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Abstract: We study confidence regions and approximate chi-squared tests
for variable groups in high-dimensional linear regression. When the size
of the group is small, low-dimensional projection estimators for individual
coefficients can be directly used to construct efficient confidence regions and
p-values for the group. However, the existing analyses of low-dimensional
projection estimators do not directly carry through for chi-squared-based
inference of a large group of variables without inflating the sample size by
a factor of the group size. We propose to de-bias a scaled group Lasso for
chi-squared-based statistical inference for potentially very large groups of
variables. We prove that the proposed methods capture the benefit of group
sparsity under proper conditions, for statistical inference of the noise level
and variable groups, large and small. Such benefit is especially strong when
the group size is large.
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1. Introduction

We consider the linear regression model

y=Xg" +e¢, (1.1)
where X = (z1,...,x,) € R"*P is a design matrix, y € R" is a response vector,
e ~ N, (0,0%I,) with an unknown noise level o, and 8* = (8}, ..., 5;)T € RP is

the vector of unknown true regression coefficients. We are interested in making
statistical inference about a group of coefficients B¢, = ( . € G)T. For small
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p, the F-distribution, which is approximately chi-squared with proper normal-
ization, provides classical confidence regions for 37, and p-values for testing 3¢;.
We want to construct approximate versions of such procedures for potentially
very large groups in high-dimensional models where p is large, possibly much
larger than n.

The study of asymptotic inference for parameter estimates in high dimen-
sional regression has experienced a flurry of research activities in recent years.
Many attempts have been made to assess the model selected by high dimen-
sional regularizers; for example, some early work was done in Knight and Fu
(2000), sample splitting was considered in Wasserman and Roeder (2009) and
Meinshausen, Meier and Biithlmann (2009), and subsampling was considered
in Meinshausen and Biithlmann (2010) and Shah and Samworth (2013). See
Bithlmann and van de Geer (2011) for more detailed account of some of these
methods. Leeb and Potscher (2006) proved that the sampling distribution of
statistics based on selected models is not estimable. Berk, Brown and Zhao
(2010) proposed conservative approaches. Alternative approaches were proposed
in Lockhart et al. (2014) and Meinshausen (2014).

Recent works in Zhang and Zhang (2014), van de Geer et al. (2014) and Ja-
vanmard and Montanari (2014a) among others are more relevant to the line of
research we have adopted in the current work, which we describe in some de-
tail. For the effect of a preconceived variable, Zhang and Zhang (2014) pointed
out the feasibility of regular statistical inference at the parametric n=/2 rate
by correcting the bias of a regularized estimator of the entire coefficient vec-
tor, such as the Lasso, and proposed a low-dimensional projection estimator
(LDPE) to carry out the task. The basic idea is to project the residual of the
regularized estimator to the direction of a certain score vector which is approx-
imately orthogonal to all variables other than the preconceived one. Such bias
correction, which has been called de-biasing, is parallel to correcting the bias
of nonparametric estimators in semiparametric inference (Bickel et al., 1993).
In a general setting, Zhang (2011) developed an alternative formulation of the
LDPE and provided formulas for the direction of the least favorable submodel
and the Fisher information bound for the asymptotic variance. In linear regres-
sion, the least favorable submodel more explicitly connects the Lasso estimator
of the score vector to column-by-column estimation of the precision matrix for
random designs (Cai, Liu and Luo, 2011; Sun and Zhang, 2013). Biihlmann
(2013) developed and studied methods to correct the bias of ridge regression.
Belloni, Chernozhukov and Hansen (2014) considered estimation of treatment
effects with a large number of controls. van de Geer et al. (2014) proved that
the LDPE attains the Fisher information bound under a sparsity condition on
the precision matrix and made a connection between the Lasso estimation of
the score vector and the inversion of the Karush-Kuhn-Tucker (KKT) conditions
through the precision matrix. Moreover, van de Geer et al. (2014) extended their
results to generalized linear models (GLMs) with an innovative way of analyzing
such models. Javanmard and Montanari (2014a) proved that when a quadratic
programming method of Zhang and Zhang (2014) is used to estimate the score
vector, the LDPE attains the Fisher information bound for Gaussian designs
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without requiring sparsity condition on the precision matrix; see Subsection 2.2
for further discussion.

In a separate work, Javanmard and Montanari (2014b) considered inference
with lower sample size requirements when the design is known to be standard
Gaussian. Sun and Zhang (2012a), Ren et al. (2013) and Jankova and van de
Geer (2014) considered extensions to graphical models and precision matrix
estimation.

It is possible to directly extend the above described de-biasing method to the
case of grouped variables. In fact, the LDPE provides

Vn(Be — B5) = Nig(0,0?Ve ) + Reme (1.2)

along with a known covariance structure Vg g and a remainder term that sat-
isfies |Remglloo < 1187 ]0(logp)/v/n (Zhang and Zhang, 2014). However, this
does not directly provide a sharp error bound for the ¢»- or equivalently chi-
squared-based group inference for large groups. As Var(y|g|) &~ 1/2, the trivial
bound ||[Remg|l2 < |G[Y2?8%|l0(logp)//n = o(1) for group inference leads to
an extra factor |G| in the sample size requirement. Thus, the group inference
problem is unsolved when one is unwilling to impose such a strong condition
on n. Our goal is to construct B satisfying ||Remgl||2 = o(1) in an expansion
of the form (1.2) with potentially very large |G|. The impact of such a result is
certainly beyond the specific problem under consideration.

Our approach is based on the natural idea that group sparsity can be ex-
ploited in statistical inference of variable groups. To this end, we propose to
use a linear estimator to correct the bias of a scaled group Lasso estimator.
This combines and extends the ideas of the group Lasso (Yuan and Lin, 2006)
and bias correction (Zhang and Zhang, 2014), and will be shown to capture
the benefit of group sparsity in both high-dimensional estimation as in Huang
and Zhang (2010) and in bias correction. We note that the type of statistical
inference under consideration here is regular in the sense that it does not re-
quire model selection consistency, and that it attains asymptotic efficiency in the
sense of Fisher information without being super-efficient. A characterization of
such inference is that it does not require a uniform signal strength condition on
informative features, e.g. a lower bound on the non-zero |3;| above an inflated
noise level due to model uncertainly, known as the “beta-min” condition.

Since our proposed method relies upon a group regularized initial estimator,
in the following we provide a brief discussion of the literature on the topic. The
group Lasso (Yuan and Lin, 2006) can be defined as

Alw) = argmin L (8).  Lu(8) = lly — XBI: Z%IIBG e (13)

where {GJ7 ,1 < j < M} forms a partition of the index set {1,...,p} of vari-
ables. It is worthwhile to note that when the group effects are being regular-
ized, the choice of the basis X¢g, = (xx,k € G;) within the group may not
play a prominent role, so that the design is often “pre-normalized” to satisfy
ngXG]. /n =1Ig,xq, as in Yuan and Lin (2006). The group Lasso and its vari-
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ants have been studied in Bach (2008), Koltchinskii and Yuan (2008), Obozin-
ski, Wainwright and Jordan (2008), Nardi and Rinaldo (2008), Liu and Zhang
(2009), Huang and Zhang (2010), and Lounici et al. (2011) among many others.
Huang and Zhang (2010) characterized the benefit of group Lasso in ¢s estima-
tion, versus the Lasso (Tibshirani, 1996), under the assumption of strong group
sparsity; see (2.1) in Section 2. Huang et al. (2009) and Breheny and Huang
(2011) developed methodologies for concave group and bi-level regularization.
We refer to Huang, Breheny and Ma (2012) for further discussion and additional
references

Estimation of the scale parameter, or the noise level o, is also an important
aspect of high dimensional regularized regression. Due to scale invariance, it is
natural to let the groupwise weights in (1.3) be proportional to the scale parame-
ter 0. Thus, a consistent estimate of o also becomes necessary for truly adaptive
estimation of the parameters. For the Lasso problem, Antoniadis (2010) and Sun
and Zhang (2010, 2012b) proposed a scaled Lasso that estimates both the scale
parameter ¢ and coefficient vector 8%, which is closely related to the earlier
proposals of Zhang (2010) and Stédler, Bithlmann and Geer (2010). It turns
out that this scaled Lasso and the square-root Lasso (Belloni, Chernozhukov
and Wang, 2011) yield the same estimator of 3 although the estimation of o
is not considered in Belloni, Chernozhukov and Wang (2011). For group regu-
larization, Bunea, Lederer and She (2014) proposed a square-root group Lasso
for adaptive estimation of the coefficient vector 3. In this paper, we study a
scaled group Lasso for simultaneous estimation of both 3 and o with a different
weighted £ ;1 penalty and prove the benefit of grouping in the estimation of the
scale parameter in terms of convergence rates.

This paper is organized as follows. In Section 2, we describe a general pro-
cedure for statistical inference of groups of variables and provide theoretical
guarantees for our results. In Section 3, we study the scaled group Lasso needed
for the construction of estimators in Section 2. In Section 4, we present some sim-
ulation results to demonstrate the feasibility and performance of the proposed
methods. In Section 5 we provide a brief summary of our results and discuss
future directions of research. Proofs of some technical results are relegated to
the Appendix.

We use the following notation throughout the paper. For vectors u € R?, the
£, norm is denoted by [Ju||, = (ZZ:1 lug|P)MP, with ||u||e = max;<p<q |ug| and
llullo = #{j : u; # 0}. For matrices A, the Moore-Penrose pseudo inverse is de-
noted by AT, the spectrum norm is denoted by |Alls = maxy|j,—|jv|s=1 ul Av,
the Frobenius norm by ||A|r = {trace(ATA)}'/2, and the nuclear norm by
|AllN = max | s=1 trace(BTA). Given A C {1,--- ,p}, for any vector u € RP,
uy € R denotes a vector with corresponding components from u, X4 €
R™*I4l denotes the sub-matrix of X with corresponding columns as indicated
by the set A, X_ 4 denotes the sub-matrix of X with column indices belonging to
the complement of A, R(X 4) denotes the column space spanned by columns of
X4, Qu = Xa(XEX4)1XY denotes the orthogonal projection to R(X ), and
QJA‘ = IL,xp — Q4. Additionally, E and P denote respectively the expectation
and probability measure.
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2. Group inference

We present our results in seven subsections. Subsection 2.1 describes the group
structure of the regression problem in detail and the notion of strong group spar-
sity. Subsection 2.2 provides a brief account of the bias correction procedure for
statistical inference of a single variable. Subsection 2.3 proposes an extension of
the bias correction idea to group inference. Subsection 2.4 justifies the proposed
group inference methodology in an ideal setting and states a working assump-
tion for more general settings. Subsection 2.5 provides optimization methods for
construction of group inference procedures under the working assumption. Sub-
section 2.6 provides sufficient conditions for the feasibility of the optimization
scheme considered in Subsection 2.5. Subsection 2.7 discusses convexations of
the optimization problem and summarizes the overall scheme.

2.1. Group structure and strong group sparsity

We assume an inherent and pre-specified non overlapping group structure of the
feature set. Put precisely, assume that {1,--- ,p} = Ujj\ilGj such that G;NGy =
@. Define d; = |G| for all j so that Ej\il d; = p. For any index set T" C
{1,---, M}, we define Gr = UjerG,. In the following, we allow the quantities
n,p, M, d;’s etc. to all grow to infinity.

In light of this group structure, further results on consistency of group reg-
ularized estimators of 3" will be based on a weighted mixed ¢3; norm, defined
as Zj\il willug, |2 for u = (ug,;;1 < j < M) € RP with ug, € RIS, where
w= (w1, ,wy) € RM with w; > 0 for all j. This norm will be used both
as penalty and as a key loss function. Weighted mixture norm of this type pro-
vides suitable description of the complexity of the unknown 3 when the following
strong group sparsity condition of Huang and Zhang (2010) holds.

Strong group sparsity: With the given group structure {G;,j =1,..., M} as
a partition of {1,...,p}, there exists a group-index set, S* C {1,--- , M}, such
that

181 <g, [Gs-[<s, supp(B”) C G+ = Ujes-Gj. (2.1)

In this case, we say that the true coefficient vector 3% is (g, s) strongly group
sparse with group support S*.

