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Abstract

In this paper, we study the strong convergence of two Mann-type inertial extragradient algo-
rithms, which are devised with a new step size, for solving a variational inequality problem
with a monotone and Lipschitz continuous operator in real Hilbert spaces. Strong conver-
gence theorems for the suggested algorithms are proved without the prior knowledge of
the Lipschitz constant of the operator. Finally, we provide some numerical experiments to
illustrate the performance of the proposed algorithms and provide a comparison with related
ones.
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1 Introduction

Let C be a convex and closed set in a real Hilbert spaces .7 with the inner product (, -)
and the norm || - ||. For all x, y € ¢, one recalls that a mapping 7 : ¢ — ¢ is said
to be (i) L-Lipschitz continuous with L > 0 iff ||[Tx — Ty|| < L|lx — y|| (if L = 1, then
T is said to be nonexpansive); (ii) n-strongly monotone if there exists n > 0 such that
(Tx — Ty, x —y) > nl|lx — y|; (iii) monotone if (Tx — Ty, x — y) > 0. A point x* €
is called a fixed point of T if Tx* = x*. The set of all the fixed points of 7 is denoted by
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Fix(T). Let A : ## — 5 be an operator. The variational inequality problem (shortly, VIP)
for A on C is to find a point x* € C such that

(Ax*,x —x*) >0, VxeC. (VIP)

From now on, the solution set of (VIP) is denoted by VI(C, A).

In a wide range of applied mathematics problems, the existence of a solution is equivalent
to the solution of the above-mentioned classical variational inequality. Therefore, variational
inequalities are important tools for studying various physics, engineering, economics and
optimization theories, see, e.g., (Wang et al. 2019; Sahu et al. 2020; Qin and An 2019; An
et al. 2020). Over the last 60 years or so, the variational inequality has been revealed as a
very powerful and important tool in the study of various linear and nonlinear phenomena.
Some problems, such as systems of equations, complementarity problems, and equilibrium
problems, can be formulated as variational inequalities.

Recently, many authors proposed and investigated various algorithms for solving the
variational inequality problem, see, e.g., (Cho and Kang 2012; Cho et al. 2013; Shehu et al.
2019; Liu et al. 2019; Fan et al. 2020; Ansari et al. 2020; Wang and Pham 2019) and the
references therein. Projection-based methods and their variant forms act as important tools
for finding approximate solutions of the variational inequality. A well-known method to
solve (VIP) is the projected gradient method: x,,+1 = Pc (x, — AAx,), Vn > 1, where A
is a positive real number and Pc is the metric (nearest point) projection onto C. However,
the convergence of the algorithm requires strong monotonicity of A (or inverse strongly,
which is also usually said to be co-coercive). If mapping A is L-Lipschitz continuous and
monotone, Korpelevich (1976) proposed the following extragradient method (EGM) with
double projections to reduce the strong hypotheses of operator A:

Yn = Pc (xy — AAXy) |
Xn+1 = Pc (xn — AAyn), Vn=>1,

where 1 € (0, 1/L). The algorithm converges to an element of VI(C, A) provided that
VI(C, A) is non-empty. The disadvantage of the EGM is that it needs to calculate two
projections from .7 onto the feasibility set C in each iteration. If C is a general convex-
closed set, this might require a prohibitive amount of computation time. To overcome this
computational drawback, many authors have modified this method in various ways. Recently,
there are two modified extragradient algorithms in the literature to overcome this shortcoming.
These two methods are the Tseng’s extragradient algorithm (TEGM) suggested by Tseng
(2000) and the subgradient extragradient algorithm (SEGM) proposed by Censor etal. (2011).
We point out here that the Tseng’s extragradient algorithm and the subgradient extragradient
algorithm only need to calculate one projection onto C in each iteration. Note that under
some appropriate settings, the TEGM and the SEGM weakly converge to the solution of the
variational inequality. Some examples in machine learning and image processing tell us that
strong convergence is preferable to weak convergence in an infinite-dimensional space. For
this reason, a natural question is how to design an algorithm that provides strong convergence
to solve the (VIP) when mapping A is only L-Lipschitz continuous and monotone. Recently,
Kraikaew and Saejung (2014) based on the subgradient extragradient algorithm and the
Halpern method to proposed an algorithm for solving monotone (VIP). Their algorithm is of
the form:
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yu = Pc (xn — LAxy) ,
T, ={x €| (xp —AAXy, — yp,x —y,) <0}, (HSEGM)
X1 = apxo + (1 — o) Pr, (xp — Ayy), Yn>1,

where A € (0,1/L), o, C (0, 1) with Zjio:] o, = +oo and lim,_, o @, = 0. They proved
that the sequence {x,} generated by (HSEGM) converges to the solution of (VIP) in norm.
Note that the algorithm (HSEGM) needs to know the Lipschitz constant of the mapping A,
which limits the applicability of the algorithm. To overcome this shortcoming, Shehu and
Iyiola (2017) proposed a modification of the subgradient extragradient algorithm with the
adoption of the Armijo-like step size rule. Indeed, they investigated the following algorithm:

