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Abstract

In this paper, we introduce a new algorithm which combines the inertial projection
and contraction method and the viscosity method for solving monotone variational
inequality problems in real Hilbert spaces and prove a strong convergence theorem of
our proposed algorithm under the standard assumptions imposed on cost operators.
Finally, we give some numerical experiments to illustrate the proposed algorithm.
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1 Introduction

Let H be a real Hilbert space with the inner product (-, -) and the induced norm || - ||.
Let C be a nonempty closed convex subset of H and A : H — H be an operator.

The variational inequality problem (VIP) for A on C is to find a point x* € C
such that

(Ax*, x —x*) >0, Vx eC. 1

Let us denote VI (C, A) by the solution set of the problem (VIP) (1). The problem
of finding solutions of the problem (VIP) (1) is a fundamental problem in optimiza-
tion theory. Due to this, the problem (VIP) (1) has received a lot of attention by
many authors. In fact, there are two general approaches to study variational inequal-
ity problems, which are the regularized method and the projection method. Based on
these directions, many algorithms have been considered and proposed for solving the
problem (VIP) (1) (see, for example, [13-16, 26, 31, 34, 35, 43, 46, 53-55]).

The basic idea consists of extending the projected gradient method for solving the
problem of minimizing f (x) subject to x € C given by

Xpr1 = Pc(xy — oy V f(x)), Vn >0, 2)

where {o,} is a positive real sequence satisfying certain conditions and Pc is the
metric projection onto C.

For convergence properties of this method for the case in which f : R> — R is
convex and differentiable function, one may see [1]. An immediate extension of the
method (2) to (VIP) (1) is the projected gradient method for optimization problems,
substituting the operator A for the gradient, so that we generate a sequence {x,} in
the following manner:

Xpt+1 = Po(xp — oy Axy), VYn > 0.

However, the convergence of this method requires a slightly strong assumption that
the operators are strongly monotone or inverse strongly monotone (see, for example,
[S1D.

To avoid this strong assumption, Korpelevich [27] introduced the extragradient
method (EGM) for solving saddle point problems and, after that, this method was fur-
ther extended to variational inequality problems in both Euclidean spaces and Hilbert
spaces. The convergence of the extragradient method only requires that the operator
A is monotone and L-Lipschitz continuous. More precisely, the extragradient method
is of the form:

{ yn = Pc(xn — AAxy), 3)
Xnt+1 = Pc(xy —AAy,), Yn >0,

where A € (0, 1/L) and Pc denotes the metric projection from H onto C.

If the solution set VI (C, A) is nonempty, then the sequence {x, } generated by the
process (3) converges weakly to an element in VI(C, A).

In recent years, the (EGM) (3) has received great attention by many authors, who
improved it in various ways (see, for example, [13-17, 29, 34, 35, 38, 41, 47-49] and
the references therein).
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In fact, the (EGM) (3) needs to calculate two projections onto the closed convex
set C in each iteration. If C is a general closed convex set, then this might seriously
affect the efficiency of the algorithm.

To our knowledge, there are some methods to overcome this drawback. The first
one is the subgradient extragradient method proposed by Censor et al. [14], in which
the second projection onto C is replaced by a projection onto a specific constructible
half-space. Their algorithm is of the form:

Yn = Pc(xy, — AAxy),
T, ={w € H|{x;, — AAx, — yu, w — y,,) < 0},
Xn+1 = Pr,(xn — AAyn), Vn >0,

where A € (0, 1/L).

The second one is the method proposed by Tseng in [49]. Tseng’s method is of
the form:

{ Yn = Pc(xn = MAxy),
Xnt1 = Yn — AMAyy, — Axy), Vn >0,

where A € (0, 1/L). Recently, Tseng’s extragradient method for solving (VIP) (1)
has received great attention by many authors (see, for example, [7, 43, 50] and the
references therein).

