~1AT*

vi = ~TrDITDT*

o = ITrDIDT*
and ~ ~ ~

up = LITrDRA(I +a*D)~'D(I+aD) 'A*R*

iy = LTrDRA*(I+aD)"'D(I+a&*D)"'AR* (6.8)

v; = =TrDRDR* '

Uy = +TrDRDR*

Using (6.7) together with identity (I 4+ 6D) " 'A*T = TA*(I + D)~ (and similar ones for

related quantities), we obtain:
luo| < (Gaug)'?, o] < (uatia)'/?,  |vo| < (v1v2)'?, JBo| < (B102)"/?

hence the lower bound:

|det([ — Co)l Z (1 — (ﬂl’LLQ)l/Q)(l — (U1a2)1/2) — |Z|2(’U1’Ug’l~)1’l~)2)1/2 . (69)
Notice that it is not proved yet that the right hand side of the previous inequality is non-
negative.

In order to handle estimate (6.9), we shall rely on the following proposition.
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Proposition 6.1. Consider the nonnegative real numbers ;,y;, si,t; (1 = 1,2). Assume
that:

<1, 4, <1 and (I1—2)(1—y;) —sit; >0 for i=1,2.
Then:
(1 = Vaiz2) (1 = /y1y2) — Vsis2tita
> /(1= a1)(1— 1) — sait1/(1 — 22)(1 — y2) — sala -

Proof. f a > ¢ (> 0) and b > d (> 0), then:
\/a_—\/azx/afcvbfd.

To prove this, simply take the difference of the squares. Applying once this inequality yields

1 —/Z1x2 > /(1 —21)(1 — x2), hence:
(1 — vaiw2) (1 — Vyrye) — Vsisatita > /(1 — 1) (1 — 22)(1 — y1)(1 — y2) — V5182t 1t2

Applying again the first inequality yields then the desired result. O

Our goal is to apply Proposition 6.1 to (6.9). The main idea, in order to fulfill assumptions
of Proposition 6.1 (at least on some portions of C — RT), is to consider the quantities of
interest, i.e. wu;, u;,v;,0; (i = 1,2) as coefficients of linear systems whose determinants are
the desired quantities (1 — u;)(1 — ;) — |2]?v; ;.

Consider the following matrices:

U (3 .
Ci(z):(|z|2~ )a 1=1,2.

(3 ’ELZ
The following proposition holds true:

Proposition 6.2. Assume that z € C —R*. Then:

(i) The following holds true: 1 —uy(z) > 0 and 1 — u1(z) > 0. Moreover, there exists
positive constants K,n such that:

68
det(I — Cy(2)) > K(n2 )

(ii) There exist nice polynomials ® and ¥ and a set

1 1
= S0 (=) <1/2
eo={zecr coaw () <12}
such that for every z € £,, 1 —ua(z) >0, 1 — az(z) > 0, and
68
det(I — Cy) > K—2=
M=) 2 Ko ey

where K, n are positive constants.

Proof of Proposition 6.2 is postponed to Appendix B.

We are now in position to establish the following estimate:

~ 1 1
Vze &, max(ja—dl|a—d) < —(|2|)w (5—) . (6.10)
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Assume z € &,. Thanks to Proposition 6.2, assumptions of Proposition 6.1 are fulfilled by
U, U, v; and 0;, and (6.9) yields:

68

det(I — Cp) > +/det(I — Cy)y/det(I —Cy) > KW’

(6.11)

where K, 7 are nice constants.
Solving now the system (6.4), we obtain:

{ a—0d = (det(I—Cp))~ (1 - iig)e + zv0f)
a—06 = (det(I—Cp))~ " ((1—up)é + z0pe)

It remains to use (6.11), Proposition 3.8-(ii), and obvious bounds over ug, g, vo and ¥y to
conclude and obtain (6.10).

