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Abstract The paper considers several optimization problem statements for
signal sparse reconstruction problems. We tested performance of AORDA
Portfolio Safeguard (PSG) package with different problem formulations. We
solved several medium-size test problems with cardinality functions: (a) min-
imize L1-error of regression subject to a constraint on cardinality of the so-
lution vector; (b) minimize cardinality of the solution vector subject to a
constraint on L1-error of regression. We compared performance of PSG and
IBM CPLEX solvers on these problems. Although cardinality formulations
are very appealing because of the direct control of the number of nonzero vari-
ables, large problems are beyond the reach of the tested commercial solvers.
Step-down from the cardinality formulations is the formulation with the con-
straint on the sum of absolute values of the solution vector. This constraint is
a relaxation of the cardinality constraint. Medium and large problems (from
SPARCO toolbox for testing sparse reconstruction algorithms) were solved
with PSG in the following formulation: minimize L1-error subject to a con-
straint on the sum of absolute values of the solution vector. The further
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step-down in the sparse reconstruction problem formulations is the LASSO
approach which does not have any constraints on functions. With the LASSO
approach you do not know in advance the cardinality of the solution vector
and you solve many problems with different regularization parameters. Then
you select a solution with appropriate regression error and cardinality. Defi-
nitely, it is a time consuming process, but an advantage of LASSO approach
is that optimization problems can be solved quite quickly even for very large
problems. We have solved with PSG several medium and large problems
from the SPARCO toolbox in LASSO formulation (minimize L2-error plus
the weighted sum of absolute values of the solution vector).

1 Introduction

Problems considered in this paper are special cases of a broad family of ap-
proaches known as Compressive Sensing. The goal of Compressive Sensing is
to reconstruct a sparse signal from a small number of observations. Theory of
compressed sensing was first introduced by [15]. In another paper by Donoho
[16], they define a vector y = Ax in IRm, where they reconstruct vector x
given the m× n matrix A with m < n ≤ φm. Compressed Sensing is further
discussed in many other papers including [18, 11, 10]. More recent work on
compressed sensing is presented and summarized in [24]. Furthermore, many
resources including tutorials and papers about compressive sensing can be
downloaded from the website [3]. Another resource about compressive sens-
ing, involving mathematical programming formulations and codes can be
found in the website [5]. This website provides “L1-MAGIC” collection of
MATLAB routines for solving the convex optimization programs central to
compressive sampling. The algorithms are based on interior-point methods,
and are suitable for large-scale problems.

Let us consider a problem of reconstructing an n-dimensional vector x
given the m×n matrix A and the m-dimensional vector y, which is an obser-
vation (possibly noisy) of the product Ax. The most common approach for
restoration is to minimize the difference between observation y and estimation
Ax

min
x

1

2
‖y −Ax‖22. (1)

This problem has the analytical solution

x = (A′A)−1A′y, (2)

if n ≤ m and is degenerate if n > m. Here ‖v‖2 =
√∑

i v
2
i denotes the

Euclidean norm. If the noise is not normally distributed (especially if dis-
tribution has fat tails) the estimated vector x can be quite sensitive to tail
observations (outliers) of y. In this case, robust statistical approaches can be
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used. In particular, the L1-error is much less sensitive to outliers than stan-
dardly used L2-error. Therefore the following formulation of the regression
problem is a good alternative to the formulation (1).

min
x
‖y −Ax‖1, (3)

where L1 norm is defined as ‖v‖1 =
∑

i |vi|. The objective is a convex piece-
wise linear function of x and the problem can be reduced to a linear program.
This fact is important because of the availability of efficient large scale lin-
ear programming solvers and relevant numerical technologies based on linear
programming.

If the modeling of the phenomenon assumes that x vector is sparse (i.e.,
the vector has many zero components) a regularization is used to “suppress”
the irrelevant components of x. The regularization part τ‖x‖ is added to the
objective. The problem is formulated as follows:

LASSO-O

min
x

1

2
‖y −Ax‖22 + τ‖x‖, (4)

where τ sets a tradeoff between error and sparsity and is chosen based on
empirical considerations. The latter case allows to handle the ill-conditioned
formulation, where n > m and x are sparse. Using L1 norm for regularization
part is known as LASSO (least absolute shrinkage and selection operator)
technique in the literature [12, 26, 27]. LASSO approach gained popularity
because it provides sparse solutions due to properties of L1 norm.

