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Preface

This special volume is dedicated to Boris M. Mordukhovich, on the occasion of
his 60th birthday, and aims to celebrate his fundamental contributions to variational
analysis, generalized differentiation and their applications. A main example of these
contributions is Boris’ recent opus magnus “Variational Analysis and Generalized
Differentiation” (vols. I and IT) [2,3]. A detailed explanation and careful description
of Boris’ research and achievements can be found in [1].

Boris’ active work and jovial attitude have constantly inspired researchers of
several generations, with whom he has generously shared his knowledge and enthu-
siasm, along with his well-known warmth and human touch.

Variational analysis is a rapidly growing field within pure and applied mathemat-
ics, with numerous applications to optimization, control theory, economics, engi-
neering, and other disciplines. Each of the 12 chapters of this volume is a carefully
reviewed paper in the field of variational analysis and related topics.

Many chapters of this volume were presented at the International Symposium
on Variational Analysis and Optimization (ISVAO), held in the Department of
Applied Mathematics, National Sun Yat-sen University, Kaohsiung, Taiwan, from
November 28 to November 30, 2008. The symposium was organized in honour of
Boris’ 60th birthday. It brought together Boris and other researchers to discuss state-
of-the-art results in variational analysis and its applications, with emphasis on opti-
mization and control. We thank the organizers and participants of the symposium,
who made the symposium a highly beneficial and enjoyable event.

We are also grateful to all the authors of this special volume, who have taken the
opportunity to celebrate Boris’ birthday and his decades of contributions to the area.
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Systems of Vector Quasi-equilibrium Problems
and Their Applications

Qamrul Hasan Ansari and Jen-Chih Yao

Abstract In this survey chapter, we present systems of various kinds of vector
quasi-equilibrium problems and give existence theory for their solutions. Some ap-
plications to systems of vector quasi-optimization problems, quasi-saddle point
problems for vector-valued functions and Debreu type equilibrium problems,
also known as constrained Nash equilibrium problems, for vector-valued func-
tions are presented. The investigations of this chapter are based on our papers:
Ansari (J Math Anal Appl 341:1271-1283, 2008); Ansari et al. (J Global Optim
29:45-57,2004); Ansari and Khan (Mathematical Analysis and Applications, edited
by S. Nanda and G.P. Rajasekhar, Narosa, New Delhi, 2004, pp. 1-13); and Ansari
et al. (J Optim Theory Appl 127:27-44, 2005).

1 Introduction

In the last two decades, vector variational inequalities (VVI) have been investigated
[2,32,47,48,55,57,62,65,87,97] and used as tools to solve vector optimization prob-
lems (VOP) for differentiable and convex or nonconvex vector-valued functions.
A generalized form of VVI for multivalued maps is called a generalized vector vari-
ational inequality (GVVI). GV VI has been used to study VOP for nondifferentiable
and nonconvex vector-valued functions. The weak (respectively, strong) solution of
Stampacchia GV VI provides a sufficient condition (respectively, necessary and suf-
ficient conditions) for a solution of VOP; see, for example, [17,23, 30, 59, 60] and
the references therein.
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2 Q.H. Ansari and J.-C. Yao

In the recent years, vector equilibrium problems (VEP) have been studied in
[3,19,28,44,48-50,94] and the references therein. It is a unified model of several
problems, namely, vector variational inequality problems, vector variational-like in-
equality problems (also called vector pre-variational inequality problems), vector
complementarity problems, vector saddle point problems and vector optimization
problems. A comprehensive bibliography on VEP, vector variational inequalities,
vector variational-like inequalities and their generalizations can be found in [48].
For further details on generalized vector variational inequality problems, general-
ized vector variational-like inequality problems and vector equilibrium problems,
we referto [2,17,23,28,37,48,50,56,58,61,62,64,83,94] and the references therein.
In [24], we extended a quasi-equilibrium problem, studied in [41, 72], to the case
of vector-valued functions, called a vector quasi-equilibrium problem (VQEP). We
established some existence results for a solution of VQEP with or without a gener-
alized pseudomonotonicity assumption. As a result, we derived the existence results
for solutions of vector quasi-optimization problems, vector quasi-saddle point prob-
lems, vector quasi-variational inequality problems and vector quasi-variational-like
inequality problems [55,63,65].

When the involved bifunction in the formulation of VEP (respectively, VQEP)
is a multivalued map, then VEP (respectively, VQEP) is called a generalized vector
equilibrium problem (GVEP) [respectively, generalized vector quasi-equilibrium
problem (GVQEP)]. The GVEP (respectively, GVQEP) includes as special cases
generalized implicit vector variational inequality problems, GV VI problems, gener-
alized vector variational-like inequality problems and vector equilibrium problems
(respectively, generalized implicit vector quasi-variational inequality problems,
generalized vector quasi-variational inequality problems, generalized vector quasi-
variational-like inequality problems and vector quasi-equilibrium problems). GVEP
and GVQEP has been studied in [7,8,11,13,18,21,33,46,57,74,83-85,93] and the
references therein.

The system of vector equilibrium problems (SVEP), that is, a family of equilib-
rium problems for vector-valued bifunctions defined on a product set, is introduced
in [14] with applications in vector optimization and the Nash equilibrium problem
[80-82] for vector-valued functions. The SVEP contains a system of equilibrium
problems, a system of vector variational inequalities, a system of vector variational-
like inequalities, a system of optimization problems and the Nash equilibrium
problem for vector-valued functions as special cases. In the recent past, systems of
scalar (vector) equilibrium problems are used as tools to solve the Nash equilibrium
problem for vector-valued functions; see, for example, [14, 15,22, 39,98, 99] and
the references therein. But, by using SVEP, we cannot establish the existence of a
solution of Debreu type equilibrium problem [38], also known as constrained Nash
equilibrium problem, for vector-valued functions that extends the classical concept
of the Nash equilibrium problem for a noncooperative game. For this purpose, in
[5], we introduced a system of vector quasi-equilibrium problems (SVQEP) with
or without involving @-condensing maps and proved the existence of its solution.
Consequently, we established some existence results for a solution of a system
of vector quasi-variational-like inequalities. The equivalence between a system of
vector quasi-variational-like inequalities and the Debreu type equilibrium problem
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for vector-valued functions (Debreu VEP) is presented. As an application, we
derived some existence results for a solution of the Debreu VEP.

In [15], we introduced a system of generalized vector equilibrium problems
(SGVEP) which contains a system of generalized implicit vector variational in-
equality problems, a system of generalized vector variational inequalities, a sys-
tem of generalized vector variational-like inequalities and SVEP as special cases.
We established some existence results for a solution of SGVEP by using a maxi-
mal element theorem for a family of multivalued maps due to Deguire et al. [39].
We also derived some existence results for a solution of a system of generalized
implicit vector variational inequality problems, a system of generalized vector vari-
ational inequalities, a system of generalized vector variational-like inequalities and
SVEP. As an application, we gave some existence results for a solution of the Nash
equilibrium problem for differentiable (in some sense) vector-valued functions.

In [10], we introduced a system of generalized vector quasi-equilibrium problems
(SGVQEP). It is a very general and unified model of several problems, namely, a
system of generalized implicit vector quasi-variational inequality problems, a sys-
tem of generalized vector quasi-variational inequalities, a system of generalized vec-
tor quasi-variational-like inequalities, SVEP, SVQEP and SGVEP. We established
some existence results for a solution of SGVQEP with or without involving ®-
condensing maps. As consequences, we proved the existence of solutions of several
known problems mentioned above. As applications of our results, we derived the
existence results for a solution of Debreu VEP for nondifferentiable (in some sense)
functions.

In 1994, Husain and Tarafdar [52] introduced simultaneous variational inequali-
ties and gave some applications to minimization problems. These are further studied
by Fu [45] for the vector-valued case with applications to vector complementarity
problems. Recently, Lin [67] considered and studied simultaneous vector quasi-
equilibrium problems and proved existence results for their solutions. By using
these results, Lin derived existence results for a solution of a vector quasi-saddle
point problem. In [12], we considered systems of simultaneous generalized vector
quasi-equilibrium problems (SSGVQEP) which contain simultaneous generalized
vector quasi-equilibrium problems [67], generalized vector quasi-equilibrium prob-
lems [46], systems of vector quasi-equilibrium problems [5], systems of generalized
vector quasi-variational-like inequalities [10] and simultaneous vector variational
inequalities [45] as special cases. By using Kakutani fixed point theorem [54], we
established an existence result for solutions of SSGVQEP. We derived several ex-
istence results for solutions of above-mentioned problems. These existence results
either improve or extend known results in the literature. We also considered systems
of vector quasi-saddle point problems (SVQSPP) and systems of quasi-minimax
inequalities (SQMI). As applications of our existence results for solutions of SS-
GVQEP, we proved existence of solutions of SVQSPP and SQMI. We gave another
application of our results to establish existence of a solution of Debreu VEP.

Because of the applications to vector optimization, game theory and economics,
saddle point problems for vector-valued functions, the theory of (vector) equilibrium
problems is emerged as a new direction for the researchers; see the references in this
chapter.
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In this survey chapter, we present systems of various kinds of vector
quasi-equilibrium problems and give existence theory for their solutions and
some applications to systems of (quasi-) vector optimization problems, systems
of quasi-saddle point problems for vector-valued functions and Debreu VEP. The
investigations of this chapter are based on our papers [4, 5, 10, 12].

2 Preliminaries

Throughout the chapter, we use the following notations. Let A be a nonempty subset
of a topological vector space Z°, we denote by int A, A, coA and TOA, the interior
of A in 2, the closure of A in 2, the convex hull of A, and the closed convex
hull of A, respectively. The family of all subsets of A is denoted by 24. If X and
Y are topological vector spaces, then L(X,Y) denotes the family of all continuous
linear maps from X to Y.

Definition 1 ([26,27]). Let 2 and ¢ be topological spaces. A multivalued map
T: 2 — 27 is called upper semicontinuous at xo € 2 if for any open set V C
% containing T (xp), there exists an open neighbourhood U of xy in £ such that
T(x) CVforallxeU.

T is called lower semicontinuous at x € 2" if for any open set V C % such
that VN T (xp) # 0, there exists an open neighbourhood U of x¢ in £ such that
T(x)NV #0forallxe U.

It is said to be upper (lower) semicontinuous on 2 if it is upper (lower) semi-
continuous at every pointx € 2.

Further, T is said to be continuous on X if it is upper semicontinuous as well as
lower semicontinuous on X.

Lemma 1 ([26]). A multivalued map T : & — 2% s lower semicontinuous at
x € Z if and only if for any y € T (x) and for any x,, € X such that x, — x, there
exists y, € T (xy) such that y, — y.

Definition 2. Let 2~ and % be two topological spaces. A multivalued map 7 :
Z — 27 is said to be:

(i) Compact if there exists a compact subset % C % such that T(2") C .7

(ii) Closed if its graph Gr(T) = {(x,y) |x € Z", ye T(x)} isclosed in 2 x ¥

Lemma 2 ([79]). Let (E,||-||) be a normed vector space and S be a Hausdorff
metric on the collection € B(E) of all nonempty, closed and bounded subsets of E,
induced by a metric d in terms of d(x,y) = ||x — y||, which is defined as

€ (U,V) = max< sup inf ||x — y||,sup inf ||x — ,
U,v) {xegyevl yll yevpxeull yl}
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forallU,V € €B(E). If U and V are compact sets in E, then for all x € U, there
exists y € V such that
lx =yl <22 U, V).

Definition 3 ([79]). Let (E,d) be a metric space and .7 be a Hausdorff metric on
CA(E). Amultivalued map T : E — € HB(E) is said to be continuous (in the sense
of Nadler) on E if for every € > 0, there exists a 0 > 0 such that for all x,y € E

(T (x),T(y)) <e whenever d(x,y)<§$.

Remark 1. The notions of continuity in the sense of Definitions | and 3 are equiva-
lent if 7' is compact valued.

Definition 4 ([101]). Let Q be a nonempty convex subset of a normed space (E, || -
||) and ¥ be a normed linear space. A nonempty compact-valued multifunction T :
Q — 2MET) is said to be .7 -hemicontinuous if for any x,y € £, the mapping o —
S (T (x+ oy —x),T(x))) is continuous at 0T, where . is the Hausdorff metric
defined on €A(E).

Definition 5 ([88,89] ). Let & be a Hausdorff topological vector space and L a lat-
tice with least element, denoted by 0. A mapping @ : 2¢ — L is called a measure of
noncompactness provided that the following conditions hold for any M,N € 2%

(i) @(M) = 0 if and only if M is precompact (i.e., it is relatively compact).
(ii) @(convM) = @(M), where convM denotes the closed convex hull of M.
(iii) ®(M UN) = max{®(M), ®(N)}.

It follows from (iii) that if M C N, then ®(M) < @(N).

Definition 6 ([88, 89]). Let @ : 2¢ _ L be a measure of noncompactness on &
and D C &. A multivalued map T : D — 2¢ is called @-condensing provided that if
M C D with @(T(M)) > ®(M) then M is relatively compact.

Remark 2. Note that every multivalued map defined on a compact set is necessarily
@-condensing. If & is locally convex, then a compact multivalued map (i.e., T(D)
is precompact) is @-condensing for any measure of noncompactness @. Obviously,
if T: D — 2% is ®-condensing and if S : D — 2¢ satisfies S(x) C T'(x) forall x € D,
then S is also @-condensing.

The following maximal element theorem for a family of multivalued maps is a
main tool to study systems of vector quasi-equilibrium problems and their general-
izations.

Theorem 1 ([39,69]). For each i € I, let K; be a nonempty convex subset of a
Hausdorff topological vector space X;. Let K = [1;¢; Ki. For each i € I, let S;,T; :
K — 2Ki be multivalued maps satisfying the following conditions:

(i) For each i € I and for all x € K, coS;(x) C T;(x), where coSi(x) denotes the
convex hull of S;(x).
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(i) For each i € I and for all x = (xi)ic; € K, x; ¢ T;(x), where x; is the ith
component of x.

(iii) For eachi € I and for all y; € K;, S; ' (vi) = {x € K : y; € Si(x)} is open in K.

(iv) There exist a nonempty compact subset M of K and a nonempty compact convex
subset N; of K; for each i € I such that for all x € K\ M, there exists i € I such
that S,‘(x) NN; #£0.

Then there exists X € K such that S;(x) = 0 for alli € I.

Remark 3. If for each i € I, K; is a nonempty, closed and convex subset of a locally
convex Hausdorff topological vector space Xj;, then condition (iv) of Theorem 1 can
be replaced by the following condition:

(iv)’ The multivalued map S : K — 2K defined as S(x) := [T;c; Si(x) for all x € K, is
®-condensing.

(See Corollary 4 in [29]).

Let Z be a topological vector space and P a closed convex cone in 2 with
int P # 0. Then, P induces the vector ordering in 2 by setting, ¥ x,y € P,

x<py <& y—xebp

xZpy & y—x¢P
Since int P # 0, we also have the weak ordering in 2 by setting, V x,y € P,

x<py <& y—xcintP;

x£py & y—xgintP.

The ordering >p, Zp, >p, %p are defined similarly. A cone P is called pointed if
PN (—P)={0}, where 0 is the zero element of Z.

Definition 7 ([28,76,94]). Let .# be a nonempty subset of a topological vector
space &, and let Z be a topological vector space with a proper, closed and convex
cone P with apex at the origin and int P # 0. A vector-valued function ¢ : . # — &
is said to be P-lower semicontinuous (respectively, P-upper semicontinuous) at xo €
A if and only if for any neighbourhood V of ¢(xg) in 2, 3 a neighbourhood U of
Xp in & such that

o(x)eV+P, VxeUNA

(respectively, o¢(x) eV —P, VYxeUN.X).

Furthermore, ¢ is P-lower semicontinuous (respectively, P-upper semicontinuous)
on # if and only if it is P-lower semicontinuous (respectively, P-upper semicon-
tinuous) at each x € .Z .

¢ is P-continuous on ./ if and only if it is both P-lower semicontinuous and
P-upper semicontinuous on .Z .
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Remark 4. In [28], it is shown that a function ¢ : .# — 2 is P-lower semicontinu-
ous if and only if V o € 2, the set

L(a):={xe # : ¢(x)— o ¢ int P}

is closed in ..
Similarly, we can show that ¢ is P-upper semicontinuous if and only if V o € 2,
the set

U(o):={xe.#:¢(x)—o ¢ —int P}
is closed in .7 .
Definition 8 ([28,43,76]).! Let (2, P) be an ordered topological vector space and

¢ a nonempty convex subset of a vector space 2. A map ¢ : & — 2 is said
to be:

(i) P-convex if V x,y € & andt € [0, 1], we have

P(tx+ (1 —1)y) <p1d(x) + (1 =1)(y).

(ii) Properly P-quasiconvex if ¥ x,y € ¢ and t € [0, 1], we have either

o(tx+ (1 —1)y) <p ¢(x)

or
O(tx+(1—1)y) <p ¢(y).

(iii) Properly P-quasiconcave if —¢ is properly quasiconvex.
(iv) Natural P-quasiconvex (or natural P-quasifunction) if ¥V x,y € J# and V t €
[05 1]7
¢(tx+ (1 —1)y) € cof{p(x),0 ()} = P.

(v) P-quasiconvex (or P-quasifunction) if V.o € 2, the set {x € % : ¢(x) — o0 €
—P} is convex.

Remark 5. (a) Every P-convex function is natural P-quasiconvex and every natural
P-quasiconvex function is P-quasiconvex, but converse assertions are not true; see,
for example, Remark 2.1 in [95].

(b) ¢ is a natural P-quasiconvex function if and only if V x,y € J# and V 1 € [0, 1],
s € [0,1] such that

P(ex+(1—=1)y) € s¢(x)+ (1 =5)9(y) = P.

(c) If ¢ is a P-quasiconvex function, then the set {x € ¢ : ¢(x) — @ € —int P} is
also convex forall o € &.

! The terms P-convex, natural P-quasiconvex and P-quasiconvex are used in [28,43,76] instead of
P-function, natural P-quasifunction and P-quasifunction which are suggested by Prof. F. Giannessi.
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Example 1. Let # =[0,1], Z =R%, P=R2 = {(y1,y2) €R?:y; >0, y, >0} and
define a function ¢ : & — Z by ¢(x) = (x*,1 — xz). Then, the function ¢ is contin-
uous and natural P-quasiconvex, but neither P-convex nor properly P-quasiconvex.

Example 2. Let #, %P be the same as in Example 1. We define functions & :

H — Z by
Tx\ . (7
6= (eos () s (7))
and the function 7 : Z — Z by
7(x) = (cos(27x),sin(27x)) .

Then, the function & is continuous and P-quasiconvex, but not natural P-
quasiconvex, and the function 7T is continuous, but not natural P-quasiconvex
and hence, not P-convex.

Throughout the chapter, all topological spaces are assumed to be Hausdorff.

3 System of Vector Quasi-equilibrium Problems

Throughout the chapter, unless otherwise specified, we use the following notations.
Let I be any index set (countable or uncountable). For each i € I, let X; be a Haus-
dorff topological vector space and K; be a nonempty convex subset of X;. We set
K = Tie;Ki» X = [lie; X; and K' = Ijer, j2i Kj, and we write K = K' x K;. For
x € K, x denotes the projection of x onto K and hence we also write x = (x/,x;).
For each i € I, let ¥; be a topological vector space and C; : K — 2Y be a multivalued
map such that for each x € K, C;(x) is a proper, closed and convex cone with apex
at the origin and int Cj(x) # 0. For each i € I, let P, = (g Ci(x). For each i € I,
we denote by L(X;,Y;) the space of all continuous linear operators from X; into ¥;.
We denote by (s;,x;) the evaluation of s; € L(X;,Y;) at x; € X;. We also assume that
Yiel, A; - K — 2% is a multivalued map such that V x € K, A;(x) is nonempty and
convex, A;l(y,-) is open in K V y; € K; and the set % := {x € K: x; € A;(x)} is
closed in K, where x; is the ith component of x.

We consider the following system of vector quasi-equilibrium problems
(SVQEP) [5], that is, to find X € K such that for each i € I,

GEMR) ¢ fiFy) E —intCi(E), YyieAiD).

If foreachi €1, Y; =R and C;(x) =R} V x € K, then SVQEP is known as a
system of quasi-equilibrium problems; see [9, 98] and the references therein.

If for each i € I and Vx € K, A;(x) = K; and C;(x) = P; a fixed proper closed
convex cone with nonempty interior, then SVQEP reduces to a system of vector
equilibrium problems (SVEP) [14] of finding X € K such that for each i € I,

ﬁ(xvyl)¢_lntﬂv VyLEKL
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If the index set [ is singleton, then SVQEP becomes a vector quasi-equilibrium

problem [24] which contains vector quasi-optimization problems, vector quasi-
variational inequality problems, vector quasi-variational-like inequality problems
and vector quasi-saddle point problems as special cases.

Examples of SVQEP

ey

2

Foreachi eI, let T; : K — L(X;,Y;) and n; : K; X K; — X; be two maps. If for
eachiel,
filxyi) = (Ti(x), mi(vi, %)),

then SVQEP is equivalent to the following problem of finding X € K such that
vViel,

X GA,'()E) : <7}()€),T},’(y,‘,)fi)> ¢ —int C,‘()E), Y yi GA,'()E).

It is known as a system of vector quasi-variational-like inequalities (SVQVLI).
When 10;(yi,x;) = yi — xi, then SVQVLI is called a system of vector quasi-
variational inequalities (SVQVI). If foreachi € I, Y;=Rand C;(x) =R} Vx €
K, SVQVI s studied in [9,98].

If for each i € I, A;(x) = K; V x € K, SVQVLI and SVQVI reduce to the fol-
lowing system of vector variational-like inequalities and the system of vector
variational inequalities, respectively, studied in [14].

The system of vector variational-like inequalities (SVVLI): find X € K such that
foreachiel,

<Ti(f),n(y,',)fi)> ¢ —int C,‘()f), for all y; € K;.

The system of vector variational inequalities (SVVI): find X € K such that for
eachiel,
(T,'()E),y,' —f,‘> ¢ —int C,'()E), for all y; € K;.

If for each i € I, Y; = R and int C;(x) = R, then SVVI becomes the systems of
variational inequalities studied in [20, 35, 86].

In case the index set [ is a singleton, SVVI reduces to a vector variational in-
equality first considered in [47]; see also [48] and the references therein.

For eachi €1, let ¢; : K — Y be a given function. The system of vector quasi-
optimization problems (SVQOP) is to find X € K such that for each i € I,

0i(y) — @i(x) ¢ —int C;(x), forall y € A(%).

We can choose y € K in such a way that y' = ¥'. Then we have Debreu VEP also
known as constrained Nash equilibrium problem for vector-valued functions
which is to find x € K such that for each i € I,

(pi()fi,y,') - (p,'()f) ¢ —int C,'()f), forall y; € Ai(f).
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For each i € I and for all x € K, if A;(x) = K;, then Debreu VEP reduces to the
following Nash equilibrium problem for vector-valued functions: Find ¥ € K
suchthatViel,

@i(& ,yi) — @i(%) ¢ —int G;(%), Vy €Ki

It is clear that every solution of SVQOP is also a solution of Debreu VEP but
the converse is not true.

Of course, if for each i € I, ¢; is a scalar-valued function, then Debreu VEP is the
same as one introduced and studied by Debreu in [38], see also [80—82]. In this case,
a large number of papers have already been appeared in the literature; see [9,98] and
the references therein.

Section 3.1 deals with the existence theory of solutions of SVEP and SVQEP
with or without involving @-condensing maps. Consequently, we get some exis-
tence results for a solution of SVQVLI. In Sect. 3.2, we first establish an equiva-
lence between SVQVLI and Debreu VEP and then we derive some existence results
for a solution of the Debreu VEP for convex or nonconvex functions.

3.1 Existence Results for Solutions of SVEP and SVQEP

We present the following existence results for solutions of SVEP which are estab-
lished in [14] by utilizing scalarization technique and by using collectively fixed
point theorem for a family of multivalued maps [22].

Theorem 2 ([14]). Let Y be a topological vector space and C C Y be a proper;
closed convex cone with apex at the origin 0 and int C # 0. For each i € I, let K;
be a nonempty compact convex subset of X; and let f; : K x K; — Y be a bifunction
such that fi(x,x;) = 0 for all x = (x',x;) € K. Assume that the following conditions
are satisfied:

(i) For each i € I and Vx € K, the function y; — f;(x,y;) is C-quasiconvex.
(i) For eachi € 1, f; is continuous on K x K;.

Then the solution set of SVEP is nonempty and compact.
In case K; is not necessarily compact, we have the following result.

Theorem 3 ([14]). Let Y be a topological vector space and C C Y be a proper,
closed convex cone with apex at the origin 0 and int C # 0. For each i € I, let K;
be a nonempty convex subset of X; and let f; : K X K; — Y be a bifunction such
that fi(x,x;) = 0 for all x = (x',x;) € K. Assume that the following conditions are
satisfied:

(i) For each i € I and Vx € K, the function y; — f;(x,y;) is C-quasiconvex.
(ii) For each i € I, f; is continuous on each compact convex subset of K x K;.
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(iii) For each i € I, there exists a nonempty compact convex subset B; of K;, and let
B =Tl;c; Bi C K such that for each x € K\ B, there exists §; € B; such that

fi(x,5;) € —int C.
Then there exists a solution X € B of SVEP.

Remark 6. Let I be a finite index set and for each i € I, let X; be a reflexive Banach
space with norm || - ||; equipped with the weak topology. Consider a Banach space Y
equipped with the norm topology. The norm on X = [;c; X; will be denoted by ||-||.
Then assumption (iii) in Theorem 3 can be replaced by the following condition:

(iii)’ There exists r > 0 such that for all x € K, ||x|| > r, there exists §; € K;, [|7i||i <r
such that
fi(x,¥;) € —int C.

We present the following existence result for solutions of SVQEP without
involving ®@-condensing maps. In [5], we proved this result by using maximal
element Theorem 1.

Theorem 4 ([5]). For each i € I, let K; be a nonempty and convex subset of a
Hausdorff topological vector space X; and f; : K x K; — Y; be a bifunction. Assume
that the following conditions hold:

(i) Foreachi€ I andV x € K, fi(x,x;) ¢ —int C;(x), where x; is the ith component

of x.

(ii) For eachi € I and¥ x € K, the vector-valued function y; — fi(x,y;) is a natural
P;-quasiconvex function.

(iil) For eachi € I andV y; € K, the set {x € K : fi(x,y;) ¢ —int C;(x)} is closed in
K.

(iv) There exist a nonempty and compact subset N of K and a nonempty, compact
and convex subset B; of K; Vi € I, such that¥ x € K\N 3i €l and 3§; € B;,
such that §; € A;(x) and f;(x,5;) € —int G;(x).

Then SVQEP has a solution.

Remark 7. (1) The condition (iii) of Theorem 4 is satisfied if the following condi-
tions hold Vi e I:

(a) The multivalued map W; : K — 2% defined by W;(x) = ¥;\ {—intG;(x)} Vx€K,
is closed in K X K.
(b) For all y; € K, fi(,y:) : K — Y; is continuous (in the usual sense) on K.

(2)Ifforeachi€landV x € K, C;(x) = C;, a (fixed) proper, closed and convex cone
in ¥;, then conditions (ii) and (iii) of Theorem 4 can be replaced, respectively, by the
following conditions:

(c) For each i € I and V x € K, the vector-valued function y; — f;(x,y;) is a C;-
quasiconvex function.
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(d) For each i € I and V y; € K; the vector-valued function x — f;(x,y;) is C;-upper
semicontinuous on K.

(3) Theorem 4 extends and generalizes Theorem 6 in [9], Theorem 2.1 in [14] and
Corollary 3.1 in [24] in several ways.

(4) If for each i € I, K; is a nonempty, compact and convex subset of a Hausdorff
topological vector space X;, then the conclusion of Theorem 4 holds without condi-
tion (iv).

We mention the following existence result for a solution of SVQEP involving
@-condensing maps. We proved this result by using maximal element Theorem |1
with Remark 3.

Theorem 5 ([5]). For each i € I, let K; be a nonempty, closed and convex subset
of a locally convex Hausdorff topological vector space X;, f; : K X K; — Y; be a
bifunction and let the multivalued map A = [1;c;A; : K — 2K defined as A(x) =
[Tic;Ai(x) V x € K, be ®-condensing. Assume that the conditions (i), (ii) and (iii)
of Theorem 4 hold. Then SVQEP has a solution.

In order to derive the existence results for solutions of systems of vector quasi-
variational (-like) inequalities, we define a topology on the space L(&, %) by the
following way:

Let & and 2° be Hausdorff topological vector spaces. Let ¢ be the family of
bounded subsets of & whose union is total in &, that is, the linear hull of J{U : U €
o} is dense in &. Let 8 be a neighbourhood base of 0 in Z. When U runs through
o,V through 4, the family

MU, V) ={E €L(E, %) : Uger (E,3) C V)

is a neighbourhood base of 0 in L(&", 2°) for a unique translation-invariant topology,
called the fopology of uniform convergence on the sets U € o, or, briefly, the o-
topology (see [42, pp. 79-80] and also [91]).

Lemma 3 ([42]). Let & and % be Hausdorff topological vector spaces and
L(&,%) be the topological vector space under the G-topology. Then, the bilin-
ear mapping {.,.) : L(&, %) x & — Z is continuous on L(&, %) X &.

Throughout the chapter, we assume that L(&", %) is equipped with o-topology.

In addition to the assumptions on C; : K — 2% in the following corollaries, we
further assume that C;(x) is pointed, V i € I and V x € K. Then the following results
can be easily derived, respectively, from Theorems 4 and 5 by setting

fi(xvyi) = <Tl(x>7 ni(yiaxi»'

Corollary 1 ([5]). Foreach i€ I, let K;, X; and W; be the same as in Theorem 4
and Remark 7, respectively. For each i € I, let n; : K; X K; — X; be continuous in
the second variable such that N;(x;,x;) =0 V x; € K;, and let T; : K — L(X;,Y;) be
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continuous on K such that the map y; — (T;(x),M;(yi, x;)) is a natural P;-quasiconvex
function, ¥ x € K. Assume that there exist a nonempty and compact subset N of K
and a nonempty, compact and convex subset B; of K; ¥V i € I, such that ¥V x € K\ N
Jieland 3 §; € B; such that §; € Ai(x) and (T;(x),ni(Fi,xi)) € —int C;(x). Then
SVQVLI has a solution.

Corollary 2 ([5]). Foreachi€l, letK;, X;, A;, A and n;, T;, W;, L(X;,Y;) be the
same as in Theorem 5 and Corollary 1, respectively. Then SVQVLI has a solution.

Remark 8. To the best of our knowledge, there is only one paper [40] appeared
in the literature on the scalar quasi-variational-like inequality problems involving
@-condensing maps. Since the approach in this chapter is different from the one
adopted in [40], Corollary 2 is a new result in the literature, not only for the vector
case but also for the scalar one.

