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This article studies the robust covariance matrix estimation of a data
collection X = (x1, ..., x,) with x; = \/T;z; + m, where z; € R? is a con-
centrated vector (e.g., an elliptical random vector), m € R? a deterministic
signal and 7; € R a scalar perturbation of possibly large amplitude, under the
assumption where both n and p are large. This estimator is defined as the
fixed point of a function which we show is contracting for a so-called stable
semi-metric. We exploit this semi-metric along with concentration of mea-
sure arguments to prove the existence and uniqueness of the robust estimator
as well as evaluate its limiting spectral distribution.

1. Introduction. Robust estimators of covariance (or scatter) are necessary ersatz for the
classical sample covariance matrix when the dataset X = (x1, ..., x,) present some diverging
statistical properties, such as unbounded second moments of the x;’s. We study here the M-
estimator of scatter C initially introduced in [4] defined as the solution (if it exists) to the
following fixed point equation:

A " 1 N
(1) C=—Zu(—xf(C%—)/Ip)_lx,-)x,-xl.T,
n \n

where y > 0 is a regularization parameter and u : Rt — R™* a mapping that tends to zero
at +00, and whose object is to control outlying data. The literature in this domain has so far
divided the study of C into (i) a first exploration of conditions for its existence and uniqueness
as a deterministic solution to (1) (e.g., [4, 9, 13]) and (ii) an independent analysis of its
statistical properties when seen as a random object (in the large n regime [1] or in the large
n, p regime [2, 15]).

In the present article,Awe claim that the study of the conditions of existence (i) and sta-
tistical behavior (ii) of C can be conveniently carried out jointly. Specifically, by means of
a flexible framework based on concentration of measure theory and on a new stable semi-
metric argument, we simultaneously explore the existence and large-dimensional (n, p large)
spectral properties of C. Our findings may be summarized as the following three main con-
tributions to robust statistics and more generally to large-dimensional statistics.

First, the proposed concentration of measure framework has the advantage of relaxing the
assumptions of independence in the entries of x; made in previous works [2, 15], thereby
allowing for possibly complex and quite realistic data models. In detail, our data model de-
composes X; as x; = ,/7;z; +m where the z1, ..., z, are independent random vectors satis-
fying a concentration of measure hypothesis (in particular, the z;’s could arise from a very
generic generative model, e.g., z; = h(Z;) for Z; ~ N(0, I;) and h : R? — R” a 1-Lipschitz
mapping), m is a deterministic vector (a signal or information common to all data) and t;
are arbitrary (possibly large) deterministic values.! This setting naturally arises in many en-
gineering applications, such as in antenna array processing (radar, brain signal processing,
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etc.) where the 7;’s model noise impulsiveness and m is an informative signal to be detected
by the experimenter [12], or in statistical finance where the x;’s model asset returns with high
volatility and m is the market leading direction [14]. Besides, the hypothesis made on z; is
adapted to the generative modelling of possibly extremely complex data: it in particular en-
compasses all data models produced by generative neural networks, such as the now popular
GANSs (generative adversarial neural networks [3]).

Second, as compared to previous works in the field [2, 5, 9-11], our framework allows for
the relaxation of some of the classically posed constraints on the mapping u made. Specif-
ically, u is here only required to be 1-Lipschitz with respect to the “stable semi-metric”
(defined in the course of the article), which is equivalent to assuming that ¢ — fu(¢) is nonde-
creasing and that 7 — u(#)/1 is nonincreasing. The semi-metric naturally arises when study-
ing the resolvent (€ + vip)~ ! of C, which is at the core of our large p, n analysis of C,
using modern tools from random matrix theory. To establish concentration properties in the
large-dimensional regime on C, under our framework, the function u is nonetheless further
requested to be such that + — fu(z) is strictly smaller than 1 (C‘ is, however, still defined
without this condition). Yet, and most importantly, # needs not be a nonincreasing function,
as demanded by most works in the field.

Third, the “Lipschitz and stable semi-metric” properties of the model are consistently ar-
ticulated so as to propagate the concentration properties from Z to the robust scatter matrix C.
The core technical result allowing for this articulation is Theorem 4.1. This combined frame-
work provides the rate of convergence of the Stieltjes transform of the spectral distribution
of € to its large n, p limit along with conditions guaranteeing the possibility to recover the
signal m from the asymptotic statistical properties of C.

2. Main result. Let us note, for k € N, [k] = {1,...,k}; Rt = {x € R, x > 0}; for any
A CC, M ,(A), the set of real matrices of size p x n having value in A, that we endow
with the spectral norm || M|| = sup{||Mul|,u € C", |lu| < 1}, for M € M, ,, the Frobenius

norm |M||p = [¥i<i<p [M; ;|* and the nuclear norm || M ||, = Tr((MMT)'/?). We further
I<j<n ’

note D, (A) ={A e M, (A) |i # j & A; j =0}, the set of diagonal matrices having value
in A (it is endowed with the spectral notma on M,,(C) = M,, ,(C)). Given A € D,, we let
A1, ..., A, € R, be its diagonal elements, A = Diag(A;)1<i<n S0 that ||A|| = sup{|A;],i €
[n]} (where [n] ={1, ..., n}); we define then D;[ =D, (R™).

We place ourselves under the random matrix regime where p, the size of data xq, ..., x, €
R? is of the same order as n, the number of data—for practical use, imagine that 1072 < % <
102. The convergence results will be expressed as functions of the quasi asymptotic quanti-
ties p and n that are thought of as tending to infinity (in practice our results are extremely
accurate already for p,n > 100). We will then work with the notation a, , < O(b,, ;) or
an,p > O(by,)p) to signify that there exists a constant K independent of p and n such that
an,p < Kby, or a, , > Kb, p, respectively, and to simplify the notation, most of the time,
the indices n, p will be omitted. In particular we have O(n) < p < O(n). Our hypotheses
concern four central objects:

e Z=1(21,...2n) € M, satisfies the concentration of measure phenomenon (to be pre-
sented later); all the random vectors z1, ..., z, are independent and sup; -, -, [|E[z;]]| <
o(l); o

e 7 =Diag(ty,...,Ty) € D,T satisfy Vi € [n], 7; > 0 and %Z?:] 7, < 0(1);

e meR”and |m| < O0();
e u:R"™ — R is bounded, t — tu(t) is nondecreasing, ¢ —
0:tu(r) < 1.

”(t ) is nonincreasing and V¢ >
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FIG. 1. Three stable mappings u and their associated n mappings. (Left) u : t — max(/7, %), (Center) mapping

introduced in Remark B.1 having no limit in 0, (Right) u : t — %, and n:t >[4/ % +1- %; this last choice

does not satisfy our hypotheses because u is not bounded and lim;_s oo tu(t) = oo > 1 (then t — @

bounded from below).

is not

Those conditions are sufficient to retrieve part of the statistical properties of Z and of the
signal m from the data matrix

X=2ZJt+m1"

through the robust scatter matrix C defined in equation (1). The standard sample covariance
matrix lX XT instead inefficiently estimates some of these statistics due to the presence of

p0551b1y large (outlying) 7;’s (although Y1 T < 0(1),itis allowed for some 7;’s to be of
order 7; > O(n)). The robust scatter rnatrlx controls this outlying behavior by mitigating the
impact of the high energy data x; with the tapering action of the mapping u induced by the
hypothesis tu(t) < 1 (see Figure 2).

Introducing the diagonal matrix A solution to the fixed point equation

R O T 2 -
A= —x; —X u(MX +yl, Xi,
n

(with u(-) operating entry-wise on the diagonal elements of A) the robust scatter matrix is
simply c=1 =X u(A)X T and the tapering action is revealed by low values of u(A)” when T;

is large. As shown on the central display of Figure 2, compared to %X X' €= %X u(A)xT
has a cleaner spectral behavior which lets appear the signal induced by m as an isolated
eigenvalue-eigenvector pair. This eigenvector can then be exploited to estimate m (this is a
classical random matrix inference problem which, however, is beyond the scope of the present
article).