The following two problems can be used instead of problem (4):

LASSO-I
min
x
‖y −Ax‖2, s.t. ‖x‖1 ≤ t. (5)

LASSO-II
min
x
‖x‖1, s.t. ‖y −Ax‖2 ≤ ε. (6)

Here t and ε are some predefined parameters. By variation of parameter t in
problem LASSO-I and parameter ε in problem LASSO-II we can get the
same solution vectors x as by variation of parameter τ in problem LASSO-O.

The considered minimization problems are convex which makes them com-
putationally attractive. Paper [20] efficiently solves a large size optimization
model (4) with a gradient projection algorithm.

A natural approach to sparse signal reconstructing would be to bound the
number of nonzero components (spikes) of vector x. Such a cardinality con-
straint results in nonconvex formulations. Therefore appropriate numerical
tools are needed to solve such problems.
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The goal of this paper is to formulate a signal reconstruction problem
with cardinality constraints and test the performance of existing commercial
solvers on such formulations. In our numerical experiments we generated the
data set according to the procedure described in [20].

2 Problem Formulation

First, let us define cardinality function as the number of non-zero components
of a vector, i.e.,

card(x) =

n∑
i=1

I(xi),

where I is an indicator function defined as:

I(z) =

{
1, z 6= 0;
0, otherwise.

(7)

Next let us formulate optimization problems similar to LASSO-I and
LASSO-II. We will use the robust L1 norm to quantify the difference be-
tween the observed and reconstructed outputs. The first formulation mini-
mizes the L1-error of regression.

Cardinality-I

min
x
‖y −Ax‖1 (8)

s.t. card(x) ≤ S, (9)

L ≤ xi ≤ U,∀i = 1, . . . , n, (10)

x ∈ IRn, (11)

where S is a threshold on “sparsity”, i.e., we have an a-priori knowledge that
no more than S spikes is possible in the initial signal x. L and U are upper
and lower bounds on vector x components (in the considered case, L = −1
and U = 1).

The alternative formulation is as follows:

Cardinality-II

min
x

card(x) (12)

s.t. ‖y −Ax‖1 ≤ ε (13)

L ≤ xi ≤ U,∀i = 1, . . . , n, (14)

x ∈ IRn, (15)
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Here we want to determine the signal with the minimal number of spikes that
provides us with the output within predefined accuracy ε. These two prob-
lems, Cardinality-I and Cardinality-II, can be directly optimized without
any additional programming by AORDA Portfolio Safeguard (PSG) solver.
PSG includes the L1-error, L1 norm, and cardinality functions in the list of
standard functions.

In order to use integer linear solvers such as IBM CPLEX, we rewrite
the problems Cardinality-I and Cardinality-II as mixed integer linear
programs.

The problem Cardinality-I, minimizing the error, can be equivalently
rewritten as follows:

MILP I

min
x,z,t

m∑
j=1

zj (16)

s.t. −zj ≤ yj −
n∑

i=1

ajixi ≤ zj , ∀j = 1, . . . ,m, (17)

Lti ≤ xi ≤ Uti, ∀i = 1, . . . , n, (18)
n∑

i=1

ti ≤ S, (19)

z ≥ 0, (20)

x ∈ IRn, z ∈ IRm, t ∈ {0, 1}n ∀i = 1, . . . , n. (21)

The problem Cardinality-II, minimizing the number of spikes in the initial
signal can be equivalently reformulated as follows:

MILP II

min
x,z,t

n∑
i=1

ti (22)

s.t. −zj ≤ yj −
n∑

i=1

ajixi ≤ zj , ∀j = 1, . . . ,m, (23)

Lti ≤ xi ≤ Uti, ∀i = 1, . . . , n, (24)
m∑
j=1

zj ≤ ε, (25)

z ≥ 0, (26)

x ∈ IRn, z ∈ IRm, t ∈ {0, 1}n ∀i = 1, . . . , n. (27)



6 Nikita Boyko, Gulver Karamemis, Viktor Kuzmenko, and Stan Uryasev

We also consider the relaxed version with L1-norm instead of the cardi-
nality function, which is similar to the problem LASSO-I :

Relaxed III

min
x
‖y −Ax‖1 (28)

s.t. ‖x‖1 ≤ S, (29)

L ≤ xi ≤ U,∀i = 1, . . . , n, (30)

x ∈ IRn. (31)

The last problem can be written as a linear program:

LP III

min
x,z,t

m∑
j=1

zj (32)

s.t. −zj ≤ yj −
n∑

i=1

ajixi ≤ zj , ∀j = 1, . . . ,m, (33)

L ≤ xi ≤ U, ∀i = 1, . . . , n, (34)

−ti ≤ xi ≤ ti, ti ≥ 0 ∀i = 1, . . . , n, (35)
n∑

i=1

ti ≤ S, (36)

z ≥ 0, (37)

x, t ∈ IRn, z ∈ IRm, ∀i = 1, . . . , n. (38)

The next section compares computational performance of AORDA [2] non-
linear PSG solver and MILP solver IBM CPLEX [4].

