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A New Modified Gradient-Projection Algorithm
for Solution of Constrained Convex
Minimization Problem in Hilbert Spaces

Cyril Dennis Enyi and Mukiawa Edwin Soh

Abstract— In this paper, we present a new iterative
scheme for finding a minimizer for a constrained convex
minimization problem. We will also prove that the sequence
generated by our new scheme converges strongly to a solution
of the constrained convex minimization problem in real Hilbert
spaces.

Index Terms —Average Mappings, Constrained Convex
Minimization problem, Fixed point, Gradient Projection
Algorithm, Nonexpansive mappings.

I.  INTRODUCTION

Let H be a real Hilbert space with inner product (-,-) and
norm ||.||-

Definition 1.1 Let C be a nonempty closed and convex
subset of a real Hilbert space H. A map T:C—H is said to be
nonexpansive if for all x,zeC we have

ITx = Tz|l < llx — zI|.

We denote the fixed point set of T by Fix(T).

Definition 1.2 For any x€H, we define the map
Pe:H - C
satisfying || x-Pcx || <||x-z| vzec.
P is called the metric projection of H onto C. it is well
known that P, is nonexpansive and

(x—=Pex,Pcx—2z)=20 VzEeC. )

Clearly, (1) is equivalent to
[lx —z||1? = |lx — Pcx||? + ||z — Pex||> Vx € Hand Vz € C

Furthermore, P.x is characterized by the property that
PcxeCand{(x —z,Pcx—P:z)=0 Vx€C. (2)

Definition 1.3 A mapping A of C into H is called

monotone if (Ax —Az,x —z)=>0 Vx,z€C,
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A is called g — strongly monotone if there exists g >0
suchthat (x —z,Ax—Az)=pBllx—z||*> Vx,z€C,
A is called a — inverse — strongly monotone if there
exists a > 0 such that
(x—2z,Ax—Az) > a||Ax — Az||*> Vx,z€C,
also A is L — Lipschitz — continuous if there exists
L > Osuchthatforall x,z € C ||Ax — Az|| < L||x — z||.
Definition 1.4 A mapping T:H - H
if 2T —1

is said to be
firmly nonexpansive iS nonexpansive, or
equivalently (x —z,Tx—Tz) > ||Tx —Tz||>V x,z € H.

Alternatively, T is firmly nonexpansive if T can be
expressed as T = %(1 +S), for some S:H->H

nonexpansive . As an example, the projection mappings are
firmly nonexpansive.

Definition 1.5 A mapping T: H — H is said to be an
averaged mapping if it can be written as the average of the
identity mapping I and a nonexpansive mappings; i.e.

T=0-a)l+as, 3
where 0€(0,1) and S:H—H is non expansive. More
precisely, when (3) holds, we say that T is a-averaged.

Therefore, firmly nonexpansive mappings (e.g. projections)
are %—averaged mappings.

The proposition below gives some properties of averaged
mappings.

Proposition 1.1 (Bryne [3], Combettes [5]) For given

operators S, T,V:H—H:

(@ If T=(1-o)S+aV for some a€0,1) and if S is
averaged and V is nonexpansive, then T is averaged.

(b) T is firmly nonexpansive if and only if the
complement [-T is nonexpansive.

() IfT=(1-a)S+aV for some a€(0,1) and if S is firmly

nonexpansive and V is nonexpansive, then T is averaged.
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(d) The composition of finitely many averaged
mappings is averaged. That is, if each of the mappings
{T;3)., is averaged, so is the composition T;T, -+ Ty. In
particular, if T; is «a, averaged and T, is a, averaged,
where a;,a, € (0,1), then the composition T, T, is a-
averaged, where a= o+ a,— a; a,.

The following are immediately noticeable: (i) If T is
nonexpansive, then I — T is monotone; (ii) the projection
mapping P, is a 1-ism. The inverse strongly monotone (also
known as co-coercive) operators have being widely used in
solving practical problems in diverse fields, e.g., the traffic
assignment problems; see, [1, 6] and the references therein.
The proposition

that follows gives some important

relationships between average mappings and inverse
strongly monotone operators.
Proposition 1.2 (Bryne [3], Combettes [5])

(@) T is nonexpansive if and only if the complement I-T
L1
IS —-ISm.
2
(b) If T is v-ism, then for y>0, yT is ;-ism.

