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Nonnegative hierarchical lasso with a mixed

(1,3)-penalty and a fast solver

WANLING XIE AND HU YANG*

Grouping structures arise naturally in many high dimen-
sional statistical problems. Incorporation of grouping infor-
mation can efficiently improve the statistical accuracy and
model interpretability. In addition, nonnegative constraints
are essential to cope with index tracking problems. This pa-
per proposes the nonnegative hierarchical lasso with nonneg-
ative constraints on the coefficients both in low dimensional
setting and ultra high dimensional setting, which is capa-
ble of simultaneous selection at both the group and within-
group levels with overlap, namely the bi-level selection.

In theoretical analysis, we show the nonnegative hierar-
chical lasso enjoys the oracle properties in group selection
when the number of covariates diverges with the sample
size under certain regularity conditions. Since there are less
works devoted to the theoretical properties of bi-level se-
lection methods in cases where the number of variables or
groups is much larger than the sample size, we also de-
rive the oracle inequalities for the prediction and I esti-
mation errors of the estimator under the restricted eigen-
value conditions on the design matrix. It is shown to have
group selection consistency and estimation consistency in
ultra high-dimensional sparse linear regression models. To
get the solution of the nonnegative hierarchical lasso, we
propose a fast and efficient iterative half thresholding-based
local linear approximation algorithm (IHT-LLA) for solving.
Simulations indicate that the nonnegative hierarchical lasso
outperforms other nonnegative regularization methods and
is robust against possible mis-specified grouping structure.
Besides, we further apply our method to the index tracking
problems.

KEYWORDS AND PHRASES: Nonnegative hierarchical lasso,
Oracle property, Bi-level selection, Index tracking, Oracle
inequality.

1. INTRODUCTION
Consider the classical linear regression model
(1)

where y is the response and X = (Xq,...,X,,) is the design
matrix, where X; = (z1j,...,2n;)7, j = 1,...,p are the

y=XB+e,
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predictors and € is the error term. Without loss of generality,
we assume the data are centered so that the intercept can
be excluded from the regression model.

Suppose the predictors can be naturally divided into J
groups and there are p; variables in the jth group, then it
can be rewritten as

(2)

Yi =

pj
E Ii,jkﬂjk +¢€, 1=1,...,n.
j=1k=1

Grouping structures arise from diverse fields of scientific
research. For example, in ANOVA, a factor with multiple
levels can be referred as a group. Similarly, in gene expres-
sion studies, genes which belong to the same biological path-
way form a natural group and in genome-association stud-
ies, single-nucleotide polymorphisms from the same gene can
also be regarded as a group. Furthermore, in nonparamet-
ric additive models, each original predictor can be expanded
into a set of basis functions. Thus it is desirable for us to
incorporate such grouping structures into the model as the
prior knowledge. There are several recent literature devoted
to address the group variable selection problems. Yuan and
Lin [7] proposed the group lasso method which used an b
norm of the coefficients from a group and developed a group
coordinate descent algorithm to compute the group lasso so-
lutions. Meier et al. [8] extended this approach to the logistic
regression model. Wang et al. [9] developed a group SCAD
for microarray time course gene expression data. Zhao et al.
[10] proposed the composite absolute penalty for grouped
and hierarchical variable selection which included the group
lasso as a special case. Hu et al. [19] considered the group
adaptive elastic-net approach to cope with collinearity. In
many applications, however, it is of importance to select
both groups and individuals. Huang et al. [13] proposed the
group bridge for bi-level selection which yielded sparsity at
the group and within group levels. Breheny and Huang [14]
introduced a general framework for bi-level selection and de-
rived a local coordinate descent algorithm. Friedman et al.
[11] considered a more general penalty which blended the
lasso penalty with the group lasso penalty and proposed the
sparse group lasso method. The hierarchical lasso proposed
by Zhou and Zhu [12] can be regarded as a special case of
group bridge with v = 0.5. Huang et al. [21] reviewed the
several group selection methods involving both group selec-
tion and bi-level selection methods.
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Index tracking, as a popular passive portfolio manage-
ment strategy, aims at reproducing the performance of a
market index. In view of the transaction costs and adjust-
ment of constituent stocks, it is necessary for us to con-
struct a sparse index tracking portfolio against the costly
full replication, i.e., purchasing a small amount of assets
to replicate the index. There are two kinds of widely used
methods of sparse index tracking. The first one is such a two-
stage approach, namely stock selection first and then capital
allocation. Various stock selection methods have been pro-
posed in the last two decades. For instance, K.J.Oh et al.
[23] took advantage of market capitalization to select as-
sets. Dose and Cincotti [24] selected the stocks which are
more correlated with the index. Alexander [25] considered
a selection method based on the idea if there exists a linear
combination of the log-prices of selected assets cointegrated
well with the value of index. The above two-stage approach,
however, suffers from unclarity on how optimal the resulting
portfolio is. To unify these two steps, another approach is
to directly penalize the cardinality of the tracking portfo-
lio (i.e., lp-norm of the coefficients) to simultaneously select
assets and allocate the capital to the selected stocks. Note
that this problem is highly non-convex due to the ly-norm
term. In general, a common approach is to substitute other
non-convex norms for the lp-norm. In addition, fewer than
half the exchanges around the world allow short sales due
to the lack of consensus among regulators. Conversely, some
countries don’t officially prohibit short-selling, yet no short-
selling takes place for lack of necessary institutions or re-
quest for high fees. Considering the legality and feasibility
of short-selling, the nonnegative constraints are commonly
used in index tracking management as the short-sale con-
straints. For this aim, a large amount of literatures have
devoted to the nonnegative penalized methods and the ap-
plication in index tracking. Breiman [1] proposed the non-
negative garrotte and showed its stability when compared to
the subset regression and ridge regression. Slawski and Hein
[32] considered the nonnegative least squares and gave the
rate of convergence. Meinshausen [30] showed the effective-
ness of sign-constrained least squares estimation for sparse
high-dimensional data. Wu et al. [34] proposed the nonneg-
ative lasso and proved its oracle property. Wu and Yang
[33] introduced the nonnegative elastic-net and applied it to
the index tracking problem. Yang and Wu [35] further pro-
posed the nonnegative adaptive lasso as an improvement of
nonnegative lasso.

Since there has been little discussion about the bi-level
selection methods under the nonnegative constraints on the
coefficient and notice that L, regularizer can be taken
as a representative of the L, regularizer. Compared to the
Lo regularizer and L; regularizer, the L, regularizer can
produce more sparse solutions than L, regularizer and it
is easier to be solved than the Ly regularizer. In this pa-
per, we propose the nonnegative hierarchical lasso with a
group Lj,p regularizer which gives nonconvexity on the
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group level for simultaneous estimation and bi-level selection
in sparse high-dimensional linear regression models. This
method is an extension of the hierarchical lasso with non-
negative constraints on the coefficients. Under certain ap-
propriate conditions, it is shown to have satisfactory prop-
erties both in diverging and ultra high-dimensional settings.
The main contribution of this paper is threefold. Firstly,
we extend the hierarchical lasso to nonnegative hierarchi-
cal lasso and prove it enjoys the oracle properties in group
selection when the number of covariates diverges with the
sample size and further derive the oracle inequalities in cases
where the number of covariates is much larger than the
sample size. Secondly, we propose a fast and efficient it-
erative half thresholding-based local linear approximation
algorithm(THT-LLA) based on the iterative half threshold-
ing algorithm in Xu et.al. [22], group coordinate descent in
Wei and Zhu [28] and local linear approximation in Zou and
Li [5]. The proposed algorithm is faster than the existing al-
gorithms for solving the group L, optimization problem.
Thirdly, we show by simulation studies and the real data ex-
ample that the nonnegative hierarchical lasso outperforms
other nonnegative methods for high-dimensional data.

