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New hybrid inertial CQ projection algorithms with

line-search process for the split feasibility problem

DANG Ya-zheng* WANG Long YANG Yao-heng

Abstract. In this paper, we propose two hybrid inertial CQ projection algorithms with line-
search process for the split feasibility problem. Based on the hybrid CQ projection algorithm, we
firstly add the inertial term into the iteration to accelerate the convergence of the algorithm, and
adopt flexible rules for selecting the stepsize and the shrinking projection region, which makes an
optimal stepsize available at each iteration. The shrinking projection region is the intersection
of three sets, which are the set C' and two hyperplanes. Furthermore, we modify the Armijo-type
line-search step in the presented algorithm to get a new algorithm.The algorithms are shown to
be convergent under certain mild assumptions. Besides, numerical examples are given to show

that the proposed algorithms have better performance than the general CQ algorithm.

81 Introduction

Split Feasibility Problem (SFP) was firstly introduced by Censor and Elfving [4] in 1994,
which is to find a point x* satisfying
¥ e C ;Ax" € Q, (1)
where C' and @ are nonempty convex sets in R and R, respectively, and A is an M by N real
matrix. Problem (1) together with many variants of it has received much attention from opti-
mization community due to its broad applications to many disciplines, such as signal processing,
image reconstruction, intensity-modulated radiation therapy, etc. [1,2,3,7]. Therefore, many ef-
fective methods have been proposed to solve the problem (1), see [5,6,8,16,17,22,23]. A very suc-
cessful algorithm that solves the SFP seems to be the CQ algorithm of Byrne [2] which is defined
as follows: Denote P, by the orthogonal projection onto C, that is, Po(y) = argmin, ¢ ||z —y||,
for y € C'; then take an initial point arbitrarily and define the iterative step by
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"t = Po(I —yAT(I - Po)A)(a"), (2)
where 0 < v < 2/||A||>. The CQ algorithm (2) can be regarded as a special case of the gradient

projection method if we consider the convex minimization problem
1 2
min = ||(I — Pp) Ax|]".
min 2[|(1 ~ Po) A

Observe that, the choice of stepsize in CQ algorithm depends on the norm of the operator,
which is not a simple work. To avoid this computation, some modifications of the CQ algorithm
and the self-adaptive method have been developed for solving the SFP. L pez et al. [12]
introduced a new way of selecting the stepsizes for solving SFP (1) such that the information of
operator norm is not necessary. Motivated and inspired by the work of [12,20,24,27], the authors
of [14] introduced a self-adaptive CQ-type algorithm for solving the SFP in the setting of infinite
dimensional real Hilbert spaces. Inspired by the projection and contraction method and the
hybrid descent approximation method, Gibali et al. [11] investigated the problem of finding a
common solution to a fixed point problem involving demi-contractive operator and a variational
inequality with monotone and Lipschitz continuous mapping in real Hilbert spaces. Shehu et al.
[19] introduced iterative algorithms and proved their strong convergence for solving proximal
split feasibility problems and fixed point problems for k-strictly pseudocontractive mappings in
Hilbert spaces. Dang et al. [9] proposed a hybrid CQ projection algorithm with Armijo-type
line-search step, which is different from the general self-adaptive Armijo-type procedure [25,26].

On the other hand, in [15], Polyak firstly proposed the inertial term as an acceleration process
to solve the smooth convex minimization problem. In recent years, scholars have proposed some
inertial iterative algorithms for solving the SFP. Based on [12], Taddele et al. [21] proposed
an iterative algorithm with inertial extrapolation to approximate the solution of multiple-set
SFP. Shehu et al. [18] introduced new CQ methods with alternated inertial procedure and self-
adaptive stepsize for solving SFP. Li et al. [13] proposed two inertial relaxed CQ algorithms for
solving the SFP in real Hilbert spaces according to the previous experience of applying inertial
technology to the algorithm. Godwin et al [10] introduced a new inertial extrapolation method
for solving a certain class of generalized SFP without the prior knowledge of the operator norm
or the coefficient of an underlying operator.

Inspired by the works mentioned above, we propose two hybrid inertial CQ projection
algorithms with line-search process for the split feasibility problem. The main features of the
proposed algorithms as follows:

1. Based on [9], we incorporate the inertial term into the iteration to construct Algorithm
3.1, which improves the efficiency of convergence. Furthermore, we adjust the Armijo-type
line-search step in Algorithm 3.1 to get Algorithm 3.2.

