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Abstract

In this paper, we consider the Group Lasso estimator of the covariance matrix of a
stochastic process corrupted by an additive noise. We propose to estimate the covariance
matrix in a high-dimensional setting under the assumption that the process has a sparse
representation in a large dictionary of basis functions. Using a matrix regression model,
we propose a new methodology for high-dimensional covariance matrix estimation based
on empirical contrast regularization by a group Lasso penalty. Using such a penalty, the
method selects a sparse set of basis functions in the dictionary used to approximate the
process, leading to an approximation of the covariance matrix into a low dimensional space.
Consistency of the estimator is studied in Frobenius and operator norms and an application
to sparse PCA is proposed.
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1 Introduction

Let T be some subset of R?, p € N, and let X = (X (t)),cr be a stochastic process with
values in R. Assume that X has zero mean E (X (¢)) = 0 for all t € T, and finite covariance
o(s,t) =E(X (s) X (t)) for all s,t € T. Let ty,...,t, be fixed points in T (deterministic design),
X1, ..., Xy independent copies of the process X, and suppose that we observe the noisy processes

X; (tj) = X; (tj) + &; (tj) fori=1,..,N, j=1,...,n, (1.1)



where &1, ...,En are independent copies of a second order Gaussian process £ with zero mean
and independent of X, which represent an additive source of noise in the measurements. Based
on the noisy observations (1.1), an important problem in statistics is to construct an estimator
of the covariance matrix X = E (XXT) of the process X at the design points, where X =
(X (t1),..., X (t,))". This problem is a fundamental issue in many applications, ranging from
geostatistics, financial series or epidemiology for instance (see [Stein, 1999], [Journel, 1977] or
[Cressie, 1993, Wikle and Cressie, 1999] for general references and applications). Estimating
such a covariance matrix has also important applications in dimension reduction by principal
component analysis (PCA) or classification by linear or quadratic discriminant analysis (LDA
and QDA).

In [Bigot et al., 2010}, using N independent copies of the process X, we have proposed to
construct an estimator of the covariance matrix 3 by expanding the process X into a dictionary
of basis functions. The method in [Bigot et al., 2010] is based on model selection techniques
by empirical contrast minimization in a suitable matrix regression model. This new approach
to covariance estimation is well adapted to the case of low-dimensional covariance estimation
when the number of replicates IV of the process is larger than the number of observations points
n. However, many application areas are currently dealing with the problem of estimating a
covariance matrix when the number of observations at hand is small when compared to the
number of parameters to estimate. Examples include biomedical imaging, proteomic/genomic
data, signal processing in neurosciences and many others. This issue corresponds to the problem
of covariance estimation for high-dimensional data. This problem is challenging since, in a high-
dimensional setting (when n >> N or n ~ N), it is well known that the sample covariance
matrices
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behave poorly, and are not consistent estimators of 3. For example, suppose that the X;’s are
independent and identically distributed (i.i.d.) random vectors in R drawn from a multivariate
Gaussian distribution. Then, when & — ¢ > 0 as n, N — +00, neither the eigenvalues nor the
eigenvectors of the sample covariance matrix S are consistent estimators of the eigenvalues and
eigenvectors of 3 (see [Johnstone, 2001]). This topic has thus recently received a lot of atten-
tion in the statistical literature. To achieve consistency, recently developed methods for high-
dimensional covariance estimation impose sparsity restrictions on the matrix 3. Such restrictions
imply that the true (but unknown) dimension of the model is much lower than the number w
of parameters of an unconstrained covariance matrix. Under various sparsity assumptions, dif-
ferent regularizing methods of the empirical covariance matrix have been proposed. Estimators
based on thresholding or banding the entries of the empirical covariance matrix have been studied
in [Bickel and Levina, 2008a] and [Bickel and Levina, 2008b]. Thresholding the components of
the empirical covariance matrix has also been proposed by [El Karoui, 2008] and the consistency



of such estimates is studied using tools from random matrix theory. [Fan et al., 2008] impose
sparsity on the covariance via a factor model which is appropriate in financial applications.
[Levina et al., 2008] and [Rothman et al., 2008] propose regularization techniques with a Lasso
penalty to estimate the covariance matrix or its inverse. More general penalties have been stud-
ied in [Lam and Fan, 2009]. Another approach is to impose sparsity on the eigenvectors of the
covariance matrix which leads to sparse PCA. [Zou et al., 2006] use a Lasso penalty to achieve
sparse representation in PCA, [d’Aspremont et al., 2008] study properties of sparse principal
components by convex programming, while [Johnstone and Lu, 2009] propose a PCA regular-
ization by expanding the empirical eigenvectors in a sparse basis and then apply a thresholding
step.

In this paper, we propose to estimate 3 in a high-dimensional setting by using the assumption
that the process X has a sparse representation in a large dictionary of basis functions. Using
a matrix regression model as in [Bigot et al., 2010], we propose a new methodology for high-
dimensional covariance matrix estimation based on empirical contrast regularization by a group
Lasso penalty. Using such a penalty, the method selects a sparse set of basis functions in the
dictionary used to approximate the process X. This leads to an approximation of the covariance
matrix 3 into a low dimensional space, and thus to a new method of dimension reduction for
high-dimensional data. Group Lasso estimators have been studied in the standard linear model
and in multiple kernel learning to impose a group-sparsity structure on the parameters to recover
(see [Nardi and Rinaldo, 2008], [Bach, 2008] and references therein). However, to the best of
our knowledge, it has not been used for the estimation of covariance matrices using a functional
approximation of the process X.

The rest of the paper is organized as follows. In Section 2, we describe a matrix regression
model for covariance estimation, and we define our estimator by group Lasso regularization. The
consistency of such a procedure is investigated in Section 3 using oracle inequalities and a non-
asymptotic point of view by holding fixed the number of replicates N and observation points n.
Consistency of the estimator is studied in Frobenius and operator norms. Various results existing
in matrix theory show that convergence in operator norm implies convergence of the eigenvec-
tors and eigenvalues (e.g. through the use of the sin(#) theorems in [Davis and Kahan, 1970]).
Consistency in operator norm is thus well suited for PCA applications. Numerical experiments
are given in Section 4, and an application to sparse PCA is proposed. A technical Appendix
contains all the proofs.

2 Model and definition of the estimator

To impose sparsity restrictions on the covariance matrix 3, our approach is based on an
approximation of the process in a finite dictionary of (not necessarily orthogonal) basis functions
gm : T — R form=1,..., M. Suppose that

M
X (t) ~ Z amdm (t)7 (2'1)
m=1



where a,,, m = 1,..., M are real valued random variables, and that for each trajectory X;

M
ti) ~ Z @im9m (t5) . (2.2)
m=1

The notation ~ means that the process X can be well approximated into the dictionary. A
precise meaning of this will be discussed later on. Then (2.2) can be written in matrix notation
as:

X; =~ Gai, 1= 1, ,N (23)

where G is the n x M matrix with entries
Gjm =0m(tj) for 1 <j<mnand1l<m <M,

and a; is the M x 1 random vector of components a; ,,, with 1 <m < M.
Recall that we want to estimate the covariance matrix 3 = E (XXT) from the noisy obser-
vations (1.1). Since X ~ Ga with a = (am,);<,,«<); With ap, as in (2.1), it follows that

~E (Ga(Ga)T> —E (GaaTGT) = GU'G' with ¥* = E (aaT) .

Given the noisy observations }NCZ as in (1.1) with ¢ = 1,..., N, consider the following matrix
regression model

XX/ =2 +U;+W,;i=1,...,N, (2.4)

where U; = XZXZT — X are i.i.d centered matrix errors, and
W; = &E&T € RV where & = (& (t1) .., & (tn)) ,i=1,...,N.

The size M of the dictionary can be very large, but it is expected that the process X has a sparse
expansion in this basis, meaning that, in approximation (2.1), many of the random coefficients
am are close to zero. We are interested in obtaining an estimate of the covariance 3 in the
form £ = GUG T such that ¥ is a symmetric M x M matrix with many zero rows (and so, by
symmetry, many corresponding zero columns). Note that setting the k-th row of Uto0c RM
means to remove the function g; from the set of basis functions (¢m);<,,<; in the function
expansion associated to G. -

Let us now explain how to select a sparse set of rows/columns in the matrix U. For this, we
use a group Lasso approach to threshold some rows/columns of ¥ which corresponds to removing
some basis functions in the approximation of the process X. For two p X p matrices A, B define
the inner product (A, B)  := tr (AT B) and the associated Frobenius norm ||A |3 := tr (ATA).
Let Sy denote the set of M x M symmetric matrices with real entries. We define the group
Lasso estimator of the covariance matrix 3 by

3= G‘/I\’)\GT S Rnxn’ (2.5)
where U » is the solution of the following optimization problem:

N M M
~ 1 -~ 2
¥, = argmin { — E HXZX;r — G\IIGTH +2) E E 2 , 2.6

A \IlgESM N i=1 F fo— o m ( )



where ¥ = (\Ilmk)1<m,k<M e RMXM ) is a positive number and v, are some weights whose
values will be discuss later on. In (2.6), the penalty term imposes to give preference to solutions
with components W, = 0, where (W), .-, denotes the columns of W. Recall that S =

N . -

% 3 X; X/ denotes the sample covariance matrix from the noisy observations (1.1). It can be
i=1

checked that minimizing the criterion (2.6) is equivalent to

M M
~ ~ 2
W, = argmin HS — G\IIGTH +220) v v2 . 2.7
Thus ¥ x € RMXM can be interpreted as a group Lasso estimator of ¥ in the following matrix
regression model N

S=S+U+WxGU'G ' +U+W, (2.8)

N

where U € R"™" is a centered error matrix given by U = + SN, U; and W = + > W, In
i=1

the above regression model (2.8), there are two errors terms of a different nature. The term W

corresponds to the additive Gaussian errors &1, ..., En in model (1.1), while the term U =S - %
represents the difference between the (unobserved) sample covariance matrix S and the matrix
3’ that we want to estimate.