Yn = Pc (xn — AnAxy) ,
Ty ={x € | (xp — AnAxy — Yn, x — yp) =0}, (VSEGM)
Xn+l = anf(xn) + (1 - O[n)PT,, (xn - )\nAyn) , Yn>1,

where [ : # — ¢ isacontraction mapping, A, = £ and m,, is the smallest non-negative
integer such that A, ||Ax, — Ay,ll < wllxn — yall (€ € (0,1), u € (0, 1)). They showed
that the iterative process defined by (VSEGM) converges to the solution set of (VIP) in
norm. The algorithm does not need to know the Lipschitz constant of the mapping A, but
calculating the step size requires to evaluate the value of A multiple times in each iteration.
Therefore, although the Armijo-like criterion may not need to know the Lipschitz constant,
it is very computationally expensive. Recently, Yang and Liu (2019) combined the Tseng’s
extragradient algorithm and the viscosity method with a simple step size and proposed a new
iterative algorithm. The algorithm consists of only one projection and does not require the
prior knowledge of the Lipschitz constant of the operator. They obtained a strong convergence
theorem under suitable conditions, and their algorithm is described as follows:

Take g € (0, 1), u € (0, 1),
Yn = Pc (xp — AyAxy) ,

Xnt1 = f(xn) + (1 —an)lyn — A (Ayy — Axp)], (TVEGM)
1 ” n*,n” . .
Amss = min [H}:\xxni—Avynll’)L”} , if Ax, — Ay, #0;
Ans otherwise .

On the other hand, in recent years, there has been tremendous interest in developing fast
iterative algorithms. Many authors have used inertial methods to devise a large number of
iterative algorithms that can improve the convergence speed; see, for example, (Liu 2019;
Qin et al. 2020; Tan et al. 2020; Tan and Li 2020; Tan and Xu 2020; Zhou et al. 2020) and the
references therein. These inertial-type algorithms have better numerical performance than
algorithms without inertial terms.

Motivated and inspired by the above works, in this paper, we introduce two self-adaptive
inertial Mann-type extragradient algorithms to solve the monotone variational inequality
problem in real Hilbert spaces. Our algorithms can work well without knowing the prior
knowledge of the Lipschitz constant of the mapping. Under some mild conditions, we prove
that the iterative sequence generated by the suggested algorithms converges to a solution of
(VIP) in norm. Some numerical experiments are provided to support the theoretical results.
Our numerical results show that the new algorithms have a faster convergence speed than the
existing ones.
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The remainder of this paper is organized as follows. In Sect. 2, one recalls some preliminary
results and lemmas for further use. Section 3 analyzes the convergence of the proposed
algorithms. In Sect. 4, some numerical examples are presented to illustrate the numerical
behavior of the proposed algorithms and compare them with some existing ones. Finally, a
brief summary is given in Sect. 5, the last section.

2 Preliminaries

Let C be a convex closed subset of a real Hilbert space s#. The weak convergence, which the
convergence in the weak topology, and strong convergence (convergence in norm) of {x,};° ;
to x are represented by x,—x and x,, — x, respectively. For each x, y, z € 7, we have

(D) x4y < x> + 20y, x + y);

@) llex + 1 =)yl =alxl?>+ A —)yl? —a(l —a)llx — y[* ¢ € R;

3) llex+By+yzl? = alx|>+BlIyII>+ylzI> —aBllx — yII> —ayllx—zI> =By Ily —zl%
where o, B,y € [0, 1] witha + 8+ y = 1.

For every point x € .7, there exists a unique nearest point in C, denoted by Pc(x) such
that Pc(x) := argmin{||x — y||, y € C}. Pc is called the metric projection of s# onto C. It
is known that Pc is nonexpansive and Pc (x) has the following basic properties:

o (x — Pc(x),y — Pc(x)) <0, Vy € C;
o [Pc(x) — Pc)I* < (Pc(x) — Pc(y), x — ), Vy € .

To prove the convergence of the proposed algorithms, we need the following lemmas.

Lemma 2.1 (Kraikaew and Saejung 2014) Let A : 3¢ —  be a monotone and L-Lipschitz
continuous mapping on C. Let S = Pc(I — nA), where . > 0. If {x,,} is a sequence in #
satisfying x,—q and x,, — Sx, — 0, then q € VI(C, A) = Fix(S).