3.2 Applications of SVQEP

Let/={1,2,...,n} be a finite index set and for each i € I, let X; be a normed space
and X = [];; Xi. Let Z be a normed space. We recall the following definition.

Definition 9 ([100]). The function ¢ : X — Z is said to be partial Gateaux differ-
entiable at x = (X1,...,Xj—1,Xj,Xj+1, -..,X,) € X w.r. t. the jth variable x; if

. (le,...,x;l?x-_yth.’x. LyeroX _¢x
(D21 = timg SN2 X Y 10) — 00

exists,

for all h; € X;. Dy, ¢(x) € L(X},Z) is called the partial Gdteaux derivative of ¢ at
x € X w.r.t. the jth variable x;.

¢ is called partial Gdteaux differentiable on X if it is partial Gateaux differen-
tiable at each point of K w.r.t. each variable.

Definition 10 ([96] ). Let E be a normed space, Z a normed space with a closed and
convex cone P with apex at the origin, M a nonempty subsetof E, 1 : M xM — E
a function. A Gateaux differentiable function ¢ : M — Z is said to be P-invex w.r.t.
nifvx,yeM,

¢(y> - ¢(x> - <Dx¢(x)»77()’=x)> €P,

where D, ¢ (x) denotes the Gateaux derivative of ¢ at x.

Definition 11 ([78]). A subset M of a vector space E is said to be invex w.rt. N :
MxM—EifVx,yeMandVte|0,1],x+tn(y,x) € M.

Definition 12 ([96] ). Let M be an invex set in a normed space E w.r.t. N : M x M —
E. A vector-valued function ¢ : M — Z is said to be P-preinvex if V x,y € M and
Vtel0,1],

19(y) + (1 =1)9(x) — o (x+1n(y,x)) € P.
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Remark 9. Tt can be easily seen thatif M is an invex subsetof E w.rt. n: M xM — E
and ¢ : M — Z is Gateaux differentiable on M and P-preinvex, then ¢ is P-invex
w.r.t. 1. But the converse assertion may not be true.

We have the following result which provides a sufficient condition for a solution
of Debreu VEP.

Proposition 1 ([5]). Let I be a finite index set. For each i € I, let X; and Y; be
normed spaces, K; a nonempty and convex subset of X;, K = [1;c; Ki, Ai : K — 2Ki
nonempty convex-valued multivalued map, n; : K; X K; — X;, and ¢; : K — Y; par-
tial Gateaux differentiable on each open subset of K and P;-invex w.r.t. M); in each
argument. Then every solution of SVQVLI with T;(x) = Dy, @i(x) is also a solution
of Debreu VEP.

Proof. Assume that X € K is a solution of SVQVLI with T;(x) = Dy, @;(x). Then for
eachiel,

X €Ai(x) : (Dyei(®),ni(yi, %)) ¢ —int G(X), Vy; € Ai(%). (1)
Since for each i € I, ¢; is P;-invex w.r.t. 1); in each argument, we have
G, yi) = Gi(X) — (D @i(%), M1, %)) € P © Gi(D). 2)
Sincea—b e Pand b ¢ —int P = a ¢ —int P, it follows from (1) and (2) that
B €A @i(F,y) — @i(F) ¢ —int C;(X), Yy € Ai(X).
Hence X € K is a solution of Debreu VEP.

The next result provides the equivalence between SVQVLI and Debreu VEP.

Proposition 2 ([5]). Let I be a finite index set. For each i € I, let X; and Y; be
normed spaces, K; C X; nonempty invex w.rt. ; : K x K; — X;, K =[l;e; Ki, A :
K — 2K nonempty invex valued multivalued map and @; : K — Y; partial Gateaux
differentiable on each open subset of K and P;-preinvex in each argument. Then
X € K is a solution of SVQVLI with T;(x) = Dy, @;(x) if and only if it is a solution of
Debreu VEP.

Proof. Assume that X € K is a solution of SVQVLI. Then by Proposition 1, X € K
is a solution of Debreu VEP.
Conversely, let X € K be a solution of Debreu VEP. Then for each i € I,

X € A,'()E) : (pi()Ei,yi) - QDL()E) ¢ —int C,‘()f), Vy € Ai()f). 3)

Since %;,y; € A;(X) and each A; (%) is invex, we have &; +¢1; (y;, %) € A;(X) V¢ € 0,1].
Therefore, from (3), we get

Q& X+ (i X)) — i(%) € Wi(®) = X3\ {—int Gi(%)}.
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Since for each i € I, W;(X) is a closed cone, we have

limo 0; (X', %; +tni(3’iaxi)) — @;i(X)
—

€ Wi(%).
From the partial Gateaux differentiability of each ¢;, we get, Vil

% €AX) 1 (Dy@i(X),mi(yi, %)) ¢ —int Gi(X), V y; € Ai(%).
Hence ¥ € K is a solution of SVQVLI with T;(%) = Dy, ¢;(X) Vi € I.

Remark 10. If for each i € [ and V x € K, 0;(yi,xi) = yi — xi, Ai(x) = K;, Ci(x) =
R4 and Y; = R, then Proposition 2 reduces to Proposition 4 in [25, p. 269]. Hence
Proposition 2 extends Proposition 4 in [25] in several ways.

By using Proposition 1 and Corollary 1, we can easily derive the following exis-
tence result for a solution of Debreu VEP.

Theorem 6 ([S5]). Let I be a finite index set. For eachi € I, let X; and Y; be normed
spaces, K; be a nonempty convex subset of X;, K = [1;c; K; and W; be the same as in
Remark 7. For eachi € I, let n; : K; X K; — X; be continuous in the second argument
such that N;i(x;,x;) =0 YV x; € K;, and @; : K — Y; partial Gateaux differentiable on
K and P;-invex in each variable such that the function y; — (Dx, @;(x),M;(yi,xi)) is
a natural P-quasiconvex function, ¥ x € K. Assume that there exist a nonempty
and compact subset N of K and a nonempty, compact and convex subset B; of
K Vi€l suchthat¥ x € K\N 3 i €I and 3 §; € B;, such that §; € A;(x) and
(Dy, @i(x),Mi(Fi,xi)) € —int C;(x). Then the Debreu VEP has a solution.

If the index set I need not be finite and for each i € I, ¢; need not be partial
Gateaux differentiable, then we can also easily derive the following existence results
for a solution of Debreu VEP from Theorems 4 and 5 by setting, Vi € I,

filx,yi) = @i(x',yi) — i)

Theorem 7 ([5]). Foreachi€ I, let K;, K, X; and W; be the same as in Theorem 4
and Remark 7, respectively, and let @; : K — Y; be a vector-valued function. Assume
that the following conditions hold:

(1) For eachi € I, ¢; is a natural P;-quasiconvex function in the ith argument.
(1) For eachi € I, @; is continuous on K.
(iii) There exist a nonempty and compact subset N of K and a nonempty, compact
and convex subset B; of K; ¥ i € I, such thatV x € K\N 3i €1l and 3 §; € B,
such that §; € A;(x) and @;(x',5;) — @i(x) € —int G;(x).

Then Debreu VEP has a solution.

Theorem 8 ([5]). Foreachi€ I, let K;, K, X; and W; be the same as in Theorems 5
and 7, respectively. Assume that the conditions (i) and (ii) of Theorem 5 hold. Then
Debreu VEP has a solution.
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Remark 11. (1) If for each i € I and V x € K, C;(x) = C;, a (fixed) proper, closed and
convex cone in Y;, then conditions (i) and (ii) in Theorem 5, and subsequently, in
Theorem 6 can be replaced, respectively, by the following conditions:

(i) Foreachi €l andV x € K, ¢; is a C;-quasiconvex function in the ith argument.
(ii)’ For each i € I, ¢; is C;-upper semicontinuous on K.

(2) Theorem 6 provides the existence of a solution of Debreu VEP involving
®-condensing map and, consequently, for scalar-valued functions. Therefore,
Theorem 6 is a new result in the literature.

4 System of Generalized Vector Quasi-equilibrium Problems

For each i € I, let F; : K x K; — 2¥ and A; : K — 2% be multivalued maps with
nonempty values. We consider the following system of generalized vector quasi-
equilibrium problems [10]:

Find ¥ € K such that for each i € I, ¥; € A;(¥) and
SGVQEP _ . _ 2 '
savarr) | A
If for each i € I and V x € K, A;(x) = K;, then SGVQEP reduces to the following
system of generalized vector equilibrium problems (SGVEP) [15]:

Find x € K such that foreachi €1,
(SGVEP) {E(x, V) Z —intGi(¥), Wy € K.
It is introduced and studied in [15] with applications to the Nash equilibrium prob-
lem for vector-valued functions.

If I is a singleton set, then SGV(Q)EP reduces to a generalized vector (quasi-)
equilibrium problem which contains generalized implicit vector (quasi-) vari-
ational inequality problems, generalized vector (quasi-) variational inequality
problems, generalized vector (quasi-) variational-like inequality problems and
vector (quasi-) equilibrium problems as special cases. For further detail on gen-
eralized vector (quasi-) equilibrium problems and their applications, we refer
[7,8,11,13,18,21,46,84,85,93,101] and the references therein.

Examples of SGVQEP

For each i € I, let D; be a nonempty subset of L(X;,Y;). For each i € I, let T; :
K — 2P be a multivalued map with nonempty values. For each i € I, let y; : D; x
K; X K; — Y; be a vector-valued map. The problem of system of generalized implicit
vector quasi-variational inequalities (SGIVQVIP) is to find x € K such that for each
iel, x; EA,'()E) and

Vy,' GA,'()E), di; € Tl(f) : l//i(b_li,)fi,yi) §é —int Ci()f).
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Setting for eachi € I,

Fi(x,yi) = Wi(Ti(x), x1,yi) = { Wi (ui, xi, i) 2w € Tix) }

Then SGVQEP coincides with SGIVQVIP.

For Y; = R and C;(x) = R_ for all x € K and for each i € I, SGIVQVIP is called
the problem of system of generalized implicit quasi-variational inequalities. Further,
for all x € K and for each i € I, A;(x) = K;, it is called the problem of system of
generalized implicit variational inequalities. Such problem is studied in [22] with
application to Nash equilibrium problem [81].

If I is a singleton set, SGIVQVIP reduces to generalized implicit vector quasi-
variational inequality problem.

The SGIVQVIP contains the following problems as special cases:

(i) Foreachiel,let 6;: K x D; — D; and n; : K; X K; — X; be bifunctions. If for
eachiel,

Vi(Ti(x), xi,yi) = (0i(x, Ti(x) ), i (vi, xi)) = {(0i(x, i), mi (i, xi)) - wi € Ti(x) },

then SGIVQVIP reduces to the problem of system of generalized vector quasi-
variational-like inequalities (SGVQVLIP) (I) which is to find X € K such that
foreachi e, X; € A;(%) and

Vyi € Ai(X), Jia; € Ti(xX) @ (0:(%, i), mi(yi, %)) & —int C;(%).

If I is a singleton set, then SGVQVLIP(I) becomes the generalized vector quasi-
variational-like inequality problem. The strong solution (i.e., &; does not depend
on y;) of SGVQVLIP(]) is studied by Chen et al. [31] and Lee et al. [65], see
also the references therein.

If for each i € I, 6;(x,u;) = u; for all x € K, then SGVQVLIP(I) becomes the
following problem denoted by SGVQVLIP(II): Find x € K such that for each
i€l k€ Ai(x) and

Vyi € Ai(%), 3 € Ti(x) : (i, mi(yi, %)) ¢ —int Gi(%).

For ¥; = R, Cij(x) = R_ and A;(x) = K; for all x € K and for each i € [, this
problem is studied in [22] with application to the Nash equilibrium problem
[81].

(i1) Ifforeachi €1,

Vi(Ti(x),xi,yi) = (Ti(x),yi — xi) = { (i, yi — xi) 1 wi € Ti(x)},

then SGIVQVIP reduces to the problem of system of generalized vector quasi-
variational inequalities (SGVQVIP) which is to find ¥ € K such that for each
iel xe Ai()f) and

Yy, € A,'()E), dii; € T,()f) : <ﬁ,‘,y,‘ —)f,'> ¢ —int C,'()E).

For each i € I, if F; is a single-valued map, then SGVQEP reduces to SVQEP
(Sect. 3).



18 Q.H. Ansari and J.-C. Yao

4.1 Existence Results for Solutions of SGVQEP

The following results provide the existence of a solution of SGVQEP with or with-
out @-condensing maps.

Theorem 9 ([10]). For each i € I, let K; be a nonempty convex subset of a Haus-
dorff topological vector space X; and let F; : K x K; — 2Yi be a multivalued map with
nonempty values. For each i € I, assume that the following conditions hold:

(i) For all x € K, Fi(x,x;) € —int C;(x), where x; is the ith component of x.
(ii) For all x € K, the set {y; € K; : Fi(x,y;) C —int C;(x)} is convex.
(iil) For all y; € K;, the set {x € K : Fi(x,y;) € —int C;(x)} is closed in K.
(iv) There exist a nonempty compact subset N of K and a nonempty compact convex
subset B; of K; for each i € I such that for each x € K\ N there exist i € I and

Vi € B; satisfying 3; € A;(x) and F;(x,§;) C —int C;(x).
Then the SGVQEP has a solution.

Theorem 10 ([10]). For eachi € I, let K; be a nonempty, closed and convex subset
of a locally convex Hausdorff topological vector space X;, F; : K x K; — 2Yi a multi-
valued map with nonempty values and let the multivalued map A = [;c; A; : K — 2K
defined as A(x) = [1;c;Ai(x) for all x € K, be ®-condensing. Assume that the con-
ditions (i)—(iii) of Theorem 9 hold. Then the SGVQEP has a solution.

In order to verify condition (ii) in Theorems 9 and 10, we introduce the following
concept.

Definition 13 ([21]). Let W and Z be topological vector spaces and M be a
nonempty convex subset of W and let P : M — 2% be a multivalued map such that
for each x € M, P(x) is a closed, convex cone with nonempty interior. For each fixed
x € M, a multivalued map F : M x M — 27\ {0} is called P(x)-quasiconvex-like if
forall y;,y» € M and ¢ € [0, 1], we have either

F(x,ty; + (1 =1)y2) C F(x,y1) — P(x),

Fx,ty1+ (1 =1)y2) € F(x,y2) = P(x).

To show the class of P(x)-quasiconvex-like multivalued is nonempty, we give the
following example.

Example 3. Let M = [0, 1], P(x) = [0, +oo) for all x € M. We define F : M x M — 2]
by
F(x,y) = [x,y+1] forallx,ye M.

For all x,y;,y, € M and 0 <t < 1, we note that

ify; <y2 thenty;+(1—1)y2 <y
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and
ifyy >y, thenty; + (1 —1)y, <yi.

Therefore, we have for each o € F(x,ty; + (1 —t)y2),

a_{(YZ+1)—[(Y2+1)—OC]» i <y,
i+ =[O+ —a], y1>y.

Hence, we have either F(x,ty; + (1 —1)y;) C F(x,y1) — P(x) or F(x,ty; + (1 —
t)y2) C F(x,y2) — P(x). Thus, F is P(x)-quasiconvex-like.

Remark 12. (a) If for each i € I, F; is C;(x)-quasiconvex-like, then the set {y; € K; :
Fi(x,y;) C —int C;(x)} is convex, for all x € K (see, e.g., the proof of Theorem 2.1

in [21]).

(b) If for each i € I, X; is locally convex Hausdorff topological vector space, the
multivalued map W; : K — 2% defined by W;(x) = ¥;\ {—int C;(x)} for all x € K, is
closed on K and for all y; € K;, F;(.,y;) is upper semicontinuous on K, then condition
(iii) of Theorem 9 is satisfied; see, for example, the proof of Theorem 2.1 in [21].

In order to establish existence results for a solution of SGIVQVIP, we modify
the definition of P(x)-quasiconvex-like multivalued bifunction to a single-valued
trifunction.

Definition 14 ([11]). Let W and Z be topological vector spaces, M a nonempty
convex subset of W and D a nonempty subset of L(W,Z). Let T : M — 2P\ {0} and
P : M — 2% be multivalued maps such that for each x € M, P(x) is a closed, convex
cone with nonempty interior. For each fixed x € M, a function y : DXM xM — Z
is called P(x)-quasiconvex-like if for all y;,y, € M and ¢ € [0, 1], we have either for
allu € T(x),

Y(u,x,ty1+ (1 =1)y2) € ylu,x,y1) — Px),
or

W(uvxatyl + (1 —l)yz) € W(uvxayZ) _P(x)'

From Theorems 9 and 10, we derive the following existence result for a solution
of SGIVQVIP.

Corollary 3 ([10]). Foreachi € I, let K; be a nonempty convex subset of a locally
convex topological vector space X; and let D; be a nonempty subset of L(X;,Y;). For
eachi €I, T; : K — 2P be an upper semicontinuous multivalued map with nonempty
values and ; : D; X K; X K; — Y; be a vector-valued map. For each i € I, assume
that:

(i) The multivalued map W; : K — 2% defined by W;(x) = Y; \ {—int Ci(x)} for all
x €K, is closed on K.
(ii) For all x € K and u; € T;(x), y;(ui,xi,x;) ¢ —int Ci(x), where x; is the ith com-
ponent of x.
(iii) ; is Ci(x)-quasiconvex-like.
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(iv) For all y; € K;, the map (u;,x;) — Wi(ui,xi,yi) is upper semicontinuous on
D,’ X Kl‘.

(v) There exist a nonempty compact subset N of K and a nonempty compact convex
subset B; of K; for each i € I such that for each x € K\ N there exist i € I and
Vi € B; satisfying §; € Ai(x) and y;(u;,x;,3;) € —int C;(x) for all u; € T;(x).

Then the SGIVQVIP has a solution.

Corollary 4 ([10]). For each i € 1, let K;, X;,D;, w;, T; and W; be the same as in
Corollary 3 and let the multivalued map A = [1;c;Ai : K — 2K defined as A(x) =
[Tic;Ai(x) for all x € K, be ®-condensing. Assume that the conditions (i)—(iv) of
Corollary 3 hold. Then the SGIVQVIP has a solution.

We derive the existence results for a solution of SGVQVLIP by using
Corollaries 3 and 4.

Corollary 5 ([10]). Foreachi € I, let Y; be a Hausdorff topological vector space
and let K;,X;, D;, T; and W; be the same as in Corollary 3. For eachi € I, let 1; : K; X
K; — X; be affine in the first argument and continuous in the second argument such
that n;(x;,x;) = 0 for all x; € K;. Assume that there exist a nonempty compact subset
N of K and a nonempty compact convex subset B; of K; for each i € I such that for
each x € K\ N there existi € I and §; € B satisfying 3; € A;(x) and {(u;, n:(Fi,x;)) €
—int Gj(x) for all u; € T;(x). Then the SGVQVLIP has a solution.

Corollary 6 ([10]). Foreachi € I, let K;,X;,Y;,D;, i, T; and W; be the same as in
Corollary 4. For each i € I, let n; : K; X K; — X; be affine in the first argument and
continuous in the second argument such that M;(x;,x;) = 0 for all x; € K;. Let the
multivalued map A = [1;c;A; : K — 2K defined as A(x) = [1;c; Ai(x) for all x € K,
be ®-condensing. Then SGVQVIP has a solution.

The following results provide the existence of a solution of SGVQVIP with or
without @-condensing maps.

Corollary 7 ([10]). For each i € I, let K;,X;,Y;,D;, T; and W; be the same as in
Corollary 4. Assume that there exist a nonempty compact subset N of K and a
nonempty compact convex subset B; of K; for each i € I such that for each x € K\ N
there exist i € I and §; € B; satisfying y; € A;(x) and {u;,5; — x;) € —int C;(x) for all
u; € T;(x). Then the SGVQVIP has a solution.

Corollary 8 ([10]). For each i € I, let K;,X;,Y;,D;, T; and W; be the same as in
Corollary 4. Let the multivalued map A = [1;c;A; : K — 2K defined as A(x) =
[Lic;Ai(x) for all x € K, be ®@-condensing. Then the SGVQVIP has a solution.

4.2 Applications

Throughout this section, unless otherwise specified, we assume that the index set
[ is finite, that is, I = {1,...,n}. For each i € I, let X; and ¥; be finite dimensional
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Euclidean spaces R? and R%, respectively, and K; be a nonempty convex subset of
Xi.LetK =[];;Ki. Let K =[] K;. Foreachic I, letC;: K — 2¥i be a multivalued
map such that for all x € K, C;(x) is a proper, closed and convex cone with apex at
the origin and int C;(x) # @ and RY C C;(x). Let the multivalued map A = [];;A; :
K — 2K be defined as A(x) = [T;c;Ai(x), for all x € K. Foreachi € I, let ; : K — Y;
be a given vector-valued function. We recall the following SVQOP which is to find
X € K such that ¥ € A(%) and for eachi € I,

@i(y) — @i(¥) ¢ —int Ci(¥) Yy €A(X),

where @i(x) = (@i, (x), @i, (x), ..., ¢, (x)) and for each [ € Z = {1,..., gi}, @ :
K — Ris a function.

As we have seen in Sect. 3 that every solution of SVQOP is also a solution of
Debreu VEP, but the converse need not be true.

We recall the following definitions.

Definition 15. A real-valued function f : R? — R is said to be locally Lipschitz
if for any z € R”, there exist a neighbourhood N(z) of z and a positive constant k
such that

If () =fWI < kllx=yll, VxyeN(z).

The Clarke generalized directional derivative [34] of a locally Lipschitz function
f at x in the direction d denoted by f°(x;d) is

fo+1d)— ()

2 (x:d) = limsup t

110

The Clarke generalized gradient [34] of a locally Lipschitz function f at x is
defined as

df(x)={& eRP: fO(x;d) > (€,d) foralld e R} .

If f is convex, then the Clarke generalized gradient coincides with the subdiffer-
ential of f in the sense of convex analysis [90].

The generalized invex function was introduced by Craven [36] as a generalization
of invex functions [51].

Definition 16. A locally Lipschitz function f : R” — R is said to be generalized
invex at x w.r.t. a given function 1 : R? x R? — R? if

fO) =) = (En(x), V& edflx)andyeR”.

Foreachic I, let ¢; : K — R be alocally Lipschitz function and letx € K, x; € K.
Following Clarke [34], the generalized directional derivative at x; in the direction
dj € K of the function ¢;(x1,...,Xxj1,,Xj11, ..., %) denoted by ¢ (x;d;) is
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. 1
q)l-oj(x;dj) = y}_lll;lj sup;{q)i(xl,...,qu,yj +tdj,Xjq1,. %)
110

_¢i(x17~”7-xj717yj7'xj+17"'axn)}'

The partial generalized gradient [34] of the function @;(xi,...,xj—1,",
Xjf1s---,Xn) at x; is defined as follows:

9;0i(x) = {&; € Xj: ¢)y(x:dj) > (&;,d;) forall dj € K; } .

Lemma 4 ([34]). Foreachic I, let ¢; : K — R be locally Lipschitz. Then for each
i € I, the multivalued map 0;Q; is upper semicontinuous.

Definition 17. For each i € I, ¢; : K — R is called generalized invex at x w.r.t. a
given function 1; : K; X K; — R?i if

0i(y) — ¢i(x) > (&, mi(yi,xi)), V& €digi(x)andVye K.

Proposition 3 ([10]). For each i € I and for all 1 € £, let ¢;, : K — R be gen-
eralized invex w.r.t. 1;, : Ki X K; — X;. Then any solution of SGVQVLIP (Il) is a
solution of SVQOP with T;(x) = 0;¢;(x) for each i € I and for all x € K, where
9i¢i(x) = (9, (x), 0 @iy (x),- .., iy, (x)) € RPIXi,

Proof. For the sake of simplicity, we denote by ¢i(x) = (¢;, (x), ..., ¢, (x)) € R,
ui = (Ui, . .. ’”iqi) where u;, € d;¢;, (x) forall / € ., and

G (01%)) = (Gt T %)) (T () ) € R
Assume that X € K is a solution of the SGVQVLIP (II). Then for each i € 1,
Vyi € Ai(X), iy, € 0i;, (%) forall | € £ such that
(<ﬁi17ni1 (ir i), (i, s iy, (yiafz'») ¢ —int Gj(¥).
We can rewrite this as
Vy: € Ai(X), Jit; € 0ipi(X) = (i, Mi(yi, %)) ¢ —int Ci(F). “)
Since for each i € / and for all / € .Z, ¢;, is generalized invex w.r.t. 17;,, we have

(piz (y) - (Pil ()E) > <ui17ni1 (yivxi» for all uj € ai(Pil ()E) and ye A(X) = HAi(X)a

icl

that is, foreachi e 1
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goi(y) — @i(%) > <u,‘7 T],'(y,‘7)f,‘)> for all u; € 8i(p,~(i) andy € A()E)
Therefore, for each i € I and for all u; € J;;(x), we have

@i(y) — @i(%) € (@i, (i, %)) +RE (5)
(#i, Mi(vi, %)) + int Gi(X).

N

From (4) and (5), we have @;(y) — ¢;(X) ¢ —int C;(X). Hence X € K is a solution of
the SVQOP.

Rest of the section, unless otherwise specified, d;@;(x) and {(u;, n;(y;,x;)) are the
same as defined in Proposition 3.

Theorem 11 ([10]). For eachi €l andforalll € Z, let @;, : K — R be generalized
invex w.r.t. 1, : Ki X K; — X; such that n;, is affine in the first argument, continuous
in the second argument and 1;, (xi,xi) = 0 for all x; € K;. Assume that there exists
r > 0 such that for all x € K, ||x|| > r, there exist i € I and §; € K; with ||5i]|i <r
satisfying ¥; € Ai(x) and

(i, Mi(¥i,xi)) € —int Gi(x), Y u; € Jii(x),

where || -|| and || - ||; denote the norms on X and X;, respectively. Then the SVQOP
has a solution.

Theorem 12 ([10]). ForeachicIandforalll € Z, let ¢;, : K — R be generalized
invex w.r.t. 1, : Ki X K; — X; such that n;, is affine in the first argument, continuous
in the second argument and 1);, (xi,x;) = 0 for all x; € K;. Let the multivalued map
A =Tlic/Ai : K — 2K defined as A(x) = [1ic; Ai(x) for all x € K, be ®-condensing.
Then the SVQOP has a solution.

The following example, provided by one of the referees, shows that if 7 is affine
in the second argument, then it is not necessary that 1 (x,x) = 0.

Example 4. Consider the map 1 : Ry x R, — R defined by
Nn(x,y) =(x+y+1,0), forallx,y e Ry =][0,00).
Then 7 is affine in the second argument but 1 (x,x) # 0 forall x € R .

In the next three corollaries, we set @i(x) = (¢;, (x),..., @i, (x)) € RY, u; =
(Wiy - sttiy,)s iy yi —xi) = (Ui, yi = Xi), -, (Ui, vi — X)) € RY and 9;@i(x) =
(8i(p,~1 (x)7ai§0i2 (x),.. .,ai(piqi (x)) € RPi*9i where aigoij (x) (j=1,...,q) is the par-
tial subdifferential in the sense of convex analysis.

Corollary 9 ([10]). For each i € I and for all | € Z, let ¢;, : K — R be convex
and lower semicontinuous Assume that there exists r > 0 such that for all x € K,
[|x]|| > r, there exist i € I and ; € K; with ||3i||; < r satisfying 3; € Ai(x) and

<I/tl',)7,' —x,‘> € —int C,‘()C)7 Yu; € ai(pi(x)7
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where || -|| and || - ||; denote the norms on X and X;, respectively. Then the SVQOP
has a solution.

Corollary 10 ([10]). For eachi € I and for alll € £, let ¢;, : K — R be convex
and lower semicontinuous on K. Let the multivalued map A = [];c;A; : K — 2K
defined as A(x) = T1;c;Ai(x) for all x € K, be ®-condensing. Then the SVQOP has
a solution.

5 System of Generalized Implicit Vector Quasi-equilibrium
Problems

As we have seen in the previous sections that systems of vector quasi-equilibrium
problems are used as tools to establish the existence of a solution of Debreu VEP,
also known as constrained Nash equilibrium problem, both for nondifferentiable
and (non)convex vector-valued functions. These are also used to solve mathemat-
ical programs with equilibrium constraints [70], fixed point theory for a family of
nonexpansive multivalued maps [68] and several related topics. By using different
types of maximal element theorems for a family of multivalued maps and differ-
ent types of fixed point theorems for a multivalued map, several authors studied
the existence of solutions of different kinds of systems of vector quasi-equilibrium
problems; see, for example, [5,6,9,10,12,39,68,70,71,75,98,99] and the references
therein.

For each i € I, let W; : K — 2% be a multivalued map defined as W;(x) = ¥; \
(—int C;(x)) for all x € K such that its graph is closed. For each i € I, let F; : K; — 2%
be a multivalued map with nonempty values, A; : K — 2% be a multivalued map with
nonempty convex values such that A(x) = [];c;Ai(x), and y; : D; x K; X K; — Y; be a
function. We consider the following Systems of Generalized Implicit Vector Quasi-
Equilibrium Problems (SGIVQEP) [4]:

Problem 1. Find ¥ € K such that ¥ € A(X) and for each i € I,
Vi; € F(%) @ wi(@, %, yi) ¢ —int Gi(%),  Vy; € Ai(X).

Problem 2. Find ¥ € K such that ¥ € A(X) and for eachi € I,
Jia; € Fi(x) : i@, i, yi) ¢ —int Gi(X), Yy € Ai(X).

Problem 3. Find ¥ € K such that ¥ € A(¥) and for each i € I,

Vy; € Ai(X), 3i; € F;(%) (@; dependsony;) : y;(i;, X, yi) ¢ —int Ci(%).

Problem 4. Find x € K such that ¥ € A(X) and for eachi € I,

Vy € A(X) and Yv; € Fi(y) @ wi(vi,yi, %) ¢ int G;(X),

where y; is the ith component of y.
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Problem 5. Find ¥ € K such that ¥ € A(X) and for each i € I,

Vy € A(X), Jv; € Fi(y) (vidependsony) : ;i(vi,yi, %) ¢ int Ci(%),
where y; is the ith component of y.
Remark 13. Problem 1 = Problem 2 = Problem 3 and Problem 4 = Problem 5.

The solutions of Problems 1, 2 and 3 are called general solution, strong solution
and weak solution, respectively. In view of Remark 13, every general solution is
a strong solution and every strong solution is a weak solution. But the converse
assertions may not be true.

When A;(x) = K; for all x € K and for each i € I, Problems 1-5 are called sys-
tems of generalized implicit vector equilibrium problems (SGIVEP) considered and
studied in [1]. In this case, the existence results for solutions of these problems are
investigated by introducing different kinds of generalized pseudomonotonicities. In
this case, Nash equilibrium problem for vector-valued functions can be solved by
using Problems 1-5 but not Debreu VEP.

As we have seen in Sect. 4 that Problem 3 provides a sufficient condition (which
is in general not necessary) for a solution of a SVQOP that includes Debreu VEP
for nondifferentiable and nonconvex functions. But, in this case, Problem 2 provides
necessary and sufficient conditions for a solution of a SVQOP.

