Chapter 1
Introduction

In this book we study approximate solutions of common fixed point problems and
of convex feasibility problems in the presence of computational errors. A convex
feasibility problem is to find a point which belongs to the intersection of a given
finite family of subsets of a Hilbert space. This problem is a special case of a
common fixed point problem which is to find a common fixed point of a finite
family of nonlinear mappings in a Hilbert space. Our goal is to obtain a good
approximate solution of the problem in the presence of computational errors. We
show that the algorithm generates a good approximate solution, if the sequence of
computational errors is bounded from above by a constant. In this section we discuss
several algorithms which are studied in the book.

1.1 Common Fixed Point Problems in a Hilbert Space

In Chap.2 we study the convergence of dynamic string-averaging methods which
were introduced for solving a convex feasibility problem, when a given collection
of sets is divided into blocks and the algorithms operate in such a manner that all
the blocks are processed in parallel. Iterative methods for solving common fixed
point problems is a special case of dynamic string-averaging methods with only one
block. Iterative methods and dynamic string-averaging methods are important tools
for solving common fixed point problems in a Hilbert space [1, 3, 5-7, 10, 12, 13,
15, 16, 22, 23, 26, 27, 30-35, 3741, 43, 45-49, 52-54, 67, 74, 75, 84, 85, 89, 95].

Let (X, (-,-)) be a Hilbert space with an inner product (-,-) which induces a
complete norm | - ||

For each x € X and each nonempty set E C X put

d(x,E) = inf{||x—y|| : y € E}.
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2 1 Introduction

For every point x € X and every positive number r > 0 set
Blx,r) ={yeX: |x—y|=r.

Suppose that m is a natural number, ¢ € (0,1),P; : X — X,i = 1,...,m, for
every integeri € {1,...,m},

Fix(P)) :={z€X: Pi(z) =z} £ 0
and that the inequality
Iz = %[> = llz = Pix)|I* + ellx — Pi(o)|1?

holds for every integer i € {l1,...,m}, every point x € X, and every point z €
FIX(P,) Set
F = ﬂ:’;lFIX(Pl)

For every positive number € and every integer i € {1, ..., m} set

Fo(P)={xeX: [x—P(x)| <€},
Fo(P)) = F.(P) + B(0,¢),
Fe = r_W,r‘n=1Fs(Pi)

and
Fe = m,r";lﬁe(Pi)

A point belonging to the set F' is a solution of our common fixed point problem
while a point which belongs to the set F. is its e-approximate solution.

In Chap. 2 we obtain a good approximative solution of the common fixed point
problem applying a dynamic string-averaging method with variable strings and
weights which is described below.

By an index vector, we a mean a vector t = (t1,...,1,) such thats; € {1,...,m}
foralli=1,...,p.
For an index vector t = (t1, ..., 1,) set

p() =gq, Pt =P, ---Py.
It is not difficult to see that for each index vector ¢
P[f](x) = xforallx € F,
1P[] ) =PI = [lx = PlAG)] < llx =yl

for every point x € F and every pointy € X.
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Denote by M the collection of all pairs (§2, w), where 2 is a finite set of index

vectors and

w: §£2 — (0, 00) satisfies Zw(t) =1.
€

Let (£2,w) € M. Define

Pgoy(x) = ZW(I)P[I](x), x€X.

teR

It is easy to see that

Pg,(x) =xforallx € F,

1P2.w() = Pl = llx = Pe. < lx =l

for every point x € F and every point y € X.

The dynamic string-averaging method with variable strings and variable weights
can now be described by the following algorithm.

Initialization: select an arbitrary point xo € X.

Iterative step: given a current iteration vector x; pick a pair

(2441, Wit1) € M
and calculate the next iteration vector x;4; by
X1 = Py ().
Fix a number
Ae(0,mY]
and an integer
q=>m.
Denote by M the set of all (£2, w) € M such that

p(t) < q forallt € 2,
w(t) > Aforallt € 2.

Fix a natural number N.
In the studies of the common fixed point problem the goal is to find a point x € F.
In order to meet this goal we apply an algorithm generated by

{(2:, w)}2, C My
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such that for each natural number j,

+N—1
{1,...,m} C UZ’=j (U,E_Qi{ll,...,[p(,)}).

