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Abstract

We consider the following signal recovery prob-
lem: given a measurement matrix & € R"*P and
a noisy observation vector ¢ € R™ constructed
from ¢ = ®0* 4 € where ¢ € R™ is the noise
vector whose entries follow i.i.d. centered sub-
Gaussian distribution, how to recover the signal
0* if D* is sparse under a linear transformation
D € R™*P? One natural method using convex
optimization is to solve the following problem:

1
min 2|80 — cf|* + A D]l

This paper provides an upper bound of the es-
timate error and shows the consistency property
of this method by assuming that the design ma-
trix @ is a Gaussian random matrix. Specifically,
we show 1) in the noiseless case, if the condition
number of D is bounded and the measurement
number n > Q(slog(p)) where s is the sparsity
number, then the true solution can be recovered
with high probability; and 2) in the noisy case,
if the condition number of D is bounded and
the measurement increases faster than slog(p),
that is, slog(p) = o(n), the estimate error con-
verges to zero with probability 1 when p and s
go to infinity. Our results are consistent with
those for the special case D = I, (equiva-
lently LASSO) and improve the existing analy-
sis. The condition number of D plays a critical
role in our analysis. We consider the condition
numbers in two cases including the fused LASSO
and the random graph: the condition number in
the fused LASSO case is bounded by a constant,
while the condition number in the random graph
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case is bounded with high probability if % (.e.,

#ﬁ,ee‘f:x) is larger than a certain constant. Numeri-

cal simulations are consistent with our theoretical
results.

1. Introduction

The sparse signal recovery problem has been well studied
recently from the theory aspect to the application aspect
in many areas including compressive sensing (Candes &
Plan, 2009; Candeés & Tao, 2007), statistics (Ravikumar
et al., 2008; Bunea et al., 2007; Koltchinskii & Yuan, 2008;
Lounici, 2008; Meinshausen et al., 2006), machine learn-
ing (Zhao & Yu, 2006; Zhang, 2009b; Wainwright, 2009;
Liu et al., 2012), and signal processing (Romberg, 2008;
Donoho et al., 2006; Zhang, 2009a). The key idea is to use
the #; norm to relax the ¢; norm (the number of nonzero
entries). This paper considers a specific type of sparse
signal recovery problems, that is, the signal is assumed to
be sparse under a linear transformation D. It includes the
well-known fused LASSO (Tibshirani et al., 2005) as a spe-
cial case. The theoretical property of such problem has not
been well understood yet, although it has achieved success
in many applications (Chan, 1998; Tibshirani et al., 2005;
Candes et al., 2006; Sharpnack et al., 2012). Formally, we
define the problem as follows: given a measurement ma-
trix & € R"*P (p > n) and a noisy observation vector
¢ € R" constructed from ¢ = ®6* + ¢ where ¢ € R"” is
the noise vector whose entries follow i.i.d. centered sub-
Gaussian distribution', how to recover the signal 6* if D@*
is sparse where D € R™*P is a constant matrix dependent
on the specific application>? A natural model for such type

"Note that this “identical distribution” assumption can be re-
moved; see Zhang (2009a). For simplification of analysis, we
enforce this condition throughout this paper.

2We study the most general case of D, and thus our analysis
is applicable for bothm > porm < p.
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of sparsity recovery problems is:
o1 2
min s |20 — | + | Dol 1)

The least square term is from the sub-Gaussian noise as-
sumption and the second term is due to the sparsity re-
quirement. Since this combinatorial optimization problem
is NP-hard, the conventional ¢; relaxation technique can
be applied to make it tractable, resulting in the following
convex model:

1
min : o [[@0 = c|* + A|[DO . )

Such model includes many well-known sparse formula-
tions as special cases:

e The fused LASSO (Tibshirani et al., 2005; Friedman
et al., 2007) solves

) 1
min: o[ @0 —cf” + A [0l + Ao [| QO 3)
where the total variance matrix Q € R®@-1xp

is defined as Q@ = [Lp_1)xp-1);0p-1] —
[Op_l; I(p—l)x(p—l)}, that is,

1 -1 0 0
0 1 -1 0
Q: eee
0 0 1 -1

One can write Eq. (3) in the form of Eq. (2) by letting
A = 1 and D be the conjunction of the identity matrix
and the total variance matrix, that is,