If for each i € I, A;(x) = K; for all x € K, Problem 3 is called a system of gener-
alized implicit vector equilibrium problems and it is introduced and studied in [15].
It is also used to give the existence of a solution of the Nash equilibrium problem
for nondifferentiable and nonconvex functions. Further, if ¥; = R and C;(x) = R_
and A;(x) = K; for all x € K, Problem 3 was studied by in [22]. As an application
of our results, we established some existence results for solutions of systems of
optimization problems and the Nash equilibrium problem.

When [ is a singleton set, ¥; = R and C;(x) = R for all x € K, the existence of a
solution of Problem 2 is studied in [46].

When [ is a singleton set, A;(x) = K; for all x € K and y; (u;, x;,y:) = (ui, Mi(yi, xi))
(respectively, y;(u;,x;,vi) = {u;,y; — x;)), then Problem 2 provides necessary and
sufficient conditions for solutions of vector optimization problems for nondiffer-
entiable and nonconvex functions (respectively, for nondifferentiable, but convex
functions). See, for example, [2, 17] and the references therein. In this case, Prob-
lem 1 is considered and studied in [2, 30, 62].

When [ is a singleton set, Problems 2 and 3 are studied by Kum and Lee [58,
64]. They proved the existence of solutions of these problems under some kind of
pseudomonotonicity assumptions.

In Sect. 5.1, we give some relationships among Problems 1-5 by using different
kinds of generalized pseudomonotonicities. Section 5.2 is devoted to the existence
results for a solution of Problem 1 under lower semi-continuity of the family of
multivalued maps involved in the formulation of the problem. The existence of a
solution of Problem 1 and so Problems 2 and 3 without any coercivity condition
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but for @-condensing maps is also established. In Sect. 5.3, we establish the exis-
tence of a strong solution of our SGVQEP by using 7#-hemicontinuity assumption
in the setting of real Banach spaces. We also present an existence result for a weak
solution under generalized pseudomonotonicity and u-hemicontinuity assumptions.
Basically, besides establishing existence results for solutions of Problems 1-3 with-
out any coercivity condition but for @-condensing maps, we extend the results of
[1] for SGIVEP to SGIVQEP. Our results provide the existence of solutions of
Problems 1-5 under some kind of pseudomonotonicity assumption and under lower
semicontinuity assumption which is one of main motivations of this section.

5.1 Relationships Among Problems 1-5

Throughout this section, for each i € I, we assume that X; and ¥; are locally convex
Hausdorff topological vector spaces and K; is a nonempty convex subset of X;, and
C; is the same as defined in the previous section. We set K = [];c; Ki, X = [1;c1 Xi,
and Y =[], V.

We recall different kinds of generalized pseudomonotonicities introduced in [1].

Definition 18 ([1]). Let {y;};c; be a family of mappings y; : D; X K; X K; — Y.
A family {F;};c; of multivalued maps F; : K — 2% with nonempty values is called:

(i) Generalized strongly pseudomonotone w.r.t. {y;}ies if for all x,y € K and for
eachiel,

Yu; € F,(x) : l[/,‘(ui,x,',yi) ¢ —int Ci(x) =Wy € F,(y) : l[/i(vi,y,',x,') ¢ int C,'(x).
(i) Generalized pseudomonotone w.r.t. {y;}ic if for all x,y € K and for each i € I,
Ju; € F,(x) : l//i(u,-,xi,yi) ¢ —int C,'(x) =V € Fl(y) : l//i(vi,yi,xi) §é int C,-(x).

(iil) Generalized weakly pseudomonotone w.r.t. {y;}icy if for all x,y € K and for
eachiel,

du; € F,(x) : l[/,‘(ui,x,',yi) ¢ —int Ci(x) =dv; € F,(y) : l[/i(vi,y,',x,') ¢ int C,'(x).
(iv) Generalized pseudomonotone™ w.r.t. {y; }ics if forall x,y € K and foreachi €1,
Yu; € F,(x) : l[/,‘(ui,x,',yi) ¢ —int Ci(x) =dv; € F,(y) : l[/i(vi,y,',x,') ¢ int C,'(x).

(v) u-Hemicontinuous w.r.t. {y;}ics if for all x,y € K and « € [0, 1] and for each
i € 1, the multivalued map

o — Yi(Fi(x+a(y —x)),xi,yi)

is upper semicontinuous at 0", where
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Vi(Fi(x+ ot(y —x)),xi, i) = {wi(wi,xi, i) wi € Fi(x+ o(y —x)) }.

Remark 14. Definition (i) = Definition (ii) = Definition (iii); Definition (iv) =
Definition (iii); Definition (i) = Definition (iv); that is, Definition (i) = Definition
(iv) = Definition (iii).

In the next three lemmas, we discuss the relationships among Problems 1-5.

Lemma 5 ([4]).

(a) Problem 3 = Problem 4 if {F;}ic is generalized pseudomonotone w.r.t. {W;}icj.
(b) Problem 3 = Problem 5 if {F;}c; is generalized weakly pseudomonotone w.r..

{witier.
(c) Problem 1 = Problem 5 if {F;}ic; is generalized pseudomonotone™ w.rt.

{witier
(d) Problem 1 = Problem 4 if {F;}c; is generalized strongly pseudomonotone w.r..

{witier
(e) Problem 2 = Problem 4 if {F;}icr is generalized pseudomonotone w.r.t. { Wi }icr.

Lemma 6 ([4]). For each i € I, assume that the following conditions hold:

(i) For all x € K and all u; € F;(x), Wi(u;,xi,x;) € €; = Nyex Ci(x).

(ii) For all x € K and all u; € Fy(x), Wi(u;,x;,-) is €-convex, that is, for all s; €

L(X;,Y;), x,y € K and a € [0,1],
Vi (i, xi, o 4 (1 — a)yi) € ayi(si, xi, xi) + (1 — o) wi(si, xi,yi) — 6.
(iii) For all s; € L(X;,Y;), x,y,z € K and o, € [0, 1],
Vilsis xi + o(yi —xi),zi) = (1 — o) Wi((si, i, 20).

(iv) {F;}ier is u-hemicontinuous w.r.t. {;}ic.
Then Problem 5 = Problem 3 as well as Problem 4 = Problem 3.

Proposition 4 ([4]). Under the conditions of Lemmas 5(a) and 6, Problems 3, 4
and 5 are equivalent.

Lemma 7. For each i €I, let (X;,| -||) and Y; be real Banach spaces and K; be
a nonempty convex subset of X;. Let K = [];c;Ki. For each i € I, assume that the
following conditions hold:

(i) For all x € K and all u; € Fy(x), Wi(u;,xi,x;) € 6 = Nyeg Ci(x).
(ii) For all x € K and all u; € F;(x), W;(u;,x;,-) is G;-convex, that is, for all s; €
L(X;,Y:), x,y € K andt € [0,1],
Vi (si, i txi + (1 = 1)yi) € tyi(si, xi, %) + (1= 1) Wi(si, i, 5:) — G
(iii) For all s; € L(X;,Y;), x,y,z € K andt € [0,1],

Wi(si,xi +1(vi—xi),zi) = (1 — 1) Wi, i, 2i)-



28 Q.H. Ansari and J.-C. Yao

(iv) ; is continuous in the first argument.
(v) F; is 7€ -hemicontinuous and for all x € K, F;(x) is a nonempty compact set in Y;.
(vi) The family {F;}ic is generalized pseudomonotone w.r.t. {W;}icj.

Then Problems 2 and 4 are equivalent.

5.2 Existence Results Under Lower Semicontinuity

For each i € I, we assume that the graph of the multivalued map W; : K — 2% defined
by W;(x) = ¥;\ {—int C;(x)} for all x € K, is closed. For each i € I, we also assume
that A; : K — 2%/ is a multivalued map such that for all x € K, A;(x) is nonempty and
convex, A; ! (y;) is open in K for all y; € K; and the set Z; := {x € K : x; € A;(x)} is
closed in K, where x; is the ith component of x.

We extend and generalize Definition 14 for a family of trifunctions.

Definition 19 ([1]). For each i € I, let F; : K — 2P be a multivalued map with
nonempty values. A family {y;};c; of functions y; : D; X K; X K; — Y; is called
Ci(x)-quasiconvex-like w.r.t. {F;}ics if for all x € K, y},y} € K; and t € [0,1], we
either have Vu; € Fj(x),

l//i(uivxivty§+ (1 - t)y;/) € l[/,-(u,',x,',yg) —int Ci(x)a

or
Wiui xi tyi + (1= 1)y]) € Yi(ui,xi,y7) — int Gi(x).

Definition 20 ([1]). For each i € I, let F; : K — 2P be multivalued map with
nonempty values. A family {y;};c; of functions y; : D; X K; X K; — Y; is called
simultaneously C;(x)-quasiconvex-like w.r.t. {F;}icy if for all x € K, y},y! € K; and
1 € [0,1], we either have Vu!,u! € F;(x),

llll'(tug_'_ (1 _t>“;/7xi7ty§+ (t)y;/) € %(M;,Xi,y;) —int Ci(x)v

or
viltui+ (1= ) xi 1y + (1= 1)y7) € yiu xi,y7) — int Gi(x).

We present an existence result for a solution of Problem 1 under lower semiconti-
nuity of the family of multivalued maps involved in the formulation of the problem.

Theorem 13 ([4]). For each i € I, let K; be a nonempty convex subset of a Haus-
dorff topological vector space X;. Let K = [1;c; Ki. For eachi € I, let F; : K — 2Ki
be a lower semicontinuous multivalued map with nonempty convex values and
Vi : D; X K; X K; — Y; be a function such that the following conditions are satis-

fied:

(i) For all x € K, the family {W}ic; of functions ; is simultaneously Ci(x)-
quasiconvex-like w.r.t. {F;}icj.



Systems of Vector Quasi-equilibrium Problems 29

(ii) For all x € K and for all u; € F(x), y;(ui,xi,x;) ¢ —int C;(x).

(iii) For each fixed y;, the map (u;,x;) — Wi(u;, x;,y;) is continuous on D; X K;.

(iv) There exist a nonempty compact subset M of K and a nonempty compact convex
subset N; of K; for each i € I such that for all x € K\ M, there exist i € I and
Ji € N; such that §; € A;(x) and y;(u;,x;,%;) € —int C;(x) for all u; € Fi(x).

Then Problem 1 has a solution.

The following result provides the existence of a solution of Problem 1 without
any coercivity condition but for @-condensing maps.

Theorem 14 ([4]). Foreachi€ I, let K; be a nonempty, closed and convex subset of
a locally convex Hausdorff topological vector space X; and let the multivalued map
A =1ic;Ai : K — 2K defined as A(x) = [1;; Ai(x) for all x € K, be ®@-condensing.
Assume that the conditions (i)—(iii) of Theorem 13 hold. Then Problem 1 has a
solution.

5.3 Existence Results Under Pseudomonotonicity

In this section, we present some existence results for a solution of the SGIVQEP
under generalized pseudomonotonicity assumption.

Theorem 15 ([4]). For each i € I, let K; be a nonempty convex subset of a Haus-
dorff topological vector space X;. Let K = [1;c;K;. For eachi € I, let F; : K — 2Ki
be a multivalued map with nonempty values and y; : D; X K; X K; — Y; be a function
such that the following conditions are satisfied:

(i) The family {F;}ici of multivalued maps F; is generalized pseudomonotone w.r.t.
{witier
(ii) For all x € K, the family {y;}icr of functions ; is C;(x)-quasiconvex-like w.r.t.
{F}ier
(iii) For all x € K and for all u; € Fi(x), y;(ui, xi,x;) ¢ —int C;(x).
(iv) For each fixed (v;,y;) € D; X K;, the map x; — W; (v, vi,x;) is continuous on K;.
(v) There exist a nonempty compact subset M of K and a nonempty compact convex
subset N; of K; for each i € I such that for all x € K\ M, there exist i € I and
$i € N; such that $; € A;(x) and y;(u;,x;,¥;) € —int C;(x) for all u; € Fi(x).

Then Problem 4 has a solution.

Theorem 16 ([4]). For each i € I, let K; be a nonempty convex subset of a Haus-
dorff topological vector space X;. For each i € I, let F; : K — 2Ki be a multivalued
map with nonempty values and ; : D; X K; X K; — Y; be a function such that the
following conditions are satisfied:

(i) The family {F;}icr of multivalued maps F; is u-hemicontinuous and generalized
pseudomonotone w.r.t. {W; }icy.
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(ii) The family {;}icr of functions ; is 6;-convex in the third argument.
(iii) For all s; € L(X;,Y;), x,y,z € X and o, € [0,1],

Vi(si, xi + o(yi — xi),zi) = (1 — o) Wi(si, xi, zi).-

(iv) For all x € K and for all u; € F(x), Wi(uj,x;,x;) € €.

(v) For each fixed (vi,y;) € D; X K;, the map x; — W;(vi,yi, x;) is continuous on K;.

(vi) There exist a nonempty compact subset M of K and a nonempty compact convex
subset N; of K; for each i € I such that for all x € K\ M, there exist i € I and
$i € N; such that $; € A;(x) and y;(u;,x;,¥;) € —int C;(x) for all u; € Fi(x).

Then Problem 3 has a solution.

The following result provides the existence of a strong solution of Problem 2.

Theorem 17 ([4]). For each i € I, let K; be a nonempty convex subset of a real
Banach space X; and Y; be a real Banach space. For eachi € I, let F; : K — 2Ki pe
a multivalued map with nonempty compact values and ; : D; X K; X K; — Y; be a
function such that the following conditions are satisfied:

(i) The family {F;}ic; of multivalued maps F; is 7€ -hemicontinuous and general-
ized pseudomonotone w.r.t. {Wi}icr.
(ii) The family {y;}icr of functions ; is €;-convex in the third argument.
(iii) For all s; € L(X;,Y;), x,y,z € X and o, € [0,1],

Vi(si, xi + o (yi — xi),zi) = (1 — o) wi(si, xi, 2i)-

(iv) For all x € K and for all u; € F;(x), y;(ui, x;,x;) € E.

(v) For each fixed (v;,y;) € D; x K;, the map x; — W; (v, vi,x;) is continuous on K;.

(vi) There exist a nonempty compact subset M of K and a nonempty compact convex
subset N; of K; for each i € I such that for all x € K\ M, there exist i € I and
Ji € N; such that §; € A;(x) and y;(u;,x;,5;) € —int C;(x) for all u; € Fi(x).

Then Problem 2 has a solution.

6 System of Simultaneously Generalized Vector
Quasi-equilibrium Problems

Throughout the section, unless otherwise specified, [ is any index set (finite or infi-
nite). For each i € I, let X; and ¥; be two nonempty convex subsets of locally convex
topological vector spaces E; and F;, respectively, and Z; be a real topological vector
space. Let X = [[;c;X; and Y = [];; ;. Foreach i € I, let C; : X — 2% be a multi-
valued map such that for all x € X, Cj(x) is a closed convex cone with apex at the
origin 0. For each i € I, let P; = (,cx Ci(x) such that P; defines a vector ordering
on Z;. Foreachie I, let S;: X — 2% and T; : X — 2% be multivalued maps with
nonempty values, and f; : X XY x X; — Z; and g; : X XY x Y; — Z; be trifunctions.
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We consider the following problems of system of simultaneous generalized vector
quasi-equilibrium problems (SSGVQEP) [12]:
SSGVQEP(I): Find (%,¥) € X x Y such that foreach i € I, x; € S;(%), y; € T;(%),

fil%3,x) € Gi(%X), ¥ x; € Si(¥)
and
gi(%,9,y:) € Ci(%), Vyi € Ti(%).
SSGVQEP(I): Find (%,7) € X x Y such that for each i € I, X; € S;(X), y; € T;(%),

fi®,3,x) ¢ —Gi()\ {0}, Vx; €S8i(x)
and
gi(%,9,y1) ¢ —Ci(x)\ {0}, Vyi € T;(%).
¥)

SSGVQEPII): Find (X,5) € X x Y such that for each i € I, %; € S;(%), y; € T;(%),

fl'('fayrxi) ¢ —int Cl('f)7 v-xi S Sl(i)
and
gi(xv)_}ayi) ¢_intci(x)7 Vy,-GT,'(X),

in this case we assume that int C; is nonempty for each i € 1.

Remark 15. For each i € I and V x € X, let C;(x) be a pointed cone and P, =
Meex Ci(x), then P; is also pointed. Indeed,

PN (=P) = (Neex c,»<x>) N (mxex (~Ci())
= N (G0N (=) ={0}.

xeX

Therefore, for each i € I, P, is pointed.

Remark 16. If for each i € I and V x € X, C;(x) is also pointed, then every solution
of SSGVQEP(]) is a solution of SSGVQEP(I) and every solution of SSGVQEPI)
is a solution of SSGVQEP(III). But the reverse implication does not hold.

Indeed, let (%,7) € X X Y be a solution of SSGVQEP(I), then for each i € I,
X; € Si(f), Vi € Tl(f),

fi(x,5,xi) € CGi(%), Vxi€Si(x)
and
gi(xv.)_)vyi) eci(x), Vy,ET,()E)

Since foreach i € I and V x € X, Cj(x) is a pointed cone, we have C;(x) N (—C;(x)) =
{0} and therefore

Ci(x)N (—Ci(x)\{O}) — 0.
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Hence

fi(%,3,%) ¢ —G()\ {0}, Vx; € Si(¥)
and

8i(%,3,yi) ¢ —Ci(¥)\ {0}, V€ Ti(%).

The second statement follows from the fact that —int C;(x) C —C;(x)\ {0},Vx €
X and foreachi € I.

For each i € I, we denote by L(E;,Z;) the space of all continuous linear operators
from E; into Z; and let ¥; be a nonempty subset of L(E;,Z;). For each i € I, let
gi =0, then SSGVQEP() reduces to the following problem of system of generalized
implicit vector quasi-variational inequalities:

SGIVQVIP(I): Find (%,5) € X x Y such that for each i € I, ; € S;(X), i € T;(%)
satisfying

ﬁ()?,)"},x,-)eci()?), inGSi()f).

Analogous, we can define SGIVQVIP(II) and SGIVQVIP(III) (problems of system
of generalized implicit vector quasi-variational inequalities) corresponding to SS-
GVQEP(II) and SSGVQEP(II), respectively.

The SGIVQVIP contains the problem of system of generalized vector quasi-
variational-like inequalities (SGVQVLIP) as a special case. Recently, the weak for-
mulation of SGVQVLIP is studied in [10]. We used SGVQVLIP as a tool to prove
the existence of a solution of Debreu type equilibrium problem for nondifferentiable
and nonconvex vector-valued functions.

When foreachi€ I, X; =Y;, S; =T, and f; = g;, then SSGVQEP is called a system
of vector quasi-equilibrium problems. In this case, SSGVQEP(III) is considered
and studied in [5] for fi(x,y,y;) = hi(x,y;) with further applications to systems of
generalized vector quasi-variational-like inequalities and Debreu type equilibrium
problems for vector-valued functions.

When [ is a singleton set and g; = 0, then SSGVQEP(]) is considered and studied
in [46].

When [ is a singleton set, X =Y, S; = T;, Si(x) =X, fi(x,y,xi)) = ¢(x,y),
gi(x,y,yi) = ¢(x,y), then SSGVQEPII) reduces to the problem of simultaneous
vector variational inequalities which is considered and studied by Fu [45] for a
fixed cone C. If C = Ry, then the problem of simultaneous vector variational in-
equalities becomes the problem of simultaneous variational inequalities, which is
introduced and studied by Husain and Tarafdar [52] with applications to optimiza-
tion problems.

By making suitable choices of f; and g;, we can derive several systems of quasi-
variational inequalities and systems of (quasi-) equilibrium problems studied in the
literature; see, for example, [5,9, 10, 14-16] and the references therein.
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6.1 Existence Results for Solutions of SSGVQEP

In this section, we present an existence result for a solution of SSGVQEP and derive
existence results for solutions of SGIVQVIP(I), simultaneous generalized vector
quasi-equilibrium problem and a system of generalized vector quasi-variational-like
inequalities.

Theorem 18 ([12]). For each i € I, let E;, F; and Z; be real locally convex topolog-
ical vector spaces and F; be also quasi-complete. For each i € I, let X; C E; be a
nonempty compact convex set and Y; C F; a nonempty convex set. Let X = [];c; X;
and Y = [lic; Yi. For each i €1, let S; : X — 2% be a continuous multivalued map
with nonempty closed convex values and T; : X — 2 a continuous multivalued map
with nonempty compact convex values. For each i € I, assume that the following
conditions are satisfied:

() C; : X — 2% is a closed multivalued map such that ¥ x € X, Ci(x) is a closed
convex cone with apex at the origin, and P; = (\,cx Ci(x).
(ii) P* has a weak* compact convex base B} and Z,; is ordered by P;.
(i) fi : X XY X X; — Z; is a continuous function such that:

(VxeXandyeY, fi(x,y,xi) >p 0.
(b) V (x,y) € X XY, the map u; — fi(x,y,u;) is properly quasi-convex.

(iv) g : X XY x Y; — Z; is a continuous function such that:

(VxeXandy€Y, gi(x,y,yi) >p 0.
(b) V (x,y) € X XY, the map v; — gi(x,y,v;) is properly quasi-convex.

Then there exists a solution (%,y) € X XY of SSGVQEP(I).
If for each i € I, g; = 0, then we have the following result.

Corollary 11. For each i € I, let E;, F; and Z; be real locally convex topologi-
cal vector spaces and F; be also quasi-complete. For each i € I, let X; C E; be a
nonempty compact convex set and Y; C F; a nonempty convex set. Let X = [l;c; Xi
and Y = [lic; Yi. For each i €1, let S; : X — 2% be a continuous multivalued map
with nonempty closed convex values and T; : X — 2V a continuous multivalued map
with nonempty compact convex values. For each i € I, assume that the following
conditions are satisfied:

() Ci : X — 2% is a closed multivalued map such that ¥ x € X, Ci(x) is a closed
convex cone with apex at the origin, and P; = (\,cx Ci(x).
(ii) P* has a weak™ compact convex base B} and Z,; is ordered by P,.
(i) fi : X XY X X; — Z; is a continuous function such that:

(QVxeXandy€Y, fi(x,y,xi) >p 0.
(b) V (x,y) € X XY, the map u; — fi(x,y,u;) is properly quasi-convex.

Then there exists a solution (%,5) € X x Y of SGIVQVIP(I).
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Remark 17. Corollary 11 is an extension of Theorem 1 in [46] to the system of
quasi-equilibrium problems with a moving cone.

When [ is a singleton set, then we have the following result.

Corollary 12. Let E, F and Z be real locally convex topological vector spaces
and F be also quasi-complete. Let X C E be a nonempty compact convex set and
Y C F a nonempty convex set. Let S : X — 2% be a continuous multivalued map
with nonempty closed convex values and T : X — 2¥ a continuous multivalued map
with nonempty compact convex values. Assume that the following conditions are
satisfied:

() C: X — 2% is a closed multivalued map such that ¥V x € X, C(x) is a closed
convex cone with apex at the origin, and P = (cx C(x).
(ii) P* has a weak* compact convex base B* and Z is ordered by P.
(i) f: X XY x X — Z is a continuous function such that:

(a)VxeXandyey, f(x,y,x) >p0.
(b) V (x,y) € X XY, the map u— f(x,y,u) is properly quasi-convex.

(iv) g: X XY XY — Z is a continuous function such that:

(@VxeXandyeY, g(x,y,y) >p0.
(b) V (x,y) € X XY, the map v — g(x,y,v) is properly quasi-convex.

Then there exists a solution (%,5) € X X Y of the simultaneous generalized vector
quasi-equilibrium problem (SGVQEP): find (X,7) € X x Y such that X € S(X), y €
(%),

f(x,3,x) €C(x), VxeSX)

g(x,7,y) €C(x), VyeT(x).

In addition to the assumptions on C; : K — 2% in the following corollary, we fur-
ther assume that C;(x) is pointed, for each i € I and for all x € K. Then the following
result can be easily derived from Corollary 3.1 by setting

fi(xayv ui) = <9i(x7y>7 ni(”i»xi)>-

Corollary 13. Foreachi €1, let E; and Z; be real locally convex topological vector
spaces and let L(E;,Z;) be quasi-complete. For each i € I, let X; C E; be a nonempty
compact convex set and Y; C L(E;,Z;) a nonempty convex set. Let X = [1;c; X; and
Y =1, Yi. For eachi €1, let S; : X — 2% be a continuous multivalued map with
nonempty closed convex values and T; : X — 2% a continuous multivalued map with
nonempty compact convex values. For each i € I, assume that the following condi-
tions are satisfied:

() C; : X — 2% is a closed multivalued map such that ¥/ x € X, C;(x) is a nonempty
closed convex pointed cone, and P; = (\,cx Ci(x).
(ii) P’ has a weak* compact convex base B; and Z; is ordered by P,.
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(i) 6; : X XY — Y; and n; : X; X X; — X; are continuous bifunctions such that for
eachiel:

(a) Vx,- € X, Tl,'(x,',x,‘» ZP,- 0.

(b) V (x,y) € X XY, the map u; — (6;(x,y), Ni(ui,x;)) is properly quasi-convex.
Then there exists a solution (%,7) € X XY of the problem of system of gen-
eralized vector quasi-variational-like inequalities (SGVQVLIP)(I): find (X,3) =
((%:)ier, 3i)icr) € X X Y such that for each i € I, ; € Si(%), y; € T;(X) and

<6i(xv)_}>7ni(xiafi>> S Ci(f), Vx € S,’()E).

Remark 18. 1t is worth to mention that the weak formulation of SGVQVLIP(III) is
considered and studied in [10]. Corollary 13 provides the existence of a solution of
a more general problem than SGVQVLIP(II).

6.2 Systems of Vector Quasi-saddle Point Problems

In this section, we define systems of quasi-saddle point problems and systems of
quasi-minimax inequalities. As application of the results of previous section, we
derive existence results for solutions of these problems.

LetX,Y, X;, Y;, Z; and C; be the same as defined in the formulations of SSGVQEP.
Let ¢; : X; X Y; — Z; be a bifunction. We consider the following systems of quasi-
saddle point problems.

SVQSPP(I): Find % = (¥;)ie; € X and § = (¥;)ies € Y such that for each i € I, ; €
Si(%), yi € Ti(X),

Ci(xi, i) — 4i(%i, i) € Ci(X), Y x; € Si(X)
and
(%, i) — (%, i) € Gi(%), Vi € Ti(%).
SVQSPP(I): Find X = (%;);e; € X and § = (3;);e; € Y such that for each i € I, x; €
Si(%), yi € T;(%),
Ci(xi,3i) — Gi(%, i) ¢ —Ci(®) \ {0}, Vx; €8i(%)
and

(%, 51) — L%, yi) & —Ci(X)\ {0}, Vi€ T(X).

SVQSPP(III): Find X = (X;)ie; € X and y = (¥;)ie; € Y such that for each i € I,
X € Si(x), yi € Ti(%),
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i(xi,3i) — (%, 30) € —int Gi(%), Y x; € Si(X)

and
Z,‘()fi,)_/,‘) —f,’()fi,yi) ¢ —int C,‘()f), Vy € T,()E)

Remark 19. If for each i € I and V x € X, C;(x) is a convex pointed cone, then
every solution of SVQSPP(I) is a solution of SVQSPP(II) and every solution of
SVQSPP(I) is a solution of SVQSPP(III). But the converse implication is not true.

If I is a singleton set and Z = R then SVQSPP(I), SVQSPP(I) and SVQSPP(III)
are called a quasi-saddle point problem (QSPP). Of course, if [ is a singleton set,
Si(x) =X; and T;(x) = Y;, V x € X and Z; = R, then above-mentioned SVQSPPs
reduce to the classical saddle point problem. A study of saddle point for set-valued
maps can be found in [77].

For each i € I, let ¢; be a real-valued bifunction. We also consider the following
problem of system of quasi-minimax inequalities (SQMIP): find X = (¥;);e; € X and
3= (Ji)ier €Y such that for each i € I, %; € Si(%), y; € T;(X) and

min max f,’(u,‘,v,‘) Zéi()fi,)_/i) = max min Zi(ui,vi).
u; €8i(%;) vi€Ti (%) vi€Ti (%) u; €8;(%;)

When [ is a singleton set, SQMIP is called quasi-minimax inequality problem
(QMIP). A study of a minimax type inequality for vector-valued functions can be
found in [60, 66].

As application of Theorem 18, we derive the following existence result for a
solution of SGVQSPP(I).

Theorem 19. For each i € I, let E;, F; and Z; be real locally convex topologi-
cal vector spaces and also F; be quasi-complete. For each i € I, let X; C E; be a
nonempty compact convex set and Y; C F; a nonempty convex set. Let X = [l;c; Xi
and Y = [1;e; Yi. For each i €1, let S; : X — 2%i be a continuous multivalued map
with nonempty closed convex values and T; : X — 2 a continuous multivalued map
with nonempty compact convex values. For each i € I, assume that the following
conditions are satisfied:

() Ci : X — 2% is a closed multivalued map such that ¥V x € X, C;(x) is a closed
convex cone with apex at the origin, and P; = (\,cx Ci(x).
(ii) P has a weak” compact convex base B} and Z; is ordered by P,.
(iii) 4; : X; x Y; — Z; is a continuous function such that:

(a) For each fixed y; € Y;, x; — {i(xi,yi) is properly quasi-convex.
(b) For each fixed x; € X;, y; — li(x;,y;) is properly quasi-concave.
Then the SVQSPP(I) has a solution.

If I is a singleton set and Z = R, then we have following existence result for a
solution of the quasi-saddle point problem.

Corollary 14. Let E and F be real locally convex topological vector spaces and
also F be quasi-complete. Let X C E be a nonempty compact convex set andY C F
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a nonempty convex set. Let S : X — 2X be a continuous multivalued map with
nonempty closed convex values and T : X — 2 a continuous multivalued map with
nonempty compact convex values. Assume that £ : X XY — Z is a continuous func-
tion such that:

(a) For each fixedy € Y, x — £(x,y) is quasi-convex.
(b) For each fixed x € X, y — £(x,y) is quasi-concave.

Then the QSPP has a solution.

As a consequence of Theorem 19, we have the following existence result for a
solution of the system of quasi-minimax inequalities.

Theorem 20. Let E;, F;, X;, Yi, X, Y, S; and T; be the same as in Theorem 3.1.
For each i € I, assume that {; : X; X Y; — R is a continuous function satisfying the
following conditions:
(i) For each fixed y; € Y, x; — {i(x;,y;) is quasi-convex.

(ii) For each fixed x; € X;, y; — £;(x;,y;) is quasi-concave.
Then the SOMIP has a solution.

If for each i € I, X; and ¥; are nonempty compact convex sets, and S;(x) = X;
and T;(x) =Y, V x € X, then from Theorem 20 we derive the following corollary

which can be seen as an extension of Sion’s minimax theorem [92] for a family of
continuous bifunctions.