This paper precisely shows that the spectral distribution of C is asymptotical equivalent
to the spectral distribution of %Z TU Z where U is a deterministic diagonal matrix satisfying
IU|| < O(1). Interestingly, the definition of U merely depends on the second order moments
of z1, ...z, which we denote, Vi € [n], C; = ]E[Zl’ZiT], on the vector T € R” of the 7;’s, on
the function u, but not on the signal m. The definition of U relies on the introduction of a
function 7 : R™ — R™ derived from u and defined as the solution to

+ . —
VieR™: n(t)_l—i—tu(n(t))

(some examples are presented on Figure 1) and on the diagonal matrix A, : D;” — D;'. For
any z € RT and A € D;F, A;(A) is defined as the unique solution to the n equations

-1
1 1 A
Vieln], A;(A)i=- Tr(C( Zu?ﬁﬂl”) )
J
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Ip spectral distribution of fn spectral distribution of g spectral distribution of
YZ+m1T)(Z +m1T)T C=1Xu(A)XT LxxT
—— prediction —— prediction
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FIG. 2. Spectral distributions of the matrices %(Z +m1Ty(Z + m1T)T, C and %XXT against their large
dimensional prediction; p = 500, n = 400 (null eigenvalues removed), u : t — min(z, H%)’ the variables
T1,..., Ty are drawn independently from a Student distribution with 1 degree of freedom, m = 1/,/p € R?;
Z = sin(W) for W ~ N (0, AAT) where A € M, is a fixed matrix whose entries are drawn from the Gaussian
distribution with zero mean and unit variance (Z x & by construction). The population covariance and mean
of Z are computed with a set of p2 independent realizations of Z. The values of the projections of the signal m
against the eigenvector vmax associated to the largest eigenvalue reveals that, with the robust scatter approach,
the diverging action of T in the model can be turned into an advantage to infer the signal m from the data. The
choice of the mapping u is not optimized, our goal here is just to show that nonmonotonic functions are suited to

robust statistics as long as they satisfy our assumptions.

Introducing the resolvent Q, = (z1, + C )~!, we have the concentration:

THEOREM 2.1. For any z > O(1), and any deterministic matrix A € M, such that
|A]l« < O(1) there exist two constants C,c > 0 (C, c ~ O(1)) such that, forany 0 <& <1,

-1
1 1< U;C;

i=I

_ 2
zs>§Ce e

where U = diag(Uy,...,Uy) € D;f satisfies U < O(1) and is the unique solution to the
equation
2) U=t-uon(tA,U))

(the mappings u and n are applied entry-wise on the diagonal terms on D;1).

The proof of the existence and uniqueness of U is based on contractiveness arguments (see
Theorem 3.15 below), therefore, in practice, a precise estimate of U is merely obtained from
successive iteration of (2).

Employing this theorem with A = %I p (then ||A[lx = 1), classical random matrix theory
inferences allow us to estimate the spectral distribution of the robust scatter matrix from the
estimation of its Stieltjes transform m(z) = %Tr(Q_Z). This is confirmed in Figure 2 which
depicts the eigenvalue distribution of the sample covariance of the data matrix X: (i) deprived
of the influence of 7 (i.e., for T = I,,), (i1) corrected with the robust scatter matrix (i.e., it is
here the sample covariance matrix of the equivalent data X u(A)l/ 2), and (iii) without any
modification on X. For the two first spectral distributions, we displayed their estimation with
the Stieltjes transform as per Theorem 2.1.

We additionally can provide guarantees on the alignment of the eigenvector vyax associ-
ated to the highest eigenvalue with the signal m, as expressed on Figure 2. Indeed if we take
A=mm" (then |Allx = ||m|*> < O(1)), for any path y containing the highest eigenvalue of
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C but no other value from the bulk we have the identity
1 T T . \2
3 ?g m" Q_,mdz = (VM)

Estimating m” Qm therefore leads to estimating the projection (vgaxm)z.

3. Preliminaries for the study of the resolvent. Let S, be the set of symmetric matrices
of size p and S;r the set of symmetric nonnegative matrices. Given S, T € §),, we denote
S<Tiff T—Se S;. We will extensively work with the set (S,)" which will be denoted
for simplicity Sl’;. Given S € S;, we finally let Sy, ..., S, € S), be its n components.

Given two sequences of scalars ay, p, by, p, the notation a,, , ~ O (by, ) means that a, , <
O(by,p) and ay, , > O(by, ). We extend those characterizations to diagonal matrices: given
A €D}, A < 0(1) indicates that | Al < O(1) while A > O(1) means that ||%|| < 0O(1) and
A ~ O(1) means that O(1) < A < 0O(1).

The different assumptions leading to the main results are presented progressively through-
out the article so the reader easily understands their importance and direct implications. A full
recollection of all these assumptions is provided at the beginning of the Appendix.

3.1. The resolvent behind robust statistics and its contracting properties. Given y > 0
and S € 81’;, we introduce the resolvent function at the core of our study:

QV:SI’ZXD:[—>MP,

—1
1 n
(S, A) —> (;ZA,-S,- + ylp) :

i=1

Given a dataset X = (x1, ..., x,) € M, ,, if we note X - xT = (x,-xiT)lfifn € SZ, the robust
estimation of the scatter matrix then reads (if well defined)

A1 ANvT wirh A (1 7 T A
3) C=—-Xu(A)X" with A=Diag(—x; 0, (X X", u(A))x;
n n

1<i<n

In the following, we will denote for simplicity fo = 0, (X - X7, u(A)). To understand the

behavior (structural, spectral, statistical) of C , one needs first to understand the behavior of
the resolvent Q,, (S, A) for general § € SZ and A € D;. We document in this subsection its
contracting properties.

As the scalar y will rarely change in the remainder, it will be sometimes omitted for
readability.

LEMMA 3.1. Giveny >0,S€S% M e M, , and A € D;f,

1
HLQV(M'MT’ A)MA% < L;
v VY
1 k
H;QV(S, A)Y NS <1

=1
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PROOF. We can bound in the space of symmetric matrices

—ZA Si+ vy >y,
i=1

thus 0, (S, A) < %In. Besides, we can write

0, (S, A)— ZAS_I —y0,(S,A) <1
zl

Noting S; = mimiT and S = (Sy,...S,) =M - MT, we can then deduce that

1/2
1
ﬁgy(M-MT,A)M Al = (Qy(S A)— ZA S0, (S, A)) :

which provides the second bound. [

Given M € M, ,, and S € S, further define the mapping 7, : S7) x DY — D,

I1(S,A)= Diag(% Tr(S; Oy (S, A)))

1<i<n
With the notation X (A) = I(X - XT, A), the fixed point A defined in (3) is simply A =
I}f( (u(A)). To prove the existence and uniqueness of A we exploit the Banach fixed-point

theorem to find contracting properties on the mapping A I}f( (u(A)) for which A is a fixed
point. As we see in the following lemma, the contractive character does not appear relatively
to the spectral norm on D;" but relatively to another metric which will be later referred to as
the “stable semi-metric.”

