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Estimating covariance matrices is a problem of fundamental importance
in multivariate statistics. In practice it is increasingly frequent to work with
data matrices X of dimension n x p, where p and n are both large. Results
from random matrix theory show very clearly that in this setting, standard
estimators like the sample covariance matrix perform in general very poorly.

In this “large n, large p” setting, it is sometimes the case that practitioners
are willing to assume that many elements of the population covariance ma-
trix are equal to 0, and hence this matrix is sparse. We develop an estimator
to handle this situation. The estimator is shown to be consistent in opera-
tor norm, when, for instance, we have p < n as n — oo. In other words the
largest singular value of the difference between the estimator and the pop-
ulation covariance matrix goes to zero. This implies consistency of all the
eigenvalues and consistency of eigenspaces associated to isolated eigenval-
ues.

We also propose a notion of sparsity for matrices, that is, “compatible”
with spectral analysis and is independent of the ordering of the variables.

1. Introduction. Estimating covariance matrices is the cornerstone of much
of multivariate statistics. Theoretical contributions (see [2], Chapter 7, [14, 18])
have been highlighting for a long time the fact that for various loss functions, one
could improve on the sample covariance matrix as an estimator of the population
covariance matrix, in a nonasymptotic setting.

The “large n, large p” context, that is, multivariate analysis of datasets for which
both the number of observations, n, and the number of variables, p, are large, is,
in a somewhat different setting, highlighting the deficiency of this estimator. To be
more precise, when we refer to “large n, large p” problems, we generally mean that
p =n,thatis, p =0(n) and n = O(p), and p — oc. If p/n has a nonzero limit as
n — 00, results from random matrix theory [21] make clear that in this asymptotic
setting, even at just the level of eigenvalues, the sample covariance matrix will not
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lead to a consistent estimator. We refer to [12] for a more thorough introduction to
these ideas and the consequences of the results for statistical practice.

This is naturally very problematic since this class of results suggests that the
sample covariance matrix contains little reliable information about the population
covariance. This realization has helped generate a significant amount of work in
mathematics, probability and theoretical statistics and the behavior of many hard
to analyze quantities is now quite well understood. For instance, under strong dis-
tributional assumptions, one can characterize the fluctuation behavior of the largest
eigenvalue of sample covariance matrices for quite a large class of population co-
variance (see, e.g., [11] for recent results), or the fluctuation behavior of linear
functionals of eigenvalues (see [1, 3, 19]). However, until very recently there has
been less work in the direction of using these powerful results for the sake of con-
crete data analysis.

Of course, since this inconsistency phenomenon is now fairly well-known,
remedies have been proposed. For instance, the interesting paper [20] proposes to
shrink the sample covariance matrix toward the identity matrix using a shrinkage
parameter chosen from the data. In [12], a nonparametric estimator of the spec-
trum is proposed and shown to be consistent in the sense of weak convergence of
distributions. The method in [12] uses convex optimization, random matrix theory
(the generalization of [21] found in [22]) and ideas from nonparametric function
estimation. These estimation methods rely on asymptotic properties of eigenval-
ues, and as a starting point for estimation of the full covariance matrix, they are
essentially trying to get an estimator, that is, equivariant under the action of the
orthogonal (or unitary) group. In other words, the “basis” in which the data are
given is not taken advantage of, and the premise of such an analysis is that we
should be able to find good estimators in any “basis.” While ideally researchers
will be able to come up with strategies to solve the estimation problem at this level
of generality, it is reasonable to expect that taking advantage of the representation
of the data we are given should or might help finding good estimators.

In particular, it is often the case that data analysts are willing to assume that the
basis in which the data are given is somewhat nice. Often this translates into as-
sumption that the population covariance matrix has a particular structure in this ba-
sis, which should naturally be taken advantage of. In this situation, it becomes nat-
ural to perform certain forms of regularization by working directly on the entries
of the sample covariance matrix. Various strategies have been proposed (see [4,
17]) that try to take advantage of the assumed structure. The very interesting pa-
per [7] proposed the idea of “banding” covariance matrices when it is known that
the population covariance has small entries far away from the diagonal. The idea is
to put to zero all coefficients that are too far away from the diagonal and to keep the
other ones unchanged. Remarkably, in [7], the authors show consistency of their
estimator in spectral (a.k.a. operator) norm, a very nice result. In other words, they
show that the largest singular value of the difference between their estimator and
the population covariance matrix goes to zero as both dimensions of the matrices
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go to infinity and, for instance, when p/n has a finite limit. The requirement of es-
timating consistently in spectral norm is a very interesting idea (which we adopt in
this paper), since then one can deduce easily many results concerning consistency
of eigenvalues and eigenspaces. We make this remark more precise in Section 3.5,
using different arguments than those used by Bickel and Levina in [7].

It might be argued that ideas such as banding essentially assume that one knows
a “good” ordering of the variables. As a matter of fact, if we start with a ma-
trix with entries small or zero away from the diagonal and reorder the variables,
the new covariance matrix we obtain may not have only small entries away from
the diagonal. In some situations, for instance, time series analysis, the order of the
variables has a statistical/scientific meaning and so using it makes sense. However,
in many data-analytic problems, there is no canonical ordering of the variables.

Hence to tackle these situations, a natural requirement is to find an estimator
which is equivariant under permutations of the variables. We call such estimators
permutation-equivariant. Such an estimator would take advantage of the particu-
lar nature of the basis in which the data are given, while not requiring the user to
find a permutation of the order of the variables that makes the analysis particu-
larly simple. Searching for such a permutation would—in general—be practically
infeasible. Note that regularizing the estimator by applying the same function to
each of the entries of the matrix leads to permutation-equivariant estimators.

A subject of particular practical interest is the estimation of sparse covariance
matrices (see, e.g., [9]) because they are appealing to practitioners for several rea-
sons, including interpretability, presumably ease of estimation and the practically
often encountered situation where while many variables are present in the problem,
most of them are correlated to only “a few” others.

In this paper we propose to estimate sparse matrices by hard thresholding small
entries of the sample covariance matrix and putting them to zero. We propose a
combinatorial view of the problem, inspired in part by classical ideas in random
matrix theory, going back to [25]. The notion of sparsity we propose is flexible
enough that it makes the proofs manageable and at the same time rich enough that
it captures many practically natural situations.

We show that our estimators are consistent in spectral norm, in the case of both
the sample covariance and the sample correlation matrix. No assumptions of nor-
mality of the data are required, only the existence of certain moments. As is to be
expected, the larger the number of moments available, the easier the task and the
larger the class of matrices we can estimate consistently.

Finally, we note that at the same time as we were researching these questions
and independently, similar questions were approached from a very different point
of view by [8].

2. Sparse matrices: concepts and definitions. One conceptual difficulty of
this problem is to define a notion of sparsity for matrices that is compatible with
spectral analysis. Just as in the case of norms, extending straightforwardly the
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notions from vectors to matrices can be somewhat unhelpful. In the norm case,
the Frobenius norm—the extension of the ¢, (vector) norm to matrices—is, for
instance, known to not be as good as other matrix norms from a spectral point of
view. Similarly here, we will explain that just counting the number of 0’s in the
matrix—the canonical sparsity notion for vectors—does not yield a “good’ notion
of sparsity when one investigates the spectral properties of matrices.

Let us illustrate our problem on a concrete example. Consider now two p X p
symmetric matrices with the same number of nonzero coefficients:
1 1
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= 4|
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Using the Schur decomposition of E; to compute its characteristic polynomial
(see also Section 3.3), we see easily that its eigenvalues are (p — 2) 1’s and
I++/p—1//pand1—./p—1/,/p.On the other hand, E; is a well-known ma-
trix, for instance, in numerical analysis, and its eigenvalues are {1 +2 cos(kw/(p +
1))/ ﬁ},f: |- Hence, the extreme eigenvalues of these matrices are very different,
but they have the same number of nonzero coefficients and their nonzero coeffi-
cients have the same values. This raises the question of trying to come up with
an alternative notion of sparsity that, while encompassing the canonical notion of
“having a large number of zeros,” might be better suited for the study and the
understanding of spectral properties of matrices.

2.1. Matrix sparsity: proposed definition. To describe our proposal, we need
to introduce several concepts from graph theory and combinatorics. For the sake
of readability we detail them here; they can also be found in, for instance, [23],
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Section 4.7. To each population covariance matrix, X, it is natural to associate an
adjacency matrix A, (X)), in the following fashion:

Ap(i, ) =153, j)20-

This matrix A, can in turn be viewed as the adjacency matrix of a graph § .,
with p vertices, corresponding to the variables in our statistical problem. We call
a walk on this graph closed if it starts and finishes at the same vertex. The length
of a walk is the number of edges it traverses. By definition, we call

Cp (k) = {closed walks of length k on the graph with adjacency matrix A}
and
¢p(k) = Card{C (k)}.
Note that we have
¢p (k) = trace(A¥).

The following two figures show the graphs corresponding to the adjacency matri-
ces of £ and Ej:

Graph corresponding to E: Graph corresponding to E»:

DEFINITION 1. We say that a sequence of covariance matrices {X ,,};ozl is
B-sparse if the graphs associated to them via A),’s have the property that

Vke2N  ¢,(k) < flk)pPh=D+1,

where f (k) € RT is independent of p and 0 < 8 < 1.

We say that a sequence of matrices is asymptotically B-sparse if it is 8 + ¢
sparse for any ¢ > 0.

We call 8 an index of sparsity of the sequence of matrices.

For short, we say that a matrix is S-sparse instead of saying that a sequence of
matrices is B-sparse when this shortcut does not cause any confusion.

Here are a few simple examples of matrices that are sparse according to our
definition:
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1. Diagonal matrices. In the case of diagonal matrices, A, =1d,, and § , consists
only of self-loops at each vertex. Hence ¢ (k) = p, for all k. So a diagonal
matrix is O-sparse.

2. Matrices with at most M nonzero elements on each line. For these matrices,
the corresponding &, has at most M edges at each vertex. A simple enumera-
tion shows that ¢ (k) < pM*~!. So these matrices are also O-sparse.

3. Matrices with at most Mp® nonzero elements on each line. The same ar-
gument shows that ¢ (k) < p(Mp)**=1D_ So these matrices are a-sparse. In
particular, full matrices are 1-sparse.

