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In multivariate regression, a K -dimensional response vector is regressed
upon a common set of p covariates, with a matrix B* € RP*X of regression
coefficients. We study the behavior of the multivariate group Lasso, in which
block regularization based on the £ /£, norm is used for support union re-
covery, or recovery of the set of s rows for which B* is nonzero. Under high-
dimensional scaling, we show that the multivariate group Lasso exhibits a
threshold for the recovery of the exact row pattern with high probability over
the random design and noise that is specified by the sample complexity pa-
rameter 0 (n, p, s) :=n/[2¢ (B*)log(p — s)]. Here n is the sample size, and
¥ (B*) is a sparsity-overlap function measuring a combination of the spar-
sities and overlaps of the K -regression coefficient vectors that constitute the
model. We prove that the multivariate group Lasso succeeds for problem se-
quences (n, p, s) such that 0(n, p, s) exceeds a critical level 6,,, and fails for
sequences such that 6(n, p, s) lies below a critical level 6,. For the special
case of the standard Gaussian ensemble, we show that 9y = 6,, so that the
characterization is sharp. The sparsity-overlap function ¥ (B*) reveals that,
if the design is uncorrelated on the active rows, £1 /£, regularization for mul-
tivariate regression never harms performance relative to an ordinary Lasso
approach and can yield substantial improvements in sample complexity (up
to a factor of K) when the coefficient vectors are suitably orthogonal. For
more general designs, it is possible for the ordinary Lasso to outperform the
multivariate group Lasso. We complement our analysis with simulations that
demonstrate the sharpness of our theoretical results, even for relatively small
problems.

1. Introduction. The development of efficient algorithms for estimation of
large-scale models has been a major goal of statistical learning research in the
last decade. There is now a substantial body of work based on ¢;-regularization
dating back to the seminal work of Tibshirani (1996) and Donoho and collabora-
tors [Chen, Donoho and Saunders (1998); Donoho and Huo (2001)]. The bulk of
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this work has focused on the standard problem of linear regression, in which one
makes observations of the form

(1) y=Xp"+w,

where y € R” is a real-valued vector of observations, w € R” is an additive zero-
mean noise vector and X € R"*? is the design matrix. A subset of the components
of the unknown parameter vector 8* € R” are assumed nonzero; the goal is to
identify these coefficients and (possibly) estimate their values. This goal can be
formulated in terms of the solution of the penalized optimization problem

1
2 in{—[ly — XBl3+ A :
@ arg i L1y = XBI3 + 11 1o

where || 8]0 counts the number of nonzero components in 8 and where A, > 0 is
a regularization parameter. Unfortunately, this optimization problem is computa-
tionally intractable, a fact which has led various authors to consider the convex
relaxation [Tibshirani (1996); Chen, Donoho and Saunders (1998)]

1
3 in{—Ily — XBII3 + A :
@ arg i L1y = XBI3 + 1,111 }

in which ||B]|o is replaced with the £; norm | B];. This relaxation, often referred
to as the Lasso [Tibshirani (1996)], is a quadratic program, and can be solved
efficiently by various methods [e.g., Boyd and Vandenberghe (2004); Osborne,
Presnell and Turlach (2000); Efron et al. (2004)].

A variety of theoretical results are now in place for the Lasso, both in the tra-
ditional setting where the sample size n tends to infinity with the problem size p
fixed [Knight and Fu (2000)], as well as under high-dimensional scaling, in which
p and n tend to infinity simultaneously, thereby allowing p to be comparable to or
even larger than n [e.g., Meinshausen and Bithimann (2006); Wainwright (2009b);
Meinshausen and Yu (2009); Bickel, Ritov and Tsybakov (2009)]. In many appli-
cations, it is natural to impose sparsity constraints on the regression vector 8%,
and a variety of such constraints have been considered. For example, one can con-
sider a “hard sparsity” model in which 8* is assumed to contain at most s nonzero
entries or a “‘soft sparsity” model in which B* is assumed to belong to an £, ball
with ¢ < 1. Analyses also differ in terms of the loss functions that are considered.
For the model or variable selection problem, it is natural to consider the zero—one
loss associated with the problem of recovering the unknown support set of 8*.
Alternatively, one can view the Lasso as a shrinkage estimator to be compared to
traditional least squares or ridge regression; in this case, it is natural to study the
£5-loss || B — B* > between the estimate B and the ground truth. In other settings,
the prediction error E[(Y — XT B2 may be of primary interest, and one tries to
show risk consistency (namely, that the estimated model predicts as well as the
best sparse model, whether or not the true model is sparse).
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A number of alternatives to the Lasso have been explored in recent years, and
in some cases stronger theoretical results have been obtained [Fan and Li (2001);
Frank and Friedman (1993); Huang, Horowitz and Ma (2008)]. However, the re-
sulting optimization problems are generally nonconvex and thus difficult to solve
in practice. The Lasso remains a focus of attention due to its combination of favor-
able statistical and computational properties.

1.1. Block-structured regularization. While the assumption of sparsity at the
level of individual coefficients is one way to give meaning to high-dimensional
(p > n) regression, there are other structural assumptions that are natural in re-
gression, and which may provide additional leverage. For instance, in a hierar-
chical regression model, groups of regression coefficients may be required to be
zero or nonzero in a blockwise manner; for example, one might wish to include
a particular covariate and all powers of that covariate as a group [Yuan and Lin
(2006); Zhao, Rocha and Yu (2009)]. Another example arises when we consider
variable selection in the setting of multivariate regression: multiple regressions can
be related by a (partially) shared sparsity pattern, such as when there are an un-
derlying set of covariates that are “relevant” across regressions [Obozinski, Taskar
and Jordan (2010); Argyriou, Evgeniou and Pontil (2006); Turlach, Venables and
Wright (2005); Zhang et al. (2008)]. Based on such motivations, a recent line of
research [Bach, Lanckriet and Jordan (2004); Tropp (2006); Yuan and Lin (2006);
Zhao, Rocha and Yu (2009); Obozinski, Taskar and Jordan (2010); Ravikumar
et al. (2009)] has studied the use of block-regularization schemes, in which the £
norm is composed with some other £, norm (g > 1), thereby obtaining the €1 /¢,
norm defined as a sum of £, norms over groups of regression coefficients. The best
known examples of such block norms are the ¢ /£, norm [Turlach, Venables and
Wright (2005); Zhang et al. (2008)] and the £;/¢> norm [Obozinski, Taskar and
Jordan (2010)].

In this paper, we investigate the use of £1/£> block-regularization in the con-
text of high-dimensional multivariate linear regression, in which a collection of
K scalar outputs are regressed on the same design matrix X € R"*7. Represent-
ing the regression coefficients as an p x K matrix B*, the multivariate regression
model takes the form

4) Y=XB*+ W,

where Y € R"™*K and W € R"*K are matrices of observations and zero-mean
noise, respectively. In addition, we assume a hard-sparsity model for the regression
coefficients in which column & of the coefficient matrix B* has nonzero entries on
a subset

) Sei={i €{l,..., p} | B #0}

of size s; := |Sk|. In many applications it is natural to expect that the supports Sx
should overlap. In that case, instead of estimating the support of each regression
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separately, it might be beneficial to first estimate the set of variables which are
relevant to any of the multivariate responses and to estimate only subsequently the
individual supports within that set. Thus we focus on the problem of recovering the
union of the supports, namely the set S := ,le Sk, corresponding to the subset
of indices i € {1, ..., p} that are involved in at least one regression. We consider
a range of problems in which variables can be relevant to all, some, only one or
none of the regressions, and we investigate if and how the overlap of the individual
supports and the relatedness of individual regressions benefit or hinder estimation
of the support union.

The support union problem can be understood as the generalization of the prob-
lem of variable selection to the group setting. Rather than selecting specific com-
ponents of a coefficient vector, we aim to select specific rows of a coefficient ma-
trix. We thus also refer to the support union problem as the row selection problem.
We note that recovering S, although not equivalent to recovering each of the dis-
tinct individual supports S, addresses the essential difficulty in recovering those
supports. Indeed, as we show in Section 2.2, given a method that returns the row
support S with | S| <« p (with high probability), it is straightforward to recover the
individual supports Sy by ordinary least-squares and thresholding.

If computational complexity were not a concern, the natural way to perform row
selection for B* would be by solving the optimization problem

1
6 in {—||Y — XB||%+ A, ||B ,
©) arg min {0V = XBIG + 40l B, |
where B = (Bir)1<i<p,1<k<k 1s @ p X K matrix, the quantity [| - || denotes the

Frobenius norm,! and the “norm” || B| ¢o/t, counts the number of rows in B that
have nonzero £, norm. As before, the £y component of this regularizer yields a
nonconvex and computationally intractable problem, so that it is natural to consider
the relaxation

g ,
™ arg min {0V = XBIR 4+ 1al1Bl e, |

where ||B||gl/gq is the block ¢ /£, norm

p K 1/q )4
8) IBlle, e, :=Z(Z ,Bijq) = lIBillg-
i=1

i=1\j=1

The relaxation (7) is a natural generalization of the Lasso; indeed, it special-
izes to the Lasso in the case K = 1. For later reference, we also note that setting
g = 1 leads to the use of the £1/£1 block norm in the relaxation (7). Since this
norm decouples across both the rows and columns, this particular choice is equiv-
alent to solving K separate Lasso problems, one for each column of the p x K

I The Frobenius norm of a matrix A is given by [|AllF := \/m
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regression matrix B*. A more interesting choice is ¢ = 2, which yields a block
£1/£, norm that couples together the columns of B. Regularization with the £1 /¢,
norm is commonly referred to as the group Lasso in the setting of univariate re-
gression [Yuan and Lin (2006)]. We thus refer to £1/¢> regularization in the mul-
tivariate setting as the multivariate group Lasso. Note that the multivariate group
Lasso can be viewed as a special case of the group Lasso, in that it involves a
specific grouping of regression coefficients, but the multivariate setting brings new
statistical issues to the fore. As we discuss in Appendix B, the multivariate group
Lasso can be cast as a second-order cone program (SOCP). This is a family of
convex optimization problems that can be solved efficiently with interior point
methods [Boyd and Vandenberghe (2004)] and includes quadratic programs as a
particular case.

Some recent work has addressed certain statistical aspects of block-regulariza-
tion schemes. Meier, van de Geer and Biihlmann (2008) perform an analysis of
risk consistency with block-norm regularization. Bach (2008) provides an analy-
sis of block-wise support recovery for the kernelized group Lasso in the classical,
fixed p setting. In the high-dimensional setting, Ravikumar et al. (2009) studies the
consistency of block-wise support recovery for the group Lasso for fixed design
matrices, and their result is generalized by Liu and Zhang (2008) to block-wise
support recovery in the setting of general ¢/, regularization, again for fixed
design matrices. However, these analyses do not discriminate between various val-
ues of ¢, yielding the same qualitative results and the same convergence rates for
g =1 as for ¢ > 1. Our focus, which is motivated by the empirical observation
that the group Lasso and the multivariate group Lasso can outperform the ordinary
Lasso [Bach (2008); Yuan and Lin (2006); Zhao, Rocha and Yu (2009); Obozinski,
Taskar and Jordan (2010)], is precisely the distinction between ¢ = 1 and g > 1
(specifically g = 2). We note that in concurrent work Negahban and Wainwright
(2008) have studied a related problem of support recovery for the £1/{~ relax-
ation.