LEMMA 3.2.  Given S € 5, and A, A’ € D}, we have (the index y being omitted)
A—A

VAN

’

H 1(S,A) —I(S, A))
VIS, MI(S, A

where ¢5(A) = 1 —y 0y (S, A)|.

ax(¢3 (A), ¢5 (A’))H

PROOF. Givena € {1, ..., k}, we can bound thanks to the Cauchy—Schwarz inequality

1(S. A — I(S. A'), |_‘ Tr(S4(Q, (S, &) — QV(S,A)))'

|k
‘n D Tr(SaQy (S, A')Sp(A}, — Ap) Oy (S, A))
b=1

Spl Ay — Apl

1/AbAb

1 k
”J > T S 0,(S, A)
k SpIAL — A
JZ S 0, (s, 4012020l pr o (s, A’))
A

AbOy (S, A))

ApA},

\/ Tr(Sa Qy (S, A)(1 =y 0y (S, A)))

«/AA/
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J CTr(5, 0 (5, A1) (1~ 0y (5. &)

AN —A
S S(A/ /
= D) T H\/I(S, A)aI(S. ), -
If one sees the term || 2= ;—i: | as a distance between A and A’, then Lemma 3.2 sets the

1-Lipschitz character of 1(S,-) : A+ I(S, A), which is a fundamental property in what
follows. We present in the next subsection a precise description of such functions that will be
called stable mappings.

3.2. The stable semi-metric. The stable semi-metric which we define here is a convenient
object which allows us to set Banach-like fixed point theorems. It has a crucial importance to
prove the existence and uniqueness of C but also to obtain some random matrix identities on
C, such as the estimation of its limiting spectral distribution.

DEFINITION 3.3. We call the stable semi-metric on D,j ={D e D,,Vi € [n], D; > 0}
the function

(4) VA, A €Dy : ds(A,A’)zHA_A/ :
VAN

In particular, this semi-metric can be defined on R, identifying R* with D;".
The function d; is not a metric because it does not satisfy the triangular inequality, one can
see, for instance, that

31 1
_>__
2 V2 V2

More precisely, for any x, z € Ry such that x < z, if one differentiates twice the mapping

ds(4,1)= =d;(4,2)+d,(2,1).

2 2 .
g:y— Lyxyx) + —(nyy, )~ one obtains

1 y 1 z 3y 3z
§M=--5+-—-=5 ad g'()="7F+75>0,
y X z X X X
which proves that g is strictly convex on [x, z] and therefore it admits a minimum yg on ]x, z[

(since g(x) = g(z)). In particular, one can bound

dy(x,2) > \/ds (x, Y0)? + ds (30, )%

One can, however, sometimes palliate this weakness when needed thanks to the following
inequality proved in Appendix B.

PROPOSITION 3.4 (Pseudo triangular inequality). Given x,z,y € RT,
x—yl=ly—zl = ds(x,y)=ds(x,2).
In addition, for any p € N* and yy, ..., y,—1 € RT, we have the inequalities*

1 1
ds(x, y1) 4 - +ds(yp—1,2) = ds(x7, 27) > ds(x, )P

and the left inequality turns into an equality in the case y; = x%zlﬁ forie{l,...,p—1}

1
2The mapping x — x” is not Lipschitz for the semi-metric dg (unlike x — x 7).



4744 C. LOUART AND R. COUILLET

The semi-metric d; is called stable due to its many interesting stability properties.

PROPERTY 3.5. Given A, A’ € D;F and A € D},

dy(AA, AN ) =dg(A,A') and di(A™!, AT =ds(A, A).

PROPERTY 3.6. Given four diagonal matrices A, A’, D, D' € D;F,

dy(A+ D, A’ + D') < max(dy (A, A), dy (D, D')).
To prove this property one needs two elementary results.

LEMMA 3.7. Given four positive numbers a, b, a, B € RT,
vab+aB <,/(a+a)(b+B) and % _max(b ,3>

PROOF. For the first result, we deduce from the inequality 4abaf < (ac + bB)>

(Vab+ Jap)> =ab + aB + 2/abaB < ab+af +aB + ba = (a + a)(b + B).

For the second result, we simply bound

55t et )G )«

PROOF OF PROPERTY 3.6. Forany A,A’,D,D’ e D;l", there exists ig € [n] such that

|Ai0 - A/ +Di0 _D/ |
(@i + Dig) (8] + D)

d(A+D,N + D)=

1o

IAzo Aj | +|Di, — Dj | <|Azo Al Dy, — Dy |
\/Ato +\/DioDz{0) \/AloA/ \/DioD/
thanks to Lemma 3.7. O

3.3. The stable class.

DEFINITION 3.8 (Stable class). The set of 1-Lipschitz functions for the stable semi-
metric is called the stable class. We denote it

SO ={f:Df > D IVA, A e D, A# N :dy(f (D), £(A)) <ds(A, A)}.
The elements of S(D;") are called the stable mappings.

Let us then provide the properties which justify why we call S(D;") a stable class: this
class indeed satisfies far more stability properties than the usual Lipschitz mappings (for a
given norm). Those stability properties are direct consequences to Properties 3.5 and 3.6.

PROPERTY 3.9. Given A,I" € D;f and f, g € S(D;),

(A AF(TA) €S(D)), %eS(D:), fogeS(Dy),  f+geS(Dy)
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3.4. The submonotonic class. The stable class has a very simple interpretation when
n = 1. Given a function f : R™ — R* we introduce two characteristic functions s fx
Rt — RT,

f/:xw@ and fx x> xf(x).

PROPERTY 3.10. A function f :R*T — R™ is a stable mapping if and only if f; is
nonincreasing and f is nondecreasing.

PROOF. Let us consider x, y € R™, such that, say, x < y. We suppose in a first time that
f; is nonincreasing and that f, is nondecreasing. We know that @ > %, and subse-
quently

) Fo =0 =000 wd fo) - 0= 20—,
The same way, since f(x)x < f(y)y we also have the inequalities
©) 0= = 200wt fw - o= 20—,

Now if f(y) > f(x), we can take the root of the product of the two inequalities of (5) and if
f(y) < f(x), we take the root of the product of the two inequalities of (6), to obtain, in both

cases:
@ - fo)] <[220y
Xy

That means that f € S(R™).
Conversely, if we now suppose that f € S(R™), we then use the bound

1FO) = £ s,/%i(x)(y—x).

First, if f(x) < f(y), then f(x)x < f(y)y and we can bound
700 = 50 2 max( L2 22— <max((2 1) 700, (1-2) 50
X y X y

which directly implies @ < ! )(Cx). Second, if f(x) > f(y), @ > % and we can then
bound in the same way

f@)xy — f(y)xy <max(xf(x)(y —x), (y —x)yf(»))

which implies xf (x) < yf(y). In both cases (f(x) < f(y) and f(y) < f(x)), and we see
that f,(x) > f/(y) and fx(x) < fx(y), proving the result. []

This property allows us to understand directly that the stability of a function is a local
behavior. We then conclude staightforwardly that the supremum or the infimum of stable
mappings is also stable.

COROLLARY 3.11.  Given a family of stable mappings (fo)oco € S(RT)®, for a given
set ©, the mappings supgce fo and infoce fo are both stable.
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Given f : D;f — D, we can introduce by analogy to the case of mappings on R*, the
mappings f/, fx : D; — D; defined with

friAm Tr(%) and  fyx : A Tr(Af(A)).

Inspiring from Property 3.10, one can then define:

DEFINITION 3.12 (Submonotonuous class). A mapping f : D;f — D is said to be
submonotonuous if and only if f,. is nondecreasing and f, is nonincreasing, we note this
class of mappings S, (D).

