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Abstract

In the field of compressed sensing, ¢;_s-minimization model can recover the sparse signal well. In
dealing with the ¢;_s-minimization problem, most of the existing literatures use the DCA algorithm to
solve the unrestricted ¢1_»-minimization model, i.e. model (2). Although experiments have proved that the
unrestricted ¢;_s-minimization model can recover the original sparse signal, the theoretical proof has not
been established yet. This paper mainly proves theoretically that the unrestricted £;_s-minimization model
can recover the sparse signal well, and makes an experimental study on the parameter A in the unrestricted
minimization model. The experimental results show that increasing the size of parameter A in model (2)
appropriately can improve the recovery success rate. However, when \ is sufficiently large, increasing A will
not increase the recovery success rate.
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1 Introduction

Compressed sensing is an effective data recovery technology. It mainly recovers high-dimensional unknown
signals from low-dimensional measurement by finding the sparse solution. Its mathematical model can be
expressed as

i .t. Ax =
min flzflo s T =y,

where A € R™*™ is the measurement matrix, y is the measurement, ||z||o represents the number of non-zero
components in x, and m < n. We call the above mathematical model fp-minimization model.

The fp-minimization problem is NP-hard and thus computationally infeasible in high dimensional sets [1].
In order to solve the fp-minimization problem, a popular method is to replace it with ¢;-minimization model.
The mathematical expression of £;-minimization model is

min
reER"

z||1 s.t. Az =y,

where ||z||; = i, |z|. The existing literature has shown that when the measurement matrix meets certain
properties, such as null space property [1,2], coherence [8], cumulative coherence [9], restricted orthogonality
constant [7] and restricted isometry property [3-6], ¢;-minimization model can well solve the £y-minimization
problem.

Although ¢;-minimization problem has considerable results, it is not exactly equivalent to ¢y-minimization
problem [10,11]. Hence, ¢;_o-minimization problem [12-15] has been put forward to replace ¢1-minimization
problem in whice case f1-minimization problem does not execute well.

The mathematical expression of ¢1_s-minimizatiol model is as follows:

argmin ||z||1 — ||z]|2 subject to Az =y, (1)
TER™

where ||z[]2 = /Y i, |@i|?. Its unrestricted model is as follows:

min
reER?

A
2l = llzlls + SllAz - yl3 2)

Existing literature has shown that ¢;_s-minimizatiol model has stronger ability to recover the original data
than ¢;-minimizatiol model [14,15]. However, because the ¢; _o-minimizatiol model is a nonconvex optimization
problem, it is not so easy to solve this model. At present, paper [13] uses the DCA algorithm to solve the
unrestricted ¢;_o-minimizatiol model. Although the experimental results show that their algorithm is very
effective, the theoretical proof that the unrestricted ¢;_s-minimizatiol model can recover the original data has
not been established yet. Therefore, it is very meaningful to establish a theory to prove that the unrestricted
{1 _o-minimizatiol model can recover the original data. The main content of this paper is to establish this result.
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The main contribution of this paper includes two aspects. (i) We theoretically prove that the unrestricted
¢1_o-minimizatiol model can effectively restore the original sparse data; (ii) We use DCA algorithm to study
the influence of the size of parameter A\ on the experimental results. It is found that increasing the size of
parameter A in model (2) appropriately can improve the recovery success rate. However, when X is sufficiently
large, increasing A will not increase the recovery success rate.

2 Preliminary

In this paper, we denote [n] = {1,2,---n}, supp(x) = {i|lz; # 0}. S C [n] is a subscript set. S is the
complement of S. |S] is the cardinal of S. xg is a vector related to x, meaning (xzg); = x; for i € S, and
otherwise (z5); = 0. AT is transpose of A.

Definition 1 For S C [n] and each number s, s-restricted isometry constant of A is the smallest §; € (0,1)
such that
(1 =03 < | A[l3 < (1 + 853

for all subsets S with |S| < s and all ||z||o < s. The matriz A is said to satisfy the s-RIP with ds.

3 main
In this section, we give the theoretical results.

*

Theorem 1 Suppose xq is s-sparse vector with S = supp(xg), x* is a solution of (2) with y = Az + e, where
llella = €, if matriz A satisfies some s + s1-RIP with sy, such that

Vs —1 Vs+1 0

(1- (SSJFSI)T\/E -1 +5sl)m >

then we have
2" = xoll2 < Ce, (3)

where C' is a constant.
Proof: Since z* is a solution of (2), then we have
* * A * 2 )\ 2 4
2% [l = ll2*ll2 + 5 [ Az" = yll2 < llzolls = llzollz + S| Ao — ylf2- (4)
Setting v = z* — g, (4) yields that
* 2 2 2 * *
142" =yl = llAzo = yllz < T llwolls = lle™ 1 = llzoll2 + ll2"[|2)

2
< S(lwolls = Jwo +vs +vglls + [[vll2) = < (l@olls = [|wo + vslls — [Jvglls + [[v]l2) (5)

>

=2
2
< 3 (lvslly = llvglly + [lv]l2).

