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Preface

Convex analysis plays an increasingly important role in different areas of math-
ematics and its applications, especially in optimization. One of its main tools is
represented by the conjugate functions that, employed in the duality theory, gave
birth to the conjugate duality and, in a larger sense, to convex duality.

The importance of the duality approach in the optimization theory comes mainly
from the facts that it provides a lower bound for the objective values of a given
minimization problem and, on the other hand, it leads to necessary and sufficient
optimality conditions. These can be used for determining the optimal solutions
of the primal problem, for instance by employing them in generating different
algorithmic approaches for solving optimization problems.

The step from scalar to vector optimization problems can be made, from the
point of view of duality, in several ways, depending on the desired outcomes. In this
book, several duality approaches for vector optimization problems are investigated
and, to some extent, compared. Moreover, we deal with different solution concepts
for vector optimization problems, too.

One can generalize the framework even further, for instance by considering
set-valued multifunctions. Among the problems where they appear, an increasing
interest is attracted by the ones involving monotone operators, especially since
new methods for approaching them by means of convex analysis were developed.
Following this path, we provide in the book several results concerning different
properties of the monotone operators, too.

This book started as the habilitation thesis of the author [107], where he collected
the majority of his contributions to the fields of vector optimization and monotone
operators during the last decade, most of them obtained by means of duality
theory for convex optimization problems. Several results, remarks, comments and
explanations were added to the original thesis version in order to make the book
more complete and reader-friendly.

The book is structured into seven chapters. The first one is dedicated to an
introduction and to several necessary preliminaries meant to make this work as
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viii Preface

self-contained as possible. In the second chapter, we deal with scalar optimization
problems. After assigning conjugate dual problems to them, we characterize their
stable e-duality gap via inclusions involving epigraphs and subdifferentials, respec-
tively. These characterizations are further used to rediscover, in case ¢ = 0 and when
the involved functions are endowed with convexity and topological properties, some
recent closedness type regularity conditions from the literature and the formulae
they guarantee.

Within the third chapter, different minimality concepts for sets are considered and
investigated. Moreover, the corresponding minimality sets are compared. Several
of these minimality concepts are presented in more general frameworks than
considered so far in the literature and it is shown that some of their properties remain
valid in the new setting, too, in some cases under additional weak hypotheses. These
minimality notions lead to solution concepts for vector optimization problems, the
so-called efficiency concepts.

A vector duality approach via a general scalarization for vector optimization
problems is introduced in the fourth chapter. Different scalarization functions
considered in the literature are then employed as special cases of the general scalar-
ization, leading to various vector dual problems for a general vector optimization
problem. The latter contains as special cases the classes of both constrained and
unconstrained vector optimization problems and vector duals and corresponding
duality statements are derived in each case.

Extending the classical Wolfe and Mond-Weir duality concepts for both scalar
and vector general nondifferentiable optimization problems is the aim of the fifth
chapter. Considered so far in the literature mainly for optimization problems
involving differentiable functions, both these duality concepts lead to dual problems
that contain the corresponding optimality conditions as constraints.

In the sixth chapter, new vector dual problems are assigned to the classical
linear vector optimization problem in finitely dimensional spaces with respect to
both efficient and weakly efficient solutions and then they are extended to infinitely
dimensional spaces, too. It is shown that these new vector duals encounter no trouble
in some special cases where some of their older counterparts from the literature
failed to achieve strong duality. Comparisons between the known vector duals and
the new ones are delivered, too. Moreover, we propose a new vector dual problem
to a semidefinite vector optimization problems, too.

The last chapter presents results involving monotone operators obtained mainly
by means of convex analysis, via conjugate functions and duality formulae. First we
deal with Brézis-Haraux type approximations for the range of a sum of monotone
operators, then we provide characterizations involving representative functions for
the surjectivity of a sum of monotone operators, from which closedness type regu-
larity conditions for various interesting special cases can be derived. We also show
how approaching the maximal monotonicity of the bifunctions via representative
functions leads to generalizing known results and to positively answering to some
recently posed conjectures.

I would like to express my thanks to Gert Wanka for his continuous support
and for giving me the opportunity first to study and then to do my research at



Preface ix

Chemnitz University of Technology. I am very grateful to my mentor and friend
Radu Ioan Bot for his guidance and many useful discussions during all the years
of working together and for his advices regarding this book. I would also like
to thank Ernd Robert Csetnek for his valuable comments concerning some of
the results presented here and for carefully reading a preliminary version of the
manuscript. Thanks are also due to the former and current members of the research
group Approximation Theory within the Faculty of Mathematics of the Chemnitz
University of Technology for discussions and remarks regarding different parts of
this book and for contributing to the friendly and inspiring working atmosphere we
all enjoyed and benefited from. I am grateful to my coauthors and to the anonymous
reviewers of the papers integrated within this book who contributed with comments
and remarks to their improvement, as well as to the fellow mathematicians for the
valuable feed-back provided at different conferences where I presented parts of this
manuscript. The financial support from DFG (German Research Foundation) via
projects WA 922/1-3 and WA 922/8-1 that made possible some of the research
presented in this book is thankfully acknowledged, too. Last but not least, I am
grateful to my family and especially to my better half Carmen for unconditioned
love, patience and support.
For updates and errata the reader is referred to the author’s website

http://www.tu-chemnitz.de/~gsor

Chemnitz, Germany Sorin-Mihai Grad
May 2014
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Chapter 1
Introduction and Preliminaries

1.1 Introduction

In this book we present some recent advances on duality for vector optimization
problems and on monotone operators obtained by means of conjugate duality and
other methods of the convex analysis. This is not intended to be a systematic
presentation of the state-of-the-art in these fields, but an extended collection of the
results obtained by the author in these research areas by making use of tools like
conjugate functions, duality and convexity. His more than a decade long interest in
vector optimization was materialized so far in the papers [31,32,34,37,51, 108—
110,201]. Moreover, he is the coauthor of the book [48], where the state-of-the-art
on duality for vector optimization at the moment was presented. On the other
hand, his research results on monotone operators and related topics can be found
in [30,33,35,40,42,44].

Some of the results on duality for vector optimization problems gathered in this
book have arisen from investigations begun while preparing [48] and, in a way, the
part dedicated to vector optimization of this work can be seen as a continuation
and development of the mentioned book into several research directions, presented
there only in a limited manner. Unless otherwise specified, the content of this
book, excepting most of the preliminaries, is represented by the contributions of the
author (together with his co-authors) to the research fields of vector optimization
and monotone operators. Besides this introductory part, the work contains six
other chapters, each of them evolving around a main theme and beginning with
a short overview on the available literature together with the motivations behind the
investigations that follow.

Chapter 2. This chapter is dedicated to scalar optimization problems, more
precisely to characterizing via epigraph and subdifferential inclusions the situation
of e-duality gap, i.e. when the difference between the optimal objective value of
a primal minimization problem and the one of its dual problem is less than &. We

© Springer International Publishing Switzerland 2015 1
S.-M. Grad, Vector Optimization and Monotone Operators via Convex Duality,
Vector Optimization, DOI 10.1007/978-3-319-08900-3__1



2 1 Introduction and Preliminaries

deliver such characterizations in the most general framework, when the involved
functions are taken only proper. Endowing them with convexity and topological
properties, we obtain other useful equivalences, from which one can derive when
& = 0 closedness type regularity conditions, useful for strong duality or different
conjugate formulae. After presenting these investigations for general optimization
problems, we deal with both constrained and unconstrained optimization problems,
showing how the mentioned results can be specialized for them, too. This chapter is
based on the author’s contributions [13, 14,28, 45], moreover ideas and techniques
from [46,47,49,50] being also involved.

Chapter 3. In the beginning of the third chapter different proper minimality
concepts for sets regarding the partial ordering induced by a convex cone that is
not necessarily pointed are introduced and analyzed. Inclusion relations between
the proper minimality sets of a given set in various senses are provided, too.
Then the ordering cone is taken to be pointed and weak conditions that guarantee
characterizations via linear scalarization of some of the considered proper min-
imality notions are delivered. On the other hand, we consider properly minimal
elements of a set defined by means of a general scalarization function, too. Then the
concept of weak minimality is extended to the case where the ordering cone has a
nonempty quasi interior, showing that some properties, including the ones regarding
the linear scalarization, of the classical weakly minimal points with respect to
a cone with nonempty interior are inherited. Similar investigations are made for
relatively minimal elements, that are defined with respect to ordering cones that
have a nonempty quasi-relative interior. This chapter is based on the author’s articles
[109, 110], containing also several previously unpublished results.

Chapter 4. Given a general vector optimization problem, the properly minimal
elements in the sense of a general scalarization of its image set lead to corresponding
properly efficient solutions. Depending on the monotonicity properties of the
scalarization function we differentiate between two classes of such properly efficient
solutions. With respect to them several vector dual problems are attached to the
primal vector optimization problem. We investigate these vector dual problems and
we deliver weak and strong duality statements concerning them and the vector
primal problem, as well as the corresponding necessary and sufficient optimality
conditions. Several scalarization functions considered in the literature are employed
in our general scheme, leading to different vector duals to the original general
vector optimization problem. Afterwards we particularize the primal problem to be
first constrained, then unconstrained, and vector duals are derived from the general
scheme in each case. This chapter is based on the author’s pieces [31,37], together
with some previously unpublished statements.

Chapter 5. This chapter presents detailed investigations on Wolfe and Mond-Weir
type duality for both scalar and vector convex nonsmooth optimization problems.
Both these duality concepts were considered in the literature mainly for constrained
optimization problems involving differentiable (generalized) convex functions. We
propose a duality approach via perturbations for a general scalar optimization
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problem which leads in the particular case of a primal constrained differentiable
optimization problem to the classical Wolfe and Mond-Weir duals of the latter,
respectively. By employing different perturbation functions, we deliver several
Wolfe and Mond-Weir type dual problems to both constrained and unconstrained
optimization problems. Moreover, we show that our duality approach is open
towards optimization problems involving generalized convex functions, too. The
approach is then extended to vector optimization problems by following two
directions. Some of the Wolfe and Mond-Weir type vector dual problems of classical
type to a general vector optimization problem turn out to rediscover in case of a
constrained differentiable primal their counterparts from the literature. On the other
hand, by making use of an idea of constructing vector dual problems considered
mainly in convex vector optimization, we propose other Wolfe and Mond-Weir type
vector dual problems. These alternative vector duals have larger image sets than
their classical counterparts and we investigate some connections between these two
classes of Wolfe and Mond-Weir type vector dual problems. Several examples are
provided in order to show that some of the obtained inclusions can be sometimes
strictly fulfilled and to prove that the Wolfe type duals attached to a constrained
optimization problem via different perturbation functions act quite differently than
their conjugate or Mond-Weir type counterparts. This chapter is based on the
author’s papers [29, 32, 108], employing moreover results and ideas from [39,41].

Chapter 6. In the sixth chapter we deal with two important particular vector
optimization problems, namely linear and semidefinite ones. We begin by revisiting
the vector duality for the classical linear vector optimization problem in finitely
dimensional spaces. We propose a new vector dual to it, for which weak, strong
and converse duality are proven, comparing it moreover with its counterparts from
the literature. Then we extend our investigations to infinitely dimensional spaces,
showing that the vector dual we proposed can be generalized to that framework,
too, maintaining most of its properties. Other vector duals, like the ones of Wolfe
and Mond-Weir type from Chap. 5, are considered in this setting, too. Moreover, we
deal with the mentioned linear vector optimization problems with respect to weakly
efficient solutions, too. Last but not least, we propose a similar duality approach for
a vector optimization problem consisting in vector minimizing with respect to the
corresponding semidefinite cone a matrix function subject to semidefinite inequality
constraints. This chapter is based on the author’s works [34,51], including moreover
some previously unpublished material.

Chapter 7. Within the last chapter of this book there are presented some recent
results involving monotone operators that are obtained mainly by techniques and
tools belonging to convex analysis. After some preliminaries on monotone operators
and their approach by means of convex analysis, we deliver Brézis-Haraux type
approximations for the range of the sum of a monotone operator with another one
composed with a linear mapping. We note the differences between what happens in
general Banach spaces and how these results are modified when the involved spaces
are moreover reflexive. Among the special cases of our main result we provide
corrections and generalizations of earlier results from the literature. Afterwards
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we characterize via closedness type conditions involving representative functions
the surjectivity of the sum of two maximally monotone operators. From them
we derive regularity conditions for different results concerning ranges of sums of
both general and particular maximally monotone operators, that are shown to be
weaker than their counterparts from the literature. Last but not least, we introduce
a way of approaching the maximal monotonicity of bifunctions via representative
functions that allowed us to extend from reflexive to general Banach spaces different
recent results from the literature and, moreover, to provide affirmative answers to
some recently posed conjectures. This chapter is based on the author’s publications
[30,33,35,38,40,42,44].

1.2 Preliminaries

In order to make the book as self-contained as possible, some preliminary notions
and results are needed. Most of them belong to the folklore of convex analysis or
optimization and literature sources are indicated only for the not so widely known
ones. The presentation is based on books like [21,48, 127, 128, 140, 178,221] and
some of the references therein, unless otherwise specified.

1.2.1 Sets

Within this work we shall work with both finitely and infinitely dimensional real
topological vector spaces. For a positive integer k € N, by R* we denote the k
dimensional real Euclidean space. All the vectors in R are column vectors, an
upper index “T” being used to transpose them into row vectors. By R’i we denote
the nonnegative orthant in R¥, while R¥ is the corresponding nonpositive orthant.
Moreover, we denote ¢ = (1,...,1)T € R¥. The space of all k x n real matrices
is denoted by R**” | while the subspace of k x k symmetric matrices is denoted by
% The set of the symmetric positive semidefinite k x k matrices is yfﬁ and its
interior, the set of the symmetric positive definite k& x k matrices is % jf The entries
of a matrix A € R*** will be denoted by A4, i, j = 1,...,k, while its trace by
Tr A and its transpose by A'.

If X is a Hausdorff locally convex space, its topological dual space is denoted
by X*, while X**, the bidual space of X, is the dual of the latter. When X is a
normed space, we denote its norm by || - ||, its dual norm, i.e. the norm of its dual
space, by || - ||« and one can identify X with its image under its canonical injection
into a subspace of X **. The space X* can be endowed with different topologies,
for instance the weak™ one, denoted by w(X™*, X'), that will be considered for all the
dual spaces everywhere in this book except for Chap. 7, where also topologies that
do not necessarily rended X as dual space to X * are considered. Note that in Chap. 7
whenever the topology of X™* is not mentioned the strong one is understood. The
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natural topology on R is denoted by Z. By (x*, x) = x*(x) we denote the value
at x € X of the linear continuous functional x* € X*. Consider also the coupling
functionc : X x X* — R = RU{%o00}, c(x, x*) = (x*, x) for (x,x*) € X x X*.

A cone K C X is a nonempty subset of X which fulfills «K € K for all
a > 0 and it is said to be nontrivial if it does not coincide with either {0} or X.
A convex cone K C X induces on X the partial ordering “=g” defined by x =g
y & y—x € K when x,y € X. Moreover, if x =g y and x # y we wrlte
X <g y.When K = Rk these cone inequality notations are simplified to “=” and
“<”, respectively, whlle if X = %% and K = Yk they become “=, ” and “=<”,
respectlvely To X can be then attached a greatest element ook withrespect to “=g”
which does not belong to X and let be X* = X U {oog}. Then for any x € X one
has x <g ook and we consider on X * the operations x + cog = cog + X = 0ok
forall x € X and o - cog = ook for all @ > 0. The dual cone of K is K* =
{x* € X*: (x*,x) > 0Vx € K}. The dual cone of K* is the bidual cone of K,
being denoted by K**, and it coincides with K when the latter is convex and closed
and the topology considered on X* renders X as its dual space. By convention,
(x*, 00k) = +oo forall x* € K*. The linearity space of a convex cone K C X is
{(K) = KN (—K). When £(K) = {0} K is said to be pointed.

Given a subset U of X, byclU, intU, coreU, linU, affU, coU, coU, cone U,
coneco U, bd U and dim U we denote its closure, interior, algebraic interior (core),
linear hull, affine hull, convex hull, closed convex hull, conical hull, convex conical
hull, boundary and dimension, respectively. Moreover, if U is convex, by

sqrilU = {x € U : cone(U — x) is a closed linear subspace}
we denote its strong quasi-relative interior,
qrilU = {x € U : clcone(U — x) is a linear subspace of X}
is its quasi-relative interior, while the quasi interior of U is the set
qiU = {x € U :clcone(U — x) = X}.

In case U C R¥, riU denotes the relative interior of U. The indicator function
of the set U is 8y : X — R, defined as §y(x) = 0 if x € U and 8y(x) =
+00 otherwise, while its support function oy : X* — R is given by oy (x*) =
sup,ey {x*, x). The polar set of U C X is U° = {x* € X* : oy (x*) < 1}. Note
that when U C X is a closed convex cone it holds U° = —U*. When U C X and
x* e X* the set Fy(x*) = {x € U : (x*,x) = oy(x™)} is said to be the face of
U exposed by x*.

If X is partially ordered by the convex cone K € X, Y is a topological vector
space and V C Y, the vector indicator function of V is 8}, : ¥ — X°*, which
fulfills §},(y) = 0if y € V and 8}, (y) = ook otherwise. We use also the projection
function Pry : X x Y — X, defined by Pry(x,y) = x for (x,y) € X x Y, the
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identity function id : X — X, id(x) = x for x € X and, for n € N, the notation
Axn = {(x,...,x) : x € X} € X". The (orthogonal) projection onto U C X is
the operator Py : X — U. The normal cone associated to the set U at x € U 1is

Ny(x) ={x* e X*: (x*,y—x) <0Vy e U}
and, for € > 0, the e-normal set associated to U at x € U is
Ni(x)={x*e X*: (x*,y—x)<—eVyeU}.

If U C R¥ is a convex set, its recession cone is 0YU = {x e R* : U + x C U}.
A subset of R¥ is said to be polyhedral if it can be expressed as the intersection of
some finite collection of closed half-spaces.

To anonempty set U C X one can attach the Bouligand tangent cone at x € clU,
that is

Ty(x) := {y € X :3(x;);>1 € U and (A;);>1 > 0 such that

lim x; =xand lim A;(x; —x) = y}.
[—>+o0 [—>400

Note that Ty (x) is always a cone and Ty(x) < clcone(U — x). When U is
convex, it holds cone(U — x) € Ty (x), which yields in this case that cl Ty (x) =
clcone(U — x). If X is metrizable, then Ty (x) is closed and, thus, if U is convex
one has Ty(x) = clcone(U — x), which has as a consequence the convexity of
Ty (x),forall x € clU.

In vector optimization it is used also the quasi interior of the dual cone (also
called strong dual cone) of the convex cone K C X, K*O = {x* € K* : (x*,x) >
0 Vx € K\ {0}}. As shown in [48, Proposition 2.1.1], in general it holds gqi K* C
K*°, which turns into equality when K is also closed. Note that K** # @ yields,
as shown in [140, Lemma 1.27], that the convex cone K is pointed. If U € X is
a convex set, one has (cf. [20]) intU < coreU C qiU C qriU and when one of
the sets in this chain of inclusions is nonempty, it coincides with all its mentioned
supersets (cf. [20,221]). For qi K # @ we write x <g y if y —x € qi K, extending
the notation usually considered in the literature for the case int K # @, while when
qri K # @ we write x <’y y if y—x € qri K. Forall x € X itholds gri{x} = {x}.In
case U C R¥, wehavethatqiU = coreU = intU andqriU =sqriU =1iU.Ina
separable Banach space the quasi interior of any nonempty convex set not contained
in a hyperplane is nonempty (cf. [148]) and the quasi-relative interior of a nonempty
closed convex set is nonempty (cf. [20]), but this is no longer true in general if the
space is not separable. A situation where the interior of a set and all its generalized
interiors but the quasi interior and the quasi-relative interior are empty follows.

Example 1.1. Let the real Banach space ¢> = ¢*(N) of the real sequences (X,),en
that fulfill Y72 | |x,|* < 400 be equipped with the norm || - || : £> — R, ||x| =

>z, |x,,|2)]/2, x = (Xp)nen € £2. The positive cone of £ is €3 = {(xy)nen €
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€*: x, = 0Vn € N}. Then int {3 = core £’ = sqriti =@, butqil? =qrifi =
{(X)nen €£%: x, >0Vn € N}

In the following we present some properties of the quasi(-relative) interior of
a set needed later in our presentation. For more on this the reader is referred to
[20,21,23-25,67,68,198].

Proposition 1.1. Let K € X be a convex cone.

(a) K isnot dense if and only if 0 ¢ qi K.

(b) Ifcl K is pointed, then 0 ¢ qri K.

(c) One has qri K + K = qri K and, consequently, also qi K + K = qi K.
(d) The set qri K U {0} is a cone, hence so is qi K U {0}, too.

Remark 1.1. Given a convex cone K C X, note that if cl K is pointed then cl K #
X, but the opposite assertion is not always true. Take, for instance, X = R? and
K = R x {0}, then cl K = K is not pointed even if it does not coincide with the
whole space R.

Proposition 1.2. Let U and V be convex subsets of X. Then the following
statements hold

(a) quiU +qriV C qri(U + V),

(b) qri(U — x) = (qriU) — x forall x € X;

(¢) AqriU 4+ (1 —A)U C qriU forall A € (0, 1] hence qriU is a convex set;

(d) qri(qriU) = qriU;

(e) ifqriU # @ thenclqriU = clU and clconeqriU = clcone U,

(f) ifUCV thenqiU CqiV

(g) ifue U, thenu € qiU if and only if Ny(u) = {0} and u € qri U if and only if
Ny () is a linear subspace.

Proposition 1.3. Given the convex sets U,V C X, one has that qi(U + qi V) =
U+qiV Cqi(U+ V).

Proof. By Proposition 1.2( f) one gets qi(U + qi V') € qi(U + V') and obviously
qi(U + qiV) € U + qi V. The only implication left to be prove is U + qi V <
qi(U + qi V). When qi V' = @ it is trivially fulfilled.

Leta € U +qi V. Then there existu € U and v € qi V such thata = u + v. But
qiV—v € qi V—v+(U—u) = U+qi V—a. From here follows that cone(qi V—v) €
cone(U + qi V — a) and moreover clcone(qi V —v) C clcone(U + qi V —a). But
in this case clcone(qi V' — v) = clcone(qri V — v) (because qi V' is nonempty)
and Proposition 1.2(e) yields clcone(qri V' — v) = clcone(V —v). Asv € qiV,
clcone(V —v) = X,soclcone(U +qiV —a) = X, too and, sincea € U +qiV,
it follows that a € qi(U + qi V). |

In the literature there exist some separation results for convex sets by mean
of quasi-relative interior (see, for instance, [21, 23-25, 76, 77, 89, 90]). We will
use in our investigations the following one, given in [25, Theorem 2.7] and
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[21, Theorem 20.6] where it is mentioned that it extends similar results from [76,77]
from normed to locally convex spaces.

Lemma 1.1. Let U be a nonempty convex subset of X and x € U. If x ¢ qriU
then there exists an x* € X™* \ {0} such that (x*,y) < (x*,x) forall y € U.

Specializing Lemma 1.1 for the quasi interior one obtains not only an implication
like there, but actually an equivalence, that can be also seen as a direct consequence
of Proposition 1.2(g).

Lemma 1.2. Let U be a nonempty convex subset of X and x € U. Then x ¢ qiU if
and only if there exists an x* € X * \ {0} such that (x*,y) < (x*,x) forall y € U.

If K € X is a closed convex cone and we endow X* with the w(X*, X)
topology, one can immediately show via [48, Proposition 2.1.1] that qi K = {x €
K : (x*,x) > 0Vx* € K*\ {0}}. Let us denote the set in the right-hand side of
this equality by K°. Aware that in the literature this notation was also used for the
interior and polar cone of K, respectively, we opted for it due to the similarity with
K*0. Let us see now what relations can be identified between K° and qri K in the
case of a convex cone K C X that is not necessarily closed (cf. [109]).

Proposition 1.4. Let K € X be a convex cone.

(a) It holds K° C qri K.
(b) If K° # @, then qri K € K°.

Proof. (a) If x € K\ qri K, then (x*,x) > O for all x* € K*\ {0} and, on
the other hand, Lemma 1.1 yields the existence of an x* € X* \ {0} such that
(x*,x*) < (x*,y) forall y € K. Then x* € K* \ {0} and (x*, x*) < 0. But
(x*, x*) > 0, and this contradiction yields that there exists no x as taken above.

(b) If x € qri K \ K then there exists an x* € K* \ {0} such that (x*,x) = 0.
Then (—x*,y —x) < Oforall y € K, ie —Xx* € Ng(x). Asx € qri K
yields that Nk (x) is a linear subspace of X*, it follows that X* € Ng(x), too,
ie. (x*,y —x) < Oforall y € K. This yields {x*,y) = 0 forall y € K,
consequently K° = 0. O

Remark 1.2. 1f the convex cone K is also closed one has qi K = K%, so K # 0
means actually qi K # @, that yields qi K = qri K. Conditions that guarantee
that K° # @ were proposed in the literature to the best of our knowledge only
for this case, for instance in [140, Theorem 3.38]. Similarly, the inclusion in
Proposition 1.4(h) was previously known only under the additional hypothesis
cl(K — K) = X, which also yields qi K = qri K, as done for instance in [20,
Theorem 3.10] or [219, Lemma 2.5].

Another separation statement from the literature, this time in finitely dimensional
spaces, that we shall use within this work is [117, Lemma 2.2(i)].

Lemma 1.3. Let the closed convex cone K € R* and the polyhedral set U C R¥
fulfilling U N K = {0}. Then there exists ay € R¥\ {0} suchthaty Tk <0<y Tu
forallk € K\{0}andallueU.
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In order to refine some results proven via duality by employing very general
regularity conditions we have introduced in [42] the notion of a set that is closed
regarding another one (see also [21,45, 50]). However, for the investigations from
Chap. 2 a more general notion is required, that was originally defined in [13] (and,
for the case Z = X x Rin [14]).

Definition 1.1. Givene > 0,aset U C X x R is said to be (0, &)-vertically closed
regarding the set Z C X xR if (clU)NZ < (U N Z) — (0, &), while when
Z = X xR, U is called simply (0, )-vertically closed. Moreover, a set U C X
that fulfills (clU) N W = U N W, where W C X, is said to be closed regarding
the set W.

Remark 1.3. AsetU € X xRis closed regarding X x R if and only if it is closed.
A closed set is closed regarding any subset of the space it lies in, but vice versa this
does not in general. For instance, the real interval [0, 1) is closed regarding the set
{0}, but it is not closed in general.

Remark 1.4. The notion of an &-closed set was considered in the literature in
different instances that have nothing in common with our research, see for instance
[3,95], while in [184, Definition 3.2] one can find a definition for a vertically closed
set.

1.2.2 Functions

In what follows we present some preliminary notions and results involving functions
needed later in our presentation. We begin with some notions which extend the
classical monotonicity to functions defined on partially ordered spaces. Let K € X
be a convex cone.

Definition 1.2. Let the nonempty set U € X and f : X — R a given function.

(1) If f(x) < f(y) forall x,y € U such that x =g y the function f is called
K-increasing on U.

@) If f(x) < f(y) forall x,y € U such that x <g y the function f is called
strongly K-increasing on U.

(iii) If f is K-increasing on U, qi K # @ and for all x, y € U fulfilling x <g y
follows f(x) < f(y) the function f is called strictly K-increasing on U.

(iv) If f is K-increasing on U, qri K # @ and for all x, y € U fulfilling x <% y
follows f(x) < f(y) the function f is called relatively strictly K-increasing
onU.

(v) When U = X we call these classes of functions simply K -increasing, strongly
K-increasing, strictly K-increasing and relatively strictly K-increasing,
respectively.

Remark 1.5. In Definition 1.2(iii) and (iv) we extend the notion of a strictly K-
increasing on U function given so far in the literature for the case int K # ¢
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(or core K # (). Note also that in case X = R and K = Ry, the Ry-
increasing functions are actually the monotonically increasing ones, while the
strongly, strictly and relatively strictly R -increasing functions are nothing but
strictly monotonically increasing functions.

Let us illustrate this definition with the following example (see [48, 110]).

Example 1.2. Letx* € X*.If x* € K*, then for all x;, x, € X such that x; =g x;
we have that (x*, x; — x;) > 0. Therefore (x*, x;) < (x*, x,) and this means that
the elements of K* are actually K-increasing functions.

If x* € K*9, then for all x;, xo € X such that x; <g x, it holds (x*, x, — x;) >
0. This means by definition that the elements of K** are strongly K-increasing
functions.

If K C X is moreover closed, X* is endowed with the w(X*, X) topology and
qiK # @,thenqgi K = {x € K : (x*,x) > 0Vx* € K*\ {0}} and thus every
x* € K*\ {0} is strictly K-increasing.

If K° # @, then Proposition 1.4 yields qri K = K and thus every x* € K*\ {0}
is relatively strictly K-increasing.

Having a function f : X — R we use the classical notations for its domain
dom f = {x € X : f(x) < 400}, epigraphepi f = {(x,r) € X xR : f(x) <
r}, lower semicontinuous hull f : X — R, convex hull co f:X - R, lower
semicontinuous convex hull co f : X — R and conjugate function f* : X* — R,
f*(x*) = sup{{x*,x) — f(x) : x € X}.If U C X, the conjugate function of
fregarding U € Xis ff : X — R, fo = (f + 8u)*. We call f proper if
f(x) > —oo for all x € X and dom f # @. For f proper and ¢ > 0, if f(x) € R
the (convex) e-subdifferential of f at x is 0, f(x) = {x* € X* : f(y) — f(x) >
(x*,y—x)—eVy € X}, while if f(x) = 400 we take by convention d, f(x) = .
The e-subdifferential becomes in case ¢ = 0 the classical (convex) subdifferential
denoted for f by df. Note that for U € X we have for all x € U and all ¢ > 0 that
0.0y (x) = N (x). Between a function and its conjugate regarding U there is the
Young-Fenchel inequality f7 (x*) + f(x) > (x*,x) forall x € U and x* € X*.
If U = X, this inequality is fulfilled as equality if and only if x* € df(x) and in
general one has f*(x*)+ f(x) < (x*, x)+¢eif and only if x* € 9, f(x). Moreover,
a function is said to be upper hemicontinuous if it is upper semicontinuous on line
segments.

Considering for each @ € R the function af : X — R, (af)(x) = af(x) for
x € X, note that when & = 0 we take 0f = S4om . Given a linear continuous
mapping A : X — Y, we have its adjoint A* : Y* — X* given by (A*y*,x) =
(y*, Ax) for any (x,y*) € X x Y*. Its image is ImA = {Ax : x € X}, while
the counter image of a set W C Y through Ais A™'(W) := {x € X : Ax € W}.
With Z(X,Y) we denote the set of the linear continuous mappings 4 : X — Y.
When f.g : X — R are proper, their infimal convolution is fOg : X — R,
fOg(a) = infyex[f(x) + g(a — x)]. It is said to be exact at y € X when the
infimum at ¢ = y is attained, i.e. there exists an x € X such that fOg(y) =
f(x)+g(y —x).IfU W C X,denote by fT : W x U — R the transpose of
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the function f : U x W — R, which is defined as f " (w,u) = f(u,w) for all
(w,u) e WxU.

A vector function F : Y — X° is said to be proper if its domain dom F = {y €
Y : F(y) € X} isnonempty. It is called K-convex if F(tx + (1—1)y) <k tF(x)+
(1—1t)F(y)forall x,y € Y and all ¢ € [0, 1]. The vector function F is said to be
K-epi-closed if K is closed and its K-epigraph epiyx F = {(y,x) € Y x X : x €
F(y) + K} is closed, and it is called K-lower semicontinuous if for every y € Y,
each neighborhood W of zero in X and for any b € X satisfying b <g F(y), there
exists a neighborhood U of y in Y such that F(U) € b+ W + X U {ocok}. For
x* € K* the function (x*F) : ¥ — R is defined by (x*F)(y) = (x*, F(y)),
y € Y. If F is K-lower semicontinuous then (x*F) is lower semicontinuous
whenever x* € K* \ {0} and if K is closed, then every K-lower semicontinuous
vector function is also K-epi-closed, but, not all K-epi-closed vector functions are
K-lower semicontinuous, as the situation depicted in [47, Example 1] shows.

Remark 1.6. If the function f : X — Ris K -increasing, then dom f* C K*.
However, the analogy with the results mentioned in Example 1.2 stops here, since
even in case X = R one can find strictly increasing functions with their conjugates
having as domain R and not (0, 400), which coincides with both Ry \ {0} and
int R, for instance the exponential function.

For an attained infimum (supremum) instead of inf (sup) we write min (max),
while the optimal objective value of the optimization problem (P) is denoted by
v(P).



Chapter 2
Duality for Scalar Optimization Problems

2.1 Historical Overview and Motivation

Assigning a dual problem to a given minimization problem provides, due to the
weak duality, a lower bound for the objective values of the latter. Moreover, if strong
duality can be proven, the optimal objective values of the two problems coincide and
they can be determined since usually the dual problem has a simpler structure than
the primal one and can be easier solved. Moreover, necessary and sufficient optimal-
ity conditions for the primal-dual pair of problems in discussion can be derived and
these can be employed for determining the optimal solutions of the primal problem
when the ones of the dual, guaranteed by the strong duality statement, were already
identified. The corresponding duality theory is very well developed in the convex
case and can be consulted in books like [21, 48, 127,128, 178,221]. Moreover, it
was shown in the literature (see, for instance, [39,41,52,53]) that the hypotheses on
the involved functions can be weakened to different generalizations of the convexity
without destroying the strong duality statements.

In order to guarantee the strong duality one usually needs besides the convexity
assumptions the fulfillment of a regularity condition or constraint qualification.
Different such conditions were considered in the literature, the most important
classes of them being the interiority type ones (see, for instance, [21,221]) and the
closedness type ones (cf. [21,45,48]). Moreover, strong duality is closely related to
subdifferential formulae and the mentioned sufficient conditions can be employed
to ensure these, too. Besides the strong duality of interest are also the so-called
stable strong duality, i.e. the situation when strong duality holds for any linear
perturbation of the objective function of the primal problem, and its stronger version
total duality where, additional to the strong duality also an optimal solution of the
primal problem is known. Characterizations for these situations involving epigraph
and subdifferential inclusions, respectively, were provided for instance in [46,47].

In some cases, however, it can be shown only that the distance between the opti-
mal objective values of the primal and dual problem is less than some nonnegative ¢,
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situation called in [13, 14] e-duality gap. Starting from our investigations from these
papers, where we characterized via epigraph and subdifferential inclusions the e&-
duality gap for composed and constrained optimization problems, respectively, we
provide in this chapter similar statements for general scalar optimization problems
where the involved functions are taken first only proper. Endowing them with
convexity and topological properties, we obtain other useful equivalences, from
which when ¢ = 0 closedness type regularity conditions (cf. [56, 57, 63, 64])
are derived. These can be employed, for instance, for subdifferential formulae, as
done in [28, 45, 126] or, like in [27], for providing formulae for biconjugates of
combinations of functions.

After presenting these investigations for general optimization problems, we deal
with both constrained and unconstrained optimization problems, showing how the
mentioned results can be specialized for them, too, by means of the perturbation
theory (cf. [178,221]). In this way some of our results from [13, 14, 28,4547, 50]
as well as different others from the literature can be obtained as special cases of the
general statements presented here.

2.2 Characterizations Involving Epigraphs

We begin our investigations with a general scalar optimization problem. In order
to investigate its duality properties, we embed it into a family of general perturbed
scalar optimization problems, to which corresponding conjugate dual problems (cf.,
for instance, [21, 48, 178, 221]) are assigned. Then we characterize via epigraph
inclusions the so-called stable e-duality gap regarding the primal problem and
its conjugate dual. Adding convexity and topological hypotheses to the function
involved, we show that this approach leads to some closedness type regularity con-
ditions recently considered in the literature for duality and other formulae involving
convex functions and their conjugates. Afterwards we particularize the primal
problem to be constrained and unconstrained, respectively, and the corresponding
duality statements are derived from the general case.

2.2.1 General Perturbed Scalar Optimization Problems

Consider two Hausdorff locally convex vector spaces X and Y. Most of the results
presented within this chapter hold actually in the more general framework of linear
spaces, but in order to avoid juggling with the spaces we use here the mentioned
setting. Let the proper function F : X — R and the general optimization problem

(PG) Ylg)f( F(x).
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Making use of a proper perturbation function ® : X x Y — R, fulfilling
@(x,0) = F(x) for all x € X, a hypothesis that guarantees that 0 € Pry dom @,
the problem (PG) can be rewritten as
(PG) inf @(x,0).

x€X

We call Y the perturbation space and its elements perturbation variables. Note
that the way @ is defined guarantees that 0 € Pry (dom @). To (PG) we attach the
following conjugate dual problem
(DG) sup {—@*(0,y%)},

y*ey*
and for this primal-dual pair of optimization problems weak duality always holds,
i.e. v(DG) < v(PG). In order to investigate the duality properties of these
optimization problems, for each x* € X* we consider the following problem

(PG.+) inf [@(x,0) — (x*,x)],

obtained by linearly perturbing the objective function of (PG). Thus (PG) is
embedded in the family of optimization problems {(PGy+) : x* € X™*}, where
it coincides with (PGy). To each problem in the mentioned family one can attach
the corresponding conjugate dual problem, namely, for x* € X*,
(DG.+) sup {—®*(x*, y*)}.

y*ey*
By construction, whenever x* € X™* one has v(DG,*) < v(PG*), i.e. for each of
these pairs of primal-dual optimization problems there is weak duality. However, of
interest are the situations where the optimal objective values of the primal and its
corresponding dual problem coincide or their difference lies within a given small
margin.
Definition 2.1. Let ¢ > 0. We say that there is e-duality gap for the problems (PG)
and (DG) if v(PG) — v(DG) < &. If v(PGy+) — v(DGy+) < e for all x* € X*, we
say that for (PG) and (DG) one has stable e-duality gap.
Definition 2.2. We say that there is strong duality for the problems (PG) and (DG)
if v(PG) = v(DG) and the dual problem has an optimal solution. If v(PG,+) =

v(DG,+) and (DG+) has an optimal solution for all x* € X*, we say that for (PG)
and (DG) one has stable strong duality.

Definition 2.3. Let ¢ > 0. An element x € X is said to be an e-optimal solution to
(PG)if 0 € 0,9(-,0)(x).

Let ¢ > 0. The first statement we give presents a characterization via epigraph
inclusions of a situation of stable e-duality gap for the problems (PG) and (DG).

Theorem 2.1. Let W C X*. Then it holds

epi(@(-,0)* N (W x R) C Pry=xrepi @* N (W x R) — (0, ¢) (2.2.1)
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if and only if for each x* € W there exists a y* € Y™* such that
(@(,0)"(x") = @*(x*,y") —&. (2.2.2)

Proof. If x* € W such that (@(-,0))*(x*) = +oo there is nothing to prove.
Let x* € W such that (@(-,0))*(x*) € R. Noticing that, for y* € Y™, one
has (x*, y*, (®@(-,0))* (x*)) € epi®* — (0,0,¢) if and only if @*(x*,y*) <
(@(-,0))*(x*) + &, the desired conclusion follows. O

Remark 2.1. The inequality (2.2.2) can be rewritten as —(&(-,0))*(x*) <
—®*(x*, y*) + e. While the quantity in the left-hand side of this inequality is
actually v(PG,+), the one in the right-hand side is not necessarily v(DG,+) + ¢, as
the supremum in (DG,+) is not shown to be attained at y*. Though, (2.2.2) implies
V(PGyx) < v(DGy*) + €.

Remark 2.2. Using (2.2.2), the stable e-duality gap for the problems (PG) and (DG)
can be equivalently characterized through the following epigraph inclusion

epi(®@(-,0))* C epi in£ D* (-, y*) —(0,2). (2.2.3)
yrey*

In case ¢ = 0 both the epigraph inclusion and the inequality considered
in Theorem 2.1 turn into equalities and (2.2.2) collapses into an inequality that
describes actually the stable strong duality for (PG) and (DG).

Corollary 2.1. Let W C X*. Then it holds
epi(®(-, 0))* N (W x R) = Prysxg epi &* N (W x R) (2.2.4)
if and only if for each x* € W there exists a y* € Y™ such that
(P(.0)*(x7) = P*(x™, 7).

If W = X one obtains a condition involving epigraphs that ensures that there
is stable e-duality gap for the problems (PG) and (DG).

Corollary 2.2. [t holds
epi(@(-, 0))* < Prysxg epi &* — (0, )
if and only if for each x* € X* there exists a y* € Y™ such that
(@(-,0)"(x*) = *(x*, ") —e.
Using Theorem 2.1 one can formulate necessary and sufficient e-optimality

conditions for any primal-dual pair of optimization problems (PG )—(DG*) when
x*eWCX*
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Theorem 2.2. Let W C X* and x* € W.

(a) If X € X is an optimal solution to (PGy*) and (2.2.1) is satisfied, then there
exists a y* € Y*, an e-optimal solution to (DG +), such that one has

D(x,0) + O*(x*, 7%) < (x*, %) + ¢ (2.2.5)
or, equivalently,
(x*, %) € 0, ®(%,0). (2.2.6)

(b) Assumethatx € X and y* € Y™ fulfill (2.2.5) or (2.2.6). Then X is an g-optimal
solution to (PGy*), y* is an g-optimal solution to (DG.+) and v(PG.*) <
v(DG+) + &

Proof. (a) Theorem 2.1 yields, via Remark 2.1, that @(x,0) + @*(x*, y*) <
{(x*, X) +&. Because of the weak duality for (PG,+) and (DG,*), it follows also
that v(DGy+) < —@*(x*, 7*) + ¢, i.e. y is an e-optimal solution to (DG ).

(b) Assuming (2.2.5) fulfilled, it follows @(x,0) — (x*,x) < & — @*(0,7%),
that implies V(DGy*) < v(PGyx) < @(x,0) — (x*,X) < ¢ — @*(0,7*) <
v(DGy*) + & < v(DPyx) + &, from which the conclusion follows. O

Remark 2.3. If ¢ = 0, relations (2.2.5) and (2.2.6) become optimality conditions
for (PGy+) and (DGy+), while when W = X* Theorem 2.2 delivers what may be
called stable optimality conditions for (PG) and (DG).

Remark 2.4. Taking x* = 0 in Theorem 2.2 one obtains g-optimality conditions
for the primal-dual pair of optimization problems (PG)—(DG) and, moreover, that
the satisfaction of the condition

epi(@(-,0))* S Pryxxgrepi @* — (0, ¢)

guarantees that there is e-duality gap for these problems.

Enriching the function @ with convexity and topological properties, one can
deliver another characterization of (2.2.2) by means of the notion of the (0, ¢)-
vertical closedness of the conjugate of @ regarding a cartesian product of sets (cf.
Definition 1.1).

Theorem 2.3. Let W C X* and the function @ be also convex and lower
semicontinuous. Then the set Pry«xgr epi @* is (0, &)-vertically closed regarding the
set W xR in the topology w(X*, X ) x Z if and only if for each x* € W there exists
a y* € Y* such that (2.2.2) holds.

Proof. According to [49, Theorem 2.3] (see also [21, Theorem 5.2]), for @ proper,
convex and lower semicontinuous it holds epi(®(-,0))* = clPry=xg epi @*. The
assertion follows via Theorem 2.1. O

In case ¢ = 0 the assertion in Theorem 2.3 rediscovers [21, Theorem 9.1].
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Corollary 2.3. Let W C X™* and the function @ be also convex and lower
semicontinuous. Then the set Pry«xg epi @* is closed regarding the set W x R in
the topology w(X™*, X) x Z if and only if for each x* € W there existsa y* € Y*
such that

(B(,0)"(x") = P*(x™, j") = Jmin, DT (x*, y").

If W = X* Theorem 2.3 delivers the following statement.

Corollary 2.4. Let function @ be also convex and lower semicontinuous. Then the
set Pry+xg epi @* is (0, &)-vertically closed in the topology w(X*, X) x Z if and
only if for each x* € X* there exists a y* € Y* such that (2.2.2) holds.

Taking in Corollary 2.3 moreover W = X*, one obtains a characterization of
the stable strong duality for (PG) and (DG), rediscovering thus [48, Theorem 3.2.2]
(see also [64]).

Corollary 2.5. Let the function @ be also convex and lower semicontinuous. Then
the set Pry«xg epi @* is closed in the topology w(X™*, X) X Z if and only if for each
x* € X* there exists a y* € Y™ such that

(@(.0)*(x") = @*(x". %) = min &*(x",y").
y*E *
An important consequence of Theorem 2.3, via Corollary 2.5, is the strong

duality statement for (PG) and (DG) that follows (see also [48, 63,64, 174]).

Corollary 2.6. Assume that @ is convex and lower semicontinuous. If Pry=xr
epi @* is a closed set in the topology w(X*, X) x %, then v(PG) = v(DG) and
the dual problem (DG) has an optimal solution y* € Y*.

Remark 2.5. Several regularity conditions were proposed in the literature in order
to achieve strong duality for (PG) and (DG). We list in the following the most
important of those considered when the function @ is convex (cf. [21, 48, 221]),
namely the one involving continuity

(RC?)‘ dx’ € X such that (x’,0) € dom @ and ®(x’, -) is continuous at 0,
a weak interiority type one,

X and Y are Fréchet spaces, @ is lower semicontinuous and

RCS
RC?) 0 € sqri Pry (dom @),

a generalized interiority type one which works in finitely dimensional spaces,

(RC?)‘ dim lin Pry (dom @) < +o00 and O € ri Pry (dom @),
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and finally the closedness type regularity condition already mentioned in Corol-
lary 2.6,

(RCE) @ is lower semicontinuous and Pry« g (epi @*) is closed
*7lin the topology w(X*, X) x Z.

Note that all these regularity conditions ensure actually stable strong duality for
(PG) and (DG).

Necessary and sufficient optimality conditions for (PG,+) and (DG,x*), where
x* € W C X* can be derived, too, from Theorem 2.2 via Corollary 2.5 (see also
[21,48,221)).

Corollary 2.7. Let W C X* and x* € W.

(a) Assume that @ is convex. Let X € X be an optimal solution to (PGy*) and
assume that one of the regularity conditions (RC,»G), i €{1,2,3,4}, is fulfilled.
Then there exists a y* € Y*, an optimal solution to (DG~ ), such that one has

D(x,0) + P (x*, 7%) = (x*, %), (2.2.7)
or, equivalently,
(x*,5%) € 00(x,0). (2.2.8)

(b) Assume that X € X and y* € Y™ fulfill (2.2.7) or (2.2.8). Then X is an optimal
solution to (PGyx), y* is an optimal solution to (DGyx) and v(PGyx) =
V(DG +).

Remark 2.6. When W = X*, Corollary 2.7 delivers what may be called stable
optimality conditions for (PG) and (DG). Taking there x* = 0 one obtains neces-
sary and sufficient optimality conditions for (PG) and (DG) (see also [21,48,221]).
Because they will be used later in the book, we give them below for reader’s
convenience.

Corollary 2.8. (a) Assume that @ is convex. Let X € X be an optimal solution to
(PG) and assume that one of the regularity conditions (RC,-G), i €{l,2,3,4},
is fulfilled. Then there exists a y* € Y*, an optimal solution to (DG), such that
one has

@(x,0) + @*(0,7*) =0 (2.2.9)
or, equivalently,
(0,7%) € 0P(x,0). (2.2.10)

(b) Assume that x € X and y* € Y™ fulfill (2.2.9) or (2.2.10). Then X is an optimal
solution to (PG), y* is an optimal solution to (DG) and v(PG) = v(DG).
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As byproducts of the duality investigations presented in this subsection we obtain
some ¢-Farkas statements and results involving (1, €)-saddle points, as follows. We
begin with the e-Farkas type results for (PG,=) and (DG,*), where x* € W C X*.
They extend some recent Farkas type statements from the literature that generalize
the classical Farkas Lemma.

Theorem 2.4. Let W C X*.

(a) Suppose that (2.2.1) holds. Given x* € W, if ®(x,0) — (x*,x) > ¢/2 for all
X € X then there exists a y* € Y™ such that @*(x*, y*) < ¢/2.

(b) Given x* € W, if there exists a y* € Y™ such that ®*(x*, y*) < —e/2, then
D(x,0) — (x*,x) > ¢/2forall x € X.

Proof. (a) Theorem 2.1 yields the existence of a y* € Y* such that
—(@(¢,0)*(x*) < & — @*(x*,y*). Then ¢/2 < & — ®*(x*,y*) and the
conclusion follows.

(b) Using the weak duality for (PGy*) and (DG,«) it follows that @(x,0) —
(X*,X) 2_¢*(X*7)7*)28/2 o

Using (2.2.3) as a regularity condition one can give other e-Farkas type results
for (PGy+) and (DG,+), where x* € W C X™, which can be proven analogously
to the ones in Theorem 2.4.

Theorem 2.5. Let W C X*.

(a) Suppose that (2.2.3) holds. Given x* € W, if ®(x,0) — (x*,x) > ¢/2 for all
X € X theninfxey+ @*(x*, y*) < /2.

(b) Given x* € W, ifinf xey+ @*(x*, y*) < —¢&/2, then (x,0) — (x*,x) > /2
forall x € X.

If ¢ = 0, the e-Farkas type results turn into equivalences, as follows.

Corollary 2.9. Letr W C X* and suppose that (2.2.4) holds. Given x* € W, one
has @(x,0) — (x*,x) > 0 forall x € X if and only if there exists a y* € Y™ such
that @*(x*, 3*) < 0.

Corollary 2.10. Let W C X™* and suppose that (2.2.3) holds as an equality for
e = 0. Given x* € W, one has ®(x,0) — (x*,x) > 0 for all x € X if and only if
infyxeyx @*(x*, y*) < 0.

In order to deal with statements involving (7, ¢)-saddle points, let us recall
now the definition of the Lagrangian function for the pair of primal-dual problems
(PG,+)—(DG+), where x* € X*.

Definition 2.4. Let x* € X*. The function L(%*) : X x Y* — R defined by
L(PGX*)(X’ y*) = inf [(D(x, y) - (X*,X) - <y*v y)]
yeY

is called the Lagrangian function of the pair of primal-dual problems (PG, )-
(DG +) relative to the perturbation function @.
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Remark 2.7. One can easily see that for all x* € X* and all x € X it holds
LPCH) (x, y*) = —(x*,x) — (P(x,-))*(y*) for all y* € Y*. Thus forall x € X
the function LP%x*)(x, ) is concave and upper semicontinuous. On the other hand,
assuming that @ is convex, whenever y* € Y * the function L+*)(, y*) is convex,
too.

Remark 2.8. Given x* € X™*, we can reformulate the primal-dual pair of problems
(PG,+)—(DG,+) by means of the Lagrangian L("%+*), namely while (DG,x) is
equivalent to sup,«cy« infrex L), while if @(x,-) is a convex and lower
semicontinuous function taking nowhere the value —oco for all x € X, (PGy*)
actually means infyey sup,«cy« LP%*). Note that even without the additional
hypotheses, v(PG,+) is not less than inf,ex sup gy LFO).

In the following we generalize the classical notion of a saddle point.

Definition 2.5. Let ,¢ > 0 and x* € X™*. We say that (X, y*) € X x Y* is an
(1, €)-saddle point of the Lagrangian LP%x*) if

L(PGX*)()—va*) - < L(PG"'*)()_C,)_/*) < L(PGX*)()C,_)TK) S V()C,y*) e X x Y*

Remark 2.9. The notion of an e-saddle point of a function with two variables was
already considered in the literature, see for instance [147, 199], while for (7, &)-
saddle points we refer to [13].

Slightly weakening the properness hypothesis imposed on @ and adding to
it convexity and topological assumptions, one obtains the following statement
connecting the (1, €)-saddle points of L*%*) with the (¢ 4+ 1)-duality gap for the
problems (PG,+) and (DG, ), and the existence of some (& + 1)-optimal solutions
to them.

Theorem 2.6. Letn,& > 0and x* € X*.

(a) If (%,7*) € X x Y* isan (n, €)-saddle point of L'Y*) and ®(%,") is a convex
and lower semicontinuous function taking nowhere the value —oo, then X is
an (¢ + n)-optimal solution to (PG*), y* is an (¢ + n)-optimal solution to
(DGy+) and there is (¢ + n)-duality gap for the primal-dual pair of problems
(PGyx) — (DGy*).

(b) Ifv >0, X € X is an g-optimal solution to (PGx), y* € Y* is an n-optimal
solution to (DGy*) and v(PGy+) < v(DGy*) + v, then (X, y*) € X xY* isan
(n 4+ & + v,n + & + v)-saddle point of L¥C%x*).

Proof. (a) From the definition of an (7, )-saddle point it follows via Remark 2.8
that

@(}2’,0) — (_X*’)Z‘> — 1N = sup L(PG/\‘*)(-X"y*) -7 < L(PG_x‘*)

yrey*

(x,5%) = inf LPO) (x, 5%) + 6 = e — @*(x*, 7%). (2.2.11)
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Using the weak duality for the problems (PG,*) and (DGy*), (2.2.11) yields
v(DGy+x) —n < e — @*(x*,y*) and @(x,0) — (x*,X) — n < & — v(PGy*),
hence X is an (¢ + n)-optimal solution to (PG+) and y* is an (¢ 4+ n)-optimal
solution to (DG,+). Relation (2.2.11) implies also that @(x,0) — (x*,x) —n <
e — d*(x*, y*), consequently v(PG+) < v(DGy*) + n + &.

(b) Using again Remark 2.8, one obtains that @(X, 0)— (x*, ¥) > sup gy LF")
(*, *) > LPG)(x,5*) and —®*(0,7*) = infiey LEO)(x,7*) <
L") (%, 5*). But X is an -optimal solution to (PG, ) and j* is an n-optimal
solution to (DG =), consequently

V(DGyx) — 1 < —@*(0,7%) < LPO) (%, 7%) < &(%,0) — (x*, %)
< V(PGy*) + e.

Recalling that v(PGy*) < v(DG,*) + v, one obtains from here
V(PG+) —n—v < LY%)(%, 57%) <v(DG) + 6 + v,
followed by
D(%,0) — (x*, %) —e —n—v < LPO) (%, 7%) < —@*(x*,7*) +n+ e+ v.

Employing again the formulae derived above via Remark 2.8 one obtains that
(¥,5*) € X x Y*isan (n + & + v, n + & + v)-saddle point of LP%x*), |

If one takes in Theorem 2.6 n = ¢ = v = 0, the two assertions become
equivalent, rediscovering [48, Theorem 3.3.2].

Corollary 2.11. Let x* € X* and assume that @ is a convex and lower
semicontinuous function taking nowhere the value —oo. Then (x,y*) € X x Y'*
is a saddle point of L¥%x*) if and only if X is an optimal solution to (PGy), 7* is
an optimal solution to (DGy*) and v(PGyx) = v(DGyx*).

The general scalar optimization problem (PG) encompasses as special cases
many types of scalar optimization problems. In the next subsections we shall write
both constrained and unconstrained optimization problems as special cases of (PG)
and dual problems will be assigned to them by carefully choosing the employed
perturbation functions.

2.2.2 Constrained Scalar Optimization Problems

The first class of particular optimization problems for which we particularize the
investigations from Sect. 2.2.1 is the one of the constrained optimization problems.
Consider the nonempty set S € X and let the nonempty convex cone C C Y induce
a partial ordering on Y. Take the proper functions f : X — Randh : X — Y*°,
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fulfilling the feasibility condition dom f NS N h~!(—C) # @. The primal problem
we treat further is

P inf
(PC) inf f(x),
where the feasible set of the problem (PC) is

o ={x €S8 :h(x)e—-C}.

There are different choices of the perturbation function @ for which (PC) turns
out to be a special case of (PG). In the following we consider two of them, which
will lead to two different dual problems to (PC) that arise from (DG).

It is known that the classical Lagrange dual problem to (PC),

(DCF) sup_inf [f(x) + *h)(x)].
X

7*eC*

can be obtained as a special case of (DG) by using the perturbation function

@L'XXY—)K @L(x Z): f(x), ifxES,h(x)Ez—C,

' ’ ’ 400, otherwise,

which is proper because f and & are proper and due to the feasibility condition, and
whose conjugate is

(@51 X* xY* - R, (@5 (x*,2") = (f = (Z"h) + 85)"(x™) + 8= (=2").

Let ¢ > 0. The first statement we give presents a characterization via epigraph
inclusions of a situation of stable e-duality gap for the problems (PC) and (DCL)
that is a special case of Theorem 2.1.

Theorem 2.7. Let W C X*. Then it holds

epi(f +8,)* N(W xR) S | epi(f + )5 N (W xR) - (0,6)

z¥eC*

if and only if for each x* € W there exists az* € C* such that

(f +8)*(x*) = (f + Th)s(x*) —e.

Remark 2.10. Analogously one can particularize the other statements from
Sect.2.2.1 to the present framework, too, rediscovering or improving different
statements from [14, 141, 142]. We mention here only that for the strong duality
statement for the problems (PC) and (DCF), which follows directly from
Corollary 2.6 or Remark 2.5, besides convexity assumptions which guarantee
the convexity of the perturbation function @, ensured, for instance, by taking S
and f convex and & C-convex, one can employ the regularity conditions obtained
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by particularizing (RCiG), i €{1,2,3,4}, namely (cf. [48])

(RCIL)‘ dx’ € dom f N S such that #(x") € —int C,

which is the classical Slater constraint qualification,

(R CL) X and Y are Fréchet spaces, S is closed, f is lower semicontinuous,
2’| is C — epi—closed and 0 € sqri (h(domf NS Ndomh) + C),
(RCL) dimlin (h(dom f N S Ndom#h) + C) < +o0 and
3710 eri(h(dom £ NS Ndomh) + C),
and

S is closed, f islower semicontinuous, & is C — epi —closed
and |J epi(f + (z*h) + 8s)* is closed in the topology w(X™*, X) x Z.

*eC*

(RCY)

Another perturbation function employed to assign a conjugate dual problem to
(PC) as a special case of (DG) is (cf. [21,48])

fx+y), ifxeS hx)ez—C

M X x X xY >R, o(x,y,2) = ~
+00, otherwise.

It is proper as well because f and & are proper and due to the fulfillment of the
mentioned feasibility condition and has as conjugate the function (@™y* . x*
X*xY* >R,
(@) (2™, y*,2%) = [ + (=(&h) + 8)* (" = y™) + _c+(29).
The dual problem it attaches to (PC) is the Fenchel-Lagrange dual problem
(DC™) sup  { = fF*) = () +85)* (v}
y*eXx* *eC*

The characterization via epigraph inclusions of a situation of stable e-duality gap
for the problems (PC) and (DC™) that is a special case of Theorem 2.1 follows.

Theorem 2.8. Let W C X*. Then it holds

epi(f + 8.,)* N (W x R) C (epif* + epi(z*h)’g) N (W xR) — (0, ¢)

*eC*

if and only if for each x* € W there exist y* € X* and 7" € C* such that

(f +8)(") = fFO") + Th)s(x™ = 57) —e
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Remark 2.11. Analogously one can particularize the other statements from
Sect.2.2.1 to the present framework, too. We mention here only that for
strong duality for the problems (PC) and (DC'*), which follows directly from
Corollary 2.6 or Remark 2.5, besides convexity assumptions which guarantee the
convexity of the perturbation function ®**, ensured, for instance, by taking S and
f convex and & C-convex, one can employ the regularity conditions obtained by
particularizing (RC?), i €{1,2,3, 4}, namely

(RCfL)‘ dx’ € dom f N S such that f is continuous at x” and 4(x") € —int C,

X and Y are Fréchet spaces, S is closed, f is lower semicontinuous, /% is

(RC3Y) ; ) .
C —epi—closed and 0 € sqri (dom f x C —epi_c(—h) N (S x Y)),

dimlin (dom f x C —epi_(—h) N (S x Z)) < 400 and

RCFL
(RESY) 0 eri(dom f x C —epi_o(—h) N (S x Z)),
and
- S is closed, f is lower semicontinuous, / is C — epi —closed and
(RC, )epi f*+ U epi((z*h) + 8s)* is closed in the topologyw(X™*, X) x Z.
*eC*

Other perturbation functions can be employed in order to assign conjugate dual
problems to (PC) as special cases of (DG), too. For instance, using the perturbation
function

f(x+y), ifxeS hix+1)ez—C,

PEL . X x X x X xY — R, @ (x,y,1,2) = .
+o00, otherwise,

that is proper as well because f and & are proper and due to the fulfillment of
the mentioned feasibility condition and has as conjugate the function (®#5)* :
X*XxX*xX*xY* >R,

(@ (™, y*. 17,2 = [H (") + () () +os (3T =y —17) + 8-+ (2),

one can attach to (PC) is the extended Fenchel-Lagrange dual problem (cf. [14,46])
(DCH™) sup  { = fFOF) = @EW)*(*) —os(—y* 1)}

yEr*ex*®,
*eC*
The characterization via epigraph inclusions of a situation of stable e-duality gap
for the problems (PC) and (DCE'™) that is a special case of Theorem 2.1 follows.

Theorem 2.9. Let W C X*. Then it holds

epi(f+38x)" N (W xR)C (epi f*+epios+ U epi(z*h)*) N(W xR)—(0,¢)

Z*EC*
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if and only if for each x* € W there exist y*,i* € X* and 7* € C* such that
(f +8)"(x™) = f*G") + @h)* (") + os(x™ = " —17) —e.

However, due to the fact that @ and (DCEFT) have quite many variables we
will not work further with them in this book, as one can notice that already @7 leads
in some cases to pretty complicated formulae. The interested reader can though
derive by means of @FF similar statements to the ones given further for the other
perturbation functions attached to (PC), some of them being available in [14, 46].
Note also that another Fenchel-Lagrange type dual problem can be assigned to (PC)
via the perturbation function

f(x), ifx e S,h(x+1t)ez—-C,

P X x X xY - R, & (x,1,2) = .
+00, otherwise,

namely (cf. [14,46])
(DCH) sup | = [ (=) = (Fh)* ()],

t*eX* *eC*
but we will not mention it further either.

Remark 2.12. In order to give stable e-duality statements for (PC) and the dual
problems we assigned to it within this subsection one can introduce the functions
(cf. [14,141,142]) h®, h% : X* — R, defined by h° = infec+(z*h)* and h§ =
infxec(2*h)%, respectively. Then, for instance, the stable e-duality gap for the
problems (PC) and (DC'™) is characterized through

epi(f + 8)* Cepi(f*OA3) — (0, ¢).

Remark 2.13. Other interesting statements can be derived from the ones given in
this subsection by taking f(x) = O for all x € X, when relations involving the
feasible set .27 and, on the other hand, the constraint function 4 and the constraint
set S can be characterized via epigraph inclusions, as done in [14,46,47].

2.2.3 Unconstrained Scalar Optimization Problems

Consider now the unconstrained optimization problem
(PU) inf [ f(x) + g(Ax)],
x€X

where A : X — Y is a linear continuous mapping and f : X — Rand g : ¥ — R
are proper functions fulfilling the feasibility condition dom f N A~ (dom g) # @.
The perturbation function considered for assigning to (PU) the classical Fenchel
dual problem
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(DU) sup {—f*(A*y*) — g*(=y™)},

yrey*

is (cf. [21,221])
oV X xY =R, oY(x,y) = f(x) + g(Ax + y),

which is proper because f and g are proper and due to the fulfillment of the
mentioned feasibility condition and has as conjugate the function

@) X" XY > R(@Y)" (™, y) = (" = ATy + g7 (0.

Let ¢ > 0. The first statement we give presents a characterization via epigraph
inclusions of a situation of stable e-duality gap for the problems (PU) and (DU) that
is a special case of Theorem 2.1. Before proceeding, let us introduce the notation
(A* x idg)(epig*) = {(x*,r) € X* xR : Iy* € Y* such that A*y* = x* and
(y*.r) € epig™}.

Theorem 2.10. Let W C X*. Then it holds

epi(f +goA)* N (W xR) C (epi f* + (4% xidg)(epig™)) N (W xR) — (0, ¢)
if and only if for each x* € W there exists a y* € Y™ such that
(f +g0A)"(x) = fH(A™J) + " (X" =) —e.

Remark 2.14. Analogously one can particularize the other statements from
Sect.2.2.1 to the present framework, too. We mention here only that for strong
duality for the problems (PU) and (DU), which follows directly from Corollary 2.6
or Remark 2.5, besides convexity assumptions which guarantee the convexity of the
perturbation function @Y, ensured, for instance, by taking f and g convex, one can
employ the regularity conditions obtained by particularizing (RCiG), i €{l1,2,3,4},
namely

(RC?)‘ Jx’ € dom f N A~'(dom g) such that g is continuous atAx’,

X and Y are Fréchet spaces, f and g are lower semicontinuous

R U
(RC3) and 0 € sqgri(dom g — A(dom f)),

(RC%J)‘ dimlin(dom g — A(dom f)) < 400 and ri A(dom f) Nridom g # @,
and

and g are lower semicontinuous and epi f* + (A* x idg)(epi g*
p P

RCY
(RCL) is closed in the topology w(X*, X) x Z.
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Remark 2.15. Valuable special cases of the scalar optimization problem (PU), met
in the literature in various circumstances, can be obtained, for instance, by taking
X = Y and A to be the identity mapping on X or f to be the zero function,
respectively. The vector duals assigned above to (PU) and the corresponding
duality and optimality conditions statements can be directly particularized for these
problems, too.

A special case of Theorem 2.10 that will be used later in our presentation follows.

Proposition 2.1. Let the proper, convex and lower semicontinuous functions f, g :
X — R satisfying dom f Ndom g # @ and x* € X*. Then f*0g* is wo(X*, X)-
lower semicontinuous at x* and exact at x* if and only if

inf [/(0) +g(x) = (x".x)] = max {=f"(") —g" (0" =<} (2212
Proof. Taking in Theorem 2.10 X = Y, A to be the identity mapping on X, W =
{x*} and & = 0, one obtains, via Corollary 2.1, that (2.2.12) is equivalent to epi( f +
)N ({x*} xR) = (epi f* +epig™) N ({x*} x R), i.e. there exists an a* € X*
such that (f +g)*(x*) = f*(@*)+g*(x*—a*). Because (f +g)* = cl(f*Og*)
in the present hypotheses, this means actually that cl( f*Og*)(x*) = f*Og*(x*)
and the infimal convolution is exact at x*. O

Moreover, one can see (PC) as an unconstrained optimization problem, namely
(PC) inf () + 8. ()],

where the notations are consistent with the ones in Sect.2.2.2. Then, taking A :=
idy, f := f and g := 8§, a Fenchel dual problem can be attached to (PC), namely
(DCT) sup {—f*(y*) — 0w (=)}
yrex*
This dual problem to (PC) can be obtained directly from (DG), too, by using the
perturbation function

BF X x X SR dF(x,y) =/ F T ilxed,

' ’ ’ 400, otherwise,

proper because f and h are proper and due to the fulfillment of the mentioned
feasibility condition and having as conjugate the function

(@) X" x X" = R, (@) (x*,y") = 00 (x* = y") + f7 ().

Remark 2.16. One can particularize the statements from Sect. 2.2.1 for this primal-
dual pair of problems, too. However, we present here only the regularity conditions
which, besides convexity assumptions which guarantee the convexity of the per-
turbation function @, ensured, for instance, by taking S and f convex and &
C-convex, guarantee the strong duality. They are obtained by particularizing (RCiG),
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i €{1,2,3,4}, being

(RCf)‘ dx’ € dom f N & such that f is continuous at x’,
or, alternatively,

(RCI")| dom f Nint o/ # 0,

X is a Fréchet space, <7is closed, f is lower semicontinuous

RCF
(RC2) and 0 € sqri(dom f — ),

(RC;)‘ dimlin(dom f — &) < 4oco0 andridom f Nri</ # @,
and

o/is closed, f is lower semicontinuous and epi f* + epio.y

RCy
(RCs) is closed in the topology w(X™*, X) x Z.

Remark 2.17. In order to ensure the convexity of the set <7 it is sufficient to take
the set S convex and /4 to be a C-convex vector function. To guarantee that the set
&/ is closed it is enough to assume that S is a closed set and 4 a C -epi-closed vector
function.

One can extend the investigations on e-duality regarding unconstrained problems
towards problems consisting in the minimization of a sum of a function with a C-
increasing function composed with a vector function over the whole space X. Let
the nonempty convex cone C < Y induce a partial ordering on Y, the proper
function f : X — R, the proper and C-increasing function g : ¥ — R
and the proper vector function 7 : X — Y* fulfilling the feasibility condition
dom g N (h(dom f) + C) # @. To the unconstrained optimization problem

(PS) inf[£(x) + g(h(x))

one can attach via perturbation theory different dual problems that are special
cases of (DG).
Taking the perturbation function

P X xY 5 R, &(x,y) = f(x)+ g(h(x) + y),

one assigns to (PS) the following conjugate dual problem

(DS") sup {—g*(y*) = (f + (*0)*(0)},

y*eC*

while by means of

P X xXxY - R, &*(x,y,2) = f(x +y) + g(h(x) + 2).
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one attaches to (P.S) another conjugate dual problem, namely
(DS?) sup | —g* (@) = f*O*) — @) * (=)}

y*ex*,

Z* EC B

One can directly adapt the general statements regarding (PG) and (DG) for (PS)

and its duals by considering the perturbation functions @' and ®? or, alternatively,
the assertions for (PU) and (DU) can be used, when one carefully constructs two
functions of two variables say, F and G, such that (F +G)*(-,0) = (f +goh)*, as
done in [21,45]. However, we will not pursue here this path, referring the interested

reader to [13] for statements similar to the ones given within this section that involve
(PS) and its dual problems.

2.3 Characterizations Involving Subdifferentials

After the characterizations via epigraphs of e-duality gap statements presented in
Sect. 2.2, we provide in the following similar ones, but involving subdifferential
inclusions. Again, we begin our investigations with a general scalar optimization
problem embedded into a family of general perturbed scalar optimization problems
and then it is particularized to be constrained and unconstrained, respectively.
Adding convexity and topological hypotheses to the functions involved, character-
izations via closedness type regularity conditions of the zero duality gap and total
duality are obtained, too.

2.3.1 General Perturbed Scalar Optimization Problems

Consider again the framework of Sect.2.2.1. Let € > 0. The first statement we give
presents a characterization via epigraph inclusions of a situation of stable e-duality
gap for the problems (PG) and (DG).

