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Abstract

In this paper, we combine the classical subgradient extragradient method with the Bregman
projection method for solving variational inequality problems in reflexive Banach spaces.
Specifically, we set two different parameters in the two-step projections, as opposed to
consistent parameters in other results. In addition, the application of the inertial technique
accelerates the iteration efficiency. Finally, we compare the proposed algorithm with other
known results and find that our method effectively improves the convergence process.

Keywords Banach space - Bregman projection - Strong convergence - Subgradient
extragradient method - Variational inequality
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1 Introduction

The main purpose of this paper is to study the variational inequality problem in Banach
spaces. It is well known that the variational inequality problem consists in finding p € C
such that

(Fp,q—p)=0,VgeC, (D
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where .7 : 8 — %* is a nonlinear operator, (t,s) : B* x 2 — R is the duality pairing
fort € #* and s € A, A is a real Banach space with the dual %* and C is a nonempty
closed convex subset of Z. Throughout the paper, to simplify the narrative, we denote the
variational inequality problem and its solution set by VIP and S respectively.

The theory of variational inequalities can be traced back to the 1960s, when the problem
first appeared in the Signorini problem proposed by Antonio Signorini, and then gradu-
ally obtained complete results in the research of Fichera, Stampacchia and Lions. With the
continuous scientific and technological innovations, many researchers applied this theory to
different fields such as mechanics, economics and mathematics. Particularly, in mathemat-
ics, the VIP is closely related to saddle-point, equilibrium and fixed-point problems, see for
example, Yao et al. (2020), Ceng et al. (2014), Yao et al. (2011), Barbagallo and Di Vincenzo
(2015), Lions (1977), Jitpeera and Kumam (2010) and the references therein.

In recent years, many different methods have been developed to solve VIP. One of the
simplest of these methods is the projected gradient method (for short, PGM), which can be
expressed as follows:

w1 = Pe(w; — tdw;), (PGM)

where Z¢ denotes the metric projection from Hilbert space .7 onto the feasible set C,
the operator o/ : / — J¢ is strongly monotone. Since the PGM is limited by strong
assumptions, this will greatly affect its applicability. Therefore, Korpelevich (1976) proposed
the extragradient method (for short, EGM) using the double-projection iteration, thereby
weakening this condition and improving the applicability of the iterative method. The EGM
is as follows:

(EGM)

ti = Pe(w; —tdw;),
wit1 = Pe(w; — 141;),

where &¢ : ¢ — C denotes the metric projection, .7 is monotone L-Lipschitz continu-
ous operator and T € (0, %). Under reasonable assumptions, Korpelevich obtained a weak
convergence theorem for the sequence generated by EGM. Since then, the authors have com-
bined various techniques to improve the convergence based on the EGM and have obtained
further results, see for example, Jitpeera and Kumam (2010), Hieu et al. (2020), Xie et al.
(2021), Dong et al. (2016), Tan et al. (2022) and the references therein.

However, although the EGM weakens the constraints based on the PGM, the projection
onto the feasible set C must to be computed twice during each iteration of the loop. To
reduce the computational effort, Censor et al. (2011) in a later study proposed the following
subgradient extragradient method (for short, SEGM):

(SEGM)

ti = Pe(w; — tdw;),
Wiyl = P, (w; — 1Y),

where Z¢, o/ and t are the same as defined in EGM. In particular, they constructed a half-
space T; = {x € 2 : (w; — tFdw; — t;,x — t;) < 0} to replace the feasible set C in
the second step of the projection process. By the definition of 7;, the projection is easy to
calculate. The weak convergence theorem of SEGM in Hilbert spaces has been proved under
some appropriate assumptions. At the same time, SEGM has also attracted the interest of
many authors, see for instance, Jolaoso et al. (2021), Yao et al. (2022), Yang et al. (2020),
Abubakar et al. (2022) and the references therein.

Noting that the above methods all yield the corresponding weak convergence theorems, it
is natural to further consider the strong convergence. Kraikaew and Saejung (2014) combined
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the SEGM with the Halpern method and obtained the following algorithm:

ti = Pe(w; — tdw;),
S = 97} (w,‘ — ‘L’Aaft,‘), (HSEGM)
w1 = a;wy + (1 —a;)s;,

where the metric projection Z¢, the operator <7, the parameter t and the half-space 7; are
defined in the same way as in the SEGM, {«; } is a sequence in (0,1) satisfying lim; oo o; = 0
and ZZ] o; = 00. By choosing appropriate values for the parameters, they obtained a strong
convergence theorem for an iterative method for solving VIP in Hilbert space.

On the other hand, it is known that inertial technique can effectively accelerate the iterative
process of algorithms. Therefore, authors added inertia term to the algorithm for solving VIP.
For example, Thong and Hieu (2018) combined the inertial technique with the SEGM and
thus obtained the following approach:

w; = x; + o (x;j —xi—1),
ti = Peo(w; — tdw;), (ISEGM)
Xi+1 = 21, (w; — 11;),

where T; := {x € 0 : (w; — usz{ —ti,x —t;) < 0}, {o;} is non-decreasing sequence
and0 <o <a <+5-2,7L < ilfoﬂrlaz
a suitable choice of parameters, they pzroved2 that the sequence generated by the algorithm
weakly converges to an element of the solution set S and that the operator .« involved is
monotone and L-Lipschitz continuous. Of course, the algorithm proposed by Thong and
Hieu (2018) can be combined with the Halpern method, based on the ideas mentioned above,
to obtain the corresponding strong convergence theorem.