4. Matrices with at most M (log p)” nonzero elements on each line. We have,
by simple counting arguments, ¢, (k) < pM*1(log p)"*~D_ These matrices
are therefore B-sparse for any 8 > 0 and asymptotically O-sparse.

Given a matrix §,, we can associate to the corresponding G, a set of weights
on the edges, by simply setting the weight of the edge joining vertices i and j to
Sp(i, j). Similarly, for a walk, we have

DEFRINITION 2 (Weight of a walk). Given y, a closed walk of length k:
Yyl —>i2 —>i3—> -+ — iy — i1 =11, and a matrix S,, we call w, the weight
of the walk y. By definition it is

wy = Sp(i1,12)Sp(iz,13) -+ - Sp ik, i1).

We conclude this section by the following simple but important remark:

k
trace(Sp): Z wy .
y€Cp k)

2.2. Remarks on the notion of sparsity proposed. 1t is clear that if we change
the order of the variables in our statistical problem, we do not change the “index of
sparsity” of our matrices. This is essentially obvious from the graph representation
of the problem. From a more algebraic standpoint, if the permutation that is applied
is encoded as a permutation matrix P, the covariance in the permuted problem is
simply P'%, P and the new adjacency matrix is P'A, P (this matrix is indeed an
adjacency matrix). Since P'P = Id,, we have trace((P’A pP)k )= trace(A];), and
hence the sparsity index is unchanged when we permute the variables.

We also note that we could replace the notion of B-sparsity we use by the re-
quirement that, for some C > 0,

¢, (k) < Crp' TPk vk e2N,

which is equivalent, if || - |2 represents the operator norm or largest singular value
of a matrix, to

A, ll2 < CpP.
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This would result in minor differences in the theorems that follow and might be
slightly simpler to apply when the only information available concerns the largest
eigenvalue of A%. From a combinatorial point of view, the notion we use in this
paper is a bit more natural and this is what directed our choice.

Finally, we also note that we could replace our notion of sparsity by

Vk < ko, k €2N, dp(k) < f (k) pPE=DH,

and call the matrices having this property S-sparse at order kg. The proofs below
would still be valid provided kg is large enough, the minimum required size for kg
being related to the number of moments of the random variables making up our
data matrix.

Let us now return to the notion of B-sparsity proposed in Definition 1. It is
clear that the smaller g is, the sparser the matrix. In particular, if Sy < 81, a matrix
which is Bp-sparse is also B1-sparse. As we will shortly show, the class of S-sparse
matrices is stable by addition, which implies that the sum of a Bp-sparse and a
B1-sparse matrix is (8o V B1)-sparse.

We conclude this discussion with two properties of S-sparse matrices.

FACT 1. The set of B-sparse matrices is stable by addition. In other words,
the sum of two B-sparse matrices is B-sparse.

PROOF. We call By and B; our “initial” f-sparse matrices, and B their
sum. A», the adjacency matrix of B,, is not the sum of Ag + Aj. In particular,
edges that are present in both Ay and A; may not be present in A;. However, if
we add edges to A,, we increase qb,(,Z) (k), the number of closed walks of length k
on Aj. So in checking the sparsity index of B;, we can work with Aj, which
contains all edges in Ap and A1, and contains the graph corresponding to A, as
a subgraph of its own graphical representation. More algebraically, the definition

of A is
As(i, j) =min(Ag(, j) + A1(, ), 1) = L, jy=1 + Lagi. j)=114, (. j=0-

We can write A~2 = Ko + Ay, with g()(l', j)= 1A0(i,j)=1 1A1(i,j)=0' Note that g() is
a symmetric adjacency matrix, may have zeroes where Ag has ones, but does not
have ones where Ag has zeroes. So the graph corresponding to Ay is a subgraph of
the graph corresponding to Ay. In particular, trace(g%k ) < trace(A%k).

The matrices Ag, A; and A, are all symmetric, so when dealing with their
eigenvalues we can apply standard results for symmetric matrices. Using Lidskii’s
theorem (see [6], Corollary I11.4.2), we know that

A (Ap) < AV (Ag) + b (A,

where AY (A1) is the vector of decreasing eigenvalues of A; and the sign < means
that the left-hand side is majorized by the right-hand side (see [6], page 28 for a
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definition, if needed). Now the functions A (x) = x2¥ are convex and we therefore

have, using standard results in the theory of majorization ([6], Theorem I1.3.1),
trace(A3") < Y [2;(Ao) + 2, (AT <2271 370 (A% 42 (An*
< 2%V trace(AZF + A%).

Because Ag and A are B-sparse, we see that A%k is. And because we have seen
that

trace(A%k) < trace(Z%k),

we conclude that B; is B-sparse. [

FACT 2. The set of B-sparse matrices is not stable by inversion or multiplica-
tion.

PROOF. To prove this fact, it suffices to provide an example. Let us consider

l ¢« o ... «
a 1 O 0
Ep: . 0
a 0 O 1 0
a 0 O 1

As explained in Section 3.3 below, this matrix is a rank-2 perturbation of Id,, and
its eigenvalues and eigenvectors are known. Note that X, is 1/2-sparse. Also, if
a <1//p—1, X, is a positive semidefinite matrix, and hence is a covariance
matrix.

Using the expressions for eigenvalues and eigenvectors found below, we see
that 2% is full of nonzero entries, and hence is 1-sparse. As a matter of fact, it is
easily checked thatif i > j > 2, E%(i , /) = a?. So there is no stability by multi-
plication, for otherwise Zf, would be 1/2-sparse.

Using the classic expression for inverses of low-rank perturbations of matrices
found, for example, in [16], page 19, we see that Z;l, when it exists, is full of
nonzero entries and hence is 1-sparse. As a matter of fact, it is easily checked that
ifa>#1/(p—1),andi > j =2, £, j) = —a?/(@*(p — 1) — 1). So there is
no stability by inversion either. [J

3. Estimation by entrywise thresholding. To avoid any confusion as to the
meaning of the results to be proved, we remind the reader that the spectral norm of
a matrix A is defined (see [16], page 295) as ||| A||> = max{~+/A : A an eigenvalue of
A*A}; in other words, it is the largest singular value of A. When A is a symmetric
matrix, [|A[|2 coincides with the spectral radius of A: p(A) = max; [A;(A)|. In
what follows, we use interchangeably the terms spectral norm and operator norm.
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When we say that we threshold a variable x at level + we mean that we keep
(or replace x by) x1y>;. We also refer to this operation as hard thresholding. Our
final remark concerns notation: in what follows, C refers to a generic constant
independent of n and p. Its value may change from display to display when there
is no risk of confusion about the meaning of the statements. If there is, we also
use K or C’ and they play the same role as C.

3.1. Estimation of sparse covariance or correlation matrices. We first prove
an intermediate result concerning the Gaussian MLE estimator when it is known
that the mean of the data is zero (Theorem 1). This is a stepping stone to the more
practically relevant results concerning the sample covariance matrix (Theorem 2)
and the sample correlation matrix (Theorem 3). The proofs of these later results are
essentially the same as that of Theorem 1, but the proof of Theorem 1 is technically
a bit less complicated and highlights the key ideas. In Section 3.2, we explain
how these results can be extended to nonsparse matrices that are approximable
by sparse matrices. In Section 3.2.1, we discuss a strengthening of Theorems 1, 2
and 3, whose possibility was suggested to us by an insightful question of Professor
Peter Bickel, which allows us to get rid of assumption (ii) in Theorem 1. (This
strengthening is postponed to this later section for the sake of clarity.)

We refer the reader to Section 3.5 for detailed explanations of the consequences
for eigenvalues and eigenvectors of Theorems 1, 2 and 3 as well as their extensions.
Finally, we stress that, unless otherwise noted, all of our results are obtained when
we have p < n as n — oo (allowing the ratio p/n to have, for instance, a finite
nonzero limit), that is, in the “large n, large p” setting.

THEOREM 1. Suppose X is an n X p matrix, and assume that p <n as n —
oo. Suppose that the rows of X are independent and identically distributed and
denote them by {X;}!_,. Call ¥, the covariance matrix of the vector X. We also
work under the following assumptions:

(i) Suppose X, is B-sparse with B =1/2 —n and n > 0.

(ii) Suppose that the nonzero coefficients of X, are all greater in absolute value
than Cn=*0, withO <ap=1/2 -89 < 1/2.

(iii) Suppose further that for all (i, j), X; j has mean 0 and finite moments of
order 4k(n), with k(n) > (1.5+¢e+n)/(2n) and k(n) € N, for some ¢ > 0. Assume
that k(n) > 2+ ¢+ B)/(280).

Call
1 n
Sp=->_XiXj.
i3

Call Ty (Sp) the matrix obtained from thresholding the entries of S, at the level
Kn™* withoa =1/2 -8 > ap, § > 0 and K > 0. Then we have, if we call A, =
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TO((SP) - Epa
NApll2=0Ta(Sp) — Zplla >0 as.asn— oo,

where || M ||| is the spectral norm of the matrix M.

We postpone a short discussion of the meaning of this theorem to after the state-
ment of Theorem 2, which is arguably more interesting practically.

PROOF OF THEOREM 1. We divide the proof into two parts. The first part
consists in showing the “oracle” version of the theorem, that is, showing that
operator norm consistency happens when one is given the pairs (i, j) for which
op,(i, j) = 0. The second part shows that empirical thresholding does not affect
this result.

Let us first remind the reader of a variant of Holder’s inequality. Let Ay, ..., Ay,
be random variables with finite absolute mth moment. Then we have

(01)

Note that for the case m = 2, this is just the Cauchy—Schwarz inequality. So the
result is true when m = 2. We prove it by induction on m. Suppose therefore it is
true for all integers less than or equal to m — 1. Call By =[]/, A;. By Holder’s
inequality, we have

m
<TTEqA™Y™.

i=1

|E(AlBl)| < (E(|A1|m))1/m[E(|Bl|m/(m—1))](m—1)/m

Now, by the induction hypothesis, applied to the random variables |A;|"/ "D,

m m
E(|By "= 1) =E<1‘[ |A,-|m/<'"“> < [TEEqA;™1/em=b.
i=2 i=2
Therefore, [E(|B;|™/m=D)jm=D/m < T E(|A;|™)!/™ and the inequality is
verified.
Now given y (2k), a closed walk of length 2k and the associated matrix M, we
clearly have

2k

(1) E(wy2n)| <E(wyepl) < [TEIM G, i1 @0,
j=1

assuming for a moment that the relevant moments exist.