The rest of this paper is organized as follows. In Sec-
tion 2, we introduce the nonnegative hierarchical lasso. The
oracle properties both in the low-dimensional setting and
in cases where p > n are studied in Section 3. In Section
4, we propose a fast iterative half thresholding-based local
linear approximation algorithm(IHT-LLA) for implementa-
tion. In Section 5 and Section 6, simulation studies as well
as an application are conducted to show the finite sample
performance of the proposed method as compared to other
nonnegative methods. We conclude with a few remarks in
Section 7. All the technical proofs are given in the Appendix.

2. NONNEGATIVE HIERARCHICAL LASSO

In this section, we extend the hierarchical lasso to non-
negative hierarchical lasso to simultaneously select impor-
tant variables at both the group and within-group levels
when the true coefficients are nonnegative.

We denote

3)

where d; > 0 represents the group information from jth
group as the first level of hierarchy to reflect the information
that all 3, belong to the jth group by treating each B
hierarchically, while ajk/s > 0 are at the second level to
show the differences within the jth group.

Thus, we consider the following penalized least square
question with nonnegative constraints on (d;, k)

ﬁijdjOéjk, jZl,...,J;kZL...,pj,

L& J p; 2

32 \yi— X2 dj X0 ik
i=1 =1 " k=1

J Dpj

dj,ajk
J

A1 dj+ A2 X0 X gy

=1 j=1k=1

subject to d; > 0, a;;, > 0,

min

(4)



where A1 > 0 and Ay > 0 are the regularization parame-
ters to control the degree of penalization of the groups and
individuals, respectively. If d; = 0, then all 8;; in the jth
group will be equal to 0; if not, choosing proper Ay will make
some of aj) thus some of ;5 shrunken to zero. More pre-
cisely, the nonnegative hierarchical lasso can not only select
important groups, but also identify important members of
these groups, which is referred as bi-level selection.

(4) is an optimization problem w.r.t (d;, ojx). We show
it can be written in an equivalent form w.r.t Sj.

lemma 2.1. If (cf, &) is a local minimizer of (4), then B is
a local minimizer of

1 n
min — E
Bjrk=>0 £

z*l

( zj:ki_: ,Jkﬁjk>2

+2\/XZ \/ﬁjl + Bja+ -+ Bipy»
j=1

(5)

where A = A1+ g, Bjk = cijajk.. On the other hand, ifﬁ s a
local minimizer of (5), then define (d, &) where cfj =0, & =
0 Zf ﬁj =0 and dj = ()\2 %:1 ,Bjk/)\l)l/27 dj = /Bj/dj ’Lf

Bj # 0 as a local minimizer of (4)

Note that the penalty function of (5) is equivalent to a
mixed (1, 3)-penalty, namely the outer bridge penalty with
bridge index v = 0.5, and the inner lasso penalty so that it
characterized by a concave group-level penalty and an in-
dividual variable-level 1-norm penalty. Note that both the
lasso penalty and bridge penalty with v < 1 possess the
ability of variable selection. Therefore, the nonnegative hi-
erarchical lasso can select not only important groups, but
also the individuals.

3. ASYMPTOTIC PROPERTIES

3.1 Oracle properties for a diverging number
of variables

In this section, we explore the theoretical properties of
the nonnegative hierarchical lasso when the number of co-
variates is smaller than the sample size and show it has the
group selection consistency, namely, under some regulariza-
tion conditions, correctly selects true groups with asymp-
totic probability one with appropriate choice of regulariza-
tion parameters. Meanwhile, we derive the asymptotic dis-
tribution of the estimators of the nonzero coefficients.

Without loss of generality, we assume

BA_j?éOalgngla
Ba, =01 +1<5<J

Let B; = U;-hzlAj be the collection of the nonzero groups
and By = Bf be that of zero groups. Let 8p, = (5;,j €
Be)" k = 1,2 and 8 = (B%,.65,)". We assume §* =

(ﬂg?,BEZ)T is the true coefficient with 3, = 0 and B =

(Bgl , ,@gz)T as the nonnegative hierarchical estimates of 5*.
Similarly, we denote X (1) and X (2) the submatrices of the
design matrix X formed by columns in B; and its comple-
ment, respectively. Define

1 1
"=-XTX, 0 = -XT(1)X(1
¢ n 7011 n () ()7

1 1
Cry=~-XT(2)X(2),0% = —X% X4

n g n J J
Let A\pae and Apyyp be the largest and the smallest eigenval-
ues of C™, respectively.

Consider the following conditions:

(A1) The errors €j,é€9,...,€, are uncorrelated with mean
zero and finite variance o2.
(A2) The maximum multiplicity Cf = maxy, ijl Iipeayy
is bounded and

J1
A 1
(6) | 4] < o®pM,,
NAmin HBA 1 ! "
M, = O(1).
(A3) AR — oo

Condition (Al) is standard in linear regression model.
Condition (A2) requests the /;-norms of the coefficients in
the nonzero groups are bounded away from zero. Moreover,
both Condition (A2) and Condition (A3) require full rank
design, that is, rank(X) = p < n. In this case, we still allow
the number of features p = p, to grow with n under the
assumption that the design matrix X is column full rank. If
{Bi,B5,,J1} are fixed unknowns, then (A2)-(A3) are con-
sequences of

C;; = 0(1)7 /\mzn = O(l)a )‘ma;v = 0(1)?
é A
n

(7) - O, 3 =

< — 0.
p2yn

lemma 3.1. Suppose conditions (A1) and (A2) hold, then
nonnegative hierarchical lasso possesses the estimation con-

Sistency, that ZS
)

Theorem 3.1. Under conditions (A1)-(A3), then the non-
negative hierarchical lasso has group selection consistency.

That is
P {3, =0} 1

(9)
Theorem 3.2. Suppose {Bl,ﬁgl,Jl} are fized unknowns
and (7) holds. Suppose

®) 16— 52 < op(

1
XT(l)G —p W ~ N(O, 0'2011).

(10) 7n

CILl — C’u7
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Then

u :\/E(BBI - BEI) —D
C'W ~ N (0,0%C'), @ € D°,
M, .i.W ~N(0,D),04 e D?

J1seesJk?

(11)

where D = o?CH(Ch — H(HTCHlH) ‘Hheqt,
M, g, = C'lI — HHTCL'H)*HTCY, H denotes
the |B1| x k matriz with the main diagonal elements 1 and
others 0. The definitions of D° and DY . are given in
the appendix.

remark 3.1. Theorem 3.1 suggests that the nonnegative
hierarchical lasso estimates of the zero groups can be all
dropped with probability converging to one. Theorem 3.2
shows the estimator of nonzero coefficients is root-n con-
sistent and converges to a block-wise Gaussian distribution.
Combine Theorem 3.1 and Theorem 3.2, imply that the non-
negative hierarchical estimator has the oracle property in
group selection. The complete proof of Theorem 3.1 and
Theorem 3.2 can be found in the Appendix.

3.2 Oracle inequalities and model
consistency in high-dimensional linear
model

To study the asymptotic properties of nonnegative hierar-
chical lasso in sparse ultra high-dimensional setting, namely,
the number of features as well as the number of groups can
be much larger than the sample size, the criterion (5) is
rewritten as

1 J P
27’L (yz sz’b,jkﬁjk‘)

min
>0
By =1 k=1

(12) +Anz\/ﬁj1 +Bjz+ -+ By,
j=1

where m; < maxi<j<y [|fa, HI% < meq, the lower bound and
upper bound of the square root of [; norm of coefficients in
each group, respectively.