We also consider problem formulation Relaxed III D which is equivalent
to Relaxed III but all variables have lower bounds equal to 0. This fact is
very important for linear programming approach because the sparse solution
vector has almost all components equal to zero.

Relaxed III D formulation has the double set of variables. The positive
additional variables are used instead of original variables having negative val-
ues.

Relaxed III D
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min
x,z
‖y −Ax+Az‖1 (39)

s.t.

n∑
i=1

(xi + zi) ≤ S, (40)

0 ≤ xi ≤ U, 0 ≤ zi ≤ −L, ∀i = 1, . . . , n, (41)

x ∈ IRn, z ∈ IRn. (42)

The Relaxed III D formulation was used to test Car and Tank solvers
of Portfolio Safeguard on sparse problems provided by [6, 7].

3 Computational Experiments with Normally
Distributed Data

This section presents numerical experiments for relatively simple test prob-
lems with matrices of samples from normal distribution. To test the perfor-
mance of several optimization solvers based on quite different principals we
have generated the Sparse Reconstruction Problem described in [20]. The
matrix A, 1024 × 4096, is initially filled with independent standard Gaus-
sian samples and then the rows were orthogonalized. Vector x contains 160
randomly placed ±1 spikes and the observation y = Ax+ d.

Input data and solutions for Cardinality-I, Cardinality-II, and Relaxed-
III problems are available in Portfolio Safeguard (PSG) format. We also pro-
vide MILP-I and MILP-II problems in CPLEX LP format. These PSG and
CPLEX files can be downloaded from www.ise.ufl.edu/uryasev/testproblems/case studies/
CS Sparse Reconstruction/CS Sparse Reconstruction .

We report performance of AORDA Portfolio Safeguard (PSG) 64 bit ver-
sion (PSG 64 bit version runs about 50% faster than PSG 32 bit version) and
IBM CPLEX 32 bit version. Computations were conducted on PC with 2.66
MHz processor.

We have considered two cases. In the first case, we assumed the absence
of noise (i.e., d = 0). The calculation results are presented in Table 1. For
Problem Type 1 and Problem Type 3 the PSG and CPLEX solvers have
comparable performance (PSG solves these problems faster than CPLEX,
but we used 64bit version of PSG and 32 bit version of CPLEX).

In the second case we considered Gaussian noise d ∼ N(0, 10−4). The result
shown in Table 2 demonstrate that presence of noise significantly complicates
computations for both PSG and CPLEX.

The Tables 1 and 2 show that Relaxed III problem is solved quite fast by
PSG in no noise and in noisy cases (solving time is below 13 sec). Therefore,
Problem Relaxed III is a good alternative for Problem LASSO-O, which
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CPLEX PSG
Problem time objective Problem time objective
MILP I 76.64 0 Card. I 42.5 3.067e-13
MILP II * 44 Card. II 3234.24 160
LP III 18.74 0 Rel. III 12.38 1.063e-12

Table 1 Noise d = 0. Computation time in seconds for CPLEX and PSG (solver
TANK). Problem Types: I = error minimization, II = cardinality minimization, and
III = relaxed version of I. * CPLEX did not find the exact solution within 24 hours.

CPLEX PSG
Problem time objective Problem time objective
MILP I * 7.91e-5 Card. I 34.09 1.311e-4
MILP II 10793.9 160 Card. II 1925.96 160
LP III 2129.48 3.848e-5 Rel. III 10.66 1.315e-4

Table 2 Noise d ∼ N(0, 10−4). Computation time in seconds for CPLEX and PSG
(solver TANK). Problem Types: I = error minimization, II = cardinality minimiza-
tion, and III = relaxed version of I. * CPLEX crashed because of out-of-memory
status.

is standardly considered in the literature. CPLEX solver showed good per-
formance (solving time about 19 sec) for the equivalent problem LP III in
no noise case, see Table 1. In noisy case it takes CPLEX quite long to solve
(2129 sec), see Table 2. However, a faster performance of CPLEX could be
achieved if we stop it when a lower precision is achieved; CPLEX minimized
regression error with precision 3.848e-5, but PSG reported precision error
1.315e-4, see Table 1.

