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Abstract—The task of sparse linear regression consists of
finding an unknown sparse vector from linear measurements.
Solving this task even under “high-dimensional” settings, where
the number of samples is fewer than the number of variables, is
now known to be possible via methods such as the LASSO. We
consider the multiple sparse linear regression problem, where
the task consists of recovering several related sparse vectors
at once. A simple approach to this task would involve solving
independent sparse linear regression problems, but a natural
question is whether one can reduce the overall number of samples
required by leveraging partial sharing of the support sets, or non-
zero patterns, of the signal vectors. A line of recent research has
studied the use of /1 /¢, norm block-regularizations with ¢ > 1
for such problems. However, depending on the level of sharing,
these could actually perform worse in sample complexity when
compared to solving each problem independently.

We present a new ‘“‘adaptive” method for multiple sparse linear
regression that can leverage support and parameter overlap when
it exists, but not pay a penalty when it does not. We show
how to achieve this using a very simple idea: decompose the
parameters into two components and regularize these differently.
We show, theoretically and empirically, that our method strictly
and noticeably outperforms both ¢; or ¢1/{; methods, over the
entire range of possible overlaps (except at boundary cases, where
we match the best method), even under high-dimensional scaling.

Index Terms—Multi-task Learning, High-dimensional Statis-
tics, Multiple Regression.

I. INTRODUCTION: MOTIVATION AND SETUP

High-dimensional scaling. In fields across science and engi-
neering, we are increasingly faced with problems where the
number of variables or features p is larger than the number
of observations n. For any hope of statistically consistent
estimation under such high-dimensional scaling, it becomes
vital to leverage any potential structure in the problem such as
sparsity (e.g. in compressed sensing [1] and LASSO [2]), low-
rank structure [3, 4], or sparse graphical model structure [5].
It is in such high-dimensional contexts in particular that multi-
task learning [6] could be most useful. Here, multiple tasks
share some common structure such as sparsity, and estimating
these tasks jointly by leveraging this common structure could
be more statistically efficient.

Block-sparse Multiple Regression. A common multiple task
learning setting, and which is the focus of this paper, is that of
multiple regression, where we have r > 1 response variables,
and a common set of p features or covariates. The r tasks could
share certain aspects of their underlying distributions, such as
common variance, but the setting we focus on in this paper
is where the response variables have shared sparse structure:

The authors are with the Departments of Electrical and Computer
Engineering (Jalali and Sanghavi) and Computer Science (Ravikumar),
The University of Texas at Austin, Austin, TX 78712 USA email:
(alij@mail.utexas.edu; pradeepr@cs.utexas.edu; sanghavi@mail.utexas.edu).
Preliminary results were published in NIPS 2010.

the index set of relevant features for each task is individually
sparse; but there is also a large overlap of these relevant
features across the different regression problems. Such “shared
sparsity” arises in a variety of contexts; most applications
of sparse signal recovery in contexts ranging from graphical
model learning, kernel learning, and function estimation have
natural extensions to the shared-sparse setting [5, 7, 8, 9].

It is conceptually useful to collate the multiple regression

parameters into a matrix, with columns corresponding to tasks,
and the rows corresponding to features. Having shared sparse
structure then corresponds to this matrix being largely “block-
sparse,” where due to shared sparsity structure most rows are
either exactly zero, or with a few non-zero entries, there are
only a few rows with a large number of non-zero entries. A line
of recent research in this setting has focused on ¢; /¢, norm
regularizations, for ¢ > 1, which encourage the parameter
matrix to be strictly row-sparse, starting from the work by
Yuan and Lin [10] who termed the case with ¢ = 2 as “Group
Lasso”. Examples of other recent results include those using
the ¢1 /¢ norm [11, 12, 13], as well as the ¢; /¢5 norm [10,
14, 15].
Our Model. Such block-regularization is “heavy-handed” in
two ways. They strictly encourage block or row-sparsity, so
that any row is either exactly zero or has all its entries
being non-zero. This assumes that all relevant features are
exactly shared, and hence suffers under settings, arguably more
realistic, where each task depends on features specific to itself
in addition to the ones that are common. The second concern
with such block-sparse regularizers is that the ¢;/¢, norms
for ¢ > 2 can be shown to encourage the entries in the non-
sparse rows taking nearly identical values. Thus we are far
away from the original goal of multitask learning: not only do
the set of relevant features have to be exactly the same, but
their values have to as well. Indeed recent research into such
regularized methods [13, 15] caution against the use of block-
regularization in regimes where the supports and values of
the parameters for each task can vary widely. Since the true
parameter values are unknown, that would be a worrisome
caveat.

We thus ask the question: can we learn multiple regression
models by leveraging whatever overlap of features there exist,
and without requiring the parameter values to be near iden-
tical? Indeed this is an instance of a more general question
on whether we can estimate statistical models where the data
may not fall cleanly into any one structural bracket (sparse,
block-sparse and so on). With the explosion of complex and
dirty high-dimensional data in modern settings, it is vital to
investigate estimation of corresponding dirty models, which
might require new approaches to biased high-dimensional
estimation. In this paper we take a first step, focusing on such
dirty models for a specific problem: simultaneously sparse



multiple regression.

Our approach uses a simple idea: while any one structure
might not capture the data, a superposition of structural classes
might. Our method thus searches for a parameter matrix that
can be decomposed into a row-sparse matrix (corresponding
to the overlapping or shared features) and an elementwise
sparse matrix (corresponding to the non-shared features). As
we show both theoretically and empirically, with this simple
fix we are able to leverage any extent of shared features, while
allowing disparities in support and values of the parameters, so
that we are always better than both the Lasso or block-sparse
regularizers, at times remarkably so.

The rest of the paper is organized as follows: In Section 2,
we present basic definitions and the setup of the problem.
We then discuss the main results of the paper in Section
3. Experimental results and simulations are demonstrated in
Section 4.

Notation: For any matrix M, we denote its 5t row as mj,
and its k-th column as m(®). The set of all non-zero rows
(i.e. all rows with at least one non-zero element) is denoted
by RowSupp(M) and its support by Supp(M). Also, for
any matrix M, let [M|[11 = >, |m§k) , i.e. the sums of
absolute values of the elements, and [[M||1,0c := > [|m; o

where, ||m;|oc 1= maxy |m§-k)\.

II. PROBLEM SET-UP AND OUR METHOD

Multiple linear regression: We consider the following stan-
dard multiple linear regression model:

y® = X®gk) L o® k=1, (1)

where, y*) € R™ is the response for the k-th task, regressed
on the design matrix X (*) € R"*? (possibly different across
tasks), while w) € R™ is the noise vector. We assume each
w® is drawn independently from A/(0, 02). The total number
of tasks or target variables is r, the number of features is
p, while the number of samples we have for each task is n.
For notational convenience, we collate these quantities into
matrices Y € R™*" for the responses, © € RP*T for the
regression parameters and W € R™*" for the noise.

Our Model: In this paper we are interested in the setting
where the true parameter © from data {y®), X(*)1 has
partially shared-sparsity, as detailed in the introduction.
In particular, for any fixed integer d, suppose we denote
rows of © with greater than or equal to d non-zero entries,
corresponding to features shared by several tasks, as “shared
rows”; and those rows with less than d non-zero entries,
corresponding to those features which are relevant for some
tasks but not all, as “non-shared rows.” The latter includes
rows with all zero entries, corresponding to those features
that are not relevant to any task. The true parameter can
then be split as © = B + S, where, B contains the shared
rows and S contains non-shared rows, with respect to the
integer d. We are interested in estimators (B, S) that separate
the shared and non-shared rows, and enjoy the following
statistical guarantees.

Support recovery: We say an estimator (E, §) successfully
recovers the true support if Supp(B+.S) = Supp(©). We note
that this is stronger than merely recovering the row-support
of ©, which is union of its supports for the different tasks.
Support recovery is often also referred to as variable selection.

Error bounds: We are also interested in providing bounds on

the element-wise £, norm error of the estimator © = B + §
defined as

|6 —Oloo = max max
Jj=1,...,pk=1,...,r

5® _ oM
o — 6.

Our Method: We model the unknown parameter © as a super-
position of a block-sparse parameter matrix B (corresponding
to the features shared across many tasks) and a sparse pa-
rameter matrix .S (corresponding to the features shared across
few tasks). We thus have two parameter matrices, B and S,
and we regularize these two matrices differently, encouraging
block-structured row-sparsity in B, and elementwise sparsity
in S. This can be contrasted with the “clean” standard models
that use a single parameter matrix, and either use just block-
sparse regularizations [13, 15] or just elementwise sparsity
regularizations [2, 16]. Interestingly, as we will see in the
main results, by explicitly allowing to have both block-sparse
and elementwise sparse components (see Algorithm II), we
are able to outperform both classes of these “clean models”,
for all regimes of the parameter matrix ©. Notice that our
algorithm has a post processing step that combines the rows
of S and B on the row support of B. This post _processing
does not change the sum of the two, i.e., © = B4+S = B+5.

III. MAIN RESULTS AND THEIR CONSEQUENCES

We now provide precise statements of our main results. A
number of recent results have shown that the Lasso [2, 16] and
01/l block-regularization [13] methods succeed in model
selection, i.e., recovering signed supports with controlled error
bounds under high-dimensional scaling regimes. Our first two
theorems extend these results to our M-estimator. In Theorem
1, we consider the case of deterministic design matrices X (k)
and provide sufficient conditions guaranteeing signed support
recovery, and elementwise £, norm error bounds. In Theorem
2, we specialize this theorem to the case where the rows of
the design matrices are random from a general zero mean
Gaussian distribution: this allows us to provide scaling on the
number of observations required in order to guarantee signed
support recovery and bounded elementwise /., norm error.

Our third result is the most interesting in that it explicitly
quantifies the performance gains of our method vis-a-vis Lasso
and the /1 /¢, block-regularization method. Since this entailed
deriving precise constants underlying earlier theorems, and a
correspondingly more delicate analysis, we follow Negahban
and Wainwright [13] and focus on the case where there are
two-tasks (i.e. » = 2), and where we have standard Gaussian
design matrices as in Theorem 2. Further, while each of two
tasks depends on s features, only a fraction « of these are
common. It is then interesting to see how the behaviors of
the different regularization methods vary with the extent of
overlap a.



Algorithm 1 Dirty Multitask Learner

Pick A; and A, such that L/A\TJ =d and i—b is not integer.

Solve the following convex optimization problem:

PON . 2
(8,B) e argmin —— > ||y™ = X0 (8 + 5®) "+ A8 1.1 + Ao Bl @)
’ k=1

For all j € RowSupp(B), let B = ﬁj + §j.

LetS:§+§—

Output (B, S).