In what follows, we assume the noise is a vector of i.i.d
normal random variables so that it has Gaussian tails. As
compared to the Non-Gaussian error, often used in the ro-
bust regression, it possesses some nice properties, such as
the tail bound on a combination of i.i.d normal random
variables. With these properties, we can bound the random
part X]Te, and further derive the oracle inequalities for the
prediction and estimation errors.

Besides the notations used in section 3.1, we need some
more notations to state the following results. We denote
by [|A||r and |||A]|| the Frobenius and spectral norms of
matrix A, respectively. If A is positive semi-definite and
A1,..., A\ are the eigenvalues of A, then we have ||A|F =

(5 A)Y? and ||A]]] = maxi—1_.x Ai. We set J(B) =
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{j: 5J #0,1<j <p} with cardinality M(j3) = |.J(3)|. Let
A=3—5*Ap =PBp — Bp,,Aa; = 5,4] — B,

In our theoretical analysis, we make the following regu-
larity conditions throughout.
(B1) For some integer 1 < s < p, let

J J1 1
DN ESWHEE) S

(13) B:{AERP:
j=J1+1 j=1

Then the following conditions hold:

(14) k(s) = min XAl

min > 0.
J1<9|\A\|g¢o NN

(B2) The error € is a vector of 4.i.d normal random variables
with mean 0 and variance o2.

(B3) The group number J tends to infinity with n at a rate
nh_)rr;o log(J)/n =0, ie., J=e"" for some 0 < a; <1

(B4) The maximum multiplicity C* = maxy Z;-le Iireay
is bounded and there exists a constant 0 < as < 1 such that
maxi <<y pj = O(n).

(B5) There exist a constant ag € (0,min{l — a;,1 — az})
such that A\ ez = O(na?’).

Condition (B1) is called the restricted eigenvalue assump-
tion on the Gram matrix of X. The integer s plays a role of
an upper bound on the group sparsity. This is an extension
to our settings of the RE assumption for the usual lasso and
Dantzig selector from Bickel et al. [16] and group sparsity
from Lounici et al. [17]. RE assumption is widely used in
high-dimensional setting to establish non-asymptotic error
bounds, which is milder than the incoherence condition. It
is equivalent to lower bounding the restricted ¢-eigenvalues
of the sample covariance matrix X7 X /n. Since it is a simple
form of restricted strong convexity condition for the least-
square loss, then follow the discussion in [18], RE assump-
tion holds with high probability for various classes of ran-
dom design matrix. For example, for a random design matrix
X with rows z; € RP drawn independently and identically
distributed from a zero mean sub-Gaussian distribution with
covariance X, then RE assumption hold with high probabil-
ity. Condition (B3) implies the number of groups can be
much larger than the sample size and allows the dimension-
ality grows at a exponential rate as the sample size increases.
Condition (B4) and (B5) assume the maximal group size and
the largest eigenvalue of the sample covariance matrix are
bounded at some rate as n grows.

lemma 3.2. For every j € 1,2,...,
ijXAj /n and choose

J, recall that C = =

20m2

15) ez max {22 ren,) +2lllc |

<27109(J> + \/pﬂlog(J)))l/z},



where v > 1. Then with probability at least 1 — 2J7, for
any solution B of criterion (12) we have

J N J1 N
(16) Z A4l < 3Z|\AA_7||12’
j=J1+1 Jj=1
XA 1
(17) H H2 <3\, ZHAA 17 -

Theorem 3.3. Under conditions (B1)-(B3). If M(8*) < s
and the regularization parameter Ay, is chosen such that (15)
holds with v > 1, then with probability at least 1 — 2J'77,
we have that

38I5 O
(18) —||XA||2 Selzn e
K3 (s)
3305 ChIN
(19) 1AB, Ir < =5,
K3 (s)
33730 \E
(20) A < 16—,
K3 (s)
4 2
5 330 7
(21) (B) < 4m2 mar 2 : 1 )
AZ(1— m—1)2/<as(s)

where A\, denotes the largest eigenvalue of the Gram ma-
triz of X.

remark 3.2. Inequalities (18)-(21) in Theorem 3.3 are
called the oracle inequalities which give non-asymptotic
bounds on the prediction and [; estimation loss with some
probability. The parameter « controls the probability under
which the above inequalities hold.

Theorem 3.4. Suppose {Bi, 5, J1} are fived unknowns
and conditions (B1)-(B5) hold. Set

2

NI N v
—\/50 Amaz 12 ( max_p; + Alog(])) ,
1<5<J

NG

where A > 5/2 and & is some estimator of o. Then with
probability at least 1 — 2J*24/% we have

(i) group selection consistency:

P(BBg = O) —1;

(#i) estimation consistency:

1/3
* maxi < j+Alog(J
18—l = 0 iy esssspt ) )

remark 3.3. Taking the regularization parameter A of order
((max; <<y pj+ Alog(J))/n)'/2, theorem 3.4 indicates that
the nonnegative hierarchical lasso enjoys the group selection
consistency when the number of covariates is much larger
than the sample size and establishes the upper bound for Iy
estimation errors.

(22)  An =

remark 3.4. Since o is unknown in general, we need a
well-chosen estimator & of o. It can be shown that we can
take & = yTy/n after centering y, which we can refer to the
section 6.2 in [15] for more details.

4. ESTIMATION ALGORITHM

Since the optimization problem (4) w.r.t (d;,a;x) re-
quires to choose the values of two tuning parameters and
it is computationally expensive, we consider the optimiza-
tion w.r.t B, as follows

J pj
(yz szl,jkﬂjk})
i=1

j=1 k=1

min
Bjrk=>0

J
+>\Z\/ﬁj1 + B2+ ...+ Bip;
=1

multiplying by a positive parameter p both sides of the
above equation gives

1/2
min puly - X6||2+MZHBA I,
Jj=1

where g is some rescaling factor.

To this end, we propose a fast and efficient itera-
tive half thresholding based local linear approximation
algorithm(IHT-LLA) for solving the nonnegative hierarchi-
cal lasso problem, which is based on the iterative half thresh-
olding algorithm in Xu et.al. [22], group coordinate descent
in Wei and Zhu [28] and local linear approximation in Zou
and Li [5].

Following the half threshold algorithm in Xu et.al. [22],
for the usual L/, regularization, the thresholding represen-
tation is defined as follows:

BED = H, . <5<k>+ukXT< XB“”)),

where H),, 1/2(x) = (hap,1/2(21), -+, hag,1/2(2,)) and
Fapr (@), |z > LI ()23,
hxu,%(x) = { Aot |

0, otherwzse,

with f,1/2(2) = 22(1+cos(27/3—2p(x)/3))/3 and p(x) =
arccos(Au(|z|/3)~3/2/8).