This algorithm generates, for any starting point xo € X, a sequence {x;}po, C X,
where

X1 = Py ().

According to the results known in the literature, this sequence should converge
to an element of F. In Chap.2, we study the behavior of the sequences generated
by {(£2;, w;)}{2, taking into account computational errors which always present in
practice. These computational errors are bounded from above by a small constant
depending only on our computer system which is denoted by §. This computational
error § presents in all calculations which we do using our computer system. For
example, if x € X and i € {1, ..., m} and we need to calculate P;(x), then using our
computer system we obtain a point y € X satisfying

ly =Pl < 8.

If k is a natural number, y; € X,i = 1,...,k, a; > 0,1 = 1,...,k satisfying
Zf;l a; = 1 and if need to calculate Zle @;y;, then by using our computer system
we obtain a point y € X satisfying

k
lly — Z%)ﬁ'“ <Jd.
i=1

Surely, in this situation one cannot expect that the sequence of iterates generated by
our algorithm converges to the set F. Our goal is to understand what approximate
solutions of the common fixed point problem can be obtained.

In Chap. 2 we prove Theorem 2.1, which shows that in the presence of computa-
tional errors bounded from above by a constant §, an e-approximate solution can be
obtained after n/ iterations of the algorithm. Note that € = ¢;6"/? andn = | 267,
where ¢; and ¢, are positive constants which do not depend on § and |u] denotes
the integer part of u.

1.2 Proximal Point Algorithm

Proximal point method is an important tool in solving optimization problems
[4,42,44,56,59,61,68,69, 78, 88]. It is also used for solving variational inequalities
with monotone operators [2, 8, 11, 17-21, 25, 57, 60, 62-64, 79, 82, 83, 91, 92]
which is an important topic of nonlinear analysis and optimization [9, 14, 28, 29,
36, 51, 55, 58, 65, 66, 80, 81, 86, 87, 90]. In Chap. 8 we study the convergence of
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an iterative proximal point method to a common zero of a finite family of maximal
monotone operators in a Hilbert space, under the presence of computational errors.
Most results known in the literature establish the convergence of proximal point
methods, when computational errors are summable. In Chap. 8, the convergence
of the method is proved for nonsummable computational errors. We show that the
proximal point method generates a good approximate solution, if the sequence of
computational errors is bounded from above by a constant. Moreover, for a known
computational error, we find out what an approximate solution can be obtained and
how many iterates one needs for this.

Let (X, (-,-)) be a Hilbert space equipped with an inner product (:,-) which
induces the norm || - ||.

A multifunction T : X — 2% is called a monotone operator if and only if

(z—=Z,w=w) >0 Vz,Z,ww eX

such that w € T(z) and w' € T(Z).
It is called maximal monotone if, in addition, the graph
{z,w)eXxX: weT()}

is not properly contained in the graph of any other monotone operator 7’ : X — 2%,
A fundamental problem consists in determining an element z such that 0 € T'(z). For
example, if T is the subdifferential df of a lower semicontinuous convex function
f : X — (—o0, 00], which is not identically infinity, then 7 is maximal monotone
(see [71, 73]), and the relation O € T'(z) means that z is a minimizer of f.

Let T : X — 2% be a maximal monotone operator. The proximal point algorithm
generates, for any given sequence of positive real numbers and any starting point
in the space, a sequence of points and the goal is to show the convergence of this
sequence. Note that in a general infinite-dimensional Hilbert space this convergence
is usually weak. The proximal algorithm for solving the inclusion 0 € T'(z) is based
on the fact established by Minty [70], who showed that, for each z € X and each
¢ > 0, there is a unique u € X such that

z€ (I + cT)(u),

where I : X — X is the identity operator (Ix = x for all x € X).
The operator

P.r:= (I + CT)_1

is therefore single-valued from all of X onto X (where c is any positive number). It
is also nonexpansive:

1Per(z) — Per (@) < |z —7|| forallz,7 € X
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and
P.7(z) = zif and only if 0 € T(z).

Following the terminology of Moreau [73] P.r is called the proximal mapping
associated with cT.