Corollary 15. For eachi € I, let X; and Y; be nonempty compact convex subsets of
E; and F;, respectively. For each i € I, assume that {; : X; x Y; — R is a continuous
Sfunction satisfying the following conditions:

(i) For each fixed y; € Y;, x; — {i(x;,yi) is quasi-convex.
(ii) For each fixed x; € X;, y; — Li(x;,y;) is quasi-concave.

Then there exist X = (X;)ic1 € X and = (¥i)ic; € Y such that for each i € I,

; Ci(uivi) = 0:(%:. ;) = inli(u:.v:).
min max i(ui,vi) = 4i(%, i) max min i(ui,vi)

If I is a singleton, then Theorem 20 reduces to the Corollary 3.2 in [73].

Corollary 16. Let E, F, X, Y, S and T be the same as in Corollary 14. Assume that
{: X xY — Ris a continuous function satisfying the following conditions:

(i) For each fixedy € Y, x — £(x,y) is quasi-convex.
(ii) for each fixed x € X, y — £(x,y) is quasi-concave.

Then there exists (%,7) € X X Y such that ¥ € S(x), y € T(3) and

i Lu,v) =L4(X,5) = in £(u,v).
MIQSI(I}?)VIGHTaé) (I/i V) (X y> vrenfaé) ug(l}\?) (M V)
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6.3 Debreu Type Equilibrium Problem

In this section, we give another application of Corollary 11 to prove the existence of
a solution of the Debreu VEP.

Let X, X;, Z; and C; be the same as defined in the formulations of SSGVQEP. For
eachi € 1, let ¢; : X — Z; be a vector-valued function and let X’ =[] jer, j+iXj and
we write X = X’ x X;. For x € X, x' denotes the projection of x onto X’ and hence
we write x = (x',x;). We consider the following Debreu VEP:

Debreu VEP(I): Find X € X such that for each i € I, x; € S;(X) and

@i(¥ i) = @i(%) € Gi(%), ¥ yi € Si(%).
Debreu VEP(II): Find x € X such that for each i € I, X; € S;(x) and
G, yi) — @i(X) ¢ —Ci(D)\ {0}, Vi€ Si(X).
Debreu VEP(III): Find ¥ € X such that for each i € I, x; € S;(X) and
@i(%, i) — @i(%) ¢ —int Gi(%),  V yi € Si(F),

in this case we assume that int C; is nonempty for each i € I

Of course, if for each i € I, ¢; is a scalar-valued function, then Debreu VEPs are
the same as the one introduced and studied by Debreu in [38], see also [80-82].
In this case, a large number of papers have already been appeared in the literature;
see, for example, [9,98] and the references therein. In [5], we introduced and studied
Debreu VEP(III) and established several existence results for its solution with or
without involving @-condensing maps. It is the first paper in the literature in which
the Debreu type equilibrium problem for vector-valued functions is considered.

As in the case of SSGVQEPs, if foreach i € I and V x € X, C;(x) is also pointed,
then every solution of Debreu VEP(]) is a solution of Debreu VEP(II) and every
solution of Debreu VEP(I) is a solution of Debreu VEP(III). But the reverse impli-
cation does not hold.

Let Z* be the dual of a locally convex topological vector space 2, P* C 2* the
polar cone of P, that is, P* = {z* € 27 : (z*,z) > 0, Vz € P}. We assume that P*
has a weak™ compact convex base B*. This means that B* C P* is a weak™ compact
convex set such that 0 ¢ B* and P* = J; >0 AB*; see, for example, [53].

Theorem 21. Foreachi € I, let E; and Z; be real locally convex topological vector
spaces and E; be also quasi-complete. For each i € I, let X; C E; be a nonempty
compact convex set and let X = [1;c; X;. For eachi €I, let S; : X — 2% be a contin-
uous multivalued map with nonempty closed convex values. For each i € I, assume
that the following conditions are satisfied:

() Ci : X — 2% is a closed multivalued map such that ¥ x € X, Ci(x) is a closed

convex cone with apex at the origin, and P; = (\,cx Ci(x).

(ii) P’ has a weak* compact convex base B} and Z; is ordered by P;.

(iii) @; : X — Z; is continuous and properly quasi-convex in each argument.

Then there exists a solution X € X of the Debreu VEP(I).
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Properties of Derivates and Some Applications

Michael McAsey and Libin Mou

Abstract In this chapter, we generalize the concept of derivates, defined recently
in the literature, to maps defined on a topological space. The derivate of a map has
some interesting properties and applications to optimization problems. For example,
it is closely related to various notions of tangent spaces of the range of the map.
It strengthens the necessary condition (Fermat’s theorem) for an extremum point to
a sufficient condition.

1 Introduction

One motivation for the notion of differentiation and subsequent generalizations is
to solve the optimization problem: min f(x), x € W, where W is a metric space or
topological space and f : W — R. Such a consideration is quite natural because the
solution(s) of the problem should be independent of the structure of W (algebraic
or topological). Of course, in most applications, W is endowed with certain natural
structures, which makes it possible to develop a variational analysis on W for solv-
ing the problem. On the other hand, as pointed out in [4] and [7], there are many
optimization problems that are naturally formulated on metric spaces or topological
spaces. In [4] and [7], W is assumed to be a metric space. In this chapter, we allow
W to be a topological space and define the derivate and strict derivate of a map f
from W to a Banach space Y. The derivate in [4] and [7] is generalized herein that it
depends only on the topology of W. In other words, two metrics on W defining the
same topology induce the same derivate for a map f.

The rest of the chapter is arranged as follows. In Sect. 2, the notion of derivate
is defined and some basic properties of derivates are proved, including a strength-
ened version of Fermat’s Theorem and general rules of differentiation for derivates.
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In Sect. 3, we explore the relationship between derivate and several versions of tan-
gent spaces. We show, for example, that the set of zero derivates of f is a subspace
of the Bouligand tangent space of the range (W) C Y. For a map f with the RTR
(restrictive topological regularity) property, these two spaces are actually the same.
Under additional conditions, such as when W is a subset of a Banach space and f is
strictly differentiable in the sense of Gateaux or Fréchet, then the derivates of f can
be described more specifically. In the final section, we derive some necessary condi-
tions for solutions to typical optimization problems by using derivates; these results
generalize some of the results in [2] and [3] and extend the Lagrange multiplier rules
in [4] and [7].

2 Derivates and Their Properties

Definition 2.1. (1) Let f be a map from a Hausdorff topological space W to a
Banach space (Y]] -||) and € > 0 a number. We say that y € Y is an e-derivate of f
at x if there are sequences x; € W, x; — X and d; | O such that

flxi) = f(%)

li
1m dl'

i—o0

—yH SE. (D

We denote by D? f(x) or Df f(x,W) the set of all e-derivates of f at &.

(2) We say thaty € Y is a strict derivate of f at X if for every sequence x* — i there
is a sequence & — 0 such that y € D% f(%) for all k. The set of all strict derivates of
f at x is denoted as D; f (%) or Dy f(X,W).

k

Note that if two metrics d’,d” are equivalent, that is, for any sequence x; € W
and X € W, d'(x;,x) — 0 if and only if d”(x;,X) — 0, then the metrics define the
same notion of derivate. So the notion of derivate depends only on the topology of
W induced by the metric.

Remark 2.2. Our notion of derivate slightly generalizes those defined in papers [4]
and [7], where the sequence x; is also required to satisfy d(x;,%) < d; for all i.
It should also be noted that an individual derivate is not a mapping as the usual
derivatives are, but is closer in spirit to a derivative evaluated at a point.

The following proposition contains some basic properties of derivates of scalar
functions.

Proposition 2.3. Let f : W — R be a real-valued function and € > 0 be a real num-
ber.
(a) If | = lim;_,c f(xi%f@ € R for some sequences x; — X and d; | 0, then | €
Df(%) and [l — &,1+ €] C D f(X).
(b) If there is a sequence x; — X such that f(x;) | f(X) then [—€,) C D¢ f(X).
(¢) If there is a sequence x; — X such that f(x;) 1 f(%) then (—oo, €] C D ().
(d) If € < 8, then D f(x) C D° ().
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(e) Ify € DEf(%) and o > 0, then oty € D*€ f(%). In particular; if y € D° f (%) and
o >0, then oy € DO f (%)

Proof. (a) In this case, every y € [l —€,] + €] satisfies the definition of an e-derivate.

(b) In this case, we can take d; = (f(x;) — f(X))*/r, where r > 0 and s € (0,1].
Then d; — 0. Note that if s = 1, then lim; ... L2215 — 7 This implies that [r -
€,r+¢&] C DEf(X) by (a). Since r > 0 is arbitrary, we have (—g,0) C Dff(%). If s €
(0,1), then lim;_,.. ALZ = 0. This shows that [—¢, €] C D f(%) by (a). Together
we see that the conclus1on holds.

(c) is similar to (b). (d) is obvious from the definition of derivate.

(e) If y € DEf(X), then |l —y| < &, where | = lim;_... M for some se-

quences as in the definition. Then ol = limiﬁmﬂ)‘("i).—/fg(x) and |ol — ay| < ae

So oy € D* f(x). If € =0, then y = lim; e £l [Zf 9 for some sequences as in
the definition. Replace by d; by v/d; | 0, then we see that 0 = lim; ... L\/}j‘(x_)
So0e€ Df(x). O

Let us look at some examples.

Example 2.4 (General real-valued functions). Let f(x) be a function on a closed
interval [a,b] and € > 0 a given number. Let ¥ € [a,b]. A neighborhood of X refers
a set of the form [a,b] N (X — 6,%+ &) for some number 6 > 0. The following is a
collection of elementary computations of derivates and strict derivates for functions
with simple properties:

1. Df(x) = [—¢€,¢€] if f is constant in a neighborhood of *. This is because for all
sequences x; € W, x; — X and d; | 0, we have lim; . %ﬁlﬂx_) =0.

2. Df(X) = [—€,00) if f(X) is a local minimum of f and f is not constant in any
neighborhood of x. This follows from Proposition 2.3(b) and the fact that there
exists a sequence x; — X such that f(x;) | f(x).

3. DFf(%) = (—oo, €] if f(%) is a local maximum point of f and f is not constant
in any neighborhood of . In this case, there exists a sequence x; — ¥ such that
f(x;) T f(%) and the result follows from Proposition 2.3(c).

4. D8 f(x) = (—oo,00) if f(x) is not a local maximum nor minimum. This follows
from (2) and (3) above.

5. Dsf(x) = {0} if f is constant in a neighborhood of x, or there exists two se-
quences x; — x and x} — x such that x; are local maximum points while x/ are
local minimum points. In the latter cases, by (2) and (3) above, we have that
DF f(x;) = (—oo,&] and D% f(x}) = [—&;, o) for any & | 0, which imply the con-
clusion by the definition of strict derivate.

6. Dy f(x) = (—oo,00) if every point in a neighborhood of x is not a local maximum
nor local minimum point. This follows from (4) and the definition of D;f. For
example, this is the case if f is strictly increasing or decreasing in a neighborhood
of x.

Example 2.5 (A continuous function). Let f(0) =0 and f(x) = |x|sin® 1 for x # 0.
Then by Example 2.4(2) and (5), D* f(0) = [—€,0) and D, f(0) = {0}.
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Example 2.6 (A discontinuous function). Let

ax X is rational,
ax+b xisirrational,

where a > 0,b # 0. Then D? f(x) = Dyf(x) = (—oo,0) for every x. This is a special
case of Example 2.4(4) and (6).

Various derivatives or differentials can be used to give necessary conditions for a
local extremum as in classical Fermat-type theorems. Typically, the necessary con-
ditions of Fermat’s theorem are not sufficient. However, derivates give both a nec-
essary and sufficient condition for a local extremum, as shown next.

Theorem 2.7 (Fermat’s theorem). Let f : W — R be a function on a topological
space W and x € W. Then X is a local minimum (maximum) point of f on W iffy > 0
(v <0, respectively) for all y € D°f(%).

Proof. Suppose that ¥ is a local minimum point and y € D°f(%). Then we have
= lim; Ji)—f(%)
Y= Mjse =7
) > f(x), y=1limj_e w > 0. Conversely, if there is a y € D°f(%) such
that y < 0, then y = lim;_, flou)— ,' ) < 0. This shows that )“42 < 0 for all i
sufficiently large, and this 1mp11es that ¥ is not a local mlnlmum point of f. The
proof for maximum points is similar. O

> 0 for some sequences x; € W, x; — X and d; — 0. Because

As an example, we can apply Theorem 2.7 to the functions in the two examples
above. The function in Example 2.5 has a minimum at 0 because D°£(0) = [0, o).
The function in Example 2.6 does not have a minimum because D f(x) = (—oo,0)
everywhere.

A simple example shows how derivates will find a minimizer while the usual
elementary calculus derivative will sometimes provide candidates for minima that
satisfy the necessary condition f”(x) = 0 but the condition is not sufficient. Consider
the function f(x) = x> for x € W = [—1, 1]. Elementary calculus suggests there are
three numbers of significance: the two endpoints and x = 0 since f'(0) = 0. But,
of course, x = 0 satisfies a necessary condition and fails to be the minimizer of
f on W. Using Proposition 2.3, however, the zero derivates are: D° f(—=1L,W) =
[0,00) , DYf(+1,W) = (—o0,0] , and D°f(x,W) = (—eo,0). Theorem 2.7 tells us
immediately that the minimum occurs at x = —1.

To calculate derivates, the following version of the chain rule will be useful. The
“outside” function G in the chain rule will be assumed to be Fréchet differentiable
in part (a) of the theorem and strictly (Fréchet) differentiable in part (b). Recall that
Fréchet differentiability of G : Y — Z at y € Y means that there is bounded linear map
VG(¥) and amap a(-) = a(-;G,5) with a : ¥ — Z so that G(y) —G(F) — VG(F) (y —
¥)=aly—y)|ly—7| and ||e(h)|| — 0 as ||k|| — 0. We recall the definition of strict
differentiability for convenience. See also [5, p. 19]. (We use the same notation for
Fréchet derivative and strict Fréchet derivative.)
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Definition 2.8. For Banach spaces Y and Z, the mapping G : Y — Z is strictly
Fréchet differentiable at y € Y in case there is a bounded linear operator VG(3) :
Y — Z satisfying r(G,y,1) — 0 as 1 — 0, where

r(G,3,m)
~w G(y1) — G(y2) = VG(7)(y1 — y2)|
- p{ Iyt =2l

Al <n (=1.2).
The definition implies that for all y;,y, € B(7,7n), the following holds

IG(y1) = G(y2) = VG (1 —y2)I| < 7(G, 7, [y1 =Y+ lly2 = y1l]) [Iy1 =2l )

Remark 2.9. Note that the definition of strict differentiability is equivalent to (2)
for some function r(G,y,1) — 0 as 1 — 0. In (2), we may assume that r(G,¥,M) is
continuous in 71 from the right by replacing it by s(G,y,n) = lim,_,,+ 7(G,y,7) if
r is not continuous from the right. Here s(G,7,n) is continuous from the right and
s(G,y,m) <r(G,y,2n) —0asn — 0.

The concept of strict differentiability can be generalized/localized by requiring
the approximating vectors y; and y, in the definition to be elements of a prescribed
subset. For this, let W C Y be a subset of the Banach space Y,y Wand G: W — Z.
The next definition deviates a bit from the setting in which W is a general topological
space, of course, but the restriction of approximating elements to be elements in the
set W can be used as a replacement for the hypothesis on G in Theorem 2.11(b); see
Remark 2.12.

Definition 2.10. We say that G is strictly Fréchet differentiable at § in W if
r(G,3,n,W) — 0, where r(G,y,1n,W) is defined as r(G,y,n) with the additional
requirement that y;,y, € W. (The notation VG(X) will sometimes be written as
VG(x,W) to emphasize the dependence on W.)

For example, G(y) = —|y| is not differentiable at y = 0. However, for W =
(—0,0], G|w =y is strictly differentiable at 0 € W with VG(0) = 1.
Now we prove a chain rule for derivates.

Theorem 2.11 (Chain rules for derivates). Let € > 0, W a topological space, Y,Z
Banach spaces, and x € W. Suppose F - W — Y and G:Y — Z.

(a) If y € D°F (%) and G is Fréchet differentiable at § = F (%), then VG(3)y €
DIVGONIE(G o F)(%). In particular, if y € D°F (%), then VG(3)y € D°(G o F)(X).

(b) If y € DyF (%) and G is strictly differentiable at § = F(X), then VG()y €
Dy(GoF)(x).

Proof. (a) Since y € DF(x), by assumption, there are x; — X and d; | 0 such that

i | £

iZse0

—yH <E. (3)
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This implies that limsup,_,., H w
Write

< ||y|| + €. In particular, F(x;) — F(X).

[G(F(xi)) = G(F(X))] = VG(F (%))y

—v6(r() (F )

G(F(xi)) = G(F(x)) = VG(F (X)) (F (xi) — F (%))
di ’

&)=

_|_

By Definition (2), the norm of the second term is bounded by
r(G,3,||F (i) = F@IDINF () = F&)] /di.
So it follows from (3) that

G(F(xi)) — G(F(x))
d;

lim

i—oo

—VG(F(x»yH < IVGF@)]le.

This shows the conclusion of part (a).

(b) To show VG(¥)y is a strict derivate of Go F, let x* € W be a sequence con-
verging to %. Since y € DyF (), there is a sequence & — 0 so that y € D%F (x) for
all k. This, in turn, means that for each k there exist sequences xi.‘ — xF and t{‘ 1 Oas
i — oo such that

F(xk) — F(x*
limsup ‘w —yH < &.
—s00 ;
This implies
. F(xXk) — F(x*
limsup \% ] < b+ e @)
i—o0 :

Using the strict differentiability of G, we get
1 -
Tl - 6(Fe) - VaF@) () - Feb)) |
i

P
sr(G,F<x>,||F<xif>—F<x’<>||+||F<xk>—F<x>||>w. )

l

Finally, to see that VG(¥)y is a strict derivate of Go F, add and subtract appropriately
to get

%[G(F () = G(F("))] = VG(F (%))y
= G(F()) ~ GUF ()] ~ LV () (P ()~ F(¥)
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FVGF () (F ()~ F) - VG(F()
= LG ~ G ~VGFO)FW) - FI) ©

_ P
+VG(F () (% —y) .

Using (4) and (5) in (6), we obtain

’G(F(X?)) —G(F(x)) _VG(F(x))yH < oy,

lim sup

where o = r(G, F (%), ||F (x*) = F®)I|)([|yl| + &) + || VG(F (%)) |ex — 0 as k — eo.
This shows that VG(F (%) )y € D% (G o F,x*) for each k. Consequently, VG(F (%))y €
Dg(GoF)(%). O

Remark 2.12. 1t is obvious that we need only to assume the weaker condition that G
is Fréchet or strictly Fréchet differentiable at y in F'(W), the range of F.

As special cases of Theorem 2.11, we have

Corollary 2.13 (Sum and product rules). Let € > 0.

(a) Suppose that f,g:W — Y and (y,z) € D*(f,g)(X), c is a constant, then y+z €
D*(f+g)(%), and cy € DIE(cf) ().

(b) Suppose. thatf W —Randg:W —Y and (y,z) € D¥(f,8)(%). Then yg(X)+
f(®)z € DUEDITION (fg) ().

Proof. Part (a) follows from the chain rule with F = (f,g) : W — Y xY and G :
Y XY — Y define by G(y,z) =y + z. Part (b) is a special case of the chain rule with
F=(f(x),gx)):W—=RxYand G: R x Y — Y defined by G(r,y) = ry. O

3 Relationship Between Derivates and Tangents

In this section, we focus on the relationship between derivates and several types of
tangent spaces. The applications of the concepts and results in this section will be
discussed in Sect. 4. First we recall some definitions.

Let O be a subset of the Banach space Y and j € Q. The Bouligand tangent space
T(3,0Q) is the set of v € Y such that there are sequences v; €Y, v; — vand | 0 such
that y+ #;,v; € Q for all i (see [5]). The following definition generalizes the notion of
restrictive metric regularity (RMR) in [8, Definition 2.1].

Definition 3.1. Let W be a topological space. Let f : W — Y be a map, ¥ € W and
¥ = f(X). We say that f has the RTR property around ¥ if there are neighborhoods
U and V of ¥ and ¥, respectively, such that for all x € U and a sequence y; — f(x)
(as i — oo), there exists a sequence x; € f~!(y;) such that x; — x.
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As shown by the following proposition, RTR is much weaker than RMR.
Essentially, RTR requires that f has a “right” inverse function that is continuous,
while RMR requires that the inverse be Lipschitz continuous.

Proposition 3.2. If f : W — Y is one-to-one, continuous and W is compact, then f
has RTR at eachx € W.

Proof. 1t suffices to show the inverse f~' : f(W) — W is continuous. If f~! is
discontinuous at ¥ = f(¥), then there exists a sequence y; — y such that x; = £~ (y;)
does not converge to X¥. By compactness of W, we may assume (by passing to a
subnet) that x; — &’ as i — 0. Consequently, ¥ # ¥ and by continuity of f, f(¥) =
lim; .. y; = ¥ = f(X) , a contradiction to the assumption that f is one-to-one. So f
has RTR at x. O

First we prove a relationship with Bouligand tangent space.

Theorem 3.3. (a) Let f : W — Y be a map. Let € W and 5 = f(X). Then D’ f(%) C

T(3,f(W)).
(b) If f has the RTR property around %, then T (7, f(W)) = D°f(%).

Proof. (a)Lety € D°f(%). Theny; = %ﬁw — y for some sequences x; € W and
d; | 0. This implies that §+ d;y; = f(x;) € f(W). Soy € T(3, f(W)) by definition of
Bouligand tangent.

(b) Lety € T(7,f(W)). We show y € Df(%). Let y; € Y, y; — y and d; | 0 be
such that y +d;y; € f(W). Since f has the RTR property around ¥, there exists x;
such that f(x}) = y+d;y; and x; — X. Since y = f(%), W’)d—jjp@ =y; — . This shows
that y € DO f(%). o

Next we generalize the definition of Gateaux differentiability of a map on X to a
map f: W — Y, where W is a subset of a Banach space (X,|]]).

Definition 3.4. We say that f : W — Y is restrictively Gateaux differentiable at X €
W if there exists a bounded and linear operator Vf(X) : X — Y such that for every
v € T(x,W) and sequences ¢; | 0 and v; € X with v; — v, ¥+ t;v; € W, the following
holds

i L) = F(3)

i—oo t

= Vf(E)v. ©

Remark 3.5. Recall that in the case X is an interior point of W, we say that f is
Gateaux differentiable at x if

fE+w) - (%)

i

lim =Vg(x)v

I
for every v € X and ¢; | 0. So restrictive Gateaux differentiability implies Gateaux
differentiability. However, when X is not an interior point, the sequence X + #;v may
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not be in W and so f(¥+#;v) and, hence the Gateaux derivative, may not be defined.
That is why we replace X+ ;v by X+ t;v; € W in the definition of restrictive Gateaux
differentiability.

We also note that the limit in (7) is assumed to exist and be independent of the
sequence v;. However, the linear and bounded operator V f(¥) may not be uniquely
defined on the whole space X. For example, if W is a subspace of X and W has a
complemented subspace V so that X = W @V then V f(X) can be extended arbitrar-
ily on V. Finally, note that strict Fréchet differentiability (Definition 2.8) implies
restrictive Gateaux differentiability.

To further generalize restrictive Gateaux differentiability by localizing to a sub-
space, let Z C X be a subspace. Denote by 7'(x,W,Z) the set of all v € X such
that there are sequences z; € Z, z; — 0 and #; | O such that x4 (z; +v) € W.
Clearly, T(x,W,Z) C T(x,W,X) = T(x,W) — the Bouligand tangent space. Note
that z; +v € Z,, where Z, is the linear space spanned by Z and the vector v. So each
v e T(x,W,Z) is a Bouligand tangent vector of (W —X) NZ, at 0 (in the space Z,).

Definition 3.6. Let W be a subset of the Banach space X and Z a subspace of X. We
say that f : W — Y is restrictively Gateaux differentiable at X € W with respect to
Z if there exists a bounded and linear operator Vf(x) : X — Y such that for every
v € T(x,W,Z) and all sequences t; | 0 and z; € Z — 0 with X+ ¢;,(z; +v) € W, the
following holds
Jim f(x+tz —l; tv) — f(%) — V.
i—oo i
Definition 3.6 generalizes the notion “f is (X, Z)-differentiable” as defined in [2,
p-443]. In particular, we require f be defined only on a subset W, not on all of X.
If W = X, then our notion is the same as the same as “f is (X, Z)-differentiable” at
X. As noted in [2, Remarks 2.1 and 2.3], a restrictively Gateaux differentiable map
at X € W with respect to Z does not require the map be continuous at ¥ € W. The
idea here is to restrict the possible directions for approaches to .
The next theorem shows that derivates can be calculated in terms of these gener-
alized derivatives defined above.

Theorem 3.7. (a) If X is an interior point of W and f is Gateaux differentiable at X,
then Vf(%)v € DOf (%) for every v € X.

(b) If f is restrictively Gateaux differentiable at X with respect to Z then V f (x)v €
DO f (%) for every v € T(X,W,Z).

Proof. This follows directly from Definitions 3.4 and 3.6 and the definition of
derivate. ad

Next we prove a relationship between the Clarke tangent space To (X, W) of W
and the strict derivate Dsf(W). Recall that v € T (%, W) if and only if for every
pair of sequences x; € W, x; — X and t; — O there exists v; € X, v; — v such that
X+tv; € W for all i. A vector v is called a hypertangent of W at x if there exists
€ > 0 such that y+tw € W for all t € (0,¢€), y € B(X,e) "W and w € B(v,€); see
[1, p.57]. A well-known theorem of Rockafellar (see Theorem 2.4.8 in [1]) says that
if W has a hypertangent vector at %, then every vector in T¢ (X, W) is a hypertangent
vector.
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Theorem 3.8. Let W be a subset of a Banach space X. If f : W — Y is strictly
Fréchet differentiable at X and W has a hypertangent vector at %, then Vf(X)v €
D f (%) for all v € Te(X,W).

Proof. By Rockafellar’s theorem, every tangent vector v in T¢ (¥, W) is a hypertan-
gent vector. Let x* € W, x* — % and #; | 0, then by the definition of hypertangent,
xK4-t;y € W for all i,k that are sufficiently large. By strict Fréchet differentiability
of f in (2), for each fixed k > 0, we have

1/ 1) = () =1V FE) 0] < il ol (f 3l [yl + |6 = 7).

Dividing the inequality by #;, letting i — oo, and using that r is continuous in 1] from
the right, we get

O 1) = f(25)

i

lim

lim V(@

< &,

where & = ||v||r(f, %, ||x* — %||). So V£ (%)(v) € D% f(x*). Since & — 0, we see that
V(@) € Dyf(5). 0

To generalize Theorem 3.8, we introduce the following concepts, which general-
ize the concept of hypertangent and are in the spirit of the construction of derivates.

Definition 3.9. (1) A vector v € X is called a strict tangent vector at X if for every
sequence x* € W, x* — £, there exists a sequence v € T(x*, W), v} — v as k — oo.
We denote by 7° (%, W) the set of all strict tangent vectors at x.

(2) The strict normal N*(x,W) is defined as the set of x* € X such that

(x*,v) <0

for all v € T°(x,W). (The symbol (x*,v) is used here to denote the value of the
functional x* acting on the vector v.)

Note that 7*(x, W) may be nonempty even though W has no hypertangent vec-
tors. For example, W = {(x,0) : x € [0, 1]} C R? has no hypertangent but 7*(x, W),
for any ¥ € W is the linear subspace R x {0}.

The following example shows that 7°(0, W) may be significantly larger than the
Clarke tangent cone T (0, W).

Example 3.10. Let W = {0} Uy [ax, 3ax), where a; = 2. We claim that
Te(0,W) = {0}; T(0,W)=T*(0,W) = [0,0).

To show T¢(0,W) = {0}, it suffices to show that 1 ¢ T-(0,W) (since Tc(0,W)
is convex). Indeed, if 1 € T¢(0,W), then for x; = a; — 0 and 7 = a;/2 — 0 there
should exist vy — 1 such that

1
ap + zakvk cw.
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This means either a; + %akvk < %ak oray+ %akvk > ay_1. In the first case, v; < 1/2.
In the second case, v > 2. We see that in either case, v, does not approach 1, a
contradiction.

To show that T(0,W) = T*(0,W) = [0,%0), we need only show that 1 is in both
T(0,W) and T%(0,W) because they are cones. For 1 € T(0,W), we need vy — 1
and t; | 0 so that O+ vy e W. Let vy =1 and fy, = 2% Then v, =275 1 ¢
[27K (5/4)27%). So 0+ 1;v, € W, which implies v =1 € T(0,W). In fact, it is easy
to see that 1 € T'(x,W) for everyx € W. So 1 € T*(0,W).

The next proposition clarifies the relationships among the hypertangents, the
Bouligand tangent 7' (%, W), and the strict tangent 7 (%, W).

Proposition 3.11. (1) T°(x,W) C T (x,W), that is, each strict tangent is a Bouligand
tangent.
(2) Each hypertangent vector of W at X is a strict tangent vector.

Proof. (1) Let v € T*(x,W). Then apply the definition to the constant sequence
xF =X to get a sequence V¢ € T# (%, W), vk — v. So, for every k, there exists x — x*

. . xK—xk .
and 7f — 0 as i — eo such that limsup;_.. —— = v*. Consequently, there exists a

subsequence i such that x; = xfi — X and t = t;, — 0 with limy_... )-‘kl—;x =v. This
shows that v € T'(x,W).

(2) Let v € X be a hypertangent vector and x* — ¥ be a sequence. By definition of
hypertangent, there exists € > 0 such thaty+tw € W forall ¢ € (0,¢€), y € B(X, €)W
and w € B(v,€). Let K be an integer such that x* € B(%,¢) forall k > K. Lett; = 1/i
fori=1,2,.... Then x* +#;v € W for all i > 1/¢. Consequently, v € T (x*,W), which
implies that v € T*(x,W). O

The next theorem describes certain strict derivates of a strictly differentiable map.

Theorem 3.12. If f : W — Y is strictly Fréchet differentiable at X then' V f (X, W)v €
D f(X) forallv e T*(x,W).

Proof. Letx* € W, x* — % and v € T*(x,W). By definition, there exists a sequence
k . .
v e T (xk W), vk — v. So, for each k > 1, there exists a sequence x¥ — xk as i — oo

and a sequence #X | 0 such that lim;_..v¥ = vk, where v¥ =
tfvk = xF € W for all i, k that are sufficiently large. By strict Fréchet differentiability
of f, for each fixed k > 0, we have

i

1 OF +195) = FO5) = bV @I < e VT (% f [+ [ = 5.

This implies that

; —ViEW| < &,

hm sup

’f +1vi) — f()
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where 8; = ||v||r(f,%,||x* —%]|). Since

limsup [|vi —v]| < [[v* —v]],

[—00

we conclude that

hm sup

V@)

8/(7

’fx +if ") S

where & = & + ||[V£(®)|| - |[|V* — v|| — 0 as k — co. This implies that V£(Z,W)v €
D&% f(x) and V£ (%)v € D, f (). o

4 Some Applications of Derivates

Next we apply the concept of derivate to derive necessary conditions for solutions
to typical optimization problems. There is an abundant literature on this problem;
see [6] and [9], for example.