)\11><
D= P
]

e The general K dimensional changing point detection
problem (Candes et al., 2006) can be expressed by

ARy

(31,02, i )ES

2
(9117127'“ ik T Ciyyig, ,ZK) +

Ih—11>—1 Ig—1

AD TN T (Oirinine = i tim i I
11=115=1 =1

o Oy iy e = O i ire+1])

“)
where § € RI1>*12xIx i5 3 K dimensional tensor
with a stepwise structure and S is the set of indices.
The second term is used to measure the total variance.
The changing point is defined as the point where the
signal changes. One can properly define D to rewrite

Eq. (4) in the form of Eq. (2). In addition, if the struc-
ture of the signal is piecewise constant, then one can
replace the second term by

I1—11>—-1 ITr—1

A Z Z Z (|29i1,i2,"',ix

11=2i9=2  ig=2
Oiy—Lyin, i | oo 1205 in ik

It can be written in the form of Eq. (2) as well.

= 0i 41,00, i —

= 0iy i i1 — O g, i —1

e The second term of (4), that is, the total variance, is
defined as the sum of differences between two neigh-
boring entries (or nodes). A graph can generalize this
definition by using edges to define neighboring entries
rather than entry indexes. Let G(V, E) be a graph.
One has

. 1 2
63&1‘1‘1/‘ : §HCI)9_CH + A Z 0; — 651, (5)
(i,9)€EE

where >°; o |0; — 0] defines the total variance

over the graph G. The k" edge between nodes i
and j corresponds to the k" row of the matrix D €
RIZI=IVI with zero at all entries except Dy; = 1 and
Dy; = —1. Taking ® = I, one obtains the edge
LASSO (Sharpnack et al., 2012).

This paper studies the theoretical properties of problem (2)
by providing an upper bound of the estimate error, that is,
|6 — 6| where  denotes the estimation. The consistency
property of this model is shown by assuming that the design
matrix ® is a Gaussian random matrix. Specifically, we
show 1) in the noiseless case, if the condition number of D
is bounded and the measurement number n > Q(slog(p))
where s is the sparsity number, then the true solution can
be recovered under some mild conditions with high prob-
ability; and 2) in the noisy case, if the condition number
of D is bounded and the measurement number increases
faster than slog(p), that is, n = O(slog(p)), then the
estimate error converges to zero with probability 1 under
some mild conditions when p goes to infinity. Our results
are consistent with those for the special case D = Iy,
(equivalently LASSO) and improve the existing analysis in
(Candes et al., 2011; Vaiter et al., 2013). To the best of our
knowledge, this is the first work that establishes the con-
sistency properties for the general problem (2). The condi-
tion number of D plays a critical role in our analysis. We
consider the condition numbers in two cases including the
fused LASSO and the random graph: the condition number
in the fused LASSO case is bounded by a constant, while
the condition number in the random graph case is bounded
with high probability if 2+ (that is, Ivee‘itg:x) is larger than a
certain constant. Numerical simulations are consistent with
our theoretical results.
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1.1. Notations and Assumptions
Define

R2dE
heR xH(Yil) |[h]2
IIwn)?
heRM xH(Y,l2) Hh||2 ’

Pyl l2) =

pE/,Y(ll’ lo) =

where [; and [» are nonnegative integers, Y is the dictio-
nary matrix, and H(Y,l3) is the union of all subspaces
spanned by /5 columns of Y':

H(Y, 1) = {Yu | ollo < l2}.

Note that the length of h is the sum of /; and the dimension
of the subspace H (which is in general not equal to [5). The
definition of py, (11, 12) and py, (11, l2) is inspired by the
D-RIP constant (Candes et al., 2011). Recall that the D-RIP
constant &4 is defined by the smallest quantity such that

(1= da)lIl* < 1 TR)* < (L+38a)[R]* ¥ h e HY,l2).