The proximal point algorithm generates, for any given sequence {ci}f2, of
positive real numbers and any starting point z° € X, a sequence {z* 12, C X, where

=P, (@), k=0,1,...
It is not difficult to see that the
graph(T) == {(x,w) e X x X : we T(x)}

is closed in the norm topology of X x X.
Set

F(T)={z€X: 0€T()}.

Usually algorithms considering in the literature generate sequences which
converge weakly to an element of F(7). In Chap.8, for a given € > 0, we are
interested to find a point x for which there is y € T'(x) such that ||y|| < €. This point
x is considered as an e-approximate solution.

For every point x € X and every nonempty set A C X define

d(x,A) ;= inf{|[x—y| : ye€A}.
For every point x € X and every positive number r put
Bx.r)={yeX: [x—yll =}

We denote by Card(A) the cardinality of the set A.

We apply the proximal point algorithm in order to obtain a good approximation
of a point which is a common zero of a finite family of maximal monotone operators
and a common fixed point of a finite family of quasi-nonexpansive operators.

Let £; be a finite set of maximal monotone operators T : X — 2% and £, be a
finite set of mappings T : X — X. We suppose that the set £; U £, is nonempty.
(Note that one of the sets £; or £, may be empty.)

Letc € (0,1]andletc = 1,if £, = @.

We suppose that

F(T) # @ forany T € L,
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and that for every mapping T € L,,
Fix(T) :={z€X: T(z) =z} # 0,
Iz =xI? = llz = T + ellx = TG |
for all x € X and all z € Fix(7T).
LetA > Oandlet A = coand A~! = 0, if £; = @. Let a natural number
[ > Card(L; U Ly).
Denote by R the set of all mappings
S:{0.1,2,...} > LyU{P.r: TE Ly, c€[L,00)}

such that the following properties hold:

(P1) for every nonnegative integer p and every mapping T € L, there exists an
integeri € {p,...,p + [ — 1} satisfying S(i) = T;

(P2) for every nonnegative integer p and every monotone operator 7' € L there
exist anintegeri € {p,...,p+[—1} and a number ¢ > A satisfying that S(i) = P, r.

Suppose that

F = (Nreg, F(T)) N (Nger,Fix(Q)) # 0.
Let € > 0. For every monotone operator T € L define
F(T)={xeX: T(x) NB(0,¢) # 0}
and for every mapping T € L, set
Fixe(T) ={xeX: |[T(x) —x| <e€}.
Define

Fs = (mTE.C]Fe(T)) n (mQGEZFiXE(Q))a
Fe = (Nrec,ix € X @ d(x, F(T)) < €})
N(Ngec,{ix € X ¢ d(x,Fixc(Q)) < €}).

We are interested to find solutions of the inclusion x € F. In order to meet
this goal we apply algorithms generated by mappings S € R. More precisely,
we associate with every mapping S € R the algorithm which generates, for every
starting point xy € X, a sequence of points {x;};2, C X such that

Xp+1 1= [S(k)](xk), k=0,1,....
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According to the results known in the literature, this sequence should converge
weakly to a point of the set F. In Chap. 8, we study the behavior of the sequences
generated by mappings § € R taking into account computational errors which
are always present in practice. Namely, in practice the algorithm associate with
a mapping S € R generates a sequence of points {x;};2, such that for every
nonnegative integer k the inequality

X1 = [SEN ()| < 6

holds with a positive constant § which depends only on our computer system.
Surely, in this situation one cannot expect that the sequence {x;};2, converges to
the set F. Our goal is to understand what subset of X attracts all sequences {x;}72,
generated by algorithms associated with mappings S € R. The main result of
Chap. 8 (Theorem 8.1) shows that this subset of X is the set I:} with some € > 0
depending on 4.

In this result § is the computational error made by our computer system, we
obtain a point of the set F, and in order to obtain this point we need no! iterations.
Note that € = ¢;8'/? and ny = [c267"], where ¢; and ¢, are positive constants
which do not depend on §.