Theorem 2.11. Let x € X. Then

0D (-, 0)(x) = (| Pry=de4,P(x.0) (2.3.13)
n>0

holds if and only if for each x* € d®(-,0)(x) one has

(@(.0)* (") = inf O*(x*.y*) —e. (2.3.14)

y

Proof. Note first that one always has 0®(-,0)(x) 2 Pry«0,1,®(x,0) whenever
n > 0. Assume that the reverse inclusion holds for any n > 0. Then x* €
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d®(-,0)(x) if and only if for each n > 0 there exists a y; € Y™ such that
(x*, yy) € 0e4y®P(x,0). This means that @(x,0) + @*(x™, yy) < (x*,x) + e+,
that is equivalent to @*(x*, yy) —e =< (x*,x) — ®(x,0) + n, which yields
infyreyx @*(x*, y*) — e < (@(-,0))*(x*) +n. The latter inequality holds for any
n > 0, so letting 7 tend towards O we obtain (2.3.14). The other implication follows
by making the same steps backwards, using moreover that x* € d®(-,0)(x) if and
only if (@(-,0))*(x*) = (x*, x) — @(x,0). |

Remark 2.18. The inequality (2.3.14) can be rewritten as v(PG,+) < v(DGy*) + &,
i.e. in Theorem 2.11 we provide an equivalent characterization via subdifferential
inclusions of the e-duality gap for (PG,*) and (DG,*), when x* € d®(-,0)(x), i.e.
X is an optimal solution to the problem (PGyx).

Analogously to Theorem 2.11 one can prove the following statement.

Theorem 2.12. Let x € X and v > 0. Then the validity of (2.3.14) for all x* €
0, @(-,0)(x) yields

0y ®(-,0)(x) = [ | Pry=0etpsy@(x.0). (2.3.15)
n>0

Viceversa, (2.3.15) yields for any x* € 0,®(-,0)(x) that

(PG, 0)*(x*) > in£ D*(x*, y*) —e—v. (2.3.16)
y*E *
Remark 2.19. Let x € X. In case ¢ = 0, Theorem 2.12 yields that

3y ®(-,0)(x) = () Pry=0y 1, P(x.0) (2.3.17)
n>0

holds for all v > 0 if and only if whenever & > 0 one has (@(-,0))*(x*) >
infyreyx @*(x*, y*) — p for all x* € 9,P(-,0)(x). The last inequality yields
(@(,0))* (x*) > infyxey> @*(x*, y*) whenever x* € N,500,P(,0)(x) =
d®(-,0)(x), and since the opposite inequality holds in general, we obtain that if
(2.3.17) is valid for all v > 0 one has (®(-,0))*(x*) = inf,+cy+ @*(x*, y*) for all
x* € 0d(-,0)(x).

The last assertion in Remark 2.19 can be improved in order to become an
equivalence as follows.

Theorem 2.13. The formula (2.3.17) is valid for all x € X and all v > 0 if and
only if for all x* € X* one has (®(:,0))* (x*) = infyxcy= *(x*, y*).

Proof. Let x € X.If (x,0) ¢ dom @, there is nothing to prove, so we consider the
case @(x,0) € R. Take now x* € X*. If (&(-,0))*(x*) = +o0 there is nothing to
prove, otherwise x* € 9, ®(-,0)(x) forall i > @(x,0) 4+ (D(-, 0))* (x*) — (x*, x).

The validity of (2.3.17) for v = @(x,0) + (@(-, 0))* (x*) — (x*, x) yields like in
the proof of Theorem 2.11 that infy«ey+ @*(x*, y*) —v < (x*,x) — @(x,0) + 1
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for all n > 0. Letting 1 tend towards 0 and replacing v with its value, it follows
infyxeyx @*(x*, y*) < (@(-,0))*(x*), which proves the sufficiency.

To show the necessity, let v > 0 and x* € 9, ®(-,0)(x). Then the hypothesis
yields @(x,0) + infyxey+ @*(x*, y*) < (x*,x) + v.If n > 0, there exists a y; €
Y™ such that @(x,0) + @*(x*, y;) < (x*,x) +v+n,ie x* € Pryxd,+,P(x,0).
As 7, x and v were arbitrarily chosen, the conclusion follows. m]

Enriching the function @ with convexity and topological properties, one can
deliver another characterization of (2.3.17) (see also [28, Theorem 3.1], where the
proof is made via epigraph inclusions) as well as a consequence of Theorem 2.11.

Theorem 2.14. Let the function @ be also convex and lower semicontinuous. The
formula (2.3.17) is valid for all x € X and all v > 0 if and only if the function
infyrcys @*(, y*) is w(X*, X)-lower semicontinuous.

Proof. As shown in [174] (see also [49]), the hypotheses yield that the
function (@(-,0))* is actually the w(X™, X)-lower semicontinuous hull of
inf xcy+ @*(-, y*). The conclusion is then a consequence of Theorem 2.13. |

Corollary 2.12. [f the function @ is also convex and lower semicontinuous and the
Sfunction infyxcy« @*(-, y*) is (X ™, X)-lower semicontinuous, then for all x € X
it holds

0D (-, 0)(x) = | Pry=d,@(x.0).
n>0

One can prove the following characterization via subdifferential inclusions of
a situation of e-duality gap for (PG) and (DG) in the same way as done for
Theorem 2.11, too.

Theorem 2.15. Let x € X. Then

0:@(- 0)(x) = (| Pry=de4,@(x.0)
n>0

holds if and only if for each x* € 0,®(-,0)(x) one has

D(x,0) — (x*.x) < sup {—P*(x*,y")} +e (2.3.18)

y*ey*

Remark 2.20. For an x* € 9,P(-,0)(x), the right-hand side of (2.3.18) is actually
v(DG,*) + ¢, while in the left-hand side we have something that can be larger than
or equal to (PG, ). Thus, (2.3.18) yields the e-duality gap for (PGy+) and (DGy*)
and in Theorem 2.15 we provide a sufficient condition based on subdifferential
inclusions that guarantees it.

Besides the e-duality gap statements for (PG) and (DG) provided above, we can
formulate other characterizations via subdifferential inclusions, as follows.
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Theorem 2.16. Let x € X. Then
0D(-,0)(x) = Pry=9,P(x,0) (2.3.19)
holds if and only if for each x* € d®(-,0)(x) there exists a y* € Y™ such that
(P(0)*(x*) = ®*(x*,y*) —&. (2.3.20)

Proof. One always has 0®(-,0)(x) 2 Pry=0.®(x,0). The reverse inclusion holds
if and only if for each x* € d®(-, 0)(x) there exists a y* € Y * such that (x*, y*) €
0:P(x,0), i.e. D(x,0) + O*(x*,y*) < (x*,x) + &. But x* € 9®(-,0)(x) if and
only if (@(-,0))*(x*) = (x*, x) — ®(x, 0) and the desired equivalence follows. O

Theorem 2.17. One has

0,@(-,0)(x) = Pry=d,®(x,0) (2.3.21)
forall x € X and all v > 0 if and only if for all x* € X* it holds (®(-,0))*(x*) =
miny*ey* (D*(X*, y*).

Theorem 2.18. Let x € X. Then
3:D(-, 0)(x) = Pry=0,@(x,0)
holds if and only if for each x* € 0, ®D(:,0)(x) there exists a y* € Y* such that
D(x,0) — (x*,x) < —D*(x*,y") + &

Enriching the function @ with convexity and topological properties, one can
deliver another characterization of (2.3.21) that follows via Corollary 2.6 (see also
[28]), by means of a closedness type regularity condition this time.

Theorem 2.19. Let the function @ be also convex and lower semicontinuous. The
formula (2.3.21) is valid for all x € X and all v > 0 if and only if the set
Pry«xr epi @* is closed in the topology w(X™*, X) X X.

Using Theorem 2.16 and Corollary 2.6 one can show the following statement
(see also [28]).

Corollary 2.13. [f the function @ is also convex and lower semicontinuous and the
set Pry«yxg epi @* is closed in the topology w(X*, X) x &, then for all x € X it
holds

0P (-,0)(x) = Pry=0®(x,0).

Remark 2.21. The difference between the closedness type regularity conditions
considered in Corollaries 2.12 and 2.13 can be clearer observed by comparing the
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way they can be equivalently written as formulae for the conjugate of @(-,0). The
first of them consists of an infimum, thus it characterizes the stable zero duality
gap for (PG) and (DG), while the other one means that the same infimum is also
attained, i.e. there is stable strong duality for (PG) and (DG), being thus obviously
stronger than its counterpart. An example to underline this fact can be found in [56].
The difference between these two conditions can be seen also when we equivalently
characterize them as formulae for the e-subdifferential of @(-, 0) in Theorems 2.14
and 2.19, respectively.

The statements we provided within this subsection can be employed to deliver -
optimality conditions for (PG) and (DG), too, as follows. First we give a statement
that is a consequence of Theorem 2.12.

Theorem 2.20. (a) Assuming that the regularity condition (2.2.3) is fulfilled and
that x € X is an g-optimal solution to (PG), for each n > 0 there exists a
Yy € Y* such that (0,yy) € 0,4:®(x,0), i.e. D(x,0) + @*(0,y;) < n+e.
Moreover, y;‘ is an 1 + g-optimal solution to (DG).

(b) If x € X and for each n > 0 there exists a y, € Y™ such that (0,yy;) €
On+:P(x,0), then x € X is an e-optimal solution to (PG) and each y, is an
n + e-optimal solution to (DG).

Analogously one can employ Theorem 2.18 in order to achieve e-optimality
conditions for (PG) and (DG), as follows.

Theorem 2.21. (a) Assuming that the regularity condition (2.3.21) is fulfilled and
that x € X is an g-optimal solution to (PG), there exists a y* € Y™ such that
(0, y*) € 0:P(x,0), i.e. D(x,0)+D*(0, y*) < &. Moreover, y* is an e-optimal
solution to (DG).

(b) If x € X and y* € Y™ fulfill (0, y*) € 0.P(x,0), then x € X is an e-optimal
solution to (PG) and y* an ¢-optimal solution to (DG).

Remark 2.22. The other statements given in this subsection can be employed for
delivering e-optimality conditions for (PG) and (DG), too. Taking ¢ = 0 in
Theorem 2.21 or in the corresponding statements following from Theorems 2.16,
2.17 or 2.19 one rediscovers the optimality condition given in Corollary 2.8.

Now let us see what happens when the primal problem is particularized to be first
constrained, then unconstrained.

2.3.2 Constrained Scalar Optimization Problems

Consider again the framework of Sect.2.2.2 and we work with the constrained
primal optimization problem (PC) and the perturbations we employed for it in order
to attach dual problems to it. Let ¢ > 0. Using first the Lagrange perturbation
function &%, one obtains from Theorem 2.15 the following statement where a
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subdifferential inclusion characterizes a situation of e-duality gap for (PC) and
(DCh).

Theorem 2.22. Let x € X. Then

0:(f +8)0) =) U etntenmf +8s + M)

r]>0 z*EC*
if and only if for each x* € 0.(f + 8.7)(x) one has

F) = {x".x) = sup { = (f + @h)FEM)} +e.

z7*eC*

Analogously one can particularize the other statements from Sect.2.3.1 to
the present framework, too. For instance, Theorem 2.18 turns into the following
assertion.

Theorem 2.23. Let x € X. Then
0:(f +8:)x) = | deromm (f +8s + C*h)(x)

*eC*

if and only if for each x* € 9.(f + 8.7)(x) there exists a z* € C* such that

SO = (x"x) = =(f + @h)s(") + e
Adding convexity and topological hypotheses to the functions and sets involved,
one obtains the following consequences of Theorems 2.14 and 2.19, respectively.

Theorem 2.24. Let S be a closed and convex set, f a convex and lower semicon-
tinuous function and h a C -convex and C -epi-closed vector function. The formula

W(f +8)) =) U dvtntenm(f +38s + @ h)(x)

7)>0 z* ec*
is valid for all x € X and all v > 0 if and only if the function infxec+(f + (Z*h))%
is w(X*, X)-lower semicontinuous.

Theorem 2.25. Let S be a closed and convex set, f a convex and lower semicon-
tinuous function and h a C -convex and C -epi-closed vector function. The formula

0, (f +8:)) = | dvreme(f +8s + @)(x)

*eC*

isvalidforall x € X and all v > 0 if and only if the set U xec+ epi( f +(z*h)+6s5)*
is closed in the topology w(X*, X) X A.



36 2 Duality for Scalar Optimization Problems

Another perturbation function employed to assign a conjugate dual problem to
(PC) as a special case of (DG) is @~ The statements from Sect. 2.3.1 particularized
above for @ become in this case the following ones.

Theorem 2.26. Let x € X. Then

0:(f +8)(x) =) g (81 S () + 05, ((Z*h) + 85)(x))

n>0 7¥€C* £1,6,>0,
s1tea=e+n+("h)(x)

if and only if for each x* € 0.(f + 8.7)(x) one has

f() = (x*x) < sup {— f*O") - @5 -y} +e
eC*,
yrex*

Theorem 2.27. Let x € X. Then

0e(f +8)(x) = U (0, S (x) + 0, ((2"h) + 85)(x))

*eC* ,£1,82>0,
e1+er=e+n+(*h)(x)

if and only if for each x* € 0,(f + 8.7)(x) there exist z* € C* and y* € X™ such
that

S = (x"x) = =f*0") = T s(x* = y*) + e

Theorem 2.28. Let S be a closed and convex set, f a convex and lower semicon-
tinuous function and h a C -convex and C -epi-closed vector function. The formula

0(f +8)(x) =) g (31 S () + 05, ((Z*h) + 85)(x))
n>0  *eC™*1,6>0,
e1ter=v+n+("h)(x)

is valid for all x € X and all v > 0 if and only if the function infxcc+ fO(Z*h)%
is w(X*, X)-lower semicontinuous.

Theorem 2.29. Let S be a closed and convex set, f a convex and lower semicon-
tinuous function and h a C -convex and C -epi-closed vector function. The formula

0 (f +8)(x) = U (0, f(x) + 0, ((2"h) + 85)(x))

7¥€C* £1,6,>0,
e1tea=v+(z*h)(x)

is valid for all x € X and all v > 0 if and only if the set epi f™* 4+ U xcc+ epi(z*h)%
is closed in the topology w(X*, X) X A.
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Analogously one can particularize the other statements from Sect.2.3.1 to the
present framework, too.

2.3.3 Unconstrained Scalar Optimization Problems

Consider now the framework of Sect.2.2.3 and we work again with the uncon-
strained primal optimization problem (PU) and the perturbation function @Y
employed in order to attach dual problems to it. Let ¢ > 0. From Theorem 2.15
one obtains the following statement where a subdifferential inclusion characterizes
a situation of e-duality gap for (PU) and (DU).

Theorem 2.30. Let x € X. Then

0:(f+god®) =) |J (0:,/(x)+ A%3.,8(Ax))

n>0 ¢e1,62>0,
e1+er=¢+n

if and only if for each x* € 0,(f + g o A)(x) one has

() +g(Ax) = (x".x) = sup {— fH(A"Y") —g"(x" —yT)} +e.

yreX*
Further, Theorem 2.18 turns into the following assertion.
Theorem 2.31. Let x € X. Then
0:(f +go )= | J (9 (x)+ A*0,8(Ax))

£1,62>0,
e1+er=e

if and only if for each x* € 0,(f + g o A)(x) there exists a y* € X* such that
J) + g(Ax) — (x*.x) = = fH(ATY) —g"(x" —y") +&.
Adding convexity and topological hypotheses to the functions and sets involved,

one obtains the following consequences of Theorems 2.14 and 2.19, respectively.

Theorem 2.32. Let the functions f and g be also convex and lower semicontinu-
ous. The formula

Wif+god@ =) U (9 f(x)+ A%0,g(Ax))

n>0 £1,62>0,
e1t+er=v+n

isvalid for all x € X and allv > 0 if and only if the function inf ¢ c+ [f*(A*y*)_|_
g (- y*)] is w(X*, X)-lower semicontinuous.
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Theorem 2.33. Let the functions [ and g be also convex and lower semicontinu-
ous. The formula

W(f+goM)= ] (0. /(x)+ A%0:,g(Ax))

€1,62>0,
e1+er=v

is valid for all x € X and all v > 0 if and only if the set epi f* + (A* xidr)(epi g*)
is closed in the topology w(X*, X) X Z.

Analogously one can particularize the other statements from Sect.2.3.1 to the
present framework, too. We present here only what becomes Corollary 2.13 in this
framework, since this statement will be needed later in our presentation (see also
[21,48]).

Corollary 2.14. If the functions f and g are also convex and lower semicontinuous
and the set epi f* + (A* x idr)(epi g*) is closed in the topology w(X™*, X) X X,
then for all x € X one has

(f +goA)(x) =3f(x) + ATdg(Ax).

Moreover, one can see (PC) as an unconstrained optimization problem like in
Sect. 2.2.3 and the corresponding counterparts of the statements given above can be
formulated for it by particularizing these assertions or by employing the perturbation
function @F.

Remark 2.23. From the statements provided in Sects. 2.3.2 and 2.3.3 one can derive
g-optimality conditions for (PC) and (PU) and their dual problems, as done in the
general case in Theorems 2.20 and 2.21.

Remark 2.24. Further characterizations of stable e-duality gap and strong duality
statements via epigraph and subdifferential inclusions in the vein of the ones
provided within this chapter for constrained optimization problems can be found
in [14], while in [13] similar assertions are delivered for unconstrained composed
optimization problems (see also [43]). Moreover, in [28] we have provided equiv-
alent characterizations of stable zero duality gap and stable strong duality via
epigraph inclusions for both constrained and unconstrained, as well for composed
optimization problems with the involved functions taken convex.



Chapter 3
Minimality Concepts for Sets

3.1 Historical Overview and Motivation

Solving a scalar optimization problem usually means to determine the points
where the objective function attains its minimum (respectively maximum) over
the feasible set, but one can also look for solutions satisfying stronger conditions,
like weak sharp minima or strong minima. A similar situation can be found in
vector optimization, too, where due to the increased complexity of the problems
the solution concepts are more diversified. The most known and widely used of
them is the (Pareto-)minimality, whose roots go back to the late nineteen century
when Edgeworth and Pareto, respectively, introduced the first notions of optimality
in multiobjective optimization. Its underlying concept can be understood as follows.
Given an initial allocation of goods among a set of individuals, a change to a
different allocation that makes at least one individual better off without making any
other individual worse off is called a Pareto-improvement. An allocation is defined
as Pareto optimal when no further Pareto-improvements can be made. This notion
was then extended for partial orders induced by convex cones, a point being called
(Pareto-)minimal to a set where it belongs if there is no other element of the set
which is less than it with respect to the mentioned partial ordering.

However, the minimal elements of a set can be difficult to determine in many
situations and sometimes only some of them are required, thus different other
minimality concepts were considered in the literature. Some of them are weaker than
the classical one, as it is the case for the weak minimality and its generalizations,
while most of them are more restrictive than it, like the ideal minimality, strong
minimality or proper minimality. One can go even further by considering notions
like e-minimality or approximate minimality, but they surpass the purposes of the
present work.

In the literature one can find several weak minimality notions, some of them
mentioned for instance in [6, 7], defined via different interiority notions for the
cone that partially orders the working space. However the classical weak minimality
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introduced via a cone with a nonempty interior is the most used one because of its
alternative characterization via the linear scalarization. There exist several proper
minimality notions, too, reviewed and compared, for instance, in [48, Section 2.4].
However, for most of them the corresponding properly minimal elements are quite
difficult to identify because of the complexity of their definitions. The only one for
which the properly minimal elements can be relatively easily determined is actually
the most restrictive of these notions, namely the proper minimality in the sense
of linear scalarization. The corresponding properly minimal elements are actually
optimal solutions to an attached scalar optimization problem. But since the linear
scalarization may fail to deliver valuable results regarding the vector optimization
problems investigated for various purposes (see, for instance, [22,81]) and, on the
other hand, as an unfortunate choice of its scalarization parameters can lead to
unbounded scalar optimization problems (see, for instance [15,92]), other functions
with similar properties, i.e. strongly or strictly cone-monotone increasing, were
employed for the same purpose in works like [31,37,92,93,97,98, 102, 103, 139,
140, 166], giving birth to new proper and weak minimality notions, which under
certain conditions coincide with the already mentioned ones. Motivated by them, we
propose in Sect. 3.3.1 a general scheme for defining properly minimal elements with
respect to different scalarization functions, that will be employed later in Chap. 4 for
duality investigations on vector optimization problems.

We begin our investigations in Sect.3.2 by considering several minimality
notions for sets regarding the partial ordering induced by a convex cone that is not
necessarily pointed. We also compare them, showing that most of the inclusions
between different types of properly minimal sets given in [48, Section 2.4] for
pointed ordering cones remain valid in the more general framework, too. Then we
take the ordering cone to be also pointed and we deliver new weak conditions which
guarantee the coincidence of several types of properly minimal elements. We also
show that under mild hypotheses the scalarization properties of the classical weak
minimality, which is defined when the interior of the ordering cone of the space
we work in is nonempty, remain valid when we extend it by considering only the
quasi interior of the mentioned cone nonempty. Similar investigations are done for
relatively minimal elements, that are defined when only the quasi-relative interior
of the ordering cone is known to be nonempty.

3.2 General Ordering Cones

In this section we present various minimality concepts for sets that are considered
regarding the partial ordering induced by a convex cone that is not necessarily
pointed. Then we compare the different minimality sets corresponding to a given set.

Although some of the following definitions can be given in more general settings,
consider a Hausdorff locally convex space V partially ordered by the nontrivial
convex cone K C V. Beginning with Sect. 3.3 we will impose the fulfillment of the
condition gi K* # @, that yields K** # @ and, consequently, that the cone K is



3.2 General Ordering Cones 41

pointed. But, for the moment, we work with K possibly not pointed. Let M € V be
a nonempty set and we begin by recalling the definition of the minimal elements of
this set that is due to Borwein [18].

Definition 3.1. Anelementv € M is said to be a minimal element of M (regarding
the partial ordering induced by K ), if fromv =g v,v € M, follows v =g v. The set
of all minimal elements of M is denoted by Min(M, K) and it is called the minimal
set of M (regarding the partial ordering induced by K).

Remark 3.1. From Definition 3.1 follows that if v € M is a minimal element of M
then any v € M such that v =k v is also a minimal element of M. Note further that
v € Min(M, K) means that for all v € M fulfilling v =g v it is binding to have

v —v € {(K), which, when K is pointed turns into v = v.

Remark 3.2. One has v € Min(M, K) if and only if one of the following conditions
is fulfilled (cf. [48])

(i) Thereisnov € M suchthatv —v € K \ £(K);
i) v-K)NM Cv+K;
(iii) (~K)N (M —¥) C K.

The maximal elements of the set M (regarding the partial ordering induced by
K) are defined analogously, being actually the elements of the set Max(M, K) :=
Min(M,—-K) = —Min(—M, K).

Let us investigate now the relations that exist between the minimal elements of
M and M + K.

Proposition 3.1. It holds Min(M + K,K) " M < Min(M,K) € Min(M +
L(K),K) = Min(M + K, K), and the inclusions turn into equalities when K is
pointed.

Proof. If v € Min(M + K, K) N M, and there exists av € M such that v <g v and
v—v ¢ £(K), noting that v € M + K one obtains a contradiction to the minimality
of vin M 4+ K. Consequently, Min(M + K, K) N M C Min(M, K)

By [48, Lemma 2.4.1] it is known that Min(M, K) € Min(M + K, K).

Ifv e Min(M 4 £(K),K),thenv € M +£(K) € M + K.Letv € M and
k € K\{(K)suchthatandv+k <g v. Thenv =g v—k =g v. Asv,v € M +£(K)
and v € Min(M + £(K), K), it follows that v <k v, which yields v =g v + k, i.e.
v € Min(M + K, K). Consequently, Min(M + £(K), K) € Min(M + K, K).

Finally, for v € Min(M + K, K), if v € M + £(K), then, assuming that v ¢
Min(M + £(K), K) leads like above to a contradiction to the minimality of v in
M + K. Assuming that v ¢ M + £(K), there existv € M and k € K \ £(K) such
thatv = v+ k. Butv € M 4+ K, too,and v—v = —k € K \ £(K), that yields,
via Remark 3.2(iii), that v ¢ Min(M + K, K). Consequently, Min(M + K, K) C
Min(M + {(K), K). |

The minimality notion introduced above can be refined by defining the so-
called properly minimal elements of a set with respect to the considered ordering
cone. Properly minimal elements turn out to be minimal elements with additional
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properties. In the literature one can find different types of properly minimal elements
and we shall deal in the following with some of them, namely the ones considered
for the case K pointed in [48, Section 2.4]. The only exception concerns the ones
in the sense of Geoffrion (cf. [48, Definition 2.4.6]), which are defined only when
K is the nonnegative orthant of an Euclidian space, hence pointed. We show how
the definitions of the properly minimal elements of a set (regarding the partial
ordering induced by K) can be extended for the current framework. Moreover,
the inclusion relations between the sets of different properly minimal elements
proven in [48, Subsection 2.4.3] can be generalized for the situation when K is not
necessarily pointed, too. The proofs of these results are adapted from the ones in
[48, Subsection 2.4.3], but we include them here for the convenience of the reader.
Note also that here we work only with properly minimal elements, for considering
properly maximal elements one needs only replace the cone K by —K.

The first notion of proper minimality we introduce and investigate extends for not
necessarily pointed ordering cones the one due to Hurwicz (cf. [113,130]). Note that
it can be considered even in the more general setting of topological vector spaces.

Definition 3.2. Anelementv € M is said to be a properly minimal element of M in
the sense of Hurwicz (regarding the partial ordering induced by K ) if cl(coneco((M
—v)UK))N(=K) C K. The set of all properly minimal elements of M in the sense
of Hurwicz is denoted by PMing, (M, K).

Remark 3.3. The proper minimality of v € M in the sense of Hurwicz can be
equivalently written as 0 € Min ( cl(coneco((M —v) U K)), K )

Remark 3.4. In Definition 3.2, in Remark 3.2(iii) and further in all the definitions
of properly minimal elements that will follow in this section except the ones in the
sense of linear scalarization one can replace in the right-hand side of the inclusions
the cone K with £(K), respectively K’ with £(K’) in Definition 3.6.

Remark 3.5. Since M — v C cl(coneco((M —v) U K)), Remark 3.2(iii) yields that
PMing, (M, K) C Min(M, K).

Proposition 3.2. It holds PMing,(M,K) = PMing,(M + {(K),K) =
PMing,(M + K, K).

Proof. Since coneco((M —v)UK) = coneco((M +£(K)—v)UK) = coneco((M +
K —v) U K), the conclusion follows immediately. O

To overcome the drawback of Geoffrion’s classical definition of proper minimal-
ity that is limited to the ordering cone K = RX , Borwein proposed in [16] a more
general notion of proper minimality, extended for not necessarily pointed ordering
cones as follows.

Definition 3.3. Aneclementv € M is said to be a properly minimal element of M in
the sense of Borwein (regarding the partial ordering induced by K ) if cl1 T+ x (V) N
(—K) C K. The set of all properly minimal elements of M in the sense of Borwein
is denoted by PMing,(M, K).
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Remark 3.6. The proper minimality v € M in the sense of Borwein can be
equivalently written as 0 € Min (cl Tu+x (), K ) Moreover, if V is metrizable,
then the tangent cone is closed and in this situation one may omit the closure
operation within Definition 3.3.

Remark 3.7. If K = {0}, [48, Remark 2.4.6(b)] yields PMing,(M,K) C
Min(M, K). The same conclusion can be obtained when K = {0}, too, as
follows. Assuming that v € PMing,(M, K) \ Min(M, K), there exists av € M
such that v — v € K \ {(K). For /[ > 1, taking vy = v + (1/D)(v — v),
one gets vy = v+ (I —1)/D)v—v) € M + K. As limj_,yv; = Vv and
limjsq00l(vy —v) = v — v, it follows v — v € Tyix(). Then v — v €
Tu+xk @) N (=K \U(K)) CclTy+x() N(=K),but, sincev—v € K \ £(K), this
contradicts the proper minimality of v.

Proposition 3.3. It holds PMing,(M,K) < PMing,(M + {(K),K) =
PMing,(M + K, K).

Proof. Tt always holds M + K € M + K + {(K) € (M + K) + K, and the
convexity of K guarantees that M + K = M + K + {(K) = (M + K) + K.
Therefore, TM+K(‘_}) = TM+((K)+K(‘_}) = TM+K+K(‘_}) forallve M + K. Taklng
into consideration that M € M +{(K) € M + K, it follows that PMing, (M, K) C
PMing,(M + £(K), K) € PMing,(M + K, K).

Take v € PMing,(M + K, K).If v € M + £(K), one immediately gets v €
PMing, (M + £(K), K). Otherwise, there existv € M and k € K \ £(K) such that
v =v+ k. Then, forall/ > 1,one getsv; = v+ (({ —1)/)(v —v) € M + K,
hence, like in Remark 3.7, it follows v —v € ¢l Ty 4 x (v) N (—=K), but, since v—v €
—K\{£(K), this contradicts the proper minimality of v, consequently v € M +£(K),
therefore PMing,(M + K, K) € PMing,(M + {(K), K). |

Another proper minimality notion introduced in order to extend Geoffrion’s one
for general convex cones originates from Benson’s paper [11] and it can be extended
for not necessarily pointed ordering cones as follows.

Definition 3.4. Anelementv € M is said to be a properly minimal element of M in
the sense of Benson (regarding the partial ordering induced by K) if cl cone(M +
K —v) N (—K) € K. The set of all properly minimal elements of M in the sense
of Benson is denoted by PMing. (M, K).

Remark 3.8. Since M — v C clcone(M + K — v), Remark 3.2(iii) yields that
PMing, (M, K) € Min(M, K).

Proposition 3.4. It holds PMing.,(M,K) < PMing.,(M + {(K),K) =
PMing. (M + K, K).

Proof. The convexity of K guaranteesthat M + K = M + K+4(K) = (M +K)+
K. Therefore, forall v € V it holds cone(M + K —v) = cone(M + K +{(K)—v) =
cone(M + K + K —v) and, taking into consideration that M € M +{(K) € M +K,
it follows that PMing,. (M, K) € PMing,(M + £(K), K) C PMing.(M + K, K).
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Take v € PMing. (M + K, K).If v € M + {(K), one immediately gets v €
PMing, (M + £(K), K). Otherwise, there exist v € M and k € K \ £(K) such
that v = v + k. Thenv € M + K and v <k v, hence, via Remarks 3.8 and
31, v—v € {(K). But v —v = k ¢ {(K), therefore PMing,(M + K,K) C
PMing.(M + £(K), K). ]

Remark 3.9. Because Ty +x(v) C clcone(M + K — v) whenever v € M + K,
it follows that PMing,(M, K) € PMing,(M, K), which turns into an equality
when M + K is convex. Note also that for v € M it holds cone(M + K —v) C
coneco((M —v) U K), the two sets coinciding if M + K is convex. Thus we have
in general that PMing, (M, K) € PMing.(M, K), while when M + K is convex it
follows that PMing, (M, K) = PMing.(M, K) = PMing,(M, K).

In the following we consider another proper minimality concept due to Borwein,
originally given for not necessarily pointed ordering cones (cf. [17]), that is defined
in a quite similar manner to the one of Benson.

Definition 3.5. An element v € M is said to be a properly minimal element of M
in the global sense of Borwein (regarding the partial ordering induced by K) if
cl(cone(M —v)) N (—=K) € K. The set of all properly minimal elements of M in
the global sense of Borwein is denoted by PMingg(M, K).

Remark 3.10. Since M — v C clcone(M — V), Remark 3.2(iii) yields that
PMingz(M, K) € Min(M, K).

Remark 3.11. It holds PMing,(M, K) = PMingg(M + K, K).
Proposition 3.5. I holds PMingg(M + K, K) € PMingg(M + £(K), K).

Proof. When v € PMingg(M + K, K), assuming that v ¢ M + £(K) implies the
existence of av € M and k € K\{(K) suchthaty = v+k. Thenv € M +£(K) and
v = v, hence via Remarks 3.10 and 3.1 one gets v—v € £(K).Butv—v = k ¢ {(K),
therefore v e M + £(K).

Since cone(M + £(K) —v) € cone(M + K — V), from clcone(M + K —
v) N (—K) € K one immediately gets clcone(M + £(K) —v) N (—K) = {0},
consequently, v € PMingg(M + £(K), K). O

Remark 3.12. Taking into account the corresponding definitions, one immediately
gets that PMing.(M, K) < PMingg(M, K). Consequently, via Remark 3.11,
one can complete Proposition 3.5 with the inclusion PMingg(M + K,K) C
PMingg(M, K). Of interest would be to determine whether between PMingz(M, K)
and PMingg(M +£(K), K) can be established any inclusion in general. On the
other hand, as noted in [48] for K pointed, no relation of inclusion between
PMing,(M, K) and PMingg (M, K) can be given in general. However, taking
into account Remark 3.9, when M + K is convex, then PMing,(M, K) C
PMingg(M, K).

A formally different proper minimality approach is the following one that extends
for not necessarily pointed ordering cones the notion introduced by Henig in [120]
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and Lampe in [153] by employing a nontrivial convex cone K’ C V that contains
the given ordering cone K.

Definition 3.6. An element v € M is said to be a properly minimal element of M
in the sense of Henig and Lampe (regarding the partial ordering induced by K) if
there exists a nontrivial convex cone K’ C V with K \ £(K) C qri K’ \ £(K’) such
that (M —v) N (—=K’) € K’. The set of all properly minimal elements of M in the
sense of Henig and Lampe is denoted by PMing, (M, K).

Example 3.1. WhenV =R?and K = R x {0}, thenqriK =1iK = K = —-K =
£(K). Therefore, in this situation, qri K \ £(K) # qri K.

Remark 3.13. Since for v € M and K’ as given in Definition 3.6 it holds (M —
V)N (—K) € (M — ) N (—K’), Remark 3.2(iii) yields that PMing, (M, K) C
Min(M, K).

Remark 3.14. Note that v € PMing (M, K) implies v € Min(M, K'), while the
existence of K’ as asked in Definition 3.6 for which v € Min(M, K’) yields v €
PMinHL(M, K)

Proposition 3.6. It holds PMing (M, K) € PMing, (M + K, K) = PMing (M +
UK), K).

Proof. The inclusion of PMingz (M, K) in each of the other two sets follows from
Proposition 3.1 and Remark 3.14.

When v € PMing (M + K, K), assuming that v ¢ M + {(K) implies the
existenceofav € M andk € K\{(K) suchthatv = v+k.Thenv € M +£(K) and
v = v, hence via Remarks 3.13 and 3.1 one gets v—v € £(K). Butv—v = k ¢ {(K),
therefore v e M + £(K).

Moreover, there exists a nontrivial convex cone K’ C V such that K \ £(K) C
qri K’\4(K') and (M + K—v)N(—K’) C £(K'). Thus (M +£(K)—v)N(—K') C
£(K'"), hence v € PMing (M + £(K), K).

Vice versa, take v € PMing; (M +£(K), K). Thenv € M +£¢(K) € M + K and
there exists a nontrivial convex cone K’ C V such that K \ £(K) C qri K \ £(K")
and (M + £(K) —v) N (—K') C L(K').

Assuming that (M + K — V) N (—K’) € £(K’) does not take place, there would
existve M,k € Kandk’" € K"\ £(K’) suchthatv + k —v = —k’. Thenv — v =
—(k+Kk') € —(K +(K'\E(K"))) € —((K"\L(K")+(K'\E(K')) = —K'\L(K"),
but, on the other hand, v — v € £(K’) because (M + £(K) —v) N (—K') C L(K'),
therefore we reached a contradiction.

Consequently, v € PMing (M + K, K) and the proof is complete. O

The following statement reveals the relation between the proper minimality
notions in the sense of Benson and in the sense of Henig and Lampe.

Proposition 3.7. It holds PMing; (M, K) € PMing. (M, K).

Proof. If K = {0} the inclusion follows because of [48, Proposition 2.4.11]. Take
further that K # {0}.
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Let v € PMing, (M, K). Then v € M and there exists a nontrivial convex cone
K’ C Vsuchthat K\ £(K) C qri K’ \ £(K')and (M + K —v) N (—K’) C L(K').

Assume now that v ¢ PMing, (M, K), i.e. that there exists a k € K \ £(K) such
that —k € clcone(M + K — V). Then k € qri K’ \ £(K’) and consequently there
existv € M,u € Kandt > Osuchthatk =t(v+u—7) € —qri K’ \ £(K’). Then
v—ve—(qriK'\ LK) — K C —qriK'\{(K')— K' = —qri K’ \ £(K"). This
yields that v — v ¢ £(K’), contradicting the fact that (M —v) N (—K') C£(K’). O

The last proper minimality notion we introduce extends for not necessarily
pointed ordering cones the classical one based on linear scalarization, that identifies
minimal elements of M as solutions of scalar optimization problems.

Definition 3.7. An element v € M is said to be a properly minimal element of
M in the sense of linear scalarization (regarding the partial ordering induced by
K) if there exists a v* € {x* € K* : (x*,x) > 0 Vx € K \ £(K)} such that
(v*,v) < (v*,v) for all v € M. The set of properly minimal elements of M in the
sense of linear scalarization is denoted by PMin (M, K).

The properly minimal elements of M in the sense of linear scalarization are also
minimal, as the next result shows.

Remark 3.15. When v € PMin s(M, K), there exists av* € {x* € K* : (x*,x) >
0 Vx € K\ £(K)} such that (v*,v) < (v*,v) for all v € M. Assuming that v ¢
Min(M, K), there must exista v € M such that v —v € —K \ £(K). Then (v*,v —
v) > 0, but this contradicts the previous inequality, consequently PMinys(M, K) C
Min(M, K).

Proposition 3.8. I holds PMin;s(M, K) € PMin;s(M + K, K) = PMin; s(M +
LK), K).

Proof. When v € PMingg(M, K), there exists a v* € {x* € K* : (x*,x) > 0
Vx € K\ £(K)} such that (v*,9) < (v*,v) forallv € M.If k € K one has
(v*,k) = 0, consequently {(v*,v) < (v*,v+ k) forallv € M and all k € K, hence
7 € PMinzs(M + K, K).

If ¥ € PMingg(M + £(K), K), there exists a v* € {x* € K* : (x*,x) > 0
Vx € K\ £(K)} such that (v*,v) < (v*,v) forallve M + £(K).Ifk € K\ £(K)
one has (v*, k) > 0, consequently (v*,V) < (v*,v+g¢q) forallv € M andallg € K,
hence v € PMin;s(M + K, K).

When v € PMingg(M + K, K), there exists a v* € {x* € K* : (x*,x) > 0
Vx € K\ £(K)} such that (v*,v) < (v*,v) forallve M + K. Asv e M + K
there exist m € M and k € K such that v = m + k. Takingv = m € M + K in
the previous inequality one obtains (v*, k) < 0, that cannot take place if k ¢ £(K).
Thus v € M + £(K). Since v* € {x* € K* : (x*,x) > 0Vx € K\ £(K)}
fulfills also (v*,v) < (v*,v) forallv € M + £(K), it follows that v € PMin (M +
L(K), K), too. O

When K is pointed, the proper minimality in the sense of linear scalarization is
the most restrictive among the considered proper minimality notions. Let us show
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that in the more general framework used here the properly minimal elements in the
sense of linear scalarization are properly minimal elements in the senses of Hurwicz
and Henig and Lampe, respectively, too.

Proposition 3.9. It holds PMin (M, K) € PMing,(M, K).

Proof. If K = {0} there is nothing to prove. Assume that K # {0} and take v €
PMin;g(M, K). Then v € M and there exists a v* € {x* € K* : (x*,x) > 0
Vx € K \ £(K)} such that (v*,v) > 0 for all v € M — v. This yields that for
allv € (M —v) U K it holds (v*,v) > 0 and, consequently, (v*,v) > 0 for all
v € cl(coneco(M —v) U K).
Assuming that there exists ak € K\{(K) such that —k € cl(coneco(M —v)UK),
we get 0 < (v*, k) <0, that is a contradiction, consequently v € PMing, (M, K).
O

Proposition 3.10. It holds PMin;s(M, K) € PMing, (M, K).

Proof. When v € PMingg(M, K) it holds ¥ € M and there exists a v* € {x* €
K* : (x*,x) >0Vx € K\ £(K)} such that (v*,v) > 0 forall v € M — . Take
K :={veV:{*,v) > 0}U{0}. Obviously, K’ is a nontrivial pointed convex
coneand K\ 4(K) CintK' ={veV:{p*v)>0}=qriK'"

Assuming that there exists av € M suchthatv—v € — K’ \ £(K') = =K'\ {0},
it follows that (v*, v — v) > 0. This contradicts the fact that (v*,v) < (v*,v) for all
v € M, consequently v € PMing; (M, K). m|

Summarizing the results proven above, we obtain the following general inclusion
scheme for the proper minimal sets introduced in this section.

Theorem 3.1. It holds

PMian(M, K) - PMII’IHM(M, K)

C PMing, (M. K
S PMing (M. k) = PMinse(M. K)

- PMinGB(M, K)

C Min(M, K). 2.1
= PMing,(M, K) — in(M, K) (3.2.1)

Moreover, if M + K is convex, then (3.2.1) turns into

PMin;s(M, K) € PMing; (M, K) € PMiny, (M, K) = PMing, (M, K)
= PMing,(M, K) € PMings(M, K) € Min(M, K). (3.2.2)

Remark 3.16. In Definition 3.11 we define a proper minimality notion with respect
to general increasing scalarization functions, which contains as a special case
the one in the sense of linear scalarization. It is not known yet whether this
proper minimality notion can be brought into the inclusion schemes presented in
Theorem 3.1 (see also Remark 4.27).
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Remark 3.17. If K is pointed, because £(K) = {0} the definitions and results
provided in this section collapse, taking also int K’ instead of qri K’ in Defini-
tion 3.6, into their correspondents from [48, Subsection 2.4.3]. Note also that other
results regarding inclusions that exist between the sets of different proper minimality
notions attached to a set regarding the partial ordering induced by a pointed convex
cone can be found in [113, 154].

3.3 Pointed Ordering Cones

Consider further that qi K* # @. Then K*° # @ and, consequently, the cone K is
pointed. The definition of a minimal element of a set becomes then the following
one.

Definition 3.8. Anelement v € M is said to be a minimal element of M (regarding
the partial ordering induced by K) if there is no v € M satisfying v <g v. The set
of all minimal elements of M is denoted by Min(M, K) and it is called the minimal
set of M (regarding the partial ordering induced by K).

The corresponding maximality notion is defined analogously. The elements of the
set Max(M, K) := Min(M,—K) = —Min(—M, K) are called maximal elements
of M (regarding the partial ordering induced by K). Analogously, one can consider
corresponding maximality notions for all the other minimality concepts introduced
within this section. As seen in the previous section, the minimality notion introduced
above can be refined by defining the so-called properly minimal elements of a set
with respect to the ordering cone.

3.3.1 Properly Minimal Elements

As mentioned in Remark 3.17, the definitions of properly minimal elements
considered in Sect.3.2 are simpler when K is pointed. For reader’s convenience
we formulate in the present framework the two of them with which we work within
this subsection.

Definition 3.9. An element v € M is said to be a properly minimal element of M
in the global sense of Borwein (regarding the partial ordering induced by K) if
cl(cone(M —v)) N (—K) = {0}. The set of all properly minimal elements of M in
the global sense of Borwein is denoted by PMingg(M, K).

Definition 3.10. An element v € M is said to be a properly minimal element of
M in the sense of linear scalarization (regarding the partial ordering induced by
K) if there exists a v* € K*° such that (v*,v) < (v*,v) for all v € M. The set of
properly minimal elements of M in the sense of linear scalarization (regarding the
partial ordering induced by K) is denoted by PMin;s(M, K).



3.3 Pointed Ordering Cones 49

Remark 3.18. Specializing Theorem 3.1 for the situation when the ordering cone
K is pointed one rediscovers [48, Proposition 2.4.16]. The question when do the
inclusions in (3.2.2) turn into equalities is not only of theoretical importance.
For instance, having all but the last of them fulfilled as equalities would ensure
characterizations through linear scalarization for all the other properly minimal
elements of M. Several results in this direction were already obtained in the
literature and were summarised in [48, Subsection 2.4.3 and Subsection 2.4.4].
Note also that results on characterizations by means of scalarizations of the properly
minimal elements in the sense of Henig and Lampe can be found in [100, 175].

In the following we present other weak conditions which guarantee the coinci-
dence of some of the minimality notions considered above. To this end, we begin
with a separation statement.

Theorem 3.2. Let S and T be closed convex cones in V fulfilling T* + S*° =
qi(T* + S*). Then S N'T = {0} if and only if there exists av* € V*\ {0} such that
(v*,s) <0< (v*,t) foralls € S\ {0} andallt € T.

Proof. “<” If v* € V*\ {0} fulfills (v*,s) < 0 < (v*,¢) forall s € S \ {0} and
allt € T and we assume that there exists an x € S N T \ {0}, then it follows that
(v*, x) < 0 < (v*, x), which cannot happen. The necessity is thus proven and one
can easily observe that it is valid in the most general setting, i.e. when S and 7" are
simple nonempty subsets of V.

“=" Assume that no v* € V* \ {0} satisfies (v*,s) < 0 < (v*,1) forall s €
S\ {0} and all ¢ € T. Consequently, —S** N T* = @. Thus, by the hypothesis,
0¢qi(T*+S*). As0 € T*+S*, Lemma 1.2 yields that there exists an x € V' \ {0}
satisfying (0, x) < (t* + s*, x) forall s* € $* and all t* € T*. Then —(s*, x) <
(t*,x) forall s* € S* and all t* € T*, consequently, x € S* NT** =SNT.As
x # 0, the hypothesis S N T = {0} is contradicted, thus there exists a v* € V*\ {0}
such that (v*,s) <0 < (v*,¢) foralls € S \ {O}and allz € T. |

Remark 3.19. If A and B are convex subsets of V, recall that int(A + B) = B +
int A when int A # @, and core(A + B) = B + core A when core A # @ (cf. [196,
Theorem 2.1 and Theorem 2.2], see also [195]). Consequently, the assertion proven
in Theorem 3.2 extends for cones whose duals have not necessarily a nonempty
interior the separation statement for cones given in [16, Proposition 2] and [140,
Theorem 3.22], that has as consequence, for instance, Lemma 1.3. A situation that
stresses the applicability of our statement, while the other one fails is given below.

Example 3.2. Let V = {*(N), the real Hilbert space of the real sequences (X, ),en
such that Z:ozl |x,|> < +oo, equipped with the usual norm || - || : ¢> — R,
1]l = (52, 1xal?) "/ for all x = (x,)pen € €2 Take T = €3 = {(x,)ens €
02 : x, > 0Vn € N}, the positive cone of £2, and S = —Z%r. Then SN T = {0}
and T* = -§* = €2+. It is known that intfz+ = §, so [16, Proposition 2] and [140,
Theorem 3.22] cannot be applied in this case, but qiﬁ%r = {(Xp)neny € L2 1 x, >
0 Vn € N}. We also have T* + S** = {2 = qi(T* + S*). Theorem 3.2 yields then
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the existence of a v* € €%\ {0} such that (v*,s) <0 < (v*, 1) forall s € —£3 \ {0}
andall 7 € (2.

Using Theorem 3.2, one can show that under weak hypotheses all the classes of
proper minimal elements introduced for M coincide. In order to give these results,
let us introduce for the pair of sets (S, 7), where S, 7 C V suchthat S and S + T
are convex the following property

(Q0) T +qiS =qi(S + 7).

Remark 3.20. As mentioned in Remark 3.19, given the convex sets A, B € V, the
pair (A, B) has automatically the property (QC) when int A or core A is nonempty.
Moreover, in many situations where qi A # @ unlike the interior or algebraic interior
of A, itholds B + qi A = qi(4 + B), this equality being always satisfied when B
contains a single element. Thus, the property (QC) seems quite natural. Note that it
has been conjectured in [110] that when A, B C V are convex sets with qi A # 0, it
holds B+qi A = qi(A+ B), but in [223, Example 2] one can find a counterexample
showing that this property is not true in general.

Theorem 3.3. Letv € M such that the pair (K*, (cone(M —v))*) has the property
(QC) and let M be convex and K be closed. Then v € PMingg(M, K) if and only if
7 € PMinzs(M, K).

Proof. The sufficiency follows via (3.2.1), even without assuming M convex and
K closed, so we focus on the other implication. The convexity of M guarantees the
same property for cone(M — v). As K is closed and the proper minimality in the
global sense of Borwein of v means actually that (clcone(M —v)) N (—=K) = {0},
due to (QC) we can apply Theorem 3.2, obtaining the existence of a v* € V* \ {0}
for which

(v*,—k) <0 < (v*,v) Yk € K \ {0} Vv € clcone(M — 7). (3.3.3)

Then the first inequality in (3.3.3) yields v* € K*°, while from the second one can
deduce that for all m € M one gets 0 < (v*, m — v). Consequently, there exists a
v* € K*9 for which (v,v) < (v*,m) forallm € M,i.e. v € PMingg(M, K). O

Remark 3.21. One has (clcone(M — v))* = (cone(M —v)* = {y* € V* .
(VS t(v=9)=0Vve MVt =0} ={" e V*: (v, v) = (V5 V) Vve M}.

Using Theorem 3.3 and the fact that under its hypotheses M + K is convex,
(3.2.2) yields the following consequence.

Corollary 3.1. Letv € M such that the pair (K*, (cone(M —V))*) has the property
(QC) and let M be convex and K be closed. Then v € PMingg(M, K) if and only if
it is properly minimal to M in any other sense mentioned above.

Remark 3.22. A result similar to the one displayed in Corollary 3.1 is available in
[48, Theorem 2.4.27], where under the hypotheses int K* # @, K closed and M + K
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convex it is shown that an element is properly minimal to M in the sense of Borwein
if and only if it is properly minimal to M in any other sense except for the global one
of Borwein. But that statement is not applicable, for instance, for the finance model
with m investors trading securities and having identical expectations on the security
payoffs which is modeled in [1] as a vector optimization problem whose objective
function maps from a portfolio vector space to an ordered payoff vector space that
is L?($2, X, P), with p > 1, where (£2, X, P) is an underlying probability space.
Note that also in Theorem 3.3 we can weaken the assumption of convexity of M by
taking only the cone cone(M — v) convex. This is enough to guarantee the proper
minimality of a properly minimal element of M in the global sense of Borwein in
all other senses, except for the one due to Borwein, which can be caught under the
additional hypothesis M + K convex (cf. [48, Proposition 2.4.16]).

Now let us give a condition that guarantees the proper minimality in the sense of
linear scalarization of a minimal element of M.

Theorem 3.4. Let v € Min(M, K) such that cone(M —V) is convex and closed and
the pair (K*, (cone(M — v))*) has the property (QC), and let K be closed. Then
7 € PMings(M, K).

Proof. One can write v € Min(M, K) equivalently as (M —v) N (—K) = {0}. This
yields cone(M — v) N (—K) = {0}. Applying Theorem 3.2, one gets the existence
of av* € V*\ {0} for which

(v*,—k) <0 < (v*,v) Yk € K\ {0} Vv € cone(M — ).

Then v* € K*? and forall m € M itholds 0 < (v*,m —¥), i.e. v € PMin.g(M, K).
O

A consequence of this statement follows. Note that different to Corollary 3.1,
here it is not necessary to guarantee the convexity of M + K in order to include the
properly minimal elements of M in the sense of Borwein.

Corollary 3.2. Let v € Min(M, K) such that cone(M — V) is convex and closed
and the pair (K*, (cone(M — v))*) has the property (QC), and let K be closed.
Then v is properly minimal to M in every mentioned sense.

Remark 3.23. The hypotheses of Theorem 3.4 and Corollary 3.2 are sufficient to
guarantee that all the inclusions in (3.2.1) turn into equalities even without assuming
the convexity of M 4 K, a condition than ensures (3.2.2). Note also that asking
cone(M — V) to be closed together with the minimality of v in M guarantee that
v € PMingg(M, K).

Remark 3.24. Like in the proof of Theorem 6.1, one can show, by employing
Lemma 1.3, that if V = R¥, K is closed and M is polyhedral, any minimal element
of M is also properly minimal to M in the sense of linear scalarization. Different
other separation statements may be employed for the same purpose, too. However,
some of them may not deliver valuable hypotheses under which a minimal element
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v € M of M is also properly minimal to M in the sense of linear scalarization.
For instance, [48, Corollary 2.1.6] asks in order to separate M — v from —K that
v ¢ cl(M+ K),butwhenv € M, thenv € M + K, too, so the mentioned condition
cannot be fulfilled.

Next, we prove by means of scalar Lagrange duality another statement that
guarantees the proper minimality in the sense of linear scalarization of a mini-
mal element of M, without assuming the property (QC) fulfilled anymore. The
technique used to prove the following statement was inspired by the similar
investigations performed in [131] in the linear case.

Theorem 3.5. Let M be convex and v € Min(M, K) for which one of the following
conditions

(RCSz)‘ V is a Fréchet space, M and K are closed, and v € sqri(M + K),

(RCS3)| dim(M + K —¥) < +oo and ¥ € 1i(M + K),
and, respectively,

M and K are closed and there exists a A € K*°such that

(RCS4) U (epiom + (n.(n.7))) is closed in the topology w(V*, V) x X,
nEK*+A

is fulfilled. Then v € PMin;s(M, K).

Proof. Let A € K*° (the one that exists by (RCS,) if this condition is satisfied).
Consider the scalar optimization problem
P inf (A.v— 7).
(SP) £M<’VV>
v—ve—K
The satisfaction of any of the considered regularity conditions yields via
Remark 2.10 that there is strong duality for (SP) and its Lagrange dual problem

(LD) sup inf [(A,v—v) + (u,v—7)].
HEK* veEM

Consequently, there exists a i € K* such that

Vlenng. A,v—v) = Vlel‘lnf/;(/\ + i, v—v).
v—v€—K

Letj:= A+ it € K*O.

As v € Min(M, K), v is the only feasible point to the problem (SP) and,
consequently, its optimal objective value is 0. Thus, 0 = inf,ey (7, v—v), which can
be equivalently rewritten as (7, v) < (7,v) forallv € M, i.e. v € PMin.s(M, K).

O

A consequence of Theorem 3.5 follows.
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Corollary 3.3. Let M be convex and v € Min(M, K) for which one of the
conditions (RCS;), i € {2,3,4} is fulfilled. Then v is properly minimal to M in
every mentioned sense.

Remark 3.25. Taking a closer look at the proof of Theorem 3.5 one can notice
that the considered regularity conditions are employed for guaranteeing the strong
duality for (SP) and (LD). The classical Slater constraint qualification cannot be
considered in Theorem 3.5 (and consequently neither in Corollary 3.3) even if
int K # @ since when v € Min(M, K) it follows that v is the only feasible element
to the problem (SP) and consequently there exists no v € M for whichv—v € int K.

Moreover, the regularity condition (RCS,) yields, by employing the definition
of the strong quasi-relative interior, that cone(M + K — v) is closed. Using also
the minimality of v in M, that yields v € Min(M + K, K), it follows that the
only element cone(M + K — v) and —K have in common is 0, consequently v €
PMingz(M + K, K). By [48, Proposition 2.4.9] follows then v € PMingg(M, K).

Last but not least, it may be not so obvious how (RC/}) turns into (RCS;) for (SP)
in Theorem 3.5. The objective function of (SP) is lower semicontinuous because it
is an affine function, while its constraint function is K-epi-closed since it is a linear
function and K is closed. Considering for each ;1 € K* the function ¢, : V — R
defined by ¢, (v) = (A,v =) 4+ (u,v—"v) + Sp (v), one gets ¢, (v) = (A + p,v —
V) + 8y (v). Then

P (V") = s;g{(v*, V)= (A +u,v =)}

= (A +p ) +sup(v* = A —p,v) = (A +p,9) +ou(V =41 —p).
vEM

One has (v*,r) € epig* if and only if oy (v — A — ) < r — (A + u,v), which
happens when (v*,r) € epioy + (A + u, (A + w1, ).

After investigating some of the classical minimality concepts, let us introduce
other proper minimality notions that can be characterized via scalarization, gen-
eralizing thus the proper minimality in the sense of linear scalarization. As the
situation depicted in Example 3.3 shows, even in simple cases wrong choices of the
linear scalarization function can lead to unconstrained scalar optimization problems
which give no insights on the vector optimization problems they were derived
from. Moreover, for various other purposes, from delivering optimality conditions
for nonsmooth optimization problems (like in [81]) to investigating error bounds
for convex inequality systems (cf. [22]), the linear scalarization did not bring any
valuable results and other scalarization functions had to be employed.

Example 3.3 (cf. [15]). LetV =R, K = R2, M = {(x} —x2,x) " : (x1,x2) €
R?}. Forall A = (A1,4,)" € intR% = (R2)*® with A; # A,, one has inf{ATv :
v € M} = —oo, therefore no properly minimal element in the sense of linear
scalarization of the set M can be identified by using the corresponding scalarization
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functions. Only for A= (/_\1, )_kz)T € int Ri with 1; = A, one gets that Ao < ATy
for all v € M, whenever v € {0} x R.

Motivated by this, let us consider an arbitrary nonempty set of scalarization
functions defined on V' and taking values in R denoted by .# and using them we
introduce a more general proper minimality concept.

Definition 3.11. An element v € M is said to be an .# -properly minimal element
of M if there exists an s € .# such that s(v) < s(v) for all v € M. The set of all
A -properly minimal elements of M is denoted by PMin_, (M, K).

Remark 3.26. We will not deal with .#-properly minimal elements of M as
introduced above. This very general definition will serve as basis for approaching
vector optimization problems via duality with respect to . -properly efficient
solutions with the scalarization functions equipped with valuable properties, like
convexity and K-monotonicity.

3.3.2 Weakly Minimal Elements

There are minimality notions weaker than the classical minimality, too, among
which we recall the following one. In order to consider it we take within this
subsection qi K # 0.

Definition 3.12. An element v € M is said to be a weakly minimal element of M
(regarding the partial ordering induced by K) if (v —qi K) N M = @. The set of all
weakly minimal elements of M is denoted by WMin(M, K).

Remark 3.27. In the literature the weak minimality is usually considered for the
cases int K # @ or core K # @, when the nonempty set coincides with qi K. But
there are vector optimization problems, as mentioned for instance in [1, 80, 100]
where the image space is partially ordered by convex cones with empty interiors.
Motivated by them, weakly minimal elements defined by means of the quasi interior
were considered in works like [105, 106, 115, 198], being called quasi-weakly
minimal elements or qi-minimal elements. However, in [110] and here we opted to
name them simply weakly minimal elements because of two reasons. Firstly, in the
literature there were already considered several types of quasi-minimal elements that
do not coincide with the ones introduced in Definition 3.12 (see, for instance, [158]).
On the other hand, if the pair (K, M) has the property (QC) (which automatically
happens if int K # @ or core K # @) our results extend their counterparts known in
the literature for the classical weakly minimal elements, as we shall see later in this
chapter and also in Sect. 4.3. Note also that in the literature one can find generalized
weakly minimal elements defined by means of the (quasi-)relative interior of the
ordering cone (see, for instance, [6,7, 115, 129,219]) and we will deal with such
elements in Sect. 3.3.3.
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Analogously, v € M is a weakly maximal element of M (regarding the partial
ordering induced by K) if (v +qi K) N M = @. We denote by WMax(M, K) the set
of all weakly maximal elements of the set M (regarding the partial ordering induced
by K). One can prove that WMin(M, —K) = — WMin(—M, K) = WMax(M, K).

Remark 3.28. The relation (v — qiK) N M = @ in Definition 3.12 can be
equivalently rewritten as (M —v)N(—qi K) = @. Whenever the cone K is nontrivial
we notice that if we consider as ordering cone in V' the cone K = qi K U {0},
then ¥ € WMin(M, K) if and only if (# — K) N M = {v}, which actually means
v € Min(M, K).

Remark 3.29. If K is not dense in V, any minimal element of M is also weakly
minimal to M since (v — K) N M = {v} implies via Proposition 1.1(a) that (v —
qgqK)NM = @.1If K = V then WMin(M, K) = @, as it happens also in the
classical theory of weakly minimal elements where int K # @.

Proposition 3.11. It holds
WMin(M + K, K) N M € WMin(M, K) € WMin(M + K, K).

Proof. f v € WMin(M + K, K) N M, (v—qiK)N (M 4+ K) = 0. As (v —
g K)YNM C (v—qi K)N (M + K) it follows (v —qi K) N M = @, too, therefore
v € WMin(M, K).

Consider now an element v € WMin(M, K) assumed not to be a weakly minimal
element of the set M + K. Then there is an elementv € (v —qi K)N(M + K) # @
and there is an u € M withv —v € qiK and v — u € K. Consequently, by
using Proposition 1.1(c) we obtain that v — u € qi K + K = qi K, or alternatively
u € (v—qi K) N M. Hence, v is not a weakly minimal element of the set M, and
the conclusion follows by contradiction. O

Next we formulate some necessary and sufficient characterizations via linear
scalarizations of the weakly minimal elements of the set M with respect to K.

Theorem 3.6. If M + K is convex, the pair (K, M) has the property (QC) and
v € WMin(M, K) then there exists a v* € K* \ {0} such that (v*,v) < (v*,v), for
allve M.

Proof. As v € WMin(M, K), using also the property (QC), one gets v ¢ M +
qiK = qi(M + K). Asv € M + K, we can apply Lemma 1.2, which guarantees
the existence of a v* € V* \ {0} such that

(V' v+k)>{@* v)forallve M and k € K. (3.3.4)

As K is a cone, (3.3.4) yields v* € K*. Taking k = 0, (3.3.4) implies (v*,V) <
(v*,v) forallve M. ]
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Proposition 3.12. Let a function f : V — R which is strictly K-increasing on
M. If there is an element v € M fulfilling f(v) < f(v) for all v € M, then
v € WMin(M, K).

Proof. If v ¢ WMin(M, K), then there exists a v € (v — qi K) N M. This implies
f(v) < f(¥), which contradicts the assumption. O

If the cone K is moreover closed, Proposition 3.12 and Example 1.2 yield the
following statement.

Theorem 3.7. If K is closed and there exist v¥ € K* \ {0} and v € M such that
forallv € M it holds (v*,v) < (v*,v), thenv € WMin(M, K).

From Theorems 3.6 and 3.7 we obtain the following equivalent characterization
via linear scalarization of the weakly minimal elements of M with respect to K.

Theorem 3.8. Ifv e M, M + K is convex, the pair (K, M) has the property (QC)
and K is closed, then v € WMin(M, K) if and only if there exists a v* € K* \ {0}
satisfying (v*,v) < (v*,v) forallv € M.

Remark 3.30. In Theorem 3.8 we have extended the characterization via scalariza-
tion of the weakly minimal elements of a given set (regarding the partial ordering
induced by a convex cone) for the case when only the quasi interior of the ordering
cone is nonempty. In the literature such characterizations were previously known
to hold only if the interior or the algebraic interior of the cone were nonempty,
when the pair (K, M) has automatically the property (QC) when M is convex (cf.
[195, 196], see also Remark 3.19), see for instance [48, Corollary 2.4.26]. Other
attempts in order to extend these results were made by relaxing the convexity
hypotheses, see for instance [91, Theorem 5.3].

3.3.3 Relatively Weakly Minimal Elements

There are minimality notions even weaker than the weak minimality that we treated
in Sect. 3.3.2, like the following one, which requires only the nonemptiness of the
quasi-relative interior of the ordering cone. Therefore, we take within this subsection
qri K # 0.

Definition 3.13. Anelement v € M is said to be a relatively minimal element of M
(regarding the partial ordering induced by K) if (v — qri K) N M = @. The set of
all relatively minimal elements of M is denoted by RMin(M, K).

Remark 3.31. As mentioned in Remark 3.27, one can find in the literature vector
optimization problems where the image space is partially ordered by convex cones
with empty interiors and in such situations generalizations of the classical weakly
minimal elements of the corresponding image sets can be employed. Generalized
weakly minimal elements defined by means of the quasi-relative interior of the
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ordering cone as we have done in Definition 3.13 can be found, for instance, in
works like [6, 7, 115, 129, 219], where they are called quasi relative minimal or
weakly minimal, respectively. However, as the quasi-relative interior collapses into
the relative interior in finitely dimensional spaces and in order to avoid not necessary
complications, we opted for the name given in Definition 3.13.

Analogously, v € M is a relatively maximal element of M (regarding the partial
ordering induced by K) if (v + qriK) N M = @. We denote by RMax(M, K)
the set of all relatively maximal elements of the set M (regarding the partial
ordering induced by K). One can prove that RMin(M, —K) = —RMin(—M, K) =
RMax(M, K).

Remark 3.32. The relation (v — qriK) N M = @ in Definition 3.13 can be
equivalently rewritten as (M — v) N (—qri K) = @. If K is nontrivial, considering
also the cone K = qri K U {0} one has ¥ € RMin(M, K) if and only if ¥ €
Min(M, K).

Employing Proposition 1.1(b), one can easily prove the following statement.

Proposition 3.13. Ifcl K is pointed, then Min(M, K) € RMin(M, K), while when
K =V it holds RMin(M, K) = @.

We give now a statement similar to Proposition 3.11, but for the relatively
minimal elements of M and M + K.

Proposition 3.14. It holds RMin(M + K, K) N M < RMin(M, K) € RMin(M +
K, K).

Proof. f v € RMin(M + K,K) N M, then (v —qriK) N (M + K) = @. As
V—qriK)NM C (v—qriK) N (M + K), it follows that (v — qri K) "N M = @,
too, therefore v € RMin(M, K).

If v € RMin(M, K) \RMin(M + K, K), then there existv € (v—qri K) N (M +
K) # @ andu € M such thatv—u € K. Then v—v € qri K, thus Proposition 1.1(c)
yields v —u € qri K + K = qri K, consequently u € (v — qri K) N M. Hence
v ¢ RMin(M, K) and the conclusion follows by contradiction. |

Analogously to the property (QC) considered in Sects.3.3.1 and 3.3.2 for the
case qi K # 0, in order to characterize via scalarization the relatively minimal
elements of M with respect to K we introduce for the pair of sets (S, 7) where
S, T € V such that S and S + T are convex the following property

(OR) T +qriS = qri(S + 7).

Remark 3.20 applies if qi K # @. Regarding the property (QR), one can easily
find pairs of sets that have it and some that do not, as seen below. Note also that
Proposition 1.2(b) yields the fulfillment of (QR) for any pair (S, {v}), wherev € V.

Example 3.4. If V = R?, the pair consisting of K = {0} xRy and T = (0, 1) x {0}
has the property (QR), while the same K and C = [0, 1] x {0} do not. Note that
qi K = int K = @ in this case.
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Next we formulate some necessary and sufficient characterizations via linear
scalarization of the relatively minimal elements of M with respect to K.

Theorem 3.9. If M + K is convex, the pair (K, M) has the property (QR) and
v € RMin(M, K), then there exists a v* € K* \ {0} such that (v*,v) < (v*,v) for
allve M.

Proof. As v € RMin(M, K) one gets that v ¢ v + qri K for all v € M. Thus,
v ¢ M + gri K, consequently, via (QR), v ¢ qri(M + K). Asv € M + K,
Lemma 1.1 grants the existence of a v* € V* \ {0} such that

(Vv < (W, v+k)Vve M Vk € K,

that, because K is a cone, yields that v* € K* \ {0} and, moreover, for k = 0,
(v, v) < (v*,v) forallu e M. |

In case V= R” the hypotheses of Theorem 3.9 can be simplified as follows.

Theorem 3.10. If M, K C R" with K a nontrivial convex cone and M + K convex
and v € RMin(M, K), then there exists a v* € K* \ {0} such that (v*,v) < (v*,v),
forallve M.

Proof. As v € RMin(M, K), Proposition 3.14 yields v € RMin(M + K, K), i.e.
v—r1riK)N (M + K) = @. Then, ri(v — K) Nri(M + K) = @ and the classical
separation theorem due to Rockafellar (cf. [178, Theorem 11.3]) yields the existence
of av* € V*\ {0} such that

WV v—p) < (' v+k)Vve MVk, peKk.

As K is a cone, this inequality implies v* € K* \ {0} and, when p = k = 0, also
(v*,v) < (v*,v) forallyv e M. ]

Theorem 3.11. Let a function f : V — R that is relatively strictly K -increasing
on M. If there is an element v € M fulfilling f(v) < f(v) forallv € M, then
v € RMin(M, K).

Proof. If v ¢ RMin(M, K), then there exists av € (v — qri K) N M. This implies
f(v) < f(v), which contradicts the assumption. |

Using Theorem 3.11 and Example 1.2 one can prove the next statement.

Theorem 3.12. If K° # @ and there exist v¥ € K* \ {0} and v € M such that for
allv € M it holds (v*,v) < (v*,v), then v € RMin(M, K).

Combining Theorems 3.9 and 3.12 we obtain an equivalent characterization via
linear scalarization for the relatively minimal elements of M with respect to K.

Theorem 3.13. Letv € M, K° # @, M + K be convex and assume that the pair
(K, M) has the property (QR). Then v € RMin(M, K) if and only if there exists a
v e K*\ {0} satisfying (v*,v) < (v*,v) forallv e M.
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Remark 3.33. 1f K is closed and qi K # @, the investigations from this subsection
collapse into the corresponding ones from Sect. 3.3.2.

Remark 3.34. One can define elements similar to the relatively minimal ones by
means of other generalized relative interiors of the ordering cone, like the strong
quasi-relative interior. But, as noted in Example 3.4, not even all the pairs consisting
in a convex cone and a convex subset of R” have the property (QR) (for the relative
interior in this case), therefore it should be imposed for the ordering cone in each
case and the corresponding results would be only special cases of the ones proven
in this subsection. However, it makes sense to consider relatively minimal type
elements defined by means of other generalized relative interiors of the ordering
cone for other purposes, as done for instance in [6,7].



Chapter 4
Vector Duality via Scalarization for Vector
Optimization Problems

4.1 Historical Overview and Motivation

As seen in Chap.3, one can consider different minimality notions for sets and
these can be employed in different situations in order to serve various purposes,
among which one can find the theory of vector optimization. Solving a vector
optimization problem amounts of determining its feasible elements where the value
of its objective function satisfies the desired minimality property within the image
set of the feasible set through the objective function, the so-called image set of the
vector optimization problem. These elements are usually called efficient solutions.

One can find in the literature different types of efficient solutions, called after
the minimality notions the values taken there by the objective functions satisfy in
the image sets of the vector optimization problems in discussion. The best known
and most used of these efficiency notions is the classical (Pareto-)efficiency, but
the corresponding efficiency set, i.e. set of efficient solutions, is sometimes not
so easy to determine. In order to avoid such a situation, various other types of
efficient solutions were proposed in the literature, following the existing minimality
concepts, or, in some cases, generating them, as several minimality notions were
actually derived from efficiency notions proposed for vector optimization problems.
Some of the efficiency notions are weaker than the classical one, as it is the case
for the weak efficiency and its generalizations or for the e-efficiency or approximate
efficiency, while most of them are more restrictive than it, like the ideal efficiency,
strong efficiency or proper efficiency.