We turn out to the case where 2 € C — RT — &, and rely on the same argument as in
Haagerup and Thorbjornsen [12] (see also [7]). In this case,

z

a(l=)w(sst) >

DN | =

As o — 6| = [n ' Tr D(EQ — T)| < 2t dpaxd ", we obtain:

2 da 22D ()
4, n ’

V:eC—RT—&,, |a—6<

a similar estimate holds for & — 4 for z ¢ &,. Gathering the cases where z € £, and z ¢ &,
yields (6.3).

APPENDIX A. REMAINING PROOFS FOR SECTION 3

Proof of Lemma 3.5. Note that it is sufficient to establish the result for a vector u with
norm one (which is assumed in the sequel). The general result follows by considering u/||u||.

We proceed by induction over p. Let p = 1 and consider:

0 < EY Ej1u*Qaa;Q u = Eu'QAA'Q"u < amaxE[Q|* .

j=1

As ||Q| < 8., we obtain the desired bound.
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Now, write
N p
E ZEj_1(u*Qaja;Q*u) = Z E {Ejl_l(u*Qajla;Q*u) . -Ejp_l(u*Qajpa;pQ*u)}
=1 1
S p' Z E {Ejl,l(u*Qajl a;le*u) e Ejp,l(u*Qajpa;pQ*U)}
J1<-<Jp
p—1
= p! Z E[Ejp_l(u*Qajpa;pQ*u) H Ejk_l(u*Qajka;‘kQ*u)}
J1<<Jp k=1
Fjp—1 measurable
n p—1
= p Z E[ Z (u*Qajpa;pQ*u) H Ejk_l(u*Qajka;kQ*u)}
le"'Sjp*l jp:jpfl k=1
p—1
(@) amax2 - * * )k
< p 52 E ZEj_l(u Qaja;Qu) ,
z j=1
where (a) follows from the fact that
- * * * . * * * amax2
2 (wQay,05, Q") < 3 (w Qa0 Q") < =5
Jp=Jp—1 Jp=1 z

It remains to plug the induction assumption to conclude. Hence (3.9) is established.

In order to establish (3.10), one may use the same arguments as previously together with
the identity QXX* = I + 2@, which yields the factor |z|P in estimate (3.10).

Proof of Lemma 3.6. We prove the lemma in the case where ||u|| = 1, the general result
readily follows by considering u/||ul|.
Write u*Qjaja;Qju = Xx1; + x2; + X35 + Xa; with:
Xy = u(Q;—Q)a;aj(Q; —Q)u
X2j = u'Qaja;Q™u
X3 = u'(Q;—Q)a;a;Q"u
X45 = u'Qajai(Q; — Q) u

Hence,

n n n n n
* * )k 2
E (u*Qja;a5Q5u)” < ZEX%‘ + ZExgj + ZE|X3j|2 + ZE|X4j|2 .
j=1 j=1 j=1 j=1 j=1
Notice that:

1
E|X3j|2 < 5 (Exfj + Exgj) and E|x4j|2 (Exfj +Exgj) .

1
<
-2
Note that using the facts that ajaj < AA* and n;n; < ¥X* together with the identity
QYY" =1 + 2Q) yield the rough but useful estimates:

_ * * )k <
u*Qaja;Q u=0 (62 2) and  u*Qn;n;Q u =0 (%) . (A1)
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We first begin by the contribution of 3 Ex3;:

n
Zu*Qaja;Q*u X u*Qaja;Qu ,

n
2
Z X2;
j=1

j=1
< Zu*Qaja;Q*u X UWQAATQ u ,
j=1
< (WQAAQ)” = 0(67Y)
< (e (5 (4.2)

Similarly,

> (wQnue)? = 0<|Z|2)- (A.3)

4
j=1 0.