This approach can be interpreted as a thresholding procedure of the entries of an empir-
ical matrix. To see this, consider the simple case where M = n and the basis functions and
observations points are chosen such that the matrix G is orthogonal. Let Y = GTSG be
a transformation of the empirical covariance matrix S. In the orthogonal case, the following
proposition shows that the group Lasso estimator T A defined by (2.7) consists in thresholding
the columns/rows of Y whose fo-norm is too small, and in multiplying the other columns/rows
by weights between 0 and 1. Hence, the group Lasso estimate (2.7) can be interpreted as
covariance estimation by soft-thresholding the columns/rows of Y.

Proposition 1 Suppose that M =n and that G'G =1, where I, denotes the identity matriz
of sizen xn. Let Y = G'SG. Then, the group Lasso estimator Wy defined by (2.7) is the
n X n symmetric matriz whose entries are given by

(5, 0 if XL Y2 < Mg,
v, = (2.9)
mk Y,, 1M ; M 2 A

’f( M) IV Y A

for1 <k,m< M.

3 Consistency of the group Lasso estimator

3.1 Notations and main assumptions

Let us begin by some definitions. For a symmetric p X p matrix A with real entries, pin(A)
denotes the smallest eigenvalue of A, and py,..(A) denotes the largest eigenvalue of A. For



B € RY, ||5]l¢, denotes the usual Euclidean norm of §. For p x ¢ matrix A with real entries,

A . . .
|All2 = supgera, g0 % denotes the operator norm of A. Recall that if A is a non negative

definite matrix with p = ¢ then ||All2 = pmaz (A).

Let ¥ € Sy and B a vector in RM. For a subset J C {1,..., M} of indices of cardinality
|.J], then (3 is the vector in RM that has the same coordinates as 3 on J and zeros coordinates
on the complement J¢ of J. The n X |J| matrix obtained by removing the columns of G whose
indices are not in J is denoted by G ;. The sparsity of ¥ is defined as its number of non-zero
columns (and thus by symmetry non-zero rows) namely

Definition 1 For W € Sy, the sparsity of W is
M () = #{k: ¥, #0}.

Then, let us introduce the following quantities that control the minimal eigenvalues of sub-
matrices of small size extracted from the matrix G ' G, and the correlations between the columns
of G:

Definition 2 Let 0 < s < M. Then,

TaT
G G
Pmin(8) = inf (M) = inf Prmin (G}—GJ) :
Jc{l,...,M} 18.11Z, Jc{l,...,M}
|J] <'s ]| <'s
Definition 3 The mutual coherence 8(G) of the columns Gy, k=1,..., M of G is defined as

9(G) == max{‘G;r,Gk

Ry 1§k,k’§M},

and let
Gl =max{|Ggll7,, 1<k < M}.
To derive oracle inequalities showing the consistency of the group Lasso estimator \i’A the
correlations between the columns of G (measured by 6(G)) should not be too large when com-
pared to the minimal eigenvalues of small matrices extracted from G "G, which is formulated

in the following assumption:
Assumption 1 Let cg > 0 be some constant and 0 < s < M. Then

pmin(3)2
b(G) < cOpmax(GTG)S.

Assumption 1 is inspired by recent results in [Bickel et al., 2009] on the consistency of Lasso
estimators in the standard nonparametric regression model using a large dictionary of basis
functions. In [Bickel et al., 2009], a general condition called restricted eigenvalue assumption is
introduced to control the minimal eigenvalues of the Gram matrix associated to the dictionary
over sets of sparse vectors. In the setting of nonparametric regression, a condition similar to



Assumption 1 is given in [Bickel et al., 2009] as an example for which the restricted eigenvalue
assumption holds.

Let us give some examples for which Assumption 1 is satisfied. If M < n and the design
points are chosen such that the columns of the matrix G are orthonormal vectors in R”, then
for any 0 < s < M one has that pmin(s) = 1 and (G) = 0 and thus Assumption 1 holds for any
value of ¢y and s.

Now, suppose that the columns of G are normalized to one, i.e |Gglle, =1, k=1,..., M
implying that Gax = 1. Let 8 € RM. Then, for any J C {1,..., M} with |J| < s < min(n, M)

B1GTGB; > |1BsI7, — 0(G)s|B,II7,,

which implies that
Pmin(s) > 1—0(G)s.

Therefore, if (1 — 0(G)(s — 1))? > cof(G)pmax(G " G)s, then Assumption 1 is satisfied.

Let us now specify the law of the stochastic process X. For this, recall that for a real-valued
random variable Z, the v, Orlicz norm of Z is

1 Z]| e = inf{C> 0; Eexp (%L > < 2}.

Such Orlicz norms are useful to characterize the tail behavior of random variables. Indeed, if
| Z||p,, < 400 then this is equivalent to assuming that there exists two constants K, Ko > 0
such that for all x > 0

xO{
P(|Z] > z) < Kyexp <_KO‘> ,
2

(see e.g. [Mendelson and Pajor, 2006] for more details on Orlicz norms of random variables) .
Therefore, if || Z]|y, < +0o then Z is said to have a sub-Gaussian behavior and if ||Z]],, < 400

then Z is said to have a sub-Exponential behavior. In the next sections, oracle inequalities for
the group Lasso estimator will be derived under the following assumption on X:

Assumption 2 The random vector X = (X (t1),..., X (tn))" € R" is such that

(A1) There exists p(X) > 0 such that, for all vector € R™ with ||Blls, = 1, then
EXTEHY < p(2).

(A2) Set Z = ||X]||s,. There exists o« > 1 such that || Z||y, < +o0.

Note that (A1) implies that |2z < p (2)?. Indeed, one has that

122 = pmax(E) = sup  A'Ef=  sup EB'XX'B
BEan Ilﬁllfgzl BEan ”BllZQ:l
= sup  E[BTXP<  sup  (/EIBTX[ <P (D).
BEan Ilﬁllfgzl Bean ”BllZQ:l



When X is a Gaussian process, it follows that for any 5 € R™ with ||3|ls, = 1 then
(IE|XTﬁ|4)1/4 = 3l/4 (BTEﬁ)l/Q since X' ~ N(0,3723). Therefore, under the assumption
that X is a Gaussian process, Assumption (A1) holds with p (X) = 31/4||2||§/2.

Assumption (A2) requires that || Z]|y, < +oo, where Z = ||X]||¢,. The following proposition
provides some examples where such an assumption holds.

Proposition 2 Let Z = ||X||s,, = (30 |X(ti)|2)1/2. Then

- If X is a Gaussian process

1Z]ly, < V/8/3V/tr(E).

- If the random process X is such that || Z|y, < +00, and there exists a constant Cy such that
IS5 21X (t) gy < Cy for alli=1,...,n, then

1Z]ly, < C1v/tr(Z).

- If X is a bounded process, meaning that there exists a constant R > 0 such that for allt € T,
| X (t)] <R, then for any a > 1,

14, < VnR(log2)~1/*.
Assumption 2 will be used to control the deviation in operator norm between the sample

covariance matrix S and the true covariance matrix X in the sense of the following proposition
whose proof follows from Theorem 2.1 in [Mendelson and Pajor, 2006].

Proposition 3 Let X, ..., Xn be independent copies of the stochastic process X, let Z = ||X]||¢,
N

and X; = (X;(t1), ... Xi (tn))" for i = 1,...,N. Recall that S = + XX and ¥ =
i=1

E (XXT) Suppose that X satisfies Assumption 2. Let d = min(n,N). Then, there exists

a universal constant 0, > 0 such that for all x > 0

]P’(HS—EH2 ZTd’Nm{E) < exp <—(5*_1x)2+%) , (3.1)
where TN p = maX(A?Vyn, By ), with

1/ 2
v/log d%]v) and BN,n _ p\/(;) + ||2||;/2AN,n

Let us briefly comment Proposition 3 in some specific cases. If X is Gaussian, then Propo-
sition 2 implies that Ay, < Ay 1, where

AN7n,1 = \/%vtr(ﬁl) logd

Ann = 1Z]lya

o 1/ n
E;J_\ng) S\/%HEHQ/Z\/;\/@(I%NW“, (3.2)



and in this case inequality (3.1) becomes
(HS ZH max (Aan,Ban) ) < exp (—(5;11‘)2%@) (3.3)

for all > 0, where By 1 = p\/@ + HzHl/zANm,l-

If X is a bounded process by some constant R > 0 , then using Proposition 2 and by letting
o — +oo, Proposition 3 implies that for all z > 0,

(HS ZH max (ANnQ,BNng) ) < exp (—5*_1:/5) , (3.4)
where )
ANpa = R\/E Viogd and By g ="~ (2) Y2 AN s (3.5)

VN

Contrary to the low-dimensional case (n << N), in a high-dimensional setting when n >> N
or when n and NV are of the same magnitude (5 — ¢ > 0 as n, N — +00), inequalities (3.3) and

(3.4) cannot be used to conclude that the norm HS - ZH concentrates around zero. Actually,

it is well known that the sample covariance S is a bad estimator of 3 in a high-dimensional
setting, and that without any further restriction on the structure of the covariance matrix 3,
then S cannot be a consistent estimator. However, we would like to point out that Proposition 3
relates the quality of S to the “true dimensionality” of the vector X = (X (t1),..., X (t,)) € R™
that is measured by the quantity ||Z||,, with Z = || X||¢,. Indeed, if X is a low-dimensional
Gaussian process such that ¢r(X) = 1 then Proposition 3 and inequality (3.2) imply that

P (s~ 2“ > max (4%, By) «) < exp (—(07'2)?) (3.6)

for all 2 > 0, where Ay = /8/3Y1% \}ONgN) and By = \F ) 4 HEHl/QAN. Hence, inequality

(3.6) shows that, under an assumptlon of low-dimensionality of the process X, the deviation in
operator norm between S and 3 depends on the ratio % and not on 4, and thus the quality of
S as an estimator of 3 is much better in such settings.

More generally, another assumption of low-dimensionality for the process X is to suppose
that it has a sparse representation in a dictionary of basis functions, which may also improve
the quality of S as an estimator of ¥. To see this, consider the simplest case X = X°, where
the process X© has a sparse representation in the basis (gm)1<m<m given by

= Z amgm(t), t € T, (3.7)

meJ*

where J* C {1,..., M} is a subset of indices of cardinality |J*| = s, and a,,, m € J* are random
coefficients (possibly correlated). Under such an assumption, the following proposition holds.