Comparisons: Negahban and Wainwright [13] show that there
is actually a “phase transition” in the scaling of the probability
of successful signed support-recovery with the number of
observations. Consider the specific rescaling of the sample-size
OLasso(N, p, ) := m Then Wainwright [16] show that
when the rescaled number of samples scales as 01,550 > 240
for any 0 > 0, then Lasso succeeds in recovering the signed
support of all columns with probability converging to one.
But when the sample size scales as Op4550 < 2 — 6 for
any § > 0, Lasso fails with probability converging to one.
For the {1 /¢ -regularized multiple linear regression, define a
similar rescaled sample size 0 o (n,p, @) == m
Then as Negahban and Wainwright [13] show there is again
a transition in probability of success from near zero to near
one, as the rescaled sample size of 6; o is either less or
greater than (4 — 3«). These phase transitions provide a
natural means for comparing competing M-estimators. Thus,
if OLasso(n, p, ) < 01,00(n, p, ), which can be shown to be
equivalent to o < 2/3, the phase transition for Lasso occurs
at a smaller sample size than the ¢; /¢, regularized method,
so that the Lasso can be seen to be the more efficient method.
Note that o < 2/3 corresponds to the “less sharing” setting,
so that it is not surprising that Lasso would perform better.
Conversely, when 014s50(7, p, &) > 01 00(n, p, @), equivalent
to a > 2/3 and which corresponds to the “more sharing”
setting, the ¢1 /¢, regularized method performs better in that
its phase transition occurs at a smaller sample size.

As we show in our third theorem, the phase transition for our
method occurs when the rescaled sample size 6; o, is equal to
(2 —«), which is strictly before either the Lasso or the ¢1 /{o,
regularized method except for the boundary cases: a = 0,
i.e. the case of no sharing, where we match Lasso, and for
a =1, i.e. full sharing, where we match {1 /{~,. Everywhere
else, we strictly outperform both methods. Figure III shows the
empirical performance of each of the three methods; as can
be seen, they agree very well with the theoretical analysis.
(Further details in the experiments Section IV).

A. Sufficient Conditions for Deterministic Designs

We first consider the case where the design matrices X (*)
for k = 1,- - -,r are deterministic, and start by specifying
the assumptions we impose on the model. We note that

similar sufficient conditions for the deterministic X *)’s
case were imposed in papers analyzing Lasso [16] and
block-regularization methods [13, 15].

v2n for all

A0 Column Normalization: ||X§k) lo <
j=1,...,pand k=1,...,r

A1 Incoherence Conditions:
k k k H\) !
" —1_123’5ZH<X( ), X ) <XZE{k)7XZ(/{k)>) >

where, U}, denotes the support of the k-th column of ©, and
U= U U denotes the union of the supports of all tasks, and
(A, B) = AT B. We also require

(it () )

>0,
1

> 0.
1

¥s := 1 — max max
1<k<rjeug

A2 Minimum Curvature Condition:

S (1w <k>>
C’mzn - — 11%%6127‘ >\m7,n <Tl <Xz,{k 7X1,{k > 07

where, A\pin(-) is the minimum eigenvalue of the matrix.

(n <X(k Xé,k) H .Asa

consequence of A2, we have that Dy, is finite.

Also, define D,nqz := max
1<k<r

A3 Regularizers: We require the regularization parameters
satisfy

A3-1 )\ > 2(2— 'Ys)a'\/ 10g(1”)
VsV

A3-2 )\ > 2(2— ’Yb)U\/ lOg(pT’)
Yo v/1
A33 1< >"“ <r and )"“ is not an integer (See Lemmas 2

and 3 for 1ntu1t10n on these conditions).

Theorem 1. Consider the multiple linear regression model
in (1), and which satisfies assumptions A0-A3. Suppose we
obtain estimate © = B + S Sfrom Algorithm AlgDirtyModel.
Then, with probability at least 1 — ¢y exp(—can), we are
guaranteed that the convex program (2) has a unique optimum,
and that
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Fig. 1.

Probability of success in recovering the true signed support using dirty model, Lasso and ¢ /{o. regularizer. For a 2-task problem,

the probability of success for different values of feature-overlap fraction « is plotted. As we can see in the regimes that Lasso is better than,
as good as and worse than ¢ /{ regularizer ((a), (b) and (c) respectively), the dirty model outperforms both of the methods, i.e., it requires
less number of observations for successful recovery of the true signed support compared to Lasso and {1 /{c regularizer. Here s = | {5 |

always.

(a) the estimate has no false inclusions, and has bounded £,
norm error:

Supp(S) C Supp(S),

RowSupp(B) C RowSupp(B),

and

and

~ 4021
||@ - @”00700 < 7 28 (p’r) + ASl)’mam .
bmin
(b) The estimate has  no  false  exclusions, _Le,
sign(Supp(S)) = sign (Supp(S)) and RowSupp(B) =
RowSupp(B) with the property that if Bj(-k) £ 0,
then sign(BJ(k)) = sign (Bj(k)), provided  that
min égk)‘ > bmin.

(4,k)ESupp(©)

The positive constants ci,co depend only on s, Vp, As, \p
and o, but are otherwise independent of n,p,r, the problem
dimensions of interest.

Remark: Condition (a) guarantees that the estimate will have
no false inclusions; i.e. all included features will be relevant.
If in addition, we require that it have no false exclusions
and that recover the support exactly, we need to impose the
assumption in (b) that the non-zero elements are large enough
to be detectable above the noise.

B. General Gaussian Designs

In many applications, the design matrices consist of samples
from a Gaussian ensemble (e.g. in Gaussian graphical model
structure learning). Suppose that for each task £k = 1,...,r
the design matrix X(*) € R"*P is such that each row
Xi(k) € RP is a zero-mean Gaussian random vector with
covariance matrix ¥(¥) € RP*P, and is independent of every
other row. Let Zg,k;/, € RIVIXIUl be the sub-matrix of (%)
with corresponding rows to V and columns to /. We require

these covariance matrices to satisfy the following conditions:

C1 Incoherence Conditions:

T
— (k) (k) B
Vo =1~ ?é%fr( Ejvuk (Euk vuk) >0
k=1 1
and
— 1 (k) (k) -
o= 1= e e |50, (900 ) ] >0

C2 Minimum Curvature Condition:

o (k)
Coin 1= i Amin (%452) > 0

—1

and let Dmaz = H (El(f{kk)ﬂuk)

oo,1

These conditions are analogous to the sufficient conditions
A1-A2 in the previous theorem. Those earlier conditions



were imposed on the design matrices themselves, whereas
conditions C1-C2 are imposed on the covariance matrix of
the (randomly generated) rows of the design matrix.

C3 Regularizers: Defining s := maxy, ||, we require the
regularization parameters satisfy
Ca 3, > L Combton)
® T e VMCrmin—+/2slog(pr)
C32 A\ > (40‘ Chrinr(rlog(2)+log(p )))1/2
~ wVnCrmin— \/2ST(T10§;(2)+10€( N
C33 1< /\” <r and b is not an integer.

1/2

Theorem 2. Suppose assumptions C1-C3 hold, and that the
number of samples scale as

2s1 2 log(2) + 1
R Og(pr), sr(rlog(2) i og(p)) .
szn'ys Cmin’yb

Suppose we obtain estimate ©=B+S58 from our algorithm.
Then, with probability at least

1—cy exp (—c2 (rlog(2) + log(p))) —c3 exp(—ca log(rs)) — 1,

for some positive numbers c1 — c4, we are guaranteed that the
convex program (2) has a unique optimum and

(a) The estimate has no false inclusions, and has bounded
{ o norm error so that

Supp(S) C Supp(S),
RowSupp(B) C RowSupp(B),

~ = 5002 log(rs) 4s
_ < 4 2 eV - .
||® ®||0000 — nszn +A5(szn\/ﬁ +Dmaz)
Ymin
(b) The estimate has no - false  exclusions, i.e.,
sign(Supp(S)) = sign (Supp(S)) and RowSupp(B) =

RowSupp(B) with the property that if Bj(k) £ 0,
then Sig”(B]('k)) = sign (B](»k)), provided  that

min
(4,k)ESupp(©)

C. Quantifying the gain for 2-Task Gaussian Designs

This is one of the most important results of this paper. Here,
we perform a more delicate and finer analysis to establish
precise quantitative gains of our method. We focus on the
special case where » = 2 and the design matrix has rows
generated from the standard Gaussian distribution (0, I, %, ).
As we will see both analytically and experimentally, our
method strictly outperforms both Lasso and ¢7/¢,-block-
regularization over for all cases, except at the extreme end-
points of no support sharing (where it matches that of Lasso)
and full support sharing (where it matches that of ¢1 /{..). We
now present our analytical results; the empirical comparisons
are presented next in Section IV. The results will be in terms
of a particular rescaling of the sample size n as

n

(2—a)slog(p—

O(n,p,s,a) = 5o

We also require that the regularizers satisfy

(402(1 — /5/m)(108(2) + log(p — (2 a)s))) "

F1 ) >
Vi — /5= ((2—a) s (log(2) + log(p — (2 — a)s )))1/2
<80’2(1 —/s/n)(21log(2) + log(p — (2 — )s)) )
F2 Ap > .
V= /5= ((2 - a) s (2log(2) + log(p — (2 — a)s)))*/?
F3 32 = /2.

Notice that F1 and F2 only impose lower-bounds on A
and \,. Hence, while F3 fixes the ratio of the two to be v/2,
there are always infinitely many pairs (A, \;) that satisfy these
conditions.

We also note that F3 is not essential for the analysis, but
it provides the tightest bounds. In the proofs, we actually
analyze the case with any general value for the ratio kK = %,
and provide the phase transition threshold for the number
of samples in terms of this ratio; please see Theorem 4 on
page 15. While the sample complexity threshold depends in
a complicated way on the ratio, as we show there, it is
minimized when x = +/2. However, in practice, when the
assumptions in the theorem need not hold, or when we are
interested in prediction error in contrast to support recovery
as in Theorem 3, it might be useful to search for different
ratios. The next theorem provides a sharp transition for the
two task case with these assumptions.

Theorem 3. Consider a 2-task regression problem (n, p, s, @),
where the design matrix has rows generated from the standard
Gaussian distribution N'(0, I« ). Suppose

| - |@;(2)| | < C)\sa

| @

max
jeB*

where, B* is the submatrix of ©* with rows where both entries
are non-zero and c is a constant specified in Lemma 10. Then
the estimate © = B + S of the problem (2) satisfies the
following:

(Success). Suppose the regularization coefficients satisfy
F1 — F3. Further, assume that the number of samples
scales as O(n,p, s,«) > 1. Then, with probability at least
1 — ¢1exp(—can) for some positive numbers c1 and ca,
we are guaranteed that sign Supp(@)) = sign (Supp(@))
and U, error bound conditions (a-b) in Theorem 2 are hold.

(Failure). If 6(n,p,s, ) < 1 there is no
solution (B,S) for any choices of As and M\,
such  that  sign (Supp(g)) = sign (Supp(S)) and
RowSupp(B) = RowSupp(B) with the property that

if B;k) =% 0 then sign (B](-k)) = sign (B](-k)).

Remark: The assumption on the gap L}@ 6;@ <echs
requires that most values of ©* to be balanced on both tasks
on the shared support. But as we show in a more general
theorem (Theorem 4) in Section VI-C, even in the case where
the gap is large, the dependence of the sample scaling on the

gap is quite weak.

;_‘(U) _



IV. SIMULATION RESULTS

In this section, we provide some simulation results. First,
using our synthetic data set, we investigate the consequences
of Theorem 3 when we have r = 2 tasks to learn. As we
see, the empirical result verifies our theoretical guarantees.
Next, we apply our method to a real dataset: a hand-written
digit classification dataset with » = 10 tasks (equal to the
number of digits 0 — 9). For this dataset, we show that our
method outperforms both LASSO and ¢ /¢, practically. For
each method, the parameters are chosen via cross-validation;
see supplemental material for more details.

