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analysis of a variable metric forward-backward splitting algorithm with extended
relaxation parameters in real Hilbert spaces. We prove that this algorithm is weakly
convergent when certain weak conditions are imposed upon the relaxation
parameters. Consequently, we recover the forward—backward splitting algorithm with
variable step sizes. As an application, we obtain a variable metric forward-backward
splitting algorithm for solving the minimization problem of the sum of two convex
functions, where one of them is differentiable with a Lipschitz continuous gradient.
Furthermore, we discuss the applications of this algorithm to the fundamental of the
variational inequalities problem, constrained convex minimization problem, and split
feasibility problem. Numerical experimental results on LASSO problem in statistical
learning demonstrate the effectiveness of the proposed iterative algorithm.
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1 Introduction
Let H be a real Hilbert space with inner product (-, -) and induced norm || - ||. The forward—
backward splitting algorithm is a classical operator-splitting algorithm, which solves the

monotone inclusion problem
find x € H such that 0 € Ax + Bx, (1.1)

where A : H — 2/ is a maximal monotone operator and B: H — H is a B-inverse strongly
monotone operator (see Sect. 2 for the precise definition) for some 8 > 0. The forward-
backward splitting algorithm, which dates back to the original work of Lions and Mercier
[1], has been studied and reported extensively in the literature; see, for example, [2—6].
The emergence of compressive sensing theory and large-scale optimization problems as-
sociated with signal and image processing has resulted in the forward—backward splitting
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algorithm receiving much attention in recent years. A forward—backward splitting algo-
rithm with relaxation and errors in Hilbert spaces was proposed by Combettes [4]. More
precisely, let xp € H, set

Xie1 = Xk + Ak (Jya (% — v (Ba + bi)) + ax — x¢), k=0, (1.2)

where {yx} C (0,28), {Ax} C (0,1], {ar} and {b;} are absolutely summable sequences in H.
In addition, /4 := (I + yxA)~! denotes the resolvent of operator A with index y; > 0. Com-
bettes [4] proved the convergence of the iterative scheme (1.2) when certain conditions

are imposed upon the parameters. Jiao and Wang [7] proved the convergence of (1.2) by
48

2B+7k

is strictly larger than one when {yx} C (0,28). Further, Combettes and Yamada [8]

4B-vk
28

. Therefore, the range of {A«} in the work of

requiring the parameters {A;} such that {A;} C (0,
4
2/3ka
improved the range of the relaxation parameters {Ax} in (1.2) to (0,
4B—vk 4B
28 2B+
Combettes and Yamada [8] is larger than that of Jiao and Wang [7].

In the case when y; = y and ay = by = 0, the iterative scheme (1.2) is reduced to the

) when by = 0. It is easy to see that

). After a sim-

ple calculation, we know that >

forward—backward splitting algorithm with a constant step size [9]:
Xk = %k + M (Jya (e — yBri) —xx), k=0, (1.3)

where y € (0,28) and {}+} C (0, 4’;—;’). Bauschke and Combettes [9] obtained the conver-
gence of the iterative algorithm (1.3) by adopting the Krasnosekii-Mann (KM) iteration
for computing the fixed points of nonexpansive operators. Some recent progress on the
KM iteration for solving fixed point problem and split inclusion problem can be found in
[10-12]. The forward—backward splitting algorithm with constant step size (1.3) is usu-
ally considered to be stationary, whereas the forward—backward splitting algorithm with
variable step sizes (1.2) is referred to as non-stationary.

It is worth mentioning that by letting Ax = 1, then (1.3) reduces to the classical forward-

backward splitting algorithm. More precisely, the iterative sequence {x;} is defined by
Xre1 = Jyalx — yBxg), k=0. (1.4)

In the context of convex optimization, the forward—backward splitting algorithm is equiv-
alent to the so-called proximal gradient algorithm (PGA) applied to solve the following

convex minimization problem:
minf(x) + g(x), (1.5)
xeH

where f : H — R is convex, differentiable with an L-Lipschitz continuous gradient for
some L >0 and g: H — (—00,+00] is a proper, lower semicontinuous, convex function.
The convex optimization problem (1.5) has found widespread application in signal and
image processing, for example, [13—-17]. As a consequence of [4], Combettes and Wajs
[18] employed the forward—backward splitting algorithm (1.2) to solve the minimization
problem (1.5). The obtained iterative algorithm is defined as

X1 = X+ A (prox,, , (xx — v (Vf (k) + bx)) + ax —xi), k=0, (1.6)
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where {yx} C (0,2/L), {Ax} C (0,1], and {ax}, {bx} are absolutely summable sequences in H.
prox,,, denotes the proximity operator of g with index y > 0. In addition, Combettes and
Wiajs [18] presented applications of this algorithm to many concrete convex optimization
problems. This iterative algorithm (1.6) was subsequently improved by Combettes and
Yamada [8] who extended the range of the relaxation parameters {\s}.

Inspired by solving large-scale convex optimization problems arising in image process-
ing, machine learning, and economic management, many efficient primal—dual splitting
algorithms have been proposed for structured monotone inclusions involving maximal
monotone operators and single-valued Lipschitz or inverse strongly monotone opera-
tors; see, for example, [19, 20]. Although these monotone inclusions are more compli-
cated than the monotone inclusion problem (1.1), they can be transformed into the form
of this problem in a suitable product space. Therefore, it is natural to consider using the
forward—backward splitting algorithm (e.g., (1.2) or (1.3)) to solve the equivalent mono-
tone inclusion problem. Because the backward steps cannot be decomposed, direct use
of the forward—backward splitting algorithm often fails to obtain a completely splitting
algorithm. Many researchers attempted to overcome this difficulty by investigating vari-
able metric operator splitting algorithms. The use of a suitable variable metric enables
the implicit step of backward splitting to be easily decomposed. For example, the primal-
dual hybrid gradient algorithm [21] (also known as the primal-dual of the Chambolle—
Pock algorithm [22]) is equivalent to the variable metric proximal point algorithm [23,
24]. We refer the readers to a subsequent paper [25] for more details. Vi1 [26] proposed
a variable metric extension of the forward—backward—forward splitting algorithm [3] for
solving monotone inclusion of the sum of a maximal monotone operator and a monotone
Lipschitzian operator in Hilbert spaces. Liang [27] proposed a variable metric multi-step
inertial operator-splitting algorithm for solving the monotone inclusion problem (1.1).
Bonettini et al. [28] developed a scaled inertial forward—backward splitting algorithm for
solving (1.1) in the context of convex minimization. Neither of the respective algorithms
in the work by Liang [27] and Bonettini et al. [28] was compatible with the relaxation strat-
egy. The variable metric forward—backward splitting algorithm was originally studied in
finite-dimensional Hilbert spaces [2, 29]; however, the methods in these studies either had
to be strongly monotone to study the convergence rate or they did not make use of the in-
verse strongly monotone property of B in (1.1). For infinite-dimensional Hilbert spaces,
Combettes and Vi [30] proposed a variable metric forward—backward splitting algorithm
to solve (1.1) and analyzed its weak and strong convergence. This algorithm is defined as
follows. Let xg € H, and set

= xx — Vi Ui (Bxy + by),
Yk = %k — Vel (Bxx + by) L.7)

Xrs1 = Xk + M Uyeuna k) + ax — xx),

where {Ux} C Py(H), {Ar} C (0,1], {yx} € (0,28), {ai} and {by} are absolutely summable
sequences in H. This algorithm (1.7) includes a variable metric, variable step sizes, relax-
ation parameter, and errors. It includes nearly all of the forward—backward type of split-
ting algorithms mentioned above. For example, by letting Uy = I in (1.7), it is reduced to
(1.2). The relaxation parameters {A;} in (1.2) are observed to be strictly larger than those
based on the work of Combettes and Yamada [8]. While preparing this manuscript, we
discovered that in Chap. 5 of the dissertation [31], Simdes generalized the variable metric
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forward—backward splitting algorithm by replacing the relaxation parameters {14} in (1.7)
with self-adjoint, strong positive linear operators. However, this approach still requires the
maximum eigenvalue of the operators to be smaller than one.