The third one is the projection and contraction method studied by some authors
[25, 42]. The projection and contraction method is of the form:

xo € H,

yn = Pc(xn — 2Axy),

d(xn, yn) = (X — yn) — AMAxy — Ayn),
Xnt1 = Xn — YBnd(Xp, Yu), Yn >0,

where y € (0,2),A € (0,1/L), and

. ¢ (Wn, yn)
B = I

ld(wn, ya)l

In recent years, the projection and contraction method has received great attention
by many authors, who improved it in various ways (see, for example, [12, 19-21] and
the references therein).

Note that the three methods above need only to calculate one projection onto C in
each iteration. This may increase the performance of the algorithms.

Now, let us mention an inertial-type algorithm which is based upon a discrete
version of a second-order dissipative dynamical system [4, 5] and it can be regarded
as a procedure of speeding up the convergence properties (see [3, 33, 39]).

In 2001, Alvarez and Attouch [3] applied the inertial technique to obtain an
inertial proximal method for solving the problem of finding zero of a maximal
monotone operator, which is as follows: for any x,_1, x, € H and two parameters
6, €10, 1), A, > 0, find x, 41 € H such that

0e )"nA(xn-H) + Xp41 — Xp — On(xp — xp-1), VYn >0,

@ (W, Yn) = Wy — Yn, d(Wy, yp)), Yn >0.

which can be written equivalently as follows:

Xng1 = i Qo + 00 (6 — Xn—1)), Yn =0,
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where JAA;I is the resolvent of A with parameter X,, and the inertia is induced by the
term 6, (x, — Xp—1).

Recently, the inertial methods have been studied by several authors (see [2, 3,
6-11, 18, 22, 32, 36, 37, 44, 45]).

In 2015, Bot and Csetnek [11] introduced the so-called inertial hybrid proximal
hybrid proximal-extragradient algorithm, which combines the inertial-type algorithm
and the hybrid proximal-extragradient for a maximally monotone operator.

Very recently, Dong et al. [22] proposed an algorithm as a combination between
inertial projection and contraction method (shortly, [IPCM) and inertial method. The
IPCM is of the form

X0, X1 € H,

Wy = Xp + ap(Xy — Xp—1),

Yo = Pc(wy, — AAwy,),

d(Wy, yn) = (Wn — yn) — A(Aw, — Ayn),
Xpt1 = Wy — YBud(wy, yu), Yn >0,

where y € (0,2),A € (0,1/L), and

¢(wn’yn) .

———— ifd(w,, yy) #0

Bn =1 1ld(wn. y)I2 m In) #
O’ lfd(wna }’n) = 07

where ¢ (wy,, ¥,) := (W, —Yyn, d(wy, yn)). Under appropriate conditions, they proved
that the sequence {x, } converges weakly to an element of VI(C, A).

Motivated and inspired by the works in the literature. In this paper, we study strong
convergence of the algorithm for solving classical variational inequalities problem
with Lipschitz continuous and monotone mapping in real Hilbert spaces. The algo-
rithm is inspired by the inertial projection and contraction method and the viscosity
method. Under several appropriate conditions imposed on parameters, we will prove
that the proposed algorithm converges strongly to some point in VI (C, A). Finally,
we present several numerical experiments to support convergence of theorems. The
numerical illustrations show that the speed of the proposed algorithm with inertial
effects is better than the original algorithm without inertial effects.

This paper is organized as follows: In Section 2, we recall some definitions and
preliminary results for further use. Section 3 deals with analyzing the convergence of
the proposed algorithm. Finally, in Section 4, we perform several numerical examples
to illustrate the computational performance of our algorithm.

2 Preliminaries

Let H be a real Hilbert space and C be a nonempty closed convex subset of H. The
weak convergence of {x,} to x is denoted by x, — x as n — oo, while the strong
convergence of {x,} to x is written as x, — x asn — 0.