A. Synthetic Data Simulation

Consider a two-task regression model, so that r = 2,

as discussed in Theorem 3. As detailed in this section, we
compare the performance our dirty M-estimator, ¢1/{, reg-
ularization based method, and LASSO in recovering the true
signed support.
Data Generation: We ran the algorithms for multiple
instances of the parameters (n, p, s, «). We used three different
number of features p € {128,256,512}, and five different
values of the overlap ratio o € {0.05,0.3,2,0.8,0.9}. For
different values of p, we set s = [0. 1pJ and for different
values of (s,p,a), we let n = cslog(p — (2 — a)s) for
different values of c. We generated the parameter matrix
in two steps. We first generated a random sign matrix
O* ¢ Rpx2 (each entry is either 0, 1 or —1) with column
support size s and row support size (2 — «)s as required by
Theorem 3. We then multiplied each row by a real random
number with magnitude greater than the minimum required
for sign support recovery by Theorem 3. We generate two sets
of the matrix tuple (XM, X2 1W); we used one of them
for training and the other for cross validation, subscripted
Tr and Ts, respectively. Each entry of the noise matrices
Wi, VVTs € R™*? is drawn independently according to
N(0,0?) where ¢ = 0.1. Each row of a design matrix
X;f ),X k) ¢ Roxp s sampled, independent of any other
rows, from N(0,I5y5) for all k = 1,2. Having X*®), Theta
and W in hand, we can calculate Yr, Yy, € R?*? using the
model y*) = X® (&) 4 () for all k = 1,2 for both train
and test set of variables.

Coordinate Descent Algorithm: Given the generated data
X%f) for ¥ = 1,2 and Y7, in the previous section, we
solve the M-estimation problem in (2) to obtain matrices
B and S. To numerically solve the problem, we use the
coordinate descent algorithm outlined in Appendix D.
The co-ordinate descent algorithm takes as input the tuple
(Xérl),X%),YTr,)\s,)\b,e,ﬁ,ﬁ) and outputs a matrix pair
(B, S) as the solution of the M-estimation problem (2). The
inputs (B,S) are initial guesses and can be set to zero.
However, when we search over the regularizer coefficients,
we can use the M-estimate for the previous set of coefficients
(Mp,As) as a good initial guess for the corresponding
M-estimation problem with the next set of coefficients
(M + & As + ¢). The parameter e is the stopping criterion
threshold of the co-ordinate descent algorithm, which is set

to iterate until the relative update change of the objective
function is less than e.

Choosing penalty regularizer coefficients: Our optimality
conditions entail that 1 > i—b > % Thus, given one of the
regularization coefficients, the search-range for the other is

bounded and known. We set A\, = ¢ ”09 rlo9(®) and search for

the constant ¢ over a logarithmic partltlon of the interval
[0.01,100]. For any pair (Ap,As), we first compute our
M-estimate (B S ) from the coordinate descent algorithm run
over the training data; and then compute the unregularized
parameter estimate ©*, that minimizes the un- regularized
squared error loss function over the training data, but with
support restricted to that of B+ 5. We then pick the pair
(A, As) for which the corresponding parameter @A has the
least unregulanzed loss over the test data {YTS,XTS }k 12-
Finally we let © = B + S for the M-estimate (B, S)
corresponding to the optimal (Ap, As).

Performance Analysis: For any instance of the problem
(n,p, s,a), we generate 100 batches of samples from the
corresponding problem instance. We then solve these problem
instances using our “dirty” M-estimator, the ¢1 /¢, regularized
method, and LASSO, where we set the penalty regularizer
coefficients independently for each one of these programs via
cross validation. For any method, if the recovered matrix 6
has the same sign support as the true ©, then we count it
as a success, or as a failure otherwise (note that even if one
element has different sign, we count it as failure).

As Theorem 3 predicts and Fig III in Section III shows, the
number of observations rescaled as slog(p_"w is the key
control parameter driving the probability of success of our
method, since the curves for different problem sizes p stack
on the top of each other. It can also be seen that the number of
observations required by our method for true signed support
recovery is always less than both the LASSO and the ¢ //.,
regularized method. Fig 1(a) shows the probability of success
for the case o = 0.3, where LASSO is better than the ¢1 /¢,
regularized method, while our dirty M-estimator outperforms
both methods. Fig 1(b) shows the case with a = 5 where
the LASSO and the ¢, /¢, regularized method performs the
same, but our method require almost 33% less observations
for the same probability of success. As « grows toward 1,
e.g. « = 0.8 as shown in Fig 1(c), ¢1/¢~ regularization
performs better than the LASSO. Our M-estimator performs
better than both methods in this case as well.

Scaling Verification: To verify that the phase transition
threshold changes linearly with « as predicted by Theorem
3, we plot the phase transition threshold versus «. For five
different values of a € {0.05,0.3,2,0.8,0.95} and three
different values of p € {128,256,512}, we first compute
the phase-transition sample-size n as the point where
the probability of success in recovery of signed support
exceeds 50% (which we find by interpolating the closest two
points). In Fig 2, we then plot the rescaled phase-transition

sample-size 6 = n vs «, for three methods;

slog(p—(2—a)s)
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Fig. 2. Verification of the result of the Theorem 3 on the behavior of
phase transition threshold by changing the parameter « in a 2-task
(n, p, s, ) problem for our method, LASSO and ¢; /¢ regularizer.
The y-axis is m, where n is the number of samples at
which threshold was observed. Here s = | {5 |. Our method shows
a gain in sample complexity over the entire range of sharing «.. The
pre-constant in Theorem 3 is also validated.
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Fig. 3. Phase transition threshold by changing the parameter o in
a 10-task (n,p, s, «) problem for our method, LASSO and ¢/l
regularizer. Here, we assume that each of 10 tasks has a support of
size s and « portion of that support is shared across all 10 tasks and
the rest is distributed randomly. The y-axis is #g(p), where n is the
number of samples at which threshold was observed. Here s = | % |.
Our method shows a gain in sample complexity over the entire range
of sharing a.

our M-estimator, LASSO and the ¢; /¢, regularized method.
As the figure shows, the phase transition threshold for our
method is always lower than the phase transition for the other
two methods.

10-task Experiment: Although we do not have a theoretical
analysis for sharp phase transitions in the problem beyond
r = 2, we now present some empirical observations of the
behavior of our method for > 2. We run the same experiment
as the earlier two task case for this 10-task case, where we
assume each task has a support of size s and « portion of this
support is shared across all tasks. The non-shared portion of
the task supports is distributed randomly for each task. Fig 3
shows the phase transition for different methods. It can be seen
that our algorithm outperforms other methods for all regimes
of a.

Fig. 4. An instance of images of the ten digits extracted from the dataset

B. Handwritten Digits Dataset

We use a handwritten digit dataset to illustrate the
performance of our method. According to the description of
the dataset, this dataset consists of features of handwritten
numerals (0-9) extracted from a collection of Dutch utility
maps [17]. This dataset has been used in a number of papers
[18, 19] as a reliable dataset for handwriting recognition
algorithms.

Structure of the Dataset: The dataset has 200 handwritten
instances of the digits 0-9, so that there are 2000 digit
instances in total. Each instance of each digit is scanned
to an image of the size 30 x 48 pixels. Instead of the raw
image, the dataset provides six different classes of features
drawn from the full resolution image of each digit. A total
of 649 features are provided for each instance of each digit.
The information about each class of features is provided in
Table 1. The combined set of handwritten images of record
number 100 are shown in Fig 4 (ten images are concatenated
together with space between any two).

Fitting the dataset to our model: We have 649 features for
each of 200 instance of each digit. We need to learn K = 10
different tasks corresponding to ten different digits. To make
the associated numbers of features comparable, we shrink the
dynamic range of each feature to the interval —1 and 1.

Out of the 200 samples provided for each digit, we select
n < 200 samples for the training dataset. We then follow the
typical binary classification setup for this problem. For any
0<k<9 let X® =X € RI"¥649 pe the matrix whose
first n rows correspond to the features of the digit 0, the second
n rows correspond to the features of the digit 1 and so on. Let
the vector y*) € {0,1}1°" be the vector such that y§k) =1if
and only if the j** row of the feature matrix X corresponds
to the digit k.

We then solve the M-estimation problem (2) to get a
block-sparse matrix B e RO49x10 and a sparse matrix
S e RO49%10_ Given any feature vector x € R% extracted
from the image of a handwritten digit, we then classify the
image as digit k* = argmaxge(o,.. o1[X <B+§)]k. We
set the regularization parameters A, and A, as before. We
first solve (2) for each pair of regularization parameters, and
then minimize the unregularized loss function on the support



[T Feature [ Size | Type [ Dynamic Range |
1 Pixel Shape (15 x 16) 240 | Integer 0-6
2 2D Fourier Transform Coefficients 74 Real 0-1
3 Karhunen-Loeve Transform Coeficients 64 Real -17:17
4 Profile Correlation 216 | Integer 0-1400
5 Zernike Moments 46 Real 0-800
3 Integer 0-6
6 Morphological Features 1 Real 100-200
1 Real 1-3
1 Real 1500-18000

TABLE 1
SIX DIFFERENT CLASSES OF FEATURES PROVIDED IN THE DATASET. THE DYNAMIC RANGES ARE APPROXIMATE NOT EXACT. THE DYNAMIC RANGE OF
DIFFERENT MORPHOLOGICAL FEATURES ARE COMPLETELY DIFFERENT. FOR THOSE 6 MORPHOLOGICAL FEATURES, WE PROVIDE THEIR DIFFERENT
DYNAMIC RANGES SEPARATELY.

recovered by that choice of parameters. We then evaluate
the prediction error using this reoptimized solution over the
test set. Since we have 10 tasks, we search for :\\—b € [15.1]

10°
210g (649
and let A\, = ¢ % ~ 5—;, where we search over the

constant ¢ in the interval [0.01, 10]

Performance Analysis: Table II shows the results of our
analysis for different sizes of the training set n. We measure
the classification error on the test set for each digit to get
the error vector of length ten. We then find the average
and variance of the error vector to show how the error is
distributed over all tasks. We compare our method with the
{1 /€ reguralized method and LASSO.

V. PROOF OF MAIN RESULTS

In this section, we first recall some notations and definitions,
and then provide a proof outline of all three theorems, which
follow along similar lines. We then follow with the detailed
proofs in the next Section VI.

A. Definitions and Preliminaries

We first collate the terms and notation we use throughout
the proofs.

General Notations: For a vector v, the norms /1, {5 and

loo are denoted as [[v]ly = Y, [0®)], [Jv]2 = />, ’v(’f)F
and ||v]jec = maxy ’v(m, respectively. Also, for a matrix
Q € RP*" with rows denoted by ¢, the norm £/¢,
is denoted as [|Qlpc = I (14D .- lg® ) [, The
maximum singular value of @ is denoted as A4, (Q). For
a matrix X € R"*P and a set of indices 4 C {1,- - -,p},

the matrix X;; € R™ Ul represents the sub-matrix of X
consisting of X;’s where j € U.