Lemma 2.2 (Maingé 2008) Assume that {a,} is a nonnegative real number sequence and
there is a subsequence {anj} of {a,} such that an; < an;+1 forall j € N. Then, there exists a
nondecreasing sequence {my} of N such that limy_, oo my = 00 and the following properties
are satisfied by all (sufficiently large) number k € N :

Amy = Amy+1 and ay < Amyp+1 -
In fact, my is the largest number n in the set {1,2, ..., k} such that a,, < an+1.

Lemma 2.3 (Liu 1995; Xu 2002) Let {a,} be a non-negative real number sequence, which
satisfies

ap+1 < O5nbn + (1 _an)an’ vn >0,

where {a,} C (0,1) and {b,} are two sequences such that Y rooa, = o0 and
lim sup,,_, oo by < 0. Then, lim,_, o a, = 0.

3 Main results

In this section, we introduce two new inertial extragradient algorithms with a new step size
for solving variational inequality problems and analyze their convergence. First, we assume
that our proposed algorithms satisfy the following conditions.

@ Springer f bMA



Self-adaptive inertial extragradient algorithms for solving VIPs Page 5 of 19 19

(C1) The mapping A : % — 2 is monotone and L-Lipschitz continuous on .77 .

(C2) The solution set of the (VIP) is nonempty, that is, VI(C, A) # @.

(C3) Let {€,} be a positive sequence such that lim,,_, » c% = 0, where {o,} C (0,1) is
with the restrictions that ZZOZI a, = oo and lim, o o, = 0. Let {B,} C (a,b) C

0,1 — ap) forsomea > 0,b > 0.

3.1 The Mann-type inertial subgradient extragradient algorithm

Now, we introduce a Mann-type inertial subgradient extragradient algorithm for solving
variational inequality problems. The Algorithm 3.1 is read as follows.

Algorithm 3.1 The Mann-type inertial subgradient extragradient algorithm for (VIP)

Initialization: Take 6 > 0, A1 > 0, u € (0, 1). Let xg, x| € S be arbitrarily fixed.
Iterative Steps: Calculate x,, | as follows:
Step 1. Given the iterates x,,_1 and x, (n > 1). Set

Wy = Xp + 6y (xn _xnfl) s

where

min{ein,e}, if xp # xp—1; G.1)

e = xn1]

O =

otherwise .

5

Step 2. Compute

yn = Pc (wn — AnAwp) .
If wy, = yn, then stop, and yj, is a solution of (VIP). Otherwise, go to Step 3.
Step 3. Compute

in = PT,, (wp — AnAyn) ,
where T), := {x € J€ | (wy — ApAwy — yn, x — yu) <0}
Step 4. Compute

Xn+1 = —an — Bn) wn + Pnzn,

and update
wllwn — yull } e
——— Any¢, if Aw, — Ay, 0;
gt = 14wy — Ayall ™" no A (3.2)
Ans otherwise .
Setn :=n + 1 and go to Step 1.
Remark 3.1 1t follows from (3.1) that
. Oy
lim — [lx, —xp—1ll = 0.

n—00 @,

Indeed, we have 6, ||x, — x,—1|| < €, for all n, which together with lim,,_, o, ;—':’ = 0 implies
that

. . €,
lim —= ||xy — X5 < lim = =0.
n—00 oy, n—0o0 oy

The following lemmas are quite helpful to analyze the convergence of the algorithm.
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Lemma 3.1 The sequence {A,} generated by (3.2) is a nonincreasing sequence and
lim A, = A > min [M, ﬁ] .
n—o00 L
Proof Tt follows from (3.2) that 4,41 < A, for all n € N. Hence, {A,} is nonincreasing. On

the other hand, we get ||Aw, — Ay,|l < L ||lw, — y,|l since A is L-Lipschitz continuous.
Consequently,

lw, — yull Mmoo
p——— > — | if Aw, # Ay,,
lAw, — Ayall = L e
which together with (3.2) implies that A, > min{\A{, #}. Since {X,} is nonincreasing and
lower bounded, we have lim;_, 5o A;, = A > min {A 1 %L] O

Lemma 3.2 Assume that the conditions (C1) and (C2) hold. Let {z,} be a sequence generated
by Algorithm 3.1. Then, for all p € VI(C, A),

A A
lzn = pIP = = pI2 = (1= u2==) lly = wnl® = (1= 1= ) lz = yull®
)\n+l )Ln+l

Proof By the definition of A,, one has

m
lAw, — Ay,ll < Y

n+1

”wn _Yn”, vn >0.
Using p € VI(C, A) C C C T,, we have
2
2lizn — pI? = 2| Pr, (wn — AnAyn) — Pr,(p)||” < 2(z0 — P, wy — AnAyy — p)
= llza — pII* + llwy — AuAyn — pI* — 20 — wa + AnAyall?
= llza — pII* + llwy — pI? + A2 [ Ayull* = 2 (Wn — P, AnAyn)
—llzn — wall* = A2 1AVl = 2 (20 — W, AnAn)