Since Banach spaces have more general properties than Hilbert spaces, some authors have
solved VIP in certain Banach spaces using tools based on existing results in Hilbert spaces.
For example, Cai et al. (2018) combined the SEGM with the Halpern method and solved
variational inequalities in 2-uniformly convex Banach spaces. The algorithm is iterated as
follows:

2a0—La2-§ .
2 for some 0 < § < % — 20 — %aQ‘ With

i = Hc(.]wl' — rsszi),
;i = nTi(le' —tdt), (BSEGM)
Wit] = Jﬁl(a[.]wl + =) Jsi),

where Tl¢ : #* — C C 2 is the generalized projection operator, J : # — 27" is the
normalized duality mapping and 4 is a real 2-uniformly convex Banach space with dual %*.
The step size T satisfies 0 < 7 < ﬁ, where o > 1 is the 2-uniform convexity constant of %
and L is the Lipschitz constant of <. {®;} is a sequence in (0,1) satisfying lim; . o; = 0
and Y72, a; = co. Cai et al. (2018) obtained a strong convergence theorem by choosing the
appropriate parameters.

Furthermore, some authors have recently considered solving VIP in reflexive Banach
spaces, see for instance, Jolaoso and Shehu (2022), Jolaoso et al. (2022), Oyewole et al.
(2022), Reich et al. (2021), Abass et al. (2022) and the references therein. For example,
Jolaoso and Shehu (2022) generalized the classical Tseng’s extragradient method proposed
by Tseng (2000) to reflexive Banach spaces using Bregman projection, thus obtaining strong
and weak convergence theorems under different conditions, respectively. In addition, Jolaoso
et al. (2022) combined Popov’s method Popov (1980) with the SEGM to obtain that the
sequence generated by the method converges to an element of S in reflexive Banach spaces
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by selecting appropriate parameters with the help of Bregman projection. In Reich et al.
(2021), Reich et al. applied the inertial technique to the reflexive Banach space based on the
hybrid and shrinking projection method and Tseng’s extragradient method and obtained a
strong convergence theorem under reasonable assumptions. These results have a common
feature in that they all achieve a generalization of the known results from Hilbert spaces to
reflexive Banach spaces.

Motivated by the above works, in this paper, we propose a new inertial Bregman projection
method for solving VIP in real reflexive Banach space. The modifications are as follows:

e Reich et al. (2021) successfully combined the inertial technique with the Tseng’s extra-
gradient method and applied it to reflexive Banach spaces. Based on this, we found that
adding inertial terms to the SEGM can also be achieved.

e In contrast to the above mentioned methods, we obtain a strong convergence theorem
in reflexive Banach spaces by Halpern-type iteration and the concepts of Bregman dis-
tance and Bregman projection under suitable conditions. It is well known that strong
convergence can be used to infer weak convergence, but the reverse is not necessarily
true.

e We modify the step size parameter based on the SEGM. We set two different constant
parameters to control the step size, which allows the algorithm to improve the convergence
process of the iterative sequence without the restriction that the two parameters must be
equal.

2 Preliminaries

This section collects several background material to facilitate the study that follows.
Let f : Z — R be a proper convex and lower semicontinuous function. For simplicity,
dom f denotes the domain of f,dom f :={s € Z: f(s) < oo}. If s € int(dom f), then

(i) the subdifferential of f at s is the convex set given by
Af(s) :={s" € B": f(s)+{t —s,s") < f(t), Vt € B}. 2)
(ii) the Fenchel conjugate of f is the convex function f* : #* — R with
(™) == sup{(s, s*) — f(s) : s € B}
(iii) the directional derivative of f at s is defined as

fos.1) = lim w Vi € B. 3)

(iv) f is called Gateaux differentiable at s, if the limit of (3) exists. At this time, the
gradient of f at s is the linear function V f(s) satisfying
(Vf(s),t):= f°(s,t), Vt € B.

(v) f is said to Fréchet differentiable at s, if n — 0 in (3) is attained uniformly for any
llt]l = 1. f is called uniformly Fréchet differentiable on a subset C, if n — 0 in (3) is
attained uniformly for any ||#|| = 1 and s € C C A.

The Banach space 4 is said to be reflexive, if 7 (%) = #**, where 7 : # — %**is
the standard embedding operator. Simultaneously, f is said to be Legendre if and only if it
has the following forms:
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(P1) f is Gateaux differentiable, domV f=int(dom f), int(dom f)7# @,
(P2) f*is Gateaux differentiable, domV f*=int(dom f*), int(dom f*)# @.

The reflexivity of % yields (0 f y~! = 8f*. And combining (P1) and (P2) shows that
V= Vf9! ranVf = domV f* = int(dom f*), ranV f* = domV f = int(dom f).
Moreover, in the interior of their respective domains, f and f* are strictly convex and f is
Legendre if and only if f* is Legendre.