Sparse Matrix Notations: For any matrix S, define
Supp(S) = {(j,k) : s # 0}, and let U, = {S €
RP*" : Supp(S) C Supp(S*)} be the subspace of matrices
whose support is the subset of the matrix S*. The orthogonal
projection to the subspace U can be defined as follows:

RO " .
(Pu, ()0 = { i (:k) € Supp(SY)

0 ow.

We can define the orthogonal complement space of U,
to be US = {S € RP*" : Supp(S) N Supp(S*) = 0}.
The orthogonal projection to this space can be defined as
Pye(S) = S — Py, (S). Since the type of the block-sparsity
we consider is a block-sparsity assumption on the rows of
matrices, we need to characterize the sparsity of the rows of
the matrix S™.

As an important piece of notation, we denote
D(S) = maxi<j<p||s;|lo denoting the maximum number of
non-zero elements in any row of the sparse matrix .S.

Row-Sparse Matrix Notations: For any matrix B, define
RowSupp(B) = {j : 3k s.t. b\ #£0}, and let U, = {B €
RP*" : RowSupp(B) C RowSupp(B*)} be the subspace of
matrices whose their row support is the subset of the row
support of the matrix B*. The orthogonal projection to the
subspace U;, can be defined as follows:

b; i € RowSupp(B*

(PUb(B))] _ {0.7 J € pp( )
ow.

We can define the orthogonal complement space of U, to be
Uf = {B € RP*" : RowSupp(B) N RowSupp(B*) = ¢}.
The orthogonal projection to this space can be defined as
Pye(B) = B — Py, (B).
As an important piece of notation, we denote
M;(B) = {k : | = |Ibjllc > 0}, for any matrix
B € RP*"  as the set of indices corresponding to elements
that achieve the maximum magnitude on the ;' row
with positive or negative signs. We set M;(B) = 0 if
J ¢ RowSupp(B*). Also, let M (B) = min;<;<p, |M;(B)| be
the minimum number of elements who achieve the maximum
absolute value in each row of the matrix B.

Splitting a Matrix: We now develop some machinery for
analyzing the splits of any matrix into sparse and block-sparse
components. For (2), let d = Li—ij, we will always ensure
1 < d < r, where r is the number of tasks. Given this d, we
now define two matrices B*, S*, such that B* 4+ S* = ©, as
follows.

1) Ineach row ©,, let v; be the (d+1)" largest magnitude
of the elements in ©;. Then, set the (j,k)*" element



[ =pg 1 [ Our Model [ €1/ [ LASSO | 4,/05 |

5% Average Classification Error 8.8% 11.6% 12.8% 10.8%
Variance of Error 0.58% 0.69% 0.58% 0.61%

Average Row Support Size B:159 B + 5:170 170 123 145

Average Support Size S:18 B + 5:1631 1700 539 832

10% Average Classification Error 3.3% 4.8% 5.7% 4.7%
Variance of Error 0.43% 0.52% 0.58% 0.49%

Average Row Support Size B:211 B + S:226 217 173 195

Average Support Size S:34 B+ S:2118 2165 821 1432

20% Average Classification Error 2.2% 3.2% 4.2% 2.9%
Variance of Error 0.26% 0.38% 0.35% 0.24%

Average Row Support Size B:270 B + 5:299 368 354 350

Average Support Size S:67 B + 5:2761 3669 2053 2213

TABLE II

SIMULATION RESULTS FOR OUR MODEL, ¢ /£, AND LASSO.

sj(k) of the matrix S* as

sj(k) = sign(0§k)) max {0, ‘9]@’ — vj}

2) Given the matrix S*, set B* as the residual
=0 - 5*.

We use the transform #H4(0) =
of this procedure.
Note that for each row of the matrix ©, we set the correspond-
ing row in S* by taking the clipped excess over the (d +1)"
largest magnitude element in that row of ©. S* will thus have
at most d non-zero elements in each row. Correspondingly,
each row of B* is either identically O, or has at least d non-
zero elements of the same magnitude (equal to (d + 1)**
largest magnitude element in that row of ©). Note also that
if any element (j, k) is non-zero in both S* and B*, then
its sign is the same in both. S* thus takes on the role of
the “true sparse matrix”, and B* the role of the “true block-
sparse matrix”. As we will see, such a split (B*, S*) has the
following significance: our results will imply that if we have
infinite samples, then (B*,S*) will be the solution to (2).
The following technical lemma is useful in the proof of all
three theorems and summarizes the properties of H(+).

Lemma 1. [f (B,S) = H4(O) then

(P1) M(B)>d+1 and D(S) <d.

(P2) ,Yign(s§k)) = sign(bg.k)) for all j € RowSupp(B) and
ke M;(B).

(P3) sg»k) =0 for all j € RowSupp(B) and k ¢ M;(B).

(B*, S*) to denote the output

Proof: The proof follows from the definition of H.
|

Necessary Conditions for Optimality: Before we proceed,
we characterize the properties of the solution of 2 in the
following lemma.

Lemma 2. If (S, B) is a solution (uniqueness is NOT re-

quired) of (2) then the following properties hold

(P1) sign(éﬁk)) = szgn( )for all (j,k) € Supp(S) with
je RowSupp(B)

P2) if % is not an integer,

(P3) ‘13§’€>‘ —

1
(S) > /\b M(B)"
for all (j,k) € Supp(S).
(o]

J

is not an integer, ¥j 3k such that (j,k) ¢ Supp(g)
=[],

This lemma shows that (S, B) = H4(©), for d = LAl’j
which was our motivation behind the definition of the trans-
formation H4(-). The next lemma shows why the assumption
that the ratio of penalty regularizer parameters is crucial for
our analysis.

Lemma 3. If (S’, E) with ﬁ # 0 is a solution to (2) and
S

d= % is an integer then (S, B) is not the unique solution.

P4 i 5 o~
and ‘b( )

For the sake of completeness, we revisit the necessary first-
order optimality condition in the next lemma.

Lemma 4 (Convex Optimality). If (B’, 3) is a solution of (2),
then t[tere exists a dual matrix Z € RP*", such that Z €
As0)|S|l1,1 and Z € \O||Bll1,00 and for all k =1,...,r,

1 <X(’“),X(k)> <§<k> " g,<k>) _

! Loxmnyrym 450 _ g,

" 3)

B. Proof Overview

The proofs of all three of our theorems follow a primal-dual
witness technique, and consist of two steps, as detailed in
this section. The first step constructs a primal-dual witness
candidate, and is common to all three theorems. The second
step consists of showing that the candidate constructed in the
first step is indeed a dual witness. The theorem proofs differ
only in this second step, and show that under the respective
conditions imposed in the theorems, the construction succeeds
with high probability. These steps are as follows:

STEP 1: Considering Lemma 2, it is clear that the solution
of 2) © = S+ B for (S,B) satisfies (S,B) = Hd(@)
where Hg4() is defined in Section V-A for d = |3t t]. Let
(B*,S*) = Hq(©) with properties summarized in Lemma 1.
Now, if we construct a primal pair (S B) whose signs agree
with those of (S*, B*), and show that this is a unique solution
of the M-estimation problem in (2) with high probability,
then it follows that the sparsity patterns of the M-estimate (2)
and (S *, B*) agree, and hence and so do the sparsity patterns
of © and ©. Thus, for the rest of the proof, our focus is to



construct such a primal pair (S ,B).
Primal Candidate: We design a candidate optimal solution

(5‘ ,B) with the desired sparsity pattern using a restricted
support optimization problem, called oracle problem:

3 B k) _ k) ( (k) (k))H
(8, B) € arg S€U97BEU!; 2m Z Hy X +o

+ s [1S011 4 Aol B, 00-

2

This pair (S, B) has support constrained to lie within that
of (S*, B*). We still need to make sure that the signs agree
and this is the unique pair with these properties.

Sufficient Optimality Conditions: The following lemma
specifies a set of sufficient (stationary) optimality conditions
for the (S, B) from (4) to be the unique solution of the
(unrestricted) optimization problem (2) while having the same
sign as (S*, B*):

Lemma 5. Under our assumptions on the design matrices
X&) the matrix pair (S,B) is the unique solution of the
problem (2) if there exists a matrix Z € RP*" such that

(€1) Pu,(Z) = Assign ().

(9 sign (007), ke M;(B)
0 o.w..

where, tgk) > 0 such that ZkeMj(B) t§.k) = \p.

(€2) [Py, (2))jx =

>

(C3) HPUﬁ(Z)Hoo,oo <.
(C4) HPULf(Z)HOO,1 <.

(©5) L (x®, xk) (5<k>+§<k>)_%(X(k))Tyw)ng(k) 0
forall 1 <Ek<r.

Proof: By conditions (CI) and (C3), L7 € 9|S|1a
and by conditions (C2) and (C4), < Z € 8||B l|l1,00. Thus,

(S B, Z ) is a feasible primal-dual pa1r of (2) by the first-order
optlmahty condition (CS). It remains to show the uniqueness
to conclude that (S, B) = (S, B).

Let B and S to be balls of ¢, /¢; and {, /0~ with ra-
diuses A, and )\, respectively. Considering the fact that

Aol Bll1,00 = supzep (2, B) and As[|S[[1,1 = supzes (7, 59),
the problem (2) can be written as

LSl ) (k) ) H2
{2 lyorx ()

+(Z,8)+(Z,B) }

S', B inf su
( )= arg S,B ZEIB%Ir)WS

This saddle-point problem is strictly feasible and convex-
concave. Given the dual variable Z, and the grimal

optimal pair (S, B), we have \|B|1.00 = <Z,B and

10

Aol = <Z S> This implies that b; = 0 if |||, < A

(because Xy 3 [[bllse < 3, 1271 11B5]loc and if || 25,11 < As
for some jp, then others can not compensate for that in the
sum due to the fact that Z € B, ie., [|Z;]1 < Ap). It also

implies that s( ) = 0if ‘ 5(F) ‘ < Mg for a similar reason.

Hence, PUL(B) = 0 and PUSC(S) = 0. This argument rules
out the poss1b11ity of having a non-sparse solution. Thus,
solving the restricted problem (4) is equivalent to solving the
problem (2), because the oracle problem only restricts S and 13
to be zero outside the support of (S*, B*) and existence of Z
implies that S and B are zero outside the support of (S*, B*).

The uniqueness follows from our (stationary) assumptions
on design matrices X ) that the matrix %<XL(,?,XL(,]Z)> is
invertible for all 1 < k£ < r. Using this assumption, the
problem (4) is strictly convex and the solution is unique.
Consequently, the solution of (2) is also unique, since we
showed that these two problems are equivalent. This concludes
the proof of the lemma.

|

Dual Candidate: We need to construct a dual candidate Z
that satisfies (C1)-(C5) in Lemma 5. Specifically, we construct
Z as the superposition of three components with disjoint
supports as follows

Z =25+ Zy + Zye,
where, Z, = )\Ssigngé') is supported on Supp(S), and Z, is
supported on Supp(B) — Supp(.S) defined as

Ab - Asll550 sign (l;;k))
[M;(B)| - 13510
~ k ~ ~
(z)" = ke Mj(B) & (j,k) ¢ Supp(S)
0 ow

and finally, Zw, supported on j € U, is set as
- 1 o\ T
=L (X

L/x® ™\ (L /50 @\ (L m) 050
,g<X]. ,Xuk> 5<quXuk> n(X“k> ).