In the literature one can find several weak efficiency notions, that are defined with
respect to a partial ordering induced by some (generalized) interior of the initial
ordering cone, and more proper efficiency ones, derived from the corresponding
proper minimality concepts, the most important of which were considered in
Chap. 3. With respect to the considered efficient solutions one can attach to the
investigated vector optimization problem one or more vector dual problems. In
the literature one can find several ways to do this, for instance by means of
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set-valued techniques, by using geometric properties or sometimes quite strange
constructions or, last but not least, via conjugate functions. Besides the large
number of papers dedicated to or touching the subject, one can find sections or
chapters dedicated vector duality in many respected books dedicated to vector
optimization such as [140, 155, 193], and the most complete overview on vector
duality methods and techniques at the moment is the monograph [48]. There one
can find quite complete investigations concerning vector duality of conjugate type
via scalarization, of Wolfe and Mond-Weir type and of set-valued type. For vector
duality investigations regarding constrained vector optimization problems we refer
also to [54,55,101, 138, 140, 170,200], while in contributions like [26, 58,59, 102]
duality statements for unconstrained optimization problems are given.

The arguably most usual way to approach a vector optimization problem is by
scalarizing it, i.e. by attaching to it a scalar optimization problem or a family
of such problems, whose solutions are hoped to deliver the desired efficient
solutions of the original vector optimization problem or at least valuable insights
regarding them. Among the scalarization methods the linear one is by far the
most known and widely used, but in different circumstances (as, for instance, in
the ones presented in [22, 81]) it may deliver no valuable results regarding the
vector optimization problems and, on the other hand, an unfortunate choice of its
scalarization parameters can lead to unbounded scalar optimization problems (see,
for instance [15,92]). That is why several other functions with similar properties, i.e.
strongly or strictly cone-monotone increasing, were employed for the same purpose
in works like [31,37,92,93,97,98, 102, 139, 140, 166], giving birth to new proper
and weak minimality notions, from which corresponding proper and weak efficiency
notions were derived.

These facts motivated us to introduce in Sect. 3.3.1 a general scheme for defining
properly minimal elements with respect to different scalarization functions, that
will be used in this chapter for introducing different types of properly efficient
solutions with respect to which vector dual problems are assigned to the original
vector optimization problems.

We propose in Sect.4.2 a scheme for defining properly efficient elements of a
general vector optimization problem via a very general set of scalarization functions
and with respect to them several vector dual problems are attached to the primal one,
by employing the idea of construction considered in [58, 59, 140], following our
research from [31,37,48]. Then we specialize in Sect. 4.3 the scalarization function
to be one of the scalarization functions considered in the literature and, depending on
its cone-monotonicity properties, the corresponding vector duals and vector duality
statements are particularized, too. Finally, in Sect.4.4 we specialize the primal
problem to be constrained and unconstrained, respectively, and for each of them
we obtain from the general case new vector duals with respect to properly efficient
solutions in the sense of different scalarizations. The corresponding necessary and
sufficient optimality conditions are delivered in each case, too.
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4.2 Vector Duality via a General Scalarization for General
Vector Optimization Problems

After introducing in Chap. 3 several minimality notions for sets, we consider within
this section and the following ones the counterparts of some of them for vector
optimization problems, generically called efficient solutions. Then we assign vector
dual problems to these with respect to some types of properly efficient and weakly
efficient solutions.

Consider again a Hausdorff locally convex space V partially ordered by the
nontrivial pointed convex cone K C V. Let X and Y be two Hausdorff locally
convex vector spaces. The vector optimization problem we shall first work with is
the general vector-minimization problem

(PVG) Min F(x),
xeX

where F : X — V* is a proper vector function. The solution concepts we consider
for (PVG) follow from the ones introduced for sets in Chap. 3.

Definition 4.1. An element X € dom F is said to be an efficient solution to the
vector optimization problem (PVG) if F(x) € Min(F(dom F), K). The set of all
efficient solutions to (PVG) is called the efficiency set of (PVG), being denoted by
&(PVG).

Definition 4.2. When qi K # @, an element X € dom F is said to be a
weakly efficient solution to the vector optimization problem (PVG) if F(x) €
WMin(F(dom F), K). The set of all weakly efficient solutions to (PVG) is called
the weak efficiency set of (PVG), being denoted by # & (PVG).

In order to introduce also properly efficient solutions to (PVG), consider a set of
scalarization functions

J C {s Ve > R: F(dom F) + K C doms and s is proper, convex and
strongly K-increasing on F'(dom F) 4+ K and s(ocog) = +oo}.

Definition 4.3. An element X € X is said to be an .¥-properly efficient solution to
the vector optimization problem (PVG) if F(x) € PMiny (F(dom F), K). The set
of all .’-properly efficient solutions to (PVG) is said to be the .-proper efficiency
set of (PVG), being denoted by & »~(PVG).

Remark 4.1. Every .%-properly efficient solution to (PVG) belongs to dom F and
it is also an efficient solution to the same vector optimization problem. If qi K # @
and cl K # V, each efficient solution to (PVG) is a weakly efficient one, too.

In order to deal with (PVG) via duality, consider now the proper vector
perturbation function @ : X x Y — V* which fulfills &(x,0) = F(x) for
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all x € X. Like in the scalar case, Y is the perturbation space and its elements
the perturbation variables. Then 0 € Pry(dom @). The primal vector optimization
problem introduced above can be reformulated as

(PVG) Min &(x, 0).
xex

When s € ., the scalarized optimization problem attached to (PVG) is

(PG*) inf 5 0 @(x,0),

x€X
to which one can assign the following conjugate dual problems
(DGY) sup { —s*(v*) — (¥ ®)*(0, ")},

vFeK*,
yrey*

and, respectively,

(DG5) sup {— (s 0@)*(0,y*)}.

y*ey*

Using them, we attach to (PVG) the following dual vector problems with respect
to .-properly efficient solutions

(DVGY) Max h?"(s, v,y ),

Gy
* * B
(sv*,y* v)EA

where
By = {(S,v*,y*,v) €S XK xY*xV :s(v) <—s*(v")— (V*(p)*(o’y*)}
and

h97 (s,v*, y*,v) = v,

and, respectively,

(DVGY) Max  hS7 (s, y*,v),

Gy
(s.y*v)€S,

where

B = {(s,y*, VeI XY XV :is() < —(so0 cp)*(o,y*)}
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and
hS7 (s, y*,v) = v.

Remark 4.2. When s is also lower semicontinuous and @ is K-convex and K-lower
semicontinuous, one can replace (s o @)*(0, y*) in the definition of %26 Z with
infxegx{—s*(v*) — (V*®)*(-,)}(0, y*) (cf. [49, Theorem 3.1]). Similar observa-
tions can be formulated later for the other vector duals of this type that appear in our
presentation.

Without resorting to the vector perturbation function @ one can also attach to
(PVG) another vector dual, inspired by a vector dual considered for constrained
vector problems in [54,55] and [48, Subsection 4.3.2], namely

(DVG;/) MaX h:;GLy (Ss V),
(s.)eBy”
where
#97 = {60 € 7 XV 1 50) < inf s(F ()
3 xeX
and

hS7 (s,v) = v.

Remark 4.3. Tt is a simple verification to show that in general it holds (s o @)*
infxegx[s*(vV*) + (V*@)*(-)], thus whenever (s, v*, y*,v) € %IG/ we have s(v)
—(s0®)*(0, y*), which yields (s, y*,v) € %’zcy Consequently, h?y (%?") C hg””’
(%f “). Sufficient conditions for having equality in this inclusion can be found
in [48, Theorem 3.5.2]; we mention here only one, namely that, provided that @
is proper and K-convex, for each s € .¥ there exists a point X € dom F such
that s is continuous at F(x). But the scalarization functions most used in the
literature (see [31, 37] or Sect.4.3) are also continuous at least over the sets on
which they are strongly or strictly K-increasing and also the regularity condition
considered earlier for the strong duality statement regarding (DVGfW ) and (PVG)
covers the hypotheses mentioned above. Since in this case the first two vector duals
introduced above have the same images of their feasible sets through their objective
vector functions, it is not necessary to particularize both of them when dealing with
concrete scalarization functions from the literature in Sect. 4.3. However, we treat
them in the general case since the scalarization functions need not be continuous.
In Example 4.1 one can find a possible scalarization function of this kind, while in
Example 4.2 we deliver another one, in a situation where (DVGfW ) and (DVG; ) do
not coincide.

=
=
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Example 4.1. Let X =R,V =R* K =R%,
S = {s c(RY)®* > R:s(x,y) = x>+ y? +8R3r(x,y)}

and F : R - (R»®, F(x) = (x,0)T if x € (0,1) and F(x) = OOz,
otherwise. One can easily see that F(dom F) = (0, 1) x {0} and dom s = Ri, thus
the condition F(dom F) + ]R%r C domys is satisfied. Moreover, the scalarization
function s is proper, convex and strongly ]Ri-increasing on RZ, but it is not
continuous on F(dom F).

Example 4.2. Let X =R, Y =R,V =R? K = {(0,0)T},

xlnx —x + % ifx >0,y <0,
S =15 (@) >R s(x,y) =12 ifx =0,y <0,
+ 00, otherwise

and

X .
¢5R2—>(R2). @(x y): (x), 1fx=y=00r(x750andy7é0),
00¢(0,0)T}» Otherwise.

Then the scalarization function s is proper, convex and strongly K-increasing on its
domain and (&(-, 0))(dom @(-,0)) + K = {(0,0)} C [0, +00) X (—00, 0] = dom s.
Regarding the conjugates that appear in the formulation of (DVG’ly ) and (DVG’ZV ),
we have

et 4 WY ifyr e RVE <0,

e, ifvi e R,v; >0,

STV =

N * o,k
T A
and (s o @)*(0, y*) = 0 for all y* € R. It is straightforward to see that s(0,0) =
0= —(s 0 ®)*(0, y*) for all y* € R, thus (0,0) € h¥” (#57). On the other hand,
s*(vi,v3) > 0 for all vi,v; € R, thus —s*(v{,v3) — ((vf,v;‘)-rcp)*(o,y*) <0
whenever v, v;, y* € R. As 5(0,0) = 0, it is obvious that (0,0) ¢ hf” (%’f“ﬂ.
Consequently, (DVG‘{/ ) and (DVGz‘y/ ) do not coincide in this situation.

Remark 4.4. Note also that we have infyex s(F(x)) = —(s o @)*(0, y*) for all
(s,y*,v) € %’g’ , thus hg’(%’gy ) C hf’“(%f “). To show that the opposite
inclusion does not always hold, we consider the situation presented in Example 4.3.
However, as it will be seen further in Theorem 4.14, for (DVG{ ) strong duality
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holds whenever (PVG) has an .¥-properly efficient element, so we will not insist
much on this vector dual.

Example4.3. Let X =R%Y =R,V =R K =R?,

3<y <4 ifx=0,

U={(x,y)T eR*:0<x <2, .
(x. ) SEE% ) <4 ifx €(0,2]

)

y : T
, if (x, elU,x <0,
FiR2 o (BY, F(x,y) = (y) (o)
OOJRi , otherwise,

y . T
,if (x, eUx—2z=<0,
@ R°xR — (RY)®, &(x,y,2) = (y) G 7) :

ooRz+ , otherwise,
and (see also Sect. 4.3)
7= {s LR >R, s(x,y) =ax +by : (a,h) €intRY, 5(00z) = +oo}.

Note first that F(x,y) = (y,y)" if x = 0 and 3 < y < 4, while otherwise
F(x,y) = 002, - Whenever s € % there exist (vf,vé‘)T € intRi such that
soF = (vi,v)TF. Wehave (v},v}) T F(x,y) > 3(v +v¥) forall (x,y)" € R2
Consequently, (3,3)7 € hf“(%’fy). Assuming that (3,3)T € hg’}”(%’f”), it
follows that there exist (v}, vg‘)T € intRi and y* € R such that 3(v] +
Vi) < —((vF,vH)T@)* (0, y%), ice. (v, vH)T @)*(0,y*) < =3(v} + v}). For all
v e intRi_ and all y* € R we have

(OF ) T®)"(0,y*) = sup  {y*z—yOf +vi)}
() Teu,
x—z=<0,2€R

= sup {—y(vi‘ +v3) + sup y*z} = —(f +3) 4+ 8000 (y)> = 3(v] +v3).

() Teu =X

Therefore, our assumption is false, i.e. (3, )T ¢ hg 7 (%’26 7). Consequently, the
dual problems (DVG’; ) and (DVG'3(/) ) do not coincide in this situation.

For the dual vector-maximization problems introduced above we consider
efficient solutions, defined below for (DVG']V ) and analogously for the others.

Definition 4.4. An element (5,V*, y*,V) € 931G/ is said to be an efficient solution
to the vector optimization problem (DVG‘ly ) if (5,v*,y*,v) € dom hle and
hle (5, V%, 9*,v) € Max(h?y (dom h?" ), K). The set of all efficient solutions to
(DVGf” ) is called the efficiency set of (DVGf” ), being denoted by & (DVGfﬁ ).
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Remark 4.5. Replacing the inequalities from the feasible sets of the vector duals to
(PVG) by the corresponding equalities we obtain other vector duals to (PVG) which
have smaller feasible sets. All the investigations done within this section can be
considered for those vector duals, too. However, we will not consider further these
vector dual problems since one can easily show that (s,v*,y*,v) € & (DVG‘{/ )
yields s(v) = —s*(v*) — (V*®)*(0, y*), (s, y*,v) € &DVG,) implies s(v) =
—(s 0 ®)*(0, y*), while when (s,v) € &(DVGY), one gets s(v) = infrex s(F(x)).
Of course, this observation can be extended for all the special instances of these
three vector duals considered later in this chapter.

Let us now show that for the just introduced vector dual problems to (PVG) there
is weak duality.

Theorem 4.1. There are no x € X and (s,v) € 935” such that F(x) <g
hS7 (s,v).

Proof. Assume to the contrary that there exist x € X and (s,v) € %36 7 fulfilling
F(x) <k hgy (s,v). Then x € dom F and it follows s(F(x)) < s(v) since s €
. But from the way the feasible set of the vector dual is defined, we get s(v) <
inf,ex s(F(z)) and combining these two inequalities we reach a contradiction. O

The weak duality statements for the other two vector duals can be obtained as
consequences of Theorem 4.1, having in mind the inclusions from Remarks 4.3 and
4.4.

Theorem 4.2. There are no x € X and (s,v*, y*,v) € %f’ such that F(x) <
hlc‘“(s, Vi, Y ).

A
=

Theorem 4.3. There are no x € X and (s,y*,v) € %2(;/ such that F(x) <g
hzcy(s,y*, V).

Next we turn our attention to strong duality for the vector duals introduced in this
paper. Due to the way it is constructed, for (DVG? ) strong duality follows at once,
without any additional assumption.

Theorem 4.4. If x € P& o (PVG), there exists an s € . such that (5, F(x)) €
E(DVGY) and F(X) = h$” (5, F(%)).

Proof. As X € X is an .“-properly efficient solution to (PVG), F(x) € V and
there exists a function § € % such that 5(F(x)) < 5(F(x)) for all x € X.
Thus §(F(x)) < inf,ex §(F(x)). Consequently, (5, F(X)) € %gy and F(x) =
hg"’ (5, F(x)). The efficiency of (5, F(X)) to (DVG;V ) follows immediately via
Theorem 4.1. o

To obtain strong duality for the other two vector duals we assigned to (PVG)
we need some additional hypotheses. Thus, we take the function @ to be K-
convex and we impose the fulfillment of a suitable regularity condition. One can
introduce different regularity conditions inspired from (RCl-G), i €{1,2,3,4} (see
for instance [21, 45, 48]), but, in order to avoid unnecessary complications given
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the complexity of the considered problem, we consider here only a classical one
involving continuity, namely

(RCV?) Vs € .#3x’ € X such that (x,0) € dom @, d(x',-) is
continuous at 0 and s is continuous at @ (x’, 0),

that can be weakened if int K # @, as we will see later. This regularity condition
guarantees, as can be seen in the proof of the next statement, on the one hand that
there is strong duality for the scalarized problem attached to (PVG) and, on the other
hand, that the conjugate functions of s and @ can be separated. The strong duality
statements for the mentioned two vector duals to (PVG) follow.

Theorem 4.5. If @ is a K-convex vector function, the regularity condition (RCV?)
is fulfilled and x € P& 5(PVG), there exist s € &, v € K* and y* € Y*
such that (5,v*, 7%, F(¥)) € &DVGY), (5,7*, F(X)) € &(DVG;) and F(¥) =
R (5,5, 5%, F(%)) = h57 (5, 5, F (%),

Proof. As x € X is an .-properly efficient solution to (PVG), F(x) € V and there
exists a scalarization function 5 € .% such that §(F (X)) < 5(F(x)) forall x € X.
Thus §(F (X)) = minyex §(F(x)).

Remark 2.5 yields then the existence of a y* € Y™ such that sup«cy«{—(5 o
@)*(0, y*)} is attained at y* and 5(F (X)) = —(50®)*(0, y*). Thus (5, y*, F(x)) €
P57 and F(X) = h§” (5, 7*, F(%)).

On the other hand, the hypotheses yield (see Remark 4.3) also the existence
of a v* € K* such that (s o @)*(0,7*) = 5*(V*) + (*®)*(0, y*), thus
hlG’/(E, V¥, y*, F(x)) = F(x), too, and (5,V*, y*, F(X)) € %’IG/ The efficiency of
(5,v*, y*, F(x)) € @16/ to (DVGY) follows immediately by Theorem 4.2, while
the efficiency of (5, y*, F (X)) € %’g 7 to (DVG5') is a consequence of Theorem 4.3.

O

Moreover, one can formulate necessary and sufficient optimality conditions for
(PVG) and its vector dual problems introduced above. We begin with (DVG‘;/ ,
since the statement regarding it does not require the fulfillment of a regularity
condition.

Theorem 4.6. (a) If x € P& »(PVG), there exists a pair (5,V) € @@(DVG‘?) such
that
(i) F(x) =v;
(ii) 5(v) = 5(F(x)) = mi)l(lE(F(x)).
X€
(b) Assume that X € X and (5,v) € &/ x V fulfill the relations (i)—(ii). Then
X € PE 5 (PVG) and (5,7) € £(DVGY ).

Proof. (a) The existence of a pair (5,v) € & (DVGfV) and (i) follow directly from
Theorem 4.4. The first equality in (ii) follows directly from (i), while the second
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one is a direct consequence of the fact that X € X is an .%-properly efficient
solution to (PVG) and § is the corresponding scalarization function.

(b) The second equality in (i) yields the .-properly efficiency of x to (PVG),
while the first one implies (5,v) € 9336 7. Having these, (i) and Theorem 4.1
guarantee the efficiency of (5,v) € %’36 “ to (DVG;/ ). O

Remark 4.6. The optimality conditions (i )—(if) in Theorem 4.6 can be equivalently
written as F'(¥) = vand 0 € 9(5 o F)(X).

Theorem 4.7. (a) When @ is a K-convex vector function, the regularity condition
(RCVY) is fulfilled and X € P& 5(PVG), there exists (5,9*,7*.7) €
& (DVGly) such that

(i) F(x) =v;
(i) (V) + 5*(v*) = (v*,V);
(iii) (V*F)(X) + (*D)*(0,y*) = 0.
(b) Assume that X € X and (5,V*, y*,v) € & x V* x Y* x V fulfill the relations
(i)~(iii). Then ¥ € P& »(PVG) and (5,7*, 7*.7) € £(DVGY).

Proof. (a) The existence of an element (5,v*, 7*,7) € &(DVG{) and (i) are
guaranteed by Theorem 4.5. Employing Remark 4.5, one gets 5(v) = —5*(V*)—
(v*®)*(0, 3*). But the Young-Fenchel inequality yields 5(v) + §*(V*) >
(v = O*F)(x) = (V*P)(x,0) and (V*P)(x.0) + ("*P)*(0,y*) = O,
so (if) and (iii) are fulfilled.

(b) From (ii) it follows that v* € dom §* and by Remark 1.6 it follows V* € K*.
Summing up (if) and (iii) one gets §(v) +5*(V*)+ (V* F)(X)+ (v*®)*(0, y*) =
(v*, ), which, employing (i), turns into —5(F (X)) = §*(v*) + (0*D)*(0, y*),
which yields (5, 7*, 7*,7) € B°7 . Using that (50®)* < 5*(v*) 4 (v*®)*(-) for
allv* € K*, the previous equality yields §(F (X)) < —(50®)*(0, y*). But —(5o
@)*(0,7*) < (5§ 0 @)(x,0) for all x € X, therefore 5(F(x)) < (5 o @)(x,0)
forall x € X, i.e. x € £2& »(PVG). The efficiency of (5,V*, y*,V) € 9316/ to
(DVG‘fﬂ ) follows immediately by (i) and Theorem 4.2. O

Remark 4.7. The optimality conditions (i )—(iif) in Theorem 4.7 can be equivalently
written as F(x) = v, v* € ds(F(x)) and (0, y*) € d(v*®)(x, 0).

Analogously, one can prove the corresponding optimality conditions statement
for (PVG) and (DVG5).

Theorem 4.8. (a) When @ is a K-convex vector function, the regularity condition
(RCV7) is fulfilled and X € P& »(PVG), there exists (5, 7*,V) € é"(DVG’zy)
such that

(i) F(x) =v;
(ii) 5() + (50 @)*(0, %) = 0.
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(b) Assume that x € X and (5, y*,v) € . x Y* x V fulfill the relations (i)—(ii).
Then X € P& 5(PVG) and (5, *,%) € £(DVG).

Remark 4.8. As mentioned in the proof of Theorem 4.5, the hypotheses of The-
orem 4.8(a) yield the existence of a v* € K™ such that (5§ o @)*(0,y*) =
S*(V*) + (¥*D)*(0, y*), i.e. one obtains actually the optimality conditions (i )—(iii)
from Theorem 4.7. However, we choose to give Theorem 4.8 as done above because
the optimality conditions formulated there are not only necessary but also sufficient
and, on the other hand, the assertion (a) can be provided under weaker hypotheses
that do not necessarily guarantee the existence of the mentioned v* € K*. Similar
observations can be made regarding the optimality conditions of the other vector
duals of this type considered within this chapter, too.

Remark 4.9. The optimality conditions (i )—(ii) in Theorem 4.8 can be equivalently
written as F(x¥) = v and (0, y*) € 9(s o ®)(x,0).

Often, when qi K # 0, the scalarization functions considered in the literature are
not strongly K-increasing, but strictly K-increasing. Following ideas from [31,37,
48], one can notice that such scalarization functions can be brought into the vector
duality framework we treat here by employing the nontrivial pointed convex cone
K = qi K U {0}, already mentioned in Remark 3.28. It can also be verified that
every function which is strictly K-increasing on F(dom F') + K is also strongly K-
increasing on F'(dom F) + K. In the remaining part of the section let qi K # @. In
order to capture the mentioned strictly K-increasing scalarization functions within
the duality framework dealt with in this section, consider another set of scalarization
functions, namely

T C {s :V* > R: F(dom F) + K C doms and s is proper, convex
and strictly K-increasing on F(dom F) + K, s(ocog) = —}—oo}.

Definition 4.5. If qi K # @, we say that an element X € X is a .7 -properly efficient
solution to (PVG) if F(x) € PMing(F(dom F), K). The set of all 7 -properly
efficient solutions to (PVG) is said to be the 7 -proper efficiency set of (PVG),
being denoted by Z& 7 (PVG).

Remark 4.10. The elements introduced in Definition 4.5 were considered so far in
the literature (see [31,37,48]) only when int K # @. But, as we have seen above (for
instance in Remark 3.19), the framework can be extended to the case qi K # @. One
may argue that it would be more adequate to call the .7 -properly efficient solutions
to (PVG) actually .7 -weakly efficient solutions, since they are defined only in case
qi K # 0, like the classical weakly efficient solutions, and for the vector duals
to (PVG) introduced with respect to them we consider weakly efficient solutions.
However, we opted to stay consequent to the name used in Definition 3.11, from
which Definition 4.5 originates.



72 4 Vector Duality via Scalarization for Vector Optimization Problems

With respect to the .7 -properly efficient solutions of the primal problem (PVG)
one can define three vector duals that are obtained analogously to (DVG’,»V ), i =
{1,2, 3}, namely

(DVG?) WMax l’lle (S, vr, y*, V)’

G
* 4,k T
(s,v*,y ,V)G-_@l

where

%IG7 = {(s,v*,y*,v) ET XxK*XY*xV :s(v) <—s*(v*)— (v*<1§)*(0,y*)}

and
hlcﬂ(s,v*,y*,v) =,
(DVGY) WMax  hS7 (s, y*,v),
(s.y* V€A, 7
where
H57 = {(5.7" ) € T x ¥ XV :5() < ~(s 0 ) (0,y")}
and

hs7 (s.y*.v) = v,

and, respectively,

(DVG»}?) WMaX h:(;:?(sa V),
(seBy
where
#97 = {(S,v) € 7 xV:s(v) < inf S(F(x))}
xex
and

hS7 (s,v) = v.
An observation similar to Remark 4.5 can be given for the vector duals to (PVG)
with respect to .7 -properly efficient solutions of the primal problem (PVG), too.

Moreover, analogously to Remarks 4.3 and 4.4, one can easily show that

W7 (B07) S hS7(#57) < W7 (#0). @2
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To these problems we consider weakly efficient solutions, directly defined only
for (DVGiy), since for the other two vector duals they can be given analogously.

Definition 4.6. An element (5,v*, y*,v) € %’?‘7 is said to be a weakly efficient
solution to the vector optimization problem (DVG‘? ) if (5,v*, y*,V) € dom hle
and hIG‘7 (5,v5, 3*%,v) € WMax(h?*f" (dom hIG<“7), K). The set of all weakly efficient
solutions to (DVG‘?) is called the weak efficiency set of (DVG‘?), being denoted by
W EDVGY).

The weak and strong duality as well as the optimality conditions statements
concerning (PVG) and these vector duals can be obtained as direct consequences

of their counterparts for (PVG) and its vector duals with respect to .%’-properly
efficient solutions, by employing the cone K.

Theorem 4.9. There are no x € X and (s,v) € %’57 such that F(x) <k
hS7 (s,v).

Theorem 4.10. There are no x € X and (s,v*, y*,v) € %?7 such that F(x) <k
h97 (s,v*, y%,v).

Theorem 4.11. There are no x € X and (s, y*,v) € %’g‘? such that F(x) <k
Gz *
hy 7 (s, y*,v).

Theorem 4.12. If X € P& 7(PVG), there exists an's € 7 such that (5, F (X)) €
W EDVGY) and F(X) = h$7 (5, F(%)).

Theorem 4.13. If @ is a K-convex vector function, the regularity condition
(RCV?) is fulfilled and X € PE7(PVG), there exist 5 € 7, v* € K* and
§* € Y* such that (5,v*, 3*, F(X)) € # &(DVGY), (5,7*, F(X)) € # &(DVGY)
and F(%) = h%7 (5,v*, 3*, F(X)) = h§7 (3, 7*, F(%)).
Theorem 4.14. (a) If X € PE 7(PVG), there exists (5,v) € # &DVGY ) such

that

(i) F(x) =v;

(ii) s(v) = 5(F(x)) = mi)l(l S(F(x)).

X€E

(b) Assume that x € X and (5,v) € F x V fulfill the relations (i)—(ii). Then
X € PE7(PVG) and (5,7) € W EDVGY).

Theorem 4.15. (a) If @ is a K-convex vector function, the regularity condi-
tion (RCV?) is fulfilled and X € P& 7(PVG), there exists (5,v*,*,V) €
WE (DVG‘ly ) such that

(i) F(x)=v;
(i) 5() + 5* (@) = (7*.9);
(i) (F*F)(X) + (7*®)*(0, %) = 0.
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(b) Assume that x € X and (5,V*,y*,V) € T x V* x Y* x V fulfill the relations
(i)(iii). Then X € P& 7(PVG) and (5.7*,7*.%) € W E(DVGY).

Theorem 4.16. (a) If @ is a K-convex vector function, the regularity condi-
tion (RCV?) is fulfilled and ¥ € P& 7(PVG), there exists (5,7*,7) €
W E (DVG‘27 ) such that

(i) F(x) =v;
(ii) 5() + (50 @)*(0, %) = 0.

(b) Assume that x € X and (5, y*,V) € T x Y* x V fulfill the relations (i)—(ii).
Then X € P& 7(PVG) and (5, 7*,v) € W &(DVG;)).

Remark 4.11. The optimality conditions provided in Theorems 4.14-4.16 can be
equivalently written in the same way as done in Remarks 4.6, 4.7 and 4.9,
respectively.

Remark 4.12. If int K # @, the regularity condition (RCV~") can be weakened in
the hypotheses of Theorems 4.13, 4.15 and 4.16 to

(RCVg/))‘EIx/ € X such that (x’,0) € dom @ and @(x’,-) is continuous at 0,

because the continuity assumptions for s are no longer necessary under the
mentioned hypothesis, as it can be seen below. The optimization problem
infyey S(F(x)) is actually nothing else than

inf s(y).
X€X,y€Y, ()))
@?(x,00—ye—K

The Lagrange dual of the latter is

sup inf [§(y) + (v*. @(x,0) — y)].
vEeK* XEE/\Y,,
y

and it can be rewritten as Sup .« ¢ g+ { —5*0*) = ((v*P)(, 0)* (0)}. The regularity
condition (RCV{) yields the existence of an x’ € dom F such that &(x’,0) +
int K € dom s and also a y’ € dom 5 such that @(x’,0) — y’ € —int K. Using now
[48, Theorem 3.2.9], one obtains that for the primal-dual pair of scalar optimization
problems introduced above there is strong duality, thus there exists a v* € K™* such
that s(F(x)) = —5*(™) — (("* D) (,0))*(0). Applying Remark 2.5, (RCV'O’(/)) also
yields the existence of a y* € Y™* such that ((vV*®)(-,0))*(0) = (™ P)*(0, y*).
The same weaker regularity condition can be used when the considered scalarization
functions are continuous, too.
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4.3 Vector Duality via Different Scalarizations for General
Vector Optimization Problems

In this section we consider several concrete scalarization functions, obtaining vector
duals and corresponding duality statements by particularizing the set . or 7,
respectively. More exactly, we present the linear scalarization, the maximum(-
linear) scalarization, the set scalarization, the (semi)norm scalarization, the oriented
distance scalarization and the quadratic scalarization. Since all these scalarizations
are made with continuous functions, taking into consideration Remark 4.3 and
Theorem 4.4, we will not deal in this section with all the vector duals we considered
to (PVG), working only with (DVG‘fW ) and (DVG‘? ), respectively.

Before proceeding, let us mention that different other scalarizations were con-
sidered in the literature, from which we recall some here. From the scalarizations
involving strongly K-increasing functions we mention the one using continuous
sublinear functions from [183] and the one containing penalty functions from [213].
Regarding the scalarizations involving strictly K-increasing functions, we have, for
instance, the one with continuous sublinear functions from [157] and the bottleneck
scalarization considered in [119]. Other scalarizations can be found for instance in
[165].

4.3.1 Linear Scalarization

The linear scalarization is the simplest and, consequently, most often used scalar-
ization method in the literature and it operates with strongly or strictly K-increasing
linear continuous functions. From the huge amount of works where it appears we
mention here only [48, 140, 166]. We first deal with the case of the strongly K-
increasing linear functions. Take the set of scalarization functions

I = {sv* VSR v e K 54(00) = (V5 v) Vv e V'}.

Each s,« € .7} is a linear continuous strongly K -increasing function with dom s, =
V.

An element X € X is said to be an .¥j-properly efficient solution to (PVG) if
there exists a v* € K* such that (v*, F(¥)) < (v*, F(x)) for all x € X. Note
that the .¥}-properly efficient solutions to (PVG) are actually the classical properly
efficient solutions to it in the sense of linear scalarization from the literature, that
can be introduced via Definition 3.10 and consequently we denote their set by
P& 15(PVG). Noticing that for all k* € K* one has s7% (k™) = 8;,+y(k™), the dual
vector problem (DVG’IV ) becomes
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(DVGT) Max h?" 0* y*v),
(v*,y*,v)&%l 71
where
%’fﬂt = {(V*,y*,v) K xY*xV: (v, < _(v*<p)*(0,y*)}
and

hle’ 0"y ) =

Note that this is actually the vector dual to (PVG) considered for instance in [48,
Section 4.3] and [101]. The weak and strong duality statements for (PVG) and
(DVG’f/}’) follow from Theorems 4.2 and 4.5, with the observation that due to
the continuity of the scalarization function the regularity condition we consider is
(RCVY)).

Theorem 4.17. (a) There are no x € X and (v*,y*,v) € z%’lel such that
F(x) <g b7 0 y*.v). )

(b) If @ is a K-convex vector function, the regularity condition (RC V{ ) is fulfilled
and X € PErs(PVG), there exist v € K** and y* € Y* such that
(7, 5%, F(¥) € £(DVGY") and F(%) = hy"' (*, 7*, F(¥)).

Moreover, from Theorem 4.7 one can obtain the following necessary and
sufficient optimality conditions regarding (PVG) and (DVGIJ’).

Theorem 4.18. (a) If @ is a K-convex vector function, the regularity condition
(RCVY) is fulfilled and X € P& 15(PVG), there exists (v*, 7*,7) € é”(DVG‘ly’)
such that
(i) F(x) =v;

(i) *F)(X) + (" @)*(0, y*) = 0.

(b) Assume that x € X and (vV*, y*,V) € 9316]7 fulfill the relations (i)—(ii). Then

X € PE5(PVG) and (v*, 7*,7) € &(DVGT).

On the other hand, when qi K # @ and K is closed and the pair (K, F(dom F))
has the property (QC), one can take as set of scalarization functions also

I = {sv* (VSR v e KX\ {0Ls(v) = (v v) Vv e V'}.

Each s, € . is a linear continuous strictly K-increasing function with
doms,» = V. An element X € X is said to be a .Jj-properly efficient solution
to (PVG) if there exists a v* € K* \ {0} such that (v*, F(x)) < (v*, F(x)) for
all x € X, and we denote this by X € #& 5(PVG). Note that when F(X) + K
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is convex, that happens for instance when F is a K-convex function, one has
PE 7 (PVG) = W &(PVG). The dual vector problem (DVG'fj ) becomes

(DVG'ly’) WMaxG hle, o*, y*,v),

*
V*.y* v e,

where
7 = {(V*,y*,v) €(K*\{0) xY* x V:(v*,v) < —(v*‘p)*(o’y*)}
and
hle/l Oy ) =

Note that this is actually the vector dual to (PVG) considered in [110] and, for the
case int K # @, for instance in [48, 140]. The weak and strong duality statements
for (PVG) and (DVG'{Z) follow from Theorems 4.10 and 4.13, again with the
observation that due to the continuity of the scalarization function the regularity
condition we consider is (RCV{).

Theorem 4.19. (a) There are no x € X and (V*,y*,v) € %’167’ such that
F(x) <x by (0%, y*.v).

(b) If @ is a K-convex vector function, the regularity condition (RC Vg// ) is fulfilled
and X € W E(PVG), there exist v € K* \ {0} and y* € Y* such that
v*, y*, F(X)) € Wg(DVG‘ly’) and F(x) = hlc‘% v*, y*, F(X)).

The corresponding necessary and sufficient optimality conditions follow from

Theorem 4.15.

Theorem 4.20. (a) If @ is a K-convex vector function, the regularity condition
(RCVY) is fulfilled and x € W &(PVG), there exists (v*, 7*,v) € Wéa(DVG'lj’)
such that
(i) F(x) =v;

(i) *F)(X) + (" @)*(0, y*) = 0.

(b) Assume that x € X and (v*,y*,V) € 93?71 fulfill the relations (i)—(ii). Then
X € P& 5 (PVG) and (v, 7*.%) € W E(DVG).

Remark 4.13. The optimality conditions (i)—(if) in both Theorems 4.18 and 4.20

can be equivalently written as F(x) = v and (0, y*) € d(v*®)(x, 0).

Remark 4.14. In case int K # @ or core K # @ the duality statements with respect

to the 97 -properly efficient solutions to (PVG) remain valid even if the cone K is
not necessarily closed.
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4.3.2 Maximum(-Linear) Scalarization

In case V' is a finitely dimensional space one of the scalarizations one can meet
especially in the applications of vector optimization is the so-called Tchebyshev
(or, maximum) scalarization (cf. [88, 140, 144, 164, 197]). We deal here with a
more general scalarization function defined by combining a weighted maximum
scalarization function with a linear function, as used for instance in [165, 168]. Let
V=Rfand K = R’f'_. In this case let the components of the multiobjective function
F be the proper functions F; : X — R,i = 1,....k, such that nf.‘zl dom F; # @,
and F : X - RF U {ooszr} is defined by

k
(Fi(x),..., Fe(x))T, ifx € () dom F;,

F(x) = i=1
o0k otherwise.
+
_ T - k _ T k
Letalsobe n > 0. Forw = (wy,...,wx)' € intRY anda = (ay,...,ar) € R

we consider the scalarization function s,,, : (R¥)® — R, defined by

Swa(y) = j=lik
+o00, otherwise.

For all w € intRX and a € R, s,,, is convex and strictly R -increasing and
fulfills F (ﬂf.‘=1 dom F,-) + ]R]_j_ C R¥ = doms. We introduce the following set of
scalarization functions

T = {sw,a :RFU {ooRﬁr} —R:(w,a)e int]R’fIr X Rk}.

Then an element X € X is said to be a J,,-properly efficient solution to (PVG) if
there exist w € intR’f|r and a € R¥ such that max{w; (F;(X)—a;):j=1,...,k}+
Nk wi Fp(®) < max{w; (Fj(x) —a;): j = L....k} +n X5 w; Fj(x) for
all x € X, and we denote this by x € && 4,(PVG).

Letbe w = (wi,....wg)' € intR anda = (ay,...,ar)" € RF fixed. Since
the conjugate function of s,,, € 7, is, for k* € R¥,

k K+
(k* —nqw)Ta, if pw < k* and L =kn+1,
k) = A

+o00, otherwise,

the dual vector problem to (PVG) with respect to Z,,;-properly efficient solutions is



4.3 Vector Duality via Different Scalarizations for General Vector. .. 79

G
(DVqu’"’) WMax . hy Tt (w,a,v*, y*,v),
(w.a.v*,y* v)€EH, Tl
where
G k v¥*
B, = w,a, v, y*.v) € intIRIfF x RF x ]Ri]fF x Y* x RF - pw < v¥, Z W—/ = kn+1,
j=1"7
k
max {wj (v —aj)} 0y wiv < =0 —nw) —(v*cv)*(o,y*)}
j=L.., "
Jj=1
and
G
hy T (w,a, v¥, y*,v) = .
Remark 4.15. If w € int]R/_“_ and a € R¥, one can note that Swa(0) = +o0,

consequently doms* , € R% \ {0}.

wa =

The weak and strong duality statements for (PVG) and (DVG’I%”’ ) follow from
Theorems 4.10 and 4.13, again with the observation that due to the continuity of the
scalarization function the regularity condition we consider is (RC Voy ).

Inlsuch that

Theorem 4.21. (a) There are no x € X and (w,a,v*,y*,v) € %’?
F(x) <k hle”"(w,a,v*, Y, v).

(b) If @ is a K-convex vector function, the regularity condition (RC VO(] ) is fulfilled
and X € P& g,(PVG), there exist v* € K* \ {0}, w € intRk, a € RF
and 3* € Y* such that (w,a,v*,5*, F(X)) € #&DVG]™) and F(X) =
WY (0, a, v, 5, F(X)).

The corresponding necessary and sufficient optimality conditions follow from

Theorem 4.15.

Theorem 4.22. (a) If @ is a K-convex vector function, the regularity condition
(RCVY) is fulfilled and X € P& z,(PVG), there exists (w,a, v*, j*,v) € #' &
(DVGf/”’I ) such that

(i) F(x) =v;
(iii) Y. £ =kn+1;
j=1"
(iv) (*F)(X) + (v*@)*(0, 3*) = 0.

(b) Assume that X € X and (w,a,v*,y*,v) € e%’lG'z"’ Sulfill the relations (i)—(iv).
Then x € P& 7,,(PVG) and (w,a,v*, y*,v) € Wéa(DVG‘f’“’),
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Remark 4.16. The optimality conditions (i)—(iv) in Theorem 4.22 can be equiv-
alently written as F(X) = v, v* € dsp4(F (X)) and (0,7*) € d(v*®)(x,0).
Considering the set L(w,a,y) = {Z e {1,....k} NN wy —a) =
maxi<j<k wj(y; — aj)} for (w,a, y) € intR’fF x R¥ x R¥, one can show that

Iswa(y) = k" = (ki.... k)T €R : kf =nw; Vj e{l.....k}\ L(w.a.y).

Z k—}kzl—kkn},
J

w
J€L(w.a.y)

consequently the optimality condition v* € ds;, ;(F (X)) can be equivalently written
as V* = (v},..., V)T with V% = nw; when j € {1,....k} \ L(w,a, F(¥)) and
Y jermarc)Vi/wi) =1+kn.

In case n = 0 the maximum-linear scalarization becomes the weighted Tcheby-
shev scalarization, that can also be seen as a special case (see also [203]) of the
set scalarization that will be presented in Sect.4.3.3. In the more particular case
w; =1landa; =0forall j =1,... , k, the set of scalarization functions has only
one element, namely the extended maximum function

_ max y;, if y € R¥,
T = 5w RFU {ooge } = R s, (y) = /=LK ’ ,
+ +00, otherwise

with doms,, = R¥. Consequently an element X € X is said to be a .7,-properly
efficient solution to (PVG) if max;= __x F;j(X) <max;=_x Fj(x)forall x € X,
and we denote this by X € Z& 5, (PVG). The dual vector problem to (PVG) with
respect Z,,-properly efficient solutions is

(DVqum) WMax hlG7m (V* ) )’* ) V)’

G g
v*,y*v)er M
where
o e
and
G
Ry (v, y*,v) = v.

The weak and strong duality statements for (PVG) and (DVG'I%’) are particular
instances of Theorem 4.21, while the necessary and sufficient optimality conditions
can be derived via Theorem 4.22.
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4.3.3 Set Scalarization

As set scalarizations we understand the scalarization approaches for which the
scalarization functions are defined by means of some given sets. We consider here a
quite general scalarization function inspired by the one introduced in [99] under the
hypothesis int K # @ and used in various formulations for dealing with different
problems in vector optimization in works like [37,90,92,93,114,129,143,152,182,
183,185,188,191,192,194,203,204,214]. In this subsection gi K is taken nonempty.

Consider a fixed nonempty convex set £ C V which satisfies cl E 4+ qi K C
core E. This condition is quite naturally fulfilled in different circumstances, for
instance in case £ = K (when we replace the quasi interior of K with its
algebraic interior) treated later as it induces the scalarization with conical sets
or in mathematical economics where a variant of it is called the free disposal
assumption (see [79,92,93]). For each i € qi K we define the scalarization function
s V® — Rby

su(v) =inf{r e R:vetu—clE}.

Notice that s,(cog) = +o0o0 and doms, = V. According to [99, 203], in case
int K # 0, for each u € int K the function s, is convex, continuous and strictly
K-increasing. These properties remain valid in the framework we use, too.

Proposition 4.1. Whenever |1 € qi K, the function s, is strictly K-increasing.

Proof. Let p,q € V suchthat p <x g and 7 = s,(¢q). Then p € ¢ —qi K C
ru—cl E—qi K € rpu—core E for all r > 7. Let us show now that p € ru—core E
for all r > 7 if and only if 5,,(p) < r, that would yield the strict K-monotonicity of
the function s,,.

If s,(p) <7 lett =s,(p). Thenforallz € (f,7) onehas p € qu—clE = rpu—
(F—t)u—cl E C ru—core E since (r —t)pu € qi K, consequently p € ru—core E
whenever r > 1.

Viceversa, for any r > 7, p € ru — core E yields the existence of aw € core E
such that p = rp — w. Then for a convenient choice of r > 7 there exists an
a € (0,r) suchthat w— (r + o —7)pp € Eandlett = 7 —a > 0. But p =
r—r4+aopu+tp—wetp—E Ctu—clE,consequently s, (p) <t <r. 0O

The set of scalarization functions we consider in this case is then
Ty = {sﬂ:V°—>R:,uequ}.

Then an element X € X is said to be a J;-properly efficient solution to (PVG) if
there exists a i € qi K such that s, (F(x)) < s,(F(x)) for all x € X, and we
denote this by X € #& 7 (PVG). Since for u € qi K the conjugate function of s, is
(cf. [37,48])
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* * ™ oK1k o— lE(k*)alfUC*’/’L) = 1’
1V R, s*(k*) = ¢
Su - Su (k%) 400, otherwise,
the dual vector problem attached to (PVG) via the set scalarization turns out to be

(DVGJZY) WMaX h?%(MaV*v y*7v)’
(wv*.y* v)eB,

where

%’1673 = {(M,v*,y*,v) €qiKxK*xY*xV:{p* pu =1,
inf{t eR:vetu—clE} <—0_qp(v*)— (v*<1§)*(0,y*)}

and

B (v® yt o) = v.

Remark 4.17. 1f p € qi K, one can note that 5;(0) = +00, consequently doms;; <
K*\ {0}.

The weak and strong duality statements for (PVG) and (DVG‘I%) follow from
Theorems 4.10 and 4.13.

Theorem 4.23. (a) There are no x € X and (u,v*,y*,v) € @1675 such that
F(x) <g i/ (v, y*,v).

(b) If @ is a K-convex vector function, the regularity condition (RC Vg/ ) is fulfilled
and X € P& 7. (PVG), there exist i € qi K, v* € K* \ {0} and y* € Y* such
that (L, v*, y*, F(X)) € Wg(DVGIy‘Y) and F(x) = hlGZ (@, v, y*, F(x)).

The corresponding necessary and sufficient optimality conditions follow from

Theorem 4.15.

Theorem 4.24. (a) When @ is a K-convex vector function, the regularity condition
(RCVY) is fulfilled and X € P& 7 (PVG), there exists (ji, v*,y*,v) € #' &
(DVG'IJZ) such that
(i) F(x) =v;

(i) inf{t e R:vetfi—clE} + o_qp(v*) = (V*,7);
(iii) (v, @) =1;
(iv) (*F)(x) + (7™@)* (0, y*) = 0.

(b) Assume thatx € X and (j1,V*, y*,V) € ,%’107‘ fulﬁ{l the relations (i)—(iv). Then

X € P& 7 (PVG) and (fi, v*, 7*,7) € # &(DVG).

Remark 4.18. The optimality conditions (i)—(iv) in Theorem 4.24 can be equiv-
alently written, taking into consideration the formula of ds; given in [81], as
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F(F) = 3 v € {x* € K* : (x*.ji) = 1, sa(F(X) = (x* F(%))} and
0, 7*) € I(F*P)(%,0).

Remark 4.19. In the literature there are some interesting special cases of the set
scalarization, from which we mention here the scalarization with conical sets,
mentioned in papers like [183, 191], closely related to the so-called Pascoletti-
Serafini scalarization (cf. [129]), the scalarization with sets generated by norms for
which we refer to [143, 194, 214], having as a subcase the situation when oblique
norms are employed (see [185, 194]), and, finally, the scalarization with polyhedral
sets in finitely dimensional spaces treated in [204]. As mentioned in [89], a function
very similar to the one we employed in the set scalarization is used in production
theory where it is called shortage function. Note also that in [203] a deeper analysis
of an approach for embedding other classical scalarization functions into the set
scalarization concept can be found and that the set scalarization with its special
instances was employed into vector duality in [31,37,48].

Let us present now two of the mentioned special cases of the set scalarization.
We begin with the so-called set scalarization with conical sets, where we assume
that core K # @ and FE is taken to coincide with K. Since the latter is a convex
cone, the condition cl E + core K C core K is automatically fulfilled, actually as
an equality. For all v € core K we define the scalarization function s, : V* — R by

sy(v) =inf{t e R:verv—clK}.

From the definition it follows that s,(cog) = +o0 and doms, = V. The set of
scalarization functions is then

Toe = {Su :V*U{oox} > R:ve coreK}.

Then an element X € X is said to be a J.-properly efficient solution to (PVG)
if there exists a v € core K such that s,(F(x)) < s,(F(x)) for all x € X, and
we denote this by X € Z& 4, (PVG). Since 0 x = 8k+, for all v € core K the
conjugate function of s, at k* € V* is

0. ifk* e K*, (k*v) =1,

* *
sy (k™) = .
o (K7) +o00, otherwise,

leading to the following dual vector problem to (PVG)

(DVG'{Z”) WMax hlc’%f (v, v*, y*,v),

G..
* % Ve g IS
(vv*,y* V€A

where
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%’?“’" = {(v,v*,y*,v) cecore K x K* xY*x V(" v) =1,
inf{t eR:verv—cK}< —(v*qs)*(o,y*)}

and

hlG‘%“(v,v*,y*,v) =.

The weak and strong duality statements for (PVG) and (DVG'I‘“’) are particular
instances of Theorem 4.23, while the necessary and sufficient optimality conditions
can be derived via Theorem 4.24.

A second special case of the set scalarization we present here is the so-called
scalarization with sets generated by norms in finitely dimensional spaces. To this
end we have to introduce several notions and present some results, following [185,
194]. Let V = R¥ and K < R¥ a convex cone with nonempty interior.

Definition 4.7. A norm y : R¥ — R is called block norm if its unit ball B, is
polyhedral.

Definition 4.8. A norm y : R¥ — R is called absolute if whenever y € R¥ one has
y(y)=y() forally € {z= (z1.....z%) " € RF:|z;| = |3;|Vj =1.....k}.

Definition 4.9. A block norm y : R¥ — R is called oblique if it is absolute and
satisfies (y — R’_j_) N ]Rl_j_ Nbd B, = {y}forall y € R’_j_ Nbd B,.

Example 4.4. The Euclidean norm | - ||» in R¥ is absolute, but not block, thus not
oblique.

According to [185,194], for a block norm y there are some r € N, ¢; € R¥ \ {0}
and n; € R,i = 1,...,r, such that the unit ball generated by y is

B},z{ye]Rk:a,-—'—ySm,izl,...,r}.

In order to introduce the scalarization function considered in this case, one needs
also the sets

I,,:{ie{l,...,r}:{yeRk:a;ryzn,-}ﬂByﬂintler;é@}
and
Ey:{yeRk:aiTyfn,- Viély}.

If y is an absolute norm on R¥, / € intR% and w € R¥, consider the scalarization
function

Gaw : R >R, §y(y) =inf{t eR:y etl + E, + w},



4.3 Vector Duality via Different Scalarizations for General Vector. .. 85

which fulfills ¢,; ,,(cox) = 400 and dom¢,,;,, = RF, According to [185, 194], it
is convex and strictly K-increasing when bd £, — (K \ {0}) C int E,. Moreover,
when y is an absolute block norm, the function ¢, ,, is strictly Ri—increasing for
any [ € int R’_‘F and w € R¥, while when y is an oblique norm, &y.1w is strongly
Rﬁ_—increasing whenever [ € int R'_i and w € R,

Denote by & the set of the absolute norms y : R¥ — R for which bd E y—int K C
int E,, and consider the following set

Tin = {Cy.z.w (RY* > R: yed,leintRE,weRF,
Cuw(y) =inf{t eR:y etl + E, + w} Vy € ]Rk},

Then an element X € X is said to be a J;,-properly efficient solution to (PVG)
if there are an absolute norm y € &, and some / € int ]R’fF and w € R¥ such that
Criw(F (X)) < &uw(F(x)) forall x € X, and we denote this by X € & 4, (PVG).

Remark 4.20. Restricting moreover the set .75, to contain only functions ,;,,
where y is an absolute block norm or an oblique norm, one can get other scalar-
izations which could be treated separately, too. Actually, in the latter situation one
would actually be able to consider corresponding .’-properly efficient solutions to
the primal problem (PVG), due to the Rﬁ-strong monotonicity of the scalarization
function (cf. [185,194]), thus it would not necessarily be a special case of the general
set scalarization.

For some (y,/,w) € O X int IR’_‘F x R¥, the conjugate of the corresponding

scalarization function at k* € R¥ is

§y1w(k™) = sup {k*Ty —inf{teR:yetl+E, —i—w}}

yERK

= sup {k*Ty+sup{—teR:yetl+Ey+w}}.
yERK

Denoting w = y — ¢t/ — w, one gets

Euwk™) = Sup{ —t+ sup {k*T w1l + w)}}

teR weE)

= sup{ —t4+tk*T1 + sup k*Tw} +k*Tw

teR weE,
= suﬂg {t(k*Tl - 1)} + o, (k™) + k*Tw
te

_fog, (k*) + k*Tw, ifk*T1 =1,
| +o0, otherwise.
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Remark 4.21. According to [127, Example V.3.4.4], OE, is the lower semicontinu-
ous hull of the function

infd Y timi: Y tiai=d, t; >0,i €l,p ifd econela; :i € I,},
d iel, iel,

+00, otherwise.

But, since it would be quite complicated to work with this function, we choose to
use further its shorter form OE, .

Now one can assign to (PVG) the following vector dual problem with respect to
T -properly efficient solutions

DVGT WMax G %n w, y, [Lv*, y*.v),
1 1 Y

0.7
(w.ydv* y*v)es ="

where

%?’%” = {(w, yolov* y*v) € RF x 0 x intRE x K* x Y* x RF :v*T] =1,
inf{r eR:vel+E, +w) < —op, () —v*Tw— (v*cp)*(o,y*)}

and
hlG]‘” w, v, LV, y*,v) = v.

The weak and strong duality statements for (PVG) and (DVijS”) are particular
instances of Theorem 4.23, while the necessary and sufficient optimality conditions
can be derived via Theorem 4.24.

4.3.4 (Semi-)Norm Scalarization

The (semi)norm scalarization has its roots in the fact that in some circumstances
some (semi)norms on V' turn out to be strongly K-increasing functions, as noted
in different works from which we recall here only [140, 143, 146, 185, 213]. The
scalarization functions we investigate in the following are based on strongly K-
increasing gauges. This kind of scalarization functions has been used in [202] for
location problems and in [69] for goal programming, but also papers like [78, 139,
166,218] can be mentioned here since they contain different scalarizations involving
(semi)norms.

Assume that there exists a b € V such that @(dom @) C b + K. We consider
a convex set E C V such that 0 € core E and its gauge (Minkowski function)
ye : V — R, defined by yg(x) = inf{t > 0 : x € tE}, is strongly K-increasing
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on K. Since 0 € intE, yg(v) € Rforallv € V. Forevery a € b — K define the
scalarization function s, : V* — R by

ye(v—a),ifveb+ K,

s, (v) = .
a(v) +00, otherwise,

therefore doms, = V. All these functions are convex, sublinear, strongly K-in-
creasing on b + K and, if it additionally holds 0 € int E, also continuous on V.
Note also that F(dom F) C b + K.

The family of scalarization functions we chose here is

Sy =1{s.:V*>R:aeb—K},

and an element X € X is said to be an ., -properly efficient solution to (PVG) if
there exists an a € b — K such that s,(F (X)) < s,(F(x)) for all x € X, situation
denoted by X € #& 7, (PVG). Since for k* € V* one has

0, ifog(k™) <1,
+00, otherwise,

(ve)* (k™) =

and (8p4+x)*(k*) = (k*,b) + (k)™ (k*), it follows that fora € b— K and k* € V*
one has

(5)*(k*) = min_ [(kK*—w*,a)+(w*,b)] = (k*,a)+ min_ (w* b—a).
w¥e—K*, w¥e—K*,
op (k*—w*)<1 o (k*—w*)<1

Remark 4.22. When O € int E, using [48, Theorem 3.5.3(a)] one can show that the
continuity of y yields a simpler formula for the conjugate of s,, fora € b — K,
namely (s,)*(k*) = (k*, a) + min+ep+_g*[op+ gk (WF) — (W*, a)].

Then the dual vector problem to (PVG) with respect to .,-properly efficient
solutions is

5 Gy,
(DVG,*) Max b7 (@ vyt wr ),

(a,v*,y*,w*.v)eﬂfl'yg
where
%16/5 = {(a,v*,y*,w*,v) eb-—K)XK*xXY*xK*x(b+K):
op(V* +w*) <1, ye(v—a) < (W*,b—a)— (v*,a) — (v*cD)*(O,y*)}

and

G»Vg * ok *
hy %@ v,y whv) =v.
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The weak and strong duality statements for (PVG) and (DVG';/ ) follow from
Theorems 4.2 and 4.5, with the observation that when 0 € int £ because of the
continuity of the scalarization function one can consider the regularity condition
(RCVY

Theorem 4.25. (a) There are no x € X and (a,v*,y*,w*,v) € @16% such that
F(x) <g hleg (a,v*, y*, w*,v).

(b) If @ is a K-convex vector function, the regularity condition (RCV”") is fulfilled
and x € P& 7,(PVG), there exista € b — K, Vi w* € K* and y* € Y*

such that (a,v*, y*, w*, F(X)) € éo(DVGl(/g) and F(x) = h1G< (a,v*, y*,w*
F(X)).

Moreover, from Theorem 4.7 one can obtain the following necessary and
sufficient optimality conditions regarding (PVG) and (DVGlyg).

Theorem 4.26. (a) When @ is a K-convex vector function, the regularity condition
(RCV?) is fulfilled and % P& 5,(PVG), there exists (a,v*, y*, w*,v) € &

(DVG?") such that

(i) F(X) = ;

(ii) ye(d —a) + (W5, b—a) = (i*.9—a);
(i) op(7* +w*) < 1;

(iv) *F)(X) + (" ®)*(0,5*) = 0.

(b) Assume that X € X and (a,v*,y*,w*,V) € %, 5% fulﬁll the relations (i)—(iv).
Then X € P& 7,(PVG) and (a,v*, y*,w*,v) € &(DVG, g)

Remark 4.23. The optimality conditions (i)—(iv) in Theorem 4.26 can be equiv-
alently written as F(x) = v, v* € 0ds;(F(x)) and (0,7*) € d(v*®)(x,0).
Noting that dyg = Fgo (see, for instance, [127,151]) and, when yg is continuous,
sz = 06p+x + Uz*eayE(._(;)a(Z*, -—a) = Npyg + Fgo(- — a), the optimality
condition v* € dsz(F (X)) can be equivalently written when 0 € int E as v* €
Np4k (F (X)) + Fpo(F(X) —a).

Remark 4.24. Note that og defines the so-called dual gauge to yg. The duality
approach described in this subsection can be considered in case V' is a normed space
and yg is a norm with the unit ball £, too, when og gives actually the corresponding
dual norm. If V is a Hilbert space, then the norm of V' is strongly K-increasing on
K if and only if K € K* (cf. [140]). This is the case if, for instance, V = R* and
K is the nonnegative orthant in R¥. Not only the Euclidean norm is strongly ]R’fl_-
increasing on Rﬁ, but also the oblique norms are strongly Rﬁ—increasing on Rﬁ (cf.
[185,194]). Other conditions which ensure that a norm is strongly K-increasing on
a given set have been investigated in [139, 140, 213].
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4.3.5 Oriented Distance Scalarization

Another scalarization function employed in the literature (see, for instance, [22, 80,
167,216]) in order to deal with vector optimization problems is based on the so-
called oriented distance function, introduced by Hiriart-Urruty in [124, 125]. It has
not been yet considered for conjugate vector duality in the literature, because of the
difficulty to compute its conjugate. As the technique used in [74] to finally provide
a formula for the latter is specific to finitely dimensional spaces, let X = R” and
V = R, the latter partially ordered by the nontrivial pointed closed convex cone
K C R* with a nonempty interior. On R* we work with the Euclidean norm || - ||»
and its associated distance function.

Definition 4.10. Given a metric space (Z,d) and a nonemptyset U Z, the
function Ay : Z — R given by Ay (2) = dy(z) —dz\w(2), z € Z, is said to
be the oriented distance corresponding to the set U'.

Different properties of the function Ay can be found in [74, 124,125, 167,216],
for instance that it is Lipschitz continuous, and we recall here the ones needed for
our investigation. When U is a convex set, Ay is a convex function, while when U
is a closed convex cone with a nonempty interior, A_y is strictly U-increasing.

We consider the scalarization function

« = A_ ,if y € R¥,
s+ (B~ R sa(y) = { —l—og(y) ot})ljerwise

which is proper, convex and strictly K-increasing, with doms; = R¥. The set of
the scalarization functions is given in this case by

Ty = {sd S (RY® - @}.

Then an element X € X is said to be a J;-properly efficient solution to (PVG) if
A_g(F(x)) < A_x(F(x)) forall x € X, and we denote this by X € Z& 7, (PVG).
One has s = A* ., while the conjugate function of A_g atk™* € R is (cf. [74])

i
A* (k%) =inf§/ZISK*(x;‘): 1<l<n+2, x;‘ eRF j=1,...,1,

i i
k* =3 x7, Y lIxflla=1g .
j=1 j=1

When v € R¥, v* € K* and y* € Y*, the inequality s,(v) < —si(v*) —
(v*®)*(0, y*) that appears in the constraints of the vector dual to (PVG) obtained
as a special case of (DVG‘?) when working with the oriented distance scalarization

means A_g(v) < sup{Z[j:1 —8K*(x;‘): 1<l<n+2, x;‘ eRF j =1,....1,
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k* = le=1 X7, lj=1 [xFl2 = 1} — (v*®)*(0, y*). Note that the set that appears
in the right-hand side of this inequality contains only two elements, 0 and —oo.

Consequently, when there exist [ € [1,n + 2] N N and x;‘ € K*j =1,...,1,

such that v* = le=1 x7 and le=1 X712 = 1, its supremum is 0 and it is actually

attained. The vector dual attached to (PVG) with respect to .7;-properly efficient
solutions is then

G
(DVG®) WMax k7,1, x*, y%,v),
1 o 1
W*.Lx*y*v)es, d
where
B = L 0R Lt ) € KF x Nx (K% x Y* xR 2 ALk () < —(F@)*(0.y%),
! I
= G Il = 11 <1 <4207 = 307

=1 j=1

and

G
h; Za W Lx* y vy =

The weak and strong duality statements for (PVG) and (DVGi%’) follow from
Theorems 4.10 and 4.13, while the corresponding necessary and sufficient optimal-
ity conditions can be derived from Theorem 4.15.

Theorem 4.27. (a) There are no x € X and (v*,1,x*, y*,v) € %167“’ such that
F(x) <g b7 0% 1x* y*.v).

(b) If @ is a K-convex vector function, the regularity condition (RCVg/ ) is fulfilled
and X € P& 7,(PVG), there exist v € K*\ {0}, | € N, x* € (K*)
and 5* € Y* such that (v*,1,%*,3*, F(X)) € #&DVG]') and F(X) =
W7 T 5%, 5% F (%)),

Theorem 4.28. (a) When® is a K-convex vector function, the regularity condition
(RCV'OV) is fulfilled and X € P& 7,(PVG), there exists (V*, 1, X*,y*,v) e W &
(DVG]%) such that
(i) F(X)=v;

(ii) A_g() =v*T¥;
I

(iii) v: = )_c;“

j=1
]
(iv) Zl X7l = 1;
i=
(v) V*TF(X) + (™ ®)*(0,7*) = 0.
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(b) Assume that X € X and (v*,1,X*, *,7) € ﬂled Sulfill the relations (i)—(v).

Then % € P& 7,(PVG) and (v*,1, *, 7*.%) € W E(DVG]™).
Remark 4.25. The optimality conditions (i)—(v) in Theorem 4.28 can be equiva-
lently written as F(X¥) = v, v* € dA_k () and (0, y*) € d(v*®)(x, 0), where (cf.
[741)

co{x* € R" : x* € =Nk (), |x*|l, = 1}, if v € —bd K,
DA (7) = m{m(p—v):pen_K(v)}, if7 e —int K,
l - - . -
{—MH_K(GNFZ(V_ P—K(V))}7 ifv ¢ K,

and [T_g(v) = {y € R" : |y — V|l = min.e_pax [z — V[|2}. Note that in [80]
one can find a simpler formula for dA_g that moreover holds in Banach spaces, but
under the assumption int K = @. But, on the other hand, at the moment it is known
that A_ is strictly K-increasing only when int K # 0, therefore we cannot use the
mentioned subdifferential formula in this framework.

4.3.6 Quadratic Scalarization

The last scalarization we consider in our investigation is based on a quadratic
function and was considered for instance in [37, 87]. We work again in finitely
dimensional spaces, taking X = R” and VV = RF, the latter partially ordered by
the nontrivial pointed closed convex cone K R¥. Let 0 v _llf and D C Rk a
relatively open set, i.e. D = ri D. Denote by L the subspace parallel to aff D. If
int(K* + L) # @ and QD C K* + L*, where L~ is the orthogonal subspace to
L, then the function

= TQy,ifyeD
. (RY* = R. _ )y QyifyeD,
54 RY)" —~ 54 ) % +00, otherwise,
is strongly K-increasing on D. Assume further that F(dom F)4+K C D = doms,.
The set of scalarization functions will consist in this case of a single element, namely

Sy = {sq : (RY)* — @}.

An element X € X is said to be an .7 -properly efficient solution to (PVG)
if F(x)TQF(X) < F(x)TQF(x) for all x € X, and we denote this by X €
PE 5,(PVG).

In order to formulate the vector dual problem to (PVG) that arises in this case
we need the conjugate function of s,. So far in the literature this conjugate was
computed only for D being a subspace, so we assume further this hypothesis, too.
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According to [128, p.331], the conjugate of the scalarization function is

S; : Rk N E, S;(V*) — %V*T(PD (¢} Q o} PD)TV*, if v* G'Im Q + DJ',
+o00, otherwise,
Im Q is the image of Q seen as a symmetric positive semidefinite mapping on R¥
and Q is the Moore-Penrose pseudo-inverse of Q.
Then the dual vector problem to (PVG) with respect to % -properly efficient
solution is

p G
(DVG,") Max /0%y, w),
(v*,y* v)ES, 4
where
93?““ — {(v*,y*,v) eK*xY*xD:v¥eImQ + D+,
vTOv < 17T (Pp o Qo Pp)'v* — (7 @)*(0.y")]
and

G
hl . (V*» y*v V) =V

The weak and strong duality statements for (PVG) and (DVGfﬂ") follow from
Theorems 4.2 and 4.5.
Theorem 4.29. (a) There are no x € X and (v*,y*,v) € %IG‘%’ such that
F(x) <g b7 (%, y* v).
(b) If @ is a K-convex vector function, the regularity condition (RCV"OS” ) is fulfilled
and X € P& 4,(PVG), there exist V¢ € K* and y* € Y™ such that

(7%, 7%, F(X)) € £(DVG,") and F(%) = h} " (5, 5*. F(%)).
Moreover, from Theorem 4.7 one can obtain the following necessary and

sufficient optimality conditions regarding (PVG) and (DVG’ly").

Theorem 4.30. (a) If @ is a K-convex vector function, the regularity condi-
tion (RCV'(;/) is fulfilled and x € P& 5, (PVG), there exists (V*,y*,V) €
& (DVGly") such that
(i) F(x) =v;
(ii) VT QV + 39*T(Pp o Q o Pp)'v* = v*Ty;
(i) V* T F(X) + (7*®)*(0, 7*) = 0.
(b) Assume that X € X and (v*,y*,V) € ZIG%’ fulfill the relations (i)—(iit). Then
X € PE (PVG) and (W, 7*,7) € E(DVG").
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Remark 4.26. The optimality conditions (i )—(iii) in Theorem 4.30 can be equiv-
alently written as F(X) = v, v* € ds,(F (X)) and (0, y*) € 9(v*®)(x,0). When
int D # @ and consequently D is an open set, itholds ds, (y) = {Vs,(»)} = {20y}
forany y € D and ds,(y) = @ when y ¢ D. However, when int D = @, it is not so
easy to determine a simple formula for ds,(y) when y € D.

Remark 4.27. 'We mentioned before that the scalarization functions considered in
the literature serve different purposes, as noted, for instance, in [22, 81]. We have
shown in this section how some of them can be employed for delivering vector
dual problems to the original primal vector optimization problem and, under certain
hypotheses, optimality conditions for it. One can also try to compare the resulting
vector dual problems to (PVG). If s € .7 (when s € . the discussion is analogous),
the Young-Fenchel inequality yields s*(v*) + s(v) > (v*,v) forall v € V and all
v* € V*. Moreover, it is known that dom s* € K*. However, one cannot conclude
from here that (s, v*, y*,v) € 93?7 implies (v*, y*,v) € %?Jl because v* € K*
in the former, while the v* that is feasible to the vector dual problem to (PVG)
that is obtained by means of the linear scalarization should belong to K* \ {0}
and we have already seen in Remark 1.6 that the domain of the conjugate of a
strictly K-increasing function is not necessarily a subset of K* \ {0}. However,
we noticed in Remarks 4.15 and 4.17, respectively, that at least the domains of the
conjugates of the scalarization functions used in the maximum(-linear) scalarization
and set scalarization are actually included in K* \ {0} and this guarantees that in the

framework of Sect.4.3.2 it holds hlG'?I (@fﬁ) c hom (%’?y”” ), while in the one of

Sect.4.3.3 one has | (%’?7’) < K7 (B,

4.4 Vector Duality via Scalarization for Particular Vector
Optimization Problems

In this section we particularize the duality investigations from Sect.4.2 first for
constrained vector optimization problems, then for unconstrained ones with the
objective functions consisting in the sum of a vector function with the postcom-
position of another with a linear continuous mapping.

4.4.1 Vector Duality via Scalarization for Constrained Vector
Optimization Problems

Consider the nonempty convex set S € X and the proper vector functions f : X —
V®and h : X — Y* fulfilling dom f NS N h~!'(C) # @. Let the primal vector
optimization problem with geometric and cone constraints
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(PVC) Min f(x),
xX€
where
%:{xeS:h(x)e—C}.
Since (PVC) is a special case of (PVG) obtained by taking

FiX Ve, Fx) =/ 0hiTxed,
ook, otherwise,
we use the approach developed in Sect. 4.2 in order to deal with it via duality.

Adapting the definition from the general case, an element X € .« is said to be
an .-properly efficient solution to the vector optimization problem (PVC) if there
exists a function s € . such that s( f(x)) < s(f(x)) for all x € /. Here . is
a set of functions s : V* — R that are proper, convex and strongly K-increasing
on f(dom f N &) + K fulfilling f(dom f N /) + K € doms and s(ocog) =
+00. Analogously, when qi K # @ and .7 is a set of functions s : V* — R
that are proper, convex and strictly K-increasing on f(dom f N ) 4+ K fulfilling
f(dom fN&)+ K C doms and s(cog) = 400, X € & is said to be a 7 -properly
efficient solution to the vector optimization problem (PVC) if there exists a function
s € 7 such that s(f(x)) < s(f(x)) forall x € .

