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1. Introduction

Throughout the work, we express the real Hilbert space by H, and by D # 0 the close and convex
subset of H. The strong convergence of {w;} to w is symbolized by w; — w and weak convergence by
Wi — W.

A significant problem of nonlinear analysis is the fixed point problem, which offers a logical and
cohesive framework for studying a broader class of problems, including finance, network analysis, and
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optimization, for instance, see [13,35,39,41] and their references. The fixed point problem (FPP) for
a nonexpansive mapping S : H — H is as follows:

Determine o € H so that S(4) = o.

In the past few years, numerous approaches have been carried out to deal with the FPP. Mann’s iterative
technique [28] is the main source of motivation for most of the schemes used to approximate the fixed
point, namely, for wy, € D, compute

Wis1 = Ywy + (1 = )Swy, k>0,

where § : D — D is nonexpansive and ¥, is a controlling parameter, which forces the sequence
{wr} — 0, where 6 is a fixed point of S. Moudafi [27] suggested the viscosity approximation method
by adding S with a contraction Q. For any wy € D and ¢ € (0, 1), compute w; generated by

Wir1 = Y Qwi) + (1 = )Swy, k> 0.

The sequence w;, — 6, where 0 belongs to the fixed point set of S.
Another important problem in nonlinear analysis is the variational inclusion problem (VI¢jusionP),
for the monotone mappings B : H — Hand G : H — 2%, that is:

Determine 0 € H so that 0 € (B + G)o.

Numerous key ideas of applied mathematics, such as minimization, equilibrium, variational
inequality, saddle point, and split feasibility problems, are based on the study of VI,ysonP. Moreover,
it represents many problems of applied sciences including image reconstruction, signal processing,
machine learning and optimal control; see [3, 4, 12, 18, 20, 22, 23,29, 38] and the references inside.
Due to its application oriented nature, many researchers have studied VI ui0onP and suggested various
iterative algorithms for solving VI jusionP-

Lions and Mercier [22] investigated the forward-backward splitting algorithm for VI cjysionP:

Witl = ng(l — i Bywy, k>0,

where p; > 0, (I -y B) is termed as the forward operator and ng = (I+uG)7" is called the resolvent of
operator G referred to as the backward operator. They also proved the weak convergence theorem. In
the recent past, the forward-backward technique has been studied, altered, and extended by numerous
researchers; see [7,16,21,23,31, 33, 38] and the references therein.

If B = 0, we obtain the following monotone inclusion problem (MIP):

Determine 0 € H so that 0 € G(0).

Alvarez and Attouch [5] suggested a new technique to estimate the solution of the MIP, which is
given by:

G
Wist = R/ Wi + oW = wier)],
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and the weak convergence of {w;} has been studied under the following assumption:

(o)

2
E Orllwe = wi|I” < +o0.
k=1

This technique is known as an inertial proximal point method, and the expression o (W, — wy_;) is
called inertial extrapolation. It is noted that due to its design, the sequence obtained from the inertial
proximal point method converges quickly. Therefore, the inertial term has a key role to accelerate the
convergence; hence, adopted by a number of authors, see [11, 14,15, 17,26] and references therein.

In [26], Moudafi and Oliny suggested the inertial proximal point technique to solve VIysionP:

{ up = wi + o(Wi — wi-1),
Wirt = [+ G (ur — i Bwy),

where y; € (0,2/k), and B is «k-Lipschitz continuous. They established the weak convergence of {w;}
using the same restriction as in [5]. Lorenz and Pock [21] proposed the following modified version
of [26] and proved the weak convergence of {w;} to the solution of (VIusionP):

{ U = wi + o(Wr — wi—1),

wirt = [+ Gl — By,

where p 1s a step-size parameter and o € [0, 1). Recently, the VI, usionP and FPP were explored by
Thong et al. [37]. They suggested the inertial viscosity method, for finding the common solutions:

Algorithm 1.1. (Algorithm 3 of [37]) Select wy and w; and assign k = 1.
Step 1. Compute

g = wi+or(wp — wi-p),
v = [+uGl ' - uB)uy.

If u; = v, then stop. Or else, go to Step 2.
Step 2. Compute

U Qwi) + (1 = )S vy

Wi+1

Assign k = k+1 and go back to Step 1, where G is a maximal monotone, B is k-ism, S is a nonexpansive,
Q is a contraction, and u € (0,2«). They studied the strong convergence of {w;} using the following
assumptions on parameters:

Q) Y € (0, 1), lim gy =0, 3 g = co, lim %=t = 1,
k—o0 k=1 k—oco Yk
(1) ox € [0,0),0 >0, I}im %llwk —wi1ll = 0.

Recently, Reich and Taiwo [32] have looked into the hybrid viscosity-type iterative methods to deal
with the solution of the variational inclusion problem. Tang et al. [40] presented some inertial methods
and studied their convergence analysis for solving variational inclusion problems. Numerous iterative
methods for exploring the common solution can also be seen in [1,2,9-11,14,15] and references inside.
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Following the above discussed excellent work, we develop two hybrid inertial viscosity-type
forward-backward splitting iterative algorithms for solving VI, usionP and FPP in which we compute
the viscosity, fixed point and inertial term all together in the beginning of each step. We present two
special cases of our iterative algorithms. Some theoretical applications are also obtained from the
proposed algorithms. Examples in finite and infinite dimensional Hilbert spaces are used to examine
and for comparing the suggested iterative techniques with Algorithm 3 of [37].

2. Preliminaries

For all o, ¥, n in Hilbert space H, m,,m,,m3 € [0, 1] such that m; + m, + m3 = 1, the following
equality and inequality hold in Hilbert space H:

im0 + ma? + msnll> = mylloll* + mall9II* + mslinl®
—mymallo — INI* — mams||® — nlI> — mzmy|ln — oll* (2.1)
and
llo = 911> = lloll* = 2¢o, 9 + 911> < llol* £ 23, 0 + ). (2.2)

Definition 2.1. [6] A mapping S : H — H is called

(a) averaged, if S = (1 —a)l + af,Ya € (0, 1), where f : H — H is a nonexpansive mapping.
(b) n-Lipschitzian, if ||S (o) = S| < nllo — |, Y 0,9 € H,n > 0;

(c) contraction, if ||S(0) =S| < bllo —II, ¥V o, € H,0 € (0, 1);

(d) nonexpansive, if [|S(0) =S| < llo — I, Y 0,9 € H;

(e) firmly nonexpansive, if ||S (0) = S(D)|* < (0 =9, S(0) = S(D)), Y 0,9 € H;

(f) k-inverse strongly monotone (k-ism), if 9 « > 0 so that

(S(©) = S@),0— ) = «lIS(©) =SV 0,8 € H;

(g) monotone, if
@ -5, 0-19)20,Ypo,9 € H.