On the other hand, for any o € R™, 8 € R™, t > 0, it holds that

1

(o~ 181) + 5y

18113 (6)

—lla = Bl3 <

o~ | =

Taking o = Az* — y, B = Az — y, and by the fact ||Azo — y||2 = € and (5), we obtain

1, 1
Ao)2 < LAzt — )2~ Azo — D) + Ao — 42
t tt+1)
(1)
< 2 (luslh = sl + o]l2) + o e?
—_ v — || V& v €.
s HUlvsih 5l 2 TOE)

Since |S| < s, Cauchy-Schwarz inequality yields ||vs||1 < v/s||vs|l2- So (7) implies that

tA A
vl < Vslvsll2 + [Jv]l2 + 5”14””% + mﬁQ- (8)



Since (8) holds for all ¢ > 0, hence by taking ¢t = 0, we can get
A
logll < Vsllvsllz + oll + 5 9)
Now, we estimate || Av||3. Note that for any r > 0, it holds that

1
lae= B3 < (14 n)llel3 + (1+ )85

We apply above result to Av = Az* —y — (Azo —y) and combine with (5) ant the fact ||Azo —y||2 = € to obtain
1
14v][3 < (1+7)[[Az" = yl5 + (14 ~) | Azo — w3

= (14 7)(||Az" = y|3 — | Azo — yll3) + 2+ 7+ wAm—yM

< (14 )3 (sl = loglh + oll2) + @+ + 7)e? (10)
< (1473 (Vallslla + o) + 24+ 1)
2045+ 1)

1
ollz + 2+ 7+ —)e?

Now we divide S into subsets of size s1. Suppose S = {k1, ko -+ ky_ g} with [vg,| > |vg,| for all 1 <i < j <

n—|S]. Let S ={k;: (j—1)s1 +1 <1< js1},j=1,2,---. Then we have |vs, ,[lcc < —— ”US s , which yields
Vs . 2 Vs .
vs,.1 15 < ! ji”l = (”527”1)2. Therefore
Z||US‘||2 < ZH vs; = —=llvgll- 11
j=2 ' J>1 \/7 ( )
Thus, it follows from (9) that
S llos,ll2 < —=(Vallsla + ol + 2¢2) (12)
i>2 VL
Detoting S U Sy by Sp1, then we obtain
[vll2 < l[vse 2+ Y llvs, ll2
i>2
1 A
< [[vso ll2 + ﬁ(\/g||715||2 + [lvfl2 + 56 ) (13)
5 2
< (1 —
<( +\/51)HU501||2+ \/»H vlj2 + \/»
Thus, we can get
Vs1i—1 Ae?
P S — -, 14
|Avllz > [ Avarll2 = Y [|Avs, |12
j=2
> /1= 6apsllvorlla = V1465, D llvs,ll2
i>2
> (1= Gsssy)|lvorll2 — (1 +6,) Z [vs; 2
i>2
> (1= beealvorlle — (1 4+ 60) (—=(v3ls |2 + 0]l + 5¢%)) 15
> s+s1)||vo1 ]2 S~ sll2 2t 3 (15)
NG | A
2 (1= 0sps, —(1+ 651)7)”7)01”2 -1+ 551)(\/757(||UH2 + 562))
NN A2 1 A,
> 1_65 s 1 65 - -1 (55 p— —
> ( +s — (14 1)\/5)(\/5_1_\/5“””2 2\/»+2\/§) (1+ 1)(\/5(””“24' 5 € )
o1 f+1 6y e (14 080,)v/E1 A2
T e e e AL

V51 + /s 81+ /518



. s1—1 s 1—6s; 45 (1405,)+/5 € _ 2(1+4r s+1 _
Setting a = (1_53+51)%_(1+531)\/gf/§’ b= (\/§+;§+ 81+\/§)%’ ¢= %, d=(2+r+7y),
we know that b, ¢, d are all positive numbers. In addition, the conditions in the theorem show that a > 0.

Combine (10) and (15), we have
allv]|2 < /cel|v||2 + de? + be. (16)

Setting z = HU€H2, then (16) is equivalent to

ar —b < Ver+d. (17)

Figure 1 shows the images of function ax — b and function v/cx + d when a, b, ¢, d are positive numbers. Figure
1 shows that there is a unique constant z; such that axy — b = v/cx1 + d and shows that when 0 < z < zq, it
holds that ax — b < v/cx + d. Therefore we have [|z* — x¢]|2 = ||v]]2 < 1€ O
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Figure 1: Two function images

Remark 1 From the proof of Theorem 1, it is noted that, s1 has not been fized yet. So we can use this freedom
to pick s1 so that a > 0.

4 Selection of parameter \

In this section, we will use DCA algorithm to study the influence of the size of parameter A on the ability
of model (2) to recover the original signal. We first give the specific DCA algorithm for model (2).

4.1 DCA algorithm
Since 0 € 0|02, and

' < 0||z||]2 when x # 0, we give the following algorithm to solve model (2).