Assume that f is Gateaux differentiable, the Bregman distance associated to f is the
function Dy :dom f xint(dom f)— [0, +-00) given by

Dy(t,s) == ft) = f(s) =(Vf(s), 1 —5).
One readily observes the following properties concerning to Ds:
(i) three point identity:
Dy(t,w) +Dy(w,s) —Dy(t,s) =(Vfw) —V[f(s),w—t),
(ii) four point identity:
Dy(w,x)+Dy(t,s) —Dyp(w,s) —Dy(t,x) =(Vf(s) = Vf(x),w—1),
forany s, t, w,x € A.
We say that a Gateaux differentiable function f belongs to 8-strongly convex if
(Vf(s) = Vf(@).s —1) = Blls — 1], ¥s.1 € dom f

namely,

f@) = f(S)+(Vf(S),t—S)+§||s—t||2, Vs,t € dom f.

This gives that
B
mmozEMHV )

for every s € dom f, ¢ €int(dom f).
The modulus of total convexity at s € int(dom f) denoted v 7 (s, ) : [0, +00) — [0, +0o0]
is given by

vr(s, w) :==inf{Dy(t,s) : t € domf, ||t —s| = w}.

We say that f is totally convex at u € int(dom f), if vs(s, w) > 0, Yw > 0. Furthermore,
the modulus of total convexity of f on nonempty subset C C 4 is given by

vr(C, w) :=inf{vy(s, w) : s € CNint(dom f)}.

For given bounded subset C and w > 0, the hypothesis of v¢(C, w) > 0 yields that f is
totally convex. Moreover, strongly convex function can derive totally convexity. Specially,

when f is a Legendre function, we know that totally convexity is consistent with uniformly
convexity of f. Besides, f belongs to strongly coercive if lim g o0 % = +o00

Given a nonempty closed convex subset C C 4, the operator .% is
(i) monotone on C, if

(Fs — Ft,s —t) >0, Vs, t €C.
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(i) pseudomonotone on C, if
(Fs,t —s)>0= (Ft,t —s) >0, Vs,t €C.
(iii) L-Lipschitz continuous on C, if there is an absolute constant L with
|Fs — Zt| < L|s —t]|, Vs, t €C.

Assume that B, = {t € # : || < r.r > 0}, Sy = {t € # : |r| = 1} and
or 1 [0, +00) — [0, +o0] is the gauge of uniformly convexity of f,
oy 1= in af(x)+ (A —a)f(y) = flax+ (1 —a)y)
o X,y€B,, |lx—yll=t,ae(0,1) a(l —a) .

Then f :  — R is uniformly convex on bounded subsets of Z if p,(¢) > 0, Vr,t > 0.1t
is known that a strongly convex function is uniformly convex.
We will need several lemmas to obtain our main results.

Lemma 1 (Naraghirad and Yao 2013) If f is uniformly convex on bounded subsets of %,
then

k k
f (Z%’h’) <Y i ft) —aiajpr (It — ),
i=0 i=0

forallr >0,i,j€{0,1,2,...,k},t; € B, j € (0, 1) with Z;(:oai = 1, where p, is the
gauge of uniform convexity of f.

Lemma 2 (Butnariu and [usem 2000) The function f is totally convex on bounded subsets of
A if and only if, for {t;} C int(dom ) and {s;} C dom f, such that the first one is bounded,

lim Dy(s;, ;) =0= lim ||s; — || =0.
i—oo n—oo

Lemma 3 (Reich and Sabach 2009) If f is convex, bounded and uniformly Fréchet differen-
tiable on bounded subsets of B, then V f is uniformly continuous on bounded subsets of #

from the strong topology of A to the strong topology of %*.

Lemma 4 (Zalinescu 2002) If f is convex and bounded on bounded subsets of 9. Then the
following are equivalent:

1. f is strongly coercive and uniformly convex on bounded subsets of A.

2. dom f* = B*, f* is bounded on bounded subsets and uniformly smooth on bounded

subsets of B*.
3. dom f* = #*, f* is Fréchet differentiable and V f* is uniformly norm-to-norm contin-

uous on bounded subsets of #*.

Lemma 5 (Butnariu and Tusem 2000) If f is strongly coercive, then

1. Vf : % — PB* is one-to-one, onto and norm-to-weak™* continuous.
2. {t e B:Ds(t,s) <r}isbounded for all s € % andr > 0.
3. domf* = B*, f* is Gateaux differentiable and V f* = (V f)~ 1.

Lemma 6 (Martin-Marquez et al. 2013) Let f be Gateaux differentiable on int(dom f ) such
that V f* is bounded on bounded subsets of dom f*. Let ty € % and {t;} C int(A), if
{Dy(to, t;)} is bounded, then the sequence {t;} is bounded too.
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Lemma 7 (Butnariu and Iusem 2000) Let C be a nonempty closed convex subset of a reflexive
Banach space B. A Bregman projection of t € int(dom f) onto C C int(dom f) is the unique
vector Proj‘cf (t) € C which satisfies

Dy(Projl(t),1) = inf{Dys(s,1) : s € C}.