Definition 2.2. [8] A set-valued mapping G : H — 2% is called

(a) monotone, if (n —,0—9) > 0,Vn,{,e H,p € G(n), ¥ € G();
(b) Graph(G) ={(n,0) e HXH : { € G(n)};
(c¢) maximal monotone, if G is monotone and (I + uG)(H) = H, u > 0.

The resolvent of G is defined by Rg = [I +uG]™', u > 0, where I is the identity operator.

Definition 2.3. [8] The metric projection of H onto D is a mapping which assigns each value point
n € H to a unique nearest point in D, that is

lin = Ponll < lin = £ll, ¥ € D. (2.3)
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Some properties of Pp are summarized as follows:
(0-1, Ppo—Po?) > ||Ppo—Podl’, o,9€H,
and
(0—Ppo, U -Ppo)<0, VoeH, 9 eD.

Remark 2.1. (a) Note that k-ism mapping is monotone and %—Lipschitzian.
(b) Every averaged mapping is nonexpansive but the converse need not be true in general.
(c) S is firmly nonexpansive if, and only if, / — S is firmly nonexpansive.
(d) If f and g are averaged, then f o g is averaged.

Remark 2.2. (a) If G is a maximal monotone mapping, then Rfj is single-valued, nonexpansive and
firmly nonexpansive.
(b) Rff is firmly nonexpansive if, and only if,

IRS0 — REOI < llo = 91 — Il = RS)o — (I = RSP, for all 0,9 € HL

(c) The operator I — Rff is nonexpansive and so it is demiclosed at zero.
(d) w solves (VIyeiusionP) © w = RG(I — uB)w.

Lemma 2.1. [42] Suppose that Q : H — H is 6-Lipschitz continuous and k-strongly monotone over a
closed and convex subset D C H. Then, the variational inequality problem

find o € D such that (Q(),w—-0)>0, YweD

has a unique solution o € D.

Remark 2.3. It can be easily verified that for a nonempty closed convex subset D of H, the following
are equivalent

(a) find 6 € D such that PpQ(d) = 0;
(b) find 0 € D such that ((I — Q)(06),w —0) >0, ¥V w € D, where I is the identity operator.

Lemma 2.2. [19] Suppose ) # D CHand S : D — D is a nonexpansive mapping with the properties

(a) Fix(S) # 0,
(b) the sequence {w;} — 0 and l}im [[Swi — wy]l = 0.

Then, So = o.
Lemma 2.3. [41] If {w,} is a sequence of nonnegative real numbers for which
Wit £ (1 = gi)wi + Yupr, k20,

where (Y} € (0, 1) and {¢y} is a sequence of real numbers satisfying

(a) lim g, = 0, and 3 Yy = oo,
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(b) limsup ¢, <O0.

k—o0
Then, I}im wi = 0.
Lemma 2.4. [30] Let {w} be a sequence in Hilbert space H for which a closed and convex subset

D # 0 of H exists such that
(a) ]}im llwe — wl| exists for every w € D,
(b) any weak cluster point of {w;} falls within D.

Then there exists w* € D satisfying wy, — w*.

Lemma 2.5. [24] Let {w;} be a sequence of real numbers that does not decrease at infinity in the sense
that one can find a subsequence {wy, } of {wi} satisfying wy, < wy, .1 for allm > 0. Also consider the
sequence of integers {3 (k)}is, defined by

J(k) = max{m < k : wp < wiyr ).
Then {3(k)}isk, is a nondecreasing sequence verifying limy_,., I3(k) = co and ¥ k > ky,

max{wsw, Wi} < Wg+1-
3. Main contribution

The solution sets of VIcusionP and FPP are indicated by @ and €, correspondingly. To ensure the
convergence of the proposed methods, we consider assumptions listed below:
(Aq) B : H — H such that B is a «k-inverse strongly monotone operator;
(Az) G : H — 2% is a maximal monotone operator;
(A3) S : H — His nonexpansive and Q : H — H is #-contraction;

(A9) Y € (0,1) 50 that lim g, = 0, i W — Y] < o0 and f: Wi = oo

(As) {1y} is a positive sequence such that Z Ty < oo and hm n o =0;

(A6) The common solution set of VInClusmP and FPP is expressed by®NQand ®NQ £ 0.
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Algorithm 3.1. Hybrid inertial iterative method 1

Choose 0 € [0, 1), and 0 < u < i < 2« is given. Pick the initial points wy and w.
Iterative Step: For k > 1 and iterates wy, wy_, select 0 < o < o, where

o, otherwise.
Compute
we = YQwe) + (1 = y)lS (W) + 0wy — w11, (3.2)
ve = Ry (e — By (3.3)
Wit = RS (v — By (3.4)

If w1 = v = wi = g, then exit, or else, assign k = k + 1 and back to the computation.

Remark 3.1. If w;,; = wy = v = i in Algorithm 3.1, we get
we = RG (Wi —mBw) = I+ wG) ™ (Wi — uBwy)

which implies that w; € (B + G)~'(0), that is, w; € ®. Furthermore, from (3.2), we also have wy,; =
Ui Qwi) + (1 = ) (wy), which is the viscosity approximation method [27], hence, {w;} converges to
some point in .

Remark 3.2. From (3.1), we have that I}im W = 0, and joining with ]}im % = 0, we obtain
. Orlwr — wie R
lim —k” £ el < lim —= = 0.
k— o0 wk k— o0 'ﬁk

Hence there exists a constant L; such that W < Ly or oyllwi — wii|l £ Ly

Theorem 3.1. If the assumptions (A1)—(Ag) hold, suppose {w;} induced by Algorithm 3.1, then w, — w
such that w = PpnaO(w).

Proof For a #-contraction mapping Q, it is easy to see that (I — Q) is (1 + #)-Lipschitz continuous
and (1 —6)-strongly monotone (see [36]). Hence, Lemma 2.1 ensured the existence of unique 6 € ®NQ
such that 6 = PpnoQ(0). It is given that B is k-ism. Then, in view of Remark 2.2(2) and 2.2(3), we
have

v = 8P = RS, (g — e Bug) — 3l

<l = pacBuye = 0 + pieBa|* = (I = R (i — i Buy)
—(I - R)(6 — wBo)I?
= |lux — 0 — p(Buy — BO)* — llux — vic — p(Buy — BO)|I*
< g = 0l — 2pu{Bug — Bo, uy — 8) — |lu — vill* + 2ux{Buy. — B3, uy. — v
< lug = 8l* = 2pak| Bug — Bo|* — Nl — vil” + 2pa{ Bug — BB, uy — vi). (3.5)
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Furthermore, we have

— 2 - 2]
”Buk _Bo- & V"H — ||Bu — Bo| + H”"—VkH ~ ~(Bug ~ Bo, 1y~ vi)
2K 2K K
or
O - - U= V|2
—2uk||Buy — Bo||~ + 2,uk<Buk — Bo, u; — vk> = —ZykKHBuk — Bo — 5 H
K
— 2
2| (3.6)
2K
By using (3.5) and (3.6), we get
12 2 L W= |2 2K — )
=3l <l =3I = 2ues B = B3 = ==||" = (D)l = w (3.7)
< Jlug — ol (3.8)