Oracle part of the proof. Let us first introduce some notation. We denote by
o,(i, j) the (i, j)thentry of ¥, the population covariance. We call oracle(S),) the
matrix with entries S, (i, j) lap (i, j)#0 and

B, = oracle(S,) — Z)p.
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Note that we have

Ep@i, J) = (Sp(, j) —op(, ))ls,a.j)0-
In the oracle setting, where we assume we know the patterns of zeros in X, so
we focus on the matrix E,. Clearly ¥, and E, have the same patterns of 0’s and
nonzero, and so if X, is B-sparse, so is E,. Equation (1) shows that if we can
control the moments (& (i, ]))Zk we will be able to bound the expected weight
of each walk. Now we remark that we can write

1 n
Ep(ia j) = Z Zm,
nm:l

where Z,,’s are independent, identically distributed and with mean 0, since §), is
unbiased for X,,. By expanding the power, we get that

. 1
(Ep(l’.]))Zk:nzk Z Zil "'Zl'zk-
This last quantity can be rewritten

n n
Ziy = ]‘[ with » k; =2k and k; >0.
i=1 i=1
We now remark that if there exists ip such that k;; = 1, then E(Z;, ---Z;,,) =
0, by independence and the fact that each of the Z;’s have mean 0. Therefore,
in the expansion of (E,(i, j )2k, only the terms for which all nonzero k;’s are
greater than or equal to 2 will contribute to the expectation. Counting the number
of distinct indices appearing in the product above allows us to get a first-order
estimate of E(E P (i, ))*%). As a matter of fact, the contribution of products with ¢
distinct indices is of order n~*n4, by simply counting how many such products
there are. So we see that to first order, the only products that matter are those for
which all the Z;’s raised to a nonzero power are raised to the power 2. Denoting
by n'*1 the kth factorial moment n(n — 1) --- (n — k + 1), we have, assuming that
E(Z%*) < oo,

2% ntl n 2k 7 [P 1
if k 1s fixed and n — oo.

‘We therefore have
1
o o2kq1/(2k
(E(E, (i, )]/ >=0(ﬁ).

In particular, the weight of a closed walk of length 2k on the graph with adjacency
matrix A, (X)) [or A,(E,)] and weights E, (i, j) has the property that

E(wy 26| <E(|w,@p]) = 0@ ™).
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Since we have assumed that X, and therefore &, are B-sparse, we have
E(trace(E?,k)) — O(pl_Hg(zk_l)n_k).

Since our assumption p =< n implies that p/n remains bounded, we see that
E(trace(Ef,k)) = O(n!/2tn=2kn) where n = 1/2 — B. In particular, if k is chosen
such that

- 1.54+¢+ n’

> 7277

k

we see that
E(IIE,13%) < E(trace(22)) = O(n~(1+9),

because E ), is a symmetric matrix, so its spectral norm squared is one of its eigen-
values squared. Using Chebyshev’s inequality and the first Borel-Cantelli lemma,
we conclude that

IIEplll2 — 0 a.s.

Note that 2k > 14 1/(2n) would have guaranteed convergence in probability. The
above proof is correct if Z,, has a finite 2kth moment. Since Z,, = X, ; X, j, the
assumption that the entries of the data matrix X have a 4kth moment guarantees
the existence of a 2kth moment for Z,,, using, for instance, the Cauchy—Schwarz
inequality.

We have shown that || oracle(S,) — X,z — 0 almost surely, when the condi-
tions of the theorem are satisfied.

Nonoracle part of the proof. We now turn to the nonoracle version of the pro-
cedure. It is clear that all we need to do at this point is to show that the thresh-
olding procedure will lead a.s. to the right adjacency matrix. Recall the notation
Ap =Ty(Sp) — X, the difference between our estimator and the population co-
variance. Call B), the event B, ={at least one mistake is made by thresholding},
that is, A, (T, (Sp)) # Ap(X)p). Call E, the event {[|A,l2 > ¢} and F), the event
{IIEpll2 > €} (we do not index these events by ¢ to alleviate the notation). Note
that

E,=(E,NB,)U(E,NB5) S B,U(E,NBS)=B,U(F,N B < B,UF),.
We have already seen that P(F), infinitely often) = 0, so if we can show that
P(B i.0.) =0, we will have P(E i.0.) =0, as desired.

Call O), = oracle(Sp) and S, = S, — O, where oracle(S)) is defined above.
Note that S, has nonzero entries only where X, has entries equal to 0; when that is
the case, S~ (i, j) =0 (i, j). We call D), the set of pairs (i, j) such thato (i, j) =0,
that is,

Dy =1, j):0p(, j) =0}.
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We will first show that the maximal element of S, stays below n™* a.s. Note
that in general, for a random matrix M and index sets / and J,

P(. max |m; j| > 8) < Y. P(mijl>e).
iel.jeJ iel,jel

~

The same moment computations as the ones we made for E, above show that
for the elements of S, corresponding to o, (i, j) = 0, we have E(S,(i, j)2k) =
O(n=%). Therefore,

2ka

- - PN ) N 2, 2ka, —k

Pﬁgy&OJN>mwﬁsuingﬁun " ar =0,
, p

Since we assumed that p < n, we see thatif k(1 —2«a) —2> 1+,
P(max|Sp(i, )| >Cn™® i.o.) =0,
Dp

by the first Borel-Cantelli lemma. In other words, if we call (7, (S)))~ the thresh-
olded version of the part of S, that corresponds to indices in &, we have that

P((Ta(Sp))~ #01.0.)=0.
‘We now turn our attention to !Df,, that is, the set of indices for which o, (i, j) #

0. Recall that we assumed that these o, (i, j) satisfied |0, (7, j)| > Cn™% and ap <
a. Now note for (i, j) in Dy, and o,(i, j) = 0, we have {|S,(, j)| < Cn™%} C
{0<0,(,j)—Cn~® <0,(i, j)— Sp(i, j)}. So, in this case, by using the moment
computations made above, and using C to denote a generic constant, we have

_ B0y j) = Spi. )™
T (op(i, j) = Cnm)%
Similarly, when o, (i, j) <0, we have

_ B0y ) = Sp . )™
= (o, )l = Cn=e)*

P(lSp(l, DI < Cn_a) — O(n_anko‘O),

P(lSp(l’ J)| < C}’l_a) — O(n—ankOt())'

Now note that because X, is B-sparse, there are at most O( p'*#) nonzero coeffi-
cients in X,; indeed ¢, (2) counts the number of nonzero coefficients in X ,. From
this we conclude that

P(3(io. jo) € D :1Sp (o, jo)| < Cn™%) < O(nkCe0=Dpl+h)
So if
I > 24+ 8 _ 2+s+,8’
- 1 —-2ap 2680

then, almost surely, no S, (i, j) will be wrongly thresholded, if (i, j) € :D;'. Com-
bining this result with the one on the indices in D), we have

P(B,i.0.)=0,
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and we have the result announced in the theorem. [l

It is, however, more common practice to use as our estimator of the covariance
matrix the sample covariance matrix that differs slightly from the matrix S, used
above, which is the maximum likelihood estimator in the (mean 0) Gaussian case.
We now show that for the usual estimator the same strategy works.

THEOREM 2 (Sample covariance matrix). Suppose the assumptions of Theo-
rem 1 are satisfied, but allow now X; to have a nonzero mean . Call

| - -
Sp=—=> Xi—-X)(Xi - X)'.
n—13
Then the result of Theorem 1 holds; namely, the matrix Ty (S)) — X, converges
a.s. in spectral norm to Q.

The previous theorem basically means that if the covariance matrix X, is sparse
enough, and if the data come from a distribution with enough moments, then
thresholding the sample covariance matrix by keeping only terms that are a bit
larger than 1/4/n is a good idea and will lead to an estimator that is consistent
in operator norm. This is in stark contrast to simply using the sample covariance
matrix, when in the asymptotics considered here, we would not, in general (e.g.,
as soon as p/n — [ # 0), have consistency even at the level of the vector of eigen-
values; in the case of X, = Id, this is a consequence of the results of [13] or [21]
and we refer to [12] for a thorough discussion.

PROOF OF THEOREM 2. The proof proceeds as the one of Theorem 1.
Since S, is still unbiased for X, the only thing we have to show here is that
the 2kth central moments of S, (i, j) decay in the same fashion as they did in
Theorem 1. Firstly let us note that

.. | no - _
Spi, j)= pa— Z(Xl,i —wi)(X1,j — 1) — m(xi —wi)(X; —uj),
I=1
SO

n

1
Splis ) —oplis )= —— D ((X1i — wid) (X1 j — j) — op(i, )
=1

n - - 1 .
- ﬁ((x,- — iR = ) = oy J)>-

Now, since (a + b)2*k < 22K (a2k + p%), we see that we will have the result we need
if we can bound each term in the right-hand side of the previous equation. The
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technique we used above immediately shows that

E(— S I(X1i — ) (X0 — 1)) — oGy )] :o(—k),
n — 1 =1 n

assuming for a moment that all the needed moments exist. For the other part of
the equation, the same argument shows that the only thing we need to control
is E((X; — i) (X ji— M j))Zk, since the assumptions we made about the moments
of X; guarantee that o, (i, j) is bounded in p. Using the Cauchy—Schwarz inequal-
ity, it is clear that all we need to do is control EX; — ui)‘”‘, foralli. But X; — 1
is a sum of independent mean-0 random variables and the computations we made
in the proof of Theorem 1 show that

E(X; — )™ = 0(#)
Therefore,
B — ) (%) =) =0( 5 ).
So we conclude that
B(5,. )~ 0p(0. )" =0 7).

just as in the case of the Gaussian MLE estimator. This is all we need to complete
the proof of Theorem 2, since the last steps follow exactly from the proof of Theo-
rem 1. The assumptions made guarantee that all the moments used above exist and
are finite. [

We note that the distribution of the entries of X can change with n and p as long
as the moment conditions are satisfied and the bounds on the moments are uniform
in n and p. We now turn to the question of estimating correlation matrices.

THEOREM 3 (Correlation matrices). Under the assumptions of Theorem 1, but
requiring the boundedness of the 8k (n)th moments of the X; ;’s in assumption (iii),
if £ is now the correlation matrix of the vector X;, and if S, is now the sample
correlation matrix, we have as before

ITe(Sp) = Xpllz >0  a.s.