Lemma 8 (Alber 1996; Censor and Lent 1981; Phelps 1993) Let C be a nonempty closed
convex subset of a reflexive Banach space 28 andt € AB. Let f be Gateaux differentiable and
totally convex function. Then

1. p= Projlt) & (Vf(t) = Vf(p),s—p)<0,VseC.
2. Dy(s, Projl (1)) + Dy (Projl (1), 1) < Ds(s, 1), Vs € C.
Define the bifunction Vy : # x %* — [0, 4+-00) by
Vit t%) = () — (t,t7) + f*(t%), Vi € B, 1" € B*.
Then
Vi, t*) =Dy, V")), Yt € B,t* € B, 5)

and

Vi, t") + (V") —t,s%) < Vi@, t* +5%), Vi € B, 1", 5" € B*. (6)

In addition, if f is a proper lower semicontinuous function, then f* is a proper weak™ lower
semicontinuous and convex function. Hence, V is convex in the second variable. And

N N
Dy(t, VI*Q_siVI@)) < Y siDyt 1) )
i=1 i=1

for all x € 4, where {ti}fv

€ Band {5}, € (0, 1) with 3 5, = 1.

Lemma9 (Maingé 2008) Let {w;} be a sequence of non-negative real number. If there is
a subsequence {wij} of {w;} satisfies wi; < Wi+l for all j € N, then there exists a non-
decreasing sequence {my} C N such that limy_, o my = oo and for all (sufficiently large)
number k € N,

Wy < Wig+1, Wk = Wi 1
In fact, my := max{i <k :w; < wjt1}.

Lemma 10 (Xu 2002) Let {a;}, {bi}, {ci}, {ei} and {Bi} be sequences of non-negative
real numbers such that {a;} C (0, 1),2;’2101,- = oo, limsup;_,,.b; < 0,{Bi} C
[0, 51,352 ¢i < 00, fori > 1,

ai+1 < (1 —a; — Bi)ai + Biai—1 +ib; +ci.
Then limiﬁoo a; = 0.
Lemma 11 (Mashreghi and Nasri 2010) If the mapping h : [0, 1] — B* defined as h(z) =
F(zs + (1 — 2)t) is continuous for all s,t € C, then #(C, F) = {s* € C : (Ft,t —

s*),Vt € C} C 8. Moreover, if & is pseudomonotone, then ./ (C, .F) is closed, convex and
M, F)=S8.
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3 Main results

In this section, we propose an inertial subgradient extragradient method with Bregman dis-
tance for solving pseudomonotone variational inequality problems in reflexive Banach spaces.
First, we give the following assumptions:

(C1) The feasible set C is a nonempty closed convex subset of real reflexive Banach space
2. The proper lower semicontinuous function f : # — R is strongly coercive
Legendre which is bounded, uniformly Fréchet differentiable and §-strongly convex
on bounded subsets of .

(C2) The operator % :  — A* is pseudomonotone, L-Lipschitz continuous and satisfies
the following condition:

lgi} CC.qi—~q = | Fqll < liin_l)gf 1Zq;ll. (8)

The solution set S is nonempty.
(C3) Let {¢;} be a positive sequence such that limi_mo‘% = 0, where {o;} C
0, 1), limj 0o =0and Y ;2 o; = 00.

Now, we introduce the following algorithm.

Algorithm 3

Initialization: Let 0 € (0, %), T € (0, é), & € (0, 7] and wo, wy € A.
Iterative steps: Given the current iterates w; 1 and w; (i > 1).
Step 1. Set x; = V f*(V f (w;) + 6;(V f (wi—1) — V £ (w;))), where

Qi: mln[”w:m,el, ifwl'#wi—la
0, otherwise,
and evaluate
ti = Projl (Vf*(Vf () — 7.7x)).

If t; = x; or Z1t; = 0, then stop. Otherwise go to Step 2.
Step 2. Compute

si = Projl (Vf*(V f(xi) — £71)),
where
Ty :={x € B: (VI(x;) — 1.Fx; — Vf(t;), x —1;) <O}.
Step 3. Calculate
wiyr = VIV )+ 0 —a)Vfis)).

Seti :=i + 1 and return to Step 1.

@ Springer f bMA



An improved subgradient extragradient method. . . Page90f20 254

Remark 1 :1.Notethatlim;_, %|Iwi—w5_1l| = 0.Indeed, foralli wehave 6; < m,
it follows from (C3) that

. €
lim —||lw; — wi—1|| < lim — =0.
i—00 O i—00 o

2.Ift; = x;,thent; € S. Indeed, the definition of {t;} and Lemma 8(1) show that
(Vfxi) —tFxi =V [f(t),y—1) <0, Vy eC.
Due to #; = x;, we get that
o(Fti,y—t;) >0, Yy € C.
Since T > 0, thent; € S. If #1; =0, itis easy to see thatt; € S.

Lemma 12 Assume that the conditions (C1-C3) hold. Let {t;}, {s;} and {x;} be the sequences
produced by Algorithm 3. Then

& & TL
Dr(p,si) <Dr(p,xi) — (1 - ;) Dy(si,xi) — z (1 - F) Dy, xi)

& tL o
- ; (1 - F) Df(sls 1)

Proof Bearing in mind Lemma 8(1), the definition of {s;} yields that

forevery p € S.