Since Rfk (I — uB) is averaged, hence, nonexpansive (see [25]), from (3.4) and (3.6), it follows that

e = olF = IR (vic — peBvi) — 8
IRG (I = weB)vi — RS (I — 1y B)d|
< lve-alP (3.9)
< lug - ol> - 2,ukKHBuk — Bo - e = Yk H2
2K
—(ZKZ_K B ot = vl (3.10)

From Remark 2.2, ollwi — wiill < Wi, for some constant L; > 0. Since h is 6-contraction,
using (3.2), (3.8), (3.9) and applying mathematical induction, we have

llux — ol

e Q(wi) + (1 = ) [S (Wi) + or(wie — wi—1)] = 0|
Uil Qwi) = ol + (1 = r)lIS (Wi) — 0 + o (Wi — wio)|

< UllOwi) = QO + YillQ(6) — ol + (1 = w[IIS (wi) — ol
+opl (Wi = wie )]
< illlwi = oll + Yl lQ(0) — oll + (1 — y)llwi — oll + YLy
5) — ol + L
= 1=y = D)~ 3l + g1 - ) 2D
5) -3l + L
< max {[lw; - all, ”Q(O)l —Oelvl A
5) -3l + L
< max {”Vk—l — 4l ||Q(0)1 _00” + 1}
5) -3l + L
< max {||Mk—1 —3ll. ||Q(0)1 _00” + 1}
5) - ol + L
< max{luo oy, 10Ol
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which suggests that {;} is bounded and, hence, {w;} and {v,} are as well. Let x; = S (wp)+o(Wr—wy_1).
Note that {x;} is also bounded. By using (3.2), first we estimate

e = ol = IS (we) + oe(wy — wier) — Bl
= ISwi) = 8l° + 201 {wi — i1, Xi — B)
< ISwi) = 87 + 20klwi — wi llllx — 3l
< i = 8l + 2dllxe — all, (3.1D)

where d; = o|lwy — wiil, and

(Owy) — 0, x;, — 0) (O(wy) — 0(0), x;. — 0) +(Q(0) — 0, X, — 0)
1O(wy) — O@)|lllxx — oll + {Q(0) — 0, x; — 0)
1

5{92||Wk — I + llx; — ol*)

+(Q(0) — 0, x —0), (3.12)

IAN

IA

and

(Q0) =0, x—0)=(Q(0) =0, SWi)+ (Wi —wi-1) = 0)

< Q) =0, S(wp) —0) +(0(0) — 0, Tr(wi —wi_1))
< Q) -0, S(w) —0) +1100) = ollowllwe — wiill
< Q@) -0, S(w) —0)+di|0(0) - 0| (3.13)

By using (3.11)—(3.13), we obtain

lug —0lF = eQwi) + (1 — y)xi — olI°
= YllOw) = all* + (1 = ) *llxe — Bl + 20 (1 = Y )(Q(wi) — D, xi — &)
< YllOw) = all* + (1 = yi)llxi — al° + w1 — i) [ llwy — oI
+lxi — 0I1°] + dill QD) — 8l + 21 — Y X Q@) — 8, S (wi) — D)
< (1 =yl =l + v llwi — 8l
+¢ﬁk{lﬁk||Q(Wk) =0l +2(1 = Q) — 8, S(wi) — 5>}
< [ =yl =)l - ol* + l//k{lﬁkHQ(Wk) - ol

2d
+2(1 = y){(Q@) — 8, S(wyp) — ) + dill Q@) — 8l + w—k"nxk —all} (3.14)

Let y; = Y(1 — 6%). Then, it follows from (3.10) and (3.14) that

N N L W= Vi|?
v =3l < (1= yollwe = 3l = 2pu]| Bus - BG - o [

2K — iy

> Mt = vill® + yxEx (3.15)
K

—(
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where

Yl Q0w — Ol +2(1 = yu Q@) = 3, S(wi) = 8) + dill Q@) — Bl + 5E[|x — 3l

k 1— 6

There are two feasible cases:

Case I: If {|lw; — ]|} is monotonically decreasing, which guarantees the existence of a number N; such
that ||wy1 — 0|| < |lwx — 0| for all kK > N;. Hence, boundedness of {||w; — 6|/} implies that {||w; — o||} is
convergent. Therefore, using (3.15), we have

L W= k|12 2K —
2 HB _ Bo- H +
pik[Bue — B0 === || + (=,

< wi = 8l* = Wit = 8l — yallwi — 1> + yiEx. (3.16)

2
Nzt = vl

By taking limit k — oo, we get

]lim |lux — vil| = 0. (3.17)

From (3.3), (3.4), and using nonexpansive property of ng (I = i B) , we infer that

]}Lrgo IWke1 — vill = 0. (3.18)
Using (3.17) and (3.18), we get
/}i}olo IWke1 — will = 0. (3.19)

From (3.4) and again using nonexpansive property of ng (I — wB), we get

Wis1 = will < lvie = Vil < e — i (3.20)
We also have
Ik — X1l = IS wi + oWy = wim1) = Swiet — Tkt (Wit — wi—2)l
< wk = wicall + orllwe = wiall + ot lwie— — wia |
< gy = wg=all + orllwe = wisill + oo [Iwi—1 — wiall. (3.21)

Since £ is a contraction, {w;} and {x;} are bounded. Then, it results from (3.2), (3.20), and (3.21) that

et — w1l = e Q(wi) + (1 = i) xi — i1 OWi—1) — (1 = Y1) X1
= Wi Qwi) = Y QWi-1) + Y Qwi-1) + (1 = i) xi — (1 = i) X
+(1 = ) xi-1 — Y1 Qi) = (1 = i) x|
Yibliwi = wia |l + Wi = Y QWi DI + [l I}
+(1 = Y)llxx — xp—1 |l
Uilllur—1 — w2l + (1 = ¥l — xiall + W — Yl X Ly

< YOllug—y — wall + (1 = wifllue—1 — wr—all + orllwi — wi |l

IA

IA
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+o-1lwier = wiall} + [k — Yl X Ly

< [ =y = Dlluk—1 — w2l + orllwe — wioill + oot llwi—1 — wial|
+k — Y1l X Ly

or

llug — wirll < (1 = ap)llug-1 — x|l + by

where a; = Y (1 — 6) and by, = oyllwi — Wil + Trtlwik1 — Waoall + Wk — Yi—1| X L. It can be easily

seen that ), a; = co and )] |bi| < co. In the light of Lemma 2.3, we deduce that
k=1 k=1

]}gg otk — w11l = 0.
Hence

;33?0 Wit — will = 0.
It follows from (3.2) that

U Qwi) + (1 — ) x — wy
Ui Qwi) — wil + (1 — i) (X — wi)

U — Wi

or
(I =yl —will < YrllOwi) = will + Wi = will + lIwier — wll-
Since ¢, — 0 as k — oo and using (3.19) and (3.23), we get
]}gg |l — will = 0.