= llza — pII* + llwn — pI? = 20 — wal® =2 (20 — P, AnAyn)

which implies that
lzn — pI* < llwn — pI* = lzn — wall® =2 (20 — P, AnAyn) - 3.3)

We have (Ap, y, — p) > Osince p € VI(C, A). In addition, since A is monotone, we have
2An (Ay, — Ap, yn — p) = 0. Thus, adding this item to the right side of (3.3), we get

lzn — pI* < llwn — pI* = llzn — wall® = 220 — P, AnA¥n) + 220 (Ayn — Ap, Yo — P)
= [lwy — pI* = 20 — wall* +2 (0 — 20, AnAVn) — 24 (Ap, Yu — P)
< llwn — plI* = llza — wnll> + 2hn (Y0 — 20> Ayn — Awy)

+20n (Awy, yn — 2n) - (3.4)
Note that

An
200 (Yn — Zn> Ayn—Awy) <20, |Ayn —Awy |l |yn — zall fzﬂ}\ ! lwy = yull lyn — zall

n+

A A
< == llwy = yall* + === llyn — zl* . (3.5)
)Ln+l )\nJrl
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Next, we estimate 2A, (Aw,, ¥, — 2,). Since z, = P, (w, — A, Ay,) and hence z,, € T,,,
we have

(Wn — AnAwy — Yn,2n — yu) <0,
which implies that

2hn (AWy, Y — Zn) < 2{¥n — Wn, Zn — Yn)
I? 1P = llzn = yall? . (3.6)

= llzn — wull® = llyn — wy

Substituting (3.5) and (3.6) into (3.4), we obtain

A A
e = I < lww = pI2 = (1= 5= ) yw = wall? = (1= 15~ ) llza = 3l
)\.n+1 )\n+l

This completes the proof. O

Theorem 3.1 Assume that Conditions (C1)—(C3) hold. Then the sequence {x,} generated by
Algorithm 3.1 converges to p € VI(C, A) in norm, where || p|| = min{||z]| : z € VI(C, A)}.

Proof According to Lemma 3.1, it follows that lim,_, (1 — le:L) =1—pu > 0. Thus,
there exists ng € N such that

An
1—n >0, Vn>ng. 3.7

)Nn+l
Combining Lemma 3.2 and (3.7), we obtain
lzn = pll < lwp — pll, Vn >=no. (3.8)
Claim 1. The sequence {x,} is bounded. By the definition of x,1 |, one has
lxp+1 — pll = I(1 — an = Bn) wn + Buzn — Pl

= (1 — oy — Bp) Wy — p) + Bu (zn — p) — o pll

<N =ap = Bu) (Wy — p) + Bu (20 — Pl +anlipll. (3.9)
On the other hand, it follows from (3.8) that

(1= aw = Bu) (Wn = P) + Bu @n — P)I?
= —an— B lwn — plIF +2(1 = an — Bu) Bu (wn — p.2a — P) + By lzn — PII
< (=0 = Bu)* llwa = pI* +2(1 = oty — B) Bu llzn — pll 1wy — pll + By llza — p1I?
< (=0 = B)* llwa = pI* +2(1 = ot = Bu) Bu llwn — pI> + B llwa — pII?
= —an)?llwa—plI*. Vn = no,

which yields

11— oy — Bn) (wy — p) + Bn (zn — P < (1 —ap) lwy — pll, Yn > ng. (3.10)
Using the definition of w,, we can write

6
lwe — pll < Ixn = pll 4ty - — llxn — X1l - (3.11)

n

By Remark 3.1, we have g—" [lxn — xu—1]l = 0. Thus, there exists a constant M| > 0 such

that 0
Ny — X1l < My, Vn>1. (3.12)
[0
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From (3.8), (3.11) and (3.12), we find that
lzn = Pl < lwp — pll < X0 — pll + €aM1, VY >no. (3.13)
Combining (3.9), (3.10) and (3.13), we deduce that

lxn+1 — pll <= (A — o) lwy — pll +anllpll
< =o)Xy — pll +an(lpll + M1)
< max {llx, — pll. llpl + M1}

pl+ M}

A

IA

+ < max { ”xno - P
That is, the sequence {x,} is bounded. So the sequences {w),} and {z,} are also bounded.

Claim 2.

A A
Bu(1 = 1= ) wn = 3l + B (1 = 157 ) Iy = 2al?
)hn—&-l A

n+1
< %0 — pI* = lxns1 — pI* + an (I pl* + M)

for some M, > 0. Indeed, by the definition of x,1 1, one obtains

IxXn41 = PII> = (1 —0tn—Bu) W+ Buzn—plI*
=11(1 = an = Ba) (W — P) + Bu @n — P) + an(—p)II*
== an— Bu) lwn — pI* + Bu llzn — pI* + el plI?
— B (L —an = B) lwn — zall* — &t (1 = atw — Ba) lwall* = ctn B llzal?