Proposition 4 Suppose that X = X° with X° defined by (3.7) with s, < min(n, M). Assume
that X satisfies Assumption 2 and that the matrix G}*GJ* 1s invertible, where G j+ denotes the



n X |J*| matriz obtained by removing the columns of G whose indices are not in J*. Then, there
exists a universal constant 0, > 0 such that for all z > 0,

P (|- =], > Awas) <exp (<6175 69)
where Ty s, = max(A?V#*,BN’S*)} with

VIog d* (log N/
VN ’

1/2
BNS _ Pmax (G:]F*GJ*) p2 (2) + Pmax (G:]F*GJ*) ||2||1/2 Ad* .
o Pmin (G:]r* GJ*) \/N Pmin (G:]r* GJ*) o

with d* = min(N, s,) and Z = ||aj«|s,, where aj = (G}.G ) "'GJ. X € R**.

Ay, = 2 (GG ) 120,

= Prax

and

Using Proposition 2 and Proposition 4 it follows that

- If X = XY is a Gaussian process then

QT
Ay e S \/7 (pmax( GJ

Pmin (G:]r* G

)> yzu”%/ * /log d* (log N)'/® (3.9)
- If X = X0 is such that the random variables a,, are bounded by for some constant R > 0,

then
~ 3*
ANs. < Bllgllocy/ 3 Vog d* (3.10)

with [|g]lec = maxi<m<ar [|gmlloc Where [[gmlloo = supter [gm (2)]-

Therefore, let us compare the bounds (3.9) and (3.10) with the inequalities (3.2) and (3.5).
It follows that, in the case X = X0, if the sparsity s, of X in the dictionary is small compared
to the number of time points n then the deviation between S and X is much smaller than in the
general case without any assumption on the structure of 3. Obviously, the gain also depends on
pmax (G 1. G g+ )
pmin(G = Ge ) |
and GTG =1,,) then prax (G;*GJ*) = Pmin (G}—*G‘J*) = 1 for any J*, and thus the gain in
operator norm between S and X clearly depends on the size of % compared to 5. Supposing
that X = X© also implies that the operator norm of the error term U in the matrix regression
model (2.8) is controlled by the ratio % instead of the ratio § when no assumptions are made
on the structure of ¥. This means that if X has a sparse representation in the dictionary then

the error term U becomes smaller.

the control of the ratio Note that in the case of an orthonormal design (M =n

10



3.2 An oracle inequality for the Frobenius norm

Consistency is first studied for the normalized Frobenius norm % HAH% for an n x n matrix

A. The following theorem provides an oracle inequality for the group Lasso estimator > A=
GP,G'.

Theorem 1 Assume that X satisfies Assumption 2. Let e > 0 and 1 < s < min(n, M). Suppose
that Assumption 1 holds with co = 3 + 4/¢, and that the covariance matriz Ynoise = E(Wq) of
the noise is positive-definite. Consider the group Lasso estimator Xy defined by (2.5) with the

choices
Yk = 2/|Gkle 1/ Pmax (GG T),
20 log M ?
A = || Znoisell2 (1 +4/ % +14/ ng) for some constant § > 1.

Then, with probability at least 1 — M~ one has that

and

1< 2 , 1 SNTEE )
—HZJA—EH < (14+¢  inf —HG\I'G —EH + 28 - 2% (3.11)
M((P) <s

4
G2, pmax(GTG) 9 /n [26log M\ M(P)
= 23noise 1 T )
+C(€) /ﬂ‘/g’co H H2 + N + N n

where K2, = pumin(5)? — 00 (G) pmax (G ' G)s, and C(e) = 8o (1+ 2/€)2.

$,€0

The first term HG\I’G—r - EH?, in inequality (3.11) is the bias of the estimator Sy It
reflects the quality of the approximation of 3 by the set of matrices of the form G®G ', with
¥ € Sj; and M (¥) < 5. As an example, suppose that X = X° where the process X° has a
sparse representation in the basis (¢ )1<m<nm given by

Xo(t) = Z amgm(t)v teT,

meJ*

where J* C {1,..., M} is a subset of indices of cardinality |J*| = s, < s and a,,,m € J* are
random coefficients. Then, in this case, since s, < s the bias term in (3.11) is equal to zero.

The second term % IS — EH% in (3.11) is a variance term as the empirical covariance matrix
S is an unbiased estimator of . Using the inequality £ |A||% < ||A|j3 that holds for any n x n
matrix A, it follows that  ||S — ¥||% < ||S — =||3. Therefore, under the assumption that X has
a sparse representation in the dictionary (e.g. when X = X as above) then the variance term
s - 3|5 is controlled by the ratio % < & (see Proposition 4) instead of the ratio 3 without
any assumption on the structure of 3.

The third term in (3.11) is also a variance term due to the noise in the measurements (1.1).
If there exists a constant ¢ > 0 independent of n and N such that § < c then the decay of this
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third variance term is essentially controlled by the ratio % < 2. Therefore, if M (¥) < s
with sparsity s much smaller than n then the variance of the group Lasso estimator > » is smaller
than the variance of S. This shows some of the improvements achieved by regularization (2.7)
of the empirical covariance matrix S with a group Lasso penalty.

An important assumption of Theorem 1 is that the covariance matrix of the noise X,,pise =
E (W3) is positive definite. This restriction is clearly necessary as illustrated by the following
example: suppose that the contaminating process € (t) = (g1(t) with ¢ ~ N(0,0%), implying
that X,.0isc = U%glng with g1 = (g1(t1),...,91(t,))" has n — 1 eigenvalues equal to zero.
Now, suppose that X (t) = agge(t) with ay ~ N(0,03). If o7 > o9 then the group LASSO
regularization alone cannot get rid of the additive error term without eliminating first the right
component go. Hence, in such settings, group LASSO regularization does not yield to a consistent
estimation of ¥ = o2gog] with go = (ga(t1),...,92(tx))".

3.3 An oracle inequality for the operator norm
~ 2
The “normalized” Frobenius norm %HZ])\ — EHF, i.e the average of the eigenvalues of
~ 2 ~ 2
<2 \— 2) , can be viewed as a reasonable proxy for the operator norm HE \— 2”2 (maxi-

~ 2
mum eigenvalue of <2 A — 2) ). It is thus expected that the results of Theorem 1 imply that

the group Lasso estimator > » 1s a good estimator of X in operator norm. Let us recall that
controlling the operator norm enables to study the convergence of the eigenvectors and eigen-
values of 3 » by controlling of the angles between the eigenspaces of a population and a sample
covariance matrix through the use of the sin(f) theorems in [Davis and Kahan, 1970].
Now, let us consider the case where X consists in noisy observations of the process X (3.7)
meaning that B
X(t;)=Xt)+EWR), j=1,...,n, (3.12)
where £ is a second order Gaussian process € with zero mean and independent of X°. In this

case, one has that
> =GU*G', where ¥* =K (aaT> ,

where a is the random vector of RM with a,, = a,, for m € J* and a,, = 0 for m ¢ J*.
Therefore, using Theorem 1 by replacing s by s* = [J*|, since ¥* € {¥ € Sjr: M (¥) < s,},
one can derive the following corrollary:

Corollary 1 Suppose that the observations )N(i(tj) withi=1,.... N and j = 1,...,n are i.i.d
random variables from model (3.12) and that the conditions of Theorem 1 are satisfied with
1 < s=s, <min(n, M). Then, with probability at least 1 — M'~° one has that

110~ 2
E HEA - EHF S CO (n7 M7 N7 Sxy S7‘I’*7 G7 Enoise) ) (313)
where
2 G2 max GTG *
Co (1, M, N, 51, S,%*, G, Spoise) = (1+¢) (i Hs _ G\II*GTHF +C(e) maX‘;Q ( ))\22> .
Sx,C0

12



To simplify notations, write U = \il,\, with ¥, given by (2.7). Define N {1,...,M} as

s s Ok g _ Gkl
= J.= k:—Hsz M, N, 5., S, %", G, Spoise) b, with 6, = 12kl 39y
Ih=J { \/ﬁ k t > (n S )} w1 G (3.14)
and C1 (n, M, N, s,,S,¥* G, X,pisc) = C1 with
1 4(1 \/S4
Cy = max (fymaxn_l/2 te HS GUo* GTHF;(E,—:ES\/C (n, M,N,s.,S,¥* G Enmse)>
S4,C0
(3.15)

with Ymax = 2GmaxV/Pmax(GTG). The set of indices J is an estimation of the set of active
basis functions J*. Note that such thresholding procedure (3.14) does not lead immediately to
a practical way to choose the set J. Indeed the constant C in (3.14) depends on the a priori
unknown sparsity s, and on the amplitude of the noise in the matrix regression model (2.8)
measured by the quantities HS G\II*GTH 5 and | Znoisell3- Nevertheless, in Section 4 on
numerical experiments we glve a simple procedure to automatically threshold the fo-norm of the
columns of the matrix ¥, that are two small.

Note that to estimate J* we did not simply take J=Jy:= {k : Hi%

, # O}, but rather
2

apply a thresholding step to discard the columns of U whose fo-norm are too small. By doing
so, we want to stress the fact that to obtain a consistent procedure with respect to the operator
norm it is not sufficient to simply take J = Jo. A similar thresholding step is proposed in
[Lounici, 2008] and [Lounici et al., 2009] in the standard linear model to select a sparse set
of active variables when using regularization by a Lasso or group-Lasso penalty. In the paper
([Lounici, 2008]), the second thresholding step used to estimate the true sparsity pattern depends
on a unknown constant that is related to the amplitude of the unknown coefficients to estimate.
Then, the following theorem holds.