Let f: W — R be a function and g : W — Y be a map, where W is a topological
space and Y a Banach space. Let Q C Y be a closed subset. Consider

min f(x), forg(x) e Q. 8)

One approach is to rewrite the operator constraint as part of a geometric constraint.
That is, the problem is equivalent to minimizing f(x) for x € Q = WNg~1(Q).
By Fermat’s Theorem 2.7, we have

Theorem 4.1. The minimum of f on W subject to g(x) € Q occurs at % iff D° f (x, W N
§7'(0)) € [0,%).

The following example shows that Theorem 4.1 can be used to exclude candidates
for the minimum which are proposed as candidates for solutions by other necessary
conditions.

Example 4.2. Consider problem (8) with the functions

f(x)_{x. if ¥ <0,

xsin?(Inx)) if x> 0,

and g(x) = x, W = (—oo,00) and Q = (—e,0]. (We could also phrase this with
the same functions and W = Q = (—e0,0] and no operator constraint.) Obviously,
the minimization problem (8), which is the same as minimizing f(x) = x on
(—o0,0], has no solution. Now let us apply Theorem 4.1 to this problem. Note
that W = g 1(Q) = (—0,0] and D°f(&,(—o0,0]) = (—oo,c0) for all ¥ < 0 and
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D£(0,(—o0,0]) = (—o0,0]. By Theorem 4.1, no point ¥ can be a minimum point.
However, if we apply Theorem 5.21 in [6], which is a general necessary condition
for the problem (5.23) in [6, p.22], we would get

0 € A0df(¥) +419g(%), &)

where df is the limiting subdifferential of f. Let us check this condition at ¥ =
0. It is easy see that dg(0) = {1}. To find Jf(0), by Theorem 1.89 in [5, p.90],
df(0) =limsup,_, 0 f(x), where 9 f(x) is the Fréchet subdifferential of f at x. For
x#0, f is differentiable. So d f (x) = {1} for x < 0, d f (x) = sin?(Inx) +sin(2Inx) €
[155, 1951 for x > 0 and 9f(0) = {0}. Tt follows that 9f(0) = [153, 1435) and
the condition (9) is satisfied with g = A; = 1 at X = 0, even though 0 is not a
minimum point, as mentioned above.

Now let us consider the case where W is an open subset of a Banach space X and
Q CY is a closed subset. Although the open set W is a metric space, this case is
distinct from the setting in [4] and [7], where W is a complete metric space. Let f
and g be defined on W and ¥ € W. The problem can be equivalently stated as

minf(x), x€g '(Q). (10)

First we derive a necessary condition for a solution X of (8) in terms of f, g, and Q.
The proof is based on Theorem 3.7.

Theorem 4.3. Let & € g~ (Q) be a solution of Problem (10). Suppose that there is a
closed subspace Z C X such that f and g are continuous and restrictively Gateaux
differentiable at X € g~'(Q) with respect to Z and

(a) The map Vg(x) : Z — Yy = Vg(%)(X) is one-to-one and onto.

(b) Ker(Vg(%)) C T(%,87'(0),2).

(c) For each w € T(3,0) NY,, there exists v € T(¥,g71(Q),Z) such that
Vg(X)v=w.
Then there exists y* € Y* such that

Vf(x) = (", Ve()) (11
and (y*,w) >0 for allw € T(3,0) NY,.

The notation (y*,Vg(¥)) denotes the linear functional in X* whose value at v € X
is (v, Vg(%)) (v) = y*(Ve(®)v) = (", Ve (@)v).

Proof. Since Vg(X) is a bijection between Z and Y, by the open mapping theorem,
it has a bounded inverse A : Y, — Z. In particular, Vg(X)A =id on¥,. So any v € X,
we have that, v— AVg(X)v € Ker(Vg(x)). By the assumption (b),

v—AVg(X)v e T()E,gil(Q),Z).
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By Theorem 3.7(b), V£ (%)(v — AVg(x)v) € D’ f(%,¢'(Q)). Since # is a solution
of Problem (10), by Theorem 4.1, we have that

Vfxy—[Vf(x)A]Vg(x)v > 0.

Since v € X is arbitrary, we have V() = [Vf(X)A]Vg(x) = (y*,Vg(x)) with y* =
Vf(®)A.

Now let w € T'(3,Q) NY, and we prove (y*,w) > 0. By assumption (c), there is a
v € T(%g¢ '(Q),Z) such that w = Vg(%)v. By (11) and Theorem 3.7

(", w) = (v, Vg(®)v) = (", Vg()(v) = Vf(®)v € D’ f (%, (Q)).

Since % is a minimum point, by Theorem 4.1, (y*,w) > 0. O

The main difference between Theorem 4.3 and the other necessary conditions
is we only assume that f and g are differentiable in g~'(Q) with respect to some
subspace Z plus the assumptions (a)—(c).

For problems with finite constraints, conditions (b) and (c) are automatic. In this
case, Theorem 4.3 generalizes the relevant results in [2] and [3]. Let W be an open
neighborhood of ¥in X, f: W — R and g = (g1,-.,8ntm) : W — R"™ Let Q C
R be any closed subset. We obtain the following corollary.

Corollary 4.4. Suppose there is an n+ m-dimensional subspace Z C X such that
and g are continuous in a neighborhood of X in Z restrictively Gateaux differentiable
at ¥ € g~ (Q) with respect to Z and the map Vg(%) : Z — R is one-to-one and
onto. If X is a minimum point of f subject to g(x) € Q, then there exists y* € Y* such
that

Vi(x) =", Ve()
and (y*,w) <0 forallw € T(3,Q).
Proof. We need only verify conditions (b) and (c) in Theorem 4.3. Condition (b) is
proved in [2, Lemma 2.1]. To prove (c), let w € T'(7, Q). Then there exist sequences
t; | 0 and w; € R"™™ w; — w such that 5+ 1,w; € Q. Since Vg(X) is onto R"*™™, there
exists v; € Z such that w; = Vg(X)v;. Because v; = Aw;, and the inverse A of Vg(x)

is bounded, we have that v; — Aw. Apply Theorem F in [3] to the function g(X+z)
for z € Z near z = 0. We get a function £ : Z — Z such that £(z) = o(||z]|) and

g(¥+z+8(2)) =g(¥) + Vg(¥)z
for z near 0 in Z. In particular,
g()E—i—tivi + 5 (l‘,'vi)) = g(i) + Vg(i)tivi =jy+tw; € Q.

This shows that & +#,v; + & (t;v;) € g7'(Q). Since E(t;v;) = o(t;), v = lim; e v; €
T(%,¢~'(Q)Z). Therefore, v = Aw, that is, w = Vg(&)v. This shows (c). O

We note that Corollary 4.4 generalizes the main theorem in [2, Theorem 2.2] and
the multiplier rule in [3, p.235], where Q is the “cube”
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O={yeR"™ :y <0,..., 90 <O, Yp41 =" = Yuirm = 0}.

Finally, we mention that the Lagrange multiplier rule in [4] and [7] can be applied
to the problem (8) to obtain necessary conditions in terms of the strict normal intro-
duced earlier.

Theorem 4.5 (Necessary conditions). Suppose that Y* is strictly convex and Q is
closed, convex and finite codimensional. Then there exists a non-zero pair (y°,y) €
R™ x Z* such that

DY+ (zy) >0 for (2,2) € Dy(f,8) (%, W)

and (y,n —g(x)) <0 for all n € Q. In particular, if f and g are strictly differen-
tiable at X, then

Wovf(wi) + <W7Vg(X7W)> € _Ns(wi)'

Proof. The first part is a restatement of Theorem 6 in [4]. In the case f and
g are strictly differentiable at £ on W, we have that (Vf(x,W)y,Vg(x,W)v) €
Dy(f,g)(x,W) for all v € T*(x,W). The second conclusion follows from the first
by the definition of strict normal in (3.9). ]

More general but similar conditions can be obtained by applying Theorem 5.4
in [7] to Problem (8), where the set Q can be nonconvex and Y can be a Gateaux
smooth Banach space.
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Abstract The Mordukhovich subdifferential, being highly important in variational
and nonsmooth analysis and optimization, often happens to be hard to calculate. We
propose a method for computing the Mordukhovich subdifferential of differences
of sublinear (DS) functions via the directed subdifferential of differences of convex
(DC) functions. We restrict ourselves to the two-dimensional case mainly for sim-
plicity of the proofs and for the visualizations.

The equivalence of the Mordukhovich symmetric subdifferential (the union of the
corresponding subdifferential and superdifferential) to the Rubinov subdifferential
(the visualization of the directed subdifferential) is established for DS functions in
two dimensions. The Mordukhovich subdifferential and superdifferential are identi-
fied as parts of the Rubinov subdifferential. In addition, it is possible to construct the
directed subdifferential in a way similar to the Mordukhovich one by considering
outer limits of Fréchet subdifferentials. The results are extended to the case of DC
functions. Examples illustrating the obtained results are presented.
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1 Introduction

The Mordukhovich subdifferential is a highly important notion in variational
analysis, closely related to optimality conditions, metric regularity, Lipschitz-
ness and other fundamental concepts of modern optimization theory (see [23,24]).
This subdifferential is a closed subset of the Clarke subdifferential (see e.g., [25,
Theorem 9.2]), and may be nonconvex for nonconvex functions, thus achieving
sharper optimality conditions. In contrast to the Fréchet subdifferential (cf. [18,
Example 1.1]), the Mordukhovich subdifferential of a locally Lipschitz function is
always nonempty (see e.g., [22, (2.17)]).

Along with these essential advantages, there comes a substantial drawback: the
Mordukhovich subdifferential is difficult to calculate even for relatively simple ex-
amples, as such computation normally involves finding the Painlevé—Kuratowski
outer limit (see Sect. 2). For most known subdifferentials, the sum rule only has the
form of an inclusion — the subdifferential of a sum is a subset of the sum of the
subdifferentials [23, Theorem 3.36]. This rule applied in calculations only provides
a superset of the subdifferential of the sum.

We propose a method for computing the Mordukhovich subdifferential of
differences of sublinear (DS) functions, which are positively homogeneous DC
(difference of convex) functions, applying directed sets [2] and the directed sub-
differential of DC functions [4]. The DC functions represent a large family of
functions. They are dense in the space of continuous functions [16] and constitute
an important subclass of the quasidifferentiable functions [10]. Various aspects of
calculus and optimality conditions for this class of functions are discussed, for
example, in [1,8, 10-12, 14,20].

The class of positively homogeneous DC functions is important enough since
it contains differences of support functions and directional derivatives of DC func-
tions. Many interesting examples of nonconvex DC functions in the literature are in
this class (see, e.g., [4]). All results in Sect. 3 obtained first for DS functions can be
formulated as a corollary for the directional derivative of DC functions.

The main advantage of directed subdifferentials based on directed sets is the
sum rule: the directed subdifferential of a sum is equal to the sum of the directed
subdifferentials [4, Proposition 4.2]. This rule applied for directed subdifferentials
provides the exact result.

We restrict ourselves to the two-dimensional case mainly for simplicity of the
proofs and for the visualizations. Furthermore, the visualization of the directed sub-
differential is essentially more complicated in dimensions higher than two, since
lower dimensional mixed-type parts missing in the two-dimensional case would
emerge in higher dimensions.

In this chapter, the equivalence of the Mordukhovich symmetric subdifferential,
the union of the corresponding subdifferential and superdifferential, to the Rubinov
subdifferential (the visualization of the directed subdifferential), is established in
Theorem 3.14 for the special class of DS functions in two dimensions.
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While the Mordukhovich subdifferential is based on the corresponding normal
cone and can be calculated by outer limits of the Fréchet subdifferential, the directed
subdifferential for DC functions is essentially based on the subtraction of convex
subdifferentials embedded in the Banach space of directed sets. Although these two
concepts differ substantially, there are many interesting links between them.

In Theorem 3.13, we prove that certain parts of the Rubinov subdifferential
comprise the Mordukhovich subdifferential. The remaining parts coincide with the
Mordukhovich superdifferential (see Theorem 3.14). Furthermore, Theorem 3.11
links outer limits of the Fréchet subdifferential to the directed subdifferential.
The assumption on positive homogeneity of the DC functions is dropped in
Theorems 3.16 and 3.17 yielding the connection of the Rubinov subdifferential
to the Mordukhovich symmetric subdifferential of the directional derivative for the
broader class of DC functions.

This chapter is organized as follows. In the next section, we recall necessary def-
initions, notation and results on Fréchet subdifferential. In Sect. 3, the relation be-
tween the Mordukhovich and the directed subdifferential is discussed. We illustrate
our results with several examples in Sect. 4. In the last section, we sketch directions
for future research.

2 Preliminaries

Recall that f : IR" — IR is called positively homogeneous, if f(Ax) = A f(x) for all
x€R"and A > 0. Clearly, f(0) = 0 for positively homogeneous functions. A func-
tion is sublinear if it is convex and positively homogeneous. Recall that support
functions of compact sets are sublinear. We denote by .#,_| the unit sphere in IR”,
and by cl(A),co(A) the closure and the convex hull of the set A, respectively. The
following operations on sets A, B C IR" are well known:

A+B:={a+blacA, be B} (Minkowski addition),
OA :={—alac A} (the pointwise negative of the set A).

The last operation is used in the definition of the Mordukhovich superdifferential
and in the negative part of the visualization of the directed subdifferential.
For the sets A, B C IR" the operation

A*B={xeR"|x+BCA}=)(A-b)
beB

is called the geometric difference of the sets A and B. This difference is introduced
by Hadwiger in [13] as well as in [28] and is also called Minkowski—Pontryagin
difference.
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Let C C IR"” be nonempty, convex, compact and [ € IR". Then, the support func-
tion and respectively the supporting face of C in direction [ are defined by

6*(1,C) = r£1€aé(<l,c> ,
Y(,C) ={yeC|(l,y)=06"(1,C)} :aIgI?EaCXU,c) :

Note that for / =0, Y(/,C) = C. By y(I,C), we denote any point of the set Y (/,C),
and if the latter is a singleton (i.e., there is a unique supporting point), then Y ({,C) =
{»(,O)}-

The supporting face Y (/,C) equals the subdifferential of the support function of
C at!l[29, Corollary 23.5.3].

We denote by Limsup the Painlevé—Kuratowski outer limit and by Liminf the
inner limit of sets (see [30, Chap.4]). Intuitively, the outer limit of a sequence
of sets consists of the limiting points of all converging subsequences of points
from these sets. In contrast, the inner limit consists of limiting points of all se-
quences constructed from points taken from almost every set in a way that only
a finite number of sets can be missed out. For a more rigorous definition (see
[30, Sect.4.A]), first consider the set Ji@i of all infinite subsequences in the set
of natural numbers 4% := {N C IN|N infinite}, and the set .4 of all the se-
quences of natural numbers which include all numbers beyond a certain value, that
is, Ao :={N C IN|IN \ N finite}. Given a sequence {C;} of sets in IR", we set

Limsup G, = {x € R"|3N € A , Ix; € C(k € N) with x; — x} ,

k—so0

Likminka ={xeR"|3IN € A, Tx; € Ci(k € N) with x; — x} .

For a set-valued mapping F : IR" — IR” and ¥ € IR”, the outer and inner limit of F
as x — X is naturally defined as

Limsup F(x) ;== {y e R" |3y — %,y — ywithy € F(xx) Vke N} , (1)
xX—X
Liminf F(x) := {y e R"|Vx;y — %,3IN € AL, ,
X—X
Jyr — y with y, € F(x;) Vk e N} . 2)

Clearly, the inner limit is a subset of the outer limit. If they are equal, this set is
called the Painlevé—Kuratowski limit and is denoted by Limy_,.. Cy, respectively,
Lim XA,XF (X)

Remark 2.1. Let F(-) be a uniformly bounded mapping defined in a neighborhood
of the point ¥ € IR” with nonempty images in a finite-dimensional space. It is easy to
show that if the Painlevé—Kuratowski outer limit is a singleton Limsup,_,; F(x) =
{7}, it is equal to the Painlevé—Kuratowski limit. Indeed, by the assumption, for
any sequence x, — £, there is a converging subsequence y,, € F(x,,) and any such
subsequence may have only the point § as the limit.

The classical Moreau—Rockafellar subdifferential of a convex function f : IR" —
RatxeIR"is

9f(x) :={seR"|Vy e R": (s,y—x)+f(x) <f()} - ©)
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It is well-known (see, e.g., [15, Chap.V, Definition 1.1.4]) that
8" (L,df(x)) = f (x;0) 4

where f”(x;1) is the directional derivative of f at x in direction [.

In the sequel, the Moreau—Rockafellar subdifferential of a sublinear function g
at zero is denoted by dg instead of dg(0).

Also, for the unique supporting point of a supporting face we denote

dy(:1) = y(I',Y(1,0n)) (1,I'€ . with 1 L1} . ()

The Dini subdifferential (see [5,17,26,27]) of a directionally differentiable func-
tion f:IR" - R atx € IR" is

opf(x) ={veR"|f (x;d) > (v,d) Vd €IR"}.

The Fréchet subdifferential and the superdifferential/upper subdifferential (see
[5,6,18,23]) of a function f : IR" — IR at a point X € IR" are defined as follows:

i [0 0x) 5 01
i b=l

imsup J 0= frx) o},

x—X || — x|

o (5) = {re e

o (%) = {velR”

The Fréchet subdifferential coincides with the Fréchet gradient for a Fréchet differ-
entiable function, and with the subdifferential for a convex function. One can think
of drf(¥) and J¢ f(¥) as of the set of gradients of linear functions “supporting” f
from below resp. above at x. While the Fréchet subdifferential is defined for a vast
class of functions, and can be used to check optimality conditions, in many cases it
happens to be an empty set, which is a serious drawback for applications.

The Fréchet subdifferential possesses several useful properties summarized in
the following two lemmas.

Lemma 2.2. Let f : IR" — IR be positively homogeneous and | € RR". Then
o f(0) ={veR"[f(d) = (vd) Vde.7, .} ©)
and f(-) is the support function of the Fréchet subdifferential, that is

F0:0) = f(1) . @)
Furthermore,

of(l) =ef(Al), A>0. (8)

Proof. The relation (6) is obtained easily from the positive homogeneity of f
and f(0) = 0 (see, e.g., [18, Proposition 1.9(a)]), and (8) follows from [18,
Proposition 1.9(b)]. 0
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The following result, which is an immediate consequence of [9, Theorem 2], is
used for evaluating Fréchet and Mordukhovich subdifferentials in the examples.

Lemma 2.3. Let f : IR” — IR be directionally differentiable.
(i) If the directional derivative of f at x can be represented as

f@wﬁfg@@%

where @ are sublinear functions for every t € T and T is an arbitrary index set,
then

If(x)=[Iu(x) . ©)

teT
(ii) Analogously, if
/ : — i f
[(xg)=—infe(g),
where @ are sublinear functions for everyt € T, then

Hfx)=0dex). (10

teT

The next lemma states that the Fréchet subdifferential coincides with the Dini
one for DC functions.

Lemma 2.4. If f = g — his DC with convex functions g and h, then
Orf(x) =dpf(x) ={veR"|f'(x;l) > (w1} Vi€ .S 1}. (11)

Proof. Since each convex function g,4 : IR” — IR is locally Lipschitz (see [15,
Chap. IV, Theorem 3.1.2]), each DC function f = g — h is also locally Lipschitz.
Hence, we can apply Proposition 1.16 from [18], which yields
dﬂ@@zEMMzgi@;ﬂﬂ,
10 t
where we use the notation in [18]. In our setting, df(x)(/) corresponds to the lower
Hadamard directional derivative of f at x in the direction /.

Since each convex function (and hence, each DC function) is directionally dif-
ferentiable, the limit inferior is indeed a limit with df(x)(l) = f'(x;1). As we
are dealing with finite-dimensional spaces, d,,f(x;/) = df(x;[) holds, and [18,
Proposition 1.17] yields

opf(x) ={veR"|d,f(x;l) > (vl) VIieR"'}
={veR"|f(x:l) > (vl) VIER"}=0dpf(x).

Clearly, for convex functions it follows that

drg(x) = dpg(x) = dg(x) . (12)
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3 The Mordukhovich and the Directed Subdifferential in IR>

For a continuous function f : IR" — IR, the Mordukhovich (lower) subdifferential
and superdifferential (upper subdifferential) can be defined as a corresponding outer
limit of Fréchet subdifferentials [23, Theorem 1.89]:

omf(X) = Limsup drf(x) , (13)
i f(¥) = Limsup 95 f(x) - (14)

The Mordukhovich symmetric subdifferential is defined as
S (¥) = I f () Uy f () -

Here, the limits are in the Painlevé—Kuratowski sense. Furthermore, the connection
between the Fréchet/Mordukhovich superdifferential to the corresponding subdif-
ferential is given by the following formulas

O f(X) =Sk(—f)(X), f(X)=dm(—f)(), (15)

which involve the negative function and the pointwise inverse of sets, see [18, re-
marks following Proposition 1.3] and [23, remarks below Definition 1.78].

Directed sets, offering a visualization of differences of two compact convex sets,
are introduced and studied in [2, 3]. Here, we only sketch the main ideas and nota-
tions on directed sets in IR?.

The directed sets, as well as the embedding J, of convex compact sets in IR"
into the Banach space of directed sets, are defined recursively in the space of
dimension 7. In one dimension, the directed embedded intervals are defined by the
values of the support function in the two unit directions +1,

—

[Cl,b] :Jl([aab]) = (5*(n7[a7b]))ﬂ:i1 =(-a,b) (a< b) :

A general directed interval A 1= m = (—c,d) allows that c¢,d are arbitrary
real numbers, even ¢ > d is possible (see references in [2, 3]). A two-dimensional
directed set Xz is a pair of a uniformly bounded map Xl (+) having one-dimensional
directed intervals [2] as its values (the directed “supporting face”), and a continuous
function as(-) : IR? — IR (the directed “support function™). This pair is parametrized
by the unit vectors / € IR?:

—

A = (A1(1),a2(1))ies, - (16)

A convex compact set A C IR? is embedded into the space of two-dimensional di-
rected sets via the embedding map J, composed from the natural projection 7y »
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from IR x {0} C IR? onto IR, and the rotation Ry; which for any unit vector / € IR?
maps the pair (/’,1) (with I’ orthonormal to /) to the standard basis (e',e?) in IR?:

h(A) = (V(1LA), 8" (LA))ies, with
Y (1,A) = Ji (m 2Ry (Y (1,A) — 8*(1,A)1)) . (17)

For a directed set A , its visualization VZ(Z)) C IR? has three parts — positive PZ(Z)),
— —
negative N»( A ') and mixed-type part Mp( A ):

Va(A) = P(A)UN:(A) UMa(A) (18)
m@ﬁﬂj&m@om@m>um<0 (19)
leA

The last part is formed by reprojections Q» ; of one-dimensional visualizations from
IR onto the supporting lines (x,1) = ay (1) for any unit vector / € IR?.

Equipped with a norm and operations acting separately on the components of the
directed sets, the space of directed sets is a Banach space. The subtraction in this
space is inverse to the Minkowski addition for embedded convex compact sets.

The directed subdifferential for DC functions and its visualization, the Rubinov
subdifferential, are introduced in [4] for a DC function f = g —h as

9 £(x) = h(9g(x) —H(h(x),  ORF() =Va(D F(x))

that is, it is the difference of the two embedded subdifferentials.

An explicit formula for the Mordukhovich subdifferential of a positively homo-
geneous function as a union of Fréchet subdifferentials is obtained in the next state-
ment.

Proposition 3.1. Let f : IR> — IR be a positively homogeneous function. Then

omf(0)=0def(0)U | J | drf()U |J Limsupdrf(l+) | . (20)

leA res, 1
vy

Proof. Denote by D the right-hand side of (20). We first show that D C dyf(0).
Observe that drf(0) C Ay f(0) holds by (13). Further, for any / € %] and A > 0 we
have drf(Al) = dpf(I) by Lemma 2.2 and

drf (1) = Limsup drf(Al) C Limsup drf(x) = dmf(0) .

A10 x—0

It remains to show that for any [,I’ € ., 1 L I’ we have

Limsup dgf (I +1I") C omf(0) .

t|0
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Again, by Lemma 2.2 for any t > 0

Opf(t(l+1l) = pf(l+1l') .

Therefore,

Limsup Jf (I +11") = Limsup Jf(t(I +1I")) C Limsup dgf(x) = omf(0) .
t10 10 x—0

Now we will show that dyf(0) C D. Let us consider an arbitrary element v €
omf(0). By (13), there exist {v,} and {x,} such that v, — v, x, — 0 and v, €
Jrf(x,). Without loss of generality, either x, = 0 for all n, or x,, # 0 for all n. In the
former case, we have v, € drf(0), and by the closedness of drf(0)

v € Limsup def(0) = def(0) CD.

n—oo

Xn

In the latter case, without loss of generality suppose that [, = Tl [ € .7. Ob-
serve that by Lemma 2.2

O (xn) = o0 f (ﬁx) = O flln) - @1)

There are two possibilities again. Without loss of generality, either [, = [ for all n,
or Iy — (Iy,1) -1 # 0 and (1,1,) # 0 for all n. In the first case, by (21)

v € Limsup drf(l,) = drf(l) CD.

n—oo

In the second case, let I, = % and 1, = “lenl”l)ﬁu Observe that I, 1 [, and

|| = 1. Since in IR? there are only two unit vectors perpendicular to [, we can
assume [, = 1" € . for all n, where I’ is one of such two vectors. We have by (21)
and Lemma 2.2

l
v € Limsup aFf< - ) = Limsup dgf(I +1,/') C Limsup o f(I+tI') CD.
110

n—oo <ln 5 l> n—o0
a

The following result about the Fréchet subdifferential of a DC function follows
from (11) and [14, Sect.4] resp. [10, Chap.III, Proposition 4.1]. The following
lemma will be used to explicitly calculate the first term appearing in the right-hand
side of (20) in Proposition 3.1.

Lemma 3.2. Let f = g — h, where g,h: IR" — IR are convex. Then
[ (x) = dpf(x) = dg(x) *0h(x), (22)

where dg(x) and dh(x) are the subdifferentials of g and h, respectively.
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To obtain a formula for the second term in the right-hand side of (20) for sublin-
ear functions, we show now that the subdifferential of a sublinear function in a point
[ # 0 is a lower dimensional supporting face.

Lemma 3.3. Let h: IR” — IR be convex. Then for any | € IR",
[ (x;)](1) =Y (I, 0h(x)) - (23)
If, in addition, h is sublinear, then
oh(l)=Y(l,0h) . (24)

Proof. The equality (24) is trivial for [ = 0. It follows from [15, Chap. VI,
Proposition 2.1.5] that for / # 0 and every convex function

W (x:)](1) =Y (I,0h(x)) .

Setting x = 0, the equality follows immediately, since (7) holds for the positively
homogeneous function A(-). O

In the next two lemmas, we study the last term in the right-hand side of (20) for
DS functions.

Lemma 3.4. Let f = g—h, where g, h: IR — IR are sublinear. Then for every 1’ €
A withl LT,
Limsup O f(I+1I') #0.
t|0

Proof. The function f is locally Lipschitz as a difference of sublinear functions.
Hence, f is Fréchet differentiable almost everywhere, and there exists a sequence
{x,}» C IR? such that (x,,!") > 0 for all n, x, — 0 and f is Fréchet differentiable at
[ +x,. The Fréchet subdifferential of f at / +x, is nonempty and coincides with the
Fréchet derivative (see [18, Proposition 1.1]). Therefore, we have

Of(I+x2) ={Vf(+x)} (neN).

Observe that for sufficiently large n we have 1+ (x,,/) > 0 and

l—l—xn=l+<xn,l>'l+<xml/>'l/:(1+<x"’l>)<l+1<—|)-cn<—;Cln/>l>l/> '

The positive homogeneity of f together with (8) yields

Orf <l+ %l/> =0rf(I+x,) ={Vf(l+x.)} .

Lett, = lf’&i%. Observe that t, > 0 and also t, — 0, that is, t, | 0. Since f is

locally Lipschitz, the sequence {V f(I/ +x,)} is bounded, hence, has a converging
subsequence. This subsequence satisfies
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Limsup g f(I +x,) = Limsup dgf (I +1,I") C Limsup dpf(l +1I'),
t|0

n—o0 n—oo
which yields the nonemptiness of Limsup, o dgf({ +I'). O

The following result establishes that the set limit (i.e., the limit of the sequence)
of the subdifferentials dh (I +11") evaluated at small orthogonal disturbances of the
direction / is a singleton. This fact is needed later in the representation theorem for
directed subdifferentials.

Lemma 3.5. Let h : IR> — IR be sublinear. Then for any 1,I' € | with | LI, the
setY(I',Y(I,0h)) is a singleton, and

Lim ah(I-+10) =Y (1Y (1,9h) = {y(0" Y (1.9h))} . (25)

Proof. First, we will prove the claimed equality for the outer limit Limsup, o dh(I +
tl"), and then apply Remark 2.1.

Let v € Y(I,0h). Assume that ¢, | 0 and {v,}, is a sequence of points, each one
in dh(l +1,!'), and converging to a point in Limsup, ,dh(l +¢I'). Lemma 3.3
shows that

vn € Oh(l+1,0") =Y (I +1,I',0h) (n€N).
By the definition of supporting face and by (7), we have
Wiy L41l") = (5,1 + 150"y = (0,1) +1,(7,1") = h(1) + 1. (7,1') (26)

and
(Lva) <8 (LY (I +1al',0h)) < 87(1,0h) = h'(0;1) = k(1) . 27)

Taking limits as n — oo (¢, | 0) on both sides of (26) and (27), we obtain

lim (v, 1) = h(l) . (28)

n—oo

Letv € Y(I',Y(I,0h)). Observe that v € Y (I,0h) C dh, v, € Y (I +1,I',0h) and

<Vn7l+tnl/> = <anl> +tn<Vnal/> < <‘771> +tn<anl/> ) (29)
L 1al!) > (5,140’ = (5,1) + 12 (5,1) . (30)

Subtracting (30) from (29), we have (v,,I’) > (¥,I'). Thus for any cluster point
v € Limsup, o dh(l +1l') of the sequence {v,},, we have

0y > 3,0 . (3D
Since Y (-,dh) is upper semicontinuous and has closed values, it follows from (24)

and v, € Y (I +1,I',0h) that ¥ € Y (I,0h). Hence, ¥ € Y(I',Y (I,0dh)) by (31) and the
inclusion “C” in (25) is proved with the outer limit in the left-hand side.
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Assume now that Y (I',Y (I,0h)) contains two different points 7, 7. Clearly,
(I';91) = (I',02) = 6°(I',Y(1,0h)) ,
(I,v1) = I,y = 86"(1,0h) .
For any 1 € IR?, the representation 1 = (n,1) -1+ (n,I') - I is valid, therefore

Mo =) = M,0)-({L,v1—w)+ (M) (', =) =0,

which contradicts the assumption that the points are different.