(c) T is averaged if and only if the complement I-T is

T —ism for somet > % Indeed, for a€(0,1), T is
o-averaged if and only if I-T is %—ism.
Given the following constrained convex minimization
problem:
minimize {f (x): x € C}, (@)

where f:C—R is a real-valued convex function. The
minimization problem (4) is said to be consistent if it has a
solution. In what follows, we shall denote the solution set of
problem (4) by S. It is well known that if f is (Fréchet)
differentiable, then the gradient-projection method (i.e.,
GPM) generates a sequence {x,} by using the following
recursive formula:

Xp41 = Pc(xn - AVf(xn)), vn=>1, (5)

or in a more general form;

Xni1 = Pe(Xn — 2 Vf (x)), V= 1, (6)
where x, € C is an arbitrary initial guess in both (5) and (6),
A or A, are positive real numbers. It is known that if Vf is
a-strongly monotone and L-Lipschitzian with constants
a, L>0, then the operator

T = Pc(I = AVf) ()

is a contraction; thus the sequence {x,} in (5) converges in
norm to the unique minimizer of (4). More generally if the
sequence {A,,} is such that

0 <liminf A, < limsup 4, < i—‘zx (8)
then the sequence {x,} generated by (6) converges in norm
to the unique minimizer of (4). However in a situation where
the Vf fails to be strongly monotone, the operator T defined
by (7) would fail to be a contraction, consequently, the
sequence {x,,} generated by (6) may fail to converge in
norm. (see [12], Sect. 4). If Vf is Lipchitzian, then the
schemes (5) and (6) can still converge weakly under certain
assumptions.

The GPM for finding the approximate solutions of the
constrained convex minimization problem has been studied
by several authors; see, for example [9] and the references
therein. The convergence of the sequence generated by this
method depends largely on the behavior of the gradient of
the objective function. If the gradient fails to be strongly
monotone, then the sequence generated by the GPM may
fail to converge strongly. Recently alternative operator-
oriented approach to algorithm (6); namely an average
mapping approach; see, for example Xu [12]. Xu [12] also
presented two modifications of the gradient-projection
algorithms which are shown to be strongly convergent.

Very recently, based on Yamada hybrid steepest descent
method, Tian and Huang [10] proposed respectively the
following implicit and explicit iterative scheme:

x5 = Pe(l = $uhF)Ty, (%)
and

X = Pell = spptF)Ty,, ().
They proved that the sequence generated by their implicit
and explicit schemes converge strongly to a solution of the
constrained convex minimization problem, which also
solves a certain variational inequality problem.

Also, motivated by the work of Xu [12], Shehu et al [8]
proposed the following iterative scheme :

{ Yo = o+ (1= an)xy,
Xns1 = Pe(Yn = 2V (), n =1,

they proved that the sequence generated by their scheme

©)

converges strongly to a solution of the constrained convex
minimization problem, which also solves a certain

variational inequality problem (see [8] for details).

ISBN: 978-988-19253-5-0 WCE 2014

ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)



Proceedings of the World Congress on Engineering 2014 Vol II,
WCE 2014, July 2 - 4, 2014, London, U.K.

Motivated by the works of Xu [12], Tian and Huang [10]
and Shehu et al [8], we propose a new iterative scheme for
finding the approximate solution of a constrained convex
minimization problem and we proved that the sequence
generated by our scheme converges strongly to a solution of

the constrained minimization problem.

Il PRELIMINARIES
In the sequel, we shall also make use of the following
lemmas.

Lemma 2.1 Let H be a real Hilbert space. Then the
following inequality holds;

llx + ylIZ < lIxlI* + 2¢y,x + )
for all x,yeH.

Lemma 2.2 Let H be a real Hilbert space. Then the
following inequality holds;

IAx + (1 = Dyll* = Alx|I? + (1 = Dllyll?
—A(1 = Dllx = ylI?
for all x,yeH, 1€0,1].

Lemma 2.3 (Browder [2]) Let H be a real Hilbert
space,C a closed convex subset of H and 7:C—C a
nonexpansive mapping with a fixed point. Assume that a
sequence {x,,} in C is such that x,, = x weakly and
Xp — Tx, = y. Then x—Tx=y

Lemma 2.4 (Xu [11]) Let {a,} be a sequence of
nonnegative real numbers satisfying the following

api1 <1+ ap)a, + a0, +y, n=0
where

(i) {an} € [0,1], X5y ay = o0;
(i1) limsup o, < 0 (iii) ¥, = 0, Y71 Y < .