()

It is easy to check that conditions (C1) and (C2) in Lemma 5
are satisfied. To check condition (C5), let A = B+ S — B* —
S*. From the first-order optimality conditions for the oracle
problem (4), we have

1 k) < (k K 1 I _(k
n <XZ(4k ’Xuk)> Al(lk) n (XZEfk)> w® 4 ZZ(/lk) =0.

and consequently,

(k) Lot 0\ (1 (T (k)
: k ~
Auk = <n <XZ/{1€ ’XZ/{k >> <n (Xuk ) w( = Zuk) )
(6)
Solving for z( c), for all j € U}, we get
(k) (k) (k)
<Xj X >Auk +

() =~

1 &\ (k
J n ﬁ(Xj ) w.



Substituting for the value of AZ(Z ), we get (5). Thus, condition (P2) Using (6), we have

(C5) in Lemma 5 is also satisfied. It remains to show that the
conditions (C3) and (C4) are also satisfied.

STEP 2: This step consists of showing that the pair

(5, B, Z ) constructed in the earlier step is actually a feasible
primal-dual pair of (2).It only remains to guarantee (C3) and
(C4) separately for each of the theorems.
Indeed, this is where the proofs of the theorems differ.
Specifically, Lemmas 6, 8 and 11 ensure these conditions are
satisfied with given sample complexities in Theorems 1, 2 and
3, respectively.

VI. PROOFS

The proofs of our three main theorems are in sections VI-A,
VI-B and VI-C respectively.

A. Proof of Theorem 1

Let d = Lﬁj and (B*,S*) = H4(©). Then, the result
follows from Proposmon 1 below.

Proposition 1 (Structure Recovery). Under assumptions
of Theorem 1, with probability 1 — ¢y exp(—can) for some
positive constants ¢1 and cs, we are guaranteed that the
following properties hold:

has  unique  solution (S,B)A such
C  Supp(S*) and RowSupp(B) C

(P1) Problem (2)
that  Supp(S)
RowSupp(B*).

402 log (pr)

(P2) HB +S$- B g + XDz

00,00 Cmmn

Omin

(P3) sign (Supp(5;)) = sign (Supp(s}))
for all j ¢ RowSupp(B*) provided that

min
J & RowSupp(B*)
(d.k)ESupp(S*)

k
S;( )‘ > 5min-

(P4) sign (Supp(éj + Z)J)> = sign (Supp(s; + b;))
for all j € RowSupp(B*) provided that

( )

+ s > Omin-

* (k) ‘
(Js k)GSuﬁp(B )

Proof: We prove the result separately for each part.

(P1) Considering the constructed primal-dual pair, it suffices
to show that (C3) and (C4) in Lemma 5 are satisfied
with high probability. By Lemma 6, with probability at
least 1 — ¢ exp(—con) those two conditions hold and
hence, (5, B) = (S, B) is the unique solution of (2) and
the property (P1) follows.

max
JEU

A<,k)‘ <

(k) 5 (k) x (B} 7 (F)
(2 o)) " (x|
(% <XZ<41;>’XL<{I;)>>*1 )

402 log (pr)

oo

+ Astaz7

C’minn

where, the second inequality holds with high probability
402 108(br) for some

minT

as a result of Lemma 7 for o = ¢
2

€ > 1, considering the fact that Var (A;k) ) < =7

Crminn’

(P3) Using (P1) in Lemma 2, this event is equivalent to the
event that for all j ¢ RowSupp(B*) with (j,k) €
Supp(S*), we have (Ag»k) + s;(k)> sign (s;(k)) > 0. By

P [(A;M + s;(k)> sign (s;(k)) > 0}
- A;k)sign (s;(k)) <
By part (P2), thls event happens with high probability if
> bmlIl

=P

Hoeffding inequality, we have
5] ]
>P |: ‘ s;(k) ’ ] .

min
j ¢RowSupp(B*)
(3,k) ESupp(S*)

(P4) Using (P1) in Lemma 2, this event is equivalent to
the event that for all j € RowSupp(B*), we have

(A(k) +b; k) 4 g (k)) sign (b (k) 4 gxk )) > 0. By Ho-
effding 1nequa11ty, we have

[(Am +b7 +s*<’“)) sign (b*(m +s*(’”) > 0]
— APsign (b*m —‘,—s*(k)) < [pr® +S;<k>”
(k) 4 g*(k)
> P[‘ b *) 4 s ’]

By part (P2), this event happens with high probability if
b s’f<’“>T> Drui
i min-

55

min
(4,k)ESupp(B*)
||

Lemma 6. Under conditions of Proposition 1, the conditions
(C3) and (C4) in Lemma 5 hold for the constructed primal-
dual pair with probability at least 1 — ¢; exp(—can) for some
positive constants ¢y and cs.

Proof: First, we need to bound the projection of Z into
b = Asll3illo

the space UY. Notice that
JPosc|__ < mos (@(E 7,%6);@‘) |
J

By our assumption on the ratio of the penalty regularizer
coefficients, we have Ao AsllSsllo As. Moreover, we have

)| = 15i1lo




< max max

5 (k)
’(z C)J I<k<r jeue

1 T .
(5 )"+

1 T
Z (Xm) w®
n oo

T
<@-) |+ (x®) w®

1 (Xoc))T w®
n (oo}

the event ||PU§(2)H<X>,<X> < A 1is equivalent
n

+

*)
i,

+ (1 =)

<(2-7%) + (1= 75)As.

Thus,

to the event max
1<k<r 27
this event happens with ™ probab1l1ty at least

1—2exp (—W + log(pr)>. This probability goes to

1if )\ > 2(2— 'YS)O'\/ log(pr)
VsV

Lemma 7,

as stated in the assumptions.

Next, we need to bound the projection of Z into the space Uy
Notice that

| (D) _ | < max (Asmno,z \(zy,a;“]) .
’ k=1
We have Ag||5;]l0 < AsD(S*) < Ay by our assumption on the

ratio of the penalty regularizer coefficients. We can establish
the following bound:

> [4")

1 <Xj<k) x{ >< (x, X(k>>) 1H1

T jeuc =1
(s 00 s | o] )
+ s |5 (x0) ®

1 T
1 (k) (k)
R (X))
the event HPU,;(Z)HOOJ

1 (X“C))Tw(k)H < 2

2—7

<A =) s+ (2—1) (ax
=f= o

Thus, < Ay is equivalent to

By
this event happens with oIoarobability at least
1—2exp (—W + log(pr)). This probability goes to

Lif A, > 2Ty osen) S og(pr)

the event maxi<k<, H

Lemma 7,

as stated in the assumptions.

Hence, with probability at least 1 —c; exp(—can) conditions
(C3) and (C4) in Lemma 5 are satisfied.
|

Lemma 7.
1 <X<k>)T w®
n

Proof: Slnce w( )s are distributed as A (0,0
have (X (k ) w®) distributed as A/ (0, S (X(k))TXL({?)

P | max
1<k<r

Loty v\ (175t wm\)
o (0 X ) (5 () xay)
1
L) ’
e SZQexp —
j=1

a’n
<a| >1-2exp | —— +log(pr) | .
o 202

Using concentration of Gaussian variables, we have

]p[H%(Xw))Tw(m H <X<k>> w®|> o

P

Py

-1

Q’27’l
2( NT (k)
202 (X ) X
027’7,
< 2pexp “502 )

By union bound, the result follows.

B. Proof of Theorem 2

Let d = [3¢] and (B*,S*) = H4(©). Then, the result
follows from the next proposition.

Proposition 2. Under assumptions of Theorem 2, if

Bslog(pr) Bsr(rlog(2) + log(p))
n > max ,
C’min’}/g sznq/l?

then with probability at least 1 —

c1exp (—ca (rlog(2) +log(p))) —  c3exp(—cqlog(rs))
for some positive constants c; — ¢y, we are guaranteed that
the following properties hold:

(P1) The solution (B, 5') to (2) is unique and RowSupp(B) C
RowSupp(B*) and Supp(S) C Supp(S*).
Ds

A

9min

5002 log(rs)

(P2) HB+S—B* — 5 +Dmax> .

(P3) sign (Supp(3;)) = sign (Supp(s?))
Sor all j ¢ RowSupp(B*) provided that
: *(k)) ,
i s8] > g
(j, k) ESupp(S*)

(P4) sign (Supp(éj + 5])> = sign (Supp(s;‘ + bj))
Sor all j € RowSupp(B*) provided that

min
(4,k)ESupp(B*)

b*(k) + 55 k)‘ > Jmin-

Proof: We provide the proof of each part separately.

Considering the constructed primal-dual pair (S, B, Z ),
it suffices to show that the conditions (C3) and (C4)
in Lemma 5 are satisfied under these assumptions.
Lemma 8 guarantees that with probability at least
1 — c¢rexp(—ca (rlog(2) 4+ log(p))) those conditions
are satisfied. Hence, (B,S) = (B, S) are the unique
solution to (2) and (P1) follows.

(P1)



(P2) From (6), we have

7] < | (3 (62 32)) 3 () "o
wi(k)
G <xza’;;%xaz>>)“zszf
oo
< ool + () 582

+

We need to bound these three quantities. Notice that

H ) ~<k *1
Uy, J/lk

(k)
uknuk

< Dmam S

Also, we have

(G o) ™ )™ 2
e (2 20) ™ (o)) B2,
e (((23)) () ) v

< ij \/g\/@\s,

where, the last inequality holds with probability at least

1 — ci1exp (702 (v/n — \/§)2> for some positive con-
stants ¢; and cz as a result of Davidson and Szarek
[20] on elgenvalues of Gaussian random matrices. Con-

ditioned on Xu , the vector W(¥) e R+l is a zero-
mean Gaussian random1 vector with covariance matrix

O

. Thus, we have

1 Lot N\ - () )7L
< —Amas <<n (XX ) = (58 u)
1 k) \7!
(4[5, 1
n Cmin n Cmin

5

IN

<

From the concentration of Gaussian random variables
(Lemma 7) and using the union bound, we get

thCmin
P Lr;lkagr “F0o% + log(rs)) .

2
Fort = €4/ %Og(”) for some € > 1, the result follows.

(P3),(P4) The results are immediate consequence of (P2).

W(k>H > t] < 2exp (—

Lemma 8. Under the assumptions of Proposition 2, the
conditions (C3) and (C4) in Lemma 5 hold for the con-
structed primal-dual pair with probability at least 1 —

1 /) (B RS PO
<(n <Xuk ' Xty (Euk Uk) 2y,

c1 exp (—cg (rlog(2) + log(p))) for some positive constants
c1 and cs.