The purpose of this paper is to introduce a new convergence analysis for the variable
metric forward—backward splitting algorithm (1.7) with an extended range of relaxation
parameters. We prove the weak convergence of the variable metric forward—backward
splitting algorithm by setting the relaxation parameter {A;} larger than one in real Hilbert
spaces. To achieve this goal, we make full use of the averaged and firmly nonexpansive
property of operators J,, ;7,4 (I — yiUiB) and J, 15,4, where Ax > 0 and Uy € P,(H). In con-
trast, existing solutions mainly rely on /,, ;4 being firmly nonexpansive. Consequently,
we obtain the convergence of the forward—backward splitting algorithm with variable
step sizes. Moreover, we impose a slightly weak condition on the relaxation parameters
to ensure the convergence of this algorithm. The results we obtained complement and
extend those of Combettes and Yamada [8]. As an application, we obtain the variable met-
ric forward—backward splitting algorithm for solving the minimization problem (1.5). We
also present the application of this algorithm to the variational inequalities problem, con-
strained convex minimization problem, and split feasibility problem. To the best of our
knowledge, the iterative algorithms we obtained are the most general ones for solving
these problems. Finally, we conduct numerical experiments on LASSO problem to vali-
date the effectiveness of the proposed iterative algorithm.

The remainder of this paper is organized as follows. Section 2 reviews selected nota-
tions and lemmas on monotone operator theory and presents some technical lemmas. In
Sect. 3, we prove the main convergence results of the variable metric forward—backward
splitting algorithm with relaxation in real Hilbert spaces. Consequently, we obtain sev-
eral corollaries of some special cases. Section 4 presents our use of the proposed iterative
algorithm to solve three typical optimization problems including the variational inequal-
ities problem, constrained convex minimization problem, and split feasibility problem.
In Sect. 5, we present preliminary numerical results on LASSO problem to illustrate the

performance of the proposed iterative algorithm. Finally, we provide our conclusions.

2 Preliminaries
In this section, we recall selected concepts and lemmas that are commonly used in the
context of convex analysis and monotone operator theory. Throughout this paper, let H
be a real Hilbert space. The inner product and the associated norm of Hilbert space H are
denoted by (-,-) and || - ||, respectively. I denotes the identity operator and the symbols —
and — denote weak and strong convergence.

Let A : H — 2 be a set-valued operator. We denote its domain, range, graph, and zeros
by domA = {x € H|Ax ##}, ranA = {u € H|(3x € H)u € Ax}, graA = {(x,u) € H x H|u €
Ax}, and zer A = {x € H|0 € Ax}, respectively.

Definition 2.1 ([9]) Let A: H — 2/ be a set-valued operator. A is said to be monotone if
(x—y,u—v)>0, V(xu),(,v) ecgraA.

Moreover, A is said to be maximal monotone if its graph is not strictly contained in the
graph of any other monotone operator on H.
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A well-known example of a maximal monotone operator is the subgradient mapping of
a proper, lower semicontinuous convex function f : H — (-00, +00] defined by

of :H—2" x> {ueHIf(y) = f(x) + (u,y —x),¥y € H}.

Definition 2.2 ([9]) Let A : H — 2" be a maximal monotone operator. The resolvent op-
erator of A with index A > 0 is defined as

Jia = L+ 24)7

According to the Minty theorem, the resolvent operator J, 4 is defined everywhere on
Hilbert space H, and /; 4 is firmly nonexpansive.

Let us recall the definition of the proximity operator, which was first introduced by
Moreau [32]. Let f € I'h(H), where I'y(H) denotes the set of all proper lower semicontin-
uous convex functions f : H — (—00, +00]. The proximity operator of f with index A > 0 is

defined by
1 2
prox,, : H — H:x > argming — ||y —x[|” + Af (y) ;.
yeH | 2

In fact, the resolvent operator of the subdifferential operator of any f € I;(H) with index
A > 0 is the proximal operator of f with index X > 0, that is,

prox,, = (I + rof)L

In fact, let x € H. Set p = prox;;(x). By the famous Fermat lemma, we have 0 € 29f(p) + p -
x ¢ x € 29f (p) +p. Then p = (I + 23f) ' (x). In other words, (I + 13f)™" = prox;. Therefore,
the proximity operators have the same property as the resolvent operators.

Definition 2.3 ([9]) Let B: H — H be a single-valued operator. Let 8 > 0, then B is said
to be B-inverse strongly monotone if

(x—y,Bx—By) > B||Bx - By|*>, Vx,y€H.

The B-inverse strongly monotone operator is also known as a -cocoercive operator.
It is easy to see from the above definition that a §-inverse strongly monotone operator is
%—Lipschitz continuous, i.e., ||Bx — By|| < % lx =yl

Next, we recall the definitions of nonexpansive and related mappings. These mappings

often appear in the convergence analysis of optimization algorithms.

Definition 2.4 ([9]) Let C be a nonempty subset of H. Let T: C — H, then
(i) T is considered to be nonexpansive if

Tx - Tyl < llx-yll, VxyeC.

(ii) T is considered to be firmly nonexpansive if

2

ITx - TyI> < = yI> = [ (I - T)x— (U= Ty|’, VayeC.
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(iii) T is referred to as a-averaged, where o € (0, 1), if there exists a nonexpansive

mapping S such that 7= (1 — a)I + S.

It follows immediately that a firmly nonexpansive mapping is a nonexpansive mapping
and an «-averaged mapping is also nonexpansive.

We denote by Fix(T') the set of fixed points of a mapping T, that is, Fix(T) = {x € H|x =
Tx}.

Lemma 2.1 (Demiclosedness principle [9]) Let C be a nonempty subset of H. Let T : C —
H be a nonexpansive mapping with Fix(T) # 0. If {xi} is a sequence in C that converges
weakly to x and if {(I — T)xy} converges strongly to y, then (I — T)x = y; in particular, ify = 0,
then x € Fix(T).

The following proposition provides some equivalent definitions of the firmly nonexpan-

sive mappings. This proposition can be found in Proposition 4.4 of [9].

Proposition 2.1 ([9]) Let C be a nonempty subset of H. Let T : C — H, then the following
are equivalent:
(i) T is firmly nonexpansive;
(i) I - T is firmly nonexpansive;
(i) 2T -1 is nonexpansive;
({v) (x—y, Tx - Ty) > | Tx - Ty||%, Vx,y € C.

From Proposition 2.1(iii) and (iv), we know that if T is firmly nonexpansive, then T is
%—averaged, and a 1-inverse strongly monotone operator is firmly nonexpansive.

The following proposition is taken from Proposition 4.35 of [9].