Hence, the right-hand side in (25) is just a singleton and the equality follows
by the nonemptiness of the left-hand side guaranteed by Lemma 3.4, (12) and
Remark 2.1. O

Thus, (25) in the above lemma can be reformulated with the notation (5) as

Lim Oh(1+11') = {dy(1;1)} . (32)

The previous lemma will be generalized to DC functions. The following lemma
states an explicit formula for the third term appearing in the right-hand side of (20)
in Proposition 3.1.

Lemma 3.6. Let f = g — h, where g,h : IR> — IR are sublinear. Then for every 1,1’ €
A, U L L the outer limit Limsup, o df (I +1l') is a singleton, and

Limsup Jrf (I +1l") = {y(I',Y (1,0g)) = y(I',Y (1,0h))} . (33)
t|0
Proof. Let
u € Limsup opf(I+1l') .
t|0

Then there exist sequences {u,}, {fn}, un — u, t, | 0 such that u, € df (I +1,0").
By Lemma 3.2 we have

Opf(l+1t,0") = dg(l+1t,0") 20h(I+1,0") (n€EN).
Therefore, for all n € IN there are
v €9g(l+1t,0") and w, € dh(I+1,1")

such that u,, = v,, — w;,.

Since {v,} and {w,} are bounded (as they belong to the corresponding up-
per semicontinuous subdifferentials of g and ), the sets Limsup,_,..{v,} and
Limsup,_,..{wx} of cluster points of the corresponding sequences are nonempty.
Moreover, by Lemma 3.5 we have

Limsup{v,} C Limsup dg(l +1,I') =Lim dg(l+t,") = {d(L;1')} ,
n—oc0

n—oo n—oo

Limsup {w,} C Limsup dh(l +t,I") = Lim oh(l +1t,I') = {d(L;I')} ,

n—oo n—o0 n—eo

where we have used the notation (5).



On Computing the Mordukhovich Subdifferential Using Directed Sets 71

Hence the sequences {v,} and {w,} converge and have unique cluster points.
Therefore
u = lim u, = lim v, — lim w,, = do(I1) —du(L;1') .

n—o0 n—oo
Since u is arbitrary, we have

Limsup opf (I +t1") C {dg(;1") — dy(L;1")} . (34)
t|0

Applying Lemma 3.4,

Limsup g f(I+tI') #0
t10

holds and we obtain (33) from (34). O

For the convenience of the reader, we include a full proof for the explicit formula
of the subdifferential of a sublinear function with the help of two collinear directions
orthogonal to the supporting face in Lemma 3.3, although this geometric fact is
rather obvious.

Lemma 3.7. Let h : IR* — IR be a sublinear function. Then for every 1,I' € %} with
A
oh(l) = co{dy(l;=1"),dn(1;1)}

where we used again the notation (5).

Proof. From Lemma 3.3, we know that
dh(l)=Y(l,0h) .

Obviously, co{d;(I;—1'),d,(l;I')} C Y(I,0h), and we only need to show the oppo-
site inclusion. Assume that there exists v € Y (I, dh) such that

v ¢ co{d,(l;=1"),dy(L;1")} .
Then by the separation theorem there exists / € IR? such that
1) > max{(d,(l;=1'),1), (dy(1;1'),1)} . 35)

Since the representation v = (v,1) -1+ (v,I') -1’ holds, we can use v € Y (1, 0h) as well
as (4) and (7) to observe that

(L) = (L1 -, 1) + (L1 - 1y = (1) - h(D) + (1) - (0, )

Using dy(I;1') € Y (1,0h) twice, the equality k(1) = (d,(1,1'),1) follows, if (I,1") > 0,
as well as

0 -h(D) + (L) - (dn(150),1') = (di(1:1),1)

(v <1,
< max{{dy(;=1), 1), (dn(1:1'), 1)} - (36)
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Analogously, if (,1') < 0, the following estimate is valid due to k(1) = (d;, (1, —1'),1):

(Tv) < (L0 -h(0) = (1) - (=), ~1') = {15 =0),])
<m {<dh(l’_l/)7l>7<dh(l;l/>7l>} (37)
Clearly, (36) resp. (37) contradict (35), hence our assumption is wrong. O

The next two lemmas will be used in the further theorems. The first one connects
the first component of the embedding (17) of convex sets into the space of directed
sets to the interval which coincides with the projection of the line segment from
Lemma 3.7. In the embedding, the natural projection 7 » and the rotation R, ; in [2]
are used.

Lemma 3.8. Let i : IR?2 — IR be sublinear, 1 € Sandl = RZTJel. Then, the embed-
ding in (17) satisfies '

1 2Ra. (Y (1,0h) = h(D)1) = [{d(ls=1'), 1), (dn(1:0), 1)
where we used again the notation (5).
Proof. Observe that [ | I, so that Lemmas 3.3 and 3.7 apply with
Y(1,0h) = co{dy(L;=1'),dn(L;1")} . (38)
Since h(l) = (d,(I;£1'),1), the following representation holds:
dp (L) = {dy (LR, Y U+ {dy (1, £, 1) - 1= {dy (L), ) - '+ k(D). (39)
Therefore,

T 2Ry (Y (1,0h) — h(1)l) = 1 2Ry (co{dy(L;—1"),dn(I;1')} — h(1)I) (by (38))
= m1 2Ry (co{dn(l;=1') = h(D),dy (1) — h(1)1})
= m 2Ry (co{(d(l; 1), ) {dy(1:1'),1')I'})  (by (39))
= CO{ﬂ172R271<dh(l; —l/),l/>l/,7T172R271<dh(l;l/),l/>l/}
CO{ <dh(l; —l/)7l/> . 7T1,2R2’ll/, <dh(l;l/),l/> . 7T1,2R271l/}
co{{dn(l;=1'),1'), (dn (L), I')}
(dn(l: =), 1), (dn (L), )]
(as {dp(l;=1"),1") <Adp(L;1"),1")) .

O

The following lemma generalizes Lemma 3.8 to DS functions. To study the result
of the embedded difference of subdifferentials, the convex sets in the first compo-
nent of the embedding (17) can be calculated with the help of the two endpoints of
the interval.



On Computing the Mordukhovich Subdifferential Using Directed Sets 73

Lemma 3.9. Let f = g — h, where g,h : IR?> — R are sublinear. Consider | € .7,
and the orthogonal vector I' = R;lel. Then

T 2R (D™ (1) = F()1) = {d(:—1') —dy(l:=1), '),
71 2R (D (1) — F(1)1) = (dg(B:1) — du(:), 1)

where the notation (5) and

D~ (1) :=Limsup dgf(I—tI') and D7 (l):=Limsup dpf(l+1l')
t10 t10

are used.

Proof. Clearly, ! L I'. By Lemma 3.6, the two sets
D (1) =dg(I;~1') —dy(;—1),  D*(1) = dg(1:') — dy(1;1")
are singletons and dy(I;+!") € Y(1,0g), dy(l;£1") € Y (I,0h). Therefore,

T 2Ry (D™ (1) = f(1)I) = m1 2R (D™ (1) = f(1)])
= M 2Ry 1 (dg(1;=1") = di(L;=1") = f(1)])
= 2Ry ((dg(1;=1") = dy(1; 1), 1)1
Hdy (I, =1") = dy (1 =1'), 1)L = f(1)1)
= 7'51’2R2’1(<dg(l;—l/) —dy(l; —l/)7l/>l/
+(g(1) —h()I = f(DI)
= mi2R 1 ((dg(1;=1") = dy(1; 1), 1)1')
(dg(1; ="y —dy(1;=1"),1') - 12R21l/
< (l —l/) dh( )7l/> m 2R2 1R2,e
= (do(L,=1') = dp(L;=1'),I")

l;—-1
l;—1
and analogously

2R (D (1) = (D)D) = (dg (1) — dy(L: 1), 1')
O

We apply the two lemmas above to represent the directed subdifferential of a
positively homogeneous DC function in IR? with the help of outer limits of Fréchet
subdifferential. The unique supporting points calculated in Lemma 3.9 are used to
determine the (one-dimensional) first component of the directed subdifferential.

Lemma 3.10. f =g—h, g,h: R? — R, sublinear. Then, using the notation (5),

9 1(0) = ([(dg (1 =1') — dn(l: =), 1) (dg (1) = (=), )] S (D) s
withl' =1'(l) = RzTJel.



74 R. Baier et al.
Proof. Observe that 6*(1,dg) = g'(0;1) = g(I) by (4) and Lemma 2.2 and therefore,

9 f = Jr(dg) —J>(dh) (by definition)
= (Ji(m2R21(Y(1,98) — g(D)])),&(1))ico
—(Ji(m 2R (Y (1, 0h) = h(D)])),h(I)) 1, (by definition)
= (N1([(dg (1 =1'), 1), (dg (1), 1')])
= ([{dn (=), 1) (dn (1), 1)]),8(1) = h(1))ie,  (by Lemma 3.8)
= ([(do (L, =1"),1") {dg (1), )] = [dn (L =1'), 1), (dn (1), 1)), (D) )ie.nr
((do (1 =1),1") = (dn(1;=1),1) {dg (1 1),1) — (dn (1), 1)), f(D)ie, -

O

As a first main result, we connect the representation of the directed subdifferen-
tial to outer limits of Fréchet subdifferentials.

Theorem 3.11. Let g,h : IR? — IR be sublinear functions, and let f = g — h. Then

the directed subdifferential of f at zero A= (A_; (1),ax(1))ie. can be constructed
via limits of Fréchet normals as follows: for every | € ./ let

A=), Fi():=[maRo (D™ (1) = (D) ;mi2Ray (DT (1)~ F(DI)], 40)
where D™ (l) := Limsup, o dsf(l —tl'), D*(l) := Limsup, o drf(l +1l'), and

= RzTJel.
Then, F = (ﬁ(l),fz(l))leyl coincides with A = 9 £(0).
Proof. By Lemma 3.9
MR (D™ (1) = f(DI) = (dg(l;=1") = dy(1: =), 1),
M 2R (DT (1) = f(D)I) = (dg(131) — dn(L:1).1')

where we used again the notation (5). Therefore,

F = (g1 =1') = (1 =), ') (dg (1) = dp(151),0)], F(D)ie,

which coincides with the directed subdifferential A of f by Lemma 3.10. O

The equality for the Fréchet subdifferential in the next lemma will be used to ex-
plicitly calculate the second term appearing in the right-hand side of (20) in Propo-
sition 3.1. Geometrically, this fact is easy to believe so the reader may skip the
technical proof.

Lemma 3.12. Let f = g —h, where g,h: R> — IR are sublinear. Then for every
le S
Orf(l) = dg(l) £h(l) = co{dy(l;—1'),do(1;1")} £co{d(l;—1"),dy(I;1) }

(cofdy(l—1') — dp(l—1),dg (1) — dy(1:1")} . if case I holds,
10, if case 2 holds,
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where we used again the notation (5) and I’ = R, [e Case 1 holds, if
(do(;=1") = dp(I;=1'), 1"y < {dg(I;1') — dn(L;1"),1')
and case 2 is given, if the inequality “>" holds.
Proof. Lemmas 3.3 and 3.7 show that
9g(1) = Y(1,9g) = co{dy(1:~1'). dy(L:1')} |
oh(l) = Y (I,0h) = co{dy(L;=1'),dn(L;1")} ,
since [ 1 I'. Clearly, for all v € dg(l) and w € dh(l), (4) and (7) apply, that is
<lav> = 3*(lvag) :gl(O;l) :g(l) )
(Lw) = 8*(1,0h) = I (0;1) = h(l)
and especially,
(1dg (L)) = (1), (Ldn(liEl)) = (1) . 1)
It holds that
dg(l) = co{dy(l;—1") — g(I)l, dg(1;1') — g (1)1} + g (1)1
= co{(do(L;=1"), 1) - I' {do(L;1"),I') - I} + g(I)1
co{dp(l;=1") — h(D)L,dy(I;1") — (D)L} + h(1)I
co{{dp(1;=1"),I'y - U {d(1;1'),I') - I'} + h(1)1,
(
(

)
9g(1) — (1)l = co{{dy(I; — ’),l’>'l’,<dg(l;l’),l’> }
Oh(l) — h(1)l = co{{dy(l;—1"), 1) -

Ih(l)

Let us denote for abbreviation

= (do(L=1),0) g = {de (L), 1)
vii=(d (-1, v = {d (),

Since dy(I;1') € Y(I',Y(1,0g)) and dy(1;1') € Y (I',Y (I,0h)), we have the ordering
W< and vi<vs.
Let us study the scalar product of u € (dg(I) — g(I)I) (dh(l) —h(l)!) and n € IR™

(n,u) < 3*(n,co{,u1l’,u2l’}) — 5*(177CO{V11/,V2l/})
= maX{<n7ull/>7 <777H21/>} - max{<n7 vll/>7 <777 V2l/>}
= max{t - (n,0'), o (n,1')} —max{vy - (n,0'), v - (n,I') }.
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Both shifted line segments are spanned by the vector I, hence the geometric
difference lies also in this span which is demonstrated by setting 1 = %/ in the
above inequality:

(Iu) <0—0=0, (—Lu)y<0—0=0

Hence, (I,u) = 0. Let us study the scalar product in the orthogonal directions I/
and —/'.

(I',u) < max{p1, o} —max{vi,va} = o —v2, (42)

(=U,u) < max{—py,—pp} —max{—vi, =V} = —p; +vy. (43)

Assume that v, — v; > U, — uy and that u € IR" exists with u € (dg(l) —
g(D)1) 2(Jh(l) — h(1)l). Then, (42) and (43) yield the contradiction

w=—vi <{uy<pr—vy, ie. va—vi<ih—u.
Now assume that
Vo=V < Uy — Uy . (44)
‘We will show that
M, =M,
holds for

M, = (co{pr, o} - I') (co{vi,va}-I'), My :=co{p —vi, o —vo}-1'.

“C”: Let n € IR". Using (/,u) = 0 and the orthonormal basis {/,I'}, we get n =
<nal> 1+ <Tl,l/> -I"and

8"(n, M) = max({, ) =;gg;l<(<n,l>-<l,u>+<n,l’>-<l’7u>)

=0y &' M) <(n,I')-(a—v2) (by (42))
=(n,0')- max (' ol

a€(p vy, — Vo

max (<nvl><laal/>+<nvl/><l/7al/>)
OE[U =V, lp— V7]
= max (m,o-1'y = max(n,u) = 6*(n,M>),
Q€[ =V, — V2] ueM,

which shows that M| C M,.
“D: Let us first show that (1 — vi)I’ € M. Since (44) and u; — vy + v, < i, hold,

(= vi)l' +co{vi,va}-I' = (u — vi)l' +co{vil',»l'}
= CO{(ul - Vl)l/ + Vll/7 (ul — Vl)l/ + Vzl/}
= co{l’, (1 —vi+w)l'}=cofpr, (1 —vi+ W)} -1/
C co{ur, po}-1".
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Hence, the first endpoint of the line segment M, lies in M;:

(ul—vl)l S (CO{[,Ll,[,Lz} l) (CO{Vl,Vz} l) M.

Now, we proceed similarly with the second endpoint (u; — v;)!’. Since (44) and
Uy — Vo + vy > 1y is valid,

(o — vo)l' +co{vil',»l'}

= co{(ua — )l +vil', (i — v2)l' + w1’}

= co{ (k2 — va+vi)l', ol y=co{ (2 — va + i), i } - I
C co{,uhuz} A

(o — vo)l' +co{vi,va} -1

An immediate consequence is that the second endpoint of M, also lies in M;:
(uz—VQ)l S (CO{[,Ll,[,Lz} l) (CO{Vl,Vz} l) M.
Since M is convex, it follows that
M, = CO{(‘LLI — Vl)l/, ([.12 — Vz)l/} CM.
This equality for both sets is used to reformulate the geometric difference:
dg(l) =dh(l) = (dg(l) — (1)) =(In(l) — h(1)]) + f(1)!
= (co{mi, pia}-1I') X(co{vi,va} - I') + f(D)]

= co{py — vy, tla — va} - I'+ f(I)]
= co{(t — vi)l' + (D1, (2 = v2)l' + f(1)1}.

Let us now calculate both endpoints of the line segment using (41):

(= v+ f ()1 = ({d(1:=1),1') = {dy(1:=1"),I')) - I' + g ()1 = h(1)]
1), 1)1 +{dg(l; =), 1) 1)

= (< dg(l;—
— ({dalt:~1).1) -1+ (5~ 1) 1)
zd(l ~1')— dh(l—l)
(2 = v2)l' + (D] = ({dg(L:1') <dh(ll) ) U+ gDl —h(D)1
=(g L)1 (g5, 1)
(st > + {dn(B:1),1) 1)
— dy(:1) — dhuz)
This finally shows that

dg(l) 20h(l) = co{dy(l;=1") — dn(l;—=1"),dg(1;1") — du(I;1') } .

O

The next main theorem shows that the Mordukhovich subdifferential of f at 0 can
be represented via visualization parts from (18)—(19) of the directed subdifferential.
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Theorem 3.13. Let f = g — h, where g,h : IR* — IR are sublinear functions, and let
—
A=20 f(0) be the directed subdifferential of f at 0. Then,

Mf(0) = B(A)U U Qu (RAI)UBM A1) . @)
leA

where bd denotes the boundary of a set in IR, and Qy(y) = RLITIT’2 (y)+ax(1)l is
the reprojection as in [3].

Proof. First of all, observe that by Proposition 3.1

omf(0)=kf(0)U <8Ff(l) ULimsup g f (I —#!") ULimsup ogf(I + tl’)) ,
les 110 110
(46)
where I' = R;— Iel. The proof consists of three parts:
Step 1: We will show that the positive part coincides with the Fréchet subdifferen-
tial at x = 0:

If(0) = Po(A). (47)

Step 2: We will conclude that the reprojected positive part is the second term in
(46):

_ Qz,zPl(fo(l)), ifPl(A_f(l))#m
w0 {0, if P1(4 (1)) = 0. e

Step 3: We will prove the following equality for the reprojected boundary points:

Limsup o f (I — /') ULimsup drf (I +I') = 0, (bd Py (A1 (1)) UbdN; (A1 (1))).

10 10
(49)
It is not difficult to see that Steps 1-3 together with (46) yield (45).
Step 1: For the Fréchet subdifferential, Lemma 2.2 yields
f(0)={v|(wl) <f(l) VieA}. (50)

This equation can be compared with the definition of the positive part of the directed
set:
P(A)={ve R (nl) <ar(l) V€S ). 1)

Since ay (1) = g(I) — h(l) = f(1), from (50) and (51) we conclude (47).
Step 2: By Lemma 3.12 for all [ € .} we have
co{dy(l;=1") —du(l;=1"), (52)
of(l) = do(L1) —du(L1)}, if case 1 of Lemma 3.12 holds,
0, if the opposite inequality holds,

where the notation (5) is again used.
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At the same time, Lemma 3.10 yields for every [ € .%)

Pi(AL(1) = Pu([{dg (1) — dn(l;=1'), 1) (dg (1) — dn(1 1), 1))
(do(I;=1") —dy(1;=1"), 1),

=S (do (1) = dp(1;1),17)] , if case 1 of Lemma 3.12 holds, (53)
0, if case 2 of Lemma 3.12 holds.
Observe that
0o, ({dg(L;£1') — dp(1; £1'),1')) (54)

=Ry 5 ((dg(1;£1") — dp(1; £1),1)) + ax (1)1
=Ry ((de (L Hl) — dy (1, 1), 1'))e" + £ (1)1
= (dg(L=£l') = dy (L)1) - 1"+ (g(1) — (1)1
= {dy(L;+0'),I"y - I+ gDl — (dy (L, +1"), 1" - I — h(1)]
= {do (£, I+ (do (1, £, 1) - 1
—(dp(l; 1), 1Y - I — (dy (L, £D), 1) - 1
=dy(L+l) —dy(l; 1),

and hence

Q0 {[{dg (I =1") = di(L;=1'), 1) (dg (I1") = dy (1), 1')] }
=co{do(l;=1") —dy(L;=1"),do(I;1") — dp(L;1) } . (55)

Equation (48) follows from (52), (53), and (55).

Step 3: By Lemma 3.6

Limsup opf(I £11") = {d (L; £l") — dy(; 1)}, (56)
t|0

since I 1 . An immediate consequence of (53) and (54) is

. {do(l;=1') —dp(1; 1), .
0>,(bdPi (A1 (1)) = { do(1") —dy (1)}, if Py (A_l)(l)) #0, (57)
0, if PL(AL (1) = 0

—

Since Ny (A_;(l)) = @Pl(—A_l)(l)), the expression for Q ;(bdN;(A;(l))) can be ob-
tained analogously:

. {do(l;=1') —dp(l;=1), .
02, (bdN;(A1(1))) = { do(L1) —dy(1)},  if Ny (ﬂ(l)) #0, (58)

0, if Ny (A1 (1)) = 0.
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There are three possible cases (see [3, Proposition 3.4]): either one of the sets
— — —

Pi(A1(1))) or Ni(A((l))) is empty or both are singletons and P;(A;(l))) =
—

Ni(A1(1))). Together with (57) and (58), this yields

02,1 (bd Py (A7 (1)) UbAN; (A1 (1)) = {dg (1 —1") — dy(1: 1), dg (1:1") — dy(1:1')}.
(59)
Now, (56) and (59) yield (49). O

The Mordukhovich superdifferential and symmetric subdifferential of f at O is
represented via the directed subdifferential in the following theorem. Besides iso-
lated points from the reprojected lower dimensional positive part of the directed
subdifferential, the Mordukhovich superdifferential forms the negative two- and
one-dimensional part in the visualization of the directed subdifferential. The pos-
itive parts are reflected by the Mordukhovich subdifferential (see Theorem 3.13) so
that the Mordukhovich symmetric subdifferential form the complete visualization
of the directed subdifferential for DS functions.

Theorem 3.14. Let f = g — h, where g,h : IR* — IR are sublinear functions, and let
—
A=9 f(0) be the directed subdifferential of f at 0. Then,

3 110) = M(A)U U Qo (MATD)UBAPATWD)) . (60)
e
Af(0) = Va(3 £(0)) . (61)

Proof. Apply Theorem 3.13 to —f = h — g and use [3, Proposition 3.8]:

F(HO)==3£0),  OP(-A)=N(4),
SP (—Ai(l)) = Ni(Ai(1)),  ©Ni(=Ai(])) = Pi(Ai(D)).

This, together with (15), immediately yields (60).
Since

— — — — —
Vi(Ai(D)) = Pi(A1(D)UN1 (A1 (D)) . Ma(A) C Q2 Vi(Ar(D))
and (18) hold, the second equation (61) follows easily. ]

Applying the previous Theorems 3.11, 3.13, and 3.14 to the directional deriva-
tive generalizes these results to the class of general DC functions (which are not
necessarily positively homogeneous).

As a starting point, we will demonstrate that the directed subdifferential of the
function at x coincides with the one of its directional derivative evaluated at direction
[=0.

Proposition 3.15. Let f = g — hwith g,h : IR" — IR be convex functions. Then,

I1F(x))(0) = 3 f(). (62)
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Proof. By Lemma 3.3, the convex subdifferential of g’ (x;) in O coincides with the

one of g(x):
9[¢'(x:)](0) = ¥(0,08(x)) = 9g(x).

The same is true for the convex function /4 such that

I (6:)1(0) = S8 (5:-)](0)) — (LI (x:-)](0))
= Jn(98(x)) = Ju(9h(x)) = 9 f(x) .

]

Since the Mordukhovich subdifferential of the directional derivative may differ
from the one for the function itself (see Example 4.3) in contrary to the directed sub-
differential, the following results for the Mordukhovich subdifferentials have to be
formulated with the directional derivative. The next theorem yields the connection
between outer limits of Fréchet subdifferentials and the directed subdifferential.

Theorem 3.16. Let g,h : IR> — IR be convex functions, and let f = g — h. Then

the directed subdifferential A= (E(l),az(l))leyl of f at x can be constructed via
limits of Fréchet normals as follows: for every l € .7 let

)= (1), Fi(l):=[maRey (D~ (1) — £ 1)), maRey (DT (1) — f(:1)1)]
(63)

where

D~ (1) :=Limsup o f'(x;-)(I —tI'), D™ (I) :=Limsup dgf'(x;-)(I +1tI'),
t10 10
andl' = RZTJel.
Then, F = (ﬁ(l),fz(l))leyl coincides with A = 3f(x).
Proof. Applying [10, Sect. 1.3, Proposition 3.1], the directional derivative

Fosl) =g (xl) =1 (x1)

is a DS representation. Hence, Proposition 3.15 and Theorem 3.11 can be applied.
O

The next theorem for DC functions, in which we can drop the assumption of
positive homogeneity, could be seen as the nonconvex counterpart of the following
result for locally Lipschitz and directionally differentiable function in [19, Sect. 3]
and [8, (35)]:

dailf'(x:-)](0) = e f(x) ,

where dvipf(x) is the Michel-Penot subdifferential of f in x (see [8,21]). In what
follows the Mordukhovich symmetric subdifferential for the directional derivative at
x in direction O coincides with the Rubinov subdifferential at x, that is, its visualized
directed subdifferential.
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Theorem 3.17. Let f = g — h, where g,h : IR — IR are convex functions, and let
— -
A = d f(x) be the directed subdifferential of f at x. Then,

amlf'(5))(0) = By(A)U U Qo (PIATD) UbAN (AT (1)), (64

e

L (5)(0) = Na(A)U ) Qs (MAT(D) UBAP(ALD)) 5 (65)
leA

AL (:)](0) = Va(3 £(x)) . (66)

Proof. As in the proof of Theorem 3.16, the equality (62) of the directed subdif-
ferential of f/(x;-) in 0 and the one of f(-) in x holds. The claimed equalities are
proved by applying Theorems 3.13 and 3.14. O

Remark 3.18. All the lemmas starting from Lemma 3.3 could be adapted to the con-
vex (instead of sublinear) situation. For this purpose, the function must be replaced
by its directional derivative, which is sublinear with respect to its second argument.
For example, Lemma 3.5 reads for /& being only convex:

Limsup 9[K (x;)|(1+11') =Y (I',Y (I, 0h(x))) .
t10

4 Examples

For each of the presented examples, we will first calculate theoretically the Mor-
dukhovich subdifferential and superdifferential. Their union, the symmetric subdif-
ferential is compared visually with the Rubinov subdifferential in [4].

We will frequently use Lemma 2.3 for evaluating the Fréchet subdifferential,
which is a basic tool for calculating the Mordukhovich subdifferential with (13).
Analogously, we proceed with the Fréchet superdifferential and (14) in the same
way to evaluate the Mordukhovich superdifferential.

The first example is governed by a parameter r by which three different cases
could be studied: the Mordukhovich subdifferential has nonempty interior (r = 0.5),
the Mordukhovich superdifferential has nonempty interior (r = 2.0), and both have
empty interior (r = 1.25). This corresponds to nonemptiness of the positive part
resp. of the negative part as well as the mere presence of the mixed-type part in the
directed subdifferential.

Example 4.1 ([4, Example 5.7]). Let f = g — h, where

g(x) =xi|+ x|, hlx)= r\/x% +x§ =r|x||, r>0.

To evaluate the Mordukhovich lower/upper/symmetric subdifferential of f at zero
directly, we first need to calculate the Fréchet subdifferentials of f at zero and in its
neighborhood.
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A. The Fréchet subdifferential at 0. Observe that f can be represented as follows:

£(3) = 5(0) =y 2% = g+ min w.2) = min (g(0) - (.))

Let
Pw(x) 1= (wyx) +2(x)
then
Fx) = min @(x).
Since f/(0;1) = f(I), the formula (9) for the Fréchet subdifferential holds
Ff(0)= [ (9g(0) +w). (67)
[[wl=r

It is not difficult to see that

9g(0) = co{(1,1), (=1, 1), (1,=1), (=1, = 1)} = [-1,1]%.
We are going to show that

_ _ 2

Let u € drf(0). For every w, ||w|| = r, there exists v € [~ 1, 1]? by (67) such that the
coordinates satisfy
ui=vi+w;, i=172.

This yields —1+4r < u; <1 —r, and hence

f0)C[-14nr1—r?, ifr<t, (69)
and

orf(0)=0, ifr>1. (70)

To show the inclusion opposite to (69), consider an arbitrary u such that —1 47 <
u; < 1 —r. For every w, ||w|| = r, we set v :=u —w. Then v € [—1,1]? is valid as
well as

Of(0) D [—1+n1—r]*. (71)
Now, (68) follows from (69)—(71).

B. The Fréchet superdifferential at 0. Observe that

f(x) = max (v',x) — max (w,x)
i=1,....4 ([wl|=r

= max {(vi,x> — max (w,x>} =— min‘4{max (w,x) — <v",x>} :

l:l,...,4 HwH:r i:1,.. ‘wH:r
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where
vi=(1,1), v=(1,-1), V=(=1,1), v*=(-1,-1).

Let

oi(x) = \\Ivlvl\?jr<W7x> — <vi ,X)

It is not difficult to observe that
0i(x) =B,(0) —v' =B, (—v) ,

where B, (m) = {x|||x —m|| = r}. Using (10), the Fréchet superdifferential can be
calculated as
4 4

o flx) = @ﬂB,(—v") = QB,(V"). (72)

C. The Fréchet sub- and superdifferentials around 0. For every x # 0 the func-
tion 4 is smooth, hence

X
I f(x) = df(x) = dg(x) — ' (x) = dg(x) — ' Vx#0.
For the Fréchet superdifferential in all points x # 0 we have
g (x)— rHi—H , if g is differentiable at x,
Hfx)=10, otherwise, since g is not Fréchet superdifferentiable

due to [18, Proposition 1.3].

Observe that for x # 0, the subdifferential of g is given by

{(sene),sen(e))} s x1 #0,0 A0,
co{(1,1),(1,=1)}, x1>0,x =0,
dg(x) = q co{(1,1),(=1,1)}, =0,x>0,
co{(=1,=1),(=1,1)}, x1<0,x2=0,
co{(—1,—1),(L,—1)}, x1=0,x <O0.
Therefore,
{(sgn(x1),sgn(x2)) — HiH} x1 #0,x #0,
co{(1,1),(1,=1)} — {erH} x1 > 0,22 =0,
Fflx)=q cof(L1), (=L} ={rpr}t,  ®=0x>0,  (73)
co{(—1,-1),(— 1,1)}—{rﬁ}, x1 <0,x =0,
cof(=1,=1),(L, =1} ={rpr}, x1 =0, <0,
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and

{(sgn(xy),sgn(xy)) — rm} , x1#0,x #0,

+ _
% fx) = { 0, x1x =0,x#0. (74)

It is not difficult to observe that for every [ € S} with /11, # 0, we have

Limsup o f(I +1') = dpf(l), Limsupdd f(I+t!') =0 f(I), (75)
t10 10

by applying (73) and (74). For I = (1,0) and I’ = (0,1)

[+1l'
Limsup drf (I +1tI') = Limsup d f(I +1I') = Limsup {(1,1) —r+—/}
110 110 110 [1+0'||

r rt
:Limsup{(l— 1= )}
10 [E+a] i 42|
={(1-rD}.