It BAj = 0,1 < j < J, the group penalty of the jth
group is reduced to the usual L;,, penalty. Therefore, fol-
lowing the idea of iterative half thresholding algorithm,
we get the threshold value for BAJ- =0,1<j < J. If
BA]- # 0,1 < j < J, then adopting a local linear approx-
imation, the optimization problem with respect to the jth
group is closely related to an iteratively reweighted nonneg-
ative adaptive lasso procedure. Suppose S(® > 0 be the
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initial estimator, if 61&0],) = 0, then set BA_,» = 0. Otherwise
they can be locally approximated by a linear function as

(23) PA(ﬁA ) ( 540)) 1/2 Z Bjk 6

2(184 ’H

It can be regarded as an nonnegative adaptive lasso problem
at each iterative step and can be solved efficiently using a
revised coordinate-wise descent algorithms from [6] when
suppose the estimator is nonnegative. Assume that the x;;
are standardized so that Y, x;;/n = 0,3, x7; = 1, then one
can show that the coordinate-wise update has the form

b (B9 4ty = X5 ~ A

+

Obviously, the above algorithm has a blockwise coordi-
nate descent structure. It optimizes a target function with
respect to a single group at a time, iterate through all the
groups until convergence. Therefore, the IHT-LLA iterates
as follows:

1. Center y. Center and normalize .

2. Initialize 3.

3. Set py = o = 1/|||XTX/n|||?, the square of spectral
norm of the Gram matrix of X, and A; can be chosen from
BIC criteria.

4. For the jth group, if B(t) + wmXT(y — XBW) <
VB4(Npe)?/ /4, k = 1,2... p;, then set S ¢+ — 0. Other-
wise, solving the following nonnegative adaptlve lasso prob-
lem

(24) AS_JFI) = argmin p|ly* — Xa,;Ba, H%
K Ba,;>0
At pg
1 1/2 ZBJ’“
2||5<> it

* t
where y* =y — 37, XAkﬁx(éli
5. Repeat step 4 until convergence, e.g., |1 — M), <,
where € is some tolerance level, e.g., e = 1075,

5. SIMULATION STUDIES

In this section, we use some simulations to demonstrate
the finite sample performance of the nonnegative hierarchi-
cal lasso both in low-dimensional and high-dimensional set-
tings and compare the results with nonnegative lasso, non-
negative adaptive lasso and nonnegative elastic-net.

5.1 Simulation

Similar to Huang et al. [13], we consider the following
settings:

casel: In this case, there are 16 groups, each with 5
predictors. Suppose that the between-group correlation is
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0 while the within-group is 0.5, i.e., each group is simu-
lated independently by a multivariate normal random vector
N(0,%) with ¥ being the covariance matrix of each group
such that all the non-diagonal entries equal to 0.5 and the
diagonal elements 1. Set € ~ N(0,1). Since there exists bi-
level hierarchical structure in our estimator and the group

level d; o ||6Aj||1/2’

d = (v/10,v8.5,4/25,0,...,0),
N——

13

we let

and

B=(0.5,2,2,2.5,3,1,1.5,2,2,2,
5 5
1.5,1,0,0,0,0,...,0).
———— ——

5 65

case2: In this case, there are 100 groups, each with 5
predictors. In each group, the coefficients are either all non-
zero or all zero. Like Huang et al [13], we first simulate
R;,j = 1,...,500 independently from the standard nor-
mal distribution. Then we generate Z;,j = 1,...,100 from
the normal distribution with cov(Z;,, Z;,) = 0.571772! for
J1,d2 = 1,...,100,751 # j2. To normalize, the predictors
(X1,..., X500) are generated by

Xs(j—1)+k = Zj/2+ \/§R5(j—1)+lc/2,
j=1,...,100,k=1,...,5.

We still set e ~ N(0,1) and
d=(V7.5,V/7.5,v/10,v10,v5,0,...,0),
——

95
and
B =(1.5 1.5,1.5 1.5,2,...,2,
——
5 5 5
2,...,2,1,...,1,0,...,0).
——
5 5 475

case3: Both the predictors and random errors are gen-
erated similarly to case2 except that there exists both the
important and unimportant variables in some groups. Let

d = (v/5,v/10,2,4/3,1,0,...,0),
——
95
and
ﬂ:(]‘7 17 1717172’2’272727 17 17171707
—_— ———
1.5,1.5,0,0,0,1,0,0,0,0,0,...,0).

—_———— —— — —

5 5 475



case4: Both the predictors and random errors are simu-
lated in the same way as in case3 except that the sample
size is increased from 5 to 20 while the number of groups is
decreased to 25. Postulating the number of nonzero coeffi-
cients in the 1,3,5 groups is generated independently by a
discrete uniform distribution DU(1,20). To be general, the
nonzero components from the first group are simulated in-
dependently by a normal N(1.5,0.3) random variable. Simi-
larly, the nonzero components from the third group are sim-
ulated independently by a normal N(2,0.2) random variable
and the fifth by a normal N(2.5,0.1) random variable. Set
Be1 = Be2 =+ = Bs00 = 0.

caseb: In this case, the model has groups of different
sizes. Set p = 500,J = 29 with group sizes p1_4 =
5,p5_s = 15,pg_29 = 20. In each group, the coeflicients
are either all non-zero or all zero. The data are gener-
ated as follows. The predictors (Xi,...,X500) are gener-
ated by a multivariate normal random vector N(0,%). Let
prp = diag(ZLg, 23,4, 25, ceey 229)7 with 2172 being the
covariance matrix for groups 1 and 2 and X34 for groups
3 and 4, ¥;,7 = 5,...,28 being the covariance matrix for
groups j = 5,...,28. Set (X12);; = li=j + 0.51<izj<5 +
within-group correlation is 0.5 and between-group correla-
tion is 0.3 for group 1 and 2. Similarly, (X34);; = li=; +
0.51<i#j<5+0.96<izi<10 —0.91<i<5,6<j<10 —0.56<i<10,1<5<5
such that within-group correlation is 0.5 and between-group
correlation is —0.5 for group 3 and 4. For ¥;,5 =5,...,8,
we choose a compound symmetry structure with p = 0.5
while for ¥;,7 =9,...,29 we choose p = 0.2. The response
is calculated based on model (1) with
,0,2, ...

——

B=(1,...,1,0,...
—— ——

5 5 5

,2,0,...,0).
—

485
case6: Both the predictors and random errors are simu-
lated in the same way as in case3 except that the number of

groups is increased to 200 so that there are 1000 predictors.
Let

d=(V75,v8,0,...,0),
198

and

B=(1.51.5,15,15,1522220,0,...,0).
——— —

5 5

990

caseT: The same as case6, except that e ~ ¢(8), a t distri-
bution with degree of freedom equal to 8.

case8: The same as case6, except that e ~ 0.9N(0,1) +
0.1N(0,10), a mixed normal distribution.

For these cases, all the simulations are repeated 100 times
randomly. Within each replication, our simulated data con-
sists of a training set of size 100. To show the performance
of nonnegative hierarchical lasso compared to nonnegative

lasso, nonnegative adaptive lasso and nonnegative elastic-
net, we use BIC criterion to select the tuning parameters
and the simulation results are summarized in Table 1. L1 is
the lj-norm of estimation errors in group/individual level,
namely, ||d — d*||; and |3 — 8*|,. Similarly, L2 is the Ip-
norm of estimation errors in group/individual level, namely,
|d — d*||2 and ||3 — B*||2. ME represents the model error
which is computed as (3 —*)TE(XXT)(3— ). FP counts
the the number of groups/variables that are false positive.
Since the false negative, i.e., the number of nonzero groups
or individuals which are not selected is very small, we omit
it here. In the parentheses are the corresponding standard
deviations.

From Table 1, with any group size and group structure,
it can be seen that the nonnegative hierarchical lasso is sig-
nificantly superior to, and very occasionally inferior to the
other methods in group-level both in low-dimensional and
high-dimensional set-ups. When the group size is relatively
small, this superiority is more obvious. In individual-level,
nonnegative hierarchical lasso performs as well as nonneg-
ative adaptive lasso for low dimensionality but attains a
lower L1, L2 and VF as the dimensionality grows. As for
ME, nonnegative hierarchical lasso also perform the best,
followed by nonnegative adaptive lasso, nonnegative elastic-
net and nonnegative lasso. Similar results can be obtained
under two types of Non-Gaussian error-a t distribution ¢(8)
and a mixed normal distribtion 0.9N(0,1) + 0.1N(0, 10).