For all x, y € H, we have

I+ yI* = Il 4+ 2¢x, ) + Iyl

@ Springer



Numerical Algorithms (2020) 84:285-305 289

and
lx + yI* < Ixl? +2(y, x + y). 4

For all x € H, there exists the unique nearest point in C, denoted by Pcx, such
that

lx — Pcx|l < llx —yll, VyeC.

Pc is called the metric projection of H onto C. It is known that P¢ is nonexpansive.
Lemma 1 [23] Let C be a nonempty closed convex subset of a real Hilbert space H.
Forany x € H and z € C, we have

z=Pcx < (x—z,z—y)>0, VyeC.
Lemma 2 [23] Let C be a closed and convex subset in a real Hilbert space H and
let x € H. Then we have the following:
(1) |IPcx = Pcyll> < (Pcx — Pcy,x —y) forall y € H;
() IIPcx = yII* < llx = yI> = llx — Pex|* forall y € C.

For some properties of the metric projection, refer to Section 3 in [23].

Definition 1 Let 7 : H — H be an operator. Then
(1) T issaid to be L-Lipschitz continuous with L > 0 if
ITx =Tyl < Lllx —yll, Vx,y € H;
(2) T is said to be monotone if
(Tx —Ty,x—y) >0, Vx,ye H.
Lemma 3 [30] Let {a,} be a sequence of nonnegative real numbers such that there
exists a subsequence {a,,j} of {an} such that An; < an;+1 for each j € N. Then

there exists a nondecreasing sequence {my} of N such that limy_, oo my = 0o and the
following properties are satisfied by all (sufficiently large) number k € N:

Ay, = Amp+1, ax = Amp+1-

In fact, my is the largest number n in the set {1, 2, - -- , k} such that a, < a,41.

Lemma 4 Let {a,} be a sequence of nonnegative real numbers such that:
an+1 < (1 —ay)an +ayby, Yn >0,
where {a,} C (0, 1) and {b,} are sequences such that

@ YZgan = 00;
(b) limsup,_, ., b, <0.
Then lim,_ 50 a, = 0.

@ Springer



290 Numerical Algorithms (2020) 84:285-305

Remark 1 Lemma 4 was shown and used by several authors. For detail proofs, see
Liu [28] and Xu [52]. Furthermore, a variant of Lemma 4 has already been used by
Reich in [40].

Lemma5 [26] Let A : H — H be a monotone and L-Lipschitz continuous mapping
on C. Let S = Pc(I — nA), where u > 0. If {x,} is a sequence in H satisfying
Xpn — q and x, — Sx, — 0, thenq € VI(C, A) = Fix(9).

3 Main results

In this section, we assume that A : H — H is monotone and Lipschitz continuous
on H with the constant L, VI(C, A) # Jand f : H — H be a contraction mapping
with contraction parameter « € [0, 1).

Now, we introduce the following algorithm:

Algorithm 1 (The inertial projection and contraction method for the problem (VIP)
(1)).
Initialization: Let . € (0, 1/L) and « > 0. Choose two positive sequences {€,} C
[0, 00), {Bn} C (0, 1) satisfying
lim;,— 00 B = 0, Z,ii] Bn = 00, ©)
Yot €n <00, €y =o(By). (©6)

Let xo, x; € H be arbitrary.
Step 1. Given the iterates x,—; and x, (n > 1), choose «,, such that

€n .
I, — x0—1ll } (N
o otherwise.

min {a
oy =
Set w, = x, + a,(x, — x,—1) and compute

Yn = Pc(w, — AAw,).
If y, = w, then stop and y, is a solution of the problem (VIP) (1). Otherwise, go to
Step 2.
Step 2. Compute
Xn+1 = ,an(xn) + (1 - lgn)(wn - Ondn)a
where
dy = w, — Yn — A(Aw, — Ayn)

and 5
6, := (1 —AL) lw, — );n”
lldnl

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

Lemma 6 Ify, = w, ord, = 0in Algorithm 1, then y,, € VI(C, A).
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Proof Since A is L-Lipschitz continuous, we have

ldull = llwn — yn — A[Awy, — Aynl|l
> llwy — yull = Al Aw, — Ay,
> [Jwy — yull = ALJlwy — yaull
= (1 =2aL)[lwp = yull- 3)
It is also easy to see that
ldnll < (1 +AL) |wn — yull- ()
Combining (8) and (9), we get
(I =2AD)lwp = yull < lldnll = (A +AL) |wn — yull (10)

and so w, =y, if and only if d(wj, y,) = 0. Therefore, if w, = y, or d, = 0, then
wy, = y, and we get