REMARK 3.13. We know from Property 3.10 that S(R;) = S,,(Ry) but for n > 1,
none of the classes S, (D;F) and S(D;") contains strictly the other one. On the first hand,
introducing:

f:Df — DF,
. 1 1
A+— D1ag<—, —>,
Ay Ay
we see that f € S(D,;r) but f ¢ S, (D;f) (for A = Diag(1,2) and A" = Diag(2,2), A < A’
but Tr( f(A)A) = % >2="Tr(f(A")A")). On the other hand, the mapping

g:D2+—>D;r,

) AjA;
Ar—>D1ag<1+A ,1)
2

is in S, (D;") because

dg. 2A 1A 0
g _ 1 220 8/ :050
d0Aq 14+ A and A
2 B 1 1

— = _ <
0As (14 An)? 0Ay  (1+427 AT

However, we can see that g is not stable if we introduce the diagonal matrices A = Diag(1, 2)
and A’ = Diag(2, 3) since we have then

2 3)_5 1 (|3—2| 2 -1

d(e@) @) =d(53)=2> 5 ) =a(a.n)

6 V2

3.5. Fixed point theorem for stable and submonotonic mappings. The Banach fixed point
theorem states that a contracting function on a complete space admits a unique fixed point.
The extension of this result to contracting mappings on D, for the semi-metric dy, is not
obvious: first because dy; does not verify the triangular inequality and second because the
completeness needs be proven. The completeness of the semi-metric space (D;F, ds) is left in
Appendix B since we will not need it. Let us start with a first bound.

LEMMA 3.14.  Given a mapping f : D, — D", contracting for the semi-metric dy, any
sequence of diagonal matrices (Ap)nen satisfying APTD = f(A™)Y is bounded from below
and above and satisfies for all p € Nand i € [n]

rdg(AD A Ad, (A, AO
ex <—¥)Afl) < AP < ex%%)&n.
2(1—2) 2(1=2)
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PROOF. Noting A > 0, the Lipschitz parameter of f for the semi-metric d;, let us first
show that, for all i € [n],

AP+
(7) VpeN, |——— <1+12d (A", AD),
A(P)
l

When Afp +D < Afp ), it is obvious and when AP+ > A(P) the contractivity of f allows us
to set dy (APTD APY) <124 (AD, A®), which implies

AP+D AP " o e
1 i p p
AP = APTD +APdg (A, AT) < 1+ 21Pds (AT, A™).

i i

Multiplying (7) for all p € {1, ..., P}, we obtain

(P) P

A;

A<1> l_[ +27dy (A0, A(O)))_eXP<Zlog )»pds(A(l),A(o)))>
o=l f
P

Ady (AD, AO
= eXp(Z wPds (A, A(O))) < em(%).

p=1 -

With a similar approach, we can eventually show the result of the lemma. [J

Let us now present two fixed point results that will justify the definition of the robust
scatter matrix C but also of the deterministic diagonal matrix U introduced in Section 2.

THEOREM 3.15.  Any mapping f : D;f — D;, contracting for the stable semi-metric dy,
admits a unique fixed point A* € D, (RT U {0} satlsfymg A* = f(AF).

PROOF. We cannot repeat exactly the proof of the Banach fixed point theorem since d;
does not satisfy the triangular inequality. Noting A € (0, 1) the parameter such that VA, A’ €
D, ds(f(A), f(A)) <Adg(A, A'), we show that the sequence (A®); > satisfying

AQ =1, and Vk>1: AP =A%)
is a Cauchy sequence in (5:, Il - 1I), where 5: =D,(RTU{0)}).

We know from Lemma 3.14 that there exists § > 0 such that Vp € N, |A?)|| < 8. One can
then bound for any p € N

HA(pH) —AD | < SdS(A(pH), A(”)) < )J’&ds(A(l), A(O)).
Therefore, thanks to the triangular inequality (in (D;", || - ||)), for any n € N,

”A(P'F”) _ AW H < HA(P'H!) _ —_ AP ”

1 A
ATAT Ly,

- 1—2A p—>00
That allows us to conclude that (A(P)) peN 18 a Cauchy sequence, and therefore that it con-

verges to a diagonal matrix A* =1lim,_,o, AP € D, which is complete (closed in a com-

plete set). But since A is bounded from below and above thanks to Lemma 3.14, we know
that A* € D). By contractivity of f, it is clearly unique. [

It is possible to relax a bit the contracting hypotheses on f if one supposes that f is
monotonic. We express rigorously this result in next theorem, but it will not be employed in
our paper since we preferred to assume u bounded to obtain the contracting properties of the
fixed point satisfied by A. The proof is left in Appendix B.
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THEOREM 3.16. Let us consider a weakly monotonic mapping f : D;} — D; bounded
from below and above. If we suppose that f is stable and verifies

8) YA, A €D di(f(A), £(A)) <ds(A, A),
then there exists a unique fixed point D € D} satisfying A* = f(A*).

To employ Theorem 3.15 to the fixed point equation satisfied by A, a first step is to look
at A I,,(S, A) = Diag(Tr(S; Q(S, A)))1<i<n that we know to be stable from Lemma 3.2.
The control on the Lipschitz parameter required by Theorem 3.15 is issued from the following
preliminary lemma.

LEMMA 3.17.  Given S € S}, and a function f : D} — D;f bounded by fy € D},

I I 1] &
VAeD : —2 — <Q(S. f(A) < 7" where ||S|| = ~ > S
i=1

T follSi4+y T

Combined with Lemma 3.2, this result allows us to build a family of contracting stable
mappings with the composition 1(S,-) o f when f € S(D;) is bounded from above. We
thus obtain the following corollary to Theorem 3.15.

COROLLARY 3.18. Given f € S(D;}), and a family of nonnegative and nonzero sym-
metric matrices S = (81, ..., Sx) € S5, noting Ay the Lipschitz parameters of f for the semi-
metric dy, if we assume that f is bounded from above or that Ay < 1, then the fixed point
equation

=I5(f(A))

admits a unique solution in D;’ .

REMARK 3.19. To give a counterexample when f is not contractive for the semi-metric,
nor bounded from above, let us consider the mapping f : ¢ % and the sequence of matrix
S=(p,...,1p), then we have the equivalence

A=I5(f(A) < Vieln, yAi+1=§

which cannot be satisfied for any A € D when p < n (when p > n, the existence and
uniqueness of the solution can be shown using the contractivity of IS o f for the spectral
norm—but this is another problem).

PROOF. We can first deduce from Lemma 3.2 that
ds (15 (F(M)). S (F(A)) < 2p max(@® (). 6 (£(A))ds (A, A).

When Ay > 1 but VA € Dj , f(A) < fo < 0o, we can still deduce the contractivity of / So f
thanks to Lemma 3.17 that allows us to bound

max (¢ (f(A)), ¢ (f(A))) < sup. [1—y05(f ()] <
AeD;F 1+ fol

and conclude thanks to Theorem 3.15. O

<1,

We will thus suppose from here on that u is a bounded3 stable function, to be able to use
Corollary 3.18 and set the existence and uniqueness of A and C as defined in 3).

3We will see later that we need also to assume that Uy :t+> tu(t) is bounded which implies that u behaves

on the infinity as a mapping ¢ % which is not contractive for the semi-metric dy. Still, to be able to apply

Corollary 3.18, we need to assume that u is bounded.
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ASSUMPTION 1. u € S(R™) and there exists > > 0 such that V¢ € RT, u(¢) < u®°.

PROPOSITION 3.20. For X € M, ,, there exists a unique diagonal matrix Ae DY such
that

A =T1%(u(A)).

Now that A, and therefore C are perfectly defined, let us introduce additional assumptions
to be able to infer concentration properties on A.

3.6. The concentration of measure framework and deterministic equivalent of the resol-
vent. Having proved the existence and uniqueness of C, we now introduce statistical con-
ditions on X to study C in the large dimensional n, p — oo limit. We first define n p-
dimensional random vectors (z1, ..., 2,) € R”.

ASSUMPTION 2. The random vectors z1, ..., Z, are all independent.

We denote their means u; = E[z;] € RP, their second order statistic matrix (or noncentered
covariance matrix) C; = E[ziziT ] and their covariance matrices X; = C; — ,uiul-T eM,.