If number of spikes or upper bound on the number of spikes is known,
then Problem Cardinality-I is a good alternative to Problems LASSO-O
and Relaxed III. We knew (by construction of the problem) that number
of spikes equals 160. Therefore, the constraint on the number of spikes was
set to 160. PSG solves Problem Cardinality-I quite fast (solving time is
below 43 sec), see Tables 1 and 2. Moreover, the solution can be immediately
used “as it is” without eliminating small nonzero terms, as it is necessary in
Problems LASSO-O and Relaxed III. The reason for this is that Prob-
lem Cardinality-I can be considered as the “correct” formulation of the
original sparse reconstruction problem, compared to the approximate regu-
larized Problems LASSO-O and Relaxed III which are computationally
efficient “surrogates” of the original problem. CPLEX demonstrated good
performance for the equivalent formulation MILP I in no noise case (solving
time 77 sec), see Table 1, however CPLEX crashed in noisy case. The crash
can probably be prevented by solving the problem with a 64 bit version of
CPLEX or on some UNIX machine.

If precision of solution of the regression problem is specified in advance,
then Problem Cardinality-II and the equivalent Problem MILP II can be
considered. PSG solving times for Problem Cardinality-II are quite large
(3234 sec in no noise case and 1926 in noisy case), see Tables 1 and 2. CPLEX
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performed poorly for the Problem MILP II, it did not find a solution during
24 hours for the no noise case, see Table 1, and it has found solution during
1079 sec for the noisy case, see Table 2.

4 Computational Experiments with SPARCO Problems

This section presents performance of AORDA PSG solvers (64 bit) for a set
of real life problems from the SPARCO website [6, 7]. Computations were
conducted on PC with 2.83 MHz processor.

Compared to the previous section, mostly, these are real life problems
in imaging, compressed sensing, geophysics, information compressing, etc.
References to the problem sources are included in the calculation results
tables.

To access initial data we used software from [6, 7]. This site provides also
a set of operators to deal with data. For the relatively small problems we
converted all data to PSG format. The problems in PSG can be solved in
PSG MATLAB or PSG RunFile environments. Large problems were solved
with the External Function tool of PSG in MATLAB environment to avoid
generating full matrix for the regressions problem (and to save computational
time and memory).

We think that the cardinality problem formulations, such as Cardinality-
I or Cardinality-II are much better formulations than LASSO-type for-
mulations which do not directly control the cardinality of the decision vec-
tor. With the non- Cardinality formulations we need to solve the problem
many times and adjust parameters of the problem until we find the solution
with acceptable cardinality. Although the Cardinality-type formulations are
preferable, it may be quite difficult to solve them for very large dimensions.

This section solves the problems with the Relaxed III D and LASSO-
O formulations. Results of solving problems in Relaxed III D formulation
with different values of upper bound S are shown in the Table 3. For some
instances we used linearization of objective (39) to obtain fully linearized
form of Relaxed III D. The table shows that the problems with several
thousands of variables and several thousands of scenarios can be solved quite
fast when the parameter S bounding the total absolute value of nonzero vari-
ables is small. However, for large values of S, the solving time may be quite
large. The data for the problems and codes, and solutions in PSG format
and references to the original sources of information are placed to this website
www.ise.ufl.edu/uryasev/testproblems/case studies/CS Sparse Reconstruction SPARCO
/CS Sparse Reconstruction SPARCO.

For the really large problems, we have found that LASSO-O is the most
preferable problem formulation, at least with the solvers included in PSG.
Table 4 shows the calculation results for the large problems using the Ex-
ternal Function tool of PSG in MATLAB environment. This table presents
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the runs with different value of the regularization coefficient in objective.
MATLAB *.m files to prepare data, convert them to PSG format and solve
problems using either fully converting to PSG format or External Function
tool of PSG can be downloaded from
www.ise.ufl.edu/uryasev/testproblems/case studies/CS Sparse Reconstruction SPARCO
matlab/CS Sparse Reconstruction SPARCO matlab.

