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Abstract: Regularized M-estimators are used in diverse areas of science
and engineering to fit high-dimensional models with some low-dimensional
structure. Usually the low-dimensional structure is encoded by the presence
of the (unknown) parameters in some low-dimensional model subspace. In
such settings, it is desirable for estimates of the model parameters to be
model selection consistent: the estimates also fall in the model subspace.
We develop a general framework for establishing consistency and model se-
lection consistency of regularized M-estimators and show how it applies to
some special cases of interest in statistical learning. Our analysis identifies
two key properties of regularized M-estimators, referred to as geometric
decomposability and irrepresentability, that ensure the estimators are con-
sistent and model selection consistent.
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1. Introduction

The principle of parsimony is used in many areas of science and engineering to
promote “simple” models over more complex ones. In machine learning, signal
processing, and high-dimensional statistics, this principle motivates the use of
sparsity inducing penalties for model selection and signal recovery from incom-
plete/noisy measurements. Usually the “simplicity” of the model is encoded by
the presence of the (unknown) parameters in some low-dimensional model sub-
space, and it is desirable for estimates of the parameters to fall in the model
subspace. This notion of correctness is termed model selection consistency. In
this work, we consider regularized M-estimators of the form

minimize 0(8) + Ap(0), (1.1)
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where £ is a convex, twice continuously differentiable loss, p is a penalty func-
tion, and E C RP? is a subspace. We identify two key properties of regularized
M-estimators, referred to as geometric decomposability and irrepresentability,
that ensure the estimators are consistent and model selection consistent. We also
develop a general framework for analyzing the consistency and model selection
consistency of M-estimators with geometrically decomposable penalties. When
specialized to various statistical models, our framework yields some known and
some new model selection consistency results.

The article is organized as follows: First, we review existing work on consis-
tency and model selection consistency of regularized M-estimators. Then, in Sec-
tion 2, we describe geometrically decomposable penalties. Section 3 is devoted
to our main result and some discussion of its consequences. converse results on
the necessity of the irrepresentable condition in Section 5. The final section,
Section 4, is devoted to applications of our main result to various statistical
models, including sparse regression and low-rank multivariate regression.

1.1. Notation

Given a set S C RP? and a point € RP, we use Ps(x) to denote the projector
of z on span(9) :

. 2
PS(J;) = argmily cgpan(S) % ”‘T - yHQ :

Since Pg(x) is a linear mapping, we write Psxz = Ps(x), where Ps € RP*? We
use B, to denote the ¢ norm ball {x € R? | ||z]|; < 1}. For a semi-norm p, we
use p* to denote its dual semi-norm:

plx)* = SUP(4) <1 yTx.

Finally, given a matrix X € RP1*P1 we use X' to denote its Moore-Penrose
pseudoinverse.

1.2. Consistency of regularized M-estimators

A large body of work in high-dimensional statistics focuses on obtaining suffi-
cient conditions for consistency of regularized M-estimation. A recurring theme
in this avenue of research is the notion of restricted strong convexity. We refer
to the past work section in Negahban et al. (2012) and Biihlmann and van de
Geer (2011) for a comprehensive treatment of recent work on this topic.

Negahban et al. (2012) proposes a unified framework for establishing consis-
tency and convergence rates for M-estimators with penalties p that are decom-
posable with respect to a pair of subspaces M, M:

plz+y) = p(x) + p(y),for all 2 € M,y € M*.

Many common penalties such as the lasso, group lasso, and nuclear norm are
decomposable in this sense. Negahban et al. (2012) also develop a general notion
of restricted strong convexity and prove a general result that establishes the con-
sistency of M-estimators with decomposable penalties. Using their framework,
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they establish estimation consistency results for different statistical models in-
cluding sparse and group sparse linear regression. Our results propose a unified
framework for model selection consistency in a similar setting.

More recently, van de Geer (2012) proposes the notion of weakly decompos-
ability. A penalty p is weakly decomposable if there is some norm pse on RP~ISI
such that p is superior to the sum of p and pse; i.e.

p(x) > p(xs) + pse(xse), for all z € RP,

where S C [p] and zs € RISl x5 € RP~ISI. Many common sparsity induc-
ing penalties, including the ¢5/¢1-norm (with possibly overlapping groups), are
weakly decomposable. van de Geer (2012) shows oracle inequalities for the ¢4
penalty generalizes to weakly decomposable penalties.

In the parallel world of signal processing, there is a rich literature on con-
strained M-estimators of the form

inimize [0 bject to 6 € C' 1.2
minimize 6] 4 subject to 0 € C, (1.2)

where C' C RP is a convex set. Candes and Recht (2012) proposed a unified
analysis of (1.2) when || - || 4 is decomposable. By Candes and Recht (2012),
Definition 1, || - || 4 is decomposable at 6* € RP if 9||0*|| 4 has the form

0" 4 ={z € R”| Pr(z) = e, p(Pr.(2))" <1}

for some subspace T'C RP and a point e € T. Above, Pr (resp. Pr.) is the
orthogonal projection onto T' (resp. T). We emphasize the notion of decom-
posability by Candes and Recht (2012) is different from the notion by Negah-
ban et al. (2012). Candes and Recht (2012) show exact recovery results for
sparse/block-sparse vectors and low-rank matrices from random linear mea-
surements depend upon the decomposability of the £1, ¢5/¢1, and nuclear norms.
Bach (2010) show support recovery results for polyhedral norms arising from
non-decreasing submodular functions including the ¢; and ¢, /¢; norms.

Recently, Chandrasekaran et al. (2012) proposed the notion of an atomic
norm:

|lz|| , =inf{t > 0|z € tconv(A)} for a set of atoms A.

They develop a general framework for deriving both exact (in the noise-free
case) and robust (in the noisy case) recovery results from random Gaussian
measurements by solving convex optimization problems of the form (1.2).

The model selection consistency of regularized M-estimators has also been
extensively studied. The most commonly studied problems are

1. sparse regression (including generalized linear models): Zhao and Yu (2006);
Bunea (2008); Wainwright (2009); Obozinski, Wainwright and Jordan
(2011); Vaiter et al. (2013)

2. sparse covariance estimation and (more generally) structure learning: Mein-
shausen and Biithlmann (2006); Kolar et al. (2010); Ravikumar, Wain-
wright and Lafferty (2010); Jalali et al. (2011); Loh and Wainwright (2012).
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In addition to restricted strong convexity, these results also rely upon the notion
of irrepresentability originally proposed by Zhao and Yu (2006)!. Despite ex-
tensive work on this area, there is no general framework for establishing model
selection consistency of commonly used M-estimators.

2. Geometrically decomposable penalties

Let C C RP be a closed convex set. Then the gauge function on C' is
~vo(z) =inf, {\ € Ry | x € ACY},
and the support function on C' is
ho(x) = sup, {y"z | y € C}. (2.1)

Both gauge support functions are sublinear and should be thought of as semi-
norms. If C'is a norm ball, i.e. C' = {x | ||z|| < 1}, then 7¢ is the norm and h¢e
is the dual norm given by

lyll, = sup,. {7y | ||=|| < 1}.

The support function is a supremum of linear functions, hence the subdiffer-
ential consists of the linear functions that attain the supremum:

Ohc(z) ={y € C|yTz = he(z)}. (2.2)

The support function (as a function of the convex set C') is also additive over
Minkowski sums, i.e. if C' and D are convex sets, then

hc+D(I) = hc(I) + hD(:E)

We use this property to express penalty functions as sums of support functions.
E.g. if p is a norm and the dual norm ball can be expressed as a (Minkowski)
sum of convex sets C1,...,Ck, then p can be expressed as a sum of support
functions:

ple) = hey (&) + -+ + hey ().

If a penalty p can be expressed as
p(0) = ha(0) + hi(0) + hp(0), (2.3)

where A, I C RP are closed convex sets and £ C RP is a subspace, then we
say p is a geometrically decomposable penalty. This form is general; if p can be
expressed as a sum of support functions, i.e.

then we can set A, I, and E+ to be sums of the sets C1,...,Cy to express p
in geometrically decomposable form (2.3). In many cases of interest, A + I is
a norm ball and hyy; = ha + hy is the dual norm. In our analysis, we further
assume

1An equivalent notion, called neighborhood stability, was proposed by Meinshausen and
Biihlmann (2006).
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1. A, I are bounded.
2. I contains a relative neighborhood of the origin, i.e. 0 € relint([).