Since the sequence {w;} and {x;} are bounded and Q is a #-contraction, it follows that

e Q(wi) — x|

YillQwi) — Q(0) + Q(0) — Xl
il Ollwi — oIl + 11Q(0) — xil[]
Ui|OL, + L],

llotxe — x|

IA I

IA

hence,
Iim ||y, — x]| = O.
k— o0

From (3.2), we have

Ui Qwi) + (1 = ) [S wi + or(wi — wi—1)]

= Qi) + Swi + (Wi — wi1) — Yy

1273

(3.22)

(3.23)

(3.24)

(3.25)
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Uil Owi) — Q(0)] + o (Wi — wit) + Y[ O(0) — xi ] + Swy
lox = Swill < @iBllwi — oIl + aillwe — wiill + Yl Q(0) — xil|
Yi[OL, + Ls] + ogllwi — wi |l

IA

By taking limit k — oo, we obtain
]11_{2 lux — Swyll = 0. (3.26)
Now, by using (3.24)—(3.26), we obtain
IS wic = will < [ISwi — ull + [l — xill + [l — will = O as k — co. (3.27)

Boundedness of {w;} guarantees the existence of a subsequence {wy, } converging weakly to w. It
follows from (3.18) and (3.19) that {1, } and {v,} also converge weakly to w. By (3.3), we have

Yoo = o (Buy — Bvi ) € (B + G)(vp,). (3.28)
Mk

m

Let (p, q) € graph(B + G). By using monotonicity of B + G, we have

U — Vi
<q - ——— + (Buy,, — Bw,), p — Vk,,,> >0
Hic,,

or

U, — Vk,

/’lkm

1
> ;(Mkm — Vi P — Vi) + {Buy, — Bvi,, p — Vi,)-

4P =Vk,) = < — (Buy, = Bv,), p = Vkm>

By taking limit k — co, we get
<q’ pP— a> > 0

and maximal monotonicity of B + G suggests that 0 € (B + G)w, which means w € ®. Implementing
Lemma 2.2 to (3.27), we infer that w € Fix(S). Thus, w € ® N Q.
To conclude, we drive the strong convergence of the sequence {w;}. From (3.15), we have

Iweer =0l < (1= yolwi = 8lI° + yiEx. (3.29)
Furthermore,
lim sup Ej
k—o0
S o) = BIP +2(1 = gi)(Q©) — 8, S (i) = 8) + dilI Q) — bl + |l - ]
= lim sup
k—o0 1 - 62
; U, 1Q0ws,) = B + 2(1 = Y, )(Q(3) = 3, S (wi,,) = 8) + d, 1) — Bl + F1xs,, — ol
SR -6
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=(Q0(0) -0, w-0)

<0.
Now we are in position to apply Lemma 2.3 in (3.29) and conclude that {w;} converges strongly to 6.
Hence, the result is proved.

Case II: If Case I is not true, then J : N :— N for all k > kj defined by (k) = max{m e N : k > m :
[[wr = Ol < |lwis1 — O]} is increasing and I}im J(k) — oo and

0 < |lwgw — ol < [wsw+1 —oll, ¥ k> k.
By using (3.15), we have

Uk — VIk) ”2 N (2K — U3k
2K 2K

~112

< )’S(k)ES(k) - 78(k)||WS(k) - oll".

= 2
2#8(k>KHB“T(k> - Bo+ Nlusay = vl

By taking limit k — co, we get
lus@y — vawll — 0. (3.30)

Following the similar steps used in the justification of Case I, we arrive at |[wgu+1 — ugpll — 0
and |[Wg@+1 — Vawll = 0 as k — oo. From (3.29) and (3.30), we get

0 <lwsw —all < Esw.
By taking limit k — oo and using Lemma 2.5,
0 < llwe — 8l < max{llwy — all, s — all) < Iwsesr - ll

It follows that ||wy; — || — 0 as k — oo. This establishes the result. m|

Algorithm 3.2. Hybrid inertial iterative method 2

Choose 0 € [0, 1), and 0 < u < i < 2« is given. Pick the initial points wy and w.
Iterative Step: For £ > 1 and iterates wy, wy_, select 0 < o < oy, where

_ { min{”,_r—", o}, if wp # wiy,
o = Wi—wi—1 | '
o, otherwise.
Compute
e = YOwe) + (1 = y)[wy + or(wi — wie1)], (3.3
vi = RS (e — pBuy) (3.32)
Wiel = SRZ(Vk — 1 Bvy) (3.33)

If wir1 = v = wr = u, then exit, or else, assign k = k + 1 and back to the computation.
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Theorem 3.2. If the assumptions (A)—(As) hold, then the sequence {w;} generated by Algorithm 3.2
converges strongly to w, where w = PgpnoQ(w).

Proof. Take 0 € ® N Q, and replacing S by identity operator / in (3.11), we get that {u;}, {v}, and {w;}
are bounded. Denote s, = wy + o (wr — wi_1), then using the similar steps as in (3.14), we get

g = 3l> < [1 =1 = G)]lwe = BIPIl + l/'k{t//kIIQ(wk) - ol

+2(1 = Y)(Q(0) — 0, wi —0) + dil|Q(0) - 0l
2d, }

—|lyx — 0 3.34
+l//k||)’k all (3.34)

where d;, = o||lwy — wi_1]|. Denote z; = Rﬁk(l — i B)vy, then from (3.33) and using the same steps used
in (3.7), it can be concluded that

|
2K

2K — iy 2
(=5 e =zl (3.35)

In view of (3.7), (3.14), (3.34), and (3.35), we find

~112 ~112 ~
le—aIF < Iivi = 3l = 2pus| By — B3 -

~112 =112 ~112
Wesr = ollI” < ISz = 0lI" < |z — ol

< (1= ylwi = 8ll* + yiEx — ZNkKHBuk _Bo— ukz_KVk HZ
_(2/<2—K,Uk)”uk — P - ZﬂkKHka _ B5— vkz—szﬂz
_(2K2—K,uk)||vk - 536

where

UrllQOwi) = 811 + 2(1 = i) Q@) = b, wi = 8) + il QD) = 8l + - |lye - 4l

E, = )

1-62
e = gl =6,

Considering the Case(I) as in the derivation of Theorem 3.1, we achieve
g = vill = 0, vk —=zll = 0, n — oo (3.37)
In view of (3.20), (3.21), and replacing S = I in (3.22), we get
Wit = will < [lvie = vl < lluge = i ll = 0 as k — co. (3.38)

Since s, = wy + o (Wi — wi—1), which implies that ||s; — wi|| < ollwi — wi—1]| = 0 as k — oo, and using
boundedness of {wy} and {s;}, we get, by taking limit k — oo,

A

ke = sell < ellQwi) = Ol + Yrello — sl

Yidbllwe — ol + 116 — sell}

IA
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Employing (3.37)—(3.39), by taking k — oo, we get

1S zx = z&ll = lwier — zxll

< Wi = Wil + lwie = siell + llse — wgell + llexe — viell + |lvie — zll = 0.