Yn = Pc(yn — LAyn).
This implies that y, € VI(C, A). This completes the proof. O

Theorem 1 The sequence {x,} generated by Algorithm 1 converges strongly to an
element p € VI(C, A), where p = Py, a) o (D).

Proof Claim 1. Letz, = w, — 6,d,. Now, we show that
lzn = pI* < lwn — pII* = lza — wall>. (11)
Indeed, we have
(wy — D dp)

= Wy — Y, dp) + (Yn — P, dn)

= (Wp — Y, Wy — Y — AMAw, — Ayy)) + (Yo — P, Wp—yn — A(Aw, — Ayp))
lwn —yn ||2_ (W —Yn, AAW, — Ayp)) +{¥n— P, Wy —Yn —A(Aw, — Ayy))
lwn = yull> = ALIlwa = Yl + (n — P wa — Yu — A(Aw, — Ayp)). (12)
Note that, from y, = Pc(w, — AAwy,), it follows that

v

(Yyn — wn + AAwy,, yo — p) < 0. (13)
By the monotonicity of A and p € VI(C, A), we have
(Ayn, yn — p) = (Ap, yn — p) = 0. (14)
Thus, from (13) and (14), it follows that
(Wp — yn — An(Awp — Ayn), yn — p) = 0. (15)
Combining (12) and (15), we obtain
(wy = pody) = (1= ALY wy — yul. (16)

On the other hand, we have

Izn — pII* = llwn — Budy — plI*
= lwy — plI* = 26, (dn, wy — p) + 62 1dn . (17)
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Combining (16) and (17), we get
Izn — PI* < llwy — plI* — 26, (1 — ALY [wy — yall* + 62 ldy |1

_ 2
On the other hand, since 6, = (1 — AL)%, it follows that
n
Onlldy |1
_ 2 _ Unll%n
lwp — ynull 1— L

Substituting (19) into (18), we obtain

lizn — pI* < llwa — pII* =262 - dn)I* + 62 11dy |1
— pl? = 116, - dll*.

I
g
=

By the definition of the sequence {z,}, we have z,, = w,, — 6,d, and so
Ondn = wn — 2,
which implies, from (20) and (21), that
Izn = PI? = llwn = pII* = llwn — zall*.
Claim 2. The sequence {x,} is bounded. By Claim 1, we have
llzn — pll < llwn — pII-
From the definition of w,, we get

lw, — pll = llxn + on(xp — x0-1) — pll

< llxn = pll + anllxn — xn—1ll
an

lxn — pll + B - —llxn — xp—1ll.
Bn

(18)

19)

(20)

2

(22)

(23)

o
From (5), (6), and (7), we have ﬂ—” X, —xn—1]] = O; hence, there exists a constant
n

M; > 0 such that

Oy
—||xp — xp—1ll < M; Vn.

Bn
Combining (22), (23), and (24), we obtain

lzn — Pl < lwn — pll < llxn — pll + BaM1.
Since we have x,,+1 = B, f (x5) + (1 — By)zn, it follows that

[X¥nt1 =PIl = 11Buf (xn) + (1 = Bu)za — pli
182 (f (xn) = p) + (1 = Bu)(zn — P
Bull f () = pll + (1 = Bw)llzn — Pl

IA

(24)

(25)

< Bullf Gn) = £+ Bull f(p) = pll + (0 = B)llzn — Pl

< Bukcllxn = pll + Ball f(P) = Pl + (1 = Bu)liza — PII-
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Substituting (25) into (26), we obtain

X1 = pll = (1 = A =)B) X0 — pll + BuM1 + Bull £ () — Pl

M _
= (= (=0l — pll+ (1 oy TP ]

_ Mi+11f(P) = pl
< max  fleg — pll, ===

5 .