(Vf(xij)) =67t =V f(si),y—si) <0, Vy e T;.
Dueto p € S C T;, we deduce that
(Vfxi) =671t =V f(si), p—si) 0,

namely
(Vf(xi) =V fsi), p—si) <§(Fti, p—si). 9
In light of the three point identity, we see that
Dy(p,si) +Dy(si,xi) —Dyp(p,x;) =(Vfx)) = Vi), p—si). (10)
Together (9) with (10),

Dy¢(p,si) <Dyg(p,xi) — Dy(si, xi) +E(Fti, p — si)
=Dy(p,xi) — Dy(si, xi) +E(Fti, p — i) + E(F1i, ti — si). (11

Since t; € C and p € S, we have (Z p, t; — p) > 0. The pseudomonotonicity of .% implies
(Zti, t; — p) > 0. Thus (11) can be transformed into

Dy(p,si) <Df(p,xi) — Dy(si, xi) + E(Fti, t; — si). 12)
Next we estimate £(.Z1;, t; — s;). The three point identity shows that
Dy(si, xi) — t(Fti, ti — 8i)
=Dys(si, ) + Dpti, xi) = (Vf(xi) = V) —tFt;, 5 — i)
=Dys(si, 1) + Dp(ti, xi) = (Vf(xi) =t Fx; = V), si —t;)
—T(ﬂxi—ﬁti,si—ti). (13)
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Applying the definition of 7; and s; € T;, one readily observes
(Vi) —tFxi =V ft),si —t) <0. (14)
It follows from (4) and (8) that

Fxi — Fti,si — ;) <t Fxi — Ftilllsi — il

< tLllx; — tlllsi — ]l

L
< 7(||xf — 4l + lIsi — 41%)
L
< F(Df(ti»xi)+Df(siati))~ (15)

Combining (13), (14) and (15), then
tL
(Tt t; — 5;) < Dy(si, x;) — (1 - F) (Df(ti,xi) + Dy (si, ti))- (16)
Substituting (16) into (12), we obtain
Dy (p.51) = Dy (px) = Dy G5t x) + Dy (51 )

_£ (1 - E) (Dy (i, xi) + Dylsiy 1)

T B
=Lr(p, X - rSi, Xi . B i, Xi
tL
-5 (1 - ?) Dy (s t), (a7
which is the desired inequality. O

Lemma 13 Suppose the conditions (C1-C3) hold. The sequence {w;} produced by Algorithm
3 is bounded.

Proof Ast € (0, %) and & € (0, 7], we see that

L
1—§zo,§<1—f—>>o. (18)
T T B
With (18) and Lemma 12 in hand, we get
Dy(p,si) < Dy(p, xi), Vp € S. 19

The definition of {w;} and (7) show that
Dy (pxi) = Dy (p, V(T 1 () + 6,V f(wiet) = V f (w))

=Dy (p. V(1 = 0DV £ ) + 6V £ (wi-1)) )
<1 =0)Ds(p, wi) +6;Ds(p, wi—1).

Hence, with Lemma 1 in hand, the definition of V; and the property of p; yield that
Dy(powir) = Dy (p, V@V wi) + (1= a)V £ (s))

@ Springer f bMA



An improved subgradient extragradient method. . . Page 110f20 254

<a;Dyr(p,w1)+ U —a;))Dr(p,si)
<aDs(p,w) + 1A —a;))Ds(p, x;)
<aiDs(p,w) + (1 —a;) [(1 —0)Ds(p, wi) + 6;Dp(p, wi—1)]
<aDs(p, wi) + (1 — o) max {Dy(p, wi), Ds(p, wi—1)}
<max {Dy(p, w)), Dy (p, wi), Dp(p, wi—1)}
By induction, we conclude that
Dy (p, wit1) < max {Ds(p, w1), Dy(p, wo)}. (20)

Consequently, the sequence {w;} is bounded by Lemma 6. O

Lemma 14 Assume that the conditions (C1-C3) hold. Let {x; } be a subsequence of {x;}
produced by Algorithm 3 such that x;, —~q and limy_, ||x;, —t;, || =0, thenq € S.

Proof Dueto t; := Projg (Vf*(Vf(xik) — Tf}x,'k)), it follows from Lemma 8(1) that
(Vf(xik) - Ty-xik - Vf(t,'k),x - tik> = 0, Vx € Ca

that is

1
;(Vf(xik) —Vft), x —t;,) < {(Fxi,x — 1), Vx € C.
Hence,

1
;(Vf(xik) — Vf(t,'k),x — tik> + (yx,'k, tiy —xik) < (ﬁxik,x —x,-k), Vxel. (21)

Since klim lxi, — ti, || = 0, Lemma 3 yields that V f is uniformly continuous, then
— 00

lim |V f(x;) — V[l =0.
k—o00
Putting k — oo in (21), T > 0 shows that
liminf(Zx; ,x —x;,) >0, Vx € C. (22)

k—00

‘We then conclude that

(Flig, x — tiy) = (Ftiy, — FXiy, X — Xiy)
+ (yxi;ux _xik> + (L’OZ.tiwxik - tik>- (23)