To allow for unregularized parameters, we do not assume A + [ contains a
neighborhood of the origin. Thus p is not necessarily a norm. We summarize
the form of geometrically decomposable penalties in a definition.

Definition 2.1. A regularizer is geometrically decomposable in terms of convex
sets A, I C RP and a subspace F C RP? if

p(0) = ha(6) + hr(6) + hi- (0).
We assume A, I are bounded and 0 € relint(I).

The notation A, I should be as read as “active” and “inactive”: span(A)
should contain the (unknown) parameter vector and span(I) should contain
deviations that we want to penalize. For example, if we know the sparsity pattern
of the unknown parameter vector, then A should span the subspace of all vectors
with the correct sparsity pattern.

The third term enforces a subspace constraint § € E because the support
function of a subspace is the (convex) indicator function of the orthogonal com-
plement:

0 6eFE

oo otherwise.

fm4®=1ﬂ®={

Such subspace constraints arise in many problems, either naturally (e.g. the
constrained lasso by James, Paulson and Rusmevichientong (2012)) or after
reformulation (e.g. group lasso with overlapping groups).

Before we state our theoretical results, we note that regularizers of the form
p(DO) for some D € R™*P are geometrically decomposable, as long as p is
geometrically decomposable. By the geometric decomposability of p,

p(D6) = ha(DB) + hi(D6) + hyp. (D6)
=hpra(0) + hpr;(0) + hprg(0).

In signal processing, regularizing with p(D6) for some dictionary D is called
analysis reqularization. We give some examples of M-estimators with geometri-
cally decomposable penalties in Section 3.

3. Main results
3.1. Problem setup

We begin with a description of the problem at hand. Let X(™ = {X;,..., X,,}
be n identically distributed observations of some random variable with marginal
distribution P. We seek to estimate some (unknown) parameters 0* € M C
RP? of P, where M is the model subspace. The model subspace is usually low-
dimensional and captures the simple structure of the model. For example, M
may be the subspace of vectors with a particular support or a subspace of low-
rank matrices. We focus on the high-dimensional setting, i.e. when n > p.
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Let ¢ be a convex and twice-continuously differentiable loss that assigns a
cost £() to any parameter 6 € E. To estimate 6* from the data X (™), we solve
the convex optimization problem

minimize £(6) + A(ha(6) + hi(6) + hp- (9)), (3.1)

where p is geometrically decomposable in terms of convex sets A, C RP and
a subspace E C RP. The sets A, I, E are chosen such that M = E N span(I)*.
Intuitively, span(I) C M+ contains deviations from M that we wish to kill.
Many common regularized M-estimators possess the decomposable structure
given by (3.1). To gain some intuition, we give three examples, beginning with
sparse regression.

8.1.1. Sparse linear regression

Consider the linear model
y=X0+e, (3.2)

where X € R™ P is the design matrix, and y € R™ are the responses. We
assume the coefficients § € R? are sparse, i.e. most of the coefficients are zero.
Let S C [p] be the support of 6, and S¢ be the complementary subset of [p].
The model subspace is {§ € R? | s = 0}.

The lasso by Tibshirani (1996) (also known as basis pursuit denoising by
Chen, Donoho and Saunders (2001)) estimates 6* by the solution of:

| )
minimize o[y — X3 + All6]]:. (3.3)

The £; norm is geometrically decomposable: [|0||1 = hp_ s(0)+hp_ s (0), where
hp. s and hp_ . are support functions of the sets

Bos={0€R"||0], <1,0sc =0}
Booﬁgc = {9 € R? | ||9||oo <1,0s = 0}

, 8¢

It is straightforward to check span(Bs sc)= = M. Thus the lasso possesses the
structure given by (3.1). There is a well-developed theory of the lasso that says,
under suitable assumptions on X, the lasso estimator is (consistent and) model
selection consistent. In fact, under a stronger beta-min condition, the lasso is
sign consistent. As we shall see, the aforementioned structure is the key to the
performance of the lasso.

Given an estimate é, there are various ways to assess its performance. We
consider two notions: consistency and model selection consistency. An estimate
0 is consistent (in the ¢, norm) if the estimation error in the 5 norm decays to
zero in probability as sample size grows:

Hé—@*H2 L 0asn — .

An estimate is model selection consistent if 0 is in the model subspace:

Pr(0 € M) — las n — oo. (3.4)
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3.2. The main result

Before we state our main result, we state our assumptions on the problem.
Our two main assumptions are on the (sample) Fisher information matriz:
Q = V2{(0*). The first is restricted strong convezity (RSC) and the second is
wrrepresentability.

Assumption 3.1 (Restricted strong convexity (RSC)). Let C C RP be some
(a priori) known convexr set containing 0*. The loss function ¢ is RSC (on

C' N M) when

ATV2U0)A >m|AZ,0 € C N M,Ae(CnM)—(Cn M) (3.5)
IV20(0) = Qll2 < L||§ — 6,6 € C, (3.6)

for some m >0 and L < oc.

The set C is usually taken to be a compact set (see Section 4.2 for an exam-
ple). In these cases, restricted strong smoothness (3.6) holds by the continuity
of V2£. Similar notions of restricted strong convexity/smoothness are common
in the literature on high-dimensional statistics. For example, the unified frame-
work by Negahban et al. (2012) requires a (slightly stronger) notion of restricted
strong convexity.

For a concrete example, we consider the sparse linear regression problem
described in Section 3.1.1. When the rows of X € R"*P are i.i.d. Gaussian
random vectors with mean zero and covariance ¥, Raskutti, Wainwright and
Yu (2010) showed there are constants mq,mg > 0 such that

1 1
~ XA = my Al —ma=E A} for any A € R?

with probability at least 1 — c¢j exp(—can). Their result implies RSC over

span(Bo s) with constants L = 0 and m = - as long as n > 2772|S|log p.

Thus sparse regression with random Gaussian designs satisfy RSC, even when
there are dependencies among the predictors. The result was extended to sub-
gaussian designs by Rudelson and Zhou (2013), also allowing for dependencies
among the predictors.

Assumption 3.2 (Irrepresentability). There is 7 € (0,1) such that
Sup, ¢ o)V (Prre (QPr (PyQPr) Pyrz —2)) <1 —1, (3.7)

where V(z) = infy, {y1(y) + 1g1(z —y)} and Oha(M) = Jgecp; Oha(0).

As we shall see, V' is a semi-norm: it measures the size of the component of
z in I. In particular, V(z) < 1 implies

2= 21 + zp. for some z; € relint(I) and zz. € E*.

Lemma 3.3. V is finite and sublinear.
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To interpret the irrepresentable condition, consider again the sparse regres-
sion problem. Since E = R? and Q = 1 X7X, (3.7) simplifies to

| X & (Xg)T sign(@§)Hoo <l-rm

By the properties of support functions, Oha(M) C Bs. Thus it is sufficient to
assume
| X& (XE)THOO <1 — « for some a € (0,1). (3.8)

The rows of XZ.(XZ)" are the regression coefficients of z;, j € S on Xs. Thus
(3.8) says the active predictors (columns of Xg) are not overly well-aligned
with the inactive predictors. Ideally, we would like the inactive predictors to be
orthogonal to active predictors: || XZ. (X2)||c = 0. Unfortunately, orthogonal-
ity is impossible in the high-dimensional setting. The irrepresentable condition
relaxes orthogonality to “near orthogonality”.

As we shall see, the main result requires the regularization parameter A\
to be larger than the “empirical process” part of the problem. Known re-
sults on the convergence rates of regularized M-estimators usually require A =
Q(p*(VL(0*))). However, when p is not a norm (e.g. when there are unregu-
larized parameters), p*(V£(6*)) is usually infinite. To allow for unregularized
parameters, we relax the requirement to A = Q(o*(V£(6*))) for some norm p
such that p(0) < o(#) for any 6 € RP.

Before we state our main result, we describe some constant that appear in
the result. Let By be the 2-norm ball. We use k, (resp. k,, ko) to denote the
compatibility constant between p (resp. o, 0*) and the fo-norm on M :

kp =supy {p(#) | € B, N M}

(resp. kg, Ko+ ). Similarly, we use kic to denote the compatibility constant be-
tween the irrepresentable term and p* :

RIC = supg*(z) <1 V(PMJ_ (QPM(PMQPM)TPMZ — Z))

The constants , and kic are finite because p and p* are finite.