5 Conclusion

We have proposed an approach for solving signal sparse reconstruction prob-
lems using nonconvex formulations with cardinality functions. In the first
group of experiments, we have used test problems with matrices of samples
from normal distribution. In order to test the performance of several optimiza-
tion solvers, the Sparse Reconstruction Problem was generated which was
described in [20]. Using different principals, the problems have been solved
with AORDA Portfolio Safeguard (PSG) optimization package. Correspon-
dent MILP formulations have been used to solve equivalent problems with
IBM CPLEX optimization package and compare solvers’ performance and re-
sults were obtained. Computational experiments show that the optimization
package specialized for dealing with cardinality functions (PSG) has better
performance than general MILP package on the considered test problems.

Second group of experiments were conducted using real-life medium and
large scale problems that were downloaded from the SPARCO website [6, 7].
The problems have been solved with PSG optimization package. For the
really large problems, the most preferable formulation was founded to be
LASSO-O. Based on the computational experiments, we can conclude that
PSG is a reasonable alternative to the specially developed algorithms for the
sparse reconstruction problems, considered, for instance in [20]. The main
advantages of using PSG versus other softwares are the simplicity of the
PSG codes which have only several lines for even large-scale problems and
the transparency of formulations where pre-coded mathematical functions
are used to solve the problems.
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Problem S Objective Card Card Max Time Solver Ref.
m× n |xi| ≥1 |xi| ≥1e-3 |xi| sec

problem 2 100 1.22E+00 9 9 29.4 0.5 C [8, 14, 17]
1024× 1024 200 6.63E-01 16 16 29.4 0.6 C

400 4.42E-02 42 44 29.4 4.5 C
500 1.24E-14 67 71 43.1 2.8 C

problem 3 100 6.38E-01 2 2 69.0 0.5 T [6, 7]
1024× 2048 140 8.03E-02 6 6 90.5 4.1 T

220 2.27E-03 35 119 91.5 130.3 T
240 4.58E-14 34 1004 90.5 460.3 Cfl

problem 5 100 1.00E+00 3 3 56.4 0.5 C [6, 7]
300× 2048 140 2.71E-01 4 39 66.5 8.0 T

170 5.79E-02 15 127 67.6 41.1 Cfl
200 1.91E-14 15 299 68.1 3.6 Cfl

problem 6 170 1.41E+02 14 14 35.1 1.4 T [13]
600× 2048 800 6.62E+01 64 85 57.5 56.5 T

1700 1.59E+00 115 423 76.6 185.9 Cfl
2000 3.77E-12 285 601 78.2 30.9 Cfl

problem 7 3 5.81E-02 0 13 0.65 2.3 C [9]
600× 2560 10 3.39E-02 0 20 0.79 7.9 C

17 1.02E-02 0 20 0.94 12.8 C
20 1.37E-13 9 20 1.00 1.6 C

problem 8 5 4.94E-02 0 19 0.63 6.0 T [9]
600× 2560 15 1.64E-02 0 20 0.87 11.9 T

19 3.29E-03 0 20 0.97 11.6 T
20 1.36E-13 12 20 1.00 1.2 T

problem 9 15 3.14E-01 5 7 4.3 0.01 C [14, 17]
128× 128 30 9.30E-02 9 10 5.0 0.02 C

40 7.81E-03 12 12 5.0 0.02 C
45 2.92E-13 12 12 5.0 0.04 C

problem 10 600 1.32E-01 10 10 121.5 0.5 C [14, 17]
1024× 1024 800 6.10E-02 11 11 121.5 0.6 C

950 1.15E-02 12 12 131.7 0.7 C
1000 1.64E-12 14 14 149.2 143.1 C

problem 11 15 1.22E+00 8 28 1.94 3.1 C [6, 7]
256× 1024 20 5.18E-01 10 45 2.10 6.5 T

23 1.29E-01 11 58 2.17 35.5 Cfl
25 2.53E-14 11 221 2.18 31.6 Cfl

problem 601 100 6.48E+00 15 26 23.2 81.4 C [25]
3200× 4096 200 2.78E+00 46 173 23.2 1965.1 V

300 8.42E-01 63 836 23.2 2894.0 V
400 9.18E-08 7 3478 23.2 509.2 V

problem 602 200 6.80E+00 40 209 15.9 1874.2 V [25]
3200× 4096 400 2.99E+00 85 728 16.1 2906.6 V