Proposition 2.2 Let C be a nonempty subset of H. Let T : C — H, then T is a-averaged if
and only if

l-«
I Tx - Tyll* < llx = yl* - TH(I— Tx—-(I-T)y

, VYx,yeC.

The following lemma provides a relation between an operator T with its complement
I-T.

Lemma 2.2 ([9]) Let C be a nonempty subset of H. Let T : C — H, then
(i) T is nonexpansive if and only if the complement I — T is %-inverse strongly monotone;

(ii) T is a-averaged if and only if the complement I — T is ﬁ—inverse strongly monotone.

We refer interested readers to [9] for further properties of nonexpansive, firmly nonex-
pansive, and «-averaged nonlinear mappings.

We recall the results of the composition of two averaged operators. The following lemma
first appeared in [33] after which it was extended to a finite family of composition averaged

operators [8].
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Lemma 2.3 Let C be a nonempty subset of H. Let T; : C — H be a;-averaged and T, :

C—

H be ay-averaged. Then

LAyt oy — 20000
T :=T1T, is ———— -averaged.
— Q10

Remark 2.1

()

(i)

It is worth mentioning that two other results of the combination of averaged

operators were reported. From Proposition 4.32 of [34], T := T1 T, is

o= %—averaged. From Byrne [35], T := T1 T is @ = a1 + oy — ajrp-averaged.
max(a],09)

It is not difficult to verify that Wf‘_ii_lzogm is smaller than the other two constants @

and @.

The constant @ is used in [7] to show the upper bound of the relaxation parameter
Ar such that A < %

We employ the following previously used notation [30]. Let B(H, G) be the spaces of

bounded linear operators from Hilbert space H to Hilbert space G. The norm of L €

B(H,

G) is defined as || L|| = sup,;; 1221, We set B(H) = B(H, H) and S(H) = {L € B(H)|L =

llll

L*}, where L* denotes the adjoint of L. The Loewner partial ordering on S(H) is defined
by, for any U, V € S(H),

u>=v <« (Uxx)>(Vx,x), VxeH.

Let a € [0, +00), set

Po(H) = {U € SH)IU = al}.

We denote by /U the square root of U € P,(H). Moreover, for every U € P,(H), we
define a semi-scalar product and a semi-norm (a scalar product and a norm if @ > 0) by

(VxeH) (VyeH) (xy)u=(Uxy) and |xly =/ (Ux,x).

We borrow the following results on monotone operators in a variable metric setting
from Combettes [30].

Lemma 2.4 ([30]) Let A : H — 2 be maximal monotone, let a € (0,+00), let U € P, (H),
and let Hy;1 be the real Hilbert space with the scalar product (x,y) -1 = (U 'x,y), Vx,y €
H. Then the following hold.:

(i) UA:H — 2 is maximal monotone;

(ii) Jua : H — 21 is 1-inverse strongly monotone, i.e., firmly nonexpansive. More

precisely,

Wuax = Juaylla < e =yl = [T = Jua)x - (]_lL[A),y”Z—Ir Vx,ye H. (2.1)

(iii) Jya = (U +A) o UL,



Cui et al. Journal of Inequalities and Applications (2019) 2019:141 Page 8 of 27

Let U € P,(H) for some « > 0. The proximity operator of f € I(H) relative to the metric
induced by U is defined by

1
proxfu :H— H:x+—> argmin(—”x—yll%, +f(y)),
yeH \ 2

We have proxfu = Ju-+4r and we can write prox} = prox;.

We make full use of the following lemmas to obtain the weak convergence of the con-
sidered iterative sequence. Both of the two lemmas were previously reported [36]. In the
following, we denote by ¢! (N) the set of summable sequences in [0, +00), where N is a set
of nonnegative integer numbers.

Lemma 2.5 ([36]) Let o € (0, +00), and let {Wy} be in P,(H), let C be a nonempty subset
of H, and let {xi} be a sequence in H such that

”xk+l _ZHW/Hl = (1 + 77k)||xk _Z”Wk + €k Vz e C! (22)

where {n,} C €1(N) and {e;} C £1(N). Then {xi} is bounded and, for every z € C, (||xx —

zllw, ) converges.

Lemma 2.6 ([36]) Let @ € (0,+00), and let {Wy} and W be in P,(H) such that Wi, — W
pointwise as k — +00, as is the case when

sup [ Wil < +00  and  (I{m} C LL(N)) (1 + ) Wi = Wi
keN

Let C be a nonempty subset of H, and let {xi} be a sequence in H such that (2.2) is satisfied.
Then {xi} converges weakly to a point in C if and only if every weak sequential cluster point
of {xx} isin C.

The following lemma can be found in Corollary 2.15 of Bauschke and Combettes [9].

Lemma 2.7 ([9]) Letx € H,y € H,and o € R. Then
2 _ 2 2 2
e + (1 = a)y|” = ellxll® + (1 — @) |x]|* — (1 — ) x = y||>. (2:3)

3 Variable metric forward-backward splitting algorithm
In this section, we study the convergence of the variable metric forward—backward split-

ting algorithm. First, we prove the following useful lemmas.

Lemma 3.1 Let B: H — H be a B-inverse strongly monotone operator. Let o > 0, and let

U € Py(H). Let Hy1 be a real Hilbert space with the scalar product (x,y) -1 = (U 'x,),

Vx,y€ H. Then I —yUB isa %-avemged operator on Hy1 for any y € (0, %).

Proof Let x,y € H. Because B is B-inverse strongly monotone, we have

(UBx — UBy,x —y) -1 = (Bx— By,x —¥)
> Bl|Bx ~ Byl (3.1)
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On the other hand, we obtain
|UBx — UBy|)7,-. < |U|| - |Bx — By|>. (3.2)
From (3.1) and (3.2), we obtain

B
(UBx ~ UBy, 5 =)t = - 1UBx— UBy (33)

which means that UB is ”L;H-inverse strongly monotone on Hy-1. Then yUBx is
uj _

_£__
vl
inverse strongly monotone. By Lemma 2.2(ii), I — yUB is a % averaged operator on

Hu—l. I:l

Lemma 3.2 Let A : H — 2" be maximal monotone. Let a € (0,+00), and let U € Py (H).
Let Hy-1 be a real Hilbert space with the scalar product (x,y) -1 = (U'x,), Vx,y € H. Let
B:H — H be a B-inverse strongly monotone operator. Then, for any y € (0, HZTﬂ”),]VUA (I-

yUB) is -averaged on Hy;-1.

28
4p-y Ul

Proof Because A is maximal monotone, then for any y > 0, y UA is maximal monotone.

According to Lemma 2.4(ii), /, 4 is 1-inverse strongly monotone on Hy;-1. Then J, 14 is

%—averaged. Lemma 3.1 determines that / — yUB is %ﬁ”—averaged. Therefore, we apply

Lemma 2.3, from which we know that /, ;4 (I — y UB) is

1 i i
o top—200p 3t y2[3 - y2ﬂ B 2B (3.4)
l-oon 1- 1.l 4 -yllu|’ '
which is the averaged operator. O

Lemma 3.3 Let H be a real Hilbert space. Let A : H — 2! be a maximal monotone opera-

tor. Let B: H — H be a B-inverse strongly monotone operator for some 8 > 0. Suppose that

§2:=zer(A+B) #0. Let y > 0, > 0, and {Uy} C P, (H). Then the following are equivalent:
(i) x* € zer(A + B).

(i) x* =Jual = vl B)(x¥) for any yi > 0.