Theorem 3.4. Assume £ and p satisfy RSC (on C N M ) and irrepresentability
(Assumptions 3.1 and 3.2). For any

2 K -2
be g (VE(07) < A< B (200 + 523) it (3.9)

Kic 2

the optimal solution to (3.1) is unique,
1. consistent: |0 — 0*]]2 < %(Hf + %:T"C))\,
2. model selection consistent: 6 € M.

Theorem 3.4 makes a deterministic statement about the optimal solution
0 (3.1). To use this result to derive consistency and model selection consistency
results for a statistical model, we must first verify the loss and penalty satisfies
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restricted strong convexity/smoothness and irrepresentability. Then, we must
select a penalty parameter that satisfies (3.9) (for some error norm). We know
0" (VL(0r)) = Op(ﬁ) for most problems of interest, so, for n large enough,

there exist A\ that satisfies (3.9).

Proof. The proof of Theorem 3.4 consists of three main steps:

1. Show the solution to a restricted problem (3.10) is unique and consistent
(Lemma 3.5).

2. Establish a primal-dual witness (PDW) condition that ensures all solu-
tions to the original problem are also solutions to the restricted problem
(Lemma 3.6).

3. Construct a primal-dual pair for the original problem from the restricted
primal-dual pair that satisfies the dual certificate condition.

Let (0,Z4, %1 ) be a primal-dual pair to the restricted problem:

minimize ¢(6) + A(ha(0) + hgs (6)). (3.10)

The restricted primal-dual pair satisfies the first order optimality condition

V) + A2a + A2y =0 (3.11)
Za € Oha(f), Zpo e M*. (3.12)

First, we show the solution to the restricted problem is consistent.

Lemma 3.5. Assume ¢ and p satisfy RSC (on C N M). For any A >
4"%@* (PpVE(0%)), the optimal solution to the restricted problem (3.10) is uni-

que and consistent: |0 — 6* |2 < 2(k, TS

Next, we establish the PDW condition that ensures all solutions to the orig-
inal problem are also solutions to the restricted problem.

Lemma 3.6. Suppose 0 is a primal solution to (3.1), and 24, 21,251 are dual
solutions; i.e. (0,24, 21, 2p1) satisfy

VO) + NEa+ 21+ 2pL) =0

21 € Ohr(0), 24 € Oha(), 2p. € E*.
If 1 € relint(I), then all primal solutions to (3.1) satisfy hi(6) = 0.

Finally, we use the restricted primal-dual pair to construct a feasible pri-
mal-dual pair for the original problem (3.1). The optimality conditions of the
original problem are

VUO) + ANEa+ 214 252) =0 (3.13)

21 € Ohr(0), 24 € Oha(0), Zip. € EL. (3.14)
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Let

Zr =argmin, v;(2) + 1gi (Zp0 — 2)

éEJ_ = EMJ_ - 2].

The pair (0,24, 21, 251 ) satisfies (3.14) by construction. Thus  is a solution to
the original problem. To show 6 is the unique solution to the original problem,
we show 2y is PDW feasible: Z; € relint(I).

The restricted primal-dual pair (0, 24, 23,1 ) satisfies (3.12) and thus the zero
reduced gradient condition:

PyVE(0) + APyz4 = 0.
We Taylor expand V{ around 6* (component-wise) to obtain
PyW + PyQPa(0 — 0) + Py R+ APyza = 0,
where W = V/{(0*) and
R =V/{(0) — VL0 — Q6 — 6%).
Since Py; QP is invertible on M, we solve for @ to obtain
0 = 6% — (PyyQPu) Pyr(W + \24 + R). (3.15)
We Taylor expand V¢ in (3.12) around 6* to obtain
W+QO—60%)+ R+ NZa + 2Zpy1) =0.
We substitute (3.15) into this expression to obtain
0=W — Q(PuQPur) Pry(W +X2a + R) + R+ XNZa + Zpp1). (3.16)
Rearranging, we obtain

ZypyL = % (Q(PMQPM)TPM(W—F AZa +R) - W —-R— /\EA))

= QPr(PrQPa) PryZa — 2a
+ % (QPr(Py@QPy) Py(W + R) =W + R).

Finally, we take V’s to obtain

V(Zne) < V(Pyo(QPa(PrQPa) Prza — 24)) (3.17)
+ 1V (Par (QPu(PUQPA)IV = T7)) (3.18)
+ lV(PML (QPy(PyQPy) Py R — R)). (3.19)

A
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The irrepresentable condition (3.7) implies the first term is small:
V(Prre (QPr(PrQPrr) Payza — 24)) < 1—1.
Since V is a semi-norm on M, there is some k¢ such that
V(Pr (QPar (PrrQPar)'W — W) < rico®(W).
We substitute these expressions into (3.19) to obtain

V(EMJ.)Sl—T-FIiIC (M-f—@)

A A
If we have A > 252 o* (1), then < o*(W) < 7 and
V(ane) <17+ 2+ 580" (R). (3.20)

Lemma 3.7. Assume { and p satisfy RSC (over C N M ). For any A < ’;—2(2.‘%4—
Ss8) it Heo(R) < f

KIC 2 Kox K1C’
We substitute this bound into (3.20) to obtain
T T T
V(z 1- - +-<1-=-x<1
(Zye) < 7’+4+4_ 5 <

Thus 27 is PDW feasible. By Lemma 3.6 and the uniquenss of the solution to
the restricted problem, € is also the unique solution to the original problem. O

3.3. (Partial) converse results

Although the irrepresentable condition (3.7) seems cryptic and hard to verify,
Zhao and Yu (2006) and Wainwright (2009) showed it is necessary for sign
consistency of the lasso.? In this section, we give necessary conditions for an
M-estimator with a geometrically decomposable penalty to be both consistent
and model selection consistent.

Theorem 3.8. Assume ¢ and p satisfy RSC (on C N M ) and irrepresentability
(Assumptions 3.1 and 3.2). Further, assume the optimal solution to (3.1) is
unique, consistent, and model selection consistent, i.e.

e (6" +rBy) N M.
We must have
Pri QPy(PyQPy)T (W + A2a + R)
€ Pys (W + R+ X324+ 1+ ET))
24 € Oha((0* +1rB2) N M),
where W = VL(0*) and R = VE(0) — W — Q(6 — 6%).

2Zhao and Yu (2006) and Wainwright (2009) refer to the (slightly) stronger condition (3.8)
as irrepresentability. Thus their converse results are often summarized as irrepresentability is
“almost” necessary for model selection consistency of the lasso.
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Proof of Theorem 3.8. The proof proceeds like the proof of Theorem 3.4. The
optimal solution to (3.1) satisfies

VIO) + ANEa+ 21+ 251) =0 (3.21)

21 € 0hy(0), 24 €0ha(d), Zzp. e E*. (3.22)

Since 0 is consistent and model selection consistent (by assumption), 0 e 0 +
rBa) N M. We solve for the error like we did to prove Theorem 3.4:

0 — 0" = —(PyQPy) Pyy(W + M2s + R).
We plug in the expression for the error to (3.22) to obtain
0=W — Q(PyQPn)  Pay(W + X4 + R)+ R4+ \32a + 21 + 25.1).

We project onto M+ to obtain the desired result. (]

Theorem 3.8 is a deterministic statement concerning the solution to (3.1). Tt
says the (random) term

Py (W + R) = Py QPy(PyQPy) (W + R) (3.23)
falls in the set
Py (Oha((0* +7rBy) N M) + 1+ E1)
— Py QPu(PyQPr) 0ha((0F +7By) N M). (3.24)

To deduce the necessity of irrepresentability, we must show when irrepresentabil-
ity is violated, the claims of Theorem 3.8 are invalid with positive probability.
Although the distribution of (3.23) is generally hard to characterize, we do not
need to completely characterize its distribution. As we shall see, showing the it
is symmetric, i.e.

Pr((3.23) € B) = Pr((3.23) € —B) for any measurable set B,

is enough to deduce the necessity of irrepresentability.

Corollary 3.9. Assume { and p satisfy RSC (over C N M ) and A is a polyhedral
set. Further, assume the distribution of (3.23) is symmetric, and

0* € UGEext(A) relint(N4(0)).