Our aim is to make chi-squared-type statistical inference about the effect of
a group G of variables, including confidence regions and p-values for XS
and 3¢. As will be clear from our analysis, the methodologies proposed in this
paper will allow the size of the group G to grow unboundedly up to |G| = o(n).
Moreover, the group G of interest does not have to be congruent with the group
structure {G;,j = 1,..., M}. In fact, each of the |G| variables in G could belong
to any of the M different pre-specified groups of variables so that

XeBo= Y. XaneBane:
kiG NGB
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Thus we can rewrite the regression problem (1.1) as

y =XaeBg + Z XencBaa¢ +€=Hus+ Z BoanG 1 e (2.2)
GrZG GrLZG

where for any A C {1,---,p}, p* = X487 In the simplest case, when the
variable group of interest G matches the group structure in the sense that,

XGB*G = Z XGkﬁEk7 (23)

GrNG#£D

(e.g. G = G, for some 1 < jo < M), (2.2) could be simplified as,

y=XeB5+ > Xa B, te=ps+ Y. ph te
GkﬂG=@ GkﬁG=@

2.2. Bias correction for a single coefficient

In high-dimensional regression, regularized estimators have been extensively
studied and proven to be consistent for the estimation of the entire mean vec-
tor X3 and coefficient vector 3 under various loss functions. However, since
such estimators are typically nonlinear and biased, their sampling distribution
is typically intractable. Zhang and Zhang (2014) proposed to correct the bias of

a regularized estimator ,@(mit) with an LDPE of the following form:

~ (init)

=B 2y -XB ) /2], (2:4)

where z; is a certain score vector depending on X only. Here we provide a brief
review of some ideas involved in this methodology to prepare their extension to
group inference.

The basic idea of the LDPE can be briefly explained as follows. In the low-
dimensional regime where rank(X) = p < n, we may pick z; = :cjL as the
projection of x; to the orthogonal complement of the column space of X_; =
(zr,k # j), ie. 2] X_j = 0 and z] x; = ||z5[|3 > 0. For this choice z; = =,
the B, in (2.4) is identical to the least squares estimator () Ty/(x5) xy,
and thus is unbiased regardless of the choice of the initial estimator. In the

1L

high dimensional case where p > n, @ is no longer a valid choice of z; as

the condition ijX_j = 0 forces z; = 0 when X is in general position. When

z]TX_j # 0, the linear estimator B\J(-lm) = z?y/zf:cj has unbounded bias for the

estimation of §; even if we assume the sparsity condition ||3||o = 1. However,
the linear estimator is used in (2.4) to project the residual y — X,B(W ) to the
direction of z; for the purpose of bias correction, and the full strength of the
~ (init
unbiasedness property zJTX_ j = 0 is not necessary to reduce the bias of ,B(mz )
to an acceptable level.
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The performance of a score vector z; can be measured by a bias factor n;
and a noise factor 7; defined as follows,
ni = lzf X_jlle/I12ill2, 75 = llz5ll2/ 12T ;1.
This can be seen from the following error decomposition for the LDPE in (2.4),
B\j -B;= ije/zJTa:j + 7jRem;, (2.5)
in which 27e/zTa; ~ N(0,770%) and an {,-/1 split leads to

~(init)

[Rem; | = |27 X_;(8

~(init)

=Bl /Izillz < ml|B " =87, (2.6)
Thus, when |Rem;| = op(1), statistical inference for 5; can be carried out with

a consistent estimate of o. For example, when n; < +/logp and H,B(ml ) Syl H 1 <

18%[lo+/ (log p) /n,
n>> (|Bllologp)* = (B; — B;)/@7;) ~ (B; — B;)/(o73) = N(0, 1)

It is worthwhile to mention here that 7; and n; are both explicitly available
given z;, so that the validity of the above scheme requires no stronger assump-
tions than an ¢; error bound for the estimation of 3 and a consistent estimate

(imit) . .
of 0. A scaled Lasso estimator can be used as {ﬁ(lm ), o}, which satisfies

o lo 1/2 ~(init) . *llo lo
1)+ (R82) P gy, = 0 (110R2) o
n n

0-*

with o* = ||y —XB"||2/v/n and s = ||3"||o (Sun and Zhang, 2012b), provided an
¢; restricted eigenvalue or compatibility condition on the design (Bickel, Ritov
and Tsybakov, 2009; van de Geer and Biihlmann, 2009). Thus, the remaining
issue is to find a score vector z; with sufficiently small a bias factor ; and a
noise factor 7;.

For random designs with a Gram matrix ¥ = E(X” X /n) that is invertible,
Zhang (2011) provided the direction of the least favorable submodel 8 = S;u
as

uf = E_lej/(E_l)j,j = argqfnin {uTZu : e?u = 1},

with e; being the j-th canonical unit vector, and defined an ideal, efficient z;
as

o __ o
E> quj.

As the j-th element of uj equals 1, this can be written as a linear regression
model

x;=X_jv_;+ 2] (2.8)

with y_; = (v, s Vim1,—js Vit1go )T = (—u?)-; € RP~1.
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Given a design matrix X, Zhang and Zhang (2014) proposed two choices of
z; for the LDPE in (2.4). The first proposal of z; takes a point in the Lasso
path in the linear regression of x; against X_;:

2 =2y~ X7y Ay = argmin {[la; — X jbl3/2n + Al ). (29)

For p < n, we may take A\; = 0, so that z; = zlc]L and the Ej in (2.4) is the least
squares estimator of 3;. For p > n, (2.9) provides a relaxed projection of x; via

the Lasso, and the KKT conditions for z; automatically provides

7 <Nzl 5= 127 Xjlloo/llz5ll2 = nX /N2,

which implies n; = /2log p with a scaled \; satisfying \; = /||z;(12(21log p)/n2.

The second proposal of z;, closely related to the first one in (2.9) and given
in the discussion section of Zhang and Zhang (2014), was a constrained variance
minimization scheme

2y = argmin {203 : =72, /| = 1, [27X /nll < X} (210)
z
This quadratic program, which provides 7; = ||z;[|2/n, can be understood as

minimize 7'j2 subject to n; < X /7; ~ \/2logp.

A variant of the optimization in (2.10), studied in Javanmard and Montanari
(2014a) is

z; = Xm, m = argmin {mTflm |Em - e < )\;-’}. (2.11)

Since E?wj/n =1- X} and (2.10) is neutral in the sign of z, (2.11) and (2.10)
are equivalent with z;/(1 — A}) = z; when \; = \7/(1 — \]) and z; is the
solution with z?w]— =n.

2.3. Bias correction for a group of variables

In this subsection we propose a multivariate extension of the methodologies
described in Subsection 2.2.

The algebraic extension of (2.4) to the grouped variable scenario is straight-
forward. For the estimation of B¢, a formal vectorization of the estimator is

~ ~ (init) ~ (init)

Ba=Bc +(ZEXe)'Zh(y—XB ), (2.12)
where Zg € R™*IG1 depending on X only, can be viewed as a “score matrix”.
Recall that for any matrix A, AT is its Moore-Penrose pseudo inverse. For the
estimation of uf, = X¢B¢, a variation of (2.12) is

init)

~ ~ (init ~(
fi = g™ + (2aQe)'ZE(y - XB ), (2.13)
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~(init) ~(init) . . .
where pi, = XaBg and Qg is the orthogonal projection to the column
space Xg.

The extension of the error decomposition (2.5) to (2.12) and (2.13) is also
algebraic but requires a mild condition due to the need to factorize out a mul-
tivariate version of the noise factor. We carry out this task in the following
proposition.

Proposition 1. Let Zg € R**ICI, Q, and Pg o be the orthogonal projections to
R(Xa) and R(Zg) respectively, Pg be the orthogonal projection to R(PgoQc),

Bg be as in (2.12), fig = XaBe, wiy = XaBh, B4 = X485, and

Remg = Y Pg( g:@ ugk\g) = > (PGQGk\G) (ﬁgt@;—ﬂék\c)
G ZG G ZG
(2.14)

(i) Suppose rank(Z Xc) = |G|. Then, rank(PgXc) = |G|, Pg = Pg, and

Ba = AG l + (ngg)TPG (y X,B(zmt)) = :627 + (PGAXG)]L (Pge — Remg) .
(2.15)

(ii) Suppose rank(Pg) = rank(Xq). Then, (2.13) holds and

fic = B + (P Qo) Po(y — XB ™) = us + (Pa Qo) (Poe — Rema)
(2.16)
Consequently,
(Pe Qo) (fic — 1&) = (PaXe)(Bg — BE) = Poe — Remg. (2.17)
In particular, when pug =0,
Pge — Remg = Pgpg = Pg (y — Z ﬁg:(tc;) (2.18)

GrZG

The first equations of (2.15) and (2.16) assert the scale invariance of the
proposed estimator in the choice of Zg in the sense that it depends in Zg only
through the projection Pg.

The condition rank(Pg) = rank(Xg), slightly weaker than the condition
rank(Z5Xg) = |G, requires Z5X g to have the same kernel as Xq. If this
condition fails to hold, there will be no bias correction in a certain direction
a = Xgbg # 0 in the sense that a’ iz = a ﬁ(mn)

In Proposition 1, the matrices (PgX¢)" and (PgQg)" and can be viewed
as multivariate noise factors respectively for statistical inference of B¢, and pf,
and the remainder term Rem¢ can be viewed as standardized bias.
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For any estimator ¢ for the noise level and measurable function h : R(Pg) —
R

)

h(PeQe) (i — 1E)/5) = h((PeXa)(Be — BE)/5) (2.19)

is an approximate pivotal quantity with approximate distribution h(Pge/o)
whenever

sup ‘]P’{h((PGs — Remg)/5) < t} - P{h(PGs/J) < t}‘ = o(1). (2.20)
—oo<t<oo
From this point of view, the proposed method is generic. If a pivotal quantity

(2.19) with a specific h(-) suits the aim of a statistical experiment, statistical

~(init) .
,0} and score matrix

inference can be carried out if certain estimator {3
Z¢ can be found to satisfy (2.20).

As we are interested in chi-squared type inference, the right choice of h(-) is
h(v) = ||v||2. This choice yields elliptical confidence regions for B¢ and pf, via

(2.19). For testing the hypothesis Hy : B = 0, (2.18) provides the test statistic

To==|IPo |y~ Y A (2:21)

GrZG )

SHE

as an approximation of ||Pge/o||2. Let kg = rank(P¢). It is worthwhile to note
that

|IPgelle/oc — ke — N(0,1/2) (2.22)
when kg — oo. Thus, without further investigation of possible stochastical
cancellation between Pge and Remg, (2.20) for h(v) = |v|2 and kg > 1
amounts to

Vka|a/o = 1| + |[Remg /o ||, = op(1). (2.23)

As |[Pgel|3/0” has the x7, distribution, (2.23) implies

sup [P{I(P6X) B ~ Bl <ty Bxt, <1} 0
aup, [P{I(PeQu) g ~ w3 <51} ~P{xd, <t} w0, (220
P{13 t} Pl <tf] >0

When kg = rank(Pg) — oo, we can apply central limit theorem (2.22) to
approximate the Xig distribution.

us =0 = sup;

~(init
The problem, as before, is to choose {ﬁ( ),3} and Z¢g to guarantee (2.23)
for the given h(-). For definiteness, we will pick in the sequel the following scaled
version of the group Lasso estimator (1.3):

8,0 2no

M
~(init) __ Yy — X/@ 2 o
B ayW%mm{L———h+5+§ymw@m. (2.25)
i=1
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This estimator, which aims to take advantage of the group sparsity (2.1), will be

considered carefully in Section 3, so that we can move on to the more pressing

issue of finding a proper Zg. Still, we would like to mention that this choice of
it

{5(”” ),8} and h(-) will in no way confine the scope of the proposed method,

as Proposition 1 and (2.20) are completely general.

2.4. An ideal solution and a working assumption

To study the feasibility of the approach outlined above in Subsection 2.3, we
first consider, parallel to (2.8), an ideal Z¢g as the noise matrix in the following
multivariate regression model,

Xg = X—GI‘—G,G + ZZ;. (2.26)

This regression model is best explained in the context of random design where
-1

T go={EX ;X ¢)} EXLiXq). (2.27)

To this end, we consider in the following theorem random design matrices X hav-
ing iid sub-Gaussian rows satisfying EX = 0, E(X?X/n) = X with a positive-
definite ¥, and

I'xXp)?2 1
(Sub-Gaussianity) sup Eexp <(eZT) + > <2 (2.28)
b0 vob" b Vo

with a certain constant vy > 1, where e; € R™ is the i** canonical unit vector
in R™.