Let us now introduce the fundamental definition of a so-called concentrated random vector
which will allow us to obtain our estimations and concentration rates. The main idea is that
a concentrated vector W € E is not “concentrated around a point” (visualize, for instance,
Gaussian vectors which rather lie close to a sphere) but has concentrated “observations,” that
is, random outputs f (W) for any 1-Lipschitz map f : E — R.

To measure the speed of concentration we generally express it with the dimension of the
vector space E of W. In our particular case the dimension of interest will be the number of
data n, we will then consider that the dimension p = p, is a function of n. We then assume
that n controls the values of p,,.

ASSUMPTION 3. p=p, < O0(n).

To be precise, we do not define the “concentration of a random vector” but the “concentra-
tion of a sequence of random vectors.” Those random vectors belong to a sequence of vector
spaces that will be (M, »)nen for Z, (M, )yen for O, and (D) pen for D.

DEFINITION 3.21. Given a sequence of normed vector spaces (Ey, || - |lx)neN, @ se-
quence of random vectors (W), en € [,y En, @ sequence of positive reals (0y)neN € R§
and a parameter g > 0, we say that W, is g-exponentially concentrated with an observable
diameter of order O (o) iff there exist two constants C, ¢ > 0 such that, for all n € N, for
any 1-Lipschitz mapping f : E, — R,

Vi>0: P(f(Wy) —E[f(Wp)]| = 1) < Cel/eo".

We denote in that case W,, o< £, (0,,) (or more simply Z o< &, (0)). If 0, < 0(1),* one can
further write W), oc &,.

The essential result which motivates the definition is the concentration of Gaussian vectors.

4The notation an = O(by) signifies that there exists a constant K (independent of s) such that Vs € S, a, <
K by,. The same way, a, > O(b,) means that there exists a constant ¥ > 0 such that a, > kb, and the notation
ay ~ O(by) is equivalent to a, < O(by) and a, > O(by)
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THEOREM 3.22 ([6]). Given any integer sequence d = (dp)neN € NN,
W~N@O,1I;) = Wuxé&.

This class of random vectors is stable through Lipschitz maps.

PROPOSITION 3.23. Given two sequences of normed vector spaces (E1, | - ||1) and

(E2, || - I2), a sequence of random vectors W € E1, two sequences o, . € Ry and a sequence
of O(A)-Lipschitz function ¢ : E1 — E?

Woéyo) = ¢W)x&(ro).

This property is not satisfied by a weaker kind of concentration, called the linear concen-
tration, for which only the linear observations are concentrated. In this paper we will obtain
the linear concentration of the resolvent Q. from a hypothesis of Lipschitz concentration
for Z.

DEFINITION 3.24. Given a sequence of normed vector spaces (Ej, || - ||n)neN, a sequence
of random vectors (Z,),en € [[,en En. @ sequence of positive reals (0,),en € Rl}i and a
parameter g > 0, we say that Z, is linearly concentrated with an observable diameter of
order O(o,) around a deterministic equivalent Z,, € E, iff there exist two constants C, ¢ > 0
such that, for all n € N, for 1-Lipschitz linear mapping u : E,, — R and for all # > 0,

P(|u(Zy — Zy)| = 1) < Cet/eon)”,

We denote in that case Z, € Z, + Eq(on).

The deterministic equivalent around which the concentration occurs can be chosen indif-
ferently in a ball of diameter having the same order as the observable diameter of Z.

LEMMA 3.25. Given a (sequence of) random vectors Z, two (sequences of) deterministic
vector Z1,7Z>2 € R,

ZeZix&(0) and Z1—Z21<0(0) = ZeZr+& (o).
In the following, we will thus assume that Z = (zy, ..., z,) is concentrated.
ASSUMPTION 4. Z x &.

As a 1-Lipschitz projection of Z o &, z; o< &, and we can then conclude (see [7] for
more details) that sup;_; ., [|%;[| < O(1). We also need to bound y; to control E[ziziT] =

i+ pmipl
ASSUMPTION 5. sup;; <, luill < O(1).

Given A € D,;", the resolvent Qf(A) =Q(Z-ZT, A = (%ZAZT + )/Ip)_l is a random
matrix which exhibits useful properties to understand the statistics of Z and more impor-
tantly its spectral behavior. In particular, the distribution of the singular values of Z strongly
relates to the well-known Stieltjes transform mz(z) = %Tr(Q% .(A) where z is a complex

5The statement “@ is O(X\)-Lipschitz” means here that there exists K < O(1) such that, for all s € S, ¢; is
(K Ag)-Lipschitz.
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value distinct from any of the singular values of Z. This setting has already been extensively
studied in [8] where there was no diagonal matrix A but the column of Z could have different
distributions which leads to an equivalent setting. The study is more simple here because we
are just interested in the specific case where z < 0 and for that reason, we further look at
0= QZZ(A) for z > 0 and even z > O(1) (for concentration issues).

. 12 . . . .
It can be shown that Q is a ZZ”;/Azll/ﬁ -Lipschitz transformation of Z and, therefore, assuming

that % < O(1), we can deduce that

1
9 x&—)-
® ¢ z(ﬁ )
A computable deterministic equivalent Q of Q is expressed thanks to a diagonal matrix
AC(A) € D;r defined, as the unique solution to

A
C _ qC .
AT =1 <1n+AAC(A)>’

its existence and uniqueness is proven thanks to Corollary 3.18 (here f : A — A

L+AAC(A)
is bounded by || A||). This equation allows us to compute AC(A) iteratively via the standard
fixed-point algorithm. The deterministic equivalent QZC(A) of QZZ(A) is then easily com-
puted and is defined as follows:

—1
~ A 1 A:C:
C (A1
AN=0,.(c,———— )= " +701,) .
0 (&) QZ( I,,+AAC> <n§1+AiA,¢+Z”>
THEOREM 3.26 ([8]). Given A € D, and A € M, be deterministic matrices such that
IA] < O(1) and® || Al F = VTr(AAT) < O(1), we have the concentration

- 1
Tr(AQZ(A)) e Tr(AQS (A)) £ 52<ﬁ>.

This theorem will later allow us to estimate the Stieltjes transform of the spectral distribu-
tion of C given at the beginning of the article. For this purpose, we need the next corollary
to predict the asymptotic behavior of A defined in (3). Recall that 1 XA I1(X-XT,A).
Then the following holds.

COROLLARY 3.27. Forall A € D;f with |Al| < O(1),
AC(A)
———— 4+ 56— in(Dy, || - .
ety 2<ﬁ) in(Da, 1 1)
REMARK 3.28. Itis possible to extend the results of Theorem 3.26 and Corollary 3.27 to
the broader case where each mean u; (i € [n]) can be decomposed as the sum of a particular

component fi; of low energy (i.e., with a low norm) and a bigger component proportional to
a general signal s of high energy as follows:

(10) Wi = L +t;s,

I%(A) €

where 11, ..., 1, > 0 are n scalars satisfying % Yi_iti=landsup;oy-, t; < O(1). The con-
centration results are then almost the same with a speed O (y/logn/n) replacing O (1/+/n)
and the concentration in Theorem 3.26 is then only true for A € M, satisfying [[A[l. < O(1)
(where [|A]l = Tr((AAT)!/)).

Note here that the assumption on A is lighter than in Theorem 2.1, mainly because here the diagonal matrix A
is deterministic.
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4. Estimation of the robust scatter matrix.

4.1. Setting and strategy of the proof. Having set up the necessary tools and preliminary
results, we now concentrate on our target objective. Let x; = \/7;z; + m, 1 <i <n, where
7; is a deterministic positive variable, m € R? is a deterministic vector and z1, ..., z, are the
random vectors presented in the previous section. For X = (x1,...,x,) € M, ,, we write
X = Zr% +m1” where t = Diag(ti)1<i<n € D;f and1=(1,...,1) € R". The basic idea to
estimate A, as a solution to the fixed-point equation A=1X (u(A)), consists in retrieving a
deterministic equivalent also solution to a (now deterministic) fixed-point equation. For this,
we use the following central perturbation result.