When irrepresentability is violated—say
inf c o 0+) V(Prre (QPy (PyQPu) Paz — 2)) > 1,

Pr(d € (0" +7Bx) N M) <
for any r small enough such that 6* +rBs C |

1
2

rEext(A) re]‘int(NA (‘T)) .
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Proof. Since 6% € U, cexg(a) relint(Na(z)), Oha(6*) is a point. For any r small
enough such that

0% + 1Bz C U, cexi(a) relint(Na(z)),
Oha((60* +rB2) N M) is also the point dh4(6*). Thus (3.24) is given by
Prri (0ha(0*) + 1+ EY) — Py QP (PyQPay ) 0ha(6%). (3.25)

When irrepresentability is violated, (3.25) is a convex set that does not con-
tain a relative neighborhood of the origin. Thus there is a halfspace (through
the origin) that contains (3.25). Since the distribution of (3.23) is symmetric,
Pr((3.23) € (3.24)) < 1. O

4. Examples

We use Theorem 3.4 to establish the consistency and model selection consistency
of the lasso, the generalized lasso, and the regularized maximum likelihood esti-
mator for exponential families in the high-dimensional setting. Our results are
nonasymptotic, i.e. we obtain bounds in terms n and p that hold with high
probability.

4.1. Sparse linear regression

We return to the sparse linear regression setup described in Section 3.1.1. The
Fisher information is ¥ = %X TX. We assume

1. RSC (over span(Bs,s) and let C'= RP) and (3.8). Since ¢ is quadratic, it
satisfies the smoothness condition with L = 0.

2. the components of € are i.i.d. subgaussian random variables with mean
zero and subgaussian norm o.

The assumption (3.8) is a stronger condition than irrepresentability. It implies
irrepresentability with 7 = a:

[| X3 (Xg)Jf sign(0%) || < [| X3 (XE)THOOH sign(0*)s|| < 1-a. (4.1)

Corollary 4.1. Assume ¥ is RSC (on span(Bu.s)) and (3.8). For A\ =

8(2—&)0, log p
« n

1. consistent: Hé — 0%z < %(1 + 4(2;a))‘7\/ |S\i?gp7

2. model selection consistent: ésc =0

, the lasso estimator is unique,

with probability at least 1 — 2p~!.
Further, if minges |05 > (1 + PN ‘Slifgp, then the lasso estimator

[e3

is also sign consistent: sign(fs) = sign(6%).
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Proof. Before we apply Theorem 3.4, we compute the constants x,, ko, and kK1c.
Since the regularizer is finite (it’s a norm), its dual semi-norm is finite. To keep
things simple, we let o = || - ||1. The constant k, = &, is

rp = supg {[|0]], [ 6 € B2 N span(Boo,s)} = V/IS|-

Similarly, the constant xic is given by

HPBoo,SC (2PBOO,S (PBoo,SipBoo,S)TPBoo,SZ — Z)Hoo
< ||XE(XE) 25 L+ Nzse o < 2 = ) |2l
is at most 2 — a.

To apply Theorem 3.4, we check \ = @0\/ 10% satisfies the assumptions.

Since the loss function is quadratic, it satisfies the smoothness condition (3.6)
with L = 0. Thus any A < oo satisfies the upper bound in (3.9). We check our
choice also satisfies the lower bound in (3.9). By Vershynin (2010), Proposition
5.10 and a union bound,

Pr (||Ve(07)]|, > 1) = Pr([| X7e|, > nt) < 2exp(—25 +logp).

Thus

Pr<4(2;a)HV£(9*)HOO - 8(2—04)0 logp)

o n

< 2exp(—2logp +logp) = 2p~ L.

Consequently, the claims of Theorem 3.4 are valid with probability at least
1—2p~1:

1. |\é—9*|\2§%(1+ﬁ> /|8|)\:%(1+4(2;a))0. /|$\i§>gp,

2. 0 € span(Bao.s) = {0 € R? | O5c = 0}.

An easy consequence of (1) is ||6a — 0]/oe < Omin. Thus 6 is sign consistent:

sign(f,) = sign(6?) for any a € S such that [6%| > Opin. O

As we saw in Section 2, analysis regularizers of the form p(D#@) are geomet-
rically decomposable. A prominent example of ¢; analysis regularization is the
generalized lasso:

1 2
inimize — Il — X0 Do, . 4.2
minimize lly 5+ ADO, (4.2)

The underlying (statistical) model is a straightforward modification of the linear
model (3.2): we assume DO* (instead of 6*) is sparse. The sparsity of D6 usually
translates to some desirable structural or geometric property of 6. We refer to
Section 2 in Tibshirani and Taylor (2011) for some examples.

The model subspace is {§ € R? | (Df)sc = 0}, where S C [m] is the
support of Df. It’s straightforward to check span(D? By, s¢)* = M. Thus the
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generalized lasso possesses the structure given by (3.1). To study the model
selection properties of the generalized lasso, we assume
[Dse X (DsXT) sign(63)[| <17 (4.3)

in lieu of (3.8). The assumption (4.3) is equivalent to irrepresentability. It is
usually referred to as an identifiability criterion (IC). Given IC (4.3), we derive
the analog of Corollary (4.1) for the generalized lasso.

Corollary 4.2. Assume ¥ is RSC (on span(D” Bo s¢)*) and (4.3). For A =

1 . . . .
8o 5\ [ 182 the generalized lasso estimator is unique,

‘ 5 1
1. consistent: || — 0*||2 < £ (k, + 2k ,)g [ BL,
2. model selection consistent: (D0)se =0
with probability at least 1 — 2p~!.

Proof. Before we apply Theorem 3.4, we compute the constants x, and s,.
When D has a (nontrivial) null space, the regularizer is not a norm. To allow
for the possibility, we let o = || - ||, and set A > 42| V/(6*)||. The constants
Kp, Ko are
ki, =supg {||DO||, | 0 € By N span(DT By se)* }
Ko = Supy {||t9||1 |6 € By N span(DTBooﬁgc)L} :
By an argument similar to the argument in the proof of Corollary 4.1, A =
8ric 5, / lo% satisfies the assumptions of Theorem 3.4 with probability at least

T

1 —2p~!. Thus, with probability at least 1 — 2p~1,

1. Hé —9*”2 < %(Kp + %:I—é))\ = %(2’€g+ 8:2-10%,))0 /lo%7
2. 6 € span(DT Boo s )~ = {6 € R? | (Df)se = 0}. -

4.2. Learning exponential families

We turn our attention to a problem with a non-quadratic loss function. Recall
an exponential family is a distribution of the form

Pr(z;0) = h(z) exp (9T¢(:17) —A(9)) ,

where 0 are the natural parameters, $(X) € RP are sufficient statistics. We
assume 0* is group-sparse, i.e. the components of 6* are organized in (possibly
overlapping) groups and only a few groups are active. Let G be the collection of
groups and S be the subset of active groups. The model subspace is M = {0 €
R? |0, =0 for any g € S°}.

Given independent observations X (™ = {X;,...,X,}, we seek to estimate
0* by the regularized maximum likelihood estimator (MLE):

1< :
minimize n;aﬁ(ff )70+ A0) + A0l - (4.4)
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The ¢1 /¢ norm is geometrically decomposable:
|9H2/1 _2”9 H2 B2, s( )+h'Boo/2,SC(9)’
geyg
where th/ZYS and th/ZYSC are support functions of the sets
Booja,s = {0 € RP | maxyeg [|6y]], < 1,0, = 0 for any g € S}
Booja,se = {0 € RP | maxyeg [|6y]], < 1,04 =0 for any g € S} .

It is easy to check span(By/2,s) = M. Thus (4.4) has the structure given by
(3.1). The Fisher information is Q = V2 A(6*). We assume Q satisfies RSC (over
span(By/2.s)) and irrepresentability.

First, we establish two auxiliary results: (i) a concentration result for W and
(i) the optimal solution to (4.4) is contained in some compact subset of the
model subspace.

Lemma 4.3. The random variable W satisfies

t? t
< 2exp [ —cnmin ,
> ( (maxgeg lg| K2 maxgeg \/|g|K>>
P Vo L(0* t
e (i [V, 100, > 1)

12 t
< 2exp | log|G| — en min ’
p ( g| | (maxgeg |g|[(2 maneg |g|K>>

for some absolute constant ¢ > 0 and a constant K that is independent of n.

pr (|50 >

Lemma 4.4. The optimal solution to (4.4) satisfies

A 1
18 < G o (M7 a1+ 16" = 6l o0 161 )

AB) <107l 16" 12,00 + 16]]3 167 15,00 + A@) + X6 ]151

where ¢ = L3 H(z™) and ¢* = Egx [¢(X)].