For convenient choices of the vector perturbation function @ we obtain vector
duals to (PVC) which are special cases of (DVG’,-y ) and (DVG;? ), i € {1,2},
respectively. Moreover, one can assign to (PVC) vector dual problems following
from (DVG’fW ) and (DVG;/ ), too, where no perturbation functions are involved,
namely

s, Max. h$7 (s.v),
(5,v)ES, 7
where
= fome s xv = oo
xed
and

hg"'(s,v) =,

and, respectively,

(DVCY) WMax hS7 (s,v),

2T
(s,v)EH,
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where
BT = {(s, Ve T xV:s(v) < inf s(f(x))}
xed
and
hS7 (s, v) = v.

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVG) and its vector duals
(DVGf ) and (DVG‘Z), namely Theorems 4.1 and 4.9, respectively.

Theorem 4.31. (a) There are no x € </ and (s,v) € 933C/ such that f(x) <k
hS”
37 (s, v).

(b) Assume that qi K # 9. There are no x € < and (s,v) € %53 such that
J(x) <k h57 (5.v).

The strong duality statements regarding the vector optimization problems (PVC)
and (DVC‘37 ), respectively (DVC 37), follow automatically provided that the primal
problem has at least a corresponding properly efficient solution, like in the general
case, namely in Theorems 4.4 and 4.12, respectively. The same happens with the
assertions delivering necessary and sufficient optimality conditions for these primal-
dual pairs of problems, that are special cases of Theorems 4.6 and 4.14, respectively.

Theorem 4.32. (a) If x € P& 5(PVC), there exists an § € ./ such that
(5. (%) € EDVCY) and (%) = h5” G, f(2)).
(b) If x € P& 5 (PVC), there exists (5,V) € éo(DVCf) such that
(i) f(x) =,
(i) 5(3) = 5(f(2)) = min5(/(x).
(c) Assume that X € < and (5,v) € 933CJ fulfill the relations (i)—(ii) from (b).
Then X € P& »(PVC) and (5,7) € &(DVCY).

Theorem 4.33. Assume that qi K # 0.

(a) If x € P& 7(PVC), there exists an s € 7 such that (5, f (X)) € Wé"(DVCf)
and f (%) = h5” 6. f(¥)).

(b) If x € P& 7(PVC), there exists (5,V) € V/g(DVCf) such that
(i) f(X) =W
(i) 56) = 5(£(5)) = min /().

(c) Assume that X € <o/ and (5,v) € %’g 7 fulfill the relations (i)—(ii) from (b).
Then X € P& 7(PVC) and (5,7) € W &EDVCY).
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Remark 4.28. The necessary and sufficient optimality conditions provided above
for (PVC) and its vector duals can be rewritten by making use of subdifferentials
like in Remark 4.6.

Remark 4.29. One can find in the literature the special cases of (DVCé") and
(DvC 3L 7) obtained by means of linear scalarization in [48, 54, 55].

Now let us consider the Lagrange type vector perturbation function

f(x), ifx e S, hix)ez—-C

QL X xY >V, &F(x,2) = _
ook, otherwise,

which is proper because f and & are proper and due to the fulfilment of the men-
tioned feasibility condition. For v¥ € K* and z* € Y* we have (v*®1)*(0,z*) =
(V)= (Z*h) + 85)*(0) + §—c*(z*), so the Lagrange type vector duals to (PVC)
that follow from (DVGy ) and (DVG7 ), respectively, are (note the change of sign
of z*)

Lo Ly
(DVC{”) Max hy” (s,v*, 2%, v),
(S,v*,z*.v)e(%’]Ly

where
gglL/ {S V9,75 e XK XCH* XV is(v) < =s* ()= ((0vV* )+ (*h) +5S)*(0)}
and
RE7 (5,0, 2%, v) = v,
and, when qi K # 0,
(DVCE?) WMax  hi7 (s,v*, 2, v),
(s.v*.z* v)€RB 7

where
BT =575 € T X KF ) CFxV i s(0) < =" (07) = (0% /) + (@) + 65)* O}
and

hlLy(s,v*,z*,v) =.

The other vector duals to (PVC) obtained via the Lagrange type vector
perturbation are
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Ly Ly *
(DVCy7) Max  hy,”7 (s,2%,v),
(s.2* VeBr?

where
B = {5,250 € 7 X CHx V 150) £ ~(s 0 [ + (h) + 89)°O))
and
hy” (s.2%,v) = v,

and, when qi K # @,

(DVCE7) WMax  h%7 (s, 2%, v),

(s.z*v)€RB, 7

where
B = {(s,z*,v) €T XC*xV:s(v)<—(sof+(*h)+ 5s)*(0)}
and
hé‘y(s,z*,v) =

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVG) and its duals, namely
Theorems 4.2 and 4.3, respectively Theorems 4.10 and 4.11.

Theorem 4.34. (a) There are no x € </ and (s,v*,7*,v) € @f/ such that
f(x) <k Ay (s,v5,25,v).
(b) There are no x € < and (s,z*,v) € Br” such that f(x) < h¥” (s,z*,v).

Theorem 4.35. Assume that qi K # 0.

(a) There are no x € & and (s,v*,7*,v) € QIL‘7 such that f(x) <g hlL'7(s,v*,
75, v).
(b) There are no x € </ and (s,z*,v) € By” such that f(x) < hy7 (s,z*,v).

The strong duality statements regarding the Lagrange type vector dual problems
we assigned above to (PVC), as well as the corresponding necessary and sufficient
optimality conditions regarding the mentioned pairs of primal-dual vector opti-
mization problems require the fulfillment of some regularity conditions. The ones
considered in Sect. 4.2 become

Vs € #3x’ € dom f N S such that A(x") € —intC

RCVH”
( ) and s is continuous at f'(x’),
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and, in case int K # 0,
(RCVé’“)‘ Jx’ € dom f N S such that 2(x") € —int C,

which is actually the classical Slater constraint qualification extended to the vector
case.

Particularizing Theorem 4.5 for the situation considered here one obtains the
following strong duality statement.

Theorem 4.36. If f is a K-convex vector function, h is a C -convex vector function,
the regularity condition (RCV*?) is fulfilled and X € P& »(PVC), there exist 5 €
S, v € K* and 7* € Y™ such that (5,v*,7*, f(X)) € o@(DVCLLy), (5,7%, f(x)) €
E(DVCS”) and f(X) = hi” (,5*,2", f(%)) = hy” (. 2%, f(%)).

Employing now Theorems 4.7 and 4.8, respectively, the following necessary and
sufficient optimality conditions statements involving (PVC) and its vector duals
(bvC IL/ ) and (DVCZL ), respectively, are obtained.

Theorem 4.37. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCVY?) is fulfilled and X € P& »(PVC),
there exists (5,V*,7%,v) € g(DVCIL‘/) such that
(i) f(X) =

(i) 5(v) + 5*(v*) = (v*, ),

e - - - — *

(iii) (7 [)(F) + (0 f) + @) 5 (0) = 0;
(iv) Z*h)(x) = 0.

(b) Assume that X € X and (5,V*,7%,V) € %IL/ Sulfill the relations (i )—(iv). Then
X € P& 5 (PVC) and (5,7v*,7*,7) € £(DVCE?).

Theorem 4.38. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCVY?) is fulfilled and X € P& »(PVC),
there exists (5,7%,V) € g(DVCZL'V) such that

(i) f(X) =W
(i) 5(f(X)) + (50 f + (Z*h)5(0) = 0;
(iii) (Z*h)(x) = 0.
(b) Assume that X € </ and (5,7%,V) € QSZL/ fulfill the relations (i)—(iii). Then
X e P& 5(PVC) and (5,7*,7) € E(DVCE?).

Now let us give the similar strong duality and necessary and sufficient optimality
conditions statements involving (PVC) and its Lagrange type vector duals with
respect to .7 -properly efficient solutions.

Theorem 4.39. If qi K # @, f is a K-convex vector function, h is a C-convex
vector function, the regularity condition (RCV*?) is fulfilled and ¥ € P& 7(PVC),
there exist § € 7,V € K* and 7% € Y* such that (5,V*,7%, f(X)) €
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WEDVCET), (5,75, f(R) € #EDVCET) and f(X) = ht7 (5,v*,7", f(X)) =
hy” (5.2, ().

Theorem 4.40. (a) If i K # @, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCV*?) is fulfilled and X €
PE 7(PVC), there exists (5,v*,7%,v) € Wéa(DVCIL‘q) such that conditions
(i)—(iv) from Theorem 4.37 are fulfilled.

(b) Assume that x € X and (5,v*,7%,V) € %’1“7 Sfulfill relations (i)—(iv) from
Theorem 4.37. Then X € P& 7(PVC) and (5,V*,7%,V) € ”//é”(DVCILy).

Theorem 4.41. (a) If qiK # @, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCV*?) is fulfilled and X €
PE 7(PVC), there exists (5,7%,V) € W& (DVCé‘y) such that conditions (i)—
(iii) from Theorem 4.38 are fulfilled.

(b) Assume that x € X and (5,7*,V) € %2Ly fulfill relations (i)—(iii) from
Theorem 4.38. Then X € P& 7(PVC) and (5,7*,7) € # &(DVCE7).

Remark 4.30. The necessary and sufficient optimality conditions provided above
for (PVC) and its Lagrange type vector duals can be rewritten by making use of
subdifferentials like in Remarks 4.7 and 4.9, respectively.

Remark 4.31. The inclusions provided in Remarks 4.3, 4.4 and (4.2.1) can be
particularized for (PVC) and its vector duals considered above, too.

Furthermore, one can particularize the scalarization functions as done in
Sect. 4.3, obtaining different Lagrange type vector dual problems to (PVC).

Remark 4.32. One can find in the literature some special cases of the vector duals to
(PVC) presented above, usually obtained for particular scalarizations. For instance,
in [98] one can find (DVCéy ) and in [192] (DVCéy ), but with the scalarization
functions assumed moreover continuous. In [102], in the same framework, a vector
dual similar to (DVC;’ ') is considered, but with the inequality from the constraints
replaced by the corresponding equality. In [48,139,140] the vector duals obtained in
this framework from (DVCIL’ ") and (DVCILy ) by using the linear scalarization are
treated.

Another vector perturbation function one can consider in order to assign vector
dual problems to (PVC) is the Fenchel-Lagrange type vector perturbation function
P X xX XY —>V°,

OL(x, y,7) = fx+y), ifxe S,h(x) ez—C,

o0k, otherwise,
which is proper since f and h are proper and due to the fulfilment of the
mentioned feasibility condition. For v* € K*, y* € X* and z* € Y™ one
has (V@) *(0, y*,2%) = () (") + (=) + 85)*(=y*) + —cx (),
consequently, the Fenchel-Lagrange type vector duals to (PVC) obtained by making
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use of the vector perturbation function @/ that follow from (DVG‘IV ) and (DVG‘?),
respectively, are

(pvett)y Max R (s,0%, p*, 25,0),
(s.v*,y*.z* €A, =4
where
93{1‘“ = {(s,v*,y*,z*,v) eI XK*xX*xC*xV:
s) < —=s*(v*) = (v )*OF) = (*h) + 5s)*(—y*)}
and

FLy * * % _
hy7 (s, v, y™, 25 v) =,

and, when qi K # 0,

(DVCfLﬂ) Max hf” (s, v, y*, 2%, v),
(s.v*,y*,z*.v)e%fLy
where
%’f” = {(s,v*,y*,z*,v) e T xK*xX*xC*xV:
s() < =s (") = )*OF) = ((Z%h) + 85)*(—);*)}
and

hfL‘7(s,v*, y*. 75 v) = v

The other vector duals to (PVC) obtained via the Fenchel-Lagrange type vector
perturbation are

(DVCE) Max K" (s, y*, 25, v),

FL
(s.y*.2* ez,

where
B ={5.7".29) € IXXCXVis(0) S =(50f)" () =( ) +55)" (=)
and

FLy
hz y(sv y*»Z*vv) == V&
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and, respectively,

(DVCEE7) WMax  h3"7 (s, y*, 25, v),

(sy*.2* veBT

where
BT = {(s,y*,z*,v) ETXX*XC*XV :s(w)<—(s0 )*O™) —((*h) +85)*(—y*)}
and

h;L‘7(s, y*. 75, v) =

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVG) and its duals, namely
Theorems 4.2 and 4.3, respectively Theorems 4.10 and 4.11.

Theorem 4.42. (a) There are no x € < and (s,v*, y*z*,v) € %’fL“ such that
) <k Iy (sov* ¥ 2.

(b) There are no x € o and (s, y*,z*,v) € %I;L/ such that f(x) <g thy(s, v,
Z5,v).

Theorem 4.43. Assume that qi K # 0.

(a) There are no x € o and (s,v*,y*,7*,v) € %fL7 such that f(x) <k

Y7 (s,0%, y*, 2%, 0).
(b) There are no x € o« and (s, y*,7*,v) € 9312%? such that f(x) <g hiLy(s, v,
%, v).

The strong duality statements regarding the Fenchel-Lagrange type vector dual
problems to (PVC) introduced above, as well as the corresponding necessary and
sufficient optimality conditions regarding the mentioned pairs of primal-dual vector
optimization problems require the fulfillment of some regularity conditions. The
ones considered in Sect. 4.2 become

Vs € #3x’ € dom f N S such that f is continuous at x’,

RCVFLs
( ) h(x’) € —int C and s is continuous at f(x’),

and, in case int K # @,

(RCVOFL‘“) ‘Eix’ € dom f N S such that f is continuous at x” and i(x’) € —int C.

Particularizing Theorem 4.5 for the situation considered here one obtains the
following strong duality statement.

Theorem 4.44. If f is a K-convex vector function, h is a C -convex vector function,
the regularity condition (RCVFL?) is fulfilled and X € P& o (PVC), there exist 5 €
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7, v* € K*, 7% € X* and 7* € Y* such that (5,7, 7*,7*, f(X)) € £DVC™),
(.7%.25 f(X) € EDVCY) and f(X) = W™ G0, 7575 f(X) =
hyE (5. 5,2, f(F)).

Employing now Theorems 4.7 and 4.8, respectively, the following necessary and
sufficient optimality conditions statements involving (PVC) and its vector duals
(DVCfL" ) and (DVC;L’ ), respectively, are obtained.

Theorem 4.45. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCV'™") is fulfilled and X € P& »(PVC),
there exists (5,V*, y*,7%,V) € g(DVCfLy) such that

(i) f(X) =W
(i) (V) + 5*(v*) = (v*,V);
(iit) (v* [)(x) + * ))* (%) = (y*. x);
(iv) @h)s(=y*) =—(y*. x);
(v) (Z*h)(%) = 0.
(b) Assume that X € X and (5,V*,y*,7%,V) € %’fLy Sulfill the relations (i)—(v).
Then X € P& »(PVC) and (5, 7*,v*,7*,7) € £(DVC™).

Theorem 4.46. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCV'™") is fulfilled and X € P& »(PVC),
there exists (5, y*,7*,v) € & (DVC?L” ') such that

(i) f(X) =W
(i) s(f(X)) + (50 f)*(V*) = (y*. x);
(ii) @*h)5(=y*) = —=(y*, x);
(iv) (Z*h)(%) = 0.
(b) Assume that x € X and (5,y*,7%,V) € %I;Ly Sulfill the relations (i)—(iv). Then
X e PE4(PVC) and (5,7*,7*,7) € E(DVCE).

Now let us give the similar strong duality and necessary and sufficient optimality
conditions statements involving (PVC) and its Fenchel-Lagrange type vector duals
with respect to .7 -properly efficient solutions.

Theorem 4.47. If qiK # 0, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCV':?) is fulfilled and X €
PE 7(PVC), there exist' 5 € T,V € K* y* € X* and 7% € Y™ such
that (5,v*,7*,7%, f(X)) € # EDVCE™), (5,7*,7, f(R)) € # EDVCS) and
f@) = h"7 GV 725 f(R) = by G725 f(R).

Theorem 4.48. (a) If qiK # @, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCVL") is fulfilled and
X € PE7(PVC), there exists (5,V*,y*,7*,v) € Wg(DVCfLy) such that
conditions (i)—(v) from Theorem 4.45 are fulfilled.

(b) Assume that X € X and (5,V*, 3*,7%,v) € %’fL7 fulfill relations (i)—(v) from
Theorem 4.45. Then X € P& 7(PVC) and (5,v*, 7*,7*,%) € # &DVCL™).
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Theorem 4.49. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCVE?) is fulfilled and X € P& 7(PVC),
there exists (5, y*,7*,V) € W& (DVCI;L?) such that conditions (i)—(iv) from
Theorem 4.46 are fulfilled.

(b) Assume that x € X and (5,y*,7*,v) € %’g’” Sulfill relations (i)—(iv) from
Theorem 4.46. Then X € P& 7(PVC) and (5, 7*,7*,7) € W EDVCY7).

Remark 4.33. The necessary and sufficient optimality conditions provided above
for (PVC) and its Fenchel-Lagrange type vector duals can be rewritten by making
use of subdifferentials like in Remarks 4.7 and 4.9, respectively.

Remark 4.34. The inclusions provided in Remarks 4.3, 4.4 and (4.2.1) can be
particularized for (PVC) and its vector duals considered above, too.

Furthermore, one can particularize the scalarization functions as done in
Sect. 4.3, obtaining different Fenchel-Lagrange type vector dual problems to (PVC).

Remark 4.35. Note that (DVCfL”/ ) and (DVCfL“7) are actually the vector duals we
introduced via the general scalarization in [37] in the finitely dimensional case and
then extended to infinite dimensions in [48, Section 4.4]. In both these works the
scalarization functions are then particularized, like in Sect. 4.3.

4.4.2 Vector Duality via Scalarization for Unconstrained
Vector Optimization Problems

In this subsection we deal with unconstrained vector optimization problems whose
objective functions consist of sums of functions. Let f : X — V®andg:Y — V*
be given proper vector functions and A : X — Y a linear continuous mapping such
that the feasibility condition dom f N A~!(dom g) # @ is fulfilled.

The primal unconstrained vector optimization problem we work with is

(PVU) Min[f(x) + g(Ax)].

Since (PVU) is a special case of (PVG) obtained by taking F = f + go A, we
use the approach developed in Sect. 4.2 in order to deal with it via duality.

Take . to be a set of functions s : V* — R that are proper, convex and strongly
K-increasing on (f + g o A)(dom f N A~ '(domg)) + K that fulfill (f + g o
A)(dom fNA~'(dom g))+K < doms and s(cog) = -+o00. Adapting the definition
from the general case, an element X € X is said to be an .-properly efficient
solution to the vector optimization problem (PVU) if there exists a function s € .%
such that s((f + g o A)(X)) < s((f + g o A)(x)) for all x € X. Analogously,
when qi K # @ and .7 is a set of functions s : V* — R that are proper, convex
and strictly K-increasing on (f + g o A)(dom f N A~!'(dom g)) + K fulfilling
(f + goA)(dom f N A~ (domg)) + K € doms and s(cog) = +00, X € X is
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said to be a 7 -properly efficient solution to the vector optimization problem (PVU)
if there exists a function s € .7 such that s((f + g 0 A)(X)) < s((f + g o A)(x))
forall x € X.

First, let us assign to (PVU) the vector dual problems following from (DVG*37 )
and (DVG}?), respectively, where no perturbation functions are involved, namely

oVU) Max, B3 (5.0),
(sv)eB)”
where
BY7 = {(s,v) €S xV:s(v) < infs((f +go A)(XD}
3 X€
and

hg’ (s,v) = v,

and, respectively,

(DVU:’?) WMax hgju? (S7 V)’
ez ”
where
BY7 = {(s,v) €T xV:is)< inf s((f + g0 A)(x))}
Xe
and

hgly(s,v) =

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVG) and its vector duals
(DVGf ) and (DVG'37 ), namely Theorems 4.1 and 4.9, respectively.

Theorem 4.50. (a) There are no x € X and (s,v) € %éj/ such that f(x) <g
hY7 (s, v).

(b) Assume that i K # . There are no x € X and (s,v) € 93?7 such that
f(x) <k Y7 (s,v).

The strong duality statements regarding the vector optimization problems (PVC)
and (DVUY), respectively (DVU 37 ) follow automatically provided that the primal
problem has at least a corresponding properly efficient solution, like in the general
case, namely in Theorems 4.4 and 4.12, respectively. The same happens with the
assertions delivering necessary and sufficient optimality conditions for these primal-
dual pairs of problems, that are special cases of Theorems 4.6 and 4.14, respectively.
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Theorem 4.51. (a) If x € PE »(PVU), there exists an § € . such that (5, (f +
g o A)(X)) € EDVUY) and (f + g o A)(X) = h{” (5. (f + g o A)(F)).
(b) If x € P& »(PVU), there exists (5,v) € &(DVUY ) such that

(i) (f +goAHFE =7
(i1) 5(7) = 5((f + g 0 A)(®) = minF(f + g 0 4)(x).

(c) Assume that X € X and (s,v) € z%’gy fulfill the relations (i)—(ii) from (D).
Then X € P& o(PVU) and (5,v) € &(DVUY).

Theorem 4.52. Assume that qi K # 0.

(a) If x € PE 7(PVU), there exists an s € 7 such that (5, (f + g o A)(X)) €
W EDVUY) and (f + g 0 A)(X) = hy7 (5, (f + g 0 A)(X)).
(b) If x € P& 7(PVU), there exists (5,V) € Wﬁ(DVU’?) such that

(i) (f + g0 X)) =V
(i) 5(7) = S((f + g0 A)(X)) = min5((f + g o A)(x)).

(c) Assume that X € X and (5,V) € %;Jy Sulfill the relations (i)—(ii) from (b).
Then X € P& 7(PVU) and (5,7) € # E(DVUY).

Remark 4.36. The necessary and sufficient optimality conditions provided above
for (PVU) and its vector duals can be rewritten by making use of subdifferentials
like in Remark 4.6.

Like in the general case, one can assign vector duals to the primal vector
optimization problem under consideration by making use of vector perturbation
functions, too. Consider thus the vector perturbation function usually employed in
the literature to approach (PVU), namely

) X XY >V, ) (x,y) = f(x) + g(Ax + ),

which is proper because so are f and g and due to the fulfilment of the mentioned
feasibility condition.

For v* € K* and y* € Y* one has (v*®U)*(0,y*) = (v*f)*(—A*y*) +
(v*g)*(y*). Now we are ready to formulate the vector duals to (PVU) that are
special cases of (DVG‘ly ) and (DVG‘?), namely

(DVUY) Max A7 (s,v*, y*,v),
(sv* y* v)eB|”
where
%f” = {(s,v*,y*,v) e xK*xY*xV:
s() < =s*(v*) = (V) (=A"y*) — (V*g)*(y*)}
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and
Uy * % _
h{7(s,v", y",v) =,

and, when qi K # 0,

(DVUY) WMax RY7 (s,v%, y*,v),
(s,v*,y*,v)égf?ly
where
{@1”7 = {(s,v*,y*,v) ETXK*xY*xV:
S0) = =55 0%) = () (=A%) = (79 ()|
and

hijy(s,v*, y*,v) =

The other vector duals to (PVU) obtained via the considered vector perturbation
function are

oVU?) Max (50,
(s.y* e
where
B = {(s,y*,v) €S XY XV is()<—(so ‘DVU)*(O’y*)}
and

hy” (s, y*,v) = v,

and, when qi K # 0,

(DVUZy) WDMax h;/q (S, y*, V),
(s.y*v)eBy”
where
By = {(s,y*,v) €T XY*xVis(v) <—(s O‘DvU)*(O’y*)}
and

hy7 (s, y*.v) =v.
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Remark 4.37. Regarding the definitions of %g “ and %g 7, unfortunately we were
not able to identify a formula for (s o @Y)*(0, y*) that uses only the functions s, f
and g, similarly to the way the feasible sets of the vector duals of this type to (PVC)
are defined. This can be done only under additional hypotheses, for instance via [49,
Theorem 3.3] or when int K # @.

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVG) and its duals, namely
Theorems 4.2 and 4.3, respectively Theorems 4.10 and 4.11.

Theorem 4.53. (a) There are no x € X and (s,v*, y*,v) € e%’lUJ such that (f +
g o A)(x) <k {7 (s,v*, y*,v).

(b) There are no x € X and (s, y*,v) € 935’ such that (f + g o A)(x) <g
hY7 (s, y*,v).

Theorem 4.54. Assume that qi K # 0.

(a) There are no x € X and (s,v*,y*,v) € ,@?7 such that (f + g o A)(x) <k
h{7 (s,v*, y*, ).

(b) There are no x € X and (s,y*,v) € 35'2U7 such that (f + g o A)(x) <k

hY7 (s, y*,v).

The strong duality statements regarding the vector dual problems we assigned via
perturbations to (PVU), as well as the corresponding necessary and sufficient opti-
mality conditions regarding the mentioned pairs of primal-dual vector optimization
problems require the fulfillment of some regularity conditions. The ones considered
in Sect. 4.2 become

Vs € .#3x’ € dom f N A~!(dom g) such that g is continuous

RCVY”
( ) at Ax’ and s is continuous at f(x") + g(Ax’)

and, in case int K # @,
(RCV(L)/"/)‘ 3x’ € dom f N A~'(dom g) such that g is continuous at Ax’.

Particularizing Theorem 4.5 for the situation considered here one obtains the
following strong duality statement.

Theorem 4.55. If f and g are K-convex vector functions, the regularity condition
(RCVY?) is fulfilled and X € P& o(PVU), there exist 5 € ., v € K* and
7* € Y* such that (5.v*,3*.(f + g o A)(X)) € EDVUY), G.7*.(f + g o
A)(X)) € EDVUY ) and (f + g o A)(F) = hij’/(i,fz*,j}*, (f+goAX) =
By 6.5 (f + g0 X)),

Employing now Theorems 4.7 and 4.8, respectively, the following necessary and

sufficient optimality conditions statements involving (PVU) and its vector duals
(DVUly ) and (DVUZy ), respectively, are obtained.



108 4 Vector Duality via Scalarization for Vector Optimization Problems

Theorem 4.56. (a) If f and g are K-convex vector functions, the regularity con-
dition (RCVY*) is fulfilled and X € P& »(PVU), there exists (5,v*, 7*,V) €
&E(DVUY') such that

(i) (f +goA(X)=v;
(i) 5(v) + 5*(v*) = (v, ),
(iit) (vV* [)(x) + (7 )" (=A%y*) = = (y*, AX);
(iv) (7*g)(AX) + (V" g)* (™) = (y*, AX).
(b) Assume that X € X and (5,V*,y*,V) € %’f// Sulfill the relations (i)—(iv). Then
X € PE 5 (PVU) and (5, 7%, 7*,v) € £(DVUY).

Theorem 4.57. (a) If f and g are K-convex vector functions, the regularity
condition (RCVY?) is fulfilled and X € PE »(PVU), there exists (5, y*,V) €
&(DVUY) such that

(i) f(X) =W
(ii) 5*(f + g o A)X) + (o @7)*(0,5*) = 0.
(b) Assume that X € X and (5,5%,V) € %gy fulfill the relations (i)—(ii). Then
X € PE o (PVU) and (5, 7*,7) € &(DVU5).

Now let us give the similar strong duality and necessary and sufficient optimality
conditions statements involving (PVU) and its vector duals with respect to .7 -
properly efficient solutions obtained via perturbations.

Theorem 4.58. Ifqi K # @, f and g are K-convex vector functions, the regularity
condition (RCVY?) is fulfilled and ¥ € P& 7(PVU), there exists € T, v* € K*
and y* € Y* such that (5,v*, y*, (f + go A)(X)) € ”//é”(DVU‘ly), G,y (f+go
A)(X)) € W EDVUY ) and (f + g o A)(X) = h{7 5. 7%, 7*.(f + g 0 A)(X)) =
h7 G5 (f + g 0 A(E)).

Theorem 4.59. (a) If qiK # 0, f and g are K-convex vector functions, the
regularity condition (RCVY?) is fulfilled and X € P& 7(PVU), there exists
(5,v*,y*,v) € 7//@@(DVU'17) such that conditions (i)—(iv) from Theorem 4.56
are fulfilled.

(b) Assume that x € X and (5,V*,y*,V) € %’f]] Sulfill relations (i)—(iv) from
Theorem 4.56. Then x € P& 7 (PVU) and (5,V*, j*,V) € Wﬁ(DVU'l?).

Theorem 4.60. (a) If qiK # 0, f and g are K-convex vector functions, the
regularity condition (RCVY?) is fulfilled and X € P& 7(PVU), there exists
G,y v)ewé& (DVU'? ) such that conditions (i)—(ii) from Theorem 4.57 are
fulfilled.

(b) Assume that x € X and (5,7*,V) € ,%’gj Sulfill relations (i)—(ii) from
Theorem 4.57. Then X € & 7(PVU) and (5, y*,V) € 7/5(DVU§'7).

Remark 4.38. The necessary and sufficient optimality conditions provided above

for (PVU) and its vector duals can be rewritten by making use of subdifferentials
like in Remarks 4.7 and 4.9, respectively.
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Remark 4.39. The inclusions provided in Remarks 4.3, 4.4 and (4.2.1) can be
particularized for (PVU) and its vector duals considered above, too.

Furthermore, one can particularize the scalarization functions as done in
Sect. 4.3, obtaining different vector dual problems to (PVC).

Remark 4.40. One can find in the literature some special cases of the vector duals
to (PVU) presented above, usually obtained for particular scalarizations. In [48] the
vector duals obtained in this framework from (DVU'IV ) and (DVU 17 ) by using the
linear scalarization are treated, while in [58, 59] a vector dual similar (DVU‘f/} ) is
obtained via linear scalarization, but with the inequality in the constraints replaced
by an equality.

Remark 4.41. Valuable special cases of the vector optimization problem (PVU),
met in the literature in various circumstances, can be obtained, for instance, by
taking X = Y and A to be the identity mapping on X or f to be a zero
vector function, respectively. The vector duals assigned above to (PVU) and
the corresponding duality and optimality conditions statements can be directly
particularized for these problems, too.

Getting back to the constrained vector optimization problem considered in
Sect.4.4.1 and using the notations considered there, one can see (PVC) as an
unconstrained vector optimization problem, namely
(PVC) Min [f(x) + 8%, 0],

X
Then, taking A :=idy, f := f and g := §”, the vector dual problems assigned to

(PVU) with respect to .’-properly efficient solutions via perturbations turn into

(DVCE?) Max  hi”(s,v*,y*.v),

Fy
(sv*,y* €A &

where
B = {6V € S XKT )YV () £ =101 = (0 )F ) 0 (-3
and

hfy(s,v*,y*,v) =,

and, respectively,

(DvCE?) Max  hi7 (s, y*,v),

(s,y*,v)é%zy
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where
%’f’ = {(s, Y50 e XY XV is(v) < —(so /)*(*) — oﬂ(—y*)}
and
hy” (s, y*,v) = v,

where the vector perturbation function @Y becomes actually the Fenchel type vector
perturbation function for (PVC), namely

fx+y), ifx e &,

F X xX =V, &F(x,y) = ,
00K, otherwise,

which is proper because f and h are proper and due to the fulfilment of the
mentioned feasibility condition. This is the reason why the vector dual problems
assigned to (PVC) via the vector perturbation function @[ are said to be Fenchel
vector duals.

When qi K # @, vector dual problems can be assigned to (PVU) with respect to
T -properly efficient solutions, too, via the vector perturbation function @1, namely

(DVCf‘?) WMax hf?(s,v*,y*,v),

F7
(50" y* 1) EB]

where
A7 = {0 ) € T ) KF )Y XV 15() < =5 0) = 07 )0 =0 (-]
and

hf‘?(s,v*,y*,v) =,

and, respectively,

(DVCE?) WMax A7 (s, y*,v),

(s,y*,v)eﬂzp‘q

where
By = {(S,y*,v) €S XY XV is(v) < —(s0 f)*(»™) _‘W(_y*)}
and

hE7 (s, y*,v) = w.



4.4 Vector Duality via Scalarization for Particular Vector Optimization Problems 111

The weak duality statements regarding these vector dual problems follow as
special cases of the corresponding statements regarding (PVU) and its vector
duals or, alternatively from the ones regarding (PVG) and its vector duals, namely
Theorems 4.2 and 4.3, respectively Theorems 4.10 and 4.11.

Theorem 4.61. (a) There are no x € </ and (s,v*,y*,v) € %f“ such that
F(x) <k h7 (s,v*, y*,v).
(b) There are no x € of and (s, y*,v) € %’fy such that f(x) <g h;“(s,y*,v).

Theorem 4.62. Assume that qi K # 0.

(a) There are no x € < and (s,v*,y*,v) € %’fﬂ such that f(x) <k
o * Lk
1T v yEo).

(b) There are no x € </ and (s, y*,v) € Br7 such that f(x) <g hi7 (s, y*,v).

The strong duality statements regarding the Fenchel vector dual problems we
assigned above to (PVC), as well as the corresponding necessary and sufficient opti-
mality conditions regarding the mentioned pairs of primal-dual vector optimization
problems require the fulfillment of some regularity conditions. The ones considered
for (PVU) become

Fo|Vs € 73X’ € dom f N o/ such that fis continuous
(RCVFry T3 5 7 2% € Con ;
at x” and s is continuous at f(x’),

and, in case int K # 0,
(RCVgV)‘ dx’ € dom f N & such that f is continuous at A’.

Particularizing Theorem 4.55 for the situation considered here one obtains the
following strong duality statement.

Theorem 4.63. If f is a K-comvex vector function, h is a C-convex vector
function, the regularity condition (RCV¥*) is fulfilled and ¥ € P& 4 (PVC),
there exist 5 € &, v* € K* and y* € Y™ such that (5,V*,y*, f(x)) €
EDVCL), (,7*, (X)) € EDVC”) and f(X) = h” (5,7, 7% f(X) =
hy7 .57 ().

Employing now Theorems 4.56 and 4.57, respectively, the following necessary
and sufficient optimality conditions statements involving (PVC) and its vector duals
(DVC f’ ') and (DVC;r 7, respectively, are obtained.

Theorem 4.64. (a) If [ is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCVY*) is fulfilled and X € P& »(PVC),
there exists (5,V*, y*,V) € @@(DVny) such that

(i) f(x) =W
(ii) S() + §* (@) = (*.0);
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(iii) (vV* [)(X) + " H(*) = (J*. %),

(iv) min(y*, x) = (5%, %).

(b) Assume that x € X and (5,V*, y*,V) € %’f’ Sulfill the relations (i)—(iv). Then
X € P& 5(PVC) and (5,7*,7*,7) € £(DVC).

Theorem 4.65. (a) If f is a K-convex vector function, h is a C-convex vector
function, the regularity condition (RCVY*) is fulfilled and X € P& »(PVC),
there exists (5, y*,v) € & (DVCzF" ) such that

(i) f(x)=v;
(ii) S(f(X)) + (50 [)*(y*) = (y*. %),

(iii) min{y*, x) = (y*, %).

(b) Assume that X € < and (5,y*,V) € %’f’ fulfill the relations (i)—(iii). Then
X e P& (PVC) and (5, 7*,7) € E(DVCS”).

The similar strong duality and necessary and sufficient optimality conditions
statements involving (PVC) and its Fenchel type vector duals with respect to .7 -
properly efficient solutions follow analogously.

Theorem 4.66. If qi K # @, f is a K-convex vector function, h is a C-convex
vector function, the regularity condition (RCV?) is fulfilled and X € P& 7(PVC),
there exist 5 € 7, V¥ € K* and y* € Y* such that (5,V*, 3%, f(x)) €
P EDVCLT), (5.5 (%) € W EDVCYT) and f(X) = h{” (5.5 3. f(%)) =
hy” (5, 3", f(X))-

Theorem 4.67. (a) If i K # @, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCV¥*) is fulfilled and X €
PE 7(PVC), there exists (5,V*,y*,v) € Wg(DVCf‘J/) such that conditions
(i)—(iv) from Theorem 4.64 are fulfilled.

(b) Assume that x € X and (5,V*,y*,V) € %fﬂ fulfill relations (i)—(iv) from
Theorem 4.64. Then x € P& 7 (PVC) and (5,V*, y*,v) € V/(g’(DVCf‘?).

Theorem 4.68. (a) If qiK # @, f is a K-convex vector function, h is a C-
convex vector function, the regularity condition (RCV¥*) is fulfilled and X €
PE 7(PVC), there exists (5, y*,V) € V/é”(DVC?') such that conditions (i)—
(iii) from Theorem 4.65 are fulfilled.

(b) Assume that X € X and (5,y*,v) € %;y Sulfill relations (i)—(iii) from
Theorem 4.65. Then X € P& 7(PVC) and (5, 7*,%) € # &(DVCE?).

Remark 4.42. The necessary and sufficient optimality conditions provided above

for (PVC) and its Lagrange type vector duals can be rewritten by making use of
subdifferentials like in Remarks 4.7 and 4.9, respectively.

Remark 4.43. The inclusions provided in Remarks 4.3, 4.4 and (4.2.1) can be
particularized for (PVC) and its Fenchel type vector duals, too.
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Remark 4.44. The image sets of the vector duals assigned to (PVC) with respect
to .“-properly efficient solutions and, respectively, the ones with respect to .7 -
properly efficient solutions can be compared, analogously to the investigations from
their counterparts from Sect. 5.5.2. Using the properties of the conjugate functions,
one obtains fori € {1,2}

htr (B-
v D) SIS ),

1

(Bt <
and, respectively,

4 o hI7(BT e
Carefully analyzing the differences between the way a Lagrange or Fenchel vector
dual to (PVC) is defined and its Fenchel-Lagrange counterpart, one can derive
sufficient conditions that guarantee their coincidence from the stable strong duality
results from Chap. 2 or [48, Section 3.5].



Chapter 5
General Wolfe and Mond-Weir Duality

5.1 Historical Overview and Motivation

After having a solid duality theory for linear optimization problems, the next
step was to extend it for more general problems. Following Dorn’s successful
generalization of duality for quadratic problems, the next step was to deal with
convex optimization problems. In [215], Wolfe proposed a dual problem for a
scalar convex optimization problem in which the involved functions were taken
differentiable, too. Then, Schechter extended in [186] Wolfe’s duality for convex
nondifferentiable functions, by replacing the gradients with (convex) subdifferen-
tials. Then it was noticed that this duality approach can be extended for some classes
of nonconvex optimization problems where the involved functions have certain
generalized convexity properties. On the other hand, Mond and Weir proposed
in [169] other dual problems to a constrained optimization problem where the
involved functions were taken pseudoconvex and quasiconvex, respectively. For
both these duals, in order to achieve strong duality a known optimal solution
of the primal problem is required, extending thus somehow faithfully the duality
approach for linear optimization problems. This is actually the main difference
between the mentioned duality approaches and the classical conjugate one. Unlike
Wolfe’s duality approach, the Mond-Weir one has proven to be useful also when
dealing with fractional problems, leading to the achievement of strong duality even
for problems with fractions as objective functions where other duals proposed in
the literature (by Bector or Schaible, for instance) failed. Afterwards, both Wolfe
and Mond-Weir duality approaches were employed, separately, parallelly or even
combined, for different classes of optimization problems, like the ones involving
second order convex or invex functions. Moreover, they were used for developing
symmetric duality for certain classes of problems and for constructing primal-dual
pairs of problems where strong duality occurs without assuming the satisfaction of
any constraint qualification. The rich literature on Wolfe and Mond-Weir duality
concepts has developed in the last decades especially in the differentiable case.

© Springer International Publishing Switzerland 2015 115
S.-M. Grad, Vector Optimization and Monotone Operators via Convex Duality,
Vector Optimization, DOI 10.1007/978-3-319-08900-3_5



116 5 General Wolfe and Mond-Weir Duality

The main direction followed in this research was the one of relaxing the convexity
assumptions on the functions involved, the connections of these duality concepts to
other duality types based on convex functions remaining somehow neglected. On the
other hand, in most of the papers dealing with these duality concepts only finitely
dimensional spaces were considered.

A natural step was to extend the Wolfe and Mond-Weir duality approaches
from scalar to vector optimization problems, too. The investigations begun by
Mond, Weir, Craven and Egudo in papers like [82, 83, 205-207, 209, 211, 212]
presented Wolfe and Mond-Weir type vector duals, respectively, to a constrained
vector optimization problem obtained by retaining the objective functions of the
primal problem into the objective functions of the vector duals. They quickly
continued in various directions that led to a large number of papers where the
Wolfe and Mond-Weir duality approaches were employed for constrained vector
optimization problems with the objective functions usually containing (generalized
convex) differentiable vector functions, vectors of fractions or other combinations of
differentiable functions. On the other hand, Chien proposed in [71] another approach
to construct a Mond-Weir type vector dual for a constrained vector minimization
problem, namely by employing an idea considered in [58, 59, 140] for Fenchel
and respectively Lagrange type vector duals, which consists in using the objective
function of the primal problem only in the constraints of the dual. This duality
approach also been employed for both Wolfe type and Mond-Weir type duality for
fractional vector optimization problems.

Motivated by the huge amount of works where the classical Wolfe and Mond-
Weir duality concepts are considered in various circumstances, we present in
Sect.5.2 a more general approach by embedding them into a larger class of
dual problems obtained via perturbation theory, following our works [29, 48].
In this way these duality concepts can be applied to unconstrained optimization
problems, too, and on the other hand one can deliver other Wolfe and Mond-Weir
type duals for constrained optimization problems, too. Moreover, the functions
involved in our investigations are defined on Hausdorff locally convex vector
spaces and for achieving strong duality different weak regularity conditions are
proposed. In Sects. 5.3 and 5.4 we extend our investigations from the scalar case
also for vector optimization problems embedding the Wolfe and Mond-Weir duality
concepts in classes of dual vector optimization problems attached via perturbations
to a general vector optimization problem with respect to its properly efficient
solutions, by exploiting the two mentioned main directions from the literature,
respectively, following our recent papers [32, 108]. Like in the scalar case, our
work was performed in the very general setting of Hausdorff locally convex vector
spaces. Then the primal problem is specialized to be unconstrained, respectively
constrained, and vector duals of both Wolfe and Mond-Weir types for it are obtained
via different perturbation functions. Afterwards, we present in Sect.5.5 some
comparisons involving the image sets of different vector dual problems attached
to the same primal problem.
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5.2 Wolfe and Mond-Weir Type Duality for Scalar
Optimization Problems

We begin our investigations with a general scalar optimization problem, to which
dual problems of both Wolfe and Mond-Weir types are assigned. Then we particu-
larize the primal problem to be constrained and unconstrained, respectively, and the
corresponding dual problems are derived.

5.2.1 General Scalar Optimization Problems

Consider two Hausdorff locally convex vector spaces X and Y, the proper function
F : X — R and the general optimization problem

(PG) inf F(x),

Making use of a proper perturbation function @ : X x ¥ — R, fulfilling
@(x,0) = F(x) for all x € X, a hypothesis that guarantees that 0 € Pry dom @,
the problem (PG) means nothing but

(PG) inf @(x,0).

x€X
To it one can attach besides the conjugate dual problem (DG) introduced in
Sect. 1.2.2 also the Wolfe type dual problem

(DGw) sup {—@*(0,y")},

ueX,yeyY,y*ey*,
(0,y*)€dP(u,y)

and the Mond-Weir type one

(DGy) sup ®(u, 0).
ueX,y*ey*,
(0,y*) €3 (u,0)

As we shall see later, when one takes as primal an optimization problem
consisting in minimizing a function subject to both geometric and cone-inequality
constraints, an appropriate perturbation function is employed and all the functions
involved are Gateaux differentiable and convex, the two dual problems introduced
above lead to the classical Wolfe and Mond-Weir duals to the mentioned problem,
respectively.

Next we show that weak duality holds for (PG) and these two duals, too.
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Theorem 5.1. One has
—00 < v(DGuy) < v(DGw) < v(PG) < +o0.

Proof. Noting that (DGy) can be obtained from (DGy ) by taking y = 0 and
using the constraint involving the subdifferential, it follows that —oo < v(DGyy) <
v(DGy ). On the other hand, (DG ) is actually the problem (DG) with an additional
constraint. Consequently, v(DGy) < v(DG) and, taking into account the weak
duality statement for (DG) and (PG), we are done. O

Remark 5.1. As a byproduct of the proof of Theorem 5.1 one obtains the inequality
v(DGy) < v(DG).

Remark 5.2. Situations where the last inequality in Theorem 5.1 is strict are widely
known in the literature, while for an example to have —co < v(DGyy) it suffices
to have this dual problem feasible. Later, in Examples 5.2 and 5.3 we bring into
attention two situations where v(DGy) < v(DGy) and v(DGy) < v(DG),
respectively.

One of the directions in which both Wolfe and Mond-Weir duality concepts were
developed in the literature is towards introducing dual problems for which strong
duality holds without asking the fulfillment of any regularity condition. As it can be
noticed in the following observation, (DGy,) is such a dual problem, provided the
nonemptiness of its feasible set.

Remark 5.3. If the feasible set of (DGys) is nonempty, containing for instance
the element (, y*), then (0, y*) € 9®(u,0) yields via Corollary 2.8(b) that i
is an optimal solution to (PG), y* is an optimal solution to (DG) and v(DG) =
v(PG) = ®(u,0) < v(DGy). Via Theorem 5.1 and Remark 5.1 we obtain
v(DGy) = v(DGy) = v(DG) = v(PG) and moreover that (&, y*) is an optimal
solution to (DGy) and (i, 0, 3*) is one to (DGy ). Consequently, in this case we
have strong duality for all three dual problems we assigned to (PG), namely (DG ),
(DGy) and (DG).

However, in order to guarantee strong duality for the two duals to (PG)
introduced above one needs not necessarily directly verify the nonemptiness of the
feasible set of (DG)y), since this can be guaranteed by classical weak hypotheses,
as the following statement shows. The regularity conditions used below are actually
the ones considered in Sect. 1.2.2 for ensuring strong duality for (PG) and (DG).

Theorem 5.2. Assume that @ is a convex function. Let X € X be an optimal
solution to (PG) and assume that one of the regularity conditions (RC,-G), i €
{1,2,3,4}, is fulfilled. Then v(PG) = v(DGw) = v(DGy) and there exists a
y* € Y* for which (X, y*) is an optimal solution to (DGy;) and (x,0, y*) is one to
(DGw).

Proof. Corollary 2.8(a) guarantees that under the present hypotheses there exists
a y* € Y*, which is an optimal solution to (DG), such that (0, y*) € d®(x,0).
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Thus the feasible set of (DG}, ) is nonempty, containing at least the element (X, y*).
The conclusion follows via Remark 5.3. O

Remark 5.4. Other regularity conditions can be used in order to guarantee strong
duality for (DGys) and (DGy), too, as long as they ensure the stability of the
problem (PG) with respect to the perturbation function @.

Remark 5.5. One can note that there is strong duality for (PG) and (DG),) if and
only if there is strong duality for (PG) and (DG), while the strong duality for
(PG) and (DG) implies the same thing for (PG) and (DG ). However, the strong
duality for (PG) and (DGy ) implies in general only that for (PG) and (DG) there
is zero duality gap. Similar observations can be made for the special cases of these
problems that will be treated further within this section, too.

Let us see now how do the duals arising from (DGy ) and (DG)y) look when the
primal problem takes several classical particular formulations and the perturbation
functions are carefully chosen. More precisely, the primal is taken first to mean
finding the infimum of a function subject to both geometric and cone-inequality
constraints, and afterwards to consist in the unconstrained minimization of a sum
of a function with the composition of another function with a linear continuous

mapping.

5.2.2 Constrained Scalar Optimization Problems

The first class of particular optimization problems for which we particularize the
investigations from Sect. 5.2.1 is the one of the constrained optimization problems.
Consider the nonempty set S € X and let the nonempty convex cone C C Y induce
a partial ordering on Y. Take the proper functions f : X — Randh : X — Y*°,
fulfilling the feasibility condition dom f NS NA~'(—C) # @. The primal problem
we treat further is

(PC) inf, f(x),
where
o =4{xe€S:h(x)e—-C}.

Like in Sect.2.2.2, we consider two perturbation functions which will
lead to two different types of dual problems to (PC) that arise from (DGy)
and (DGyy), respectively. Concerning the Lagrange perturbation function @F,
one has (0,z*) € 0®%(u,z) if and only if u € S, h(u) € z — C and
(f = @h) + 85)*(0) + Sc=(=z*) + (f + 8s)(w) + S-c(h(u) —2) = (*.2).
Using the fact that §*. = &c=, the latter can be equivalently rewritten as
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((f = @h) + 85)*(0) + (f = (&*h) + 85)W) + (82 (=2") + S—c(h(u) —
2) + (7, h(u) — z)) = 0. By the Young-Fenchel inequality it follows that this
equality is nothing but (f — (z*h) + 85)*(0) + (f — (z*h) + 8s)(u) = 0 and
§*c(=2*) + 6_c(h(u) —z) + (" h(u) —z) = 0,1.e.0 € A(f — (Z*h) + 85) (),
¥ € —C* and §_c (h(u) — z) — (—z*, h(u) — z) = 0. Thus we obtain from (DGy)
the following dual problem to (PC)

L *
(DCy) sup {f () — (. 2)},
u€S zeY,z7*¥e—C*,
h(u)—z€—C,(z*h)(w)=(z*z),
0€d(f—(2*h)+85)(u)

which can be equivalently rewritten as

(DCyy) sup {f (@) + &*h)(w)}.
ues,z*eC*,
0€d(f+(* 1) +85) ()

We call this the Wolfe dual of Lagrange type to (PC). We shall see later that, in
the particular instance where the classical Wolfe duality was considered, this dual
turns into the well-known Wolfe dual problem to (PC).

Analogously we get a dual problem to (PC) arising from (DG, ), namely

(DCYy) sup S ().
u€sS.;*eC*,
() €=C.(* ) (w)>0.
0€d(f +(*h)+385) (1)

Note that in the constraints of this dual one can replace (z*h)(u) > 0 by
(z*h)(w) = 0 without altering anything. Because the classical Mond-Weir dual to
(PC) can be obtained, in the corresponding framework, as a special case to (DC sz)
by removing the constraint 2(x) € —C, we consider here also the Mond-Weir dual

problem of Lagrange type to (PC)

(DCk) w0
u€sS,z*eC*,(z*h)(u)>0,
0€d(f+(z*h)+685)(u)

By construction it is clear that v(DC},) < vw(DCZ,,). On the other hand,
whenever (u, z*) is feasible to (DCLy,) it is feasible to (DC,), too, and moreover
(z*h)(u) > 0. This yields f(u) < f(u) + (z*h)(u) < v(DC}). Considering the
supremum over all the pairs (u,z*) feasible to (DC%y,;,) we obtain v(DCL,,) <
v(DC ﬁ,) Applying the weak duality statement Theorem 5.1, we get

w(DCL) < w(DCL,) < v(DCL) < w(DC) < v(PC). (5.2.1)

As can be seen in the following situations, the Wolfe dual has sometimes an
indeed larger optimal objective value than the Mond-Weir one, while the classical
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conjugate dual can have a strictly greater one than the other mentioned two duals.
Moreover, the first example we give below exhibits a situation where the first
inequality in (5.2.1) is strictly fulfilled.

Example 5.1. Let X = R, Y = R, C = R4, Y* = RU{OOR+}, S = Ry,
f R—=>R, f(x) =x,andh : R — R U {oog_ },

—x, ifx >0,
h(x) =4 2, if x =0,
OOR . s ifx <O,

where we note that cog | can be actually identified with +oo.

We have 0 € d(f + (0h) + 85)(0) = (—o0, 1] and (0/)(0) = 0, thus (0, 0) is
feasible to (DCMW) So v(DCMW) > 0 and since v(PC) = 0 one gets v(DC,@W) = 0.
Employing (5.2.1), we obtain that v(DC%,) = 0, too.

On the other hand, h(O) = 2 > 0, thus there is no z* € Ry for which
(0,z*) is feasible to (DC ). Noting that h(u) # O for all u € R, from the
constraint (z*1)(u) = 0 (see the discussion after introducing (DC )) one obtains

that whenever (u, z*) were feasible to (DC ) there should be z* = 0. Since for
every u > 0 we have d(f + (0h) + 8s)(u) = {13}, it follows that (DC ) has no
feasible points, consequently v(DC ) = —o0.

Therefore, v(DCM) < v(DCMW) = v(DC ) in this case. Employing also (5.2.1),
one can see that v(DG)y) can in general be smaller than v(DGy).

Example 5.2. Let X =R, Y =R2,C =R2,S =R, f :R—> R,

X, if x >0,
Sx) = +00, otherwise,
and 7 : R — R?%, h(x) = (x —1,—x)T.

When, for u > 0 and z* = (z].z )T = 0itholds 0 € a(f + (z*h) + 8s)(w),
one obtains z{ —z5 = —1. Thus (DC ) has feasible pomts and, for some u# > 0 we
obtain v(PC) = 0 > v(DCF,) > sup{ f(u) + (*h)(u) : z* = (z}.25) T € Rz T
G =-1=swplutzfu—1)—Zu:z* = (.25 eRL -2 = —1} =
sup {u(l+z—25)—25 1 2" = (2], 2) T € Ry, zf—2z5 = —1} = supu>o{—23} = 0.
Then obviously v(DC )=0.

On the other hand, (z*h) (1) > 0 yields u(zf —z5) —z{ > 0, i.e. —u—z’f > 0. But
u > 0and zj > 0, thus we obtained a contradiction, consequently (DCE W) has no
feasible points. Employlng also (5.2.1), we obtain v(DC%,) = v(DCLy,) =

Therefore, v(DC%,) = v(DChy,) < v(DCE) in this case.

Example 5.3. Let X =R2,Y =R, C =R, S=R? f:R> =R, f(x,y) =y,
and 7 :R? > R, h(x,y) =e¥ — y.

For u = (uy, uz)T € R? and z* > 0 we have, taking into account the continuity
of fand h, 3(f + (2*h) + 8s)(w) = 9f (u) + 9(z*h)(u), hence
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s s (A -G

Then (0,0)T € a(f + (z*h) + 85)(u) if and only if concomitantly z* = 0 and
z* = 1, that is impossible. Consequently, via (5.2.1), v(DC%,) = v(DCLy) =
v(DCE)) = —oc.

On the other hand,

v(DC")=sup inf [ur+z*e" —z*u]| = sup { inf z%e"+ in{R uy(1 —z*)} =0.
€

7¥>0 (uy,uz)ER? 7¥>0 u; €R

Therefore, v(DCE,) = v(DCf,,W) = w(DCL) < v(DCT) in this case. Employing
also (5.2.1), one can see that v(DGy ) can in general be smaller than v(DG).

For strong duality, which follows directly from Theorem 5.2, besides convexity
assumptions which guarantee the convexity of the perturbation function @~ we
use regularity conditions, too, obtained in Sect.2.2.2 by particularizing (RCZG),
i €{1,2,3,4}. Specializing Theorem 5.2 for the present context we obtain strong
duality statements for (PC) and (DC%) and (DC%,), respectively, while the one
concerning (DC]{}W) follows analogously or via (5.2.1).

Theorem 5.3. Assume that S is a convex set, f is a convex function and h is a C-
convex vector function. Let X € X be an optimal solution to (PC) and assume that
one of the regularity conditions (RCF), i € {1,2,3,4}, is fulfilled. Then v(PC) =
v(DCL) = w(DCE) = w(DCkyyy) and there exists a z* € C* for which (%,7*) is an
optimal solution to all three duals.

Remark 5.6. One can notice that in the situation considered in Example 5.3 the
convexity hypotheses of Theorem 5.3 and the Slater constraint qualification (RCF)
are valid, but strong duality fails for the Wolfe and Mond-Weir type duals. This
happens because the infimal objective value of (PC) is not attained, the primal
problem having no optimal solutions.

Remark 5.7. Assume that S is a convex set, f is a convex function and / is a
C-convex vector function. When one of the following conditions

(i) f and h are continuous at a point in dom f Ndom#Ai N §;
(i) dom f NintS Ndom#h # @ and f or & is continuous at a point in dom f N
dom h;
(iii) X is a Fréchet space, S is closed, f is lower semicontinuous, /4 is star C-lower
semicontinuous and 0 € sqri(dom f x S x domh — Ays);
(iv) dimlin(dom f x S xdomh — Ay3) < +oo0and 0 € ri(dom f x S x domh —
Ay3);

is satisfied, then (see [21,48,221])

9f (x) + 0E"h)(x) + Ns(x) = d(f + (Z"h) + 85)(x) Vx € S ¥z € C*
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Consequently, when one of these situations occurs, the constraint involving the
subdifferential in (DCﬁ,), (DCZLW) and (DC,f,,W) can be correspondingly modified.
Moreover, in order to split d(f + (z*h) + 8s)(x) into a sum of only two
subdifferentials, one can apply [48, Theorem 3.5.6].

Remark 5.8. 1If X = R", Y = R", C = RY, f:R" > Rand h =
(hy, ... ,hm)T :R" — R™, and the functions f and h;, j = 1,...,m, are convex,
then these are also continuous, hence the condition (i) in Remark 5.7 is fulfilled and
the subdifferentials in the constraints of the duals we assigned above to (PC) can be
split. Then (DC ﬁV) turns out to be the classical nondifferentiable Wolfe dual problem
mentioned in the literature (see for instance [145, 186]). Meanwhile, (DC ,f,,W) is the
classical nondifferentiable Mond-Weir dual problem to (PC).

Remark 5.9. 1If in addition to the hypotheses of Remark 5.8 the set .S is open and the
functions f and h;, j = 1,...,m, are moreover Giteaux differentiable on it, the
subdifferentials in the constraints can be replaced by the corresponding gradients,
(DCE)) turns out to be the classical Wolfe dual problem (see [215]), while (DChy,)
is nothing but the classical Mond-Weir dual problem from [169].

Another perturbation function employed to assign conjugate dual problems
to (PC) is the Fenchel-Lagrange dual perturbation function @ for which one
has (0,y*,z*) € 0®f(u,y,z) if and only if u € S, h(u) € z — C and
SO + (=@h) + 85)*(=y*) + $—c+() + fu+ y) + d—c(h(u) —2) +
8s(w) = (y*,y) + (z*,z), which is nothing but u € S, h(u) € z— C and
(f*O") + flu+y) =y u+p) + ((=Eh) + 85)* (=y*) + (=(*h) + 85) ()
—(=y*.u)) + (0—c(=2*) + $_c(h(uw) — 2) + (z*.h(u) —2)) = 0,ie. u € S,
-7 € C*, h(u) —z € —C, y* € f(u + y), —y* € 9(—(z*h) + 85)(u) and
(z*h)(u) = (z*,z). Thus we obtain from (DGy ) the following dual problem to
(PC)

(DCy) sup {(flu+y) =y y) = (52}
uesS,yeX zeY,y*eXx* *e—C*,
h(u)—z€—=C.(z*h) (0)=(z" 2},
y*€}f (uty)N(—a((z* h)+85) ()

which can be equivalently turned into

(DCY) sup {5 u) + @)@ — ()},
ueS,yeXx,y*ex* ;*ec*,
y*€df (uty)N(—=a((z* h)+85)(w))

further referred to as the Wolfe dual of Fenchel-Lagrange type to (PC). Analogously,
the dual problem to (PC) arising from (DGyy) is

FL
(DCyp) sup f(w).
uesS ;*eCc*,
(z*h)(u)=0,h(u)e—C,
0€df (u)+0((z*h)+85) (1)
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Note that in the constraints of this dual one can replace (z*h)(u) > 0 by
(z*h) (1) = 0 without altering anything. Removing, like in the Lagrange case, from
it the constraint h(u) € —C, we obtain the Mond-Weir dual problem of Fenchel-
Lagrange type to (PC)

(DCAE, sup fw).
u€sS,z*eC*,(z*h)(u)>0,
0€df (u)+3((z*h)+8s)(u)
Applying Theorem 5.1 and Remark 5.1 and using similar arguments to the ones
used concerning (DC jflw), we obtain the following weak duality inequality

v(DCEE) < w(DCEE)) < w(DCEE) < w(DC™) < w(PC). (5.2.2)

As can be seen in the following situations, the Wolfe dual has sometimes an
indeed larger optimal objective value than the Mond-Weir one, while the classical
conjugate dual can have a strictly greater one than the other mentioned two duals.

Example 5.4. Consider again the situation from Example 5.1. One can analogously
show that v(DCEE) = vw(DCEE) = 0, while (DC4F) has no feasible points,
consequently v(DCF) = —oo.

Therefore, v(DCF) < v(DChE,) = v(DCEF) in this case.

Example 5.5. Consider again the situation from Example 5.2. One can verify that
foru > 0and z* = (zf,z5)7 = O fulfilling zf — 25 = —1 it holds I € 9f(u)
and —1 € 3((z*h) + 8s)(u), so (u,0,1y*,z*) is feasible to (DCLF). Moreover,
f(u) = u— f*(1), so one obtains like in Example 5.2 that v(DC%r) = 0, while
both (DCAF) and (DCLf,) are unfeasible.

Therefore, v(DCF) = v(DCAh,) < v(DCEF) in this case.

Example 5.6. Consider again the situation from Example 5.3. One can analogously
show that v(DChE) = w(DCEE)) = w(DCEF) = —o0, while v(DCF) = 0.
Therefore, v(DCAF) = v(DCY,) = v(DChE) < v(DC*Y) in this case.

For strong duality, which follows directly from Theorem 5.2, besides convexity
assumptions which guarantee the convexity of the perturbation function @ we
use regularity conditions, too, obtained in Sect.2.2.2 by particularizing (RCiG),
i €{1,2,3,4}. Specializing Theorem 5.2 for the present context we obtain strong
duality statements for (PC) and (DC%F) and (DC}), respectively, while the one
concerning (DChf;,) follows analogously or via (5.2.2).

Theorem 5.4. Assume that S is a convex set, f is a convex function and h is C-
convex vector function. Let X € X be an optimal solution to (PC) and assume that
one of the regularity conditions (RC"), i € {1,2,3, 4}, is fulfilled. Then v(PC) =
v(DCh) = v(DCAF) = v(DChly) and there exist y* € X* and 7% € C* for which
(%,0,y*,7%) is an optimal solution to (DChr) and (%,7*) is an optimal solution to
(DCAF) and (DCEfy).
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Remark 5.10. Results analogous to the one from Remark 5.7 can be given for the
Fenchel-Lagrange type duals, too. Assume that S is a convex set and / is a C -convex
vector function, the satisfaction of any of the following conditions (cf. [48, Theorem
3.5.6])

(i) h is continuous at a point in S N dom /;
(ii) intS Ndomh # @;
(iii) X is a Fréchet space, S is closed, & is star C-lower semicontinuous and 0 €
sqri(S — domh);
(iv) dimlin(S —dom#) < +oo and 1i S Nridom i # @;

ensures the fulfillment of the formula
(" h) + 8s)(u) = 0(Z*h)(u) + Ns(u) Yue X Vz* € C*,

in which case the constraint involving d((z*h) + 8s)(u) in (DCEE), (DCEEF) and
(DCFE) can be correspondingly modified.

5.2.3 Unconstrained Scalar Optimization Problems

Consider now the unconstrained optimization problem

(PU) inf [/(x) + g(4n)],

where A : X — Y is a linear continuous mappingand f : X — Rand g : Y — R
are proper functions fulfilling the feasibility condition dom ' N A~'(dom g) # @.
The perturbation function considered for assigning the Wolfe type and Mond-Weir
type dual problems to (PU) is the Fenchel type one @V already considered in
Sect. 2.2.3, for which one has

0,y*) € 0P(u,y) © A*y* € —0f(u) and y* € dg(Au + y).

The duals we assign to (PU) by using @V turn out to be

(DUw) sup {(=f*(=A"y") —g* (™M)},
ueX,yeyY,y*ey*,
Y¥E(A*) TN (=0 W)Ndg(Auty)

which is a Wolfe type dual, and, respectively the Mond-Weir type dual,

(DUy) sup {f () + g(Au)}.

ueX,
0€(A*) ™! (—af (u))—dg (Au)
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Remark 5.11. When the primal problem is taken to be more particular, as happens
for instance when f, respectively takes everywhere the value 0, or when X = Y
and A is the identity mapping of X, duals correspondingly obtained from (DUy)
and (DU)y) can be easily assigned to it.

Employing Theorem 5.1 and Remark 5.1, one obtains the weak duality state-
ments corresponding to the just introduced dual problems to (PU), namely

v(DUy) < v(DUw) < v(DU) =< v(PU).

For strong duality, which follows directly from Theorem 5.2, besides convexity
assumptions which guarantee the convexity of the perturbation function @Y, we use
the regularity conditions considered in Sect. 2.2.3.

Theorem 5.5. Assume that f and g are convex functions. Let X € X be an
optimal solution to (PU) and assume that one of the regularity conditions (RCY),
i €{1,2,3,4}, is fulfilled. Then v(PU) = v(DUy) = v(DUy) and there exists a
y* € Y* for which (X, y*) is an optimal solution to (DG ) and (X, 0, y*) is one to
(DGw).

As noted in Sect.2.2.3, one can see (PC) as an unconstrained optimization
problem, too. Using the notations considered in Sect.5.2.2, the duals (DUy ) and
(DU yy) turn into

(DC) sup ) = 770,
ueS,yeX,y*ex*,
y*edf (uty)N(=Ny (1)

the Wolfe dual of Fenchel type to (PC), and, respectively

(DCH) sup £ ().
ues,
0€df (u)+Nos (u)
From the weak duality statement involving (PU) and its duals, or alternatively,

by employing Theorem 5.1 and Remark 5.1, one obtains weak duality assertions for
the just introduced duals to (PC), namely

w(DCY) < w(DCY)) < w(DCF) < w(PC).

For strong duality, which follows directly from either Theorems 5.2 or 5.5,
besides convexity assumptions which guarantee the convexity of the corresponding
perturbation function one can use the regularity conditions introduced in Sect. 2.2.3.

Theorem 5.6. Assume that of is a convex set and f is a convex function. Let X € X
be an optimal solution to (PC) and assume that one of the regularity conditions

(RCF), i € {1,2,3,4}, is fulfilled. Then v(PC) = v(DC%) = w(DC%), % is an
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optimal solution to (DC%,) and there exist (7, 7*) € X x X* for which (%, 7, *)
is an optimal solution to (DCVFV).

Remark 5.12. In order to ensure the convexity of the set <7 it is sufficient to take
the set S’ convex and / to be a C-convex vector function. To guarantee that the set
& is closed it is enough to assume that S is a closed set and 4 a C -epi-closed vector
function.

Remark 5.13. As one can see in Sect. 5.2.4, the dual problems we assigned to (PC)
do not coincide in general. Sufficient conditions that ensure the equivalence of the
corresponding duals of Lagrange type and Fenchel-Lagrange type, respectively,
can be easily obtained via [48, Theorem 3.5.6], while for the equivalence of the
corresponding duals of Fenchel type and Fenchel-Lagrange type, respectively, one
can apply [48, Theorem 3.5.13].

5.2.4 Comparisons Between the Duals for Constrained Scalar
Optimization Problems

From [21,48] it is known that the optimal objective values of the conjugate duals
attached to (PC) we mentioned before fulfill the following inequality

v(DCF)
W(DCF) < v(PC). (5.2.3)

v(DC) <
A natural question is if similar inequalities exist also for the dual problems
introduced in Sect.5.2.3. First we deal with the ones that are particular instances
of (DG)y), where the answer is positive, as the following statement shows.

Proposition 5.1. One has

FL V(DC%/z)
v(DC)p) < wDCt) <v(PC).
Proof. If the feasible set of (DC4F) is empty, there is nothing to prove. Let (u, z*)
be feasible to (DCAF). Then u € S, z* € C*, (z*h)(u) > 0, h(u) € —C and
0 € df(u) + 9((z*h) + 85)(u). The last relation implies 0 € d( f + (z*h) + 8s)(u),
consequently (u, z*) is feasible to (DCILM), too. As both (DCF) and (DCILM) have f
as objective function, it is clear that v(DChF) < v(DCﬁ,,).

On the other hand, d((z*h) + 8s)(u) € N (u) since u € o7, thus u is feasible to
(DCf,I). Since both (DC4}) and (DCL) have f as objective function, it is clear that
v(DCEEY < w(DCE)). O

Analogously one can show that for the Mond-Weir dual problems to (PC) there
is a similar inequality.
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Proposition 5.2. One has
v(DCER) < w(DCL,).

Remark 5.14. When the feasible set of (DC%,) or (DC?,) is empty, then so is the
feasible set of (DC4F), too. In general, the fact that (DC4F) has no feasible points
does not imply the emptiness of any of the feasible sets of (DC%,) and (DC%,), as it
can be seen in Examples 5.7 and 5.8.

Situations where the inequalities from Propositions 5.1 and 5.2 are strictly
fulfilled can be found below. In the view of Remark 5.3, it is clear that if this
is the case the dual (DCyfy,) is infeasible and (DCE) or (DCE,), respectively, is
feasible and there is strong duality for it. As a byproduct we obtain that, like in
the conjugate case, in general there cannot be established an inequality involving
the optimal objective values of the dual problems of Lagrange and Fenchel types to
(PC). First we deal with a problem whose Lagrange dual derived as a special case
of (DGy) has a larger optimal objective value than both its Fenchel and Fenchel-
Lagrange type duals obtained from (DG ).

Example 5.7. Let X =R% Y =R, C =Ry,

3<x,<4,ifx; =0,

S = X)) €R?:0<x; <2, ;
(x1,x2) =X = 1 <x, <4,ifx; €(0,2]

fR SR fa =]t M6 =0
+00, otherwise,
and 7 : R? = R, h(x;, x2) = 0.

Note first that because /1 (x1, x2) = 0 € Ry forall (x1, x2) " € R?, it follows that
the dual problem (DC%,) is equivalent to (DCL,) and, respectively, that (DC%F)
and (DCEL.) are equivalent, too. One has <7 = S and since (z*h)(u) = 0 for all
u € S, it follows that (DC¥,) is equivalent to (DC4F) and (DCEL), too. One has

Uy, if u = O, Uy € [3, 4],
(f +3s) (. uz) = +00, otherwise.

For any z* € R4 we get (0,0) € d(f + (z*h) + §5)(0,3), thus v(DCﬁl) =
v(DCﬁw) > 3. Since it can be seen that v(PC) = 3, we get v(DCILw) =
v(DCL,) = 3.

On the other hand, taking without loss of generality z* = 1, to have, for some
u= (u,u)" €8,0 € df(u) + d((z*h) + 85)(u) means actually that there exists
ay* € df(u) N (—Ns(u)). From y* € df(u) we obtain that y* = (yf‘,y;)T €
R4 x{1} and u; = 0. Consequently, y; = 1. Let us see now for what y}* € R does
one obtain (—y{,—1) € Ng(0,uz). We have (—y{", —1) € Ng(0,u,) if and only if
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os(=y{,—1) = —u,. This yields uy = 1,but (0,1) ¢ S consequently (DCHF) is
infeasible. Hence, one has v(DCk,) = v(DCF L) = v(DChfy) = —o0.