< —ay =B lwy — pI* + B llza — pI* + anll pl*.

(3.14)
In view of (3.13), one sees that
lw, — plI* < (lxn — pll + anMy)?
= llxp — plI* + oy (M llxy — pll + ay M7)
< llxy — pI> + an My (3.15)

for some M, > 0. Thus, using Lemma 3.2, (3.14) and (3.15), we obtain

A
et = pIP < (= an = Bo) g = pIP + Ba lwg = pI? = Ba (1 = 1= ) g = 3l

n
)Ln+]
)Ln 2 2
_ﬁn 1—pn ”yn_Zn” +(¥n||P||
)\nJrl
2 An 2
<l = pI? = B (1 = =)l = 3l
n+1

)"n 2 2
_5n(1—u )nyn—znn +a,(Ipl? + My).
)\n+1

Claim 3.

lxn+1 — P||2 < —oay) llxp — P||2 + ap [2,371 lwn — zull 1xn+1 — Pl

On

3
F2(p, p— g + ||xn—xn71||], Vi > no

n
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for some M > 0. Indeed, by the definition of w,,, one obtains
lwy — plI* = %0 + O (xn — Xn—1) — plI?
= 10 — pI* + 26, (xy — Py X — Xn—1) + 62 X0 — xp—1 I
< llxn — pI? +3M6, l1xy — xp—1ll (3.16)

where M := sup, ey {llxn — pll . 0 llxp — xn—1ll} > 0. Setting £, = (1 — By) wn + Byzn, one
has
1t — wll = Bu lwn — zall - (3.17)

It follows from (3.13) that
lzn — pll = II(1 = Bn) (wn — p) + Bn (zu — P
< (=B llwy, — pll + Bn lwn — pll
= llwy — pll, Vn = nyg. (3.18)
From (3.16), (3.17) and (3.18), for all n > ng, we get

Ixn41 = PI* =11 = Bu) W + Buzn — ewwn — plI
=1(1 — ) (ta — P) — ot (W — tn) — aup|*
<(I—an)? llta = plI* = 200 Wy — ty + p. Xns1 — P)
=1 =) ltn — pI* + 20 (Wn — tn, P — Xns1) + 20 (P, P — Xns1)
< (1 —an) Ity — pI* + 200 Wy — tall 1xns1 — pll + 200 (P, p — Xns1)
= (1 =) 0 = I+ @a[ 281 lwa = 2l Inss =
3M6,

+2(p, p =) + " oy = x|

n
Claim 4. The sequence {||x, — p 12} converges to zero by considering two possible cases on
the sequence {||x, — p||2}.
Case 1. There exists an N € N, such that ||x, .1 — pl|*> < [[x, — p||> for all » > N. This
implies that lim,,_, o [|x, — p||2 exists. In view of lim,, (1 —u A”l) =1—pu > 0and

Jnt
Condition (C3). It implies from Claim 2 that
lim [[wy, —y,l=0 and lim [y, —z,ll =0.
n—oo n—oo
This implies that lim,_, o |z, — wy| = 0, which together with the boundedness of {x,}

gives that
lim B, lwy, — zull Ixp+1 — pll = 0.
n—0o0
According to the definition of w,, one has
0, |

lxn — wpll = 6y llxp — Xp—1ll = 0ty - |xp —x4—1ll = 0 asn — oo.

n

On the other hand, one sees that

lxn+1 — wall < oy llwpll + Bu llzn — wull = 0 asn — oo.

This together with lim,,_,  [|x, — w, || = 0 implies that
lim [[xy4+1 — xnll = 0.
n—oo
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Since {x,} is bounded, there exists a subsequence {x,,j} of {x,}, such that Xn;—~q and
limsup (p, p — x,) = lim (p, p—xu,) = (p. p —q).
n—o00 J—>00
We get Wn,—q since ||x, — wy|| — O, this together with lim, .o A, = A > 0 and
lw, — ynll = O, in the light of Lemma 2.1, yields that ¢ € VI(C, A). Since g € VI(C, A)
and || p|| = min{||z|| : z € VI(C, A)}, thatis p = Pyi(c,a)0, we deduce that
limsup (p, p — xn) = (p, p—¢q) <0.

n—oo

From ||x,4+1 — x,|| — 0, we get

limsup (p, p — xp+1) <0.
n—o0

Therefore, using Claim 3 and Remark 3.1 in Lemma 2.3, we conclude that x,, — p.
Case 2. There exists a subsequence {||an — p||2} of {||x, — p||2} such that llxn; — p||2 <

%41 — p||2 for all j € N. In this case, it follows from Lemma 2.2 that there exists a
nondecreasing sequence {my } of N such that limy_, o, m; = oo and the following inequalities
hold forall k € N :

2
[xme = PI|” < Ixme1 — pII* and llxe = pli* < lxmer1 — pI* .
By Claim 2, we have

| 2

. A
ﬂmk<1 - M)L my ) ”wmk = Ymy ”2 + By (1 - M}\ my ) ||ymk - ka’
mictl mi+1

< xmg = PI? = 1%mt1 = PI* + oy (I pI1* + M2)
< am (IpI* + M) .