Theqrem 1. Let 0 < ¢ < ¢ and 1 < A, < A* be fixed constants and
(B 5} be a solution of (2.25) with w/A* < | Xa,/Vallsw.; < w;/A.,
where wy ; = n"12(\/|G;] + v/2log M). Suppose X satisfies condition (2.28)
with ¢, <eigenvalues(X) < c¢*. Let Z¢ be as in (2.26) with the T'_q g in (2.27)
and Bg be as in (2.12) with Zg = Z%. Suppose y — XB* ~ N, (0,02L,) and
3" satisfies the (g,s) strong group sparsity condition (2.1) with

max;<um |G| | |G|
— @ Ta 0 ni/2

log M 1/2 ;
stologM (IGI77 0w ) Lo (2.20)
nl/2 GLZG wi

where wy, = n~Y2(/|G[] + |Gy, \ G|+ Iog M). Then, P{rank(P¢) = |G|} — 1,
(2.24) holds, and

(PaQc)(fic — 1E)/5 = (PaXa)(Be — B5)/6 = Nu(0, Pa) + 0p(1). (2.30)
Theorem 1, whose proof is merged with that of Theorem 4 and provided

imit
in Subsection 2.6, asserts that with a combination of the {,6'(“1Z ), o} in (2.25)
and the ideal Zg = Z¢ in (2.26), bias correction provides valid asymptotic
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chi-squared-type statistical inference for the group effect puy, € R™ and the
coefficient group B¢ € RIG!. However, this theorem requires a sub-Gaussian
design and the knowledge of Z¢,.

To extend this approach to more general settings with unknown Z¢; or even
deterministic X, we follow a strategy parallel to the one described in Subsection
2.2: We may directly approximate Z¢ via a regularized multivariate regression
in (2.26) or mimic properties of Z¢ with a regularized optimization scheme.
The question is to make a right choice of the regularization on Zg to match
Wt), o}. To this end, we extract,
as the following working assumption, some properties of {B(mm, o} which are
proven and used in our analysis under the conditions of Theorem 1.

. ~(imit) —~
Working assumption: Suppose that we have estimators (3 and o of a
(g, s) strong group sparse signal 3* and scale parameter o respectively satisfying

_OP(SnglogM)’
2 n

(2.31)

properties one can reasonably expect from {,@(

el 1 XL, (init)
o L *,J 2
o* 1‘ + nl/Q Zl o

J:

HXGjﬁGj 7XG]'/627'J

where ws; = \/|G4]/n + \/(2/n)log M, o* = || XB* — y|l2/\/n is an oracle
estimate of the noise level o, and G;, s and g are as in (2.1).

The above working assumption still aims to take advantage of the group
sparsity (2.1) as the mixed prediction error and the complexity measure s +
glog M dictate. However, compared with the more specific (2.25), it provides
a direction for regularizing a proper Zg for any estimator satisfying (2.31),
possibly with deterministic designs.

Under the strong group sparsity (2.1), error bounds in the ¢, and mixed s
norms for group regularized methods have been established in the literature as
we reviewed in the introduction. In Section 3, we contribute to this literature by
obtaining /5 as well as weighted mixed /5 norm error bounds of the group Lasso
and its scaled version (2.25). We will also provide a faster rate of convergence
of the scale parameter ¢ under strong group sparsity, which is crucial to our
analysis. In particular, we will prove in Section 3 that the error bound for
B(Wt) in (2.31) is attainable under proper conditions on the design matrix if
the group Lasso is used with a proper estimate of o, and the error bounds for

both B'(lmt) and o in (2.31) are attainable if the scaled group Lasso is used; see
Corollaries 1 and 2 and Theorem 7.

It is worthwhile to point out that the working assumption exhibits the benefit
of strong group sparsity, compared with a reasonable working assumption based
on the ¢y sparsity condition ||3%|lo < s as given in (2.7). In general, the error
bounds in (2.31) and those in (2.7) do not strictly dominate each other. However,
if in both the scenarios, s is of similar order and g < s, then (2.31) dominates
the rates necessary for univariate inference as given in (2.7).
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An alternative possibility is to use an £; regularized estimate of I'_¢ ; in the
univariate regression of x; against X_¢ for all individual j € G. This has been
considered in van de Geer (2014). However, the advantage of such a scheme is
unclear compared with directly using (B\j,j € G)T with the Bj in (2.4). Tt is
worthwhile to mention that the central limit theorem for (2.4) came with large
deviation bounds to justify Bonferroni adjustments (Zhang and Zhang, 2014),

so that (2.4) and its variations can be used to test Hy : B¢ = O versus an
alternative hypothesis on ||B¢|leo, especially when an ¢ regularized ﬁ(ml 'y

used as in van de Geer et al. (2014). However, we are interested in extensions
of traditional F- or chi-squared tests for {5 alternatives and taking advantage
of the group sparsity of 3*. Such methods require control of £ and groupwise
weighted ¢y error and accordingly, a proper choice Zg to match the working
assumption.

2.5. An optimization strategy

In this subsection we propose a multivariate extension of the optimization strat-
egy (2.10) to match an initial estimator satisfying the working assumption (2.31)
in the bias correction scheme (2.12).

It follows from Proposition 1 that the estimator (2.12) depends on the result-
ing Z¢ only through the orthogonal projection P to the range of Z¢ under a
necessary assumption for the bias correction scheme to work, as we commented
below Proposition 1. Moreover, it follows from (2.14) and (2.17) that the de-
sired P, which depends on X only, must be close to Q. and approximately
orthogonal to Qg,\¢ for all k with Gy € G.

Let Q be the projection to R(X). In the low-dimensional case of rank(X) =
p < n, we may set Pg = QHGkZG Qék\G, so that (2.12) is the least squares
estimator of B, with Remg = 0 in (2.14) and (2.15), and T2/|G| is the F-
statistic for testing Hy : B, = 0 when 7 is the degree adjusted estimate of noise
level based on the residuals of the least squares estimator. Of course, we need
to relax the requirement of the orthogonality condition P¢Qg,\o = 0 for all
G € G in the high-dimensional case.

Analytically, the key is to prove the upper bound ||Remg /0|2 = op(1) in
(2.23). To this end we use the formula in (2.14) and the working assumption in
(2.31) to obtain

— ~(init
Remcle < ( s Mo HPaQe,ls) ¥ wenl ™ - g,

Grl GvZG
= 0 (“HIREN) (g M IPoQe, ) (232)
where
wek = V/|Grl/n+V/(2/n)log M and M, = | max Xan\cua\all2-

XGkqu [l2=1
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We note that M, = 1 when ngXGk/n = 14, xd,- Since (s + glog M)/n is the

order of the mixed #5; error bound for Z:}, we may treat
= max Myw_ L|P
ne = max My :lPcQq, s

as a scalar bias factor. The error bound in (2.32) motivates the following exten-
sion of (2.10):

Py — arg;nin{HPQéHs P =P?=P’, |PcQq,\glls Swi VG & G}.
(2.33)

We say that P is a feasible solution of (2.33) if it satisfies all the constraints.
The optimization problem (2.33) is a generalization of (2.10) and provides geo-
metric insights. As (P¢Qg)! is a multivariate noise factor for the inference of
wi, we may define 7¢ = [|[(PgQg)'||ls as a scalar noise factor. The quantity
||PgQé||S, which is the so-called ‘gap’ between the subspaces spanned by Pg
and Qg;, equals (1 —752%)!/2. Thus, minimizing |PcQg||s is equivalent to min-
imizing the noise factor 7. This minimization is done subject to upper-bounds
on the components [[P¢Qg,\¢lls of the bias factor. Thus, (2.33) is an extension
of (2.10) as we discussed immediately after (2.10). When p < n and wj, = 0, P¢
in (2.33) is the projection to the orthogonal complement of ZGRZG R(Xan\a)

in R(X), or equivalently the linear space (HG,@G Qék\G)R(X).
In the following theorem, we provide a summary of the analysis we have
carried out above.

Theorem 2. Let Pg be a feasible solution of (2.33) satisfying | Pa Q5|ls < 1,

> . . . nlinit) e
and B¢ be as in (2.12) with Zg = Pg and certain {8 ,0} satisfying (2.31).
Suppose € ~ N, (0,021, ), rank(X¢) = |G|, and

- — 0, 12

G log M (|G|'/? !
1G] stgog <| 1| + max M d ) — 0, (2.34)
nl/2 " GZG Twap

with the My, in (2.32). Then, (2.24) and (2.30) hold.

Proof of Theorem 2. Since |[PgQg|ls < 1, we have rank(PgX¢) = rank(X¢) =
|G|, so that the condition of Proposition 1 (i) holds, which implies the condition
of Proposition 1 (ii) with kg = |G|. It follows from (2.31), (2.32), (2.34) and the
feasibility of P in (2.33) that (2.23) holds, which implies (2.24) and (2.30). Note
that (2.31) and (2.34) imply |0 /7 — 1| = op(|G|~/?) +Op(n=1/?) = op(|G|~1/?)
in the proof for the first component of (2.23). O

A modification of (2.33), which removes the factors My, in condition (2.34),
is to re-parameterize the effect of the k-th group by writing

XaBa, = XawnaBana + Xae\aBa,\a



Group inference 1843

where Xg,n¢ = Qék\GXkaG and Bg,\¢ is a solution of Xg\cBag,\¢ =
Qe\aXaBg,- We recall that Qg \ ¢ 1s the orthogonal projection to the col-
umn space of Xg,\g. As this within-group re-parameterization retains B¢, na
and XGk\Ga

y=XaBo+ Y. Qoacka, +€=XaBo+ > XeaBana +e
GLZG GrZG

where )~(G is the n x |G| matrix given by )NCGvG = 224:1 (Qék\GXkaG)/UGmGk'
As igkmg is orthogonal to Xg,\g, we have My = 1 after re-parametrization.
Moreover, the strong group sparsity condition supp(3*) C G+ and the working
assumption (2.31) are invariant under the re-parameterization. We note that
}5(; = X when ngXGk/n =Ig,xq, for allk with 0 < |Gk \ G‘ < |Gk| Let
Qg be the projection to the column space of X. The optimization scheme and
statistical methods are changed accordingly as follows:

i ~ 1
P; = arg;nm {||PQG||S :P=pP2=pP7T, ||PGQGk\G||S <wp V k},

Be = (PeXe)Pg [y - > ng\gﬁg’;“) , when rank(P¢Xq) = |G|,
GrZG
(2.35)
Te == |Pc |y~ Y. Qqcic,”
GrZG

SHE

2

With {Xq, Qg ) replaced by {ig, QG}, our analysis yields the following theo-
rem.

Theorem 3. Let Pg, By and T be given by (2.35) with ||Pgéé||5 < 1.
Suppose € ~ N, (0,0%1,), rank(Xg) = |G|, and (2.31) and (2.34) hold with
My, = 1. Then, (2.24) and (2.30) hold with {Xq, Qg } replaced by {X¢a, Qa}.

Remark 1. It is worthwhile to note that Theorems 2 and 3 only require a feasible

~ L
solution satisfying |[PcQg|ls < 1 and |[PeQglls < 1 respectively, which can
be directly verified for any given P¢. Still, the optimality criterion on Pg aims
to have smaller confidence regions and more powerful tests through (2.24). In

practice, it suffices to find a feasible solution with |[PcQ%|ls or [[PeQglls
reasonably bounded away from 1. As the optimization problems in (2.33) and
(2.35) are still somewhat abstract for the moment, in the following we prove
the feasibility of P¢ in (2.33) for sub-Gaussian designs and describe penalized
regression methods to find feasible solutions of (2.33) and (2.35).

2.6. Feasibility of relaxed orthogonal projection for random designs

In this subsection, we discuss the existence of feasible solutions of the optimiza-
tion in (2.33) for a sub-Gaussian design matrix satisfying (2.28) with EX = 0
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and a positive-definite population Gram matrix E(X” X /n) = 3. The feasibil-
ity is established under the assumption of the groupwise regression model as
described in (2.26).