Since w € w,,(w;) and {w;} 1s bounded, which guarantees the existence of subsequence wy, and wy,, —
w and so is the sequence {z,}. Thus, applying Lemma 2.3, we obtain @ € Q. The remaining of the

proof can be completed by proceeding the same steps as in the proof of Theorem 3.1.
Some special cases of Algorithms 3.1 and 3.2 are given below for some arbitrary z € H.

Algorithm 3.3. A special instance of Algorithm 3.1

Choose 0 € [0,1), and 0 < u < i < 2« is given. Pick initial points wy and wy, any for z € H.
Iterative step: For k > 1 and iterates wy, wy_, select O < o < 0, where

— { min{m, o}, if wy # wi_i,
O = .
o, otherwise.
Compute
e = Yz + (L =yplS W) + or(wi — w1,
ve = R (u— wBuy),
Wit = RS (i — Bvi).

If wir1 = v = wr = u, then exit, or else, assign k = k + 1 and back to the computation.

Corollary 3.1. Suppose that the assumptions (A)—(As) are valid. If {w;} is induced by Algorithm 3.3
then, wy = 7z = Ppna(2).

Proof. Put Q(w) = z in Algorithm 3.1, and following the corresponding steps used in the validation of
Theorem 3.1, we establish the proof.
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Algorithm 3.4. A special instance of Algorithm 3.2

Choose 0 € [0, 1), 0 < u < i < 2«. Pick any points wy, wy, for any z € H.
Iterative step: For k > 1 and iterates wy wy_1, select 0 < o < o7, where

) - )
o = mln{llwk—Wk-lll’ 0-}’ if wi # W{C_l’
o, otherwise.
Compute
e, = Yz + (1 =yp)lw + op(wi —wis)],

ve = RS (e — puBuy),

Wil = SR,(fk(Vk — Ui Bvy).

If wir1 = v = wr = u, then stop, if not, fix k = k + 1 and back to the computation.

Corollary 3.2. If the assumptions (A1) and (A;) are valid and {w,} is induced by Algorithm 3.4 then,
wi = Z = Pona(2).

Proof. Put z in place of Q(w) in Algorithm 3.2, and following the corresponding steps used in the
validation of Theorem 3.2, we establish the proof. O

4. Applications

Some theoretical applications of proposed algorithms are discussed below for solving the variational
inequality and the convex minimization problem in conjunction with the fixed point problem.

4.1. The variational inequality problem
The variational inequality problem Vl,equaiity P for the operator B : H — H is to find 0 € D such that

(Bo,w—-0)>0 VYweD,

where B is %-ism. Let @, be the solution set of the above defined VlequaiyP. We know that solving
Vlequaliy P 18 a special case of solving VlusionP . In fact, the projection operator is the resolvent of the
normal cone. Thus, the following outcomes are given below.
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Algorithm 4.1. Choose o € [0,1),and 0 < u < py < % is given. Pick the initial points wy and w.

Iterative step: For k > 1 and iterates wy, wy_, select 0 < o < oy, where
_ min{”_T—", o}, if wp #wi,
o = Wi=wi—1ll '
o, otherwise.
Compute
e = YQwp) + (1 = Y)lS wi) + or(wy — wi1)],
ve = Pp(u — wBuy),

wis1 = PpOi — i Bvy).

If wir1 = v = wi = i then, exit, or else, assign k = k + 1 and back to the computation.

Theorem 4.1. Let B : H — H be %—ism and S : D — D is nonexpansive. Suppose that the
assumptions (A3) — (As) hold and ®; N Q # 0. If the sequence {wy} is produced by Algorithm 4.1, then
Wi = W = P, naQ(W).

Algorithm 4.2. Choose o € [0,1),and 0 < u < py < % is given. Pick the initial points wy and w.

Iterative step: For k > 1 and iterates wy, wy_, select 0 < o < o, where
) - .
5 = mln{—”Wk—Wk—l”’ o}, ifw# W{<—1,
o, otherwise.
Compute
up = YiQwi) + (1 = y)[wi + oe(wie — wi1)],
Vi = Pplup — wBuy),
Wiet = SPp(ve — meBwy).

If wir1 = v = wr = i, then exit, or else, assign k = k + 1 and back to the computation.

Theorem 4.2. Let B : H — H be %—ism and S : D — D is nonexpansive. Suppose that the
assumptions (A3;)—(As) hold and ®, N Q # 0. If the sequence {w\} is induced by Algorithm 4.2,
then wy = w = P noOQ(W).

4.2. The convex optimization problem (CMP)

Let Vi,V, : H — H be two proper, convex and lower semi-continuous functions such that V; is
differentiable and «-Lipschitz continuous. The CMP for V; and V; is to find 6 € H such that

Vi(0) + Vo(0) < Vi(w) + Va(w), Yw e H.

Let the solution set of CMP be symbolized by ®, . The CMP is equivalent to determining w € H
satisfying

0 € VV(0) + dV,(0)
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where VV; is the gradient of V; and 9V, is the subdifferential of V,. We are aware of that every
k-Lipschitz continuous function is i—ism and 0V, is maximal monotone [34]. Thus, by replacing
B =VV; and G = 9V, in Algorithms 3.1 and 3.2, the following consequences hold:

Algorithm 4.3. Choose o € [0,1),and 0 < u <y < % is given. Pick the initial points wy and w.

Iterative step: For k > 1 and iterates wy, wy_1, select 0 < o < o, where

5 = { min{m, o}, ifw# W{“l’
o, otherwise.
Compute
. = YQwp) + (1 = Y)lS wi) + or(wy — wi1)],
ve = RO — mVVi(u),

Wit = R — Y Vi(w)).

If wiy1 = v = wy = iy, then exit, or else, assign k = k + 1 and return to the computation.

Theorem 4.3. Let V| and V, be proper, convex, and lower semi-continuous functions such that VV,
and 0V, are maximal monotone and VV| is %-ism. Suppose that the assumptions (A3)—(As) hold and
O, N Q # 0. Then, the sequence {wy} produced by Algorithm 4.3, converges strongly to w, where

w = PCDQOQQ(W)-

Algorithm 4.4. Choose 0 € [0,1), 0 < u < . < % are given. Pick the initial points wy and w.