2. Algorithms perform a computationally inexpensive Armijo-type linear search along the
search direction to generate a hyperplane.

3. The next iteration is generated by the projection of the initial point on the intersection

of the set C' with the hyperplanes, which makes an optimal stepsize available at each iteration.
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Different from the algorithms in [11,19], two hyperplanes are constructed in our algorithms to
generate the shrinking projection region.

The paper is organized as follows. In section 2, Some useful definitions and results are
collected for the convergence analysis of the proposed algorithms. In Section 3, we propose
two hybrid inertial CQ projection algorithms for the split feasibility problem and show their
convergence. In Section 4, numerical experiments are reported to conclude the effectiveness of

our algorithms. Finally, some conclusions are given in Section 5.

82 Preliminaries

We denote by I the identity operator and by Fix(T') the set of fixed points of an operator
T, that is, Fix(T) := {z|x = Tz}.
Recall that a mapping T : ®” — R is said to be monotone if
(T'(z) = T(y),x —y) 2 0,Vz,y € R".
For a monotone mapping T, (T'(z) — T(y),z —y) =0 iff x = y, then it is said to be strictly
monotone.
A mapping T : R* — R" is called non-expansive if
1T(z) =Tl < lz =yl ,Va,y € R

Lemma 2.1 [9,13] Let Q be a nonempty closed and convex subset in H. Then, for any x,y € H
and z € €1, the following hold:

(1) (x — Pa(z),z — Pa(z)) <O0.
(2) |Pa(z) = Pa()II* < (Pa() — Paly), — y).

(3) [[Pa(z) — Po(y)|| < ||z =yl ,Vo,y € R™, or more precisely,
[Pa(z) — Pa)l” < |z — ylI* = [|Pa(z) — z +y — Pa(y)ll.
(4) | Pa(x) = 2I° < [z — 2] = | Pa(z) — .

Remark 2.1 In fact, the projection property (1) also provides a sufficient and necessary con-
dition for a vector u € K to be the projection of the vector z; that is,u = Pg(x) if and only
if

(u—z,x—u) >0,Vz € K.

Lemma 2.2 [18] The following statements hold in R™:

(1) llz + yll* = l|* + 2z, y) + yl*, for all @,y € R".



DANG Ya-zheng, et al. New hybrid inertial CQ projection algorithms with... 147

@) llz+ il < llz)* + 24y, 2 + ), for all 2,y € R".
Lemma 2.3 [3] Let f(z) := 3|/(I — Po)Az|?, z € C. Then

(1) f is convex and differentiable.

(2) Vf(z) = AT(I — Pg)Ax, v € RV

(3) f is lower semicontinuous on RN .

(4) Vf Lipschitz continuous with Lipschitz constant || A]|*.

Throughout the paper, the solution set of split feasibility problem is denoted by I', that is
I':={2" € C|Az" € Q}. (3)

83 Algorithms and their convergence analysis

Let
F(z) = (AT(I — Pg)A)(z).
Then we know that F is Lipschitz-continuous with constant ||A||>. We first note that the

solution set coincides with zeros of the following projected residual function:

e(z) :=x — Po(x — F(x)),e(z,p) :=x — Po(x — uF(x));
with this definition, we have e(z,1) = e(z), and = € T' if and only if e(z, ) = 0. For any
z € RY and o > 0, define

z(a) = Po(x — aF(x)),e(z,a) = 2 — z(a).

The following lemma is useful for the convergence analysis in the next section.

Lemma 3.1 [25] Let F be a mapping from R into RN . For any x € RN and o > 0, we have
min{1, a} [le(z, ]| < [le(z, @) || < max{1, o} [e(z, 1]

Now, we describe our first algorithm as follows:

Algorithm 3.1
Step 0. Choose arbitrary initial points z° 2! € R, and parameters 9 > 0, ¢, € (0,1),
~€(0,1), 0 € (0,1),e € (0,1) and 6 > 1, and set k = 0.

k=1 2% have been constructed, compute

wh = Pc[xk + tk(ack — a:k_l)], (4)
2 = Pofu — P ()], (5)

Step 1. Assuming x
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where py is a positive number satisfying ¢ < pp < min {ﬁ — ¢, 1}. Obviously, e(w®, uy,) =

wk — 2k If e(w”, pug) = 0, then stop;

Step 2. Compute

k

y* = 0wk — mpe(w®, uk), (6)

where n, = v"* g, with my, being the smallest nonnegative integer m satisfying

(P =™ e, ) et m)) 2 e, p) (7)

Step 3. Compute

AR PCOH;mHg (), (8)

where
a1y ={z e RVt ~ ol < ot - 2|},
H? = {xe%N|<xka,xOka> <0}.
Set k =k + 1 and go to Step 1.