We group the effects in the linear regression model (2.26) as follows:

M

Xo=X ¢l co+Zs =Y Xeclonee + 2, (2.36)
k=1

where I' _¢ ¢ = E:é,_GE,G,G. Under this model assumption, Z¢ is the true
residual after projection of X onto the range of X _ . Let P¢ be the orthogonal
projection to the column space of Zg,

o =z ()" 22 (22)". (237

The following theorem establishes the distributional convergence results in (2.24)

and (2.30) for BG by establishing the feasibility of P¢ as a solution of the op-
timization scheme in (2.33).

Theorem 4. Suppose the sub-Gaussian condition (2.28) holds with
0 < cx < eigen(X) < ¢ and fized {vg, i, " }.

Let wj, = &n~ Y2 (/|G + Gy \ G| + /1og(M]/6)).
(i) Let Amin be the smallest eigenvalue of {EG1/2(2 YHe. G2_1/2}1/2, and let

En12 (V1G] + 1og(M/6)) < mn, and ay, = Amin(1—1)/(L+15). Then, there
exist numerical constants ¢y € (0,1) and & < oo such that when £ > &yvy and
Tn S €0,

(2.33) has a feasible solution P¢g with
B o . . >1-4

rank(Pg) = rank(PeXg) = |G| and ||Pg Qglls < /1 —a2
(2.38)

(i1) Suppose the strong sparsity condition the sample size condition (2.29) hold

and that {B ) ,0} is as in Theorem 1. Then, the working assumption (2.31)
holds.

(i4i) Suppose the working assumption (2.31) and the sample size condition (2.29)
hold. Then, (2.24) and (2.30) hold.

Theorem 4 removes the requirement of the knowledge of Z¢, in Theorem 1. Tt
shows the existence of at least one feasible solution of (2.33) and that for such a
choice of Pg, the x? based inference can be carried out as in (2.24) and (2.30).
However, (2.33) is not a convex program. In Subsection 2.7 we will describe
group Lasso programs as convexation of (2.33).

The proof of Theorem 4 requires the following lemma on the probabilistic
control of the spectral norm of the product of two random matrices with sub-
Gaussian rows. As an extension of that result, spectral norm control of the
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product of two orthogonal projection matrices is also obtained. These proba-
bilistic bounds in Lemma 1 are of independent interest. See Remark 2 for more
details.

Lemma 1. Let By, be deterministic matrices with with p rows and rank(By) =
r for k ={1,2}. Let Py be the projection to the range of XBj, and

Q.= ((BI=B)")Y2BI'SB,((BfxB,)")'/2.

Let r = rank(Q12) and 1 > Ay > -+ > A\, > 0 be the nonzero singular values of
Q1 9. Define Apin = A\ I{r =r1 =ra}. Suppose (2.28) holds. Then, there exists
a numerical constant Coy > 1 such that when Coug \/t/n +(r1+mr)/n<e <1,

P{I(BI=B)) 2Bl (X" X/n)B,(BY£B;)")/* ~ Qualls Seo} 21—,

(2.39)
and
)\1(1+60) 12 )\min(lfeo) ? —t
PL|PiPs|ls < ——2|Pi1PyflE<1— ([ ——=) ¢t >1—-€.
{| Palls < S PP < e >1-e
(2.40)

Moreover, Ay < 1 iff rank(By, Bs) = r1 + ro and Apin > 0 iff mnk(BfBz) =
rH =Tg.
We have moved the proof of Lemma 1 to the Appendix to avoid a distraction

from the main results of this section. Based on Lemma 1, we prove Theorems 1
and 4 as follows.

Proofs of Theorems 1 and 4. By (2.37), P¢ is the orthogonal projection to the
range of Zg, = XBg with Bg = (271)*70(271)5}@ By definition, Q¢,\¢
is the projection to the range of Xg,\¢ = XBg,\¢ and Qg to the range of
X@ = XBg, where Bg,\¢ and B¢ are 0-1 diagonal matrices projecting to the
indicated spaces. Define @ = 25 {(271)¢.¢}/2 We have B{,\¢EBY =
Y66BE =0, BLEBY = ¢, .Bg = (2 )¢ = (BE)TEBZ and

—1/2

(B&EBeo) V/?BLEBY ((BL)'=Bg) 7 = /(= 6.6}

= Q e RIGIXIE]
Moreover, Q = 25’1(/;2 (Z YHac}/? is a |G| x |G| matrix of rank |G| and
the smallest singular value of Q is A\pin. Thus, by (2.40) of Lemma 1 and the
definition of wj, and a,,

P{IPcQg,\clls <wi Vk < M, |PaQblls < VT— a2} 216

This yields (2.38). Moreover, (2.38) also holds when Pg = P¢ or equivalently
Z; = 7¢ is used as in Theorem 1. As part (ii) of Theorem 4 restates Theorem 7
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in Section 3, it remains to prove maxg,\g2p My = Op(1) in view of Theorem 2.
To this end, we notice that due to the condition |Gy| + glogM < n, (2.39)
of Lemma 1 with B; = By implies |[X4X4/n — X4.4lls = op(1) for both
A =G and A= G\ G and all k with Gy \ G # 0, so that maxg,\gp Mir =
op(1) + O(1). O

Remark 2. Since Lemma 1 is a crucial ingredient for Theorems 1 and 4, we
highlight a few key points. Let us write p = p1 + p2 and I, = [L,xp, Iyxp,]-
Consider the choices: By = I,xp, and By = I,»;,. Also consider the partition
X = [X; X5] so that X; = XB,. Writing

- [gll gm} where £y, € RPVPL S, € RPIXP2 3, € RP2XP2
21 22

it follows that cov(Xj, X3) = 312. For such choices, Lemma 1 gives,

15572 (X Xe/n = B0) 20 s < OV + i+ p2)/n (241)

with probability at least 1 —e~t. This result provides a spectral norm bound on
the cross-product of two correlated random matrices with sub-Gaussian rows.
The probability bound in (2.41) is a generalization of a similar result for product
of two mutually independent random matrices with iid N(0, 1) entries, given in
Proposition D.1 in the supplement to Ma (2013). Control of spectral norm of
product of random and deterministic matrices have been studied as well; see Ver-
shynin (2011), Rudelson and Vershynin (2013) etc. In particular, spectral norm
concentration of product of a fixed projection matrix and a random matrix have
been derived in (Rudelson and Vershynin, 2013, Remark 3.3). In comparison,
our results in (2.40) studies product of two projection matrices with their range
being column spaces of correlated random matrices with sub-Gaussian rows.

2.7. Finding feasible solutions and construction of tests

While (2.38) of Theorem 4 guarantees a feasible solution of (2.33), the practi-
cality of the optimization scheme (2.33) has not yet been addressed. We discuss
here penalized multivariate regression methods for finding feasible solutions of
(2.33) and (2.35). As the only difference between (2.33) and (2.35) is the re-
spective use of X and )Nig, we provide formulas here only for (2.33), with the
understanding that formulas for (2.35) can be generated in the same way with
X replaced by 5(@.

The optimization problem in (2.33) is carried out over the non-convex space of
orthogonal projection matrices. In the following, we provide a convex program
for obtaining such orthogonal projection matrices under the linear regression
framework of (2.36). In model (2.36), a general formulation of the penalized
multivariate regression is

~

. 1
I' g =argmin § o || X — > Xenelence|| +RT-ca) . (242)

n
FfG,G GkZG P
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where || - || p is the Frobenius norm and R(I'_¢ ) is a penalty function. Define
Zo=Xo— Y Xenolance Po=Zc(2626) 2. (2.43)
GLZG

Our main interest is to find a feasible solution of (2.33) and (2.35), not to
estimate I'_¢ ¢. The following weighted group nuclear penalty matches the
dual of the constraint in (2.33) and (2.35):

§wy
RT_ga)= Y. eyl (RS

GLZG

Gk\GFGk\G,GHN- (2.44)

Recall that nuclear norm of a matrix A, denoted ||Al|n, is the sum of absolute
values of the singular values of A. It follows from the KKT conditions for (2.42)
with (2.44) that

HQG’“\GZG/\/EHS < Ewy. (2.45)

If we set w; = wy, in (2.44), condition (2.34) follows from

@%0 s+glogM [|G|'/?
n ’ /2 172

+ §||(Zgzg/n)1/2||5> -0, (2.46)

provided maxg, g My = O(1) in the case of Theorem 2. Moreover, as in van de
Geer (2014), under the assumption Apin(Zg) > ¢ > 0, only (s + glog M) /n'/?+
|G|/n — 0 suffices.

When the group sizes are not too large, one may consider replacing the
weighted group nuclear penalty with a weighted group Frobenius penalty:

fwll
RT_ga)= Y. nl—/kQ
GG

Xgoclanea| - (2.47)

The KKT conditions for (2.42) with (2.47) yield

sz, < aonczoral, < s

so that (2.46) is still valid. However, this second layer of inequality indicates
that the resulting procedure may not be as efficient as the (2.44) penalty. In any
case, as discussed in Remark 1, it is reasonable to proceed with the computed
Z¢ as long as the resulting |[PgQg||s is not too close to 1. One important
benefit of the formulation of the groupwise penalty as in (2.47) is that it can
be conveniently computed using the standard group Lasso algorithms; see Yuan
and Lin (2006), Huang, Breheny and Ma (2012) etc. As we will show in Section
4, group Lasso performs well for empirical studies. We summarize our proposal
and main results as follows.

Summary: Statistical inference for groups of variables can be carried out as
follows:
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e Given (y,X) and a group structure {G, : 1 < j < M}, construct the initial

~

estimates (B(mn), o) via the scaled group Lasso (2.25) or any alternative
leading to (2.31).

e Given a variable group G of interest, construct relaxed projection estimate
Po = Zo(ZEZ,) 7' Z by the penalized procedure (2.42) and (2.43) with
the penalty function (2.44) or (2.47).

e Carry out statistical inference according to (2.24) and (2.30)

Benefit of group sparsity: Existing sample size condition for statistical
inference of a univariate parameter at n~/2 rate requires,

n > |85 (log p)*.

See for exampe Zhang and Zhang (2014); van de Geer et al. (2014); Javanmard
and Montanari (2014a). As discussed below (1.2), direct application of these
results to approximate chi-square group inference requires an extra factor |G|:

n > |G| x |83 (log p)?.

If the true parameter 8 is (g, s) strong group sparse with s < ||3"||o, the sample
size conditions in (2.34), (2.29) and (2.46) clearly demonstrate the benefit of
group sparsity by incorporating the smaller estimation error bound as in Huang
and Zhang (2010) and removing the extra |G|. In particular, our sample size
requirement becomes the much weaker

n> (8+glogp)2

for approximate chi-square inference when |G| < ming, ¢ {|Gk| +1log(M/d)} in
(2.29) or £|(Z&EZe/n)~1?||s = O(1) in (2.46).

3. Verification of working assumption

The analysis in the preceding section established the benefits of grouping in
constructing ¢ type statistical inference procedures for variable groups. One
key aspect of our analysis was the working assumption in (2.31). These results
showed a faster convergence rate for the scale parameter estimate and the co-
efficient parameter estimate. As promised, in this section we will establish the
bona fides of (2.31) under the strong group sparsity assumption in (2.1).

Generally, for high dimensional regression problems, certain regularity con-
ditions on the the design matrix is required for estimation as well as prediction
consistency. In the following Subsection 3.1, we discuss similar assumptions on
the design matrix X that ensure the consistency results in (2.31). We also de-
rive estimation and prediction consistency result for the non-scaled group Lasso
problem in (1.3) in Theorem 5 as an illustration. The main result of this section
is Theorem 6 and Corollary 1 in Subsection 3.2 and Theorem 7 in Subsection 3.3
that establish the working assumption (2.31).
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3.1. Group Lasso and conditions on the design matric

In the Lasso problem, performance bounds of the estimator are derived based
on various conditions on the design matrix, for example, the restricted isometry
property (Candes and Tao, 2005), the sparse Riesz condition (Zhang and Huang,
2008), the restricted eigenvalue condition (Bickel, Ritov and Tsybakov, 2009;
Koltchinskii, 2009), the compatibility condition (van de Geer, 2007; van de Geer
and Bithlmann, 2009), and cone invertibility conditions (Ye and Zhang, 2010).
van de Geer and Biithlmann (2009) showed that the compatibility condition is
weaker than the restricted eigenvalues condition for the prediction and #; loss,
while Ye and Zhang (2010) showed that both conditions can be weakened by
cone invertibility conditions. In the following, we define grouped versions of such
conditions, which will be used in our study.