THEOREM 4.1. Let f, f be two stable functions of D;7, each admitting a fixed point
A, N €D as

A= f(A) and A= f'(A).

Further assume that A’ ~ O(1) (i.e., that A > O(1) and A < O(1)), that f is contracting
for the stable semi-metric around A’ with a Lipschitz parameter A < 1 and that’

L H \/f(A/) — )
N

>0(@).

Then there exists a constant K < O (1) such that
|a—a"|<K|f(a") = f(a)].

PROOEFE. Let us first bound

7] s i | o 2

(One must be careful here that the stable semi-metric does not satisfy the triangular inequal-
ity.) Besides

HA A

o bl vl e o M s

VA VAJTA) VAF(A)
<H A=A H\/f(A’)—f’(A’) )

/Af(A/ / :
Thus, by hypothesis, setting K’ < 0(1), we have the inequality

= T—¢ A €
A— A
| el == | varar
Thus, as O(1) < ||A/|| — O(ay) < f(A") < ||A'|| + O(as) < O(1), we obtain the bound
HA—A/ N FAD = A
NI VA

(1)

TIn the application of the theorem present in our paper, we are either in cases where || f(A) — f/(A") ||

for A and A’ deterministic (Proposition 4.8) or in cases where A is random but for any K > 0, with very high
probability, || f(A") — f/(A")|| < K (Proposition 4.7). In both cases, we are thus left to verifying that 1 — A >
o(l).
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for some constant K"/ > 0. We are left to bound from below and above ||A| to recover the
result of the theorem from (11). Considering the index ig such that A;; = min(A;)1<j<n, We
f(A/ _ A/

have
e )
‘AiO_A;0|§KN A1‘0 \/A_io

so that A;, > A;O — O(as) = O(1). On the other hand, one can bound again from (11)

< O(ay),

A/ f(A/) _ A/
NG Ja

As a consequence, A ~ O(1), and we can conclude from (11). O

+ K//

VAN < H <o)

Theorem 4.1 can be employed when A is random and A’ is a deterministic equivalent
(yet to be defined). If we let f =1 X o u(-) (and thus A = A), it is not possible to state
that A ~ O(1) since I*X o u(-) = Diag(2x] 0% o u(-)x;)1<i<y scales with T which might be

unbounded. For this reason, in place of A, we will consider D = % where

7 = Diag(max(z, 1)) > I,.

We similarly denote T = Diag(min(z, 1)) < I,,, note that t = 7z.

| |D>

4.2. Definition of D, the deterministic equivalent of D. The matrix D = 2 satisfies the

fixed point equation
ﬁ—]z(uf(ﬁ)) whereZ-=i— f~z-+ianduT'Ar—>tu(IA)
= ) i = =Vl : ===
VI Vi

We will note from now on 7; = E[z;] and C; = E[Z,-ZIT]. In order to apply Corollary 3.27
with the hypothesis described in Remark 3.28, we will need a bound on the energy of the
signal and on the t;’s.

ASSUMPTION 6. |m]| = O(1).
We still cannot apply Corollary 3.27 since ||u’(ﬁ)|| is possibly unbounded. Still, let us

assume for the moment that ||u” (D) || is indeed boupded: then, following our strategy, we are
led to introducing a deterministic diagonal matrix D ideally approaching D and satisfying

~ AC T D
(12) D= CAC 2 —
I, + u*(D)AC (u™ (D))
(where we recall Aé(ur (D)) =7 (C u* (D) )). Before proving the validity of the

o " Ii+ut (D)AC (u (D))
estimate D of D, let us justify the validity of its definition (i.e., the existence and uniqueness
of D). To this end, we first introduce a stable auxiliary mapping n : Ry — R,.

PROPOSITION 4.2. Let x € R*. Then the equation
1
n=1——— N€ R*
L Hum)

admits a unique solution that we denote n(x). The mapping n : R — R is stable.
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PROOF. Let us show that the mapping f : n+— x/(1+xu(n)) is contracting for the stable
semi-metric

L Lyl utr)
F @) A um)E o+ u)

S J uu) )

do(f ). £ () = ds(

(L +um)E +um))
1

=

. ds(n,n') <uSds(n, ).
The Theorem 3.15 then allow us to conclude on the existence and uniqueness of n(x). To
prove the stability of n, we are going to use the characterization with the monotonicity of
the functions 7, : x @ and nyx — xn(x) presented in Property 3.10. Let us consider
x,y € R" such that x < y;if n(x) < n(y), then n, (x) < n(y). Besides, since in addition uy
is nondecreasing,

I 1
X)= > > = .
VO T o) T 1 e = Ty Y
Similarly, if n(x) > n(y), then n,(x) > n,(y) and
1 I
0= T iy S T amaae) = 14 waoy - MO
x x y? x o0y y? y

We see that in both cases n/(x) > n/(y) and nx(x) < nx(y). Therefore, thanks to Prop-
erty 3.10, n e S(R™). O
The first equation of (12) can be rewritten D= Nt (Aé(uf(ﬁ))), with n; : x — @

To define D properly, we thus need to show that AC is stable (with the aim of employing
Theorem 3.15 again).

PROPOSITION 4.3.  For any S € S}, the mapping AS : D} — D is stable and satisfies
VA, A € D;f:

dy(A%(A), AS(A)) < max(5(A), ) (A))ds (A, A)

(with the notation provided in Lemma 3.2).

PROOF. Given S € SZ and A, A’ € D,‘f, there exists ig € [n] such that, if we note A =
max(qbf (A)D, (1)5 (A")), we can bound, thanks to Lemma 3.2,

ds(A3(A), A%(A)) = dy (f(S’ ﬁ) f(s’ I++AS(A)))

o ( A A’ )
=N\ + AAS(A) I, + AAS(A)

I I
=ady [ 2+ AS(A), L+ AS A/)
L(A+ (&), 15+ AS(&)

|3+ AS(A)ig — 3 + AS(AY)|
K

=X

\/%,.0 + AS(A)ig) (- + AS(AN)
io
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11
5 ~ 3! |AS<A>Z~O—AS(A’>,-O|>

L [AS(a),AS (A,

<A max(
A,‘O A;O

<amax(ds (A, A'), ds(AS(A), AS(A))).

Thanks to Lemma 3.2, the stability rules given in Property 3.9, and the extra tools given by
Lemma 3.7 (already used to prove Property 3.9). As a conclusion,

dg(A5(A), AS(A)) < amax(ds(A, A'), ds(AS(A), AS(A))),
which directly implies that dy (AS(A), AS(A")) < Adg(A, A'). O

We are thus now allowed to define D.

PROPOSITION 4.4. There exists a unique diagonal matrix De D satisfying (12).

PROOF. We already know from Proposition 4.3 that D — A€ W™ (D)) is contrac-
tive for the semi-metric dy; (we can indeed show as in the proof of Corollary 3.18 that
SUP A (I))(;(MT(A)) < 1 thanks to Lemma 3.17 and since u® < |z||lu®°—Dbe careful
here that, possibly ||z|| = O(n), but that is not the question here). The same is true for

Nr (A€ u? (5))) since 7 is stable; the existence and uniqueness of D thus unfold from Theo-
rem 3.15. O

4.3. Concentration of D around D. 1In order to establish the concentration of D, we need
an assumption on 7 to be able to bound D= Ne (Ac(u’(D))). This assumption is expressed
through a condition on u, justified by the following lemma that we already made visible on
Figure 1.