Before establishing the global convergence of Algorithm 3.1, we first give the following
lemmas.

Lemma 3.2 There exists a nonnegative number m satisfying (7), for all k > 0.

proof. Suppose that, for some k, (7) is not satisfied for any integer m , that is,

<mw—WMmmM»mmM»siWmew 9)

By the definition of e(w”, uy), and Lemma 2.1 we know that
(Pe(w" — pF (w")) — (w* — P (w*)), w — Po(w® — mF (w*))) = 0.

Then

(F(w"), e(w", px)) > i”e(wk,uk)HQ > 0. (10)

Since v € (0,1) and € < ug < min{m — ¢, 1}, from (9) we get

lim (w® — v pre(w®, pr)) = wk.

m—o0
Hence,
k k g k 2 1 k 2
(Pt et ) < et < Letut, o] 1)
But (11) contradicts (10) because ||e(w*, uy)|| > 0. Hence, (7) is satisfied for some integer m.C]

Lemma 3.3 If the solution set I' # 0, then T C H} N C for all k > 0.
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proof. Let #* € T, then
|2 —a||* = | Pe(w* — AT (I — Pg)Auw®) — 2*|
< [Jw* — &% — AT (I — Po) Aw®|”
=k — [ = 2 (0, AT(L = Po)Au) || AT (1 Po) A
=t — | = 2 (A — ), (1 — P) A+ ]| AT (1 P) A
(Aw® — P Aw* + PoAw® — Az, (I — Pg)Aw")
+ w2 || AT (1 = Po) At
=t = 2" = 27 — P

— 2 <PQAw]C — Ax™ (I — PQ)Awk> + quHAT(I — PQ)AwkHQ.
From Lemma 2.1, we obtain
[ = o P < [l = 2| = o {27 = PoyAw | = [ AT( = Py ut|?)

(,)@fm) - uk) |AT( — Po) Aut|| (12)

< [l |

Also, it follows from the definition of y* that

k 71,*”2 _ ||wk —r* *nk(wk 72’6)

2
[ I

k

- ) bk~

<wk—x*,w

)

which can be rewritten as

(wh —atwt = ) = 5 (=Pt = PomE et -]
On the other hand, by the definition of y*, we have
Hyk _ P = Hwk ot Uk(wk _ Lk H2
- Hz — 2" 4 (1 — ) (W — )H2
= Hz —x || +2(1— nk)<zk Wk — 2 >+(1 fnk)szk fzkHZ
= ||z* - 2(1—mp,) (" —wF +wh—z* wk—zk>+(1—nk)2Hwk—zkH2
= Hz —np) (wF — 2 Wb — 2 >—|—(77k2—1)Hwk—zkH2. (15)
?, then by (14) and (15) we get
Lok |2 k . k |2 k_ k|2
il _ - _ - 1 _ 1 _
ool =7 =l =T (= D =7+ e = Dffe” =2
% 2 ]. « 2 ]_ % 2
< fJw® ="+ - = Dlfw® —a[ = -l =27
Hence
||yk_x* ki p* 27
which implies z* € H} . Moreover, it is easy to see that I' C H} N C, Vk > 0. O

The following lemma says that if the solution set is nonempty, then I' ¢ H} N HZ N C and
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thus H. N H? N Cis a nonempty set.
Lemma 3.4 [9, Lemma 3.4] If the solution set T # ), then I C HL N HZ N C for all k > 0.

For the case that the solution set is empty, we have that H ,i ﬂH,f N C is also nonempty from
the following lemma, which implies the feasibility of Algorithm 3.1.

Lemma 3.5 Suppose that I' =0, then HL N HZ N C # 0 for all k > 0.

Lemma 3.6 Let {xk} be a sequence generated by algorithm 3.1. Then

(i) lim ka —wk|| = 0;

k—o0
(ii) lerr;o ||z* = y*|| = 0;
(iii) klin;o ||z — 2*]| = 0;

(iv) lim [[AT(I - Po)Aw|| = 0.
proof. (i) From [9, theorem 3.1], we know that {xk} is a bounded sequence and convergent,
which implies that

ler{:O Hx’”l - l'kH =0. (16)
By the definition of w*, it follows that ,

||1:k — wkH = ||3:k — Polz"® + tp(a® — zkfl)]H
< ||a* = [2* + te(=* — 2]
= |tg| - Hmk - mk_1|| .

