Appl. Set-Valued Anal. Optim. 5 (2023), No. 3, pp. 451-476
Available online at http://asvao.biemdas.com
https://doi.org/10.23952/asva0.5.2023.3.08

ON FIXED POINT ALGORITHMS FOR SOLVING SPLIT INVERSE PROBLEMS
WITH APPLICATIONS

OLAOLUWA OGUNLEYE!, OLUWATOSIN T. MEWOMO?Z*, TIMILEHIN O. ALAKOYAZ2, OLANIYIS.
IYIOLA!

' Department of Mathematics, Clarkson University, Potsdam, NY, USA
2School of Mathematics, Statistics and Computer Science, University of KwaZulu-Natal, Durban, South Africa

Abstract. We study a certain class of split inverse problems which includes many other split-type prob-
lems. We propose a new inertial Mann-type Tseng’s extragradient method to approximate the solution
of this problem in real Hilbert spaces. Strong convergence of the proposed scheme to a minimum-norm
solution of the problem is established when the associated single-valued operators are monotone and
uniformly continuous with self-adaptive step size strategy. Moreover, we also study some classes of split
inverse problems and provide some numerical implementations to illustrate our method and compare
with a non-inertial version and a recently related method.
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1. INTRODUCTION

Several problems arising in many real-world applications, such as intensity-modulated radi-
ation therapy, phase retrieval, image recovery, signal processing, data compression, and many
more, can be mathematically modeled as the Split Inverse Problem (SIP), (see, e.g., [1, 2, 3, 4]).
The SIP is defined as follows:

Find x* € H; that solves IP;

such that
$:=Tx* € Hy solvesIP;,

where H; and H; are real Hilbert spaces, [P represents an inverse problem formulated in H; and
IP; represents an inverse problem defined in H,, and T : Hy — H> is a bounded linear operator.

The Split Convex Feasibility Problem (SCFP) which was first studied by Censor and Elfv-
ing [1] is the first instance of the SIP. This has been practically applied for modelling inverse
problems that arise from medical image reconstruction. The SCFP finds numerous application
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in approximation theory, control theory, biomedical engineering, signal processing, geophysics,
communications, and so on; see, e.g., [2, 5, 6,7, 8,9, 10]. The SCFP is defined as follows:

Find x* € C such that § = Tx* € Q,

where C and Q are nonempty, closed, and convex subsets of Hilbert spaces H; and H», respec-
tively, and 7' : Hy — H; is a bounded linear operator.

Since the introduction of the SCFP, various SIPs that are more general than the SCFP have
been introduced and studied. One of these important generalizations is the Split Common Null
Point Problem (SCNPP), which is defined as follows:

Find x* € H; that solves 0 € F}(x") (1.1)

such that
$=Tx" € Hy solves 0 € F (), (1.2)

where F; : H; — 211 F, : Hy — 2H2 are two monotone operators, and 7 : Hy — H; is a bounded
linear operator. The Split Monotone Variational Inclusion Problem (SMVIP) is another impor-
tant SIP introduced by Moudafi in [11]. The SMVIP is defined as follows:

Find x* € H; that solves 0 € fi(x") + Fj(x¥) (1.3)

such that
$=Tx" € Hysolves 0 € f,(9) + B(9), (1.4)

where f : Hy — Hy, f» : Hy — H» are single-valued operators, Fj : Hy — 201 B> - Hy — 2H2 are
multivalued operators, and 7 : Hy — H> is a bounded linear operator.

The SMVIP (1.3)-(1.4) is quite general. It includes several other optimization problems
as special cases, such as the split saddle-point problems, split minimization problems, split
equilibrium problems, split variational inequality problems, SCNPP (1.1)-(1.2), etc; see, e.g.,
[12, 13, 14, 15, 16, 17, 18].

In order to solve the SMVIP (1.3)-(1.4), Moudafi [11] introduced the following iterative
method: For x| € Hy, the sequence {x,} is generated as follows:

Xppt = I (I = L f) (o AT (2172 = A fo) = ") Tx), n>1, (1.5)

where 1) € (0, ﬁ) 1 and 172 denote the identity operators on H; and H», respectively, and

J fl and J{Z are the resolvents of F; and F>, respectively. He established the weak convergence
of the sequence of iterates generated by Algorithm (1.5) under the conditions that the solution
set of the SMVIP (1.3)-(1.4) is nonempty, Fi,F> are maximal monotone, fi,f, are Li-, L;-
co-coercive (also known as inverse strongly monotone), respectively and A € (0,2a), where
o :=min{Ly,L,}.

Recently, researchers proposed efficient iterative methods for approximating the solutions of
the SMVIP (1.3)-(1.4) (see, e.g., [19] and the references therein). However, like the result of
Moudafi [11], they require that the associated single-valued operators f and f> are co-coercive,
which stringent condition limits the scope of applications of these results (see Remark 2.1).

To remedy the above drawback, Izuchukwu et al. [20] recently introduced two new iter-
ative methods for approximating the solution of the SMVIP (1.3)-(1.4) in the framework of
Hilbert spaces. Their proposed methods only require that the single-valued operators f; and f>
be Lipschitz continuous, and employ the inertial and relaxation techniques with the proximal
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contraction method. The first algorithm proposed by the authors requires the knowledge of the
Lipschitz constant of the single-valued operator for its implementation while the second algo-
rithm employs self-adaptive step size techniques, so that its execution does not depend on the
Lipschitz constant of the single-valued operators f; and f> or the operator norm ||7'||. However,
the convergence results in Izuchukwu et al. [20] were only weakly convergent, just like the
result of Moudafi [11]. For optimization problems, strong convergence results are preferable
because they are more applicable than the weak convergence results. Motivated by this, Wang
et al. [21] made an attempt to improve on the results of Izuchukwu et al. [20] by proposing
two new projection and contraction methods for finding the solutions of the SMVIP (1.3)-(1.4)
in the framework of Hilbert spaces. Their proposed methods employ the inertial techniques
with self adaptive step sizes. Under certain conditions on the control parameters, they obtained
strong convergence results for the proposed algorithms.

Remark 1.1. All the results above on SMVIP (1.3)-(1.4) are not applicable when the associated
single-valued operators fi and f, are non-Lipschitz. To the best of our knowledge, there are no
existing results in the literature for solving the SMVIP (1.3)-(1.4) when the associated single-
valued operators f; and f, are non-Lipschitz.

Recently, Reich and Tuyen [22] introduced and investigated a new class of split inverse prob-
lem named the Split Common Null Point Problem with Multiple Output Sets (SCNPPMOS).
This problem is formulated as follows: Find a point x' € H such that

e =F 1 0)n (N T (F1(0)) #0. (1.6)

where T; : H — H;, i = 1,2,...,N, are bounded linear operators, and F : H — H, F;: H; —
2fi j—=1,2,...,N are maximal monotone operators, and H,H;,i=1,2,...,N are Hilbert spaces.
Moreover, they proposed two self-adaptive algorithms for approximating the solution of the
SCNPPMOS (1.6) in the framework of Hilbert spaces. Under certain conditions on the con-
trol sequences, they proved that the sequences generated by the proposed algorithms converge
strongly to the solution of the SCNPPMOS (1.6).