Uy ul'-yB
(iii) «* = (=% ;yk ) o (= ayk )x*.

Proof (i) < (ii) Let x* € zer(A + B), then we have

0 € yxAx™ + yxBx*

& 0€ y U Ax™ + yi Ui Bx™

& X" =y lkBx® € x* + y Ui Ax*
& &=+ plA)T?T (x* - ykLIka*)
<

x* :]kakA(I - kakB)(x*)'
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(ii) < (iii) Let x* = J,, 5,4 (I — yx Ui B)x*, then

x* — ek Bx™ € x* + yp Ui Ax*

& U's" —yBx* e U'x™ + yrAx®

u:' - vw.B u:t A
N (k_yk)x c (kiyk)x
o o

Ut + AN (U -wB
N x(i) (ﬂ)x -

o o

Lemma 3.4 Let H be a real Hilbert space. Let A : H — 2 be a maximal monotone oper-
ator. Let B: H — H be a B-inverse strongly monotone operator for some B > 0. Let r > 0
and s > 0, and let U,V € P,(H). Define a variable metric forward—backward operator
Ty = Jyual — rUB). Then, for any x € H, we have

1
Tx — Tywx|| < —————
” ri sV ” = )tmin(ufl)

’

‘ (u1 - gvl)(x ~ Toyx)

where Amin(U™Y) represents the minimum eigenvalue of U™'.

Proof Let x € H, in which case we have

Ulx-UT,yx
r

Vx - V1T, x
s

—Bx e ATar,
— Bx € AT,y x.

It follows from the monotonicity of operator A that

-1, _ —lT -1, _ —lT
<Trux_Tstru x-U rux_V x-V svx>20‘

r N

Then

ut vt
” Tar - Ts\/x”%rl = r<Trle - Tstr (T - T)(x - Tst)>-

Because of the Cauchy—Schwarz inequality and the fact that Amin (U ") [l%]|* < |l]1?,-,, for
any x € H, we obtain

1
Tiyx—Tywx|| £ —————
” rtl sV ” = )\min(u_l)

’ <u-1 _ g\/—1>(x ~ Tux)

We are ready to state our main theorems and present their convergence analysis.

: g

Theorem 3.1 Let H be a real Hilbert space. Let A : H — 2! be maximal monotone. Let
B:H — H be B-inverse strongly monotone for some 8 > 0. Suppose that $2 := zer(A + B) # ().
Let o >0, {nx} € €2 (N), and {Uy} C Py (H) such that

w=sup||Ui|| <+oo and (1+n)Ugsx = Uy, VkeN. (3.5)
keN

Page 10 of 27



Cui et al. Journal of Inequalities and Applications (2019) 2019:141 Page 11 of 27

Let {yi} C (0, %) and {\¢} C (0, a—lk), where oy = #ﬁuuku‘ Let {ay} and {by} be two se-

quences in H such that Y ;2o Akllak|| < +00 and Y20 Aillbk|l < +00. Let xg € H, and set

Vi =Xk — )/kUk(Bxk + bk)’ (3 6)
X1 = %k + heUyua O) + ar — xi).

Then we have:
(i) Foranyx* € §2, limg_, 400 ||k — x* ||u,;1 exists.

Suppose that 0 < L < Ap < é — 1, where T € (0, i —A), then
(i) Tlimgs o0 [k = Jyuna ik — vieliBai) || = 0.

Suppose that 0 <y <y, then

(iii) {xx} converges weakly to a point in 2.

zfif , where € € (0,28 — ny), then

(iv) Bxyx — Bx* as k — +00, where x* € £2.

Further, suppose that yy <

Proof According to condition (3.5), we have

lut) = é Ug' € PyH), and L+ noUg! = Uy, (3.7)
Hence,

(1+77k)||x||2k_1 > ||x||22+11, Vx e H. (3.8)

For the sake of convenience, let

X = 5k + Ak (Tyeza (k= vl Brg) — ). (3.9)
Then iterative scheme (3.6) can be rewritten as

Xicrl = Xpes1 + Mgk, (3.10)

+00
where ex = J,, 1, a0%) — Jyua — veliBxk) + ay such that Y% Acllex|l < +oc. In fact,
because /,, 1,4 is nonexpansive on H, 1, we have

Arllexll < «/ﬁ?»klleklluk—l

< V|l vk = ok = vielliBasy) | up Villaly
1
< uyihillbell + el
28 1
< u—dllbicll + ) = Axllaxll. (3.11)
07 o

Notice that Y ;% Acllax|| < +0o and Y ;% Akllbkll < +00, (3.11) implies that > ;%) Axllexll <
+0Q.
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From Lemma 3.2, we know that J,, ;,a(I — yxUiB) is -averaged. Let oy =

2
A=V Ul

28 . . . _
YT then there exist nonexpansive mappings Ry such that J,, i, 4(I — yxUiB) = (1 -

ax)l + aiRy. Consequently, the iterative sequence {Xi,1} in (3.9) is equivalent to

Frer = (1= i) + Ae((1— o)owx + eRexr)

= (1 — Ago)xy + A Rixy. (3.12)

(i) Let x* € zer(A + B), according to Lemma 3.3, x* = J,, 1,4 — yxUiB)(x*). Then x* =
Rix*. From (3.8), (3.10), and (3.12), we obtain

||xk+l —x* ||ul:+11 <v (1 + nk) ”xk'*'l - ||L1/;1
<1+ nk)(”.fkﬂ —x* H UI;I + )\k”ek“u]:l)
<V @+ )| (1= Aiaie) (i — 2% + Aorr (Rexre — %) ”u,;l

1
+v/(1+ nk)\/;)\k”ek”

< (1+ i) |k — 2" ||u;1 + €k (3.13)

where ¢, = /(1 + r]k)\/g)»kllekll. Because > ;%0 Axllexll < +oo and ;% llmkll < +00, then
Y oo ll€xll < +00. On the basis of Lemma 2.5, we conclude that limy_, o [ —x* ”u,;‘ exists.
Moreover, {|lx* — x*||} is bounded. Let M > 0 such that sup;, lx* — x*|| < M.
(ii) With the help of the inequality ||x + y||> < ||x]|? + 2(y,x + ¥), ¥x,y € H. We obtain
2 2
(B ”U/?ll < (1+ ) [oersr — 27| !
_ 2
= (1 + ) || Faesr — 2" + Akek||uk4
_ 2
= (1 + n) (]| Feer — 2 ”u,;l + 2hi(ex Xk _x*>U/?1)

_ 2 _
= (U i) [n = 2" [ + 200+ )M U [ Axlexdl (3.14)
From Lemma 2.7 and (3.9) we derive that

%k — " ”31,;1 = | (1 = a) (k= %) + Asc(Tyrzea (o — vl Boxe) — x¥) ”Z,;l
-0 s+ Gt - s )

2
—Mie(1 = Ap) ||xk — Jyetna O — vl Bxy) ” Uzt (3.15)
Because Jy, 17, 4(I — yxUiB) is ai-averaged, it follows from Proposition 2.2 that

“]ykLIkA (o = yiUyeBaxy) — x* sz-l

1-—
< = o = = = ok~ a ok = lliBe [ . (3.16)

Page 12 of 27



Cui et al. Journal of Inequalities and Applications (2019) 2019:141 Page 13 of 27