Therefore, v(DCY,) = w(DCYF) = w(DCE,) < v(DCL) = w(DCL,,) in this
case.

The second example we present brings into attention an optimization problem
for which the Fenchel dual derived as a special case of (DG),) has a larger optimal
objective value than both its Lagrange and Fenchel-Lagrange type duals obtained
from (DGyy).

Example 5.8. Let X = R%LY =R, C = Ry,

T 2. 3<x;<4,ifx; =0,
S= ) eRE0=a =20 T i € 0.2)
f:R? >R, f(x1,x) = xpand h : R?> = R, h(x}, x3) = x;.

Then o7 = {0} x [3, 4]. As the functions f and h are continuous, the condition
(ii) in Remark 5.7 is fulfilled, hence the subdifferentials from the dual constraints
can be split and it follows that for the optimization problem we are dealing with the
dual problems (DC}F) and (DC ) are equivalent. Moreover, (DC w) and (DC,@W)
are equivalent, too. Since (0, 1)T € 4f(0,3) N (—Nx(0,3)), v(DCM) > 3. But
v(PC) = 3, consequently v(DC,@) = 3.

On the other hand, foru € S, y* € R?and z* > 0,0 € df (u) + 9((z*h) + 85)(u)
if and only if one concomitantly has (0, 1) € 3f (u) N (=3((z*h) +85)(u)),z* =0
and u € (0,2] x {1}. But then h(x) > 0, so (DCF 7) is infeasible, thus v(DCHF) =
v(DC ) = —o0. Moreover, v(DCIﬁW) = w(DChfy) = supfu, : (ur,u) " € (0,2] x
{1} =1

Therefore, v(DChE) = w(DC%) < vw(DCLy) = w(DCEL,) < v(DCY)) in this
case.

Another observation that can be drawn after analyzing the two examples from
above is that for v(DC%f;,) and v(DC M) no generally valid order can be established.
Moreover, we have seen that in Example 5.8 v(DCk,) is strictly less than v(DC¥,).
Though, this inequality is not valid in general, as the following situation shows.

Example 5.9. Consider again the situation from Example 5.1. As &/ = (0, +00),
Ny(u) = {0} for all u € o and df(u) = {1} for all u € R, it follows that
af (u) N (=N (u)) = @ for all u € S. Consequently, v(DC ) = —o0.

On the other hand, taking z* = 0 we get d((z*h)+3s)(u) = Ng, (u) forallu > 0
and it can be shown that Ng (0) = R_. Thus 1 € Bf(O) NA(—((z*h) + 85)(0)). As

Z*h(u) = 0, the element (0, 0) is feasible to (DC%%,). This yields v(DChE,) > 0 =

v(PC), thus v(DC,f,ILW = 0.

Therefore, v(DC%,) < v(DC%E,) in this case.

Remark 5.15. Since the constraint h(u) € —C does not explicitly appear in the
definition of the feasible set of the problem (DC%,), one may assume that this can be
considered per se the Mond-Weir dual problem of Fenchel type to (PC). However,
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as seen in Example 5.9, a situation analogous to the one in (5.2.3) or Proposition 5.1
would not hold for the Mond-Weir duals, despite Proposition 5.2. That is why we
chose not to introduce a Mond-Weir dual problem of Fenchel type to (PC). Note
also that, on the other hand, h(1) € —C is “hidden” in the constraint containing
Nz (u), which cannot be fulfilled if #(u) ¢ —C.

However, a result similar to (5.2.3) or Proposition 5.1 does not hold for the Wolfe
type duals to (PC). Even if the primal problem is convex, the optimal objective
values of (DCEF), (DC ) and (DC ) cannot be ordered in general. Because of
(5.2.3), this fact was expected to happen for the Fenchel and Lagrange type duals,
but, surprisingly, the optimal objective value of the Wolfe dual of Fenchel-Lagrange
type is not always smaller than them. In the following we sustain this claim by
several examples. First we deal with the Wolfe duals of types Lagrange and Fenchel-
Lagrange, respectively.

Example 5.10. Consider again the situation from Example 5.7. Since v(DC ) =
v(DCMW) = v(PC) = 3, it follows via (5.2.1) that v(DCL ) = 3, too.

On the other hand, as ./ = S and since (z*h) (1) = O forallu € S, it follows that
(DCH)) is equivalent to (DCHE) for the optimization problem in discussion. Because
of the investigations in Example 5.7 and (5.2.2), we know that 1 < v(DC};,) =
v(DCE L) < 3, so these dual problems are feasible. Taking without loss of generality

* = 1,wehave y* € df (u+y)N(—Ns(u)) for some u = (u;,up) € S and y € R?.
From y* € df(u + y) we obtain that y* = (y¥, )T € Ry x {1}. Consequently,
¥y = 1. Letus see now for what y; € Ry does one obtain (—y}, —1) € Ng(u;, uz).
We have (—y{, —1) € Ng(u;,u,) if and only if o5 (—y;, —1) = —yJu; — u,. Since
this can take place only if yl = 0, it follows that u1 €(0,2],u» = 1and (0,1)7 is
the only possible value for y*. Consequently, v(DC},) = v(DCEE) = sup{uy : u; €
0,2],up =1} = 1.

Therefore, v(DCE,) = v(DCEE) < w(DCY,) in this case.

Example 5.11. Let X =R, Y =R, C =R4+, S =R,

X, if x >0,
+ 00, otherwise,

fiRSE f<x>={

and

—x,ifx <0
h-R—R, K = ’ -7
- () % 0, otherwise.

Note that & = R4, v(PC) = O and for all z* > O one has f + (z*h) + s = f.
Thus, for all z* > 0,

{1}, if u > 0,
@, otherwise.

0(f + (°h) + 85) () = df (u) = {

Consequently, (DC ) has no feasible points, therefore v(DC )=—
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On the other hand, taking u = 0, y = 1, y* = 1 and z*¥ = 1, we have
(z*h) + 8s = h, 1 € 3f(1) and —1 € dh(0). Thus (0, 1, 1, 1) is feasible to (DCHF).
Moreover, —1 € N, so (0,1,1) is feasible to (DCF) Then v(DCEF) > 0 <
v(DCY,), but as v(PC) = 0 it follows v(DCEF) = v(DCF) =0.

Therefore, v(DCE,) < v(DCh) = v(DCEE) in this case.

For both these problems we had v(DC ) = v(DCEF). But each of these optimal
objective values can be larger than the other in a specific situation, as one can see in
the following two examples.

Example 5.12. Consider again the situation from Example 5.8. As the condition
(ii) in Remark 5.7 is fulfilled, it follows that for the optimization problem we are
dealing with the dual problems (DC%) and (DC ) are equivalent. Since v(DCE,) =
v(PC) = 3, it follows via (5.2.1) that v(DC¥,) = 3.

On the other hand, for u € S, y,y* € R? and z* > 0, y* € df(u + y) N
(- 8((z*h) + 8s)(u)) if and only if y* (0 DT, z* =0and u € (0,2] x {1}. Then
v(DCL) = v(DCFL) = sup{us : (u1,u2)" € (0,2] x {1}} = 1.

Therefore, v(DCE,) = v(DCEE) < w(DCY,) in this case.

Example 5.13. Consider again the situation from Examples 5.1 and 5.9. We have
v(DCLy) = v(DCEL)) = v(PC) = 0, thus, via (5.2.1), W(DCEE) = w(DC) = 0,
too.

As o/ = (0,+00), Noy(u) = {0} forallu € o and df (u) = {1} forall u € R, it
follows that o f (u+y)N(—Ny(u)) =@ forallu € S and all y € R. Consequently,
v(DC )=—

Therefore, v(DC ) < vw(DCLy) = v(DCYf) = (DC,I(,,W) v(DC ) in this
case.

In the last two examples one can see as a byproduct that no order can be
established in general between v(DChf,) and v(DC W) A natural question is
whether the same conclusion can be drawn for v(DC¥F,) and v(DC%,), too. The next
statement answers to it negatively and completes the investigations on the optimal
objective values of the duals we introduced to (PC).

Proposition 5.3. One has
v(DCf,ILW) < v(DC ).

Proof. Let (u, z*) be feasible to (DC4,). Thenu € S, z* € C*, (z*h)(u) > 0 and
0 € 3f(u) + 3((z*h) + 8s)(u). The last relation implies 0 € 3( f + (z*h) + 85) (u),
consequently (u, z*) is feasible to (DC ), too. Since in this case f(u) < f(u) +
(z*h)(u), it follows that v(DCYE) < v(DCE). O

Remark 5.16. To show that the inequality provided in Proposition 5.3 can in general
be strictly fulfilled one can use for instance (5.2.2) and Example 5.10 or (5.2.1) and
Example 5.7, respectively.
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5.2.5 A Glimpse into Generalized Convexity

A characteristic of many results in the literature concerning Wolfe duality and
Mond-Weir duality in the differential case is the usage of different generalized
convexity hypotheses, like quasiconvexity, pseudoconvexity or invexity, for the
functions involved in order to achieve weak and strong duality. However, gener-
alized convexity hypotheses can be taken into account in the nondifferentiable case,
too, as it can be seen in the following. In this subsection we assume that X = R”,
Y = R" and C C R™. We consider here only the notions of almost convexity (for
properties we refer to [9, 39,53, 75] and the references therein) and near convexity
(see [39, 41, 52] and the references therein) for both sets and functions. Other
generalized convexity notions successfully used in conjugate duality, for instance
the convexlikeness or the even convexity can be employed here, too.

A set U C R” is called almost convex if clU is convex and riclU C U and,
respectively nearly convex if there is a constant o €]0, 1[ such that for any x and y
belonging to U one has ax 4+ (1 — )y € U. An example of an almost convex but
not convex set is ([0, 1] x [0, 1]) \ {(0, y) : y € R\ Q} € R?, while Q C R is nearly
convex but not convex. B _

A function f : R” — R is said to be almost convex if f is convex and riepi f C
epi f and, respectively, nearly convex if epi f is a nearly convex set. Moreover,
a vector function g : R" — R” is said to be C-almost convex if epi. g is an
almost convex set and, respectively, C-nearly convex if epi. g is a nearly convex
set. Each convex set or function is both almost convex and nearly convex, too, while
the C -convex vector functions are both C-almost convex and C -nearly convex. Note
also that a nearly convex set with nonempty relative interior is almost convex and
a nearly convex function f : R” — R whose epigraph has a nonempty relative
interior is almost convex, too.

As the weak duality holds for all the primal-dual pairs of problems considered
in this section in the most general case, thus without any additional hypotheses, we
focus in the following on strong duality. First we give the corresponding statements
involving (PG) and the duals we considered for it, where the just introduced
generalized convexity concepts play an important role.

Theorem 5.7. Assume that ® : R" x R" — R is a proper and almost convex
function, with its domain fulfilling 0 € Prgm(dom @). Let X € R" be an optimal
solution to (PG) and assume that the regularity condition

0 € ri Pry (dom @)

is fulfilled. Then v(PG) = v(DGw) = v(DGy) and there exists a y* € R™ for
which (X, y*) is an optimal solution to (DGyy) and (x,0, y*) is one to (DGy).

Proof. From [53, Corollary 3.1] it is known that under these hypotheses one has
v(PG) = v(DG) with the latter attained at some y* € R”. Then the optimality
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condition (2.2.10) holds for X and y* and this means that (x, 0, y*) is feasible to
(DGw) and (x, y*) is feasible to (DGs). The conclusion follows via Remark 5.3.
O

Corollary 5.1. Assume that @ : R" x R" — R is a proper and nearly convex
function, with its domain fulfilling 0 € Prgm(dom @) and with the relative interior
of its epigraph nonempty. Let X € R" be an optimal solution to (PG) and assume
that the regularity condition

0 € riPry (dom @)

is fulfilled. Then v(PG) = v(DGy) = v(DGyy) and there exists a y* € R™ for
which (X, y*) is an optimal solution to (DG ) and (x,0, y*) is one to (DGy).

Note that the regularity condition used in Theorem 5.7 and Corollary 5.1 is
nothing but (RC?) written in the framework considered in this section. Of course
this statement can be particularized for the duals considered in Sects. 5.2.2 and 5.2.3,
too, as follows. First we deal with constrained optimization problems.

Theorem 5.8. Assume that S is a nonempty and almost convex set, C C R" is a
nonempty convex cone, f : R" — R is a proper and almost convex function and
h : R" — R" is a C-almost convex vector function fulfilling the feasibility condition
dom fNSNh™'(=C) # 0. Let X € < be an optimal solution to (PC) and assume
that the regularity condition

0 €ri(h(dom f NS)+ C)

is fulfilled. Then v(PC) = vw(DC%) = v(DC%) = v(DC,,) and there exists a
7* € C* for which (x,z*) is an optimal solution to all three duals.

Corollary 5.2. Assume that S is a nonempty and nearly convex set with a nonempty
relative interior, C C R™ is a nonempty convex cone, f : R" — R is a proper and
nearly convex function with riepi f # @ and h : R" — R" is a C-nearly convex
vector function with tiepic h # @ fulfilling the feasibility condition dom f N S N
h™(=C) # 0. Let X € &/ be an optimal solution to (PC) and assume that the
regularity condition

0 €ri(h(dom f NS)+ C)

is fulfilled. Then v(PC) = vw(DC%) = v(DC%) = v(DC%,,) and there exists a
7* € C* for which (x,7*) is an optimal solution to all three duals.

Theorem 5.9. Assume that S is a nonempty and almost convex set, C C R" is a
nonempty convex cone, f : R" — R is a proper and almost convex function and
h :R" — R™ is a C-almost convex vector function fulfilling the feasibility condition
dom f NSNh~Y(—=C) # 0. Let X € < be an optimal solution to (PC) and assume
that the regularity condition
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Oeri (dom S xC —epi_cy(=h) N (S x Rm))

is fulfilled. Then v(PC) = v(DCh) = w(DCyF) = v(DChly) and there exist y* €
R" and z € C* for which (x,0, y*,z*) is an optimal solution to (DCYF) and (x,7*)
is an optimal solution to (DCY}') and (DChfy).

Corollary 5.3. Assume that S is a nonempty and nearly convex set with a nonempty
relative interior, C C R™ is a nonempty convex cone, f : R" — R is a proper and
nearly convex function withriepi f # @ and h : R" — R" is a C-nearly convex
vector function with tiepic h # @ fulfilling the feasibility condition dom f N S N
h™"(=C) # 0. Let X € &/ be an optimal solution to (PC) and assume that the
regularity condition

Oeri (domf X C —epi_c)(—h) N (S x R’”))

is fulfilled. Then v(PC) = v(DCLF) = w(DCYF) = v(DCEL,) and there exist 7* €
R" and z € C* for which (X,0, y*,z*) is an optimal solution to (DCYF) and (X,7*)
is an optimal solution to (DCh}) and (DCLE,).

Theorem 5.10. Assume that f : R* — R is a proper and almost convex function
and </ is a nonempty and almost convex set fulfilling the feasibility condition
dom f N # 0. Let x € o be an optimal solution to (PC) and assume that
the regularity condition

ridom f NrieZ # 0
is fulfilled. Then v(PC) = v(DC%)) = v(DC%,) and there exist 7, 3* € R" for which
% is an optimal solution to (DC%,) and (X, y, 7*) is one to (DCH)).

Corollary 5.4. Assume that f : R" — R is a proper and nearly convex function
with riepi f # @ and </ is a nonempty and nearly convex set with a nonempty
relative interior fulfilling the feasibility condition dom f N o/ # @. Let X € </ be
an optimal solution to (PC) and assume that the regularity condition

ridom f NrieZ # @
is fulfilled. Then v(PC) = v(DC%,) = v(DC%,) and there exist 7, y* € R" for which
X is an optimal solution to (DC{,,) and (X, y,V*) is one to (DCﬁ,).

Remark 5.17. Other hypotheses requesting the (C-)near convexity of the involved
functions that guarantee the strong duality statements in Corollaries 5.2-5.4 can be
found in [52, Theorem 3.3].

Now let us deal with unconstrained optimization problems, as well.

Theorem 5.11. Assume that f : R" — R and g : R" — R are proper and almost
convex functions and A : R" — R™ is a linear mapping fulfilling the feasibility
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condition dom f N A~ '(dom g) # @. Let ¥ € R" be an optimal solution to (PU)
and assume that the regularity condition

A(ridom f) Nridom g # @

is fulfilled. Then v(PU) = v(DUy) = v(DUy) and there exists a y* € R™ for
which (X, y*) is an optimal solution to (DU py) and (X, 0, y*) is one to (DUy).

Corollary 5.5. Assume that f : R" — R and g : R" — R are proper and
nearly convex functions with the relative interiors of their epigraphs nonempty, and
A R" — R" is a linear mapping fulfilling the feasibility condition dom f N
A7'(domg) # Q. Let X € R" be an optimal solution to (PU) and assume that the
regularity condition

A(ridom f) Nridom g # @

is fulfilled. Then v(PU) = v(DUy) = v(DUy) and there exists a y* € R™ for
which (X, y*) is an optimal solution to (DU ;) and (x,0, y*) is one to (DUy ).

5.3 General Wolfe and Mond-Weir Vector Duality
of Classical Type

As mentioned in Sect. 5.1, we present two ways of assigning vector dual problems of
Wolfe and Mond-Weir type to vector optimization problems. In this section we deal
with the so-called classical approach, where the objective vector function of the dual
vector optimization problems contains its counterpart from the primal vector opti-
mization problem. We begin our investigations with a general vector optimization
problem, to which vector duals of both Wolfe and Mond-Weir types are assigned.
Then we particularize the primal problem to be constrained and unconstrained,
respectively, and the corresponding vector dual problems are derived, following the
scalar case.

5.3.1 General Vector Optimization Problems

Let X, Y and V be Hausdorff locally convex vector spaces, with V' partially ordered
by the nontrivial pointed convex cone K € V. Let F : X — V'* be a proper vector
function and consider the general vector-minimization problem

(PVG) Min F(x).

xeX
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As solution concepts for (PVG) we consider the efficient solutions (cf. Defini-
tion 3.13) and the properly efficient solutions in the sense of linear scalarization
(cf. Sect.4.3), respectively. Recall that an element X € X is said to be a properly
efficient solution to the vector optimization problem (PVG) in the sense of linear
scalarization if there exists a v € K*° such that (v F)(X) < (v*F)(x) for all
x € X. The set of all properly efficient solutions to (PVG) in the sense of linear
scalarization is denoted by &1 5(PVG).

Remark 5.18. Since within this chapter the properly efficient solutions in the sense
of linear scalarization are the only type of properly efficient solutions assigned to
(PVG) we will call them here simply properly efficient. Every properly efficient
solution to (PVG) belongs to dom F and it is also an efficient solution to the same
vector optimization problem.

Consider now the proper vector perturbation function @ : X x Y — V* which
fulfills @(x,0) = F(x) forall x € X. Then 0 € Pry(dom @). The primal vector
optimization problem introduced above can be reformulated as

(PVG) Min @(x, 0).
xeX

Inspired by the way conjugate dual problems are attached to a given primal
problem via perturbations in the scalar case and by the investigations from Sect. 5.2,
where we embedded the classical Wolfe and Mond-Weir duality concepts into
classes of scalar dual problems obtained via perturbation theory, and incorporating
also ideas from different papers on Wolfe and Mond-Weir vector duality like
[66, 82, 83,205-207,209,211,212], we attach to (PVG) the following vector dual
problems with respect to properly efficient solutions

(DVGy) Max WG (%, y* u,y,r),

) ! 2G
V*.y*.u.y.r €Ay,

where
B = {(v*,y*,u,y,r) € K*'xY*x X xY x(K\{0}) : (0, y*) € 8(v*<1§)(u,y)}

and

*

(y ,y>r
(ve.r)

further referred to as the Wolfe type vector dual to (PVG), and, respectively, the
Mond-Weir type vector dual to it

Ry 0y  u y,r) = d(u, y) —

(DVGy) Max  hS (v*, y*, u),

175
O*.y* weRBy



5.3 General Wolfe and Mond-Weir Vector Duality of Classical Type 137

where
B, = {(v*,y*,u) EKOXxY*x X :(0,y") e 8(v*<15)(u,0)}
and
RS (v*, y*,u) = ®(u,0).

Remark 5.19. If (v*,y*,u,y,r) € ,%VGV one can immediately notice that
hg,(v*, y5u,y,r)= h%(v*, y*,u,y,ar) foralla > 0and (v*, y*,u, y,s) € %5{,
forall s € K \ {0}.

Remark 5.20. Fixing r € K\ {0}, we can construct, starting from (DVGy ), another
dual problem to (PVG), namely

(DVGyr) Max B, (%, " p),

O*.y* u,y)EBG,

where
%5, = {(v*, Y y) € KOXY*x X XY : (0, %) € 30 ®)(u, y), (V' r) = 1}
and

RS (V5 v u, ) = @(u, y) — (y*, y)r.

In this way one introduces a whole family of vector duals to (PVG). Moreover, one
can consider other such families of vector dual problems to (PVG) by taking in
(DVGw) (v*,r) equal to a given positive constant.

For these vector-maximization problems we consider efficient solutions, defined
below for (DVGy ) and analogously for the others.

Definition 5.1. Anelement (V*, y*, i, y,7) € %VGV is said to be an efficient solution
to the vector optimization problem (DVGy) if (v*,y*,i, y,7) € domh$, and
for all (v, y*,u,y,r) € %S from hG*, 3*,u,5,7) <k h$O* y* u y,r)
follows A%, (v*, y*,u, y,7) = h$ (v*, y*,u, y,r). The set of all efficient solutions
to (DVGyy) is called the efficiency set of (DVGy ), being denoted by & (DVGy ).

From the way the vector duals are defined above one can obtain the following
results involving the images of their feasible sets via their objective functions.

Proposition 5.4. It holds

Wy #) < |J hG (B4, = h (%5).
rek\{0}
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Proof. Take (v*,y*,u) € %S, Then v* € K*° and there exists an r € K \ {0}
such that (v*,r) = 1. Thus (v*,y*,u,0) € 2§, and hG, (v*, y* u,0) =
RS, (v, y*, u) = ®(u,0) = F(u).

Letnow r € K\ {0} and (v*, y*,u, y) € A5, Itis obvious that (v*, y*,u, y,r)
€ BG and h§, (v*, y*,u, y,r) = hG, (v, y* u,y) = ®(u, y) — (y*, y)r.

Finally, if (v*, y*,u,y,r) € %Y, then taking s = (1/(v*,r))r € K \ {0},
it follows (v*,s) = 1 and, consequently, (v*,y*,u,y) € %%,. Moreover,
hVGV(V*v y*»uv y’r) = hg/.&‘(V*’ y*’u’ y) = (D(u» y) - (y*’ y)S O

Remark 5.21. Situations where the inclusion in Proposition 5.4 is strictly fulfilled
will be presented later, in Examples 5.14 and 5.15.

Remark 5.22. It is a simple verification to show that if (v*, y*,u, y,r) € 4§ and
s € K\ {0} such that (y*,y) # 0and 1§ (v*, y*,u, y,r) — hG (v, y*, u, y,s) €
K, then r = s (see also Remark 5.19). Moreover, if (v*,y*,u) € %Y, then
whenever ¢ > 0 one has (av*,ay*,u) € %’gj, while (v*, y*,u,y,r) € %’VGV
yields (av*, ay*,u, y,r) € 2% for all @ > 0. Similarly, for r € K \ {0} and
(v*, y*,u,y) € S, one has (av*,ay*,u, y) € B, foralla > 0.

Remark 5.23. If (v*,3*,u,y,7) € &(DVGy) and (3*,y) = 0, then
v*,y*,u,y,5) € &DVGy) and (v*, y*,u, ) € &(DVGys) for all 5§ € K \ {0}.
However, it is still an open problem whether the latter assertions remain valid after
removing the hypothesis (y*, y) = 0.

Let us prove now that for the just introduced vector dual problems there is weak
duality.

Theorem 5.12. Therearenox € X and (v*,y*,u,y,r) € %’VGV such that F(x) <g
hg,(v*, Yy u,y,r).

Proof. Assume to the contrary that there exist x € X and (v*, y*,u, y,r) € %g,
fulfilling F(x) <g hg,(v*, y*,u,y,r). Then x € dom F and it follows

(y*,)
(v,r)

On the other hand, from the feasibility of (v*, y*,u, y,r) to (DVGy), it follows
V*®)(x,0) — V*@)(u, y) = (y*,0— y), from which

<v*, D(u, y) — r—®(x, 0)> > 0.

<v*, Bu,y) - LI a><x,0)> < (. y)— <v*, W—’y}r> —o.
(v*.r) (v*,r)

This leads to a contradiction to the strict inequality proven above. O

By making use of Theorem 5.12 and Proposition 5.4, one can prove also the
following two weak duality statements involving the other vector duals to (PVG)
introduced above.

Theorem 5.13. There are no x € X and (v*,y*,u) € %, such that F(x) <k
hS, (v*, y*, u).
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Theorem 5.14. Letr € K\{0}. Then there areno x € X and (v*, y*,u, y) € B9,
such that F(x) <x h$,.(v*, y*,u, y).

One of the directions in which both Wolfe and Mond-Weir duality concepts
were developed is towards introducing dual problems for which strong duality holds
without asking the fulfillment of a regularity condition (see [84,208,210]). Like in
the scalar case, (DVG)y) can be considered as such a vector dual problem to (PVG).

Proposition 5.5. One always has #$, = &(DVGy) and h§, (#$) = Max(h§,
(%), K) € PMinzs(F(dom F), K).

Proof. 1f %g, = () there is nothing to prove. Assume thus that there is some
(v*, y*,u) € B Then (v*®)*(0, y*) + (v*®)(u,0) = 0, which implies

(")) = _inf_ [(79)(x.y) = (y". )] < inf (" @) (x.0).

Hence u € Z&5 (PVG) and ®(u,0) = F(u) is a value taken by the objective
functions of both (PVG) and (DVG)). Assuming that (v*, y*,u) ¢ &(DVGy), a
contradiction is immediately obtained by employing Theorem 5.13. Consequently,
B = é"(DVGM) and using that u € #&5(PVG) we obtain also that h§, (#S,) =
Max (h§, (%#$,), K) € PMin.s(F(dom F), K). O

Two immediate consequences of this assertion follow.

Corollary 5.6. If (v*,3*,ii,0,7) € 2B, then (v*,3*,u) € &(DVGy),
(v*, 7*.1,0, 7) € é"(DVGW) (v*,7*,1,0) € EDVGy#), i € PEs(PVG)
and F (i) = h§, (v*, 3*, u) = h$,(v*, y*,i,0,7) = hG -(v*, y%,1,0).

Proof. If (v*,3*,i1,0,7) € 4G, then it can be immediately verified that F (i) =
hg,(\_/*, y*,u,0,7) and (v*,y*,u) € %1?4 By Proposition 5.5 it follows that
(v*,y*,u) € £(DVGyy) and, consequently, u € P& 15(PVG). Knowing these, the
efficiency of (v*, y*, i, 0, 7) to (DVGy ) follows by employing Theorem 5.12, while
(v*, y*,u,0) € &DVGyr) follows via Theorem 5.14. |

Corollary 5.7. Ler 7 € K \ {0}. If (%, 5*,1,0) € B, then (v*,5*,i) €
&(DVGy), (7%, 7%,11,0,7) € &DVGy), (v*,7*,i1,0) € EDVGy#), it € PErs
(PVG) and F(w) = h§;(v*, 7*, 1) = hyj, (7%, 3*,1,0,7) = h$.(v*, 7*,&,0).

Next we give some results involving the maximal sets of the vector duals
introduced above. Combining Propositions 5.4 and 5.5, we obtain the following
statement.

Proposition 5.6. It holds
h$ (#5,) = Max(h$, (#%), K) € Max(h$,(85), K)

c J Max(hf.(#5.). K).
rekK\{0}
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Proof. From Propositions 5.4 and 5.5 it is known that 4§, (%) = Max(h$, (£$)),
K) € PMingg(F (dom F), K) N hS (95’ ). On the other hand, Theorem 5.12 yields
that PMinzs(F (dom F), K)Nh$, (%’G ) € Max(h$, (%), K) and the first inclusion
is proven. _

To demonstrate the second one, let d € (hﬁ,(%’ﬁ,), K). This means that there
exists (v*, y*,i, y,7) € &(DVGy) such that h§, (v*, y*, i, y,7) = d.Fors =
(1/{v*,7))F, we obtain that (v*, y*, i, y) € .%VGV‘ and hvcvg(fz*, 7*.0,7) =d.

Assuming that (v*, y*, i, y) were not efficient to (DVGys) would bring, via
Proposition 5.4, a contradiction to the efficiency of (v*, y*, i, y,7) to (DVGy). O

Now we turn our attention to strong duality for the vector duals introduced above,
for whose attainment one needs, besides convexity hypotheses, the fulfillment of
certain regularity conditions. Inspired by the ones considered in Sect.2.2.1 in the
scalar case and following [48], we consider four types of regularity conditions,
namely a classical one involving continuity,

(RCV?)‘ dx’ € X such that (x’,0) € dom @ and &(x’, -) is continuous at 0,
a weak interiority type one,

X and Y are Fréchet spaces, @ is C-lower semicontinuous

RCVS
( 2) and 0 € sqri Pry (dom @),

a generalized interiority type one which works in finitely dimensional spaces,
(RCV?)‘ dim lin(Pry (dom @)) < +o0 and O € ri Pry (dom &),

and finally a closedness type one,

@ is C-lower semicontinuous and for any v* € K*0 Pry«xg(epi(v*®)*)

RC
( ) is closed in the topology w(X™*, X) x Z.

Theorem 5.15. Let ¥ € K \ {0}. Assume that @ is a K-convex function and
one of the regularity conditions (RCViG), i € {1,2,3,4}, is fulfilled. If X €
PE15(PVG), then there exist v* € K*O and y* € Y* such that (v*, 3*,%,0,7) €
&(DVGy), (v*,3*,%,0) € &£DVGyr), (v*,3*,X) € &DVGy) and F(x) =
h§y (7, 7%, %,0,7) = hG (7, 7%, %,0) = h§ (v, 7*, %).

Proof. Since X € P& 5(PVG), there exists a v¥ € K*° such that (v*, F(x)) <
(v*, F(x)) forall x € X. As7 € K \ {0} assuming that (v*,7) = 1 does not imply
losing the generality. From [48] (see also Corollary 2.6 and Remark 2.5) it is known
that each of the regularity conditions (RCV,%), i € {1,2,3, 4}, ensures the stability
of the scalar optimization problem

Inf (7 F)(x),
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with respect to the perturbation function @. Then, via Theorem 5.2 (see also
Remark 5.4), there is strong duality for it and its Wolfe type dual

sup {—("2)*(0.y)}.
ueX,yeyY,y*ey*,
(0,y*)€d(v* @) (u.y)

i.e. there exists a y* € Y™ such that

—FP) 0.5 = sup {=(*®)*(0.y)} = inf (7%, F(x)) = (7%, F(3),

y*ey*

and (0, y*) € d(v*®)(x,0). Then (v*, j*, X) € A9, and, moreover, (v*, y*, %,0) €
93%/;. The conclusion follows by using Proposition 5.5 and Corollary 5.7. O

Remark 5.24. Incase V = R and K = Ry, identifying V* with R U {400} and
oog, Wwith +00, and taking the function F : X — R proper we rediscover the
Wolfe and Mond-Weir type scalar duality schemes from the scalar case presented
in Sect. 5.2.1. More precisely the problem (PVG) becomes then the general scalar
optimization problem (PG), while the duals (DVGy ) and (DVGyr), r > 0, turn
out to coincide with (DGy ), the scalar Wolfe type dual to (PG), and (DVGy,) is
nothing but the scalar Mond-Weir type dual (DGyy).

Remark 5.25. Other regularity conditions can be used in order to guarantee strong
duality for (DVGys) and (DVGy), too, as long as they guarantee the stability of
the scalar optimization problem inf,cy (v* F')(x) with respect to the perturbation
function @ for all v* € K*0.

Remark 5.26. Besides the properly efficient solutions in the sense of linear scalar-
ization, one can use for (PVG) the solution concepts considered in Sect. 4.2, too.
In this case one can assign to (PVG) vector duals of Wolfe and Mond-Weir types
with respect to these types of solutions, defined by making use of the corresponding
optimality conditions.

Remark 5.27. Another interesting vector duality approach for (PVG) can be
developed starting from the observation that for a fixed v* € K*° one can show that
an element X € X is efficient to (PVG) if and only if it is an optimal solution of the
scalar optimization problem

(EP) nf  (V*F)(x).

F()’c)—lF(x)eK.
xeX

Having different scalar duals assigned to this scalar optimization problem, one can
use them to formulate vector optimization dual problems with respect to efficient
solutions to (PVG). More precisely, the strong duality statements regarding (PVG)
and these new vector duals would ask the existence of an efficient solution to (PVG),
besides convexity hypotheses and regularity conditions, in order to obtain efficient
solutions to the vector duals.
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Remark 5.28. It can also be interesting to study how can one give weak and
strong duality statements for the primal-dual pairs of vector optimization problems
considered in this section when the functions involved are differentiable on an
open set S and the subdifferentials are replaced by gradients in the duals by using
generalized convexity notions like quasiconvexity, pseudoconvexity, even invexity.

In the next subsections we consider like in Chap. 3 as special instances of (PVG)
the two main classes of vector optimization problems, namely we work with a
constrained and an unconstrained vector optimization problem, respectively. To
these problems we attach vector duals that are special cases of (DVGy,), (DVGy)
and (DVGwr), r > 0, respectively, obtained for different choices of the vector
perturbation function @.

5.3.2 Wolfe and Mond-Weir Vector Duals of Classical
Type for Constrained Vector Optimization Problems

Besides the framework defined in the beginning of the section, consider that the
space Y is partially ordered by the nonempty convex cone C C Y. Let the nonempty
set S € X and the proper vector functions f : X — V®andh : X — Y*
fulfilling the feasibility condition dom ¥ NS N A~ (C) # @. Let the primal vector
optimization problem with geometric and cone constraints

(PVC) Min f(x),
x€A
where
o ={x €S :h(x)e—C}.
Since (PVC) is a special case of (PVG) obtained by taking

FiX Ve P =1 /0 ifxed
ook, otherwise,

we use the approach developed in Sect.5.3.1 in order to deal with it via duality.
More precisely, for convenient choices of the vector perturbation function @ we
obtain vector duals to (PVC) which are special cases of (DVG,,) and (DVGy),
respectively. Following the investigations from Sect. 5.3.1, we work with properly
efficient solutions to (PVC), while for the vector dual we assign to it in this
subsection we consider efficient solutions.

Consider first the Lagrange type vector perturbation function used in Sect. 4.4.1

f(x), ifx € S, h(x) e z—C,

L X xY -V, &l(x,2) = .
o0k, otherwise,
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which is proper due to the fulfilment of the mentioned feasibility condition. For
ue X,zeY, v e K*andz* € Y* we have (0,z*) € d(v*®L)(u,z) if and
only if (*®)*(0,2%) + (V*®,)(u,2) = (¢*,2), ie. (V" ) — (z*h) + 85)*(0) +
Scx(=2*) + f(u) + 6s(u) + $_c(h(u) —z) = (%, z). Using that §*. = §c=,
this can be rewritten as (((v* /) — (z*h) + 85)*(0) + ((v* /) — (z*h) + 85)(w)) +
(8% (=2*) + 8—c(h(u) — 2) — (—z*, h(u) — z)) = 0. Having the Young-Fenchel
inequality and the characterization of the subdifferential by its equality case, it
follows that (0,z*) € d(v*®L)(u,z) if and only if 0 € I((v* 1) — (z*h) + 85)(u),
7* € —C*and 6_c (h(u) —z) — (—z*, h(u) —z) = 0. Thus, from (DVGy ) we obtain
the following vector dual to (PVC)

(DVCE) Max  hL (v*, 2% u,z,7),
(v*,z*,u,z,l‘)e,%LW w
where
B =072 u2r) € KOX CT xS XY x (K\ {0} : hiw) —z € —C,
(Z*h)(w) = (*.2),0 € I((V* f) + (z*h) + 55)(“)}

and
Lok _ (*.2)
hW(V »Z ,u,z,r)-f(u)—l— (v*,r)r’
which can be equivalently rewritten as
(bvck) Max  hb(v*, 2% u,r),

(v*,z*.u,r)exf/?{jv

where
Bl = (.2 ur) € Kx O™ xS x (K\10}) 1 0 € (0 1)+ ) +85) ()|

and

hﬁ,(v*,z*,u,r) = f(u) + %r,

further referred to as the vector Wolfe dual of Lagrange type, while the vector dual

to (PVC) that results from (DVGy,) is

(DVCE) Max  hl,(v*, 2%, u),

k% L
v*.z2* u)eBy;
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where

B = {(v*,z*,u) € K*x C* x S : (2*h)(u) = 0,h(u) € —C,
0.€ 3((* f) + () + 8s) )}
and
h{l‘l(‘)*?z*7uar) = f(u)'
Note that in the constraints of this dual one can replace (z*h)(u) > 0 by
(z*h)(u) = 0 without altering anything since 2(u) € —C and z* € C*. Removing

like in the scalar case from %’f{ the constraint #(u) € —C, we obtain another vector
dual to (PVC), namely

(DVCLy) Max  hl,(v*, 2% u),
v*,z* ,u)Eé’&’AL,,W

where
Bl = {07 2" 1) € KOxCxS 2 (@ h)(w) 20,0 € HO" )+ h)+35) ()|
and

h,f,,w(v*, Zou,r) = f(u),

further called the vector Mond-Weir dual of Lagrange type to (PVC). We can
consider also the particularizations of the family of vector duals introduced in
Remark 5.20. For each r € K \ {0} we have the vector dual

(DvCE,) Max  hh, (v*, 2% u),
(v*.z*,u)egéﬁ,,

where
BL, = {(v*,z*,u) e KX C*x X : (v, r) = 1,0 € 3((v* f) + (z*h) +53)(u)}
and

Ry (V. 2% u) = fu) + (&, h(w))r.
Remark 5.29. Due to the way the vector duals we assigned above to (PVC) are
constructed it is clear that h%, (#%) < hi, (%L, and, via Proposition 5.4, it

holds 14, (#%,) € U,ex\ioyhlyr (Bh:) = hk (BL). The following examples show
that there are situations when these inclusion are strictly fulfilled. Moreover, in both
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of them we see that hﬁ,(%’ ) is strictly larger than AL W(e%’lﬁw), but it is not known
whether the latter is in general a subset of the former image set.

Example 5.14. Let X = R, Y = R, C = R, Y* = RU {400}, V = R?,
K=R%,S=Ry4, f:R>R? f(x)=(x,x)",and h : R - R U {400},

—x, ifx >0,
hix)=42, ifx=0,
+00, if x < 0.

For v* = (v},v})T we have 0 € ((v* f) + (0h) + 85)(0) = (—o0, v} + v¥] and
(0h)(0) = 0, thus (v*,0,0) € AL, therefore (0, 0 e hE o (Bhw).

If u > 0 and z* > 0 it holds (z*/)(u) < 0, while when u > 0 and z* = 0 one
gets 0 ¢ A((v* f) + (Oh) + 85)(w) = {vF + vi} forallv* = (v, vh)T € intRﬁ_.
Consequently, Al (#L,) = {(0,0)T}.

However, when u > 0 and z* > 0 it follows that d((v* ) + (z*h) + 8s5)(u) =
(vF+ v —z*} forallvd = (v, vh)T € intRﬁ_, so d((v* )+ (z"h) 4+ 85)(u) = {0}
if v +vJ = z*. Then, for v* = (v’l",v;‘)—r e intRi, u>0andr = (r1,m)" €
R2 \ {0}, one has (v*,v{ +v¥,u,r) € Bk and hh, (v*, v} +v2,u r) = (uwu)’ —
((v1 + \fz")u/(v1 r 4+ vzrz))(r],rz)T € h% (#L). Taking v* = (1/2, 1/2)T and
r = (0,1)7, it follows that (1, —u) " € h% (%) for all u > 0.

On the other hand it can be shown like in Example 5.1 that #%, = 0.

Therefore, hﬁl(% ) hbw(BLy) hLW(% )1n this case. This shows that in
general one has h¢ (%M) UreK\{o}hW, (%W,) = h$ (%’ ).

Example 5.15. Let X =R, Y =R?,C = Rﬁ_, V=R%K-= Ri, Ve =R?»)® =
R? U {oopz }. S =Ry, [ R —> (R)",

£0) (i)xifx>0,
X) =

oolRi , otherwise,

andh R - R h(x)=(x—1,—x)T.

Like in Example 5.2, it can be shown that h%, (%%) = hl,(BL,) = 0,
while for r = (1,1)T, one has ((1/2,1/2)7, (2, 3)T 1) € #%,, consequently,
(22,—2)T € hby, (Bh) < b, (Bh).

Therefore, hl, (#%,) = hLW(,%AL,IW) h% (%) in this case.

Remark 5.30. Assume that S is a convex set, f is a K-convex vector function and
h is a C-convex vector function. Then it is a simple verification to see that the vector
perturbation function @L is K-convex. When one of the following conditions

(i) f and h are continuous at a point in dom f Ndom#Ai N §;
(i) dom f NintS Ndom#h # @ and f or & is continuous at a point in dom f N
dom h;
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(iii) X is a Fréchet space, S is closed, f is K-lower semicontinuous, / is C-lower
semicontinuous and 0 € sqri(dom f x § x domh — Ays);
(iv) dimlin(dom f xS xdomh—Ay3) < +ooandridom f Nri S Nridom#A # @,

is satisfied, then (see [21,48,221]) for all v¥ € K*? and all z* € C*, it holds
IO f) + () + 85)(x) = 9™ f)(x) + d("h)(x) + Ns(x) Vx € X.

Consequently, when one of these situations occurs, the constraint involving the
subdifferential in (DVC%), (DVCY,), for any r € K \ {0}, (DVC%,) and,
respectively, (DVC%,,;,) can be correspondingly modified. Moreover, in order to split
a((v* f) + (z*h) + 8s)(x) into a sum of only two subdifferentials, one can apply
[48, Theorem 3.5.6].

Remark 5.31. If X =R", Y =R", C = R'j’_, V =R, K = Rﬁ_, S is convex,
f=.... )" iR > Randh = (hy,....hy)" : R" — R™, and the
functions f;,i =1,...,k,and h;, j = 1,...,m, are convex, then (DVC%V@), turns
out to be the nondifferentiable vector Wolfe dual problem mentioned in the literature
(see [84,134,210]), while (DVC]f,,W) is the nondifferentiable vector Mond-Weir dual
problem to (PVC).

Remark 5.32. 1If, in addition to the hypotheses of Remark 5.31, the set S is open
and the functions f;,i = 1,...,k,and h;, j = 1,...,m, are moreover Gateaux
differentiable on it, the subdifferentials in the constraints can be replaced by the
corresponding gradients, (DVCL,,) turns out to be, after fixing r, the classical vector
Wolfe dual problem from the literature (see [212] and, for the case r = e, [83,
205,206, 209]), while (DVCIf,,W) is the classical vector Mond-Weir dual problem to
(PVC) considered in papers like [82,83,205,207-209]).

Like in the previous section, the results involving (PVG) and its vector duals
can be particularized for the problems introduced above, however we give here only
the weak and strong duality statements involving (PVC) and its vector duals of
Lagrange type.

Theorem 5.16. There are no x € o and (v*,z*,u,r) € 931%, such that f(x) <g
hh (V% 2% u,r).
Theorem 5.17. There are no x € o and (v*,z*,u) € B, such that f(x) <k

hﬁl(v*, 7, u).

Theorem 5.18. Let r € K \ {0). Then there are no x € o and (v*,z*,u) € BL,
such that f(x) <g hL,. (v*,z*, u).

Analogously, one can prove also the following weak duality statement involving
(PVC) and (DVCL,).

Theorem 5.19. There are no x € o and (v*,z*,u) € By, such that f(x) <g
hbw 0%, 2%, u).
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For strong duality, which follows directly from Theorem 5.15, besides convexity
assumptions which guarantee the K-convexity of the vector perturbation function
@l we use regularity conditions, too, obtained by particularizing (RCVI.G), i €
{1, 2,3, 4}, namely (cf. [21,48])

(RCVII“)‘ dx’ € dom f N S such that #(x") € —int C,
which is the classical Slater constraint qualification extended to the vector case,

X and Y are Fréchet spaces, S is closed, f is K-lower semicontinuous,

R L
(RCV2) h is C-epi-closed and 0 € sqri (h(dom fNnSnNdomh) + C),

dimlin (A(dom f N S Ndom#h) + C) < +o00 and

RCV%
( 3)Oelri(h(domfﬁSﬁdomh)—{—C),

and, respectively,

S is closed, f is K-lower semicontinuous, % is C -epi-closed and
(RCVL)for any v e K* | epi((V*f) + (z*h) + 8s)* is closed
Z* EC*

in the topology w(X*, X) x Z.

The strong duality assertions concerning (DVC];V) and (DVCE,), respectively,
follow via Theorem 5.15, while their counterparts for (DVC}@W) and (DVCL.),
where 7 € K \ {0}, can be proven analogously.

Theorem 5.20. Let i € K \ {0}. Assume that S is a convex set, [ is a K-convex
vector function, h is a C -convex vector function and one of the regularity conditions
(RCVE), i € {1,2,3,4)}, is fulfilled. If X € P& 5(PVC), then there exist v* € K*°
and 7* € C* such that (v*,z*,X,7) € &DVCE), (v*,z*,X) € &DVCL.) N
5L(D_\1C1_Lw*) _ﬁ éa(DLVC,f:,r,)_*anfl f(x) = hLo* 75, %7 = hﬁ/;(\_/*,z*,fc) =
hy, V%, 25, %) = hypy (05,25, X).

Like in the scalar case and Sect. 4.4.1, one can consider a Fenchel-Lagrange type
vector perturbation function in order to assign vector dual problems to (PVC), too,
namely @ : X x X xY — V*°,

DFL(x, y.7) = f(x+y), ifxeS, hix)ez—C,
v ’ ook, otherwise.

For v € K*, z* € Y* y* € X*,z € Y and y € X, one has (0, y*,z*) €
0D (u,y,z) if and only if u € S, h(u) € z— C and (v* f)*(y*) + (—(z*h) +
85)* (=y*)+8—c* )+ futy)+—c (h(u)—2)+8s(u) = (", 2)+(y™, ), which
is nothing butu € S, h(u) € z—C and ((V* /)*(y*)+ (* ) (u+y)—(y* u+y))+
(=@ 1) +85)* (=y*) + (= (2*h) + 85) () —(=y*.u)) + (8% (=2*) + 8- (h(w) —
z) — (—z*,h(u) — z)) = 0. Consequently, (0, y*,z*) € 9@/ (u, y,z) if and only if
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ue s, z*e—-C*hu—z¢€—-C,y*€df(u+y)Nn (—d(—=(*h) + 85)(u)) and
(Z*h)(u) = (z*, 2). Therefore, the vector duals to (PVC) obtained, by making use of
the vector perturbation function cbf L. from the vector duals introduced in Sect. 5.3.1
are

(DVCEE) Max WO y*. 25w y.zr),
(v*,y*,z*,u,y,z,r)e,%%
where
AL = {(0* 5 ) € KOx XF X CF xS x X X ¥ x (K\{0)) :
h(u) —z € —C,(Z"h)(u) = (z*, 2),
y*eaw* fHlu+y) N (=a((z*h) + 55))(14)}
and

* 7%, 2) + (y*,
h%(v*,y*’z oy, 1) = flu+y)— M"’

which can be equivalently rewritten as
(DVCEE) Max REEG*, y* 25w, y.r),
(v*,y*,z*,u,y,r)é.@ﬁ,]‘
where
B = {07 2wy ) € KX x KT x €T xS x X x (K \{0})
y* e Hu+ y) N (=a((*h) + 5s))(u)}

and

M@ = (")
v

further called the vector Wolfe dual of Fenchel-Lagrange type,

Ry * y* . ouy,r) = flu+y) +

(DVCEE) Max AR, 2%, u),

(v*,z*,u)E.%’I};;‘
where
Bl = (72w € KX C* xS 2 (@h)W) 2 0.h(w) € ~C.
0.€ 90" £)(w) + D((h) + 85)()|
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and
Ry (v*, 25 u) = f(w),
and, for each r € K \ {0},
(DVCyE) Max hEE (v, y* 25 u, y),
0* ¥ 2 uy)EBY;

where

B = {(v*,y*,z*,u,y) EKOXX*xC*xSxX:{Wr) =1,
y* e d(v* f)u+y) N (=a((z*h) + 55))(“)}

and
Ry %, y* . 2w y) = fu+y) + (@h) W) — (y*, »)r.

Note that in the constraints of (DVC4F) one can replace (z*h)(u) > 0 with
(z*h)(u) = 0 without altering anything. Removing the constraint 2(u) € —C from
BLE, one obtains from (DVCY) the vector Mond-Weir dual of Fenchel-Lagrange
type to (PVC)

FL FL
(DVCypy Max  hy (v, 25 u),
(v*,z* ,u)EBZ’[,ILW

where
By =07, w) € KX C* x5 (@) 2 0,0 € 90 £)(w) + () + 85)(w)
and

oy 0" 2" u) = f (w).

Remark 5.33. Due to the way the vector duals we assigned to (DVC) are con-
structed it is clear that hiH(#BYE) < hiL (#LL,) and, via Proposition 5.4, it
holds WEH(ABYE) € Urexviophlil (BEE) = hEE(BEE). These inclusions are strict
in general, for instance in the situations presented in Example 5.14 we have
WEE(BEE) = 0, hFE (BLE) = {(0,0)T} and (u, —u)T € hiE(BEE) for all u > 0,
respectively. Moreover, one can see that in the mentioned situation i%r(%5E) is
strictly larger than itk (24%,), but it is not known whether the latter is in general a
subset of the former image set.

Remark 5.34. Results analogous to the one from Remark 5.6 can be given for the
Fenchel-Lagrange type vector duals to (PVC), too. Assuming that S is a convex
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set and & is a C-convex vector function, the satisfaction of any of the following
conditions (cf. [48, Theorem 3.5.6])

(i) h is continuous at a point in S N dom A;
(i1) intS N dom#h # @,
(iii) X is a Fréchet space, S is closed, # is star C-lower semicontinuous and 0 €
sqri(S — dom h);
(iv) dimlin(S —dom#) < 4ooandri S Nridom#h # @;

ensures the fulfillment of the formula
A((Z*h) + 8s)(w) = 0(z*h)(u) + Ns(u) Yu € X Vz* € C*,

in which case the constraint involving d((z*h) + 85)(u) in (DVCE), (DVCEL ), for
r € K\ {0}, (DVChE) and (DVCEF;,) can be correspondingly modified.

The results involving (PVG) and its vector duals can be particularized for the
Fenchel-Lagrange type vector duals, too, but here we give only the weak and strong
duality statements involving (PVC) and these vector duals.

Theorem 5.21. There are no x € o and (v*,y*,z*,u,y,r) € %’ﬁf such that
F) <k by (6% y*. 2% u, y,71),

Theorem 5.22. There are no x € < and (v*,z*,u) € B4F such that f(x) <g
hﬁ(v*,z*,u).

Theorem 5.23. Let r € K \ {0}. Then there are no x € o/ and (v*,y*,7*,u, y)
€ B such that f(x) <g hi5 (v ., y*. 2% u, y).

Analogously, one can prove also the following weak duality statement involving
(PVC) and (DVCi,).

Theorem 5.24. There are no x € o and (v*,z*,u) € Bk, such that f(x) <g
hih (v, 2 ).

For strong duality, which follows directly from Theorem 5.15, besides convexity
assumptions which guarantee the K-convexity of the vector perturbation function
@FL we use regularity conditions, too, obtained by particularizing (RC ViG), i €
{1, 2,3, 4}, namely (cf. [21,48])

(RCV!)|3x" € dom f N S such that f is continuous at x’ and h(x") € —int C,

X and Y are Fréchet spaces, S is closed, f is K-lower
P .
(RCVEE) semicontinuous, & is C-epi-closed and
0 € sqri (domf x C —epi_o(—h) N (S x Y)),

dimlin (dom f x C —epi_o(—h) N (S x Z)) < o0 and

FL
(RCV; )0 € ri(dom f x C —epi_c(—h) N (S x Z)).
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and, respectively,

S is closed, f is K-lower semicontinuous, / is C-epi-closed and
(RCV'LY for any v € K** epi(v* f)* + | epi((z*h) + 85)* is
*eC*
closed in the topology w(X™*, X) x Z.
(5.3.1)
The strong duality assertions concerning (DVC}F) and (DVC)f), respectively,
follow via Theorem 5.15, while their counterparts for (DVChf;,) and (DVC’;VL;),
where 7 € K \ {0}, can be proven analogously.

Theorem 5.25. Let 7 € K \ {0}. Assume that S is a convex set, f is a K-
convex vector function, h is a C-convex vector function and one of the regularity
conditions (RCVFL), i € {1,2,3,4}, is fulfilled. If)? e Qé"LS(PVC) then there
exist v* € K*0, y* € X* and 7* € C* such that (v*, y*,7*, X, 0, r) e &(DVCEE),
(V*,7*.7%,%,0) € £(DVC), (v*,7%. %) € cg"(DVCFL)ﬂé’(DV Py and f (%) =
I’ZFL(V y z* X 0, 7‘) — hFL (—* S z X, O) — hFL(V* S* —) — hFW(V* % X)

Remark 5.35. Like in the general case (see Remark 5.24),if V = Rand K = Ry,
taking the functions f : X — Rand 4 : X — Y* proper we rediscover the
Wolfe and Mond-Weir duality schemes for constrained scalar optimization problems
from Sect. 5.2.2, respectively. More precisely the problem (PVC) becomes then the
constrained scalar optimization problem (PC) and the vector duals considered in
this section turn out to be to the corresponding dual problems considered there
to it.

5.3.3 Wolfe and Mond-Weir Vector Duals of Classical Type
Jor Unconstrained Vector Optimization Problems

Consider again the framework of Sect.5.3.1.Let f : X — V®andg:Y — V*
be given proper vector functions and A : X — Y alinear continuous mapping such
that the feasibility condition dom f N A~!(dom g) # @ is fulfilled.

The primal unconstrained vector optimization problem we deal with is

(PVU) Min[f(x) + g(Ax)].

We work with properly efficient solutions to (PVU), while for the vector dual we
assign to it in this section we consider efficient solutions. Since (PVU) is a special
case of (PVG) obtained by taking F' = f + g o A, we use the approach developed
in Sect.5.3.1 in order to deal with it via duality. More precisely, for a convenient
choice of the vector perturbation function @ we obtain vector duals to (PVU) which
are special cases of (DVGyy) and (DVGy).
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In order to attach vector dual problems to (PVU), consider like in Sect. 4.4.2 the
vector perturbation function

OV X xY -V, UV (x,y) = f(x) + g(Ax + ).

Forv* € K**, u € X,y € Y and y* € Y* one has (0, y*) € d(0v*®Y)(u, y) if
and only if (V*@Y)*(0, y*) + (v*@Y)(u, y) = (y*, y). This is further equivalent to
OV N(=A"y") +0"g)* (™) + f(w) + g(Au + y) = (y*, y). Using the Young-
Fenchel inequality, the last equality yields that (0, y*) € d(v*®Y)(u, y) if and only
if y* € 0(v*g)(Au + y) and —A*y* € (v* f)(u). Now we are ready to formulate
the vector duals to (PVU) that are special cases of (DVGy,) and (DVGy ), namely

(DVUy) Max  hl,(v*, y*,u,y,r),
(v*,y*,u.y,r)é%f,{,
where
BY, = {(V*,y*,u,y,r) €K XY*x X xY x (K\{0}):
¥ € (AT =00" 1)) N 9 g) (Au + 7))
and
B0 ) = ) + gt ) = 2

and, respectively,

(DVU ) Max AY (v*, u),

2U
V*.u) €Ay,

where
Ay = 07w € K x X+ (4")7 (=00 ) () N 0("g) (Au) # 0]
and
hy (V' u) = f(u) + g(Au).
One can also consider the particularizations of the family of vector duals

introduced in Remark 5.20. For each r € K \ {0} we have the vector dual to
(PVU)

(DVUyr) Max = hig, (v, " u. p),

(v*,y* ,u.y)eggll//w
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where

B, = {(v*,y*,u,y)eK*OxY*xXxY S (vhr) =1,
y*re (A*)_lﬁ—a(V*f)(M))r\a(V*g)(AM'+'Y)}

and

Ry (v y* o y) = fu) + g(Au+y) — (y*, y)r.

Observations similar to Remarks 5.11 and 5.15 can be made in the vector case,
too. Note also that via Proposition 5.4, it holds 4%, (%)) C U,ex\io1h%r (B5,) =
hiy ().

Let us give now the weak and strong duality statements for these duals.
Theorem 5.26. There are no x € X and (v*, y*,u, y,r) € %Il,{, such that f(x) +
g(Ax) <k hyy (v, y*, u,y, ).

Theorem 5.27. There are no x € X and (v*,u) € B, such that f(x)+ g(Ax) <k
hS (v, w).

Theorem 5.28. Letr € K\{0}. Then there areno x € X and (v*, y*,u, y) € %Y,
such that f(x) + g(Ax) <g hY, (v*,y*,u,y).

For strong duality, which follows directly from Theorem 5.15, besides convexity
assumptions which guarantee the K-convexity of the vector perturbation function
@Y we use regularity conditions, too, obtained by particularizing (RCV,.G), i €
{1, 2,3, 4}, namely (cf. [21,48])

(RCVY)‘ 3x’ € dom f N A~'(dom g) such that g is continuous at Ax’,

X and Y are Fréchet spaces, f and g are K-lower semicontinuous

RCVY
( 2) and 0 € sqri(dom g — A(dom f)),

(RCVg)‘dimlin(domg — A(dom f)) < +o0 and ri A(dom f) Nridom g # @,
and, respectively,

and g are K-lower semicontinuous and for any v* € K*0 epi(v* f)*+
g y P

RCVY
( +) (A* x idg)(epi(v*g)™) is closed in the topology w(X™*, X) x Z.

(5.32)

Theorem 5.29. Let ¥ € K \ {0}. Assume that f and g are K-convex vector
functions and one of the regularity conditions (RCVV), i € {1,2,3,4}, is fulfilled.
If x € PE5(PVU), then there exist v € K*C and y* € Y* such that
(7*, 7%, %.0,7) € &DVUy), (7*,7*.%,0) € EDVUyr), (7*.%) € EDVUy)
and f(%) + g(AX) = hi (v*, 7*,%,0,7) = h') . (v*, 7%, %,0) = hy, (v*, X).
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Remark 5.36. In case V = R and K = R, taking the functions f : X — R
and g : Y — R proper we rediscover the Wolfe and Mond-Weir duality schemes
for unconstrained scalar optimization problems from Sect. 5.2.3. More precisely the
problem (PVU) becomes then the unconstrained scalar optimization problem (PU),
the duals (DVUy ) and (DVUy+), r > 0, turn out to coincide with the scalar Wolfe
type dual to (PU) denoted (DUy ) and (DVU)y) is nothing but its Mond-Weir type
dual (DU M)'

One can see (PVC) as an unconstrained vector optimization problem, namely

(PVC) Min [ /() + 8, ()],

where the notations are consistent with the ones in Sect.5.3.2. Then, taking A :=
idy, f := f and g := 8, (DVUy), (DVUy) and (DVUy,) (where r € K \ {0})
turn into

(pvek) Max  hj,(v*, y* u,y.r),
(v*,y*,u,y,r)e.’}ﬂ‘,@
where
Bl = {(V*,y*,u,y,r) EK*XxC*x X xY x(K\{0)):
¥ €007 )+ y) N (=N ()}
and
(»*.»)
hfy(v*,y*,u,y,r) = f(u+y)_ (V* r) T

further referred to as the vector Wolfe dual of Fenchel type,

(DVCE) Max h% (v, u),
(v*,u)EL%f,l
where
BY, = {(V*,M) e K*xX:0edv*f)u) + Ngf(u)}
and

iy OV u) = f (),
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and, respectively,

(pvek,) Max , hE, (%, y*, u, y),
O*y*uy)EBy, -
where
Bl = {(v*,y*,u,y) EK*XxC*x X xY : (v r)=1,
V€ 00* )+ y) N (~Noy()}
and

Ry %,y  u, ) = flu+ ) — (v, y)r.

Note that Proposition 5.4 yields h4,(%14,) € U,ex\ioyh%y- (B,:) = hl, (B]).

Remark 5.37. These vector dual problems to (PVC) can be obtained directly from
(DVGw), (DVGy) and (DVGY,) (where r € K \ {0}), respectively, too, by using
the vector perturbation function Q§VF introduced in Sect. 4.4.2.

Let us give now the weak and strong duality statements for these duals.

Theorem 5.30. There are no x € & and (v*,y*,u,y,r) € L@{; such that
f(x) <k hiy . y* uy.r).

Theorem 5.31. There are no x € o and (v*,u) € %%, such that f(x) <k
hE (v*, ).

Theorem 5.32. Letr € K\{0}. Then there are no x € < and (v*,y*,u,y) € AL,
such that f(x) <g h&, (v*, y*,u, y).

For strong duality, which follows directly from either Theorems 5.15 or 5.29,
besides convexity assumptions which guarantee the K-convexity of the corre-
sponding vector perturbation function (see also Remark 5.12) we use regularity
conditions, too, obtained by particularizing (RCV,.G) or (RCViU), i €{l,2,3,4},
respectively, namely (cf. [21,48])

(RCVf)‘ Jx’ € dom f N & such that f is continuous at x’,

X is a Fréchet space, o7 is closed, f is K-lower semicontinuous

RCVY
( 2)ame € sqri(dom f — &),

(RCV;)‘ dimlin(dom f — &) < 400 and ridom f Nri </ # @,
and

o is closed, f is K-lower semicontinuous and for any v* € K*°

RCV}
( 3) epi(v* f)* + epi o is closed in the topology w(X™*, X) x Z.
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Theorem 5.33. Let i € K \ {0}. Assume that <f is a convex set, f is a K-convex
vector function and one of the regularity conditions (RCV.F), i € {1,2,3,4}, is
fulfilled. If X € PE5(PVC), then X € </ and there exist v* € K** and y* €
Y* such that (7%, 7%, %,0,7) € &(DVCy), (7*, 7%, %,0) € &DVCyyr), (7, %) €
E(DVCyr) and f(X) = hly (%, 7, £,0,7) = hE (7%, 7%, %,0) = hl, (7%, %).

Remark 5.38. Sufficient conditions that ensure the equivalence of the correspond-
ing duals of Lagrange type and Fenchel-Lagrange type, respectively, can be obtained
via [48, Theorem 3.5.6], while for the equivalence of the corresponding duals of
Fenchel type and Fenchel-Lagrange type, respectively, one can apply [48, Theorem
3.5.13].

5.4 Alternative General Wolfe and Mond-Weir Vector
Duality

As mentioned in Sect. 5.1, there are two ways of assigning vector dual problems of
Wolfe and Mond-Weir type to vector optimization problems. In this section we deal
with the so-called alternative approach, where the objective vector function of the
dual vector optimization problems consists of a vector v € V', while its counterpart
from the primal vector optimization problem appears only in the constraints. As we
shall see later, the image sets of the alternative vector duals are larger than their
counterparts of classical type and this can prove to be an advantage when trying to
solve them numerically.

We begin our investigations with a general vector optimization problem to which
alternative vector duals of both Wolfe and Mond-Weir types are assigned. Then we
particularize the primal problem to be constrained and unconstrained, respectively,
and the corresponding vector dual problems are derived, following the scheme from
the previous sections.

5.4.1 General Vector Optimization Problems

Like in Sect. 5.3, let X, Y and V' be Hausdorff locally convex vector spaces, with V
partially ordered by the nontrivial pointed convex cone K C V.Let F : X — V*
be a proper vector function and consider the general vector-minimization problem

(PVG) Min F(x).
x€X
The solution concepts we consider for this vector optimization problem are the
ones introduced in Sect. 5.3, too. Like in Sect. 5.3.1, we employ the proper vector
perturbation function @ : X xY — V'*® which fulfills @(x,0) = F(x) forallx € X,
thus also 0 € Pry (dom @), in order to assign vector dual problems to (PVG).
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Different to Sect.5.3.1, we attach this time Wolfe and Mond-Weir type vector
dual problems to (PVG) by employing an idea considered in [58, 59, 140] (see
also [71]) and making use of the corresponding scalar dual problems introduced
in Sect.5.2.1.

The alternative Wolfe type vector dual to (PVG) we consider now is

(DVGW) Max hg/(v*,y*,v,u,y)
(v*.y*.v.u,y)eﬂg/

where

BY =07 v y) € KOV XV x X x Y 1 (0.3%) € 00 @) (u. ),
(V) = —(*@)* (0,3}

and
he . y* vouy) = v,

while the alternative Mond-Weir type vector dual one is
(DVGM) Max  AM(*, y*, v,u)
(v*,y* .v.u)EBZé”

where

BY = {(V*,y*,v, W eKOXxY*xV xX:(0,y%) € d(v*®)(u,0),
(v, v) < (v*,CD(u,O))}

and
Y, y* v,u) = v.

For these dual vector optimization problems we consider efficient solutions,
defined analogously to the ones in Definition 5.1. Their image sets fulfill an
inclusion similar to the one given in Proposition 5.4.

Proposition 5.7. One has h) (BY) € h{¥ (BY).

Proof. Whenever (v*, y*,v,u) € B, itis easy to see that (v*, y*,v,u,0) € BY

and hY (v*, y*,v,u) = h{ (v*, y*,v,u,0). Therefore all the values taken by the

objective function of (DVGM) over its feasible set can be found also in 4 V(BY).
O

Remark 5.39. The sets h (BY) and h{l (#Y) do not coincide in general. Situ-
ations where the inclusion in Proposition 5.7 is strictly fulfilled can be found in
Examples 5.16 and 5.17.
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Remark 5.40. One can consider other vector dual problems to (PVG) by replacing
in (DVGM) and (DVG") the inequalities involving (v*,v) by the corresponding
equalities. However, we will not consider further these vector dual problems
since one can easily show that (v*,y*,v,u,y) € &(DVG") yields (v*,v) =
—(v*®)*(0, y*), while (v*, y*,v,u) € &DVGM) implies (v*,v) = (v*, ®(u,0)).
Of course this observation can be extended for all the special instances of these
vector duals considered later in this chapter.

For the newly introduced dual problems one can easily show that the weak duality
holds.

Theorem 5.34. Therearenox € X and (v*, y*,v,u,y) € BY suchthat F(x) <g
hY (v, y*,v,u, y).

Proof. Assume to the contrary that there are some x € X and (v*, y*,v,u,y) €
BY fulfilling F(x) <g hyy (v*,y*,v,u, y). Then x € dom F and it follows (v*, v—
@(x,0)) > 0. On the other hand, from the feasibility of (v*, y*, v, u, y) to (DVG"),
it follows (v*,v) < —(v*®)*(0, y*) and since —(v*@)*(0, y*) < (v* @) (x,0), one
gets (v*,v — @(x,0)) < 0, which contradicts the strict inequality obtained above.
O

Using Proposition 5.7 and Theorem 5.34, one can easily prove the following
weak duality statement, too.

Theorem 5.35. There are no x € X and (v*,y*,v,u) € 93%’1 such that F(x) <g
hg(v*, y*, v, u).

Remark 5.41. If %g’ # @, i.e. there exists a feasible element (v*,y*,v,u) €
%é‘;”, one can notice that (v*, y*, ®(u,0),u) € %é‘f and (av*,ay*,v,u) € %’é”
whenever & > 0, too, and it also follows immediately that (v*, y*, @(u, 0),u,0) €
%g/ . Moreover, employing Theorem 5.35 one obtains that (v*, y*, @(u,0),u) €
&(DVGM), while Theorem 5.34 yields (v*, y*, ®(u,0),u,0) € &(DVG"). On
the other hand, if (v*, y*,v,u,y) € BY, then (V*, y*, ®(u,y),u,y) € %g/ and
(av*, ay*,v,u,y) € 532/ for all ¢ > 0, too.

A statement analogous to Corollary 5.6 can be given for the alternative vector
duals to (PVG), too.

Remark 5.42. If (v*, y*,v,u,0) € ABY, then (v*,y*, ®(u,0),u) € &DVGY),
v*, y*, ®(u,0),u,0) € EDVG"), u € P& 5(PVG) and F (i) = WM (>, y*, @
(u,0),u) = h¥ V*, y*, ®(u,0), u,0).

For the strong duality statements concerning the vector optimization problem

(PVG) and its two newly introduced vector dual problems we employ the ones
considered in Sect. 5.3.1, as follows.

Theorem 5.36. Assume that @ is a K-convex function and one of the regularity
conditions (RCVS), i € {1,2,3,4}, is fulfilled. If x € P& 5(PVG), then there
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exist v* € K*O, 3* € Y* and v € V such that (v*,5*,v,u,0) € &DVG"),
(%, 3%, v, i) € &(DVGM) and F(X) = hY (v*, 5*,,1,0) = hM (v*, 7*, v, t).

Proof. Since X € P& 15(PVG), there exists a v* € K* such that (v, F(X)) <
(i*, F(x)) for all x € X. As each of the regularity conditions (RCV), i €
{1,2, 3,4}, ensures (cf. Corollary 2.6 and Remark 2.5) the stability of the scalar
optimization problem

Inf (v F)(x),

with respect to the perturbation function @. Then, via Theorem 5.2 (see also
Remark 5.4), there is strong duality for it and its Wolfe type dual

sup {= ") (0. y")}.

u€eX,yey,y*ey*,
0,y*)€d(@™* @) (u,y)

i.e. there exists a y* € Y * such that

~ )0, = sup {=("9) (0.3} = inf (7" F(x)) = (7", F(3)).

y*ey*

and (0, y*) € d(v*®)(x,0). Taking v = F(x), one sees that (v*, y*, v, X,0) € Sy .
Moreover, (V*,7*,7,u,0) € &(DVGY) via Theorem 5.34. Indeed, if
(v*, 7*,v, 1, y) were not an efficient solution to problem (DVG"') there would exist
an element (v*, y*,v,u, y) € B such that b}y (v*, y*,v,u,y) =v >g v = F(X).
But this contradicts the weak duality statement.
In order to deal with problem (DVG™) we consider the Mond-Weir type dual to
infyex (@) (x, 0), namely

sup (v*, @(x,0)).
ueX,y*ey*,
(0,y*)€d(* @) (u,0)

The conclusion follows analogously. O

Remark 5.43. In case V = R and K = R, identifying V'* with R U {400} and
oog, with +o00, and taking the function F : X — R proper we rediscover the
Wolfe and Mond-Weir type scalar duality schemes from the scalar case presented
in Sect. 5.2.1. More precisely the problem (PVG) becomes then the general scalar
optimization problem (PG), while the duals (DVG") and (DVGM) turn out to
coincide with the scalar Wolfe and Mond-Weir type duals to (PG) introduced there,
namely (DGy ) and (DG, ), respectively.