Let us first define a groupwise mixed norm cone for T'C {1--- M} and £ > 0
as

(6w, T) = {u: ¥ erwslug, 2 < €5 eqwilluc, |2 £0f. (3.1)

Let T* = {1--- ,M} and T C T’ C T*. Following Nardi and Rinaldo (2008)
and Lounici et al. (2011), the restricted eigenvalue (RE) is defined as

RE( (¢, w,T,T") = inf {Hi cu e ¢ Ew, T } (3.2)
v\ Vrlua,, s & w.T)

For the weighted ¢ 1 norm, the groupwise compatibility constant (CC) can be
defined as

CC9 (¢, w,T) = inf

u

1/2
{|XU2(EjeT%2') ,
V) ierwillug, 2

We note that RE(?) (§,w,T,T) and the somewhat larger CC(G)(f,w,T) are
aimed at the prediction and the weighed {5 ; estimation errors, while the smaller
RE(®) (&, w, T, T*) is aimed at the {5 estimation error.

We also introduce the notion of groupwise cone invertibility factor and its
sign-restricted version. For ¢ > 1, the cone invertibility factor (CIF) is defined
as

u e %(G)(f,w,T)}. (3.3)

_ 1/
max; [wj 1||ng,Xu|\2] (2,erw?) '/

CIF{D (¢, w,T,T") = inf e
ue? (S (¢,w,T) n(ZjET/ w]z(||quH2/wj)Q)
(3.4)

We note that (ZjeT, w]?(||uc;j|\2/wj)q)1/q = ||u|l; when T = T* and ¢ = 2.
Define

D¢, w,T) = {u cu e (¢ w,T), ul X5 Xu<0Vje TC} ., (3.5)
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as a sign-restricted cone. We extend the CIF to the groupwise sign-restricted
cone invertibility factor (SCIF) as

_ 1/
max; [Wj 1“X2jxu||2] (ZjeT W?) !

SCIF(I (¢, w,T,T") = inf 1/q
wet'Vew ) n( L ep wi(lug,ll2/w))?)
(3.6)

Similar to the RE and CC, CIF\?) (¢, w, T, T) and SCIF\?) (¢, w, T, T) are

aimed at the prediction and weighted ¢5 ; losses, while CIF((]G)(f ,w, T, T*) and
SCIFEIG) (&, w,T,T*) is aimed at the weighted loss (Z;w:l wj2-(||uG]. Hg/wj)q)l/q.
We note that the weighted ¢3 , norm is identical to the ¢ norm for ¢ = 2. For

ue 'Y w),
_ 1/2
\IXU\Ig/me(wj 1||ngXU||2) < Ejeij”qu”2 < ||uGT||2(2j€Tw_]2)

by the sign restriction and the Cauchy-Schwarz inequality, so that

(RE(£,w,T,T)}? < {CCD (¢, w, T)}2 < SCIFV (¢, w, T, T),
RE@ (¢, w, T, T*)CCD (¢, w, T) < SCIFS? (¢, w, T, T*). (3.7)

For u € (%) (¢, w,T), SCIF((]G) (&, w,T,T") can be replaced by
(€+1) CIF{P (€, w, T, T")

in (3.7), as

IIXullg/m?X(wjlHXaXullz) <> willug llz < (146D wjllug, |2
J JET

Thus, if a restricted eigenvalue condition as in {RE(®) (¢, w,T)}? > ko holds
with a fixed ko, then all the other quantities in (3.7) and (£ +1) CIFEIG) & w,T)
are bounded from below by kg, ¢ € {1,2}. It follows that the cone invertibility
factors provide error bounds of sharper form than (3.2), in view of Theorem 5
below and Theorem 3.1 of Lounici et al. (2011).

In the following Theorem 5 we provide the prediction, ¢, and mixed norm
consistency results for the non-scaled group Lasso problem defined in (1.3) under
the SCIF condition.

Theorem 5. Let 8 = B(w) be a solution of (1.3) with data (X,y) and B* be
a vector with supp(B8*) C Gg+ for some S* CT* ={1,--- ,M}. Let £ > 1 and

define
T _ *
= { max 1%, (v = XB7)l. < £l } (3.8)

1<j<M wjin 641
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Then in the event £, we have

- {2¢/(€+ D ¥jes- 0]
XB — XB*||3/n < Jes” _J 3.9
” /6 ﬁ ”2/77'_ SCIFSG)(&Q},S*,S*) ( )
and for all g > 1
{EM:%Q_@GJ. —ﬂau)q}“q CRE DS )
et w; SCIF(?) (¢, w, S*,T*)
Moreover, if y — XB* ~ N, (0,021, ) and
w; > A<7||XGj||5{\Gj|l/2 +v/2log(M/6)} /n for some 0 < 6 < 1,
and A> (£+1)/(£ —1), then
PE) >1-4. (3.11)

Theorem 5 asserts that the prediction loss ||XB — XB*||2/n, the {5 loss ||B —
B*||3 and the mixed norm loss EJM:1 w;jl|Bg, — Be,ll2 are all of the order

Yies-wi =< (s +glog M)/n

when the SCIF can be treated as constant and max; || X¢, /v/n||s = Op(1). This
result illustrates the benefit of the group Lasso as compared to Lasso. The results
in Theorem 5 are not entirely new. In fact, for the group Lasso problem (1.3), the
same convergence rate can be derived from the ¢5 consistency result in Huang
and Zhang (2010). While the result of Huang and Zhang (2010) is derived under
a sparse eigenvalue condition on the design matrix X, our results are based on
the weaker sign-restricted cone invertibility condition and cover the weighted
Uy 4 loss for ¢ > 2. The proof of Theorem 5 is relegated to the Appendix.

3.2. A scaled group Lasso

In the optimization problem (1.3), scale-invariance considerations have not been
taken into account. Usually the individual penalty level w;’s could be chosen
proportional to the scale o as a remedy. This issue has been discussed and
studied, pertaining to the Lasso problem, in the literature. See Huber (2011),
Stédler, Bithlmann and Geer (2010), Antoniadis (2010), Sun and Zhang (2010),
Belloni, Chernozhukov and Wang (2011), Sun and Zhang (2012b), Sun and
Zhang (2013) and many more. For the group Lasso problems, this issue has
been tackled via the square-root group Lasso formulation in Bunea, Lederer
and She (2014). Here we follow the the prescription from Antoniadis (2010) and
define an optimization problem,

(8,5) = argmin L,(B,0), (3.12)
B,o

~XBI2 (1-a)o &
where £u(8,0)= 2P0 Boa7 o Shy g0, (319)
j=1
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Following Sun and Zhang (2010) we define an iterative algorithm for the esti-
mation of {3,0},

5y = XB" |/ T =,

W ok, (3.14)
,B(kJrl) argming L. (8),
where L, (8) was as defined in (1.3). Due to the convexity of the joint loss
function L, (8, 0), the solution of (3.12) and the limit of (3.14) give the same
estimator. Moreover, if the minimization of ¢ is first taken with the unknown 3
in (3.12), the second minimization of min, L, (3, o) over 3 becomes the square-
root group Lasso problem of Bunea, Lederer and She (2014) when w; o |G;|/2.
As the aim of this paper is statistical inference of group effects, the formulation
in (3.12) explicitly provides a needed estimate of o. Moreover, we use a differ-
ent penalty w; oc |G;|*/? + y/2log(M/d) to benefit from group sparsity in the
estimation of both 3 and ¢ and in prediction as well.

The constant @ > 0 provides control over the degrees of freedom adjustments.
For simplicity, we take a = 0 for all subsequent discussions. It is clear that that
with @ = 0 and w’ = Gw, one has 6L, (3,7) = Lo (B) +72/2. The algorithm in
(3.14) suggests a profile optimization approach. The following lemma is similar
to Proposition 1 in Sun and Zhang (2012b) and characterizes the solution via
partial derivative of the profile objective.

Lemma 2. Let B(w) denote a solution of the optimization problem in (1.3).
Then, B(ow) is a minimizer of L,(B3,0) in (5.13) for given o, and the profile
loss function L, (B(ow), o) is conver and continuously differentiable in o with

1 |ly—XB(ow)l3
2 2no? '

9t o(Blow).o) =

. (3.15)

Moreover, the algorithm in (3.14) converges to a minimizer (B,E) in (3.12)
satisfying B = B(ow), and the estimator B and & are scale equivariant in y.

The proof of Lemma 2 is relegated to the Appendix. We now present the
consistency theorem which extends Theorem 5 by providing convergence results
for the estimate of scale. Define

_ %Ves 2w, 9E 1)
SCIFY (¢, w, 5%, 8%) E+1

Let mg,, be the median of the beta(d/2,n/2 — d/2) distribution and define

) T+:T__+:u’(w7£)

w(w, &) 5

e 2log(M/) _ (E+1)/(E-1)
i ZVT g —g VI 2u(wn E+ D/E -1+

where w, is the vector with elements w, ; and d; = |G;|. We will show that
VMdm < (dj/n)/? + n~1/2 in the proof of the following theorem.
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Theorem 6. Let {B’,E} be a solution of the optimization problem (3.13) with
data (X,y) and B* be a vector with supp(3*) C Gg+ for some S* C T* =
(1,---,M}. Let € > 1.

(i) Suppose SCIFgG) (&, w, S5*,5%) > 0in (3.6) and 7 < 1. Define the following
event

(3.16)

I1XE (y—XBY)l2 ¢—1
£ =< max < ,
1<G<M wino* [T+ 17— E+1

where o* = ||y — XB"||2/+/n is the oracle noise level. Then in the event £, we
have

A S o
_ (0)H{26/E+ VP ¥ jes- w2
B X2/ < jes %y 3.18
IXB = X3/ < o @ 6. 5% 5) .
and for all g > 1
{ iwz (M)q}lm /e DHZjes- w?)l/q. (3.19)
E w; T VT SCIF (€, w, S*,T7)

j=1

(11) Suppose the regression model in (1.1) holds with Gaussian error, y— X3" ~
N, (0,0%L, ). Suppose w; > Al Xq, //nl|sws; with A> A,. Then,

PE)>1-6 (3.20)
with the event £ in (3.16). Moreover, if \/nu(w,£) — 0, then
Vn(G/o —1) 25 N(0,1/2). (3.21)

Theorem 6, whose proof is again relegated to the Appendix, provides explicit
rates and constants for mixed ¢, norm estimation of 8% and estimation of scale

parameter 0. When w; < w, ; and SCIF%G)(&w, S*) =< 1, we have

ZjeTw? = p(w, &) < {s+ glog(M/8)} /n.

It also establishes the veracity of the working assumption in (2.31). The following
Corollary 1 provides a more succinct summary to make clear the connection of
Theorem 6 to (2.31).

Corollary 1 (Verification of working assumption for deterministic designs). Let
{,@, o} be as in (3.13) with a penalty level satisfying w;/A* < || Xq, /v/nl|sw«; <
w;[Ax. Suppose the design matriz X satisfy the condition || Xe,/vnl% < ¢
and that the sign-restricted cone invertibility condition holds in the semse of
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SCIF((JG) (€,w, S*,S*) > ¢, for some fived c, > 0. Suppose y—XB* ~N,, (0,021, )
and supp(B*) C Gg- with |Gg«| + |S*|log(M/§) < agn. Then, for certain con-
stants {a«, C'} depending on {c.,c*, &, A*} only,

5 XA_X*Q M 73
max{\l_i 6B X513 % 1B, ~ 5,

no? o/wj

o* |’
Jj=1

1Xc, (Be, — BE,)l2
Z 1/20/w }

< C{|Gs-| +|S*[log(M/5)} /n (3.22)

with probability at least 1 — § whenever ag < ay.

Corollary 1 touches upon the mixed prediction loss Ejle wj||Xij3Gj -
Xg; B*G], l2 the first time in this section. The reason for this omission is two

fold. Firstly,
M (X, (Ba, = BE)l2\ M
ij /20
7=1 ’

{iw?<||ﬁcj —ﬁaHz)q}”q
s U5 Wi

J=1

Xg,
vn

so that (3.10) and (3.19) automatically generate the corresponding bounds for
the mixed prediction error under the respective conditions. Secondly, upper
bounds for the mixed prediction loss can be obtained by reparametrization
within the given group structure as in the following corollary.