Theorem 2 Under the assumptions of Corollary 1, for any solution of problem (2.7), we have
that with probability at least 1 — M9,

Ok ||g . .
s | % - ]|, < O M5 S8 G S (3.16)

If in addition

ig}n\r 1P%ll,, > 2C1 (n, M, N, 5., 8,9, G, Zpoise) (3.17)

then with the same probability the set of indices J defined by (3.14), estimates correctly the true
set of active basis functions J*, that is J = J* with probability at least 1 — M=,

The results of Theorem 2 indicate that if the fo-norm of the columns of ¥; for £ € J*
are sufficiently large with respect to the level of noise in the matrix regression model (2.8)
and the sparsity s, then J is a consistent estimation of the active set of variables. Indeed, if
M (¥*) = s,, then by symmetry the columns of ¥* such ¥} # 0 have exactly s, non-zero
entries. Hence, the condition (3.17) means that the fo-norm of ¥; # 0 (normalized by %) has
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to be larger than M,/s*\/Co. A simple condition to satisfy such an assumption is that the
Sx,CQ

ER.

amplitude of the s, non-vanishing entries of ¥} # 0 are larger than ﬂw\/&) which can be

6k ERS*yco
interpreted as a kind of measure of the noise in model (2.8). This suggests to take as a final
estimator of X the following matrix:

Y;=G;¥;G; (3.18)
where G ; denotes the n x \j | matrix obtained by removing the columns of G whose indices are
not in J , and

~ ~ 2
\IlA:argmin{HS—GA\IIGTH },
d ‘I’ES‘J" J J F

where S 5 denotes the set of |J| x |.J| symmetric matrices. Note that if G}G 7 is invertible, then
~ -1~ -1
_ (T T T
¥, - (GjG;) GJSG;(G]G))
Let us recall that if the observations are i.i.d random variables from model (3.12) then
> =GU¥G',

where ¥* = |E (aaT), and a is the random vector of RM with a,,, = a,, for m € J* and a,,, = 0

for m ¢ J*. Then, define the random vector aj+ € R’" whose coordinates are the random

coefficients a,, for m € J*. Let W = E (aJ»«a}*) and denote by G+ the n x |J*| matrix

obtained by removing the columns of G whose indices are not in J*. Note that 3 = G 7= W j« G}*.
Assuming that G}—*G g+ is invertible, define the matrix

1
S =2+ Gr(GLG ) G D e Gy <G}*G J*) Gl.. (3.19)

Then, the following theorem gives a control of deviation between > j and X7« in operator norm.

Theorem 3 Suppose that the observations are i.i.d random wvariables from model (3.12) and
that the conditions of Theorem 1 are satisfied with 1 < s = s, < min(n,M). Suppose that
G}—*GJ* 1 an invertible matriz, and that

]?el{]ri% H‘I’ka2 > 2C1 (n7 M7 N7 S*) S)‘Il 7G7 2n0286)7

where Cp (n, M, N, s.,S,¥* G, X, 4isc) is the constant defined in (3.15). Let Y =
1 - _ 1/4
(G}—*GJ*) GLX and Z = |[Y|e, - Let p(Znoise) = (supﬂeRn,ngn%zlE|5Tﬁ|4> where
_(8:)2Fa
E=(E(t),....E(tn)) . Then, with probability at least 1 — M =0 — M <5*)
0y > 0. one has that

, with § > 1 and

24«

|25 = 20|, < pmax (GJ.G-) v (108 (21) " (3.20)
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where Tns, —= max(fl%\ﬁs*,BN,S*), with /~1N75* = HZH “—VI%M\/W’ BN75* =
52 (2, Znoise) Pin (G 1+ G g _ 1/2 "
P )\;N (GJ-G )—i—(H\I’J 9 —I—pm:iln (G}—*GJ*) | X 0isello ) / ANS*, where d* = min(N, s,)

and ﬁ(z7 Z]noise) — 81/4 (p4 (2) + P4 (Enoise)) 1/4-

First note that the above theorem gives a deviation in operator norm from > j to the matrix
Y+ (3.19) which is not equal to the true covariance ¥ of X at the design points. Indeed,
even if we know the true sparsity set J*, the additive noise in the measurements in model (1.1)
complicates the estimation of ¥ in operator norm. However, although 3 ;- # 33, they can have
the same eigenvectors if the structure of the additive noise matrix term in (3.19) is not too
complex. As an example, consider the case of an additive white noise, for which ¥,,pise = 0°I,,
where o is the level of noise and I, the n x n identity matrix. Under such an assumption, if we
further suppose for simplicity that (G}*GJ*)_l =1, ,then X« = X+02G - (G}*GJ*)_lG;* =
3 + 021, and clearly X+ and X have the same eigenvectors. Therefore, the eigenvectors of
> j can be used as estimators of the eigenvectors of 3 which is suitable for the sparse PCA
application described in the next section on numerical experiments.

Let us illustrate the implications of Theorem 3 on a simple example. If X is Gaussian, the
random vector Y = (G .G J*)_l GJ. (X +€) is also Gaussian and Proposition 2 can be used
to prove that

1Zllg, < /8/34/tr ((G}*GJ*)*G; (54 Shoiee) G- (G;*GJ*>_1>
S \/7“2 + 271,0286”1/2/);1:1[1{2 < GJ*) \/a

Then Theorem 3 implies that with high probability

24«

Hij — 2]* 9 < Pmax (G:IF*GJ*) 7~—N,s*,16 (lOg(M))T ’

where Ty 5,1 = maX(A?V,s*717BN,S*71)7 with

AN,S*, \/ ||2 + 2nozse||1/2pr:l}r{2 ( GJ*) \/ log d* (IOg N)l/a\/i

and

Bns.1= P (%, Enoise)pr;iln (G}*GJ*)
»Sx, L T \/N

Therefore, in the Gaussian case (but also under other assumptions for X such as those in

4 = 1/2
(195l + ot (GG ) [Znoieelly)  Awon:

2
depends on the

Proposition 2) the above equations show that the operator norm Hf) 5 — 30 g

ratio 3. Recall that ||S — ZH2 depends on the ratio . Thus, using Z clearly ylelds significant
nnprovements if s, is small compared to n.

To summarize our results let us finally consider the case of an orthogonal design. Combining
Theorems 1, 2 and 3 one arrives at the following corrolary:
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Corollary 2 Suppose that the observations are i.i.d random variables from model (3.12). Sup-
pose that M = n and that GTG = 1,, (orthogonal design) and that X° satisfies Assumption 2.
Let € > 0 and 1 < s, < min(n, M). Consider the group Lasso estimator S defined by (2.5)
with the choices

2
/ 125 log M
Ve =2k=1,...,n and A = | Znoiscl2 (1 + % + ?5) for some constant § > 1.

Suppose that .
min || @[, > 20!/2C (7,0, 5., N, ), (3.21)
G *

where Cy (o,n,5,N,8) = w\/éo (o,n,54,N,d) and

4
~ 8 . 2 n 20 log M Sy
Co (0,5, N,0) = (146) | =[S = GE*GT|| +C(0)[Snonsc} (H’/N“/Tg) =

Take J = {k: H‘/I\’k e n'/2Cy (a,n,s,N,é)}. Let Y = G}*f( and Z = ||Y||¢, . Then, with
2

_(6:)\Ta
probability at least 1 — M'=0 — M (‘5*> , with § > 1 and &, > 6, one has that
3 ~ 24a
sz = Zr||, < TN 0x (log(M)) = (3.22)
~ 1 - . < = / * 1/« ~ ~2 =
where TN,sx = maX(A?V,s*vBN,s*); with AN,S* = ||Z||¢a% and BN,S* = p(L\/JT}KMCJ +

(1% 7y + | Znoisell ) Ans,

3.4 Comparison with the standard Lasso

In this work, we chose a Group Lasso estimation procedure rather than a standard Lasso. As
a matter of fact, for covariance estimation in our setting, the group structure enables to impose
a constraint on the number of non zero columns of the matrix ¥ and not on the single entries of
the matrix V. This corresponds to the natural assumption of obtaining a sparse representation
of the process X (t) in the basis given by the functions g,,’s and replacing its dimension by its
sparsity. Alternatively, the standard Lasso in our setting would be the estimator defined by

M M

~ ~ 2

W, = argmin HS—G\I’GTH +2>\22mG1ka\ ,
WeSu F k=1m=1

where A > 0 is a regularization parameters and the ,,;’s are positive weights. This procedure
leads to the following Lasso estimator of the covariance matrix 3

3, =G¥.G' e RV, (3.23)

In the orthogonal case (i.e. M =n and G'G = I,,), this gives rise to the estimator U}, obtained
by soft thresholding individually each entry Y;,; of the matrix Y = G T SG with the thresholds
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AMYmk- Proposition 5 (see below) allows a simple comparison of the statistical performances of
the group Lasso estimator > 1 with those of the standard Lasso estimator >  in terms of upper
bounds for the Frobenius norm. To simplify the discussion, we only consider the orthogonal
case and the simple model

X(t)=Xt)+E@), j=1,...,n, (3.24)

where the process X is defined in (3.7). The statement of the result for the group Lasso is
an immediate consequence of Theorem 1, while the proof to obtain the upper bound for the
standard Lasso is an immediate adaptation of the arguments in the proof of Theorem 1.

Proposition 5 Assume that X satisfies model (3.24) and that the covariarice Matric Xnevise =
E (W) of the noise is positive-definite. Consider the group Lasso estimator X and the standard
Lasso estimator X, with the choices

2
20 log M
Ve =2, Ymk = 2, A= || Bnoisell2 <2 +4/ ?5) for some constant § > 1.

Then, there exist two positive constants C1,Co not depending on n, N, s, such that with proba-
bility at least 1 — M=% one has that

4
1 2 C 26logn \  s.
SE -z, < TS - =i + Coll S 3 <2+ o ) >,

and .
1a 2 O 9 26logn \ s?
-l < s it v s (2

Proposition 5 illustrates the advantages of the Group Lasso over the standard Lasso. Indeed,
the second term in the upper bound for the group Lasso is much smaller (of the order °*) than

the second term in the upper bound for the standard Lasso (of the order %) This comes from
the fact that the sparsity prior of the Group Lasso is on the number of vanishing columns of the
matrix W, while the sparsity prior of the standard Lasso only controls the number of non-zero
entries of W. However, to really demonstrate the benefits of our method when compared to the
performances of the standard Lasso, it is required to also derive lower bounds. This issue is a
difficult task which has been considered in few papers and that is beyond the scope of this paper.
For recent work in this direction, we refer to [Huang and Zhang, 2010] for regression models or
[Lounici et al., 2011] and [Lounici et al., 2009] for linear regression and multi-task learning.