Then an—>() as n—oo.

We adopt the following notions :

*X X means that X X strongly;
*X~X means that X=X weakly;

W, (x,) = {x: 3 X, = x} is the weak w-limit set of the

sequence {x, }n=1

Il MAIN RESULTS
In this section we present a modify of the gradient
projection method and prove its strong convergence. Our

result in this section complements the result of Xu [12].
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Furthermore, using the technique in [7, 12], we obtain the
following theorem.

Theorem 3.1 Let C be a non empty, closed and convex
subset of a real Hilbert space H. Suppose that the
minimization problem (4) is consistent and let S denote its
solution set. Assume that the gradient If is L-Lipschitzian
with constant L>0. For any given ueC, let the sequence
{x,,} be generated iteratively by, x, € C,

Xns1 = (1= Bp)Xn + PoPc(xn = 2,Vf (1))
tan (U — xp) (10)

where {a,} c[0,1] and {A,} in (O,L/2) satisfying the
following conditions:

(Ch) limp ooy =0,

(C) Xi-ian,

(Cy) 0 < liminf A, <limsup 1, < 2/L
Then the sequence {x,,} converges strongly to a minimizer x
of (4), which is closest to u from the solution set S. In other
words x = Psu.

Proof. Inspired by the method of proof of [8], it is well
known that:

(@) x™ € C solves the minimization problem (4) if and only
if x* solves the fixed point equation

x* =PI —AVf) x*
where A > 0 is any fixed positive number. For the sake of

simplicity, we assume that (due to condition C,)
0<a<i,<b<z, nx1,

where a and b are constants.

(b) The gradient V£ is % —ism.

() Pc(I—2AVf)is # —average for 0 < 1 < % Hence we

have that, for each n, P.(I —AVf) is 2J;i—average.

Therefore we can write
2+ 0,L 2—A,L

Pc(I—AVf) = I T,
C( f) 4 + 4 n
=1 = Bl + BnTy, (11)
where T, is nonexpansive and §,, = 2+:”L € [a,, b;] where
a; = 2% and b, = 2:“ <1

4

Then we can write (10) as
Xps1 = (1= Bp)xn + Bul(1 — Br)xn + BnTnxnl
tan (U — xp,) (12)
Let P € S, observing that T,p = p, we have
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lxns1 =PIl = 11 = an = B + (1 = Bo)Bn + BaTnXn
+ a,u —pll
=11 — @) (xy —p) = BrCxn — ) +
Bi(Toxn — p) + ay(u — )|
< (1= ay = BD)llxy — pll + BElITox, — P
+anllu —pll
< (A = apllxy —pll + anllu —pli
< max{llx, —pll, llu—pll}-
Therefore, by induction, we have
I, = pll < max{llxc, —pll, lu—pll}, vn>1.
Hence the sequence {x,} is bounded and so {T, x,}.
Now we have the following:
(1 —an —Bn)
+ Bul(X = By + BuToxn] +12
Gen = ) = B (xn — Txn)

+an (U — x,)|1.

41 = pII?

(13)

We can observe that;

ITox = plI* < llxn, —plI?

= (Tyx —p,Tyx — p)
S{(x—p,x—Tyx)+{(x—p,Tyx —p)

= (Tpx —p, Tpx —x) < (x —p,x — Tpx)

2 (Tx —x,Tpx —x) + (x — p, Tyx — x)
<{(x—p,x—Tyx),

which implies that

ITox — plI* < 2(x — p,x — Tx).
Using Lemma (2.1), (13) and (14) we obtain that

(14)

xne1 — 2l = 1Cen — p) — BR (Xn — Tnxn)
+ an(u — x|l
< ley = plI? + Ballay — Toxall?
Bl Taxn — a1 — 20 — p, B (2 — Txp))
+2(an (U = xn), Xp41 — D)
< lxy = plI2 + Brllxy — Txu lI?
—BallToxn — 2, lI” — 2an(xn — U, Xn4y — P)
= |l2n41 — PII? + B (Br — Dllxn — Tpxall?
—2an(Xp — U, Xp41 = P)-
Hence,
Br(Bx — Dllxy — Tuxnll* < llxn — plI? = llxnes — plI?
—2an{xn — U, Xp41 —p).  (15)
Since {x,} is bounded, then there exists a constant
M = 0suchthat —2(x, —u, x4 —p) <M, Vn=>1.
Therefore (15) gives

lxns1 = PII? = Ity = pII* + B (B — Dllxn — Tuxnll®
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(16)

The rest of the proof will be done considering 2 cases.

