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Abstract

Multi-task sparse feature learning aims to improve the generalization performance by exploiting
the shared features among tasks. It has been successfully applied to many applications includ-
ing computer vision and biomedical informatics. Most of the existing multi-task sparse feature
learning algorithms are formulated as a convex sparse regularization problem, which is usually
suboptimal, due to its looseness for approximating an ¢y-type regularizer. In this paper, we pro-
pose a non-convex formulation for multi-task sparse feature learning based on a novel non-convex
regularizer. To solve the non-convex optimization problem, we propose a Multi-Stage Multi-Task
Feature Learning (MSMTFL) algorithm; we also provide intuitive interpretations, detailed con-
vergence and reproducibility analysis for the proposed algorithm. Moreover, we present a detailed
theoretical analysis showing that MSMTFL achieves a better parameter estimation error bound than
the convex formulation. Empirical studies on both synthetic and real-world data sets demonstrate
the effectiveness of MSMTFL in comparison with the state of the art multi-task sparse feature
learning algorithms.

Keywords: multi-task learning, multi-stage, non-convex, sparse learning

1. Introduction

Multi-task learning (MTL) (Caruana, 1997) exploits the relationships among multiple related tasks
to improve the generalization performance. It has been successfully applied to many applications
such as speech classification (Parameswaran and Weinberger, 2010), handwritten character recog-
nition (Obozinski et al., 2006; Quadrianto et al., 2010) and medical diagnosis (Bi et al., 2008). One
common assumption in multi-task learning is that all tasks should share some common structures
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including the prior or parameters of Bayesian models (Schwaighofer et al., 2005; Yu et al., 2005;
Zhang et al., 2006), a similarity metric matrix (Parameswaran and Weinberger, 2010), a classifica-
tion weight vector (Evgeniou and Pontil, 2004), a low rank subspace (Chen et al., 2010; Negahban
and Wainwright, 2011) and a common set of shared features (Argyriou et al., 2008; Gong et al.,
2012; Kim and Xing, 2009; Kolar et al., 2011; Lounici et al., 2009; Liu et al., 2009; Negahban and
Wainwright, 2008; Obozinski et al., 2006; Yang et al., 2009; Zhang et al., 2010).

Multi-task feature learning, which aims to learn a common set of shared features, has received
a lot of interests in machine learning recently, due to the popularity of various sparse learning
formulations and their successful applications in many problems. In this paper, we focus on a
specific multi-task feature learning setting, in which we learn the features specific to each task
as well as the common features shared among tasks. Although many multi-task feature learning
algorithms have been proposed in the past, many of them require the relevant features to be shared
by all tasks. This is too restrictive in real-world applications (Jalali et al., 2010). To overcome this
limitation, Jalali et al. (2010) proposed an ¢; + ¢ .. regularized formulation, called “dirty model”,
to leverage the common features shared among tasks. The dirty model allows a certain feature to be
shared by some tasks but not all tasks. Jalali et al. (2010) also presented a theoretical analysis under
the incoherence condition (Donoho et al., 2006; Obozinski et al., 2011) which is more restrictive
than RIP (Candes and Tao, 2005; Zhang, 2012). The ¢; + /; .. regularizer is a convex relaxation of
an {y-type one, in which a globally optimal solution can be obtained. However, a convex regularizer
is known to be too loose to approximate the £y-type one and often achieves suboptimal performance
(either require restrictive conditions or obtain a suboptimal error bound) (Zou and Li, 2008; Zhang,
2010, 2012; Zhang and Zhang, 2012; Shen et al., 2012; Fan et al., 2012). To remedy the limitation,
a non-convex regularizer can be used instead. However, the non-convex formulation is usually
difficult to solve and a globally optimal solution can not be obtained in most practical problems.
Moreover, the solution of the non-convex formulation heavily depends on the specific optimization
algorithms employed. Even with the same optimization algorithm adopted, different initializations
usually lead to different solutions. Thus, it is often challenging to analyze the theoretical behavior
of a non-convex formulation.

We propose a non-convex formulation, called capped-/;,¢; regularized model for multi-task fea-
ture learning. The proposed model aims to simultaneously learn the features specific to each task
as well as the common features shared among tasks. We propose a Multi-Stage Multi-Task Feature
Learning (MSMTFL) algorithm to solve the non-convex optimization problem. We also provide
intuitive interpretations of the proposed algorithm from several aspects. In addition, we present a
detailed convergence analysis for the proposed algorithm. To address the reproducibility issue of
the non-convex formulation, we show that the solution generated by the MSMTFL algorithm is
unique (i.e., the solution is reproducible) under a mild condition, which facilitates the theoretical
analysis of the MSMTEFL algorithm. Although the MSMTFL algorithm may not obtain a globally
optimal solution, we show that this solution achieves good performance. Specifically, we present a
detailed theoretical analysis on the parameter estimation error bound for the MSMTFL algorithm.
Our analysis shows that, under the sparse eigenvalue condition which is weaker than the incoherence
condition used in Jalali et al. (2010), MSMTFL improves the error bound during the multi-stage iter-
ation, that is, the error bound at the current iteration improves the one at the last iteration. Empirical
studies on both synthetic and real-world data sets demonstrate the effectiveness of the MSMTFL
algorithm in comparison with the state of the art algorithms.
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1.1 Notations and Organization

Scalars and vectors are denoted by lower case letters and bold face lower case letters, respectively.
Matrices and sets are denoted by capital letters and calligraphic capital letters, respectively. The ¢;
norm, Euclidean norm, /., norm and Frobenius norm are denoted by || - ||1, || -, || - [l~ and || - ||,

respectively. | -| denotes the absolute value of a scalar or the number of elements in a set, depending
on the context. We define the ¢, , norm of a matrix X as ||X||,, = (Z,- (%, |x,-‘,~|‘1)1/‘1)p) l/p. We
define N,, as {1,---,n} and N(u,6?) as the normal distribution with mean u and variance 2. For
ad x m matrix W and sets I; C Ny x {i}, I C Ny x Ny, we let w;, be the d x 1 vector with the j-th
entry being wj;, if (j,i) € I;, and 0, otherwise. We also let W; be a d x m matrix with the (j,7)-th
entry being wj;, if (j,7) € I, and 0, otherwise.

In Section 2, we introduce a non-convex formulation and present the corresponding optimization
algorithm. In Section 3, we discuss the convergence and reproducibility issues of the MSMTFL
algorithm. In Section 4, we present a detailed theoretical analysis on the MSMTFL algorithm, in
terms of the parameter estimation error bound. In Section 5, we provide a sketch of the proof of
the presented theoretical results (the detailed proof is provided in the Appendix). In Section 6, we
report the experimental results and we conclude the paper in Section 7.

2. The Proposed Formulation and Algorithm

In this section, we first propose a non-convex formulation for multi-task feature learning, based
on the capped-/;,¢; regularization. Then, we show how to solve the corresponding non-convex
optimization problem. Finally, we provide intuitive interpretations and discussions for the proposed
algorithm.

2.1 A Non-convex Formulation

Assume we are given m learning tasks associated with training data {(X;,y1),- -, (X, ¥Ym)}, Where
X; € R"* is the data matrix of the i-th task with each row as a sample; y; € R is the response
of the i-th task; d is the data dimensionality; n; is the number of samples for the i-th task. We
consider learning a weight matrix W = [wy,---,w,,] € R (w; € R? i € N,,) consisting of the
weight vectors for m linear predictive models: y; = f;(X;) = X;w;, i € N,,. In this paper, we propose
a non-convex multi-task feature learning formulation to learn these m models simultaneously, based
on the capped-/;,f; regularization. Specifically, we first impose the ¢; penalty on each row of W,
obtaining a column vector. Then, we impose the capped-¢; penalty (Zhang, 2010, 2012) on that
vector. Formally, we formulate our proposed model as follows:

d
capped—/;,¢;: min l(W)—H»Zmin(HWjH],G) , (1)
WeRdxm =1
where /(W) is an empirical loss function of W; A (> 0) is a parameter balancing the empirical loss
and the regularization; 8 (> 0) is a thresholding parameter; w/ is the j-th row of the matrix W. In

this paper, we focus on the following quadratic loss function:

LS|

W)=3,

i=1 !