Remark 5.44. Similar observations to the ones formulated in Remarks 5.25-5.28
can be given within this section, too.
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In the next subsections we consider as special instances of (PVG) the two main
classes of vector optimization problems, namely we work with a constrained and
an unconstrained vector optimization problem, respectively. To these problems we
attach vector duals that are special cases of (DVGM) and (DVG"), respectively,
obtained for different choices of the vector perturbation function @.

5.4.2 Alternative Wolfe and Mond-Weir Type Vector Duals
for Constrained Vector Optimization Problems

Besides the standing framework we let the space Y be partially ordered by the
nonempty convex cone C C Y, like in Sect.5.3.2 and the notations we use are
consistent with the ones considered there, namely S € X is a nonempty set and
f:X —>V®andh: X — Y* are proper vector functions fulfilling the feasibility
condition dom f NSNA~!(C) # 0. Using the same vector perturbation functions as
in the mentioned subsection, we attach to the primal constrained vector optimization
problem

(PVC) Min (x).
where
o ={xeS:h(x)e—-C},

vector dual problems obtained as special cases of (DVG") and (DVGM), respec-
tively. Making use of ®L, one gets the alternative Wolfe vector dual of Lagrange

ype

(DVCZV) Max hf/(v*,z*, v, UL, Z)

* %k w
O*2* vuz)esB;

where
BY = {(V*,Z*,V, 1,7) € K x (—C*)x V xS x Y : (v*,v— f(u))

< =M@, 0 € (" f) — (& h) + 85) (W), 6—c (h(u) —2) — (", h(w) — z) = 0}

and

RY (v, 25 vouz) = v,
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which can be equivalently rewritten as

(DVCEV) Max h?/(v*, ¥, v, u)

Sk aW
(v*.2* vau)eB;)

where

2] = {(V*,z*,v, u) € K x C*xVxS: (v v— f(w) < (h)w),
0 € (" 1)+ (*h) +85)(w)

and
hzv(v*,z*,v, u) =v,
and, respectively,
(pvelh Max WM (v* 2%, v, u)
v* .z vu)eB!

where

BY = {(V*,Z*, vu) € K x C*xV x S: (2*h)u) > 0,h(u) € —C,

(V0) = 04 1)(0,0 € DO £) + (*h) + 85) )]

and
M0, 2% vou) = v.

Note that in the constraints of (DVC¥) one can replace (z*h)(u) > 0 by
(z*h)(w) = 0 without altering anything since 4(u) € —C and z* € C*. Like in
Sect. 5.3.2, removing from this vector dual the constraint #(«) € —C, we obtain
a new vector dual to (PVC), namely the alternative Mond-Weir vector dual of
Lagrange type to it

(DvCYY) Max YW (v*, 2%, v, u)
(v*,z*,v,u)ex;’/ﬁ"lflw
where
B =07, v € KX CTx VxS 1 (@ h)(w) = 0,
(V) = 05 1)(0,0 € DO f) + (*h) + 8) ()]
and

Y0, 25 v u) = .
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Remark 5.45. Due to the way the vector duals we assigned above to (PVC) are
constructed it is clear that A (M) < h¥W(#YV). Moreover, since for all
(v*, 2%, v,u) € B the double inequality (v*,v — (v* f)(w)) < 0 < (Z*h)(u)
yields (v, v — (v* f) (w)) — (z*h)(u) < 0, it follows that K4 (BYW) < W)V (B)).
Consequently, even without resorting to Proposition 5.7 one obtains h¥ (#M) C
hY(#)), too. Situations where these inclusion are strictly fulfilled can be found
below.

Example 5.16. Consider the situation from Example 5.14. One can easily show that
%M = @. On the other hand, as 0 € d((v* f) + (0h) + 85)(0) = (—o0, 1] for all
v* € intR%, f(0) = (0,0)7 and (0h)(0) = 0, it follows that whenever v € R?
fulfills v* v < 0, one has (v*,0,v,0) € Z¥V. Consequently, {v € R : v*Tv < 0,
v e intR2} € WYV (B)YV).

Therefore, h¥ (%))  hYW(#YY) in this case. Taking into consideration
Remark 5.45, it follows that the inclusion given in Proposition 5.7 can in general
be strictly fulfilled.

Example 5.17. Consider the situation from Example 5.15. One can easily show that
WY (M) = W™ (#)") = @, while (—2,-2)T € h}} (B)).
Therefore, h)! (%) = WY (YY) h}) (%)) in this case.

Remark 5.46. A statement similar to the one given in Remark 5.30 can be given
for the vector duals of Lagrange type assigned to (PVC) within this subsection, too,
one being able to split the subdifferential d((v* /) + (z*h) + 8s) (1) under the same
hypotheses.

Remark 5.47. A vector dual similar to (DVCY), but with respect to weakly efficient
solutions, was introduced in [71], under quasidifferentiability hypotheses for the
functions involved. Later, it was mentioned also in [212], where the functions were
taken differentiable.

Like in the previous section, the results involving (PVG) and its vector duals
can be particularized for the problems introduced above, however we give here only
the weak and strong duality statements involving (PVC) and its vector duals of
Lagrange type.

Theorem 5.37. There are no x € <« and (v*,z*,v,u) € %E’ such that f(x) <k
hZV(v*,z*, v, u).
Theorem 5.38. There are no x € o and (v*,z*,v,u) € %’24 such that f(x) <g
hﬁl(v*, Z*,v,u).

Analogously, one can prove also the following weak duality statement involving
(PVC) and (DVCYY).

Theorem 5.39. There are no x € ' and (v*,z*,v,u) € BV such that f(x) <k
h%w(v*,z*, v, u).
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In order to achieve strong duality for the vector duals of Lagrange type we just
assigned to (PVC), we need, besides convexity assumptions which guarantee the K-
convexity of the vector perturbation function @F, the fulfillment of some sufficient
conditions. To this end, we employ the regularity conditions used in Sect. 5.3.2. The
strong duality assertions concerning (DVC}") and (DVC}), respectively, follow via
Theorem 5.36, while their counterpart for (DVC}") can be proven analogously.

Theorem 5.40. Assume that S is a convex set, [ is a K-convex vector function,
h is a C-convex vector function and one of the regularity conditions (RCV}), i €
{1,2,3,4}, is fulfilled. If X € P& 15(PVC), then there exist v¥ € K*® andz* € C*
such that (v*,7*, f(¥),X) € &DVC)) N &DVCY) N &DVCYY) and f(x) =
B (7.2, F(0).5) = Wl (% 2%, f().5) = WiV (5,2, f(%). 5).

Another vector perturbation function considered in Sect. 5.4.2 in order to assign
a vector dual problem to (PVC) is the Fenchel-Lagrange type vector perturbation
function ®fL. Tt particularizes (DVG") to the following Wolfe vector dual of
Fenchel-Lagrange type to (PVC)

(DVC% Max hFWL(v*, 575 v, y)

(V% y* 2% vu,y) B

where

B = {(V*,y*,z*,v,u,y) EKOXx X*xC*xV xSxX: (< (y*u
—OF O + @R W),y € 007 )+ y) N (=0 h) + 85) ()]

and
W (% * %
hpy V%, y*, 25 v,u, y) = v,

and (DVGM ), respectively, into

(DvCH) Max WM (v*,z*,v,u)

(v*.z* .v.u)eﬂﬂ

where

BY = {(v*,z*,v, W) € K*® x C*x V x 8 : (Z*h)() > 0,h(u) € —C,
() = (" @), 0 € 9™ f)(w) + a((z*h) + 5s)(u)}

and

h%(v*,z*,v,u) =.
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Note that in its constraints one can replace (z*h)(u) > 0 by (z*h)(u) =
without altering anything since 4(u) € —C and z* € C*. Like in the Lagrange case,
removing from (DVCH ) the constraint (1) € —C, one obtains another vector dual
to (PVC), namely its Mond-Weir vector dual of Fenchel-Lagrange type

(pvery Max WYV (v*, 2%, v,u)

v*.z* ,v.u)eg??ﬁlw

where

A = {072 v € KO X CF XV x S (@) 2 0,
(V. v) < (v ), 0 € dv* f)(u) + d((z*h) + 35)(,,)}

and
WY v, 25 v u) = .

Remark 5.48. Due to the way the vector duals we assigned above to (PVC)
are constructed it is clear that h¥ (#M) < WMV (2%Y). Moreover, for all
v, 2% v,u) € BMV the double 1nequa11ty (v¥,v — (v*f)(u)) <0 < (z"h)(w)
yields (v*,v — (v*f) (u)) — (z"h)(u) < 0, while the constraint involving the
subdifferentials ensures the existence of a y* € d(v* ) (1) N (—=3((z*h) + 8s)(u)).
Thus, (v*, v)—(y*, u)+(* /)" (y*)— (Z*h)(u) =" ) w)— (Z*h)(u) =0,
ie. (v¥, y ,7* vuO)e%}é‘Z AshWZ(v y* .25 v,u,0) = v =BV 0* 2 v u),
it follows that AW (YY) < hlY, (%’FL) Consequently, even WlthOllt resorting to
Proposition 5.7 one obtains & FL(%’ Ty C h} (B)Y), too. Situations where these
inclusion are strictly fulfilled can be found below

Example 5.18. Consider again the situation from Examples 5.14 and 5.16. One can
easily show that ZM = @, while {v € R?: v Ty <0, v* € intR2 2} S YV (BEY).
Therefore, h¥ (#M) i7" (#¥Y) in this case.

Example 5.19. Consider the situation from Examples 5.15 and 5.17. One can easily
show that hM (#M) = W2V (#4Y) = 0, while (-2, -2)"T e hp (BY).
Therefore, h¥ (#M) = h (%’%LW h} (%)) in this case.

Remark 5.49. A statement similar to the one given in Remark 5.34 can be given for
the vector duals of Fenchel-Lagrange type assigned to (PVC) within this subsection,
too, one being able to split the subdifferential d((z*/) + 8s)(u) under the same
hypotheses.

Like in the previous section, the results involving (PVG) and its vector duals
can be particularized for the problems introduced above, however we give here only
the weak and strong duality statements involving (PVC) and its vector duals of
Lagrange type.



5.4 Alternative General Wolfe and Mond-Weir Vector Duality 165

Theorem 5.41. There are no x € & and (v*,y*,z*,v,u,y) € %Z such that
f(x) <k b (v, y*. 2% vou, ).

Theorem 5.42. There are no x € o and (v*,7*,v,u) € %% such that f(x) <g
h%(v*, 75, v, u).

Analogously, one can prove also the following weak duality statement involving
(PVC) and (DVCYHY).

Theorem 5.43. There are no x € < and (v*,z*,v,u) € BMY such that f(x) <k
W (v*, 2%, v, u).

In order to achieve strong duality for the vector duals of Lagrange type we
just assigned to (PVC), we need, besides convexity assumptions which guarantee
the K-convexity of the vector perturbation function @, the fulfillment of some
sufficient conditions. To this end, we employ the regularity conditions used in
Sect. 5.3.2. The strong duality assertions concerning (DVC;VL) and (DVC 2’2), respec-
tively, follow via Theorem 5.36, while their counterpart for (DVCIW) can be proven
analogously.

Theorem 5.44. Assume that S is a convex set, f is a K-convex vector function,
h is a C-convex vector function and one of the regularity conditions (RCVF"),
i € {1,2,3.4), is fulfilled. If X € P&5(PVC), then there exist v € K*O,
y* € X* and ¥ € C* such that (v*,3*,7%, f(¥),%,0) € &DVCY),
(7%, 7%, f(X),%) € EDVCE)YNEDVCEY) and (%) = h}l, (7*,7%, f(¥),X,0) =
hp (7. 2%, f().%) = byl (5.2, f(%). %).

Remark 5.50. Like in the general case (see Remark 5.24),if V = Rand K = Ry,
taking the functions f : X — Rand h : X — Y* proper we rediscover the
Wolfe and Mond-Weir duality schemes for constrained scalar optimization problems
from Sect. 5.2.2, respectively. More precisely the problem (PVC) becomes then the
constrained scalar optimization problem (PC) and the vector duals considered in
this section turn out to be to the corresponding dual problems considered there to it.

5.4.3 Alternative Wolfe and Mond-Weir Type Vector Duals
Jor Unconstrained Vector Optimization Problems

Consider again the framework of Sect.5.3.3 and the notations used there, namely
f:X —>V®and g :Y — V* are proper vector functions and A : X — Y a linear
continuous mapping such that the feasibility condition dom f N A~!(dom g) # @
is fulfilled. To the primal unconstrained vector optimization problem

(PVU) Min[f(x) + g(Ax)],
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we assign vector dual problems obtained as special cases of (DVG") and (DVGM),
respectively, by making use of the the vector perturbation function @V, namely

(DvU") Max hg(v*,y*,v, u,y)

Ne W
. y*vauy)EAB

where

BY = {(v*,y*,v, 1Y) € KX Y* XV x X XY 1 y* € (A4%) " (=90* £)w))
NA(v*g)*(Au + y) and (v*,v) < —(v* f)* (=A% y*) + (V*g)*(y*)}

and
Ry O, y* vou,y) = v,

and, respectively,

(DVU™M) Max M (v*, v, u)

* aM
W*.vu)eAy;

where

BY = {(V*,v, u) € K* xVx X :0e (A" (=0(* f)(u) — d(v*g)(Au)
and (v*,v) = (v, f (&) + g(A4u)|

and
hﬁ,l(v*,v, u) =v.

Observations similar to Remarks 5.11 and 5.15 can be made in the vector case,
too. Note also that via Proposition 5.7, it holds hM (2M) < h}y (#]). For the
primal vector problem (PVU) and its Wolfe type and Mond-Weir type vector duals
(DVU") and (DVUM), respectively, the weak and strong duality statements follow
from the general case.

Theorem 5.45. There are no x € X and (v*, y*,v,u,y) € By such that f(x) +
g(A.X) <k hg/(‘}*! y*v v, u, y)

Theorem 5.46. There are no x € X and (v*,v,u) € BY such that f(x) +
g(Ax) <g W1 (v*, v, u).

In order to achieve strong duality, besides convexity assumptions which guar-
antee the K-convexity of the vector perturbation function @Y, one needs the

fulfillment of some sufficient conditions. To this end, we employ the regularity
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conditions used in Sect.5.3.3. The strong duality assertions concerning (DVU")
and (DVUM), respectively, follow then directly from Theorem 5.36.

Theorem 5.47. Assume that f and g are K-convex vector functions and
one of the regularity conditions (RCVY), i € {1,2,3,4}, is fulfilled. If
X € PEs(PVU), then there exist v € K** and y* € Y* such that
(%, 7%, f(¥) + g(A%),x,0) € &DVUY), (v*, (%) + g(4X),x) € &DVUM)
and f(X) + g(A%) = hf (75, 7%, f(¥) + g(A%), X,0) = hy/ (0", f(%) + g(A%),
X).

Remark 5.51. In case V = R and K = R,, taking the functions f : X — R
and g : Y — R proper we rediscover the Wolfe and Mond-Weir duality schemes
for unconstrained scalar optimization problems from Sect. 5.2.3. More precisely the
problem (PVU) becomes then the unconstrained scalar optimization problem (PU),
the dual (DVU") turns out to coincide with the scalar Wolfe type dual to (PU)
denoted (DUy ) and (DVU™M) is nothing but its Mond-Weir type dual (DU ;).

As mentioned in Sect.5.3.3, one can see (PVC) as an unconstrained vector
optimization problem, namely

(PVC) Min [ £(x) + 8, ()],
X
where the notations are consistent with the ones in Sect.5.4.2. The vector dual

problem assigned to (PVC) in this case as special cases of (DVU") and (DVUM)
are

(DVFW) Max h}/rv(v*,y*vvvu’y)

s aW
v*.y*vauy)€EBg

where

BY = {(v*,y*,v,u,y) eKOXxY*xVxXxX:{v<({*u
—0F )R € 00T )+ ) N (=N ()
and
hY (. y* vouy) = v,

and, respectively,

(DVM) Max  h¥ (v*,v,u)

M
V*vu)EBE
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where
B = {0 ) € K5V X (07 0) < (0% )W), 0.€ 90 f)(w) + Ny ()}
and

WY > v, u) = v.

Note that Proposition 5.7 yields h¥ (#Y) € h)Y (#)).

Remark 5.52. These vector dual problems to (PVC) can be obtained directly from
(DVG") and (DVGM), respectively, too, by using the vector perturbation function
®&F considered in Remark 5.37.

Let us give now the weak and strong duality statements for these duals.

Theorem 5.48. There are no x € < and (V*,y*,v,u,y) € %;V such that
fx) <k K" y* vou ).

Theorem 5.49. There are no x € </ and (v*,v,u) € BY such that f(x) <k
hf! v*, v, u).

For strong duality, besides the usual convexity assumptions which guarantee
the K-convexity of the corresponding vector perturbation function, the fulfillment
of some sufficient conditions is required. To this end, we employ the ones used
in Sect.5.3.3. The strong duality assertions concerning (DV}) and (DV}),
respectively, follow then directly from Theorems 5.36 or 5.47.

Theorem 5.50. Assume that </ is a convex set, [ is a K-convex vector function
and one of the regularity conditions (RCV,F), i € {1,2,3,4}, is fulfilled. If
X € PEs(PVC), then ¥ € o and there exist Vv € K** and y* € Y* such
that (v, 3%, f(%),%,0) € £DVCY), (v*, f(X),.X) € &DVCY) and f(x) =
Y 6% 5%, [(3). £.0) = hif (5%, f(5). 5).

Remark 5.53. Sufficient conditions that ensure the equivalence of the correspond-
ing duals of Lagrange type and Fenchel-Lagrange type, respectively, to (PVC) can
be obtained via [48, Theorem 3.5.6], while for the equivalence of the corresponding
duals of Fenchel type and Fenchel-Lagrange type, respectively, one can apply [48,
Theorem 3.5.13].

5.5 Comparisons Between the Vector Duals

After assigning several different vector dual problems to the same primal vector
optimization problem it is a legitimate task to try to compare their image sets.
The notations considered within this section are consistent with the ones used in
Sects. 5.3 and 5.4.
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5.5.1 Duals to General Vector Optimization Problems

First let us compare the image sets of the corresponding dual within the two classes
of vector dual problems we considered to the general vector optimization problem
(PVG), namely the ones of classical type from Sect.5.3 and the alternative ones
from Sect. 5.4.

Theorem 5.51. One has h$,(#S) C h{¥ (BY) and h$,(5S;) < h¥ (BY).

Proof. Whenever (v*, y*,u, y,r) € %%, one has (0, y*) € d(v*®)(u, y), which
yields (v*@)(u, y) + (v*@)*(0,y*) = (y*,y), P(u,y) € V and

(VG 0, y* uy,r) — ®(u, ) = <V*,—((y*’y)r> =—(»" ),
v, r)

thus (v*, h$, (v*, y*, u, y r)) = (v, 0w, y)—(y*, y) = —(*®)*(0, y*). Then, it
follows that v*, y*, h§ (v y*u,y,r),u,y) € % and Bl (v*, y*, hG (V*, y*, u,
V. r),u,y) = h%(v y*,u, y,r), therefore h§ (%g,) C hYy(BY).

The inclusion hg,, (93](‘7,1) C hM () can be proven analogously. O

Remark 5.54. The inclusions proven in Theorem 5.51 are in general strict, as the
situation depicted in Example 5.20 shows.

Example 5.20. Let X = R, Y =R, C =R,V = R%, K = R%’_, Ve =
R*U {OORgr},

3<xp<4,ifx; =0,

S=1(x,x)" €R*:0<x <2,
(x1, x2) =X = 1 <x; <4, ifx; €(0,2]

N,
iR o B f(v0) = (1)% ifx <0,

ooRer . otherwise,

and i : R? = R, h(xy,x,) = 0 for all (x;,x,)" € R2. Thus, h(x) € C whenever
u € R2. Then, for v¥ = (1/2,1/2)T,u = (0,3) T and any z* € R we get 0,0) €
A((V* £)+(z*h)+85)(0,3) and (z*h)(u) = 0, thus (3,3) T € h% (BL)NhE (BE).
Moreover, since the values taken by f consist of vectors with equal entries, when
(a.b)" e h%, (%) itis binding to have @ = b, and, since / is everywhere equal to
0, one can conclude that whenever (a,b)" € h%, (%) it must hold a = b, too.

On the other hand, taking v = (2,3)T, it holds v*T(v —fw) =-1/2<0=
(z*h)(u) whenever z* € Ry, thus (v*,z*,v,u) € BY N B} for any z* € Ry,
and consequently (2,3)7T € WM(#BM) N hY (#)). But, as noted above, (2,3)T ¢
ht (B5) U hk, (BL).
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Therefore, h%, (#%) hM(%M) and, respectively, hf, (k) sy
in this case. This shows that in general one has h$,(£$) hM(2Y) and,
respectively, h$, (85)  hlY (BY).

Of interest would be to compare the maximal sets of the vector duals we assigned
to (PVG). Besides the results already given in Remarks 5.23, 5.42, Propositions 5.5
and 5.6, Corollaries 5.6 and 5.7, we were able to provide the following statement.

Theorem 5.52. One has
Max(h$; (#5)). K) € Max(h¥ (BY). K).

Proof. Combining Proposition 5.5 and Theorem 5.51, one gets Max(h%(e@fl),
K) = h§(#5) < hM(BY). Thus, if there is some (v*,y*,u) € %4,
then (v*,y*, @(u,0),u) € %M, while by Proposition 5.5 it follows that u €
PE15(PVG). Assuming that (v¥, y*, ®(u,0),u) ¢ &(DVGM), one would obtain
then a contradiction to Theorem 5.35, therefore (v¥, y*, ®(u,0),u) € &(DVGM).
The conclusion follows. O

Whether the inclusion proven in Theorem 5.52 is in general strict or not it is
not known at the moment. As direct consequences of Theorem 5.52 one has the
following statement.

Corollary 5.8. If (v*, y*,v,u) € B, then (v*,y*,u,0,r) € A5 N &DVGy)
forallr € K\ {0} and, respectively, (v*, y*, ®(u,0),u,0) € B N &DVG").

Regarding the Wolfe vector dual problems we assigned to (PVG), it is not known
whether a statement similar to Theorem 5.52 can be proven for them. However, for
some of the efficient solutions to the mentioned duals we have the following result
(recall also Corollary 5.6 and Remark 5.42).

Theorem 5.53. If (v*, y*,u,0,r) € Y, then (v*,y*, ®(u,0),u,0) € £DVG"),
while (v*, y*,v,u,0) € BY yields (v*, y*,u,0,r) € &(DVGy) forallr € K\{0}.

Proof. Under any of the hypotheses @ (u, 0) belongs to the image set of both vector
duals (DVGy) and (DVG"). The conclusions follow after employing the corre-
sponding weak duality statement, namely Theorems 5.34 and 5.12, respectively.

O

Finally, let us notice an interesting connection between the infeasibility of the
two classes of vector dual problems we assigned to (PVG).

Theorem 5.54. One has h§,(%#$) = @ if and only if KWW (BY) = @ and,
respectively, h%(@g]) = 0 if and only lfhgl(ﬂg) =0

Proof. The sufficiency in both equivalences is a direct consequence of Theo-
rem 5.51. To prove the necessity it is enough to note that the alternative vector
duals contain all the constraints of the vector duals of classical type and moreover
an inequality that controls the values taken by the vector v. Consequently, when the
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vector duals of classical type are infeasible, so are their alternative counterparts,
too. O

In the next subsection we present different relations of inclusion between the
image sets of the vector duals assigned to the constrained vector optimization
problem (PVC), extending the investigations performed in the scalar case in
Sect.5.2.4.

5.5.2 Duals to Constrained Vector Optimization Problems

Besides the inclusion relations that can be obtained as particularizations of Proposi-
tions 5.4, 5.7, Theorems 5.51, 5.52 and the ones given in Remarks 5.29, 5.33, 5.45
and 5.48, there are other inclusions between the images of the feasible sets of the
vector duals to (PVC) introduced in Sects.5.3.2 and 5.4.2 through their objective
functions. In the following we prove some of them. First we deal with the vector
duals obtained from (DVG,,). The notations in this subsection are consistent with
the ones in Sects. 5.3.2 and 5.4.2.

Proposition 5.8. It holds
(B4 S hSE(BE) and Wi (Byp) < hiy ().

Proof. Let (v*,z*,u) € L. This means that (v*,z*,u) € K* x C* x S,
@) > 0, h(w) € —C and 0 € IO* £)(u) + d((Z*h) + 85)(u). But 0 €
AW* f)(u) + 3((z*h) + 8s)(u) < A((v* f)(w) + (z*h) + 8s)(u), consequently
0v*,. 7% u) € BL. As hiiE(v*, 2%, u) = f(u) = hi,(v*,z*,u), the conclusion
follows.

On the other hand, (v*,z*,u) € BLF yields u € /. As d((z*h) + 8s)(u) <
N/ (u), one gets 0 € d(v* f)(u) + N (u). Consequently, (v*,u) € AF and, since
REE(v*, 2%, u) = f(u) = hE, (v*, u), we are done. O

One can similarly prove its counterpart regarding the alternative vector duals to
(PVC).

Proposition 5.9. It holds
h(BY) < Y (BY) and 5 (BY) < WY (BY).

Proof. Let (v*,z*,v,u) € #¥ . Then 0 € 9(v* f)(u) + 3((z*h) + 8s) (), (v*,v) <
0* )W), (Z*h)(u) = 0 and h(u) € —C. As d(v* f)(u) + 9((z*h) + 8s)(u) <
8((v*f) (w) + (z*h) + 85)(u), it follows immediately that (v*,z*,v,u) € .
Since h%(v*, Fovu)=v= hﬁl(v*, Z*, v, u), the conclusion follows.
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On the other hand, (v*,z*,v,u) € %M yields u € <, so it holds d((z*h) +
8s)(u) C N (u). Consequently, (v*,v,u) € ¥ and, since hM (v*,z*,v,u) = v =
M (v*, v, u), we are done. O

Analogously one can prove the following inclusion concerning the Mond-Weir
vector duals to (PVC) of Lagrange and Fenchel-Lagrange type, respectively.

Proposition 5.10. [t holds
hyiv(Byriv) S Mgy (Biy) and ! (#p") € W™ ()").

Moreover, one can provide an extension of Proposition 5.3 to the vector case,
which at the moment is known to hold only for the alternative vector duals to (PVC).

Proposition 5.11. [t holds
hyg (Br) S hi (B)).

Proof. Let (v*,z*,v,u) € Y. Then 0 € 3(v*f)(u) + 3((z*h) + 8s)(u),
(v v = (")) < 0and (z*h)(u) > 0. But (v* f)(u) + 3((z*h) + 8s)(u) <
IO ) + @*h) + 8s)(w) and (Vv — (* )W) < 0 < (Z*h)(w) yield
0 € d((v* f)(w) + (2*h) + 85)(u) and (v*,v — (v* f) (1)) < (z*h)(u), respectively,
consequently (v*,z*,v,u) € B) . As BV (v* 2%, v,u) = v = b)Y (v*, 2%, v, u), the
conclusion follows. a

Situations where the inclusions in Propositions 5.8-5.11 are strictly fulfilled can
be found below.

Example 5.21. Consider again the situation from Example 5.20. Then (3,3)T €
ht (L) N WM (%M). Moreover, by Remarks 5.29 and 5.45, one gets (3,3)T €
ht o (BLE) N RV (BYV), too.

On the other hand, taking without loss of generality z* = 1, to have, for some
vio= (Fv3)T € intRY and u = (u,up)T € S, that 0 € A(v*f)(u) +
d((z*h) + 8s)(u) means actually that there exists a y* € d(v* f)(u) N (—Ng(u)).
From y* € d(v* f)(u) we obtain that y* = (yF,y5)T € Ry x {vF + v}} and
u; = 0. Consequently, y; = v + v3. Let us see now for what y € R4 does one
obtain (—y}, —v{ —v})) € Ns(0,us). We have (—y], —vi —v}) € Ng(0, u,) if and
only if og(—y},—vi —v3) = —(v] + v})up. This yields u, = 1, but (0,1) ¢ S,
consequently (DVC) and (DVC3fy,) are infeasible, and, via Theorem 5.54, so is
(DVCHM). Analogously it follows that (DVCMY) is infeasible, too. As &7 = S and
since (z*h)(u) = 0 for all u € S, it follows that (DCV?,) is equivalent to (DCVEE)
and (DCV) to (DCVM), so these vector dual problems are infeasible, too.

Moreover, as &/ = S and since (z*h)(u) = O for all u € S one imme-
diately notes that (DCVfV) is equivalent to (DCV%) and, respectively, (DCVY)
to (DCV?/L). Taking again without loss of generality z* = 1, for some v* =
v e int]Rﬁ_ and u = (uj,u)’ € S one finds a y* € I(v*f)(u +
y) N (=Ns(u)) for some y € R2 From y* € d(v*f)(u + y) we obtain that
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* = (yf‘,yz*)T € Ry x {y] +v3}. Consequently, y5 = v{ + v;. Let us
see now for what yJ € Ry does one obtain (—y{,—v{ —v}) € Ng(ui,us).
We have (—y{,—v{ —v}) € Ns(ui,up) if and only if os(—y{,—vi —v}) =
—yjur — (v 4+ v3)us. Since this can take place only if y; = 0, it follows that
ur € (0,2], u = 1 and (0,vf + v;‘)—r is the only possible value for y*. Trying to
findanr = (r1,r)" € Rz \ {0} such that i}, (v*, y*, u, y, r) has equal entries
yields r; = r,, but then hF o y*uy,r) = (uz,uz)T = (1, I)T, consequently
(3,3)7 ¢ hl, (#L)and (3, 3)T ¢ htL(25F). On the other hand, assuming that there
existsav € Rz such that b)Y (v, y*,v,u, y) = (3, 3)T yields v = (3,3) ", but in this
case (v, y*,v,u,y) ¢ %EV forany y € R2. Thus, (3,3)" ¢ X (BY)Uh} (B),
too.

Therefore, hiE(BYE)  hE (8L, hit (BM L) WM (B, WL (B hh
(BLw), hMW(%%W hMW(.%MW) and h (@%W hW(.%W) in this case.
Moreover, neither of i, (%L) hM(%M) h, (*%szw) hMW(%MW) ht (%) and
hY(#))isin general a subset of either 1, (%’ ), hM(.%M) hl, (B ) hW(%W)
hEE(BEE) or ) (B)).

The question if similar inclusions to the ones in Propositions 5.8 or 5.9 are
valid for the Wolfe vector duals to (PVC) comes very natural, but, even if (PVC)
is a convex vector optimization problem, has a negative answer, like its scalar
counterpart. In Example 5.21 we have already seen that the image sets of the Wolfe
vector duals of Lagrange type (DVC%,) and (DVC}) are in general not included
in the ones of their counterparts of Fenchel-Lagrange or Fenchel type. Now let us
show that the other possible inclusions do not hold in general.

Example 522. Let X =R, Y =R, C =R,,V =R* K = Ri, Ve = R2U
{OOR%’_}, S = R,

ree (1)x,ifx>0,
fiR—®), f(x) =\

c>o]Rz+ , otherwise,

and

—x,ifx <0
h:R—->R, hix)= ’ -7
g (x) % 0, otherwise.
Note that &/ = Ry and for all v* = (v}, v’z")T € int ]R%r and z* > 0 one has

P +vihifu>0,
9, otherwise.

WO S) + (@h) + 85)(w) = (™ /)W) = {

Consequently, 2%, = 8] = 0.
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On the other hand it can be shown that ((1/2,1/2)7,1,1,0, 1, (1, I)T) € B,
thus (0,0)T € AfE(#BEE), while ((1/2,1/2)7,1,1,(0,0)7,0,1) € 2}, thus
0,007 € hE’L(ﬂ "), too. Indeed, for v = (1/2,1/2)T, t* = 1, y* = 1,
v = (0,007, u =0andt = 1, the Va11d1ty of the subdifferential constraint was
proven in Example 5.11, while the inequality constraint that appears in (DVCE/L)
means (v*,v) — (y*,u) + (*f)*O*) + @)@ = ((1/2,1/2)7,(0,0)T) —
(1,0) + ((1/2,1/2)T £)*(1) + (1h) (0) = 0, which is true. Moreover, N,/ (0) =
(—00.,0], so —1 € N, consequently, ((1/2,1/2)T, 1,0,1,(1,1)T) € %}, while
((1/2,1/2)7,1,(0,0)T,0,1) € BY, thus (0,0)T € hf, (BE, )th(@W)

Therefore, neither of hf, (#F,), W (BY ), hiE(#EE) and b}, (%}, is in general
a subset of either h%, (AL, ) or hW(%W)

Example 5.23. Let X = RLY =R,C = Ry, V = R2 K = Ri,

T 2. 3<xp<4,ifx; =0,
S = (Xl,.XQ) eR :0<x; <2, | <x <4, ifxy 6(0,2]
f R > R? f(x1,x2) = (x2.x2)T and h : R> — R, h(x;,x5) = x;. Then

= {0} x [3, 4].

Since, for v* = (1/2,1/2)" it holds (0, 1)T € 3(¥* £)(0,3) N (—=N.,(0,3)), it
follows that (3,3)T e hg,(%’fl,) and, via Theorem 5.51, (3,3)" € h?(%’;‘/), too.

On the other hand, for v* € intRﬁ_, ueS,y*eR?*andz* > 0,0 € I(v* f)(u)+
9((z*h) + 85)(u) if and only if one concomitantly has (0, 1)T € d(v* £)(u) N (—d(
(z*h) + 8s)(w)), z* = 0 and u € (0,2] x {1}. But then h(u) > 0, so (DCVEE) is
infeasible.

As f and h are continuous, the condition (ii) in Remark 5.30 is fulfilled and it
follows that for the vector optimization problem we are dealing with the vector dual
problems (DCV’E) and (DCVY,) are equlvalent The same conclusion can be drawn
for the palrs of vector problems (DCVFL) and (DCVY My, (DCVEL,) and (DCVMW)
and (DCVYY) and (DCVY™Y), respectwely, too.

Forsomev € intR? “ou € 8,75 > 0andr € R? \ {0}, one has 0 €
3((v*f) + (z*h) + 85)(u) if and only if z* = 0 and u € (0,2] x {1}. Then
h %, 2% ur) = hi, (v, 2% u) = f(u) = (uz,uz)T = (1,1)T, consequently
Wy (Bl5) = WH(BEL) = by (Bly) = Wik, (BIk) = (11T},

Moreover, assuming that (3,3)7 € hW(ZW) it follows that for some v* =
(vi.v3)T € intR? one has (v} 4+ v§)(3 — 1) < 0, which cannot happen and
analogously one can prove that (3,3) T ¢ K" (#MW). Actually, it holds

WY (B)) = hl (BY) = WY (B = BV (MY

={(V)ER2 Vi =1 +vi(n—1) <0, vi,v; >0
2
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Therefore, neither of iy, (2Y,) and h' (#})) is in general a subset of either itk
(Bl WY (BN, Bl (Bl WYY (B, WL (B, W (BE). Wy (B) or
h¥(#)). Moreover one can note that, as a byproduct, we have identified another
situation where the image set of a vector dual of classical type is strictly included in
its alternative counterpart.

Example 5.24. Consider again the situation from Examples 5.14 and 5.16. We have
o = (0,400), Noy(u) = {0} for all u € o7, 0(v* f)(u) = {v] + v5} for all
v = (v}, v5)T €intR? and u € R, thus d(v* £)(u + y) N (—N(u)) = 9 for all
u € S andall y € R. Consequently, (DVC{,FV) and (DVC?’) are infeasible. Moreover,
via Propositions 5.4 and 5.7, respectively, (DVC]@) and (DVC% ) are infeasible, too.

On the other hand, we have seen in Examples 5.14 and 5.16 that (0,0)T €
RAE(BEE) N WY (#MY) and it can be easily shown that ((1/2,1/2)T,0,
L0, 1,(1,1)T) e 2 and ((1/2,1/2)7,0,0,(0,0)7,0,0) € A}, thus
(0,0)7 € hEL(BEE) N kY (B)), too.

Therefore, neither of itk (#LE,), WY (BEY), hEE(BEE) and b)Y (B))) is in
general a subset of either hf, (%%, WM (B¥), hl, (BE) or h)Y (BY).

Remark 5.55. Fixing r € K \ {0}, one can show similar facts for the vector
dual (DVGyr) and its special cases. Note also that the situations presented in
Examples 5.23 and 5.24 prove that a counterpart of Proposition 5.11 with the
Fenchel type vector dual instead of the Lagrange one considered there is not valid
in general.

Remark 5.56. Investigations on vector duality similar to the ones performed in
Sects. 5.3 and 5.4 can be made with respect to weakly efficient solutions, too. The
differences consist in the fact that the vector duals are reformulated by taking the
variable v* to belong to K* \ {0} instead of K*°, while for the Wolfe vector duals
of classical type one shall also take r € int K or r € qi K with K closed, and in the
fact that instead of efficient and properly efficient solutions we deal then only with
weakly efficient solutions.



Chapter 6
Vector Duality for Linear and Semidefinite
Vector Optimization Problems

6.1 Historical Overview and Motivation

While the scalar linear optimization problems were intensively studied, inclusive
via duality, and the things regarding them are settled down, the investigations on
their vector counterparts are far from being complete. The first papers on linear
vector duality were due to Gale, Kuhn and Tucker (cf. [96]), Kornbluth (cf. [150]),
Schonefeld (cf. [187]) and Rodder (cf. [181]), while Isermann was the one who
introduced in [132, 133] the classical vector dual problem to a primal linear vector
optimization problem in finitely dimensional spaces. Moreover, he compared his
results to the previously mentioned ones, pointing which of them could be recovered
as special cases of his approach. He has also proven in [131] that the proper efficient
solutions in the sense of linear scalarization of a linear vector optimization problem
in finitely dimensional spaces coincide with its efficient ones, result which was
shown, independently, also by Focke in [94] and Hartley in [118]. Another vector
dual problem to a linear vector optimization one is the so-called abstract vector dual
mentioned in [138] where its equivalence to Isermann’s one was proven. Moreover,
Jahn has noted in [138, 140] that both these vector duals have as major drawback
the fact that when the constraint consists of a homogenous linear inequality system
the vector strong duality fails. This issue solved by the Lagrange type vector
dual proposed by Jahn in [138] (see also the vector dual due to Kolumbédn from
[149]) and also in [117], where a new vector dual for the classical linear vector
optimization problem was introduced by considering as the objective function a
set-valued mapping. Specializing the Fenchel-Lagrange type vector dual introduced
in [54, 55,200] for a linear vector optimization problem delivers for the latter a
vector dual lacking the mentioned weak point, too. Let us also mention the so-called
geometric vector dual to a linear vector optimization problem due to Nakayama
(cf. [170] — not to be confused with the geometric duality due to Peterson, shown
in [36] to be a special case of the Fenchel-Lagrange duality) and the parametric
vector dual proposed by Luc in [156], that encompasses as special case another
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so-called geometric vector dual to the primal classical linear vector optimization
problem introduced in [121]. However, most of the mentioned vector duals to a
linear vector optimization problem were given only in finitely dimensional spaces,
with the image space of the primal problem partially ordered by the corresponding
nonnegative orthant.

Motivated by this situation, we assign in Sect.6.2 a new vector dual with
respect to efficient solutions to the classical vector optimization problem defined
in finitely dimensional spaces, but with the image space of the primal problem
partially ordered by an arbitrary convex cone, following our paper [51]. This vector
dual represents an extension to the case when the image space of the primal
problem is partially ordered by an arbitrary convex cone of the Fenchel-Lagrange
type vector dual introduced in [54, 55, 200], originally considered only with the
mentioned image space partially ordered by the corresponding nonnegative orthant.
Our investigations show that the vector dual we propose, unlike the mentioned
Lagrange type one from [138], retains the form of the classical vector dual due
to Isermann, “curing” moreover its vulnerability, and, unlike its counterpart from
[117], is defined without resorting to set-valued optimization constructions and
do not involve the determination of the sets of efficient solutions of two vector
optimization problems. Moreover, we deal with some vector duals to the classical
linear vector optimization problem with respect to weakly efficient solutions, too.
As one can see in Sect. 6.3, the vector dual with respect to efficient solutions we
introduced can be extended to infinitely dimensional spaces (cf. [34]). In the latter
setting not all the nice properties of the finitely dimensional linear vector duality
are preserved, for instance in the strong and converse duality statements one needs
now the fulfillment of a regularity condition. Another vector dual we extend to this
framework is the mentioned one from [117] and we show that the inclusions of
the image sets of the vector duals we consider can be extended from finitely to
infinitely dimensional spaces, too. Similar investigations are done with respect to
weakly efficient solutions in the latter framework, too.

Matrix functions play an important role in optimization, too, especially in
connection to the cone of symmetric positive semidefinite matrices which induces
the Lowner partial ordering on the corresponding space of symmetric matrices.
Besides numerous papers on scalar optimization, one can find contributions to vec-
tor optimization where such functions are involved. For instance in [201] we dealt
with vector duality for convex vector optimization problems subject to semidefinite
constraints, while in [111, 112] there were considered vector optimization problems
consisting in vector minimizing matrix functions with respect to the cone of the
symmetric positive semidefinite matrices under semidefinite constraints. Motivated
by them and also by the discussions with Y. Ledyaev and L.M. Grafia Drummond,
respectively, at some conferences, regarding how can the results from Sect. 6.2 be
extended for semidefinite vector problems, we propose a vector duality approach
inspired by the one considered for the linear vector optimization problems for
dealing via vector duality with vector optimization problem similar to the ones from
[111,112] mentioned above.
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6.2 Linear Vector Duality in Finitely Dimensional Spaces

In this section we will revisit the vector duality for the classical linear vector
optimization problem in finitely dimensional spaces, providing a new vector dual
problem to this problem.

6.2.1 The Classical Linear Vector Optimization Problem

Let the space R¥ be partially ordered by a nontrivial pointed closed convex cone
K CRF L e RF" 4 € R"™ and b € R™. Note that since K is a closed convex
cone in a finitely dimensional space, it holds K** = qi K* = int K*.

The classical linear vector optimization problem is

(PLF) Min Lx,
xXE€

where
o ={x e R : Ax = b}.

Recall that an element X € o7 is said to be a properly efficient solution to (PLF)
in the sense of linear scalarization if Lx € PMingg(L (<), K), i.e. there exists a
A € int K* such that AT(LX) < AT(Lx) for all x € .7, and the set of all the
properly efficient solutions to (PLF) in the sense of linear scalarization is denoted
by & 1s(PLF). An element X € ./ is said to be an efficient solution to (PLF) if
Lx € Min(L (<), K), i.e. there exists no x € ./ such that Lx <y LX, and the set of
all the efficient solutions to (PLF) is denoted by & (PLF). Of course each properly
efficient solution X to (PLF) in the sense of linear scalarization is also efficient to it.
Let us show that for (PLF) these two classes of solutions actually coincide.

Theorem 6.1. One has #&s(PLF) = & (PLF).

Proof. Since P& 5(PLF) C &(PLF), we have to prove only the opposite inclu-
sion. Let X € o be an efficient solution to (PLF). As <7 is a polyhedral set, [178,
Theorem 19.3] yields that L (<) is polyhedral, too. Consequently, also L(«/) — LX
is a polyhedral set. The efficiency of X to (PLF) yields (L(</)— Lx)N(—K) = {0},
thus we are allowed to apply Lemma 1.3, which guarantees the existence of a
y € R¥\ {0} for which

Y (=k) <0<y (Lx— LX) Vk € K\ {0} Vx € . (6.2.1)
Since y Tk > 0 for all k € K \ {0}, it follows that y € int K*. From (6.2.1) we

obtain yT (Lx) < yT(Lx) for all x € 7, which, taking into account that y € int K*,
means actually that X € P& 5(PLF) and the conclusion follows. O
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Remark 6.1. In Theorem 6.1 we extend the classical result proven in [94, 131]
for the special case K = Rﬁ. The statement remains valid when the feasible
set of (PLF) is replaced by a set </ for which L(gf ) is polyhedral. Actually, the
assertion of Theorem 6.1 can be extended for an arbitrary polyhedral set M C R,
any minimal point of which being properly minimal to it in the sense of linear
scalarization, too, as mentioned in Remark 3.24. The same conclusion can be
extracted from [118, Theorem 5.4], via [48, Proposition 2.1.1].

Remark 6.2. In the literature there were proposed several concepts of properly
efficient solutions to a vector optimization problem, that can be derived from the
proper minimality notions mentioned in Sect. 3.2. Taking into account (3.2.1) and
[48, Proposition 2.4.7], Theorem 6.1 yields that for (PLF) the properly efficient
solutions in the sense of linear scalarization coincide also with the properly efficient
solutions to (PLF) in the senses of Geoffrion, Hurwicz, Borwein, Benson, Henig
and Lampe and generalized Borwein, respectively. It is obvious then that it is enough
to deal only with the efficient solutions to (PLF), since they coincide with most of
the types of properly efficient solutions considered in the literature.

6.2.2 Vector Duals to the Classical Linear Vector Optimization
Problem

The first relevant contributions to the study of vector duality for (PLF) were brought
by Isermann in [132, 133] for the case K = R’i. The vector dual he assigned to it,
extended to the present framework to

(DLF") Max hi(U),
Ue%:.

where
B = {U e RF™ 1 (L — UA)R™M) N (—K) = {0}}
and
h'.(U) = Ub,
turned out to work well only when b # 0 (see [138]), otherwise its image set
containing only the element 0 when the dual is feasible. The same drawback was
noticed in [138, 140] also for the so-called dual abstract optimization problem

to (PLF)

(DLF’) Max hi(A,U),
(AU)eB),
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where
Bh={(LU) € intK* xR (L—UA)TA € RY |
and
WA, U) = Ub.

This issue was solved first by particularizing the general vector Lagrange type
dual introduced in [138] (see also [149]), a vector dual to (PLF) for which vector
duality statements can be given for every choice of b € R™ being obtained, namely

(DLF") Max hk(X,z,v),

(.zv)eBk
where
:%ILT - {(A’Zv v) € int K* x R™ x RF:ATv—zTh<0, LTA—ATz€ Rﬁ—}
and
hé()hz,v) = v

But this vector dual has a different construction than the previous ones, so,
recently, in [117] another vector dual to (PLF) was proposed, namely

(DLF') Max A (U),

vesl
where
B = {U e RO : (L — UA)YR™) N (—K) = {0}}
and
h(U) = Ub + Min ((L — UA)(R",), K).

The objective function of this vector dual extends the ones of the classical
vector duals to (PLF) mentioned above, but it contains itself a linear vector
optimization problem, too. Moreover, the vector duality assertions for this vector
dual problem were shown via quite complicated set-valued optimization techniques.
Other multiobjective dual problems with set-valued objective functions to a linear
vector optimization problem were proposed in [122, 123]. As one can notice, the
dual given in the first mentioned paper reduces to the one of Lagrange type as
given in [138], while the objective of the second one is expressed by means of
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the efficient set of a polyhedral set, as happens in (DLF'"). Several primal-dual
pairs of linear vector problems and some relations between them were treated in
[137, 156], too. For primal problems of type (PLF) one can rediscover (DLF'),
(DLF L), two vector duals of Wolfe type, which, as shown in [137], reduce to
the Lagrange type one, and the mentioned parametric vector dual from [156]. In
[54,200] a vector duality theory with dual vector-valued function objectives for
general convex primal vector optimization problems in finitely dimensional spaces
with the image space partially ordered by the corresponding nonnegative orthant and
with convex geometric and inequality constraints was introduced. The linear vector
optimization case is covered, also in the case of b = 0, but not explicitly handled
until it was revisited in [48].

Starting from the latter vector dual, we proposed in [51] a vector dual problem to
(PLF) for the framework considered within this section, i.e. with the image space
of the primal problem partially ordered by an arbitrary nontrivial pointed closed
convex cone, namely

(DLF) Max hp(A,U,v),
A UV)EBF

where
By = {(/\, U,v) €int K* x RO x RF - ATy =0, (L —UA)TA € R’;}
and
hp(A,U,v) = Ub + v.
Remark 6.3. As suggested in [48, Remark 5.2.5.], one can modify the constraint
ATv = 0in (DLF) into ATv < 0, obtaining another vector dual problem to (PLF),

namely

(DLF?) Max h2(X,U,v),
A Uv)ez?

where
BP = {(A, U.v) €int K* x REM x RE 2Ty <0, (L — UA)TA € m}
and
h2(A,U,v) = Ub + v,

afterwards considered also in [156] for the case K = Rﬁ.
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Remark 6.4. 1If (A,U,v) € ABr, one can easily note that v ¢ (K U (—K)) \ {0},
while when (A, U,v) € 82 it follows that v ¢ K \ {0}.

We delivered a complete analysis of the inclusion relations between the image
sets of the vector dual problems to (PLF) introduced above in the case K = IR’;
in [48, Section 5.5]. Let us show that the inclusion schemes given in [48, Remark
5.5.3] remain valid in the more general framework considered here, too.

We begin with a Farkas type result which allows us to formulate the feasible sets
of the vector dual problems to (PLF) in a different manner, yielding moreover the
coincidence of the image sets of (DLF') and (DLF’).

Proposition 6.1. Let U € R¥*™. Then (L — UA)(R",) N (—K) = {0} if and only if
there exists a A € int K* such that (L — UA)TA € R7.

Proof. “=" The set (L—UA)(R’} ) is polyhedral and has with the nontrivial pointed
closed convex cone —K only the origin as a common element. Applying Lemma 1.3
we obtain a A € R¥ \ {0} for which

AT (k) <0< AT((L — UA)x) Vx e R, Yk € K \ {0}. (6.2.2)

Like in the proof of Theorem 6.1 we obtain that A € int K* and by (6.2.2) it follows
immediately that (L — UA) T2 € RY,..

“<=" Assuming the existence of an x € R’} for which (L — UA)x € (—K) \ {0},
it follows AT((L — UA)x) < 0, but AT((L — UA)x) = (L —UA)TA)Tx >0
since (L — UA)TA € R’ and x € R’,. The so-obtained contradiction yields (L —
UA)(R) N (=K) = {0}. |

A direct consequence of this statement is the following assertion, already proven
in case K = RX in [138].

Proposition 6.2. One has h%.(#8L) = hi.(%%).
Remark 6.5. In [117] it is mentioned that h}.(#%) € hi (#H), an example when
these sets do not coincide being also provided.

For the image sets of (DLF) and (DLF) we have the following assertion.
Proposition 6.3. One has hi (B2) C hr(BrF).

Proof. Let d € h(#!). Thus, there exist U € % and an efficient solution
X € R, to the vector optimization problem

Min (L — U A)x, (6.2.3)

n
xE]R+

such that d = h(U) = Ub + (L — U A)x.
The efficiency of X to the problem (6.2.3) yields, via Theorem 6.1, that X is a
properly efficient solution to this problem, too. Consequently, there exists a y €
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int K* such that
yT((L —UA)x) < yT((L —UA)x) Vx € RY. (6.2.4)

This yields y T ((L — U A)X) < 0. On the other hand, taking in (6.2.4) x := x +
X € R it follows immediately yT((L—UA)x) > 0forall x € R’ . Therefore
Y T((L —UA)X) > 0, consequently y T (L —U A)%) = 0. Taking v = (L — U A)x,
it follows ]/T\_/ = 0 and, since yT(L — UA) e R, also (y, U,\'/) € Br. As
d=h1U)=Ub+ (L—-UAxX =Ub+7v = h(y.U,v) € h(%F), we obtain
Wi (B < hi (Br). 0

Remark 6.6. The inclusion given in Proposition 6.3 is in general strict, as the
situation presented in Example 6.1 shows.

Example 6.1 (cf. [61], see also [48,117]). Let L = (1, —l)T,n =1,k=2,A=0
and b = 0. The classical linear vector optimization primal problem is now

(PLF) Min ( x )
‘CGR+ —X

It is not difficult to note that (DLF™) actually coincides with (PLF), therefore
hi(#%) = {(x,—x) : x € R4}. On the other hand, (DLF) turns into

A
(DLF) Max < M)v,
A1=>A2>0, 1

vER

It is clear that, for instance (—1/2,1)T € hp(%Br) \ hi(BH). Therefore,
h (BE)  hp(Br).

Remark 6.7. By construction it is obvious that one has hr(%Br) C h2(%2).
For the image sets of (DLF”) and (DLF") we have the following assertion.
Proposition 6.4. One has h2 (#2) = hk(5%).

Proof. “C” Let d € h2(#P2). Thus, there exist (A,U,v) € %2 such that d =
h2(A,U,v) = Ub+v.Takez := UTA. Then ATd = AT (Ub+v) = (AT (Ub +
wW)T =bT(UTA) +vIA < bz, while LTA— ATz = LTA—-AT(WUTL) =
(L-UA)TA e R” . Consequently, (A,z,d) € PL and, since d = h2(A,U,v) =
h&(X,z,d) € hk (%‘ ), it follows that h2 (#R) h L(AL).

“D>” Let now d € hk(#%). Thus, there exist (/\ z,d) € PBL such that d =
h%(k z,d). As A € int K*, there exists ale Ksuchthat \TA = 1. Take U :=
Az and v := d — Ub. TheIl)tTV =A2Td —AT(Az")b = ATd —7"h < 0 and
(L—UA)"A=LTA—AT(zAT)A = LTA— ATz € R".. Consequently, (A, U, v) €
AL and, since d = hL(/\ z,d) = Ub+v = h2(A,U,v) € h2(#2), it follows
thath?(ﬂD) D hL(#L). O
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Remark 6.8. The inclusion given in Remark 6.7 is in general strict, as the situation
presented in Example 6.2 shows, via Proposition 6.4.

Example 6.2 (cf. [51], see also [48]). Letn = 1,k =2, m =2, L = (O,O)T,
= (1.1)", b = (-1,-1)T and K = R%. Then, forv = (-1,-1)T, 1 =
(1,)T andz = (0,0)T we have (A,z,v) € %’L since ATv =—-2<0=z"band
LTA—ATz=1(0,0)" € R2 Consequently, Ak (A, z,v) = (-1, —l)T € hk(5L).
_On the other hand, assuming that (—1 ,—1)T €hp(PBr), there must exist
(A, U,7v) € Br such that hp(A, U, ) =Ub + v = (=1,—1)T. Then AT (Ub + 7)
= —1,—Ay <0, where A = (1, A 2)—'—elntR2 ButAT(Ub—I-v) ATU(-1,-1)"
= —(UA)TA = (L—-UA)TA > 0, which contradicts what we obtained above as a

consequence of the assumption we made, hence (—1,—1)T & hp(%r).
Therefore, hp(Br) hh(BL) = h2(5R).

Taking into consideration what we have proven in this subsection, one can
conclude that the images of the feasible sets through their objective functions of
the vector duals to (PLF) we dealt with satisfy the following inclusions chain

hip(Bp) = hp(Bg) Wi (BE)  hp(Br)  hR(BR) = hip(BF),  (6.2.5)

extending thus the scheme from [48, Remark 5.5.3] to the situation when the image
space of the considered vector problems is partially ordered by a nontrivial pointed
closed convex cone K C RR¥.

6.2.3 Duality Results for the Classical Linear Vector
Optimization Problem and Its Vector Duals

Now let us deliver for the primal-dual pair of vector optimization problems (PLF) —
(DLF) weak, strong and converse duality statements.

Theorem 6.2. There exist no x € </ and (A, U,v) € Br such that Lx <g Ub + v.

Proof. Assume the existence of x € &7 and (A, U,v) € B suchthat Lx <g Ub+v.
Then 0 < AT (Ub +v —Lx) = AT(U(Ax) — Lx) = —((L — UA)TA)Tx < 0, since
(L-UA)TA e R% and x € R’ . But this cannot happen, therefore the assumption
we made is false. O

Like in the scalar linear case, for strong and converse vector duality no regularity
conditions have to be satisfied.

Theorem 6.3. If x € &(PLF), there exists (A,U,v) € &DLF) such that LX =
Ub+v.
Proof. The efficiency of X to (PLF) yields via Theorem 6.1 that X € Z& 1 5(PLF).

Thus there exists a A € int K* such that AT (LX) < AT(Lx) for all x € <.
Consequently, one has strong duality for the scalar optimization problem
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:
AT

and its dual

sup { — nTb},
_nER™,
LTA+A4T perr,

i.e. their optimal objective values coincide and the dual has an optimal solution, say
7. Consequently, AT (L¥) + ﬁTb =0and LA+ ATj € R%.

As A € int K*, there exists a A € K \ 10} such that ATA=1.LetU := —;\r_}T
and v := LX — Ub. It is obvious that U € R**™ and v € R¥. Moreover, ATy =
AT(Lx —Ub) = AT(LX) +7'b =0and (L—UA)TA = LTA+ AT7j e R,
Consequently, (A, U, V) € B and Ub + v = Ub + L% — Ub = LX. Assuming
that (A, U, V) ¢ &(DLF), i.e. the existence of another feasible solution (1, U, v) €
PBr satisfying Ub+ v <k Ub + v, it follows Lx <g Ub + v, which contradicts
Theorem 6.2. Consequently, (A, U, V) € &(DLF) and L% = Ub + . O

Theorem 6.4. If()_L, U,v) € &(DLF), there exists an ¥ € &(PLF) such that LX =
Ub +v.

Proof. Letd := Ub + v € Max(hp(%r), K). Assume that &7 = @. Then b # 0
and, by the Farkas Lemma there exists az € R™ such that bTz>0and ATz e —R’;.
As X € int K*, there exists a A € K\ {0} such that ATA=1.LetU:=2zT+U €
R We have (L —UA)TA = (L —UA)TA—ATz e R, thus (A, U, V) € Br.
Buth(A,U.,v) = Ub+7v = AZThb+Ub+v = A7"h+d > d, which contradicts
the efficiency of (A, U, .V) to (DLF). Consequently, <7 # .

Suppose now that d ¢ L(</). Using Theorem 6.2, it follows easily that d ¢
L(4/)+ K, too. Since &/ = A~ () NR"_, we have 077 = 01 (A~1 (b)) NOTRY.
As 0T (A7 (b)) = A71(0T{b}) = A7'(0) and OTR", = R”, it follows 0"/ =

A7Y(0) N R%. Then 07 L(«7) = L(0"«) = L(A 1(0) DR ") = {lx: x €
R, Ax = O} C (L — UA)(R".) and, obviously, 0 € 0% L().

Usmg Proposition 6.1, we obtain (L — U A)(R ) N (—=K) = {0}, thus, taking
into account the inclusions from above, we obtain 0+L(,Qf )N(—K)={0} C K =
0" K. This assertion and the fact that L (/) is polyhedral and K is closed convex
yield, via [178, Theorem 20.3], that L(/) + K is a closed convex set. Applying
[178, Corollary 11.4.2] we obtain a y € R* \ {0} and an o € R such that

y'd <a <y (Lx+k)Vx € o Vk € K. (6.2.6)
As K is acone, y € K*. Taking k = 0 in (6.2.6) it follows

y'd <a <y (Lx) Vx € o. (6.2.7)
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On the other hand, for all x € &/ one has 0 < AT(L—=UA)x) =A2T(Lx—Ub) =
AT(Lx—Ub) — A9 = AT (Lx — d), therefore

ATd <AT(Lx) Vx € o. (6.2.8)

Now, taking § := a—de_ > 0 it follows czT(s)_L—i—(l—s)y) = _ot—§+s()_Lch—a+5)
for all s € R. Note that there exists an § € (0, 1) such that SATd —a+68) <68/2
and 5(ATd —a) > —§/2, and let A :=35A+ (1 =3§)y.Itis clear that A € int K*.

By (6.2.7) and (6.2.8) it follows sA Td + (1 — s)a < (sA + (1 —s)y) " (Lx) for
all x € &/ and all s € (0, 1), consequently

AMd=5ATd+0-=5y"d =5A"d + (1 —5)(a —5)
5 5 (6.2.9)
< 5—1—5(01—8)—}—(1—5)(05—8) =a—3 <AT(x)Vx e .

Since there is strong duality for the scalar linear optimization problem

.
AT

and its Lagrange dual

sup { - UTb}’
Y)GRM.
LTA+AT peR?

the latter has an optimal solution, say 7, and infye AT(Ix)+7"h=0and LTA+
ATq e R%. As A € int K*, there exists a A € K \ {0} such that ATA = 1. Let
U:= —)u; It follows that (L — UA)TA € R", and infyes AT (Lx) = AT (Ub).
Consider now the hyperplane . := {Ub + v : ATv = 0}, which is nothing but
the set {w € R* : ATw = AT (Ub)}. Consequently, # C hr(%rF). On the other
hand, (6.2.9) yields ATd < AT(Ub). Then there exists a k € K \ {0} such that
ATd +k) = )\T(Ub) which has as consequence that d + k € ' C hp(Br).
Noting that d <k d + k, we have just arrived to a contradiction to the maximality
of d to the set hp(%r). Therefore our initial supposition is false, consequently
d € L(</). Then there exists an ¥ € </ such that LX = d = Ub + v. Employing
Theorem 6.2, it follows X € &(PLF). O

Regarding necessary and optimality conditions for the primal-dual pair of vector
optimization problems (PLF) — (DLF) we make the following observation.

Remark 6.9. _If X € &/ and (/_1, U, V) € Py are, like in Theorems 6_.3 or 6.4, such
that Lx = Ub + v, then the complementarity condition X" (L — UA)TA = 0 is
fulfilled.

Analogously to [117, Theorem 3.14], we summarize the duality results proven
above in a general duality statement for (PLF) and (DLF).
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Corollary 6.1. One has Min(L(<7), K) = Max(hp(%F), K).

To complete the investigation on the primal-dual pair of vector optimization
problems (PLF) — (DLF) we give also the following assertions concerning the
infeasibility cases.

Theorem 6.5. If of # @, one has &(PLF) = @ if and only if Br = 0.

Proof. “=" By [117, Lemma 2.1], the lack of efficient solutions to (PLF) yields
0" L(«/)N(—K)\{0} # @. Then (L—UA)(R".)N(—K)\{0} # @ forallU € Rk>m
and employing Proposition 6.1 we see that A cannot contain in this situation any
element.

“«<"” Assuming that (PLF) has efficient solutions, Theorem 6.3 yields that also
(DLF) has an efficient solution. But this cannot happen since the dual has no feasible
elements, consequently (PLF) has no efficient solutions. O

Theorem 6.6. If Br # @, one has &(DLF) = @ if and only if o/ = 0.

Proof. “=" Assume that &/ # @. If (PLF) has no efficient solutions, Theorem 6.5
would yield r = @, but this is false, therefore (PLF) must have at least an efficient
solution. Employing Theorem 6.3 it follows that (DLF) has an efficient solution, too,
contradicting the assumption we made. Therefore &/ = @.

“«<” Assuming that (DLF) has an efficient solution, Theorem 6.4 yields that
(PLF) has an efficient solution, too. But this cannot happen since this problem has
no feasible elements, consequently (DLF) has no efficient solutions. O

For the classical vector dual problems to (PLF), (DLF') and (DLF’) weak
duality holds in general, but for strong and converse duality one needs to impose
additionally the condition b # 0 to the hypotheses of the corresponding theorems
given for (DLF) (see also [48, Section 4.5 and Section 5.5]). For (DLF) all
three duality statements hold under the hypotheses of the corresponding theorems
regarding (DLF), as proven in [117]. Concerning (DLF"), weak and strong duality
were shown (for instance in [48, 140]), but the converse duality statement does not
follow directly from a more general case because there a regularity condition is
needed, so we prove it below.

Theorem 6.7. If (A,Z,7) € &(DLF"), there exists an X € &(PLF) such that
Lx =W

Proof. Analogously to the proof of Theorem 6.4 it can be easily shown that &/ # 0.
Since A € int K*, there exists a A € K \ {0} such that ATA = l.LetU := @A
Then UTA =ZATA =7z Thus, (L —UA)TA=LTA—-ATUTA=LTA—-A4Tz €
R . Assuming the existence of an x € R’ for which (L — UA)x € —K \ {0}, it
follows AT ((L — UA)x) < 0. But AT((L — UA)x) = xT((L — UA)TA) > 0, since
x € R and (L— UA)T A € IR” . This contradiction yields (L —UA)(R", )N (—=K) =
{0}. Like in the proof of Theorem 6.4, this result, together with the facts that L (<) is
polyhedral and K is closed convex implies, via [178, Theorem 20.3], that L(<«?)+ K
is a closed convex set. The existence of an X € &/ that is a properly efficient,
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thus also efficient, solution to (PLF) fulfilling Lx = v follows in the lines of [48,
Theorem 4.3.4] (see also [48, Section 4.5.1]). O

The results given within this subsection can be summarized in the following
chain of inclusions and equalities involving the sets of maximal elements of the
sets mentioned in (6.2.5), namely

Max(hl.(#L), K) = Max(hi.(%1), K)  Min(L(#), K) = Max(h (#%), K)
= Max(hr(Br), K) = Max(h2(#2), K) = Max(hk(#%), K).

Note that the inclusion turns into equality whenever b # 0. Thus the second scheme
from [48, Remark 5.5.3] remains valid when the image space of the considered
vector problems is partially ordered by a nontrivial pointed closed convex cone K C
R¥,

Finally, let us provide as a byproduct a generalization of the classical alternative
statement due to Gale (see, for instance, [159, p. 35]), that was used in the literature
in investigations closely related to the ones from this section, as done for instance
in [48, Proposition 5.5.7].

Proposition 6.5. Let K C R¥ be a nontrivial closed convex pointed cone, S C R"
a nontrivial convex cone, W € R and v € R¥, such that W(S) N (=K) = {0}
and W(S) is closed. Then the system

ATy <0,
ATW e S*,

has a solution A € int K* if and only if there is no x € S such that Wx —v € —K.

Proof. “=" Assuming the existence of an x € S such that Wx —v € —K, it follows
0> AT(Wx —v) > 0, which is a contradiction. Thus, no such x € § exists.
“«<"The set W(S)—vis convex and closed, too, and due to the hypothesis has no
common elements with —K. Moreover, 07 (W (S) —v) = 07 (W(S)) = W(S) and
W(S)N(—K) = {0}. Applying [117, Lemma 2.2(ii)], one obtains the existence of a
A e RF\{0}suchthat A\Tk <0 < ATwforallk € —K \ {0} and all w € W(S)—v.
Because of the left inequality it follows that A € int K*. Moreover, 0 € W(S), and
the second inequality yields then 0 < AT (0 — v), therefore A Tv < 0. On the other
hand, assuming that there is some x € S such that ATWx <0 yields, because S
is a cone, that there exists an « > 0 such that AT(an —v) < 0, contradicting
the second inequality from above. Consequently, AT Wx > 0 for all x € S, which
yields A\TW e §*. 0

Remark 6.10. A situation where the hypotheses of Proposition 6.5 are fulfilled
happens for instance when S is a polyhedral cone, in which case W(S) is closed.
Taking S = R" and K = Rﬁ Proposition 6.5 turns into the celebrated Gale’s
alternative theorem.
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6.2.4 Duality with Respect to Weakly Efficient Solutions

In this subsection we deliver vector duality statements for the classical linear vector
optimization problem in finitely dimensional spaces and its vector dual problems
with respect to weakly efficient solutions. To the framework considered in the rest
of this section we add the hypothesis that int K # @. The classical linear vector
optimization problem is in this case

(PLF,,) WMin Lx,
xXE€

where
o ={x e R} : Ax = b}.

Recall that an element X € o7 is said to be a weakly efficient solution to (PLF,,) if
Lx € WMin(L(&/), K), and the set of all the weakly efficient solutions to (PLF,)
is denoted by # & (PLF,,). Since the hypotheses of Theorem 3.8 are satisfied, an
X € o/ turns out to be a weakly efficient solution to (PLF,,) if and only if there
existsaA € K*\ {0} such that AT (LX) < AT(Lx) forall x € .

Remark 6.11. We have seen in Theorem 6.1 that the properly efficient solutions to
(PLF) in the sense of linear scalarization coincide with its efficient ones. This rises
the question whether the weakly efficient solutions to (PLF),) and its efficient ones
coincide as well. The situation presented in Example 6.3 shows that in general these
classes of solutions to a linear vector optimization problem do not coincide.

Example 6.3. Let the classical vector optimization problem (PLF) (respectively
(PLF,)) forn = 1,m =k =2, A = (0,00",b = (0,007, L = (0,1)T
and K = R%. Then &/ = Ry and L(«/) = {0} x Ry. Whenever X > 0 there
exists a A = (1,0) € R% \ {0} such that ATL(¥) = 0 < ATL(x) = 0 for all
x € . Consequently, &/ = # &(PLF,). On the other hand, whenever X > 0,
one has L(x/2) = (0,x/2)7 < (0,X)T = L(%), thus X ¢ &(PLF). Obviously,
&(PLF) # W &(PLF,,) in this situation.

The vector dual problems we assign to (PLF,,) with respect to weakly efficient
solutions are similar to the ones considered in Sect. 6.2.2. While for the vector duals
with respect to efficient solutions which have as a variable A € int K* one only has
to change this constraint into A € K* \ {0}, in order to formulate the counterparts
with respect to weakly efficient solutions of the others we need a Farkas type result
similar to the one delivered in Proposition 6.1. Note that its proof does not use the
fact that the cone K is closed.

Proposition 6.6. Let U € R**™. Then (L — UA) (R%) N (—int K) = @ if and only
if there exists a A € K* \ {0} such that (L — UA)TA € R
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Proof. “=" The set (L — UA)(IR,) is polyhedral, thus convex, and has no common
elements with the interior of the nontrivial pointed convex cone —int K U {0}.
Applying Eidelheit’s separation statement for these sets we obtain a A € R¥ \ {0}
for which

AT (k) <0 < AT((L — UA)x) Vx e R". Vk € intK. (6.2.10)

Assuming that A ¢ K* yields the existence of a k € int K such that A T (=k) > 0,
that contradicts (6.2.10). Consequently, A € K* \ {0} and by (6.2.10) it follows
immediately that (L — UA)TA € R .