Corollary 2. Let X, = Ug,Aq, V, be the SVD of Xq, with Ag, € RI%/1*IG31,
Define b by ba, = Ag, V&, Bg, and U by Ub =11 Ug be,. Then,

M 2 ||XGjﬁGj—XGjﬂ*GjH2 AL M 2 H/I;Gj_bgj||2 ARL
> - (e bl
- U.}j wj

j=1 j=1

* 1/
20 g(zyes*w ) !
VI = 74SCIF{P (¢, w, S, %)
for all ¢ > 1 when the conditions for (3.19), including the definition of the

estimator and the SCIF, hold with X, B and 8" replaced by U, b and b* respec-
tively.

Remark 3. Corollary 1 can be viewed as a scaled version of the main results of
Huang and Zhang (2010) although here the regularity condition of the design is
of a weaker form and smaller penalty levels are allowed.
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3.3. Random designs

In this subsection, we verify the working assumption for sub-Gaussian designs by
checking the groupwise cone invertibility condition. Our analysis also provides
lower bounds for the groupwise restricted eigenvalue and compatibility constant.
We first state in the following theorem the main result for random designs.

Theorem 7 (Verification of working assumption for random designs). Let 0 <
e < and0<d <1< A, < A* be fized constants and {B,0} be a solution of
(53.13) with

w;/A* < || Xg,||ls{V/dj + /2log(M/6)} /n < w;/A..

Let o* = ||ly— XB"||2/+/n. Suppose X satisfies the sub-Gaussian condition (2.28)
with c. <eigenvalues(X) < c¢*, y — XB* ~ N,(0,0%1,), and supp(8*) C Gg-
with

max (|Gj\+10g(M/6))I{|S*‘>0}+|GS* +15%| log(M/8) < agn.  (3.23)

1<5<M

Then, there exist constants a,. and C depending on {c.,c*, Ay, A*} only such
that

G 1XB— X813 < |Bs, — B,
max{‘l_%n B-XB'1 5~ 18, — Bl
g
j=1

no? o/wj ’
M 3 *
1 Xa,(Ba, — Ba,)l2
; nl/20 jw; }
< C{|Gs-| + |S*|log(M/5)} /n (3.24)

with probability at least 1 — § whenever ag < a,.

Theorem 7 justifies the working assumption for sub-Gaussian designs. It
demonstrates the benefit of the strong group sparsity as the sample size condi-
tion (3.23) is typically weaker than the usual ||3"||o{1 +log(p/d)} < agn for the
Lasso when supp(8) = Gs+~. We omit its proof as it is a direct consequence of
Theorem 6 and Proposition 2 below. We preface the presentation of Proposition
2 by first defining the following quantities.

Let ¢ > 1 and f = (fi1,..., fm)? with f; > 0. Define

pq(s) = inf sup : supp(u) = supp(v) = G,

v v

T (XTX /n)u
vl (q/(a—1)) 1l (q)

. 2
3.25
uin sl <5} G29)

1/a
with weighted £5 ; norm [Jvl|(4) = (Zjvilff(ﬂvq Hg/fj)q) , and
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oI (XTX /n)u
vl (/-1 1wl (g

: supp(u) = Gp,,supp(v) = Gp,,

04(s,t) = sup {

|Bi \ Skl < 1,(1£5,113 < s, || fs,ll3 <t,BiN By = @}~
(3.26)

Under the norm [|-[| 4y, 1/pq(s) is the maximum operator norm of n(XgB Xg,) !

in RI“5! and (s, t) is the maximum operator norm of X(T;B2 XGp, /n- In partic-
ular, pa(s) is the smallest eigenvalue of X X @y /n under the given constraints
on the support set Gp. Let a, = (1—1/q)/¢*/(¢=Y . For ¢ >0, T C {1,..., M},

to = EjeTij, zo > 1,1 < yo < z9/ay and m € {1,2}, define quantities

Cal&,w0,90) = & + (1 + agyo — x0) @5 /" and

Kqm (&5 to, Zo, Yo) = pq(zoto) — meq(woto,yoto)yé/qflcq(f,wo, vo).  (3.27)

Proposition 2. (i) Suppose w; = C,, f; for some constant C,, not depending
on j. Then,

R‘E(G) (Ea w, Ta T/) 2 H;/QZ(gv tOv Zo, yO)/{l + 6/(1 + g)/Q}a (328)
CC(G) (€>w7T) Z Ké{;(€>t07x07y0) (329)
CIF(G) (f’ w, T, T/) > Hq,l(fa th Zo, yO) , (330)
! " (wo + max; f2/to) /{1 + & (1 + E)ag 1}
with 6" =0 forT' =T and §’ =1 for T' =T*, and for 1 < ¢ <2
CIFY (&, w, T, T") ka1 (€, to, o, o)
3 IF(G) T T/ q ? r > 2,1 5 V0> ano ] 1
min (SCIEL? (6,0, 7, 7'), = 250 (3:31)

T4 (1+Eag

(ii) Suppose X satisfies the sub-Gaussian condition (2.28) with ¢, <eigen(X) <
c* and

wj /A" < Cull Xa, /Vnlls{\/|Gj] + v21og(M/5) } < w;/A.

where {cy, c*, Ay, A*} are positive constants. Let &' =0 for T' =T and ' =1
for T =T*. For any €y € (0,1), there exists ag depending on {€g, ¢y, c*, A, A*}
only such that

SCIF{D (&,w, T,T') > (1 — €0) Amin(E) /{1 + &' (1 + E)al M7}, 1<g<2.

with at least probability 1 — § whenever (3.23) holds. Moreover, the inequality
also holds with SCIFéG)(f, w, T, T") replaced by {RE(G) (& w,T, T’)}2 forq=2,
by {C(](G)(f,u.i,T)}2 forq=1andT' =T, or by (1+ f)CIFgG)(f,w,T, 7).
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(n=1000, p=200) (n=1000, p=2000)

Sample Quantiles
- 0
1

Sample Quantiles

Theoretical Quantiles Theoretical Quantiles

F1G 1. Normal QQ plot for the test statistic for & in (3.21) in Theorem 6 with n = 1000,p =
{200,2000},g9 = 2,s = 8. The results are produced with 100 replications of the scaled group
Lasso. The red dotted line is fitted through 15¢ and 3'4 sample quantiles.

4. Simulation results

In this section we provide a few simulation results in support of our theory
developed in Sections 2 and 3. As a prelude, we first show the performance of
the scaled group Lasso procedure in a simulation experiment.

4.1. Normality of estimate of the scale parameter

We consider two simulation designs with (n = 1000, p = 200) and (n = 1000,p =
2000) design matrices with the elements of the design matrix generated inde-
pendently from N(0,1). We assume that the true parameter 8* has an inherent
grouping with total set of p parameters divided into groups of size d; = 4. In
the design (n = 1000,p = 200) we have total number of groups M = 50 and
in (n = 1000,p = 2000), M = 500. For both scenarios, the true parameter 3*
is assumed to be (g = 2,s = 8) strong group sparse with its non-zero coeffi-
cients in {—1,1}. Both simulation designs have a N(0,0?) error added to the
true regression model X3* with ¢ = 1. We also assume that the design matrix
is groupwise orthogonalized in the sense of ng Xg,;/n=1g,xg;,j=1,...,M.

In estimation of o we employ the scaled group Lasso procedure as shown in
(3.14). The groupwise penalty factors w;’s are chosen to equal to A\(y/d;/n +

(2/n)log(M)) for some fixed A > 0. The implementation of group Lasso
procedure is via the R package grpreg.

In the design setup with (n = 1000, p = 200), the estimate of & averaged over
a 100 replications is 0.997 with a standard deviation of 0.02. In the design setup
with (n = 1000, p = 2000), the estimate of 7 averaged over a 100 replications
is 1.0002 with a standard deviation of 0.02. Additionally Figure 1 shows the
Gaussian QQ plots of the test statistic v2n (5/0 — 1).

4.2. Asymptotic distribution of regression parameters

We also seek the empirical validation of the asymptotic convergence of the group
Bg, as described in our theoretical results. For bias correction we take the
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Chi-Square Q-Q Plot Normal Q-Q Plot
b | o
g @4 ] 8
g - 3
g .1 2
o
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0 5 10 15
Theoretical Qualtiles Theoretical Quantiles

F1G 2. The left panel considers test for a Small group. It shows chi-squared QQ plot for the
test statistic T with n = 1000, p = 200, g = 10, s = 40. The theoretical quantiles were drawn
from Xi random variable. The group being tested has size 4. The right panel considers test
for a Large group. It shows normal QQ plot for the test statistic (T2 — IG)/v/2|G| with
n = 1000, p = 200, g = 2,s = 40. Here the group size of the test group is 20.

penalty function in (2.42) to be the Frobenius norm and apply group Lasso
based optimization. We also consider a new simulation design which is similar
to the earlier design with (n = 1000, p = 200) and o = 1. We will consider two
different schemes for empirical analysis for asymptotic convergence.

Small group sizes

The true parameter 3 is simulated to be (s = 40, g = 10) strong group sparse
with its nonzero values in the interval [2, 3]. More specifically, 3 is grouped
into groups of sizes d; = 4 for all j. We construct the test statistic of Hg, as
in (2.21) for one of the nonzero groups. The left panel of Figure 2 provides x%
based QQ plot for the sample quantiles of our test statistic.

Large group sizes

The true parameter 3" is simulated to be (s = 40, g = 2) strong group sparse
with its nonzero values between [2, 3]. More specifically, 8% is grouped into 10
groups each of sizes d; = 20 for all j. We let the sparsity of the true parameter
B* to be s = 40 contained within 2 separate groups. Again, we construct the
test statistic of p¢, as in (2.21) for one of the nonzero groups. The right panel
of Figure 2 shows the QQ plot for this group’s size- normalized test statistic
as defined in (2.22). As the figure suggests, for large group sizes asymptotic
normality of the group test statistic is empirically supported.

4.3. Comparison with other methods

In this subsection we compare the performance of our group Lasso methods
with other recent methods developed for inference in high dimensional models.
In particular we consider three different classes of methods.
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TABLE 1
Comparison of true positive and false positive rates for three different choices of block
correlation p and three choices of signal parameter 7. The scale parameter o =1 in all
cases. The results are based on 100 replications for testing the nonzero group (for TP) and
first zero group (FP). Performance of all the tests are good for the strong signal (T= 1).
For the weak signal 7 = 0.1, group Lasso clearly out-performs other methods.

Design Proposed Method Projection Based Multi sample-split Group Bound
Chi-squared Normal Lasso Ridge Lasso Group Lasso

(g9, 8), (p, 7) FP TP FP TP FP TP FP TP FP TP FP TP FP TP
(1, 5), (0, 0.1) 0.04 0.11 0.04 0.11 0 0.02 0 0 0 0 0 0 0 0
(1, 5), (0, 0.5) 0 1 0 1 0 1 0.01 0.2 0 0.72 0 0.23 0 0
(1,5), (0, 1) 0 1 0 1 0 1 0 1 0 1 0 1 0 0
(1, 5), (0.5,0.1)  0.03 0.3 0.03 03 0 0.06 0 0 0 0 0 0 0 0

(1, 5), (0.5, 0.5) 0 1 0 1 0 1 0 0.71 0 0.99 0 0.47 0 0.02

(1, 5), (0.5, 1) 0 1 0 1 0 1 0 1 0 1 0 1 0 0.97
(1, 5), (0.9, 0.1) 0.02 0.45 0.02  0.45 0 0.02 0.2 0.02 0 0.32 0 0 0 0

(1, 5), (0.9, 0.5) 0 1 0 1 0 1 0 0.07 0 0.22 0 0.01 0 0.12
(1, 5), (0.9, 1) 0 1 0 1 0 0.98 0 0.81 0 0.86 0 0.32 0 1

(1, 20), (0.9, 0.1) 0 1 0 1 0 0.38 0 0.01 0 0.05 0 0.00 0 0.04

Projection based: For the projection based methods, we consider two cases.
1) The Ridge estimation based testing with correction for projection bias
that was developed in Bithlmann (2013). 2) The Lasso relaxed projection
followed by bias correction idea developed in Zhang and Zhang (2014)
which is similar to the de-sparsified Lasso in van de Geer et al. (2014).
These methods are adapted for testing of groups of variables adjustment
of individual p-values; see Dezeure et al. (2014).