Due to klim llx;, —t, | = 0 and the fact that .% is Lipschitz continuous, we get
—00
liminf(Z##;,, x —t;,) > 0. (24)
k—00

We now proceed to the proof of ¢ € S. Given a sequence {€} of positive numbers that
decreases and tends to 0, for each k, it follows from (24) that there is the smallest positive
integer Ny such that

(Ztij, x —ti;) + & >0, Vj > Ng, (25)

{ex} is decreasing implies that the sequence { Ny} is increasing. Besides, for each k, there is
a bounded sequence {vy, } C % such that €, = (Fty,, €xvn,). Thus, we have

(‘gtNkax +€kak _tNk) > 0.
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The pseudomonotonicity of .# shows that
(Z(x + kv, x +€vn, —In) = 0,
which implies that
(Fx,x —tn,) = (Fx — F(x +€vn,), x + €y, — tn,) — (Fx, €cun,). (26)

In light of x;, —¢ and limy_,  [|lx;, — #;, || = 0, we have t;, ~¢g (k — 00) and thus ¢ € C.
According to (8),

ffl‘ik

’

0 < ||#ql <liminf
k— 00

which implies that limy_, o €xvn, = 0. Thus, letting k — oo in (26), the Lipschitz continuity
of .7 and the boundedness of {xy, } and {vy, } show that

liminf(Fx, x —ty,) > 0. 27
k—o00
Hence, for all x € C,
(Fx,x —q) = lim (Fx,x —ty,) =liminf (Fx, x —ty,) > 0. (28)
k—00 k— 00
By Lemma 11, we see therefore that g € S. O

Theorem 1 Assume that the conditions (C1-C3) hold. Then the sequence {w;} produced by
Algorithm 3 strongly converges to p = Projé (wy).

Proof According to the definition of {w;}, the formulas (5), (6) and (7) show that

Dy (pwisn) = Dy (p, V1* (@9 fwn) + (1= a)V f(s1))
=Vi(p, iV f(wi) + (1 — i)V fisi))
< Vi(p.aiVf(w) + A —a)Vfis) —ai(Vf(w)—Vf(p))
+ o (Vf(w) = Vf(p), wit1 — p)
=Vi(p.aiVf(p)+ (1 —a)Vfs))+ai(Vfw)—Vf(p), wiyr —p)
<o Ds(p, p)+ (1 —a))Dy(p, si) + i (V f(w1) = VF(p), wit1 — p)
<A —=a)Dys(p,x;) +ai{Vf(w) = Vf(p), wiy1 — p)
< (1 —a)[(1 =6)Dy(p, wi) + 6Dy (p, wi—1)]
+ o (Vf(w) = Vf(p), wit1 — p)
=[1—ai = (1 —a)b; | Ds(p. wi) + (1 — )6 Dy (p, wi—1)
+ai(Vf(w) = Vf(p), wit1 — p). (29)
We now proceed to the proof of w; — p in two cases:

Case 1: There exists N € N such that {Dy(p, w;)};2y is nonincreasing. Thus
{Dy(p, w;)} is convergent and

Lim (Dy(p, wi) — Dy(p, wit1)) = lim (Dy(p, wi—1) — Dp(p, w;)) = 0.
1—> 00 1—>00
Moreover, it follows from Lemmas 12 and 13 that

Dy(p,wit1) <a;Dy(p,wy) + (1 —a;))Dy(p, s;)
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<aDp(p,wi) + (1 —a)[Ds(p, xi) — (1 — %)Df(si,xi)
£, L L

g
- ;(1 ~ 5 YDy (ti, x;) — ;(1 ~ 3 YDy (si, 1i)]
= aDy(p,wn) + (1 =) [(1 = 6D (p, w)) + 6D (p, i)
& & TL
= (= DDy(siom) = == ZO[Drx) + Dyl 0]}

Namely

B
<Ds(p,wi) —Ds(p, wi+1) + (1 — ;)0 [Ds(p, wi—1) — Dy(p, wi)] + oy My, (30)

L
(1 —a,-)é (1 - I—) [D (i, x) + Dyisin )]

for some M; > 0. Due to lim;_, », o; = 0, combining (30) and (18), we can conclude that
'lim 'Df([l',x,‘): 'lim Df(si,li) =0. 31)
1—> 00 11— 00

Owing to Lemma 2, we have

lim ||t — x| = lim [ls; — ]| =0, (32)
11— 00 1—> 00
which implies that
'lim IIsi — xi|l < 4111’11 I|si —ti ]l + 'lim It — xi|| = 0. (33)
1—> 00 11— 00 1—> 00

At the same time, let i — o0, then

0; 91’
IVFGi) =Vl = e =1V fwip) = Vil = e -llwi-y —will > 0,

1

IVfwir) =Vl = aillVf(w) = Vsl <aiMy — 0,

for some M> > 0. From Lemma 4, the uniformly norm-to-norm continuity of V f* implies
that

lim [[x; —w;l| = lim [Jwjy+1 —s:]| = 0. (34
11— 00 11— 00
Therefore, in light of (33) and (34),
lwitr — will < llwigr —sill + lIsi —xill + lxi — w;ll — 0 (n — 00). (35)