5.2 Simulation with group mis-specification

Set p = 600, J = 60 with all of the group sizes equal to
10. In each group, the coefficients are either all non-zero or
all zero. The predictors (X7, ..., Xgoo) are generated inde-
pendently by a standard normal distribution N(0,1). The
response is calculated based on model (1) with
,0,0.5,. ..

B=(05,...,05,0,...

10 10 10

,0.5,0,...,0).
——

570

The group information is mis-specified such that the ca-
sual variables X9 — X7¢ are grouped with the null variables
X171 — Xo9 and the casual variables Xo9 — X309 are grouped
with the null variables X3; — X40. Thus, the group sizes are
changed to p1 = 8,ps = 12,p3 = 8,p4 = 12,p5_¢0 = 10.
The percentage of Xg — X709 and Xog — X309 being selected
over the 100 replications and their variation ranges are re-
ported in Table 2. To examine the selection abilities of all
these methods, we plot the percentage of the 100 replica-
tions when a nonzero coefficient is selected. The results are
given in Figurel.

5.3 Computational efficiency

In this section we briefly assess the computational effi-
ciency of our algorithm IHT-LLA. We compare THT-LLA
with the hierarchically iterative algorithm (HI) used in [12].
The simulation data is generated as follows: we fix n = 100
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Table 1. Simulation results for casel-8

Groups Variables
Method ME T1 2 . FP Tl 2 FP
n = 100,p = 80, J = 16, ¢ ~ N(0, 1)
NLasso  0.25(0.09) 0.75(0.55) 0.19(0.20)  2.38(2.05) 1.72(0.39)  0.32(0.12)  3.45(2.88)
NEnet  0.23(0.09) 0.61(0.50) 0.15(0.18)  1.99(1.78) 1.75(0.40)  0.34(0.13)  3.08(2.26)
NALasso 0.16(0.07) 0.33(0.36) 0.09(0.13)  0.71(1.03) 1.50(0.36)  0.27(0.11)  1.12(1.36)
NHLasso 0.16(0.06) 0.22(0.35) 0.07(0.18)  0.28(0.68) 1.50(0.38)  0.26(0.12)  1.11(1.27)
n = 100, p = 500, J = 100, e ~ N(0, 1)
NLasso  0.66(0.17) 3.91(1.97) 1.11(0.68) 13.85(7.21) 4.87(0.88)  1.04(0.30)  15.85(8.86)
NEnet  0.64(0.20) 4.38(2.09) 1.33(0.72) 14.91(8.02) 5.29(0.95) 1.21(0.40) 17.26(9.74)
NALasso 0.44(0.14) 2.18(1.12) 0.63(0.40)  6.79(3.79) 3.92(0.74)  0.80(0.27)  7.26(4.21)
NHLasso 0.35(0.12) 1.09(0.90) 0.56(0.54)  1.61(1.55) 3.22(0.83)  0.58(0.23)  3.27(3.37)
n = 100, p = 500, J = 100, e ~ N(0, 1)
NLasso  0.60(0.18) 2.70(1.40) 0.69(0.46)  9.28(5.45) 3.41(0.62) 0.70(0.20)  11.48(6.66)
NEnet  0.49(0.11) 3.76(1.48) 1.10(0.65) 13.50(4.37) 3.82(0.97)  0.76(0.29) 16.76(6.01)
NALasso 0.43(0.33) 1.98(2.67) 0.68(1.14)  5.20(7.38) 2.82(1.45)  0.70(0.57)  6.17(8.87)
NHLasso  0.22(0.08) 0.24(0.19) 0.05(0.14)  0.06(0.24) 2.01(0.48) 0.32(0.13)  2.99(1.67)
n = 100,p = 500, J = 25,¢ ~ N(0, 1)
NLasso  0.51(0.16) 3.04(3.07) 2.88(5.58)  5.82(2.99) 3.58(0.74)  0.74(0.25) 12.01(6.62)
NEnet  0.52(0.15) 2.96(3.14) 2.86(5.58)  5.33(3.40) 3.65(0.80) 0.78(0.25) 11.16(7.35)
NALasso 0.42(0.12) 2.63(2.54) 2.02(4.46)  5.33(2.44) 3.77(0.67)  0.89(0.31)  11.85(4.64)
NHLasso 0.29(0.10) 1.67(3.54) 2.48(5.84)  0.89(1.96) 2.67(0.59) 0.49(0.18)  5.13(2.89)
n =100, p = 500, J = 29, ~ N(0,1)
NLasso  0.39(0.15) 0.98(0.69) 0.24(0.25)  3.38(2.51) 1.82(0.37)  0.41(0.17)  4.20(3.59)
NEnet  0.27(0.11) 0.83(0.54) 0.22(0.18)  2.69(2.16) 1.75(0.36)  0.38(0.16)  3.17(2.46)
NALasso 0.23(0.10) 0.79(0.53) 0.22(0.19)  2.40(1.76) 1.73(0.39)  0.40(0.18)  2.86(2.16)
NHLasso 0.11(0.05)  0.16(0.29) 0.07(0.17)  0.23(0.51) 1.19(0.32)  0.22(0.09)  0.51(1.28)
n = 100, p = 1000, J = 200, ¢ ~ N(0,1)
NLasso  0.40(0.09) 0.80(0.61) 0.17(0.17)  2.98(2.85) 1.48(0.27)  0.31(0.09)  3.15(3.00)
NEnet  0.17(0.09) 0.67(0.52) 0.16(0.18)  2.68(1.95) 1.23(0.31)  0.23(0.09)  2.86(1.99)
NALasso 0.15(0.07) 0.82(0.81) 0.27(0.30)  2.34(2.53) 1.23(0.38)  0.21(0.10)  2.34(2.54)
NHLasso 0.12(0.06) 0.29(0.54) 0.12(0.30)  0.45(0.99) 1.03(0.38)  0.16(0.09)  1.07(2.14)
n = 100,p = 1000, J = 200, e ~ £(8)
NLasso  0.59(0.24) 1.21(0.79) 0.29(0.23)  4.41(3.23) 1.84(0.36) 0.42(0.15)  4.68(3.41)
NEnet  0.41(0.20) 1.24(0.75) 0.31(0.24)  4.54(2.91) 1.75(0.39)  0.38(0.15)  5.01(3.13)
NALasso 0.23(0.12) 1.52(1.28) 0.58(0.53)  4.10(3.60) 1.58(0.63)  0.29(0.16)  4.11(3.61)
NHLasso  0.19(0.09) 0.51(0.54) 0.25(0.31)  0.83(1.00) 1.26(0.46) 0.22(0.12)  1.84(1.89)
n = 100, p = 1000, J = 200, e ~ 0.9N(0, 1) + 0.1N(0, 10)
NLasso  0.95(0.36) 1.82(1.47) 0.48(0.48)  5.87(5.34) 2.66(0.57) 0.81(0.26)  6.06(5.56)
NEnet  0.89(0.34) 1.90(1.41) 0.49(0.49)  5.87(4.98) 2.69(0.56) 0.83(0.25)  6.15(5.41)
NALasso 0.35(0.14) 1.92(1.21) 0.68(0.55)  4.67(3.11) 2.03(0.69) 0.46(0.22)  4.71(3.13)
NHLasso  0.34(0.19) 1.08(1.05) 0.55(0.67)  1.66(1.73) 1.82(0.79)  0.43(0.24)  3.19(3.39)