We use these two results to establish the consistency and model selection
consistency of the regularized MLE.

Corollary 4.5. Suppose we are given samples £V, ... 2™ drawn i.i.d. from a
reqular exponential family with unknown parameters 0*, kic > 7, and Assump-
tion 3.2 is satisfied. Select

\ = 3"€IC \/—K 10g |g

and the sample size

4 4 2
1
n > max (ﬁﬂ max|g|K210g|g| (2 |S|+L /|S|> : (%) og|g|>
c 7 2K10 2

c
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where C := {0 |(|0|l2/1 < 4/|0*]|2/1 and A(0) < R}, ¢ > 0 is an absolute constant,
and K is a constant independent of n defined in Lemma B.1. With probability
at least 1 — 2|G|~5/*, the optimal solution to (4.4) satisfies

1. Hé—@*”z S 6 NIC maxgea \/l?K \/E‘F 2H1c\/|? \/@

2. égzo,geSC.

Furthermore if we assume the beta-min condition

6 log |G
1651, > 22 mae gl (VST + 5= v1ST) <2

cn

for all g € S, then all groups g € S are correctly estimated as non-zero,

1612 > 0.

5. Model selection properties of regularized M-estimators with
weakly decomposable penalties

5.1. Background and problem setup

Geometric decomposability, although general, excludes some common regular-
izers. An important example is the nuclear norm:

181, = 325=1 05(0),

where 7 is the rank of © € RP**P2 and 0;(©),j = 1,...,r are its singular values.
The motivating example we have in mind is low-rank multivariate regression.
Consider the (multivariate) generalization of the linear model:

Y = X0 + W, (5.1)

where the rows of Y € R"*P2 are (multivariate) responses. We assume the ma-
trix of coefficients ©@* € RP1*P2 has rank r < min{py,pa}. Given observations
{(z4,y:) }, a standard approach to estimating the unknow ©* is nuclear norm
minimaization:
minimize — ||Y X@HF—I—)\H@H (5.2)
OcRP1XP2

Bach (2008) showed that nuclear norm minimization is rank consistent, i.e.
Pr(rank(é) =r) = 1lasn— oo, (5.3)

subject to irrepresentability. Although rank consistency does not fit into our
notion of model selection consistency because the set of rank r matrices is not
a subspace, our results may be used to derive a non-asymptotic form of Bach’s
rank consistency result.

To study the rank consistency of nuclear norm minimization, we consider an
alternative notion of decomposability: weak decomposability.
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Definition 5.1. A regularizer is weakly decomposable at §* € RP in terms of
convex sets A, I C RP if it is sublinear and

Op(0*) = Oha(0%) + Ohr(6).
We assume A, I are bounded and 0 € relint (7).

Weak decomposability is more general than geometric decomposability. How-
ever, the structure of the subdifferential of a weakly decomposable penalty at 6*
is very similar to that of a geometrically decomposable penalty. Consequently,
the directional derivative of p at 0* along A is geometrically decomposable:

p(O", A) = hop 951 (A) + hon, o) (D).

As we shall see, the geometric decomposability of p(6*,A) is the key to the
model selection properties of weakly decomposable penalties.

The problem setup is similar to the setup in Section 3.1. To keep things
simple, we focus on regularized least squares. Given n identically distributed
observations of some random variable, we estimate some parameters * € M C
RP of its distribution by

Ce . 1 T T
minimize 59 QO —q" 0+ Mp(0), (5.4)

where p is weakly decomposable in terms of convex sets A,I C RP. The sets
A, I are chosen such that M = span(I)’. As we shall see, the nuclear norm
minimization problem has the form given by (5.4).

5.2. Dual consistency of regularized M-estimators

To study the model selection properties of (5.4), we compare the its optimal
solution to the optimal solution to a linearized problem

minimize %HTQH — g0+ \p(0*) + p(0%,0 — 6%)). (5.5)
eRP

Since the objective functions of (5.5) and (5.4) are similar, we expect the
(optimal) solutions are close. Unfortunately, due to the lack of strong convexity,
we cannot conclude the solutions are close. However, as we shall see, the dual
solutions are close.

After a change of variables, the linearized problem is

1
mipimize £ ATQA+ (@8~ q) A+ Mhonuo(A) + hi(A). (5:6)
We recognize (5.6) possesses the decomposable structure given by (3.1). By
Theorem 3.4, a primal-dual pair (A, Z4, Z7) that satisfies
QO*+A)—q+ANza+21)=0 (5.7)
ZAeahA(H*), zrel '

is unique. Further, A is consistent, and z; is PDW feasible. We summarize the
properties of (A, Z4,zs) in a lemma.
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Lemma 5.2. Assume Q and p satisfy RSC (on span(I)*) and irrepresentabil-
ity. For any \ > 4"%@*(@9*—(1), the unique primal-dual pair for (5.6) (A, Za, Zr)
18

1. consistent: |Allz < 2 (k; i:l_i))"

2. PDW feasible: vr(zr) <1— 3.
The main result shows the dual solutions to (5.4) and (5.6) are close.

Theorem 5.3. Assume Q and p satisfy RSC (on span(I)*) and irrepresentabil-
ity. For any A\ > #25*(Q0* — q), the optimal dual solutions to (5.5) and (5.4)
satisfy

lza+ 21— 2% < 1902 (R(A) — R(A)),
uhere R(A) = p(0" + ) = p(6°) = p(6", )

Proof. After a change of variables, the original problem is
e . 1 T * T *
minimize EA QA+ (QO" —q)" A+ (0" + A). (5.8)
Its optimality conditions are
QO* +A)—~v+X2=0
2edp* + A).

Let A and A be the solutions to (5.6) and (5.8). By Fermat’s rule, Z4 + z; and
Z4 + 21 are also the dual solutions to (5.5) and (5.4). We subtract (5.9) from
(5.7) to obtain

(5.9)

QA —A)=\za+71 —2). (5.10)
To complete the proof, we show ||Q(A_ — A)[3 is small. By inspection of the
optimality conditions (5.9) and (5.7), A and A are also the solutions to

migierréize ATQA + (Q0* — ¢)" A + \p(6*, A)
migie%ize ATQA +(QO0* — )T A+ Ap(6* + A) — p(6%)).

Since A and A are their respective optimal solutions, we know
ATQA + (Q0* — )" A+ \p(6*, A)
< ATQA 4+ (Q0* — )T A + \p(6*, A),
ATQA +(Q0" — )" A+ Xp(0* + A) — p(6*))
< ATQA +(Q0* — ¢)TA + X (p(0* + A) — p(6™)) .
We add the inequalities and rearrange to obtain
(A—A)TQ(A - A) = A < MR(B) - R(A)),
where R(A) = p(6 + A) — p(6%) — (0, A). Since [|QAIZ < |QI12/| AlI2,

A A2
QA = A, < 1Qll,
We plug in (5.10) to reach the stated conclusion. O

A - A < QI A(R(A) - R(A)).
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5.3. Rank consistency of low-rank multivariate regression

We return to the low-rank multivariate regression problem described in Sec-
tion 5.1. The nuclear norm is weakly decomposable. Let ©* = ULVT be the
(full) SVD of ©* and define the sets

A= {0 € By, CR"? | ©=U,DV," for some diagonal D}
I={0 € By, CR""*"* | © = U, _,DV,._, for some diagonal D},

p2—"r
where U,,U,,—, (resp. V;.,V,,_,) are submatrices of U (resp. V) consisting of
the top r and bottom p; — r left (resp. po — r right) singular vectors of ©*.
It’s straightforward to check the nuclear norm is weakly decomposable at ©* in
terms of A, I. Since A+ I C By,

1], = hB.,(©) > ha(©) + hs(O).

Before we delve into the rank consistency of low-rank multivariate regression,
we state our assumptions on the problem. To keep notation manageable, we
adopt operator theoretic notation. Let X € RP'P2 be the vectorized form of
X € RP1*P2_In operator notation, the model is

Y = X(0") + W, (5.11)

where X : RP1*P2 — R™ is a linear operator. Since X is linear, we abuse notation
by writing X© = X(0). The Fisher information Q : RP**P2 — RP1*P2 ig given
by %X*X. We assume

1. RSC and

supy e g, || U - [PrQPo (PreQPp) Z] V,,Z_THSP <l-a, (5.12)
where Py : RP1*P2 — RP1*P2 (vesp. Pji) is the projector onto span(I)
(resp. span(I)1).