Proof: First, we need to bound the projection of Z into
the space Ug. Notice that

= Asll35llo

s < o 2 Ml
00,00 ‘MJ(B)‘ = lI8;lo

o

By our assumptions on the ratio of the penalty regularizer co-

efficients, we have M < Xs. Forall j € (i, Ug
j illo

and R € RP*" with ii.d. standard Gaussian entries (see
Lemma 4 in [13]), we have

- k)
(zuC)J ‘
< o |2 (s L (1 xy) (x) ")
Jenp_ ug|n k k k
k
wik)
-1
) (k) /v S (k)
+JEFIWI;:&TMC <X Xy (n <XM’° Xy, ) >Zu"'
(k) ® (s Nz
< )
_jer%]%i(ug Wi ‘+jerﬁgixulg >, Mk( Mk’“k) L H H
+  max R, X(’”( (X)X ) #P)
JENL_ UL M n k
=&
J
<(1—=7s)As + max R(.k)‘+ max W<k)‘7
JeNg_ U J€Np_ ug 7

The second inequality follows from a simple application of the
triangle inequality, following the hne of argument in Appendix
B of [13]. By Lemma 9, if n > - f log(pr) then with high

probability HX(k)H < 2n and hence Var (W(k)) < 2”
Using the concentration results for the zero-mean Gauss1an
random variable Wj(k) and using the union bound, we get

2

t°n
P (.k)‘>t <2 UL vt > 0.
Leﬁ%i}fuz Wizt s2ew{—gm + 08(p) -

Conditioning on <Xb(,i),w(k), 2(k) )’s, we have that R;k) is a
zero-mean Gaussian random variable with

’ 5 (k)
Uy,

s\2
- nszn

Var (ng)) < nC,

By concentration of Gaussian random variables, we have

2
P{ max Rj ’215} SZe){p(—T/\g

JE€NK=1 Uj,

+ log(p)) vt > 0.



Using these bounds, we get Using the union bound and previous discussion, we get
PU‘PUﬁ(Z)“m7w<AS} max Z‘W k)‘ >t
Jemk 1“’% 1
>]P’[ max max V1<k<r:|
JENL=1 U, JENE_1 U, =P max kaW k) >t
®) JENMk= 1U"v€{ L +1}’
>P | max RV <ty vI<k<r
J€Nn_ ug ! 7 £2n
§2exp< o2 + rlog(2 )+log(p)> Vi > 0.
P max W(.k)’<’75)\37t0 Vi<k<r
J€NMf—y Uit 7
9 We have
toncmin
Z 1-— 2€Xp _37)\2 + log(pr) r ™
B (k) (k)
R ‘ =V R
(ysAs — t0)2n o <Z ) ’ ) o (Z e )
1—2exp | —————— +1log(pr)) | . k=1
402
Z (’C) 9 5
. - /BaA k=1 2 TSNS < rSsA;
This probability goes to 1 for ¢y = m% As (the nCmm ~ nChmin NCmin
2 ; _ 2 . . . . . .
solution to 0$men — (= 2lo)") Hif the regularization param-  and consequently by concentration of Gaussian variables,
Bs)\?2 40 q y by
\/452Cmin log(pr) . Bslog(pr)
eter \g > rovided that n > —=—->+
® " s VnCrin—+/Bslog(pr) P Cmin s max Z ’R(k)‘ 21
as stated in the assumptions. yem UR

=P max v R(k) >t
. |:jeﬂ LU ve{—~ 1+1}TZ k

Next, we need to bound the projection of Z into the space Uy .
Notice that < 2exp (—

Pye(Z) < max | Asll35ll0, Y |G ue) ) .
co,1 J
’ k=1

We have \|[5;llo0 < AsD(S*) < Ay by our assumption on
the ratio of the penalty regularizer coefficients. For all j € >P
i, Ug, we have

thCmin

—_— log(2 1 > 0.
2rsAZ + rlog(2) + og(p)) vt >0

Finally, we have

P HPch(Z)H <,\b}

T
(k)‘ ‘ (k)‘
max ‘ +  max W: < YpAp
JEeNk= 1“72;;:1 7€m7=1u73k2::1 ’

. >P max Z 72<k) <t :|
s e
k=1 (k)
1 _ T P nrlax ‘W ’ < YpAp — to
< max 3 <X](k)1 X(m( <X<k)XZE{IZ)>) <XZ(A?> >w(k) JEMie, Ug =
JENMk=1 U5, =1|" t%nc'mm
> _ _ 0 —min
" >(1—2exp 2roA2 + rlog(2) + log(p)
J
r — A —t0)2n
L x® x 0 ( ) 5 ) "\ (1 —2exp (—(7“’7 +7log(2) + log(P)>) :
—+ max —( X X X X z 2
jEﬂ;,lug}ch n < < > Uy, 4027
vV BsA\y
ﬁnax Z ‘W](.k)’ This probability goes to 1 for ¢y = —F/\b+20m%>\b (the
Je ('kab tO) no__ to nCmin
= B solution to “R5ZR = 2o, if
+ max Z 1 < X0, X ( (x X ) >
I Ui 2y || 1 \/4020mnr(rlog(2)+log(p))
. max Ap > )
JeUf_y Uk 1 Yo /NCmin — \/Bsr (r log(2) + log(p))
~ 11/ p ) ( *®) ) ) S(k)
+  max —( R, X Xorls Xy Z . X .
S gl ugk; n < 7T < > e provided that n > 2l lﬂfogc(?)ﬂog(p)) as stated in
) 2 Crmin -
(k) the assumptions. Hence, with probability at least
! 1 — crexp(—ca(rlog(2) +log(p))) the conditions of
< (1= ) +_ma Z ’ ) +  max Z ’W ’“)‘ the Lemma 5 are satisfied.
1}; 11’" ]EOT u(‘ u
We first note that for any v € {—1,+1}", we have Lemma 9.
V3
r 2 P | max max X <2n| >1-—exp|—(1——)n+log(pr) | .
k) 20°r [1§k§r 1Sj<pH H ] < 2
Var oW < .



Proof: Notice that ||X ||2 is a x? random variable with
n degrees of freedom. Accordlng to [21], we have

P U’X](’“)HQ >+ (Vi \/72)2] <exp(—t)  Wt>0.

Letting t = (*f 1) n and using the union bound, the result
follows. u

C. Proof of Theorem 3

We will actually prove a more general theorem, from which
Theorem 3 would follow as a corollary. Among shared features
(with size as), we say a fraction 7 has different magnitudes on
O (i.e., a fraction 1 — 7 of shared features have approximately
same magnitude on both tasks. See Theorem 4 for exact
definition): Let 7; be the fraction with larger magnitude on
the first task and 7o the fraction with larger magnitude on the
second task (so that 7 = 71 + 79). Moreover, let A” = k and

fk) = f(r,7,0) =2—-2(1 —7)a — 2Tk + (1;7—> ar?,

" gt mv0) = max (214 1),

Theorem 4. Under the assumptions of the Theorem 3, if
Hj € RowSupp(B™) : ’ @;(1)‘ — @;(2)‘ ’ < c)\s}’ =
then, the result of Theorem 3 holds for
n
g(k, 7 0) slog (p— (2 — a)s)”
Corollary 4. Under the assumptions of the Theorem 4, if

the regularization penalties are set as kK = \p/As = /2,
then the result of Theorem 3 holds for O(n,s,p,a) =

1—-7)as

9(”7 S7p7 a) =

(27a+(372\/§)704)5 log(p—(2—a)s)”

Proof: Follows trivially by substituting x = /2 in
Theorem 4. Indeed, this setting of x can also be shown to
minimize g(k, 7, @):

min max <2J;(f) ; f(x))

1<k<2

min f(n))

. 2
= min min — K)),
<1<m<\f K? (F(x) V2<Kk<2

=2—-a+(3-2V2)1a

|
Proof of Theorem 3: The proof follows from Corollary 4
by setting 7 = 0 and x = /2.

We will now set out to prove Theorem 4. We will first need

the following lemma.

Lemma 10. For any j € RowSupp(B*), if *(k

’ < cAg for

some constant c specified in the proof, then S M =0 with

probability at least 1 — c¢1 exp(—can).

Proof: Let S be a matrix equal to S except that S J(k) =
0. Using the concentration of Gaussian random variables and
optimality of .S, we get

e [j5] >
< P{zms ’S]m‘ < Hym — x®(p® +S<’“>H§

_ Hy(k) — xR (BW +g(k>)m

Hyoe) ~ XU (B 4 g(k))Hz
P{Qn)\ < ( "S;k)XJ(k)"
2
v — xI(B® + 509 —Sz(k)X;k)Hz k)
N b
2
239 X BT () — X B (BB 4 50))
577x57],

=P |:2n)\g <

<],
= ]P’|:n>\s <XPT (x0(Br®) 4 57®) — B0 _ 50 1 w<k>)}

Since X’s and w’s are independent, then X(-k)Tw(k) < g
with high probability. Moreover, the vector X ](k)TX ) s
smaller than some €5 0N entries different from j and is
equal to ||X ||2 on the j'" entry. Using the (o, bound in
Theorem 2, we have ||B*(*) 4+ §*(k) — Btk — §R)||
max(bmm,SJ( ) < S*(k) Now, for a small constant ¢ < 1
given by

we have
p[|5®)]> 0] < [na. <|5;®)| (62 s—1)+ HX,“”HZ) “1]
e o< L ]
-+
Notice that E[|X{*)[|3] = n. Using the concentration

of x? random Varlables (see [21]), this probability vanishes
exponentially fast in n for ‘Sj(k)‘ < cAs.
|

D. Proof of Theorem 4

We will now provide the proofs of different parts separately.

Proof: (Success): Recall the constructed primal-dual
pair (B,S,Z). It suffices to show that the dual variable
Z satisfies the conditions (C3) and (C4) of Lemma 5. By
Lemma 11, these conditions are satisfied with probability at
least 1 —¢; exp( czn) for some positive constants c¢; and cs.
Hence, (B,S) = (B, S) is the unique optimal solution. The
rest are direct consequences of Proposition 2 for Cpyp = 1
and D,,,q. = 1.

(Failure): We prove this result by contradiction. Sup-
pose there exist a solution to (2), say (B,S) such



sign (Supp(B* + S*)).

that sign (Supp(B + S)) = By

Lemma 2, this is equivalent to having sign (Supp(B)) =
sign (Supp(B*)) and sign (Supp(3;)) = sign (Supp(S;)) if
j ¢ RowSupp(B*) and i—’ = K. Moreover for j €
RowSupp(B*), if §§k) # 0 and sy(k) # 0, then by Lemma
11, we have sign(8;"’) = sign(s; ).

Now, suppose n < (1—v) max (%(2”), f(li)) slog(p—(2—
a)s), for some v > 0. This entails that

either (i) n < (1 —v)f(k)slog(p — (2 — a)s),

or (i) n < (1 —v) (%(f)) slog(p — (2 — a)s).

Case (i): We will show that with high probability, there
exists k for which, there exists j € ﬂ};zl Ug such that

‘Zj(k)‘ > Ag. This is a contradiction to Lemma 4.

Using (5) and conditioning on (Xb(lk),w(’“),Zl(jz)), for all

k
J € =1 Uf we have that the random variables Z](-k) are
1.i.d. zero-mean Gaussian random variables with

Var(ZJ(k))
Lo (/40 v\ 20
~ Xy, (; <Xuk s Xt L,
Lo (175 0N (@), )
<I X (E (X XG0 ) (x2) ) w
2

Lot (1 /500 w0\ 5k
X (5 () A 2
2

1 Lo (17t w0\ (N, 0
n<InXu’“ (;<Xuk,xuk (Xuk> W)

The second equality holds by orthogonality of projections. We
thus have

2
+

Sl

2

+

Var (Z~j<.k)>

= (k) 2

|z
(L et p\) ‘ U ||,
> max ()\mzn <(TL <Xuk 7XZ/{k T

(- 2 (2 () ) o0

)
n2

2

2

- 2
Ak
(VA ve)?