In addition, Alakoya and Mewomo [23] studied the Split Variational Inequality Problem
with Multiple Output Sets (SVIPMOS). Let H,H;,i = 1,2, ...,N, be real Hilbert spaces, and let
C,C; be nonempty, closed, and convex subsets of real Hilbert spaces H and H;,i = 1,2,...,N,
respectively. Let T; : H — H;,i = 1,2,...,N, be bounded and linear operators, and let A : H —
H,A;:Hi — H;,i=1,2,....N, be mappings. The SVIPMOS is formulated as finding a point
x* € C such that

X €Wy = VI(C,A) N (N, T,7'VI(C, A)) # 0. (1.7)
They proposed a relaxed inertial Tseng’s extragradient method for solving the SVIPMOS (1.7).
Under some mild conditions, they proved that the sequence generated by the proposed algo-
rithm converges strongly to a minimum-norm solution of the problem. Uzor et al. [24] recently
introduced and studied the concept of Split Monotone Variational Inclusion Problem with Mul-
tiple Output Sets (SMVIPMOS). Let H,H;,i =1,2,...,N, be real Hilbert spaces, and let 7; : H —
H;,i=1,2,....N, be bounded and linear operators. Let F : H — 2 F;: H; = 2Hi i=1,2,....N,
be multivalued operators, and f: H — H, f; : Hi — H;,i=1,2,...,N, be single-valued operators.
The SMVIPMOS is formulated as finding a point x* € H such that

X EeWyi=(f+F)HO)n (M, T A+ F)TH0) #0. (1.8)
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Observe that the SMVIPMOS (1.8) is quite general. It includes as special cases all the above
optimization problems discussed so far in this paper. In particular, if we set f =07, f; = 0/ i =
1,2,...,N, we obtain the SCNPPMOS (1.6), where 07 and 0 are the zero mappings on Hilbert
spaces H and H;,i =1,2,...,N, respectively. Moreover, Uzor et al. [24] proposed the following
inertial viscosity method for approximating the solution of SMVIPMOS (1.8) with the fixed
point constraint of nonexpansive maps in the framework of Hilbert spaces:

Algorithm 1

1: Select initial data xo,x; € H,let Hy=H, To=1", Fy=F, fo = f. Set n:= 0.
2: Given the (n — 1)th and nth iterates, choose 6, such that 0 < 6, < 9 with 9 defined by

. 8” .
é . {mln{e7 ||xn7xn71”}’ lfx” #Xn_17
n =

0, otherwise.
3: Compute
Wy = X+ Op(Xy — Xp—1)-
4: Compute
Uy = 25,“ — T T (I — Ky, ) Towy),
where - 5
U K, )T
N TE (I = Ky, ) Townl [+ O
5: Compute

yn = énwn + (1 - én)Sun»
Xpi1 = Oy Yg(Wn) + (I — 04, D)yy.
6: Setn < n+1, and go to 2.

Here, K, , :Jf’ii(lHi —Mifi), 0<ki <Api<ky<2¢, ¢ :=min{o,0;:i=1,2...,N} and
1M is the identity map on H;, F : H — 2 F;: H; — 2Hi i =1,2,....N, are maximal monotone
operators, and f: H — H, f;: Hi— H;,i=1,2,...,N, are o-inverse strongly monotone operator
and oj-inverse strongly monotone operators, respectively, S : H — H is a nonexpansive map-
ping, D : H — H is a strongly positively bounded linear operator and g : H — H is a contraction.
Under some conditions on the control parameters, the authors proved that the sequence gener-
ated by Algorithm 1 converges strongly to the common solution of the SMVIPMOS (1.8) and
the fixed point problem of nonexpansive mappings.

Remark 1.2. We point out that one of the limitations of the proposed Algorithm 1 by Uzor et
al. [24] is that the method is not applicable to the SMVIPMOS (1.8) when the associated single-
valued operators f;, i =0,1,2,...,N are monotone and/or non-Lipschitz. Moreover, the step
sizes A,,; depend on the inverse strongly monotonicity (co-coercive) constants of the operators
fi,1=0,1,2,... N, which could deteriorate the speed of the proposed algorithm.

Polyak in [25] first introduced an inertial extrapolation as an acceleration process to solve the
smooth convex minimization problem. Recently, many authors constructed efficient iterative
algorithms by using inertial the extrapolation technique; see, e.g., [26, 27, 28, 29, 30, 31, 32].
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In this study, we propose a new inertial Mann-type Tseng’s extragradient method with self-
adaptive step sizes for approximating the solution of the SMVIPMOS (1.8) in Hilbert spaces.
Our proposed method does not require the stringent co-coercive and/or Lipschitz continuity
conditions assumed in the result of Uzor et al. [24] and often assumed by authors when solving
monotone inclusion problems. Instead, our method only requires the associated single-valued
operators to be monotone and uniformly continuous, which are more relaxed conditions than the
co-coercive and Lipschitz continuity assumptions. Moreover, the proposed algorithm does not
require knowledge of the operators’ norm for its execution. Under mild conditions on the con-
trol parameters, we prove that the sequence generated by our proposed algorithm converges to
a minimum-norm solution of the SMVIPMOS (1.8). Finally, we apply our strong convergence
theorem to some classes of split inverse problems and we present several numerical experiments
to demonstrate the usefulness of our result.

The remaining sections of this paper are organized as follows. We present in Section 2 some
definitions and lemmas required in analyzing the convergence of the proposed algorithm and
the proposed algorithm is presented in Section 3. In Section 4, we analyze the convergence of
the proposed method while in Section 5 we apply our result to certain classes of split inverse
problems. We present in Section 6 several numerical experiments with graphical illustrations.
Finally, we give a final remark in Section 7 summarizing the results of the paper.

2. PRELIMINARIES

Some known and useful results and definitions are reviewed in this section. For the rest of the
paper, we denote H,H;,i =1,2,...,N, as real Hilbert spaces with inner product (.,.) and induced
norm ||.||. For any sequence {x,} C H, x, — x and x,, — x denote weak and strong convergence
of {x,} to a point x € H respectively, and we (x,) = {x € H : 3{x,,, } C {x,,} such that x,, — x}
denotes the weak ®-limit set of {x,}.

Definition 2.1. An operator A : H — H is L-Lipschitz continuous if there exists a constant L > 0
such that ||[Ax — Ay|| < L||x —y|| for all x,y € H. Here L is called the Lipschitz constant.

Definition 2.2. An operator A : H — H is a-strongly monotone if there exists o > 0 such that
(x —y,Ax — Ay) > a||x —y||? for all x,y € H.

Definition 2.3. An operator A : H — H is said to be a-inverse strongly monotone (also known as
a-co-coercive) if there exists a positive real number o such that (x —y,Ax —Ay) > a||Ax — Ay||?
forall x,y e H.

Definition 2.4. An operator A : H — H is monotone if the following inequality is satisfied
(x—y,Ax—Ay) >0 forallx,y € H.

Definition 2.5. An operator A : H — H is uniformly continuous if, for every € > 0, there exists
0 = 0(&) > 0 such that ||Ax — Ay|| < € whenever ||x—y|| < & forall x,y € H.

Remark 2.1. The following relationships should be noted:

(1) if A is a-strongly monotone and L-Lipschitz continuous, then A is %
monotone.
(2) if A is a-inverse strongly monotone operator, then it is é—Lipschitz continuous and

monotone but the converse statement is false.

-inverse strongly
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(3) uniform continuity is a weaker notion than Lipschitz continuity.

The notion of almost Lipschitz continuity is presented next and the proof is given for com-
pleteness. For more details, one refers to [33].

Lemma 2.1. Let D C H be convex. An operator A : D — H is uniformly continuous if and only
if, for every € > 0, there exists L* < +oo such that ||Ax — Ay|| < L*||x—y|| + € for all x,y € D.An
operator A : D — H satisfying the inequality above for every € > 0 is said to be almost Lipschitz
continuous.