< Ma,.

Case 1: Assume that the sequence {||x, — x*||} is a
monotonically decreasing sequence. Then {||x, — x*|[}
converges.

Clearly, we have that
xne1 — %7117 = llxp — x*[I* = 0.

Now by (16) we obtain that

limyosco B 1% — T lI? = 0.

Using the condition that 8, € [a, b] < (0,1), we have
limp,_,ool|xn — TXpll = 0. 17)

Now we show that W, (x;,,) € S.

Let x* € W, (x,) and {3 be a subsequence of {x,} such

that Xn; —x*. We may assume that Anj - A; then

0<A<%. We set T:= P.(I—-AVf), hence T is

nonexpansive.

From (17), we have
”xnz‘ - Tx"/‘” = ”x”f - Tnix"f” + ”Tnix”j - Tx”j”
=[x, = T, || + || P, —
A, VF Gin)) = P Cony = AVf G

”x"j - T“J'x“f” + |’1"j - ’1| ”Vf(x"j)”

IA

IA

||xnj - Tn].xnj” + |}Lnj - /1| M; - 0,n; - 0.
Therefore, by Lemma (2.3) we have that
W, (x,) c F(T) =S.

We next prove that the sequence {x,,} converges strongly
to x € S, where x is the solution of (4), which is the closest
to u from the solution set S.

Firstly, we show that limsup,_.{(x, —x,u—x) <0.
Observe that there exists a subsequence {xnj} of {x,}
satisfying

limsup, .o (X, — X, u — X) = limsup;_,o, (xnj —X,Uu— X).

Since {Xn,-} is bounded, there exists a subsequence {xn]._} of

{xnj} such that x, —p€F(T)=S, without loss of

generality, we assume that Xp; =D € F(T)=S.

Then we obtain

limsupy,,oo{xy — X, u — X) = limsupj_,o, (xn]. —X,u— X)
=(p—xu—x)<0. (18)

Now, we have
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ltpe1 = %1% = (1 — an = B)xn + Bul(1 — Br)xn
+BnToxn] + anu — X||?
(A = @) (xn — %) + oy (u — X)
—PBn (ot — Tox)II?

(1 - an)”xn - fllz + 2“n<u — X, Xn+1 — JE)

IA

_zﬂ‘rzl(xn - Tnxn' Xn+1 — f)

= (1 - an)”xn - JZ”2 + zan(u — X, Xn41 — f)

—2anfi(xn = TuXn, Xns1 — %) (19)
It is clear that lim,,_,o, B2 (¥n — TXp, Xp4q — £) = 0.
Therefore, by Lemma (2.4) applied to (19),
we obtain that lim,,_,||x, — || = 0.
Case 2: Assume that {|lx, —x*||} is not a

monotonocally decreasing sequence. Set
L, = {|lx, — x*||}? and let z : N — N be a mapping for all
n 2 ng (for some No large enough )
By t(n)=max{k e N:k <n, [}, < Tp4q}}
Clearly, T is anon-decreasing sequence such that
t(n) »wasn—->ooand Iy < Lpys forn >ng.
From (17) we can see that
By (1 = Bl ety = Temy e[| < 2€eyM > 0
as n — oo. Further more ,we have that
[ty — Tr(n)xr(n)”2 —0asn - .
Using similar argument as in case 1, we can show that
X7(n) CONverges weakly to £ as 7(n) — oo and
limg ()00 SUP(U — X, X7() — X) < 0. We know that for all
n2np,0 < [[xe(uyar = J2”2 = [lxey = J5”2
< @p[2(u — & %oy — %) — 287, ATemyXem) —
Ko Xe(myen Xyt — 2 = |ecy = |1
which implies that
[[2ny = J?”2 < 2(u— X Xy(y41 — X)
=22 ATrm)Xen) = Xe)Xe()+1s Xemy+1 — X)-
Therefore, we conclude that lim,,_e||%.y — %|| = 0
Hence, lim,_,o ;) = Iry+1 = 0.
Furthermore, for n >n,, one could observe easily that
Ly < Lyt if n#t(n), that is n > 1(n), because
I[ <Ly fort(n)+1<j<n.
As a consequence, we obtain for all n > n,,