The distinction between ¢ = 1 and g = 2 is also significant from an optimiza-
tion-theoretic point of view. In particular, the SOCP relaxations underlying the
multivariate group Lasso (g = 2) are generally tighter than the quadratic program-
ming relaxation underlying the Lasso (¢ = 1); however, the improved accuracy
is generally obtained at a higher computational cost [Boyd and Vandenberghe
(2004)]. Thus we can view our problem as an instance of the general question
of the relationship of statistical efficiency to computational efficiency: does the
qualitatively greater amount of computational effort involved in solving the mul-
tivariate group Lasso always yield greater statistical efficiency? More specifically,
can we give theoretical conditions under which solving the generalized Lasso prob-
lem (7) has greater statistical efficiency than naive strategies based on the ordinary
Lasso? Conversely, can the multivariate group Lasso ever be worse than the ordi-
nary Lasso?
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With this motivation, this paper provides a detailed analysis of model selection
consistency of the multivariate group Lasso (7) with £ /£,-regularization. Statisti-
cal efficiency is defined in terms of the scaling of the sample size n, as a function
of the problem size p and of the sparsity structure of the regression matrix B*,
required for consistent row selection. Our analysis is high-dimensional in nature,
allowing both n and p to diverge, and yielding explicit error bounds as a function
of p. As detailed below, our analysis provides affirmative answers to both of the
questions above. First, we demonstrate that under certain structural assumptions
on the design and regression matrix B*, the multivariate group Lasso is always
guaranteed to outperform the ordinary Lasso, in that it correctly performs row se-
lection for sample sizes for which the Lasso fails with high probability. Second,
we also exhibit some problems (though arguably not generic) for which the mul-
tivariate group Lasso will be outperformed by the naive strategy of applying the
Lasso separately to each of the K columns, and taking the union of supports.

1.2. Our results. The main contribution of this paper is to show that under
certain technical conditions on the design and noise matrices, the model selection
performance of block-regularized ¢ /¢, regression (7) is governed by the sample
complexity function

. *Y o n

©) born P B = B log(p—s)”

where n is the sample size, p is the ambient dimension, s = | S| is the number of
rows that are nonzero and v (-) is a sparsity-overlap function. Our use of the term
“sample complexity” for 0y, /¢, reflects the role it plays in our analysis as the rate
at which the sample size must grow in order to obtain consistent row selection
as a function of the problem parameters. More precisely, for scalings (n, p, s, B*)
such that 6;, /¢, (n, p; B*) exceeds a fixed critical threshold 6, € (0, 4+-00), we show
that the probability of correct row selection by the £1 /£, multivariate group Lasso
converges to one, and conversely, for scalings such that 6y, /¢, (n, p; B¥) is below
another threshold 6, we show that the multivariate group Lasso fails with high
probability.

Whereas the ratio (log p)/n is standard for the high-dimensional theory of £;-
regularization, the function ¥ (B™*) is a novel and interesting quantity, one which
measures both the sparsity of the matrix B* as well as the overlap between the
different regressions, represented by the columns of B* [see equation (16) for the
precise definition of 1y (B*)]. As a particular illustration, consider the special case
of a univariate regression with K = 1, in which the convex program (7) reduces
to the ordinary Lasso (3). In this case, if the design matrix is drawn from the
standard Gaussian ensemble [i.e., X;; ~ N(0, 1), i.i.d.], we show that the sparsity-
overlap function reduces to ¥ (B*) = s, corresponding to the support size of the
single coefficient vector. We thus recover as a corollary a previously known re-
sult [Wainwright (2009b)]: namely, the Lasso succeeds in performing exact sup-
port recovery once the ratio n/[s log(p — s)] exceeds a certain critical threshold. At
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the other extreme, for a genuinely multivariate problem with K > 1 and s nonzero
rows, again for a standard Gaussian design, when the regression matrix is “suit-
ably orthonormal” relative to the design (see Section 2 for a precise definition),
the sparsity-overlap function is given by ¥ (B*) = s/K. In this case, £1 /£, block-
regularization has sample complexity lower by a factor of K relative to the naive
approach of solving K separate Lasso problems. Of course, there is also a range
of behavior between these two extremes, in which the gain in sample complexity
varies smoothly as a function of the sparsity-overlap ¥ (B*) in the interval [, s].
On the other hand, we also show that for suitably correlated designs, it is possible
that the sample complexity ¥ (B*) associated with £;/£, block-regularization is
larger than that of the ordinary Lasso (£1/€) approach.

The remainder of the paper is organized as follows. In Section 2, we provide a
precise statement of our main results (Theorems 1 and 2), discuss some of their
consequences and illustrate the close agreement between our theoretical results
and simulations. Sections 3 and 4 are devoted to the proofs of Theorems 1 and 2,
respectively, with the arguments broken down into a series of steps. More techni-
cal results are deferred to the appendices. We conclude with a brief discussion in
Section 5.

1.3. Notation. We collect here some notation used throughout the paper.
For a (possibly random) matrix M € RP*K we define the Frobenius norm
WMl F = (Zi’j mizj)l/z, and for parameters 1 <a < b < oo, the £, /£;, block norm
is defined as follows:

P K a/byl/a
(10) 1Mlle, e, = {Z(Z |mik|b) } :
i=1 \k=1
These vector norms on matrices should be distinguished from the (a, b)-operator
norms

(11) IMlla,p :== sup |IMx|q
lxllp=1

(although some norms belong to both families; see Lemma 7 in Appendix E). Im-
portant special cases of the latter include the spectral norm [|M]|||2,2 (also denoted
[IM]l2), and the £~-operator norm || M [|oo,c0 = Max;—1, ... p Zle |M;;|, denoted
M|l for short.

In addition to the usual Landau notation O and o, we write a,, = Q(b,) for
sequences such that 2—: = o(1). We also use the notation a,, = ®(b,,) if both a, =
O(by) and b, = O(ay) hold.

2. Main results and some consequences. The analysis of this paper consid-
ers the multivariate group Lasso estimator, obtained as a solution to the SOCP

) 1
12) arg min {%mY_XB“'%?‘F)WL”B”&/EQ}

BeRP*K
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for random ensembles of multivariate linear regression problems, each of the
form (4), where the noise matrix W € R"*X is assumed to consist of i.i.d. elements
Wij ~ N (O, o?). We consider random design matrices X with each row drawn in
an i.i.d. manner from a zero-mean Gaussian N (0, X), where ¥ > 0isa p x p
covariance matrix. Although the block-regularized problem (12) need not have a
unique solution in general, a consequence of our analysis is that in the regime of
interest, the solution is unique, so that we may talk unambiguously about the esti-
mated support S. The main object of study in this paper is the probability P[S = S,
where the probability is taken both over the random choice of noise matrix W and
random design matrix X. We study the behavior of this probability as elements of
the triplet (n, p, s) tend to infinity.

2.1. Notation and assumptions. More precisely, our main result applies to se-
quences of models indexed by (n, p(n), s(n)), an associated sequence of p x p
covariance matrices and a sequence {B*} of coefficient matrices with row support

(13) S:={i |8 #0}

of size |S| = s = s(n). We use S¢ to denote its complement (i.e., S¢ :=
{1,..., p}\S). We let

(14) min -= N | 8|2
ieS

correspond to the minimal ¢, row-norm of the coefficient matrix B* over its non-
zero rows. Given an observed pair (Y, X) from the model (4), the goal is to estimate
the row support S of the matrix B*.

We impose the following conditions on the covariance ¥ of the design matrix:

(A1) Bounded eigenspectrum: There exist fixed constants Cpj, > 0 and
Cmax < +00 such that all eigenvalues of the s x s matrix X gg are contained
in the interval [Cpmin, Cmaxl.

(A2) Irrepresentable condition: There exists a fixed parameter y € (0, 1] such that

IZse5(S55) oo < 1 — .

(A3) Self-incoherence: I(Zss) oo < Dmax for some Diax < +00.

The lower bound involving Cp;, in assumption (A1) prevents excess depen-
dence among elements of the design matrix associated with the support §; condi-
tions of this form are required for model selection consistency or £, consistency
of the Lasso. The upper bound involving Cpax in assumption (A1) is not needed
for proving success but only failure of the multivariate group Lasso. The irrep-
resentable condition and self-incoherence assumptions are also well known from
previous work on variable selection consistency of the Lasso [Meinshausen and
Biithlmann (2006); Tropp (2006); Zhao and Yu (2006)]. Although such assump-
tions are not needed in analyzing £, or risk consistency, they are known to be
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necessary for variable selection consistency of the Lasso. Indeed, in the absence of
such conditions, it is always possible to make the Lasso fail, even with an arbitrar-
ily large sample size. [See, however, Meinshausen and Yu (2009) for methods that
weaken the irrepresentable condition.] Note that these assumptions are trivially
satisfied by the standard Gaussian ensemble ¥ = I, with Cppip = Ciax = 1,
Dmax =1 and y = 1. More generally, it can be shown that various matrix classes
(e.g., Toeplitz matrices, tree-structured covariance matrices, bounded off-diagonal
matrices) satisfy these conditions [Meinshausen and Biihlmann (2006); Zhao and
Yu (2006); Wainwright (2009b)].

We require a few pieces of notation before stating the main results. For an
arbitrary matrix Bg € R**X with ith row B € R'*KX, we define the matrix
¢ (Bs) € R**K with ith row

Bi
15 i) = ,
(15) $) =1

when B; # 0, and we set ¢(8;) = 0 otherwise. With this notation, the sparsity-
overlap function is given by

(16) Y (B) := lI¢(Bs)T (Zs5) "' ¢(Bs)ll2,

where || - [|> denotes the spectral norm. We use this sparsity-overlap function to
define the sample complexity parameter, which captures the effective sample size

(17) 9@1/32(}1’ p; B*) =

n
29/ (B*)log(p —s)

In the following two theorems, we consider a random design matrix X drawn
with i.i.d. N(0, ) row vectors, where X satisfies assumptions (A1)—(A3), and an
observation matrix Y specified by model (4). In order to capture dependence in-

duced by the design covariance matrix, for any positive semidefinite matrix Q > 0,
we define the quantities

(18a) pe(Q) i=%1i1;2}1[Qii+ij—2Qij]
and
(18b) Pu(Q) == max Qii.

We note that by definition, we have p;(Q) < p,(Q) whenever Q > 0. Our bounds
are stated in terms of these quantities as applied to the conditional covariance ma-
trix

-1
Ygese)s = Lgege — Uses(Xgs) ™ Xsse.
Our first result is an achievability result, showing that the multivariate group

Lasso succeeds in recovering the row support and yields consistency in £, /€>
norm. We state this result for sequences of regularization parameters A, =
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,/%, where f(p) — T is any function such that A, — 0. We also
p——+00

assume that n is sufficiently large such that s/n < 1/2.

THEOREM 1. Suppose that we solve the multivariate group Lasso with speci-
fied regularization parameter sequence X, for a sequence of problems indexed by
(n, p, B*, X) that satisfy assumptions (A1)—(A3), and such that, for some v > 0,

n Pu(Egese|s)
19 0 n, p; B*) = >14+v)————.
(19) 016, (n, p; BY) 29 (B log(p —s) ( ) 5
Then for universal constants c; > 0 (i.e., independent of n, p, s, B*, X), with prob-
ability greater than 1 — cy exp(—c3 K logs) — coexp(—ci log(p —s)), the following
statements hold:

(a) The multivariate group Lasso has a unique solution B with row support S(B)
that is contained within the true row support S(B*), and moreover satisfies the

bound

—~ 8K log s 6X, |52
20 B — B* <. )———4+ AyDmax + —.
( ) ” ||€oo/€2 = Cminn n Pmax Cmin n
p(,8,0n)
(b) Ubr{m = o(1), the estimate of the row support, S(E) ={ie{l,..., p}| B\, +

0}, specified by this unique solution is equal to the row support set S(B*) of
the true model.