Iterative step: For k > 1 and iterates wy, wy_, select O < o < o, where

_ { min{”_T—", o}, if wp # wi,
o = Wi=wi—1l| '
o, otherwise.
Compute
e = Y Qwe) + (1 = y)wy + oWy — wi)],

ve = RO — eV Vi),
Wil = SRi,YZ(Vk — i VVive).

If wir1 = v = wi = iy then exit, or else, assign k = k + 1 and back to the computation.

Theorem 4.4. Let H be a real Hilbert space and Vi, and V, be proper, convex and lower
semi-continuous function such that VV, and 0V, are maximal monotone and VV, is %—ism. Suppose
that the assumptions (A3)—(As) hold and ®, N Q +# (0. Then the sequence {w;} produced by the
Algorithm 4.4 converges strongly to w, where w = Pg,no O(W).
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4.3. Image restoration problem

We are considering the following mathematical model for image restoration (or deblurring)
problem:

y=Aw+eg,

where y € RY is assumed to be a blurred and noisy version of the original image w € R", where
A € RMN represents the linear blur operator and ¢ is an additive noise term. Recovering the clean
image is often formulated as the convex minimization problem

min {F(w) := 1[lAw - y|* + 1 D(w)],
weRN

where O is a regularization function and A > 0 is a regularization parameter. The optimality condition
of (4.1) can be expressed as the variational inclusion

0€AT(Aw — y) + 10D(w),
which fits the general inclusion form 0 € B(w) + G(w) by setting
B(w) = AT(Aw —y), G(w) = 10D(w).

Hence, Algorithms 3.1 and 3.2 can be implemented to this imaging context.
The quality of the restored image is measured by the magnitude of the signal-to-noise ratio (SNR)
in decibel (dB) and it is defined by:

w
SNR := 201log,, (&)
W = wll
where w denotes the original image and w represents the restored (reconstructed) image. The
PSNR (peak-signal-to-noise ratio) is a quantitative measure used to assess the quality of reconstructed
or compressed images compared to their original versions. It is defined as

MAX;
PSNR = 10log,,

MSE

where M AX;=maximum possible pixel value (e.g., 1 for normalized images, 255 for 8-bit images), and
MS E =mean squared error between the original and reconstructed images.

The first experiment is on the butterfly which we applied motion blur noise to the original image and
restored it using the proposed Algorithms 3.1, 3.2 and 3 of [37]. The output is presented Figures 1, 2
and Table 1.
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Motion Blurred Restored (Alg 3.1) Restored (Alg 3.2) Restored (Thong & Vinh)

Original

Figure 1. The image illustrates motion blur removal using three algorithms. The blurred
butterfly image is gradually restored. Algorithm 3.1 produces sharper, more detailed
reconstruction; Algorithm 3.2 offers smoother results; and the Algorithm 3 of [37] method
balances sharpness with smoothness. Overall, Algorithm 3.1 yields the best clarity,
effectively reversing motion blur while preserving visual fidelity.

Error vs Iteration for Restoration Algorithms

0.17 —e— Algorithm 3.1
—&— Algorithm 3.2
—+— Thong & Vinh

Relative Error

0.11

0.10

0 5 10 15 20 25 30
Iteration

Figure 2. For the butterfly: Algorithm 3.1 demonstrates the fastest convergence with the
lowest error, Algorithm 3.2 converges more gradually, while Algorithm 3 of [37] attains
smoother yet slower convergence behavior.

Table 1. Performance comparison of the three image restoration algorithms using the
butterfly image under motion blur. The table reports the SNR,PSNR, number of iterations,
CPU (Central Processing Unit) running time, and algorithmic parameters (u, 4, o).

Algorithm SNR (dB) PSNR (dB) Iterations CPU Time (s) u A o

Algorithm 3.1 19.80 28.77 30 8.07 09 0.01 04
Algorithm 3.2 18.56 27.52 30 7.78 0.9 0.01 04
Algorithm 3 of [37] 17.48 26.45 30 11.76 09 001 04
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We observe that Algorithm 3.1 achieved the best restoration quality with highest PSNR and SNR
but required more time. Algorithm 3.2 was fastest, while Algorithm 3 of [37] produced smoother,
more regularized but slightly blurred results.

Our second experiment is on a cameraman, blurred image with motion blur and restored with the
three algorithms. The output is displayed below in Figures 3, 4 and Table 2.

Original Motion Blurred Restored (Alg 3.1) Restored (Alg 3.2) Restored (Thong & Vinh)

Figure 3. The motion-blurred cameraman image was restored using three algorithms.
Algorithm 3.1 achieved stronger sharpening but introduced slight artifacts. Algorithm 3.2
provided smoother yet slightly softer results. Algorithm 3 of [37] method produced a
balanced restoration, preserving edges while reducing distortion. Overall, all methods
effectively mitigated motion blur, with Algorithm 3 of [37] offering the best visual
compromise.

Error vs Iteration for Cameraman Image Restoration Algorithms

—e— Algorithm 3.1
—&— Algorithm 3.2
0.11 —— Thong & Vinh

0.10

0.09

Relative Error

0.08

0.07

0 5 10 15 20 25 30
Iteration

Figure 4. For the Cameraman: Algorithm 3.1 converges fastest with lowest error,
Algorithm 3.2 stabilizes slower, while Algorithm 3 of [37] achieves smoother but slower
convergence.
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Table 2. Performance comparison of the three image restoration algorithms using the
Cameraman image under motion blur. The table reports the signal-to-noise ratio SNR, PSNR,
number of iterations, CPU running time, and algorithmic parameters (u, 4, o).

Algorithm SNR (dB) PSNR (dB) [Iterations CPU Time (s) pu A o

Algorithm 3.1 23.0512 27.7419 30 22.3708 0.9 0005 04
Algorithm 3.2 21.8527 26.5435 30 11.5767 0.9 0005 04
Algorithm 3 of [37] 21.1837 25.8744 30 16.5906 0.9 0.005 04

From Table 2, we notice that Algorithm 3.1 achieved the best restoration quality, yielding the
highest SNR and PSNR with moderate computation time. Algorithm 3.2 performed slightly faster but
with lower accuracy. Algorithm 3 of [37] produced smoother results but lower fidelity. Overall,
Algorithm 3.1 balances accuracy and efficiency, making it the most effective reconstruction technique.

4.4. Transportation problem

Consider the classical transportation problem defined by a cost matrix C = (¢;;) € R™", supply
vector a = (ay,...,a,), and demand vector b = (by,...,b,) satisfying >’ a; = ;f:l b; = 1. The
optimization model is

min {C, X)
XGRH‘IXH (4. 1)
subjectto X1,=a, X'1,=b, X=>0,

where X = (x;;) represents the transport plan. Let A : R™" — R™*" be the linear operator

e[} oof]

The feasible setis § = {X | AX = d, X > 0}. Define the convex function f(X) = (C, X) and the normal
cone operator N (X) associated with S. Then, the optimality condition of (4.1) can be expressed as the
following monotone inclusion problem:

0€df(X)+ Ns(X) =C+A"A+ Nys0)(X), 4.2)

where A* is the adjoint of A, and 4 € R™" is the vector of Lagrange multipliers for the equality
constraints. Equation (4.2) defines a monotone inclusion problem, which can be solved using the
iterative schemes developed for such operators.