IXiwi —yill > )
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Intuitively, due to the capped-¢;,¢; penalty, the optimal solution of Equation (1) denoted as
W* has many zero rows. For a nonzero row (w*)¥, some entries may be zero, due to the £;-norm
imposed on each row of W. Thus, under the formulation in Equation (1), some features can be
shared by some tasks but not all the tasks. Therefore, the proposed formulation can leverage the
common features shared among tasks.

2.2 Two Relevant Non-convex Formulations

In this subsection, we discuss two relevant non-convex formulations. The first one is the capped-¢;
feature learning formulation:

d m
capped—¢; :  min { Z Z n(|wjil,0) } 3)
j=li=1

WGRdX’"

Although the optimal solution of formulation (3) has a similar sparse pattern to that of the proposed
capped-¢;,¢; multi-task feature learning (i.e., the optimal solution can have many zero rows and
enable some entries of a non-zero row to be zero), the models for different tasks decouple and thus
formulation (3) is equivalent to the single task feature learning. Thus, the existing analysis for the
single task setting in Zhang (2010, 2012) can be trivially adapted to this setting. The second one is
the capped-¢;, ¢, multi-task feature learning formulation:

d
capped—/{1,¢,: min {I(W)—&—?uZmin(\ij,e)}. )

WéRdX’" j:l

Due to the use of the capped-£, ¢, penalty, the optimal solution W* of formulation (4) has many
zero rows. However, any non-zero row of W* is less likely to contain zero entries because of the
Euclidean norm imposed on the rows of W. In other words, each row of W* is either a zero vector or
a vector composed of all non-zero entries. Thus, in this setting, some relevant features are required
to be shared by all tasks. This is obviously different from the motivation of the proposed capped-
£1,¢1 multi-task feature learning, that is, some features are shared by some tasks but not all the
tasks.

2.3 Optimization Algorithm

The formulation in Equation (1) is non-convex and is difficult to solve. In this paper, we propose
an algorithm called Multi-Stage Multi-Task Feature Learning (MSMTFL) to solve the optimization
problem (see details in Algorithm 1).! In this algorithm, a key step is how to efficiently solve
Equation (5). Observing that the objective function in Equation (5) can be decomposed into the
sum of a differential loss function and a non-differential regularization term, we employ FISTA
(Beck and Teboulle, 2009) to solve the sub-problem. In the following, we present some intuitive
interpretations of the proposed algorithm from several aspects.

1. We can use MSMTFL-type algorithms to solve the non-convex multi-task feature learning problems in Eqgs. (3) and
(4). Please refer to Appendix C for details.
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Algorithm 1: MSMTFL: Multi-Stage Multi-Task Feature Learning

1 Initialize 7»5.0) =\
2 for/=1,2,--- do
3 Let W) be a solution of the following problem:

d .
min {Z(WHDS“)walll}. )
j=1

WERdX’"

4 | Let 7\,5-[) =M (||(W)]|; <8) (j=1,---,d), where (W) is the j-th row of W) and
I(-) denotes the {0, 1}-valued indicator function.
5 end

2.3.1 LOCALLY LINEAR APPROXIMATION

First, we define two auxiliary functions:
d d 1 ay 1"
B R o RL, h(W) = [[w! - W]

d
g:RLS R, g(u) = Zmin(uj,e).
=1

We note that g(-) is a concave function and we say that a vector s € R? is a sub-gradient of g at
\AS Ri, if for all vector u € Ri, the following inequality holds:

g(u) < g(v) +(s,u—v),

where (-,-) denotes the inner product. Using the functions defined above, Equation (1) can be
equivalently rewritten as follows:

min {{(W)+Ag(h(W))}. (6)
WeRdxm

Based on the definition of the sub-gradient for a concave function given above, we can obtain an
upper bound of g(h(W)) using a locally linear approximation at h(W()):

g(h(W)) < gh(W "))+ (s ,h(W) ~h(W ")),

where s(*) is a sub-gradient of g(u) at u = h(W®). Furthermore, we can obtain an upper bound of
the objective function in Equation (6), if the solution W at the ¢-th iteration is available:

YW € ROM (W) + Ag(h(W)) < I(W) +Ag(h(W D)) + 4 <s<‘*),h(W) - h(W(‘*>)> NG
It can be shown that a sub-gradient of g(u) at u = h(W)) is

SO = [101+ ) s <), 1|+ < 0)] ®)
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which is used in Step 4 of Algorithm 1. Since both A and h(W (") are constant with respect to W,
we have

WD = argmin { (W) + Ag((W)) + (s n(W) —n(W ")) }
w

= argmin (T
= argmin {1(W) + A(s"") h(W)

which, as shown in Step 3 of Algorithm 1, obtains the next iterative solution by minimizing the
upper bound of the objective function in Equation (6). Thus, in the viewpoint of the locally linear
approximation, we can understand Algorithm 1 as follows: The original formulation in Equation (6)
is non-convex and is difficult to solve; the proposed algorithm minimizes an upper bound in each
step, which is convex and can be solved efficiently. It is closely related to the Concave Convex
Procedure (CCCP) (Yuille and Rangarajan, 2003). In addition, we can easily verify that the objective
function value decreases monotonically as follows:

IWED) 4+ ag(h(WED)) < 1(WED) 4 hg(h(W1)) +x<s<f>,h(w<f+1>) h(W<f>)>

IN

I(WO) 1+ Ag(h(WD)) + A <s<f>,h(vi/<f>) —h(W©)
I(WO) + Ag(h(W1)),

where the first inequality is due to Equation (7) and the second inequality follows from the fact that
WD is a minimizer of the right hand side of Equation (7).

An important issue we should mention is that a monotonic decrease of the objective function
value does not guarantee the convergence of the algorithm, even if the objective function is strictly
convex and continuously differentiable (see an example in the book (Bertsekas, 1999, Fig 1.2.6)).
In Section 3.1, we will formally discuss the convergence issue.

2.3.2 BLOCK COORDINATE DESCENT

Recall that g(u) is a concave function. We can define its conjugate function as (Rockafellar, 1970):
&) = inf{v'u—g(u)}.

Since g(u) is also a closed function (i.e., the epigraph of g(u) is convex), the conjugate function of
g*(v) is the original function g(u) (Bertsekas, 1999, Chap. 5.4), that is:

g(u) = ilvlf{uTV —-g'v)} )
Substituting Equation (9) with u = h(W) into Equation (6), we can reformulate Equation (6) as:

%?{f(w,v) =1(W)+A"h(W)—2g*(v)} (10)

A straightforward algorithm for optimizing Equation (10) is the block coordinate descent (Grippo
and Sciandrone, 2000; Tseng, 2001) summarized below:
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e Fix W=WW©:

99 = argmin {I(W@)) + M (W) - }”g*(v)}

\4

= argmin{vTh(W(g))—g*(v)}. (11)
v

Based on Equation (9) and the Danskin’s Theorem (Bertsekas, 1999, Proposition B.25), one

solution of Equation (11) is given by a sub-gradient of g(u) at u = h(W()). That is, we can

choose ¥(©) = s(¥) given in Equation (8). Apparently, Equation (11) is equivalent to Step 4 in

Algorithm 1.

o Fixv =90 = [I(|(#)1; <8),-- . 1(| (W) ||, < 0)]":

WD = argmin{z(W) FAEO)TR(W) — xg*(e@)}
w

- argvlvxlin{l(W)+x(e<@)Th(W)}, (12)

which corresponds to Step 3 of Algorithm 1.