Note that the theorem is naturally separated into two distinct but related claims.
Part (a) guarantees that the method produces no false inclusions and, moreover,
bounds the maximum £,-error across the rows. Part (b) requires some additional
assumptions—namely, the restriction bf — = o(1) ensuring that the error p is of

min

lower order than the minimum £;-norm b;;in across rows—but also guarantees the
stronger result of no false exclusions as well, so that the method recovers the row
support exactly. Note that the probability of these events converges to one only if
both (p — s) and s tend to infinity, which might seem counter-intuitive initially
(since problems with larger support sets s might seem harder). However, as we
discuss at the end of Section 3.3, this dependence can be removed at the expense
of a slightly slower convergence rate for || B — B* o /s

Our second main theorem is a negative result, showing that the multivariate
group Lasso fails with high probability if the rescaled sample size 6, /¢, is below a
critical threshold. In order to clarify the phrasing of this result, note that Theorem 1
can be summarized succinctly as guaranteeing that there is a unique solution B
with the correct row support that satisfies || B—B*|| too/t, = 0(br. ). The following
result shows that such a guarantee cannot hold if the sample size n scales too
slowly relative to p, s and the other problem parameters.
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THEOREM 2. Consider problem sequences indexed by (n, p, B*, ) that sat-
isfy assumptions (A1)-(A2), and with minimum value by such that br’;inz =
Q(lo%), and suppose that we solve the multivariate group Lasso with any pos-
itive regularization sequence {A,}. Then there exist v > 0 and universal constants

¢i > 0 such that if the sample size is lower bounded as

n (- U),Oe(ESqus)
2y (B*)log(p —s) 2-y)? "’

0¢,/¢,(n, p; B*) =
then with probzbility greater than 1 — coexp{—c min(%, %‘ log(p — s))}, there
is no solution B of the multivariate group Lasso that has the correct row support
and satisfies the bound |B — B*|l¢y /e, = 0(b. ).

The proof of this claim is provided in Section 4. We note that information-
theoretic methods [Wainwright (2009a)] imply that no method (including the mul-
tivariate group Lasso) can perform exact support recovery unless n/s — +00, so
that the probability given in Theorem 2 converges to one under the given condi-
tions. Note that Theorems 1 and 2 in conjunction imply that the rescaled sam-
ple size 0y, ¢, (n, p; B*) = W captures the behavior of the multivariate
group Lasso for support recovery and estimation in block ¢+, /€2 norm. For the
special case of random design matrices drawn from the standard Gaussian ensem-
ble (i.e., ¥ = Ixp), the given scalings are sharp:

COROLLARY 1. For the standard Gaussian ensemble, the multivariate group
Lasso undergoes a sharp threshold at the level 6y, 0, (n, p, B*) = 1. More specifi-
cally, for any § > 0:

(a) For problem sequences (n, p, B*) such that 0y, /¢, (n, p, B*) > 148, the mul-
tivariate group Lasso succeeds with high probability.

(b) Conversely, for sequences such that 0y, /¢, (n, p, B*) <1 — 8, the multivariate
group Lasso fails with high probability.

PROOF. In the special case ¥ = I}« p, it is straightforward to verify that all
the assumptions are satisfied: in particular, we have Cpinp = Cmax = 1, Dmax = 1
and y = 1. Moreover, a short calculation shows that p, (1) = p¢(I) = 1. Conse-
quently, the thresholds given in the sufficient condition (19) and the necessary
condition (21) are both equal to one. [l

2.2. Efficient estimation of individual supports. The preceding results address
exact recovery of the support union of the regression matrix B*. As demonstrated
by the following procedure and the associated corollary of Theorem 1, once the
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row support has been recovered, it is straightforward to recover the individual sup-
ports of each column of the regression matrix via the additional steps of performing
ordinary least squares and thresholding.

Efficient multi-stage estimation of individual supports:

(1) estimate the support union with S, the support union of the solution B of the
multivariate group Lasso;
(2) compute the restricted ordinary least squares (ROLS) estimate,

1) By :=argmin||Y — XBgllr
N

for the restricted multivariate problem; N
(3) compute the matrix 7'(B;) obtained by thresholding B at the level
2log(K|S))
2 Crminnt
T(B S')

, and estimate the individual supports by the nonzero entries of

The following result, which is proved in Appendix A, shows that under the
assumptions of Theorem 1, the additional post-processing applied to the support
union estimate will recover the individual supports with high probability:

COROLLARY 2. Under assumptions (A1)—-(A3) and the additional assump-
tions of Theorem 1, if for all individual nonzero coefficients B,i € S,1 <

k < K, we have |B}| > 2,/410“5#, then with probability greater than 1 —
O(exp(—coK logs)) the above two-step estimation procedure recovers the indi-
vidual supports of B*.

2.3. Some consequences of Theorems 1 and 2. We begin by making some
simple observations about the sparsity-overlap function.

LEMMA 1. (a) For any design satisfying assumption (Al), the sparsity-
overlap vy (B*) obeys the bounds

(22)

<Y(B") <
CmaxK leIl

() if Tss = Iyxs, and if the columns (Z®*) of the matrix Z* = ¢ (B*) are or-
thogonal, then the sparsity-overlap function is ¥ (B*) = maxx=1, .k |Z (k)*||%.
The proof of this claim is provided in Appendix C. Based on this lemma, we

now study some special cases of Theorems 1 and 2. The simplest special case is

the univariate regression problem (K = 1), in which case the quantity ¢(8*) [as
defined in equation (15)] simply yields an s-dimensional sign vector with elements

z; = sign(B;"). [Recall that the sign function is defined as sign(0) = 0, sign(x) =1
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if x > 0 and sign(x) = —1 if x < 0.] In this case, the sparsity-overlap function
is given by ¥ (8*) = T (Zg5)71z*, and as a consequence of Lemma 1(a), we
have ¥ (B*) = ©(s). Consequently, a simple corollary of Theorems 1 and 2 is
that the Lasso succeeds once the ratio n/(2s log(p — s)) exceeds a certain critical
threshold, determined by the eigenspectrum and incoherence properties of %, and
it fails below a certain threshold. This result matches the necessary and sufficient
conditions established in previous work on the Lasso [Wainwright (2009b)].

We can also use Lemma 1 and Theorems 1 and 2 to compare the performance
of the multivariate group Lasso to the following (arguably naive) strategy for row
selection using the ordinary Lasso.

Row selection using ordinary Lasso:

(1) Apply the ordinary Lasso separately to each of the K univariate regression
problems specified by the columns of B*, thereby obtaining estimates 8% for
k=1,....K.

(2) For k=1, ..., K, estimate the support of individual columns via §k = {i |
B #0).

(3) Estimate the row support by taking the union: S = U ,{;1 Sk.

To understand the conditions governing the success/failure of this procedure, note

that it succeeds if and only if for each nonzero row i € § = Uf: 1 Sk, the variable

B\l.(k) is nonzero for at least one k, and for all j € S¢ ={1, ..., p}\S, the variable

B
know that for 6, =

B =0 for all k = 1,..., K. From our understanding of the univariate case, we

b .
w, the condition

(23)  nz26, max ¥ (BE9) log(p — sx) = 26, max_ ¥ (B 9) log(p — 5)

.....

is sufficient to ensure that the ordinary Lasso succeeds in row selection. Con-

pe(Egesels)

versely, for 8y = , if the sample size is upper bounded as

2-y)?
n <20, max ¥ (BiP)log(p —s),
k=1,...K
then there will exist some j € S¢ such for at least one k € {1, ..., K}, there holds
B%.k) # 0 with high probability, implying failure of the ordinary Lasso.

J
A natural question is whether the multivariate group Lasso, by taking into ac-

count the couplings across columns, always outperforms (or at least matches) the
naive strategy. The following result, proven in Appendix D, shows that if the de-
sign is uncorrelated on the support, then indeed this is the case.

COROLLARY 3 (Multivariate group Lasso versus ordinary Lasso). Assume
Yss = Isxs. Then for any multivariate regression problem, row selection using
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the ordinary Lasso strategy requires, with high probability, at least as many sam-
ples as the £1 /4> multivariate group Lasso. In particular, the relative efficiency of
multivariate group Lasso versus ordinary Lasso is given by the ratio

maxi=1....k Y (5 ) log(p —s1) _
¥ (B§)log(p ) -

(24)

We consider the special case of identical regressions, for which a result can be
stated for any covariance design and the case of “orthonormal” regressions which
illustrates Corollary 3.

EXAMPLE 1 (Identical regressions). Suppose that B* := ,B*IIT{—that is, B*
consists of K copies of the same coefficient vector f* € R”, with support of car-
dinality |S| = s. We then have [{(B*)];; = sign(,Bl-*)/\/f, from which we see that
Y (B*) = z*T (Zg5)~'z*, with z* being an s-dimensional sign vector with ele-
ments z7 = sign(B;). Consequently, we have the equality ¥ (B*) = ¥ (8*), so that
under our analysis there is no benefit in using the multivariate group Lasso relative
to the strategy of solving separate Lasso problems and constructing the union of
individually estimated supports. This behavior may seem counter-intuitive, since
under the model (4) we essentially have Kn observations of the coefficient vector
B* with the same design matrix but K independent noise realizations, which could
help to reduce the effective noise variance from o> to o2/K if the fact that the
regressions are identical is known. It must be borne in mind, however, that in our
high-dimensional analysis the noise variance does not grow as the dimensionality
grows, and thus asymptotically the noise is dominated by the interference between
the covariates, which grows as (p —s). It is thus this high-dimensional interference
that dominates the rates given in Theorems 1 and 2.

In contrast to this pessimistic example, we now turn to the most optimistic ex-
treme:

EXAMPLE 2 (“Orthonormal” regressions). Suppose that X5 = I5x and (for
s > K) suppose that B* is constructed such that the columns of the s x K matrix

¢ (B*) are orthogonal and with equal norm (which implies their norm equals \/% ).

Under these conditions, we claim that the sample complexity of multivariate group
Lasso is smaller than that of the ordinary Lasso by a factor of 1/K . Indeed, using
Lemma 1(b), we observe that

K
k=1

because Z*Z*T € R*** is the Gram matrix of s unit vectors in R¥ and its diagonal
elements are therefore all equal to 1. Consequently, the multivariate group Lasso
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recovers the row support with high probability for sequences such that
n

> 1
2(s/K)log(p —s)

which allows for sample sizes K times smaller than the ordinary Lasso approach.

Corollary 3 and the subsequent examples address the case of uncorrelated de-
sign (Xg5s = I;xs) on the row support S, for which the multivariate group Lasso
is never worse than the ordinary Lasso in performing row selection. The follow-
ing example shows that if the supports are disjoint, the ordinary Lasso has the
same sample complexity as the multivariate group Lasso for uncorrelated design
Y.gs = I;xs, but can be better than the multivariate group Lasso for designs Xgg
with suitable correlations:

COROLLARY 4 (Disjoint supports). Suppose that the support sets Sy of indi-
vidual regression problems are disjoint. Then for any design covariance Xgs, we
have

(25) max ¥ (54") Q2 Zw (BL").

1<

PROOF. First note that, since all supports are disjoint, Z( = = sign(B},),
so that ng)* =¢ (,Bfgk)*). Inequality (b) is then immediate because we have
|||Z§T EESI Z5llz < tr(ZgiTEESI Z3). To establish inequality (a), we note that

Y(B*)=  max xTZ§T2551 Zx > max e,{Z§TE§;Z§ek
xeRK:|x| <1 1<k<K

0+ 1 ()%
> Z Yoo lo .
—IISI}{*;XK S SS4s 0

A caveat in interpreting Corollary 4, and more generally in comparing the per-
formance of the ordinary Lasso and the multivariate group Lasso, is that for a gen-
eral covariance matrix Xgg, assumptions (A2) and (A3) required by Theorem 1
do not induce the same constraints on the covariance matrix > when applied to
the multivariate problem as when applied to the ind]ividual regressions. Indeed, in
the latter case, (A2) would require maxy ||| X SE S EEk St lloo <1—1y and (A3) would
require maxy | EE}(ISk lloo < Dmax. Thus (A3) is a stronger assumption in the multi-
variate case but (A2) is not.

We illustrate Corollary 4 with an example.