However, the analysis in [Huang and Zhang, 2010, Lounici et al., 2011] of Group Lasso reg-
ularization is carried out the setting of multiple regression models where the parameters
to estimate are vectors and with error terms that are centered. Therefore, the results in
[Huang and Zhang, 2010, Lounici et al., 2011] cannot be applied to the matrix regression model
(2.4) since, in our setting, the parameter to estimate is the matrix ¥ and the error terms U; + W,
in (2.4) are not centered.
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4 Numerical experiments and an application to sparse PCA

In this section we present some simulated examples to illustrate the practical behaviour of the
covariance matrix estimator by group Lasso regularization proposed in this paper. In particular,
we show its performances with an application to sparse Principal Components Analysis (PCA).
In the numerical experiments, we use the explicit estimator described in Proposition 1 in the
case M = n and an orthogonal design matrix G, and also the estimator proposed in the more
general situation when n < M. The programs for our simulations were implemented using the
MATLAB programming environment.

4.1 Description of the estimating procedure and the data

We consider a noisy stochastic processes XonT= [0, 1] with values in R observed at fixed
location points t1, ..., ¢, in [0, 1], generated according to

X(t;) = X))+ o¢, j = L....m, (4.1)

where o > 0 is the level of noise, €, ...,¢€, are i.i.d. standard Gaussian variables, and X° is
a random process independent of the €;’s. For the process X O we consider two simple models.
The first one is given by

XO(t) = af(t), (4.2)

where a is a Gaussian random coefficient such that Ea = 0, Ea? = 42, and f : [0,1] — R is an
unknown function. The second model for X© is

XO(t) = a1 fi(t) + ax fo(t), (4.3)

where a; and as are independent Gaussian variables such that Ea; = Eay = 0, Ea% = fy%,
Ea3 = 42 (with 41 > 72), and fi, fo : [0,1] — R are unknown functions. The simulated data
consists in a sample of N independent observations of the process X at the points tq, ..., 1,
which are generated according to (4.1). Therefore, throughout the numerical experiments, one
has that

Ynoise = U2In-

In model (4.2), the covariance matrix X of the process X at the locations points is given
by ¥ = ~+2FF ', where by definition

F= (f (t1)7"'7f (tl))T € R™

Note that the largest eigenvalue of X is 72||F||%2 with corresponding eigenvector F. We suppose
that the signal f has some sparse representation in a large dictionary of basis functions of size M,
given by {gm, m =1,..., M}, meaning that f(t) = Zn]\fle Bmgm (t), with J* = {m, 5,, # 0}
of small cardinality s,. Then, the process X° can be written as X°(¢) = 2%21 aBmgm (),
and thus ¥ = v2GW¥ ;-G ", where Wy is an M x M matrix with entries equal to S, 3, for
1<m,m <M.
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Similarly, in model (4.3), the covariance matrix 3 of the process X at the locations points
is given by 3 = ﬁFlFI + 722F2F;—, where by definition

F1 = (fl (tl) yenny f (tl))T € R™ and F2 = (f2 (tl) Y ey f (tl))T e R™.

In the following simulations, the functions f; and fs are chosen such that F; and Fy are or-
thogonal vectors in R™ with ||Fy||,, = 1 and ||F2||¢, = 1. Under such an assumption and since
71 > 72, the largest eigenvalue of X is 4% with corresponding eigenvector Fi, and the second
largest eigenvalue of 3 is 42 with corresponding eigenvector Fo. We suppose that the signals f
and fo have some sparse representations in a large dictionary of basis functions of size M, given
by f1(t) ="M Bl g (t), and fo (t) = SSM_ | 52,9, (). Then, the process X° can be written
as XO(t) = Zn]\ff:l(alﬁ}n + a232)gm (t) and thus ¥ = G(2¥! + 12¥2)G T, where ¥! ¥? are
M x M matrix with entries equal to 8} (BL)" and 32,(82,) for 1 < m,m’ < M respectively.

In models (4.2) and (4.3), we aim at estimating either F or F;,F2 by the eigenvectors
corresponding to the largest eigenvalues of the matrix > j defined in (3.18), in a high-dimensional
setting with n > IN and by using different type of dictionaries. The idea behind this is that
by 7 is a consistent estimator of 3« (see its definition in 3.19) in operator norm. Although the
matrices X j« and 3 may have different eigenvectors (depending on the design points and chosen
dictionary), the examples below show the eigenvectors of > j can be used as estimators of the
eigenvectors of 3.

The estimator 3 ;j of the covariance matrix ¥ is computed as follows. Once the dictionary

has been chosen, we compute the covariance group Lasso (CGL) estimator iX = G\i’XGT,

where \/I\lx is defined in (2.7). We use a completely data-driven choice for the regularizarion

2
parameter A, given by A = ||X,5isell2 (1 +v/ %+ \/M+M> , where |2, 0isell2 = 02 is the

median absolute deviation (MAD) estimator of o used in standard wavelet denoising (see e.g.
[Antoniadis et al., 2001]) and § = 1.1. Hence, the method to compute X is fully data-driven.

Furthermore, we will show in the examples below that replacing A by X into the penalized
criterion yields a very good practical performance of the covariance estimation procedure.

As a final step, one needs to compute the estimator s j of X, as in (3.18). For this, we
need to have an idea of the true sparsity s., since J defined in (3.14) depends on s, and also
on unknown upper bounds on the level of noise in the matrix regression model (2.8) . A similar
problem arises in the selection of a sparse set of active variables when using regularization by
a Lasso penalty in the standard linear model. As an example, recall that in [Lounici, 2008],
a second thresholding step is aso used to estimate the true sparsity pattern. However, the
suggested thresholding procedure in [Lounici, 2008] also depends on a priori unknown quantities
(such as the amplitude of the coefficients to estimate). To overcome this drawback in our case,
we can define the final covariance group Lasso (FCGL) estimator as the matrix

$;=G,;¥,;G’ (4.4)

with J = J, = {k: : H\i’k , > E}, where € is a positive constant. To select an appropriate value
2

of €, one can plot the cardinality of J. as a function of €, and then use an L-curve criterion to
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only keep in J the indices of the columns of @X with a significant value in fo-norm. This choice

for J is sufficient for numerical purposes.
In the simulations, to measure the accuracy of the estimation procedure, we also use
the empirical average of the Frobenius and operator norm of the estimators 35 and 3;

P~
with respect to the true covariance matrix ¥ defined by FAFN = % > HE’/{ — EHF and
=1

P f AN o~
EAON = % > HEpj — 2H2respectively, over a number P of iterations, where 2’/{ and Z? are
p=1

the CGL and FCGL estimators of 3, respectively, obtained at the p-th iteration. We also com-
pute the empirical average of the operator norm of the estimator 3 ; with respect to the matrix

P~
3., defined by EAON* = L 3 Hzpj -2,
p=1

4.2 Model (4.2) - case of an orthonormal design (with n = M)

First, the size of the dictionary M as well as the basis functions {g,,,m = 1,..., M’} have
to be specified. In model (4.2), we will use for the test function f the signals HeaviSine and
Blocks (see e.g. [Antoniadis et al., 2001] for a definition), and the Symmlet 8 and Haar wavelet
basis for the HeaviSine and Blocks signals respectively, which are implemented in the Matlab’s
open-source library WaveLab (see e.g. [Antoniadis et al., 2001] for further references on wavelet
methods in nonparametric statistics). Then, we took n = M and the location points 1, ..., ¢,
are given by the equidistant grid of points ¢; = %, j=1,..., M such that the design matrix G
(using either the Symmlet 8 or the Haar basis) is orthogonal.

Figures 1, 2, and 3 present the results obtained for a particular simulated sample of size
N = 25 according to (4.1), with n = M = 256, o = 0.015, v = 0.5 and with f being either the
function HeaviSine or the function Blocks. It can be observed in Figures 1(a) and 1(b) that, as
expected in this high dimensional setting (N < n), the empirical eigenvector of S associated to
its largest empirical eigenvalue does not lead to a consistent estimator of F.

The CGL estimator X5 is computed directly from Proposition 1. In Figures 2(a) and 2(b),

we display the eigenvector associated to the largest eigenvalue of ii as an estimator of F. Note
that this estimator behaves poorly. The estimation considerably improves by taking the FCGL
estimator f) ; defined in (4.4). Figures 3(a) and 3(b) illustrate the very good performance of the
eigenvector assoc1ated to the largest elgenvalue of the matrix Z as an estimator of F'.

It is clear that the estimators ZA and 2 are random matrlces that depend on the observed
sample. Tables 1(a) and 1(b) show the values of FAFN, FAON and EAON* corresponding
to P = 100 simulated samples of different sizes N and different values of the level of noise o.
It can be observed that for both signals the empirical averages FAFN, FAON and EAON*
behaves similarly, being the values of EAON smaller than its corresponding values of FAFN
as expected. Observing each table separately we can remark that, for N fixed, when the level
of noise ¢ increases then the values of FAFN, FAON and FAON* also increase. By simple
inspection of the values of EAFN, EAON and EAON™* in the same position at Tables 1(a) and
1(b) we can check that, for o fixed, when the number of replicates N increases then the values
of FAFN, FAON and FAON* decrease in all cases. We can also observe how the difference
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between FAON and FAON* is bigger as the level of noise increases.

Table 1(a). Values of EAFN, EAON and EAON* corresponding to signals
HeaviSine and Blocks for M = n = 256, N = 25.