The first term in the maximum satisfies the second inequality
with probability at least 1 — ¢; exp <702 (Vn+ \/§)2) as a
result of Theorem II.13 in [20] on the eigenvalues of Gaussian
matrices. The second term in the maximum satisfies the second
inequality holds with probability at least 1 — c3 exp(—cqn) as
a result of Lemma 1 in [21]. Considering B+ S , assume
that among shared features (with size as), a portion of 7, has
larger magnitude on the fist task and a portion of 75 has larger
magnitude on the second task (and consequently a portion of
1 — 7 — 79 has equal magnitude on both tasks). Assuming
Ap = KA for some k € (1,2), we get

52 .= Var <ZJ(,1)>
2
(1 —a@)sA2 + 11asA? 4+ moas(M\y — As)2 + (1 — 71 — Tg)as%’

(Vi +/5)

f1(r)sAZ
R
n (14 y7)
The first equality follows from the construction of the dual
matrix and the fact that we have recovered the sign support

correctly. The last strict inequality follows from the assump-
tion that #(n,p, s,a) < 1. Similarly, we have

&3 := Var (ZJ(2)>
2
1- oz)s)\z + Tzas)\g + Tras(Ap — As)2+ (1 =7 — Tg)ocs%’

(1B

fa(r)sAZ
n <1 + %)2
Given these lower bounds on the variance, by results on
Sudakov minoration (see Theorem 3.15 in [22]), for any § > 0,

there exists N (d) such that if p— (2 — «)s > N(J), with high
probability we have

max  Iax
1<k<rjeUy_; Us

> (1)) + ) 1og (r(p - 2 - 15))

This in turn can be bound as

(k)
7 )

(1-6) @ +53)10g (r(p— (2— a)s))

100+ £2()) 5 10g (r(p = 2= )s))

>(1-9) A2,

n<1+\/%>2 )

f(k)s log (r(p —(2- a)s)) 2

n (1+\/§)2

> (1-9)

Consider two cases:

1) 2 = Q(1): In this case, we have s > cn for some
constant ¢ > 0. Then,

(1) s log (r(p— 2 - @)s))
n(1+ 2 S

_ 1y I /) s (r(p-@-ws)) v

(1+ V)’
> f(x) log (r(p - (2- a)s)) A2
> (14€)A2,

(1=9)

for any fixed € > 0, as p — 0.

2) = — 0: In this case, we have s/n = o(1). Here
we will use that the sample size scales as n < (1 —



v) (f(r)) slog(p —
(F() 5 Tog (r(p— (2= a)s))

n(1+y2)
> L=9( o)
> (14 6)AZ,

(2 —a)s).

2
s

(1-9)

for some ¢ > 0 by taking § small enough.
Thus with high probability, 3k3j € (,_, U such that
‘Z (k)‘ > As. This is a contradiction to Lemma 4.

Case (ii): We need to show that with high probability,
there exists a row that violates the sub-gradient condition of

lo-norm: 3j € (),_, U such that HZ(k)H > Ap. This is a
contradiction to Lemma 4.

Following

r 5(k) .
D ket Zj is ~
with Var (Y42, Z") > (33 + 53). Thus, with high
probability

the same proof technique, notice that
a zero-mean Gaussian random variable

~ max
JE€ENgK=1 U},

Following the same line of argument for this case, yields the
required bound HZUC H (14 €)X

This concludes the proof of the theorem.
|

Lemma 11. Under assumptions of Theorem 3, the conditions
(C3) and (C4) in Lemma 5 hold with probability at least 1 —
c1 exp(—can) for some positive constants ¢ and cs.

Proof: First, we need to bound the projection of Z into

the space UY. Notice that
7 Ab — = ()
PUf(Z) < max ~ ’ (Zz,{C)j .
e ‘Mj(B

By our assumption on the penalty regularizer coefficients, we

Asl185llo

)| = 15310

NS WIEAT
have —=2—=212100_ ~ X\_. Moreover, we have
[MEB)-118i00 ~ 7*
5 (k)
)(Zuf«)j ‘
< max & (xF1-Lx( <X(k),X(k) (x) yw®
JEN_ U |n 7 Uy > Uy, Uy,
wik)
+ Lix® x 1<X(k> x ) ! Z(k)
jer?’l,;ifug n J0 U \ Uy 2 Uy, Uy,
z®
J
= max max W(k)‘
JE€Np=1 Uy JENL_ Uf J

0 H1 > (1—5)\/r(5% +52)log (p —(2- a)s).

By Lemma 9, if n > - f log(pr) then with high probability
HXj(k)H < 2n and hence Var (Wj(k)) < 2% Notice that
2

2
E U’X ](-k)H ] = n and we added the factor of 2 arbitrarily
2

to use the concentration theorems. Using the concentration
results for the zero-mean Gaussian random variable W;k)
(conditioned on X’s) and using the union bound, for all ¢ > 0,
we get

P max
JE€MNE=1 Uy

>t:| <2exp(—i+log( (2—a)s)>.

Conditioning on (XIE,]Z), w®, Z(*) )5 we have that Z](-k) is a
zero-mean Gaussian random variable with

e (29) < L ((1 <X;1;>,Xg;>>) ) |22

According to the result of [20] on singular values of Gaussian
matrices, for the matrix XZE[k), for all 6 > 0, we have

e N

2
and since Amaz ((<X““) X(k) - amm X(k)

) o)

<exp( (VoFT 1—1) (f—f))

6) (V- V3)| <e
)

, we get

2(1+496)

According to Lemma 10, if HG)*(I)‘ ‘@*(2 H = O(\y),

then with high probability S; = 0, so that \9(1)| \@ 2)|
Thus, among shared features (w1th size as), a fractlon T have
differing magnitudes on ©. Let 7; be the fraction with larger
magnitude on the first task and 7o the fraction with larger
magnitude on the second task (so that 7 = 71 4+73). Then, with
high probability, recalling that A\, = ks for some 1 < kK < 2,
we get

Z0|?
Var ( (1)) 7‘ “
(Vi —v3)?
(1= a)sA2 + 1iasA? + meas(Np — As)2 + (1 — 11 — TQ)O[S%
(v~ 3)*
(1 — (1 =7 —m2)a—2nak + (7'2 + 71_2_72> om2> sA2
B (Vi —v5)?
a fl(“{)S)‘g
(va—v3)*
Similarly,
)
Var (2(? < 2 112
(=) (v —5)?
(1 —(1=71 —7m2)a—2mak+ (7'1 + 71_72_T2> af-cQ) s\2
B (V-5

a fa(r)sA2 .
(V- v5)?



By concentration of Gaussian random variables, we have

. 5(k
IP’|: max Z(k)’ >t:| Z‘Zg( )‘
JENL= k=1
2 _ T
<2exp< M—i—log(p—(l—a) )) vt > 0. _Smax CZ

2fk(r)sA T€Mi=1 Ui ;2

1/ ® () x () 6(@ *)
n<Xj -~ Lx( <X X)) (X)) Yw

(k)

1 (k) (k) (k) (k) 5 (k)
n<Xj X <X e > Zuk

Using these bounds, we get

T
+ max E
; (8 c
I€ME=1 Yk 1=

?llroe)| _<n]

z®
>P| ﬁIlaXu Z<_k)‘+ r1%11&)( W(’Q’ < As V1 §k:§r:| L e
JENL— JjE _
k=1"k k=1Ug _Jerﬁnaxucz‘ ‘Jrjer%naxucz‘ )
>P| max z““)‘ < to V1<k<r:|
JE€ENE=
" Let v. € {-1,+1}" be a vector of signs such that
]P)Lemmkznj k‘W ’</\—t0 V1<k<r] Zkl‘w ’_Zk 1ka . Thus,
2 _
>|1—-2exp <W+log (pf(Qfa)s) +log(r ))
(fl(fi)+f2(fi)) SAZ Z )W(k)' — Var Z W(k) 20’ T
(As—t0)?n Tl
(1 —2exp [ —-———"—+log (p—(2—a)s) +log(r) ]) -
402
This probability goes to 1 for Using the union bound and previous discussion, for all ¢ > 0,
we get
to = (fr(s )+f2(f€))n5
V(fi(k) + fa(k n8>\s+20(\f—f)
—to)2n.y - (k)
(the solution to (fl(;E;sz(\ggsv = (’\54;3) ™y, if P Ler{%a’f up & ’W ‘ z t}
=P max v W(k) >t
\/402 (1_\/g>2 (10g(7")+log (p_@_a)s)) |:]€ﬂk LU ve{-1 +1}TZ k
As > 2n
V= (Vo 10+ £209) 5 (tou(r) 108 (- - )s)) < 20xp (= g+ rlog(2) +log (p - (2 - ) ).

provided that (substituting r = 2), Also from the previous analysis, assuming A\, = kA, for some

1 <k <2, we get
> (f1(k) + f2(k)) slog (p —-(2- a)s)

+ (1 + (f1(r) + f2(k)) log(2) s HZ](_M Hz

Var <i ‘Z](MD = Var <i ka;k)> <
k=1 k=1

= = Vi —5)?
+ 2\/ (F1(5) + f2(x) (log(2) + log (p — (2 - a)s))>s. ( : 2
_2(1- a)sAZ + (11 + 12)asA2 + (11 + 12)as(Ap — As)2 +2(1 — 11 — T2)as
Since f1(k) + f2(k) = f(k) by definition, for large enough p (Vi = 5)?
with £ = o(1), we require _ == (f1(K) + fa(k)) sA}
(Vi - v5)*
n > f(k)slog (p —(2- oz)s). @)
and consequently for all ¢ > 0,
Nex.t, we need to bound the projection of Z into the space Uy. max Z ’ Z(’”‘ >
Notice that JENG—y U i
~ - =P ma: v Z(k) > t:|
HPUg(Z)H ) < max ()\s|§j||0,z ‘(guc)g_k)‘) . Leﬂk lu vt +1}7‘ Z k
o k=1

~ < 2exp < e (\fi \/g)
We have X,[|S;|lo < AsD(S*) < Ay by our assumption on the =2 (F1(R) + fa(r)) s}
ratio of penalty regularizer coefficients. For all j € (,_, Uf,
we have Finally, we have

+7log(2) +1log (p— (2 — a)s)> .



[HPUC . <>\b}

I V

Jeanaxwz\ s P <5

Y

P

(k)’
- max ’Z <o

P l:j n}.ax Z ‘W(m’ < Ap— :|

ENe=1 Ui 11

2(1—2%p<—1(%(J\@) +wbym+bg@—@—a@»

f1(r) + f2(r)) sAZ
t0)2n
(172exp <7%+rlog(2)+log (p7(2fa)s))) .

This probability goes to 1 for

Vo (f1(6) + f2() nss

to = Ap
Vi (F1(5) + f2(k)) nsky + 20 (v = V/5)
: Qp—to)’n _ 3 (vn—1/5)* ;
(the solution to “~—2— = n%(f(i(n)+f2(n))s>\§)’ if

\/402 <17 \/%)2 r(r log(2)+log (pf(Qfa)s))

V= (Vo[ (104 a0 s (r10g(2) 1o (o- (2

Ap >

provided that (substituting r = 2),

> % (f1(r) + f2(k)) slog (p— (2 _a)s)

- (1 = (1) + fa() 21og(2)

+ 2\/ % (fi(s) + f2(s) (2108(2) +log (p— (2 - a)s>>> -

For large enough p with 2 = o(1), we require

n > %f(n)slog (p— (2 — a)s).