Therefore, from the selection of parameter ¢, and (16), we have

Jim {|2* —w*[| = 0. (17)
—00
(ii) From (16) and (17), we obtain

[

< kaﬂ — ka + Hazk — wkH —0as k — oo,
which with z*+1 € H] implies that

lim Hx]Hl — ka =0.

k—o0
Again, since Hx’“ - y’““ < ||xk - xk‘HH + ||t - ka7 it then follows that
lim ka - ka = 0. (18)
k—o0
(iii) Since ||w* — y*|| < [|w* — 2¥|| + ||* — y*||, then form (17) and (18) we have
klim ||wk - ka =0. (19)
—00

From the definition of y*, we get

w* —yF=nre(w®, u)=ng (W* —2*).
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Then, note that from the construction of 7 and (19), we have

kH:L Hwk—yk||—>0ask—>oo. (20)

U}k —Z
I
|7 |

Hence, from (17) and (20), we get
Hmk — zkH < Hazk — wkH + Hwk — zkH —0as k — .
(iv) Observe that by (12)

2
e (g =) 1A = P) At < k| = o =
= [|w* = 25| + 2 (2F — 2%, 0wk — 2F)

§2<zk—x*,wk—zk>.

From (i), we know that {xk} is a convergent and bounded sequence. By the definition of w¥,
the sequence {wk — x*} is bounded, for Vz* € I'. And since ||z’c —zzc”‘”2 < ||wk — x*H27 we
conclude that {z* — 2*} is bounded. Then, from (20), it follows that

. 2 T k|2
This together with the fact that khj& i (ﬁ — uk) # 0 further implies
: T(r_ k|| _
Jim [[A(T = Pg)Aw*|| = 0. (22)
O

We now prove our main convergence result.

Theorem 3.1 Suppose the solution set I' is nonempty, then the sequence {xk} generated by
Algorithm 3.1 is bounded, and all its cluster points belong to the solution set. Moreover, the
sequence {x’“} globally converges to a solution x* such that z* = Pr(z°).
proof. We have already kown in (i) that kli_{rolo ka — xOH exists.
Now, we show that ¥ — Z € I". Let m,n € N, since
" = PH}klﬁHﬁflﬂC(xO)v

then

o™ =" < [l — 2" — [|e" —2||"
Hence lim |jz™ — 2"||*=0. Thus xk}k>2 is a Cauchy sequence in C'. Since C' is nonempty

m,n—00 >
convex sets in RV, it implies that there exists Z € C such that ¥ — Z as k — co. More so,
since ||mk — wkH — 0, then w* — Z and by the linearity of A, we have Aw* — AZ.
Also from (22), we have
lim [[AT (1 = Po)Aw*|* = || AT (1 - Po)Az|"=0.

Since the projected residual function

e(x*) = 2% — Po(a® — AT (I — Pg)Az"),
then, we have

e(z) = lim e(z¥) =7 — Po(z — AT(I — Po)Az)=% — Pc(Z)=0.

k—o0
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Thus Z is a solution of problem (1).
Now, we prove that the sequence {.Z'k} converges to a point contained in T'.
Let x* = Pr (xo). Since z* € T', by Lemma 3.4 we have
@' € Hy,_yNHE _,NC,Yj.
So, by the iterative sequence of Algorithm 3.1 we have
s o] < e 2]
Thus

kj _ %

2 ) 2
T :kaf—sco—l—ajo—a:*

=
= [la*s = )" + [la® - 2*||* + 2 (" — 2% a® — ")
< Hx* — xOHQ + ||ac0 — 9c*||2 +2 <xkj — 20 2" — x*) .
Letting j — oo , we have
|1z — 2*|* < 2[|2° — 2*
= 2<3’c—a?*7x0 —x*> <0,
where the last inequality is due to Lemma 2.1 and the fact that z* = Pr(2°) and z € T'. So,
f:x*:Pp(xo).

Thus, the sequence {CEk } has a unique cluster point Pr (960)7 which shows the global convergence
of {a*}. 0

Now, we put another line search method in the Algorithm 3.1 to get a new algorithm.