The corresponding outer limits for the remaining directions can be evaluated analo-
gously. We have

Limsup ogf(I+1tI')

t10
{(]—V,l)}, l:(l,O), l/:(oal)a
{1-r,—-1)}, 1=(1,0), I’ =(0,1),
{(1,1-r)}, 1=1(0,1), I'=(1,0),

. no_ {(—1,1—}’)}7 12(0,1), l/:(_170)7

_Llrﬁgup8§rf(l+tl)— (1 rn )b, 1= (=1.0), I = (1.0). (76)
{(=14+r-1)}, [=(-1,0),1=(-1,0),
{(1,-14+nr)}, I1=(0,-1),1'=(1,0),
{(-1,-1+nr}, [=(0,-1),I=(-1,0).

D. The Mordukhovich subdifferentials at 0. To finish the evaluation of the Mor-
dukhovich subdifferential, we use Proposition 3.1.
From (68), (73), (75), and (76), the Mordukhovich subdifferential is given by

owf(0) = Jrf(0) ULimsup drf(x)

x—0,

X0

={u|-14+r<u;<l-ri=1.2}
UL D} +A{wlllwl|=r, wi <0, wp <0}]
UL} +A{wllwl|=r, wi =0, w, <0}]
U, =D} +{wllwl=r, wi <0, w, > 0}]
V(=1 =D} +{wlllwl|=r, wi 20, wp = 0}]
Uco{(1—-nr1),(1—r,—1)}
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Uco{(—1,1—7),(1,1—7r)}
Uco{(—1+4+r—1),(-1+nr1)}
Uco{(—1,—1+r),(1,-1+r)}.

Analogously, from (72) and (74)—(76)

35/ (0) = 95 £(0) ULimsup 3 (x)

"0
4
= ﬂ B, (VM)

u=1
UMD} +{wlllwl=r, wi <0, wa < 0}]
U(=1, D} +{w[lwl][=r, w1 =0, wo <0}]
U1, =D} +A{w[[wl][=r, w1 <0, w, > 0}]
U (=1L =D} +{wllwl[=r, wi =0, w, > 0}] .

The Mordukhovich subdifferentials of f at O for the values of r = 0.5, 1.25, and
2.0 are plotted in Figs. 1-3.

The corresponding series for the visualization of the directed subdifferentials
with the same values of r are plotted in Fig. 4, see also [4, Example 5.7] for further
explanations. The plots coincide with the pictures of the Mordukhovich symmet-
ric subdifferentials. Since the subdifferentials of the convex functions g and & are
known, the Rubinov subdifferential could be easily calculated as the visualization
of the difference of these embedded convex sets.

The arrows in Fig. 4 indicate outer normals to the directed “supporting faces”.
They also form the parametrizing directions in (16) for the directed subdifferential.
The positive part in the left picture of Fig. 4 is a convex set. It is colored in gray and
only outer normals are attached to its boundary. The other nonconvex part belongs
to the mixed-type part. Similarly for the right picture in Fig.4. The gray convex
subset is the negative part and has only inner normals attached to its boundary. The
positive and negative part in the middle picture are empty and the Rubinov sub-
differential consists only of the mixed-type part. Note that the unique “supporting
points” belong both to the Mordukhovich subdifferential and superdifferential due
to Theorems 3.13 and 3.14, since for such a point the lower dimensional positive
and negative parts coincide with the point itself.

Example 4.2 ([23, Example 2.49]). Let

S x1,x2) i= ||xr] +x2] -

Straightforward computation of the Mordukhovich subdifferentials of f (see [23,
Example 2.49]) gives

aMf(070) = CO{(070)7(171)7(7171)}UCO{(0>0)7(71771)}UC0{(070)7(1771)} ’
al\J/Ef(QO) = CO{(1771)>(71771)}U{(171)7(7171)} )
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Fig. 1 Mordukhovich subdifferentials of f if r = 0.5: (a) dmf(0); (b) o5 £(0); (€) 9% f(0)
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Fig. 2 Mordukhovich subdifferentials of £ if r = 1.25: (a) du.f(0); (b) d5;(0); (¢) 3181 f(0)
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Fig. 3 Mordukhovich subdifferentials of f if r =2: (a) dw.f(0); (b) 94 f£(0); (¢) I £(0)
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Fig. 4 Visualization of directed subdifferential for Example 4.1 for (a) » = 0.5; (b) r = 1.25;

() r=2.0
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-1 1 x -1 1 X -1 1 x

-1 -1 -1
Fig. 5 Mordukhovich subdifferentials for Example 4.2: (a) oy £(0); (b) 5 £(0); (¢) 818[ f(0)
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Fig. 6 Visualization of directed subdifferential for Example 4.2

and

alelf(ovo) = aMf(Ovo)UCO{(lv_l)a(_lv_l)} :

Figures 5-6 show the comparison between the Mordukhovich lower/upper/
symmetric subdifferential with the Rubinov subdifferential. The calculation of
the latter is based on one DC representation of f, for example

f(x) = max{2x; 4+ 2xp, —2x1 +2x7,0} — max{x; + xp, —x; +x2} .

As in Example 4.1, one can see that the four unique directed “supporting points”
(£1,=£1) (see Fig. 5) are present both in the Mordukhovich subdifferential and su-
perdifferential.

The only segment co{(—1,—1),(1,—1)} in the Mordukhovich superdifferential
may be recognized from the Rubinov subdifferential in Fig.6 as coming from a
negative part of a directed interval, since there are outer normals attached to its ends
(see Fig. 6) where the projections are pointing inside the interval, contrary to all the
segments in the Mordukhovich subdifferential.
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Also the Rubinov subdifferential (the visualization of the directed one in
Fig.6) coincides with the Mordukhovich symmetric subdifferential, according
to Theorem 3.14.

The last example shows the difference between Theorems 3.13/3.14 and 3.17.
In this example, the function f is DC, but not positive homogeneous. So we can-
not expect that we have equality between the Mordukhovich symmetric subdiffer-
ential and the Rubinov one (the visualization of the directed subdifferential) as in
Theorem 3.14.

Example 4.3 ([10, Sect. Il11.4, Example 4.2] and [4, Example 4.7]). Let f = g —h,
where

g(x) =max{2xy,x3 +x,}, h(x) =max{0,x} +x3} .
Together with
@1(x) = max{2x,x3 +x},  @(x) = max{0,x — x7},
it follows that
f(x) = max{2x,x7 +x} + min{0, —x} — x}
= min{max{2x,x] + x2},max{0,x, — x7}}
= min{g1(x), p2(x)} -

We have
{(052)} ; ifo >X% 5
I1(x) = ¢ {(2x1, 1)}, if xp <%,
c0{(0,2),(2x1,1)}, ifxa=x7,
{(=2x, 1)}, ifxy >x?,
8(p2(x) = {(070)} ) if xp <x% ,

co{(0,0), (=2x;,1)},  ifxo=x%.

It is not difficult to observe that the set of active indices of f in X, that is

{1}, ifxy < —x},
Ir(x) = {i e {1, 2} f(x) = @i(x) } = ¢ {2}, if x> -7,
{1,2},  ifxp=—x}.

From Lemma 2.3 follows that

8(p1 (x) , ifXQ < —x% s
Ff(x) = Ipa(x) , if xy > =22,
e (x)NIdP(x), if xo = —x% ,
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{(0,0)}, if —x <xp <%,
{(=2x1,1)}, ifxy >},

) {@x, )}, ifx, < —x%,
co{(0,0),(—2x;,1)},  ifxa=x%,x,x2#0,
0, ifxzz—x%,xhxz;éo,
{(0,1)}, ifx;=x=0.

The evaluation of the outer limit in (13) is straight forward:

omf(0) = Limsup,_odrf(x) = co{(0,0),(0,1)}.

Since f is Fréchet differentiable, the Rubinov subdifferential yields just the gradient
(see [4]):

N
V2(0 £(0)) ={(0,1)},
which is a strict subset of the Mordukhovich subdifferential, see Fig. 7.

Let us try to apply Theorem 3.17. The formula for the directional derivatives of a
DC function is proved in [10, Sect. 1.3, Proposition 3.1]:

fal) =g ()= (x0)
Since the directional derivatives of g and 4 involve a maximum, we set

g1(x) =2x2, g2(x)=xt+x2,
hl(x) =0, hz(x) = gz(x)7

15

0.5

-0.5 ' !
-0.5 0 0.5

Fig. 7 Mordukhovich and Clarke subdifferential for Example 4.3
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and apply [10, Sect. 1.3, Proposition 3.1]:

g'(nl) = max gi(xl), L(x)={ic{1,2}|g(x) =gix)},

i€ly(x)
W (x;1) = max Ki(x;1) , I(x) = {i € {1,2}|h(x) = hi(x)} .
iEIh(X)
Now,
(sl =V ()l =(0,2)- () =2b, if xp > 27,
g xl) = gh(x;l) =Vga(x)l = (2x1,1) - (g) =2x1l1+1, if xo <x% ,
max{g} (x;1), g, (x;1)} = max{2h,2x, 1 + b} , if xo =27,
Wy (1) = Vi (x)1 = (0,0) - (}}) =0, ifxp < =2,
H(xl) = QB () = Vi ()l = (2x1,1)- (1)) =20l +bh,  ifx >,
max{h}(x;1),h(x;1)} = max{0,2x;5y + L}, ifxg = —x3.
Since we fix x = 0, we have x; = —x% and x, = x% and hence,

£(0;1) = max{25,2-0-1; + b} —max{0,2-0-1; + L }=max{2l,,} — max{0,L}
= +max{lz,0} —max{O,lz} =1.

The function f7(0;-) is continuously differentiable with respect to I, hence
strict differentiable by [7, Corollary to Proposition 2.2.1]. One can apply [7,
Proposition 2.2.4] to show

Impf(0) = da[f'(0:)}(0) = {Vif'(0:-)(0)} = {(0, 1)},

which coincides with the Rubinov subdifferential.

A similar reasoning shows that the Fréchet subdifferential and superdifferential of
the directional derivative coincides with the gradient of f/(0;-) with respect to [ in
any direction 1 by [18, Proposition 1.3]. Hence, the Mordukhovich subdifferential
and the Mordukhovich superdifferential also equal to the point (0, 1) due to (14).

5 Conclusions

As we have shown in this chapter, the connection between the Mordukhovich sub-
differential/superdifferential and the Rubinov subdifferential may provide substan-
tial information related to their computing and their applications. This relation will
be investigated and explored in more detail in our further research. Especially, we
are currently working on the extension of our results from the class of DC functions
to quasidifferentiable functions and on their application to quasidifferential calculus.
Another focus of future research will be the case of dimension higher than two.
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Future Challenges for Variational Analysis™

Jonathan M. Borwein

Abstract Modern nonsmooth analysis is now roughly 35years old. In this
chapter, I shall attempt to analyse (briefly): where the subject stands today, where
it should be going, and what it will take to get there? In summary, the conclusion
is that the first-order theory is rather impressive, as are many applications. The
second-order theory is by comparison somewhat underdeveloped and wanting of
further advance.

It is not knowledge, but the act of learning, not possession but the act of getting there,
which grants the greatest enjoyment. When I have clarified and exhausted a subject, then I
turn away from it, in order to go into darkness again; the never-satisfied man is so strange
if he has completed a structure, then it is not in order to dwell in it peacefully,but in order
to begin another. I imagine the world conqueror must feel thus, who, after one kingdom is
scarcely conquered, stretches out his arms for others. — Carl Friedrich Gauss (1777-1855).!

1 Preliminaries and Precursors

Iintend to first discuss First-Order Theory, and then Higher-Order Theory — mainly
second-order — and only mention passingly higher-order theory, which really de-
volves to second-order theory. I will finish by touching on Applications of Vari-
ational Analysis or VA both inside and outside Mathematics, mentioning both
successes and limitations or failures. Each topic leads to open questions even
in the convex case, which I will refer to as CA. Some issues are technical and

Jonathan M. Borwein
CARMA, University of Newcastle, Newcastle, NSW, Australia
e-mail: jonathan.borwein @newcastle.edu.au

*This chapter is dedicated to Boris Mordukhovich on the occasion of his 60th birthday. It is
based on a talk presented at the International Symposium on Variational Analysis and Optimization
(ISVAO), Department of Applied Mathematics, Sun Yat-Sen University, 28—30 November 2008.

! From an 1808 letter to his friend Farkas Bolyai (the father of Janos Bolyai).
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specialized, others are some broader and more general. In nearly every case, Boris
Mordukhovich has made prominent or seminal contributions; many of which are
elaborated in [24] and [25].

To work fruitfully in VA, it is really important to understand both CA and smooth
analysis (SA); they are the motivating foundations and very often provide the key
technical tools and insights. For example, Fig. 1 shows how an essentially strictly
convex [8, 11] function defined on the orthant can fail to be strictly convex.

(x,y) — max{(x—2)2—|—y2— 1,—(xy)1/4}.

Understanding this sort of boundary behaviour is clearly prerequisite to more
delicate variational analysis of lower semicontinuous functions as are studied in
[8,13,24,28].

In this note, our terminology is for the most part consistent with those references
and since I wish to discuss patterns, not proofs, I will not worry too much about
exact conditions. That said, f will at least be a proper and lower semicontinuous
extended-real valued function on a Banach space X.

Fig. 1 A function that is essentially strictly but not strictly convex with nonconvex subgradient
domain

Let us first recall the two main starting points:

1.1 A Descriptive Approach

By 1968 Pshenichnii, as described in his book [27], had started a study of the large
class of quasi-differentiable locally Lipschitz functions for which
th) —
fl(_x;h) := limsup M

t—0t+ t
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is required to exist and be convex as a function of h. We define 9’ f(x) := d»f"(x;0),
where we take the classical convex subdifferential with respect to the second
variable.

1.2 A Prescriptive Approach

By contrast, Clarke in his 1972 thesis (described in his now classic book [15]) con-
sidered all locally Lipschitz functions for which

fy+th) — f(y)

f°(x;h) := limsup .

t—0t y—x

is constructed to be convex. In convex terms, we may now define a generalized
subdifferential by 9°f(x) := 2 (x;0). (Here the later is again the convex subdif-
ferential with respect to the i variable.)

Both ideas capture the smooth and the convex case, both are closed under + and
V, and both satisfy a reasonable calculus; so we are off to the races. Of course, we
now wish to do as well as we can with more general Isc functions.

2 First-Order Theory of Variational Analysis

The key players are as I shall outline below. We start with:

1. The (Fréchet) subgradient: dgf(x), which denotes a one-sided lower Fréchet
subgradient (i.e., the appropriate limit is taken uniformly on bounded sets) and
which can (for some purposes) be replaced by a Gateaux (uniform on finite sets),
Hadamard (uniform on norm-compact sets), or weak Hadamard (uniform on
weakly compact sets) object. These are denoted by dg f (x), du f(x), and dwy f(x)
respectively.

Thatis ¢ € drf(x), exactly when

()< liming LEFR =S
T 10+ [h]=1 t '

A formally smaller and more precise object is a derivative bundle of F,G,H, or
W H-smooth (local) minorants:
2. The viscosity subgradient:

Ff(x) == {¢: ¢ = Vreg(x), f(y) —&(y) = f(x) — g(x) for y near x}

as illustrated in Fig. 2. By its very definition 0 € dj; f(x) when x is a local min-
imizer of f. In nice spaces, say those with Fréchet-smooth renorms as have
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reflexive spaces, these two subgradient notions coincide [13]. In this case, we
have access to a good generalization of the sum rule from convex calculus [11]:
. (Fuzzy) sum rule: For each € > 0

Ir(f +8)(x) C Irf(x1) + Ipg(x2) + €Bx-

for points x1,x, each within € of x. In Euclidean space and even in Banach space —
under quite stringent compactness conditions except in the Lipschitz case — with
the addition of asymptotic subgradients, one can pass to the limit and recapture
approximate subdifferentials [13,24,25,28].

For now, we let d f denote any of a number of subgradients and have the appro-
priate tools to define a workable normal cone.

. Normal cones: We define

Nepif = alepif.

Here 1 denotes the convex indicator function of a set C.
Key to establishing the fuzzy sum rule and its many equivalences [13,24] are:
. Smooth variational principles (SVP) which establish the existence of many
points, x, and locally smooth (with respect to an appropriate topology) minorants
g such that

f)—8() = fx) —gx)

for y near x.
‘We can now establish the existence and structure of:
. Limiting subdifferentials such as

2“f(x) := limsup drf(x),

Y=orx

for appropriate topological limits superior, and of:
. Coderivatives of multifunctions: As in [24], one may write

D*Q(xvy)(y*) = {X*: (X*v_y*> engh(Q)(xvy)} .

The fuzzy sum rule and its related calculus also leads to fine results about the
notion of:

. Metric regularity:

Indeed, we can provide very practicable conditions on a multifunction 2, see
[12,13,17,24], so that locally around y € £(x() one has

Kd(Q(x),y) > d(x,Q '(y)). (1)

Estimate (1) allows one to show many things easily. For example, it allows one
straight forwardly to produce C*-implicit function theorems under second-order
sufficiency conditions [3, 13]. Estimate (1) is also really useful in the very con-
crete setting of alternating projections on two closed convex sets C and D, where
one uses Q(x) :=x— D forx € C and Q(x) := 0 otherwise [13].
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The very recent book by Dontchev and Rockafellar [17] gives a comprehensive
treatment of implicit function theory for Euclidean multifunctions (and
much more).

0.2 ] 0z 0.4 0.6 o8 1 12 14

+14

Fig. 2 A function and its smooth minorant and a viscosity subdifferential (in red)

2.1 Achievements and Limitations

Variational principles meshed with viscosity subdifferentials provide a fine first-
order theory. Sadly, 0 f(x) is inapplicable outside of Asplund space (such as reflex-
ive space or spaces with separable duals) and extensions using dy f are limited and
technically complicated. Correspondingly, the coderivative is very beautiful theo-
retically but is hard to compute even for “nice” functions. Moreover, the compact-
ness restrictions (e.g., sequential normal compactness as described in [24]) are fun-
damental, not technical. Better results rely on restricting classes of functions (and
spaces) such as considering, prox-regular [28], lower Cc? [28], or essentially smooth
functions [13].

Moreover, the limits of a prescriptive approach are highlighted by the fact that
one can prove results showing that in all (separable) Banach spaces X a generic
nonexpansive function has no information in its generalized derivative:

9f(x) = 3°f(x) = By~

for all points x € X [10, 13]. Similarly, one can show that nonconvex equilibrium
results will frequently contain little or no nontrivial information [13].
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3 Higher-Order Theory of Variational Analysis

Recall that for closed proper convex functions the difference quotient of f is given by

o fatth) — f(x),
Af (@) s o

and the second-order difference quotient of f by

A ke LEER 2 <lxt>; (VS (), 1)
2
Analogously let
ADS](x) koo 2LEER Z VD)

t

For any ¢ > 0, A, f(x) is closed, proper, convex and nonnegative [11, 28]. Quite
beautifully, as Rockafellar [11,28] discovered,

0| 3410| = 2o

Hence, we reconnect the two most natural ways of building a second-order convex
approximation.
This relates to a wonderful result [1,11]:

Theorem 1 ([1]). In Euclidean space a real-valued continuous convex function ad-
mits a second-order Taylor expansion at almost all points (with respect to Lebesgue
measure).

My favourite proof is a specialization of Mignot’s 1976 extension of Alexan-
drov’s theorem for monotone operators [11,28]. The theorem relies on many happy
coincidences in Euclidean space. This convex result is quite subtle and so the paucity
of definitive nonconvex results is no surprise.

3.1 The State of Higher-Order Theory

Various lovely patterns and fine theorems are available in Euclidean space [11, 24,
28] but no definitive corpus of results exists, nor even canonical definitions, outside
of the convex case. There is interesting work by Jeyakumar and Luc [21], by Dutta,
and others, much of which is surveyed in [18].

Starting with Clarke, many have noted that

9 f(x) =9 Vg f(x)
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is a fine object when the function f is Lipschitz smooth in a separable Banach space
— so that the Banach space version of Rademacher’s Theorem [11] applies.

More interesting are the quite fundamental results by Ioffe and Penot [20] on lim-
iting 2-subjets and 2-coderivatives in Euclidean space, with a more refined calculus
of “efficient” sub-Hessians given by Eberhard and Wenczel [19]. Ioffe and Penot
[20] exploit Alexandrov-like theory, again starting with the subtle analysis in [16],
to carefully study a subjet of a reasonable function f at x, the subjet 9° f(x) being
defined as the collection of second-order expansions of all C? local minorants g with
g(x) = f(x). The (nonempty) limiting 2-subjet is then defined by
7 f(x) := limsupd? f(x).

yopx

Various distinguished subsets and limits are also considered in their paper. They
provide a calculus, based on a sum rule for limiting 2-subjets (that holds for all
lower-C? functions and so for all continuous convex functions) making note of both
the similarities and differences from the first-order theory. As noted, interesting re-
finements have been given by Eberhard and Wenczel in [19].

O b L e A T

1m0
L ke

11

Fig. 3 Nick Trefethen’s digit-challenge function (2)

There is little “deep” work in infinite dimensions, that is, when reasonably obvi-
ous extensions fail even in Hilbert space. Outside separable Hilbert space, general
positive results are not to be expected [11]. So it seems clear to me that research
should focus on structured classes of functions for which more can be obtained;
such as integral functionals as in Moussaoui and Seeger [26], semi-smooth and prox-
regular functions [8], or composite convex functions [28].
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4 Some Reflections on Applications of Variational Analysis

The tools of variational analysis are now an established part of pure nonlinear and
functional analysis. This is a major accomplishment.
There are also more concrete successes:

e There is a convergence theory for “pattern search” derivative-free optimization
algorithms (see [23] for an up to date accounting of such methods) based on the
Clarke subdifferential.

e FEigenvalue and singular value optimization theory has been beautifully devel-
oped [8], thanks largely to Adrian Lewis. There is a quite delicate second-order
theory due to Lewis and Sendov [22]. There are even some results for Hilbert—
Schmidt operators [11, 13].

e We can also handle a wide variety of differential inclusions and optimal control
problems well [25].

e There is a fine approximate Maximum Principle and a good accounting of
Hamilton—Jacobi equations [13,24,25].

e Nonconvex mathematical economics and Mathematical Programs with Equilib-
rium Constraints (MPECS) are much better understood than before [24,25].

e Exact penalty and universal barrier methods are well developed, especially in
finite dimensions [11].

e Counting convex optimization — as we certainly should — we have many more
successes [14].

That said, there has been only limited numerical success even in the convex case
— excluding somewhat spectral optimization, semidefinite programming code, and
bundle methods.

For example, consider the following two-variable well-structured very smooth
function taken from [4], in which only the first two rather innocuous terms couple
the variables

(x,y) — + (x> +¥%)/4 —sin(10(x +)) + exp(sin(50x))
+ sin(sin(80y)) + sin(70sinx) + sin(60e”). (2)

This function is quite hard to minimize. Actually, the global minimum occurs at
(x*,y*) ~ (—0.024627...,0.211789...) with minimal value of ~ —3.30687....

The pictures in Fig. 3, plotted using 10° grid points on [0, 1] x [0,1] and also —
after “zooming in” — on [—00.25,0] x [0,0.25], shows that we really cannot robustly
distinguish the function from a nonsmooth function. Hence, it makes little sense to
look at practicable nonsmooth algorithms without specifying a realistic subclass of
functions on which they should operate.

Perhaps we should look more towards projects like Robert Vanderbei’s
SDP/Convex package LOQO/LOCO? and Janos Pinter’s Global Optimization

2 http://www.princeton.edu/~rvdb/.
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LGO® package, while working with composite convex functions and smooth-
ing techniques, and adopting the “disciplined convex programming”* approach
advocated by Steve Boyd.

5 Open Questions and Concluding Remarks

I pose six problems below, which should either have variational solutions or instruc-
tive counterexamples. Details can be found in the specified references.

5.1 Alexandrov Theorem in Infinite Dimensions

For me, the most intriguing open question about convex functions is:

Does every continuous convex function on separable Hilbert space admit a second order
Gateaux expansion at at least one point (or perhaps on a dense set of points)? [7,9, 13]

This fails in nonseparable Hilbert space and in every separable ¢,(N),1 < p <
oo, p £ 2. Tt also fails in the Fréchet sense even in £3(N).

The following example from [9] provides a continuous convex function d on
any nonseparable Hilbert space which is nowhere second-order differentiable: Let
A be uncountable and let C the positive cone of {>(A). Denote by d the distance
Sunction to C and let P := Vd. Then d is nowhere second-order differentiable and P
is nowhere differentiable (in the sense of Mignot [28]).

Proof. Clearly, P(a) = a*t for all a € (5(A), where a* = (a})qea and aj =
max{0,aq}. Pick x € £5(A) and o € A, then P is differentiable in the direction
eq if and only if x4 # 0. Here ey stands for an element of the canonical basis.
Since each x € ¢»(A) has only countably many nonzero coordinates, d is nowhere
second-order differentiable. Likewise the maximal monotone operator P is nowhere
differentiable. O

So Isuggest to look for a counterexample. I might add that, despite the wonderful
results of Preiss, see [11], and others on differentiability of Lipschitz functions, it
is still also unknown whether two arbitrary real-valued Lipschitz functions on a
separable Hilbert space must share a point of Fréchet differentiability.

3 http://myweb.dal.ca/jdpinter/index.html.
4 http://www.stanford.edu/~boyd/cvx/.
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5.2 Subjets in Hilbert Space

I turn to a question about nonsmooth second-order behaviour:

Are there sizeable classes of functions for which subjets or other useful second order
expansions can be built in separable Hilbert space? [11,19,20]

I have no precise idea what “useful” means and even in convex case this is a tough
request; if one could handle the convex case then one might be able to use Lasry—
Lions regularization or other such tools more generally. A potentially tractable case
is that of continuous integral functionals for which positive Alexandrov-like results
are known in the convex case [9].

5.3 Chebyshev Sets

The Chebyshev problem as posed by Klee (1961) asks:

Given a nonempty set C in a Hilbert space H such that every point in H has a unique nearest
(also called proximal) point in C must C convex? [5,8,11]

Such sets are called Chebyshev sets. Clearly convex closed sets in Hilbert space are
Chebyshev sets. The answer is “yes” in finite dimensions. This is the Motzkin—Bunt
theorem of which four proofs are given in Euclidean space in [8] and [5]. In [5, 11],
a history of the problem, which fails in some incomplete normed spaces, is given.

Fig. 4 A proximal point on the boundary of the (2/3)-ball

5.4 Proximality

The most striking open question I know regarding proximality is:

(a) Let C be a closed subset of a Hilbert space H. Fix an arbitrary equivalent renorming of
H. Must some (many) points in H have a nearest point in C in the given renorming?
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(b) More generally, is it possible that in every reflexive Banach space, the proximal points
on the boundary of C (see Fig. 4) are dense in the boundary of C? [6, 13]

The answer is “yes” in if the set is bounded or the norm is Kadec—Klee and hence if
the space is finite dimensional or if it is locally uniformly rotund [6, 11, 13].
So any counterexample must be a wild set in a weird equivalent norm on H.

5.5 Legendre Functions in Reflexive Space

Recall that a convex function is of Legendre-type if it is both essentially smooth and
essentially strictly convex. In the reflexive setting, the property is preserved under
Fenchel conjugacy:

Find a generalization of the notion of a Legendre function for convex functions on a reflex-
ive space that applies when the functions have no points of continuity such as is the case of
the (negative) Shannon entropy. [2, 11]

When f has a point of continuity, a quite useful theory is available but it does not
apply to entropy functions like x — fol x(t)logx(¢) u(dr) orx — — fol logx(r) u(dr),
whose domains are subsets of the nonnegative cone when viewed as operators on
L, (T, u). More properly to cover these two examples, the theory should really apply
to integral functionals on nonreflexive spaces such as L; (T, ).

Fig. 5 A function and nonviscosity subderivative of O
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5.6 Viscosity Subdifferentials in Hilbert Space

A more technical but fundamental question is:
Is there a real-valued locally Lipschitz function f on ¢ (N) such that properly
I f (x) C Ouf(x)
for some x € £,(N)? [12,13]

As shown in Fig. 5, the following continuous but non-Lipschitz function

(1) =

X,y) = 55—
YT Vv

with value zero at the origin has 0 € dy f(0) but 0 & 9} f(0) [12,13].

For a Lipschitz function in Euclidean space the answer is “no” since dg f = dy f in
this setting. And as we have noted dr f = di. f in reflexive space. A counterexample
would be very instructive, while a positive result would allow for many results to be
extended from the Fréchet case to the Gateaux case: as dgf = duf for all locally
Lipschitz f.

5.7 Final Comments

My view is that rather than looking for general prescriptive results based on univer-
sal constructions, we would do better to spend some real effort, or “brain grease” as
Einstein called it,> on descriptive results for problems such as the six above. Coun-
terexamples or complete positive solutions would be spectacular, but even some-
what improving best current results will require sharpening the tools of variational
analysis in interesting ways. That would also provide great advertising for our field.
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A Deflected Subgradient Method Using
a General Augmented Lagrangian Duality
with Implications on Penalty Methods

Regina S. Burachik and C. Yalcin Kaya

Abstract We propose a duality scheme for solving constrained nonsmooth and
nonconvex optimization problems. Our approach is to use a new variant of the
deflected subgradient method for solving the dual problem. Our augmented La-
grangian function induces a primal-dual method with strong duality, that is, with
zero duality gap. We prove that our method converges to a dual solution if and only
if a dual solution exists. We also prove that all accumulation points of an auxiliary
primal sequence are primal solutions. Our results apply, in particular, to classical
penalty methods, since the penalty functions associated with these methods can be
recovered as a special case of our augmented Lagrangians. Besides the classical aug-
menting terms given by the /- or #;-norm forms, terms of many other forms can be
used in our Lagrangian function. Using a practical selection of the step-size parame-
ters, as well as various choices of the augmenting term, we demonstrate the method
on test problems. Our numerical experiments indicate that it is more favourable to
use an augmenting term of an exponential form rather than the classical ¢;- or ¢;-
norm forms.

1 Introduction

Subgradient methods were introduced in the middle of 1960s, in the works of De-
myanov [12], Polyak [20-22] and Shor [34, 35] for solving nonsmooth and con-
vex unconstrained optimization problems (for a description of these methods, see
[3,4,18,19] and the references therein).

When an optimization problem is constrained it is common practice to apply La-
grange relaxation techniques: a Lagrange function, in other words the Lagrangian,
is used to construct a duality scheme, and a dual function is maximized in the dual
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variable space, typically applying the subgradient method, because the dual problem
is convex. An alternative approach is to use projections; for example, D’ Antonio
et al. [1] considers methods for nonsmooth and convex constrained problems com-
bining deflected subgradient directions and projections on the constraint set.