Table 2. Simulation results for group mis-specification

Nlasso Nnet Nalasso Nhlasso
pct.X9 0.21 0.20 0.69 1.00
pct.X10 0.18 0.17 0.67 1.00
pct.X29 0.17 0.18 0.63 1.00
pct.X30 0.18 0.16 0.58 0.98
range.X9 0.097-0.553 0.098-0.554 0.060-0.809 0.156-0.853
range.X10 0.010-0.606 0.031-0.605 0.003-0.680 0.220-0.743
range.X29 0.031-0.452 0.031-0.498 0.117-0.261 0.074-0.172
range.X30 0.036-0.559 0.051-0.559 0.046-0.131 0.009-0.397
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with the first 50 samples serve as a training set whereas
the remaining as the test set, and vary the value of p from
60 to 480 with group size all equal to 3. That is, the num-
ber of groups is increased from 20 to 160. The covariates
(x1,...,2p) are simulated from a multivariate normal dis-
tribution with the pairwise correlation between x; and x; set
to be corr(i,j) = 0.5/"771. The model built on the training
set can be expressed as

8
yi=) wijfj +eni=1...,50,

J=1
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Figure 1. Top left: frequency of X1-X10 and X30-X40 being selected of the nonnegative lasso, nonnegative adaptive lasso and
nonnegative hierarchical lasso estimates. Solid dot: nonnegative lasso. Triangle: nonnegative adaptive lasso. Solid square:
nonnegative adaptive lasso. Star: nonnegative hierarchical lasso. Top right: box plot of nonnegative lasso. Bottom left: box
plot of nonnegative adaptive lasso. Bottom right: box plot of nonnegative hierarchical lasso.
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Figure 2. Left: CPU times (in seconds) required to fit the
entire coefficients path. Right: mean-squared error on the test
set. Solid dot: ITH-LLA. Triangle: HI.

where €¢; ~ N(0,1). In every simulation the nonzero coeffi-
cients 37,j = 1,...,8 are all equal to 1.5. Both IHT-LLA
and HI do their works in R. To show the efficiency of our al-
gorithm, Figure2 presents the CPU times required to fit the

entire coefficients path and the mean-squared error (MSE)
on the test set, all averaged over 10 runs.

As we shall see, our algorithm THT-LLA is faster than the
hierarchically iterative algorithm (HI), and performs better
in terms of prediction accuracy.

6. AN APPLICATION

In this section, we focus on the application of the nonneg-
ative hierarchical lasso in financial market. The performance
of the nonnegative hierarchical lasso with grouping infor-
mation considered is tested to track the S&P 500 index, a
market-capitalization-weighted index of the 500 largest U.S.
publicly traded companies by market value to represent the
largest publicly traded corporations in America.

We apply the nonnegative hierarchical lasso to index
tracking mainly for the following:

Firstly, it is costly to select all of the assets. In appli-
cation, one always construct a sparse index tracking port-
folio against the costly full replication. On the other hand,
a large quantity of stocks also cause the problem of high-
dimensionality. Thus, our method is a fast and effective way
to induce sparsity.

Secondly, nonnegative constraints are the conventional
restraints especially in financial field as the short-sale con-
straints. Since the index is compiled via the market capital-
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ization weight which is positive, it is natural to introduce
the nonnegative constraints for better replication.

Finally, there exist group structures in stock market. For
instance, there are relationships between stocks from the
same stock block or industry. Incorporation of such informa-
tion can improve the predictive accuracy. The nonnegative
hierarchical lasso, as a bi-level selection method, gains the
ability to achieve this aim.

We use the proposed nonnegative hierarchical lasso to an-
alyze the data from the closing prices of stocks that make
up the S&P 500 index, from Feb. 1, 2018 to Sept. 26, 2018.
There are 159 observations, and 504 predictors in this data.
To demonstrate the predictive accuracy of the proposed ap-
proach, the data are divided into two parts, the first 119
observations are regarded as a training set and the remain-
ing are used as a test set. In this work, we let F; ; be the
prices of the jth constituent stock and p; be the S&P 500
index. To eliminate the relativity of observations, we trans-
form the closing price to the daily return, i.e.

Py

Ty = -1, 1=2,3,...,n,
ij Pi_,j
yi:pi_1_17i:2737 ERERLT

bi

where z;; and y; stand for the return of the jth constituent
stock and S&P 500 index, respectively. Therefore, the sta-
tistical model built on the training set can be described to
a linear regression model:

504
vi= Y @i +ei, i=1,...,118, st. B; >0,
j=1

where 3 is assumed to be sparse for sparse replication.

Since the true grouping structure is unknown in practice,
we consider a data-driven clustering method which provides
an adaptively choice of the number of groups depending
on the size of selected model. Note that the hierarchical
lasso is a bi-level selection procedure with group-level d; o
184, H}/2, j=1,...,J and we conjecture the reasonability
of clustering two variables into the same cluster with almost
the same size of group-level d;, j =1,...,J. Therefore, our
clustering method can be described as follows:

(a) Let each group consists of one variable and use the
nonnegative hierarchical lasso to get the solution ch, ] =
1,...,J for each variable.

(b) Fix the number of groups, e.g., 50,60,70, ...,200,
and the membership of groups could be determined by the
cij, j=1,...,J from (a).

(¢) For a given size of selected model, we determine the
number of groups by a CV-like method, e.g., divide the
dataset into 5 parts, four of which as the training set and the
remaining as the test set. Then we can model the training
set by nonnegative hierarchical lasso to compare the mean
square error of the test set, respectively. Denote the corre-
sponding number of groups with the smallest MSE by k*.

(d) Choose the number of groups around k*, e.g., k* —
10,k* —9,...,k* + 9,k* + 10, and do (b) and (c) again to
find the final optimal number of groups.

For comparison, we also considered the nonnegative lasso,
nonnegative adaptive lasso and nonnegative elastic-net from
Wu and Yang [34], Yang et al. [35] and Wu et al. [33]. The
BIC is also used to select the regularization parameters of
these three methods. For evaluation purpose, the Absolute
Mean Tracking Error (AMTE), is defined as

Tracking Erroryean = w,
where err; = y; — 9 and ¥, is the fitted or predicted value
of y,, fort =1,2,...,T.

Our aim is to resort to a small subset of the constituent
stocks to replicate the index. Thus, we tune the tuning pa-
rameter to select 35 or 50 stocks to demonstrate the fit-
ted and predicted results of our approach as compared to
nonnegative lasso, nonnegative adaptive lasso and nonnega-
tive elastic-net. By the aforementioned data-driven cluster-
ing method, we set the number of groups is 117(or equiv-
alently,72) when the size of selected model is 35 (or equiv-
alently,50). The results for Absolute Mean Tracking Error
(AMTE) are given in Table 3. We only show the predicted
results with different number of selected stocks (35 VS 50) in
Figure3-4. Since the predicted result of nonnegative elastic-
net is thus similar to that of nonnegative lasso, it is omitted
for brevity. It can be seen from Table 3 that the nonnega-
tive hierarchical lasso outperforms other methods in terms of
AMTE, then the nonnegative adaptive lasso, and worst the
nonnegative elastic-net and nonnegative lasso. Also, increas-
ing the number of selected stocks could slightly improve the
performance of prediction. Similar conclusions can be drawn
from the predicted results in Figure3-4 and the nonnegative
hierarchical lasso could be a better choice for long-term pre-
diction, which can be shown in Figure3-4.