REMARK 1. We note that the moment assumption can be relaxed to 4k(n), if,

for instance, one assumes that || X, [|> is bounded. This is a simple consequence of
the fact that, if we call D, the diagonal of the sample covariance matrix S », the
sample correlation matrix S, is equal to D;l/ 23 pD;I/ 2 Because ¥ p has only 1-s
on the diagonal, our results on operator-norm-consistent estimation of X, imply
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in particular that || D, — 1d,||l2 tends to O a.s. Elementary algebra then shows that

125 ~—1/2

if || 2, l2 is, for instance, bounded, ||D, '“S,D, '~ — X,l|> also tends to 0 a.s.,

because |||S'p — X, l2 does, according to Theorem 2.

PROOF OF THEOREM 3. Because of invariance of the problem by centering
and scaling, we can assume that the row vector X; has mean 0, and that the diago-
nal of its covariance matrix X, is full of 1. Then we have p(i, j) = 0, (i, j). From
the proof of Theorem 1, it is clear that if we can show that E(S, (i, j) —po(i, j )* =
O(n~*) forall (i, j), the same technique as above will lead to the theorem. To show
that this is indeed the case, we first make the following elementary remark, which
prepares the study of p(i, j) — p(i, j). Suppose that F,, and G,, are random vari-
ables, with E(F,, — p)** = O(n=*) for some p € [—1, 1], E(G, — D* =0 %)
and further | F,,/G,| < 1. Call 2, (¢) the event {w: |G, — 1| < ¢}. We have

Fn 2k - Fn ]Zk
E(Z1 — —E(|Z% = 1 loe
(Gn P) (_Gn ol [la.e + 9,1(s>])

(R (F
=E\|G, Pl la,e G, Pl lace

<E —ol1= =) 1 +22*E(1ge
< ( G P G Qu(e) (Ioge))

F,—p1% 1 12
<2u([ 5 w16 1a0)
< G, Q.e) T 0 G Qu(e)

n

+2%E(lgg )
2k
= (1 _ 8)2k {E((Fn - p)2k1§2”(e)) + kaE((Gn - 1)2]{19”(8))}
+ 22kE(192(5)).

By Chebyshev’s inequality, and our assumptions, it is clear that

(6:-+) =o(x)
E(l—-p) =0(—).
G, nk
Now we claim that this remark applies in the case of the correlation matrix. We

have

.o FalG))

p(lv ]) = .

Gn(i, j)

where

- 1 < 5 7
F.G, j)= nTZ(Xl,i - Xi)(X1,j — X)),
=1
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and Gn(ia ]) =/ Fl’l(l7 l)F}’l(]» .])

From the moment computations made in the proof of Theorem 2, we see that
we have E(F, (i, j) — p(i, j))* = O(n=%), for all (i, j). Let us denote by ¥, (i) =
F, (i, i); this result implies that

; —\ 2k . coon2k e . 2k
EWVY, () — Vo, D))" <EYu() = pG, )" /pG, ) =E(Y, @) — 1)
=0 ).

If we denote o, = /Y, (i) and B, = /Y, (j), we have, since o, 8, — 1 = (o, —
Dpn+Bn— 1,

E(a, By — 1) < 2%[E(B, — D + E(8%* (@, — 1)*)]

< 2X[E(B, — D* + JEBH)E(@, — )*].

We have already seen that E(8, — )%k = O(n%), and since we are assuming the
existence of a 8kth moment for the X; ;, we also have vE(a, — D* = O(n*).
To conclude that E(o, 8, — 1)k = O(n*k), we just need to show that E(,Bn)4k
is bounded. But g* = (8, — 1 + D* < 2%((B, — 1)* + 1), from which we
conclude that E(,Bn)‘”‘ is bounded, since (8, — D* = O(n~2k). We now see that
Gn(, j) =Y, ()Y, (j) satisfies with F;, the conditions needed to conclude that

E(592~—a'ﬁ%—m%id—<i»%—om*)
Gn(l,]) P, J P, J P, J . |:|

3.2. Approximation of nonsparse matrices by sparse matrices. It is natural to
ask whether a thresholding approach can also lead to good results when dealing
with matrices which are not sparse per se, but have many coefficients close to zero.
In other words, we would like to know when we can approximate nonsparse matri-
ces by sparse matrices obtained by thresholding a sample covariance or correlation
matrix. We now present two propositions that relax the sparsity assumptions and
still lead to spectral norm convergence. The most general one basically says that if
the population covariance matrix can be approximated by a sparse matrix and does
not have too many coefficients close to the threshold level 1/,/n, then estimat-
ing the (not necessarily sparse) population covariance by thresholding the sample
covariance matrix will lead to good results.

Here is our first result in this direction:

PROPOSITION 1. Making the same general assumptions as in the theorems
above [i.e., assumptions (1)—(iii) in Theorem 1 are excluded], we now assume that:

o There exists Ty, (X)) = X, a version of X, thresholded at Cn™%!, thgt is,
B-sparse, with B = 1/2 —n and n > 0. Further we assume that ||X, —
pll2 = 0.
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o We call Iy, o, the set of indices of those o (i, j) for which Cn™%' < |o (i, j)| <
Cn=% with ag < a1 < 1/2 — 89, for some 5o > 0.

o The adjacency matrix corresponding to 1y, «, is y-sparse, for some y < ao— o,
where £y > 0.

o The random variables X; ;j have moments of order 4k (8k in the correlation
case), with k satisfying the assumptions put forth in Theorem 1, assumption (iii),
aswellask> 2+¢e—y)/(1 —2y), for some & > 0.

Now if we choose o € (ap, 1), then the conclusions of all the theorems above
apply:

N7 (Sp) — Zplla—>0  as., asn— oo.

While this proposition might appear full of hard-to-check assumptions, we be-
lieve it is useful and not so hard to use when checking whether thresholding is a
reasonable idea for a particular estimation problem. We give an example after stat-
ing Fact 3 below. Finally, we note that under the assumptions stated, both T, (X))
and Ty, (X)) are good approximations of X, in operator norm.

PROOF OF PROPOSITION 1. In the proof we assume without loss of generality
that C = 1, which allows us to avoid cumbersome notation. [As the reader will see,
replacing n=* by Cn =% every time an n~*° (and similarly for n~%!) appears does
not change anything in the proof.]

From the previous proofs, we see that we can divide

Ta(Sp) =My+ M+ M,

into three parts. My corresponds to the indices (i, j) for which o (7, j) is larger (in
absolute value) than n~%, M| corresponds to indices in Iy, «,, and M> to those
indices for which |o (i, j)| < n~%!. Similarly, we can write with the same partition
of indices,

Ep = Tao(zp) + [Tal(zp) - Tao(Ep)] + [Zp - Tal(zp)] = Z0 + 2+ 2.

With the same notation for the subparts of X, we have from the computations
we made in the proofs of the previous theorems that || My — Xg||> — O a.s. (by the
oracle part of the proofs), and [|M[|2 — 0 a.s., since the &, (i, j) corresponding to
lo(i, j)| <n™* will all be (a.s.) thresholded to O if the thresholding level is n™¢,
o <co].

Note that o+ X1 = > >80 || 22]l2 — 0. To reach the conclusions of the propo-
sition, we need to show that we control M| — X in operator norm.

Recall that our assumption is that X is y-sparse. We call

Y1 =Tu(X1) + Ry (1),
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where T, (X) is the version of ¥ thresholded at n™%. It is of course also y-sparse
and so is Ry(X1). This implies that

IIRa (SDII3F < trace((Ry (£1))%) < f (k) p? ®=V pn=2ke,

which goesto 0 if y < o —e. So we can find kg, an integer independent of n and p,
such that the right-hand side goes to 0 as n and p go to infinity. This implies that
I Rx(X1)|l2 — O, as n tends to infinity.

Using the oracle proof of Theorem 1, we see that if we make no error in thresh-
olding for the indices in Iy q,, then [|oracley (M) — To(X1)lll2 tends to O a.s.
Therefore, all we need to do is check that we control the operator norm of the ma-
trix of possible errors, that is, the difference M| — oracle, (M1). Let us call Y this
matrix of potential errors. There are two types of possible errors: either a coeffi-
cient is thresholded when it should not have been, or it is not thresholded when it
should have been thresholded. So

0, if correctly thresholded & (i, j),
Y@, j)=40G,j), if |o; j| <n™* but did not threshold in M,
—o(i, j), if |o; j| > n™% but did threshold in M.

In any case, we conclude that |Y(i, j)| < |6, j)| < |6, j) —o(, )| +
lo (i, j)|. Let us call Y11 the matrix
Y113, j) = 1v,G j)zolo @, j) — o, j)I,

and Y'|» the matrix with entries

Y120, j) = Iy, j)=olo @, j)I.

Note that all the indices where Y| has potentially nonzero entries are in Iy o,
so the corresponding adjacency matrix is y -sparse. Clearly, the same is true for Y1
and Y.

Now, [ITill2 < lIT11 + Yi2ll2, according to Lemma A.2 in the Appendix.
Therefore,

Iell2 < ez + N121l2.

Using the fact that all the entries of Y1, are less than n~*0 in absolute value,
and the fact that Y, is y-sparse, we have, for k integer, according to Lemma A.1
below,

1213 < trace(Y ) = O(p? Gh—DH1,~2ka0),

So since p = n, and we assumed that y < «, we see that we can find & (finite) such
that the right-hand side goes to 0 as n — co. Actually, any k > (1 —y)/2(xo —¥))
is a valid choice. So we conclude that

1202 — O asn — o0.
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On the other hand, since
E(Y11G, ))* <E@(, j) = o, j)
we conclude as before that the expected weight of a walk (“on” Y1) of length 2k
is O(n*). Using the assumption of y-sparsity of the matrix X;, we conclude
that E(trace(Y'%)) is O(p? @k=D+1=*) Therefore, if we can pick k > (2 + ¢ —
y)/(1 — 2y), and finite, we have a.s. convergence of || Y11[|> to 0. Now note that

our moment requirements imply that indeed we can pick k (finite), with the prop-
erty thatk > (2+¢ —y)/(1 —2y). Hence,

ITill2—0  as.

) =0(™),

This concludes the proof since we have bounded || 7, (S,) — X2 by a sum of
operator norms of matrices, all of which are going to 0 a.s. [

We also have the following proposition.