Proof. Assume that A is almost Lipschitz continuous on a convex domain D in the sense defined
above. Let € > 0 be fixed. Choose L* such that ||Ax — Ay|| < L*||x—y|| + 5 for all x,y € D. If
we take § = 57+, then

|Ax—Ay|| <€ whenever |x—y||<d, Vx,yeD.

Hence, A is uniformly continuous. We next assume that A is uniformly continuous on a convex
domain D, which implies that, for a fix € > 0, there exists 6 > 0 such that

|Ax—Ay|| < € whenever |x—y||<d, Vx,yeD.
Letx,y e Dand 0 = g Define

rn = no (x_y) +y, n:0’1,27...’\‘MJ'
|Jx =] o

Clearly ro=yandr, e Dforn=0,1,2,---, wx;y HJ since D is convex. Furthermore, we obtain

the following estimate

X — X —
Irn—rtll = H(”"|(|x—§|)\”)‘((”‘”"( )| e
=il ==
Similarly, we have
[x—rvl| < o, (2.2)

where

o251

So, we obtain the following estimate by using the fact that Arg = Ay
[Ax — Ayl < |[(Ary —Aro) + (Ary — Ary) + (Ars — Ary) + -+ -+ (Ary — Ary 1) |

+||Ax —Ary||
N
< Y [JAri—Arioy ||+ [|[Ax— Ary . (2.3)
k=1
Using the uniform continuity of A together with (2.1) and (2.2), we have from (2.3) that
- [lx =] ]
|[Ax—Ay| < Y e+e<Ne+e< Sete=L lx—y|| +¢,

k=1

where L* = 2¢. Hence, A is almost Lipschitz continuous. O
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Definition 2.6. A function ¢ : H — RU {00} is said to be weakly lower semi-continuous (w-
Isc) at x € H if ¢(x) < liminf,_,.c(x,) holds for every sequence {x,} in H satisfying x,, — x.

Definition 2.7. A convex map c: H — R is said to be subdifferentiable at a point x € H if the
set de(x) ={f € H | c(y) > c(x)+({,y—x), Yy € H} is nonempty. Each element in dc(x)
is called a subgradient of ¢ at x. If ¢ is subdifferentiable at each x € H, then c is said to be
subdifferentiable on H.

Definition 2.8. Let A > 0 and B : H — 2/ be a multivalued operator. The effective domain of B
denoted by dom(B) is given by dom(B) = {x € H : Bx # 0}. The operator B : H — 2H is called

e monotone if (u—v,x—y) >0 for all u € B(x),v € B(y).

e maximal monotone if the graph Gr(B) of B, Gr(B) := {(x,u) € H x H|u € B(x)}, is not
properly contained in the graph of any other monotone mapping. In other words, B is
maximal if and only if for x € dom(B) and u € Bx such that (u —v,x —y) > 0 implies
(y,v) € Gr(B).

The resolvent of B with parameter A > 0 denoted by J% is given by J% := (I + AB)~!, where
1 is the identity operator of Hilbert space H. It is known that if B is maximal monotone, then J2
is single-valued, firmly nonexpansive and dom(/5) = H. A fundamental example of a maximal
monotone mapping is the subdifferential of a convex proper lower semicontinuous function.

Lemma 2.2. [34] Let F : H — 2" be a maximal monotone mapping, and let f : H — H be
a hemicontinuous, monotone and bounded operator. Then the mapping f + F is a maximal
monotone mapping.

Lemma 2.3. [35] Suppose that {a,} is a sequence of nonnegative real numbers, {a,} is a
sequence in (0,1) with ¥, 0y = +oo, and {z,} is a sequence of real numbers. Assume that
any1 < (1 — a)an + Oz, for all n > 1. If limsupy_,.z,, < 0 for every subsequence {ay,} of

{an} satisfying liminfy_eo(ap,,, —an,) > 0, then lim, e a, = 0.

Lemma 2.4. [36] Suppose that {A,} and {6,} are two nonnegative real sequences such that
A1 S+ @ foralln > 1. If Y7 | @y < 400, then limy,_yo0 Ay, exists.

The last lemma is trivial.

Lemma 2.5. Let H be a real Hilbert space. Then the following results hold for all x,y € H and
0€(0,1):
) 13431 = [P+ 2(e3) + 1P
Gy [le+31 < [P + 200+ ): 2 2
(iii) [|6x+ (1= 8)yl|* = &lfxl[* + (1 = 8)[Iyl|* — 8(1 = ) ||x — ]|~

3. PROPOSED METHOD

In this section, we introduce a new Tseng’s extragradient algorithm involving Mann-Type
iteration with inertial technique and self-adaptive stepsize for solving the SMVIPMOS (1.8).
For proving the algorithm’s strong convergence, we assume the following.

Let H,H;,i=1,2,...,N, be real Hilbert spaces.

Assumption 3.1. (a) The feasible set € is nonempty subset of H.
(b) T;:H — H,,i=1,2,...,N, are bounded linear operators with adjoints 7;*.
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(c) F:H—?2" F,:H; —2H j=1,2,...,N, be maximal monotone operators.
d f:H—H, fi:Hi— H;,i=1,2,....N, be uniformly continuous monotone operators.

In addition, we require that the control sequences satisfy the following conditions:

Assumption 3.2.
. - . &
(a) {an} C (0, 1)721_11100511 =0, Z O = +°°7’}1_1;§°a_n =0,{Bn} Cla,b] C(0,1—0t,),6 > 0;

n=1
b)) 0<ci<ci<1,0<@ <@ <1, lim ¢, ;= lim ¢ni=0,4,;>0,Vi=0,1,2,...,N;
n—oo n—yoo
oo N
(c) {pn,i} C Ry, Z Pni < 40,0 <a; < 5,171‘ <b < 1,2 5,17,‘ =1 foreachn > 1.
n=1 i=0
Subsequently, we give the convergence analysis of the sequence {x, } generated by our proposed
method, Algorithm 2. The proposed algorithm is stated below:

Algorithm 2
1: Select initial data x,x; € H. Let Hy=H, Ty =1", [y =F, and fy = f. Setn:= 0.
2: Given the (n — 1)th and nth iterates, choose 6, such that 0 < 6, < 6, with 6, defined by

. 8’1 .
é . {mln{e, ||xn7xn71”}’ lfx" %Xn_l7
n =

0, otherwise.
3: Compute wy, = X, + 0, (xp — X5—1)-
4: Compute y, ; = Jf:l l_(Tiwn — Qi fiTiwn).
5: Compute uy ; = Yn; — An,i(fiyni — fiTiwn), where
- (enitei) | Twn—yn,ill , , . T S
A1 = {mln{ I fiTiwn—fivaill An. +p”’l} o AE fiTiwn = fiyni # 0,

i+ Pris otherwise.

6: Compute z, = YN 8, i (Wn + Nn,i T (un; — Twy) ), where

(Puit @) | Tiwn—unil* . (T — 1y
i = w1 T T =) [ 0, 3.1
0, otherwise.
7. Compute
Xn+1 = (1 — Oy — ﬁn)wn ‘l’,BnZn-
8: Setn < n+1, and go to 2.
Remark 3.1. From Assumption 3.2 (a) and (b), it follows that
lim 6,||x, —x,_1|| =0 and lim —=||x, —x,_1||=0.
n—oo n—oo (X

n
Remark 3.2. When the single-valued operators f;,i =0, 1,2, ..., N are non-Lipschitz, our method
does not require any linesearch procedure, which could be computationally too expensive to im-
plement. Instead, we employ self-adaptive step size techniques that only require simple com-
putations with known parameters per iteration. Moreover, some of the parameters are relaxed
to accommodate larger range of step sizes.
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4. CONVERGENCE RESULTS

In this section, we establish the strong convergence result of our proposed Algorithm 2 under
the Assumptions 3.1 and 3.2. We begin by proving some Lemmas needed for the main result.