“<" Assuming the existence of an x € R’ for which (L — UA)x € —intK,
it follows AT((L — UA)x) < 0, but AT((L — UA)x) = (L —UA)TA)Tx >0
since (L — UA)TA € R’ and x € R’,. The so-obtained contradiction yields (L —
UA)(R?) N (—int K) = {0}. O

Therefore, the Isermann type vector dual to (PLF,,) is

(DLF') WMax hi; (U),
UeRy

where
Bl = {U e RV : (L — UA)R™) N (—int K) = @}
and
h, (U) = Ub,

while the dual abstract optimization problem to (PLF,) with respect to weakly
efficient solutions is

(DLF?) (Avgl)\g% Y. (A U),
where

#} = {0 U) € (K*\ (0) xR (L —UA) T2 e Ry |
and

ht. (A, U) = Ub.

Like their counterparts considered with respect to efficient solutions, these vector
dual problems are not the best choices to work with in case b = 0 as, when feasible,
their image sets coincide with the set {0}. However, the other vector duals we assign
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to (PLF,,) do not share the mentioned vulnerability. The vector Lagrange type dual
(cf. [138], see also [149]) is

(DLF 5) WMax hlﬁw (A, z,v),

(Azv)esk
where
B, = {(k,z, v) € (K*\{0}) x R" xRF : ATy —zTh <0, LTA— ATz € Rq}
and

hi (A z.v) = v,

while the counterpart with respect to weakly efficient solutions of (DLF) turns out
to be

(DLF,) WMax hp, (A, U,v),
A UVEBF,

where
Br, = {(x, U,v) € (K*\ {0}) x RO 5 RF - ATy = 0, (L — UA)TA € R’;}
and
hr, (A, U,v) = Ub +v.

One can consider the counterparts with respect to weakly efficient solutions of
(DLF®), too, namely (see also [48, 156])

(DLFP) WMax AR (A,U,v),
uwez? "

where

B = {(A, U,v) € (K*\ {0}) x RE" x RE - ATy < 0, (L — UA)TA € Rg}

and

h2 (A, U,v) = Ub + v,
and (DLF')
(DLF™) WMax hil (U),

gt
vezl
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where
Bl = {U e R¥™ : (L — UA)R™) N (—intK) = Q)}
and
hit (U) = Ub + WMin ((L — UA)(RY}), K).

Remark 6.12. If (A, U,v) € ABp,, one can easily note that v ¢ int K U (—int K),
while when (A, U,v) € L@g it follows that v ¢ int K.

An inclusion chain similar to the ones given for their counterparts with respect to
efficient solutions in (6.2.5) holds for these vector duals to (PLF,,), too, extending
thus the one given in [48, Section 5.5] for only some of them in case K = Ri'
Therefore, it holds

h ﬁ"w (%;Vl’) = h éw (%Ijru) h 1[:!w (%;{V h FW (%Fw) h Il?w (%I[:)w) = h é':w (%IL;V») ’
6.2.11)

where the proofs and counterexamples can be directly adapted from the ones
provided or mentioned in Sect. 6.2.2.

For the primal-dual pair of vector optimization problems (PLF,) — (DLF,,)
weak, strong and converse duality statements can be proven analogously to their
counterparts provided in Sect. 6.2.3 for the primal-dual pair (PLF) — (DLF).

Theorem 6.8. There existno x € & and (A, U,v) € B, such that Lx <x Ub+v.

Like in the scalar linear case and in Sect. 6.2.3, for strong and converse vector
duality no regularity conditions need to be satisfied.

Theorem 6.9. If X € # &(PLF,), there exists (A\,U,v) € # &(DLF,,) such that
L =Ub+ 7.

Proof. Asx € # &(PLF,,), thereexistsaA € K*\{0} suchthat AT (L%) < AT (Lx)
for all x € .&7. Then there is strong duality for the scalar optimization problem
infe, AT (Lx) ‘and dual problem which has thus an optimal solution, say 7 € R™.
Consequently, AT (LX) +7'h = 0and LTA + A7) R” . The rest of the proof
follows in the lines of the one of Theorem 6.3, with the necessary modifications,
namely here A € K* \ {0}, A € int K and, finally, (A, U, V) € # &(DLF,,). O

Theorem 6.10. If (A, U,v) € # &(DLF,,), then Ub + v € WMin(L(</) + K, K).

Proof. Letd := Ub + v € WMax(h 7, ($F,), K). Analogously to the proof of
Theorem 6.4 one can show that .27 # @. Suppose now that d ¢ L(</) + K. Using
the steps from the proof of Theorem 6.4, it follows that L(</) + K is a closed
convex set. Applying [178, Corollary 11.4.2] we obtain a y € RF \ {0} and an
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o € R such that
y'd <a<yT(x+k) Vx € o Vk € K. (6.2.12)

Furthermore, y € K*\{0}. In the lines of the proof of Theorem 6.4 we can construct
alA e K*\ {0}. There is strong duality for the scalar linear optimization problem

)
AT

and its Lagrange dual

sup { —n'bh } ,
neRrR™,
LTA+AT per?,

so the latter has an optimal solution, say 7, and infye. AT(Lx) + r")Tb 0 and
LT)H—ATn €R"..As L € K*\{0}, there exists a 1 € int K such that ATA = 1. Let

= —)kr;T It follows that (L — UA) T\ € R’ and infye. AT(Lx) = AT(Ub) and,
moreover, ATd < AT(Ub). Then there exists a k € int K such that AT (d + k) =
AT (Ub).

Considering the hyperplane .77 := {Ub + v : ATv=0={we _}R" : A_Tw =
AT(Ub)} C hr,(#r,), d + k lies in it, thus also in hf, (%BF,). Butd <k d + k,
so we have just arrived to a contradiction to the weak maximality of d to the image
set of the vector dual problem (DFL,,). Therefore our initial supposition is false,
consequently d € L(«/) + K.

Then there exist X € .27 such that L¥ —Ub—v € —K and the conclusion follows
via Theorem 6.8. O

Regarding necessary and optimality conditions for the primal-dual pair of vector
optimization problems (PLF,,) — (DLF,,) we make the following observation.

Remark_6.]3. If x € o and ()_L, U, V) € HBp, are, like in Theorgm 6.9, such that
Lx = Ub+ v, then the complementarity condition X' (L—U A)T A = 0is fulfilled.

Analogously to Corollary 6.1, we summarize the duality results proven above in
a general duality statement for (PLF) and (DLF).

Corollary 6.2. One has
WMin(L(<7), K) € WMax(hr, ($rF,), K) € WMin(L(#) + K, K).

To complete the investigation on the primal-dual pair of vector optimization
problems (PLF\,,) — (DLF,,) we give also the following assertions.

Theorem 6.11. If </ # @, one has W &(PLF\,) = @ if and only if BF, = 0.
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Proof. “=" The lack of weakly efficient solutions to (PLF,) yields 0T L(<) N
(—int K) # . Indeed, assuming the contrary there must exist a y € L(%/) such
that y —int K ¢ L (). Applying Eidelheit’s separation statement for the nonempty
convex sets y — int K and L (<), we obtain a A € R¥ \ {0} for which

AT(y—k) <0< AT(Lx) Vx € & Vk € intK. (6.2.13)

Assuming that A ¢ K* yields the existence of a k € int K such that A T (=k) > 0,
that contradicts (6.2.13). Consequently, A € K* \ {0} and by (6.2.13) it follows
immediately that ATy < AT(Lx) for all x € «, ie. y € #&(PLF,). But
W &(PLF,) = @, so a contradiction has been reached, consequently 0 L(27) N
(—intK) # @. Then (L — UA)(R%) N (—intK) # @ forall U € RF>*m and
employing Proposition 6.6 we see that %, cannot contain in this situation any
element.

“«<” Assuming that (PLF,,) has weakly efficient solutions, Theorem 6.9 yields
that (DLF,,) has a weakly efficient solution, too. But this cannot happen since the
dual has no feasible elements, consequently # & (PLF,,) = @. |

Remark 6.14. 1In the proof of Theorem 6.11 we have shown that #' & (PLF,,) = 0
yields 0T L(<7) N (—int K) # @. The reverse implication holds, too, and can be
shown in the lines of [117, Lemma 2.1(i) = (ii)]. If 0V L(«/) N (—intK) # 0,
there exists a y belonging to both these sets. Then, whenever y € L(4/), one has
y+yeL(«).Buty—(y+y)=—y € int K. Therefore, for all y € L(%/) there
existsay+y € L(&/)suchthat y+y <g y,ie. # &(PLF,) = 0. As in the above
considerations L(.27) can be replaced by any nonempty convex subset M C R, one
obtains for the latter that WMin(M, K) # @ if and only if 0* M N (—int K) = @.
In this way we extend the equivalence (i) < (ii) of [117, Lemma 2.1] to weakly
minimal elements, too.

Theorem 6.12. If B, # 0, one has W & (DLF,,) = 0 if and only if o/ = 0.

Proof. “=" Assume that &7 # @.If # &(PLF,,) = 0, Theorem 6.11 would yield
the false assertion %, = 0, therefore # & (PLF,,) # @. Employing Theorem 6.9
it follows that #' & (DLF,,) # @, contradicting the assumption we made. Therefore
o = 0.

“«<=" Assuming that #' & (DLF,,) # @, Theorem 6.10 yields that WMin(L (<) +
K, K) # @, thus of # @. But & = @, thus # &(DLF,,) = 0. |

For (DLF VJV) weak duality holds in general, but for strong and converse duality
one needs to impose additionally the condition » # 0 to the hypotheses of the
corresponding theorems given for (DLF,,) (see also [48, Sections 4.5 and 5.5]).
Since (DLF, fv) has the same image set, the duality assertions concerning it require
the same hypotheses.

For (DLF fj ) the weak and strong duality statements hold under the hypotheses
of the corresponding theorems regarding (DLF), too.
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Theorem 6.13. There exist no x € <&/ and U € 93{,{” such that Lx <g Ub + v,
where v € WMin ((L — UA)(RY), K).

Proof. Assume the existence of some x € &/ and U € ,%’H such that Lx <g Ub+v,
where v € WMin ((L — UA)(R,), K). Since v € WMin ((L UA)(RY), K), there
existsa A € K* \ {0} such that ATv < AT((L — UA)y) for all y € R".. Then, as
x € o/ ,onehas AT (Lx—Ub—v) = AT ((L—UA)x—v) > 0. But /\T(Lx—Ub—v) <0,
due to the assumption we made above. A contradiction is reached, consequently the
assumption we made is false and, therefore, the assertion is proven. O

The proof of the strong duality statement is different and simpler than its
counterpart for the vector dual problem to (PLF) with respect to efficient solutions
given in [117].

Theorem 6.14. If X € W &(PLF,), there exist U € V/é”(DLFf) and v €
WMin ((L — UA)(R™), K) such that LX = Ub + V.

Proof. As% € #/ &(PLF,), there existsa A € K*\{0} such that AT (LX) < AT (Lx)
for all x € . Like in the proof of Theorem 6.9, a U € RK for which
(L-UA)TL e R’ can be obtained. Then, via Proposition 6.6, (L — UA)(R’}) N
(—intK) = 0, consequently U e %’H Denoting v := LX — Ub € R¥, one can
easily verify that v = (L —UA)X € (L—UA)(R".) and ATv = 0. As (L—UA)TA €
R? , it follows that AT((L —UA)x) > 0forall x € R’ . Consequently, v €
WMm ((L=UA)(R"). K). Assuming that U ¢ # & (DLF! ) one gets immediately
a contradiction to Theorem 6.13. Consequently, U € % &(DLF). Moreover,
Lx =Ub + V. O

Concerning (DLFL) and (DLFP?), which have the same image set, weak and
strong duality were shown (for instance in [48, 140]), but the converse duality
statement, proven in case K = Rﬁ in [48, 156], does not follow directly in the
more general framework considered here. However, it can be proven in the lines of
Theorem 6.7, modified according to the proof of Theorem 6.10.

Theorem 6.15. If (1,Z,V) € # &(DLFL), then v € WMin(L(#/) + K, K).

The results given within this subsection can be summarized in the following
chains of inclusions and equalities involving the sets of maximal elements of the
sets mentioned in (6.2.11), namely, when b # 0

WMin(L(«), K) € WMax(hy, (%}, ). K) = WMax(hy, (#7.).K)
C WMax(hr, (#r,). K) = WMax(h? (#7), K) = WMax(h}. (%5 ). K)
C WMin(L(#) + K, K),
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while in case b = 0 it holds

WMax(h, (27 ). K) = WMax(h, (%7, ). K) € WMin(L(&), K)
C WMax(hr, (2r,). K) = WMax(h? (#7.), K)
= WMax(h}. (#}). K) € WMin(L(</) + K, K).

Thus the scheme from [48, Remark 5.5.5] remains valid when the image space of
the considered vector problems is partially ordered by a nontrivial pointed closed
convex cone K C RF,

6.3 Linear Vector Duality in Infinitely Dimensional Spaces

In this section we extend the investigations from the previous one to the infinitely
dimensional case, as proposed in our paper [34]. As we shall see, some things can
be easily generalized, while for others additional hypotheses are needed. Consider
like in Chaps. 3—5 the Hausdorff locally convex vector spaces X, Z and V, with
Z partially ordered by the convex cone C € Z and V by the nontrivial pointed
convex cone K C V.Let L € Z(X,V), A € ZX(X,Z),b € Z and the convex
cone S C X.
The primal linear vector optimization problem we consider now is

(PLI) Min Lx,
xX€

where
o ={xeS:Ax—beC}.

Incase X = R", Z =R" V =Rk § = R% and C = {0}, where the
linear continuous mappings L and A can be identified with the matrices L € R¥>*”
and, respectively, A € R"™*" (PLI) becomes the classical linear vector optimization
problem (PLF) investigated within Sect. 6.2.

Recall that an element X € .« is said to be a properly efficient solution in the
sense of linear scalarization to (PLI) if Lx € PMin;s(L(<), K), i.e. there exists
a A € K*° such that (A, Lx) < (A, Lx) for all x € &7, and the set of all the
properly efficient solutions to (PLI) in the sense of linear scalarization is denoted
by P& s(PLI). An element X € 7 is said to be an efficient solution to (PLI) if
Lx € Min(L(&), K), i.e. there exists no x € & such that Lx <gx LX, and the
set of all the efficient solutions to (PLI) is denoted by & (PLI). A properly efficient
solution X to (PLI) is also efficient to (PLI).
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Remark 6.15. In general not all the efficient solutions to (PLI) are also properly
efficient to it, as it is the case in the finitely dimensional framework of Sect. 6.2 (see
Theorem 6.1). However, conditions sufficient to ensure the mentioned coincidence
in the present setting can be derived from Theorems 3.4-3.5 or their consequences.

6.3.1 Vector Duals to the Linear Vector Optimization Problem

The vector dual problems assigned to (PLF) within Sect.6.2.2 can be extended
to the infinitely dimensional case, too, some straightforwardly. The dual abstract
optimization problem to (PLI) is (cf. [48, 140])

(DLI) Max A (A, U),
A U)es]

where
B! = {(A, U)e K*®x L(Z.V):UAeC*, (L—UoA)*Le s*}
and
hi(A,U) = Ub.

The vulnerability this vector dual problem presented in the framework of Sect. 6.2
in case b = 0 is inherited to the more general setting treated here, too.
The vector Lagrange type dual to (PLI) is (cf. [48, 140])

(DLIY) Max hE, Z%,v),
(Az* v)eBE

where
A= {27 € KX CP XV (Av) = (,b), L*A— 4" € 5*)
and

h}(/\,z*,v) =.

The vector duals (DLF'), (DLF™), (DLF) and (DLF®) were considered prior
to [34] only in the finitely dimensional setting of Sect. 6.2, but they can be extended
to the present framework, too, as follows. The generalization we propose for the
vector dual inspired by Isermann’s works is

(DLI") Max hi(U),
Ues!
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where
B = {U e L(Z.V): ((L—U o A)S)+ UC)) N (—K) = {0}}
and
h'(U) = Ub,
while the vector dual that extends (DLF') is

(DLI') Max h¥ (U),

veal
where
B = {U € L(Z.V): (L—UoA)S)+ UC)) N (-K) = {0}}
and
hi'(U) = Ub + PMinzs((L — U o A)(S) + U(C), K).

When X = R", § = R,V = R, Z = R™ and C = {0} these vector
duals to (PLI) turn out to be exactly (DLF') and (DLF™), respectively, taking also
in consideration that (see Theorem 6.1) in that framework the properly efficient
solutions of the vector minimization problem in the objective function of (DLI™)
coincide with the efficient ones of the same problem.

The generalizations to the present framework of (DLF) and (DLF?) are

DLI M hi(A,U,v),
( ) (A.U.v?é%, i V)

where
By = {(/\,U,v) e K™ x L(Z,V)xV:(Av) =0, UL e C*,
(L—UoA)*Ae S*}
and
hi(A,U,v) =Ub+v,
and, respectively,

(DLI?) Max AP (X, U,v),
AUv)es?
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where
BP = {(A,U,v) e K x L(Z,V)xV:(Av) <0, UAeC*,
(L—UoA)*)LeS*}
and
hP (A, U,v) = Ub +v.

Remark 6.16. 1f (A,U,v) € %y, one can easily note that v ¢ (K U (—K)) \ {0},
while when (1, U,v) € #? it follows that v ¢ K \ {0}.

We begin with a result that generalizes in one direction Proposition 6.1,
establishing thus a connection between the feasible elements of (DLI”) and the ones
of (DLI'). A possible way to achieve also here an equivalence like in Proposition 6.1
would be by strongly separating the sets (L — U o A)(S) 4+ U(C) and —K. This can
be done, under additional hypotheses, for instance by [140, Theorem 3.22], [117,
Lemma 2.2] or [178, Theorem 11.4].

Proposition 6.7. IfA € K* and U € L(Z.V) fulfill U*X € C* and (L — U o
A)*X € §*, then (L — U o A)(S) + U(C)) N (—=K) = {0}.

Proof. Assume to the contrary that the conclusion is false. Then there exist x € S
and ¢ € C suchthat 0 # (L — U o A)x + Uc € —K. Consequently, (A, (L — U o
A)x 4+ Uc) <0.But (A, (L—UoA)x+Uc)=((L—-UoA)*A,x)+(U*A,c)
and the hypotheses imply the nonnegativity of the both terms in the right-hand side
of the last equality, so we reached the desired contradiction. O

Let us compare now the image sets of the vector duals assigned to (PLI) in this
section. We begin with a consequence of Proposition 6.7.

Proposition 6.8. One has h(#]) € hi(#!).

Proof. Letd € hj(%]). Thus, there exists (A,U) € %] such that d = Ub. By
Proposition 6.7 we obtain immediately that U € 1. Ashj (A, U) = Ub = hi(U),
the conclusion follows. O

Proposition 6.9. One has h’ (#1) < h# (81).

Proof. Letd € h'(#"). Thus, there exists a U € %! such that d = Ub. But A}
and B coincide, thus U € 2. Moreover, (L — U o A)(0) + U(0) = 0 and
whenever x € S and ¢ € C there holds (A,(L — U o A)x + Uc) = (L—U o
A)*A,x) 4+ (U*A, c) and this is nonnegative because (A, U) € %’ . Consequently,
0 € PMinzs ((L — U 0 A)(S) + U(C), K) and d € hif (B}). |

Proposition 6.10. One has hf1 (#1) C h;(%)).
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Proof. Letd € h (#). Thus, there exists a U € %! such thatd = Ub + v, with
v € PMings ((L — U o A)(S) + U(C), K). Then, there existy € K*°, X € S and
c e Csuchthaty = (L —U o A)x + Uc and

(y(L-—UoA)X+Ut) < (y,(L—UoA)x+Uc)VxeS¥ceC. (63.14)

Taking in the right-hand side of (6.3.14) ¢ := ¢, it follows (y, (L — U o A)Xx) <
(y., (L — U o A)x) for all x € S. S being a cone, the existence of a point X € S
for which (y, (L — U o A)X) < 0 would yield (y, (L — U o A)X) = —oo, that is
impossible, so (y, (L —U o A)x) > O forall x € S. Consequently, (L —U o A)*y €
S*.As0 € S, it follows also that (y, (L —U o A)X) < 0,s0 (y,(L—U o A)x) = 0.

Back to (6.3.14), taking now x := X one gets (y,Uc) < (y,Uc) forall ¢ € C.
Since C is a cone, too, the same argumentation as above leads to U*y € C* and
(y,Uc) = 0. Consequently, (y, (L—UoA)x+Uc) = (y,v) =0,s0 (y,U,v) € %,
and iy (y,U,v) = d. Therefore d € h;(%;). |

Remark 6.17. By construction one has h; (%) € h? (#P).

Remark 6.18. Due to the fact that in the framework of Sect. 6.2 the vector duals
we consider within this section become their counterparts considered there, the
examples mentioned in Remarks 6.5, 6.6 and 6.8 can be invoked in order to show
that the inclusions provided in Propositions 6.8—-6.10 and Remark 6.17 do not turn
in general into equalities.

Proposition 6.4 can be directly extended to the infinitely dimensional case, too.
Proposition 6.11. One has h? (#?) = ht(%F).

Proof. “C” If d € hP(#?), there exist (A,U,v) € %P such that d =
hP(A,U,v) = Ub + v. Taking z* := U*, one gets (A, d) = (U*A,b) + (A,v) <
(z*,b), while L*A — A*z* = (L — UA)*A € S*. Consequently, (A,z*,d) € B¢
and, since ht (A, z*,d) = d, it follows that h? (#P) < ht(%L).

“D"If d € h%(#F), there exist (A, z*,d) € BF suchthatd = h¥(A,z*,d). As
A € K*0, there exists a A € K such that (A, ;\) = 1.LetU € Z(Z,V) be defined
by Uz := (z*,z)Aforz € Z,and v := d — Ub. Then (A,v) = (A,d) — (z*,b) <0
and (L — UA)*A = L*A — A*z* € S*. Consequently, (A,U,v) € AP and, since
hP(A,U,v) = Ub + v = d, it follows that h? (#?) 2 hl(AL). O

Taking into consideration Propositions 6.8—6.10, Remark 6.17, Proposition 6.11
and Remark 6.18, one can conclude that the images of the feasible sets through their
objective functions of the vector duals to (PLI) we dealt with respect the following
inclusions chain

hi(B]) S hi(B1) Wi (B])  hi(B1) W) (B)=h{(B),  (63.15)

extending thus (6.2.5) to infinitely dimensional spaces.
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6.3.2 Duality Results for the Linear Vector Optimization
Problem and Its Vector Duals

Let us prove now for the primal-dual pair of vector optimization problems (PLI) —
(DLI) weak, strong and converse duality statements.

Theorem 6.16. There existno x € & and (A, U,v) € B, such that Lx <g Ub+v.

Proof. Assume the existence of x € &7 and (A, U,v) € %, such that Lx <g Ub+v.
Then 0 < (A, Ub+v—Lx) = (A, Ub—Lx) = (A,Ub—U oAx+ U o Ax — Lx) =
(U*A,b —Ax) — ((L — U o A)*A,x) < 0. As this cannot happen, the assumption
we made is false. O

In order to prove strong and converse duality for (DLI) one needs additional
hypotheses. The regularity conditions (RCV,»G), i €{1,2,3,4} become in this case

(RCV{)‘ Jx’ € S such that Ax' — b € int C,
(RCV;)‘ X and Y are Fréchet spaces, S and C are closed and b € sqri(A(S) — C),
(RCVY)| dimlin(A(S) — C) < +o0 and b € 1i(A(S) — C),

and, respectively,

S and C are closed and for any A € K*°
(RCVHIS U (x*r) e X*xR:(g*b) <r, x* € L*A — A*z* - §*
*eC*

is closed in the topology w(X™*, X) X Z.

Remark 6.19. When X and Z are finitely dimensional, instead of the regularity
condition (RCVg ) one can equivalently write b € A(ri §) — ri C and, moreover, in
this condition one can replace the relative interiors of the cones which are actually
orthants with the cones themselves.

Theorem 6.17. If x € P& 5(PLI) and one of the regularity conditions (RC V,»I ),
i €{1,2,3,4}, is fulfilled, there exists (A, U,v) € &(DLI) such that Lx = Ub +v.

Proof. Since X is properly efficient to (PLI), there exists a A € K*° such that
(A, Lx) < (A, Lx) for all x € <. The fulfillment of any of the considered regularity
conditions yields that for the scalar optimization problem

inf (A, Lx)
xeo

and its Lagrange dual

sup inf [(A,Lx) 4 (z*,b — Ax)].

7*eC* X€ES
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which can be equivalently written as

sup (z*, b),
ZFec*,
L*¥A—A*7*eS*

there is strong duality, i.e. their optimal objective values coincide and the dual has
an optimal solution, say z* € C*. Consequently, as ¥ solves the primal problem,
one gets (A, LX) = (z*,b), where L*A — A*7* € §*. o

Because A € K*O, there exists a A € K \ {0} such that (A,A) = 1. Let U €
Z(Z.,V) be defined by Uz := (z* A forz € Z,andv := LX —Ub € V.
Then()&v):_()LLx—Ub) (A, LX) — (z* b)—OU*)t:z € C* and
(L—- UoA)*A = L*A— A*7* € S*. Consequently, (4, U.v) € B;yandUb+v =
Ub + Lx —Ub = Lx. Assuming that (A, U, V) were not efficient to (DLI), i.e.
the existence of another feasible solution (A, U,v) € %, satisfying Ub +7v <g
Ub+v, it follows Lx <k Ub + v, which contradicts Theorem 6.16. Consequently,
(A, U.,v) € &DLI) and Lx = Ub + 7. O

Like in the finitely dimensional case, a converse duality statement for (DLI) can
be provided, too, but under additional hypotheses.

Theorem 6.18. If (A, U,v) € &(DLI), one of the regularity conditions (RCVI-’ ),
i €{1,2,3,4}, is fulfilled and L(</) + K is closed, there exists an x € P& 15(PLI)
such that Lx = Ub + V.

Proof. Let c_? := Ub+v and suppose that d ¢ L(). Using Theorem 6.16 it follows
easily that d ¢ L(2/) + K, too. Then Tuckey’s separation theorem guarantees the
existence of y € V* \ {0} and ¢ € R such that

(y.d) <a < (y.Lx+k)Vx € o/ Vk € K. (6.3.16)

Assuming that y ¢ K™ would yield the existence of a k € K for which
(y,k) < 0. Taking into account that K is a cone, this implies a contradiction to
(6.3.16), consequently y € K*. Taking k = 0 in (6.3.16) it follows

(y.d) < (y,Lx) ¥x € o. (6.3.17)
On the other hand, one has (A, d) = (A, Ub + ¥) = (U*A,b) < (U*A, Ax) for all
x € 47, so it holds

O Lx—d) > ((L—U o A)*A,x) >0 V¥x € . (6.3.18)

Now, taking p : —(y,d) > 0it follows ((rA + (1 —r)y).d) = a — p +
r((/\ d) —a + p) for all r € R. Note that there exists an 7 € (0, 1) such that
F((A,d)—a+ p) < p/2and F((A,d) —a) > —p/2, and let A := FA + (1 — F)y.
It is clear that A € K*. By (6.3.17) and (6.3.18) it follows r (A, d) + (1 — r)a <
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(rd+ (1 —r)y.Lx) forall x € & and all € (0,1), consequently

(A, d) =F(A.d)+ (1 =F)(y.d) =F(,d) + (1 =F)(a—p)
<§+F(a—p)+(1—f)(a—p)—a—§ (A, Lx) Vx € .
Moreover, there exists a A € K \ {0} such that (/\,;\) = 1. Like in the proof
of Theorem 6.17, the validity of any of the considered regularity conditions yields
strong duality for the scalar optimization problem inf, e (A, Lx) and its Lagrange
dual, i.e. there exists a z7* € C* with L*A — A*z* € §* for which inf ¢/ (A, Lx) =
(z*, b).

Taking U € Z(Z, V) be defined by Uz := (z*,2)A, z € Z. Then U*A = 7* €
C* and (L — U o A)*A € S*. Consequently, the hyperplane 27 := {Ub + v :
v € V,{(A,v) = 0}, which is nothing but the set {w € V : (A, w) = (A, Ub)}, is
contained in /; (%;). B B

On the other hand, as (A,d) < (z*,b) = (A, Ub), there exists a k € K \ {0}
such that (A, d + k) = (A, Ub). Hence d+k € A C hi(%B). Noting that
d <k d + k, we have just arrived to a contradiction to the maximality of d to the
set h7(%r). Thus our initial supposition is false, consequently d € L(</). Then
there exists an X € .« such that LX = d = Ub + v. Using (6.3.18), it follows that
X € c@éoLs(PLI). O

Regarding necessary and optimality conditions for the primal-dual pair of vector
optimization problems (PLI) — (DLI) we make the following observation.

Remark 6.20. If ¥ € o and (A,U.%) € % fulfill Lx = Ub + v, then the
complementarity conditions (L — U o A)*A,x) = 0 and (U*A, Ax — b) =
are fulfilled.

Remark 6.21. In the framework of Sect. 6.2 the set L(27) + K is closed. Thus, a
natural question is when is the closedness of this set guaranteed in more general
settings. Let us investigate what happens when X = R", Z = R” and V = R* and
we have also the convex cones S € R”, C € R” and the nontrivial pointed convex
cone K C RF. Then L € RF*", 4 € R™" and b € R™. If S and C are closed
and A~'(b +1iC) # 0, then via [178, Theorem 6.7] it follows that .27 is closed.
Moreover, in this case [178, Corollary 8.3.3] yields 07«7 = 07 (A~ (b + C)) N
07(S) = (07(A71(C)) + 0T (47" (h))) N S, where the last equality follows via
[178, Corollary 9.1.2]. Employing [178, Corollary 8.3.4] one gets 07 (47!(C)) =
A71(0FC), consequently 0t = (A7(C) + A710) NS = A H(C)N S. If
ker L N A7'(C) NS = {0}, then via [178, Theorem 9.1] it follows that L(.) is
closed and L(0".27) = 0% L(.<7), consequently 07 L(27) = L(A™'(C) N S). Note
that 0 € L(A™'(C) N S). For (A,U,v) € %, one gets via Proposition 6.7 that
(L — UA)(S) N (=K) = {0}, which yields (L — UA)(A™'(C)N S) N (=K) = {0}.
Assuming moreover that K is closed (then K*° = int K*) and L(A~'(C) N S) €
(L — UA)(A™Y(C) N S), it follows that 0% L(.7) N (—K) = {0} and, finally, [178,
Corollary 9.1.2] yields that L(27)+ K is closed. One can note that several additional
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hypotheses, that are automatically fulfilled or may be skipped in the framework
of Sect. 6.2, were necessary in order to guarantee the desired outcome even if we
worked in finitely dimensional spaces. Other sufficient conditions that ensure the
closedness of L (/) + K can be found for instance in [221, Theorem 1.1.8] or [220,
Corollary 3.12].

Combining Proposition 6.10 and Theorem 6.16, one can easily provide the weak
duality statement for (PLI) and (DLI'"), too.

Theorem 6.19. There existno x € o/, U € BY andv € PMin.s ((L—UoA)(S)+
Uuc), K) such that Lx <g Ub + v.

Strong duality for (DLI™) can be proven under the same hypotheses as for (DLI),
too.

Theorem 6.20. If x € & 5(PLI) and one of the regularity conditions (RC v,
i €{1,2,3,4}, is fulfilled, there exists a U e &DLIM) such that L = Ub + ¥,
where v € PMingg ((L U o A)(S) +U(C), K).

Proof. Like in the proof of Theorem 6.17, the proper efficiency of X to (PLI)
deliversa A € K*° and the fulfillment of any of the considered regularity conditions
az* € C* such that (A, Lx) = (z*,b) and L* A — A*7* € §*. As A € K*©, there
exists a A € K \ {0} such that (A,A) = 1. Taking U e Z(Z,V) be defined by
Uz:= (z*.2)A z € Z, Proposition 6.7 yields then U € B

Taking v := Lx —Ub, one gets v = (L — UOA)x+U(Ax—b) e(L-Uo
A)(S) + U(C). One has (A,9) = (A, LXx — Ub) = (z*.b) — (A, (Z*.b)k) = 0
and ()& (L—=UoA)x + Uc) > 0 forall x € S and ¢ € C. Consequently, v €

Assummg that U were not efﬁment to (DLI™), i.e. the existence of another
feasible solution U € %! satisfying Ub + v <x Ub + v forav € PMin;s ((L —
UoA)(S)+U(C), K), it follows Lx <g Ub+ v, which contradicts Theorem 6.19.

Consequently, U € &(DLI") and Lx = Ub + v. |
Remark 6.22. It remains an open question whether a converse duality theorem for
(DLI'") is valid under hypotheses similar to the ones of Theorem 6.18. Moreover,
one can provide duality statements for (DLI'), too, but we skip them here since
even in the finitely dimensional case of Sect. 6.2 such statements are valid for this
vector dual only for b # 0, when they coincide with the ones for the corresponding
Lagrange type vector dual problem.

Finally, let us compare the sets of maximal elements of the image sets of the
vector duals we assigned to (PLI).

Theorem 6.21. It holds
Max(h] (%7), K) € Max(h; (%), K) = Max(h% (%), K)

and the inclusion becomes equality when b # 0.



206 6 Vector Duality for Linear and Semidefinite Vector Optimization Problems

Proof. Assume the existence of a d € Max(h; (%), K) \ Max(ht(%%), K). Then
there exist a d € h5(%E), such that d <g d,and (A,z*,d) € 2% such that
d = hf(k,z*,c?) and (A,d) = (z*,b). There exists also a rek \ {0} such that
(A\,A) = 1. Let U € Z(Z,V) be defined by Uz := (¢*,z)A, for z € Z. Then
U*A = 7" € C*. Moreover, (L —U o A)*A = L*A — A*z* € §*. Taking v :=
d — Ub, one gets (A,v) = 0. Consequently, (_)L, U,v) € #; and thus d € h;(%;).
But since d € Max(h;(%;), K) and d <k d a contradiction is attained, therefore
Max(h; (%), K) € Max(h} (2}), K).

Take now d € Max(h%(%%), K). Then there exists (1,z*,d) € A such that
(A,d) < (z*,b). From the maximality of d in h% (%) it follows that one actually
has (A,d) = (z*,b). Defining U and v like above, one can directly verify that
(A, U,v) € By and d € hy(%y). By (6.3.15) it follows that d € Max(h; (%)), K),
hence Max(h’ (#%), K) € Max(h; (%), K), too.

Therefore Max(h; (%), K) = Max(ht (%Y%), K) and the rest follows from [48,
Theorem 4.5.2]. O

Remark 6.23. From Theorem 6.20 one can conclude that when one of the regularity
conditions (RCV,-’), i € {1,2,3,4}, is fulfilled one has PMin;s(L(</), K) <
Max(h# (%), K). It remains an open challenge to find out under which hypothe-
ses does this inclusion turn into an equality and also to see that in general
Max(h¥ (%), K) actually coincides with the maximal sets of the image sets con-
sidered within Theorem 6.21. In the next statement we show that in the framework
considered in Remark 6.21 under an additional hypothesis Max (k! (#¥), K) is
larger than its counterparts, generalizing thus [48, Proposition 5.5.7].

Theorem 6.22. Let X =R", Z = R" and V = R*. Tuke S C R" and C C R™ 10
be convex cones and the nontrivial pointed closed convex cone K C RX, as well as
L e R 4 e R™" and b € R™. If (L — UA)(S) + U(C) is closed, it holds

Max(h;(%;). K) € Max(hj' (2]"). K).

Proof. Assume the existence of a d € Max(h;(%;), K) \ hi1 (#!"). Then there
exists an element (A, U,v) € % suchthatd = Ub+vand U € BH  as well as
vé (L—UA)S)+ U(C).

Assuming that there exist x € S and ¢ € C such that (L — UA)x + Uc <g v
yields 0 < AT((L — UA)x + Uc) < ATv = 0, that is a contradiction. Consequently,
((L=UA)(S)+U(C)—v)N(—=K) = @. Then Proposition 6.5 yields the existence
ofal €int K* suchthat ATv <0, (L —UA)TA € S*and UTA € C*.

Then A + A € int K* and (A + A,v) < 0, hence there exists a v € V' such that
v <k vand (A+A,V) = 0. Moreover, (L-UA)T(A+1) € S*andU T(A+1) € C*,
therefore (A + A, U, V) € %B;. Then d = Ub + v <g Ub + v, that contradicts the
maximality of d in &7 (%;). Hence d € h# (%1 and there exist ¥ € S and ¢ € C
such that v = (L — UA)X + U¢ € PMinis((L — U o A)(S) + U(C).K). If
Ub + v ¢ Max(h¥ (%), K) and there exists an element w € h1 (%) such that
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Ub + v <k w, Proposition 6.10 yields w € h;(Z;) and the maximality of d in
h (%) is contradicted again. O

Remark 6.24. Working in the framework of Theorem 6.22, one can work analo-
gously to Remark 6.21 to identify hypotheses that guarantee the closedness of (L —
UA)(S)+U(C). Note also that in the setting of Sect. 6.2 the set (L—UA)(S)+U(C)
is closed.

Remark 6.25. From Theorems 6.17, 6.18, 6.20 and 6.21 one can conclude that when
one of the regularity conditions (RCV?), i € {1,2,3, 4}, is fulfilled and L(</) + K
is closed the following inclusion scheme holds

Max(hy (#]). K) € PMins(L(«/). K) = Max(h; (). K)

(6.3.19)
— Max(hk (1), K) < Max(h (#1), K),
and the first inclusion becomes an equality when b # 0. Because of (6.3.15) we
believe that the second inclusion in (6.3.19) is fulfilled as an equality under the
hypotheses mentioned above, too, but a proof of this fact is still unknown.

6.3.3 Wolfe and Mond-Weir Type Linear Vector Duality

Other vector dual problems that can be attached to the primal linear vector
optimization problem (PLI) can be obtained by particularizing the Wolfe and
Mond-Weir type vector duals assigned to a general constrained vector optimization
problem in Sects. 5.3.2 and 5.4.2. Due to the continuity of the involved functions,
the mentioned vector duals to (PLI) of Lagrange type and Fenchel-Lagrange type
coincide (see for instance Remark 5.30 for more on this), thus we shall consider
here only the first ones.

In order to formulate them, we have to see what becomes in this framework the
constraint involving a subdifferential that appears in all of them. Foru € S, A € K*°
and z* € C*, one has

IAL) + (b —A)) +8s)u) = {x* e X* :x* e L*A — A** — §*,
(L*A — A*Z* —x*,u) = 0},
therefore 0 € 8(()LL) + ¥ —A) + 85)(u) if and only if L*A — A*z* € §* and
(L*A — A*z* — x*,u) = 0.

Given these considerations, the vector dual to (PLI) that is a special case of
(DVCE,) turns out to be

(DLIw) Max  hy, (A, 2% u,r1),

(A.2*u,r)EBry,
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where
B, = {(A,z*,v,r) €K x C*x 8 x (K\{0}): L*A — A*z* € S*,
(L*X — A*Z* u) = 0}

and

(z*,b — Au)

hIW(/\,z*,u,r)zLu+ o

Analogously, the vector dual to (PLI) that is a special case of (DVCE,) turns out
to be

(DLI ) Max  hy, (A, Z% u),

(2% u)EB],,
where
B, = {()L,z*,u) €K™ x C*x .o/ L*A — A*z* € S*, (L*A — A*z*.u) = o}
and
hp, (A, 25, u) = Lu,
while the one arising from (DVC ,f,,W) is

(DLIMW) Max hIMw(A”Z*vu),

(2% u) By

where

By = {()L,z*,u) €K xC*xS§:L*A—A*7* € S*,(L*A — A*7*,u) = 0,
(. (b — Aw) = 0

and
hiyw (A, 25, u) = Lu.

On the other hand, the vector dual to (PLI) that is a special case of (DVC ?/) turns
out to be

(DLI™) Max  h;w(d, 25 u,v),

A 25 uv)EBw



6.3 Linear Vector Duality in Infinitely Dimensional Spaces 209
where
Bw = {(/\,z*,u,v) €KX C*xSxV:L*A—A*7* e S*,
(L*A — A*Z*,u) = 0, (A,v) < (z*,b>}
and
hypw (A, 25 u,v) = v.

Analogously, the vector dual to (PLI) that is obtained as a special case of
(bvcty is

(DLIM) (A,z*%}éww hyw (A, 25, u,v),
where
Biv = {(k,z*,u,v) e KX C*x o xV :L*\N— A*z* € S*,
(L*A — A"z, u) =0, (A,v—Lu) < 0}
and

hiu (A, 25 u) = v,
while the one arising from (DVCY") is

(DLIMY) Max  hpw (A, Z¥ u,v),

(.2 uv)EBmw
where
Bww = {(A,z*,u,v) €KX C*xSxV:L*A—A*7* € S*,
(L*2 = 472" u) = 0, (b — Au) = 0, (A,v — Lu) =0}
and
hpow (A, 25, u,v) = v.

In order to provide vector dual problems to (PLI) that share the same image sets

as the ones given above and rely on the formulation of the classical contributions

to this matter, one can consider, like in the proof of Theorems 6.17 or 6.20, for
(A, z*,u) € K*® x C* x S, the linear continuous maping U € Z(Z, V), defined
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by Uz := (z*,z)i, z€ Z, where A € K \ {0} fulfilling (A, )~L) = 1 exists because
A e K*. Thenz* = U*A and L*) — A*z* becomes (L — U o A)* A, and the vector
duals provided above can be correspondingly modified, as follows.

The vector duals to (PLI) that are special cases of (DV Gy ) turn out to become

DLI Ma hr, (A, U, u,r),
(DLIw) ()L.U,uj)é%lw i € ur)

where
B, = {()L,U,v, r) e K* x L(Z,V)x S x (K\{0}): U*\A e C*,

(L—UoA)*LeS* (L—UoA)*Au) = 0}

and
hry (A, Uyu,r) = Lu + Wn
(DLIy) (AYU%%%W hi, (A, U u),
where
B, = {(A, Uu)e K* x £(Z,V)x .o : U € C*,
(L—UoAy*AeS* (L—UoA)Au) = 0}
and

hr, (A, U,u) = Lu,
and, respectively

DLI Max  hy,, (A, U, u),
(DLIyw) A Uu)EBypy ti ( u)

where
By, = {(/\, Uu)e K x L(Z,V)xS:U*AeC*, (L—UoA)*A e S*
(L—Uo A A,u) =0, (U, (b — Au)) > 0}
and

hiyw (A, U, u) = Lu.
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On the other hand, the vector duals to (PLI) that are special cases of (DVG")
turn into

DLIY Max  hyw(A,U,u,v),
( ) (A,U.u,v)eﬂlw IW( MV)

where
By = {(,x, Uuv)e K* x L(Z,V)xSxV :U*\ e C*,

(L—UoA)*AeS* (L-Uod)*Au) =0, (A,v) < (U*A,b)}

and
hyw (A, U, u,v) = v,
(DLIM) (A,U,%E)lé(%,M hyw (A, U, u,v),
where
Byu = {(A,U,u,v) e K x L(Z,V)yx o xV:U*AeCH
(L—UoA)*AeS* (L-—UoA)*A,u) =0, (A,v—Lu) < o}
and
him (A, U,u) = v,
and, respectively,
(DLIMY) Max  hpw(A, U, u,v),

O Uou,v) €8, mw
where
%lmw:{()L,U,u,v)eK*Oxf(Z,V)xSxV SU*LeC*, (L—UoA)*1eS*,
(L—UoA)*Au) =0, (UA,b— Au) > 0, (A, v — Lu) < o}
and
hpmw (A, U, u,v) = v.

The weak and strong duality assertions for the primal linear vector optimiza-
tion problem (PLI) and these vector duals to it follow from the general case.
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Furthermore, the image sets of these vector duals and their maximal sets can be
compared with the others we assigned to (PLI) within this section, taking also into
consideration the general inclusions proven in Sect. 5.5.

In the finitely dimensional framework considered in Sect. 6.2, the vector duals
considered in this subsection should be correspondingly modified and the duality
statements hold, like for the other vector duals to (PLF) investigated there, without
assuming the fulfillment of any regularity condition. Moreover, note that the case
b = 0 produces no trouble to the vector dual problems considered within this
subsection, too.

6.3.4 Duality with Respect to Weakly Efficient Solutions

In this subsection we deliver vector duality statements for the classical linear vector
optimization problem in infinitely dimensional spaces and its vector dual problems
with respect to weakly efficient solutions. To the framework considered in the rest
of this section we add the hypotheses that qi K # @ and K is closed. The primal
linear vector optimization problem is in this case

(PLI,) WMin Lx,
xeo

where
o ={xeS:Ax—beC}.

Recall that an element X € .7 is said to be a weakly efficient solution to (PLI,,)
if Lx € WMin(L(&), K), i.e. there exists a A € K* \ {0} such that (A, Lx) <
(A, Lx) for all x € o7, and the set of all the weakly efficient solutions to (PLI,,) is
denoted by # & (PLI,,).

We begin with a result that extends Proposition 6.7, establishing as we shall see
a connection between the feasible sets of elements of the vector dual problems with
respect to weakly efficient solutions we assign to (PLI,,). Note that in this case we
have actually an equivalence like in Proposition 6.6.

Proposition 6.12. I[f U € £(Z,V) and the pair (K,(L — U o A)(S) + U(C))
has the property (QC), there exists a A € K* \ {0} fulfilling U*A € C* and
(L=UoA)*Ae S*ifandonlyif (L—U o A)(S)+ U(C))N(—qiK) = 0.

Proof. “=" Assume to the contrary that the conclusion is false. Then there exist
x € Sandc € C such that (L — U o A)x + Uc € —qi K. Consequently, (A, (L —
UoA)x+Uc) <0.But (A,(L—UoA)x+Uc) =((L-UocA)*A,x)+(U*A,c)
and the hypotheses imply the nonnegativity of the both terms in the right-hand side
of the last equality, so we reached the desired contradiction.

“<=" The hypothesis yields 0 ¢ (L—UoA)(S)+U(C))+qi K = qi(K+(L—-Uo
A)(S)+U(C)),dueto (QC).Butthe set K+ (L—UoA)(S)+U(C) is convex and



6.3 Linear Vector Duality in Infinitely Dimensional Spaces 213

it contains 0. One can apply then Lemma 1.2, which guarantees the existence of a
A € V*\ {0} satisfying (1,0) < (A,v+k) forallve K+ (L—-U o A)(S)+U(C)
and all k € K. As0 € (L — U o A)(S) + U(C) and K is a cone, it follows
that A € K* \ {0}. Analogously, as 0 € (L — U o A)(S) N U(C) N K, one gets
((L=UoA)*A,x) > 0forallx € S,and (U*A,z) > Oforall z € C.Consequently,
U*AeC*and (L—Uo A)*A € S*. |

Remark 6.26. In case K has a nonempty interior it needs not be closed for the
investigations performed within this subsection and the property (Q C) is automat-
ically fulfilled for the pair (K, (L — U o A)(S) + U(C)) whenever U € Z(Z,V).
Proposition 6.12 remains valid in that case, too, the only important modification in
its proof being the usage of Eidelheit’s separation statement for separating the sets
(L=UoA)(S)+U(C))and K.

The vector dual problems assigned to (PLF,,) within Sect. 6.2.4 can be extended
to the infinitely dimensional case, too. The dual abstract optimization problem to
(PLI,) is (cf. [48,140])

(DLI) WMax h (A, U),
(\U)eB],

where
B] = {(A, U) e (K*\{0) x L(Z,V): U*A e C*, (L—U o A)*A e S*}
and
hi (A,U) = Ub,

while the generalization we propose for the vector dual inspired by Isermann’s
works is

(DLIL) WMax / 1),

vew!
where
Bl = {U € L(Z.V): ((L—U o A)S)+ UC)) N (—qi K) = 0}
and
hy (U) = Ub.

The vulnerability these vector dual problems presented in the framework of
Sect. 6.2.4 in case b = 0 is inherited to the more general setting treated here, too.
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The vector Lagrange type dual to (PLI,,) is (cf. [48, 140])

(DLIE) WMax Ay (A,2"5,v),

(.2*v)est,
where
BE = {(x,z*,v) e (K*\{0) x C* x V1 (A.v) < (2*.b), LA — A" ¢ S*}
and

hfw()t,z*, V) =v,

while the vector dual with respect to weakly efficient solutions modeled after
(DLI") is

(pLI WMax hi (U),

vesf
where
B ={U € Z(Z.V): ((L=U o A)(S)+UC)) N (~ai K) = 0]
and
hi' (U) = Ub + WMin((L — U o A)(S) + U(C), K).
The generalizations to the present framework of (DLF,) and (DLF fv) ) are

(DLI,) WMax Ay, (A, U,v),
(AUVERY,

where
B, = {()L, U,v) € (K*\{0}) x L(Z,V)xV :{A,v) =0,
U*AeC* (L—UoA)*Le S*}
and
hy, (A, U,v) = Ub + v,
and, respectively,

D D
(DLI? WMax, b7 (. U.0).

Iy
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where
B = {(A,U,v) e (K*\{0}) x L(Z,V)x V : (A,v) <0,
U*AeC* (L—UoA)*Ac S*}
and
hY (A, U.v) = Ub + v.

Remark 6.27. 1f (A, U,v) € %y, one can easily note that v ¢ qi K U (—qi K),
while when (A, U, v) € 931[; it follows that v ¢ qi K.

An inclusion chain similar to the ones given for their counterparts with respect to
efficient solutions in (6.3.15) holds for these vector duals to (PLI,,), too, extending
thus the one given in [48, Section 5.5] for only some of them in case K = Rﬁ.
Therefore, assuming that forall U € %’}w the pair (K, (L —U o A)(S) 4+ U(C)) has
the property (Q C), one obtains

hi (#])=h; (B]) hi (B hi,(B,) h}(B)=h] (B]).
(6.3.20)

For the primal-dual pair of vector optimization problems (PLI,) — (DLI, ) weak,
strong and converse duality statements can be proven similarly to their counterparts
from Sect. 6.3.2, employing where necessary the modifications performed in the
finitely dimensional case for the same purpose.

Theorem 6.23. There existno x € o/ and (A,U,v) € %, such that Lx <g Ub+v.

Theorem 6.24. If X € W &(PLI,) and one of the regularity conditions (RCV?),
i € {1,2,3,4), is fulfilled, there exists (A\,U,%) € # &(DLL,) such that L% =
Ub +v.

Theorem 6.25. When (A, U,v) € # &(DLI,), L(</) + K is closed and one of
the regularity conditions (RCV?!), i € {1,2,3,4}, is fulfilled, then Ub+7v e
WMin(L (<) +K, K).

Remark 6.28. If X € o« and (A\,U.%) € %, fulfill L¥ = Ub + 7, then the
complementarity conditions (L — U o A)*A,x) = 0 and (U*A,Ax —b) = 0
are fulfilled.

Note that Remarks 6.19, 6.21 and 6.22 remain valid in the framework of this
subsection, too.

For the primal-dual pair of vector optimization problems (PLI,,) — (DLI"), we
deliver weak and strong duality statements, too.
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Theorem 6.26. There existno x € </, U € B} andv € WMin ((L—U o A)(S) +
Uuo), K) such that Lx <g Ub + v.

Theorem 6.27. If x € W &(PLI,) and one of the regularity conditions (RCV_I-’ ),
i €{1,2,3,4}, is fulfilled, there exist U € Wéa(DLIf:I) and v € WMin ((L —Uo
A)(S) + U(C), K) such that Lx = Ub + V.

Regarding the sets of weakly maximal elements of the vector duals we considered

within this subsection, one can show the following statement by following the proof
of Theorem 6.21.

Theorem 6.28. It holds
WMax(h] (% ). K) € WMax(h;,(%,,). K) = WMax(hj (%] ). K)

and the inclusion becomes equality when b # 0.

Remark 6.29. From Theorem 6.27 one can conclude that when one of the regularity
conditions (RCV!), i € {1,2,3,4}, is fulfilled one has WMin(L(«), K) C
WMax (h z (%f ), K). It remains an open challenge to find out under which
hypotheses does this inclusion turn into an equality and also to compare in general
WMax(hz, (%f ), K) with the maximal sets of the image sets considered within
Theorem 6.28.

Remark 6.30. From Theorems 6.24, 6.25, 6.27 and 6.28 one can conclude that
when one of the regularity conditions (RCVI-’ ), i € {1,2,3,4}, is fulfilled, the pair
(K, (L=UoA)(S)+U(C)) has the property (QC) forall U € %}w and L(o/)+ K
is closed the following inclusion scheme holds in case b # 0

WMin(L (&), K) € WMax(h] (%] ), K) = WMax(h] (%} ).K)
= WMax(h;,(%,,). K) = WMax(h} (%] ). K) € WMin(L(#) + K. K),
while if » = 0 one has

WMax(hy (%] ). K) = WMax(h] (%] ). K) € WMin(L(#), K)
< WMax(hy, (%1,). K) = WMax(h} (2] ). K) € WMin(L(&) + K, K).

6.4 Vector Duality for Vector Semidefinite Optimization
Problems

In this section we deal by means of vector duality with a vector optimization
problem consisting in the vector minimization of a matrix function with respect to
the cone of the symmetric positive semidefinite matrices subject to both geometric
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and semidefinite inequality constraints. Let the nonempty set S € R” and the matrix
functions F : R" — % and H : R" — 9™, Fori,j € {1,...,k}, denote by
fi + R" — R the function defined as f;;(x) = (F(x));. Recall that the scalar
product of two matrices A, B € .#* is defined as (A4, B) = Tr(A" B). The primal
semidefinite vector optimization problem we consider now is

(PVS) Min F(x),
x€

where
,sz{xeS:H(x)e—er"},

where the vector minimization is done with respect to the cone . jf

Recall that an element X € o7 is said to be a properly efficient solution in the
sense of linear scalarization to (PVS) if F(x) € PMin.g(F (&), ﬁﬂf), i.e. there
exists a A € 5% such that Tr (ATF()_C)) <Tr (ATF(x)) for all x € &7, and the
set of all the properly efficient solutions to (PVS) in the sense of linear scalarization
is denoted by & 15(PVS). An element X € </ is said to be an efficient solution to
(PVS) if F(x) € Min(F(&), ffﬁ), i.e. there exists no x € & such that F(x) <
F(x), and the set of all the efficient solutions to (PVS) is denoted by & (PVS). A
properly efficient solution X to (PVS) is also efficient to (PVS).

Remark 6.31. Similar vector optimization problems were considered, for instance,
in [111, 112], with all the involved functions taken cone-convex and differentiable,
without the geometric constraint x € S and by considering finitely many similar
semidefinite inequality constraints. Besides delivering optimality conditions regard-
ing the ideal efficient points to considered vector optimization problems, some
investigations via duality were performed for them, too, Lagrange and Wolfe dual
problems being assigned to the attached scalarized problems. Moreover, a Lagrange
type vector dual was proposed in [111], but with a different construction than the
ones considered within this work.

The vector dual problem we assign to (PVS) is inspired by the ones proposed
in Sects.6.2 and 6.3 for primal linear optimization problems and by the ones
considered in [200,201] for vector optimization problems whose image spaces were
partially ordered by the corresponding nonnegative orthants, being

DVS M Hs(A,0Q,P,V),
(DVS) o s(A, 0 )

where

HBs =4(A,Q,P,V)e Y?i x LM x Rk x R P = (py)ij=1...k»
pij €dom fF Vi, j €{l,....k}s.t. A; #0,
k
— 3> Ayp; € dom(QH)%, Tr(ATV) =0
1

i,j=
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and, fori,j =1,...,k,

(Hs(A, Q, P, V));

k
V. fii (py) + —Z(AI)AH(QH)? (— > Aijl’ij) ,if Ay # 0,
= Vi ij=1
0, otherwise,

where z(A) denotes the number of nonzero entries of the matrix A.

Remark 6.32. Like for the other vector dual problems we considered within this
work, one can replace in &y the constraint equality Tr(ATV) = 0 by Tr(ATV) <
0, obtaining thus a vector dual problem to (PVS) with a larger feasible set and,
consequently, image set.

Remark 6.33. If (A, Q, P,V) € s, one can easily note that IV ¢ (Yfﬁ U(—Yfﬁ))\
{0}

Now let us formulate the weak duality statement for (PVS) and (DVS).

Theorem 6.29. There exist no x € of and (A, Q, P,V) € ABs such that F(x) =i
Hg(A,Q, P, V).

Proof. Assume the existence of x € & and (A,Q,P,V) € HBs such that
F(x) =x Hs(A,Q,P,V). Then 0 > Tr(AT(F(x) — Hg(A,Q, P, V))) =
Yo A5 + S () + (QH)F(— X =y Aypy) = (XF ;=) Aypg x —
Tr(Q T H(x)) — 8s(x) — (Zﬁ,‘:l A,-jp,-j)Tx > 0 because x € 7. As this cannot
happen, the assumption we made is false. O

In order to prove strong duality for (DVS) one needs additional hypotheses. The
regularity conditions (RCVY), i € {1,2,3, 4} become in this case

(RCVf)‘ Ix’ € S such that H(x) € —™,
(RCVS)| 0 e ri(H(S) - C),

which is obtained as a special case of both (RCVg ) and (RCV?) due to the fact that
we work here in finitely dimensional spaces, and, respectively,

RCVS)| S is closed and for any A € .#X epi(AF)* + epi(QH)¥ is closed.
4 + N
gesl

Theorem 6.30. If S is a convex set, fj, i,j = 1,...,k, are convex functions,
H is S'-convex, X € P& 5(PVS) and one of the regularity conditions (RCVf ),
i € {1,2,4}, is fulfilled, there exists (A, Q, P,V) € &(DVS) such that F(X) =
Hs(A,Q.P.V).
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Proof. Since X is properly efficient to (PVS), there exists a A € % i such that
Tr(ATF(X)) < Tr(ATF(x)) for all x € /. The fulfillment of any of the
considered regularity conditions yields strong duality for the scalarized optimization
problem attached to (PVS)

inf Tr (AT F
xlélﬂ r( (x))
and its Fenchel-Lagrange dual

sup { = (AF)"(T) = (QH)}(=T).
Qe
TeR”

thus the latter has the optimal solutions Q and 7 and
Tr (AT F(X)) = —(AF)*(T) — (QH)%(-T).

Because fj,i,j = 1,...,k, are convex functions defined on R" with full domain
they are continuous, too, consequently there exist p; € R", i, j = 1,...,k, such
that p; = 0if A; =0,

k
(AF)*(T) Z (Azjf]) (1711) = Z i Jij (f{l)
ij

1_]—1 l_j—l
Aij7é0 Aij7é0

and Y, py = T.Fori,j €{l.....k} take p; = j/ A and
B k
Vi = fi® + f; () + —=—=(OH)5 | = D By

(A)A’J ij=1

if /L-j # 0and p; = p; and 17,7 = f;j(x) otherwise. Then

Tr(ATV)

k

k
Z ’/(x)—i_ftj(pu)‘i'((A)A)(Q )s —Z/L'jp_ij = 0.
ij

= i,j=1

"l,aéo
Consequently, after denoting _15 = (pij)i,j=1...k» One notices that (A,Q,P,V) e
HABs. Assuming that (A, Q, P, V) ¢ &(DVS), employing Theorem 6.29 yields a
contradiction, therefore (A, Q, P, V) € &(DVS). O
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The corresponding statement giving necessary and sufficient optimality condi-
tions for the primal-dual pair of problems (PVS) — (DVS) follows.

Theorem 6.31. (a) If S is a convex set, fi, i,j = 1,...,k, are convex functions,
H is Y'-convex, X € PE5(PVS) and one of the regularity conditions
(RCV,»S), i € {1,2,4}, is fulfilled, there exists (A, Q, P,V) € &(DVS) such
that

(i) F(X)=Hs(A, Q. P.V);
(i) fii(%) + f,y*(ﬁzj) = p; X when Ay # 0;

T

- ko _

(iii) (QH)§ ( Z Al]plj) = - (Zl Asz_zj) X;

IJ— L,]=
(iv) Te(QTH(%)) = 0;
(v) Tr(ATV) = 0;

(b) Assume that ¥ € o and (A, Q,P,V) € 52" X S X (RMy*xk 5 REXK fylfill
the relations (i) — (v), where P = (Pi)ij=1...k- Then X € P& 15(PVS) and
(A, Q,P,V) e &DVS).

Proof. (a) The existence of a (A Q P, V) € &(DVS), where P = (Pij)ij=1...k>

such that F(X) = Hg(A,Q,P,V) is guaranteed by Theorem 6.30. The
relations (i) and (v) are thus satisfied. Moreover,

Tr(ATV)

k k
1 - . .
= > A\ K@+ By + | === | (QH)5 | = Y Ayhi | |,
ij=l, Z(A)Aij ij=1
A#0
and this is actually equal to 0. On the other hand, the Young-Fenchel inequality
yields f;(%) + £ (py) = ﬁi—'j—i and

T
k

(OH)5 | = Y Aypy | +Tr(QTH(D)) = ZA,,p,, 3

i,j=1 i,j=1

which, taking into consideration the equality from above, imply Tr(QT
H(X)) > 0. But Tr(Q " H(%)) < 0 because Q € . and H(X) € -7,
consequently both Young-Fenchel inequalities are fulfilled as equalities and
Tr(Q T H(x)) = 0, hence relations (ii) — (iv) are fulfilled, too.

(b) From (ii) it follows that p; € dom f* for all i,j e {1,...,k} such that
A; # 0, while (jii) yields —Z” |
(v), it follows that (A, Q, P, V) € As.

A,]p,j € dom dom(QH)S. Because of
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Multiplying (if) for f; with /L-j and summing up these relations and also
(iif) — (iv) one obtains

k k

A = * = 1 3 * A =

Yo A i@+ Gy + | —— | Q)5 |- D Aypy | | =0.
=1 () A =1

Ay#0

that yields because of the strong duality for the scalarized optimization problem
attached to (PVS)

. T
xlgf{ Tr (A" F(x))

and its Fenchel-Lagrange dual that x € &1 5(PVS). The efficiency of
(A, Q, P, V) to (DVS) follows immediately by (i) and Theorem 6.29. O

Remark 6.34. A possible way to generalize the investigations made within this
subsection may be by means of the K-semidefinite cone introduced in [85], that
has as special case when K = R” the corresponding cone of positive semidefinite
matrices.



Chapter 7
Monotone Operators Approached via Convex
Analysis

7.1 Historical Overview and Motivation

The monotone operators started being intensively investigated during the 1960’s
by authors like Browder, Brézis or Minty, and it did not take much time until
their connections with convex analysis were noticed by Rockafellar, Gossez and
others. The fact that the (convex) subdifferential of a proper, convex and lower
semicontinuous function is a maximally monotone operator was one of the reasons
for connecting these at a first sight maybe unrelated research fields. One of the
most important challenges of the next decades was to identify a function that could
be associated to a monotone operator in order to help investigating it by means
of convex analysis, in addition to the previously used methods belonging to fixed
point theory and equilibrium problems. Such functions were proposed by Coodey,
Simons or Krauss, but the real breakthrough was brought by Fitzpatrick’s function,
introduced in [86], neglected for more than a decade and independently rediscovered
in the early 2000’s by Martinez-Legaz and Théra, and Burachik and Svaiter,
respectively. Shortly afterwards, the Fitzpatrick family of representative functions
was introduced, offering new tools for approaching the monotone operators via
convex analysis. Since then, the number of papers where different aspects of
monotone operators were investigated, especially by means of convex analysis, has
increased in a spectacular manner, due to authors like Bauschke, Borwein, Bot,
Marques Alves, Martinez-Legaz, Penot, Simons, Svaiter, Voisei, Yao, Zilinescu and
some of the already mentioned ones, besides the new results many older statements
being rediscovered or improved in this way.

Perhaps the most famous problem regarding monotone operators concerns the
maximality of the sum of two maximally monotone operators. Different hypotheses
that guarantee the mentioned outcome were successfully proposed for the case the
space on which the mentioned monotone operators are defined on is reflexive, but
it is still unknown whether they work or not if the space is a general Banach one.
Other interesting problems involving monotone operators regard their surjectivity
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properties, the properties of their domains and ranges, the relations between
different classes of them, their extensions etc. The investigations on monotone
operators have led to advances back in convex analysis, too, let us mention here
only the notions of Fenchel totally unstable functions (cf. [21, 190]) or sets that are
closed regarding others (cf. [42, 45]). Moreover, the algorithms for finding zeros
of (combinations of) monotone operators were successfully employed for solving
convex optimization problems, too.

The sum of the ranges of two monotone operators defined on Banach spaces is
usually larger than the range of their sum. Under some additional conditions these
sets are almost equal, i.e. their interiors and closures coincide. Brézis and Haraux
brought the first contributions in this directions in [60] and since then determining
when the sum of the ranges of two monotone operators is almost equal in the
sense mentioned above to the range of their sum is known as the Brézis-Haraux
approximation problem, being treated in works like [9, 70, 72,73, 171, 176, 190].
There is a rich literature on the applications of the Brézis-Haraux approximation,
let us mention here only the ones for variational inequality problems, Hammerstein
equations and Neumann problem (cf. [60]), complementarity problems (cf. [70]),
generalized equations of maximally monotone type (cf. [171]) and Bregman and
projection algorithms. Our contributions to this topic, summarized in Sect. 7.3 and
originally published in [35,40, 42, 44], concern Brézis-Haraux type approximation
statements for the sum of a monotone operator with the composition with a linear
mapping of another one, where the involved spaces are general Banach ones. When
particularizing the involved operators to subdifferentials of proper, convex and
lower semicontinuous functions, some statements from [70, 176] are corrected and
extended, respectively.

Problems arising from fields like inverse problems, Fenchel-Rockafellar and
Singer-Toland duality schemes, Clarke-Ekeland least action principle (cf. [5]),
variational inequalities (cf. [19]), Schrodinger equations and others (cf. [4]) can be
modelled to lead to the surjectivity or the identification of zeros of a combination
of monotone operators. These, together with the known surjectivity properties of
a monotone operator, let us mention just the classical ones due to Minty and
Rockafellar (see, for instance, [190]), respectively, motivated the investigations
regarding the ranges of combinations of monotone operators whose outcomes were
published in recent works such as [162,163,177,190,222]. In Sect. 7.4 we present,
following our paper [30], weak closedness type conditions involving representative
functions that equivalently characterize or guarantee the surjectivity of a sum of a
maximally monotone operator with a translation of another one. Particularizing then
these results for the zeros of the mentioned sum and for the case when the involved
monotone operators are subdifferentials, we improved several recent statements
from the literature.

Similarities and connections between monotone operators and bifunctions were
noticed in the seminal paper [12], followed by works like [116, 135, 160], where
the latter were investigated mostly by means of equilibrium problems and different
maximality or boundedness results for them were provided. On the other hand, we
proposed in [33] a way to deal with the maximal monotonicity of the bifunctions
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by means of representative functions and this path was followed in very recent
papers like [2, 136]. In Sect. 7.5 we attach to a bifunction two functions which are
then used for approaching the maximal monotonicity of the bifunction by means
of convex analysis. We succeeded to extend in this way to general Banach spaces
some results known in the literature only for reflexive ones. Moreover, we provided
positive answers to some recently posed conjectures from [135, 136].

7.2 Preliminaries on Monotone Operators

Before proceeding with our investigations on monotone operators, we present some
notions and preliminary results used later in the exposition, following [19,21,65,86,
104,161,172,173,190,221] and some of the references therein.

7.2.1 Monotone Operators

Within this chapter, unless otherwise mentioned, the involved spaces will be
considered to be Banach spaces, equipped with norms usually denoted by | - ||,
while the norm on its dual space is denoted by || - ||«. Let X and Y be nontrivial real
Banach spaces. We present first the definition of a monotone operator, followed by
ones of different properties the latter can have.

Definition 7.1. A multifunction 7" : X = X™ is called a monotone operator
provided that for any x, y € X one has (y* — x*, y — x) > 0 whenever x* € T(x)
and y* € T(y).

Having a monotone operator 7T : X = X7*, its domain is the set D(T) =
{x € X : T(x) # @}, its range is R(T) = U{T(x) : x € X}, while its graph
is G(T) = {(x,x*) : x € X,x* € T(x)}. One can also consider the monotone
operator —7' : X = X™* whose graphis G(—=T) = {(x,x*) € XxX* : (x,—x%) €
G(T)}.

Definition 7.2. The monotone operator 7 : X =2 X* is called maximal when its

graph is not properly included in the graph of any other monotone operator 7" :
X =2 X"

The next class of monotone operators was introduced in [104] and afterwards it
was shown that it coincides in the maximality case with some other ones considered
in various circumstances in the literature.

Definition 7.3. A monotone operator 7' : X = X™ is called of rype (D) provided
that each element of its monotone closure operator T : X ** = X*,

G(T) = {(x* . x*) e X™ x X*: (x™ —y,x* —y*) =0V (y.y") € G(T)}
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is the limit in the weak™x strong topology of X** x X* of a bounded net
{(xi,x[)i} € G(T).

Remark 7.1. The monotone closure is not the only closure of a monotone operator
considered in the literature. Another one can be found, for instance, in [62].

Remark 7.2. In reflexive Banach spaces every maximally monotone operator is of
type (D) and coincides with its closure operator. On the other hand, not every
monotone operator of type (D) is maximal, as the example presented in [104,
Remarques 2, p.376] shows. Note also that according to [173], cl R(T) = cl R(T)
for any monotone operator 7 : X = X*.

Another class of monotone operators we consider within this work is the
following one, originally introduced in [60], but mentioned in the literature under
different names like star-monotone operators (see [171]), 3*-monotone operators
(cf. [70,176,217]) and (BH )-operators (in [72,73]).

Definition 7.4. A monotone operator 7 : X = X* is said to be rectangular
if for all x* € R(T) and x € D(T) there is some B(x*,x) € R such that

inf(y yecr) (X* = y*, x —y) = B(x*, x).

Example 7.1. The subdifferential of a proper, convex and lower semicontinuous
function defined on X is a classical example for all these classes of monotone
operators. In [104, Théoréme 3.1] it was proven that it is a monotone operator of
type (D), according to [217] (see also [190]) it is rectangular, while its maximal
monotonicity was proven for the first time in [179]. However, one can find in the
literature (see, for instance, [9, 10, 104, 190]) also examples of monotone operators
belonging to the mentioned classes that are not subdifferentials. Moreover, in [10,
Example 5.4] one can find a maximally monotone operator that is not rectangular,
while in [10, Example 3.3] a rectangular monotone operator that is not maximal is
mentioned.

Remark 7.3. One of the most important maximally monotone operators is the
duality map
X3 X",
F0 = (51 P)) = e X* el = 6 = (") e X,
that can be used, for instance, as noted below, for formulating a maximality

criterium for a monotone operator.

The following statements from [19] and [176], respectively, will be used later in
our investigations.

Lemma 7.1. When X is a reflexive Banach space, a monotone operator T : X =
X* is maximal if and only if the mapping T'(x + -) + _Z(:) is surjective for all
xeX.