Table 3. The fitted and predicted Absolute Mean Tracking Error (AMTE)

non-lasso  non-elastic net non-adaptive lasso  non-hierarchical lasso
Fitted AMTE(35) 0.157% 0.155% 0.074% 0.069%
Predicted AMTE(35) 0.135% 0.135% 0.107% 0.086%
Fitted AMTE(50) 0.087% 0.086% 0.043% 0.061%
Predicted AMTE(50) 0.128% 0.128% 0.103% 0.078%
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Figure 3. Predicted results for real data with 35 stocks: S&P 500 index (solid line), predicted value (dashed line), nonnegative
lasso (Top), nonnegative adaptive lasso (Middle), nonnegative hierarchical lasso (Bottom).

7. CONCLUDING REMARKS

In this paper, we propose the nonnegative hierarchical
lasso for bi-level selection both in low-dimensional and ultra
high-dimensional linear regression model, and prove its nice
statistical properties under certain appropriate conditions.
Since its theoretical properties in cases where p > n, to
the best of our knowledge, have not been explored. We also
derive the oracle inequalities in cases where the number of
covariates is much larger than the sample size.

The nonnegative hierarchical lasso, however, has the lasso
penalty as its inner penalty so that it shares some draw-
backs with the usual lasso. For example, a single strong

predictor could draw other predictors in the same group
into the model, which prevents the nonnegative hierarchical
lasso from achieving consistency for the selection of individ-
ual variables. For further improvements, the lasso penalty
could be replaced by adaptive lasso, MCP or SCAD. We
could also consider the composite ; /o penalty, i.e. using the
li /2 penalty as both the outer and inner penalties. Further
work is needed to study the properties of this class of esti-
mators and compare their performance.

Besides, we only focus on the nonnegative hierarchical
lasso in the context of linear regression models. The pro-
posed approach can be applied to other regression models
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Figure 4. Predicted results for real data with 50 stocks: S& P 500 index (solid line), predicted value (dashed line), nonnegative
lasso (Top), nonnegative adaptive lasso (Middle), nonnegative hierarchical lasso (Bottom).

when both the group and individual sparsity are desired. APPENDIX: PROOFS OF THEOREMS

Specifically, it can be naturally extended to the general- Proof of Lemma 2.1 As stated in Section 2.

ized linear models, Cox regression and robust regression. Let Q*(d, ) be the criteria of equation (4) and Q(j)
Therefore, it is of interest to further study the theoretical 1e the criteria of equation (5). Suppose that (d, &) is a lo-
properties and computational algorithms with different loss 4] minimizer of Q*(d, ). We will show Bjk - czj@j P

functions. 1,...,J,k =1,...,p; is a local minimizer of Q(3) in the
following.
Denote 8, = dja;j. Since
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Thus for any 8 > 0, we have CZ(,B) = arg min Q*(d, @).

d>0
Therefore

(25)  d;(B) —%Zﬁjk%,,g_m .

Substitute (25) into Q*(d, o), it is easy to obtain that

Q"(d, &)
1 n J Dj 2
= 52 (yi - ZZﬂjk z,]k)
i=1 j=1k=1
/\1 1 P ~ 1
AT B
=1 =
s Myt s g
#2230 SO B B
j=1k=1 "2 k=1
1 n Dj R 2
= ) Z (yi - Z 5gk$mk>
=1 j=1k=1

P;
+2vV A1 A Zﬁjk»
k=1

which is equal to Q(8) with A = Ay - Aq.
Proof of Lemma 3.1 As stated in Section 3. Let 3 be the

nonnegative hierarchical lasso estimator for a given A, then
from the definition of

J
1 R ~ -
§||Y—X5H§+2\/XZ\/&-1 + oot Bip,
1 * *
<5lv-xp ||2+2\/—Z +o By

By Cauchy-Schwarz inequality

IA

Ji V21 7%
> [(Zm) 6, - 53,
Ji
>[I,
_nn(§jnBAj—ﬁzj§)i

j=1

IN

514,118, ﬂgﬁﬁ]

where 7,, =

Jioo
Since ) ||Ba; — B, 12 < C*||3—B*||32. Then by the above
j=1

inequalities we have
X/ Cr 1B = B2
> Y = XBI5 Y — X813
= [|X8" +e— XB[53 — IV — X513
=X (8~ B3 +2¢ X (8" = B).
Let €* be the projection of € to the span of { X1, Xa,..., X, }
in the sense that ¢* = X (X7 X)"1X7Te, then
27X (5~ ) = 27X (5~ 57
<2/ 12| X (B = 872

_ 4B+ 11X B~ 813
— 2 .

Thus combine the above inequalities, we have

X (3 — 8|2
< 8V /Tl B — B |2 + 4|e*||3.

Since E||e*]|3 = o?tr(X (XTX)"1XT)

(26)

= po?, then

(27) X (8- B3
< 8V AN /CrIB = B*||2 + 40, (po?).

xTx

Note that A, is the smallest eigenvalue of , then we
have
15— 813
)‘O;UHHB - B2 4Op(p(72)
< +
n)\mm n/\mzn
_BNRCH 16513, 40,(p0?)
- nz)\fnm 2 n)\mzn .
Then condition (A2) gives
A 64>\772C* 80, (pa?)
) _ px 2 P
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2 J R 1
< Op( Pa ) Now we establish the lower bound of the > |34, ],
NAmin j=J1+1 .
_ it is easy to prove that
__Proof of Theorem 3.1 As stated in Section 3. Define 8 =

1
(ﬁll)ﬁlQ,"')ﬁJp )T by J N 1 J N 2
. S Bl < ( 3 ||ﬂAj||1)
E Bjk 1< ] < Jl, 1<k Spj7 j=J1+1 j=J1+1
ik = R ~ 1 ~ 1
P00 hH1<i<T1<k<p; < (185,117 < 185,115

Then by KKT conditions for any ,5’]- & 7 0 we can obtain that Then combine the above two inequalities, we have

~ 1 mam p02 %
(Y = XB)"Xi = VA . VA < Bmen 3 13 < nAmacO, :

- ~ n)\mzn
\Bitt+ -+ Bip,

By the definition of 5 and the non-negativity of B, we can

Thus by condition (A3) we can prove that

3
validate that (18,12 > 0) < IP’{ /\(>\2mm/li)2 < Op(l)}
~ ~ "774041"’7‘2
(Y-XB3)"X(5-B) (29) 0.
N~ (B =B

= \/XZ Z A( ik J = Then we complete the proof.
j=1k=11/Bj1 + ...+ Bjp, Proof of Theorem 3.2 As stated in Section 3. By Lemma
2, recall that ||3 — 5*||2 = (nA) Since {B1, 8p,,J1}
= \/—Z HﬁA Hl H,BA [ — ||BAJ||1) are fixed, and (7) implies (A2 ) and (A3), then the proof of

lemma 2 still works with the submatrix X7, thus we have

=V Z 1,117 (30) 185, — B, 12 = Op(%)_

j=J1+1
- i 5. Define
Similarly to the proof of Lemml, the definition of § im-
plies V. (U) =T (/B* + L(UT OT)T) — L (ﬂ*)
J \/ﬁ ) 9,
1 5112 - OIE . .. .
EHY - Xpl3 +2\/XZ 184, I7 where L, (8) is the objective function of (5), 0 stands for
j=1 the zero vector of dimension |Bs|. Then by theorem 1, the
1 i following hold with large probability
< IV — X3 +2WZH5A I3 A L
B = 0
R (GLRR
It is easy to prove that i, = argmin {Vn(u) ‘e R|Bl|}_
BE, tu/v/n=0
PO ~ 1
2 2
QﬁZ(HﬁAJHl 184,11 Since the function V,(u) can be decomposed into two
) =t - ) ) parts
< SIY = XBl5 - SlIY = X85 1

1
Va(u) = S lle = X (u®, 0" /v/nll3 = 5 llell3

123 Z(nm Sl - ||ﬂz,.||%>

1 1
= ——u'XTe+ —u" X X1u

\/_ 2n

= JIXB - B3+ (v - XB)"X(B - B).