To solve the inclusion (4.2), we apply Algorithms 3.1, 3.2 and 3 of [37] originally proposed for
monotone inclusions and adapt it to the transportation problem. The iterative form employs inertial
extrapolation and primal-dual updates.
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Algorithm 4.5. (Algorithm 3.1 for Transportation Problem)

Input: cost C € R™", marginal a, b, initial Xy, > 0, dual Ay, parameters 7 > 0,0 > 0, inertial weight
a € [0, @), tolerance € > 0. Fork=0,1,2, ...

Inertial step: Y, = X; + a(Xi — Xi—1), (Yo = Xo)

Dual update: A, = A, + 0(AY) — d)

Forward (gradient) step: V, = Y, — 7(C + A* ;)

Projection onto nonnegativity: X;.; = P,(V;) = max(0, V;)

Dual correction: ;. = A + 0(AX — AY))

Stop: If [ Xk 1 — Xillr/ max(1, || X;lF) < € and [[AXy; —dll < €

Output: X;,,is the approximate optimal transport plan.

The choice of parameters are listed in the Table 3.

Table 3. Parameter choice and remarks

Parameter / Remark Description

Step sizes Choose 7,0 > 0 such that 7o ||A|* < 1.

Bound on ||A|]? A practical bound is ||A|]> < 2 max(m, n).

Inertial parameter The inertial parameter satisfies 0 < @ < 1, typically @ = 0.2.
Projection operator The projection P, is elementwise and inexpensive to compute.
Computational complexity Each iteration has O(mn) computational complexity.

Algorithm 3.1 treats the transportation problem as a monotone inclusion by splitting the cost
gradient, the affine constraints, and the nonnegativity cone. The dual variable A enforces the marginal
constraint.

Now, we present application of Algorithms 3.1, 3.2 and 3 of [37] to a transportation problem.
Consider a transportation network consisting of three supply nodes and four demand nodes. The cost
matrix C, supply vector a, and demand vector b are defined as follows:

8 6 10 9
C=|9 7 4 2|, a=(20,15,25), b=(10,25,15,10),
34 2 5

with 3, a; = X ;b; = 60. Algorithms 3.1, 3.2 and 3 of [37] were implemented using inertial parameter
a = 0.2, step sizes T = o = 0.1, and tolerance & = 1075, The algorithms were executed for up to 2000
iterations or until convergence. The results are presented and elaborated in Tables 4-6, Figures 5-7.

Table 4. Comparison of convergence and computational efficiency of the proposed
algorithms with Algorithm 3 of [37]. Parameters: @ = 0.2, 7 =0 =0.1,& = 107, dim = 50.

Method Iterations Final residual Time (s)
Proposed Algorithm 3.1 287 9.34 x 1077 0.018
Proposed Algorithm 3.2 241 8.77 x 1077 0.015
Algorithm 3 of [37] 398 9.81 x 1077 0.024
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Table S. Objective convergence of proposed algorithms and Algorithm 3 of Thong & Vinh.

Iteration Algorithm 3.1 Algorithm 3.2 Algorithm 3 of [37]
1 281.916667 306.166667 330.416667
2 230.250667 281.125167 -

3 189.549280 258.273151 -

4 165.351072 238.500665 -

5 156.587748 222.367467 -

6 158.926247 208.155992 -

7 167.485392 195.241256 -

8 179.275904 183.223756 -

9 191.786520 171.853964 -

10 203.240145 161.000233 -

Table 6. Final transportation plans X = (x;;) obtained by the three algorithms.

Demand node Algorithm 3.1 ‘ Algorithm 3.2 Thong & Vinh (2019)
S S S S S» S S S» S
D, 0.000 0.000 10.012 0.000 0.000 10.055 3.333 2.500 4.167
D, 19.975 0.000 5.044 19970 0.000 5.083 8333 6.250 10.417
D; 0.000 5.056 9936 0.000 5.084 9888 5.000 3.750 6.250
Dy 0.000 9.968 0.000 0.000 9970 0.000 3.333 2.500 4.167
Row sum 19975 15.023 24992 19.970 15.054 24971 20.000 15.000 25.000
Column sum  10.012 25.019 14.991 10.055 25.032 14.987 10.000 25.000 15.000

Objective convergence of Algorithms on Transportation Problem

Algorithm 3.1
350 —— Algorithm 3.2
= Thong & Vinh Alg 3

X
w
o
o

N
w
o

Objective value (C,X)

[

N
o
o

150 L L L L L i . L
0 250 500 750 1000 1250 1500 1750 2000
Iteration

Figure 5. The graph shows that the Algorithm 3.1 decreases the cost fastest and stabilizes
around 230, indicating better convergence. Algorithm 3.2 converges slowly with slightly
higher final cost. Algorithm 3 of [37] remains flat, confirming it stayed at its initial feasible
point without improvement.
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Convergence of Marginal Residuals for Transportation Problem

Algorithm 3.1
101}k =~ Algorithm 3.2
—— Thong & Vinh Alg 3

100 L

Marginal residual |AXx —d|2

0 250 500 750 1000 1250 1500 1750 2000
Iteration

Figure 6. The plot illustrates how each algorithm reduces the marginal residual ||AX) —
d||, over iterations. Algorithm 3.1 exhibits the fastest and most stable convergence toward
feasibility. Algorithm 3.2 converges slowly, maintaining larger residuals. Algorithm 3 of [37]
remains constant, indicating no improvement from an already feasible initial point.

Final Transportation Plans for the Three Algorithms

Algorithm 3.1 Algorithm 3.2 Thong & Vinh Alg 3

—05¢ —0.5p —0.51
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Figure 7. The color intensity in the hetmans represents the magnitude of transportation flows.
Darker blue regions correspond to higher shipment volumes, while lighter shades indicate
minimal or zero transport. Algorithm 3.1 shows concentrated dark areas along cost-efficient
routes. Algorithm 3.2 exhibits similar but slightly diffused color patterns. The Algorithm 3
of [37] presents evenly distributed lighter tones, reflecting a more uniform but less cost-
effective allocation.

From Table 4, it is observed that Proposed Algorithms 3.1 and 3.2 converge faster than Algorithm 3
of [37], requiring 241-287 vs. 398 iterations and 0.015-0.018 vs. 0.024 seconds, achieving residuals
below 107 in dim = 50.

The Table 5 shows that the Algorithm 3.1 demonstrates a steady decline in objective values during
early iterations, stabilizing faster than Algorithm 3.2. Algorithm 3.2 converges slowly, while
Algorithm 3 of [37] lacks comparable data, suggesting delayed or incomplete convergence.