EXAMPLE 3 (Disjoint support with uncorrelated design). Suppose that
Yss = I;xs, and the supports are disjoint. In this case, we claim that the sample
complexity of the £1 /£, multivariate group Lasso is the same as the ordinary Lasso.
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If the individual regressions have disjoint support, then Z5 = ¢ (B%) has only a sin-
gle nonzero entry per row and therefore the columns of Z* are orthogonal. More-

over, Z}, = sign(,Bi(k)*). By Lemma 1(b), the sparsity-overlap function (B*) is
equal to the largest squared column norm. But || Z®*||> = I sign(,Bi(k)*)2 = S%.
Thus, the sample complexity of the multivariate group Lasso is the same as the or-
dinary Lasso in this case.?

Finally, we consider an example that illustrates the effect of correlated designs:

EXAMPLE 4 (Effects of correlated designs). To illustrate the behavior of the
sparsity-overlap function in the presence of correlations in the design, we consider
the simple case of two regressions with support of size 2. For parameters ¢ and
¥ € [0, 7] and u € (—1, +1), consider regression matrices B* such that B* =
¢(BY) and

w _ [ cos(P1) sin(d1) 1 n
(26) ;(BS)_[COS(M Sin(ﬂz)} and Ess—[ﬂ 1]_

Setting M* = ;(B§)TE§SI§(B§), a simple calculation shows that

tr(M*) =2(1 + ucos(9y — 92)) and  det(M*) = (1 — u?) sin(9] — 92)?,
so that the eigenvalues of M* are

ut =1+ w(l+cos(@ —2)) and p~ = (1—p)(l —cos(¥ — %)),

and ¥ (B*) =max(u™, ™). On the other hand, with
_— (1)sy _ sign(cos(ﬁl))) - @)%y _ <sign(sin(15‘1))>
a=eF) = (sign(cos(ﬁg)) and 22 =¢(B) = Gan(sin(oa))

we have
‘ﬁ(ﬁ(l)*) — E{EES!ZI — 1{COS(Z91)7EO} + 1{008(192)#0} —+ 2/,L Sign(COS(ﬂl) COS(ﬁZ)),
Y (BD%) =28 25470 = Vsin()20) + Lisinwa)0) + 24 sign(sin(1) sin(92)).

Figure 1 provides a graphical comparison of these sample complexity functions.
The function ¥ (B*) = max(y (81*), ¥ (B®*)) is discontinuous on S = LY/BY
RUR x %Z, and, as a consequence, so is its difference with v (B*). Note that, for
fixed ¥ or fixed ,, some of these discontinuities are removable discontinuities
of the induced function on the other variable, and these discontinuities therefore

2In making this assertion, we are ignoring any difference between log(p — s¢) and log(p — s),
which is valid, for instance, in the regime of sublinear sparsity, when s;/p — O and s/p — 0.
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w(B") U(B) = max(p(17), 9 (827))  max(0,$(B") - $(B")

-4 o o

00 00 0o

FiG. 1. Comparison of sparsity-overlap functions for €1/€, and the Lasso. For the pair
%(ﬂl , U2), we represent in each row of plots, corresponding respectively to . = 0 (top), 0.9 (mid-

dle) and —0.9 (bottom), from left to right, the quantities: ¥ (B*) (left), max(y (B(V*), v (BP*))
(center) and max(0, ¥ (B*) — max(y (BV*), w(BD*))) (right). The latter indicates when the in-
equality ¥ (B*) < max(¥ (BD%), ¥ (8@*)) does not hold and by how much it is violated.

create needles, slits or flaps in the graph of the function . Denote by Rt and R~
the sets

RT = {(¥1, 92)| min[cos(I1) cos(P2), sin(I1) sin(2)] > 0},
R~ ={(¥, ¥7)| max[cos(¥) cos(1}7), sin(};) sin(P,)] < 0}

on which v (B*) reaches its minimum value when x> 0.5 and u < 0.5, respec-
tively (see middle and bottom center plots in Figure 4). For u = 0, the top center
graph illustrates that v (B*) is equal to 2 except for the cases of matrices B§ with
disjoint support, corresponding to the discrete set D = {(k5, (k £1)7%), k € Z} for
which it equals 1. The top rightmost graph illustrates that, as shown in Corollary 3,
the inequality always holds for an uncorrelated design. For u > 0, the inequality
¥ (B*) < max(y (BV*), y(BP*)) is violated only on a subset of S U R™; and
for ;< 0, the inequality is symmetrically violated on a subset of S U R™ (see
Figure 4).



18 G. OBOZINSKI, M. J. WAINWRIGHT AND M. I. JORDAN

2.4. Illustrative simulations. In this section, we present the results of simula-
tions that illustrate the sharpness of Theorems 1 and 2, and furthermore demon-
strate how quickly the predicted behavior is observed as elements of the triple
(n, p, s) grow in different regimes. We explore the case of two regressions (i.e.,
K = 2) which share an identical support set S with cardinality |S| = s in Sec-
tion 2.4.1 and consider a slightly more general case in Section 2.4.3.

2.4.1. Threshold effect in the standard Gaussian case. The first set of experi-
ments was designed to reveal the threshold effect predicted by Theorems 1 and 2.
The design matrix X is sampled from the standard Gaussian ensemble, with i.i.d.
entries X;; ~ N(0, 1). We consider two types of sparsity:

e logarithmic sparsity, where s = o log(p), for « =2/log(2), and
e linear sparsity, where s = ap, foraa =1/8

for various ambient model dimensions p € {16, 32, 64,256,512, 1024}. For a
given triplet (n, p, s), we solve the block-regularized problem (12) with the reg-
ularization parameter A, = /log(p — s)(logs)/n. For each fixed (p, s) pair, we
measure the sample complexity in terms of a parameter 6, in particular letting n =
6slog(p —s) for 6 € [0.25, 1.5]. We let the matrix B* € RP*? of regression coeffi-
cients have entries /3;;. in {—1/+/2, 1//2}, choosing the parameters to vary the an-
gle between the two columns, thereby obtaining various desired values of 1 (B*).
Since ¥ = I, for the standard Gaussian ensemble, the sparsity-overlap func-
tion ¥ (B*) is simply the maximal eigenvalue of the Gram matrix ;(B;)Tg(B@.
Since |/3;"j| = 1/+/2 by construction, we are guaranteed that Bf = ¢(B3), that the
minimum value b;;in = 1, and, moreover, that the columns of ;(B;“) have the same
Euclidean norm.

To construct parameter matrices B* that satisfy |/3;;-| = 1/+/2, we choose both
p and the sparsity scalings so that the obtained values for s are multiples of four.
We then construct the columns ZMW* and Z®* of the matrix B* = ¢(B*) from
copies of vectors of length four. Denoting by ® the usual matrix tensor product,
we consider the following 4-vectors:

Identical regressions: We set Z()* = z(2* — %T s, S0 that the sparsity-overlap
function is ¥ (B*) = s.

Orthonormal regressions: Here B* is constructed with zZW* | 7@* g0 that
¥ (B*) = 5, the most favorable situation. In order to achieve this orthonormal-

ity, we set Z(D* = %L and Z@* = %is/z ® (1, -7,

Intermediate angles: In this intermediate case, the columns Z (D% and Z@=* are
at a 60° angle, which leads to ¥ (B*) = %s. Specifically, we set Z(D* = 12 I

NG
and Z@* = %15/4@) (1,1,1,-D7.

Figure 2 shows plots for linear sparsity (left column) and logarithmic sparsity
(right column) in all three cases and where the multivariate group Lasso was used
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FI1G. 2. Plots of support union recovery probability, P[S = S], versus the control parameter
0 =n/[2slog(p — s)] for two different types of sparsity: linear sparsity in the left column (s = p/8)
and logarithmic sparsity in the right column (s = 210og,(p)). The first three rows are based on using
the multivariate group Lasso to estimate the support for the three cases of identical regression, in-
termediate angles and orthonormal regressions. The fourth row presents results for the Lasso in the
case of identical regressions.



20 G. OBOZINSKI, M. J. WAINWRIGHT AND M. I. JORDAN

p=256 s=p/8=32 p=1024 s=p/8=128

17 1
=0.8f =0.8f
3 ]
8 0.6 S 0.6
g H
204 20.4;
2 2
g2 .2

% 0.5 1 1.5 % 0.5 1 1.5

0 0
p=256 s=2 Iogz(p)=16 p=1024 s=2 Iogz(p)=20

17 17
:9: 0.8} § 0.8}
8 0.6 8 0.6
S S
504 20.4/
2 2
a 0.2 a 0.2

0o 0.5 1 15 00 05 1 15

0 0

F1G. 3. Plots of support recovery probability, P[S = S], versus the control parameter
6 =n/[2slog(p — s)] for two different type of sparsity: logarithmic sparsity on top (s = O(log(p)))
and linear sparsity on bottom (s = ap), and for increasing values of p from left to right. The noise
level is set at o = 0.1. Each graph shows four curves (black, red, green, blue) corresponding to the
case of independent €| regularization, and, for £ /€y regularization, the cases of identical regres-
sion, intermediate angles and orthonormal regressions. Note how curves corresponding to the same
case across different problem sizes p all coincide, as predicted by Theorems 1 and 2. Moreover, con-
sistent with the theory, the curves for the identical regression group reach P[S=S1~050ar0~1,
whereas the orthonormal regression group reaches 50% success substantially earlier.

(top three rows), as well as the reference Lasso case for the case of identical re-
gressions (bottom row). Each panel plots the success probability, P[S = ], versus
the rescaled sample size 8 = n/[2slog(p — s)]. Under this rescaling, Theorems 1
and 2 predict that the curves should align, and that the success probability should
transition to 1 once 6 exceeds a critical threshold (dependent on the type of en-
semble). Note that for suitably large problem sizes (p > 128), the curves do align
in the predicted way, showing step-function behavior. Figure 3 plots data from the
same simulations in a different format. Here the top row corresponds to logarithmic
sparsity, and the bottom row to linear sparsity; each panel shows the four different
choices for B*, with the problem size p increasing from left to right. Note how
in each panel the location of the transition of P[S = ] to one shifts from right to
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left, as we move from the case of identical regressions to intermediate angles to
orthogonal regressions.

2.4.2. Threshold effect with Toeplitz covariance matrices. The simulations in
the previous section involved the standard Gaussian design matrix; in this section,
we explore the behavior for design matrices with some dependence structure. In
particular, we report results for random designs with rows drawn from a Gaussian
with Toeplitz covariance matrix of the form ¥ = (ol =/, j<p-» for some pa-
rameter p € [0, 1). Zhao and Yu (2006) have shown that such Toeplitz matrices
satisfy the irrepresentable conditions required for support consistency. As with
our experiments in the standard Gaussian case, we consider the same two regimes
(linear and logarithmic), using the same families of regression matrices B* and
the same noise level. We select the support of the regression matrices as a random
subset of the p covariates of size s, and draw the design matrices from the Toeplitz
ensemble p = (0.5. For each pair (s, p), we consider a number of observations of
the form n = 260s log(p) for 6 € [0.25, 4].

Figure 4 is the analog of the previously shown Figure 3: for problems with ran-
dom designs from the Toeplitz ensemble, it plots the support recovery probabil-
ity P[§= S] versus the control parameter 8 = n/[2slog(p — s)] for two different
types of sparsity—Ilogarithmic sparsity on top (s = O(log(p))) and linear sparsity
on bottom (s = ap). The four curves (black, red, green, blue) corresponding to
the case of independent £ regularization, and, for €1 /¢, regularization, the cases
of identical regression, intermediate angles and orthonormal regressions. Qualita-
tively, note that we observe the same type of transitions as in the standard Gaussian
case; moreover, the curves shift from right to left as the angles between the regres-
sion columns vary from orthogonal to identical.