One can verify that §; = max{p} (0,l2) — 1,1 —
Py.y(0,12)} if ¥ satisfies the D-RIP condition in terms of
the sparsity /o and the dictionary Y. Denote pJ‘Iﬁy(O7 l2)
and py, y(0,12) as p$7y(lg) and py, y (I2) respectively for
short.

Denote the compact singular value decomposition (SVD)
of Das D = UZVBT. Let Z = UX and its pseudo-
inverse be ZT = 71U One can verify that Z+Z = I.
Omin (D) denotes the minimal nonzero singular value of D
and oy, (D) denotes the maximal one, that is, the spectral
norm || D||. One has owyin(D) = omin(Z) = 0,1 (Z7)
and Opax (D) = Omax(Z) = oL (Z7F). Define

Umax(D) _ Umax(Z)
Jmin(D) N O'min(Z).

Let Ty be the support set of D8*, that is, a subset of
{1,2,--- ,m}, with s := |Tp|. Denote T as its comple-
mentary index set with respect to {1,2,--- ,m}. Without
loss of generality, we assume that D does not contain zero
rows. Assume that ¢ = ®0 + ¢ where ¢ € R” and all en-
tries ¢;’s are i.i.d. centered sub-Gaussian random variables
with sub-Gaussian norm A (Readers who are not familiar
with the sub-Gaussian norm can treat A as the standard
derivation in Gaussian random variable). In discussing the
dimensions of the problem and how they are related to each
other in the limit (as n and p both approach co), we make
use of order notation. If o and /3 are both positive quanti-
ties that depend on the dimensions, we write o = O() if «
can be bounded by a fixed multiple of g for all sufficiently
large dimensions. We write @ = o(f) if for any positive
constant ¢ > 0, we have a < ¢f for all sufficiently large

R =

dimensions. We write o = §(p) if both « = O(8) and
B = O(«). Throughout this paper, a Gaussian random ma-
trix means that all entries follow i.i.d. standard Gaussian
distribution A/(0, 1).

1.2. Related Work

Candes et al. (2011) proposed the following formulation to
solve the problem in this paper:

r%in DOl st.: ||PO —¢| <e, (6)

where D € R™*P js assumed to have orthogonal
columns and ¢ is taken as the upper bound of ||e||. They
showed that the estimate error is bounded by Cpe +
C1]|(DO*)re|l1/+/|T| with high probability if \/n® €
R™*P is a Gaussian random matrix> with n > Q(slogm),
where Cjy and C are two constants. Letting T' = T and
€ = ||¢||, the error bound turns out to be Cyl|¢||. This re-
sult shows that in the noiseless case, with high probabil-
ity, the true signal can be exactly recovered. In the noisy
case, assume that ¢;’s (+ = 1,---,n) are i.i.d centered
sub-Gaussian random variables, which implies that ||¢||? is
bounded by Q(n) with high probability. Note that since the
measurement matrix @ is scaled by 1/y/n from the defini-
tion of “Gaussian random matrix” in (Candges et al., 2011),
the noise vector should be corrected similarly. In other
words, ||¢||? should be bounded by (1) rather than Q(n),
which implies that the estimate error in (Candes et al.,
2011) converges to a constant asymptotically.

Nama et al. (2012) considered the noiseless case and ana-
lyzed the formulation

min : IDO||1 s.t.: ®0 =c, (7

assuming all rows of D to be in the general position, that is,
any p rows of D are linearly independent, which is violated
by the fused LASSO. An sufficient condition was proposed
to recover the true signal 8* using the cosparse analysis.

Vaiter et al. (2013) also considered the formulation in
Eq. (2) but mainly gave robustness analysis for this model
using the cosparse technique. A sufficient condition [dif-
ferent from Nama et al. (2012)] to exactly recover the true
signal was given in the noiseless case. In the noisy case,
they took A to be a value proportional to ||e|| and proved
that the estimate error is bounded by Q(||¢||) under certain
conditions. However, they did not consider the Gaussian

ensembles for ®; see (Vaiter et al., 2013, Section 3.B).