Substituting (3.16) into (3.15) yields
ey ||Zk_1 < [lme -2 ”Zk—l - Ak(aik - A/<> o = Jza (e — vie Ui Bace) ||Zk_1. (3.17)
Combining (3.17) with (3.14), we obtain
ok~ s = (e mle e +200 +moME Dile
-1+ Uk))\k<aik - kk) ok = Ty g (i = Vkukak)Hi,;h (3.18)

which implies that

W) ( U,
e g = ) ek = Fnna G = villiBe) [

<L+ )| - & ”Zﬁ o P ”Z;h +2(1 + )M U xllexll. (3.19)

Observe that limg_, , oo [l —x*|| u! existsand )2 Akllex|l < +00. Then by letting k — +00

in the above inequality and considering the condition on {1}, we obtain

im ||ax =y ea Gex — vieldieBa) || -1 = 0. (3.20)
k— +00 k
Because the two norms || - || u;! and || - || defined on the Hilbert spaces H are equivalent,

it follows from (3.20) that
lim [ = Jyeua (o = vl Bxi) | = 0. (321)
k—+00

(iii) In this part, we prove that the sequence {x;} converges weakly to a point in £2.
In fact, let x be a weak sequential cluster point of {x;}, then there exists a subsequence
{xk,} C {xi} such that x;, — x. Because {yx} C (y, ”fl—’:”) C(y, %) is bounded, there ex-
ists a subsequence of {yx} converging to y € (y, %). Without loss of generality, we may
assume that yx, — y. According to condition (3.5), it follows from Lemma 2.6 that there
exists U™ Pﬁ(H) such that U;! — U™! pointwise.

With the help of Lemma 3.4, we make the following estimation:

||xkn _]yUA(xkn - VUBxk,,) ||

< |k = T, i, 4 @y = Vit U, Bi,)
+ e 4 ke, = Vioy Uny Bx,,) = Jyia (e, — v UBx,,) |

< |k = T, 4 @y = Vi Ui, B, |
P
)Vmin(ulzl)

‘ <Ukn1 _ y;n u1> (xkn _]yLIA(xkn — )/UBX](”)) H

< [k, = Ty, 11, 4 @k, = Vi, Uk, Bik,,)
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+ %” (Ugly = Ui i) %k, = Jyua(®r, — y UBxy,)) |

¥ §|| (U iy = U™ i) (5t — Ty (o, — 7 UBx,) |

< |k = T, i, 4 @y = Vit U, Bri,)

Py - Vi | %y = Ty 11 (s, — v UBxy,,) |
va
2
" %7’3 (@i = U™) (s, = Jyua (st — v UBx)) |- (3.22)

Because {||lxx, — J,ua(xx, — ¥ UBxx,) ||} is bounded, it follows from the conditions above,

and we can conclude from (3.22) that
%, = Jyyua®, — y UBxi,,) | — 0 as ky — +00. (3.23)

As ], ua(I -y UB) is nonexpansive, based on the demiclosedness property of nonexpansive
mapping, we deduce that x = J, ;4 (¥ — y UB%), which means that x € zer(A + B). Because
X is arbitrary, together with conclusion (i), we can conclude from Lemma 2.6 that {x}
converges weakly to a point in zer(A + B).
(iv) On the other hand, as /,, i, 4 is firmly nonexpansive, it follows that we have
2
Vs erc = vicllicBo) = 2 [
2
< | = el By — (x* — v Ui Bx¥) ||u;1
2
=\ = T ek = villicBai) = (I = ) (2% = vicUiBx™) | o
* k 2
= ka -x - (kakak — Ui Bx )”ul_l
)
= ||k = Jytea ek = vieliBak) = (vl By — iUy Bx )||u;1
= [|ox - &* Hi,kfl — 2{xx — &%, Y Ui By — VkUka*>u];1

+ || vl Bxy — iUy Bx* “ZEI

= ||%k = Jypeusa ok = vieldieBosi) = (vicUiBasy — v Ui Bx™) ”i’k'l' (3.24)
Because B is B-inverse strongly monotone, we have that
o — &%, iU Baxy — kaka*>u;1 > kB | Bxx — Bx* ||2 (3.25)
In addition, we have

|lviUiBxi — yie Ui Bx* ||i,k_1 <y |\ Uil || Bxy — Bx* ||2

< uy?|| B - Bx*|) . (3.26)
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Substituting (3.25) and (3.26) into (3.24), we obtain

1/ tsa e = vl Bai) — * ||2E1
< o =" [0 = (2B = yiean) | Bee - B |
— || (k= Typtza Gk — vl Bxx)) — (valic Bk — ya U Bx*) Hi,k_l. (3.27)
The combination of (3.27) with (3.15) yields
[ = [
< [ox—a* ||Zk—1 — hvk(2B = i) | B - Bx*|®
— |2k = Tuza Gk — vl Bog) — (v Ui By — yi Ui Bx*) ||f[k,1
= ML= 200 [ = Pz Gox = el Be) [ 2. (3.28)
Further, on the basis of (3.28) and (3.14), we obtain
[ =5
< (L4 i) ook — 2" ||i,;1 = (1 + n )M vi(2B = viw) || By — Bx* ||2
— (1 + )i 0k = Jygn Gox — vacllicBacie) — (vl Bk — v Ui Bx™) ||Zk_1
= (L mi)hi1 = 20 5k = Tyeasa Gok = villiBe) | o
+ 20 (1 + )M | U Nexll, (3.29)
which implies that
Mevk(2B — yiew)|| Bxi — Bx* ||2
SR o P
= (14 ) A1 = 2|2k = Tyaza ok = vl Br) ||i,k_1
+ 20 (1 + )M | U lex - (3.30)

By the conditions on {yx} and {Ax}, and together with conclusions (i), (ii) and the fact
that Y ;% Axllex|| < +00, letting k — +00 in the above inequality, we obtain

Bx; — Bx* ask— +oo. (3.31)
This completes the proof. d

Remark 3.1 Because the upper bound of the relaxation parameter {1} in Theorem 3.1
is governed by the averaged constant of the variable metric forward—backward operator,
Theorem 3.1 provides a larger selection of the relaxation parameter than Theorem 4.1 of
Combettes and Vi [30].
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Remark3.2 1f we assume that A € (A, 1], then we reaffirm the conclusion that ;% || Bax —
Bx*||? < +00 as in Theorem 4.1 of the paper by Combettes and Vi [30]. In fact, from in-
equality (3.30), we have

dye|Bue— Bx"||* < 2aye(2B — v | B — B
< () o =" g n = foeen =2 50

+ 20 (L + )M | Ui | llexll

By summing the above inequality from zero to infinity, we have

+00

Lye Z ||Bxk — Bx* ||2
k=0

+00
< fro-* 2 + > mesup e -
k=0

+00

+ Y 201+ )M U | Nexll,
k=0

which implies that Y ;% || Bxx — Bx*||* < +00.

Remark 3.3 In view of Theorem 3.1(iii), the iterative sequence generated by (3.6) con-
verges weakly to a point in £2. The strong convergence of {x;} requires xy — x*, x* € 2.
Similar to Theorem 4.1 of Combettes and Vi [30], we need to assume that one of the
following conditions holds:
(i) liminfi_, ;00 do(xr) = 0;

(ii) A or Bis demiregular at every point in £2;

(iii) int$2 # ¢ and there exists {vx} € £} (N) such that (1 + vg) Uy > Up,1.

Because the proof is the same as that of Combettes and Vi [30], we omit it here.