Note that A4, denotes the largest eigenvalue of the Gram
matrix X7 X/n and by Lemma 1, it is easy to get

J A 1 1 A
\/X Z ||5A]||12 <5 marHﬁBQHg 1
2 *
= £2V3 Z (183, + mua i - 133,01
n po? v
mazx || A % 2
= 2 HIB 6 ||2 < n)\mawOp (TL)\mln> = Vln(u) + V2n(u)
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For the first term, by (10), it is easy to obtain that

(31)

Then for the second term, since

1
Vln(u) —D —uTw + iuTCHU.

J1
* uAi % * %
Vantu) =233 (195, + 2220 - 163, 1
=1

l[wa, 2

VA &
=2 T
S8, + L 185,11

Then by (7), we have Va,(u) — 0, therefore

1
(32) Vn(u) —D _UTW + §UT011'LL.
Then it follows by solving a constrained optimization prob-
lem

(33) { min —uTW + %UTCHU,

subject to S5, + ﬁ > 0.

By [3, Theorem 2], it is equivalent to

(34) {

where Z(f5;, ) denotes the index set of constraints which are
active in 8% , that is, Z(85,) = {j € B1 : B; = 0}. Let
D be the feasible region of the above optimization problem
and D° be the relative interior. D; and Dj, . ;, denote the
boundary formed by the jth constraint and the intersection
of Dj,, ..., Dj,, respectively. D . represents the relative

interior of Dj, . ;.. They can be defined as follows

,,,,,

min —u’ W + Lu” Cryu,
subject to u; > 0,5 € Z(8g,),

D° = {u tu; > 0,7 EI(BEl)},

Dj g ={u:uj, =0,j, € Z(Bp,), 1 <1 < ks
w > 0,6 € Z(Bp )\ {j1, -, Jr} |

i ={uiu;, =04 € I(Bp), 1 <r < k;
ug > 0,t € Z(Bp,) \ {j1, -k} }-

If @ € D then by KKT conditions we have

D¢

Jlseees,

(35) @ —p C'W.

In contrast, if @ € D7, by KKT conditions we obtain

s Jk?

Criu—=W = Aj,.j, =0,
u;, =0,r=1,...,k,

where \;, ., is a vector of lagrangian multipliers with A\; =
07j € Bl \ {j17 e 7]1@}
Let
011 H
lew~;jk = |:HT 0 :| )

where H denotes the | B1| X k matrix with the main diagonal
elements 1 and others 0.
We can write the inverse of B;, . j, as a block matrix

-1 _ My Vie
J1s-2Jk V21 V22 :

By the elementary operation of block matrices, it is easy to
obtain that

Mj, . ;. =Cy'I—HH"CL'H)""HTC'.

Thus we complete the proof.
Proof of Lemma 3.2 As stated in Section 3. By the defi-
nition of B, we have

J
1 A " -
%HY—XﬁH% + An E \/Bi1+ ...+ Bjp,
P

J
1 * (12 * *
S%HY—XQ ||2+)‘n; jl"’"""ﬂjm'

Then by the subadditivity property of the square root, we
have that

J

1 o .1
S IXB = BE+An Y 1184, 7

j=J1+1
Ji ~ 1 1 R
<08, - B+ X (a7
j=1

J1 1 |XT6| N
< D 1A+ max ==ES8 - 57
=1 -

il 1 < XTe
<A g Al + E max [Xe el
- . kel,....p n
Jj=1 Jj=1

184,

Since B > 0, then

~ A 1
18a, — B3, I < mallBa, — B3, 1

Consider the random event

(36)

XT
Hj:{max| i < An },
k€A; n 2ma
IXT ells A
= <
4 { n - 2m2}
Obviously,
J
H=H
j=1
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P(A;) < P(H;).
We note that
2
P(A;) = P(nieTXA Xa,e 4A >
anl Vi (& - 1) >
=P L 2t <d; ),
( V2[vj]|2 !

where 1,...,&, are i.i.d standard normal and v;1,...,v;,
represent the eigenvalues of the matrix X 4, X7 A, /n Wthh has
the same positive ones as C} , and dj is defined as follows

nA2 /4o*m3 — tr(C3%))

d- =
: 2y Ir
Applying [16, Lemma B.1] to the event A; then we have
2
—d}/2 }
1+ Va4, 1C /1% 1#

P(Aj) < 2exp {

Now choose d; to make the right-hand side of the above
inequality smaller than 2J77, after some computation we
have

>V29log(I)I[|C I/ ICA, I + ((2vl0g(T)
H1CA, /14,11 7)? + 29log(])) *.

The subadditivity property of the square root and inequality
1C%,[lF < v/P5]l|C, ||| imply inequality (18) holds and then
P(H)>1-2J177,

Then on the event A gives inequalities (16) and (17) im-
mediately.

Proof of Theorem 3.3 As stated in Section 3. By assump-
tion (B1) and Lemma 3 we have

J1
—HXA\lz <3A Y [1Ag, 13

j=1

1 1
< 3CLJ7 AnllAp, Iz -

K (s)1 AR, I <

Then we have

s 1 .22

35J7CREAR
K3 (s)

which coincides with inequality (19). By (16) we obtain

(37) |AB, |1 <

J
1 1 1
IAIF <D A4 7 <4CHIAE |

j=1

(38)

Then we get (20) immediately.
Furthermore, by (17) we have

J1
1 1
~IXAIZ <3A D (A7

Jj=1
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1 1

<3A Jf‘IIABle

3le30 %
K3 (s)

)

which is in line with (18).
To prove (21), by the KKT conditions, for any B]-k #+
0,j=1,...,J,k=1,...,p; we have

An
24/Bj+ -+ B,

Thus by the definition of events H yields

(39)

CXR( - XP) =

1 A An An
XkX(ﬁ ﬁ - ~ 1 + N 1
21Ba it 183,11
R 1XT An
- 1
g, lE v Eme

Then using the Cauchy-Schwarz inequality, on the event
H, it holds uniformly over {jk:8;x # 0, j =1,...,J,k =
1, . ,p]'} that

2m2

An

M(B) < )

> {%XTkX

JkET(B)

An An
- ~ 1 + 1
2(|B4,I7 IIBZVIIf

2
< <m2 Z XJT XA + )‘7}
" ikeJ(B) " 1824, 117

2o TRl ey

IN

Then we have

An ~
1— 2/ M(B) <
(1= 2y (5) < 2o
After some computation results in (21) immediately.
Proof of Theory 3.4 As stated in Section 3. Since (i7)
follows from theorem 3, it suffices to prove (7). Applying the
Lemma 3 and theorem 3 yields

2m2\/ m

(40) = XAl

1 J 1 J1 1
IABIZ < D A4 lF <3 A4,l3
j=J1+1 J=1

1

3\3J3
<3J HABl||1 <Op (Cz—(;]l)

iwl»—-

(41)

so that P(Bp, = 0) — 1
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