2. the entries of W are i.i.d. subgaussian random variables with mean zero
and subgaussian norm o.

The assumption (5.12) is stronger than irrepresentability. It implies irrepre-
sentability with 7 = « :

U7,

p1—r

[Pr(QPr (PrQP)'U V] — UTVTT)]VprrHSp
= |[Ug - [Pr(QPr (P QPr) U V) Vs o (5.13)
|Up, - [P1QPr (ProQPr )T Z) Vo -

S sSupz € Bsp

We make the stronger assumption to obtain an explicit expression for the con-
stant r1c (in terms of the constant «).

The final ingredient we require is a “Taylor’s theorem” for the nuclear norm
that says the nuclear norm is well-approximated by its linearization.
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Lemma 5.4. Let s, be smallest nonzero singular value of ©*. For any A €
span()*, |Allsp < %, we have

* * 4
7+ AlL = 167, — tr(UF AV;) < o JIA[p.

We put the pieces togther to conclude low-rank multivariate regression is
rank consistent.

Corollary 5.5. Assume Q is RSC (over span(I)t) and (5.12). For A\ =

@0 %, the optimal solution to (5.2) is unqiue and rank consistent

when

1282 M2 2 )4 16
n>max{ —(\/_:_a) rz,m(\/i—i—o/)%} o*(p1 + p2)

9s2 m* ata/?

with probability at least 1 — cye~2P14P2)  The constants M and o' are given by
A d 42—
supjajie <1 [QAllp and ==

Proof. To show © has rank at most r, it suffices to show the optimal dual
solution UVT has no more than 7 unit singular values. At a high level, the
proof consists of three steps:

1. Show the unique (feasible) primal-dual pair to a linearized problem (A,

U.V,E U, - VI ) is consistent and PDW feasible (Lemma 5.6).

p2—r
2. Invoke Theorem 5.3 to show U VTi is close to the optimal dual solution
to the linearized problem UV, + U, _,V,L_ . Since Uy, _,.V,L _, is PDW

p2—r’ p2—"r
feasible, its singular values are bounded away from one.

3. Apply a singular value perturbation result to conclude UVT has (no more
than) 7 unit singular values.

Consider the linearized problem

minimize 2— Y — X (0" —|—A)HF—|—)\ (tr(UFAV,) + UL _ AV, ||.) . (5.14)

AERP1%XP2 pi=r

We apply Lemma 5.2 to deduce a primal-dual pair (A, U, V,",U,, . V,L ) that
satisfies
SO +A) =g+ AUV + Uy V,E ) =0
Up—nV5E_ el

p2—r
is unique, consistent, and PDW feasible.

Lemma 5.6. Assume the linearized problem (5.14) satisfies RSC (over
span(I)*t) and (5.12). For A = Ma PLEP2 the unique primal-dual pair
for (5.14) (A, U V,E U, VI_ ) is

p2—r

1. consistent: |Allr < %(\/—4_ 4(2—00) T(m;rpz)'
2. PDW feasible: ||Up, VL flsp <1— 3
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By Theorem 5.3 (and the convexity of the nuclear norm),

oV —u, v, -0, V]

Pp2— THsp

< ”UVT - UTVTT - Upl TVZ rHF
M = n M
< 5 (R(A) ~R(A)) < TR(A),
1

where M = supj o, <1 [|QA[[r. Since A € span(I)
to obtain

, we may apply Lemma 5.4

oVt —U,. v, - HAHF

;D1 Vi p2— THsp— 35

as long as [|Allsp < 2. By the consistency of the hnearlzed problem

Bl < 1Allr < (V2 + )y TP

n

where o/ =

4(2=2) e put the pieces together to obtain
«

ovt -u.vt -0, VI

b2 THsp

!
_ M (Bl )
35, m2 o

n
when n > 16‘7 (\/_—l-a) r(p1 + p2).
By Lemma 5. 2, Up,—+V.I_ . is PDW feasible. Thus it has at most r unit

p2—T
singular values. Tts min{p;, p2} — r remaining singular values are smaller than

1 — 3. By Weyl’s inequality, it suffices to ensure

(5.15)

|GV — 0T~ Ty V| _‘; (5.16)

to ensure UV7 has no more than r unit singular values. We combine (5.15) and
(5.16) to deduce the requirement on n. O

To our knowledge, Theorem 5.5 is the first non-asymptotic rank consistency
result for the multivariate regression problem. Further, the proof technique gen-
eralizes readily to M-estimators with other loss functions and regularizers. In
Chandrasekaran, Parrilo and Willsky (2012), the authors demonstrated rank
and sign consistency in the problem of graphical model estimation with la-
tent variables. For the multivariate regression problem, Negahban et al. (2011)
showed an operator norm consistency bound. Operator norm consistency by
itself does not give rank consistency, but hard-thresholding the singular values
of © at the appropriate level does give rank consistency. In contrast, Corollary
5.5 is a statement regarding O, the regularized M-estimator 5.2 without any
post-processing.

6. Computational experiments

We show some consequences of Corollary 4.5 with experiments on two mod-
els from structure learning of networks that are motivated by bioinformatics



630 J. D. Lee et al.

§ 1
é 1 5 == - S §
[&] -
% 08 o 0.8
" —
—_ ()
% 0.6 'é 0.6
S
S 04 —e—p=64 g 0.4 ——p=64
e —— p=100 £ ——p=100
8 02 —e—p=144 8 02 —=— p=144
g p =225 8 p =225
e 0 a-da—d [T Qi
0 500 1000 0 1 2 3 4
Sample size (n) Rescaled sample size

Fic 1. Fraction of correct model selection versus sample size n and rescaled sample size
n/((maxyeg |g])log |G|) with the grouped graphical lasso. Each point represents the frac-
tion of 100 trials when the grouped graphical lasso correctly estimated the true group struc-
ture.

applications. We select A proportional to \/ (maxgeg | g|)l°Ln‘g| and use a proxi-

mal Newton-type method Lee, Sun and Saunders (2009) to solve the likelihood
maximization problem.

6.1. The graphical lasso

Suppose we are given samples drawn i.i.d. from a normal distribution, and we
seek to estimate the inverse covariance matrix. If p > n, we cannot simply
invert the sample covariance matrix 3 to estimate ©*. However, we can obtain
a maximum likelihood estimate of ©*:

minjmize tr (i@) —logdet(©) + A 3 [[O4ll, - (6.1)
s,teG

The group lasso penalty to promotes block sparse inverse covariance matri-
ces, and A trades-off goodness-of-fit and group sparsity. This estimator is a
group sparse variant of the graphical lasso Friedman, Hastie and Tibshirani
(2008).

We estimate the probability of correct model selection using the fraction of
100 trials when the graphical lasso correctly estimates the true group structure.
Figure 1 shows the fraction of correct group structure selection versus the sam-
ple size n for four graphs consisting of 64, 100, 144, and 225 nodes. In these
experiments, we varied the sample size n from 100 to 1000.

The fraction of correct model selection is small for small sample sizes but
grows to one as the sample size increases. Intuitively, more samples are required
to learn a larger model, hence the curves for larger graphs are to the right of
curves for smaller graphs. If we plot these curves with the x-axis rescaled by
1/((maxgeg |g]) log|G|), then the curves align. This is consistent with Corol-
lary 4.5 that say the effective sample size scales logarithmically with |G|.
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6.2. Learning mixzed graphical models

The pairwise mixed graphical model was developed to model data that contain
both categorical and continuous features Lee and Hastie (2012); Cheng, Levina
and Zhu (2013) e.g., two features about a person are weight (continuous) and
gender (categorical). The model is a natural pairwise extension of the Gaussian
MRF and a pairwise discrete MRF:

PI‘(%% (ﬂﬁﬁ)) X eXp(Z 265t$s$t+z 95] Yj $S+Z%g yrvyj))' (62)

s,t Jr

zs, s=1,...,pand y;, 7 =1,...,¢’s are continuous and discrete variables and
Bst, 055, 7rj are continuous-continuous, continuous-discrete, and discrete-discrete
edge potentials. We seek maximum likelihood and pseudolikelihood estimates of
the parameters (3,6, )

minimize — £ ((8,0,7)) + Mp((8,6,7))- (6.3)

(8,0,7)

p is the group lasso penalty:
p((8,0,7)) Zlﬁst|+Z||95JH2+ZH'7TJHF

To make sure the model is identifiable, we enforce linear constraints on ~,;:

mezj er(xraxj) = 07 jaT = 17 - q.