Lemma 4.1. Under Assumptions 3.1 and 3.2, the sequence {A, ;} generated by Algorithm 2 is
well defined for eachi =0,1,2,...,N. In addition,

lim A,,; =241, € [miﬂ{ﬁ,ll i} M i+q)i] ;
o0 5 ) R 9 9
where -
;= Z Pn,i-
n=1

Proof. We have from Assumption 3.1(d) that f; is uniformly continuous foreachi=0,1,2,... N.
Given € > 0, there exists L < 4-oo such that
||flTan - fiyn,iH < L:F”len _Yn,iH + &;.
Let fiT;w, — fiyn,i # 0 for all n > 1. Then
(eni )l Twn —ynill o (enitci) | Twn =yl
Hfinwn_fiymi” - L?|’7}Wn_yn,i‘|+8i
(i) | Town — v
(L + S| Tiwn — il
(cni+ci) S
P, ~ P’
where & = &;||Tiwy, — yn,i|| for some &§; € (0,1) and P, = L} +&;. Thus, by the definition of 4,41 ;,
sequence {A,,} has lower bound min{3, 4, ;} and has upper bound 1; ; + ;. By Lemma 2.4,

the limit nh_r>r°1° A i exists and we denote by A; = r}l_rgolo Ayi. Itis obvious that A; € [min{ %, Mt A+
CIJi] foreachi=0,1,2...,N. ]
Lemma 4.2. Let Assumptions 3.1 and 3.2 of Algorithm 2 hold. Then, there exists a positive
integer N such that

M i(eni+ci)

0+ ¢, €(0,1), and
;Ln—H,i

€ (0,1),

foralln > N.
Proof. For eachi=0,1,2,...,N,, we know that li_r>n ¢pi=0and 0 < ¢; < @/ < 1. So, there
n—oo

exists a positive integer N ; such that 0 < @; + @, ; < (p,-’ < 1 for all n > Nj ;. We also know that

foreachi=0,1,2,...,N, lim, ;e A, ; = A; and 0 < ¢; < ¢} < 1. From these, we have

(1 ~ Milenitai)

Afn—i-l,i

Hence, there exists a positive integer N> ;, i = 0,1,2,...,N, such that

MAni(cni+ci)
At

If we set N = max{N, ;, N ;:i=0,1,2,...,N}, then the required result follows. O

lim

) = l-¢>1-c>0.
n—oo

1-— >0, Vn> N27,'.
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Lemma 4.3. If [|T(Tiwy — un,i)|| # O, then the sequence {N,;} defined by (3.1) is bounded
below by a positive real number for eachi=0,1,2,... N.

Proof. If ||T*(Tiwp — un ;)| # 0, then for each i =0,1,2,...,N, then

(@ni+ )| Trwn — ||
||Ti*(TiWn - ”n,i) ||2

Mn,i =

We use the boundedness of 7; and the fact that lim, . ¢, ; = O for each i = 0,1,2,...,N to
obtain the estimate

(@i + @) Town — il _ (@ni+ @) Tiwn —wnil* _ @
1T (Tiwn —uwn )1 = TP Twn = wngll* 7~ 1T
Hence, we obtain a lower bound H}’# for {n,;} foreachi=0,1,2,...,N. O

Lemma 4.4. Suppose that {x,} is a sequence generated by Algorithm 2 such that Assumptions
3.1 and 3.2 hold. Then the following inequality holds for all p € Q. :

A2
uni = Tip|l> < || Tiwn — Tipll* = (1= 55— (cni+¢i)* ) | Tiwn =yl *.
;LZ
n+1,i
Proof. From the definition of A, ;, we have
Cn,i+Ci .
| fiTiwn — fivnill < MHT,‘W,, —ynill, VneN,i=0,1,...,N. 4.1)
Ant1,i
n+1,i

Clearly for the cases where fiTiw, — fiyni = 0 and fiTiw, — fiyni # 0, inequality (4.1) holds.
Let p € Q. It follows that T;p € Q, i = 0,1,2,...,N. By the definition of u,; and the Lemma
2.5 together with (4.1), we obtain

luni — Tip|?

= |lyni = TiplI> + A ill fivmi — fiTwall> = 22, (¥ni — Tips fivmi — [iTiwn)

= | Tiwn — Tip||* + |yni — Twnl|* +20mi — Tiwn, Tiwy — Tip) + A fivni — fiTwal|*
—2M0,iVni = Tip, fiyn,i— fiTiwn)

= |Town — Tip||* = yni — Twnl* +20mi — Tiwn, yni — Tip) + Adil| fivmi — fiTwal|*
—220,iYn,i — Tip, fiyn,i — fiTiwn) 4.2)
= ||Twn — Tip|I* = [[yni — Tiwnll* = 2{Twn — Yni — Ani(FiTwn — fivni)syni — T:p)

+ A2 fivni — fiTiwal?
A2,
< 1T = Tip|* = (1= 53" (eni+<i)?) [T =yl

n+1,i
- 2<Tiwn —Yn,i— )Ln,i(fiTiWn - fiyn,i>7)’n,i - Tlp>

Next, we show that

<T1Wn_)’nz_)Ln,t(fszWn_ftyn,z)v)’n,z_sz> 207 i:071727"'7N' (43)
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From y,; = J;EZ i(T,-wn — AnifiTiwn), we have (1 — Mnifi)Tiwy € (I + An,iFi)yn,i- By the max-
imal monotonicity of F; ,i =0,1,2,...,N, there exists t,,; € F;y,; such that (I — A, ; f;) Tiw, =
Yn,i + An,itn,i, which implies that
1
Ini= T(Ewn —Ynji— )“mifiTiWn)- 4.4)
i

Moreover, observe that 0 € (f; + F;)Tip and fiyn i+ tni € (fi + Fi)yn,i- Since f;+ F; is maximal
monotone for eachi=0,1,2,...,N, we have

<fiyn,i + iy Yn,i — T1P> > 0. 4.5)
Substituting (4.4) into (4.5), we obtain

1
r <Tzwn —Yni— A‘n,ifiTiWn + A«n,ifiyn,iayn?i - sz> > 0.
n,i

Hence, (Tiw, — yni — Ani(fiTiwn — fivni)syni — Tip) > 0, i =0,1,2,...,N. Consequently, by
applying (4.3) in (4.2) we obtain

A2
Jins = Tipl* < |Town = Tl = (1= 55 Cens i) ) | Town =il 40
n+1,i
which is the required result. O

Lemma 4.5. Let {x,} be a sequence generated by Algorithm 2 such that Assumptions 3.1 and
3.2 hold. Then {x,} is bounded.

Proof. Let p € Q. Using the definition of w, and applying the triangular inequality, we have
W = pIl < 11xn = pll + nllxa — Xn—1 ]| = [lxn — pll + anZ_Z”xn — X1 4.7)
By Remark (3.1), there exists M; > 0 such that
z—’;Hxn—xn_lH <M, ¥n>1.