LEMMA 4.5.  The mapping 1, is bounded from below iff, ¥t € R*, u, (t) = tu(r) < 1.

PROOF. If there exists « > 0 (and « < 1) such that Vx e RT, @ > o, then

1 1
@ + (1 —a)>1 and therefore: T =1 T -«
X X +u(n(x))

which implies that u(n(x))n(x) <1 — «. But since 7 is not bounded (otherwise lim;_, oo @

= 0 < «), there exists a sequence (x;)u>0 € Ri such that n(x,) — oco. Thus (ux being
nondecreasing), V¢ > 0, u, () < lim,_ o u(n(x,))n(x,) <1 — a. Conversely, if V¢ > 0,
ux(t) <1,Vx e RT,

1
n(x)z < thuswzl—uio>0.
by 1+M><W X O

ASSUMPTION 7. u$C < 1, where uC = limy, o0 tu(2).

We complete this extra assumption with two rather “loose” assumptions on 7, and on the
noncentered covariance matrices C;.

ASSUMPTION 8. infi<i<, + TrC; > O(1).



4756 C. LOUART AND R. COUILLET
1
ASSUMPTION 9. -3 7; < O(1).
These assumptions imply the following important control.

LEMMA 4.6. D~ O(1).

PROOF. We already know from our assumptions that O(1) < Tr(C,) + 1’” =

%Tr C; < O(1) and we can then bound
. ~ o(l o(1
AW D)z —— D S - = 0(D).
Y+, X Citiu(mD)| v +supjep 1Cilly, 7=y Tiu™

Therefore, we can conclude thanks to Assumption 7 and Lemma 4.5,

~ 1 A ~
D= —n(mA " (D));) = nj°A (D)), = 0(1). 0

i
This control allows us to establish the concentration of D.
PROPOSITION 4.7. There exist two constants C,c > 0 (C, c ~ O (1)) such that
Ve e (0,11: P(|D— Dl = ¢) < Ce e’/ loen,

PROOF. Let us check the hypotheses of Theorem 4.1. Let us first bound the Lipschitz
parameter (for the stable semi-metric) A of 1% o 4™ around D defined as

12 (A)) — I (" (D)) H 3 k’ A—
JIZ@ur (AN 12 (D))

An inequality similar as in Lemma 3.2 gives us

YA eD): '

14

A< VIl—yQZwr(D)|<1- _
Vin-retu + Nur(DyNzZ7)|

(thanks to Lemma 3.17).

First, the concentration Z & implies the concentration of its norm || Z|| € E[|| Z|]] £ &
satisfying K = E[|| Z]|]1/+/n < O(1). There exist then two supplementary constants C, ¢ > 0
such that foralln e N, vVt > 0

IZ]] ) —nr?
—>t+K)<Ce™™,
([

and with, say, 1 = K, we see that with probability larger than 1 —C e—cK?n (for some constants
C,c>0), |Z|| <2K./n. There exists then a constant K’ > 0, such that under this highly
probable event 1 — A > K.

Second, we know that Z = Z7!/2 ~ &, and uf([)) < % < O(1) from Proposition 4.6,
therefore, Zu" (D) x & and we can then employ Corollary 3.27 to state that / Z(uf([))) €
D =+ &;(1/4/n). Thus there exist two constants C, ¢ > 0 such that

Vi>0: 7 =P(|[Iu (D) - D| =1) < Y P(17u" (D)), — Di| = 1) <nCe™""".

ieN
Now since 7; < 1, we can choose two constants ¢’, C’ > 0 depending on ¢, C but independent
with n such that 7; < C'e—cnt/logn
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K/Z

In this last inequality, we can take ¢ small enough (r = TIVE]]

) such that on an event of

probability larger than 1 — C’e=<"/108% (¢ > 0), we have

Z(1T(D _ N /
- | K
D 2
Let us introduce the event

~ Z( T/ N K/Z
A={||z||52Kﬁand 117 (u (D))—D||z4”1/[)”}.

It satisfies P(A°) < C"e=<"n_ for some constants C”, c” > 0.
Applying Theorem 4.1, we know that there exists a constant K < O (1) such that Vn € N

Vi>0: P(|D—D|>=t)=P(|D—D|>1, A)+Ce "
<mk + C//e—c”n < C/e—c’ntz/logn + C//e—c”n‘
We thus retrieve the result of the proposition bounding the value of ¢ and choosing C and ¢
appropriately. [J

It is even possible to give a deterministic equivalent of D independent of the signal m.

PROPOSITION 4.8.  The fixed-point equation D = n; o A€ o u™(D) admits a unique
solution, denoted D_,, € D;'l', and which satisfies |D — D_,,|| < O(ﬁ).

PROOF. Let us first recall the notation p; =E[z;], C; = E[z/]=%; + MilL,-T and

T

- _ - m - m _ _

Ci=1% + (vnm + —)(\/Tiui + —> =T % +mimiT'
JI Vi

i
The existence and uniqueness of D_,, are justified for the same reasons as for D (just take
m = 0). We want to employ again Theorem 4.1, with the deterministic mappings

f=n:0Aou’ and f/:n,oACout,
and with A = D_,, and A’ = D. We note that D ~ O(1) and the Lipschitz parameter A of f
for the semi-metric satisfies a similar inequality as in the proof of Proposition 4.7:
v

l—A> ———— > 0(1).
y +ulll5lsup [[Cil

We then need to bound the spectral norm [|7; o ATC o u™(D) — ¢ o AC 0 u™ (D). Note that
n is 1-Lipschitz for the absolute value because, for any x, y € RT, the stability of 1 implies

In&)—n0N<</nwﬁﬂw__/ 1

= 1.
=yl Xy A+ xum@) (1 +yu(r()) —

Thus n, is also 1-Lipschitz. We are then left to bounding the distance (in spectral norm)

between AT€ ou’ (ﬁ) and AC ou® (D), and we are naturally led to employing a second time
Theorem 4.1 since those two values are both fixed points of stable mappings,

AC@W (D) =18 5 (AC(™(D))) and  ATC(u™(D) =S ; (AT (™ (D)),
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where, for any S € S;’, and A € D;f, fg A I(S, ﬁ). Once again, the first hypothesis

is satisfied, Ac(uf([))) ~ O(1) and )/, the Lipschitz parameter off_ satisfies 1 —A" > O(1).
Noting for simplicity A = u (D), A = AT€(A) and QS5 = Q5(S, T +AA) (for S = C or
S = C), we are left to bounding, for any i € [n],

- = 1 - 2 T, o
T5C (A — IS (M) < —mT 0Cm+ = | Zm? 9FCm
nt nyz;

=i

1 TJ LA YT
+‘ Tr(C, ( Z mm+mm )+tmm )Q)

j=1 =J

1 1 1
0( +-m TGCC; 0% m + = sup mT O€C; 0%Cm; ) < 0( )
n jen n
since i \/g <1V € [n]. Applying twice Theorem 4.1, we retrieve the result of the propo-
sition. [

Propositions 4.7 and 4.8 allow us to set the following result, proved similarly as
Lemma 3.25:

COROLLARY 4.9. There exist two constants C,c > 0 (C, c ~ O (1)) such that

Ve e (0,1]: P(HD —D_pll > £) < Cefcnsz/logn.
We now have all the elements to prove Theorem 2.1.

PROOF OF THEOREM 2.1. Let us set U = 7u™(D_,,). We already know that ||U|| <
SUP; e[n] 15 oo] < O(1), which allows us to set, on the one hand, that for any deterministic
matrix A € M, satisfying [[A[, < O(1):

Tr(AQZ(U)) e Tr(AQS (U)) + &(%),
thanks to Theorem 3.26 (it is true for all A € M, such that ||A||r < O(1), so in particular
for the matrices A satisfying ||All« < O(1)).