The block coordinate descent procedure is intuitive, however, it is non-trivial to analyze its conver-
gence behavior. We will present the convergence analysis in Section 3.1.

2.3.3 DISCUSSIONS

If we terminate the algorithm with ¢ = 1, the MSMTFL algorithm is equivalent to the ¢, regularized
multi-task feature learning algorithm (Lasso). Thus, the solution obtained by MSMTFL can be
considered as a multi-stage refinement of that of Lasso. Basically, the MSMTFL algorithm solves a
sequence of weighted Lasso problems, where the weights A ;’s are set as the product of the parameter
A in Equation (1) and a {0, 1 }-valued indicator function. Specifically, a penalty is imposed in the
current stage if the £;-norm of some row of W in the last stage is smaller than the threshold ;
otherwise, no penalty is imposed. In other words, MSMTFL in the current stage tends to shrink
the small rows of W and keep the large rows of W in the last stage. However, Lasso (corresponds
to ¢ = 1) penalizes all rows of W in the same way. It may incorrectly keep the irrelevant rows
(which should have been zero rows) or shrink the relevant rows (which should have been large
rows) to be zero vectors. MSMTFL overcomes this limitation by adaptively penalizing the rows
of W according to the solution generated in the last stage. One important question is whether the
MSMTEFL algorithm can improve the performance during the multi-stage iteration. In Section 4, we
will theoretically show that the MSMTFL algorithm indeed achieves the stagewise improvement in
terms of the parameter estimation error bound. That is, the error bound in the current stage improves
the one in the last stage. Empirical studies in Section 6 also validate the presented theoretical
analysis.

3. Convergence and Reproducibility Analysis

In this section, we first present the convergence analysis. Then, we discuss the reproducibility issue
for the MSMTFL algorithm.
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3.1 Convergence Analysis

The main convergence result is summarized in the following theorem, which is based on the block
coordinate descent interpretation.

Theorem 1 Let (W*,v*) be a limit point of the sequence {W'©) ¥(0} generated by the block coor-
dinate descent algorithm. Then W* is a critical point of Equation (1).

Proof Based on Equation (11) and Equation (12), we have

SOV 0) < (w90, vw € R (13)
It follows that
FOWED D) < pr D 90y < p(WO 919),

which indicates that the sequence {f(W"),¥(9)} is monotonically decreasing. Since (W*,v*) is a
limit point of {W () {9}, there exists a subsequence X such that

lim (WO $0) = (w* v*.
om (W, 97) = (W, v)

We observe that

FW,v) =1(W)+Av"h(W) —Ag*(v)
> (W) +2g(h(W)) >0,

where the first inequality above is due to Equation (9). Thus, {f(W 0

Together with the fact that {f(W), %))} is decreasing, lim/_,., f (W
f(W,v) is continuous, we have

o )}4 % is bounded below.
(), $10) > —oo exists. Since

lim (WO, 99) = lim (W1, 90) = f(W*,v).

f—so0 1€ K—soo

Taking limits on both sides of Equation (13) with £ € K — o, we have
FIW* V%) < F(W, V), YW € R™,
which implies
W* e argv{/ninf(W, V)
= argv{/nin {IW)+A(v*)"h(W) —Ag*(v¥)}
= argwr/nin{l(W) +A(v) Th(W)}. (14)

Therefore, the zero matrix O must be a sub-gradient of the objective function in Equation (14) at
W=Ww*:

d
0 € A(W*)+40 (vV)"h(W*)) =al(W*) + 4 Y vio ([|(w*)/]l1) (15)

j=1
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where 0/ (W*) denotes the sub-differential (which is a set composed of all sub-gradients) of /(W) at
W = W*. We observe that

¥ € 9g(u)y_nw o),
which implies that Vx € ]Ri:
g(x) < g(h(W ) + (+) x~h(W())
Taking limits on both sides of the above inequality with £ € K — oo, we have:
8(x) < g(h(W")) + (v, x —h(W")),
which implies that v* is a sub-gradient of g(u) at u = h(W*), that is:

\A S ag(u)|u:h(W*). (16)

Note that the objective function of Equation (1) can be written as a difference of two convex func-
tions:

d d
I(W)+L Y min (|w/[|1,0) = (W) + AW (1) =2 ) max ([|[w/||; —6,0).
j=1 j=1

Based on Wright et al. (2009); Toland (1979), we know that W* is a critical point of Equation (1) if
the following holds:

d .
0 € (VIW*) +A|W*|[1,1) =1 ) omax (||(w*)’[|; —6,0). A7)
j=1

Substituting Equation (16) into Equation (15), we can obtain Equation (17). Therefore, W* is a
critical point of Equation (1). This completes the proof of Theorem 1. |

Due to the equivalence between Algorithm 1 and the block coordinate descent algorithm above,
Theorem 1 indicates that any limit point of the sequence {W(@} generated by Algorithm 1 is a
critical point of Equation (1). The remaining issue is to analyze the performance of the critical
point. In the sequel, we will conduct analysis in two aspects: reproducibility and the parameter
estimation performance.

3.2 Reproducibility of The Algorithm

In general, it is difficult to analyze the performance of a non-convex formulation, as different solu-
tions can be obtained due to different initializations. One natural question is whether the solution
generated by Algorithm 1 (based on the initialization of 7»5.0) = A in Step 1) is reproducible. In other
words, is the solution of Algorithm 1 unique? If we can guarantee that, for any £ > 1, the solution
W of Equation (5) is unique, then the solution generated by Algorithm 1 is unique. That is, the

solution is reproducible. The main result is summarized in the following theorem:
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Theorem 2 If X; € R"*? (i € N,,) has entries drawn from a continuous probability distribution
on R, then, for any ¢ > 1, the optimization problem in Equation (5) has a unique solution with
probability one.

Proof Equation (5) can be decomposed into m independent smaller minimization problems:

d

N .1 -1

WE):argmln \|Xl~wi—yi||2+27u§- )\wﬁ].
w;cRd 1M j=1

Next, we only need to prove that the solution of the above optimization problem is unique. To sim-
plify the notations, we unclutter the above equation (by ignoring some superscripts and subscripts)
as follows:

1 S
\?V:argmm—HXW*yHZJrZ?uj|wj|, (18)
weRrd M j=1

The first order optimal condition is Vj € Ny:

where sign(W;) = 1, if w; > 0; sign(w;) = —1, if w; < 0; and sign(w;) € [—1, 1], otherwise. We
define

2
E=<jeN;: —|xl(y—XW)|=2A;
{iems: Liy-xwl =1, .
s = sign 2XT( XW)
—= S1 _— —_
g mn ’Ey )

where Xz denotes the matrix composed of the columns of X indexed by ‘E. Then, the optimal
solution W of Equation (18) satisfies

WN,{\‘Z = 05

. 1

W = argmin — || Xzwe —y|*+ Y Ajlwjl, (19)
wecRIZE T JEE

where wyz denotes the vector composed of entries of w indexed by E. Since X € R%*¢ is drawn
from the continuous probability distribution, X has columns in general positions with probability
one and hence rank(Xz) = |‘E| (or equivalently Null(Xz) = {0}), due to Lemma 3, Lemma 4 and
their discussions in Tibshirani (2013). Therefore, the objective function in Equation (19) is strictly
convex. Noticing that XW is unique (Tibshirani, 2013), thus Z is unique. This implies that W is
unique. Thus, the optimal solution W of Equation (18) is also unique and so is the optimization
problem in Equation (5) for any ¢ > 1. This completes the proof of Theorem 2. |

Theorem 2 is important in the sense that it makes the theoretical analysis for the parameter estima-
tion performance of Algorithm 1 possible. Although the solution may not be globally optimal, we
show in the next section that the solution has good performance in terms of the parameter estimation
error bound.
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Remark 3 Zhang (2010, 2012) study the capped-f| regularized formulation for the single task
setting and propose the multi-stage algorithm for such formulation. However, Zhang (2010, 2012)
neither provide detailed convergence analysis nor discuss the reproducibility issues. The presented
analysis is applicable to the multi-stage algorithm proposed in Zhang (2010, 2012), as it is a special
case of the proposed algorithm with m = 1. To our best knowledge, this is the first work that
discusses the reproducibility issue for multi-stage optimization algorithms.