2+2<£—a:0,a:0—x*>

Algorithm 3.2
Step 0. Choose arbitrary initial points 2%, 2! € RV, and parameters 1y > 0, t, € (0,1),
v€(0,1), 0 € (0,1),e € (0,1), and 6 > 1, and set k = 0.

k=1 2% have been constructed, compute

wh = Pc[xk + tk(ack — a:k_l)],

Step 1. Assuming x

2 = Pofu® — pF(whb)],
where uy is a positive number satisfying € < pr < min {ﬁ — ¢, 1}. We have e(w”, ) =
wh — 2P, If e(w”, uy) = 0, then stop;
Step 2. Compute
y* = (1= 0p)w" + k(2" — mee(w”, pi)), (23)
where € <5k<ﬁ and 7, = Y™ ur, with my being the smallest nonnegative integer m satis-
fying
o 2
(F(w® =™ ppe(w®, ), e(w®, ) > ﬁHe(w’“,uk)H :

Step 3. Compute

AR PCOH;mHg (Io)a

where

)

= {w e VIt —al* < ot~ '}
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HE = {z e RN|(z — a*,2° —2¥) <0} .
Set k =k + 1 and go to Step 1.

Theorem 3.2 Let {2*} be a sequence generated by Algorithm 3.2, If T # 0, then {z*}

globally converges to a solution x* such that z* = Pr(z°).

proof. The proof of Theorem 3.2 is similar to that of Theorem 3.1, so we provide only a sketch.

Let 2* € T', from the definition of *, we obtain
¥ = 2*||” = |1 = Sp)w® + 81 (= — me(w®, ) — 2|
= ||w* — 2" — (1 + mp) o (w” — zk)H2

2—2(1+77k)5k <wk—x*, wk—zk> +(1+77k)2(5k2uwk—zk

% (24)

= Hwk —z*
which can be written as

<wk_x*’wk_zk>:_ 1

2(1+nk )0k
On the other hand, by the definition of y*, we can get

Iy =" = [|#* ~a* — (1 + ok — 1)(w* — 24|
AP = 20(1 +m)de — 1) (F — 0wk — 2
+ (1 + ne)de — 1)2||lw” — zkHQ

= ||Zk - z*HQ —2((L 4 nk)dr — 1) (wF — 2, wh —2*)

{lly = | = o =2 [P~ eme 02 =4} (25)

2

=|z" -«

(02 = 1)t — 4 2

Since sz _ x*H? < ||wk _ as*HZ and the choice of 0y, then from (25) and (26) we have

1 £ 112 1 2 )

m“yk—x < m”quk_x +((1+77k)6k_1)”wk—zku
1 k w2
ST (27)
This implies that
Hyk — 2| < Hwk _ 22

Then we have z* € H} , therefore I' ¢ H} N C.
We know that the sequence {wk — :1:*} is bounded, for Vz* € I'. Since ||zk —z* ||2 < ||wk —z* ||2,

we have
[y ,

§2||wk—x*||, (28)

+’|Zk—$*

which implies that {wk — zk} is a bounded sequence. Then using similar arguments in obtaining
(24), one can show that
2 2 2
|2 — y* | H|a" —w®||” + 2(1+m) 6% (2¥ — w*, w* —2F) +(1 + T}k)25k2||wk — 2%,
which can be written as

o= = = s Lo = et P20t (o w4
k) Ok
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From (17) and (18), we have
lim ||wk - zkH =0. (29)

k— o0
Note also that
lo# = 2" < fla* — | et — 2
Therefore by (17) and (28), we get klim ||z — 2F|| = 0.
— 00

The rest of the convergence proof is identical to that of Theorem 3.1. O

Remark 3.1 In the two algorithms, a projection from R onto the intersection C' N H} N H?
needs to be computed, that is, procedure ¥+ = Porminmz (2°) at each iteration. Surely,
if the domain set C has a special structure such as a box or a ball, then the next iteration

xk-i—l

can easily be computed. If the domain set C' is defined by a set of linear (in) equalities,
then computing the projection is equivalent to solving a strictly convex quadratic optimization

problem.

84 Numerical experiments

In this section, we present two numerical examples to compare the performance of our
algorithms with the genaral CQ algorithm. Throughout the computational experiments, the
parameters are set as v = 0.7, 0 = 0.6, § = 1.5, 9o = 0.3, B = 1. We define the error as
M, and use 1ti=zrlz < 107 as the stopping criterion. The implementations are

lz2—z15 lwa—z1|3

done in MATLAB to solve the following examples.

Example 4.1 Let C= {x cR3 |x1 + a3 + 213 < O}, Q= {x eRd ’x12 + zo—x3 < O}. A =
ones(3). Find z € C with Az € Q.