Signal o 0.005 0.01 0.05 0.1 0.5 1
HeaviSine | FAFN | 0.0634 | 0.0634 | 0.2199 | 0.2500 | 0.2500 | 0.2500
HeaviSine | EAON | 0.0619 | 0.0569 | 0.1932 | 0.2500 | 0.2500 | 0.2500
HeaviSine | EAON™* | 0.0619 | 0.0569 | 0.1943 | 0.2600 | 0.5000 | 1.2500

Blocks EAFN | 0.0553 | 0.0681 | 0.2247 | 0.2500 | 0.2500 | 0.2500

Blocks EAON | 0.0531 | 0.0541 | 0.2083 | 0.2500 | 0.2500 | 0.2500

Blocks EAON* | 0.0531 | 0.0541 | 0.2107 | 0.2600 | 0.5000 | 1.2500

Table 1(b). Values of EAFN, EAON and EAON* corresponding to signals
HeaviSine and Blocks for M = n = 256, N = 40.

Signal o 0.005 0.01 0.05 0.1 0.5 1
HeaviSine | FAFN | 0.0501 | 0.0524 | 0.1849 | 0.2499 | 0.2500 | 0.2500
HeaviSine | EAON | 0.0496 | 0.0480 | 0.1354 | 0.2496 | 0.2500 | 0.2500
HeaviSine | EAON™* | 0.0496 | 0.0480 | 0.1366 | 0.2596 | 0.5000 | 1.2500

Blocks EAFN | 0.0485 | 0.0494 | 0.2014 | 0.2500 | 0.2500 | 0.2500

Blocks EAON | 0.0483 | 0.0429 | 0.1871 | 0.2500 | 0.2500 | 0.2500

Blocks EAON~* | 0.0483 | 0.0429 | 0.1893 | 0.2600 | 0.5000 | 1.2500

4.3 Model (4.3) - the case M = 2n by mixing two orthonormal basis

Consider now the setting of model (4.3) with v; = 0.5, 72 = 0.2, ¢ = 0.045, N = 25 and an
equidistant grid of design points t1,...,%, given by t; = %, j=1,...,n with n = 128. For the
signals f1 and fo we took the test functions displayed in Figure 4(a) and 4(b). Obviously, the
signal f1 has a sparse representation in a Haar basis while the signal f; has a sparse representation
in a Fourier basis. Thus, this suggests to construct a dictionary by mixing two orthonormal
basis. More precisely, we construct a n x n orthogonal matrix G' using the Haar basis and a
n x n orthogonal matrix G? using a Fourier basis (cosine and sine at various frequencies) at
the design points. Then, we form the n x M design matrix G = [G! G2] with M = 2n. The
CGL estimator EX is computed by the minimization procedure (2.7) using the Matlab package
minConf of [Schmidt et al., 2008].

In Figures 5(a) and 5(b), we display the eigenvector associated to the largest eigenvalue of
35 as an estimator of Fy, and the eigenvector associated to the second largest eigenvalue of 35
as an estimator of Fy. Note that these estimators behaves poorly. The estimation considerably
improves by taking the FCGL estimator X ; defined in (4.4). Figures 6(a) and 6(b) illustrate
the very good performance of the eigenvectors associated to the largest eigenvalue and second
largest eigenvalue of the matrix > ;7 as estimators of F; and Fa.

Finally, to illustrate the benefits of mixing two orthonormal basis, we also display in Figures
7 and 8 the estimation of F; and Fo when computing the matrix > j by using either only the
Haar basis (i.e. G = G! and M = n) or only the Fourier basis (i.e. G = G! and M = n). The
results are clearly much worse and not satisfactory.
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4.4 Model (4.2) - case of non equispaced design points such that n < M

Let us now return to the setting of model (4.2). The test functions f are either the signal
HeaviSine and or the signal Blocks. We also use the Symmlet 8 and Haar wavelet basis for the
HeaviSine and Blocks functions respectively. However, we now choose to take a setting where
the number of design points n is smaller than the size M of the dictionary. Taking n < M,
the location points are given by a subset {t1,...,t,} C {ﬁ ck=1,...,M} of size n, such that
the design matrix G is an n x M matrix (using either the Symmlet 8 and Haar basis). For
a fixed value of n, the subset {ti,...,t,} is chosen by taking the first n points obtained from
a random permutation of the elements of the set {ﬁ, %, ..., 1}. Figures 9 and 10 present the
results obtained for a particular simulated sample of size N = 25 according to (4.1), with n = 90,
M =128, ¢ = 0.02, v = 0.5 and with f being either the function HeaviSine or the function
Blocks. It can be observed in Figures 9(a) and 9(b) that, as expected in this high dimensional
setting (N < n), the empirical eigenvector of S associated to its largest empirical eigenvalue
are noisy versions of F. As explained previously, the CGL estimator X5 is computed by the
minimization procedure (2.7) using the Matlab package minConf of [Schmidt et al., 2008]. In
Figures 10(a) and 10(b) is shown the eigenvector associated to the largest eigenvalue of X5 as
an estimator of F. Note that this estimator is quite noisy. Again, the eigenvector associated to
the largest eigenvalue of the matrix 3 + defined in (4.4) is much a better estimator of F. This is
illustrated in Figures 11(a) and 11(b). To compare the accuracy of the estimators for different
simulated samples, we compute the values of FEAFN, FAON and FAON* with fixed values of
o =0.05, M =128, N =40, P = 50 for different values of the number of design points n. For
all the values of n considered, the design points t1, ..., t,, are selected as the first n points obtained
from the same random permutation of the elements of the set {ﬁ, %, ..., 1}. The chosen subset
{t1,...,tn} is used for all the P iterations needed in the computation of the empirical averages
(fixed design over the iterations). Figure 12 shows the values of EAFN, EAON and EAON*
obtained for each value of n for both signals HeaviSine and Blocks. It can be observed that the
values of the empirical averages FAON and FAON™* are much smaller than its corresponding
values of FAFN as expected. We can remark that, when n increases, the values of EAFN,
EAON and FAON™ first increase and then decrease, and the change of monotony occurs when
n > N. Note that the case n = M = 128 is included in these results.
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Orthonormal case - Model (4.2)
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Case M = 2n (Haar + Fourier basis)
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Orthonormal case M = n (Haar)
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Orthonormal case M = n (Fourier)
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Non equi-spaced points with n < M
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A

A.1 Notations

First let us introduce some notations and properties that will be used throughout this Ap-
pendix. The vectorization of a p x ¢ matrix A = (aij)1<i<p,1<j<q IS the pg x 1 column vector
denoted by vec (A), obtain by stacking the columns of the matrix A on top of one another. That
is vec(A) = [a11, ..., Ap1, 12, .., Qp2, ..., A1q, ...,apq]T. If A = (aij)i<i<k,i<j<n is a k x n matrix
and B = (bjj)1<i<p,i<j<q is a p X ¢ matrix, then the Kronecker product of the two matrices,
denoted by A ® B, is the kp x ng block matrix

a11B e alnB

A®B=

aB . . . a,B

In what follows, we repeatedly use the fact that the Frobenius norm is invariant by the wvec
operation meaning that

IA[I7 = llvec (A) [17,, (A1)
and the properties that
vec (ABC) = (CT®A> vec(B), (A.2)
and
(A®B)(C®D)=AC®BD, (A.3)

provided the above matrix products are compatible.
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A.2 Proof of Proposition 1
Lemma 1 Let ¥ = W, denotes the solution of (2.7). Then, fork=1,...,M

~

~ \\ )
[(G @G’ (vec(S) (G® G)vec(\I’))] = A\ ||‘/I\’1:|C|g2 if PR #0
H [(G ®G)" <vec(S) (G ® G)vec(¥ ] < M if W,=0

where \ilk denotes the k-th column of the matrix U and the notation [ﬁ]k denotes the vector
. 2
(Brym)m=1,...a1 in RM for a vector B = (Bgm)k,m=1,..m € RM".

Proof of Lemma 1 For ¥ € RM*M define

2

t

L(P) = H§ — G\IIGTH; = Hvec(g) — (G ® G)vec(¥)

and remark that ¥ is the solution of the convex optimization problem

U — argmin { L(¥) + 2\ P2
‘I’gESM ( ) Z_:fyk Z mk

It follows from standard arguments in convex analysis (see e.g. [Boyd and Vandenberghe, 2004]),
that ¥ is a solution of the above minimization problem if and only if

VI

where VL(\/I\') denotes the gradient of L at ¥ and 9 denotes the subdifferential given by

M M
W,

PRI I 2 :{G)GRMXM:@k "Bl if @y, #0,[|Oll,, < 1f‘I’k—0}

— 2

where @}, denotes the k-th column of ® € RM*M which completes the proof. O

Now, let ¥ € Sy with M = n and suppose that GTG =1,,. Let Y = (Yok)i<mi<m =
G'SG and remark that vec(Y) = (G ® G)" vec(S). Then, by using Lemma 1 and the fact
that G'G = I,, implies that (G ® G)' (G ® G) = I,,2, it follows that U = U, satisfies for
k=1,..., M the following equations

‘/I\’k 1+ A =Y}, for all ‘/I\’k #0,
M
Zm:l \Il?’nk



and
M

Z Y?nk < Ay for all \/I\’k =0.

m=1
where \i’k = (\f/mk)lngM eRM and Y, = (Yomk)i<m<m € RM  which implies that the solution
is given by

R 0 if E%:l Yo < M
Y=y, Cw ) g M_y2 ooy
mk 1 - M Y2 1 Zm:l mk > ryk
j=1 Yk
which completes the proof of Proposition 1. O

A.3 Proof of Proposition 2

First suppose that X is Gaussian. Then, remark that for Z = || X||¢,, one has that || Z]|,, <
+00 which implies that || Z]|y, = HZ2H11/12 Since 72 = 3" | |X(t;)|* it follows that

n n n
—1/2
1220, < SN2y, = 312112, = > Sl =52zl 2,.
=1 =1 i=1

where Z; = X(t;),i = 1,...,n and X;; denotes the ith diagonal element of 3. Then, the result
follows by noticing that ||Y||y, < 1/8/3 if Y ~ N(0,1). The proof for the case where X is

such that || 7]y, < 400 and there exists a constant C; such that ||2;1/2Z¢||w2 < (4 for all
i=1,...,n follows from the same arguments.