Sample split based: The idea of single sample splitting was developed in
Wasserman and Roeder (2009) which involves splitting the sample into
two parts. The first part is used to select variables and the second to con-
struct p-values for the selected variables in the first model. The final step
is to adjust the p-values for control of the familywise error rate (FWER).
Due to the variability of the p-values for different splittings, Meinshausen,
Meier and Biithlmann (2009) proposed multi sample-splitting idea which
involves running the single sample splitting B times and aggregating the
B adjusted p-values. We employ the multi sample-splitting with two dif-
ferent variable selection procedures: Lasso and group Lasso. For Lasso, the
groupwise p-value is obtained by Bonferroni adjustments.

Group bound: The final procedure we consider is the group bound method
developed in Meinshausen (2014). One advantage of this method is that
it doesn’t require any assumptions on the design matrix.

Implementation of all the above methods are available in the R package hdi;
see also Dezeure et al. (2014).

Simulation Design: We consider a very simple simulation design where the
design matrix X € R™*P is assumed to have iid rows with each row following
N(0, X)), where X is assumed to be a correlation matrix having a block diagonal
structure with block size £ = 5. We take n = 100 and p = 200 so that 3 has
M =40 blocks. Within each block, the correlation is assumed to be p. For our
simulations, we consider three possible choices of p namely {0, 0.5,0.9}.
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The true parameter 3 is assumed to have the group structure as defined by
the block structure of X. Moreover we assume only the first group has nonzero
signals with all of them having the same value 7 > 0. Thus 3" is of the form,

/3*:(TaTaTaTa7707OaO70707"'a0,070a070)
S—— —— SN——
group 1 group 2 group 40

Thus in all these cases, the true signal 8% is (¢ = 1,s = 5) strong group sparse.
We consider three choices of the signal parameter 7: {0.1,0.5,1}.

We also consider an additional scenario, where we take k& = 20 so that number
of groups M = 10 (The last line of Table 1). For this case we only compare the
performance for signal strength 7 = 0.1 which highlights the performance of
group Lasso.

The responses are simulated by y = X3* + & where € ~ N(0, o). We take the
true scale parameter ¢ = 1 in all simulation designs and estimate o via scaled
group Lasso. For application of the group Lasso based testing, we take the group
weights equal to w; = 5(+/d;/n + /(2/n)log(M)) where M = 40 and d; = 5
for group sizes=5 and d; = 20 for group sizes=20.

In Table 1, we provide a comparison of the true positive (TP) and false
positive (FP) rates for 100 replications. It is clear from the table that group
Lasso performs comparably or better than all the other methods. The false
positive rates of all the methods are either 0 or close to zero for most of the
designs. The true positive (TP) rate (power) of group Lasso method clearly
dominates those of the other methods especially when the signal is not strong:
7 = 0.1. One rationale for this would be the accumulation of small signals in the
{5 norm for the group that is used for the group Lasso. For group bound method,
clearly the performance becomes comparable to group Lasso as the blockwise
correlation p is increased. This phenomenon is also observed for group Lasso
procedure to a certain extent.

5. Summary and discussion

We have considered statistical inference of variable groups in a high-dimensional
linear regression setup. In particular we show the benefit of grouping in con-
structing chi-squared-type procedures for group inference. We construct such
procedures via bias correction and group Lasso based relaxed projection. We
show the validity of such approximate chi-squared-type inference under sample
size conditions that could be potentially much weaker than the requirements for
Lasso based procedures. This particular scaling also offers us valid statistical
inference for a group of possibly unbounded number of variables.

A key step of our methodology concerns the nonconvex optimization scheme
(2.33) over the set of orthogonal projection matrices. To the best of our knowl-
edge, solution of an optimization problem as in (2.33) is not yet well studied,
either algorithmically or analytically. However, we have proposed a convexation
of (2.33) via a multivariate group Lasso with a weighted nuclear or Frobenius
norm penalty, which provides feasible solutions for the optimization problem. As
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discussed in Remark 1, our theoretical results only requires feasibility solutions
of the optimization scheme. As the multivariate group Lasso with Frobenius
norm penalty can be carried out using the group Lasso program, an interest-
ing direction of research would be to develop efficient algorithm for the group
nuclear norm penalty.

Since our results can be directly applied to statistical inference for groups of
variables with possibly unbounded sizes, application of our procedures for sparse
nonparametric additive models (Ravikumar et al., 2009) would be another future
direction of research.

Appendix

This appendix provides proof of
Proof of Proposition 1. (i) Since both Zg and X¢ are n x |G| matrices,
|G| = rank(Z& X ) < rank(Xg) Arank(Zg) < |G| An,

so that rank(Pg) = rank(PgXg) = |G| and Pg = Pgyo. It follows that

PoXa(PeXe) P =Pg. As Z5X ¢ is a |G| x |G| invertible matrix,
PoXg(ZEX) 2L = Pe.

Since rank(P¢X¢) = |G|, we are allowed to cancel PgX¢ to obtain
(PeXe)'Pe = (26Xe)'ZE.

This proves the first equality in (2.15). The second equality in (2.15) then follows
from

« ~ (init) " ~(init)
(PcXe)'Pe(XaBs —XaBg ) =Ba—Ba
(2.2) and its estimated version, and the definition of the remainder term.
(ii) Let Z1 = PgZg. AsPg = PP is the orthogonal projection to R(Z1),
ZiXe = ZEPGoQeXe = ZiPeQeXe and rank(Xg) = rank(PgQg) =
rank(Z] X¢), so that

(ZEXG)T = (ZIPeQeXa) = XL (PeQe)(Z2])'.

Consequently, as Qu(PcQq)! = (PcQe)' = (PeQq)Pe and (Z1)12 =
Pq, we have

~ ~(ini ~(init)

fc - Ag" = Xo(Z&Xe)'ZE (’!/ - X3

~(init)

XeX[(PoQo) (1) 25 (y - xB™")
~ (init)
= (PcQq)'Pa (y -Xps )

This gives (2.16). As Qg (ZEQo) ZE = (PoQg) PE by the same proof, (2.13)
also holds. Finally, (2.18) follows from (2.14) and (2.2). O
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Proof of Lemma 1. Let u;,1 < j < rg, be the eigenvectors of BgEBk corre-
sponding to positive eigenvalues and Uy, = (uq,...,u,, ). Let

7 = XB((BF2B,)H)/?2U, e R™"™.
We have BZjy, = 0, E(Z1 Z1./n) = 1, xry, E(Z] Zy/n) = U 2, 2U,, and

Tz, b)? 1
(M—F—) <2, k=1,2.
Vo Vo

sup Eexp
lIbll2<1

Moreover, Py, = Z1,(Z1 Z1,)'Z} and ||UT Q1 5Us|s = ||Q12]|s < 1.
For 1 < j <k <2 and any vectors v, € R™ with ||vg]2 = 1,

1 n
vJT (ZJ-TZk/n — ]EZJ-TZk/n)vk = Z {(eiTZjvj)(eiTZkvk) — UJ-T]E(Z]-TZk/n)'vk}

1=

is an average of iid variables with

Eexp

(el Zjvj)(ef Zyvy) — v]TE(ZJTZk/n)vk>
vo

IN

{ 11 \/ Eexp ((ef Zrvr)?/vo) } /v

k=1
< 2.

Since the size of an e-net of the unit ball in R™ is bounded by (1 + 2/€)™*,
the Bernstein inequality implies that for »* = r1 + ro and a certain numerical
constant Cy,

IP{ 1Z7 Zy,/n — B(ZT Z /)| s > Covo max (\/m t/n+ r*/n) } <e7t/3.

This yields (2.39) as |[U] AUy||s = ||A||s for all A of proper dimension.
Suppose rank(Py) = 7. Let 7o = rank(P1P2)and 1 > Ay > --- > \,) > 0 be
the (nonzero) singular values of P;Py. We have |P1Py||s = A\ and ||P,Py||s =

1— Fafls = — A2 wit Amin:/\r ro =711 ="T2;). efinition,
1Py = Palls = /1 = 32, with Awin = Ary { }. By defi
PPy =7Z1(Z] Z1) ' 21 25(Z5 25) ' Z3 .

Since (Z} Z;,)~'/?Z} are unitary maps from the range of Pj, to R™, the singular
values of P1P5 is the same as those of

(Z121) " P2] 25(23 Z5) '/,

Now suppose that ||ZjTZk/n — IE(ZJTZk/n)HS < Covpr/t/n+r/n < e <1
for 1 < j <k <2 Recall that 1 > Ay > --- > \. > 0 are the nonzero singular

values of Q1 5 and A\pin = A\ J{r =71 = ro}. As E(Z] Zy/n) = I, xr,., we have
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rank(Py) = ri. Moreover, as E(ZlTZQ/n) = U,{QLQUQ with unitary maps Uj
and Uy, the Weyl inequality implies that

'Xl < )\1(1 —+ 60)7 ~ > )\min(]- — 60)
1-— €0

Thus, (2.40) holds. As the conditions for A\; < 1 and Ay > 0 follow from the
positive-definiteness of ¥, the proof is complete. O

Proof of Theorem 5. The KKT conditions for the group Lasso asserts that

1 ~ ~ ~ ~
~X&,(y = XB) = w;B¢,/[Be, 2. Ba, # 0,

1 (A1)
gHng(y—Xﬁ)Hz < wjs Be, = 0.
Let h = B — B*. It follows that in the event &
X% Xh XG (XB-y+e X% e
IXg,Xhll2 _Xg, (X8 -y )H2§1+|| G ||2S 2¢ (4.2)
wjn wjn wjn £+1
It also follows from (A.1) that in the event &
hé, XG Xh/n
= hgXG,(XB-y+e)/n
wjllha; |2 + |hé, XG el /n,  j €S,
= | willke, 2 + 1RG, XG el /n, G E ST
illhg, 1:2¢/(€ +1), j € S, "
—wjllha, 122/(§ +1), j & 5™

Summing the above inequality over j, we have

2¢ 2
IXh[3/n < 1 > willug, 2 — 11 > willug, |-
jes* igs*

This and (A.3) implies h € %EG)(&@:, S*). Thus, by (3.6) and (A.2)

IXR[3/n
< {2¢/(€+ 1)} Y- willBa, - BE, I

jeS*
< {26/(¢+1)} mjaxw{l||ngXh||QZj€S*wJ2-/{n SCIF {9 (¢, w, 5%, 5*)}

< {26/(€+ 11T cs.w? {nSCIFY (€, w, 8%, 8*)}.

Similarly, (3.6) and (A.2) yield
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(Sl /o))
< (Xes-w?) /qmaxw HIXE Xh|lo/{SCIF() (¢, w, 57)}

<26/(€+ DHE jegow?) HSCIFO (¢, w, 8, T)}

Finally, we prove (3.11). Let QG]_ be the orthogonal projection to the range of
Xg,. As € ~ N, (0,0°L,), ||ng€/0'||§ ~ x5 with dj = rank(Qg;,) < d;. Thus,
it follows from the Gaussian concentration ]inequality that for any 0 < § < 1,
with probability at least 1 — 4,

IXE €la/ (01 Xe, lls) < 1Qa, e/alle < v {/d; +/21og(1/5) }.

The result in (3.11) follows by an application of the union bound. O

Proof of Lemma 2. For n > 0 define

02

LolBoy = W20 o +Zw]||ﬁa||”" La

2n

and B(ow,n) = arg ming L, (8,0,1). As L,(B,0,n) is convex in (B,0), the
profile loss L, (B(Uw, n),0,n) is convex in o for all > 0. Note that for n > 0

0 ~
%Ea}(/g(owﬂ?)?Uﬂ?) .
_ 2 9B(ow,m) | 9
= {geeonl, b PN Ll Blow) )|

= 1/2— |y — XB(ow, )3/ (2n0”) + 10

as all derivatives involved are continuous. Moreover, as L, (8,0) = L., (8, 0,0)
is strictly convex in X3,

0 ~ ~
dim Lo (Blow,n).o,n) — 1/2 = ly — XBlow)|3/(2n0?)

Consequently,

a2

LoBlorw),02) ~ LolBlow),on) = m [ {2 £ (Blow,n), 0. }do

n—0+ /.

- / {172~ lly = XB(ow) |3/ (2n0*) }do.