4. Parameter Estimation Error Bound

In this section, we theoretically analyze the parameter estimation performance of the solution ob-
tained by the MSMTFL algorithm. To simplify the notations in the theoretical analysis, we assume
that the number of samples for all the tasks are the same. However, our theoretical analysis can be
easily extended to the case where the tasks have different sample sizes.

We first present a sub-Gaussian noise assumption which is very common in the analysis of
sparse learning literature (Zhang and Zhang, 2012; Zhang, 2008, 2009, 2010, 2012).

Assumption 1 Let W = [Wy,--- ,W,,| € RY™ be the underlying sparse weight matrix and y; =
Xiw;+ 6, Ey; = X;W;, where ; € R" is a random vector with all entries 8;; (j € N,,i € N,,) being
independent sub-Gaussians: there exists ¢ > 0 such thatVj € N,,i € Ny, t € R:

2,2
Gt
Eg; exp(td;;) < exp <2> .

Remark 4 We call the random variable satisfying the condition in Assumption 1 sub-Gaussian,
since its moment generating function is bounded by that of a zero mean Gaussian random variable.
That is, if a normal random variable x ~ N (0, (52), then we have:

Eexp(tx) = [Wexp(tx) mo_e p< 262) dx

Y —G21)2
= exp(c?1?/2) / \ﬁcexp (—(2::;)> dx
= exp(c°1%/2).

Remark 5 Based on the Hoeffding’s Lemma, for any random variable x € [a,b] and Ex = 0, we

M). Therefore, both zero mean Gaussian and zero mean bounded

have E(exp(tx)) < exp (
random variables are sub-Gaussians. Thus, the sub-Gaussian noise assumption is more general
than the Gaussian noise assumption which is commonly used in the multi-task learning literature

(Jalali et al., 2010; Lounici et al., 2009).

We next introduce the following sparse eigenvalue concept which is also common in the analysis
of sparse learning literature (Zhang and Huang, 2008; Zhang and Zhang, 2012; Zhang, 2009, 2010,
2012).

Definition 6 Given 1 <k < d, we define

Xiwl|?
F(k)=su {H ’
pt ( ) wp nHWH2

wlo < k}, (k) = maxp; (K),

ZENIH

_ . Xiw|? _
oy () =int { <l < k. i1 = minp; (0

n||lw|? i€N,,
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Remark 7 p; (k) (p; (k)) is in fact the maximum (minimum) eigenvalue of (X;)%(X;)s/n, where S
is a set satisfying |S| < k and (X;)s is a submatrix composed of the columns of X; indexed by S. In
the MTL setting, we need to exploit the relations of p; (k) (p; (k)) among multiple tasks.

We present our parameter estimation error bound on MSMTFL in the following theorem:

Theorem 8 Let Assumption 1 hold. Define F; = {(j,i) : wji # 0} and F = Ujen,, Fi. Denote 7 as
the number of nonzero rows of W. We assume that

V(j,i) € F, W >26 (20)

p; (s) s
d—~~2 <14 — 21
an p; (2F+2s) — +2f’ @D

where s is some integer satisfying s > . If we choose A and © such that for some s > F:

+
o> 126\/2pmax(1)1:(2dm/n) : (22)
11mA
o> " 23
B p;m(zf—i_s) ( )

then the following parameter estimation error bound holds with probability larger than 1 —m:

2 9AmAVF | 39.5mG/prax(F) (7474 2.71n(2/n)) /n
— —
pmin(2r+s) pmin(2r+s)

WO —W | <0.8 L (24

where W is a solution of Equation (5).

Remark 9 Equation (20) assumes that the {1-norm of each nonzero row of W is away from zero.
This requires the true nonzero coefficients should be large enough, in order to distinguish them from
the noise. Equation (21) is called the sparse eigenvalue condition (Zhang, 2012), which requires
the eigenvalue ratio p; (s)/p; (s) to grow sub-linearly with respect to s. Such a condition is very
common in the analysis of sparse regularization (Zhang and Huang, 2008; Zhang, 2009) and it is
slightly weaker than the RIP condition (Candes and Tao, 2005, Huang and Zhang, 2010; Zhang,
2012).

Remark 10 When ¢ = 1 (corresponds to Lasso), the first term of the right-hand side of Equa-
tion (24) dominates the error bound in the order of

HWLasso —WHZ,I =0 (m Fln(dm/n)/n> ) (25)

since A satisfies the condition in Equation (22). Note that the first term of the right-hand side of
Equation (24) shrinks exponentially as { increases. When ( is sufficiently large in the order of
O(In(m+/7/n) +1Inln(dm)), this term tends to zero and we obtain the following parameter estima-
tion error bound:

|WO ~Wlla1 = 0 (my/F/n+Tn(1/n)/n). 6)
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Jalali et al. (2010) gave an {e w-norm error bound |[WP" —W|| o = O (\ /ln(dm/’n)/n) as well

as a sign consistency result between W and W. A direct comparison between these two bounds is
difficult due to the use of different norms. On the other hand, the worst-case estimate of the {5 ;-
norm error bound of the algorithm in Jalali et al. (2010) is in the same order with Equation (25),

that is: |WPrY —W ||, = O (m Fln(dm/n)/n). When dm is large and the ground truth has a

large number of sparse rows (i.e., ¥ is a small constant), the bound in Equation (26) is significantly
better than the ones for the Lasso and Dirty model.

Remark 11 Jalali et al. (2010) presented an l. ..-norm parameter estimation error bound and
hence a sign consistency result can be obtained. The results are derived under the incoherence
condition which is more restrictive than the RIP condition and hence more restrictive than the
sparse eigenvalue condition in Equation (21). From the viewpoint of the parameter estimation
error, our proposed algorithm can achieve a better bound under weaker conditions. Please refer
to (Van De Geer and Biihlmann, 2009; Zhang, 2009, 2012) for more details about the incoherence
condition, the RIP condition, the sparse eigenvalue condition and their relationships.

Remark 12 The capped-{¢; regularized formulation in Zhang (2010) is a special case of our formu-
lation when m = 1. However, extending the analysis from the single task to the multi-task setting is
nontrivial. Different from previous work on multi-stage sparse learning which focuses on a single
task (Zhang, 2010, 2012), we study a more general multi-stage framework in the multi-task set-
ting. We need to exploit the relationship among tasks, by using the relations of sparse eigenvalues
p; (k) (p; (k)) and treating the £1-norm on each row of the weight matrix as a whole for consid-
eration. Moreover, we simultaneously exploit the relations of each column and each row of the
matrix.

In addition, we want to emphasize that the support recovery analysis in Zhang (2012) can not be
easily adapted to the proposed capped-{1,£1 multi-task feature learning setting. The key difficulty
is that, in order to achieve a similar support recovery result for the formulation in Equation (1),
we need to assume that each row of the underlying sparse weight matrix W is either a zero vector
or a vector composed of all nonzero entries. However, this is not the case in the proposed multi-
task formulation. Although this assumption holds for the capped-£,,{y multi-task feature learning
problem in Equation (4), each subproblem involved for solving Equation (4) is a reweighed {5 regu-
larized problem and its first-order optimality condition is quite different from that of the reweighed
£y regularized problem. Thus, it is also challenging to extend the analysis in Zhang (2012) to the
capped-L, £y multi-task feature learning setting.

5. Proof Sketch of Theorem 8

In this section, we present a proof sketch of Theorem 8. We first provide several important lemmas
(detailed proofs are available in the Appendix A) and then complete the proof of Theorem 8 based
on these lemmas.