Now, consider the case where X is a bounded process. Since there exists a constant R > 0
such that for all ¢ € T, |X(¢)] < R, it follows that for Z = ||X]|s, then Z < {/nR which
implies that for any a > 1, || Z||y, < vnR(log2)~/®, (by definition of the norm | Z|,) which
completes the proof of Proposition 2. O

A.4 Proof of Proposition 4

Under the assumption that X = X0, it follows that ¥ = GU*G' with ¥* = E (aaT)7
where a is the random vector of RM with a,, = a,, for m € J* and a,, = 0 for m ¢ J*.
Then, define the random vector aj« € R’ whose coordinates are the random coefficients a,y,
for m € J*. Let ¥ = E (aJ*a}*). Note that X = GJ*‘I’J*G}—* and S = GJ*{I\’J*G}—*, with
U, = % Zf\il al). (af,*)T, where a’. € R’" denotes the random vector whose coordinates are
the random coefficients aj;,, for m € J* such that X;(t) = > ;. ap,9m(t), t € T.

Therefore, U J+ is a sample covariance matrix of size s, X s, and we can control its deviation in
operator norm from W j« by using Proposition 3. For this we simply have to verify conditions sim-
ilar to (A1) and (A2) in Assumption 2 for the random vector aj« = (G .G ) 1G . X € R%*.

First, let 5 € R with ||8|l¢, = 1. Then, remark that a}ﬁ = X TS with 8 = G- (G}*GJ*)_I s.
Since [|B8]le; < (Pmin (G}*GJ*)>_1/ ? and using that X satisfies Assumption 2 it follows that

(=ad8) " < p(®) 22 (cT.G50). (A1)
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- ~1/2
Now let Z = ||aj«|ls < PmiI{

there exists a > 1 such that

(GJ.GJ+) | X]l¢,- Given our assumptions on X it follows that

1200 < Pt (G -G ) 12110, < +00, (A5)

where Z = [|X]||s,. Hence, using the relations (A.4) and (A.5), and Proposition 3 (with aj-
instead of X), it follows that there exists a universal constant é, > 0 such that for all > 0,

7 o
g (H‘I’J W, 2 %d*,N,s*,1w> < exp <—(5*—1w)z+a) 7
i 1 5 ith A 7 Tog d* (log N) 1/
where 7g- N1 = max(AG y o g BaeNs.a)s with Agenen = ||Z||wa%,
- 2()p L (GT, G« o - | '
Bd*,Nﬁ*,l — P( )pml\l’l/(ﬁ J J ) =+ H‘I’J* 2/ Ad*,N,s*J and d* = m1n(N7 3*). Then, using the

inequality [|S — 2|2 < pmax (G G+) | W e — W |2, it follows that
P (HS - EHQ > Pmax (G:IF*GJ*) 7~-d",N,s*,lx)
P (pmax (G:]r* GJ*) 5 Z Pmax (G:]r* GJ*> 7~_d*,N,s,F,lfL‘)

(I

IN

@) -

) > %d*,N,s*,1w>
< exp (—(5*_1:6)2%) .
Hence, the result follows with
~ . T ~
TN,sx — Pmax (GJ* GJ*) Td* ,N,s«,1

T 12 T D,
= max(pmax (GJ*GJ*> AdﬂN,s*,lvpmaX <GJ*GJ*> Bd*,N,s*,l)
=9 -
— maX(Ad*7N’s*,Bd*’N7s*),

~ ~ * 1/
where Ag- N s, = Pl (G).G) 1 Z]|y. —Vlogd\(/loﬁgm and, using the inequality

(W

min

, = H(G}*GJ*>_1G}*2GJ* (G}*GJ*)_1

< Pt (G1-G ) =1,
2

1/2
i o pmax(Gj]r* GJ*) pQ(Z) Pmax(G—Jr* GJ*) 1/2 e
Bd*7N78* B <pmin(G—Jr*GJ*) \/N + Pmin(Gj]r*GJ*) ||2||2 Ad*7N78*.

A.5 Proof of Theorem 1

Let us first prove the following lemmas.

Lemma 2 Let &1,...,EN be independent copies of a second order Gaussian process £ with zero

N
mean. Let W = % lez with

7

W; = &ET e RV and & = (& (t1), ... & (tn)) |, i=1,...,N.

30



Suppose that X,isc = E(W1) is positive-definite. For 1 < k < M, let ny be the k-th column of
the matrizc GTWG. Then, for any x > 0,

2
n 2
P nklles = Gl P (GG Eiel (”M*M) < exp(—2).

Proof of Lemma 2: by definition one has that ||n/|7, = G WGG WG, where Gy, denotes
the k-th column of G. Hence

17kl17, < 1G k17, pmax (GG T W3- (A.6)

Using the assumption that 3,4, is positive-definite define the random vectors Z; = X (}i/si&, i=
1,...,n. Note that the Z;’s are i.i.d. Gaussian vectors in R" with zero mean and covariance

matrix the identity. Then, define the N x n matrix
zy
= — :
VN Z’T
N
Since I' is a matrix with i.i.d. entries following a Gaussian distribution with zero mean

and variance 1/N, it follows from the arguments in the proof of Theorem II.13 in
[Davidson and Szarek, 2001] that for any « > 0

2
P||DTD|y > (1 + \/g—i— \/%) < exp(—zx). (A.7)

Now, since W = Ei{jseFTFZ;{jw

(A.7) implies that for any z > 0

2
/n |2z
W > ; — — < —
P H HQ = HznozseHQ (1 + N + N) =~ exp( 1‘),

and the result finally follows from inequality (A.6). 4

it follows that ||[W||2 < ||Znoise|l2]|T TT'||2. Hence, inequality

Lemma 3 Let 1 < s < min(n, M) and suppose that Assumption 1 holds for some ¢y > 0. Let
J CA{Ll,..., M} be a subset of indices of cardinality |J| < s. Let A € Sy and suppose that

D 1Akl <o)l Aklle,
keJe keJ
where Ay denotes the k-th column of A. Let
1/2

Foco = (Puin(5)? = 0¥(G)pmax( G G)s)
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Then,
2
|eac™| =w2 1A,

where Ay denotes the M x M matriz obtained by setting to zero the rows and columns of A
whose indices are not in J.

Proof of Lemma 3: first let us introduce some notations. For A € Sy; and J C {1,..., M},
then A je denotes the M x M matrix obtained by setting to zero the rows and columns of A
whose indices are not in the complementary J¢ of J. Now, remark that

HG.AGFH2 - HGAJGTH2 +HGAJ6GTH2 +2tr (GAJGTGAJCGT)
F F F

v

2
HGAJGTHF +2tr (GAJGTGAJCGT) . (A.8)

Let A = GA;G" and B = GAcG'. Using that tr (ATB) = vec(A) vec(B) and the
properties (A.1) and (A.3) it follows that

tr (GA ,GTGA JCGT> = vec(Ay)T (GTG ® GTG> vee(Age). (A.9)
Let C = G'G ® G'G and note that C is a M? x M? matrix whose elements can be written in
the form of M x M block matrices given by
Cij=(G'G),;G'G, for 1 <i,j <M.

Now, write the M? x 1 vectors Uec(AJ) and vec(A je¢) in the form of block vectors as vec(A ;) =
(A, ]1<Z<M and vec(Aje) = [(AJO) ]1<3<M7 where (Ay); € RM (Aje); € RM for 1 <i,j <
M. Using (A.9) it follows that

tr (GA/GTGALGT) = > (A)Cy(As);
1<i,j<M

= Z Z (GTG)U(AJ);FGTG(AJC)J‘

ied jeJe
Now, using that ‘(GTG)Z-]-| < 0(G) for i # j and that
(AN GTG(A)] < IGANNLIGA )l < pax(GTGIAlea [ (Ase)s e

it follows that

tr (GAIG GARGT) = ~0(G)pnax(GT G (Zn (A) ||42> > 1Al

e jeJe

Now, using the assumption that >, _ ;e [[Aglle, < co Y ey |Ak|le, it follows that

tr (GAJGTGAJCGT> > —c0(G)pmax(G' G (ZII (Ay) ||42>

ieJ
> —00(G)pmax(G T G)s || A7, (A.10)
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where, for the inequality, we have used tl%e properties that for the positive re-

als ¢ = |[(Ay)ille,, @ € J then (ZZEJCZ-) < |J|EZ—EJC? < SZZ-EJC? and that
2

>ies 1(ADlZ, = 1Al

Using the properties (A.1) and (A.2) remark that

2 ~
|easa™| = llas@ G edanl?,
pin (G © G) [loce(A,)]I,
pmin(5)? A7, (A.11)

where vec(A ) = [(Ay)/]L,;. Therefore, combining inequalities (A.8), (A.10) and (A.11) it
follows that

>
>

|GAGT| > (puin(s)? — ob(GIpma(GTG)s) A3

which completes the proof of Lemma 3. O

Let us now proceed to the proof of Theorem 1. Part of the proof is inspired by results in
[Bickel et al., 2009]. Let s < min(n, M) and ¥ € Sy with M(¥) <s. Let J = {k ; ¥) # 0}.
To simplify the notations, write U =" A By definition of > y = GWG' one has that

~ —~ 2 M ~ ~ 2 M
Hs - G\IIGTHF + A B, < Hs - G\IIGTHF 20 el Wl (A.12)
k=1 k=1

Using the scalar product associated to the Frobenius norm (A, B) = tr (ATB) then
~ S 2 S 2
|s-cva HF - [s+w-ctc HF
-~ 2 -~
= IWE+[s-cEGT| +2(ws-c¥aT) . (A1)

Putting (A.13) in (A.12) we get
s - G\iJGTH; + 2A§::1%||@klle2 < |s- G\IIGTHi r2(w.e(¥-w)e)

M

20D %l e,
k=1

For k=1,...,.M d/e\:ﬁne the M x M matrix A; with all columns equal to zero except the
k-th which is equal to Wy, — W¥j. Then, remark that

<W, GAkGT>F - ]i <GTWG,Ak> én;{ (), — T)

(wa(e w)a), -

(M= I1=

7% e [k — gl ey

INA
>~
ﬂl
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where 7, is the k-th column of the matrix G WG. Define the event