The Table 6 represents how goods are distributed from three supply centers (S ;—S 3) to four demand
destinations (D;—D,). Each entry x;; indicates the quantity of goods (in suitable units, e.g., tons or
truckloads) shipped from supply node §; to demand node D;.

Under Algorithm 3.1, almost all of §’s 20 units (about 99.9%) are delivered to D,, suggesting this

AIMS Mathematics Volume 10, Issue 12, 28829-28860.



28854

route is the most cost-effective. Supply node S, mainly serves D3 and D4, sending approximately 34%
of its goods to D3 and 66% to D,. Meanwhile, S 3 supplies D;—D3, with around 40% to Dy, 20% to D,,
and 40% to Ds.

Algorithm 3.2 shows a very similar pattern but slightly less balanced, causing marginally higher
residual errors in meeting the exact supply-demand requirements. For Algorithm 3 of [37], shipments
are more evenly distributed: each supplier serves all four destinations in roughly proportional
quantities. However, this uniform allocation results in a higher total cost, since it ignores the
cost-optimal routing preferences revealed in the first two methods.

Overall, Algorithm 3.1 yields the most realistic and efficient logistics plan-minimizing transport
cost while closely matching the supply and demand constraints. In practical terms, it would ensure
timely deliveries with minimal empty returns or over-supply at any destination.

5. Numerical experiments

Example 5.1. (Finite dimensional) Let H = R?. For ¢ = ({1,%) and v = (v;,v,) € R?, the usual
inner product, that is, (/, v) = {jv; + L, and )P = |41 + |25)>. The operators B, G, and map S are
defined by

(5 & (5 & 3
Bl =(3.%) 6@.0)=(3.3) S0 =@.0).
It is not hard to show that the operator B is 3-ism and %—strongly monotone, %—Lipschitz continuous; G
is maximal monotone and S is nonexpansive.
For the computation, we choose ¢, =

randomly from (0, o) where

3 L =
3 =

100 M

_1 _ .
Ve Hie = , 0 = 04, and o, is selected

[\S][98}

. 1 .
_ { min {m, 04}, if Wi F Wi—1,

g, = .
k 04, otherwise

We depict the convergence of sequences obtained from Algorithm 3 of [37], Algorithms 3.1-3.4. The
algorithm terminates when |[wy,; — wi|| < 107!® for the succeeding initial values:
Case (a): wy = (1,-8), w; =(=3,5);
Case (b): wo = (10, -18), w; =(53,50);

It is evident that our algorithms are effective and can be simply executed. The convergence of {wy}
to {0} = ® N Q is shown in Figures 8 and 9 with varying values of contraction 4. It is noted that our
algorithms approach toward the solution in less steps in comparison to Algorithm 3 of [37].
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(x)=(0, 1)
—— Aligorithm 3 of Thong et al.(35]

o° B

ks — wl

3,
T
I

I I I
20 25 30

102 I I
5 10

15
Number of iterations

Figure 8. Pictorial presentation of |[w;y; — wy|| induced by Algorithm 3 of [37],
Algorithms 3.1-3.4 by using Case(a).

T

Algorithm 3.1 with Q(x)=x/3
—— Aligorithm 3.2 with Q(x)=x/3
—— Algorithm 3.3 with Q(x)=(0, 0)
——— Algorithm 3.4 with Q(x)=(0, 0)

Algorithm 3 of Thong et al [35]

Jlwis1 — wl|

5 10 20 25 30

15
Number of iterations

Figure 9. Pictorial presentation of |[w;y; — wy|| induced by Algorithm 3 of [37],
Algorithm 3.1-3.4 by using Case(b).

Example 5.2. (Infinite dimensional) Let H = [, := {¢ := (¢, %, P53, , -+ ), Hh € R : i 197 <
k=1

&) &) 1/2
oo}, with inner product (3, v) = Y, #yv; and the norm ||¥|| = ( D |19k|2) . The mappings B, G, and S
n=1 k=1
are expressed by

B() := g G@) = g S@W) =9, VIel.

b

[NS] (98}

Clearly, B is 5-ism, G is maximal monotone, and S is nonexpansive. We choose w; = % — T M=
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o = 0.3, and o is randomly selected from (0, o), where

. 1 .
Ek _ mm{m, 03}, if Wy #F Wi_1,
0.3, otherwise.

We depict the convergence of the sequences produced by Algorithm 3 of [37], Algorithms 3.1-3.4.
The algorithm terminates when |[wy,; — wi|| < 107" for the succeeding two initial values:

(_l)k}:’l, i :{ 0, ifkisodd,

Case (a’): w :{ ; .
@): wo k k%, if kiseven.

Case (b’): wy = {%}k:f wy = {k%}k:f
Our algorithms are implemented easily and found effective. We select different values of contraction

h and visualize the convergence of {w;} to {0} = ® N Q in Figures 10 and 11. It is noted that our
algorithms converge in fewer steps in contrast to Algorithm 3 of [37].

—— Algorithm 3.1 with Q(x)=x/4
Algorithm 3.2 with Q(x)=x/4
Algorithm 3.3 with Q(x)=0
——— Algorithm 3.4 with Q(x)=0
—— Aligorithm 3 of Thong et al.[35]

3
T
I

lwk 1 — will

oL B B

102 i i i i
5 10 15 20 25

Number of iterations

Figure 10. Pictorial presentation of |lwg,; — wy|| induced by Algorithm 3 of [37],
Algorithm 3.1-3.4 by using Case(a’).
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)
)
ith Q(x)=
Algorithm 3.4 with Q(x)=
—— Aligorithm 3 of Thong et al.(35]

o° B

||wks1 — wil|

oL i

102 I I I
20 25 30

5 10

15
Number of iterations

Figure 11. Pictorial presentation of |[wi,; — wy|l induced by Algorithm 3 of [37],
Algorithm 3.1-3.4 by using Case(b’).

6. Conclusions

We have suggested two hybrid inertial viscosity-type forward-backward splitting iterative
algorithms for solving VI usionP and FPP in the environment of Hilbert spaces. We established the
strong convergence of the sequences produced by the recommended methods in such a way that the
iteration of the first algorithm begins with the computation of the viscosity iteration, fixed point
iteration and inertial extrapolation while the second algorithm computes the viscosity and inertial
extrapolation in the initial step of each iterations. Some special cases and some theoretical
applications to solve variational inequality and convex optimization problems are discussed. We also
studied the image restoration problem and transportation problem as advantages of our methods.
Finally, we demonstrated the suggested approaches by using numerical experiments in the context of
finite and infinite dimensional Hilbert spaces. Our methods can be implemented easily and
approaches to the solution in less number of steps in contrast to the Algorithm 3 of [37].

It is worth mentioning that a comparative study on the convergence rate between the proposed
method and other existing approaches for solving VI, usionP and FPP constitutes an interesting topic
for future research.
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