=

M1+||f(p)—p||}'

maX{lIXo—PII, .

This implies {x,} is bounded. Also, we see that {z,}, {f(x,)}, and {w,} are
bounded. This completes the proof.
Claim 3.

(1= B)llzn — wall® < %41 — pI> = X0 — pII* + BuMa

for some M4 > 0. Indeed, we get

Ixn41 = PI* < Ball £ n) — PI* + (1 = B)llza — pII?
< Ba(lfn) = FD + £ () — pID* + llza — pI?
< Balkllxa — pll+ 1£(p) — pID* + (L = B llzn — pII?
< Bulllxa — pll+ 1LF(p) — pID* + (1 = B liza — pII?
= Bullxn — pI* + BuQllxn — pll - L (P) — Il + L f(P) — PI*)
+(1 = B)lza — pI?
< Bullxn = pII* + (1 = B)llzn — pI* + BuMa 27)

for some M, > 0. Substituting (11) into (27), we get

01— PI* < Bullxn — pIF+ A =B llwn — plI* — (1= Bu)llzn — wal* + Bu M2,
(28)

which implies from (25) that

lwe — plI? < (Ixn — pll + BaM1)?

2 — Pl + B My llx0 — pll + BuMP)

— pI? + BuM; (29)

for some M3 > 0. Combining (28) and (29), we obtain

%01 — PII* < Bullxn — P2+ (1 = B llxn — pII> + M3

—(1 = B)llzn — wall* + BuMa
2 — pII* + BuM3 — (1 = B)llzn — wall* + BuMa.

IA
=
S

This implies that

(1= B)llzn — wall® < X1 — plII* = l1xn — plI* + BaMa,
where M4 := M, + Ms.
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Claim 4. )
(1+AL)
lwn =yl = 5z o — wall®
Indeed, we have
O, ||dn |1 Oy ||? — w,|?
llwn —an|2 _ ol dn | _ 16, dy |l _ lzn — wyll . (30)
1 —AL (1 —AL)O, (1 —AL)O,
It follows from (10) that
lw, — ynll < 1 '
ld.ll  — 14+AL
Therefore, we have
lw, — yal? _ 1—AL
6, =0 —AL > ,
n=( Tl E Tty
that is,
1 1+ AL)?
— < L 31)
0, 1—-AL
Combining (30) and (31), we obtain
(14 AL)?
lw, — yn||2 =< m“zn - wn||2-
Claim 5.
Ixn41 =PI

< (=1 =)B)lxn — pl?

2 3IM
+A =) - [m(f(p) — Dy Xpr1 — p) + :

1—« ,B_n

“Nxn — Xn—1 ||:|
for some M > 0. Indeed, we have

lw, — plI?
= |1y + o (tn — x5—1) — plI*
= [lx0 — pI* + 2060 (xy — . Xn — Xn—1) + 0 50 — 201 1
< lxn = pI? + 2allxn — pllllxn — xn—1ll + epllxn — xa—1l*. (32)

Using (4), we have

IxXn41 — pII*
= 11Bnf (n) + (1 = B)zn — plI?
1Bu(f (n) = F(P)) + (1= Bz — P) + Bu(f(p) — DI
1Bu(f (n) = F(P)) + (1 = Bz — P + 2B f(P) — P. Xns1 — P)
< Ball £ n) — FDIP+ (1= Bllzw — pI* + 284 f () — P, Xns1 — P)
< Buk*Ixn — pII* + (1 = B)llzn — PI* +2B4(f(P) — P, Xnt1 — P)
< Bukllxn — pI* + (L= B llzn — PI* +2B4(f (P) = P, Xns1 — P)
< Bukllxa — pI* + (1 = B llwn — pII* +2B,(f(P) — P, xup1 — p).  (33)