Next, we impose a slightly weaker condition on the iterative parameter {1;} than in The-

orem 3.1 to ensure the weak convergence of the iterative sequence {x}.

Theorem 3.2 Let H be a real Hilbert space. Let A : H — 2! be maximal monotone. Let
B:H — H be B-inverse strongly monotone for some 8 > 0. Suppose that $2 := zer(A + B) # ().
Let o >0, {ni} € €2 (N), and {Uy} € Py(H) such that

w=sup||U|| < +oo and (1 +ni)Ugsr = Uy, VkeN. (3.32)
keN

Let the iterative sequence {xi} be defined by (3.6). Then we have:
(i) Foranyx* € §2,limg_, o0 ||k — x* ||u,;1 exists.
Suppose that
@ X% )‘k(i — Ax) = +00, where oy = ﬁﬂuuﬂ\;
(b) O<y <m =< ZﬂT_é where € € (0,28 — ny);
(©) 2% 1kt = vil < 400, 3420 it Ui | = el Ukl < +00, and
oo U e = Uy x|l < +o0 for any x € H.
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Then

(1) Timgo voo 6k = Jypuna (k — vildiBxi) || = 0;
(iii) {xx} converges weakly to a point in 2.
Further, suppose that Ay > A > 0. Then

(iv) Bxgx — Bx™ as k — +00, where x* € £2.

Proof (i) Let x* € £2, it follows from the same proof of Theorem 3.1(i) and we know that
limg_, 400 [k —x*||u]:1 exists. Then, {|lxx —x*||} is bounded. Let M := sup;q [lxx — x*|.
(ii) From (3.19), we obtain

+00 1 2
Z)‘k<0‘_k B )\k) ek = Tyetsia o = yellicBeo) |

k=0
5 1 +00 13
< oo =" [ + =M Y S+ 23 (L4 mOMo e (3.33)
k=0 k=0

Because Y ;% nk < +00 and > ;o0 Allex|l < +00, then
+00

1 2
Z )»k(a—k - )»k) ”xk = Jytea (o = v UieBacy) ” ug! < oo (3:34)
k=0

Let Tk = J, 1, — yx Ui B). By condition (a), (3.34) implies that
liminf [x; — Tyxg |l -1 = 0.
k—+00 k

Consequently, liminfy_, o ||¥x — Tkxx|| = 0. Because Tj is ay-averaged, where oy =
28
4B~y Url’
Then, liminfy_, .o [lx%x — kak””f = 0. Next, we prove that limy_, .o [|xx — Rixe|l = 0.

there exist nonexpansive mappings R on H, . such that Ty = (1 — o) + o Ry.

Using formulation (3.10) and the fact that Ry, is nonexpansive on H, 1, we have

%441 — Rir1%k41 ul:}l

(3.10) |, —
= 1%k — Rip1%a41 + kkeklluk—i1

IA

_— ) ) )
[1%x+1 Rk+1xk+1||uk+11+ k”ek”uk}1

(1 = Ake)c + ApotxRexk = Reerdeet | 1+ Micllexll 1
k+1 k+1
= || (1 = Aro) (v = Riew) + Rixe — Re16ks1 | u t Mellexll,
+

< (1= aeap) e — Rixell =1 + I1Rgxx — Rier x|l -1

k+1 k+1

+ | Rir1%k — Ricr1%k41 ”L[];:l + )‘k”ek”ulall

<(1-A - -1+ -R -1+ - -
<( e kak”ukh | Reoxx k+1xk||uk+11 | xk+1||uk+11

+allexlly,

1
< lloek = Rexicllygn, + IRk = Renéiell g, + 2\/;)\k||ek||~ (3.35)

Page 17 of 27
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On the other hand, using the relation Ry = (1 - i)l + i Ty and Lemma 3.4, we have

1Rk — Rk+1xk||u,;+11

1 1 1 1
=((1-— o+ —Tixr— (1 - X — Tri1%k
(2773 (273 (27381 Ayl u]:jl
1 1
< — %kl gt + || — Theoxx — T Xk
(o781 k K+l (073 k+l ugl,
1 1 1
< — — el + || — Toxi — Tix
k1 O kel (73 [e7381 ugl,
+ Trxy — Trs1%k
Ayl (78] U/:»El

1 1
< — Ukl - U Xl -1+ | Trxell -1 ) + —— | Tk — Trrrxill -
=28 [Vl Ul = Yiesa Il U 11 (1 kllg + 1T k||uk+11) P~ 1|| ik = Tienilln

|Vk||Uk|| Vk+1||Uk+1|||(||xk||u—1 + 1 Tl g2 +2\/7||Tkxk—Tk+lxk||

< 2,3
< Zﬂ |)/k||Uk|| — Ve Uk l[( allggr + I Thxell gt )
+2\/jyk—” (Venr Uit = vielicly) (e = Tieard) ||

1
_ﬂ|7/k||uk|| —Vk+1||Uk+1|||(||xk||u—1 + 1 Tl )
+ 2[ [Viesr — viel | Ui ok = Trorod) |

1u2
. 2\/; B2B ) e~ i) e = T (3.36)

ZO[

The combination of (3.36) with (3.35) yields

[1%k+1 — Rir1%k41 UI;J}I

< Ik = Rl 1, + % | Vil Uil = Viern I U || (sl g, + 1 Teosiell g, )
+ 2[ Vier = il | Ui Gk = Treora) |
\f w2 (U - Uk e = Trasn) | + 2\/gkk||ek||
< (L i) vk = Raewell 1 + L [Vl Uil = v Ui I (1l o+ 1 Tl )
2ﬁ k+1 k+1
+ 2\/7 Virr = il | Ui ok = Treora) |

) 1
+2 \/j n2p (Ut = Uk ok = T | + 2\/;)nk||€k||. (3.37)

(XKO[
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With the help of Lemma 2.5, we can conclude from (3.37) that limg_, , o0 [|%% — Rexk || upt = 0.
Hence, limy_, 100 ||%x — Rixk || = 0. As a consequence, limy_, o0 ||¥x — Txxk|| = 0.
(iii) and (iv) can be proven using the same proof as Theorem 3.1. (I

Remark 3.4 In Theorem 3.2, we prove the weak convergence of the iterative sequence

generated by (3.6) with a weaker condition on {A;} than that in Theorem 3.1.

In Theorems 3.1 and 3.2, let Uy = I, in which case we obtain the following corollary,
which shows the convergence of the forward—backward splitting algorithm with variable
step sizes.

Corollary 3.3 Let H be a real Hilbert space. Let A : H — 2" be maximal monotone. Let
B:H — H be B-inverse strongly monotone for some 8 > 0. Suppose that 2 = zer(A + B) # (.
Let {yx} C (0,28) and {)i} C (0, aik), where oy = %. Let {ay} and {by} be two sequences
in H such that Y ;2 Allakll < +00 and Y120 Axllbll < +00. Let xg € H, and set

Yk = Xk — V(B + by), (3.38)
Xrs1 = Xk + AUy aO) + ax — x).