PROPOSITION 2. Let us denote by |X,|Had the Hadamard absolute value
of ¥p, that is, the matrix whose (i, j)th entry is equal to |o (i, j)|. Suppose that
% [Hadlll2 is uniformly bounded in p. Suppose p < n. Let us call, for a > 0,

Ra(zp) = 2:p - Ta(zp)-

Suppose that ||| Ry (X)) Hadll2 — 0, for some given o, with ag < 1/2 — 8o, and
80 > 0. Then, for ag < @ < 1/2 — &g, we have

7 (Sp) = Zpllz >0 as.,

provided the moment conditions in Theorem 1(iii) are satisfied, with the parame-
ters 8o, n = 8¢ and hence f =1/2 — .

PROOF. Since we have assumed that [||Z,|Hadll2 < oo, we therefore have
7% (2p)|Hadll2 < 00, by using Lemma A.2 in the Appendix. Now since the small-
est nonzero entry of |7, (X)) |Had 18 greater than n™%, we also have, by the same
arguments as those developed in Lemma A.2, for any integer &,

trace((|To (2 ) [Haa)*) = ¢ (K)n k.
Hence,
trace((| Tu (2 ) l1at) ™) /) = (¢, (2k)) /0.

We now note that without loss of generality, we can assume in our definition of §-
sparsity that f (k) > 1. Hence, under our assumptions, Ty (%) has to be at most a-
sparse, for otherwise the lower bound in the previous equation would go to infinity,
and we just saw that [[||7, (X)) [Hadll2 is bounded. [Recall that ||| T4 (X)) |Hadll2 =
limy— o0 trace (| To () IHad)*) /9]
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Now, it is clear that if a1 > «p, and therefore n™*" < n™*, |Ry, (i, j)| <
| Ry, (i, j)I|. This allows us to conclude that

Il Re; [Hadll2 =< Il Rery [Haallll2-

Since we have assumed that |[|[Rq,|Hadll2 tends to O, it is also the case for
Il R lgadll2 for o > ag. Since we assumed that og < 1/2 — §p, we can find o
such that op < o1 < 1/2 — §p. Let us pick one such «;. Let us also pick « in
(g, @1). The situation is now fairly similar to that of Proposition 1, but we cannot
immediately apply this result because our control of the sparsity of Iy, ¢, is not
very good.

However, we can apply similar arguments that we detail here. We use the same
decompositions and notation as in the proof of this theorem. Note that ¥| =
Ty, (X)) — Toy (X)) is a submatrix of X. Hence, [Ry(Z1) (i, j)| < |Ro(2)(, j)I.
Since ||| Ry (2)|Hadll2 goes to 0, we have

Il Re (1) [Had lll2 — O.

Note also that || 222 = | Re; (22 < Il Re; () |Hadlll2 = 0. So all we need to do
to complete the proof is to control the matrix Y| of potential errors. Recall that

TG DIl DI<leG, j)—ol, DI+I1oG, )l

Recall also that all the indices where Y| has potentially nonzero entries correspond
to the entries of ¥, whose absolute values are between n~%! and n=%, so Y is at
most o1-sparse. Let us call, as before, Y| the matrix

Y11, j) = 1v,4, jzolo (@, j) — o (i, j)I,
and Y|, the matrix with entries
Y120, j) = Iy, j)=olo @, j)I.
Clearly,
ICill2 < M1 lHaall2 < N1+ Yizllz < WMrll2 + N 120l2.

Because Y is o1-sparse and o1 < 1/2 — &g, and because of the oracle part of the
proof of Theorem 1, we see that, because of our moment assumptions,

ITillz =0 as.

On the other hand, Y3 is a submatrix of |X1|Had, SO

12l = 7w, (3p) — Toy(Zp) 1Hadll2
= ||||Ra1(2p) - Rao(zp)|Had|||2
< INRe; (3p) Hadlll2 + Il Ry () [Haglll2-
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We conclude that || T2]|l2 — O, and therefore that || Y]] — O a.s. Arguing as
in the proof of Proposition 1, we finally have the result announced in Proposi-
tion 2. [

The following simple fact is a clear case of applicability of the ideas of Propo-
sition 1.

FACT 3. Let ¢ > 0 and suppose that Ty .(X)) is B-sparse and its nonzero
entries are larger in absolute value than n=*°. Then under the same assumptions
as Theorems 1, 2 and 3, we have, for ag <o < 1/2 — 6,

I7a(Sp) — Zpllz2 >0 a.s.

PROOF. Take oy = a9 + &, where § is small. In particular, of course, oy <
1/2 <1 + €. Here Iy, o, 1S empty so the corresponding matrix is O-sparse. In
particular, that means that in the notation of the proof of Proposition 1, M| =0
and similarly for ¥1. So the results on My — ¥o and M»> apply directly and the
only thing we have to check is that || 22| — 0. Note that 3, contains only entries
of order n~(1%%) or smaller. Using a Frobenius norm bound, we therefore have

122013 < p?n~ 32 0,

so the result is established. O

Example: a simple (permuted) Toeplitz matrix. We consider a matrix that is
often used as an example for estimation: the (Toeplitz) covariance matrix ¥, with
X(i,j)= pi=Jl |p| < 1. Of course, we can also consider the same matrix where
the variables have been randomly permuted and hence the Toeplitz structure de-
stroyed. However, on any given line, the entries are still a (possibly random) per-
mutation of the p/"~/I. We apply Proposition 1. To do so, we just need to count
how many coefficients on each row are between n~%! and n=%0, for a9 and «; to
be chosen later. Note that |p|* < n = is equivalent to k > log(n)a/log(1/|p|). So
Ty, (X)) is asymptotically O-sparse, as it contains only O(log(n)) nonzero terms
on each row. Similarly, the adjacency matrix corresponding to I (ag, 1) is also
asymptotically O-sparse as there are at most O(log(n)) terms on each of its row.
Finally, we need to check that the thresholded X, is a good approximation of
X ,. Recall that for a real symmetric matrix M, [|M||> < max,-(Zj |m; j|). (See,
e.g., [7] or [24], page 70.) Now, Y4, 0* = 0*0/(1 = p), 50 |2 — Toy (Zp)ll2 <
n~“ /(1 —|pl), which tends to 0 as n goes to infinity. So we conclude that Propo-
sition 1 applies and thresholding the sample covariance (resp., correlation) matrix
corresponding to this population covariance will yield an operator norm consistent
estimator, a.s., provided the moment conditions are satisfied. In this situation, the
moment conditions translate simply into k > 2 4 ¢ for some &, because o can be
chosen arbitrarily close to 1/2 and y arbitrarily close to 0.

Finally, we have the following corollaries that apply to all the theorems and
proposition above.



ESTIMATING SPARSE COVARIANCE MATRICES 2739

COROLLARY 1 (Infinitely many moments). Suppose that the entries of X have
infinitely many moments. Then all the above results hold with only the sparsity
conditions having to be checked.

COROLLARY 2 (Asymptotic B-sparsity). Suppose that the sequence %, is
asymptotically B-sparse. Then all the above results apply, with the modification
that B be replaced by Eg = B + ¢ for ¢ > 0 but arbitrarily small. In particular,
moment conditions need only to be satisfied and checked with B. In the situation
where one has infinitely many moments, one therefore only needs to check that the
sparsity conditions are satisfied by a ,gg.

3.2.1. A refinement of Theorem 1. We now discuss a refinement of Theorem 1
that allows us to get rid of assumption (ii) there. We remind the reader that this as-
sumption is about the size of the nonzero elements of X ,. The possibility of this re-
finement was suggested to the author by a question of Professor Peter Bickel whom
we thank for his very insightful question. This discussion is included here because
it relies on approximation ideas close to the ones we developed for approximating
nonsparse matrices by sparse matrices. However, here we will approximate sparse
matrices by sparse matrices, the approximating matrix now having quite “large”
elements.

Let us first mention the following lemma, which is proved in the Appendix.

LEMMA. Suppose M is a p x p real symmetric matrix, which is B-sparse.
Call m = max; j |M; j|. Then

Vk€2N  [IM]l2 < |trace(M*)|"E < mpPUmVOHIR( £ (o) VK,
We therefore have the following corollary.

COROLLARY 3. Suppose %, is B-sparse, with B < 1/2 —n and n > 0. Call
Tg1e(Xp) a version of X, thresholded at Cn=B+8 where ¢ > 0 and C is a real
number (fixed and independent of p and n). Call Rg1 o = X, — T c(X)). Assume
that p <xn as n — oo. Then

IRg+ell2 — O asn — o0.

The conclusion of the previous corollary is that g-sparse matrices, regardless
of the size of their entries, can be approximated in operator norm by B-sparse
matrices whose nonzero elements are greater than n~(#+¢)

PROOF OF COROLLARY 3. We note that Rg,.(X,) is B-sparse, because X,
is, and the graph corresponding to the adjacency matrix Rg4. (X)) is a subgraph of
the one corresponding to the adjacency matrix of X,. Note also that all the entries
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of Rgy:(X)) are less in absolute value than C n~F+8)  According to the previous
lemma, we therefore have

IRp+e(Zp)ll2 < (f (k) kCn=FFe) ppU=1/0+1/k

So if kK > 1/¢, because our assumption that p =< n implies that p/n remains
bounded, the right-hand side in the previous equation goes to zero as n goes to
infinity. [Recall that f (k) does not depend on p.] [

We are now ready to state our improvement of Theorem 1.

THEOREM 4. Making the same general assumptions as in Theorems 1,2 and 3
above li.e., assumptions (1)—(iii) in Theorem 1 are excluded], we now:

(a) Assume that X}, is B-sparse with B =1/2 —n and n > 0.

(b) Pick g9 > 0 such that, for some 5o > 0, B+ ¢e9 <1/2 — .

(c) Assume that the random variables X; ; have moments of order 4k (8k in
the correlation case), with k satisfying the assumptions put forth in Theorem 1,
assumption (iii).

Then, if Tgyey2(Sp) is the matrix obtained by thresholding the entries of S, at
level Kn—(B+e0/2) (§ » having the definition given in Theorems 1, 2 and 3), for
some K > 0 (fixed and independent of n and p), we have

W Tp+e0/2(Sp) — Zpll2— 0 a.s.

PROOF. Let us first note that there exists an gy with the characteristics we
require. A possible choice is &g = n/2, to which §o = /2 could correspond.