We estimate the probability of correct model selection using the fraction of
100 trials when (6.3) correctly estimates the true group structure. Figure 2
shows the fraction of correct group structure selection versus the sample size n.
In these experiments, we varied the sample size from 300 to 2000.

§ 100

3

< 80

2

)

3 60

IS

g 40
(a) The graph topology used in this exper- § 20 ——e— MLE
iment. The blue nodes are continuous vari- g —s— PLE
ables and the red nodes are discrete vari- T 0

ables. The actual experiment had 10 contin- 500 1000 1500 2000
uous and 10 discrete variables Sample size (n)

Fic 2. Fraction of correct model selection versus sample size n of the penalized MLE and
PLE on a mized graphical model. Each point represents the fraction of 100 trials when the
grouped graphical lasso correctly estimated the true group structure.
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The fraction of correct model selection is small for small sample sizes but
grows with the sample size. For the penalized PLE, the fraction grows to one,
but, for the penalized MLE, the fraction plateaus around 0.9. This can be ex-
plained by the penalized MLE violating the irrepresentable condition. We refer
to Section 3.1.1 in Ravikumar et al. (2011) for a similar example where the the
irrepresentable condition holds for a neighborhood-selection estimator but fails
for the penalized MLE.

7. Conclusion

We proposed the notion of geometric decomposablility and showed it is key
to the model selection properties of regularized M-estimators. Our notion of
decomposability builds on the notions by Candés and Recht (2012) and van de
Geer (2012) and readily admits a notion of irrepresentability.

We also developed a general framework for establishing consistency and model
selection consistency of regularized M-estimators. Our main result (Theorem 3.4
gives deterministic conditions on the problem that guarantee consistency and
model selection consistency. We combined our main result with probabilistic
analysis to study the model selection properties of the lasso, generalized lasso,
and nuclear norm minimization. To our knowledge the non-asymptotic result
on rank-consistency of nuclear norm minimization is novel.
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Appendix A: Proof of lemmas in Section 3

Proof of Lemma 38.3. V is the infimal convolution of v; = hjo and 1p = hg..
By the properties of support functions, V"= hgno. Since I° is bounded and
support functions of bounded sets are finite and sublinear, V' is finite and sub-
linear. O

Proof of Lemma 3.5. Since 6 solve the restricted problem, we have

08) + Noa(B) < £(6%) + A a(6%).

Since 6 € C and the objective is strongly convex over C| 0 is the unique solution
to (3.1). By Assumption 3.1, we have

0 * m.a * ) *
WPy (0 = 6%) + 5116 = 67153+ A(p(8) — p(67)) <0,
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where W = V/{(0*). We take norms to obtain
* n m, 2 n *
0> —o"(PuW)o(0 = 0%) + = |0 = 0%, = Ap(6 — 6%) (A.1)

> —ry0" (PuW) |0 = 0", + S0 6", = M@ —0").  (A2)

Since 6 — 6* € M, we have

ha(6—60%) = p(6 —0%) < r,||6 — G*HQ.

We substitute this bound into (A.2) to obtain

0> g0 (P9 = 0", + 2~ 0|~ oo 0],

This means

- 2
6 — 9*“2 < p. (Ko™ (PuW) + KpA) .

Plugging in the choice of A > 4"””%Q*(PMVV) gives our conclusion. O

Proof of Proposition 3.6. Suppose there are two primal dual solution pairs,
(01,241, 21,1, 22 1) and (02,242, 21,2, 2L o), 1.€.

VE(01) + NMzag + 2110+ 2511) =0
Vﬁ(@g) + )\(ZAQ + 272+ ZEL)2) =0. (A4)

Since the original problem (3.1) is convex, the optimal value is unique:
0(01) + P(01) = £(61) + A(za1 + 211+ 2511)" 61
=0(02) + P(02) = €(02) + N(za,2 + 212 + 21 )" 0.
We subtract AM(za1 + 211 + ZELJ)THQ from both sides to obtain
0(01) + Azan + 211 + 252 1)" (61 — 62)
=0(02) + Nza2+ 212+ 2p1 0 — 241 — 211 — 2pL 1) Oa.
We rearrange this expression to obtain
0(01) = £(02) + A(zan + 211 + 2p21)" (61 — 02)
=Mzaz+ 212+ 2pro— 241 — 211 — ZELyl)THQ.
We substitute in (A.3) to obtain
(61) = £(82) — VL(61)T (61 — 62)
=Mza2+ 212+ 2pro—2a1 — 211 — ZEL)l)TQQ.
Since £ is convex, the left side is non-positive and

(za2+ 212+ 2519) 02 < (za1+ 211+ 2521) 0o
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Since 61 and 6, are in S, we can ignore the terms Z£L7202 and zg{lﬁg to obtain

(za2+ 21,2)T92 <(za1+ 21,1)T92-
But we also know

(zaq +211)702 <sup{uT6y |u e A} +sup{u’y |ucI}
u u
= z£1292 + Z¥:292.
We combine these two inequalities to obtain
(za,2 + 21,2)T92 = (za1+ 21,1)T92 < 257292 + ZIT,192

This simplifies to zIT7292 < 2;192. If 271 € relint(]), then

z?192 = z?zﬁg if #3 has no component in span(I)

zIT)192 < zIT)292 if 65 has a component in span(I).

But we also know 2?292 < 2}7192. Thus 03 has no component in span([]). O

Proof of Lemma 3.7. The Taylor remainder term is simply
R =V/{(0) — VL0 — Q0 — 6%).
By mean value theorem (along § — 6*), we have
1
R= /0 (V200" + (0 — 0%)) — Q) (0 — 0*) dav.

Since V2/ is Lipschitz continuous with constant L over C,

|R|2 = H/Ol (V200" + (6 — 6%)) — Q) (0 — 6*) dav

2
1
S/o V226" + a6 — %)) = Q||[|6 — 67, de
1
g/ L|f - 0" |2ada
0
L, 2
<Ljo-v|2

By Lemma 3.5, we have

2L 2
| Rll2 < W(HP + Zﬁ_) A2

To ensure %€ o*(R) < T, it sufficies to ensure 5| R|[2 < 4;0* . Plugging in the

choice of X\ gives the desired conclusion. O
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Appendix B: Proofs of lemmas in Section 4

Proof of Lemma 4.3. First, we prove an auxiliary result: the sufficient statistics
of an exponential family are subexponential random variables.

Lemma B.1. Let ¢} = Eg[¢i(2)] and ¢;(x) be a sufficient statistics of a
reqular exponential family. The random variable ¢;(x) — ¢F is subexponential:

Eog- [exp s;(¢i(z) — ¢7)] < exp(1)
for some s; > 0.

Proof.
Eog- [exp si(¢i(z) — ¢7)]
/dw h(z) exp (9*T¢(x) + si0;(x) — A(0%) — siqﬁ’;)

exp (—A(0%) — s;67) / dx h(z)exp ((9* + siei)T(b(:v))
exp (—A(0%) — si¢; + A(0" + sie;))
exp(—s;¢;) exp (A(0* + s;e;) — A(0Y)).