1.3 Subgradient Projection Algorithms

In Chap. 10 we use subgradient projection algorithms for solving convex feasibility
problems. We show that almost all iterates, generated by a subgradient projection
algorithm in a Hilbert space, are approximate solutions. Moreover, we obtain an
estimate of the number of iterates which are not approximate solutions. In a finite-
dimensional case, we study the behavior of the subgradient projection algorithm in
the presence of computational errors. Provided computational errors are bounded,
we prove that our subgradient projection algorithm generates a good approximate
solution after a certain number of iterates.

Let (X, (-,-)) be a Hilbert space with an inner product (-, -), which induces a
complete norm || - ||. For each x € X and each nonempty set A C X put

d(x,A) ;= inf{|[x—y| : ye€A}.
For each x € X and each r > 0 set
Blx,r)={yeX: [x—y| =r}.

It is well known (see Fact 1.5 and Lemma 2.4 of [7]) that for each nonempty,
closed, and convex subset C of X and for each x € X, there is a unique point Pc(x) €
C satisfying

|lx = Pc)|| = d(x. C).
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Letf : X — R! be a continuous and convex function such that

xeX: f() <0} #0.

Let yo € X. Then the set

(o) :=={leX: f(y) =f(o) = (L.y — yo) forall y € X}

is the subdifferential of f at the point yo [72, 77]. It is not difficult to see that for any

L€ df (o),
xeX: f(Y) =0} CixeX: f(y)+ (Lx—yo) =0}

It is well known that the following lemma holds (see Lemma 7.3 of [7]).

Lemma 1.1. Letyy € X, f(yo) > 0, I € 9f (yo) and let
D:={xeX: f(yo) + (L.x—yo) = O}

Then I # 0 and Pp(yo) = yo — f (o) ||{]| 2L

Denote by N the set of all nonnegative integers. Let m be a natural number,
I=1{1,....m}and f, : X — R',i € I, be convex and continuous functions. For
eachi e [ set

Ci:={xeX: filx) <0},
C:=NierCi = Nierfx € X : fi(x) < 0}.

Suppose that
C#40.

A point x € C is called a solution of our feasibility problem. For a given € > 0,
a point x € X is called an e-approximate solution of the feasibility problem if
fi(x) < e foralli e I. We apply the subgradient projection method in order to obtain
a good approximative solution of the feasibility problem.

Consider a natural number p > m. Denote by S the set of all mappings S : NV — I
such that the following property holds:

(P1) For each integer N € N and eachi € I, thereisn € {N,...,N +p — 1}
such that S(n) = i.

We want to find approximate solutions of the inclusion x € C. In order to meet
this goal we apply algorithms generated by S € S.

For each x € X, each number € > 0 and each i € I set

Ai(x,e) == {x}if fi(x) <€
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and
Ai(x, €) = x — )73 : e ofi(x)}if fi(x) > €.

We associate with any S € S the algorithm which generates, for any starting point
Xo € X, a sequence {x,}°2, C X such that, for each integer n > 0,

Xn+1 € AS(n) (xm O)

It is not difficult to see that the sequence {x,}°2, is well defined, and that for each
integer n > 0, if fs,) (x,) > 0, then x,41 = Pp, (x,,), where

D, = {x €eX: f(xn) + (l,,,x _xn) = O} and /, € afS(n)(xn)~
In Chap. 10 we prove the following result which shows that, for the subgradient

projection method considered in the chapter, almost all iterates are good approxi-
mate solutions. Denote by Card(A) the cardinality of the set A.

Theorem 1.2. Let

b>0,¢e€(0,1], A>0, y €][0,¢],
c e B(0,b)NC,
Ifi(w) — fi(v)| < Allu—v||, u,v € B(0O,3b+ 1), i €1,

let a positive number € satisfy
€ < eA™!
and let a natural number ny satisfy
4pey*b* < ny.

Assume that

SeS, x € B(0,b),
and that for each integer n > 0,

X1 € Asy (X0, Y).
Then

lx.|l < 3b for all integers n > 0
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and
Card({N € N': max{||x,41 —x,|| : n=N,....N+p—1} > €}) < no.
Moreover, if an integer N > 0 satisfies
lXpe1 —Xull <€, n=N,....N+p—1,

then, for all integers n,m € {N,...,N + p}, ||x, — xull < peo and for all integers
n=N,...,N+pandeachi€l, fi(x,) <e(p+ 1).
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