3Note that the “Gaussian random matrix” defined in (Candes
et al., 2011) is slightly different from ours. In (Candes et al.,
2011), ® € R™*? is a Gaussian random matrix if each entry of
® is generated from N'(0,1/n). Please refer to Section 1.5 in
(Candes et al., 2011). Here we only restate the result in (Candes
etal., 2011) by using our definition for Gaussian random matrices.
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The fused LASSO, a special case of Eq. (2), was also stud-
ied recently. The sufficient condition of detecting jump-
ing points is given by Kolar et al. (2009). A special fused
LASSO formulation was considered by Rinaldo (2009) in
which ¢ was set to be the identity matrix and D to be the
combination of the identity matrix and the total variance
matrix. Sharpnack et al. (2012) proposed and studied the
edge LASSO by letting ® be the identity matrix and D be
the matrix corresponding to the edges of a graph.

1.3. Organization

The remaining of this paper is organized as follows. To
build up a uniform analysis framework, we simplify the
formulation (2) in Section 2. The main result is presented
in Section 3. Section 4 analyzes the value of an impor-
tant parameter in our main results in two cases: the fused
LASSO and the random graph. The numerical simulation
is presented to verify the relationship between the estimate
error and the condition number in Section 5. We conclude
this paper in Section 6. All proofs are provided in the long
version of this paper (Liu et al., 2013).

2. Simplification

As highlighted by Vaiter et al. (2013), the analysis for a
wide D € R™*P (thatis, p > m) significantly differs from
a tall D (that is, p < m). To build up a uniform anal-
ysis framework, we use the singular value decomposition
(SVD) of D to simplify Eq. (2), which leads to an equiva-
lent formulation.

Consider the compact SVD of D: D = U EVBT where U €
R™*7, ¥ € R™7(r is the rank of D), and Vg € RP*". We
then construct V,, € RP*(P=7) guch that

Vi=[ V. V3 ]eRP¥

is a unitary matrix. Let 5 = V40 and o = V6. These
two linear transformations split the original signal into two
parts as follows:

2
+MUSVS 6],

®)

1 Vi
min 2H Vo VB]{VT ]H—C

2
+AUEB @)

H[cpva V) [ g } —c

|[Aa + BB — c|* + M| 281 (10)

N = N

where A = ®V, € R™P=") B = ¢V € R,
and Z = UYL € R™%". Let &,/ be the solution of

Eq. (10). One can see the relationship between & and f3:
—(ATA)~1AT(BB — ¢),* which can be used to fur-

“Here we assume that AT A is invertible.

ther simplify Eq. (10):

min : f(6) := fH(I A(ATA) AT (BB=) [P+ A1 281
Let

X =(I-AATA)ATB
and

y=(I—AATA)tAT)c.

We obtain the following simplified formulation:
) 1
min: f(8) = 51X8 —yl* + A28, AD

where X € R"*" and Z € R™*".

Denote the solution of Eq. (2) as 0 and the ground truth as
0*. One can verify § = V[aT 3T]T. Define a* := VI 6*
and 5* = VBT 6*. Note that unlike & and 3 the following
usually does not hold: a* = —(ATA)"1AT(BB* — ¢).
Leth=/3—*andd = & — o*. We will study the upper
bound of ||§ — 6*| in terms of ||h|| and ||d|| based on the
relationship [|6 — 6*|| < ||| + ||d]|.

3. Main Results

This section presents the main results in this paper. The
estimate error by Eq. (2), or equivalently Eq. (11), is given
in Theorem 1:

Theorem 1. Define

Wxna =px 5+ (s +1),
Wxha :=60,1,(Z)p% 4+ (s +1D)V/s/1,
Wi =5 0w (AT )™ (s + 14+ p— 1)~
p(s+l+p—r)),
Wiz i= ; O (AT Ao (/AT (U4 p — 1)
p(l+p—r)),
Omax(Z)0min(Z
e SHH,L
Wh —3\/70mm
where p* (p—r,.) and p~ (p—r, .) denote p[tLBLZ+ (p—r,.)

and piy g 7+ (p — r,.) respectively for short. Taking A >
2(ZH) T XT¢€|| o in Eq. (2), we have if AT A is invertible
(apparently, n > p — r is required) and there exists an
integer | > 9x2s such that Wxni1— Wxn oWy > 0, then

[0 — 0| < Wo/sh+||[(ATA)1ATe|  (12)

where

(1 + Wd71)Wo‘ + (Wh + de)Wg

Wy =6
0 Wxni— WxnoWe
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One can see from the proof that the first term of (12) is
mainly due to the estimate error of the sparse part 5 and
the second term is due to the estimate error of the free part
o.