1

All other claims follow from the joint convexity of L,,(3,0) and the strict con-
vexity of the loss function in X23. O
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Proof of Theorem 6. We follow the proof in Sun and Zhang (2012b). Let ¢ >
o*/y/T+7- and hg, = B, (tlw) — Bg,. As the oracle noise level is (0%)? =
ly — XB*||2/n, we have
(62 — ly — XB(tw)3/n = (X)T (22 — Xh)/n
= (Xh)T(e+y—XB(tw))/n.  (A4)

Suppose £ happens so that ||ng€||2/n <tw;(€—1)/(€+1). It follows that

M M
|(Xh)"e/n| =Y h§,XE e/n| < g—z twj|ha, |2

j=1
Moreover, the KKT condition implies

M

‘hTXT y — XB(tw)) /n‘ ZhT X5 (y - XB(tw))/n| <3 tw; b, |2
j=1

As (Xh)T(2e—Xh)/n < 2(Xh)Te/n, inserting these inequalities to (A.4) yields

M
5 1 *2 2 2
(e > taitho,ll < o7 = Iy - XBt) i/

5 M
5— Z tw;llha, |2-
A rescaled version f‘i’(tw) can be written as
B(tw) ) lly/t — Xbl3 Xbll
— = arg;nln 2 ijﬂbg Il

as the group Lasso estimator with target 3%/t and noise vector g/t. As ¢t >
o*/y/T+ 7_, the condition of Theorem 5 is satisfied with the rescaled noise &/t,
so that

M M
Y willhe,lls = Y wjllBe, (tw)/t = B, [tz < n(w, ).
j=1 j=1

As 7o = 2pu(w, §)(§ = 1)/(€+1) and 71 = p(w, {(E = 1)/(§ +1) + 1}, we have

7yt = - (% i 1) Pu(w,€) < 0™ = ly = XB(tw)|[3/n
£

1
<23 2w, €) = T_t2
£r1 ww, §)
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The upper bound above for ¢t = ¢*//T + 7— implies
2 — |ly — XB(tw)[[3/n < t* — 0™ + 72 =0,

so that ¢ > t = ¢*/4/T+ 7— by Lemma 2. Similarly, the lower bound yields
o<o*/yT—14.

As & > o*/y/T+ 7_, the error bounds in Theorem 5 holds for {y/7, 3" /7,
B/5}, which implies (3.18) and (3.19) due to & < 0*/\/T — 7. When (1.1) holds
with Gaussian error, [7/0* — 1| = op(u(w,€)) = op(n~/?) by (3.17) and the
condition on p(w, ), so that (3.21) follows from the central limit theorem for
U*/U ~ Xn/\/ﬁ

It remains to prove (3.20). Let u* = &/[|el2, Q¢, be the orthogonal pro-
jection to the range of Xg;, dj = rank(Qg,), and f(u*) = [|Qg,u"|2. As
f(u*) = 1 for n = 1, we assume n > 2 without loss of generality. The vec-
tor w* is uniformly distributed in the sphere S~ and f(u*) is a unit Lip-
schitz function of w* with median VMdn < /Mg As o* = |le|l2/V/n,

IXE, (y — XB%)/(no™) 2/ Xa, /v/ills < f(u”). Thus, for ¢ > 0 and n > 2,

t _
PQg w2 > /Mg, + ———= p < !0 2IE"{N(O, 1) > t} < e t/2
! n—3/2

by the Lévy concentration inequality as in Lemma 17 of Sun and Zhang (2013). It
follows that P(£) > 1—4 by the union bound when (§—1)w,; /{({+1)y/I+71_} >
1Xa, /v/1| sws ;. Now, consider w; = A||X¢q, /v/n| sws ;. Let 7 = 2p(w., §)(§—
1)/(€ 4+ 1). Tt follows from (3.1) and (3.6) that p(w,&) = A2u(w*,€), so that
7_ = A?7,. Consequently,

(€~ Dwj €-1A

E+DVI+7IXg, /vnllsw;  (E+1)VI+ AP —

if and only if A > {(¢ + 1)/(¢ = 1}/{1 - {(¢ + 1)/(€ = DP*n}/? = A,
Finally, we note that ,/mq, » < Ef(u*) + 6(4"—6)’21[§||\|(07 1/(n —3/2))/2 <
(dj /)2 +n=1/2, 0
Proof of Proposition 2. (i) We prove that for every u € €(%) (¢, w, T), there ex-

ists a non-increasing nonnegative function h(z) and xoty < t1 < xoto + max; fj2
such that

luc Il = Sser Fi(luc,ll2/£)7 < [y hi(z)dz, (A.5)
lull?,) = 5= ht(@)de < {1+ (1+&ay "} [y he(x)dz)"”, (A.6)
max;< [||Xe, X,/ (nf;)]1/" > fg.1(& to, 70, 50) ( fy' h(x)dz) '/, (A7)
max; < [|IXG, Xull2/(nf;)] f3* h(@)dz > r2.1(€,to, 20, 50) [y h3(x)dz, (A.8)
IXwl3/n > k22(E to, 0, 90) fy* h2(x)de. (A.9)
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Moreover, for u € ‘KEG)(& w,T),
to tl
mangM[HngXUHQ/(nfj)]/ h(m)dﬂfzﬂz,l(@to,ﬂfo,yo)/ h?(z)da.
0 0
(A.10)
In fact, as w; o f;, (3.28) and (3.29) follow from (3.2), (3.3), (A.5), (A.6)
and (A.9), (3.30) follows from (3.4), (A.5), (A.6) and (A.7), and (3.31) follows

from (3.6), (A.5), (A.6) and (A.10). As these steps of the proof are similar, we
only provide the following example:

1/q t1 59
. t R (gat07x03y0) f h (az)dm K (E to, )
(G) « 0 2,1 0 2,1(S, 10, X0, Yo
SCIF,; " (§,w,T,T7) > llﬁf 0 - q > —1/q
Jo" h(@)dx( fy° he(x)dx) 1+ (1+&)ay

for 1 < ¢ < 2 with an application of the Holder inequality.
Let us prove (A.5)-(A.10) for a fixed u € €9 (¢, w,T). Relabelling the
groups if necessary, we assume without loss of generality that [ug,|l2/f; >

lwg, |2/ fj+1 forall 1 < j < M.Let so=0ands; =7, f7 for 1 <j <M.
Define h(z) = |lug,l|l2/f; for s;_1 < x < 55,1 < j < M, and h(z) = 0 for
x > sp. The identities in (A.5) and (A.6) follow from

[ wews = e, la/ 5y (A1)

As tg = ) f7 and h(z) is nondecreasing in (0,00), Y ,cq f7 (llug, |12/ f;)? <
foto hi(xz)dz. This gives the inequality in (A.5). It follows from (A.5) and the
identity in (A.6) that [~ h(z)dz < (14 €) foto h(x)dz, so that by the shifting
inequality (Cai, Wang and Xu, 2010; Ye and Zhang, 2010, Eq. (62))

(/OO hq(x)d;v>1/q§(aq/to)1_1/q /Oo h(@)dz < (1+ €)(ag/to) 1/ /Oto h(z)dz.

to 0

Thus, the inequality in (A.6) follows with an application of the Holder inequality.
The proof of (A.7) is a discrete version that of (A.6). Let

g1 = inf {j >0:8; > moto}, t1 = Sq,,
with the convention inf ) = M + 1, and for k& > 1,
gr = inf {j > Ggk—1:8; = tgp—1+ yoto}, lk = Sg,-

Recall that ty = E]ET ff, xo > 1 and yo < zo/aq. It follows from (A.11) that

9k

> Fllug, 2/ ) = /O ' hi(z)dx, k> 1. (A.12)

=1
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As h(z) is non-increasing in = and (tx —tx—1) A (t1/aq) > yoto, another applica-
tion of the shifting inequality (Cai, Wang and Xu, 2010; Ye and Zhang, 2010,
Eq. (63)) yields

Z /tk 1/q

k>2 Utk
tk—aqyoto
< Z(yoto)l/qfl/ h(z V t1)dz
E>2 tk—1—aqyolo
= (yoto)lﬁ]il / h(I V tl)dﬂﬁ
t1—aqYolo
to
< (yoto)/97! (f/ h(z)dz + (to — (t1 — aqyoto))+h(t1))
1/
< (/ 2)dz) (é“yl/“’1 + (to + agyoto — 1), (yoto) /41t )
0
t1
< (/ h(x ( T (14 agyo — )+yo/q 1(;1/(1)
0
@ 1/q
= (/ h(x (pq — Kq1(& T, 20, 90)) /0q(woto, yoto). (A.13)
0
Let By ={1,...,01} and By = {gxk—1 +1,...,gx} for k > 2. Let

v = arg max {'wTXTXGB1 UG, /n :supp(w) C Gp,, Hw||(q/(q_1)) = 1}.

w

As Z;h:—ll f]2 < xoto, it follows from (3.25) and (A.12) that

T~T h /4
VX Xy s, /2 oot g, oy = ([ nt@ar) oy faate).

By (3.26), |vTX XGBk’U‘GBk)| < By(xoto, yoto) ||uGBk|| , so that by (A.12)
and (A.13),

oI (XTX /n)u > / p (zoto) — Z eq(xotoayOtO)H“GBk H(q)
k>1
1/q
= / hq d .Toto ZG .Z‘oto, OtO (/ hq($)d.73>
E>1 th—1

1 1/q
> (/ hq(,ﬂ?)dl‘) ﬁq,l(gathanyO)'
0
This yields (A.7) via

v (X TX/m)u < Y g £ (lva, ll2/ fi)maxj<n || Xa, Xull,/(nf))

19l tay a1y (e, £2) Y mas; < ar|[ X, Xul /(0 ;)
ti/qmaijM||XGqu||2/(nfj).

IN
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For ¢ = 2, py(s) is the group-sparse eigenvalue of the Gram matrix as ex-

plained below (3.26), so that pa(s) is attained with vg, = ug,/||ug,|l2. This
gives (A.8) with the following modification of the proof of (A.7):

o (XTX/n)u < 3 e, £7 (llu, ll2/ f3) {maxj<nr [ Xa, X,/ (nf;)} /ucs, |2
t1 t1 —1/2
< / h(z)daz(/ hz(x)dx> max;< || Xa, Xul|,/(nf;).
0 0
Similarly, (A.9) follows from

ty
> ﬁ2,2(§7t07x07y0)/ h?(x)d.
0

IXul3/n > [Xap e, [3/n+ 205, X5, (Xu—Xap, gy, )/n

Finally, for u € €' (&, w,T), we have (A.10) via (A.5) and

(X, s, ) (Xut) /1 < 5, cquh, X, X/
< ZjeTfj”qu HQ mja'X HXGJXU’HQ/(nf])

(ii) Let f; = w;/Cy. Consider the event c.(1—¢p) < [|[Xg,/v/nls < (1+€)c*
for all j < M, in which f; =< |G4|"/? + \/2log(M/$). Let g* = max {|B| :
|IB\ S| < 2,[|fsll3 < (zo Vyo)to} be the largest number of groups involved in
the definition of p_(xoty) and 0(xoto,yoto), and s* = max{|GB| B\ S| <
2,1 f5ll3 < (zo Vyo)to} be the largest number of variables involved. As f; <
|G;|Y/2 + /21og(M/§) and (z¢,yo) is fixed, we have

s* +2¢g* log(M/0) < to + max ff <y
J
with n, = max;j<n {|G;| 4+ log(M/8)} + |G| + |T|log(M /).
The conclusion follows from part (i) and Lemma 1. Let
Q= {el - ) < [Xg, /Valls < (1 + eo)e” V),
p2(zoto) < (1 — €0/2)Amin(2), 02(xoto, Yoto) > (1 + 60)6*}

Let B; and By be the orthogonal projections to the subspace of vectors v € RP
with support sets Gp, and Gp, respectively, t = (2g* + 2)log(M /) and ¢y =
Cyy/t/n+ s*/n with a sufficiently large C;. Since {s* + 2¢g*log(M/§)}/n is
small for small ag, Lemma 1 yields ]P’{Qn} < (;\f)ze"t < (6/M)2. For zg = auyo
and sufficiently large yo, k2.m(&,%0,Z0,%0) > p2(xoto)(l — €/2) in Q,. The
conclusions of part (ii) then follow from part (i). O
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