M
A=) {20mle < M}

k=1

Then, the choices

n 20 log M
Ve = 2HG/€H52 pmax(GGT)7 A= Hznm‘seHQ (1 + \/;4_ \/¥>

and Lemma 2 imply that the probability of the complementary event A° satisfies
M
P(A%) <D P Qlnelley, > M) < M0
k=1
Then, on the event A one has that

HS—G\TJGTHi < HS—G\IIGTHi—I—Af Yol ®r — @l
k=1

M
22 (1€l — [l
k=1

2
9

(A.14)

Adding the term A 2L, Wl @y, — B | ¢, to both sides of the above inequality yields on the

event A

HS—G@GTHiHi el W — Wy, < HS—G.\IJGTHjm
k=1

M
223 % (1% = Caley + 124l — 194l ) -

k=1

Now, remark that for all k ¢ J, then ||\/I\l;,C — Wille, + [ ®klle, — ||‘/I\’]€||52 = 0, which implies that

on the event A
S 2 M - o2
HS—G\I'G HF+>\; Wl @ — Tplle, < HS—G\IJG HF
HAND [ — Wy,

keJ

2
< Js-oxc]
F

AN M(®) DRI — W3,

keJ
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where for the last inequality we have used the property that for the positive reals ¢, = fka\i'k —

2
‘I’kngz, ]{7 S J then (ZkeJ Ck> S M(‘I’) ZkEJ Ci.
Let € > 0 and define the event

Ay = {4AZ%H@,€—\I:,€H@2 >eHS—G\IJGTHi}. (A.17)
keJ

Note that on the event AN A§ then the result of the theorem trivially follows from inequality
(A.15). Now consider the event AN .A; (all the following inequalities hold on this event). Using
(A.15) one has that

M
AD 0 Wl — Tl <AL+ 1/)AD il Ty — i, (A.18)
k=1 keJ

Therefore, on AN Ay

S Wl @k = Trlle, < B+ 4/l T — Tle,.
keJ keJ

Let A be the M x M symmetric matrix with columns equal to A = ((I\lk - \Ilk> Lk

I,...,M, and ¢y = 3 + 4/e. Then, the above inequality means that >, [|[Aglls, <
co Y ey |Ak|le, and thus Assumption 1 and Lemma 3 imply that

~ 2 ~ 2
w2 ey 2RI — Wi, < [|GAGT| | < 4G ma(GTG) [GE-WGT|| . (A19)
keJ

Let 42, = 4G2, . pmax(G T G). Combining the above inequality with (A.16) yields

HS—G\ifGTHjm < HS—G\I'GTHi+4An;§ofymax\/WHG(\fl—\I')GTHF
< Hs - G\IIGTHi + AL Y VM (D) (HG\TJGT - SHF

+ewet—s],)

Now, arguing as in [Bickel et al., 2009], a decoupling argument using the inequality 2zy <
br? + b 1y? with b > 1, 2 = 2Xk; ] Ymaxy/M(¥) and y being either HG\/I\IGT —SHF or
HG\IIGT — SH 7 yields the inequality

Hs - G\TIGTHi < <Zi) Hs - GlIlGTH; + mv/\/l(\p). (A.20)
260

N 2
Then, taking b = 1 + 2/e and using the inequalities HE—G‘I’GTHF < 2|8 -3 +

2|s - G@GTHQF and [|S — GEGT|2 < 2(IS — 2|2 + 2||£ — G¥GT||%. completes the proof
of Theorem 1. O
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A.6 Proof of Theorem 2

Part of the proof is inspired by the approach followed in [Lounici, 2008] and
[Lounici et al., 2009]. Note first that

M
max N, —lII*H < g H\/I\l —lIl*H .
1§k§M7k H k k 0= k_l’Yk k k ’

Since ¥* € {¥ € Spy: M (¥) < s,}, we can use some results from the proof of Theorem (1).
On the event AN Ay, with A defined by (A.14) and A; defined by (A.17), inequality (A.18)
implies that

M
~ . 1 -~ X
S L T (R o L
O € Lo
k=1 keJ*
< a(ie D) e[S | -y
— Sk — .
= c Vi k k ’

keJ*

Let A* be the M x M symmetric matrix with columns equal to A = 4 (\/I\lk — \IIZ), k=

1,..., M, let Ymax = 2Gmax\/Pmax(GTG) and ¢y = 3 + 4/e. Then, the above inequality and
(A.19) imply that on the event AN A;

M 1 1
~ 4(142) /s 4(1+ =) /s ~
SofE-wi] < A01+e) V5 ca'a’ smvmxHG(w—w*)GTH
P Lo Rsy,co F Rs.,co F
4(1+¢€) /54

SRR L

€Ks, co

4(14€) /S«
< Mr}/max\/ﬁ\/co (n,MaN75*787W*7G72n0ise)a

€Ks, co

Then, using (A.15) one has that on the event AN A§

<1+6
A

2
S_ G\IJ*GTH .
F

M A~
> o n H‘I’k - ¥
k=1

Therefore, by definition of C1, the previous inequalities imply that on the event A (of probability
1— M1—6 )

M
1Gklle: |15, . .
; G |- w; BELCTCNTAENCE el ) (A.21)
Hence 12%22}%4% l/I\lk — \IIZHE < Cy (o,n, M, N, s,,G,Zp0ise) with probability at least 1—M*~°,
SR> 2

which proves the first assertion of Theorem 2.
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Then, to prove that J = J* we use that H — 1 ®%l,, \F H\I’k -y , for all
2
k=1,...,M. Then, by (A.21)
H H klley| < C1(n, M, N, 5., S,¥%, G, Znoise) »
which is equivalent to
_Cl (H,M, N7 Sy S7‘I’*7G72n0286 > H‘I’kH H‘I’kaz < Cl (n M N Sxs S ‘I’* G z:nozse) .
(A.22)

It k € J then % ‘@k > C1(n, M, N, s5,,S,%% G, Spoise)-
||\Il l, < Ci (n M, N S5, S, W* G, X ise) from (A.22) imply that f||\Il ”82 >

— C1(n, M,N,s,,S,¥* G, X, pise) > 0, where the last inequality is obtained
2

using that & € J. Hence [®%ll, > 0 and therefore k € J*. If k € J* then
[®ill,, # 0. Inequality —Ci(n,M,N,s.,S,¥" G, Enoisc) < ||lIl e,

Ok
n
+ 4 (naM7N75*7S7lIl*aGaEnoise) > ||‘I’ ||g2 >

from (A.22) imply that % T, .
2Cy (n, M, N, s*,S U* G, 0ise), where the last inequality is obtained usmg Assump-
tion (3.17) on ||\Il g, Hence % ‘\/I\lk . > 2C1 (n,M,N,s,,S,¥* G, X, pise) —
Cy (n, M, N, s*,S,\Il G, Xoise) = C1 (n, M, N, s,,S,¥* G, X,,ise) and therefore k € J. This
completes the proof of Theorem 2. O

A.7 Proof of Theorem 3

Under the assumptions of Theorem 3, we have shown in the proof of Theorem 2 that J=J*
on the event A defined by (A.14). Therefore, under the assumptions of Theorem 3 it can be
checked that on the event A (of probability 1 — M1~9)

£, =%, =Gr¥9,.GJ,

with . .
¥, = (G.Gs) G.SGy (GG
Now, from the definition (3.19) of X« it follows that on the event A

Hf:j S (A.23)

, < Prmax (G}*GJ*> H‘T’J — Ay« ,

where A s = W e +(G .Gy ) LG B0ieeGo (GL.G) ' Let Yy = (GG ) GLX, for
i=1,..., N and remark that

N
~ 1 . ~
V= § 1YmT with BW j. = Ay
1=
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Therefore, U g+ is a sample covariance matrix of size s, X s, and we can control its deviation in
operator norm from A j+ by using Proposition 3. For this we simply have to verify conditions sim-
ilar to (A1) and (A2) in Assumption 2 for the random vector Y = (G}—*GJ*)_l GJ.X € R*.
First, let 8 € R** with ||]|¢, = 1. Then, remark that Y '3 = XT3 with 8 = G- (G}*GJ*)_I s.
Since [|8]le; < (Pmin (G}*GJ*)>_1/2 it follows that

4 _
(EIYTB) " < A2 Snoise)poan” (GG ) (A.24)
where (%, Snoise) = 874 (p(Z) + ot (Bnoise)) /. Now let Z = [[Y|, <
p;if (G].G) HXHZZ’ Given our assumptions on the process X = X + £ it follows that

there exists a > 1 such that
min

120 < praie” (G1-G) (12 + 1 ) < 00, (A.25)

where Z = ||X||g, and W = ||€|l¢,, with X = (X (t1),..., X (£,))" and € = (£ (t1) ..., € (tn))
Finally, remark that

187+l < 1€+l + Pk (GT- G ) [ noisely (A.26)

Hence, using the relations (A.24) and (A.25), the bound (A.26) and Proposition 3 (with Y
instead of X), it follows that there exists a universal constant d, > 0 such that for all > 0,

P <H‘/I\’J* — Ay , > %N,s*l') < exp (—(5*_1@")2%4) , (A.27)
where Ty, = maX(A?V,S*,BN#*), with AN#* = ]]Z~]]¢Q—M\/%g]vw and BN,S* =

52 3, Ynoise ;s GT*G * — 1/2 : * 3
PO Bl G Gor) (1 4 ity (GF.G) [Beinel) ' A, with d = min(N,5.).
Then, define the event

2+«

b= H‘T’J = Age|, S Vs, 0x (log (M) =

and note that, for z = 6, (log(M))sza with d, > 0., inequality (A.27) implies that P(B) >

(&) 2Fa _ (8 2Fa
1-M (5*) . Therefore, on the event .AAOB (of probability at least 1 — M=% — M (5*> ),
using inequality (A.23) and the fact that J = J* one obtains

o~ T - 2«[»704
sz - z:J* 5 < Pmax <GJ*GJ*) TN,S*(S* (log(M)) “
which completes the proof of Theorem 3. O
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