[E3P

Algorithm 1:

Input: k=0, A, y, 2° =0, ¢, Outmaxtimes
1 WHILE(k < Outmazxtimes)

2 Ifzk=0
3 v =V
4 ELSE
$k
5 U= s
6 ENDIF
7 2% = argmin {||z]ly — (z,v) + 3] Az — y|3}:
8 a* =gkt

Rl k|
o JF & —ztll2
max{L,[eF 2} ~ €

10 k=k+1,

11 CONTINUE;

12 ENDIF;

13 BREAK;

14 ENDWILE;
Output: z*




There is no analytical solution in the seventh step of Algorithm 1. We use the idea of ADMM algorithm to
design a sub algorithm to approximate its solution. The seventh step in algorithm 1 is equivalent to solving the
following problems

: A 2
Juin 2l = (w0 + SllAz —ylz st 2=a (18)

The extended Lagrange function of (18) is
A 5
L(w, z,0) = ||zl = (v, 2) + Sl Az = yl5 + (o, 2 — @) + Sll= — 2|2 (19)

According to ADMM algorithm, we get the following iterative formula

. A g
2* = argmin{—(v, ) + =|| Az — y[|3 — (¥, 2) + - ||2F — 2|2} (20)
reER? 2 2
) 1)
41 = arguin{ 2] + (o, ) + 3 — #5713} 2D
ZG n
AP Z of - §(AHL gk, (22)

Next, we give the specific sub algorithm.

Algorithm 2: sub algorithm

Input: k=0, A, y, 2%, a° X, 8, v, €, € inmaxtime > 0
1 WHILE(k < inmaztime)
2 oF = (NATA +61)"H(v + A\ATy + oF + §2)

k

o =it -2 1)

4 aftl = of 4 §(2HFL — ghtl)

5 r* = gkt

6 Set r = gh+l — 2kl g = §(2h+T1 — 2F),

o TF il < VA + etmar a4 o, | 3k (sl < VA + et
8

o BREAK:
10 ENDIF;

11 k=k+1;
12 ENDWHILE;
Output: x*

4.2 Test of the size of parameter \

In this section, we will test the impact of the size of parameter A on the ability of model (2) to recover the
original signal. We set other parameters of Algorithm 1 and Algorithm 2 first.

In this paper, two experiments are carried out. In the first experiment, we choose Gaussian matrix A €
R64%256 55 the measurement matrix, and in the second experiment, we choose Gaussian matrix A € R128x512
as the measurement matrix. The measurement matrices are row linear independent. The other parameters
are the same in the two experiments. In Algorithm 1, we choose ¢ = 10™%, Qutmaxtimes = 31, 2° = 0. We
take random sparse vector z € R™ as analog signals respectively. The position of non-zero elements on the z is
random. We take y = Ax + e, where e is a Gaussian noise with e[|z = 107%. In Algorithm 2, we take a® = 0,
20=0,0=1, ¢ =105, e =10"2¢"%, inmaztime = 6000 and the values of v and \ are the same as those
in Algorithm 1. Assuming that x* is the result of the algorithm and z is the analog signal, if ||m|"‘;”z||2 <1073,
then the algorithm is considered to have successfully restored the original signal.

Figure 2 is the first experiment. Its analog signal sparsity s is 12, 14, 16, 18, 20. The measurement matrix
A is a 64 x 256 order Gaussian matrix, and the test parameters are A = 10, 20, 30, 40 and 50 respectively. As
can be seen from Figure 2, with the increase of sparsity s, the recovery success rate of the experiment decreases,
and the larger the parameter A, the higher the recovery success rate.

Figure 3 is the second experiment. Its analog signal sparsity s is 24, 28, 32, 36, 40. The measurement matrix
A is a 128 x 512 order Gaussian matrix, and the test parameters are A = 20, 40, 60, 80 and 100 respectively.
It can be seen from Figure 3 that the recovery success rate of the experiment decreases with the increase of
sparsity s. However, different from the first experiment, in this experiment, when the parameters A = 60,
A =80 and A = 100, their recovery success rate is the same, and all three case are higher than when A\ = 20 and




A = 40. Combined with Figure 2 and Figure 3, we know that increasing the size of parameter A appropriately
can improve the recovery success rate. However, when \ is sufficiently large, increasing A will not increase the
recovery success rate.

5

3
S

@
>

e o o ©
o

=

Recovery Success Rate
e o © o o
Ao

Recovery Success Rate
o o
o @
LI
o w

)
=]

°

12 13 14 15 16 17 18 19 20 24 26 28 30 a2 34 36 38 a0
Sparsity k Sparsity k

Figure 2: Measurement matrix A € R64*256 Figure 3: Measurement matrix A € R28%512

Conclusion

Using RIP condition, this paper proves that the unrestricted ¢;_s-minimization model can recover the
original sparse signal. Data experiments show that the unrestricted ¢;_s-minimization model of the size of the
parameters A in the model has a great impact on the ability of the model to recover data.
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