2.4.3. Empirical threshold values. In this experiment, we aim at verifying
more precisely the location of the €1 /¢, threshold as the regression vectors vary
continuously from identical to orthogonal with equal length. We consider the case
of matrices B* of size s x 2 for s even. In Example 4 of Section 2.3, we character-
ized the value of ¥ (B*) when B* is a 2 x 2 matrix.

In order to generate a family of regression matrices with smoothly varying
sparsity-overlap function consider the following 2 x 2 matrix:

1 1

@7 Biwy=| Y2 V2

(+e) on(3+e)
COS4 o sm4 o

Note that « is the angle between the two rows of Bj(«) in this setup. Note, more-
over, that the columns of Bj(«) have varying norm.
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Fi1G. 4. Plots of support recovery probability, P[S=S], versus the control parameter
60 = n/[2slog(p — s)] when the covariance matrix is a Toeplitz matrix with parameter p = 0.5,
for the same protocol as described in Figure 3.

We use this base matrix to define the following family of regression matrices
B; c RS %2.

(28) By = {Blsw) —1,,®Bi(@).a € [o, %“

For a design matrix drawn from the standard Gaussian ensemble, the analysis of
Example 4 in Section 2.3 extends naturally to show that the sparsity-overlap func-
tion is ¥ (Bs1 () = %(1 + | cos(@)|). Moreover, as we vary « from 0 to %, the two
regressions vary from identical to orthonormal and the sparsity-overlap function
decreases from s to 3.

We fix the problem size p = 2048 and sparsity s = log,(p) = 22. For each value
of @ € [0, 7], we generate a matrix from the specified family and angle. We then
solve the multivariate group Lasso optimization problem (12) with sample size
n =20slog(p — s) for a range of values of 6 in [0.25, 1.5]; for each value of 6,
we repeat the experiment (generating random design matrix X and observation
matrix Y each time) over T = 500 trials. Based on these trials, we then estimate
the value of 6509, for which the exact support is retrieved at least 50% of the time.
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FI1G. 5. Plots of the Lasso sample complexity 6 = n/[2slog(p — s)] for which the probability of
support union recovery exceeds 50% empirically as a function of | cos()| for £1-based recovery and
£1/€y-based recovery, where o is the angle between VALY WAC for the family B1. We consider
the two following methods for performing row selection: Ordinary Lasso (£1, green triangles) and
multivariate group Lasso (blue circles).

Since ¥ (B*) = Ms, our theory predicts that if we plot 0509, versus | cos(o)],
the plot should lie on or below the straight line M We also perform the
same experiments for row selection using the ordinary Lasso and plot the resulting
estimated thresholds on the same axes.

The results are shown in Figure 5. Note first that the curve obtained for §gl /6
(blue circles) coincides roughly with the theoretical prediction, w (black
dashed diagonal) as regressions vary from orthogonal to identical. Moreover, the
estimated 6509, of the ordinary Lasso remains above 0.9 for all values of «, close
to the theoretical value of 1. However, the curve obtained is not constant, but is
roughly sigmoidal with a first plateau close to 1 for cos(x) < 0.4 and a second
plateau close to 0.9 for cos(«) > 0.5. The latter coincides with the empirical value
of 0sp¢, for the univariate Lasso for the first column ,3(1)* (not shown). There
are two reasons why the value of 650¢ for the ordinary Lasso does not match
the prediction of the first-order asymptotics: first, for « = 7 [corresponding to
cos(ar) = 0.7], the support of f®* is reduced by one half and therefore its sample
complexity is decreased in that region. Second, the supports recovered by individ-
ual Lassos for gV* and ®* vary from uncorrelated when o = 7 to identical
when o = 0. It is therefore not surprising that the sample complexity is the same
as a single univariate Lasso for cos(«) large and higher for cos(«) small, where
independent estimates of the support are more likely to include, by union, spurious
covariates in the row support.
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3. Proof of Theorem 1. In this section, we provide the proof of Theorem 1,
which gives sufficient conditions for success of the multivariate group Lasso. Sub-
sequently, in Section 4, we provide the proof for the necessary conditions as given
in Theorem 2. For the convenience of the reader, we begin by recapitulating the
notation to be used throughout both of these arguments:

e The sets S and S are a partition of the set of columns of X, such that |S| =,
|Sl=p —s.

e The design matrix is partitioned as X = [XgXsc], where X5 € R"*¥ and Xgc €
Rx(p—s)

e The regression coefficient matrix is also partitioned as B* = [ gfo ], with

t e R*K and B =0 e RP=*K We use B to denote the ith row of B*.

e The regression model is given by ¥ = XB* + W, where the noise matrix

W e R"*K has i.i.d. N(0, o2) entries.

e The matrix Z§ = ¢ (B} ) € R**X has rows ZF=¢(BF) = e RX.

IIﬁ*Hz

3.1. High-level proof outline. At a high level, the proof is based on the notion
of a primal-dual witness: we construct a primal matrix B along with a dual matrix
Z such that:

(a) the pair (E , 7 ) together satisfy the Karush—Kuhn-Tucker (KKT) conditions
associated with the second-order cone program (12), and

(b) this solution certifies that the multivariate group Lasso recovers the union of
supports S.

For general high-dimensional problems (with p >> n), the multivariate group Lasso
of (12) need not have a unique solution; however, a consequence of our theory is
that the constructed solution B is the unique optimal solution under the conditions
of Theorem 1.

We begin by noting that the block-regularized problem (12) is convex, and not
differentiable for all B. In particular, denoting by g; the ith row of B, the subdif-
ferential of the £1/£,-block norm over row i takes the form

B ) -
if B; #£0,
) [1Bleel =1 1AL bi#
Z; such that || Z;]]» <1, otherwise.

We define the empirical covariance matrix

~ 1
(30) 3= —XTX = x; x!
2

where X; is the ith row of X. (This definition is natural under our standing assump-
tion of zero mean for the variables X;; note, however, that our proofs extend readily
to the case of nonzero mean, in which case we would center the variables and use
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the usual definition of the empirical covariance matrix.) We also make use of the
shorthand g5 = X7 X5 and Sgeg = 1 X7 X as well as g = Xs(Es5) 7' XL
to denote the projector on the range of X.

At the core of our constructive procedure is the following convex-analytic result,
which characterizes an optimal primal—dual pair for which the primal solution B
correctly recovers the support set S:

LEMMA 2. Suppose that there exists a primal-dual pair (B, Z) that satisfies
the conditions

(31a) Zs = ¢(By),
~ - =~ 1
(31b) —tnZs = Ss5(Bs — Bs) — = X5 W,
n

< Ay,

1
Glo) Al Zsellew ey = HES(ABS—BS)— vl
oo/t2

(314d) Bse = 0.

Then A(B; Z)isa primal—dual optimal solution to the block-regularized problem,
with S(B) = S by construction. If Xgs > 0, then B is the unique optimal primal
solution.

See Appendix B for the proof of this claim. Based on Lemma 2, we proceed to
construct the required primal—-dual pair (B, Z) as follows. First, we set Bsc =0,
so that condition (31d) is satisfied. Next, we specify the pair (Bs, Zs) by solving
the following restricted version of the SOCP (12):

(2]

1
(32) Bgzarg min {
Oge

2
min {5 Al Bl o)

Since s < n, the empirical covariance (sub)matrix ) 5§ = %X gX s is strictly posi-
tive definite with probability one, which implies that the restricted problem (32) is
strictly convex and therefore has a unique optimum Bs. We then choose Zs to be
the solution of equation (31b). Since any such matrix Zs is also a dual solution to
the restricted SOCP (32), it must be an element of the subdifferential o || B sllee,-

It remains to show that this construction satisfies conditions (31a) and (31c¢). In
order to satisfy condition (31a), it suffices to show that no row of the solution §5
is identically zero. From equation (31b) and using the invertibility of the empirical
covariance matrix fgg, we may solve as follows:

_ - xT
(33) (Bs — BY) = <Ess>—1[ s

w ~
— A ZS:| =:Ug.
Note that for any row i € S, by the triangle inequality, we have
1Bill2 = 187 Iz = | Usl -
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Therefore, in order to show that no row of ES is identically zero, it suffices to show
that the event

(34) EWs) = {IUsllewser < 5biiin)

occurs with high probability [recall from equation (14) that the parameter bmm
measures the minimum ¢-norm of any row of Bg]. We establish this result in
Section 3.3.

Turning to condition (31c), by substituting expression (33) for the difference
(ES — BY) into equation (31c), we obtain a (p — s) x K random matrix Vge, with
rows indexed by S¢. For any index j € §¢, the corresponding row vector V; € RX
is given by

w Xg ~ i~
(35) V=X (Mg = 1 =3, =2 8597 25 ).

In order for condition (31c) to hold, it is necessary and sufficient that the probabil-
ity of the event

(36) EWVse) :={lIVscllew st < An}
converges to one as n tends to infinity. Consequently, the remainder (and bulk) of

the proof is devoted to showing that the probabilities P[£(Ug)] and P[€ (Vsc)] both
converge to one under the specified conditions.

3.2. Analysis of £E(Vsc): Correct exclusion of nonsupport. In this section, we
prove the first claim of Theorem 1(a), namely that rows not in the support are al-
ways excluded. For simplicity, in the following arguments, we drop the index S°¢
and write V' for Vge. In order to show that ||V|l¢, /e, < A, with probability con-

verging to one, we make use of the decomposition % 1V llesser < Zle T/ where
n

1
(37a) T := /\—IIE[VIXS]IIeOO/zz,
n
1
(37b) T, = A_||E[V|XS, W1 —E[VIXslllew/es
n
1
(37¢c) Ty = )L—IIV —E[VIXs, Wlllea/es-
n

We deal with each of these three terms in turn, showing that with high probability
under the specified scaling of (n, p, s) we have T <({1-y),and T2 =o0p(1),and

T/ < v, which suffices to show that IV les e, < 1 with high probability.
The following lemma is useful in tﬁe analysis:

LEMMA 3. Define the matrix A € R**K with rows A; = Ui/ B} l2. As long
as || Ajll2 < 1/2 for all row indices i € S, we have

1Zs — C(B ety < 4 Allew jes-
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See Appendix G for the proof of this claim.
3.2.1. Analysis of T{. Note that by definition of the regression model (4), we
have the conditional independence relations
W L Xge|Xs, Zs 1l Xg|Xs and Zg U Xge|{Xs, W}.

Using the two first conditional independencies, we have

E[W|Xs]

T Xs & Cips
E[V|Xs]= E[XScIXs]<[Hs — 1] - An?(ESS) IE[ZSIXS])-

Since E[W|X ] = 0, the first term vanishes, and using E[X % | X§] = Zgeg ES_SI xI,
we obtain
(38) E[V|Xs] = A EsesZgg E[Zs| X].

Using the matrix-norm inequality (57a) from Appendix E and then Jensen’s in-
equality yields

T{ = | Z5es Z55 E1Zs | X 5]l /2
(39) < =55 55 NlooBUI Zs e /621 X 5]
==y
_3.2.2. Analysis of T,. Appealing to the conditional independence relationship
Zs 1l Xsc|{Xs, W}, we have
E[V|Xs, W]

=E[Xs|Xs, W] [Hs—ln]7—kn7(ﬁss) E[Zs|Xs, W] ).

Observe that E[?S|XS, W]l= Zg because (X, W)/yniquely spe/giﬁes ES through
the convex program (32), and the triple (Xgs, W, Bs) defines Zg through equa-
tion (31b). Moreover, the noise term disappears because the kernel of the orthogo-
nal projection matrix (/, — I1g) is the same as the range space of X, and

E[X§e| X5, WIlTls — I,] = B[X§c | Xs][TTs — I,]
= TgesEgg X5 Mg — 1,1 =0.