Then, it follows from (4.7) that ||w, — p|| < ||x, — p|| + &M for all n > 1. By Lemma 4.2, there
exists a positive integer N such that

Ang i
1— cL (an.i+ci)>07 anNal:()vlvz”N
lnk—Fl,l' /

Therefore, it follows from (4.6) that, foralln > N and i =0,1,2,...,N,
lni = Tipl|* < || Twn — Tipl|*. (4.8)

We have from Lemma 4.2 that there exists a positive integer N such that 0 < @, ;+¢; <1, i =
0,1,2,...,N forall n > N. So, using Lemma 2.5 together with (4.8), we have from (4.11) that

[Wn + T 7 (s — Trwn) — p|?

= [Wa— pII* + 0y I T3 (i — Tiwn) 1> + 2004 (Tiwn — Tip, ttn i — Trwn)

= [[wn = plI* + M i1 T (i — Tiw) || (4.9)
+ M illltni — Topl|* = | Twn — Topl|* — llutn,i — Twa|?]

< wn = pII* = Mg [lltni — Twnll* = M dl| T (i — Tiwn) |7 -
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In the case where ||T;*(upn,; — Tiwy,)|| # 0, we have from the definition of 7, ; that
et = Towal > = M T (1t = Twn) > = [1 = (@ni + @) | Tiwn — gl > 0. (4.10)

Using convexity of norm square (|| - ||*) and (4.10), we have

2
N
||Zn_p||2 = 6n,i(Wn+nn,i7}*(un,i_Tiwn))_p
i=0
y 2
< 6n7i||wn + nn,iTi* (”n,i —Tiwn) —p|
i=0
al 2 2
<Y Sui [lwa = plI* = Muill = (@ui+ @) Tiwn — il |
i=0

N
= Jwa—pIP = Y S0t [1— (@ni+ 1)1 Town — |’
i=0

= |wa—pl* @.11)

Clearly from (4.9), inequality (4.11) still holds when ||T* (u, ; — Tijw,)|| = 0. Using Lemma
2.5(i1) and the inequality obtain in (4.11), we have the following estimate

(1= 0ty — Bu) (Wn — p) + Bua(za — p)II?
(1= 0t — B)* W — pII* +2(1 = 0y — Bu) Ballwn — pllllza — Pl + B llzn — pII>

< (1= 0ty — B)?lwn — plI> + (1 = 0t = B) Bu [Iwn — PI* + llza — pIIP] + By lza — pII?
< (1= 0 — Ba) (1= 0n) [wn — pII* + Bu(1 — ) [wn — pl|?

= (1—a)*[lwa — plI*

Hence, we have that

1(1 = 0t = Bu) (Wn = P) + Bulzn = P)|| < (1= 0tn) |lwa — p. (4.12)
Using (4.12), we therefore have, for all n > N, that
[ni1 =PIl < {[(1 =06 = Bu)(Wn—p) +Bul(zn — p) || + 00| P
(1= 0tn)[lwn — pll + ]l Pl
(1= o) [[lxa = || + oM ] + 0 p|
(1= o) [lxn = pl| + 0w [|| p]| +M1]
max { |lx, — pl, ||p|| +Mi }

IANIN A CIA

IN

max { |lxy — pll, [Pl + M }.

This establishes the boundedness of {x,}. Consequently, {w,},{yn:},{un}, and {z,} are all

bounded. UJ

Lemma 4.6. Let {w,, } and {z,, } be subsequences of {w,} and {z,} generated by the proposed

Algorithm 2 respectively. Suppose these subsequences satisfies klim Wa, — 20 || = 0. If wy, —
—> 00

z € H, then z € Q.
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Proof. Using the estimates in (4.11) for the subsequences {w, } and {z,, }, we obtain
u 2 2 2
Z OnpiMng,i[L — (@i + Q)| Twny — tn |~ < Nlwn, — PII” = llzn, — |
i=0

2
< Hwnk _an” +2HWnk _anH Han _pH

Hence, using the fact that klim |Wn, — zn, || = 0, we have
—>00

N
Y S ieill = (@i + @) || Tiwn, — g i|* — 0,k — oo,
=0

which implies that by using the definition of 7, ;

| Tiwn, — t il |*
HT;*<7;Wnk - unk,i)

S (Oni + @)1 — (Pni + 91)] 50, k—oo, Vi=0,1,2,...,N,

2
So, we have
| Tiwn, — g il
T (Tiwny, — i) |
Using the boundedness of {||7;* (Tjwy, — un,;)||}, it follows that

| Tiwn, — i il] = 0, k—>o0, Vi=0,1,2,...,N. (4.13)

—0, k—o, Vi=0,1,2,...,N.

| = NT(Twn, — i) = 0, k—> o0, Vi=0,1,2,...,N.

From (4.6), we obtain

2

Ac .
(1= 2 ) T, =3I < [T — Tl — i = T
ng+1,i

<N\ Town, — g ill (11 Town, = Tipll + lJuni = Tipl))- (4.14)
By applying (4.13) in (4.14), it follows that

A2
(1 - AZHW (Cng.i +Ci)2) | Tiwp, _)’n/min —0, k—o0, i=0,1,....N.
ng+1,i

Therefore, we have

I Tiwn, — Ymill =0, k—vo0, i=0,1,....N. (4.15)
For (u;,v;) € Gr(F;+ f;), i=0,1,2,...,N, we have that v; — fiu; € Fiu;. Since y,, ; :Jf" (Tiwn, —
N

i

Mg ifiTiwn, ), we have
1

r(ﬂwnk - lnk,ifiTiWnk _,Vnk,i) € E’)’nk,i~
Nl

Consequently, by the maximal monotonicity of F;, we obtain

1 .
<v,~ — fiui — T(Tiwnk — X i fiT W, — Yy i) Ui —ynk’i> >0, Vi=0,1,2,...,N. (4.16)
N1
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By applying the monotonicity of f;, we have from (4.16) that

(Vi, Ui = Yng i)
1
2 <ﬁui + )L_(T;Wnk - Ank,ifiTiWnk _ynk,i)7 Ui —Ynk,i>
Nyl
1
= Arn . <T;Wnk _)’nk,i; Ui _)’nk,i> + <ﬁul _ﬁynk,i7ui _)’nk,i> + <ﬁynk,i _ﬁT;'Wnk7M[ _)’nk,i>
kol
1
Z A, ] <T1Wnk _ynk,h Uu; _Ynk,i> + <ﬁynk,i - fiTiWnk;ui _ynk,i>-
nk7l
4.17)
By the continuity of f;, from (4.15) we obtain
| fTWn, — fiymeill = 0, k—vo0, ¥i=0,1,2,....N. (4.18)

Since w;,, — z and T; is a bounded linear operator for each i =0,1,2,...,N, we have Tiw,, —
Tiz for all i = 0,1,2,...,N. Thus, from (4.15), we obtain y, ; — T;z for all i = 0,1,2,...,N.
Therefore, by letting kK — oo and applying (4.15) and (4.18), we obtain from (4.17) that

(vi,ui—Tiz) >0, Y(u;,v;) € Gr(fi+F), Vi=0,1,2,...,N. (4.19)
Since f; + F; is maximal monotone for each i = 0,1,2,... N, it follows from Lemma 2.2 and

(4.19) that Tiz € (f; + F;)~'(0) for all i = 0,1,2,...,N, which implies that z € Ti_1<(fi+

F,-)*I(O)> forall i =0,1,2,...,N. Thus, we have z € Y 7, ((fi+F,-)*1(0)). Hence, z € Q
as required. 0