The theorem is therefore a consequence of Proposition 1. As a matter of fact, let
us pick a1 = B+¢p and ag = B +£0/4. As we have seen in Corollary 3, Tg (X))
is B-sparse and has the property that || Tg1¢, (X)) — Xp 2 — 0. Clearly, op < a1 <
1/2 — §o. In the notation of Proposition 1, Iy, «, is a subset of the set of indices
for which o (i, j) # 0, and hence it is 8-sparse. So in the notation of Proposition 1,
our Iy, o, 18 y-sparse with y = B < ag — {o, where ¢y = g9/4. Note also that the
moment assumptions made in Theorem 4 correspond to the moment assumptions
made in Proposition 1, with y = . So the conclusion of Proposition 1 applies, and
in particular, we can take @ = 8 + &9/2, since B+ ¢e9/2 € (B +€9/4, B+ ¢€9). U

3.3. About 1/2-sparse matrices. The previous computations are clearly lim-
ited to the case where 8 < 1/2. A natural question is therefore to ask if this limita-
tion is inherent to the problem, or if it is a consequence of the bounds we use in the
mathematical analysis. We now want to highlight the problems that occur in the
case B = 1/2 and show that our result is “sharp”: at the level of generality at which
we are working, (at least some) 1/2-sparse matrices are not estimable consistently
in operator norm by hard thresholding. To show this, we will produce a 1/2-sparse
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matrix that cannot be consistently estimated in operator norm even at the oracle
level. In what follows, we assume that p/n has a finite nonzero limit, /, as n tends
to infinity.

To do so, we consider estimating a matrix A of the following form:

1 a a3 ... ap

o) 1 0 0

Xp= P |
ap—1 0 0 1 0

ap 0O O 1

To simplify the problem, we assume that the data are multivariate Gaussian,
with mean 0, and that we know that the diagonal is composed only of 1’s. We
estimate X, using the sample covariance matrix, putting to 1 the main diagonal,
and using the oracle information to put to 0 all other terms except the first row and
columns. We call & p the corresponding estimator. Note that

0 oy —0y a3 —03 ... Qp—0p
ap — 0 0 0 0
Yp—2p= : : 0
op—1 —0p_1 0 0 0 0
oy, —adp 0 0 0

Using the Schur complement formula for determinants (see, e.g., [16], page 22),
we see that the characteristic polynomial of this matrix is

P
pO) =AP72 (AZ =Y (i - a‘,-)2>,
=2

p
IZ) = Zpll= | D (e — @2
=2

Note that the computation holds for the corresponding adjacency matrix, giving
that ¢, (2k) = trace(Af,k) =2(p— 1)". So this matrix is 1/2-sparse.

Now, since we assume the data are Gaussian, it is clear that A} = || »— Zpll2
has infinitely many moments, using, for instance, Frobenius norm as a bound
on Ap. Also, E(k%) = fzz E((o; — @;)?). The covariance of elements of the sam-
ple covariance matrix is well known in the Wishart case; see, for instance, [2], The-
orem 3.4.4, page 87. In our context, we see that E((¢; —a)H =01 +ozi2)/(n -1 =
v;/(n — 1). In particular,

and therefore

P 2
):P_1+Zi:2ai Zp_

E()2
(A n—1 n—

—1>0.
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We now turn to showing that )L% actually converges in probability to this limit.

A standard result in Gaussian multivariate analysis (see [2], Theorem 3.3.2)
states that we can write &; — o; = (Z’,:;} Zir)/(n — 1), where the Z;’s are i.i.d. and
mean 0. Hence we get that

1
E(@ —a)® —vi/(n—1)%) = mE( >z zkzzk3zk4>.

ki1,k2,k3,kq

In the above sum, the terms that contain an index repeated only once contribute
zero to the expectation. After elementary computations, we see that to first order
this expectation is O(2vi2 /n?). Using the same ideas (see Appendix), we get that,

fori # j,
2 1
E(@ —oi)? —vi/(n — D)(@; — Otj)2 —vj/(n—1)))= O(;a?a? Vv n_3>

Hence we have that

P 9,2 20202 1
N j7i
var(r]) = O(Z n—2’ + Z e v n_3)
i=2 i)
P 2 (& L\
l
—o(y 24 2 (ya) v i
i=2 i=2
Therefore, if, for instance, «; = ﬁ, Var()»%) = O(}fi2 + %) — O and
— 1+ Y0 a?
A3 — P Liz2 0% — 0 in probability,
n
and therefore
-1
A% > pT in probability.

Note that if we had tried to estimate X, using oracle information about the
location of the nonzero coefficient but nothing about the fact the diagonal was
equal to 1, we would have encountered the same problem. As a matter of fact,
if we call M, the diagonal matrix with entries o (i, i), we have from previous
results in the paper (our moment computations and the O-sparsity of this matrix)
that [|M, —Id, |2 — O a.s. Note that because fp had 1’s on its diagonal,

o(l,1) a a3 op
o 0(2,2) O 0
Sp+M,—ld, =] S 0
Up_1 0 0 o(p—-1,p-—1 0
ap 0 0 a(p,p)
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So for the oracle estimator that uses only information about the location of the
nonzero coefficients, we have

~ - p—1
IS5 +(Mp = 1)) =yl = ISy = plla = UMy — 1yl > = s,

This example shows that even using oracle information for estimation of the X,
pointed out above does not lead to an operator norm consistent estimator, in the
presence of this simple 1/2-sparse graph. This suggests that for these graphs, sim-
ple thresholding might not be a good method. It also suggests that the conditions
of our theorems have more to do with the method we propose than with unrefined
mathematical details in its analysis.

3.3.1. Complement on this example. In what follows we investigate in more
details the case where o;; = 1/,/p. One might ask whether, despite the fact that
([P -3 pll2 does not go to zero, E does not have some good characteristics as
an estlmator of ¥, anyway. In what follows we show that for both the eigenvalues
and eigenvectors, this is not the case.

The previous computations essentially show that

= (M (3, —Id))2+p_1 p—1

EX(E, —1d)) = ,
i>2 n—1 P(n_])

so at the level of eigenvalues, the answer is negative. Note that the eigenvectors of
>, —1d, and therefore of X, are known. The ones corresponding to the nonzero

eigenvalues are, calling A = /3>, aiz,

Ay Ay
1 (0%) d 1 —02
uy = . an u_ =
«/E)\,+ : «/7)\,+
ap —Qp

We call 1 the eigenvector corresponding to the positive eigenvalue of by p—1dp.

When a; = 1/,/p, cov(@:,@;) = (li=j + 1/p)/(n — 1) and A, = /(p — D)/ p.

Using the expression above for the eigenvectors, we have
~ N ~ 1 N
2)\,+)\,+ (u+, I/t+> = )\.+)\.+ + — ZO[,‘.
i>2

Now var(3 ;> @) = (p— D(1+1/p)/(n = 1)+ (p— D(p —2)/(p(n — 1)), and
EQQ >, @) = (p —1)//p, from which we conclude that

1
ai | —(1-— —) -0 in probability.
JP (Z ) ( P

i>2
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Since when all @; = 1/,/p,

V&t(Z&f) < 2<var<2(&,~ — ozi)z) + %var(Z&l)),
i>2 i>2 i>2

the above computations show that, since p/n — I, 3:+ — +/1 41 in probability
and therefore, using Slutsky’s lemma, we get that

1 1
(g, ) — —(1 + ) in probability.
+, U+ ) Tr1 p y
So when p/n has a finite nonzero limit, the angle between these two vectors has a
finite nonzero limit (in probability), showing that the eigenvectors are not consis-
tently estimated.

3.4. Discussion. In the following, we call by p our (final) estimator of X,
which is obtained from the standard estimator S,. As above, we denote A, =
¥, —X,, B, =oracle(S,) — X,, where oracle(S)) is the oracle version of S,
and D, =S, — Z,.

3.4.1. Finite-dimensional character and sharpening of the bounds. As is clear
from the proofs, all the bounds we derive are valid at n and p fixed. Essentially,
we get bounds on the probability of deviation of the largest eigenvalue of the ma-
trix A, from 0. These bounds are polynomial in nature since we used Chebyshev’s
inequality and worked with moments.

Note that in particular cases, such as when the entries of the data matrix
are bounded or satisfy certain tail conditions, these bounds can be sharpened
by using (exponential or Gaussian) concentration inequalities for the difference
di,j=06(, j)—o(i, j).If the entries of X are bounded in absolute value by a con-
stant C, in the setting of Theorem 1, Hoeffding’s inequality (see [15]) would, for
instance, give that

P(di j| > 1) = P(16 . j) — o (i, )| > 1) < 2exp(—nt*/(2CY)).

This is a simple consequence of the fact that & (i, j) is a sum of i.i.d. random vari-
ables and their mean is o (i, j). (Of course, a slight adjustment is needed when
dealing with sample covariance matrices, but it does not change the exponen-
tial character of the bounds. We give the argument in the simplest case where
S, = X*X/n, the Gaussian MLE when we know the mean is zero.) Suppose that
the nonzero coefficients of X, are bounded below, in absolute value by C \n /b,
If we call B), the event B, = {at least one mistake is made by the thresholding
procedure}, and if we decide to refine our thresholding to a (log(n))?//n thresh-
old, we see, using a simple union bound, that

P(B,) < 2p*(exp(—(logn)*/(2C*)) + exp(—((logn)* — cin?)*/2ch)).
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Therefore, by adding assumptions to our problem, we are able to get sharper
bounds on the probability of making a mistake by thresholding.

We can also get better bounds on the probability that [|E,[l2 > ¢ and
IIApll2 > . We assume that ¥, is B-sparse and use the corresponding notation.
Of course, the event || E, |2 > ¢ is contained in the event trace(E%k) > 2k which

is contained in the event max |w, (2k)| > g2k /(f k) pl+5(2k—1)) which is con-
tained in the event max |d; ;| > 8/(f(k)1/(2k)p1/2k+/3(1_1/2")). Hence, by using
Hoeffding’s inequality, we get

P(IE,ll2 > &) < 2p*exp(—ne®p~*F pP=D/k 2C* £ (k) !15)).
Finally, using the fact that {[|A,[l2 > ¢} € ({IEpll2 > e} N BIC,) U B, we see that
P(IlAplll2 > &) < P(Bp) + PIEpll2 > &),

for which we just derived bounds. Similar types of bounds can be obtained in the
context of Theorem 2, when, for instance, Hoeffding’s inequality applies.