The upper bound in Eq. (12) strongly depends on parame-
ters about X and Z such as p}’ZJr ONFPHONAICHN
and p~(-,-). Although for a given ® and D, X and Z*
are fixed, it is still challenging to evaluate these parameters.
Similar to existing literature like (Candes & Tao, 2005), we
assume P to be a Gaussian random matrix and estimate the
values of these parameters in Theorem 2.

Theorem 2. Assume that ® is a Gaussian random ma-
trix. The following holds with probability at least 1 —
2 exp{—Q(klog(em/k))}:

Pt (k) <VaTr—p+Q ( k log(em/k)> (13)

VP2 0) = VT =p—0 (VEloglem/k) ) . (14)

The following holds with probability at least 1 —
2exp{—Q((k +p —r)log(ep/(k +p —1)))}:

\/P[Z,B],ﬁ (p—rk) <
v+ Q(\/(k; +p—r)loglep/(k+p—r)))

15)

\/p[_A7B]7Z+ (p—rk) >
Vi = Q(/(E+ p— 1) log(ep/(k + p—1))).

(16)

Now we are ready to analyze the estimate error given in
Eq. (12). Two cases are considered in the following: the
noiseless case € = 0 and the noisy case € # 0.

3.1. Noiseless Case ¢ = 0

First let us consider the noiseless case. Since € = 0, the
second term in Eq. (12) vanishes. We can choose a value of
A to make the first term in Eq. (12) arbitrarily small. Hence
the true signal §* can be recovered with an arbitrary preci-
sion as long as Wy > 0, which is equivalent to requiring
Wxhi1 — Wxp2We > 0. Actually, when A is extremely
small, Eq. (2) approximately solves the problem in Eq. (7)
with e = 0.

Intuitively, the larger the measurement number n is, the
easier the true signal #* can be recovered, since more mea-
surements give a feasible subspace with a lower dimension.
In order to estimate how many measurements are required,
we consider the measurement matrix ® to be a Gaussian
random matrix (This is also a standard setup in compres-
sive sensing.). Since this paper mainly focuses on the large

scale case, one can treat the value of [ as a number propor-
tional to x?s.

Using Eq. (13) and Eq. (14), we can estimate the lower
bound of Wiy, 1 — Wxp, oW, in Lemma 1.

Lemma 1. Assume ® to be a Gaussian random matrix. Let
| = (10k)?s. With probability at least 1 — 2 exp{—Q((s +
l)log(em/(s+1)))}, we have

1
Wxni1—WxpaWe > ?(n +r—p)—

Q <\/(n+r —p)(s+1)log (:Tl)) | (17)

From Lemma 1, to recover the true signal, we only need

(n+7—p) > Q((s + 1) log(em/ (s +1))).

To simplify the discussion, we propose several minor con-
ditions first in Assumption 1.

Assumption 1. Assume that

e p—r < ¢n (¢ < 1) inthe noiseless case andp —r <
Q(s) in the noisy case 3;

Omax (D)

_ omax(Z)
Omin (D)

Omin (Z) 1

e the condition number Kk =

bounded;

o m = Q(p') where i > 0, that is, m can be a polyno-
mial function in terms of p.

One can verify that under Assumption 1, taking [ =
(10x)2s = Q(s), the right hand side of (17) is greater than

Q(n)—Q(y/nslog(em/s)) = Q(n)—Q(y/nslog(ep/s)).