Lemma 13 Let T = (&), ,&,] with & = [E11,-++ ,&a4]” = 1X] (XiW; —y;) (i €N,). Define H D F
such that (j,i) € H (Vi € N,,), provided there exists (j,g) € F (H is a set consisting of the indices
of all entries in the nonzero rows of W). Under the conditions of Assumption 1 and the notations of
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Theorem 8, the followings hold with probability larger than 1 —n:

+
[Tl < o 2D InCm/) @)
1T 517 < mo?p;f . (F)(7.47+2.7In(2/n)) /n. (28)

Lemma 13 gives bounds on the residual correlation (Y) with respect to W. We note that Equa-
tion (27) and Equation (28) are closely related to the assumption on A in Equation (22) and the
second term of the right-hand side of Equation (24) (error bound), respectively. This lemma pro-
vides a fundamental basis for the proof of Theorem 8.

Lemma 14 Use the notations of Lemma 13 and consider G; C Ny x {i} such that F;N G; =0 (i €
N,,). Let W = WO be a solution of Equation (5) and AW = W —W. Denote A= )\( D
[kgz_l),m ,lt(f_l)]T. Let 7‘9,- =min; ;cg, Xj,, 7»(]« min;cg, lg and Ao; = max kﬂ, Ao = max; 5»0,
If2||&|| < Ag,, then the following inequality holds at any stage £ > 1:

Y ¥ Y ) Ia

i=1(j,i)eq; }\’ _ZHYH‘X"X’I 1(j,)eqGs

= 2T+ g

Denote G = Uien,, Gi, i = Ujen, F; and notice that F NG = 0 = AWg) = Wg) Lemma 14

says that HAW || ||W H1 | is upper bounded in terms of HAW ¢ H 1,1, which indicates that the

error of the estimated coefficients locating outside of # should be small enough. This provides an
intuitive explanation why the parameter estimation error of our algorithm can be small.

Lemma 15 Using the notations of Lemma 14, we denote G = Gy = HN{(j,i): M =LA} =
Uien,, Gi with H being defined as in Lemma 13 and G; C Ny x {i}. Let J; b_e the mdwgs of the
largest s coefficients (in absolute value) of Wg,, I; = G{ U J;, I = Ujen,, i and F = Ujen,, Fi. Then,
the following inequalities hold at any stage € > 1:

(—|—15\/>>\/8m<4HT(]’<[HF+ZN ( i 1))>

prnin(2r+s)
R 9.1mAVF
AW < 21T (30)
pmin<2r+s)
Lemma 15 is established based on Lemma 14, by considering the relationship between Equa-
tion (22) and Equation (27), and the specific definition of G = G(g). Equation (29) provides a
parameter estimation error bound in terms of ¢ j-norm by HTg&) |2 and the regularization param-

AW 1,1 < : (29)

eters 5»%71) (see the definition of A ji (iﬁ,‘f*l) ) in Lemma 14). This is the result directly used in the

L
proof of Theorem 8. Equation (30) states that the error bound is upper bounded in terms of A, the

right-hand side of which constitutes the shrinkage part of the error bound in Equation (24).

Lemma 16 Let 5»]-,- =M (||W/| <8,j€Ny),Vi€N,, with some W € RI*™. H D F is defined in
Lemma 13. Then under the condition of Equation (20), we have:

Y A< Y A2 < Wy — Wy |2, /6%
(JieF (ji)eH
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Lemma 16 establishes an upper bound of Z(J-J-)e_ 7 5»3, by HVTA/H — Wg-{\_@_’l, which is critical for
building the recursive relationship between ||[W(©) —W||,,1 and ||[W (") —W ||, in the proof of The-
orem 8. This recursive relation is crucial for the shrinkage part of the error bound in Equation (24).

5.1 Proof of Theorem 8

We now complete the proof of Theorem 8 based on the lemmas above.

Proof For notational simplicity, we denote the right-hand side of Equation (28) as:

u=mac>p,) (F)(7.47+2.71In(2/n))/n.

D

Based on H C g&), Lemma 13 and Equation (22), the followings hold with probability larger than

1—m:

I¥ge, 17 = X517 + IIT%\;{H%
<u+|Gi \ AT
<u+MN| Gl \ H|/144

2211w 2
<u+(1/144)mr "0~ |W o\ Wg&)\a{Hzm

where the last inequality follows from

V(i) € Giy \ DY /67 = (WD) - w262 > 1

N 21w _w 2
= ’g(é) \ H| <mb ‘|Wg&)\}‘[_Wg&>\j[||2,l'

According to Equation (29), we have:

W =W, = [aw )3,

2
F T A (L=1)

_ 8m (1+ 1.5 2?) (4HT§&)H%‘i‘Z(j,i)eiO‘ji )2>

B (Ppuin (27 +5))?
78m (4u-+ (37/36)ma20 2 [0 — W3 )

(Prin (27 +5))?

312mu +0-8HW(€_])—WH2
(P (27 +5))? 2,1

R _ 12
g-ugo.sfHW(O)—WH +
21 (

312mu 1—0.8¢
P, (2F+5))2 1-0.8
Y, 9.12m* A7 n 1560mu
(Prin(2F+5))2  (Prin(27+5))%

(32)

In the above derivation, the first inequality is due to Equation (29); the second inequality is due
to the assumption s > 7 in Theorem 8, Equation (32) and Lemma 16; the third inequality is due
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to Equation (23); the last inequality follows from Equation (30) and 1 — 0.8/ < 1 (¢ > 1). Thus,
following the inequality v/a +b < \/a+ /b (Va,b > 0), we obtain:

5 9.1mA/F N 39.5\/mu
Poin(2F+5)  Ppuin(2F+5)

WO —W |2, <0.8

Substituting Equation (31) into the above inequality, we verify Theorem 8. |

Remark 17 The assumption s > 7 used in the above proof indicates that at each stage, the zero
entries of W9 should be greater than mF (see definition of s in Lemma 15). This requires the
solution obtained by Algorithm I at each stage is sparse, which is consistent with the sparsity of W
in Assumption 1.

6. Experiments

In this section, we present empirical studies on both synthetic and real-world data sets. In the
synthetic data experiments, we present the performance of the MSMTFL algorithm in terms of the
parameter estimation error. In the real-world data experiments, we show the performance of the
MSMTFL algorithm in terms of the prediction error.

6.1 Competing Algorithms

We present the empirical studies by comparing the following six algorithms:
e Lasso: /;-norm regularized feature learning algorithm with A||W/||; ; as the regularizer

e L1,2: /1 5-norm regularized multi-task feature learning algorithm with
A|[W|; 2 as the regularizer (Obozinski et al., 2006)

e DirtyMTL: dirty model multi-task feature learning algorithm with
Asl|Pl|1,1 + A5 ]|Qll1,00 (W = P+ Q) as the regularizer (Jalali et al., 2010)

e CapLl1,L1: our proposed multi-task feature learning algorithm with
le-l:l min(||w/||1,0) as the regularizer

e CapLl: capped-¢; regularized feature learning algorithm with
lZ;Ll Y min(|wj;|,0) as the regularizer

e CapL1,L.2: capped-/;, ¢, regularized multi-task feature learning algorithm with
AY4Y_; min(||w/||,8) as the regularizer

In the experiments, we employ the quadratic loss function in Equation (2) for all the compared

algorithms. We use MSMTFL-type algorithms (similar to Algorithm 1) to sovle capped-¢; and
capped-¢, ¢, regularized feature learning problems (details are provided in Appendix C).
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6.2 Synthetic Data Experiments

We generate synthetic data by setting the number of tasks as m and each task has n samples which
are of dimensionality d; each element of the data matrix X; € R"*¢ (i € N,,) for the i-th task is
sampled i.i.d. from the Gaussian distribution N(0, 1) and we then normalize all columns to length
1; each entry of the underlying true weight W € R?*™ is sampled i.i.d. from the uniform distribution
in the interval [—10, 10]; we randomly set 90% rows of W as zero vectors and 80% elements of the
remaining nonzero entries as zeros; each entry of the noise §; € R” is sampled i.i.d. from the
Gaussian distribution N(0,6?); the responses are computed as y; = X;w; +6; (i € N,,)).