Though these results are sharper than the ones announced in the theorems above,
they are less general. Because one of our concerns was distributional generality,
we decided to give the theorems in general form with less sharp bounds.

3.4.2. Beyond the bounded p/n assumption. A close look at the proofs of
the theorems and the bounds above reveals that the assumption that p/n remains
bounded can be relaxed. As a matter of fact, our bounds on expected values of
traces are generically of the form O(p¥n~*), and all we require is that this quantity
goes to zero fast enough. If we focus on the oracle version of the theorems, we see
that the bounds are of the form

E(trace(Efjk)) = O(H—kpl+/3(2k—1))‘

If p =0(n"), we see that the exponent in n becomes of the form k(28v — 1) +
v(1 — B). If this quantity is less than —(1 + ¢) for some ¢ > 0 and k = ko, then
we will have a.s. convergence of &, to zero in operator norm. This condition is
satisfied if

k—(1+¢)
v — —
“1+BQk—1)

So in particular, if we are working with random variables with infinitely many
moments, the oracle results will hold almost surely for a 8-sparse matrix when

p=0(n"®P=1)  for some 1 arbitrarily small.

As a matter of fact, all we need to do is pick a finite number k| such that

ki—(+e)
[ETETE R
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and carry out the analysis for E(trace( E%,kl)). k1 exists (and is finite), because
k—(1+¢)
1+B(2k—1)
results will hold, too.
On the other hand, the nonoracle results will be satisfied in the context of The-

orem 1 as soon as

— 1/(2B), as k goes to infinity. If there are only 4k; moments, the

k(1 —200) — (1 +¢)
v < >
2
a constraint much less restrictive than the previous one in general. Finally, we note

that Proposition 1 would apply if, assuming the other constraints were satisfied,
we also had

k—(1+¢)
v ———
“1+y@2k—1)

3.5. Consequences of spectral norm convergence.

3.5.1. Convergence of eigenvalues. We recall some classical facts from ma-
trix analysis. Firstly, if A and B are two symmetric matrices, and if A; is their
ith eigenvalue, where the eigenvalues are sorted in decreasing order, we have, by
Weyl’s theorem (Theorem 4.3.1 in [16])

12i(A) = 2:(B)| < [|A — B]|2.

Because the matrix S, is symmetric, the thresholded version of it is symmetric,
too. Therefore the operator norm convergence we showed implies the following:

FACT 4. When the thresholded estimator S p IS a spectral norm consistent es-
timator of the population covariance or correlation matrix ¥, all the eigenvalues
of X, are consistent estimators of the population eigenvalues.

3.5.2. Convergence of eigenvectors. Perhaps even more interestingly, control-
ling the spectral norm allows us to get very good control on the angles between
the eigenspaces of the population and sample covariance matrix, through the use
of the classical sin(@) theorems of Davis and Kahan ([10], Section 2, and [24],
Section V.3). For the sake of completeness we quote a version of this important
result (Theorem 2 in [10]) and show how to exploit it in our context.

THEOREM 5 [sin(6) theorem]. Suppose ¥, has the spectral resolution

X/ .
() = x1X0) = ding(t. Lo
with (X1X2) an orthogonal matrix, X | being a p x k matrix. Suppose Z isa p x k
matrix with orthogonal columns, and for any Hermitian matrix M of order k, call
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R=1X%,Z—ZM. Suppose the eigenvalues of M are contained in an interval [, B]
and that for some § > 0, the eigenvalues of Ly are contained in R\ [a — &, B + §].
Then for any unitarily invariant norm,

I sin ®[R(X1), R(D)]|| < ”5—”

where O[R(X1), R(Z)] stands for the canonical angles between the column space
of X1 and that of Z, and sin O[R(X1), R(Z)] is the diagonal matrix containing
these angles.

These angles are closely connected to canonical correlation analysis: their
cosines are the canonical correlations for the “data matrices” X and Z.
We therefore have the following corollary to Theorems 2 and 3:

COROLLARY 4 (Consistency of eigenspaces). Suppose %, has a group of
eigenvalues contained in an interval and separated from the other eigenvalues by
& > 0. Call the set of their indices (after, say, ordering them) J. Then the canonical
angles between the column space of the corresponding eigenvectors and the col-
umn space of the eigenvectors of ) p (our thresholding estimator) corresponding
to the eigenvalues of ¥, with index set J goes to zero a.s.

PRrROOF. Call ’):_,- the eigenvalues of b)) .p with index set J. Let M be the di-
agonal matrix with diagonal entries the {A;}. Call L, the set consisting of the
other eigenvalues of X,. Note that the convergence of eigenvalues guarantees that
the {A }jes will as. stay away from Lj, by a distance at least 6, > 0. Call Z;
the eigenvectors corresponding to k and Z the matrix with columns Z; (if some
eigenvalues have multiplicity hlgher than 1, then we pick a set of such eigenvec-
tors). We can write X, = f,, — Ap with [|A, ]2 — 0 a.s. Note that f,,Z =7ZM,
s0 X,Z=72M — A,Z. Therefore R = —A,Z and because || - [|2 is matrix norm
and the columns of Z are orthonormal, || R||2 < [|A 2. Applying Theorem 5 with
these inputs gives the result. [J

3.6. Practical considerations. The theoretical part of this paper essentially
says B-sparse matrices with 8 < 1/2 are asymptotically estimable, in the strong
notion of estimability induced by the spectral norm. However, it does not give
much information about how to choose the thresholding parameter.

In practice, covariance matrices are estimated for a purpose other than simply
estimating them. So in concrete applications, users would most likely be able to
find a penalty function that incorporates a measure of performance of a certain es-
timator and mitigates it with how sparse the corresponding matrix is. Then cross-
validation or resampling techniques might be used to assess the performance of
different estimators and choose the threshold from the data. Note also, that in [7],
Section 5, the authors propose a technique for choosing a banding parameter from
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the data, which is shown empirically to work quite well. Such technique is trans-
ferable in our context, through some fairly straightforward steps.

However, a shortcoming of resampling techniques is their heavy computational
cost. Thresholding methods are appealing because they are easily “parallelizable”
and can be used on very large dimensional datasets. Therefore having an a pri-
ori method that works reasonably well and is not too computationally expensive
is also worthwhile. Of course there is a clear link between thresholding and test-
ing the hypothesis that a certain parameter is 0. As a practical ansatz, one method
that can be tried is the following: get a p-value for the hypothesis o (i, j) = 0 for
all i > j. Such a p-value can be obtained by bootstrap methods and since we are
dealing with means those reduce to a simple z-test. Then perform the Benjamini—
Hochberg procedure (see [5]) for these p-values, using the FDR parameter 1/,/p.
Though the theoretical part of [5] does not apply, we found in the practical ex-
amples we ran (limited to Gaussian simulations and relatively simple population
covariance matrices) that this worked reasonably well. We include some figures
illustrating our simulations (see Appendix A.2). If speed is the most important is-
sue, not using the FDR but testing each entry at level «/,/p seems also to yield
reasonable results.

The issue of positive semidefiniteness. We note that it is possible that our esti-
mators will not be positive definite: thresholding entrywise the sample covariance
or correlation matrix does not guarantee positive definiteness of the resulting esti-
mator. Our theorems, however, say that if the population matrices have a smallest
eigenvalue bounded away from zero (uniformly in p), then asymptotically our es-
timators will yield positive definite matrices (in that case, the theorems also imply
spectral norm consistency of f;l for Z;l). If, in practice, one encounters a non-
positive definite estimator, it is clear that the problem at hand should dictate the
strategy to remedy this flaw. Three general ideas can nevertheless be applied: one
might think of “projecting” the estimator on the cone of positive semidefinite ma-
trices, using semi definite programming and probably a sparseness penalty. The
feasibility of this idea depends of course on the dimensionality of the problem
and it is unlikely to work well (at this point in time) in truly high dimension. An-
other idea would be to do a singular value decomposition of the estimator, which
is possible even in high dimension, since the estimator is by construction sparse,
and hence falls within the reach of several fast algorithms in numerical linear al-
gebra. Then one could keep a smaller rank approximation of E as the final es-
timator, 3 f» by putting, for instance, all the negative elgenvalues of E to zero
[or instead of O a real g(p), with g(p) — 0]. Note that b)) £ can also be shown
to be a consistent estimator of the population covariance, in spectral norm, since
s f = p) pll2 = 0 because the negative eigenvalues of 2 have to converge to
Zero (0therw1se Il Z — X plll2 would not tend to 0). The main drawback of such a
solution to the pos1t1ve deﬁniteness problem is that we may lose the sparsity of the
estimator, a feature that is in general desirable. However, its spectral characteristics
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would be quite easy to obtain, even in high dimension. The third idea would be to
consider for our estlmator in the case where E turns out to not be positive defi-
nite, the matrix ) f= T, — A p(E p)Idp, where k p(E p) is the smal@st eigenvalue
of E Since, as we Just noted |)»,,(E,,)| — 0, we see that || Xy — X[l — 0 and
hence |||E f — 2Zplll2 tends to 0, too. Hence, > £ 1s operator norm consistent. Note
that it is also sparse, because adding a diagonal matrix does not change anything
about the sparsity of our estimator. So this is a sparse positive semidefinite and
operator norm consistent estimator of X .

Robustness issues. Finally, we note that the results of this paper suggest that
acting entrywise on the sample covariance matrix is a way to create good estima-
tors of X,. In particular, when other issues such as robustness or contamination by
heavy-tailed data arise, using (entrywise) more robust estimators than the sample
covariance is likely to give improved results.

4. Conclusion. In this paper we have investigated the theoretical properties of
the idea of thresholding the entries of a sample covariance (or correlation) matrix
to better estimate the population covariance, when it is assumed (or known) to be
sparse. We have shown that the natural notion of sparsity, coming from problems
concerning random vectors, is not appropriate when one is concerned with estimat-
ing matrices and in particular their spectral properties. By contrast, we propose an
alternative notion of sparsity, based on properties of the graph corresponding to
the adjacency matrix of the population covariance. We have shown that our no-
tion of sparsity divides sharply classes of matrices that are estimable through hard
thresholding and those that are not, an appealing property. The notion of sparsity
we propose is invariant under permutation of the order of the variables and hence
is well suited for the analysis of problems where there is no canonical ordering of
the variables. It is also related to the spectral norm of the adjacency matrix of the
population covariance.