A CIA
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Substituting (32) into (33), we have

I%0t1 — pII*
< (1= =)B)Ixn — plI* + 20,110 — pllllxn — X1
a2 X0 — Xn—1 12 + 2B, (f(P) = Py Xng1 — P)
2
= (1= (1 —©)B)llxn — pI*+ (1 = 1)By - T ) = Pt — p)
+a, ”xn — Xn—1 ”(2”xn - P|| + ay, ”xn — Xn—1 ”)
2
< (==l = pIP + A =By - 7= (P) = P, xng1 = p)

+an||xn - xn71||(2||xn - P” +a||xn - xn71||)
< (1= (1 =)B)lxn — pl?
2
+(1 — K),Bn . m(f(ﬂ) — Py Xn+1 — P> + 3Mc‘5n”xn — Xp—1 ”
< (1= —©)B)llxn — pl?
3IM i|

2
+ —x)Bn - [m(f(l?) — P Xnt1—p) + T—c ﬂ_ Nxn — X1l

where M := sup, nillx, — pll, @llxp, — x,—111} > 0.
Claim 6. Finally, we show that {||xn - p||2} converges to zero by considering two
possible cases on the sequence {|x, — p|*}.

Case 1. There exists N € N such that ||x,+1 — p||*> < ||x, — pl||* foreachn > N.
This implies that lim, o || X, — p|| exists and, according to Claim 3, we get

lim [|zn — wall = O. (34)
n—0oo

Now, we show that, as n — o0,

lxn+1 — xull = 0,  |lyn — wull — 0. (35)
Indeed, we have
o
1xXn41 —znll = Bullzn — f(xn)” = 0, |lxp —wull = anllxy —xp—1ll = ﬂwﬁlll-xn —Xp—1ll = 0.
n
(36)

This implies, from (34) and (36), that
Xn41 = Xnll < %01 = 2l + llzn — wall + lwn — xull = 0.
From (34) and Claim 4, we get
Tim (s — wall = 0. (37)

Since the sequence {x, } is bounded, it follows that there exists a subsequence {x;, }
of {x,} converging weakly to a point z € H such that

limsup(f(p)—p. xn—p) = lim {f(p)=p. X, —p) = (f(P)—p.2=p), (38)

n—oo
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which implies, from (34), that

Wy, — Z. 39)
From (37), (39), and Lemma 5, we have z € VI(C, A). Also, from (38) and the
definition of p = PVI(C,A) o f(p), we have

limsup(f(p) — p,xu — p) = {f(p) —p.z—p) <0. (40)

n—oo

Combining (35) and (40), we have
limsup(f(p) — p, Xn41 — p) = limsup(f(p) — p,x, — p)

={(f(p)—p,z—p)
< 0.

Using Lemma 4 and Claim 5, we get lim,,—  ||x, — pll = 0.
Case 2.  There exists a subsequence {||x,; — plI?} of {||x, — plI*} such that

Ixn;, = pI? < x40 — pII>, ¥j= 1.

In this case, it follows from Lemma 3 that there exists a nondecreasing sequence
{my} of N such that limg_, o, my = oo and the following inequalities hold: for

eachk > 1,
12me — PI? < xXmps1 =PI Ik — plI* < lxm, — pII (41)

According to Claim 3, we have

(1= Bu) Nzm, = w I* < Ny, = PIP = lmyr1 =PI + B Ma
< Bm M.
Therefore, we obtain
Jim iz — w | = 0.
Using the same arguments as in the proof of Case 1, we obtain
Xmg+1 = Xmy Il = 0
and
lim sup(f(p) — p, Xm+1 — p) = 0.