0 < max{Lity, Gmyer } = Ty -
Thus lim,,_, I;y = 0. that is {x,,} converges strongly to

%. This completes the proof.
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Corollary 3.2 Let C be a nonempty, closed and convex
subset of a real Hilbert space H. Suppose that the minimization
problem (5) is consistent, and let S denote its solution set.
Assume that the gradient Vf is L —Lipschitzian with constant
L > 0. For any given u € C, let the sequence {x, } be generated
iteratively by x; € C,

Xns1 = (1= B)xn + ByuPe(xn — AVf (x))
+ay (u = xp), (20)
where A € (0,L/2) and {a,} c [0,1] satisfies the following
conditions:
(C)limy,a, =0
() DXy sy
Then the sequence {x,} converges strongly to a minimizer x of
(4).
IV APPLICATION
We give an application of Theorem 3.1 this section. We
apply Theorem 3.1 to the split feasibility problem (denoted
as SPF), which was introduced by Censor and Elfving [4].
SFP has received considerable attention of many authors
because of its applications in image reconstruction, signal
processing and intensity-modulation therapy (see [3, 8, 10]
and the references therein).
SFP can be mathematically formulated as a problem of
finding a point x with the property that
x € Cand Bx € Q, (21)
Where Q and C are nonempty, closed and convex subset of
Hilbert spaces H, and H, respectively and B: H; —» H, isa
bounded linear operator.
Clearly, x* is a solution of SFP (21) if and only if x* € C
and Bx* — PyBx™ = 0.
The proximity function f is defined by
f() = 1lIBx — PoBxll? (22)

and consider the constrained convex minimization problem
1 * *
. —_ . 2
mingec f(¥) = mingec 5 [Bx = PoBx ||

(23)

Then x* solves the minimization problem (24). In [3] CQ

algorithm was introduced to solve SFP.
xn41=Pc(I-2B ' (I-PQ)B)xn, n =mny,  (24)

where 0 < 12

T It was proved that the sequence generated

by (25) converges weekly to a solution of the SFP.

Now we introduce the following algorithm to obtain a
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strong convergence iterative sequence to solve the SFP. Let
u € C be given and the sequence {x,} be generated by
x; €C,
Xne1 = (1= Bn)xn
+BnPc(I — n(B*(I - PQ)B + yI))x,
+a,(u—x,),n=1 (25)
where {an} < [0,1],y > 0and {An}in (0,2/L)
satisfy the following conditions:
(CDlim,,,, a,, = 0.
(C2) Zn=1an = .
(C57) 0 < liminf 4, < limsupl, < ﬁ.
Applying Theorem 3.1, we obtain the following
convergence result for solving the SFP (21).
Theorem 4.2 Assume that the split feasibility
problem (SFP) (21) is consistent. Let the sequence

{x,} be generated by (26), where the sequence
{a,} c[0,1] and {4,} in (0%) satisfy conditions
(C; — C3). Then the sequence {x,,} converges strongly
to a solution of the split feasibility problem (21).
Proof From the definition of the proximity
function f, we have
Vf (x) = B*(I — Py)Bx (26)
and Vf is Lipchitz continuous, i.e.,
IVf () = VIl < Lilx = yll (27)
where L = ||B]|%.
Set f,(x) = f(x) + LlIxlI*.
Consequently,
V() =Vf(x) +yx
=B*(I — Py)Bx +yx
and Vf, is Lipchitzian with Lipchitz constant I1BII? +
y. Therefore the iterative scheme (25) is equivalent to
Xnar = (1= Bu)Xn + BuPe (%o — AVF, ()
+a,(u —xy), (28)
where {a,} € [0,1],y > 0 and {1,} in (OLE) satisfy the
following conditions:
(C1lim, e, @, =0
(C2) Xpqan =
(C3") 0 < liminf 4, < limsupl, < m
Where L* = ||B||? + ¥

The conclusion follows from Theorem 3.1.
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