On the second hand, placing ourselves in the overwhelming event where || Z|| < K \/n as
in the proof of Proposition 4.7, we can bound thanks to Propositions 4.7 and 4.8:

1 N -
[Tr(AQZ (V) = Tr(AQ:)| = [ Q7 W) Z(Tu™ (A) — FuT (A-))Z" Q]

g 0( fiuziué—ﬁ_mn)
ielnl  Di[A_p]i

we can then conclude thanks to Corollary 4.9. [

5. Conclusion. In this article, we have developed an original framework to study the
large-dimensional behavior of a family of matrices solution to a fixed-point equation, un-
der a quite generic probabilistic data model (which notably does not enforce independence
in the data entries). Recalling that most state-of-the-art statistical (machine) learning algo-
rithms are optimization problems, having implicit solutions, which are then applied to com-
plex data models, this work opens the path to a more systematic exploitation of concentration
of measure theory for the large-dimensional analysis of possibly complex machine learning
algorithms and data models.
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APPENDIX A: ASSUMPTIONS
We recollect here all the assumptions introduced in the core of the article.
ASSUMPTION 1. u € S(RT), 3u™ > 0 such that Vr e R, u(t) < u™.
ASSUMPTION 2. The random vectors z1, ..., Z, are all independents.
ASSUMPTION 3. p < O(n).
ASSUMPTION 4. Z x &;.
ASSUMPTION 5. sup;¢p, il < O(1).
ASSUMPTION 6. |m| < O(1).

ASSUMPTION 7. u$ < 1.
ASSUMPTION 8. infj<j<, 1 TrC; = O(D).
ASSUMPTION 9. 15 7, <O(D).

APPENDIX B: SUPPLEMENTARY INFERENCES ON THE STABLE SEMI-METRIC
AND TOPOLOGICAL PROPERTIES

REMARK B.1. Not all the stable mappings admit a continuous continuation on 5:. To
construct a counter example, for any n € N, let us note:

o ¢y x> 3 — 2" Ix (it satisfies e, (1/2") = 1 and ¢, (3/2"+1) = 3),

o dy:x > 2" 1x (it satisfies d, (1/2" ") = 1 and e, (3/2"1) = 3),

e v, : R™ — R satisfying for all x € R", v,(x) = max(e,, d,) (in particular, v,(2") =
v 2" =1,

o f:RT — R satisfying for all x € R, f(x) = inf,en v, (x).

We know from Property 3.10 that for all n € N, d,, is stable and that e, is stable on [0, 3/ ot
(where x — xe,(x) is nondecreasing) which eventually allows us to set that f is stable,
thanks to Corollary 3.11.

However, f does not admit continuous continuation on 0 since

i N 23 3
Jim o) =1# = lim fl5; )

PROOF OF PROPOSITION 3.4. For a given integer p > 1, let us differentiate the mapping

fr: R SR,
yi—X Z—Yp-1
(y17---,y—1)|—> +---
! ylx 4/Zyp_1
one can compute for any yi,...,y,—1 € RT andi € [p — 1]

9 ey Yy 11 i— 11 '
(13) SO yp-) 1 <1+yz 1)__7<1+y1+1>
dy; 2 /yivi-1 Vi 2 /yit1Yi Vi
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(where yo and y, designate respectively x and z). In particular, when p =1, for any y >

x>0,
0 — 11
)= m i)z
ay VX 2
which proves the first result of the proposition. Now if we assume that y < x <z,
ds(‘x? y) + dS(y’ Z) Z ds(xv Z)v

and the same inequality holds if one assumes that x < z < y. Returning to the setting of the
proposition, we can therefore place ourselves in the open space

—1
Z/{f’z:{(yl,...,yp)eRfL LX<y <o <ypo1 <zl
If one fixes x, z € R, then fpyi, o yp_1,2) =ds(x, y1) + - +ds(yp—1, 2) is min-
imum for yy, ..., y,—1 satisfying

() ()

VYivi-1 Vi VYit1Yi Yit1
which is equivalent to y; = ,/y;—1yi+1. Noting x = log(x), y1 = log(y1), ... =log(yvy),
Z =log(z), we see that this identity writes y; = %(yi_l Yi+1), which implies Vi = )E ;(Z -
X), or in other words,

In that case:
p—i i p—i=l i+l 1 1
X 2p z2p X 2 772 x2r z2p 1 1
ds(yi’ yl+1): p—i—1 i+l - p—i i = 1 1 —ds(X”,Zp),
x 2 72 X 2P z2p z2p x?2r

and the same holds for d(x, y1) and ds(y,—1, 2).
The last inequality is just a consequence of the concavity of r — 11/7:

"SI'—‘

1 1 1 rz—x p 1 pz—x =2 1
11 P —xP o~ (t+x)r dt = trodt _

aoet )= 2P TR TS v LS (28 g0,
(xz)?r (xz)2r (xz)?r (xz2)?2

I\J|,_.

O

LEMMA B.2. Any Cauchy sequence of (D, ds) is bounded from below and above (in
D).

PROOF. Considering a Cauchy sequence of diagonal matrices A®) e D, we know that
there exists K € N such that

Vp.g=K.Vie{l,....n}: |[AP AP < /APAD

For k € N, let us introduce the indexes i% Mol e N, satisfying

Agf) =maX(A§ ) l<i< n) and A;k) =min(A§k), 1 <i<n).
M

If we suppose that there exists a subsequence (A(¢( ))) k>0 such that A(¢ ®) k—) oo, then
M — 0

ALY
(¢(k)) (N ! (N)
\/A ol = \/A ol T — — Aif/l(b <00

[A@®) k00
Al~¢(k)
M
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which is absurd. Therefore (Aff))kzo and thus also (A(k))kzo are bounded from above.
M

For the lower bound, we consider in the same way a subsequence (Ag,ip(k)) )ik>0 such that

Alf,ip(k)) — 0. We have

m k— 00
(¢(k)) (N) (N) A (@) (N)
Aij@(“ = Ai;’fjk) B Aifj")Aifj") koo Ai;ﬁ,‘“ >0
which is once again absurd. [J

PROPERTY B.3. The semi-metric space (D, ds) is complete.

PROOF. Given a Cauchy sequence of diagonal matrices A® ¢ D;F, we know from the
preceding lemma that there exists 8y, 8,, € RT such that Yk > 0: 8,1, < A® < Smly.
Thanks to the Cauchy hypothesis

Ve>0,3K>0|Vp,g=K:Vie{l,....n}: |AY —AY| <esy

and, as a consequence, (A(k))kzo is a Cauchy sequence in the complete space (D2’+, - 1D:
it converges to a matrix A ¢ D2’+. Moreover, A > §;I,, (as any A®) for all k € N,

so that A®) e D;F and we are left to show that A®) P A for the semi-metric dy. It
— 00

suffices to write

k
dy (DM, D)) = p®-p®™ < 8| D® =D — 0
s ’ JDopeo |~ " k—oo U

PROOF OF THEOREM 3.16. We first suppose that f is nondecreasing. As before, let us
consider 8y, 8,, € R* such that YA € D 6,1, < f(A) < 8y 1,. The sequence (A%~
satisfying AO = A, I, and for all k > 1, A® = f (A®=Dy s a nondecreasing sequence
bounded superiorly with 8y, thus it converges to A* € D;F and A* = f(A*). This fixed
point is clearly unique thanks to (8).

Now if f is nonincreasing then A — f2(A) is nondecreasing and bounded inferiorly
and superiorly thus it admits a unique fixed point A* € D;f satisfying A* = f 2(A*). We
can deduce that f(A*) = f 2( f(A*)), which implies by uniqueness of the fixed point that
f(A*) = A* and the uniqueness of such a A* is again a consequence of (8). [J
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