Therefore, from Condition (C3), we get

lim [ wyy — ym | =0 and | yime = zme || = 0-
— 00

lim
k k— 00

As proved in the first case, we get || X, +1 — Xm, || — 0and lim sup;_, . (p, p — Xm;+1) < 0.
From Claim 3 and [|x,,, — p[|*> < |Xm+1 — pl|?, we obtain
—pl?2 <(1 = — pl? 2 _ _
Xme+1 — Pl _( amk) %me+1 — PIT + iy | 2B, ”wm;c Zmy, ” lxme+1 — Pl
3MO6,y,

+2(p, p = 1)+ " = ]

mg
This implies that
3Me,

m
—= “xmk —Xmy—1 Il
mp

Ik — PI* <2Bm; Wi, =2y | 1Xmer — PI+2(py p—Xmys1)+

Therefore, we obtain lim sup;_, ., llxx — pll < 0, thatis, x;x — p. The proof is completed. O

3.2 The Mann-type inertial Tseng’s extragradient algorithm

In this subsection, we introduce a Mann-type inertial Tseng’s extragradient algorithm for
solving variational inequality problems. Our Algorithm 3.2 is as follows.
The following lemma is very helpful for analyzing the convergence of the Algorithm 3.2.
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Algorithm 3.2 The Mann-type inertial Tseng’s extragradient algorithm for (VIP)

Initialization: Take 6 > 0, A1 > 0, u € (0, 1). Let xg, x| € % be arbitrary fixed.
Iterative Steps: Calculate x,, 41 as follows:
Step 1. Given the iterates x,_1 and x, (n > 1). Set

wp = X + Op (xn _xn—l) s

where

min{ein,é}, TS
Op = ”xn — Xn—1 ”
0, otherwise .

Step 2. Compute
yn = Pc (wp — AnAwp) .

If w;, = yn, then stop, and yj, is a solution of (VIP). Otherwise, go to Step 3.
Step 3. Compute

Zn = Yn — An (Ayn — Awy) ,

Step 4. Compute
Xp+1 = (1 —an — Bp) wn + Bnzn,

and update
. wllwp — yull .
mn{ ———— A, ¢, ifAw, — A 0;
P {nAwn — Ayl " n A E
- otherwise .

Setn :=n + 1 and go to Step 1.

Lemma 3.3 Assume that Conditions (C1) and (C2) hold. Let {z,,} be a sequence created by
Algorithm 3.2. Then,

2

A
lzw = pI? < lwa = pI? = (1= w252 ) llww = yal®, Vp € VIC, 4),
n+1

and

A
lzn — yull = ! lwn — yall .
}\n+l

Proof First, using the definition of %,, it is easy to see that

I
IIAwn—AanIE/\ lwy = yull, VR =0. (3.19)

n+1
By the definition of z,,, one sees that
lzn = PI* = llyn — An (Ayy — Awy) — plI?
= llwy = pI* + lyn — wall®> +2 (Y — wa, wp — p)
22 Ay — Awyl* = 24 (yn — p, Ayy — Awy,)
= llwp = pII* + Iyn — wall® =2 (yn — W, Yn — W) + 2 (¥ — W, Yo — P)
25 | Ayn — Awpll* — 240 (yn — p. Ayn — Awy,)
= lwa = pI* = llya — wall* +2 (Y — Wn, yu — P)
32 1Ay, — Awnll® = 2k (v — P, Ayn — Awy) . (3.20)
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Since y, = Pc (w, — A, Aw,), using the property of projection, we obtain
(¥n — wn + ApAwp, yo — p) <0,

or equivalently

(yn = W, yn — p) < —An (AWp, yn — p) . (3.21)
From (3.19), (3.20) and (3.21), we have
2 2 2 2 A 2
lzn = PI” < llwp = plI” = llyn — wall® = 240 (Awp, yp — p) + " —— llwp — yall
)“n+l
= 2hn (yn — P, Ayn — Awp)
2 2 2
= lwn = pI? = (1= 125 ) llwn = all? = 20 (30 = P, Ava = Ap)
n+1
= 2n (yn — P, Ap).
(3.22)
Using p € VI(C, A) and the monotonicity of A, we get
(Ap,yn —p) 20 and (Ay, — Ap, y, — p) = 0. (3.23)
Combining (3.22) and (3.23), we deduce that
2 2 2 A 2
Iz = pI? < wy = pI = (1= w252 ) llwn = yul .
)‘nJrl
From the definition of z,, and (3.19), we obtain
An
Iz — yull SMA lwn — ynll -
n+1
This completes the proof of the lemma. O

Theorem 3.2 Assume that Conditions (C1)—(C3) hold. Then the sequence {x,} formed by
Algorithm 3.2 converges to p € VI(C, A) in norm, where || p|| = min{||z|| : z € VI(C, A)}.