Lemma 4.7. Let {x,} be a sequence generated by Algorithm 2 under Assumptions 3.1 and 3.2.
Then, the following inequality holds, for all p € Q,

7]
Hxn+1 _pHZ < (1 - an)Hxn _pH2 + oy [3M2(1 - an)za_onn —Xn—1 H +2<p7p _xn+l>]
n

N
—Bu(1— o) Z On,iMn,i[1 — (@n,i + Q)| Tiwn — “nJHZ-
i=0

Proof. Let p € Q. Using the Cauchy-Schwarz inequality and Lemma 2.5, we have the following

estimate

Iwa = pII* =[50 — pII* + 67 |xa — Xn—1]1* + 26, (X0 — P X — Xp—1)
< ]xn _P||2+ O | — Xn—1|(Bnlxn — xn—1| + 2| — pI])

)
< ||xn—p||2+3Mzana—”||xn—xnf1||, (4.20)

n
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where M, := sup,cn{ 1% — Pll, Onl|Xn —Xu—1]|} > 0. In view of Lemma 2.5 and (4.20), we have

||xn+1 _PHZ < ||(1 — 0ty — Bu)(Wn —p) "‘Bn(zn —p)||2 —206n<p,xn+1 —p>
< (1= = Bu)*wa — PII> + Bllzn — PII* +2Ba(1 = 0w — Bu) W — Il — Pl
+2an<pap_xn+l>

< (1=t —Bu)(1 - an)HWn_p”z‘i‘ﬁn(l - O‘n)HZn_p“2+2an<l97p_xn+l>
N

<(1- O‘n>2“Wn - P||2 —Bu(1— o) Z On,iMn,i[1 — (@ni + Q)| Tiwn — ”n,iH2
i=0

‘|‘2an<pap_xn+l>

6
< (1 - O‘n)2||xn _p||2 +3M2an(1 - an)za_nnxn _xanH +2an<p7p_xn+l>

n

N
—Bu(1— o) Z S, iMnil1 — (Pni + @)]|| Tiwn — ”min
i=0

7)
< (1= )l [ta = P12+ 0 3421 = ) a1 ]|+ 2(p, p = X11)]

2

N
- ﬁn(l - an) Z 5n,inn,i[l - ((Pn,i + (Pz)] HTIWn - un,i'
i=0

O

Theorem 4.1. Suppose that Assumptions 3.1 and 3.2 are satisfied and that the sequence {x,}
is generated by Algorithm 2. Then, the sequence {x,} converges strongly to x* € Q, where
lx*[] = min{]|p[| : p € Q}.

Proof. Let ||x*|| = min{||p|| : p € Q}, that is, x* = P(0). Then, from Lemma 4.7, we obtain
2641 =217 < (1= 04) [0 — x7|" + 0ty [3M2(1 —Oy) ;Hxn — X1 + 20", x" = xp11)
n
= (1= 0) [|xn — x*||* + Ctudy, (4.21)

where

6 * %
dy :3M2(1—an)za—"Hxn—xn_]H—i—Z(x X —Xpp1)-

Suppose that {||x,, —x*||} is a subsequence of {||x, —x*||} satistying

lilgginf(HxnkH —x*|| = [|xn, —x*)) > 0. (4.22)
Applying Lemma 4.7, we obtain
- 2
Bl’lk(l - ank) Z 5flklnl’lkl[1 - (q)ﬂ]“i + (pl)] ||7-;Wnk - unk7i||
i=0
< (1= o,) [|xn, _)C*H2 =[x+ _X*HZ

6 s
+ Oy [3M2(1 - (Xnk)za—’:{Hxnk — Xny—1 H +2<x 7X* _x”k+1> .
k
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Using the fact that klim 0, = 0, Remark 3.1, and assumption (4.22), we obtain
—o0

N
B”k(l - aﬂk) Z 5”k7in”k7i[1 - ((Pnlai + QDi)] ||Tiwnk - u”k7i||2 =0, k= e,
i=0

which then gives klim | Tiwp, — ttn,il| =0 foralli =0,1,2,...,N. Moreover, we have
—»00
T (i — Tiwn ) || < T || 1ttnyi — Tiwn, || = 0, k — oo Vi=0,1,2,...,N. (4.23)

By the definition of z,, and by applying (4.23), we obtain

N
Han - Wnk” < Z 5nk7innk7i||Ti* (”nkﬂ' - lenk)” —0, k—>oo. (4.24)
i=0
By the definition of w,, and applying Remark 3.1, we see that ||wy, —x;, || = 6, ||xs, — %, 1] = O
as k — co. Next, we obtain from (4.24) that ||x,, — 2, || < X, — W, ||+ [|Wn, — 20, || = 0 as k — co.
Now, from the fact that limy_,., 0y, = 0, we obtain

1 = X | = [[ (1 = On, = B ) (Wi — X)) + By (@, — X)) — i |
< (1 — Oy _ﬁnk)Hwnk _xnkH +ﬁnk||znk _xnkH + ankankH - 07 k — co.
(4.25)
Let x* € wg(x,) be selected arbitrarily. Using the boundedness of sequence {x,} and the fact
that wg (x,) # 0, there exists a subsequence {x,, } of {x,} such that x,, — x*. Hence, Lemma
4.6 and (4.24) give x* € Q. Also, wg(x,) C Q using the fact that x* € wg(x,) was chosen
arbitrarily. Moreover, we have that there exists a subsequence {x,, } of {x,, } such thatx, — ¢
J J
since {x,, } is bounded. In addition, limsup;_,. (x*,x* —X,,) = lim . (x*,x* —xnkj>. It then
clearly follows, by using x* = P (0), that
limsup(x*,x* —xp,,) = im (x*,x" —x,, ) = (x",x" —¢) <0. (4.26)
k—soo Jree !
Combining (4.25) and (4.26), we obtain that limsup;_,..(x*,x* —x,, ) < 0. Hence, we have
that limsup;_,.,d,, <0 by Remark 3.1. Lemma 2.3 and (4.21) then imply that {|/x, —x*||}
converges to zero which completes the proof. 0

5. APPLICATIONS

This section is focused on some applications of the proposed algorithm to many classes of
split inverse problems.

5.1. Split variational inequality problem with multiple output sets. Let H be a Hilbert
space and A : C — H be a nonlinear mapping, where C is a nonempty, closed, and convex
subset of H. The variational inequality problem is formulated as follows: Find x* € C such that
(y—x*,Ax*) > 0 for all y € C. We denote its solution set by VI(C,A), see [37]. Now, we recall
the indicator function of C defined by

, 0, ifxec,
A Py

It is known that i¢ is a proper, lower semicontinuous, and convex function, and its subdifferential
dic is maximal monotone (see [38]). Moreover, it is known that dic(v) = Ne(v) = {u € H :
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—v,u) <0,Vy € C}, where N is the normal cone of C at a point v. Hence, the resolvent of
(y—vu) y p
dic can be defined for A > 0 by Jf’c (x) = (I+Adic)~'x for all x € H. It was demonstrated

in [39] that, for any x € H and z € C, z= inc (x) <= z = Pc(x), where P¢ is the metric
projection map from H onto C.

The following lemma is required to establish our next result.

Lemma 5.1. [40] Let C be a nonempty, closed, and convex subset of a Banach space E. Suppose
that A : C — E* is a monotone and hemicontinuous operator and F : E — 2E" is an operator
defined by

F(v) Av+Nc(v), ifvec,
o, ifveC.