k—o00
According to Claim 5, we have

”xmk+l - P||2
< (1= =©0Bu)lxm, — plI?
3IM ap,
-« ﬂmk

2
+( =) B - [ﬁ(f(p) — P Xm1 — D) F MXmg = Xmy—1 II]. (42)

From (41) and (42), we obtain

IXmet1 — pI?
< (1= (= ©)Bu)xmr1 — plI?
3IM oy,
11—« By

2
+1 - K),Bmk . [ﬁ(f(p) — Py Xmy+1 — p)+ . “xmk - xmk—lll] .
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Table 1 Comparison of three algorithms in Example 1

t

xo= (3 + De™!

xXo=¢e
Iter. Sec. Iter. Sec. Iter.
Algorithm KR 28321 40.0575 83,227 44,5052 95,145
Algorithm M 28321 17.1946 83,227 20.3869 95,145
iPCM 14161 9.4175 41,614 10.8513 47,573
Thus, we have
2 3IM «o
2 mp
[Xme+1 = PII° < ——(f(P) = P, X1 — P) + —— + ——  llXm; — X1
1 —« 1 -k Bmy

Therefore, we have

limsup [[xXpm;+1 — pll < 0.
k—o00

(43)

Combining (41) and (43), we have limsup,_, o, l[xx — pll < 0, thatis, xy — p.

This completes the proof.

10!

10°

Error
3

102

107

O

Algorithm KR
— Algorithm M
—iPCM

0

Elapsed time (in sec)

Fig. 1 Comparison of three algorithms in Example 1 with xg = %tz

12
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102 T T T T T T T T
— Algorithm KR
— Algorithm M
| iPCM
10" F E
10° f 3
St
9]
=
[8a}
107! E
1072 ]
1 0.3 1 1 1 1 1 L
0 5 10 15 20 25 30 35 40 45

Elapsed time (in sec)

Fig.2 Comparison of three algorithms in Example 1 with xo = ¢’

1 02 T T T T T T T T
Algorithm KR
Algorithm M
| —iPCM
10" f .
10°f ]
ot
S
=
m
107! 3
102 E
10_3 1 L 1 1
0 5 10 15 20 25 30 35 40 45

Elapsed time (in sec)

Fig.3 Comparison of three algorithms in Example 1 with xg = (> + 1)e™"
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Table2 Comparison of two algorithms with different m

m =10 m = 50 m = 80 m = 150

Sec. Iter. Sec. Iter. Sec. Iter. Sec. Iter.
iPCM 0.5140 84 0.5626 75 3.4844 203 0.6347 57
PCM 0.6219 114 2.6014 376 10.2969 615 5.1199 487

4 Numerical illustrations

In this section, we provide two numerical examples to test the proposed algorithms.
All the codes were written in Matlab (R2015a) and run on PC with Intel(R) Core(TM)
13-370M Processor 2.40 GHz.

Now, we apply Algorithm 1 to solve the variational inequality problem (VIP)
(1) and compare numerical results with other algorithms. In the numerical results
reported in the following tables, “Iter.” and “Sec.” stand for the number of iterations
and the cpu time in seconds, respectively.

101 T T T T T T
—iPCM
—PCM
100 4
—
E ot 3
84|
1072 F 3
10.3 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Elapsed time (in sec)

Fig.4 Comparison of two algorithms in Example 2 with m = 10
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—iPCM
—PCM

Error

10.4 1 1 1 1 1
0 0.5 1 1.5 2 25 3

Elapsed time (in sec)

Fig.5 Comparison of two algorithms in Example 2 with m = 50
Example 1 Suppose that H = L ([0, 1]) with the inner product

1
(x, y) :=/ x(t)y@)dt, VYx,y e H,
0

and the induced norm

1

1 2
x| = (f |x(t)|2dt> , Vx € H.
0

Let C :={x € H : ||x|| < 1} be the unit ball. Define an operator A : C — H by
(Ax)(t) = max{0, x(¢)}.