We now turn to the contribution of 3, Exi;. Using the decompositions (3.2) , (3.3) and
(3.4), x1; writes:

L+ n;Q;m;
X1j = | e | X W Qnn; Qaja;Q nm; Q u
J 1= n:Qn, | 1} Qa;a5Q nm; Q|
a;Q*n;n;Qa;
= |[1+n:Qin;| X |[u " QnniQ*u| x % A4
1+ m5 Q| Q-] | AT A
We first prove that
atQ*nintQa;
G Ray _ o, (@) . (A.5)
1 —n;Qn; o
In fact:
a;Q™n;n; Qa; a;Qnin; Q" a; a;Q™nn; (Q — Q")a;
1 —n;Qn; 1 —n;Qn; 1 —n;Qn;
(a)
< |aj(Q) — Q) ay| + 2[Im(2) ]} (Q; — Q)Qayl
1 ] ]
= O— o= = 0O|=
(5)* <52> <6§ ’
where we use the fact that @ — Q* = 2ilm(2)Q*@ to obtain (a). Now,
\ d; \
L+ n7;Qumy| <1+ 144+ - TrDQ; + ajQja; (A.6)
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Since [n~1'd; Tr DQ; + a;Qja;| = O(8; 1), we obtain:
- 2 |’Z|2 | |2 %y, ) 2
S, = (o) ro(5F)) <3 mtramany
i=1 z
5 )
1

o
+(9( ZE u Qnin; Q u) ><|A|
j=

@ 0(6—|)+0(|5—|) (' '4) ZE|A|
() ol

IN

KA

—_

x

S

—_
7N
& =
~_

where (a) follows from (A.3) and (A.1) and (b), from Corollary 3.2.

It remains to gather the contributions of x1;, x2;, x3; and x4; to get:

i (
SEWQuaQi)’ < 2t (5 )2 (5) L e:n ().
=1 z z

where (a) follows from (3.7). Eq. (3.11) is proved.

IAE

In order to prove (3.12), first note that:

n p
E ( > EBj (u*Qjaa5Q5u) >
j=1

p

ZEJ—1X4J

j=1

+E

n p
D Eioixs

j=1

+E

n p
D Ejixe

j=1

+E

n p
E ZEJ‘—IXU

j=1

<K

Hence, it remains to evaluate the contributions of each term. Using decomposition (A.4)
together with the estimate (A.5), we obtain:

n p
Z * * * *
—O(léglp) XE(E |1+ Qumyl < wtQnim;Q U) :

j=1

j—1X1j
Using (A.6) together with (3.10) yields:

(P 2 P

= O((’ijp +0 65p +0 521) x E

Combining standard inequalities (Cauchy-Schwarz, |3, a;b;| < (32, a?)1/2(zj b?)l/Q7 and
Cauchy-Schwarz again), we obtain:

n P
E(ZEj—l (1A, x u*ann;Q*u))
j=1

p

ZEj—l (1A;] x w*Qnyn; Q*u)

j=1

j—1X1j

1/2

E(ZE] 1(u” QanJQ U ) XE(ZEJ 1|14 |) @ O(L:Tl;’) ;

j=1 Jj=1

IN
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where (a) follows from (A.1), Corollary 3.2 and (3.10). Finally,

n p P 2p P 2p > 2p B
ZEj—lej =0 (L) +0 <| | > +0 <L> < dy(lz)Pi(80Y) . (A7)
j=1

5413 5513 5513
Eq. (3.9) directly yields the estimate:

n
ZEJ'—U@;'
=1

E

E 52

z

"o (i) < u(|2]) 0267 ) - (A8)

Finally,

n n n
D Ejixs D Eioixyy| B[ Ejoixz
j=1 j=1 j=1

A corresponding inequality exists for E| Y E;_1x4;|": obtain:

n
ZEj—1X4j
=1

Gathering (A.7), (A.8), (A.9) and (A.10), we end up with (3.12), and Lemma 3.6 is proved.