The numerical results are given in Table 1. To make it explicit, we also measure the
performance of the algorithms by plotting the curve of error. The corresponding results are
reported in Figure 1 and Figure 2. In the table, k denotes the number of iterations, s denotes

the computing time, and z* denotes the approximate solution.

Table 1. Results for Example 4.1 (Case t;, = 0.5).

z0 = (0,1,2) 20 = (=2,-1,3) 20 = (=3,1,2)
Algorithm k =13;s = 0.0156; k = 24;s = 0.0156; k =12;s = 0.0156;
3.1 z* = (—2.9164, —0.5533, —3.2353)" | z* = (—4.0049,—0.7343, —4.9438)" | z* = (—2.8158, —1.0362, —4.9884)’
Algorithm k = 14;s = 0.0156; k =13;s = 0.0156; k = 21;s = 0.0156;
3.2 z* = (0.5817,0.2605, —2.4136)’ z* = (3.6451, —1.2376, —8.0093)’ z* = (3.6838, —1.8361, —6.6465)"
cQ k=211;s = 0.0313; k = 170; s = 0.0313; k = 208; s = 0.0625;
Algorithm z* = (—0.0023,0.0015,0.0011)" z* = (—0.0056,0.0033,0.0027) z* = (—0.0065,0.0035,0.0032)"
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T T T
0.07 Algorithm 3.1 | 7
—%— Algorithm 3.2
0.06 - CQ Algorithm | |
0.05 .
=
S 004 .
E
i3]
0.03 1
0.02 .
0.01 1
0 S N— 1 1
30 40 50 60

Number of Tterations(k)

Figure 1. The performance of our algorithms and the CQ algorithm (Case 2° = (—1,2,4)" and
tr =0.5).

3 \‘ T T T T
I‘. Algorithm 3.2 with t k:0'4
23 "\\\ — — — Algorithm 3.2 with t 0.7 | |
2 8
\I‘\
8 I\
215 ‘.\ _
m |
“.‘\
1 i\ 7
I\
L | 1
0.5 \\\\‘
0 L e =S R L L 1 1 I
0 2 4 6 8 10 12 14 16 18 20

Number of Iterations(k)

Figure 2. The performance of Algorithms 3.1 (Case 2° = (—5,2,—3)" ).

In the view of Table 1 and Figure 1, it is easy to observe that our algorithms have better
performance than the general CQ Algorithm. It appears that our algorithms need fewer iter-
ations and converge more quickly than the general CQ Algorithm. In addition, by observing

Figure 2, we find that the magnitude of inertial term has a certain effect on the number of
iterations.

Example 4.2 Let A = (aw)MxN, a;j € (0,1) be a random matrix, M,N be two positive

integers. C' = {z € RV| Z 72 <r?}, Q = {r € RM|z < b}. To ensure the existence of the

1=
solution of the problem, the vector b is generated by using the following way: Given a random

N-dimensional negative vector (each component is negative) z € C, r = ||z||, taking b = Az
Find z € C with Az € Q.
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The numerical results of Example 4.2 can be seen from Table 2. In the table, & denotes the

number of iterations, s denotes the computing time.

Table 2. Results for Example 4.2.

M, N tr Algorithm 3.1 Algorithm 3.2 CQ Algorithm

0.2 | k=63;5s=0.0938 | k=67;s=0.0938

20— é\f_lml)’ évo_%(.)_ oy |04 | F =015 =00625 | F=147;s = 0.0625 | k= 308;s = 0.1250
T ’ 0.6 k = 59;s = 0.0625 k = 30;s = 0.0625
0.1 k = 44;s = 0.1875 k = 23;s = 0.1250

M=1 N= . .

20 = (1,1 1001’ 1 09'0” 0y’ 0.2 | k=43;s=0.1875 | k=19;s =0.1250 | k =167;s = 0.3438

AT ’ 0.4 k = 42;s = 0.1875 k = 16;s = 0.0938

As can be seen from the numerical results in Table 2, in the case of higher dimensions, our

algorithms are still effective, and they still converge faster than the general CQ algorithm.

85 Some concluding remarks

This paper presentes two hybrid inertial CQ projection algorithms with different rules of
stepsize selection for solving SFP. Based on the hybrid CQ projection algorithm, we add the
inertial term in the first projection step to accelerate the convergence of the algorithm. The
main difference between Algorithm 3.1 and Algorithm 3.2 is the projection region obtained
by different line-search methods in the second projection step. According to our convergence
theory and also confirmed by numerical simulations, we can see that our proposed algorithms

have better convergence properties than the general CQ algorithm.
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