Since {w;} is bounded, there is a subsequence {w;,} C {w;} such that w;—¢ and thus
Xj,—¢q as k — o0o. Owing to Lemma 14, we can conclude that ¢ € S. Combining with

p= Projg(wl), then

limsup(V f(w1) — Vf(p), w; — p) = klin;O<Vf(w1) - V£(p),wy —p)

= lim (VfQw1) = Vf(p).q - p)
=0, (36)
which means that
lim sup(V f (w1) — V f(p), wit1 — p) < 0. 37

i—00
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Combining (29), (37) with Lemma 10, we see therefore that D¢ (p, w;) — Oasi — oo, that
isw; —> pasi — oo.

Case 2: There is a subsequence {Ds(p, wi;)} C {Dy(p, wi)} such that Dy (p, w;;) <
Dy(p, wi;+1) forall j € N. It follows from Lemma 9 that there exists a non-decreasing
sequence {ix} C N tending to infinity such that

Dy(p, wi) < Dy(p, wi+1) and Dy(p, wy) < Dyp(p, wi+1), Vk € N.
In Lemma 13 we obtain
Dy(p, wi+1) = oy Dy(p, w1) + (1 — i )Dy(p, wiy).
Therefore, the fact lim;_, o, ; = 0 implies
D¢(p, wiy+1) — Dr(p, wi) — 0 (k — 00).

Due to boundedness of {w;,}, there is a subsequence of {w;,} still denoted by {w;,} and
w;, —¢q. As stated in Case 1, we have

klgrgo lwig+1 —wi |l =0, lLimsup(V f(w1) — V f(p), wi+1 — p) <0.

k—o00

According to (29),

Dy(p, wip+1) < (1 =0 )Dr(p, wip) + 0, (V f(wy) = VF(p), w41 — p)
< (I =0 )Dr(p, wi+1) + o (Vf(w1) =V f(p), wi+1 — p).
The fact o, > 0 shows that

Dy(p,wr) < Dy(p, wig+1) < (Vf(w) = Vf(p), wi+1 — p).

Namely,
limsup Dy (p, wi) < limsup(V f(wi) = Vf(p), wi+1 — p) <0.
k— 00 k—o00
Hence, wy — p (k — 00), which is the desired result. O

Next we apply the above result to Hilbert space. Let f(s) = %Hs 12, we have Dy(s,t) =

! 2
§||s —t||°, Vs, t € C, then
Projl (Vf*(Vf (i) — 17 x)) =t Pe(xi — 1/ %),
where C is nonempty closed convex subset of Hilbert space 77, Z2¢ is the metric projection
of 7 onto C. In this case, if ; = 0, we can obtain the following result.

Corollary 1 Assume that the feasible set C is a nonempty closed convex subset of a real Hilbert
space €, the solution set S is nonempty and the operator o/ : 7 — H is pseudomonotone,
L-Lipschitz continuous and satisfies {q;} C C,qi—q = || <q| < liminf;_ || <q;|-
Suppose T € (0, %), Ee€0,71] T, ={x e (xi—tdx; —tj, x —t;) <0}, the sequence
{a;} C (0, 1) satisfies lim;_, oo ¢; = 0 and Zf’il a; = o0. Then the sequence {x;} produced
by the following algorithm strongly converges to an element p = Ps(x1).

ti = Pe(xi — tAx;),

si = P (xi — EA1;),

Xit1 = ajxy + (1 —a)s;.
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4 Numerical experiments

In this section, we perform two numerical examples to show the behaviors of Algorithm 3,
and compare them with other algorithms. In both experiments the parameters are chosen as
o = ﬁ and

. & if w; :
o, = mm{||w,~—w,-71||’9}’ ifw; 7 wi-t, (38)
0, otherwise,

1
where € = W

Example 1 Let 2 = L%([0, 1]) endowed with norm ||x|lz = ( fol lx(1)]2d1)? and inner
product (x, y)z = fol x(t)y(t)dt forall x, y € . Consider C := {x € # : ||x|| < 2}. Let
g : C — R be defined by
) 1
g(s) = T2 N

Note that g is Lg-Lipchitz continuous with Ly = é—g and é < g(s) <1, Vs € C. The
Volterra integral operator V : & — 2 is given by

t
V(s)(t) :=f s(x)dx, Vs e L*([0,1]), 1 € [0, 1].
0

Then V is bounded linear monotone operator. Define % : C — % by

F(s)(t) :=g)V(s)(@), Vsel,tel0,]1].
We see that .Z is not monotone on C but pseudomonotone and L-Lipschitz continuous with
L =82/m.