1/2

P P P
E < |E E

< 2w () - (49

z

E

" By (|2]) Wy (5_2) . (A.10)

APPENDIX B. REMAINING PROOFS FOR SECTION 6

Proof of Proposition 6.2-(i). Recall that § = 1Tr DT and 5= 1Ty DT. We consider
first the case where z € CT U C~. We have

Tm(5) = ﬁTr DT(T*—T"HT* and Tm(z8) = Q,LTrD(zT) [Ty~ — (1) (D)

mn

Developing the previous identities, we end up with the system:

B Im(5) (s w1 (2)
=0 (my ) =m0 (51)) .
where

wi(z) = *TerDTT* (>0)

{951(2:) = LITeDTA(I+6D)~Y(I+5*D)TAT* (> 0)

By developing the first equation of this system, and by recalling that 6(z) is the Stieltjes
transform of a positive measure u, with support included in R, we obtain
Im(z) Tm(26) Im(z)

> >0.
) " Tm() = " m() -

1—u1:w1

Replacing (Im(5), Im(24)) with (Im(3), Im(26)) and repeating the same argument, we obtain
_Im(z) . Im(z0) Im(z)

17’[11:101 — 4+ v = Z’LZ}

m)  Im(d) "Im(d) =

By continuity of u; (z) and @1 (2) at any point of the open real negative axis, we have 1—uy > 0
and 1 —4; > 0 for any z € C—R™. The first two inequalities in the statement of Proposition
6.2-(i) are proven.
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By applying Cramer’s rule ([16, Sec. 0.8.3]) where the first column of I — C} is replaced with
the right hand member of (B.1), we obtain
Im(z) _ Im(z) . Im(z) Im(z) Im(2)

> (1— —. .
m@) T TmE) = TG TG )

det(I—Cl) = (1—’[7,1)’11)1

Using the fact that the positive measure j, is supported by R* and has a total mass n~'Tr D,
we have

m(6) 0t dpax Im(8)  dmax
(dt ——T D< , d 0< < .

m(2) /|t |2M )< ' 5§ and 0 Im(z)
(B.3)

In order to find a lower bound on w; and w;, we begin by finding a lower bound on |4].
A computation similar to [15, Lemma C.1] shows that the sequence of measures (u,,) is tight.
Hence there exists 1 > 0 such that:

11 L~ dmin
nl0,m] > = =Tr D > .
pal0,1] 2 5~ 5
We have
6| > |Im(d)|] = |Im(z > | Im(z)|———s .
012 [tm@)] = ()] [ £4 > i) [ A > ol e
(B.4)
Furthermore, when Re(z) < 0, we have
t — Re(z) fin (dt) £7 dmin
6| > Re(d) = ————— 1, (dt) > — Re(z > — Re(z
01> Res) = [ St > —Re(e) [ 10 > —Ree) e
which results in
e_dmin
0| >6,——— .
012 0 i ey
We can now find a lower bound to ws:
1 | N N 1 N N d
_ - ) DDA ) |2 ; Lt
w = —TrDIT" = E.Zdl,zm]' = nﬂDZmZmﬂ with  h; =
i=1 Jj=1 i=1 Jj=1
2
@ 1 N N 1/2 1 N 2 1 N 2
> =TrD | Y ki [ Y IT) > ~TrD (meﬂ) > ~TrD
" i=1 j=1 n i=1 n i=1
2 — 7 . \2
_ |5| > (6z£ dmln)

LTeD = 16 7 dmax(n? + |2[?)?

where (a) follows by convexity. A similar computation yields 1wy > (8. dmin)?/(16 dmax (72 +
|2|?)?) where 7} is a positive constant. Grouping these estimates with those in (B.3) and
plugging them into (B.2), we obtain

52 (‘e dm nc‘imin)2
256 (€7 dmaxdmax)? (1 + |2[2)2 (72 + |[2)2
68
(max(n, 7)? + |2[?)*
where K is a nice constant. The same bound holds for z € (—oc0, 0) by continuity of det( —
C1(z)) at any point of the open real negative axis.

det([ — Cl) Z
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Proof of Proposition 6.2-(ii). Recall that

En = %TrD(IEQ —R).
We first establish useful estimates.

Lemma B.1. There exists nice polynomials ® and U such that:
Im(e, 1 1 I n

w(en(9)| g (L) ang [EEG)
Im(z) n 4. Im(z)

Proof. We prove the first inequality. By Proposition (3.8)-(ii), the sequence of functions (&, )
satisfies over C — R

‘ < %@(|z|)\11 <5iz> for z€ C—R*' .