Then we have:
(i) for any x* € 2, limy_; 400 ||k — x*|| exists.
Suppose that
(al) 0<A <Ag
(a2) Ar < i — 1, where T € (0, aik -A);
(@3) 0<y <k
(a4) yx <2B €, wheree € (0,28 - y);
@5 3% )“k(i — M) = +00 and Y 350 Vi1 — Vil < +00.
If the conditions of (al)—(a2) or (a3)—(a5) hold, then we have
(i) lmyg_, voo %k = Jypa (i — viBxi)|l = 0.
If the conditions of (al)—(a3) or (a3)—(a5) hold, then we have
(iif) {xx} converges weakly to a point in §2.
If the conditions of (al)—(a3) or (al), (a3)—(a5) hold, then we have
(iv) Bxy — Bx* as k — +00, where x* € 2.

Remark 3.5 Under conditions (al)—(a3), Corollary 3.3 reaffirms Proposition 4.4 of Com-
bettes and Yamada [8]. In addition, we obtain the convergence of the iterative scheme
(3.38) under conditions (a3)—(a5), which provide a weaker assumption on the relaxation
parameters A; than conditions (al) and (a2). Consequently, the obtained results improve
and generalize Proposition 4.4 of Combettes and Yamada [8].

As an application of Theorems 3.1 and 3.2, we have the following convergence results

for solving the convex minimization problem (1.5).

Corollary 3.4 Let H be a real Hilbert space. Let g : H — (—00,+00] be a proper, lower
semi-continuous, convex function. Let f : H — R be convex and differentiable with a 1/ 8-
Lipschitz continuous gradient. Assume that 2 is the set of solutions of problem (1.5) and
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2 #0. Let xo € H, and set

Vi =% — Vel (Vf (%) + bio),

it (3.39)
Xier1 = Xk + A(Proxyly (Vi) + ax — xx),
where {Ui}, {vi}, {* i}, {ak}, and {bi} satisfy the same conditions as in Theorem 3.1 or The-
orem 3.2.

Then the following hold:

(i) Foranyx* e §2, limg_, o0 ||k — x* ||u,;1 exists;

g Ut

(i) Hmygo o0 [l — proxyly ek — vk V()1 = 0;
(iii) {xx} converges weakly to a point in $2;
(iv) Vf(xk) = Vf(x*) as k — +o0, where x* € §2.

Proof Because f is convex differentiable, according to the Baillon-Haddad theorem, Vf is

B-inverse strongly monotone. From the definition of the proximity operator on the Hilbert

space Hy;-1, we know that

u—l
PrOXyy (1) = Jy 10 (00): (3.40)

Set A = g and B = Vf in Theorem 3.1 and Theorem 3.2 and this enables us to confirm the

conclusions of Corollary 3.4. O
In the following, we employ the variable metric forward—backward splitting algorithm

investigated above for solving several classes of nonlinear optimization problems. First,

we consider the variational inequality problem (VIP):
find x* € C,such that (Bx*,y —4*) >0, VyeC, (3.41)

where C is a nonempty closed convex subset of H, and B: H — H is a nonlinear operator.

Recall the indicator function 8¢, which is defined as

0, xeC,
Sclx) = (3.42)
+00, otherwise.

The proximal operator of §¢ is well known to be the metric projection on C, which is
defined by

Pc(x) = prox; . (x) = argmin [|lx - y||.
yeC
The normal cone operator of C is N¢, which is defined by

Ne(x) = {wiiw,y—x) <0,Vye C}, x€C, (3.43)

@, otherwise.
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Then VIP (3.41) is equivalent to the following monotone inclusion problem:
0 € Bx + Nc(x). (3.44)

Assuming that B is 8-inverse strongly monotone, (3.44) is a special case of the monotone
inclusion problem (1.1). Let A = N¢, then we know that /, ;4 = Plcr1 foranyy >0and U €
Pu(H). The operator P¥ ~ denotes the projector onto a nonempty closed convex subset C
of H relative to the norm || - ||;-1. More precisely,

U1 :
P¢ (x) = argmin ||x — y||-1.
yeC

On the basis of Theorems 3.1 and 3.2, we obtain the following convergence theorem to
solve VIP (3.41).

Theorem 3.5 Let H be a real Hilbert space. Let B: H — H be a B-inverse strongly mono-
tone operator. We denote by S2 the solution set of VIP (3.41) and assume that 2 # (). Let
X0 € H, set

Vi = xk — Vel (Bxg + by), (3.45)

L[’l
X1 = xk + A (P () + ak — xx),

where {Uy}, {vk}, { i}, {ax}, and {bi} satisfy the same conditions as in Theorem 3.1 or The-
orem 3.2.
Then the following hold.:
(i) Foranyx* € §2,limg_ ;o0 ||k — x* ||u,;1 exists;

N Ut
(i) limgoyo0 0k — Pc* (0% — yiUiAxi)|| = 0;
(iii) {xx} converges weakly to a point in §2;
g Y p
(iv) Bxx — Bx™ as k — +00, where x* € 2.

Second, we consider the following constrained convex minimization problem:

minf(x)

st.xeC,

(3.46)

where C is a nonempty closed convex subset of H, and f : H — R s a proper closed convex
differentiable function with a Lipschitz continuous gradient.

It follows from the definition of the indicator function that constrained convex mini-
mization problem (3.46) is equivalent to the following unconstrained minimization prob-

lem:
minf(x) + 8c(x). (3.47)
xeH

It is obvious that problem (3.47) is a special case of (1.5). Therefore, by taking g(x) = §c(x),

we obtain the following convergence theorem for solving constrained convex minimiza-
tion problem (3.46).
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Theorem 3.6 Let H be a real Hilbert space. Let f : H — R be a proper, closed convex
function such that f is differentiable with an L-Lipschitz continuous gradient. We denote
by §2 the solution set of the constrained convex minimization problem (3.41) and assume
that 2 # . Let xo € H, and set

Vi =%k — Vel (Vf (xi) + bi),

e (3.48)
Xier1 = Xk + A (PCE (k) + ax — xx),

where {Ui}, {vi}, {* i}, {ak}, and {bi} satisfy the same conditions as in Theorem 3.1 or The-
orem 3.2.

Then the following hold:
(i) Foranyx* € §2, limg_ 400 ||k — x* ||u,;1 exists;

N u!

(i) Mg soo [k — P* (xx — vii VS (k) || = 0;
(iii) {xx} converges weakly to a point in $2;
(iv) Vf(xk) > Vf(x*) as k > +oo, where x* € 2.

Finally, we consider the split feasibility problem (SEP) as follows:
find x € C such that Lx € Q, (3.49)

where C and Q are nonempty, closed convex subsets of Hilbert spaces H and G, respec-
tively. L : H — G is a bounded linear operator. SFP (3.49) was first introduced by Censor
and Elfving [37] in a finite dimensional Hilbert space and has been extensively studied by
many authors; see, for example, [38, 39] and the references therein.

SFP (3.49) is closely related to the constrained convex minimization problem (3.46).
More precisely, the corresponding constrained convex minimization problem of SFP
(3.49) is

1
min 5 ||x — Po(Lx) ”2 (3.50)
st.xeC.

Let x* be a solution of SFP (3.49), then x* is a solution of (3.50). Conversely, let x* be a
solution of (3.50) and f(x) := % lx — Po(Lx)||? = 0, then x* is a solution of SFP (3.49). Under
the assumption that the solution set of SEP (3.49) is nonempty, SFP (3.49) and constrained
convex minimization problem (3.50) are equivalent.

The function f(x) = %Hx — Pq(Lx)|1? is convex differentiable and the gradient operator
Vf(x) = L*(Lx — Po(Lx)) is L _inverse strongly monotone. Therefore, we obtain the fol-

L2
lowing theorem for solving SFP (3.49).