Then F is maximal monotone and F~'0 = VI(C,A).

Here, we are interested in applying our result to the SVIPMOS (1.7). By setting F; = 8,-Ci and
fi=A;, i=0,1,2,...,N in Theorem 4.1, we have the following strong convergence theorem
for finding the solution of the SVIPMOS (1.7) in the framework of Hilbert spaces.

Theorem 5.1. Let H,H;,i = 1,2,...,N, be real Hilbert spaces, and let C,C; be nonempty,
closed, and convex subsets of real Hilbert spaces H and H;,i = 1,2,...,N, respectively. Let
T,: H— Hj,i =1,2,....N, be bounded and linear operators, and let A : H — H,A; : H; —
H;,i=1,2,...,N, be uniformly continuous monotone operators. Suppose that the solution set
¥, #£ 0 and that Assumption A of Theorem 4.1 holds. Then, the sequence {x,} generated by
Algorithm 3 converges strongly to x* € Wy, where ||x*|| = min{||p|| : p € ¥2}.

Algorithm 3

1: Select initial points xo,x; € H. Let Co =C, Ty =17, Ag = A. Set n:=0.
2: Given the (n— 1)th and nth iterates, choose 6, such that 0 < 6, < 6, with 6, defined by

. &, .
0 — {mln{9> —Hxn_xnle}7 if Xn # Xn—1,
), =

0, otherwise.

3: Compute wy, = X + 60, (xy — xp—1).
4: Compute y, ; = Pc,(Tiwn — Ay j/AiTiwy).
5: Compute uy; = Yn i — An,i(Aiyni —AiTiwn), where
. (Cn,i+ci)HTiWn7Yn,iH . . : T . .
An—o—] = {mm{ AT wa—Ayng] An,l +pn,z} . Iif AiTiw, _Alyn,t 7é 0,

Ani+ Pnis otherwise.

6: Compute 7, = Z?]:O 5,17,~(wn + N i T (i — Tiw,,)), where

Puit @) | Twn—unil>
n,i = :

0, otherwise.

7: Compute x,11 = (1 — &y — Bn)wn + Buzn-
8: Setn < n—+1, and go to 2.
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5.2. Split convex minimization problem with multiple output sets. Suppose that g: H — R
is a convex and differentiable function, and G : H — (—oo,+o0] is a proper convex and lower
semi-continuous function. It is known that if Vg is %L—Lipschitz continuous, then it is y-inverse
strongly monotone (and hence monotone), where Vg is the gradient of g. Moreover, the subdif-
ferential G of G is maximal monotone (see [40]). In addition,

g(x") +G(x") = min{g(x) + G(x)} = 0€ Vglx') +IG[).

Let H,H;,i = 1,2,...,N be real Hilbert spaces, and let 7; : H — H; be bounded linear oper-
ators. Let g: H — R,g; : Hi — R be convex and differentiable functions, and let G : H —
(—o0,+00],G; : Hi — (—o0,+00] be proper convex and lower semi-continuous functions. In this
subsection, we are interested in applying our result to split convex minimization problem with
multiple output sets (SCMPMOS), which is formulated as follows: Find x* € H such that

x el = argrr}jiln {g(x)+G(x)}n (ﬁﬁvzl 7! (argn}qiin {5i(x) +Gi(x)}>) # 0, (5.1)

Foreachi=1,2,...,N,if we set F = dG,F; = dG;,f = Vg, f; = Vg; in Theorem 4.1, then we
obtain the following result for approximating the solution of SCMPMOS (5.1).

Theorem 5.2. Let H,H;,i = 1,2,...,N, be real Hilbert spaces and T; : H — H;,i=1,2,....N, be

bounded linear operators with adjoints T;*. Let G, G;, g, gi be as defined in (5.1) above and such
that Vg,Vg; are %L-Lipschitz continuous and i—Lipschitz continuous, respectively. Suppose

that Assumption A of Theorem 4.1 holds and the solution set I’y # 0. Then, the sequence {x,}
generated by Algorithm 4 below converges strongly to x* € I, where x* = min{||p|| : p € T2 }.

Algorithm 4

1: Select initial data xo,x1 € H. Let Hy=H, Ty = 1", 0Go = dG, and Vgy = Vg. Set n:=0.
2: Given the (n— 1)th and nth iterates, choose 6, such that 0 < 6, < 6, with 6, defined by

. 8}1 .
6 — {mm{@, —Hxnfxnle}’ if Xn 7 Xn—1,
), =

0, otherwise.

3: Compute wy = xp+ Op(xp — X5—1)-
0G;
4: Compute yp ; = J/Ini (Town — An,iV&iTiwy).
5: Compute uy; = Yn i — M i(V8iyni— V&Tiwy), where
- (eniFe) I Twn—ynill ) ) . o o
Aot i = {mm{ V8T Wn—Vgiynill ’ An,i +pn,z} , if VgiTiwy —Vgiyni # 0,

Ani+ Pnis otherwise.

6: Compute 7, = Zév:() 5,,7i(wn + N T (i — Tiw,,)), where

it Qi Tz n—Uni 2 .
ni — i ;

0, otherwise.
7: Compute
Xn+1 = (1 — Oy — Bn)wn "’,ann-
8: Setn < n+1, and go to 2.
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5.3. Generalized split monotone variational inclusion problem. In this subsection, we apply
our result to generalized split monotone variational inclusion problem. Let H;,i =1,2,....N, be
real Hilbert spaces and let S; : H; — H;y1,i = 1,2,...,N — 1, be bounded linear operators, such
that S; # 0. Let G; : H; — 2Hi i =1,2,...,N, be multivalued operators, and g; : H; — H;,i =
1,2,...,N, be single-valued operators. The generalized split monotone variational inclusion
problem (GSMVIP) is formulated as follows: Find an element x* € H; such that

X els:=(g1+G1) 1 (0)NS; ((g2+G2) 1 (0)N...57 (S5 ... Syl ((gn+Gn) 1(0)))) #0.
(5.2)
That is, x* € H; such that

0e (gl —|—G1)(x*),0 € (fz—i—Fz)(Slx*),...,() S (gN+GN)(SN_1(SN_2...S]X*)).

We note thatif weset H =Hy, f =g1,F =Gy, fi=8i+1,Fi=Gi+1, | <i<N-1,T1 =81, =
S$281, ..., and Ty_1 = Sy_1Sv_2...S], then the SMVIPMOS (1.8) becomes the GSMVIP
(5.2). Therefore, we have the following strong convergence theorem for finding the solution of
GSMVIP (5.2).

Theorem 5.3. Let H;,i=1,2,...,N, be real Hilbert spaces and let S; : H; — H;1,i=1,2,....N —
1, be bounded and linear operators with adjoints S} such that S; # 0. Let g;,G;, 1,2,...,N be
as defined above in (5.2), and suppose Assumption A of Theorem 4.1 holds and the solution set
['3 # 0. Then, the sequence {x,} generated by Algorithm 4 below converges strongly to x* € I's,
where x* = min{||p|| : p € 3}.