7.2 Preliminaries on Monotone Operators 227

Lemma 7.2. Given the monotone operator of type (D) T : X = X* and the
nonempty subset E C X™* such that for any x* € E there is some x € X Julfilling
inf(, yoyeqry (X* — y*, x —y) > —o0, one has E C cl(R(T)) and int(E) € R(T).

7.2.2 Representative Functions

In order to deal with monotone operators by means of convex analysis, different
functions were attached to them in the literature. The one that has facilitated the
most important progresses in this direction is the one introduced by Fitzpatrick in
[86].

Definition 7.5. The Fitzpatrick function attached to the monotone operator T :
X = X*is

or : X x X* > R, or(x,x*) = sup {(y*. x) + (x*.y) — (y*.y) : y* € Ty}.

The Fitzpatrick function attached to any monotone operator is convex and weak-
weak™® lower semicontinuous. Moreover, using it one can show that a monotone
operator T : X = X* is rectangular if and only if D(T) x R(T) C dom¢r.
Note also that in [9] one can find interesting connections between rectangular
monotone operators and almost convex sets (that are called there nearly convex).
The function ¥ := co(c + 8g(r)), where the closure is considered in the strong
topology, is very well connected to the Fitzpatrick function. On X x X* we have

;T = ¢@r and, when X is a reflexive Banach space, one also has @?T = Yr.
If T : X = X* is maximally monotone, then ¢7 > ¢ and G(T) = {(x,x*) €
X x X* ¢ or(x,x*) = (x* x)}. These properties of the Fitzpatrick function
motivate attaching to monotone operators other functions, as follows.

Definition 7.6. Given the monotone operator 7 : X = X*, a convex and strong-
strong lower semicontinuous function Ay : X x X* — R fulfilling k7 > ¢ and
G(T) C{(x,x*) € X x X* : hy(x,x™) = c(x, x™)} is said to be a representative
function of T. The set Zr of all the representative functions of the monotone
operator T is said to be the Fitzpatrick family of T .

Note that if G(T") # @ (in particular if 7 is maximally monotone), then every
representative function of 7' is proper. It follows immediately that o7, ¥ € Zr.
If f: X — Ris a proper, convex and lower semicontinuous function, then the
function (x,x*) — f(x) + f*(x*) is a representative function of the maximally
monotone operator df : X = X* and we call it the Fenchel representative function
(cf. [30]). If f is moreover sublinear, the only representative function associated to
df is the Fenchel one, which coincides in this case with the Fitzpatrick function of
df . Some properties of maximally monotone operators and representative functions
attached to them that we need further follow (cf. [65]).
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Lemma 7.3. Let T : X = X* be a maximally monotone operator and hy € Fr.
Then

() or(x,x*) < hr(x,x*) < Yr(x,x*) forall (x,x*) e X x X*;
(ii) The restriction of h"T‘T to X x X* is also a representative function of T,
(iii) {(x.x*) € X x X* : hy(x,x*) = c(x,x*)} = {(x.x*) € X x X* :
hET (x, x*) = c(x,x*)} = G(T).

Given the monotone operator 7 : X = X™* with G(T) # @ and hy € Fr,
denote by hr : X x X* — R the function defined as };T(x,x*) = hr(x,—x%),
x € X, x* € X* Note that fT is proper, convex and strong-strong lower
semicontinuous, too and ﬁr(x,x*) > —(x*,x) and l;"}(x*,x) = h}(x*, —x) for
allx € X and all x* € X*.

Let us now give two maximality criteria for monotone operators involving convex
functions, the first one, following [65, Theorem 3.1] and [172, Proposition 2.1],
in reflexive spaces, the other one originally given in [161, Theorem 3.1] with the
hypothesis 0 € sqri (Prx (dom h)) and generalized by translation arguments as
given below in [33].

Lemma 7.4. Let X be reflexive. If h : X x X* — R is a proper, convex and
lower semicontinuous function with h > c, then the monotone operator {(x,x*) €
X x X*:h(x,x*) = c(x,x*)} is maximal if and only if 1*T > c.

Lemma7.5. Leth : X x X* — R be a proper and convex function with h > c¢
and h*T > ¢ on X x X*. If sqri Pry(dom ) # @, then the operator {(x,x*) €
X X X*:h*(x*,x) = c(x, x*)} is maximally monotone.

7.3 Brézis-Haraux Type Approximations

We give in this section some results concerning the so-called Brézis-Haraux type
approximation of the range of the sum of a monotone operator with a monotone
operator composed with a linear continuous mapping, following our papers [35, 40,
42,44]. These results are then particularized by taking for the monotone operators
the subdifferentials of some proper, convex and lower semicontinuous functions.

7.3.1 Brézis-Haraux Type Approximations for Sums
of Rectangular Monotone Operators

Consider two monotone operators § : X == X*and T : Y = Y™ and a linear
continuous mapping A : X — Y. Itis known that S + A* o T o A is a monotone
operator and under certain conditions it is maximally monotone (see [42,44, 171,
172], for instance). The construction S + A* o T o A encompasses at least two
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important special cases. Taking S to be the zero operator defined as S(x) = {0} for
all x € X, the results we give provide their counterparts for the composition of a
monotone operator with a linear continuous mapping, while when X = Y and 4 is
the identity mapping of X one obtains corresponding results regarding the sum of
two monotone operators. We show first that S + A* o T o A is rectangular when S
and T are rectangular monotone operators.

Theorem 7.1. If the monotone operators S and T are rectangular, then S + A* o
T o A is rectangular, too.

Proof. If D(S + A* o T o A) = @, the conclusion arises trivially. Otherwise take
w* € R(S + A* o T o A), i.e. there are some w € X and x*,z* € X* such that
x*eSw),z* € A*oT o A(w)and w* = x* + 7*. Letx € D(S + A* o T 0 A).
We have

inf w*—y* x—y) = inf x4+ =W v, x—
(y.y*)EG(S+A*oToA)( Y y) (y.u*)EG(S), ( ( ) y>
(yv*)EG(A*0ToA),
u*yr=y*
> inf x*—-ut,x—y)+ inf =y x—y). 7.3.1
- (y,u*)GG(S)< y) (y,v*)EG(A*OTOA)< y) ( )

Asz* € A* o T o A(w), there is some r* € T o A(w) such that z* = A*r*. Clearly,
r* € R(T). Denote u = Ax € D(T). When v* € A* o T o A(y) there is some
s* € T o A(y) such that v¥ = A*s*. We have

inf v x—y) = inf A*r* — A%s*, x —
(y,v*)EG(A*oToA)( y> (y,s*)EG(ToA)< y)

= inf rt—s* A(x — > inf  (r*—s*u—v) > B@*, u) €R,
(y,s*)eG(ToA)( ( y)> - (VJ*)GG(T)( ) = ﬁ( )

since T is rectangular. As S is also rectangular, (7.3.1) yields that S + A* o T o A
is rectangular, too. O

Remark 7.4. Taking X = Y and A to be the identity mapping of X, one rediscovers
as a special case of Theorem 7.1 the result given in [9, Lemma 11], i.e. that the sum
of two rectangular monotone operators is rectangular, too.

The next statement provides a Brézis-Haraux type approximation of the range of
S + A* o T o A through the ranges of the monotone operators S and 7.

Theorem 7.2. If the monotone operators S and T are rectangular and S + A* o
T o A is of type (D), one has

(i) clR(S + A* o T 0 A) = cl(R(S) + A*(R(T))) = cl R(S + A* o T o A);
(i) int R(S + A* o T o A) C int(R(S) + A*(R(T))) S int R(S + A* o T o A).
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Proof. As the monotone operator S + A* o T o A is of type (D) its domain is
nonempty, thus D(S) N D(A* o T o A) # @. By Theorem 7.1 we obtain that it is
rectangular, too.

Take x* € R(S + A* o T o A). Then there exist x € D(S + A* o T o A)
and y*,z* € X* such that x* = y* +z*, y* € S(x) and z* € A* o T o A(x).
Obviously z* € A*(R(T)), thus x* = y*+z* € R(S)+ A*(R(T)). Consequently
R(S+ A*oToA) C R(S)+ A*(R(T)) and the same inclusion exists also between
the closures, respectively the interiors, of these sets.

Let now x* € R(S) + A*(R(T)), thus there are some x| € R(S), x} € R(A* o
T o A) and z* € R(T) such that x* = x{ 4+ xJ and x; = A*z*. Taking an
x € D(S + A* o T o A) there holds

inf x*—y* x—y) = inf x4 xF - +v), x—
(y,y*)eG(S-i—A*oToA)( y y) s {(x1 +x; = ( ). x—y)
(yvF)EG(A*0T o),
wry*=y*
> inf  (xf—u*,x—y)+ inf (x5 —v* ., x —y) > —o0,

T (u)EG(S) (y.v*)EG(A*0ToA)

as both S and A* o T o A are rectangular. Applying Lemma 7.2 for £ = R(S) +
A*(R(T))and S+ A*oT o A, we obtain that R(S)+A*(R(T)) S cl R(S+A*oTo
A) and int(R(S) + A*(R(T))) € R(S + A* o T o A). Taking into consideration
what we have already proven above, (i) and (if) follow. O

Remark 7.5. Taking X = Y and A to be the identity mapping of X, one rediscovers
as a special case of Theorem 7.2 the result given in [70, Theorem 3.1] and [176,
Theorem 1].

When X is moreover reflexive the inequalities in Theorem 7.2(ii) turn into
equalities and we get a more accurate Brézis-Haraux approximation of the range
of S + A* o T o A.

Theorem 7.3. Ifthe Banach space X is moreover reflexive, the monotone operators
S and T are rectangular and S + A* o T o A is maximally monotone, one has

(i) cl(R(S) + A*(R(T))) = cl R(S + A* o T o A);
(i) int R(S + A* o T o A) = int(R(S) + A*(R(T))).

Proof. As X is reflexive, the maximally monotone operator S + A* o T o A is of
type (D), t00,and S + A*oT o A =S 4+ A* o T o A. The conclusion follows via
Theorem 7.2. O

Remark 7.6. Taking X = Y and A to be the identity mapping of X, one rediscovers
as a special case of Theorem 7.3 the result given in [70, Corollary 3.1] and [176,
Corollary 1].
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7.3.2 Brézis-Haraux Type Approximations for Sums
of Subdifferentials

Now we turn our attention to the most famous example for many classes of
monotone operators, namely the subdifferential of a proper, convex and lower semi-
continuous function. Let the proper, convex and lower semicontinuous functions f :
X — Rand g : Y — R, and the linear continuous mapping A : X — Y fulfilling
the feasibility condition A(dom f) Ndom g # @. Like in Sects. 2.2.3, 2.3.3, and the
other places where we dealt with unconstrained optimization problems, let us note
that valuable special cases of the results presented in the following can be obtained
by taking X = Y and A to be the identity mapping of X and, respectively, when f
is the zero function. Before giving a Brézis-Haraux type statement involving ranges
of subdifferentials, we introduce the following regularity condition inspired from
(RCY)

(RCMPM) | epi f* + (A* x idg)(epi g¥) is closed in the topology (X *, X) X Z.

Theorem 7.4. If (RCMB™) is valid, then one has

(i) cl(R(Af) + A*(R(3g))) =clR(f + A*odgo A) = clR(I(f + g o A));
(ii) int R(O(f +goA)) =int R(Af + A*0dgo A) C int(R(3f) + A*(R(dg))) C
int D@(f*OA*g*)) =intD(A(f + g o A)*).

Proof. As f, g and f + g o A are proper, convex and lower semicontinuous, by
Example 7.1 we know that d( f + g o A) is a monotone operator of type (D), while
df and dg are rectangular.

By Corollary 2.14 we know that (RCM®") implies df + A* o dgo A = d(f +
g o A), therefore df + A* o dg o A is maximally monotone operator of type (D),
too.

Applying Theorem 7.2 for S = df and T = dg we get

CcI(R(Df) + A*(R(3g))) = cl R(If + A* 0 dg o A) = cl R(B(f + g o A)).

ie. (i), and

intR(Af + A% 0dgoA) Cint(R(f) + A*(R(3f))) Cint R(df + A* o dg o A),
which becomes

int R(f + g o A)) C int(R(Df) + A*(R(3g)))  int RA(f + g o A)).
(7.3.2)

From Sect. 2.2.3 one can deduce that under (RCM®") it holds (f + g o A)* =
f*OA*g*, by [104, Théoréme 3.1] we get R(d(f +go A)) = DO(f + go
A)*) = D(0(f*0OA*g*)). Combining this with (7.3.2) one gets (ii). |
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Remark 7.7. Similar results to the ones in Theorem 7.4 have been obtained for the
case when X = Y and A4 is the identity mapping of X in [176, Corollary 2] and
[70, Corollary 3.2], under the hypothesis that | J,.,f(dom f — dom g) is a closed
linear subspace of X. However, some of the results obtained there are not true in
general Banach spaces. In [176] it is claimed that the mentioned hypotheses yield
int(R(df) + R(dg)) = int D(A(f*Tg*)), while according to [70] they imply that
int(R(0f) + R(3g)) = int D(A(f + g)*). However, as the situation depicted in
Example 7.2, which is due to Fitzpatrick and was brought into our attention by [173,
Example 2.21], shows, these conclusions can be false when working in nonreflexive
Banach spaces.

Example 7.2. Take X = cy, the space of the real sequences converging to 0, which
is a nonreflexive Banach space with the usual norm ||x|| = sup,- |x,| for x =
(Xn)n>1 € co, and let f, g : co — R, with f taking everywhere the value 0 and
g(x) = ||x||+|x—e]|, forall x € ¢y, wheree; = (1,0,0,...) € ¢o. Both functions
f and g are proper, convex and continuous and the regularity condition required in
[70, 176] is fulfilled. Moreover for any x € ¢ one has dg(x) = 9| - ||[(x) + 9] -
—e||(x). The dual space of ¢ is £', which consists of all the sequences y = (y,)n>1
such that | y||« = Z;:? |y.| < +00. Denote by F the set of sequences in £! having
finitely many nonzero entries and by B* the closed unit ball in £'.

It is known that || - |*(y) = 0if ||y]l« < 1 and | - ||*(y) = 400 otherwise,
which leads to 9| - [|(x) = B* if x = 0, 9] - [(e1) = {er}. 9] - [[(—er) = {—e1}
and || - [|[(x) = {y € €' : ||y]l« < 1, (y.x) = ||x|} € F, otherwise, where we
note that e; € £', too. Moreover, we have 3| - —e;|(x) = 3| - |(x — e;) for any
X € c¢o. Further one gets dg(0) = —e; + B* and dg(e;) = e; + B*. Otherwise, i.e.
if x € ¢o\{0, e}, dg(x) C F. Therefore

R(3g) € (—e; + B*) U (e; + B*) U F. (7.3.3)

Since int R(dg) includes int B* + e, assuming it convex yields 0 = 1/2(e; —e;) €
int R(dg). Hence there exists a neighborhood of 0, say U, completely included in
R(0g). Take some A > O sufficiently small such that

A A A
V(A)Z (0,;,;,?,...) eU.

Thus v(1) € R(dg). One can check that |[v(A) £ e[« = 1 + % > 1, so, taking into
consideration (7.3.3), v(A) must be in F. It is clear that this does not happen, thus
we reached a contradiction. Therefore int R(dg) is not convex, unlike int R(3g),
whose convexity follows via [189, Theorem 20].

On the other hand, the relations claimed in [70, 176] to be valid and mentioned
in Remark 7.7 become both now int R(dg) = int D(dg*), which is equivalent, via
[104, Théoréme 3.1], to int R(dg) = int R(dg). But, as we have seen above, this
does not happen for f and g as selected above, thus the allegations concerning the
interior of the sum of the ranges of two subdifferentials in [70, 176] are false.
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In the light of Remark 7.7 and Example 7.2, let us give below the consequence
of Theorem 7.4 for the case X = Y and A is the identity mapping of X which
corrects and generalizes, by asking the fulfillment of a weaker regularity condition,
[176, Corollary 2] and [70, Corollary 3.2].

Corollary 7.1. Let f and g be two proper, convex and lower semicontinuous
functions on the Banach space X with extended real values such that dom f N
dom g # @. Assuming that

epi f* + epi g¥is closed in the product topology o(X*, X) X X,

one has
(i) cl(R(Af) + R(3g)) = clR(f +dg) = cLR((f + g));
(ii) intR@f + dg) = intRO(f + g)) < int(R@Af) + R(g)) <

int D(A(f*0g*)) = int DO((f + £)*)).

Remark 7.8. Considering moreover that the Banach space X is reflexive, Theo-
rem 7.3 yields that the inclusions in Corollary 7.1(ii) turn into equalities.

7.3.3 Applications of the Brézis-Haraux Type Approximations

Besides the fields of applications of the Brézis-Haraux type approximations men-
tioned before (see, for instance, [60, 171]), we present below two concrete ways to
apply the results we provided within this section.

7.3.3.1 Existence of a Solution to an Optimization Problem

Let the proper, convex and lower semicontinuous functions f : X — Rand g :
Y — R and the linear continuous mapping A : X — Y such that A(dom f) N
domg # 0.

Theorem 7.5. Assume that (RCMP") is satisfied and moreover that 0 €
int(R (f) + A*(R(0g))). Then there exists a neighborhood V of 0 in X * such that
for all x* €V there exists an X € dom f N A~'(dom g) for which

S(X) + g(A%) — (x", X) = min [f(x) + g(Ax) — (x*,x)].

Proof. By Theorem 7.4 we have int(R(3f) + A*(R(dg))) C int D(I(f*TA*g*)),
thus 0 € int D(d(f*0A*g*)), i.e. there is a neighborhood V of 0 in X* such that
VS D@O(f*0A4%g")) = DO((f + g o A))).

Let x* € V. The properties of the subdifferential yield that there is an X €
dom f N A~'(dom g) such that (f + g o A)*(x*) + (f + g o A)**(X) = (x*, %).
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As f + g o A is a proper, convex and lower semicontinuous function we have
(f + g0 A)** = f + g o A, hence the equality stated above becomes

F) +g(AX) = (x". %) = —(f +goA)"(x") = —max{(x", x) — f(x) —g(4x)},

yielding thus the conclusion. O

Remark 7.9. Under the hypotheses of Theorem 7.5, (RCM?) is equivalent to

inf [ f(x)+g(Ax)— (x*,x)] = max {— f*(x*—A*y*)—g*(y*)} Vx* € X*.
x€X yrer*

Thus one may notice that the conclusion of the mentioned statement can be refined
in the sense that the outcome is something that may be called locally stable total
Fenchel duality, i.e. the situation where both the primal and the dual problem have
optimal solutions and their values coincide for small enough linear perturbations of
the objective function of the primal problem. Let us notice moreover that as 0 € V,
for x* = 0 we obtain also the Fenchel total duality statement, too.

7.3.3.2 Existence of a Solution to a Complementarity Problem

Consider now X to be a reflexive Banach space, let C C X be a closed convex cone
and S : X = X™* a maximally monotone operator. In the following we will show
that Theorem 7.3 can guarantee under certain hypotheses the existence of a solution
to the complementarity problem (cf. [70])

xeC, x*eC*,
(CP) (x*,x) =0,
x* e S(x).

But before we can prove the mentioned statement we have to mention a recent
result of ours, originally given in [42,44]. Recall that the sum of two maximally
monotone operators is always a monotone operator that in general fails to be
maximal and the problem of finding hypotheses that guarantee its maximality has
been firstly solved in [180].

Lemma 7.6. Given two maximally monotone operators S,T : X = X*, if the
condition

(RCM™M) (O +y*,x,9,7) 195 (x*, x) + @7 (y*, y) < r}is closed
regarding the subspace X* x Ay x R,

is fulfilled then S + T is a maximally monotone operator, too.
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Proof. Fix first some z € X and z* € X*. We prove that there is always an X € X
such that z* € (S +T)(x¥+z)+ _Z (X). Consider the functions f, g : X xX* — R,
defined by

S = inf fes(x+ 20"+ =y +er(x +2,y7)] - (x" +27.2)
¥
and
* 1 2 1 * 12 * * *
gl x") = Sl S 1" = (v, (o) € X x X,
Let us calculate the conjugates of f and g. For any (w*,w) € X* x X we have

frotw = sup {072 4 (" ow) = inf s (et 2x” 42— y)
XEX, y
x*ex*

+or(x + 2, ")+ {x* —i—z*,z)} = sup {(W.x)+ (x"w)+ (xF +25.2)

x€X,
x* y*ex*

—ps(x + 2. X"+ =y ) —er(x + 2.y} = sup {(Whu—z)+ (U + "

ueX,

u*.yE*eX*
_Z*,W)+(u*+y*vZ>_‘Ps(uvu*)_(PT(“»y*)}: sup {(W*,M)+<M*+y*,
ueX,
u* y*ex*

w+2) — s u®) —or(u, y*)} = (w*.2) = (%, w).

Considering the function F : X x X x X* x X* — R, F(a,b,a*,b*) =
os(a,a*)+or (b, b*) and the linear mappings 4 : X x X *xX* — X x X xX*xX*,
A(a,a*,b*) = (a,a,a*,b*)and M : X* x X - X* x X x X,M(a*,a) =
(a*,a,a), we have that

W, w) = (FoA)*(MW*,w+2)— (W, z) — (", w) V(w*, w) € X* x X.
Because F* : X* x X* x X x X — R, F*(a*,b*,a.b) = ps(a*,a) + o7 (b*,b)

and A* : X*x X*x X xX > X*x X x X, A*(a*,b*,a,b) = (a* + b*,a,b),
one has

A* x idg(epi(F*)) = {(a* + b*,a,b,r) : 9i(a*,a) + ¢7.(b*,b) <r}.
Knowing that In M x R = X* x Ay x R, the regularity condition (RCM™) is

equivalent to saying that A* xidg (epi( F*)) is closed regarding the subspace Im M x
R. So, by Theorem 2.10, we have that for any (w*, w) € X* x X it holds

(F o A)*(M(W*,w + 2))
= min {F*(a*,b*,a,b) c(@* +b*,a,b) = wW*,w +z,w+z)}.
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Back to f*, one gets immediately that for any (w*,w) € X* x X

f*(W*’W) = min - [(pg‘(a*,w + Z) + (p;:(b*vw + Z)] - (W*,Z) - (Z*,W).

a*+b*=w

Regarding g*, the conjugate of g, for any (w*,w) € X* x X one has

1 1
g w) = sup {w* x) + (¢ w) = oI S I3+ ()
XEX, 2 2
x*ex*

o] o1
= sup {(w* +2".x) = S %12} + sup_ {(x* ) — Sl

x€X x*ex*
1 1
= S 2+ Sl
For any (x,x*) € X x X* and y* € X*, by Lemma 7.3 one gets
ps(x +z2,x" + 25—y ) +or(x + 2. y") — (x* + 2", 2) + g(x. x¥) =
(X*+2" =y x+)+ (0 x+ ) - (X + )+
1 2 [ 2 * 1 2 Lo *
SIS = (. x) = el + S + 7 x) 2 0.

Taking in the left-hand side the infimum subject to all y* € X*, we get
S, x*)+g(x, x*) > 0. Thus inf(y y+yexxx*[f(x, x*)+g(x, x*)] > 0. Because of
the convexity of f and g and since the latter is continuous Fenchel’s duality theorem
(cf. [48, Theorem 3.3.7]) guarantees the existence of a pair (X*, x¥) € X* x X such
that

i f s * s * — __f* *7 o *( *7_
(x,x*)HelXXX*[f(x * )+g(x X )] (x*,xrflea))((*xx{ f (x x) g ( X x)}

Using the result from above, one gets f*(X*, X) + g*(—Xx*, —X) < 0. So there are
some a* and b* in X * such that a* + b* = X* and

—% = * 1k = =% * = 1 =% * 1 =
@, x+2)+er(* . x+2)—(¥*,2)—(z ,x)+§||—x +z ||i+§||—x||250.
Taking into account that a* + b* = X*, we get

0> (p3(@*, % +2)—(@* % +2)) + (pr(b*, X +2) — (b*, X + 2))

- R S 1 _
(-2 I -+ S 1EP) 20,
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where the last inequality comes from Lemma 7.3. Thus the inequalities above must
hold as equalities, hence

ps@*. % +2) = (@ x+z2). gr(b*.x+2) = (b*. ¥ +2).
and

_ - _ L _ - 1, _
(@ 4+ 5" =2 %)+ S+ 5"~ I+ S1EP = 0.

These three equalities are equivalent, due to Lemma 7.3, to a* € S(x + z), b* €
T (X + z) and, respectively,

* — % 7 % 1 = =
& —at = e 5| P® = S ().
Summing these three relations up, one gets

F—ad b A+ e (S +TE+2)+ ).

As z and z* have been arbitrarily chosen, the conclusion follows via Lemma 7.1. O

Remark 7.10. The regularity condition (RCM™) we gave in Lemma 7.6 is the
weakest in the literature that guarantees the maximal monotonicity of the sum of
two maximally monotone operators. For a review on more restrictive regularity
conditions that deliver the same outcome the reader is referred to [44]. Note more-
over that in [21, Theorem 25.4] one can find another weak regularity condition for
this, that is formulated via arbitrary representative functions attached to the involved
maximally monotone operators, while in [42, Theorem 1] and [21, Theorem 25.1]
(see also [38]) weak hypotheses that guarantee the maximal monotonicity of the
sum of a maximally monotone operator with another one that is composed with a
linear continuous mapping are provided.

Now we are ready to formulate the announced assertion regarding the existence
of a solution to (CP).

Theorem 7.6. Suppose that the monotone operator S is maximal and rectangular,

the regularity condition

(RCMC) {(x*+y* . x, 1) (x*,x,7) €epi(ps),y € C,y* € —C*} is closed
regarding the subspace X* x Ay x R,

is satisfied and 0 € int(R(S)—C*). Then the complementarity problem (CP) admits
a solution.
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Proof. Recall first that §& = §_¢» and Nc(x) = {y* € —C* : (y*,x) = 0} for all
x € C. Moreover, R(N¢c) = —C* since R(N¢c) € —C* = N¢(0).
The Fitzpatrick function attached to N¢ is, when (x,x*) € X x X*,

PN (e, x™) = sup {(yFx) 4+ (xFy) = (0 )}
(y.y*)€G(Nc)

0, ifxeC,x*e-C*

—_— * * J—
B yec,jgg—c*,{w RN { +00, otherwise,

(r*.y)=0
while its conjugate at (z*,z) € X* x X is
v @2 = sup {(ZFx) + (x",2)} =

x€C,
x*e-C*

0, ifzeC, 7*e-C*,
+o00, otherwise.

As (RCM©) is actually (RCM™) for S and N, the maximality of the monotone
operator S + N¢ is secured via Lemma 7.6, so by Theorem 7.3 one gets

int(R(S) — C*) = int(R(S) + R(N¢)) = int R(S + N¢).

Then we get 0 € int R(S + N¢), thus 0 € R(S 4 N¢), i.e. there exists an x € C
such that 0 € (S 4+ N¢)(x). Thus we found an x* € S(x) such that —x* € —N¢ (x),
which, since N¢ (x) € C*, yields that (x, x*) is a solution to (CP). O

7.4 Surjectivity Results Involving the Sum of Two Maximally
Monotone Operators

In this section we approach by means of convex analysis different surjectivity
problems involving maximally monotone operators defined on a reflexive Banach
space, following our paper [30]. First we deliver characterizations via closedness
type regularity conditions involving representative functions of the surjectivity of
the sum of a maximally monotone operator with a translation of another one.
Besides particularizing them for some valuable special cases, we derive from these
equivalences regularity conditions for guaranteeing the surjectivity of the sum of
two maximally monotone operators and different particular instances of it that are
weaker than their previous counterparts from the literature.
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7.4.1 Surjectivity Results for the Sum of Two Maximally
Monotone Operators

Let X be a reflexive Banach space and S and 7 be two maximally monotone
operators defined on X. Before giving the first main statement of this subsection,
the following observation is necessary.

Remark 7.11. Let p € X and p* € X*. Then p* € R(S(p +-) + T'(+)) if and only
if (p, p*) € G(S) — G(-T).

Theorem 7.7. Let p € X and p* € X*. The following statements are equivalent

() p* € R(S(p+) + TO); A

(ii) forallhs € Fs and all ht € Fr one has domhg N (domhr + (p, p*)) # 0
and the function h§D(ﬁ*} +{(p*, p), (, ))) is lower semicontinuous at (p*, p)
and exact at (p*, p);

(iii) there exisths € Fg and hy € S fulfilling dom hg ﬂ(domﬁr +(p,p*) #0
such that the function h’S‘D(ﬁ; + ((p*, p). (-.*))) is lower semicontinuous at
(p*, p) and exact at (p*, p).

Proof. Note first that the assertion “(if) = (iii)” is immediate and one also has

(hr (= p.-—p))" = i3+ (p*.) + (- ). (7.4.4)

“(iif)y = (i)” Proposition 2.1 yields the equivalence of (iii) to

(hs +hr(-=p.-=p"))'(p*.p) =  min_[W5(p* —u*, p—u)

u*eX* ueXx

R u) + (p*ou) + (i, p] 745

Denoting by (#*, ) € X* x X the point where this minimum is attained, we obtain,
via Lemma 7.3,

(hs +hr(-—=p.-— p")) (", p) = W5 (p* =", p — ) + hF @, @) + (p*. )
+(@*, p) = (p*—u", p—u)—(u*, u) +(p* u)+ (", p)=(p*.p).  (7.4.6)
But Lemma 7.3 also yields for every x € X and x* € X*

(hs + hr(-— p.-— p*)(x, x*) = (x*, x) + (—(x* — p*), x — p)
= (x*, p) + (p*.x) — (p*. p).
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thus (p*, p) = (x*, p) + (p*,. x) — (hs + l;T(~ —p,-—p*))(x, x*). Consequently,

(hs + hr (= p.-—p")) (p*, p) < (p*, p). (7.4.7)

Together with (7.4.6) this yields

(hs + hr(-— p.-— p") " (p*. p) = (p*. p).

and consequently the inequalities invoked to obtain (7.4.6) must be fulfilled as
equalities. Therefore

hs(p* —u*,p—u) = (p*—u*, p—u) and ﬁ;(ﬁ*ﬁ = (—u*,u). (7.4.8)

Having these, Lemma 7.3 yields then p*—u* € S(p—u) and u* € T (—it), followed
by p* € S(p —u) + T(—i),i.e. p* € R(S(p + ) + T(").

“(i) = (ii))” Whenever hy € Fs, hy € Fr, (i) yields, via Remark 7.11,
(p, p*) € domhg — dom /7, i.e. dom hg N (domﬁr + (p*,p)) # 0.

For every hg € Fg, hy € Fr,u € X and u* € X* we have h5(p* —u*, p —
l/t) + };)Tk"(u*vu) + ((p*v p),(u,u*)) = (p* - M*9p - Lt) - (M*,M> + (p*’u) +

*

(u*.p) = (p*.p). consequently, k5D (h} + ((p*. p). (-~ ) (P*.p) = {p*. p)
and, since the function in the right-hand side is strong-strong continuous its value
at (p*, p) must be also smaller than h§[|(f;§ + ((p*, p). (.)))(p*. p). But from
[21, Theorem 7.6] we know, via (7.4.4), that one has 250 (A% + ((p*, p), (-,-))) =
(hs + hr(—=(p*, p) + (-,-)))* and since (7.4.7) always holds, it follows that

REO(RE + ((p*, p). (7)) (p*, p) < (p*, p). Consequently,

REO(hs + ((p*, p), () (p*, p)= hED(hs + ((p*. p), () (p*, p) = (p*, p).
(7.4.9)

Since p* € R(S(p + -) + T(-)), there exist (u*,u) € X* x X fulfilling (7.4.8).
Then hs(p* —u*, p—u)+hy@*, ) +{(p*, p), @, u*)) = (p*, p),ie. h;D(h”T‘—i—

((p*, p)s CoN)(P*, p) = hs(p* —u*, p — i) + hy(a*, i) + ((p*, p), (&, a*)) =
(p*, p), therefore the exactness of the infimal convolution in (if) is proven, while
its lower semicontinuity follows via (7.4.9). O

From Theorem 7.7 we obtain immediately the following surjectivity result.
Corollary 7.2. For p € X, one has R(S(p + ) + T(-)) = X* if and only if

Vp* € X*Vhy € FsVhr € Fr one has domhg N (domﬁr + (p, p*)) # @ and
hE0(hs + ((p*. p). (-.*))) is lower semicontinuous at(p*, p)and exact at(p*, p).
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and this is further equivalent to

Vp* € X*3hg € Fshr € Fr with domhsN (domhy + (p, p*)) # Dsuch that
s+ (p*. p). (. ))) is lower semicontinuous at (p*, p) and exact at (p*, p).

Inspired by Corollary 7.2 we are able to introduce a sufficient condition that
guarantees the surjectivity of S(p 4+ -) + T(-) for a given p € X.

Theorem 7.8. Let p € X. Then R(S(p + )+ T(-) = X* if

Vp* € X*3hs € Fs3hr € Fr with domhs N (domhr + (p, p*)) # 0
(RCM®)| such that hg[l(h; +((p*. p). (-."))) is lower semicontinuous
on X* x {p} and exact at (p*, p).

Next we characterize the surjectivity of the monotone operator S + 7T via a
condition involving representative functions. The first statement follows directly
from Theorem 7.7, while the second one is a direct consequence.

Theorem 7.9. Let p* € X*. The following statements are equivalent
(i) p*€ R(S+T);

(ii) forallhs € Fs and hy € F7 one has domhg N (domﬁT + (0, p*)) # @ and
the function h’gD(/;? + (p*.-)) is lower semicontinuous at (p*,0) and exact
at (p*,0),

(iii) there exist hg € Fg and hy € Fr with domhg N (domﬁr + (0, p*) # 0
such that the function th(hA’} + (p*, )) is lower semicontinuous at (p*,0)
and exact at (p*, 0).

Corollary 7.3. One has R(S + T) = X™* if and only if

Vp* € X*Vhs € ZsVhy € Fr one has domhg N (domhy + (0, p*)) # & and
RE0(h% + (p*.-)) is lower semicontinuous at (p*,0) and exact at (p*,0),

and this is further equivalent to

Vp* € X*3hg € FsIhy € Fr with domhg N (domhy + (0, p*)) # @ such that
h;D(h; + (p*.-)) is lower semicontinuous at (p*,0) and exact at (p*,0).

Inspired by Corollary 7.3 we are able to introduce a sufficient condition that
guarantees the surjectivity of S + 7.

Theorem 7.10. One has R(S +T) = X* if

Vp* € X*3hg € Fshy € Fr with domhs N (domhy + (0, p*)) # 0
(RCM’) | such that h§D(h’} + (p*, )) is lower semicontinuous on X* x {0}
and exact at (p*,0).
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Remark 7.12. In the literature there were given other regularity conditions guaran-
teeing the surjectivity of S + 7', namely, for fixed hy € Zs and hr € Zr,

— (cf. [163, Corollary 2.7]) domhr = X x X*;
— (cf. [190, Theorem 30.2]) domhg —domhr = X X X*;A
— (cf. [222, Corollary 4]) {0} x X* C sqri(domhs — dom Ar).

It is obvious that the first one implies the second, whose fulfillment yields the
validity of the third condition. This one yields that for any x*, p* € X* one has

(hs +ﬁT(.,._p*))*(x*,O) = min [A{(x* —u*,—u)—}—hA;(u*,u) +(p*.u)].

u*eX* ueX

which is equivalent, when dom 2g N (dom ﬁT + (0, p*)) # @ (condition automati-
cally fulfilled when any of the three regularity conditions given above is satisfied),
to the fact that whenever p* € X* the function h’S‘D(ﬁ}‘ + (p*.-)) is lower
semicontinuous at (x*,0) and exact at (x*,0) for all x* € X*. It is obvious that
this implies (RCM”) and below we present a situation where (RCM” ) holds, unlike
the conditions cited from the literature for the surjectivity of S 4 7.

Example 7.3. Let X = R and consider the maximally monotone operators S, T :
R = R defined by

{0}, if x > 0,
S(x) =1 (—00,0],ifx =0, and T(x) =
@, otherwise,

R, ifx =0,

o xeR.
@, otherwise,

They are actually subdifferentials of proper, convex and lower-semicontinuous
functions, which are also sublinear, namely S = Ny 1 c0) and T = N{q. Obviously,
R(S + T) = R and the Fitzpatrick families of both S and 7 contain only
the corresponding Fitzpatrick function, i.e. s = [ foo)x(—000] = (pg"T and
or = Sioyxr = @51

Then dom g5 —dom ¢r = R4 X R, where Ry = [0, +00), and it is obvious that
{0} x R is not included in sqri(dom ¢5 — dom ¢7) = (0, +00) x R. Consequently,
the three conditions mentioned in Remark 7.12 fail in this situation. On the other
hand, for p*, x, x* € R one has

0 ifx>0
*D Ak *" *7 — ’ — ’
@s0(47 + (p*.))(x*. %) too. ifx <0,

and this function is lower semicontinuous on R x Ry and exact at all (x*,x) €
R x R,. Consequently, (RCM”) is valid in this case.

Remark 7.13. When one of hg and h7 is continuous, the condition (RCM’) is
automatically fulfilled. It is known (see for instance [190]) that the domain of the
Fitzpatrick function attached to the duality map _#, which is a maximally monotone
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operator, is the whole product space X x X*. By [221, Theorem 2.2.20] it follows
that ¢ » is continuous, thus by Corollary 7.2 we obtain that S(p + ) + _Z(-) is
surjective, whenever p € X. In this way we rediscover a known property of the
maximally monotone operators, already mentioned in Lemma 7.1, used for instance
for verifying the maximal monotonicity of the sum of two monotone operators under
certain hypotheses, as done for instance in [42, 44]. Moreover, via Corollary 7.3
one gets that S + _Z is surjective, rediscovering Rockafellar’s classical surjectivity
theorem for maximally monotone operators (see for instance [190, Theorem 29.5]).

Remark 7.14. One can notice via (7.4.4) that (7.4.5) can be rewritten when p* = 0
and p =0 as

ety s rox®) +hrGeoan)] = max | {—h5(-u” ) = byt ),
(7.4.10)

i.e. there is strong duality for the convex optimization problem formulated above in
the left-hand side of (7.4.10) and its Fenchel dual problem. When (&, u*) € X x X*
is an optimal solution to the dual problem, i.e. the point where the maximum in the
right-hand side of (7.4.10) is attained, one obtains u* € S(u) and —u* € T (u).
Employing now Lemma 7.3, we obtain hgs(it, u*) = h(—u*,—u) = (u*,u) and
hy (i, @*) = h(i*, @) = —(@*, i), therefore

hs (i, i@*) + hr (@ @*) = b (—i*, —a) + b @*, i) = 0.

Thus, the infimum in the left-hand side of (7.4.10) is attained, i.e. the primal
optimization problem given there has an optimal solution, too, so total duality holds
for the primal-dual pair of optimization problems in discussion. Therefore we can
note for this special kind of optimization problems the coincidence of the strong and
total Fenchel duality.

Remark 7.15. Given p € X and p* € X*, the function h%0(h% + ((p*, p), (-,-)))
can be replaced in Theorem 7.7(ii)—(iii) with (h§ —{(p*, p), (, )))Dﬁ; without
altering the statement. The other conditions considered afterwards within this
section can be correspondingly rewritten, too.

Remark 7.16. The results given within this subsection can be extended for the sum
of a maximally monotone operator with another one composed with a linear map-
ping, as considered in Sect. 7.3. However, because even in the case treated here the
results are quite complicated we chose to work in the present framework. Another
possible direction of generalization of the results provided in this subsection is for
the situation when the involved Banach spaces are not necessarily reflexive, possibly
by exploiting ideas and techniques from [161, 162]. Last but not least, it should be
possible to obtain Lemma 7.6 as a consequence of Theorem 7.10 and taking into
consideration Remark 7.13.
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7.4.2 Special Cases
7.4.2.1 Zeros of Sums of Monotone Operators

An important consequence of Theorem 7.9 is the following statement, where we
provide equivalent characterizations by means of representative functions of the
situation when O lies in the range of § 4 7.

Corollary 7.4. One has 0 € R(S + T) if and only if

Vhs € FsVhy € F7 one has domhg N domﬁr #+ @ and the function
h30hy is lower semicontinuous at (0,0) and exact at (0, 0),

and this is further equivalent to

dhg € Fs3hr € Fr with domhg N dom/:zr = O such that the function
h30hY is lower semicontinuous at (0,0) and exact at (0, 0).

From Corollary 7.4 one can deduce a sufficient condition which ensures that 0 €
R(S+T).

Corollary 7.5. One has0 e R(S +T) if

Ahs € FsIhy € Fr with domhg N dom hy # @ such that

(RCM?) Ay o
h$0OhY is lower semicontinuous on X * x {0} and exact at (0,0).

Remark 7.17. The problem of guaranteeing that 0 € R(S + T') and furthermore
of finding a solution of this equation has received a large interest in the literature
because of both theoretical and practical reasons. In [19, Theorem 4.5] the condition
(0,0) € core(co G(S)—co G(—T)) is shown to imply 0 € R(S +T), while in [222,
Lemma 1] the same result is achieved under the assumption (0, 0) € sqri(dom g —
dom / 7). Following similar arguments to the ones in Remark 7.12 one can show that
both these conditions yield the validity of (RCM#). Checking the situation from
Example 7.3, we see that the second condition fails, while (RCMZ) is fulfilled.
As core(co G(S) —coG(—T)) = int(R4 x (—R4+) — {0} x R) = (0, +o0) x R
does not contain (0, 0), it is straightforward that (RCM?#) is indeed weaker than both
conditions mentioned above.

7.4.2.2 Surjectivity Results Involving Normal Cones
Let U € X be a nonempty closed convex set. Its normal cone Ny is a maximally

monotone operator whose only representative function (cf. [8, Corollary 5.9]) is the
Fenchel one, namely Ay, (x, x*) = §y(x) + oy (x™), (x,x*) € X x X*.
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From Theorem 7.7 and its consequences we obtain by taking 7 = Ny the
following results.

Corollary 7.6. Let p € X. Then R(S(p + ) + Ny () = X* ifand only if

Vp* € X*Vhs € F5 one has domhg N (U x domo_y + (p, p*)) # @ and the

unction (y*v y) = xE—l}gf;EX* |:(h;‘< - ((p*7 p)’ ('7 )))(y* - X*?y - X) + OU(X*)]

is lower semicontinuous at (p*, p) and the infimum within
is attained when (y*,y) = (p*, p),

and this is further equivalent to

Vp* € X*3hs € Fs with domhs N (U x domo_y + (p, p*)) # @ the
function (y*,y) > __ inf [(5 = ((P*, p), (O™ = x*,y = x) + oy (x¥)]

e—Ux*eX*
is lower semicontinuous at (p*, p) and the infimum within is attained
when (y*.y) = (p*. p).

Corollary 7.7. Let p € X. Then R(S(p +-) + Ny (")) = X* if

Vp* € X*3hg € Fs with domhg N (U x domo_y + (p, p*)) # @ the
function (y*,y) = inf _ [(hs —((p*, p), (. )IN(* = x*,y = x) + ou(x™)]

xe—Ux*ex*
is lower semicontinuous on X * x {p} and the infimum within
is attained when (y*,y) = (p*, p).

Corollary 7.8. One has 0 € R(S + Ny) if

dhg € Fs with domhg N (U x domo_y) # @ such that the function
(RCMM) |(*,y) = vne]{/[(h;(’ y 4+ x)Qoy)(y*)] is lower semicontinuous

on X* x {0} and the infimum within is attained when (y*, y) = (0, 0).

Remark 7.18. In [19, Corollary 5.7] it is stated that the regularity condition 0 €
coreco(D(S) — U) yields 0 € R(S + Ny). Similarly to the considerations from

Remarks 7.12 and 7.17 one can notice that this condition is indeed stronger than
(RCM™).

Not without importance is the question how can one equivalently characterize the
surjectivity of a maximally monotone operator via its representative functions. To
proceed to answering it, take U = X. Then T = Ny,ie. T(x) = {0} forallx € X,
and the Fenchel representative function of Ny is (x,x*) + dx(x) + ox(x*) =

8i03(x*). Then S + T = § and the surjectivity of S can be characterized, via
Corollary 7.6, as follows.

Corollary 7.9. One has R(S) = X* if and only if

Vp* € X*Vhs € Fgs the function y* — —(h:‘;(y*, -))*(p*) is lower
semicontinuous at p* and 3x € X such that p* € (0hg(p*,-))(x),
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and this is further equivalent to

Vp* € X*3hg € Fs the function y* — —(hs(y*, -))*(p*) is lower
semicontinuous at p* and 3x € X such that p* € (0hs(p*,-))(x).

Proof. Corollary 7.6 asserts the equivalence of the surjectivity of the maximally
monotone operator S to the lower semicontinuity at (p*, 0) of the function

Of e inf [ = (p7 D07 —xy +0) +ox ()]
concurring with the attainment of the infimum within when (y*,y) = (p*,0),
for every p* € X*. Taking a closer look at this function, we note that it can be
simplified to (y*,y) + infrex [hE(y*.y + x) — (p*.y + x)], which can be
further reduced to y* —(h;(y*, -))*(p*).

For p* € X*, the attainment of the infimum from above when (y*, y) = (p*,0)
means actually the existence of an x € X such that A5(p*,x) — (p*,x) =
—(h%(p*.)" (p*), which is nothing but p* € (3h%(p*,))(x). u]

Remark 7.19. In [163, Corollary 2.2] it is shown that S is surjective if dom(¢s) =
X x X*. This result can be obtained as a consequence of Corollary 7.9 knowing
that the characterizations provided there for R(S) = X™ are fulfilled when ¢y is
continuous.

Remark 7.20. Since determining when 0 € R(S) is important even beyond
optimization, using Corollary 7.9 one can provide the following regularity condition
for guaranteeing this

Ihg € Fs the function y* — —(hs(y*, -))*(O) is lower
semicontinuous and 3x € X such that p* € (0h%(0,-))(x).

7.4.2.3 Surjectivity Results Involving Subdifferentials

Let now the proper, convex and lower semicontinuous functions f,g : X — R.
Take first T = dg and consider for it the Fenchel representative function. Then
Corollary 7.2 yields the following statement.

Corollary 7.10. Let p € X. Then R(S(p + ) + 9g(:)) = X* if and only if

Vp* € X*Vhg € Fs one has domhg N (dom g x (—dom g*) + (p, p*)) # @
and the function h§|:|(g(—~) + () + ((p*. p), C, ))) is
lower semicontinuous at (p*, p) and exact at (p*, p),
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and this is further equivalent to

Vp* € X*3hg € Fg with domhg N (domg x (—dom g*) + (p, p*)) # 0
such that the function h§0(g(—) + g*(-) + ((p*, p). () is
lower semicontinuous at (p*, p) and exact at (p*, p).

Remark 7.21. In [163, Proposition 2.9] it was proven that when g and g* are real
valued the monotone operator S(p + -) + dg(-) is surjective whenever p € X. This
statement can be rediscovered as a consequence of Corollary 7.10, too. Using [221,
Proposition 2.1.6] one obtains that g and g* are continuous under the mentioned
hypotheses. Then the Fenchel representative function of dg is continuous and this
yields the fulfillment of the regularity condition from Corollary 7.10. Consequently,
S(p +-) + dg(:) is surjective whenever p € X.

The other statements involving two maximally monotone operators given above
can be particularized for this special case, too. However, we give here only a
consequence of Corollary 7.5.

Corollary 7.11. One has 0 € R(S + dg) if

dhs € Fs with domhg N (dom g X (—dom g*)) # @ such that the function
hs0(g(—) + g*(-)) is lower semicontinuous on X* x {0} and exact at (0, 0).

Take now also § = df, to which we associate the Fenchel representative
function, too. Let the function ¢ : X — R, g(x) = g(—x). Corollary 7.2 yields the
following result.

Corollary 7.12. Let p € X. Ifdom f N (p + domg) # @, then ROf(p + ) +
dg(-)) = X* if and only if

Vp* € X* one has dom f* N (p* —domg*) # @, the function f(g + p*)
is lower semicontinuous at p and exact at p and the function
*0(g* + p) is lower semicontinuous at p* and exact at p*.

Moreover, from Corollary 7.11 one can deduce the following statement.

Corollary 7.13. One has 0 € R(df + dg) if dom f Ndomg # @, dom f* N
(—dom g*) # @ and

fOg is lower semicontinuous at 0 and exact at 0 and the
Sunction f*0g* is lower semicontinuous and exact at 0.
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7.5 Dealing with the Maximal Monotonicity of Bifunctions
via Representative Functions

The study of the maximal monotonicity of bifunctions began with the seminal paper
[12], followed by works like [116, 135, 160], and in all of them the investigations
were based on the theory of equilibrium problems. However, motivated by the
recent results on maximally monotone operators, obtained almost exclusively by
means of representative functions, we involved the latter in the new approach of the
maximal monotonicity of bifunctions proposed in [33]. In this way we succeeded
in extending some statements from the literature and, moreover, in proving some
recent conjectures. This section is dedicated to presenting these results, but before
stating them some preliminaries on monotone bifunctions are necessary.

7.5.1 Monotone Bifunctions

We begin with some preliminaries on bifunctions, following [116,135]. Take further
X to be a normed space. Let the nonempty set C € X. A function F : C xC — R
is called bifunction. The bifunction F is called monotone if F(x,y) + F(y,x) <0
for all x,y € C. To the bifunction F one can attach the diagonal subdifferential
operators A¥ : X = X* and A : X = X* defined by

AF (x) = {x*e X*: F(x,y)— F(x,x) > (x*,y—x)VyeC}, ifx e C,
@, otherwise,

and, respectively,

FAx) = { (x*e X* : F(x,x)— F(y,x) > (x*,y —x)Vy e C}, ifx € C,

@, otherwise.
When F(x,x) = 0 forall x € C and F (respectively —F) is monotone, then A
(¥4) is a monotone operator. When F is monotone and F(x,x) = 0 forall x € C
one has G(AF) - G(FA).

The monotone bifunction F fulfilling F(x,x) = 0 for all x € C is said
to be maximally monotone if AF is maximally monotone and, respectively, BO-
maximally monotone (where BO stands for Blum-Oettli, as this type of monotone
bifunction was introduced in [12]) when for every (x, x*) € C x X™* it holds

F.x)+{&x*y—x)<0VyeC = F(x,y)>{x*,y—x)Vy e C.

When F is monotone and F(x, x) = O forall x € C, its BO-maximal monotonicity
is equivalent to f/A = AF. Any maximally monotone bifunction is BO-maximally
monotone, but the opposite implication is not always valid, as the situation in [116,
Example 2.2] shows.
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In order not to overcomplicate the presentation, when x € C we denote by a
slight abuse of notation by F(x,-) + 8¢ the function defined on X with extended
real values which is equal to F(x,-) on C and takes the value +oo otherwise.
Analogously, when y € C we denote by —F(:, y) 4+ é¢ the function defined
on X with extended real values which is equal to —F (-, y) on C and takes the
value 400 otherwise. Hence, when F(x,x) = 0 for all x € C, one can write
AF(x) = A(F(x,") + 8¢)(x) and TA(x) = (=F(-,x) + 8¢c)(x) forall x € X.
Note that AT and ¥4 are not subdifferentials of functions, being at each point the
subdifferential of another function.

We close this preliminary subsection by presenting a statement which holds in a
more general framework than originally considered in [12, Lemma 3], followed by
a consequence needed later in our investigations.

Lemma 7.7. Let F and G be two bifunctions defined on the nonempty and convex
set C C X, satisfying F(x,x) = G(x,x) = 0 for all x € C, such that F
is monotone, F(x,-) and G(x,-) are convex for all x € C and F(-,y) is upper
hemicontinuous for all y € C. Then the following statements are equivalent

(i) x€ Cand F(y,x) < G(x,y) forall y € C;
(ii) xe Cand0 < F(x,y) + G(x,y) forally € C.

Remark 7.22. The monotonicity of F' is required only for proving the implication
“@ii) = (i)” in Lemma 7.7, which actually holds even if the convexity and
topological hypotheses are removed.

Lemma 7.8. Let F be a bifunction defined on the nonempty and convex set C C X,
satisfying F(x,x) = 0forall x € C. If F(x,-) is convex for all x € C and F(-, y)
is upper hemicontinuous for all y € C, then G(FA) - G(AF).

Proof. Let (x,x*) € G(FA).Thenx € Cand F(y,x) < (x*,x—y)forally € C.
By Lemma 7.7(i) = (ii) one gets 0 < F(x,y) + (x*,x — y) forall y € C, thus
(x,x*) € G(AF). |

Remark 7.23. 1f in addition to the assumptions of Lemma 7.8 F is taken moreover
monotone, one also gets that F' is BO-maximally monotone.

7.5.2 Maximal Monotone Bifunctions

Let F : C x C — R be a bifunction, where C C X is nonempty. In order to de_al
with its maximal monotonicity, we attach to F' the functions ip, g : X x X* — R,
defined at (x,x*) € X x X* by

hie(x.x™) = sup (X y) = F(x, p)} + 8¢ (x) = (F(x,2) +8c)"(x™) + 8¢ (x)
ye€
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and

gr(x,x") = sup {(x*») + F(y,x)} +8c(x) = (=F(-,x) + 8¢)*(x™) + 8¢ (x).
ye

Regarding their conjugates, for (x*, x) € X* x X one has

hp(x™,x) = sup {(x*, y) + (F(y.") + 8c)"" (x)}

yeC

and

gr(x™,x) = sup X)) + (=F(y) +8c)™ ().
ye

Other properties of these functions are given in the following statements, whose
proofs are trivial hence skipped.

Proposition 7.1. (a) Forall (x,x*) € X x X*, it holds gr(x,x*) = h5(x*, x).

(b) If F(x,x) =0forallx € C, thenhp > c and gr > c.

(c¢) If F is monotone, then hp(x,x*) > gp(x,x*) and cohp(x,x*) > h}.(x*, x)
Sforall (x,x*) e X x X*.

Remark 7.24. 1f F(x,x) = 0 for all x € C, one has that hg(x,x*) = c(x, x*) if
and only if (x,x*) € G(A") and, respectively, gr(x,x*) = c(x, x*) if and only
if (x,x*) € G(*A). However, gr and h are in general neither convex nor lower
semicontinuous, therefore they are not always representative functions for A% in
case this is monotone. Note also that in [2] a function that slightly extends g is
called the Fitzpatrick transform of the monotone bifunction F'.

In the next statements we provide sufficient conditions for the maximal mono-
tonicity of AF. We begin with an assertion where F is not even asked to be
monotone.

Theorem 7.11. Let C be convex and closed and F be fulfilling F(x,x) = 0 for all
x € C.IfsqriC # @, F(x,-) is convex and lower semicontinuous for all x € C
and F (-, y) concave and upper semicontinuous for all y € C, then AT is maximally
monotone and A = TA.

Proof. The convexity and topological assumptions on C and F(x,-), for x € C,
yield that the function F(x,-) + 8¢ is proper, convex and lower semicontinuous
whenever x € C. Then (F(x,-)+8¢)**(z) = F(x,z) +6c(z) whenever x € C and
z € X, consequently, via Proposition 7.1, h}T = gr > con X x X*. Analogously,
the convexity and topological assumptions on C and —F (-, y), y € C,imply hp =
g}T > con X X X*. Obviously, i and g are in this case convex functions, whose
properness follows immediately, too.

One gets Pry(domhr) € Pry(domgr) € C. Taking an x € C, since
F(x,-) + 8¢ is proper, convex and lower semicontinuous, its conjugate is proper
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(cf. [221, Theorem 2.3.3]), so there exists an x* € X* such that (F(x,-) +
3c)*(x*) < +o0. Consequently, hp(x,x*) < +oo, ie. C € Prxy(domhp).
Therefore Pry(domhr) = Pry(domgr) = C. We are now ready to apply
Lemma 7.5 for hr and gr, obtaining that the operators (identified through their
graphs)

{6, xM)eX x X hp(x*,x) = c(x,x™)}
={(x,x")eX x X" gr(x,x") = c(x,x%)},

which is actually G (74), and

{(x,x")eX x X*: gr(x™,x) =c(x,x™)}
={(x,x")eX xX* :hp(x,x) = c(x,x%)},

that is G (4""), are maximally monotone.
Using Lemma 7.8, it follows G (“4) € G(A"), consequently, A" = f4, since
both are maximally monotone operators. O

Remark 7.25. 1f X is reflexive, the hypothesis sqri C # @ is no longer needed in
Theorem 7.11, since one can use in its proof in this case Lemma 7.4 instead of
Lemma 7.5.

If C = X the condition sqri C # @ is automatically satisfied and Theorem 7.11
yields the following statement, noting that the lower/upper semicontinuity of a real
valued convex/concave function on the entire space is equivalent to its continuity
(cf. [221, Proposition 2.1.6]).

Corollary 7.14. Let F(x,x) = 0 forall x € X, F(x,-) be convex and continuous
for all x € X and F(-,y) concave and continuous for all y € X. Then AT is
maximally monotone and AT = A,

Remark 7.26. In Theorem 7.12 we prove one of the conjectures formulated at the
end of [135], actually slightly weakening its hypotheses since instead of taking F
continuous we ask it to be continuous in each of its variables. If X is reflexive,
Theorem 7.12 slightly improves [135, Theorem 3.6(i)], by bringing the mentioned
weakening of its hypotheses.

Taking F to be monotone, here are some hypotheses that guarantee its maximal-
ity even in the absence of convexity assumptions in its first variable.

Theorem 7.12. Let C be convex and closed and F be monotone and fulfilling
F(x,x) = 0 forall x € C. If sqriC # @, F(x,-) is convex and lower
semicontinuous for all x € C and F (-, y) upper hemicontinuous for all y € C,
then F is maximally monotone.

Proof. The convexity and topological assumptions on C and F(x,-), for x € C,
yield that the function F(x,-) + 8¢ is proper, convex and lower semicontinuous
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whenever x € C. Then (F(x,-) + §¢)**(z) = F(x,z) + 6c(z) whenever x € C
and z € X, hence A} (x*,x) = gr(x,x*) forall (x,x*) € X x X*. Consequently,
via Proposition 7.1 and taking into consideration the properties of the conjugate
function, one has

hp(x,x*) > chr(x,x™) > hE(x*, x) > c(x,x*) V(x,x*) € X x X*.
(7.5.11)

Assuming that iy were improper leads to a contradiction with (7.5.11), conse-
quently ki, cohp and h}. are all proper. Like in the proof of Theorem 7.11 one
can show that Pry(dom/g) = C. Then

Pry(dom#Ar) C Pry(domcohy) C CoPry(domhf) (7.5.12)

and, since C is convex and closed, we get Pry (dom (Cohr)) = C.
In the following we show that

G(AT) = {(x.x*) € X x X* :Tohp(x,x*) = c(x,x*)}
={(x.x*) € X x X* 1 h}(x*,x) = c(x,x™)}. (7.5.13)

If (x, x*) € G(AF), (7.5.11) yields b (x*, x) = c(x, x*).

Let now (x,x*) € X x X* for which /% (x*,x) = c(x,x™). Then (x,x*) €
G(*A), so Lemma 7.8 yields (x,x*) € G(A). This implies that cohp(x,x*) =
¢(x,x*) holds if and only if (x,x*) € G(A"). Applying Lemma 7.5 for coh, it
follows that A” is maximally monotone, i.e. F' is maximally monotone, too. a

Remark 7.27. In Theorem 7.12 we provide a positive answer to the conjecture
formulated at the end of [136]. When the space X is reflexive, the regularity
condition sqriC # @ is no longer necessary in the hypotheses of Theorem 7.12
and this statement rediscovers [116, Proposition 3.1], by means of representative
functions, employing tools of convex analysis and without renorming the space X .

Corollary 7.15. Let X be reflexive, C be convex and closed and F be monotone
and fulfilling F(x,x) = 0 for all x € C. If F(x,-) is convex and lower
semicontinuous for all x € C and F (-, y) upper hemicontinuous for all y € C,
then F is maximally monotone.

Proof. Things work in the lines of the proof of Theorem 7.12, noticing that (7.5.11)
and (7.5.13) are fulfilled. Then we apply Lemma 7.4. O

When C = X we obtain from Theorem 7.12 the following statement.

Corollary 7.16. Let F be monotone and fulfilling F(x,x) = 0 forall x € X. If
F(x,-) is convex and continuous for all x € X and F(-, y) upper hemicontinuous
forall y € X, then F is maximally monotone.
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Remark 7.28. In [135, Theorem 3.6(ii)] the same conclusion as in Corollary 7.16 is
obtained when X is reflexive for a monotone bifunction F that fulfills F(x,x) =0
for all x € X, by assuming F(x,-) only convex for all x € X and F(-,y)
continuous for all y € X. However, we doubt that this result holds without
any topological assumption on the functions F(x,-), x € X, since in its proof
is used [135, Theorem 3.4(ii)], whose hypotheses should contain also the lower
semicontinuity of F(x,-) for all x € X. A similar comment can be made also
for [135, Theorem 3.6(iii)] and for the conjectures extending the two mentioned
statements to nonreflexive spaces given at the end of [135].

Whenever a monotone bifunction F fulfills F(x,x) = 0 for all x € C is BO-
maximally monotone, one has A” = 4, so Lemma 7.7 is not longer needed in
the proof of Theorem 7.12. Hence we rediscover, in the reflexive case, and extend,
when X is a general Banach space, [160, Proposition 3.2], as follows.

Corollary 7.17. Let C be convex and closed with sqriC # @ and F be BO-
maximally monotone. If F(x,-) is convex and lower semicontinuous for all x € C,
then F is maximally monotone.

Corollary 7.18. Let X be reflexive, C convex and closed and F be BO-maximally
monotone. If F(x,-) is convex and lower semicontinuous for all x € C, then F is
maximally monotone.

When C = X one can formulate another maximality criterium for a monotone
bifunction, extending [116, Proposition 3.5] to general Banach spaces.

Theorem 7.13. Let F be monotone and fulfilling F(x,x) = 0 for all x € X.
IfD(AF) = X and F(,y) is upper hemicontinuous for all y € X, then F is
maximally monotone.

Proof. As D(AF) = X, for all x € X one has dF(x,-)(x) # @, which yields
CcoF(x,:) (x) = F(x,x) = 0. On the other hand, for all x € X it holds X =
dom F(x,-) € domcoF(x,-), which implies domcoF(x,-) = X and via [221,
Proposition 2.2.5], as co F(x, -)(x) = 0, also the properness of coF (x, -). Then, for
any (x,x*) € X x X*, one has

hp(x*, x) = sup )+ (FO. )™ () = sup {(x*.y) +OF (y.)(x)} =
Y€ ye

(x*,x) +COF (x,-)(x) = (x*, x),

consequently, i > Cohp > h;—r > con X x X*. As D(AF) = X,
Pry(domhr) = X, using (7.5.12) it follows Pry(domcohr) = X. Applying
Lemma 7.5 for cohp, the operator having the graph {(x,x*) € X x X*

hp(x*,x) = c(x, x*)} turns out to be maximally monotone. This graph includes
G(AF ) To show that the opposite inclusion holds, too, let (x,x*) € X x X*
for which h%(x*,x) = c(x,x*). Then h}(x*,x) < c(x,x*),soforally € X
it holds coF(y,-)(x) < {(x*,x — y). This means nothing but (x,x*) € G(HA),
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where the bifunction H : X x X — R is defined by H(x,y) := coF(x,-)(y).
It follows immediately that H(z,z) = O for all z € X. As H(z,-) = coF(z,-)
is convex for all z € X and for all y € X one can verify that H(-, y) is upper
hemicontinuous, Lemma 7.8 yields (x,x*) € G(AH ) This means that for all
y € X one has coF(x,-)(y) = (x*,y — x), followed by F(x,y) > (x*,y — x).
Thus (x,x*) € G(A"), therefore (7.5.13) holds. Consequently, F is maximally
monotone. |

Remark 7.29. One can see in the proofs of Theorems 7.11-7.13 that not only cok g
(which coincides with &g under the hypotheses of the first of them), but also the
restriction to X x X * of kT are representative functions of the maximally monotone
operator AL,

In Theorems 7.11-7.13 we have shown with the help of the theory of repre-
sentative functions that under some hypotheses A” is maximally monotone. Now
let us show that the representative functions of it identified there are actually
representative to A” whenever it is maximally monotone.

Theorem 7.14. Let F be maximally monotone. Then cohp and the restriction to
X x X* of htT are representative functions of AF.

Proof. The maximal monotonicity of F implies via Lemma 7.3 that

G(A") = {(x,x*) € X x X* : Yur (%, x%) = c(x,x*)}
={(x.x*) € X X X* 1 g r (x,x¥) = c(x,x¥)}.

On the other hand, the way % ¢ is constructed implies (¢ + 8§ 47)(x, x*) > hp(x, x*)
for all (x,x*) € X x X*, which yields

R (x™,x) = (¢ 4+ 8,47)" (x™, %) = ¥ir (X, X) = @qr (x, x™) V(x,x") € X x X*.
Since the monotonicity of F implies, via Proposition 7.2, hp(x,x*) >
cohp (x,x*) > hy(x*,x) for all (x,x*) € X x X*, it follows immediately
that for all (x, x*) € X x X™ it holds
Yur(x,x*) > C0hp(x,x*) > hp(x*,x) > @ r(x,x¥) > c(x, x¥).

Consequently,

G(A")

{(x,x*) € X x X* :Cohp(x,x*) = c(x,x*)}
={(x,x*) € X x X* 1 h}(x*,x) = c(x,x")},

which implies that coh r and h}—r restricted to X x X* are representative functions
of AT, O
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Remark 7.30. One can easily see that, when F is maximally monotone with
F(x,x) = 0 for all x € C, then cogr and the restriction to X x X* of g}T
are representative functions of AF | too.

Remark 7.31. In the lines of the proof of Theorem 7.14, one can show that if T :
X = X* is a maximally monotone operator and 4 : X x X* — R is a function
fulfilling A (x, x*) = h*(x*, x) for all (x,x*) € X x X* and h(x, x*) < c(x,x*)
whenever (x,x*) € G(T), then cohr and the restriction to X x X* of h%' are
representative functions of 7.

7.5.3 The Sum of Two Monotone Bifunctions

One of the most dealt with questions regarding maximally monotone operators is
what guarantees that the sum of two of them remains maximally monotone. This
issue was extended for maximally monotone bifunctions in [116], by means of
equilibrium problems. We provide another answer in this matter, preceded by a
preliminary result.

Proposition 7.2. Let F and G be monotone bifunctions defined on a nonempty set
C C X.Then A¥ (x) + A%(x) € AF*CG(x) forall x € X and F + G is monotone.

Proof. Letx € X, y* € A¥(x)andz* € A%(x). Then x € C and forall y € C one
has F(x,y) > (y*, y—x)and G(x, y) > (z*, y—x). Adding these inequalities, one
gets F(x,y)+G(x,y) > (y*+z*,y—x)forall y € C,ie. y* +z* € ATT0(x).

Analogously, writing what the monotonicity of F and G means and adding the
obtained inequalities one gets that F 4+ G is monotone. O

For the following statement we need to introduce the bivariate infimal convo-
lution of two functions defined on a cartesian product of sets. Let A and B be
two nonempty sets. When f,g : A x B — R are proper, their bivariate infimal
convolution is the function f,g : A x B — R, fO,g(a,b) = inf{f(a,c) +
gla,b—c):c e B}.

Theorem 7.15. Let X be reflexive and F and G two maximally monotone bifunc-
tions defined on a nonempty set C C X with fr and fg their corresponding
representative functions. If 0 € sqri (D (AF ) — D(AG)) (or, equivalently, 0 <
sqri (Pry (dom ff) — Pry(dom fG)) ), then F + G is maximally monotone, A¥ +
A = AFYC and frO, f is a representative function of A¥ 6.

Proof. By [172, Corollary 3.6] we obtain that the hypotheses yield the maximal
monotonicity of A7 4+ A%, to which fr[, f; is a representative function. Then
Proposition 7.2 implies that Af(x) + A%(x) = AF+C9(x) for all x € X.
Consequently, F + G is maximally monotone and fr[J, f; is a representative
function of A¥+9 too. O
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Remark 7.32. Note that under the hypotheses of Theorem 7.15 also the function
(frOa f6)*T is a representative function of A7+Y_ If one takes fr := cohy and
fc := cohg, then it holds

(frO2fo)" (x* x) = sup ™ 9) + (F(p,) +8)™(x) + (G(y, ) +8c)™ (%)}
y€e

and this is less than h%, ;(x* x) for all (x,x*) € X x X*. Thus the just
identified representative function of A¥+¢ is smaller than the ones obtained for
it via Theorem 7.14.

Remark 7.33. 1If both F and G satisfy the hypotheses of one of Theorems 7.11—
7.12, Corollary 7.15 or, when C = X, Theorem 7.15, then F + G fulfills them, too,
and this has as consequence its maximal monotonicity.

Now let us present a situation, different from the one displayed in Theorem 7.15,
when the inclusion proven in Proposition 7.2 turns out to be actually an equality.
Note that the space X needs not be reflexive for this statement.

Proposition 7.3. Let F and G be monotone bifunctions defined on the convex and
closed set C fulfilling F(x,x) = G(x,x) = 0 forall x € C, such that for all
x € C the functions F(x,-) and G(x,-) are convex and lower semicontinuous.
If0 € sqri(C — C), then A + A% = AF+O,

Proof. Let x € C. One has dom(F(x,) +8¢c) = dom(G(x,+) 4+ ¢c) = dom((F +
G)(x,-) + 8¢) = C. By definition, AT (x) = 9(F(x,-) + 8¢)(x). Note also that
(F(x,))+8c) + (G(x,:) +6c) = (F + G)(x,-) + 8¢. By [221, Theorem 2.8.7],
the hypotheses imply

A(F(x,) +6c)(x) + 9(G(x,-) +8¢c)(x) = o(F(x,-) + G(x,-) + §¢c)(x).

Consequently, A" (x)+ A% (x) = ATT6(x) and since x € C was arbitrarily chosen,
the conclusion follows. O

Remark 7.34. Note that the hypotheses of Proposition 7.3 ensure that Cohpyg
(x, x*) = hp g (x*, x) > c(x,x¥) forall (x,x*) € X x X*. Unfortunately, this
is not enough in order to guarantee the maximality of F' + G, which would follow
for instance provided the BO-maximal monotonicity of this bifunction. However,
checking also Remark 7.33, this additional assumption would make, at least in the
reflexive case, the condition 0 € sqri(C — C) redundant. Therefore, it remains as
an open question what should one add to the hypotheses of Proposition 7.3 in order
to obtain the maximality of F' + G under no stronger hypotheses than the ones in
Remark 7.33.
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zero (monotone operator), 244

Scalarization

function, 63, 71, 75, 83
general, 63

linear, 75
maximum(-linear), 78
norm, 88

oriented distance, 89
quadratic, 91
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