We have thus shown that E[V|Xg, W] = —%”ESLSZESI 25, so that we can con-
clude that

Ty < 1 Z5es(Ss5) looll Zs — EIZs|X s1llen e
(40) < (1 =YEZs = Z§llew i) + (A = I Zs — ZE N0 25
S =py)HE[Allew ] + 1A Nles 725}

where the final inequality uses Lemma 3. Under the assumptions of Theorem 1,
this final term is of order o, (1), as will be shown in Section 3.3.
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3.2.3. Analysis of T;. This third term requires a little more care. We begin by
noting that conditionally on X g and W, each vector V; € RX is normally distrib-
uted. Since Cov(XV)|Xg, W) = (Xs¢)s)jjIn, we have

Cov(Vj|Xs, W) = M,(Zsc|s) jj,

where the K x K random matrix M,, = M, (X, W) is given by

M ST s 15 -
41 M, 1=725(2SS) Zs+n—2W (Mg —1,)W.

We begin by noting that by its definition (31a), the candidate dual matrix Zs
is a function only of W and X. Therefore, conditioned on the pair (W, Xg), the
matrix M,, is fixed, and we have

d
(42) (IV; —E[V;|Xs, WIRIW, Xg) = (sese1s) i€ Mnkj,

where &; ~ N(6K, I). By definition of p, (Xscge|s) = max;(Xsese|s) jj, we have
(Xseses)jj < pu(sese|s) < Cmax and

T 2
max(Xsese|s) jj§; Mn§j < pu(Esese|s)|Mplll2 max (1§13,
jese jese

where || M, ||> is the spectral norm.

We now state a result that provides control on this spectral norm, in particular
showing that the rescaled random matrix A”—ZM,1 concentrates around the determin-
istic matrix M* := Z;T(ESS)_l Z5. This concentration establishes the link to the
sparsity-overlap function (16), which is given by the spectral norm ||M*||,. For
any § € (0, 1), define the event

(43) T(5):=

)\’2 B* 4 2
{M“ — ) < I Mll2 <

2 * 2
—’\"‘“BHHG (1+5)}.

Moreover, recall the definition of A from Lemma 3. The following result provides
sufficient conditions for the event 7 (§) to hold with high probability.

LEMMA 4. Suppose that % =o(l) and ||All¢ e, = 0(1). Then for any § €
(0, 1), there is some c; = c1(8) > 0 such that P[T (8)°] < c1 exp(—coK logs) — 0.

See Appendix H for the proof of this lemma.
Given the assumptions of Theorem 1 and the bound (46), we observe that the
hypotheses of Lemma 4 are satisfied, and we can now complete the proof. For any
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fixed but arbitrarily small § > 0, we have
PIT3 = y] <PIT5 2 y|T ()] + PIT(3)].

Since P[7 (6)¢] — 0 from Lemma 4, it suffices to deal with the first term. Condi-
tioning on the event 7 (§), we have

2
/ . 2 y -
P73 = y|7T(9)] < IP’[%% 1§12 = pu(Dsesers) W (B +02/22)(1 +5)]'

Now define the quantity

t*(n B*) . l yz n
T 2 pu(Bsesels) (W(BF) +02 /A2 (14 8)

and note that t* — 400 under the specified scaling of (n, p,s). By applying
Lemma 11 from Appendix I on large deviations for y2-variates with t = *(n, B*),

we obtain
! K
PT3 = yIT)] <(p—5) exp(—t*[l -2 ,t_*]>

< (p—s)exp(—t*(1 —9))

for (n, p, s) sufficiently large. Now denoting 6, := p,(Xscse|s)/ ¥2, we have, by
assumption, that n > 2(1 + v)0,v¥ (B*)log(p — s). Given that )»% = M, we

have ‘;—; log(p —s) < o2 lep) = o(n) so that for any ¢ > 0, we have

(44)

202

)\‘2

n

14+v N
n> —(wm(B )log(p —s) +
14+¢

log(p — S)>

once n is sufficiently large. This inequality implies that (1 — 8)t*(n, B*) >
% log(p — s). Thus for § and ¢ sufficiently small, the bound (44) tends
to zero at rate O(exp(—v/2log(p — s))) which establishes the claim.

3.3. Analysis of £(Us): Correct inclusion of supporting covariates. This sec-
tion is devoted to the analysis of the event £(Uy) from equation (34), and in partic-
ular showing that its probability converges to one under the specified scaling. This
allows us to establish the £;/¢+, bound in Theorem 1(a), as well as the correct
support recovery claim in part (b).

If we define the noise matrix W := ﬁ(fss)_l/ngw, then we have
a-1/2 W S —15
Us=Z55"" —= — hn(Ss55) " Zs.

Jn
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Using this representation and the triangle inequality, we obtain

R W o
1Uslew e, < H(zss>—1/2—H ol (Sss) " Zsllese
/2 «/ﬁ [Oo/ez n /2
R o
sH(ESS) X i Ess) e,
Vileg, —————
T
T

where the form of 75 in the second line uses a standard matrix norm bound [see
equation (57a) in Appendix E], and the fact that || Zg||¢ /¢, < 1.
Using the triangle inequality, we bound 7, as follows:

T2 < 2n{ll(Zs59) oo + 1(Es5) ™" = (Zss) oo}
< Mn{ Dmax + V5l(Zs9) ™" = (Zs5) 72}
< An{ Dimax + VsI(Zs9) " 2 M(XE Xs/m) ™" = L2}
J5

< An{Dmax + LR R/ - 1s|||2},

min

which defines X s as a random matrix with i.i.d. standard Gaussian entries. From
concentration results in random matrix theory (see Appendix F), for s/n — 0,
we have ||[(XEXs/m)~! — L2 < 6\/5 with probability 1 — 2exp(—s/2) —
exp(—®(n)). Overall, we conclude that

6 [s2
T2 =< )\n Dmax + —
CminV n

with probability 1 — 2exp(—s/2) —exp(—0O(n)).

Turning now to 77, let us introduce the notation vec(A) to denote the vectorized
version of a matrix A, obtained by stacking all of its rows into a single vector.
Conditioning on Xg, we have (Vec(W)ng) ~ N(6sxK, I; ® Ix). Combined with
the definition of the block £, /£> norm, we obtain

T —1/2W s o-1p2[] 2 2
e; (Zss) 7 25 N(Zss) lll, Zr?eag(;" ,

T = max
ieS

where the variates {;‘iz} are an i.i.d. sequence of x2-variates with K degrees of free-
dom. Using the tail bound in Lemma 11 (see Appendix I) with t = 2K logs > K,
we have
1 4K 1
IP’[— max {7 > ogs} < exp<—2K logs(1 —2(2 1ogs)_1/2)) — 0.

n ies n
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Define the event 7 := {[|(Zss) !> < ﬁ}; the bound P[7] > 1 — exp(—©(n))
then follows from known concentration results in random matrix theory (see Ap-
pendix F). Thus, we obtain

8K 1 8K 1
P| Ty > B <P T2 S T |+ PIT
lenn lenn

(45) §P[lmax§i224K10gs]+exp[_n(l_ i)}
n

n ies 2 n
= O(exp(—coK logs)) — 0,
where cg > 0 is a universal constant. Combining the pieces, we conclude with

probability 1 — exp(—coK logs), we have

8K logs 6 |s2
[Tl + T2] = + )Mn Dmax + -
Chinn Chin ¥ 71

=p(n,s, i),

which establishes the bound (20) from Theorem 1(a).
Moreover, under the assumptions of Theorem 1(b), we can conclude that

NUslle e, < b

min

U ) 1)\‘}’1
46) l lezoo/ezsp(nb*s ):0(1)’

min min

with probability greater than 1 —® (exp(—coK logs)) — 1. Consequently, the con-
ditions of Theorem 1(b) are sufficient to ensure that the event £(Ug) holds with
high probability as claimed.

REMARK. As we noted following the statement of Theorem 1, the fact that
the claims hold with probability converging to one only if s — +00 might appear
counter-intuitive and does not allow the result to cover problems with fixed sizes
s of the row support. Here we discuss how this condition can be weakened. Note
that our assumptions imply that p — s — oo and that 5 = o(1). Consequently, for
any a > 0, we have 1?1# = ligas fTZ = o(1), so that we may use a slightly weaker
bound on 77 in equation (45). Indeed, with the same notation as in that equation,

we have
]P’[Tl . \/4(1( + logs 4+ n%) ’T]

Chinnt
1 2 2 a
<P|-max{ > = (K +logs +n")|T
ieS§ n

n

logs K
Sexp{—na<l—2<1+ n“) K—i—n“)}_)o’
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where the last inequality is obtained by setting t = K + logs 4+ n? in Lemma 11
of Appendix I.

4. Proof of Theorem 2. In this section, we prove the necessary conditions
stated in Theorem 2. We begin by noting that we may assume without loss of
generality that s < n, since it is otherwise impossible to recover the support (even
in the absence of noise). In order to develop some intuition for the argument to
follow, recall the definition (36) of the event £(Vsc). The proof of Theorem 2 is
based on the fact that if £(Vsc) does not hold, then no solution of the multivariate
group Lasso has the correct row support.

Again, to lighten notation, we write V for the quantity Vgc. Recall the defini-
tions (37) of the quantities 7/ for i = 1, 2 and 3. By the triangle inequality, we
have

1
(47) A—IIVIIeOO/ez >Ty—T,—Tj.
n

From our earlier argument [see equation (39)], we know that T’ < ({1 —y). From
the bound (40), 1n order to show that T = o(1) with high probablhty, it suffices
to show that ||ZS — Z§llense, = 0(1). We reason by contradiction and assume
that in the regime considered in Theorem 2, there is a solution of the multivari-
ate group Lasso which satisfies |B — B*|| loo/ls = o(b? ;) with high probability.
I1Bi— B}l

R I1BF1l2
ply Lemma 3 to conclude that || Zs — Z%ll¢,, /¢, = 0(1) as well. Consequently, we
conclude that T; = o(1).

Considering the decomposition (47), we obtain that

Note that this condition implies that max;es =o0(1), so that we may ap-

1
48) Ti-T,-T| = LA —E[VIXs, Wlllewe, = (1 =y) —o().
n

Therefore, it suffices to prove that T; > 2 — y. The remainder of the proof is de-
voted to establishing this claim.

In order to analyze T3’ , let us recall the notation Vj =V; —E[V;|Xs, W], where
for each j € §¢, the quantity V; € RX denotes the jth row of the matrix V. As
shown earlier in Section 3.2, we can write

~ d
(IViI3IW. Xs5) = BjjsE] Maj,

where for each j € §¢, the random vector &§; ~ N(0, I). The random vec-
tors (£, j € §¢) are not i.i.d. in general, since for each pair i, j € §¢, we have

cov(§i, §)) DT
The next part of the proof is devoted to analyzing the behavior of the random
variable

. V.olls — /sy, T .
(49) Viax = ?'ggf ”V/ 2 = ?g}g)c( Ejj|S§j Mné:j»
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with our goal in particular being to show that Vmax > 2 — y with high probability.
In order to lower bound the random variable Vmax, our first step is to show that it
is sharply concentrated around its expectation.

LEMMA 5. Forany é > 0, we have

1 52
(50)  P[|Viax — E[Vimac]l = 81X, <4ex{ }
[1Vina ma Wl=dexp| =3 S Il

where py(Xgese|s) = maxjese Xjj|s.

PROOF. By standard Gaussian concentration theorems [e.g., Theorem 3.8
of Massart (2003)], if X has a standard Gaussian measure on R” and f is a Lip-
schitz function with Lipschitz constant L, then

(51) P[|ELf(X)] — f(X)| > x] < 4exp(—x%/(2L?)).

In order to exploit this result in application to Vpax, we consider the function
f:RP=9XK _ R defined by

@) j €859 i=max /55| Mak

which is equal to Vipax by construction. Let u = (u;, j € §¢) and v = (v}, j € §9)
be two collections of vectors. We have

f @) = f )] = max [ 15 [V My |, — max / Zes |V Mavell,
< 5%%’5\/217|S||\/Mn(uj v,
<V Pou(Zsesei )V IIMull2llu — vll2.