We show that S-sparse matrices, with 8 < 1/2, are consistently estimable in
operator (a.k.a. spectral) norm, a strong notion of convergence that implies consis-
tency of all eigenvalues and eigenspaces corresponding to eigenvalues separated
from the rest of the spectrum (see Section 3.5). Practically, the results of simu-
lations are maybe not as striking as one may have hoped for, but lead to great
improvement over the sample covariance (or correlation) matrix.

We also show that certain nonsparse matrices are estimable by sparse matrices
through the thresholding method we analyzed. Numerically, this method has many
advantages in terms of implementation. It is easy to implement, and leads to sparse
matrices, which have the desirable property that their eigenvalues and eigenvectors
can be numerically computed efficiently, even in high dimension. Also, since the
method acts in an entrywise fashion, the corresponding algorithm is easily paral-
lelizable and in general produces results quickly.
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Statistically, our results mean that under the assumption of B-sparsity, 8 < 1/2,
applying the natural practical idea of thresholding the entries of a sparse matrix
leads to good theoretical convergence properties. However, we also show that in
situations that are not inconceivable in practice, that is, 8 > 1/2, this strategy may
sometimes fail to give an estimator as good as what we required. More sophisti-
cated approaches may be needed in these more difficult cases, though, as noted
above, the simple thresholding approach has even then many practical virtues.

APPENDIX

A.1. 1/2-sparse matrices: details of computations. In what follows, we use
the notation N for the quantity n — 1 (so N =n — 1) in an effort to alleviate the
notation. The computations that follow are used in Section 3.3 and the notation are
defined there. Recall that v; =1 + ozi2 and i > 2. We give a detailed explanation of
our estimate of

E((@ —a)* —vi/N)(@; —aj)* —v;/N)).

Clearly, the only thing we need to control is E((&; — o) (@ j—a j)z), since v; /N
and v;/N are the means of (@; — o;)? and @; — aj)z. Note that we can write
@ — ;) = Z,i\':l Zx(i)/N, where the Z;(i)’s are i.i.d. and mean 0. Similarly, we
can write (0; — o) = Z,ICVZI Yx(j)/N. Note that Y;(j) is independent of Z; if k is
different from /. Therefore,

1
E(@ — )’ @; —))*) = 17E (3 21 () Ziu () Vi (1) Yis (1)

In the previous sum if an index appears only once in the product, the expectation is
zero. So only terms where each index appears an even number of times will matter.

We first focus on terms where we have two distinct indices; the contribution of
such terms is

NN =D oo
N (Z1Y5 + 21 ZaY1 Yo + 21 Z2Y2Y0).

We can limit our investigations to the terms with two distinct indices since there
are only N terms of the form Z% le, so their contribution will be asymptotically
negligible. Now, E(ZIZYZZ) = v;v;, by independence and definition. Also, if X is
multivariate Gaussian vector with covariance X,
E(ZI()V1()) = E((X1Xi —a)(X1X; — a))) = EXTXi X} — aia))
=o(l, Do, ) +aiaj +aju; —a;ja;

=i+ 1i=j,
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by using the fact that we are working with Gaussian random variables. Therefore,

ifi#j,
(-3

E(ZIYD) vy

11 )
=< —)[Z(Otiotj) +vivj]+

N2 N3 N3 N2’
1 1 E(Z?Y2) — viv;
2 171
:2(011011) (N2 - N3) N3 - )
(@ioj)? 1
:O< N2 Y F)'

In the case where a;aj = o(l/ﬁ), we see that this term is of order 1/n3.

A.2. Performance of estimator: graphical illustration. The images of this
subsection illustrate the performance of the estimator, assessing visually its vari-
ability and comparing it to the sample covariance matrix. All simulations were
done with Gaussian data; the thresholding was made according to the FDR rule—
in connection with z-tests—with FDR parameter 1/,/p. Our illustrations focus on
the properties of eigenvalues because they are easier to visualize.

All matrices investigated are (symmetric) Toeplitz matrices, because of the ease
with which they can be simulated. We did not randomly permute the “variables”
because this would have had no effect on the performance of the estimator; in par-
ticular, the eigenvalues would be exactly the same. These matrices can be summa-
rized by their first row, which is what we refer to when speaking of “coefficients”
below.

Case of a Toeplitz matrix, with n = p = 500, and coefficients (1,0.3,0.4,
0,...,0). This situation should be fairly easy since the nonzero coefficients
are quite large compared to the variance of & (i, j)’s for those (i, j) for which
o (i, j) = 0. The results are illustrated in Figure 1(a).

Case of a Toeplitz matrix, with n = p = 500, and coefficients (2,0.2,0.3,
0,—-0.4,0,...,0). This situation is a bit harder than the one above a priori, as
the nonzero coefficients are not as large compared to the variance of & (i, j)’s for
those (i, j) for which o (i, j) = 0 as they are in the previous example. The results
are illustrated in Figure 2(a).

Case of a nonsparse Toeplitz matrix, with n = 500, p = 100, and coefficients
{O.Sk},f:_(;. This situation illustrates the approximation of a nonsparse matrix by
a sparse matrix. As seen above, this population covariance can be approximated
in spectral norm by a O-sparse matrix. In these types of situations, it is possible
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Thresholded Matrix: eigenvalues statistics over 1000 repetitions Thresholded Matrix: one realization
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FIG. 1. Case of a Toeplitz (1,0.3,0.4,0, ..., 0) population covariance matrix X, n = p = 500.
The dashed lines correspond to the 0.025 and 0.975 quantiles of the empirical distribution of the kth
eigenvalue, for k = 1 to p. The data were N (0, X ) and the experiment was repeated 1000 times. As
we can see, the estimator is very stable. It does well, especially “far” from the edges of the spectrum.
For this particular Tp, it can be explained by the fact that the nonzero coefficients in the matrix
are easily detectable, when n = 500. The improvement over the sample covariance matrix is quite
dramatic. (a) Variability of estimator and population spectrum: scree plot of population and corre-
sponding confidence bounds for ordered eigenvalues of our estimator. (b) Comparison between scree
plot of our estimator (a.k.a. “Realization”: the continuous line between the two dashed ones) and
that of the sample covariance matrix on one realization, picked at random from our 1000 repetitions.

that thresholding might be a bit “harsh” and “smoother” regularization approaches
might lead to better empirical results. The results are illustrated in Figure 3(a).

A.3. Some linear algebraic results. In the course of our proofs, we need the
following two lemmas, which are also of independent interest.
We first prove the following lemma, which we needed earlier in the paper.

LEMMA A.1. Suppose M is a p x p real symmetric matrix, which is B-sparse.
Call m = max; j [M; j|. Then
Vke2N  [IM]l> < |trace(M®)|VE < mpPU=IOHVE oy lVE,

PROOF. In what follows, k is an even integer. Let y be a closed walk of
length k. Then, w,,, its weight, clearly satisfies, according to Definition 2,

[wy | <mk.

So, since

k
trace(M") = Z Wy,
y€Cy (k)
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Thresholded Matrix: eigenvalues statistics over 1000 repetitions Thresholded Matrix: one realization

- - - 025 quantile - - -.025 quantile
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1
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F1G. 2. Case of a Toeplitz (2,0.2,0.3,0,—-0.4,0,...,0) population covariance matrix Zp,
n = p =500. The dashed lines correspond to the 0.025 and 0.975 quantiles of the empirical dis-
tribution of the kth eigenvalue, for k =1 to p. The data were N (0, Zp) and the experiment was
repeated 1000 times. As we can see, the estimator is very stable. It does capture the support of the
spectrum fairly accurately, but is not as good in capturing the fine details of the bulk. For this par-
ticular X p, there is (compared to the previous example of Figure 1) a certain lack of accuracy when
estimating the adjacency matrix Ap of Xp, when n = 500. The improvement over the sample co-
variance matrix is quite dramatic. (a) Variability of estimator and population spectrum: scree plot
of population and corresponding confidence bounds for ordered eigenvalues of our estimator. (b)
Comparison between scree plot of our estimator (a.k.a. “Realization”: the continuous line between
the two dashed ones) and that of the sample covariance matrix on one realization, picked at random
from our 1000 repetitions.

we clearly have
| trace(M¥)| < m*¢, (k).
Since we assume that M is B-sparse,

|trace(M¥)| < f (k) pPE—DH1pk, O
We now turn to another result we needed in the course of our proofs.

LEMMA A.2. Suppose that A and B are two real symmetric p X p matrices,
with |A(i, j)| < B(i, j). Then,

A2 < lIBll2.

PROOF. Recall that, in the notation of Definition 2,

trace(AF) = > wy,(A).
y€Cp (k)
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Thresholded Matrix: eigenvalues statistics over 1000 repetitions Thresholded Matrix: one realization
22 3

- - - 025 quantile - - -.025 quantile
- - -.975 quantile - = =975 quantile
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—— Sample covariance matrix
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F1G. 3. Case of a Toeplitz {0.3]‘}][;:_5 population covariance matrix %p, n = 500, p = 100. The
dashed lines correspond to the 0.025 and 0.975 quantiles of the empirical distribution of the kth
eigenvalue, for k =1 to p. The data were N (0, X p) and the experiment was repeated 1000 times. As
we can see, the estimator is very stable. The problem is harder for the thresholding technique than the
one illustrated in Figure 1, and it is possible that less “harsh” regularizations might perform slightly
better. The improvement over the sample covariance matrix is still quite dramatic. (a) Variability of
estimator and population spectrum: scree plot of population and corresponding confidence bounds
for ordered eigenvalues of our estimator. (b) Comparison between scree plot of our estimator (a.k.a.
“Realization”: the continuous line between the two dashed ones) and that of the sample covariance
matrix on one realization, picked at random.

Now, we clearly have, if y is the walk ij — iy — -+ — iy — k41 =11,
lwy, (A)] = |AG1,i2) -+ - Ak, ik41)]
< [AG1, )] |Ak, ik41)]
< B(i1,12) - B(ix, ik+1) = wy (B).
So, if |A|Hag is the matrix with (i, j) entry |A(i, j)|, we have
| trace(AX)| < trace(|A|N,) < trace(BY).

For real symmetric matrices, we have [|A]|2 = limy_ oo [trace(AZ6) 1Y/ 0 | and
therefore we can conclude that

IAll2 < lllAlHaall2 < I B2 O
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