2
Proof Since lim,,_ o (1 — Mz A;"’l) =1- M2 > 0, there exists ng € N such that
n+
2
1—p? 5" >0, Vn=no. (3.24)
n+1
Combining Lemma 3.3 and (3.24), we get
lzn — pll < llwp — pll, Vn>ng. (3.25)

Claim 1. The sequence {x,} is bounded. Using the same arguments with the Claim 1 in the
Theorem 3.1, we get that {x,} is bounded. Consequently, the sequences {w,} and {z,} are
also bounded.

Claim 2.

}\2
B (1= 1253 ) = 3l B (1 = ety = ) s — 2
n+1

< %0 = pI* = Ixns1 — pI* + an(IpI? + M) .
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Indeed, by the definition of x,11, we have

%01 — pI? = (1 — &ty — B) wy + Buzn — pII?
< (1= ay = Bu) llwy — plI* + B iz — pI* + anllpll?
B (1 =ty — B) lwy — zal* . (3.26)

Combining (3.15), Lemma 3.3 and (3.26), we obtain
%01 — plI? < (1 —aw — B) llwy — pI* + Ba lwn — plI?
2 )‘2 2
= (1= 125 )l =yl
)”n-H
+anllpll* = Bn (1 =y — Ba) lwn — 2

2
l

)\.2
<l = I = B (1= 1273 lwn = 3l + el + M2)
n+1

= B (L= otn = Bo) lwn — zall? .
The desired result can be obtained by a simple deformation.
Claim 3.
P = PI? = (1= ) It = pI? + ta 28, 1w = 2all s = Pl
3M6,

+2(p, p — xns1) + lotn = 2011 ] ¥z mo.

Op

The desired result can be obtained using the same arguments as in the Theorem 3.1 of Claim 3.

Claim 4. The sequence {||x, — p||>} converges to zero, that is, x, — p. The proof is similar
to the Claim 4 of Theorem 3.1, we leave it for the reader to verify. O

4 Numerical examples

In this section, we provide some numerical examples to show the numerical behavior of
our proposed algorithms, namely Algorithm 3.1 (shortly, MiSEGM) and Algorithm 3.2
(MIiTEGM), and also to compare them with some existing ones, including the Halpern
subgradient extragradient algorithm (HSEGM) (Kraikaew and Saejung 2014), the viscos-
ity subgradient extragradient algorithm (VSEGM) (Shehu and Iyiola 2017), the Tseng’s
viscosity extragradient algorithm (TVEGM) (Yang and Liu 2019), the Mann-type subgradi-
ent extragradient algorithm (MaSEGM) (Thong and Hieu 2019) and the Mann-type Tseng’s
extragradient algorithm (MaTEGM) (Thong and Hieu 2019). We use the FOM Solver (Beck
and Guttmann-Beck 2019) to effectively calculate the projections onto C and 7,,. All the
programs were implemented in MATLAB 2018a on a Intel(R) Core(TM) i5-8250U CPU @
1.60 GHz computer with RAM 8.00 GB.

Our parameters are set as follows. In all algorithms, set o, = 1/(n + 1) and B, =
0.5(1 —a,,). For the proposed algorithms and the algorithms (MaSEGM) and (MaTEGM), we
choose A; = 1, o = 0.5. Take & = 0.4, €, = 100/(n + 1)? in our suggested algorithms. For
the algorithm (VSEGM), we choose £ = 0.5, u = 0.4and f(x) = 0.9x.SetAg =1, u = 0.5
and f(x) = 0.9x in the algorithm (TVEGM). For the algorithm (HSEGM), we choose the
step size as A, = 0.99/L. Maximum iteration 200 as a common stopping criterion. In our
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Fig. 1 Numerical results for Example 4.1 (xo = x| = rand(2, 1))
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Fig.2 Numerical results for Example 4.1 (xg = x; = Srand(2, 1))

numerical examples, the solution x* of the problems are known, so we use D,, = ||x, — x*||
to measure the n-th iteration error.

Example 4.1 Let us consider the following nonlinear optimization problem via

min F(x) =1 —I—xl2 —e

4.1
s.t. —5e <x < S5e, @)

where x = (xl,xz)T € R2and e = (1, DT. Observe that VF(x) = 2xy, 2xze’x§)T and
the optimal solution for F'(x) is x* = (0, 0. Taking A(x) = VF(x), it is easy to check
that A is monotone and Lipschizt continuous with constant L = 2 on the closed and convex
subset C = {x ER?: —Se<x< Se}. The initial values xo = x; are randomly generated
by kxrand(2,1) in MATLAB. The numerical results are reported in Figs. 1 and 2.