Combining this result with (7), the lemma follows.
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APPENDIX A
DETERMINISTIC NECESSARY OPTIMALITY CONDITIONS

In this appendix, we investigate deterministic necessary
conditions for the optimality of the solutions (B,S) of the
problem (2).

A. Sub-differential of {1/l and £/¢1 Norms

In this section we state the sub-differential characterization
of the norms we used in out convex program. The results can
be directly derived from the definition of sub-differential of a
function.

Lemma 12 (Sub-differential of /;/{.-Norm). The matrix

Z € RpxT belongs to the sub- dlﬁerennal of 01/lo-norm of
matrix B, denoted as Z € O HB H

we have Zj(-k) =

@) for all j € RowSupp(B),
tg-k) sign (5 (k) ) k e M;(B)
0 ow.
2 k=1 t§k) =1L
(i) for all j ¢ RowSupp(B), we have >, _, ‘Zj(-k)

, where, t;k) > 0 and

’§1.

Lemma 13 (Sub-differential of ¢; /¢1-Norm). The matrix Ze
RPX" belongs to the sub- dljferennal of ¢1/¢1-norm of matrix

S, denoted as Z € 3HSH

(1) forall (j,k) € Supp(S), we have 2§k) = sign (éﬁk) .

(ii) for all (j,k) ¢ Supp(S), we have 5](-k)‘ <L

APPENDIX B
PROOF OF LEMMA 2
We provide the proof of each property separately.

(P1) Suppose there exists (jo,ko) € Supp(S), such that
sign(A(k)) = 51gn(b(k)) Let B, S € RP*" be matrices
equal to B, S in all entries except at (jo, ko). Consider
the following two cases

ko) L 50)| 5|1 Leg 5%0) — jko) | g(ko)
S 4 6| < ]| Lerafie = a0 + 50
and sgko) = 0. Notice that (jo, ko) ¢ Supp(S).
A(k k k

2) |5k 4 ko) o]+ rer B =
—sign <b< 0)) Hbjo and S(ko) sl 4 ko) _

bgﬁ") Notice that sign (b( O)) = sign (§§§0)>

Since B+ S = B+ 8 and ||bjy]lee < [bjy]lec and
1350ll1 < 11850111, it is a contradiction to the optimality

of (B,S).
(P2) We prove the result in two steps by establishing 1.

M(B) > [ABJ and 2. D(S) < [ﬁ

20

1) On the contrary, suppose there exists a row jg €
RowSupp(B) such that |Mj, (B’)’ < {%J Let
k* be the index of the element whose magnitude

is ranked Q%J + 1) among the element of the

vector l;jo +35;,. Let B, S € RP*" be matrices equal
to B, S in all entries except on the row jo and

IA)E(I: ) + §]( ) sign (Bi?)
Bk o x
5k ACHENCY
]0 bjo 3 = b]o T %50
(k) 4 4(k)
bJo +SJ'0 ow,
and 5]0 = 5, + b, — Notice that

by
L\—bJ and s1gn< ) = sign (lv)(‘k))

for all (jo,k) € Supp(3,,) since 51gn< gk )) =
sign (B4y) for all :
gn or a (jo,k) € Supp (S;,) by

(P1). Further, since S + B = S + B and
~ Ak* o

ialloe =[5 ] + and [|3, 1, <
Issolls + 3] ([[os]| ;.0 ). s

is a contradiction to the optimality of (B, S) due
to the fact that )\, b—bJ < Ap.

2) On the contrary, suppose there exists aTow jy €
RowSupp(S) such that 1501l > . Let k* be
the index of the element whose magmtude is ranked
[%—‘ among the elements of the vector bJO + 54,

Let B ,5:” € RP*" be matrices respectively equal to
B and S in all entries except on the row jo and

Am*) J(k%) sign (b§§>>

+ Sjo
’b(k)+s(k) >

O o .
by = b( )+§§§)

B 4 00
b +5 .70

and 3;, = §;, +13j0 —bj,. Notice that D(S) < R—i—‘
and s1gn( 5k )) = sign (b(k)) for all (jo,k) €

Supp (3;,) since 51gn( (k)) = sign (b( ') for all
(Jo, k) € Supp (8,). Smce S+ B =25+Band
Bialloe = [B57)] + [557| and 5l < 113501 +

(3] 2) (] ] ).

— gt
Jo

a contradiction to the optimality of (B, S), due to

the fact that A\, ([%—‘ — ) < As L J < Ap.

ow,

(P3) If j ¢ RowSupp(B) then the result is trivial.
Suppose there exists (jo,ko) € Supp(S) with
jo € RowSupp(S) such that bgf‘)) < 1bjo llso-

Let B,S € RP*" be matrices equal to B,S in all

entries except for the entry correspondm to the
1ndeX (.707 ko) Let b(k(]) = o Slgl‘l fb( O)) lf
~(k Ak oy o0 k o

B0 500 2 gl and B = ) 80




otherwise. Let é(ko) = + bjko) bgfo),

5jo
B+5S = B+5 and ||b], b,
1550ll; < Il350l;, it is a contradiction to the optimality

of (B,9).

(ko) .
gko) Since

and

(P4) If j ¢ RowSupp(B) or j ¢ RowSupp(S) the result is
trivial. Suppose there exists a row jo € RowSupp(B) N
RowSupp(S) such that the result does not hold for that.

Let k* =

RPX"™ be matrices equal to B, S in all entries except for
the row jp and

S (k) N
argmax{k:(jﬁk)%sllpg(g)}‘bj ‘ Let B,S €

b (jo, k) € Supp(S)

ow,

) _ sign (3§§)>
i =

.Since B+S5 = S+ B
o and by (P2) and (P3),
. 5 2 2 (k" :
Iially < Mol + ([32] = 1) ([ ]| = [o587]). s
is a contradiction to the optimality of (B, S), due to the

fact that A, ([ 32] = 1) < A3 ] < n.

and §j0 = ‘§jo +ZA) b
and ||lv)j0||OO = [pt*D

This concludes the proof of the lemma.

APPENDIX C
PROOF OF LEMMA 3

On the contrary, assume that (S B) is the unique solution.
Take a 1on-zero row b;, with jo € RowSupp(B). If

‘ ’ < d, then let B’,S' € RPX" be two matrices
equal to B S except on the row jp and let Bjo = 0 and
3, = bj, + &j,. Then, (B, S) are strictly better solutions than
(B, S). This contradicts the optimality of (B,S). Hence,
M;, (B)‘ > d. with similar argument we can conclude that

Sjo

<d.
0

S s(k)
If’ Jo (jo,k) €Supp(S) ‘Sjo and
B(6),S5(5) € RP*" be two matrices equal to B, S except for
the entries indexed (jo, k) € Supp(S) and let Bgf) = b;];) +
dsign (b( )) and s(k) A(k 651gn( 5k )) for all (jo,k) €
Supp(S). Then, (B((S)7 5(5)) is another solution to (2). This
contradicts the uniqueness of (B, S5).

If ||,

=d,thenlet 0 < § < min
0

< d, then using Lemma 2 and Equation 6, we
0
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have
p[

M; (B)( >d+ 1]

T

M i

e o] =4+

i=1
r—d
=>P [Hkl,‘..,kiﬂeMjo(B) Vi=1,...,i+1:
=1
B0+ 580 = [
N~
0
r—d
= ]P’|:3k1, .,k¢+1€MjO(B) Vi=1,...,i4+1:
=1
pr (k1) %(kz)‘ H[;H
J +SJ +||bi o
r—d
—Zp[akl, kip1€EM(B) Yim=1,...,i+1:
i=1
kvn
|AS0] = g + AL )] 0.

In above equation Cy, . are some constants. The last conclu-
sion follows from the fact that A *)>5 are continuous Gaussian
variables and the cardinality of this event is less than the
cardinality of the space they lie in. Hence, ’MJO(B)' =d.

Let 0 < 0 < |jbj, |l and B(5),5(5) € RP*" be two
matrices equal to B,S except for the entries 1ndexed (]07 k)
for k € M;,(B) and let b(k) = bk) 0 and § = s )
for all k € M;,(B). Then (5’(5),5'(6)) is arlother SO]U.thIl
to (2). This contradicts the uniqueness of (B, .S).

APPENDIX D
COORDINATE DESCENT ALGORITHM

We use the coordinate descendent algorithm described as
follows. The algorithm takes the tuple (X,Y, A5, \p, €, B, S)
as input, and outputs (B, S). Note that X and Y are given
to this algorithm, while B and S are our initial guess or
the warm start of the regression matrices. € is the precision
parameter which determines the stopping criterion.

We update elements of the sparse matrix S using the
subroutine UpdateS, and update elements in the block sparse
matrix B using the subroutine UpdateB, respectively, until
the regression matrices converge. The pseudo code is in
Algorithm 1 to Algorithm 3.

A. Correctness of Algorithms

In this algorithm, B is the block sparse matrix and S is
the sparse matrix. We alternatively update B and S until
they converge. When updating S, we cycle through each
element of S while holding all the other elements of S and
B unchanged; When updating B, we update each block B;
(the coefficient vector of the jt* feature for r tasks) as a
whole, while keeping .S and other coefficient vector of B fixed.



Algorithm 2 Our Model Solver

Input: X,Y, )\b, As, B, S and ¢
Output: S and B

Initialization:
for j=1:pdo
for k=1:rdo
(k) - <X(k) y(k)>
for i=1:pdo
d®) — (x, xM)
end for
end for
end for

Updating:

loop
S < UpdateS(c;d; \s; B; S)
B + UpdateB(c;d; \p; B; S)
if Relative Update < e then

BREAK

end if

end loop

RETURN B=B, S= S

Algorithm 3 UpdateB

Input: c, d, Ay, B and S

Output: B
Update B using the cyclic coordinate descent algorithm for
01/l while keeping S unchanged.

for j =1: pdo
for k=1:rd

o (e 5, 00+ 50)a) fa) — o
if >, \aj | < Ay then

bj ~—0
else

1> (o] > - > o]
(kﬂl)
)|

)\b)/m

Sort « to be |a
m* = arg maX1§m§r(Zk:1
fori=1:rdo
if i > m* then
bk oz(-ki)
J
else .
ks slgn(a ° ki)
0 D ()
end if
end for
end if
end for
end for
RETURN B
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Algorithm 4 Update-S
Input: c, d, \s;, B and S
Output: S
Update S using the cyclic coordinate descent algorithm for
LASSO while keeping B unchanged.
for j=1:pdo
for k=1:rdo
ag-k) +— (cgk) - Z#j(bgk) +
if [a{")] < X, then
sf ~—0
else
Sf — ozyc) - )\ssign(oz;k))
end if
end for
end for
RETURN S

3,3 Si

k k k
Y e

For updating B, the subproblem is updating B;

; 1

b = argnll)in - b§.k))(](-k)H2 + Ao lbj]00 (8)

partial residual vector r§-k) =

— Zl(sl(k)Xl(k)), the correctness

If we take the
k) v (k
y® = P x)

of this algo]rithm will directly follow from the correctness of
coordinate descent algorithm of ¢; /¢, in [23, 24]. With the
same argument, the correctness of the Algorithm 3 can be
proven.