600 3.60E-01 130 1060 16.3 2982.0 V
700 9.71E-05 142 3964 16.2 272.6 V

problem 603 50 3.35E-01 4 4 24.4 2.2 C [20]
1024× 4096 100 1.75E-01 12 16 30.9 10.7 C

200 4.16E-02 30 294 31.0 1150.4 Cfl
300 2.32E-14 39 1019 32.4 391.0 Cfl

problem 902 0.2 2.32E-02 0 1 0.20 0.07 C [21, 22, 23]
200× 1000 0.5 1.86E-02 0 3 0.40 0.12 C

1.5 3.60E-03 0 3 0.78 0.12 C
2.0 3.12E-14 0 5 0.87 26.30 C

problem 903 5 6.17E-01 3 6 1.18 0.6 C [19]
1024× 1024 7 4.06E-01 3 11 1.47 1.4 C

12 9.92E-02 6 48 2.19 29.7 T
13 9.18E-05 6 17 2.19 10.7 C

Table 3 Calculation results for medium-size SPARCO problems in Relaxed III D
form. S = upper bound; Card |xi| ≥1 = number of variables with absolute value
greater than 1; Card |xi| ≥1e-3 = number of variables with absolute value greater
than 1e-3; Max |xi| = maximum value of |xi|; Solver: C = Car PSG solver, T = Tank
PSG Solver, V=Van PSG Solver; Cfl = Car PSG sovler with full linearization; Tfl =
Tank PSG solver with full linearization
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Problem τ Objective Card Card Max Time Ref.
m× n |xi| ≥1 |xi| ≥1e-3 |xi| sec

problem 3 10 1.308E+03 2 2 80.2 0.02 [6, 7]
1024× 2048 1 1.780E+02 5 38 89.3 0.05

0.1 2.164E+01 29 111 90.3 0.18
0.01 2.217E+00 35 121 90.5 2.57

problem 5 10 1.226E+03 3 3 57.2 0.04 [6, 7]
300× 2048 1 1.580E+02 4 33 66.8 0.17

0.1 1.778E+01 18 109 67.8 1.67
0.01 1.810E+00 23 156 67.9 19.24

problem 6 10000 9.652E+06 35 37 57.1 0.8 [13]
600× 2048 1000 1.586E+06 102 175 74.3 3.6

100 1.722E+05 118 405 77.0 36.8
10 1.745E+04 121 555 77.6 385.6

problem 7 0.2 2.252E+00 0 14 0.64 0.07 [9]
600× 2560 0.1 1.562E+00 0 20 0.82 0.10

0.05 8.905E-01 0 20 0.91 0.11
0.02 3.825E-01 0 20 0.96 0.15

problem 8 0.2 4.381E+00 0 13 0.37 0.09 [9]
600× 2560 0.1 3.799E+00 0 20 0.68 0.11

0.05 3.156E+00 0 20 0.84 0.13
0.01 2.470E+00 0 20 0.97 0.23

problem 401 2 2.431E+02 1 9 1.45 1.2 [1]
29166× 57344 1 2.273E+02 6 121 2.43 3.1

0.5 1.849E+02 25 497 2.93 8.2
0.2 1.152E+02 37 1713 3.40 23.5

problem 402 2 2.643E+02 1 10 1.45 1.8 [1]
29166× 86016 1 2.473E+02 6 137 2.43 4.4

0.5 2.007E+02 26 545 2.93 13.9
0.2 1.248E+02 37 1898 3.40 32.1

problem 403 10 1.124E+04 57 65 10.6 2.7 [6, 7]
196608× 196608 3.3 6.174E+03 119 122 20.2 3.0

0.33 1.136E+03 277 970 25.5 10.0
0.1 4.802E+02 449 5591 25.8 35.2

problem 601 10000 8.474E+05 4 4 22.7 420.7 [25]
3200× 4096 1000 1.948E+05 26 60 23.1 598.0

500 1.187E+05 38 124 23.1 808.1
200 5.741E+04 54 288 23.1 1460.1

problem 602 1000 3.165E+05 37 132 16.1 543.6 [25]
3200× 4096 500 2.086E+05 68 335 16.2 848.9

200 1.049E+05 95 717 16.2 1117.9
100 5.745E+04 110 859 16.2 2038.8

problem 603 2 1.893E+02 5 5 25.6 0.20 [20]
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Table 4 Calculation results for medium and large size SPARCO problems in
LASSO-O form using External Function tool of PSG. τ = regularization coeffi-
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