We first report the averaged parameter estimation error |W — W2 vs. Stage (¢) plots for
MSMTFL (Figure 1). We observe that the error decreases as ¢ increases, which shows the advantage
of our proposed algorithm over Lasso. This is consistent with the theoretical result in Theorem 8.
Moreover, the parameter estimation error decreases quickly and converges in a few stages.

We then report the averaged parameter estimation error |[W — W/, in comparison with six
algorithms in different parameter settings (Figure 2 and Figure 3). For a fair comparison, we com-
pare the smallest estimation errors of the six algorithms in all the parameter settings as done in
(Zhang, 2009, 2010). We observe that the parameter estimation errors of the capped-¢;,¢;, capped-
£ and capped-¢1, ¢, regularized feature learning formulations solved by MSMTFL-type algorithms
are the smallest among all algorithms. In most cases, CapL1,L1 achieves a slightly smaller error
than CapL1 and CapL.1,L.2. This empirical result demonstrates the effectiveness of the MSMTFL
algorithm. We also have the following observations: (a) When A is large enough, all six algorithms
tend to have the same parameter estimation error. This is reasonable, because the solutions W’s
obtained by the six algorithms are all zero matrices, when A is very large. (b) The performance of
the MSMTFL algorithm is similar for different 6’s, when A exceeds a certain value.

6.3 Real-World Data Experiments

We conduct experiments on two real-world data sets: MRI and Isolet data sets.

The MRI data set is collected from the ANDI database, which contains 675 patients’ MRI data
preprocessed using FreeSurfer.”. The MRI data include 306 features and the response (target) is the
Mini Mental State Examination (MMSE) score coming from 6 different time points: M06, M12,
M18, M24, M36, and M48. We remove the samples which fail the MRI quality controls and have
missing entries. Thus, we have 6 tasks with each task corresponding to a time point and the sample
sizes corresponding to 6 tasks are 648, 642, 293, 569, 389 and 87, respectively.

The Isolet data set® is collected from 150 speakers who speak the name of each English letter
of the alphabet twice. Thus, there are 52 samples from each speaker. The speakers are grouped
into 5 subsets which respectively include 30 similar speakers, and the subsets are named Isoletl,
Isolet2, Isolet3, Isolet4, and IsoletS. Thus, we naturally have 5 tasks with each task corresponding
to one subset. The 5 tasks respectively have 1560, 1560, 1560, 1558, and 1559 samples,4 where
each sample includes 617 features and the response is the English letter label (1-26).

In the experiments, we treat the MMSE and letter labels as the regression values for the MRI data
set and the Isolet data set, respectively. For both data sets, we randomly extract the training samples
from each task with different training ratios (15%,20% and 25%) and use the rest of samples to

2. FreeSurfer can be found at www.loni.ucla.edu/ADNI/.
3. The data set can be found at www.z jucadcg.cn/dengcai/Data/data.html.
4. Three samples are historically missing.
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Figure 1: Averaged parameter estimation error |[W — W |21 vs. Stage (¢) plots for MSMTFL on the
synthetic data set (averaged over 10 runs). Here we set A = o.\/In(dm)/n, 6 = 50mA.
Note that £ = 1 corresponds to Lasso; the results show the stage-wise improvement over
Lasso.

form the test set. We evaluate the six algorithms in terms of the normalized mean squared error
(nMSE) and the averaged means squared error (aMSE), which are commonly used in multi-task
learning problems (Zhang and Yeung, 2010; Zhou et al., 2011; Gong et al., 2012). For each training
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Figure 2: Averaged parameter estimation error |W — W/||21 vs. A plots on the synthetic data set
(averaged over 10 runs). DirtyMTL, CapL1,L1, CapL1, CapL1,L2 have two parameters;
we set Ag/Ap =1,0.5,0.2,0.1 for DirtyMTL (1/m < A;/Aj, < 1 was adopted in Jalali et al.
(2010)), 8/A = 50m, 10m,2m,0.4m for CapL1,L1, 6/A = 50,10,2,0.4 for CapL1 and
8/A = 50m®3,10m">,2m°>,0.4m"> for CapL1,L2 (The settings of 8/ for CapL1,LI,
CapL1 and CapL1,L2 are based on the relationships of ||w/|1,|w;;| and [|w/||, where
w/ € RV and w ji are the j-th row and the (j,i)-th entry of W, respectively).

ratio, both nMSE and aMSE are averaged over 10 random splittings of training and test sets and the

standard deviation is also shown. All parameters of the six algorithms are tuned via 3-fold cross
validation.
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Figure 3: (continued) Averaged parameter estimation error ||W — W/||2.1 vs. A plots on the synthetic
data set (averaged over 10 runs). DirtyMTL, CapL1,L1, CapL1, CapL1,L2 have two
parameters; we set A; /A, = 1,0.5,0.2,0.1 for DirtyMTL (1/m < A;/Ap < 1 was adopted
in Jalali et al. (2010)), /A = 50m, 10m,2m,0.4m for CapL1,L1, 6/A = 50,10,2,0.4 for
CapL1 and /A = 50m°>,10m°>,2m%3,0.4m"> for CapL1,L2 (The settings of 8/A for
CapL1,L1, CapL1 and CapL1,L2 are based on the relationships of ||w/||1, |w;;| and |[w/|],
where w/ € R and w ji are the j-th row and the (j,i)-th entry of W, respectively).

Table 1 and Table 2 show the experimental results in terms of the averaged nMSE (aMSE) and
the standard deviation. From these results, we observe that CapL1,L.1 and CapL1,L2 outperform
all the other competing feature learning algorithms on both data sets in terms of the regression
errors (nMSE and aMSE). On the MRI data set, CapL.1,L.1 achieves slightly better performance than
CapL1,L2 and on the Isolet data set, CapL.1,L2 achieves slightly better performance than CapL1,L1.
These empirical results demonstrate the effectiveness of the proposed MSMTFL (-type) algorithms.

7. Conclusions

In this paper, we propose a non-convex formulation for multi-task feature learning, which learns
the specific features of each task as well as the common features shared among tasks. The non-
convex formulation adopts the capped-£1,¢; regularizer to better approximate the o-type one than
the commonly used convex regularizer. To solve the non-convex optimization problem, we propose
a Multi-Stage Multi-Task Feature Learning (MSMTFL) algorithm and provide intuitive interpreta-
tions from several aspects. We also present a detailed convergence analysis and discuss the repro-
ducibility issue for the proposed algorithm. Specifically, we show that, under a mild condition, the
solution generated by MSMTFL is unique. Although the solution may not be globally optimal, we
theoretically show that it has good performance in terms of the parameter estimation error bound.
Experimental results on both synthetic and real-world data sets demonstrate the effectiveness of our
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measure | traning ratio Lasso L1,2 DirtyMTL
0.15 0.6577(0.0193)  0.6443(0.0326) 0.6150(0.0160)
nMSE 0.20 0.6294(0.0255) 0.6541(0.0182) 0.6110(0.0122)
0.25 0.6007(0.0120) 0.6407(0.0310)  0.5997(0.0218)
0.15 0.0190(0.0008)  0.0184(0.0006) 0.0173(0.0006)
aMSE 0.20 0.0178(0.0009) 0.0184(0.0005) 0.0170(0.0007)
0.25 0.0173(0.0007)  0.0183(0.0004) 0.0169(0.0007)

measure | traning ratio CapL1,L1 CapL1 CapL1,L2
0.15 0.5551(0.0082) 0.6448(0.0238) 0.5591(0.0082)
nMSE 0.20 0.5539(0.0094) 0.6245(0.0396) 0.5612(0.0086)
0.25 0.5513(0.0097) 0.5899(0.0203)  0.5595(0.0063)
0.15 0.0163(0.0007) 0.0187(0.0009) 0.0165(0.0007)
aMSE 0.20 0.0161(0.0006) 0.0177(0.0010) 0.0163(0.0006)
0.25 0.0162(0.0007) 0.0171(0.0009)  0.0164(0.0007)