We may therefore apply the bound (51) with L? =M, l204 (Xscseis) to obtain
the claim. [J

The second key ingredient in our proof is a lower bound on the expected value
of Viax:

LEMMA 6. For any fixed 8' > 0, with probability 1 — o(1) as (p — s) — +00,
we have

(52) E[Vmax| Xs, W] = VIIM, |||2\/2(1 — 8" pe(Zseseis)log(p —s).

PROOF. We may diagonalize M,,, writing M, = UT DU, where U € RK*K
is orthogonal, and D = diag{d, ..., dk} is diagonal with d; = ||M,||». Since the
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distribution of the K-dimensional normal vector §; ~ N (0, I') remains invariant
under orthogonal transformations, for each j € §¢, we can write

d
\/Ejj\séjTMnSj = \/EmSUJTDnj > \/EjlemMn li21m;.1l,
where 1,1 ~ N (0, Zjj|s). Overall, we have

E[ Vx| X5, W1 =E[max /% ;56T My&;1Xs, W] = VM, LE[max nj.1]],
jese jese

where the vector n = (9,1, j € S°) is zero-mean Gaussian with covariance
Ysesels.

Our next step is to lower bound the expectation E[max jcge [17;,1|] by a Gaussian
comparison argument, in particular exploiting the Sudakov-Fernique inequal-
ity [Ledoux and Talagrand (1991)]. Let 77 € R”~° be a Gaussian random vector
with i.i.d. N (0O, 1) entries. By the definition (18a) of p¢(-), we have

EL(ni —n)°1 = Siis — 28ij1s + Sjjis
> pe(Zsese B[ —7)*]  forall i, j.
Consequently, the Sudakov—Fernique inequality implies that

E[%%’f“?ﬂ] > \/Pe(zsvscw)E[?gg Iﬁjl]-

From standard results on Gaussian extrema [Ledoux and Talagrand (1991)],
for any fixed 8’ € (0, 1), we have E[maxcge [77;]] > V2(1 — &) log(p — s) once
(p — s) is sufficiently large, which completes the proof. [J

It remains to show that the random matrix ||M, ||, previously defined (41)
is suitably concentrated. Our approach is to show that unless the hypotheses of
Lemma 4—namely, s/n = o(1) and ||Z — Z*||¢ /¢, = o(1)—are both satisfied,
then the multivariate group Lasso fails. We have shown previously that the latter
condition is satisfied, so it remains to show that the condition s/n = o(1) must
hold. Note that

Ao A
My ll2 > 7”|||(ZS)T<ESS) 1Zslla.

By definition of the sub-differential of the ¢;/¢> norm, we have |||Z 5|||2F =y, SO
that there must be at least one column of Zg with squared ¢, norm greater than
s/ K. Without loss of generality, let us assume that it is the first column Z; € R°®.
We then have

A o
Il Mo, ll2 > 7"2{(239 17

L (G )
=K min SS
AZs 1

> —_— =
nK Amax(Zss)
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From concentration of random matrix eigenvalues [see equation (60) in Appen-

dix F], we have Amax(fsg) < 2Amax(Xss) with probability greater than 1 —
)\%s h .
5%, holds with

exp(—®(n)), so that we conclude that the lower bound || M,,||2 >
high probability (w.h.p.).

Substituting this lower bound into the lower bound (52) from Lemma 6, we
obtain that w.h.p. for any §’ € (0, 1),

1 S
(53 BVl X, W1 2 |5 /20 = 8000 (Bseseis) og(p =),

which tends to infinity unless s/n = o(1). By the concentration around this ex-
pected value from Lemma 5, this fact implies that the multivariate group Lasso
fails w.h.p. unless s/n = o(1).

We have thus shown that the conditions of Lemma 4 are necessary conditions
for the multivariate group Lasso to succeed, and given that these conditions are
satisfied, the quantity ||M,|||2 is concentrated. Recalling the definition of the event
T () from equation (43), we can write

P[ST <2 -y | <PIT{ <2 yIT @)+ PITO))
n
where we are guaranteed that P[7 (§)] — 0 by Lemma 4.

Recall that we have established that % = o(1). Conditioned on the event
T (8), the inequality ||Myll2 > A%@(l — §) holds; combined with the lower
bound (52), for any 8" € (0, 1), we have for (p — s) sufficiently large and if
3 —=o(1) that

n

1
A—E[Vmaxﬁ(é), Xs, W]

B*
= P2 01— 8), 2 = 500 (D) log(p ).

Consequently, if the lower bound (21) holds strictly, then for (p — s) sufficiently
large, denoting 6y := p¢(Eseseis)/(2 — y)? and 8" := /(1 —8)(1—8) — 1 we

have

1
A_E[Vmaxn-@)a Xs, W]

n

>2-y) (1-38")

\/ 20,9 (B*) log(p — s)
n

—v
V1—v
with® e = (2 —y)}.

=

(1—8”>z(2—y><1+§)(1—a”)zz—y+e

3Here we have used the fact that for §, 8’ sufficiently small, we have (1 —8”)(1 + »H=04+3).
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Combining this lower bound with the concentration statement from Lemma 5,
we obtain

Vimax ! e’ &
P| 2% <2y |T(S) | <dexp{—=
|:)\«n <2—vy| ()}S exp 2<pu(gscscs)w(3*)(1—8)>}

<dexp _1( £2Cpmax Kn )}

2\ pu(Xsesers) s(1 —98)
,Kn }
<4dexpy—c —1,
S
2
where we have defined the constant ¢’ ;= %, and used the facts that ¢ =

2- y)% and 0, := py(Xseses)/ yz. Therefore, the probability vanishes, since the
condition s /n = o(1) is equivalent to n/s — +00.

5. Discussion. In this paper, we have analyzed the high-dimensional behavior
of block-regularization for multivariate regression problems. Our main result is to
show that that its behavior is governed by the sample complexity parameter,

0¢,/e,(n, p,s) :=n/[2¢y(B*)log(p — 5)1,

where n is the sample size, p is the ambient dimension and ¥ (-) is a sparsity-
overlap function that measures a combination of the sparsity and overlap proper-
ties of the true regression matrix B*. In particular, Theorems 1 and 2 show that
the multivariate group Lasso either succeeds (or fails) depending on whether this
sample complexity parameter is larger (or smaller) than a threshold parameter de-
pending in the design covariance matrix X.

Our results were obtained under high-dimensional scaling, in particular, assum-
ing the quantities n, p — s and s all were tending to infinity. As have discussed, the
hypothesis that s — 400 can be relaxed at the expense of slightly weaker guar-
antees on the ¢/f~, norm of the solution. One could also imagine relaxing the
constraint p — s — +00, but for the high-dimensional problems that motivate our
analysis, this is not as interesting, since in such a case, either the true model is
nonsparse (and hence variable selection is of questionable relevance), or we fall
back in the low-dimensional setting.

There are a number of open questions associated with this work. The current
work applies to the “hard”-sparsity model, in which a subset S of the regressors
are nonzero, and the remaining coefficients are zero. As with the ordinary Lasso,
it would also be interesting to study block-regularization under soft sparsity mod-
els (e.g., £; “balls” for coefficients, with ¢ < 1). It is also interesting to consider
alternative loss functions such as ¢» error or prediction error, as opposed to the
exact support recovery criterion considered here. We note that since this work was
first posted, other researchers have provided related results on consistency in £»
error [Lounici et al. (2009); Huang and Zhang (2009)], again under hard sparsity
constraints.
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APPENDIX A: PROOF OF COROLLARY 2

Let F (resp., Fo) be the event that the thresholded ROLS method fails to re-
cover the individual supports when applied to the estimated row set S (resp., true
row set S). By a union bound, the overall probability of failure in the multi-stage
procedure is upper bounded as P[F] < P[S £ S] + P[Fo | S = S]. Under the con-
ditions of Theorem 1, the row support is recovered with probability greater than
1 — O(exp(— coKlog s)), so that P[S # S] — 0. As for the remaining term, we
have P[Fy | S= S < ]IE[Sf ol which is less than 2P[Fo] for (n,s) large enough,

since IP[S S]— 1.

Consequently, it suffices to upper bound the unconditional probability that the
ROLS estimate applied to the true support fails to recover the individual supports.
Introducing the shorthand S = —X TX s, some stralghtforward linear algebra
shows that the ROLS estimate of BS takes the form B, s = B35+ U , Where U:=
(Zs5) " 2W )/, and W := (S55)"'/2XEW//n is an s x K noise matrix with
i.i.d. standard Gaussian entries. ~

Let W) denote the jth column of W, and let ¢; denote the ith canonical basis
vector in R®. We then have

- 1 -~
max | | —max—|eT(zss) WD < — max| 1(Sss) ™" 2esl| max |& ;1]
i,j \/ﬁ i J

< i|||<iss)—1/2|||zmax|a ils
v i

where (§; ;) forms a sequence of identically distributed standard Gaussian vari-
ables (which are dependent in general). Using a union bound and standard
Gaussian tail bounds, for all v > 0, we have

P[rril’e;x &1 > (1+ u),/zlog(Ks)] < 2exp(—vlog(Ks)) — 0.

A concentration bound for random matrices (see Appendix F) yields || fs_sl /2 o <
ﬁC;iln/ % with probability greater than 1 — exp(—® (n)), so that we obtain

4log K

min

|:max |U, jl=0+v) ] = O(exp(—0O(logs))).

This result, together with the lower bound on the smallest absolute value of the
nonzero coefficients of B*, shows that the threshold procedure in step 3 will retain
all nonzero coefficients of B* while correctly setting to zero all entries for which
B* is actually zero.

APPENDIX B: PROOF OF LEMMA 2
Using the notation §; to denote a row of B and denoting by
(54) K= {(w,v) eR® xR |wl2 < v}
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the usual second-order cone (SOC), we can rewrite the original convex pro-
gram (12) with g =2 as

1 p
55 in —||Y — XB||%+1, Y b
(55) L min Sl 7 +2n Db
beRP i=1

s.t. (Bi,bi) e K, 1 <i <p.

We now dualize the conic constraints [Boyd and Vandenberghe (2004)], using
conic Lagrange multipliers belonging to the dual cone K* = {(z, 1) € RK+|zTw +
vt > 0, (w,v) € K}. The second-order cone /C is self-dual [Boyd and Vanden-
berghe (2004)], so that the convex program (55) is equivalent to

1 P P
min  max —|[|Y — XB||%>+ A b; — A —zT' B + 1;b;
BGRI’XK ZeRpxK 2]’1 |” ”lF n ; 1 n ;( i :Bz 1 l)
beRP teRP - -

st. (zi, ) e K, 1 <i<p,

where Z is the matrix whose ith row is z;.

Since the original program is convex and strictly feasible, strong duality holds
and any pair of primal (B*,b*) and dual (Z*,t*) solutions has to satisfy the
Karush—Kuhn-Tucker conditions:

(56a) 18712 < b, l<i<p,
(56b) lz7 N2 <1, l<i<p,
(56¢) 2l —'br =0, 1<i<p,
1
o) Valy iy -xBiE|  4azi=o
2n B=B*
(56e) (1 — %) =0.

Since equations (56¢) and (56e) impose the constraints 7 =1 and b} = || 8|2,
a primal—dual solution to this conic program is determined by (B*, Z*).

Any solution satisfying the conditions in Lemma 2 also satisfies these KKT
conditions, since equation (31b) and the definition (31c) are equivalent to equa-
tion (56d), and equation (31a) and the combination of conditions (31d) and (31c)
imply that the complementary slackness equations (56c) hold for each primal—dual
conic pair (8, zi)-

Now consider some other primal solution B; when combined with the opti-
mal dual solution Z, the pair (B, Z) must satisfy the KKT conditions [Bertsekas
(1995)]. But since for j € S¢, we have ||Z]l> < 1, then the complementary slack-
ness condition (56¢) implies that for all j € $¢, B = 0. This fact in turn implies
that the primal solution B must also be a solution to the restricted convex pro-
gram (32), obtained by only considering the covariates in the set S or equiva-
lently by setting Bgc = Ogc. But since s < n by assumption, the matrix X gX s is
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strictly positive definite with probability one, and therefore the restricted convex
program (32) has a unique solution By = Bs. We have thus shown that a solution
(B, Z) to the program (12) that satisfies the conditions of Lemma 2, if it exists,
must be unique.