Theorem 3.7 Let H and G be real Hilbert spaces. Let L : H — G be a bounded linear
operator. Let C and Q be nonempty closed and convex subsets of H and G, respectively. We
denote by S2 the solution set of SFP (3.49) and assume that 2 # (). Let xo € H, and set

Yk = %k — Vel (L* (Lo — Po(Lxy)) + by),

h (3.51)
Xre1 = Xk + A (PEE () + ak — xx),
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where {Uy}, {vk}, (X x}), {ax}, and {bi} satisfy the same conditions as in Theorem 3.1 or The-
orem 3.2.
Then the following hold.:
(i) Forany x* € 2, limg_, ,0 |2k — ™ ”u,;l exists;

N 1 ut
(i) 1M oo 0k = Pc" (k= v UiL* (Lxx — Po(Lxx))) || = O;
(iii) {xx} converges weakly to a point in $2;
(iv) L*(Lxx — Po(Lxg)) — L*(Lx* — Po(Lx*)) as k — +oo, where x* € §2.

Remark 3.6 To the best of our knowledge, the proposed iterative algorithms (3.45), (3.48),
and (3.51) are the most general ones for solving variational inequality problem (3.41), con-
strained convex minimization problem (3.46), and split feasibility problem (3.49), respec-
tively. Most of the existing algorithms [7, 35, 39—41] are special cases of ours.

4 Numerical experiments
In this section, we apply the proposed iterative algorithm (3.39) to solve the famous
LASSO problem [42]. All the experiments are performed on a standard Lenovo Laptop
with Intel (R) Core (TM) i7-4712MQ 2.3 GHZ CPU and 4 GB RAM. We run the program
with MATLAB 2014a.

Let us recall the LASSO problem:

1
min ~ [|Ax - b]|3
xeR" (41)

st llxlh < ¢,

where A € R, b € R", and t > 0. Define C := {x|||x|; < ¢}, by using the indicator func-
tion, we see that (4.1) is equivalent to the following unconstrained optimization problem:

1
min 3 | Ax — b3 + 8c(x), (4.2)
X

which is a special case of the general optimization problem (1.5). Let f(x) = %||Ax - b3
and g(x) = 8c(x), then we can apply iterative algorithm (3.39) to solve (4.2). Notice that
the gradient of f(x) is Vf(x) = AT(Ax — b) and the Lipschitz constant of Vf is L := ||A||%.
Besides, the proximity operator of indicator function §c(x) is the orthogonal projection
onto the closed convex set C. Although it has no closed-form solution, it can be calculated
in a polynomial time.

In the tests, the true signal x € R” has k non-zero elements, which is generated from uni-
form distribution in the interval [-2,2]. The system matrix A € R"*" is generated from
standard Gaussian distribution. The observed signal b is given by b = Ax. In the experi-
ment, we set m = 240, n = 1024, and k = 40. The stopping criterion is defined as

[1%+1 = %k ll2

<eg, (4.3)
llocx 12

where ¢ > 0 is a small constant. We test the performance of the proposed iterative algo-
rithm with different choices of the step size yx and the relaxation parameter Ag. For sim-
plicity, we set them as constant during the iteration process. According to Corollary 3.4,
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Table 1 Numerical results for different choices of yx and Ay for solving the LASSO problem (4.1)

Vi Ak e=10"° e=10"%
[ter Err Obj Iter Err Obj

% 0.2 16,553 0.0246 0.0020 32,336 24764e-4 1.9778e-7
04 9457 00123 4.9063e-4 17,357 1.2383e-4 4.9432e-8
0.6 6765 0.0082 2.1851e-4 12,035 8.2498e-5 2.1935e-8
08 5319 0.0062 1.2296e-4 9272 6.1880e-5 1.233%¢-8
1 4408 0.0049 7.8535e-5 7570 4.9492e-5 7.8918e-9
12 3777 0.0041 5.4500e-5 6412 4.1228e-5 54756e-9
15 3123 0.0033 34835e-5 5231 3.2952e-5 3.4975e-9
1.75 2736 0.0028 2.5671e-5 4543 2.8267e-5 2.5735e-9

% 0.2 9455 00123 4.9106e-4 17,356 1.2381e-4 4.9417e-8
04 5319 0.0062 1.2280e-4 9271 6.1913e-5 1.2352e-8
06 3776 0.0041 5.4633e-5 6412 4.1206e-5 5.4698e-9
0.8 2955 0.0031 3.0621e-5 4931 3.0909e-5 3.0772e-9
1 2440 0.0025 1.9556e-5 4021 2.4670e-5 1.9601e-9
1.2 2085 0.0020 1.3549e-5 3402 2.0554e-5 1.3605e-9
15 1718 0.0016 8.6760e-6 2771 1.6469e-5 8.7329e-10

% 0.2 5550 0.0065 1.3624e-4 9711 6.5144e-5 1.3675e-8
04 3086 0.0032 34008e-5 5167 3.2508e-5 3.4038e-9
06 2178 0.0022 1.5100e-5 3565 2.1657e-5 1.5104e-9
0.8 1698 0.0016 8.4390e-6 2737 1.6253e-5 8.5059%-10
1 1398 0.0013 5.3842e-6 2229 1.2973e-5 54181e-10
1.05 1340 0.0012 4.8598e-6 2131 1.2350e-5 4.909%-10
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Figure 1 The objective function value against the number of iterations for the LASSO problem. (a) yx = ﬁ
) y=1,and (© y =12

we know that y; € (0, 2) and Az € (0, 4_§kL

). The obtained numerical results are listed in
Table 1, in which we report the number of iterations (“Iter”), the objective function value
(“Obj”), and the error between the recovered signal and the true signal (“Err”). We can see
from Table 1 that when the step size yy is fixed, a large relaxation parameter 1; leads to
a faster convergence. At the same time, the larger the step size, the faster the algorithm
converges.

In order to more visualize the effect of iterative parameters on the value of the function,
Fig. 1 shows the objective function value against the number of iterations. Further, we plot
the true signal and the recovered signal in Fig. 2 for the parameters of y = 2, 4, = 1.05and
the stopping criterion & = 1078, We can see from Fig. 2 that the true signal is successfully

reconstructed.
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Figure 2 The recovered sparse signal versus the true k-sparse signal

5 Conclusions

In this paper, we proposed a new convergence analysis of the variable metric forward—
backward splitting algorithm (1.7) with extended relaxation parameters. Based on the av-
eraged operator J,, 1, 4(I - yx Ui B) and the firmly nonexpansive /,, 11, 4 on the Hilbert spaces
H, gty we proved the weak convergence of this algorithm. Compared to existing work, we
imposed a slightly weak condition on the relaxation parameters to ensure the convergence
of the forward—backward splitting algorithm when using the variable metric and variable
step sizes. Our results complemented and extended the corresponding results of Com-
bettes and Yamada [8]. Furthermore, we obtained several general iterative algorithms for
solving the variational inequality problem, the constrained convex minimization prob-
lem, and the split feasibility problem, respectively. These results generalized and improved
the known results in the literature. Numerical experimental results on LASSO problem
showed that the step size yx and relaxation parameter A; had much impact on the con-
vergence speed of the proposed iterative algorithm. The larger the step size, the faster the
algorithm converged. The over-relaxation parameter Ax (Ax > 1) performed better than

the under-relaxation parameter Ay (Ax < 1).
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