Table 1: Comparison of six feature learning algorithms on the MRI data set in terms of the averaged
nMSE and aMSE (standard deviation), which are averaged over 10 random splittings. The
two best results are in bold.

measure | traning ratio Lasso L1,2 DirtyMTL
0.15 0.6798(0.0120) 0.6788(0.0149) 0.6427(0.0172)
nMSE 0.2 0.6465(0.0105) 0.6778(0.0104) 0.6371(0.0111)
0.25 0.6279(0.0099) 0.6666(0.0110)  0.6304(0.0093)
0.15 0.1605(0.0028)  0.1602(0.0033) 0.1517(0.0039)
aMSE 0.2 0.1522(0.0022)  0.1596(0.0021)  0.1500(0.0023)
0.25 0.1477(0.0024)  0.1568(0.0025) 0.1482(0.0019)

measure | traning ratio CapL1,L1 CapL1 CapL1,L2
0.15 0.6421(0.0153) 0.6541(0.0122)  0.5819(0.0125)
nMSE 0.2 0.5847(0.0081) 0.5962(0.0051) 0.5589(0.0056)
0.25 0.5496(0.0106) 0.5569(0.0158)  0.5422(0.0063)
0.15 0.1516(0.0035) 0.1544(0.0028) 0.1373(0.0030)
aMSE 0.2 0.1376(0.0020) 0.1404(0.0012) 0.1316(0.0014)
0.25 0.1293(0.0028) 0.1310(0.0042)  0.1275(0.0013)

Table 2: Comparison of six feature learning algorithms on the Isolet data set in terms of the aver-
aged nMSE and aMSE (standard deviation), which are averaged over 10 random splittings.
The two best results are in bold.

proposed MSMTEFL algorithm in comparison with the state of the art multi-task feature learning
algorithms.
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There are several interesting issues that need to be addressed in the future. First, we will ex-
plore the conditions under which a globally optimal solution of the proposed formulation can be
obtained by the MSMTFL algorithm. Second, we plan to explore general theoretical bounds for
multi-task learning settings (involving different loss functions and non-convex regularization terms)
using multi-stage algorithms. Third, we will adapt the GIST algorithm (Gong et al., 2013a,b) to
solve the non-convex multi-task feature learning problem and derive theoretical bounds.
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Appendix A. Proofs of Lemmas 13 to 16

In this appendix, we provide detailed proofs for Lemmas 13 to 16. In our proofs, we use several
lemmas (summarized in Appendix B) from Zhang (2010).

We first introduce some notations used in the proof. Define

viAY v
ﬂi(ki,si) = sup (ll)l]l‘”,
veRb ueRrs, 1,5 VIA L vule

where s; + k; < d with s;,k; > 1; I; and J; are disjoint subsets of N; with &; and s; elements respec-
tively (with some abuse of notation, we also let J; be a subset of N; x {i}, depending on the context.);
A(If) 4 is a sub-matrix of A; = n_le-TX,- € R¥*? with rows indexed by I; and columns indexed by J;.

“We let w;, be a d x 1 vector with the j-th entry being w j;, if (j,i) € I;, and 0, otherwise. We also
let W; be a d x m matrix with (j,i)-th entry being wj;, if (j,i) € I, and 0, otherwise.

Proof of Lemma 13 For the j-th entry of € (j € Ny):
1/ onNT o 1/ onT
o |

P ——
il =
is the j-th column of X;. We know that the entries of §; are independent sub-Gaussian

Y

@)
J
random variables, and || l/nxg.’) ? = ny) |?/n? < pi(1)/n. According to Lemma 18, we have V¢ >
0:

where x

Pr(|€ji| > 1) < 2exp(—nt®/(267p] (1)) < 2exp(—nt® /(267 (1))
Thus we obtain:
Pr([[ Yoo <) > 1 —2dmexp(—ni* /(267D (1))

Let 1 = 2dmexp(—nt*/(26%p,},,(1))) and we can obtain Equation (27). Equation (28) directly
follows from Lemma 21 and the following fact:

m
il < ays = [1X|IF = ) [Ixi[]* < mamaxy,.
i=1 1=
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Proof of Lemma 14 The optimality condition of Equation (5) implies that

2 . Q . .
;X,-T (XiWi —yi) + A © sign(W;) = 0,

where © denotes the element-wise product; sign(w) = [sign(w),- - ,sign(wy)]?, where sign(w;) =
1, if w; > 0; sign(w;) = —1, if w; < 0; and sign(w;) € [—1, 1], otherwise. We note that X;Ww; —y; =
X;w; — X;Ww; + X;w; —y; and we can rewrite the above equation into the following form:

DAAW; = —2& — \; O sign(W;).

Thus, for all v € R?, we have

Xﬁvjsign(wﬁ). (33)
1

d
v A AW, = —2vT g —

J

Letting v = AW; and noticing that Aw j; = W ; for (j,i) ¢ F:.i € N,,, we obtain

d
0 < 2AW] AiAW; = —2AW] & — Y LjiAvjisign( ;)
=1

J

SZHAW,'HlHE,‘Hm— Z XﬁAwﬁsign(Wﬁ)— Z iﬁAWﬁsign(Wﬁ)

(Ji)edi ()¢ F
<2l AWillillElle+ Y Ajildbil— ¥ Ayl

(J,HeFi ()¢
<2/ AW [Ello+ Y, Ajilawil— Y Ayl

(]7’)6-‘7; (]l)egt
<2l AWl éla+ Y Aaldwil— Y Al

(j)EF (J,)EG
= Y Cléle—Ag)wil+ Y, 2lélopviil+ Y, (2ll&]w+Ror) Akl

The last equality above is due to Ny x {i} = G;U (F;U Gi)°U F; and AWji =wji,V(j,i) ¢ F 2 G
Rearranging the above inequality and noticing that 2||&;[| < Ag, < Ag;, we obtain:

R 2||€il] o 2)|E e + Ao A
Y |Wji|§171_ ) !Wﬁ|+117_l Y A
(Gi)eG: G —2ll&ll (g7 g, G — 2ll&ill ;727
2|Eilleo 4+ Aoi . .
< Mi_olHAw@cH]. (34)
Ag — 2| &l

Then Lemma 14 can be obtained from the above inequality and the following two inequalities.

21| €; oo—‘r,}\\/()' 2Toooo+5\do o
max 2l 00 A lloee o g < eyl
leNm 7\,6{-2”6,”00 7\.g_2HT||ocoo i

-1
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Proof of Lemma 15 According to the definition of G (Gy)), we know that FNG =0 (i €Ny)

and Y(j,i) € G (Gy)), ]f Ry Thus, all conditions of Lemma 14 are satisfied, by noticing the

relationship between Equation (22) and Equation (27). Based on the definition of G (G(y)), we
easily obtain Vj € Ny:

(j,i) € Gi,Vi € Ny or (j,i) ¢ G;,Vi € N,,.
and hence k; = |G| = --- = | G4| (k¢ is some integer). Now, we assume that at stage £ > 1:
ke =GP = =[G,| < 2F. (35

We will show in the second part of this proof that Equation (35) holds for all /. Based on Lemma 19
and Equation (21), we have:

/2
7 (27 +5,5) <—\/pl (8)/p; (27 +2s)—1

/2
ST 1+S/(2f)—

= 0.5s(27)"1/2,
which indicates that
0.5 <t;=1—m(2F+s,5)(27) /257 < 1.
For all ; € [0.5, 1], under the conditions of Equation (22) and Equation (27), we have

A—20&lo = A—2|[Tflow ~ 5 4—31
Following Lemma 14, we have

Wl < 3|AWge||11 = 3||AW — AW |11 = 3[|AW — Wg][1 1.