DR EME

where ® and ¥ are nice polynomials. Let R be the region of the complex plane defined as
R ={z : Re(z) <0, |Im(z)| < —Re(2)/2}. If 2 € C — Rt — R, then |Im(z)| > 4./v/5,
therefore |Ime(z)/Imz| < n='v/58, ' ®(|z|)¥(d;") and the result is proven. Assume now

that z € R. In this case, z belongs to the open disc D, centered at Re(z) with radius
—Re(2)/2. For any u € D,, we have |e(u)| < n= ®(|u|)¥(Ju|~1). Moreover,

~ Re(2) <l < ~ 3Re(2) < 3|z .
5 2 2 2

As ®(x) is increasing and U(1/z) is decreasing in 2 > 0, we obtain:
1

len(u)| < ECI) <¥> v (?—f) for ueD, . (B.5)

The function e is holomorphic on D,. Consider the function: Applying Lemma 3.4 with
£ =© (| Re(2)/2|¢ + Re(2)) — e(Re(2)) -
sup,ep, [€(u) — e(Re(2))|
Let ¢ =i2Im(z)/ Re(z), apply Lemma 3.4, and use (B.5). This yields:
2[Im(z)| 1 1 V5| Im(z)] 1 1
- <—Lx =9 UV[(—)]<——Lx-0 v —
() — e(Re(=)] < et x Lo (e ¥ (5 ) < L Ca e ()

where ® and U are nice polynomials. As Im(e(Re(z))) = 0, we obtain

Im(z) Im(z) d.n d.
This proves the first inequality. The second one can be proved similarly. O

We now tackle the proof of Proposition 6.2-(ii), following closely the line of the proof of
Proposition 6.2-(i). Recall that o = 1Tr DEQ, & = 1Tr DEQ, ¢ = 1 Tr D(EQ — R), and
€ = %Tr D(EQ — R) We begin by establishing the lower bound on det(I — Cy). Assume
that z € CF UC~. Writing « = 1TrDR+€ and @ = 1 Tr DR + ¢ and developing Im(«)
and Im(z&) with the help of the resolvent identity, we get the following system:

(I — Cs) ( Ilmm((zog) ) = Tm(2) < 75522((2)) > * < Ilmm(g) ) ’
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where wy(z) = 1Tr DRR* and #2(z) > 0. Let Wy = n~'Tr DRR*. Using the same argu-
ments as in the proof of Proposition 6.2-(i), we obtain

o Tl ) B g
- ) o) I8 )

-Gy > L IO g e,
& g, ) @) oy (B.8)

We now find an upper bound on the perturbation term e(z). To this end, we have
0 < wy < Ltdmax/62 and 0 < vy < £1d2 /82, Recalling (6.8), we also have

dmax gmaxailax | z | 2
64
Using the same arguments as in the proof of Proposition 6.2-(i) (involving this time the
tightness of the measures associated with the Stieltjes transforms %Tr DR and %Tr DR)
yields:
Im(z) _ 40+ |2) () _ 40+ [2f?)
Im(et) = £ dmin Im(a) = € dmin

for every z € Ct UC™, where 1, K are positive constants, and ® and ¥, nice polynomials.

|1 - <1+

L el < 2 ()Y

Finally, we can state that there exist nice polynomials ® and ¥ such that:

det(I — Cy) > Kﬁ (1 - %@(|z|)\11 (%)) .

By continuity of det(I — Cs(z)) at any point of the open real negative axis, this inequality
is true for any z € C — R™. Denote by &, the set:

£ = {z € C - RY, %@(m)\p ((si) < 1/2} .

If z € &,, then det(I — C3) is readily lower-bounded by the quantity stated in Proposition
6.2-(ii).

By considering inequalities (B.6) and (B.7) and by possibly modifying the polynomials @
and ¥, we have 1 —ug > 0 and 1 — @2 > 0 for z € &,. The proof of proposition 6.2-(ii) is
completed.
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