Letting n > Q(slog(ep/s)) [or Q(slog(em/s)) if without
assuming m = €(p’)], one can have that

Wxni1— Wxn oW, > Q(n) — Q(y/nslog(ep/s)) >0

holds with high probability (since the probability in
Lemma 1 converges to 1 while p goes to infinity). In other
words, in the noiseless case the true signal can be recovered
at an arbitrary precision with high probability.

To compare with existing results, we consider two special
cases: D = I, (Candes & Tao, 2005) and D has orthog-
onal columns (Candes et al., 2011), that is, DTD = 1.

>This assumption indicates that the free dimension of the true
signal 6™ (or the dimension of the free part « € RP™") should not
be too large. Intuitively, one needs more measurements to recover
the free part because it has no sparse constraint and much fewer
measurements to recover the sparse part. Thus, if only limited
measurements are available, we have to restrict the dimension of
the free part.
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When D = 1,4, and ® is a Gaussian random matrix,
the required measurements in (Candeés & Tao, 2005) are
Q(slog(ep/s)) , which is the same as ours. Also note
that if D = I,,, Assumption 1 is satisfied automatically.
Thus our result does not enforce any additional condition
and is consistent with existing analysis for the special case
D = 1,5 ,. Next we consider the case when D has orthog-
onal columns as in (Candes et al., 2011). In this situation,
all conditions except m = (p') in Assumption 1 are satis-
fied. One can easily verify that the required measurements
to recover the true signal are Q(slog(em/s)) without as-
suming m = Q(p*) from our analysis above, which is con-
sistent with the result in (Candes et al., 2011).

3.2. Noisy Case ¢ # 0

Next we consider the noisy case, that is, study the upper
bound in (12) while ¢ # 0. Similarly, we mainly focus
on the large scale case and assume Gaussian ensembles for
the measurement matrix ®. Theorem 3 provides the up-
per bound of the estimate error under the conditions in As-
sumption 1.

Theorem 3. Assume that the measurement matrix ® is
a Gaussian random matrix, the measurement satisfies
n = O(slogp), and Assumption 1 holds. Taking \ =
CI(ZH)T XT €|l with C > 2 in Eq. (2), we have

16— 67 <Q<\/Sk’fp>, (18)

with the probability at least 1 — Q(p~!) — Q(m~1) —
Q(—slog(ep/s)).

One can verify that when p goes to infinity, the upper bound
in (18) converges to 0 from n = O(slogp) and the prob-
ability converges to 1 due to m = Q(p’). It means that
the estimate error converges to 0 asymptotically given the
measures n = O(slogp).

This result shows the consistency property, that is, if the
measurement number n grows faster than slog(p), the
estimate error will vanish. This consistency property is
consistent with the special case LASSO by taking D =
I,«, (Zhang, 2009a). Candes et al. (2011) considered
Eq. (6) and obtained an upper bound for the estimate error
Q(g/+/n) which does not guarantee the consistency prop-
erty like ours since ¢ = Q(|le]|) = Q(y/n). Their result
only guarantees that the estimation error bound converges
to a constant given n = O(slog p).

In addition, from the derivation of Eq. (18), one can sim-
ply verify that the boundedness requirement for s can ac-
tually be removed, if we allow more observations, for ex-
ample, n = O(r*slogp). Here we enforce the bound-
edness condition just for simplification of analysis and a

convenient comparison to the standard LASSO (it needs
n = O(slog p) measurements).

4. The Condition Number of D

Since « is a key factor from the derivation of Eq. (18), we
consider the fused LASSO and the random graphs and es-
timate the values of & in these two cases.

Let us consider the fused LASSO first. The transformation
matrix D is

[ Tp-xp-1) Op—1 | = [ Op-1 Lopoiyxp-1) |
PXP

One can verify that

Omin(D) = min ||[Dv|| > min |jv]| =1

[lv]l=1 lv]l=1
and

(D) = max, | Do

< mmax | [ Ip-1)xp-1) Op—1 Jv—

[ Opfl I(pfl)x(pfl) ] U” + HU“

< max | [ T Opr Jlvl+
1701 Tipmnyepmny ] ol + 1]
<3

which implies that op,in (D) > 1 and op,.x (D) < 3. Hence
we have k < 3 in the fused LASSO case.