We compare our Algorithm 3 (shortly, OUR) with Algorithm 3.5 in Cai et al. (2018)
(shortly, CGIS) and Algorithm 3 in Xie et al. (2023) (shortly, XCD). The parameters are set
as follows:

Our Algorithm 3: t =0.99/L, & =09/L,0 =0.63 and o; = o

Algorithm 3 in Xie et al. (2023): £ =0.9, 1y =2 and o; = H—Ll;

Algorithm 3.5 in Cai et al. (2018): a = 0.0001, A; = a + H%l

i(+—1)
i+1

Let xo = x1 = e* + sin(3t), we observe from Fig. 1 that our Algorithm 3 is better than

Algorithm 3.5 in Cai et al. (2018) and Algorithm 3 in Xie et al. (2023).

and o; =

Example 2 Compare the performance of Algorithm 3 at different Bregman distances. Define
the feasible set C by

C= xeRm:xiZO,in=l
i=1
and define f : R — R by
= 1
) fx) = ;xz' log(x;), (i) f(x) = 5|IX||2~

We see that f is strongly convex with 8 = 1. Due to Z = R™, then V f*(x) = (V.f) "' (x).
Therefore, for each f,
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102
= = =CGIS
---------- XCD
OUR
10° E

102

|01 — 2|
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108 . . . .
0 500 1000 1500 2000 2500 3000
n

Fig. 1 The value of error versus the iteration numbers for Example 1

(i) Vf(x) =1 +log(x1), ..., 1 +loglxm)’,
(VI x) = (exp(x; — 1), ..., exp(xm — D)7,
(i) Vf(x)=xand (V) 'x) =x.

The corresponding Bregman distances are given by

1) Dylx,y) = >0 (x log(%) + y; — x;) which is the Kullback—Leibler distance (shortly,
KLD),
(ii) Dy(x,y) = %Hx - y||2 which is the squared Euclidean distance (shortly, SED).

Next we define the operator .# by .% (x) = max(x, 0). Clearly, .# is monotone and S = 0. We
compare the performance of Algorithm 3 using SED and KLD. The initial points are generated
randomly for m = 20, 50, 80, 120, and D, = ||x,4+1 — x| < 10~ is used as stopping
criterion. The computation results are shown in Fig.2 and Table 1. It can be seen that the
convergence of the algorithm is different for different Bregman distances. Different functions
correspond to different Bregman distances. Therefore, we use the Bregman projection method
to obtain better convergence behavior.

Example 3 Let the operator .# (x) := Mx + ¢, where
M =BB" +G+ D,

and B is an m x m matrix, G is an m x m skew-symmetric matrix, D is an m x m diagonal
matrix, whose diagonal entries are non-negative (so M is positive semidefinite), g is a vector
in R™. The feasible set C C R™ is a closed and convex subset defined by C := {x € R" :
Ox < b}, where Q is an k x m matrix and b is a non-negative vector. It is clear that .% is
monotone and L-Lipschitz continuous with L = ||M||. Let ¢ = 0. Then, the solution set is
{0}.

In this example, the initial values xo and x; are both setto (1,1,...,1),k = 20,m =
10, ; = l% and 0 = 0.5. ||x,+1 — x5, || represents the error of the n-th step iteration. For the
two key parameters 7 and & in Algorithm 3, we fix one parameter and change the remaining
one. Finally, we get the following two cases, which are respectively shown in Figs.3 and 4.

1. T =0.99/L, 0.5/L, 0.01/L and £ = 0.01/L.
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Fig.2 Numerical behavior of all algorithms with different m in Example 2

Table 1 The number of termination iterations and execution time of our algorithm with different distances in
Example 2

Bregman distance m =20 m =50 m =80 m =120

Iter. Times Iter. Times Iter. Times Iter. Times
KLD 60 0.0625 31 0.0469 28 0.0625 32 0.1094
SED 35 0.4531 22 0.3750 34 1.4062 44 3.4219

2. £ =0.01/L, 0.1/L, 0.2/L and T = 0.2/L.

As shown in Figs. 3 and 4, each parameter will affect the convergence rate of our proposed
algorithm, and the result of this effect is not monotonically increasing or decreasing with
the parameter value. In particular, the values of t and & are often consistent in other known
results, but our algorithm breaks this restriction. We can choose that 7 and & do not necessarily
have to be the same, resulting in a better convergence behavior.

5 Conclusions

In this paper, we introduced an improved subgradient extragradient method with Bregman
distance for solving pseudomonotone variational inequality problems. We generalized the
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7=0.99/L
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.......... =0.01/L | 4

102

|01 — 2|

107

104

10 . . . . . . . . .
0 20 40 60 80 100 120 140 160 180 200

n

Fig. 3 The value of error versus the iteration numbers with different value on 7 for Example 3 with &k =
20,m =10, =0.01/L

10’ w
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- = =¢=0.1L
---------- £=0.2/L

HznAl - z"H

10 . . . . . . . . .
0 20 40 60 80 100 120 140 160 180 200

n

Fig.4 The value of error versus the iteration numbers for Example 3 with k = 20, m = 10, 7 = 0.2/L

classical subgradient extragradient method to reflexive Banach spaces and effectively added
an inertia term to speed up the convergence process of the algorithm. In addition, we set two
different step size parameters, which help us to choose more appropriate values and thus
increase the convergence rate. Under reasonable assumptions, we proved that the sequence
generated by the proposed algorithm strongly converges to a solution of variational inequality
problems. Finally, we presented numerical experiments to verify that our algorithm is effective
in improving the iteration efficiency.
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