Therefore
AW — AW [l 1 = [|AWG — AW || 1
< [[AWs 11 /s = (AW 1.1 — |AW — AW[[11) /s
<s 1 (3||AW — Wg |11 — |AW — AW, ][11),
which implies that
AW [|2,1 = [|AW ]2 < [[AW — AW/ |21
< (AW — AW, |1, 1||AW — AW, [|o1)'/?

B a oA < - 1/2
1AW — AWy 1) 2 (571 B AW — Wgl|1g — |AW — AW 1))

<(
< (AW gl /2)7) s

3/2)s~ 2 (27) 2| AW — W 2,1

(
(3/2)(27/5) || AW |21
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In the above derivation, the third inequality is due to a(3b —a) < (3b/2)?, and the fourth inequality

follows from Equation (35) and 7 N G = 0 = AWg = Wg. Rearranging the above inequality, we
obtain at stage /:

N |27 N
HAWHQJ < (1 +1.5 S) HAWIHZJ' (36)

From Lemma 20, we have:

max (0, AW] A;AW;)

> pp (ke + ) (AW | — (ke +5,5)|[Wa |1 /5) | A¥ |
> p; (ke +9)[1 = (1—)(4—1;) /(4 = 35;)] | AW |2

> 0.56p; (ke +5)|| AW,

> 0.25p; (27 +s5)]| AW,

> 0.25p,,,,,(27 + )| AW 1 ||,

where the second inequality is due to Equation (34), that is

X 2||&lleo + Ay
[Wg,lh < 7 ————[|AW gl
Ag — 2| €&l
< (2]|&l|o +Aoi) Ve
 Ag —2|&w
< Ql&llo+20) Ve
 Ag 2|
< (4—1)Vke
- 4*31‘,‘

[[AW Ge||

1AW |

1AW ][;

the third inequality follows from 1 — (1 —¢;)(4 —1;)/(4 —3t;) > 0.5¢t; for t; € [0.5, 1] and the fourth
inequality follows from the assumption in Equation (35) and ¢; > 0.5.

If AvszAiAvAvi <0, then ||[AW| = 0. If A\?VE,A,-A\?V,- > 0, then we have

AWTAAW; > 0.25p,. (27 +5) | AW %, (37)
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By letting v = Aw , we obtain the following from Equation (33):

2AWIAAW; = —2AWIE — Y Ay jisign(ib ;)

(jvi)EIi
= —2A\7V7I;€giv — ZAWZEG:' — Z ijiAWﬁsign(Wj,-)
(i)eFi
= Y Milawil— Y Ajilawg
(D)€ () EFNGS
= *2A\}’\V€€glt *2A\})\V§i€jl. — Z ijiAv?/j,-sign(Wj,-)
(j,l)ej—,
= Y Milawul— Y Ajilawg
(i) (i eFNGs
<2)| AW, |llégell +2M€sll Y, AW+ Y AjilAwil— Y AjilAw|
(j*,i)eji (,]J)ej'—z (jvi)EJi
1/2
<2AwllllEgll+ | Y A% AWz ||
(JieF:
1/2
<2lAwglllegll+ | Y A% AW | (38)
(JieF:

In the above derivation, the second equality is due to ; = ;U F; U ( ﬁic N Gf); the third equality is

due to ;N G; = J; the second inequality follows from V(j,i) € J,Aji = A > 2[|&[| > 2||€y| and
the last inequality follows from ¥; C Gf C I;. Combining Equation (37) and Equation (38), we have

1/2

. 2
1AW ]| < ———
P,in (27 +5)

min(

2egl+| X A5
(J)eFi

Notice that

Ixill < aCllyill + llzil) = 11X 1121 < mlIX[|F = m Y |Ixil* < 2ma* (||| + [|Z]|F).-
i

Thus, we have

, N
/3m (41T 1+ Zser (1)

pn_1in (ZF + S)

AW, |21 < (39)
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Therefore, at stage ¢, Equation (29) in Lemma 15 directly follows from Equation (36) and Equa-
tion (39). Following Equation (29), we have:

W =W a1 = AW |2,

7 Ya A(Z_l)
(1 + 1.5\/§> \/Sm (4”TG&) 7 +Xaer A )2>
p;”-n(Zf—i—s)
8.83\/%\/4]]“1‘]]307&] Gy |+ m\?
< —
pmln(2’7+s>
8.83/mh\/ & Fm+Fm
_ S8V
p;in(Zf—i_s)
N p;in(zl_’_‘_s),

<

where the first inequality is due to Equation (39); the second inequality is due to s > 7 (assump-
tion in Theorem 8), A i <A, Fm=|H| > |F| and the third inequality follows from Equation (35)
and [|Y||2, ., < (1/144)A%. Therefore, Equation (30) in Lemma 15 holds at stage /.

Notice that we obtain Lemma 15 at stage ¢, by assuming that Equation (35) is satisfied. To prove
that Lemma 15 holds for all stages, we next need to prove by induction that Equation (35) holds at
all stages.

When ¢ = 1, we have g(fl = 9, which implies that Equation (35) holds. Now, we assume that
Equation (35) holds at stage £. Thus, by hypothesis induction, we have:

c 7 -2 A(Z) W _ 112
VI \H < o2 W,

< vimo! W —w
9.1m3/ /70!
p;m(2f+ S)
< Vim,

where 0 is the thresholding parameter in Equation (1); the first inequality above follows from the
definition of G(y) in Lemma 15:

Y(j,i) € Glron) \H (W) [7/6% = |(#)) —w/|13/6° > 1

¢ ” =21 7 2 .
:>|g(£+l)\}[‘ < mo ||W (‘M)\?_[_Wg&m\ﬂ”z’l’

the last inequality is due to Equation (23). Thus, we have:
|Gy \H| < Fm = |Gy | < 27m = keyy <27,

Therefore, Equation (35) holds at all stages. Thus the two inequalities in Lemma 15 hold at all
stages. This completes the proof of the lemma. |
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Proof of Lemma 16 The first inequality directly follows from H D F. Next, we focus on the
second inequality. For each (j,i) € F (#), if ||W/||; < 8, by considering Equation (20), we have

1w/ =W/l = [[W/][; — [%/][1 >26 -6 =6.
Therefore, we have for each (j,i) € F (H):
L([%/]l < 8) < [[w/ — &l /6.

Thus, the second inequality of Lemma 16 directly follows from the above inequality. |

Appendix B. Lemmas from Zhang (2010)

Lemma 18 Ler a € R" be a fixed vector and x € R" be a random vector which is composed of
independent sub-Gaussian components with parameter 6. Then we have:

Pr(|a’x| > 1) < 2exp (—*/(2067||a||?)) V¢ > 0.

Lemma 19 The following inequality holds:

1/2
si/

2 \/P,-*(si)/pf(ki+si)—1.

(ki si) <

Lemma 20 Ler G; C Ny x {i} such that |Gf| = k;, and let J; be indices of the s; largest components
(in absolute values) of Wg, and I; = Gi U J;. Then for any w; € R?, we have

max (0, wyAw;) > p; (ki+s:) (||| — 70 (ki +si,50) W, |1 /si) [|w -

Lemma 21 Let €; = [€y;,- -+ ,€4] = %XZ-T (X;w; —y;) (i € Npy), and H C Ny x {i}. Under the condi-
tions of Assumption 1, the followings hold with probability larger than 1 —n:

1€511> < &*p;" (|74])(7.4]#] +2.71n(2/n)) /n.

Appendix C. MSMTFL-type Algorithms
We present the multi-stage (-type) algorithms for the formulations in Equation (3) and Equation (4)

below.
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