APPENDIX C: CHARACTERIZATION OF THE SPARSITY-OVERLAP
FUNCTION

In this appendix, we prove Lemma 1. (a) To verify this claim, we first set Z§ =

¢(B%), and use ng)* to denote the kth column of Z3. Since the spectral norm
is upper bounded by the sum of eigenvalues, and lower bounded by the average
eigenvalue, we have

1
Etr(zngzgSI Z¥) < y(B*) <w(Zi =51 7%).

Given our assumption (Al) on Xgg, we have

tr(Z3 B5 Z3) = Z Z(k)* S5 Zet > Z ||Z(k)*|| = C—
max

max k 1
using the fact that Zk 1 ||Z(k)*||2 =37 ||Z;‘||2 = s. Similarly, in the other di-
rection, we have
T < (k)T (k) (k)
—1 * —1 * *
r(Zg' XggZs) = Z Zg" XYggZg Z |1Zg || =C
k=1 Cmin k=1 min

which completes the proof.

(b) Under the assumed orthogonality, the matrix Z RV ART diagonal with
| Z%*|12 as the diagonal elements, so that the largest || Z®)*||? is then the largest
eigenvalue of the matrix.

APPENDIX D: GROUP LASSO VERSUS ORDINARY LASSO

In this appendix, we provide the proof of Corollary 3 which characterizes the
relative efficiency of the group versus the ordinary Lasso. From the discussion
preceding the statement of Corollary 3, we know that the quantity

nax v (Bs°) log(p — s1) = max silog(p—sg) = max sclog(p —s)

...............

governs the performance of the ordinary Lasso procedure for row selection. It re-
mains to show then that ¥ (Bg) < maxy s.

As before, we use the notation Zs = ¢ (B%), and Z; for the ith row of Z%. Since
Y5 = Iyxs, we have ¥ (B*) = || Z5 2. Consequently, by the variational represen-
tation of the £,-norm, we have

Y(B)= max ||Zix|>< max Z(Z*Tx)

xeRK : ||x|<1 xeRK: lxl<1;Z
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Let |Z¥| = (1Z}],....1Z5 DT and y; = (x;sign(Z})), ..., xg sign(Zj))". By the
Cauchy—Schwarz 1nequa11ty,
ZrT 0 =z v < NZFIPIyel> = 12717 Y xF sign(Z5;)?
k

so that
Z(z*'fx)2 < Z 1Z;|* Zxk sign(Z) Zxk ngn(z Zxksk,
k=1 i=1

and if ||x|| <1, we have Zle x,%sk < max|<k<k Sk thereby establishing the claim.

APPENDIX E: INEQUALITIES WITH BLOCK-MATRIX NORMS
In general, the two families of matrix norms that we have introduced, || - || 5.4

and || - ||¢, /¢, are distinct, but they coincide in the following useful special case:

LEMMA 7. For 1 < p <oo and forr defined by 1/r + 1/p = 1 we have

I Mlesose, = M- Moo,

PROOF. Indeed, if a; denotes the ith row of A, then

1Allew /¢, = maxfla;]| p = max maxly, aj

lyill-=<

= max max|y’a;|= max [|Ay|cc.
Iyl <1 lyll, <1 U

We conclude by stating some useful bounds and relations:

LEMMA 8. Consider matrices A € R™*" and Z € R"*¢ and p,r > 0 with
L1 1, we have
P r
(578)  1AZllewse, = A Zllloo,r = 1 Alloo,coll Zlloo,r = Nl Alloo, 00l Zlen e,
(57b) AN < WM llr.coll Allco.r = s [ Alles e, -

APPENDIX F: SOME CONCENTRATION INEQUALITIES FOR RANDOM
MATRICES

In this appendix, we state some known concentration inequalities for the ex-
treme eigenvalues of Gaussian random matrices. Although these results hold more
generally, our interest here is on scalings (n, s) such that s/n — 0. The following
result is from Davidson and Szarek (2001).
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LEMMA 9. Let U € R™™* be a random matrix from the standard Gaussian
ensemble [i.e., U;jj ~ N(0, 1), i.i.d.]. Then if we denote by Anin(-) and Amax(-) the
smallest and largest singular value of U, respectively, we have

(58) P[l — kmin(%) > \/g-i- t:| < exp(—n—;2>,
59) ]P’[)Lma,((%) —1> \/§+ t] < exp(—%z)

As a consequence, for s/n — 0 we obtain the two following inequalities:

Lo, <] <ol 53 - g)i},
Zz%glgzwq}%)+mm—®mnao.

PROOF. For simplicity, we write Ay, for }\min(%) and Amax for )\max(%).

LEMMA 10.

(60) IP[

1
(61) P[M;UTU——GXS

For equation (60), we have

P[ 25%}fPPmmsz%}fﬁ{l—kmsz§+<i— %)}

1
~-vtu
n

For equation (61),

1
P[ —UTU = Iy 26,/5}
n 2 n
:P{nmm}éﬂ—lﬂl—kim)z6/i}
n

=< IED|:)\rnax 1> 2\/E:| +P|:1 — Amin > 2\/§:|
n n

+ ]P)[)\max +1 > 3] + ]P)[)\min +1 = 3]

el () ool 2 (0 ) )

+
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where we used that (A2 — 1 >x}Cc{r —1> %} U {A + 1 = 3} to obtain the first
inequality. [J

These results are easily adapted to more general Gaussian ensembles. Letting
X =U+/A, we obtain an n x s matrix with i.i.d. rows, X; ~ N (0, A). If the co-
variance matrix A has maximum eigenvalue Cpax < +00, then we have

62) Nn'XTX — Al = |[VAIRT'UTU — INIVA||y < Conaxlln ' UT U — 1]

so that the bound (61) immediately yields an analogous bound on different con-
stants.
The final type of bound that we require is on the difference

X x/m~" = A,
assuming that X7 X is invertible. We note that

IXTX/m)y™ = A7 = X X/m) 7 A — (XTX/m) 1A
< XX/ allA — XTX/m)l2 A 2.

As long as the eigenvalues of A are bounded below by Cpj, > 0, then
A~ )2 < 1/Cumin. Moreover, since s/n — 0, we have [from equation (60)] that
I(XTX/n)" 2 < 2/Cmin With probability converging to one exponentially in 7.
Thus, equation (62) implies the desired bound.

APPENDIX G: PROOF OF LEMMA 3

Thg analysis in Section 3.3 shows that the condition ||A;|l2 < 1/2 implies that
Bi # 0 and hence Z; = B;/||Bill» for all rows i € S. Therefore, using the notation
Z} =B/} 2 we have

-~

_ . 75+ A
- e
l1Bill2 1Z7 + Aill2

"NIZE+ Al 1ZF 4+ Aill2

Note that, for z #£ 0, the function g(z, ) = m is differentiable with respect
to 8, with gradient Vsg(z,§) = — 2”2[3” 5. By the mean-value theorem, there exists
2

h € [0, 1] such that

1 (z+h8)Ts
1 =g(z,8) — 8(z,0) = Vsg(z, h8) 6 = ————
Iz + 8]l 2llz + h8 |13
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which implies that there exists 4; € [0, 1] such that

~ (Z* +hi A)T A 1A ]l2
1Zi = ZF 2 N Zf o ——— —
) 20ZF +hiAill;  IZE+ A2
A2 1A ]l2

T 2|z +h-A-||§ 1ZF + Al

We note that [ Z = 1 and | A2 < 3 3 imply that || Z} 4 h; Ai||2 > 3. Combined
with inequality (63), we obtain ||Z Z *ll2 < 4]l A ll2, which proves the lemma.

APPENDIX H: PROOF OF LEMMA 4
With Z5 = ¢(B%), define the K x K random matrix

A2 -~ 1
M= f(sz(zss) 'zt + EWTUH — MW

and note that (using standard results on Wishart matrices [Anderson (1984)])

22 _ n—s
(64) E[M:]:ﬁ(zﬁ)”zss) 'Z5+o? 7 Ik

To bound M,, in spectral norm, we use the triangle inequality,

M2 = NEM 2| < 1My — EIM; 1112

< 1M, — M1l + 1M, — ELM .

Ay Az

Considering the term A in the decomposition (65), we have
1M, — Malll2
_ﬁ xS—lox 5 S-1%
= n |||ZSESS ZS ZSESS Zsll2
(66) 2
)L = _ -~ -~ ~_ o~
= 2555 (25— Zo) + (25 = Z) 255 (25 + Zs = Z9) |,

A2 _
—"IIIE SI201Z% — Zslla I ZE2 + 1125 — Zsll).

Using the concentration results on random matrices in Appendix F, we have
the bound |||§S_S ll2 < 2/Cmin with probability greater than 1 — exp(—©(n)),
and we have [|Z5]l2 = (’)(f ) by definition. Moreover, from equation (57b) in
Lemma 7, we have [|Z5 — ZS|||2 < f||Z* Z5||eoo/gz Using the bound (46)
and Lemma 3, we have ||Z% ZS|| oo/t = 0(1) with probability greater than
1 — crexp(—coK logs), so that from equation (66), we conclude that

)“2
©67) Ar =M — M|||z—o(n) wh.p.
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Turning to term A», we have the upper bound A, < TIJf + T;, where

P 2
T, = 7"|||Z§|||2

n -1 S -1
—(Zss) — (Zss)
n—s—1 2

and

1

=S IW (= M)W = o2 = ) Il

i
T2

Since I1Z§113 < 5., and [I;=2—(Ss5)~" — (Ss5) "'l = o(1) with high prob-
BN 2

ability (see Appendix F), we have T, = 0()‘,’1—1s) with probability greater than

1 —2exp(—O(n)).

Turning to TZT, we have with probability greater than 1 — 2exp(—s/2) —

exp(—=0(n)),
t0fle)o(2)

using the random matrix bound (61) once again. Overall, we conclude that

AZs +1
68) Ay = 1M — E[M? 112 =o( o) ) whop.

Finally, turning to [[E[M]]l2, from equation (64), we have

A2 (B* 2
M, = 2V BD _n . "_(1 _ i)
(69) non—s=1oon n
_ A2y (B*) + o2
= (1 +0(1))|:7:|

Finally, we combine bounds (67), (68) and (69) in the decomposition (65), and
apply Lemma 1(a) to obtain that 1 (B*) = ®(s); combining these facts yields that

A2y (B¥) +02} A2y (B¥) +02}
n n

(1—8>[ §|||Mn|||2§(1+5)[

with probability greater than 1 — c1 exp(—coK logs), which establishes the claim.

APPENDIX I: LARGE DEVIATIONS FOR y2-VARIATES

LEMMA 11. Let Zi,..., Zy be i.id. x*-variates with d degrees of freedom.
Then for all t > d, we have

(70) P[i:nln’a‘lfm Zi > Zt] <m exp(—t |:1 — 2\/?])
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PROOF. Given a central x2-variate X with d degrees of freedom, Laurent and
Massart (2000) prove that P[X — d > 2+/dx + 2x] < exp(—x), or equivalently

P[X >x+ (Vx+ \/6_1)2] < exp(—x),
valid for all x > 0. Setting \/x + +/d = /1, we have
LPIX > (Vi — Va) +1] < exp(— (Vi — Vd)?)
< exp(—t +2v/1d)

ool -4

where inequality (a) follows since /f > Jd by assumption. Thus, the claim (70)
follows by the union bound. [J

P[X > 2¢]
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