It is easy to see that A is 1-Lipschitz continuous and monotone on C. For given C
and A, the set of solutions of the variational inequality problem (VIP) (1) is given by
' = {0} # @. It is known that

if [|x];2 > 1,

_X
Py = | T2
c®) {x, if x| 2 < 1.
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101 T T T T T T
—iPCM
—PCM

107 3

Error

1 1 1 1 1 l

0 0.5 1 1.5 2 2.5 3 3.5
Elapsed time (in sec)

0™

Fig. 6 Comparison of two algorithms in Example 2 with m = 80

Now, we apply Algorithm 1 (iPCM), Maingé’s algorithm [30] (Algorithm M)
and Kraikaew and Saejung’s algorithm [26] (Algorithm KR) to solve the variational
inequality problem (VIP) (1). We use:

(a) The same parameter A = (.5,
(b) The stopping rule |x, — 0] < 1073 for all algorithms,
(c) The same starting point xg.

Moreover, with respect to Algorithm 1, we take f(x) = x1, B, = rlw and ¢ =
0.6. We also choose o, = % for Maingé’s algorithm and Kraikaew and Saejung’s
algorithm. We now make a comparison of three algorithms with different x° and
report the results in Table 1.

Convergent behavior of Algorithms with different starting point is given in Figs. 1,
2, and 3. In these figures, the value of error ||x, — O is represented by the y-axis,
and number of iterations is represented by the x-axis.

Example 2 Consider the linear operator A : R” — R defined by A(x) = Mx + ¢,

which is taken from [24] and has been considered by many authors for numerical
experiments (see, for example, [18, 25]), where

M=BB' +S+D,
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—iPCM
—PCM

Elapsed time (in sec)

Fig.7 Comparison of two algorithms in Example 2 with m = 150

B is an m x m matrix, S is an m x m skew-symmetric matrix, D is an m x m diagonal
matrix, whose diagonal entries are nonnegative (so M is positive definite), g is a
vector in R™, and

Ci={reR":=5<x =<5 i=1..,m}

Then, A is monotone and Lipschitz continuous with the Lipschitz constant L =
|[|M]]. For g = 0, the unique solution of the corresponding variational inequality is
{0}.

Now, we compare our Algorithm 1 (iPCM) with the standard algorithm (Algo-
rithm 1 with o = 0, shortly, PCM). The starting point is xo = (1, 1, --- , 1) € R™.
All entries of the matrices B, S, D are generated randomly (matrices of normally
distributed random numbers).

Control parameters and stopping rules are chosen as in Example 1 except @ = 0.9,
f(x)=0,and B, = nlﬁ The results are described in Table 2 and Figs. 4, 5, 6, and 7.

In Fig. 8, we illustrate the performances of Algorithm 1 for different choices of
the contraction f(x) = 0.82x,0.75x, 0.5x, 0.125x, where m = 150 and the stopping
criterion is ||x, — O] < 10~%.

Computing times for Algorithm 1 are 1.1341, 1.5652, 3.6404, and 7.2754 second
for f(x) = 0.82x, 0.75x, 0.5x, 0.125x, respectively, and the corresponding number
of iterations for Algorithm 1 are 106, 150, 351, and 702.
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102 T T T T T T T
——iPCM with f(x) =0.125z
—iPCM with f(x) = 0.5z
10! f iPCM with f(z) = 0.752 | 1
—— iPCM with f(z) =0.82z
I~
S
g2 i
83
2 3 4 5 6 7 8

Elapsed time (in sec)

Fig. 8 The performances of Algorithm 1 for different choices of the contraction f(x) = 0.82x, 0.75x,
0.5x,0.125x

5 Conclusions

The paper has proposed a new method for solving monotone and Lipschitz VIPs
in real Hilbert spaces. Under some suitable conditions imposed on parameters, we
have proved the strong convergence of the algorithm. The efficiency of the proposed
algorithm has also been illustrated by several numerical experiments.

Acknowledgments The authors would like to thank Professor Aviv Gibali and two anonymous reviewers
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version of this paper.
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