Example 4.2 Consider the linear operator A : R™ — R™ (m = 10, 20, 50, 100) in the form
A(x) = Mx 4+ g, whereg € R" and M = NNT+ U + D, N isam x m matrix, U is a
m x m skew-symmetric matrix, and D is a m x m diagonal matrix with its diagonal entries
being nonnegative (hence M is positive symmetric definite). The feasible set C is given by
C={xeR":-2<x;<5,i=1,...,m}. Itis clear that A is monotone and Lipschitz
continuous with constant L = ||M||. In this experiment, all entries of N, D are generated
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Fig.3 Numerical results for Example 4.2 (m = 10)
10* T T 10t T
i ——MiSEGM —+—MiSEGM
' —#~MIiTEGM —#—=MiTEGM
10° ;“ —o—MaSEGM |4 10°F —e—MaSEGM [
i —&—MaTEGM! —=—MaTEGM
~—»=TVEGM N ~—»—TVEGM
10°F —<4VSEGM |3 107 —<—VSEGM |3
——HSEGM _ ——HSEGM
s 10!
I
£
|0
s
10! F
107
- . . . . . . . . . 0 . . . . . .
0 20 40 60 80 100 120 140 160 180 200 0 0.005 0.01 0.015 0.02 0.025 0.03 0.035
# Iteration # Elapsed Time [sec]
(a) Comparison of the number of iterations (b) Comparison of the elapsed time

Fig.4 Numerical results for Example 4.2 (m = 20)

randomly in [0, 2] and U is generated randomly in [—2, 2]. Let ¢ = 0, then the solution set
is x* = {0}. The initial values xo = x1 are randomly generated by Srand(m,1) in MATLAB.
The numerical results of all the algorithms in different dimensions are shown in Figs. 3,4, 5
and 6.

Example 4.3 Finally, we consider our problem in the Hilbert space /7 = L2([0, 1]) with the
inner product (x, y) := [y x(#)y(¢) dt and the induced norm ||x|| := (f; [x(1)[2dr)!/2, Vx,
y € . Let the feasible set be the unit ball C := {x € 5 : ||x|| < 1}. Define an operator
A:C — # by

1
(Ax)(t) = / (x(t) = G(t,s)g(x(s))) ds + h(t), te[0,1], x € C,
0

where

2tse! TS ) ho) 2te!
———, g(x) =cosx, =
ev/er — 1 1

It is known that A is monotone and L-Lipschitz continuous with L = 2 and x*(¢) = {0} is
the solution of the corresponding variational inequality problem. Note that the projection on
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Fig.5 Numerical results for Example 4.2 (m = 50)
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Fig.6 Numerical results for Example 4.2 (m = 100)

C is inherently explicit, that is,

——, if x|l > 1;
Pc(x) = Ilxllz2
X, if [xfl2 < 1.

We choose the maximum iteration of 50 as a common stopping criterion. Figs. 7, 8,9 and 10
show the numerical behaviors of all the algorithms with four starting points xo(¢) = x(t).

Remark 4.1 (1) From Figs. 1, 2, 3,4, 5, 6, 7, 8, 9 and 10, we know that the proposed
algorithms outperformance the existing algorithms in terms of the number of iteration
and the elapsed time. In addition, these observed results have nothing to do with the size
of the dimension and the selection of initial values.

(2) The maximum number of iterations we chose was only 200. Note that the iteration error
of algorithm (HSEGM) is very big. In actual applications, it may require more iterations
to meet the accuracy requirements.

(3) Itshould be pointed out that since the algorithm (VSEGM) uses the Armijo-like step size
rule, which leads to taking more execution time.
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Fig. 7 Numerical results for Example 4.3 (x((f) = x1(t) = 10e)
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Fig.8 Numerical results for Example 4.3 (xo(¢) = x1(t) = 5cos(t))
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Fig.9 Numerical results for Example 4.3 (xo(¢) = x1(¢) = 10t2)
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Fig. 10 Numerical results for Example 4.3 (xo(¢) = x1(t) = 10log(¢))

5 Conclusions

In this paper, we presented two new inertial extragradient algorithms with a new step size for
finding the solution set of a monotone, Lipschitz-continuous variational inequality problems
in real Hilbert spaces. We proved strong convergence theorems of the proposed algorithms
under some mild conditions imposed on parameters. Some numerical examples of finite and
infinite dimensions were performed to illustrate the performance of the suggested algorithms
and compare them with previously known ones. The two algorithms obtained in this paper
improved and extended the results of some existing literature.
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