Next we consider the the random graph. The transforma-
tion matrix D corresponding to a random graph is gener-
ated in the following way: (1) each row is independent of
the others; (2) two entries of each row are uniformly se-
lected and are set to 1 and —1 respectively; (3) the remain-
ing entries are set to 0. The following result shows that the
condition number of D is bounded with high probability.

Theorem 4. For any m and p satisfying that m > cp where
c is large enough, the following holds:

(D) _ v+ Q)
Umin(D) N \/m - Q(\/ﬁ) ’
with probability at least 1 — 2 exp{—Q(p)}.

From this theorem, one can see that

e If m = cp where c is large enough, then

= Umax(Z) _ O'max(D)
Umin(Z) O'min(D)

is bounded with high probability;

e If m = p(p — 1)/2 which is the maximal possible m,
then k — 1.
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Figure 1. Illustration of the relationship between condition number and performance in terms of relative error. Three problem sizes are

used as examples.

5. Numerical Simulations

In this section, we use numerical simulations to verify some
of our theoretical results. Given a problem size n and p and
condition number s, we randomly generate D as follows.
We first construct a p X p diagonal matrix Dy such that

. max(Diag(Dy))
D D 0 d il S =) S 7 .
iag(Do) > 0 an min(Diag(Do))

We then construct a random basis matrix V' € RP*P, and
let D = DyV. Clearly, D has independent columns and
the condition number equals to . Next, a vector x € RP
is generated such that z; ~ N(0,1),4 = 1,..., & and
rj = 0,5 = & +1,...,p. 0% is then obtained as
0* = D~ 'z. Finally, we generate a matrix ® € R"*P
with ®;; ~ N(0, 1), noise € € R™ with ¢; ~ N'(0,0.001)
and y = ®0* +e.

We solve Eq. (2) using the standard optimization package
CVX®and \is set as A = 2[/(Z1)T XT¢|| as suggested
by Theorem 1. We use three different sizes of problems,
with n € {40,100, 200}, p € {50, 150,300} and x rang-
ing from 1 to 1000. For each problem setting, 100 random
instances are generated and the average performance is re-
”T‘gf J I for evaluation, and
present the performance with respect to different condition
numbers in Figure 1. We can observe from Figure 1 that
in all three cases the relative error increases when the con-
dition number increases. If we fix the condition number,
by comparing the three curves, we can see that the relative
error decreases when the problem size increases. These
are consistent with our theoretical results in Section 3 [see

Eq. (18)].

ported. We use the relative error

6. Conclusion and Future Work

This paper considers the problem of estimating a specific

bcvxr.com/cvx/

type of signals which is sparse under a given linear trans-
formation D. A conventional convex relaxation technique
is used to convert this NP-hard combinatorial optimiza-
tion into a tractable problem. We develop a unified frame-
work to analyze the convex formulation with a generic
D and provide the estimate error bound. Our main re-
sults establish that 1) in the noiseless case, if the condi-
tion number of D is bounded and the measurement number
n > Q(slog(p)) where s is the sparsity number, then the
true solution can be recovered with high probability; and 2)
in the noisy case, if the condition number of D is bounded
and the measurement number grows faster than slog(p)
[that is, s log(p) = o(n)], then the estimate error converges
to zero when p and s go to infinity with probability 1. Our
results are consistent with existing literature for the spe-
cial case D = Iy, (equivalently LASSO) and improve
the existing analysis for the same formulation. The con-
dition number of D plays a critical role in our theoretical
analysis. We consider the condition numbers in two cases
including the fused LASSO and the random graph. The
condition number in the fused LASSO case is bounded by
a constant, while the condition number in the random graph
case is bounded with high probability if 2 (that is, %)
is larger than a certain constant. Numerical simulations are
consistent with our theoretical results.

In future work, we plan to study a more general formulation
of Eq. (2):
min : f(6) + A DO,

where D is an arbitrary matrix and f(6) is a convex and
smooth function satisfying the restricted strong convexity
property. We expect to obtain similar consistency proper-
ties for this general formulation.
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