Algorithm 5

1: Select initial data xo,x; € Hy. Let So = I, Sy_; = SN_1SN_2...SO7§7V_1 =
SiST...Sh_y, i=1,2,....N. Setn:=0.
2: Given the (n— 1)th and nth iterates, choose 6, such that 0 < 6, < 0, with 6, defined by

. £ .
b _{mln{ea HMz——J}M}’ if Xn 7 Xn—1,

), =
0, otherwise.
3: Compute wy, = xp + 60, (xy — xp—1).
Gi (& &
4: Compute yni=J;" (Si—1Wn = Ani8iSi—1Wn)-

5: Compute uy; = Yni— Mni(8iVni— giﬁi_lwn), where

min { (Cnitei)lSiztwn=ynall An i +pn,i}7 if  8iSi—1wn— giyni # 0,
Ait1i=

|1 giSi—1wn—givn.il
i+ Pris otherwise.

6: Compute z,, = Zﬁvzl On,i (wn + nn,ig}k,l (un,i - S'iflwn))v where

((Pn,i"'q)i)HSAiflwn_un,i”z . Gk & .
Mni = 851 (Siciwn—un)[|> )

0, otherwise.

| #0,

7: Compute x,11 = (1 — &y — Bu)wn + Buzn-
8: Setn < n—+1, and go to 2.
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6. NUMERICAL ILLUSTRATIONS

In this section, we provide some numerical experiments and demonstrate the efficiency and
accuracy of our proposed algorithm to solve the SMVIPMOS (1.8). We compare the perfor-
mance of our proposed method, Algorithm 2 (Proposed Alg.) with the non-inertial version
(Non-inertial Alg.) and Algorithm 1 proposed by Uzor et al. (Uzor et al. Alg.). All the numer-
ical computations and codes were carried out using Matlab version R2021(b).

In all the experiments, we use ||E,|| = ||x,1 — x| < &, where € = 107 as the stopping
criterion. Parameters used in all the experiments for all the algorithms involved are presented
in Table 1.

TABLE 1. Methods Parameters for Examples 6.1 and 6.2

1
Proposed Alg. 2 A;=i+1.25 6 =0.99 o, = i3 B, =0.999(1 — o)
n
0.89 1 c 7 100
c; = U. Cpr i = = — = —
1 n,i (1—|—}’l)2 n (2n+3>3 pn,l n2
1 1
Oni= ; = 0.02 i =
Ton+1 % o (5+n)3
1
Non-inertial Alg. Ay; =i+ 1.25 6=0 oy = i3 B, =0.999(1 — o)
’ n
0.89 1 c 7 100
c; = L. Cni=— """~ n— = ni— ——
T Uty 2nt3p Pz
1 1
= ; = 0.02
n,it n—|—1 ¢l ¢I’l,l (5+n)3
1
Uzoretal Alg. A ;=i+1.25 Ai=0.12 6 =0.99 o, =
’ 7 ’ 2n2+3
“= sy =00 Ow=l =5
1 X X
Oni= — Vi = 0.65 D(x) = s S(x) =gx) = 3

Example 6.1. Let H; =R*,i=0,1,...,5and fori = 0,1,...,5. Define the mappings 7;, f;, F; :
R* — R* by

4

Ti(x) = A filx) = (i+ 1) (x+sinx), F(x)=7(+1)x, Vx € R

Then, T*(y) = i%y, Vy € R¥. For a fixed N = 5, we generate starting points xo,x; of different
length k populated with random real entries. The numerical results are reported in Figures 1-4
and Table 2.
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TABLE 2. Numerical Results for Example 6.1

Proposed Alg. 2 Non-inertial Alg. Uzor et al. Alg.

k Iter. CPU Time Iter. CPU Time Iter. CPU Time

5 56 0.0060 64 0.0069 219  0.0062
50 68 0.0016 73 0.0015 246  0.0034
100 71 0.0017 75 0.0019 250  0.0045
500 75 0.0074 79 0.0086 259  0.0134

10° 10'
0
mf\\ ) {—\
W s
L
10
102
102
10%
—10°
107 5
10
10°
10°
\
s
10 .
10 \
107 7
10
10 10%
10° 10’ 102 10° 10’ 102

Number of iterations Number of iterations

FIGURE 1. Example 6.1 withk =35 FIGURE 2. Example 6.1 with k = 50

10’ 10
1
mof—\\ 10 ———\\\
) >
10 F N
10" F )
107
102
102
10? —
= 10
4 —
10
10
5
10
10°
%
10
10°
7
10 107
10® 10%
10° 10 102 10° 10’ 102 103

Number of iterations Number of iterations

FIGURE 3. Example 6.1 with k=100 FIGURE 4. Example 6.1 with k=500
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Example 6.2. Let H; = (/2(R), || ||l2), i=0,1,...,5, where

1

(o] oo 7
H(R) = {x: (x1,X2,.,xj,. )5  €ER Y ;i ? < +°°}, l|xl|2 = (Z |xj|2>

j=1 j=1

for all x € /(R). Foreach i =0, 1,...,5, we define the mappings T;, f;, F; : £2(R) — £»(R) by

3
Ti(x) = FEER Vx € 6r(R),

filx) =5(i+1)x, Vx € £,(R),
and
Fi(x) =3(i+ 1)x, Vx € {(R).
Then,
T (y) = 3 Vy € £5(R)
i\ _l—|—3y7 y 2 .
We choose different starting points as follows for a fixed N = 6:
Case L xo= (4, 1,1, );x1 = (=2,1,—%,---);
Case I: xo= (51,1, );x1 = (=3, 5,—4.--+).
Case III: xg = (4,1,1,---); x; = (0.1,—0.01,0.001, - - - );
(6,1

Case IV:xg = (6,1,¢,--); x1 = (%,é,%7...),
The numerical results are reported in Figures 5-8 and Table 3.

e

TABLE 3. Numerical Results for Example 6.1

Proposed Alg. 2 Non-inertial Alg. Uzor et al. Alg.

Case Iter. CPU Time Iter. CPU Time Iter. CPU Time

I 76 0.6539 80 0.6764 198  1.0915

Ir o5 0.5286 72 0.5957 175 0.9057

I 36 0.3001 61 0.5611 103 0.5513

IV 58 0.5082 69 0.6538 159  0.9558
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10' 10% 10°

Number of iterations

FIGURE 5. Example
6.2: Case |

10
Number of iterations

FIGURE 6. Example
6.2: Case II

10’
Number of iterations

FIGURE 7. Example
6.2: Case III

Remark 6.1.
The following observations are presented from the above numerical Examples 6.1 - 6.2 in the

following remarks.
(1). From Figures 1 - 8 and Tables 2 and 3, our proposed Algorithm 2 is easy to implement,

(2).

10 10%
Number of iterations

FIGURE 8. Example
6.2: Case IV

efficient, and accurate in handling applications in both finite and infinite dimensional
spaces.

We compared our proposed Algorithm 2 to its Non-inertial case and the state-of-the-art
algorithms proposed by Uzor et al. [24]. The results in 1 - 8 and Tables 2 and 3 indicate
that our proposed algorithm outperformed all methods compared for these examples
with respect to the number of iterations and CPU time.

7. CONCLUDING REMARK

We studied the split monotone variational inclusion problem with multiple output sets. We
proposed an inertial Mann-type Tseng’s extragradient algorithm with self-adaptive step sizes
for finding the solution of the problem in real Hilbert spaces. Our proposed method does not
require the co-coercive condition or the Lipschitz continuity of the associated single-valued op-
erators, which are often assumed in the literature when solving monotone inclusion problems.
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Moreover, under some mild conditions on the control sequences and without prior knowledge
of the operator norms, we proved that the sequence generated by our proposed method con-
verges strongly to the minimum-norm solution of the problem. Finally, we applied our result
to certain classes of split inverse problems and we carried out several numerical experiments to
demonstrate the efficiency of the proposed algorithm.
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