Using continuity and the regular exponential family, |A(0* + s;e;) — A(0%)| < e
and | — s;¢}| < € for small enough s;. Thus

exp (A0 + s;e;) — A(0") — s;0F) < exp(1)
for small enough s;. (]

We have 6%(9*) = L5 (=9 (z)+Eg.[¢;(2)]). Thus 6‘%(9*) is a sum of
i.i.d. subexponential random variables (Lemma B.1) and applying (Vershynin,
2010, Corollary 5.17) gives

ol

> t) < 2exp (—enmin(t*/ K, t/K;))

where K is the Orlicz 1-norm of —¢;(X) + Eg«[¢;(X)] (Vershynin, 2010, Defi-
nition 5.13). Let K = max; K. By the union bound,

Pr (||V99€(9*)||2 >t) <Pr (for some j € g, %(9*)

00;
<) Pr < ﬁ(@*) > t/\/m>
- JEy 9;
< 2exp <—cnmin <i ;>>
B lg| K27 \/]g| K

2 t
< 2exp | —cnmin ,
( <maneg 91K max,cq \/|g‘|K>>

>t/\/H)
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and

Pr (r;leagx Hvegﬁ(ﬂ*)H2 > t> < Pr (for some g € G,

J. D. Lee et al.

I, > 1)

<> Pr([Vo,0Ml,>1)

9€g

. t2 ¢
< |G|2exp [ —cnmin 31
maxgeg 9| K maxgeg \/|g| K

t? t
= 2exp | log |G| — cnmin , . O
< maxgeg |g[K? maxgeg \/|g|K

Proof of Lemma 4.4. By optimality of 0,

—0T " + VA0 (6 — 6

)+)‘H9H2/1 = 9*)+)‘||9*||2/1

=0T " + A0) + N[0]],)y < —0"T6" + A07) + 10",
)+ /\H9H2/1 < —0"TG" + A [6% 5/
)

_éT¢n+¢*T( _o* +/\"9H2/1 < _9*T¢n+/\”9*|‘2/1

)‘H6‘H2/1S ‘6‘*H2/1 (é_e*)T(¢n_¢*)'

We now bound ||é|\2/1,

Mol < M0N0 + (0 =097 (6" = ¢%)

S MO Ny + 16— 6], 16" = &*lla,o0
S MO Ny + (1010 167 = 6% 12,00 + 167 g1 167 = 6" g o -

Rearranging gives us,

101l <

1

o= 1l 416" = 6l 1000 ) - (B)
2,00

For the second part,

—0T ™ + A(0) + AH&HM

£(9) +)‘H9H2/1 < UO%)+ AN10%]l54

—0* 7" + A0%) + X105,

AB) < (66776 + AE%) + X6 s — A]6]],0
A0) < 6™ ll2,00 + 1167 [l2/1 16" ll2,00 + A(67)

S | PYR O

IN

Proof of Corollary 4.5. Let f(n,|Gl,|g|) be a function that inverts the concen-
tration inequality of Lemma 4.3 in the sense
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Pr (imax |70, €6°)], > 700,161 ) )

[ f(n,1G]19D)* _ f(n,1G].lgl)
<2 1 —
S Zexp <Og |g| Cn 1min <ma,xgeg |g|K25 max,eg \/EK

= 2exp(0).

Thus f is chosen so

2
: f f
log |G| — en min , = 0. (B.2)
maxgec v/ |g|K maxgea v/ |9/ K

Let
- log |G|
f(n,1G],1g]) == r;leagx/lglK ot

For n > (%)2% the first term in the min is active, so the choice of f satis-
fies (B.2).
By the following computation, the choice A = 2812 f(n, |G|, |g|) ensures that

Pr (2”710 max ||V, £(67)]|, > A) < 2(g|=°/*

Pr (2— ma [V, (0°), > )\>

T

3 1
- (TmaXHVH > 2 e 22

3 log |G|

. og || f
< _ 2
< 2exp <10g |G| — enmin (9/4%aé<|g|K ,3/2 o

maXgeq
1
= 2exp <log|g| — cnmin (9/4 log|g]| ,3/2 0g|g|>> '
cn
Since n > (%)ng_gg\’ we have 9/4IO§7LQ| < 3/210§7Lg\ and thus

Pr (25& maxHVe *)||2 > )\>

-
9
< 2exp (log |G| — 1 1og|g|)

=2|g| /.

For the rest of this proof, we will assume the event {A >
2819 maxgeg ||V, £(0%)||2}, so all the following statements hold with probability
at least 1 —2|G|~ 5/4.
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Lemma 4.4 shows

A ||9*H2/1 19" = ¢*ll3,00 10121

0],,, <
o = — o™ = ¢* 2,
Al + Qme*nz/l
- A= gi=A
2/|0*
- I ”i/l
" 2k1c
< 410"/,
where we used [[¢" — ¢*[|2,00 = maxyeg ||Vo, £(0%)|]2 and == < 1. Lemma 4.4

also shows that
AB) < 110%12/1]16" |2.00 + \!é!\2/1||¢"llz,oo + A(07) + A10%[2/1

* n * K C *
< 560" [l2/1 ]l (6") + 3= (1. G 19D 16" 1211

* 3 KIC
< 5161 (167l + 300,161, La) ) + A + 372 0 101 laD6"
3 log |G|
. * * = *
= 5101 (16 e + 5 ma Iy 22 4 a0
+355€ max /|| K —1°g|g||\9*||2/1
T g€eG cn

<= 5|9*||2/1<|¢ e + max |g|K> A0+ 2™ max /TG0
= R

)zloglg\'

C

by the triangle inequality, 3 f(n, |G|, |g|) > max4eg, and n > (3
Thus from the above arguments we know that

0 €C:={0|[16lly, <4[6,/, and A®) < R}.

The subset C' is convex and compact. Since the exponential family is minimal on
M, vTV2A(0)v > 0 for v € M Wainwright and Jordan (2008) and thus strongly

convex over the compact subset C' N M with strong convexity constant m
”va(”e) V2A(6” )Hz

0712

(Assumption 3.1). By the extreme value theorem applied to

the function V2£(0) has a finite Lipschitz constant L over C.

Before we apply Theorem 3.4, we compute the constants k,«, k,+. Since the
regularizer is finite (it’s a norm), its dual semi-norm is finite. To keep things
simple, we let o = || - ||2/1. The constants s, = K, ,+ are

iy = supg { 6, | 6 € By N span(Byoc,s) | = /IS
Kp+ = sup, {maxgeg |0 € By N span(By/oe,s)} < 1.
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To apply Theorem 3.4, we need to verify that the choice of \ satisfies

<m2 T 20, + N\ 7
2L Kickp KIC 2 2K1C

Substituting the expressions for the compatibility constants into the expression
above gives

-2
T T
A< — 1 2V|S]+ —VI|S —
< 2L ( | |+ 2/11(] | |> 2/%10
or equivalently

—2
3K1C

2 gl ll) < - (2VT+ 5 V) g (B3)

2&10

Using f(n, |G], |g]) = maxyec /Jg]K /2519

cn

3I€C logg m2 T 2 7
~ max \/[g[K ' <7 (2VIsl+ g =Visl) 5=

2k1C

2
\/%>6—maX\/|?K\/log|g ( S| +2—\/|S|>

36 *
>;7mmmem—(2m+7wa.

This completes the proof. We have verified all the assumptions of Theorem 3.4
and applying the theorem for the chosen value of A gives the desired result. O

Appendix C: Proof of lemmas in Section 5

Proof of Lemma 5.6. Before we apply Lemma 5.2, we compute the constants
Kp, Kg, kic. Since the regularizer is not a norm, we let ¢ = || - ||+ and check
A > 22| V0(0%)||sp. It’s straighforward to check

tr (UL AV) + ||UL _, AV,

p1—T

. SNA[
The “model subspace” M is given by

span()* = {U, X + (V,Y)" | for any X € R™"2)Y e R™"' }
and the constants sz, kg are given by

rp =supxy {tr (UFAV,) [ |Allp <1} = /r
kg =supxy {[|[ XV, + UYT|| | ||[U.X + (V.Y)T ||, <1} =v2r
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Similarly, the constant xic is given by

195,

p1—T

[Pr(QPro(ProQPpo)'Z — Z)]sz—THsp
<||Up,—+ [PrQPro (ProQPr)' Z] Voo |, + U5, -+ ZVo s, (C.1)
<@2-a) 7l

is at most 2 — a.

To apply Lemma 5.2, we check A = @01 / % satisfies the assumptions.
By Negahban et al. (2011), Lemma 3,

8(2 — 8(2 —
pr( Lt (g, > o B ) < e,
an o n

for some universal constants ¢y, ca. Thus the claims of Lemma 5.2 are valid with
probability at least 1 — ¢;e—2(P1+p2)

1. consistent: [|Ally < 2 (v2 + 2C=a))y, [ritez),

n

2. PDW feasible: [|Uy, -, V,E_ [lo <1 - 3. 0

Proof of Lemma 5.4. For any A € span(I)*, we have
|0° + All, - 67, — (VU7 A)
=tr(V,UL(0* + A)) — tr(V, UL ©*) — tx(V,UFA),
where U € RPX" and V € RP2*" are the left and right singular factors of
©* + A. Since tr(V,.UT©*) < tr(V,UT©%),
|©° + Al — &L, = tr(VUFA) < (077 = U, V1) )
< HUTVTT - UTVI‘THF ”A”F .

By Ll a.nd Sun (2002), Theorem 2.4,
387‘

for any A such that [[A[2 < 5. We put the pieces together to obtain the desired
bound. O
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