There is an extensive literature on the study of general augmented Lagrangians
and the duality schemes they give rise to (see, for example, the works of Rubi-
nov, Yang and their co-workers [26,29-32,36]). Strong duality (or zero-duality gap
property), which states that the optimal values of the dual and the primal problem co-
incide, is clearly desirable for a duality scheme. The augmented Lagrangian duality,
introduced by Rockafellar and Wets [27, Chap. 11] is known to have this property.
With this kind of Lagrangians, one can apply the subgradient method for solving
the (convex) dual problem. Gasimov and Ismayilova [13, 14] exploited this idea by
considering a deflected subgradient direction for solving the dual problem. A main
advantage of their method is the strict improvement of the dual values. This mono-
tonic improvement does not hold in general for the classical subgradient method
and its variants. Gasimov and Ismayilova proved convergence of their method to an
optimal dual value, under a restricted form of a Polyak-type step-size.

We describe below the current literature on deflected methods.

Burachik et al. [8] further studied the deflected subgradient method given in
[13, 14], and established, under a much broader selection of step-size parameters,
convergence of the dual iterates to a dual solution, and primal optimality of the ac-
cumulation points of an auxiliary primal sequence. Also in [8], a new kind of step-
size parameter (differing in form from the classical Polyak-type step-size parameter)
was proposed for a numerical implementation of the new method, and comprehen-
sive numerical experiments were given for the first time.

Primal-dual schemes may provide stable rules for updating the parameter in
penalty methods. These methods are known to be prone to ill-conditioning be-
cause of the uncontrolled growth of the penalty parameter. In order to avoid this
ill-conditioning, the papers [15,24,25] propose a dynamic update of the penalty pa-
rameter for convex and smooth problems. For addressing the nonsmooth and non-
convex case, Burachik and Kaya [10] devised a penalty parameter update rule using
a deflected subgradient method and proved that primal convergence is equivalent
to the differentiability of the dual function at the dual limit. This equivalence was
recently extended in [6] to more general families of augmented Lagrangians.

An inexact version of a deflected subgradient method, introduced in [11], was
proved to have the same convergence and existence properties as those given in [8].
Numerical experiments given in [11] illustrate significant computational savings as
a result of this inexact scheme.

The deflected methods considered in [8, 11] approach a dual solution, but con-
vergence to a primal solution was only established for an auxiliary convergence.
Indeed, the primal sequence may stay far from the primal solution set (see [8,
Example 1]). This drawback was recently overcome in [9], where it is proved that,
for a specific choice of the step-size, all accumulation points of the primal sequence
are primal solutions.



A Deflected Subgradient Method Using a General Augmented Lagrangian Duality 111

Our aim is to develop variants of the deflected subgradient method, which are
likely to be more convenient from the computational point of view. We do this by
considering a more general Lagrangian form and prove that the main convergence
properties established in [8] are preserved.

Our general Lagrangian is the sum of the objective function plus two additional
terms. One of these terms is an augmenting function, and the other is the linear
(classical) term. The augmenting term is a penalty expression given by a general
function satisfying some mild assumptions. The classical linear term is transformed
by means of a general symmetric (scaling) matrix. The constraint functions appear-
ing in the penalty term remain unscaled, though.

For this general kind of Lagrangian, we prove convergence and existence results
for the deflected subgradient method. Because the scaling matrix can be any sym-
metric matrix, the case when the matrix is zero represents the classical penalty
function method, with any positive valued continuous function acting as the
penalty term. Therefore our results apply, in particular, to the analysis of classi-
cal penalty methods, as well as a family of new penalty function methods, because
of the generality of the function in the penalizing term.

For a numerical implementation of our method, we propose seven functional
forms for the function in the penalty term. Six of these can be collected into two
groups: one involving ¢, ¢, and .. norms and the other involving an exponential
of these norms. The seventh form is a hybrid form involving the ¢, norm. Although
it is possible to consider many other functional forms (e.g., as in [5], albeit in [5]
different Lagrangian forms are investigated for differentiable problems), we restrict
our attention to these seven forms only, for the purposes of illustrating the use of the
method with alternative choices of the function in the penalty term and the scaling
matrix. As the scaling matrix we choose the identity and zero matrices, the latter
giving rise to penalty functions.

We have chosen 16 test problems from the literature for the numerical experi-
ments. We report the results of the experiments in terms of the number of iterations
the deflected subgradient methods takes as well as the number of Lagrange function
evaluations.

The chapter is organized as follows. In Sect. 2, we recall the duality properties
our Lagrangian scheme. In Sect. 3, we state the deflected subgradient method. In
Sects. 4 and 5, we give the convergence and existence results. In Sect. 6, we define
practical step-sizes for a numerical implementation, and demonstrate their use on
test problems.

2 Duality Framework for Augmented Lagrangians

We consider the nonlinear programming problem:

(P) minimize fy(x) over all x in X satisfying f (x) =0,
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where X is a compact subset of R”, and the functions fy : R” — R and f : R" — R™
are continuous. Our duality analysis is based on the work [7] and hence we start
off by recalling the duality framework presented there. Denote by d(+,-) the metric
distance in X and by Xy := {x € X : f(x) = 0} the constraint set of problem (P). Let

Mp = xler1>£)f0(x)’

be the optimal value of the problem (P). Let A be a nonempty set (to which dual
variables will belong). Consider a function L : X X A — R. Given the set A and the
function L : X x A — R, define the dual function H : A — RU{—c} as H(A) :=
infyex L(x,A), so that the dual problem for (P) is

(D) max H (4),

and hence the optimal dual value is Mp := sup; ., H(A). In such a context we
consider L as a Lagrange-type function. We say that the weak duality with respect
to L holds if

inf L(x,A) < Mp,
xeX

for all A € A. And we say that the strong duality with respect to L (in another
terminology, zero duality gap with respect to L) holds if Mp = Mp, that is

;IGJE )}gL(x, A) = Mp.

In the study developed in [7], the conditions for zero duality gap are given
through a set of requirements on the Lagrangian and the data of the problem. We
list these requirements below:

(Ay) For all o0 < Mp, the level set {z € X | fo(z) < o} is compact.
(Hy) fo(x) =L(x,A) forallx e Xpand all A € A.

Assume there exists a subset Ag C A such that

(HQ(AQ)) VYoo <MpandVd >0

sup inf  L(x,A)| > a.
ren | xeX
d(x,Xo) > &

(H3(Ao))
Jfo(x) < L(x, 1),

forallx e X, A € A.

We quote the following result.
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Theorem 1 ([7], Theorem 2). Assume that there exists Ay C A such that (Hy),
(H2(Ao)) and (H3(Ao)) are satisfied, and suppose also that condition (A}) holds
for fo, then Mp = Mp.

Definition 1. Consider the set of dual variables given by A := R” x Ry and a
continuous function ¢ : R” — R such that 6(z) > 0 for all z € R"\ {0} and c(0) =
0. Let A € R™" be a symmetric matrix. Our Lagrangian function L : R" x A — R
is defined as

Llx, (u,¢)) := fo(x) + co(f(x)) = (Au, f(x)). M

From now on, we will always assume that o and A are as stated in Definition 1.

Remark 1. The Lagrangian in Definition 1 verifies the assumptions of Theorem |1
for the choice Ag := {0} x R, Indeed, note that our basic assumptions on X and f;
trivially yield (A1). It can be checked in a way similar to the one in [7, Example 3.1]
that conditions (H;), (H2(Ap)) and (H3(Ag)) also hold. As a consequence, our
duality scheme enjoys the zero duality gap property. Moreover, the dual function
H :R™ x Ry — Ris defined as

H () = min [ fo(x) +c0(() — (Au, £()]. @

Since H is the minimum of concave and upper-semicontinuous (more precisely,
affine) functions of ¢, u, we conclude that H is concave and upper-semicontinuous.
The dual problem of (P) is therefore a convex problem given by

D) : H(u,c).
D): | max )

Since H is finite on R x R4, this maximization problem is effectively uncon-
strained. By concavity, H is continuous everywhere.

Remark 2. For A =1 and 6(-) = || - ||, where || - || is the (Euclidean) ¢;-norm, the
Lagrangian in Definition 1 becomes the so-called sharp Lagrangian, introduced in
[27, Example 11.58] and used in [8, 10, 11]. For A = 0, the Lagrangian becomes a
penalty function with the penalty term given by co(f(x)).

The solution set of problem (P) is denoted by S(P). We typically denote an ele-
ment of S(P) by x. The solution set of problem (D) is denoted by S(D). We typically
denote an element in S(D) by z = (i1, ¢). For convenience, we introduce the set

X (u,c) = argmin[fo(x) +co(f(x)) — {Au, f(x))] (&)

The proof of the next lemma is similar to the one in [11] for the special case of
o(-) = - || and A = I. We include it here for the reader’s convenience.
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Lemma 1. Let H be the dual function defined above. For every (u,c) € R™ x Ry,
take X € X (u,c). Then:

(a) (—Af(X),0(f(X))(1+7)) € eyo (i) H (u,c) for every y > 0. In particular, we
have that (—Af(%),0(f(%))) € dH (u,c).

(b) If (u,c) € S(D), then (u,d) € S(D) for each d > c. In this situation, for every
% € X(u,d) we must have f(£) = 0.

Proof. (a) We must prove that for all («/,¢’) € R" x R it holds
H(u',¢') <H(u,c) + (W —u,—Af (%)) + (' =) (1 + 7)o (f(%)).
Indeed, by definition of H we have that

H(u',c') = mingey L(x, (u/, ')
< fo(®) +co(f(X)) — (Au, f(%))
+(c' =)o (f(%) + (u' —u,—Af (%))
< H(u,c)+ (' —u,—Af(%) + (' = c) (L + 7)o (f(%)—(' — c)yo (f(%))
< H(u,c)+ (W —u,—Af (%)) + (' = c) (1 + 7)o (f (X)) + cyo (f(%)),

where we used the fact that ¢’ > 0 is the last inequality. The second statement follows
from the first one for y = 0. The proof of (a) is complete.

(b) Since (u,c) € S(D), we must have H(u,c) > H(u,d). On the other hand, take
% € X(u,d), where d > c. By item (a), we have

H(u,d) < H(u,c) < H(u,d) + (u—u,~Af(9)) + (c — d) o (f(2))
= H(u,d) + (c — d)o(f(¥))
< H(u,d),

where we also used that 6 > 0. Altogether, H (u,c) = H(u,d) and hence (u,d) is
also a dual solution. Since d — ¢ > 0 we must have f(£) = 0.

The distance between two given points in the dual space, w,z € R” x R, will

be taken as d(w,z) := ||w —z||*. The following notation will be used throughout the
chapter.

z = (ug, cx),

X € X (ug, cp),

Jii=f(x),

Hy := H(ug, cx),

H :=H(i,c),

dk = d(Z,Zk)-

The theorem below is a trivial modification of the analogous one proved in [13].
It will be used as a stopping criteria in the next section, so we include here its short
proof.

Theorem 2. Let Mp > Mp and suppose that X € X (u,c). Then X is a solution of (P)
and (4,) is a solution of (D) if and only if f (X) = 0.
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Proof. Tt is enough to prove that ¥ is a solution, since the converse is trivial.
Assume that f(X) =0 and X € X (,¢), then L(%, (i@,¢)) = fo(X) > Mp. On the other
hand, L(x, (i1,¢)) = minyex L(x, (i,¢)) = H(i1,¢) < Mp < Mp. Where we used weak
duality in the last inequality. Thus we have fy(X) = Mp and hence X is a solu-
tion of (P).

3 The DSG Algorithm and Motivation

We propose the following deflected subgradient (DSG) algorithm for solving Prob-
lem (P), which is described as follows.

The DSG Algorithm:
Step 0  Choose (up,co) with ¢o > 0. Set k = 1.
Step kK Given (uy,cy):

Step k.1  Find the vector
Xk € X (ug,cr).

If fr =0, STOP.
Step k.2 Set

Uy 1 2= — skA(fi)
Chrt o=+ (e + &) 0 (f) 5
where si, & > 0. Set k = k+ 1 and repeat Step k.

Let || - || be the ¢, norm in R™. We will make the following basic assumption on
o and A.

(L1) o(z) > ||A(z)]| forall z € R™.

Remark 3. The sharp Lagrangian (i.e., when o(-) := || -|| and A = I in Definition 1)
verifies (L1). If A = 0, any nonnegative function ¢ verifying the assumptions of
Definition 1 will satisfy (L1).

The motivation for condition (L.1) rests on part (b) of the proposition below,
where we prove that the search direction of the DSG algorithm produces strict im-
provement of the values of H if and only if the Lagrangian verifies (L1).

Proposition 1. Consider the notation and definitions of the DSG algorithm:

(a) Hpr —Hy < si(|Af) 1>+ o(fi)?) + &0 (fi).
(b) The following statements hold:

(i) If the augmenting function o verifies (L1), then the DSG steps produce a
sequence {Hy} which is strictly increasing. More precisely, if (uy,c) ¢ S(D)
then Hyy > Hj.
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(ii) Assume that o(z) = o(—z) for every z € R™. If for every problem of the form
(P) the DSG steps produce a sequence {Hy } which is strictly increasing, then
o must verify (LI).

Proof. Applying Lemma 1(a), we get

Hi 1 — Hy < (upqr — ug, —Afi) + (crg1 — i) o (fr)-

Using also the definition of the algorithm, the right-hand-side of the expression
above can be rewritten as

Hir — Hi < sel|Afe]* + (si+ &) o (fi)?,

which readily implies the conclusion. This proves item (a). Let us now prove (i) in
item (b). Note that the assumption (uy,c;) ¢ S(D) and Theorem 2 yield f; # 0.
Therefore 6(f;) > 0. Using the definition of the algorithm we can write

Hjy = mineex fo(x) + i1 0(f(x)) = (Auggr, f(x))
= minyex fo(x) + k1 0(f(x)) — (s 1,A(f (%))
= minyex fo(x) + [ex + (sk + &) 0 (fi)| o (f (%)) — ([ — kA (i), A(f(x)))

= minyex fo(x) +cx 0 (f(x)) — (Aug, f(x)) + (s + &) o (fi) o(f(x))
+si(A(fi),A(f(x)))

> minyex fo(x) + ek 0(f(x)) = (A, f(x)) + (s + &) o (fi) 0 (f (%))
—st0(fi) 0(f(x))

= minyex fo(x) + (cx + &0 (fx)) o(f(x)) — (Aug, f(x))

= H(uk,Ck+8ko-(fk))7

where we used Cauchy—Schwartz and (L1) in the inequality. Let £, € X be a so-

lution of the minimization problem above. In other words £ € X (uy, cx + &0 (f1)).

Assume first that f(£;) = 0. In this case Theorem 2 yields (uy,cx + .0 (fx)) € S(D).

On the other hand, since (ug,cy) € S(D) we must have H(uy,cr) < H(ug,cr +

&0 (fk)) < Hpy1. Therefore the conclusion holds in this case. Assume now that
f(&) #0. Then o(f(£)) > 0 and

Hyy > mineey fo(x) + (ck + &0 (fi)) 0 (f(x)) — (Auyg, f(x))
= fo(%k) + (cx + &0 (fi)) o (f (k) — (A, f (%))
= L(&, (ux,cr)) + &0 (fi) o (f (%))
> mingex L(x, (ug, cx)) + &0 (fi) o (f (%)) = Hy + &0 (fi) o(f (%))

Therefore
Hiy1 > Hi+ &0(fi) o(f (%)) > Hi 4
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and the conclusion is proved also for this case. For the converse stated in (b)(ii), we
now show that, if (L.1) does not hold, then we can find a problem (P) for which the
sequence {H} generated by DSG is not strictly increasing. If (L1) does not hold,
then there exists Z € R” such that 6(Z) — ||AZ|| < 0. Hence 7 # 0. Let r := ||Z|| > 0.
Consider problem (P) with fy(x) = o(x) — ||Ax||, X = B(0,r) the closed ball of
center zero and radius r, and constraint function f(x) = x. It is clear that Mp = 0. Let
¥ € argmin,pq ) 0(x) — [|Ax]|. By our assumption, we have that fy(¥) < fo(2) <0.
Take now (up,co) = (0,0), so we can take

Xo :=X € argmino (x) — ||Ax|| = X (uo, o),
x€B(0,r)

and Hy = H (up,co) = fo(xo) < 0= Mp. Because f(xg) = xo # 0 we can perform a
DSG step. Let us take sq, & such that
S0 O'(XO)Z

—_> —— > (.
& [|Axol|* — o(x0)?

From the DSG step we have (uy,c;) = (—soAxo, (So + &)0 (x0)), S0
Hy = min,ep () 0(x) — [|Ax]| + (s0 + &) 0 (x0) 0 (x) + 50 (Ax0,Ax)
< o(=x0) = |A(=x0) || + s0(0(—x0)* — | Axo||?) + €00 (—x0) & (x0)
= 0 (x0) — [|A(x0) || +50(T (x0)* — [ Ax0]|*) + €05 (x0)*
< 0(x0) — [|Axo]| = Ho,

where we used the fact that —x € B(0,r) in the first inequality, the assumption
0(z) = o(—z) in the second equality, and the condition on sp, & in the second
inequality. The above expression contradicts the assumption that DSG produces
strictly improving dual values, so we must have that (L1) holds.

Remark 4. Note that (4) in the proof above provides a lower bound on the improve-
ment of the value of H. Then the following corollary can be stated. Obviously, when
the deflection parameter & = 0, there is no guarantee on the improvement of the
value of H, although {H,} would still be nondecreasing.

Corollary 1. Consider the notation and definitions of the DSG algorithm and as-
sume that (L1) holds. Then for all k we have

&0 (fi) o (f(%)) < Hepr — He < sel|Afil >+ (s + &) (/i)
where % € X (ug,cx + €0 (fi))-

From now on, we always assume that (L.1) holds. We establish below a necessary
and sufficient condition on the step-sizes s and & for guaranteeing boundedness of
the dual sequence.



118 Regina S. Burachik and C. Yal¢in Kaya

Lemma 2. Consider the notation and definitions of the DSG algorithm. The
following statements are equivalent:

(a) Y (sk+&)0(fi) <ee.

k=0
(b) The sequence {z;} is bounded.
Proof. From the DSG algorithm

m

m

cmrr—co= D (sc+&)o(fi) and  fuwir —uol < Y sellAfill- (5)
k=0 k=0

By (L1) we have ||Afi]| < o(fx). If (a) holds then clearly the sequence {cy} is

bounded. On the other hand,

m

m
ms1 —uoll <D sllAfill < Y sk o (fi) < +oo,
k=0 k=0
which yields boundedness of the sequence {u; }. Assume now that (b) holds. By (5)
we must have condition (a).

4 Existence and Convergence Results

Conditions that guarantee the existence of dual solutions are often related to prop-
erties of the perturbation function associated with the problem under considera-
tion. Unfortunately, the calculation of the perturbation function is very difficult, and
hence it makes sense to establish alternative ways of guaranteeing existence of dual
solutions. Conditions of this kind can be found in [28-31]. We give below a new ex-
istence condition by using the dual sequence generated by the DSG algorithm using
arather general step-size si. The proofs of the results in this section and the next one
can be deduced (with some suitable modifications) from those in references [8, 11],
which were given for 6(-) = || - || and A = I. We include here these proofs, however,
for the sake of completeness.

Lemma 3. Let H be the optimal value of (P) (i.e., H := Mp = Mp). Assume that the
sequence {z;.} generated by the DSG algorithm is bounded and that the step-size sy
satisfies
(H —Hy)
Sk2MN—— (6)
o(fi)?
for some fixed n > 0. Then {H,} converges to H and every accumulation point of
{z} is a dual solution. In particular, S(D) # 0.

Proof. By (5), boundedness of the sequence implies that

i 510 (fic) < e (7

k=0
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Let (i,¢) be an accumulation point of the sequence { (i, cx) }, and denote by X the
infinite set of indices such that

lim (uk7ck) = (IZ,C_).
ke X,

k — oo

We will prove that (&,¢) € S(D). By boundedness of {x;}, we can also assume
that the whole sequence {x;}rcoc converges to some X. If f(X) =0, we claim that
X € X(i,¢). In this case, Theorem 2 implies that (iZ,¢) € S(D). Indeed, by definition
of x;, we have that

Jo(xe) +cxo (f (xx)) — (Aug, £ (xx)) < fo(x) +cxo (f(x)) — (Aug, £ (x)),

for all x € X and for all k. Taking limits for k € K, k — o in the above expression
we get

Jo(¥) +co(f(x)) — (A, (%)) < fo(x) + o (f(x)) — (A, f(x)),

for all x € X. Hence X € X (i1,¢) and thus (@,¢) € S(D). Assume now that f(¥) # 0.
This fact, together with (7), implies that the sequence {si }re5 converges to zero.
Using also (6) for k € X, we conclude that the subsequence of dual values {Hj } e
converges to H. By continuity of H we have that

H(it,¢) = limsup H (uy,c;) = H.
ke X,

k — oo

This shows that H(it,¢) has optimal functional value H and hence (i,¢) € S(D).
Moreover, from Corollary 1 we know that {Hj} is strictly increasing. Since it has
a convergent subsequence, the whole sequence must converge to H. The proof is
complete.

The following simple estimate will be useful.
Lemma 4. Fix z = (u,c) € R" xR, Then
divr —di < (SPNARI + (s + )70 (fi)?) + 2lsu (Hy — H (u, ) — &0 (fi) (¢ — ex)]-
Proof. Note that

dis1 —di = ||z— 21 ||* = Iz — 22
= llak — 21|17 + 242 — 20,26 — 2k1)-

Call Ay := ||zx — zx+1||* and By := (z—zx, 2 — zx11)- Using the definition of the DSG
algorithm, we can write

A = g — w1 |I” + lex — 1> = sg IASlI? + (s + &) 0 (fi)*.
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Combining the two previous expressions, we get
diey — di = s |ASell” + (sc+ €)° 0 (fi)* + 2By (8)
The term By, is written out as follows:

By = (u—uy,up — upy1) + (¢ —cx) (ck — crv1)
(u—up, sk Afi) — (¢ —cx) (sk + &) o (fi) )
= si[(u — up, Afi) — (c —ci)o (fi)] — & (c — i) o (fi)-

In order to estimate the expression between brackets, we use the subgradient
inequality:

H(u,c) < H(ug,cr) + ((=Afi, 0 (fi)), (4 — ug,c — cx))
or
[(u—u,Afi) — (c —cr)o(fi)] < Hy— H(u,c).
Using this in (9), we obtain
By < s (Hy — H(u,c)) — & (c —c) o (fi)-

Equation (8) now yields

di1 —di < sp |ASill> + (se+ &) >0 (fo)* — 2 [s (H (u,¢) — Hy)
+ & (c —cr)o(fi)], (10)

which completes the proof.

Lemma 4 allows us to prove that the dual sequence is convergent. For proving
that the limit is in fact optimal we will need extra assumptions on the step-sizes (see
Theorem 4).

Theorem 3. If the sequence generated by DSG is bounded, then it is convergent.

Proof. Assume that the sequence {z; } is bounded and let Z be an accumulation point
of {z}. Call {z;}; a subsequence converging to Z. Using Lemma 4 for the choice
z:= 2= (4,¢), we conclude that the sequence {d(Z,z;)} verifies

d(2,261) —d(2,26) < splASN + (s + &) >0 (fir)?
—2s¢(H(2) — Hy) — 260 (fi) (€ — cx).

By Corollary 1, {H} is a strictly increasing and therefore limy Hy = sup, Hy =
lim; Hy; = H(Z). Using now the upper-semicontinuity of 7/ we get

H(2) > limsupHy, = limHy, = supH; > Hy  forevery k € N.
J J J

So (H (%) — Hy) > 0 for all k. Using also that {c} is a strictly increasing sequence,
we have that (¢ — ¢;) > 0 for all k. Hence,
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d(2,zk01) —d(2z) < spllAfill* + (se+ &) o (fo)*

Since {z} is bounded, we can use Lemma 2 to conclude that the series with general
term ay := s7||Afil|> + (sk + &)?0(fi)? is convergent, and this implies (by [23,
Lemma 2.2.2]) that the sequence {d(Z,zx)}« is convergent. But the subsequence
{d (f,zkj)}j of this sequence converges to zero, and so the whole sequence con-
verges to zero, yielding the uniqueness of the accumulation point.

It has been established in [8, Example 1] that the sequence x; generated by DSG
may not converge to a primal solution. However, if we consider the slightly per-
turbed sequence {%;} such that % € X (uy,cx+ ) for a fixed f > 0, then we can
prove that all its accumulation points are primal solutions. We call such a sequence
a primal sequence.

Theorem 4 (Primal-dual convergence). Assume that the sequence {(uy,cy)} gen-
erated by the DSG algorithm is bounded. Assume also that for some 1 > 0 the
step-size sy satisfies
(H —Hy)
o(fi)?

Then the limit of the sequence {z;} is a dual solution. Additionally, all accumulation
points of {5} are solutions of (P).

(1)

Proof. By Corollary 1 the sequence {Hy } is strictly increasing. Moreover, Lemma 3
implies that H;, — H and every accumulation point of {z;} is a dual solution. Since
{z} is bounded, Theorem 3 allows us to conclude that {z;} is convergent. Com-
bining these two facts, we get that {z;} converges to a dual solution. Now we
will show that all accumulation points of the primal sequence {%;} are solutions
of Problem (P). In order to prove this fact, we will show that the numerical se-
quence {o(f;)} has zero as its unique accumulation point. Fix B > 0 and take
% € X (ug,cx+ B) for all k. Take a > 0 as an accumulation point of the sequence
{6 (fi)}. So there exists a subsequence {o( fk )} such that a = lim;_... o ( fk ). Then

H(ukj7ckj) = ij < H(ukj,ij +ﬁ> + <(_Afkjao-(fkj))v(07_ﬁ)>
S H(ukjvckj+B)_BG(fkj)'
We can rewrite this as
ﬁo-(ﬁ(j) S H(Mkj,ij +ﬁo-(fk]>) _ij S H_ij'

Using the fact that lim; H — H; =0 we get

a= lim O'(fk )=0. (12)

j~>oo

Thus the sequence {o(f;)} converges to zero. Take now & as an accumulation point
of {%}. Since zero is the limit of {o(f;)}, we must have f(X) = 0. Without loss of
generality, assume the whole sequence {%;} converges to %. Then
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Mp < fo(x) = lim fo (%) + (e + B)o(f (%)) — (Auk, f (%))
= limmin fo (x) + (ex + B) o (f(x)) = (Aug, f(x))
= liIEnH(uk,ck +B) < H=Mp,

where we have used the definition of ¥ in the second equality. By weak duality, we
must have f(¥) = Mp and since f(X) =0, ¥ is a primal solution.

S On a Special Choice of s;

In this section, we study a special choice of the parameter s; for which nonemptiness
of S(D) is equivalent to the boundedness of {z;}. The step-size we consider is as

follows: .
H— H; H — H;

o(fi)? Ses2 o(fi)?’

n (13)

with 1 € (0,2).
For establishing the announced fact, we need an auxiliary result.

Lemma 5. Assume that S(D) # 0 and let {z;} be the sequence generated by the
DSG algorithm with step-size {s;.} satisfying

[ H—Hy
liminf [2———— —sp| > —oo. 14
e [ o(fi)? Sk} o
Then {z} is bounded.

Proof. Fix a dual solution (iZ,¢) € S(D). For contradiction purposes, assume that

{z} is unbounded. This means that either {u;} or {c;} are unbounded. If {u;} is
unbounded, then

oo = Y sillASill < D sko(fi) < D (sk+ &) (fe),
x x x

where we also used (L1). So {c¢,} must be unbounded. Hence in either case we must
have {c;} unbounded. Since it is a strictly increasing sequence, it tends to infinity.
On the other hand, by definition of the DSG algorithm,

13— gt |* = [l — we+ seAfil|?

: i (15)
= |l@— wx||* + 258(8 — ug, Afie) +57 ALl

In order to estimate the middle term of the expression above we use the subgradient
inequality, .
H—-H, < <ﬁ—uk,—Afk>+(E—Ck)G(fk). (16)

Multiply both sides by 2s; and rearrange the resulting expression, to get

251 (it — ug, A fi) < —283.(H — Hy) + 251(¢ — ) o (fi).
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Combine this fact with (L1) and (15) to obtain

[ — g1 || < it — e |* — 255 (H — H) + 2s1(¢ — i) 0 (fi) + sz A fiell?
2(¢

< - ugl? + sy o (f)? “_ﬂgﬂ§0+ 0&3)' 17

Assumption (14) means that there exist a constant p € R and an index ko such that

2(H — Hy)
Sp— —————>

oi? =P

for all k > ko. As pointed out above, {c} tends to infinity and hence there exists an
index ki > k¢ such that

2(6‘/(—5)
< ——=  forallk >k,
P="5(f)

where we are also using the fact that the sequence {o(f;)} is bounded. Altogether,
we conclude that for all k > kq,

2(H — Hy) n 2(c—cx)
o(fi)? o(fi)

This fact, combined with (17), yields ||iZ — ugy1|| < || — u|| for all k > k; and this
implies that {uy } is bounded. Using Cauchy—Schartz inequality in (16), we get

Sk —

(e =)o (fi) < —(H — Hy) + |Afill | — uil| < [ASilllld — ui] < o (fi) | —ul],

where we used assumption (L1) in the rightmost inequality. Note that, if f;, = 0 for
some ko, then the corresponding (u,,ck,) € S(D) and the DSG stops at kg. In this
case the sequence is finite and therefore bounded. So the unboundedness assumption
implies that f; # 0 for all k. Using this fact in the previous expression, we get

(ex =€) < [l — ]|,

and hence {c;} must be bounded, a contradiction. This implies that the sequence
{z;} must be bounded.

Condition (14) is not practical from an algorithmic point of view, because it can-
not be verified during the process. For this reason, and also for simplicity of exposi-
tion, we replace it by the right-hand side inequality in (13), which can be effectively
checked at each iteration. The latter condition readily implies (14).

Theorem 5. Assume the step-size in the DSG algorithm is chosen according to (13),
then the following statements are equivalent:

(a) The sequence {z;} is bounded.
(b) S(D) # 0.
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Proof. The fact that (a) implies (b) is a consequence of Theorem 3 and the left-hand
side inequality in (13). Indeed, Theorem 3 implies that every accumulation point of
{z} is a dual solution. In particular, S(D) is nonempty. In order to show that (b)
implies (a), observe that this follows from Lemma 5 and the fact that the right-hand
side inequality in (13) implies (14).

In the theorem below, we consider again the sequence {%;} such that % €
X (ug,cr + B), where B > 0. We recover the same convergence results as the ones
reported in Theorem 4, but without the assumption of boundedness of {z;}.

Theorem 6. Assume the step-size in the DSG algorithm is chosen according to (13).
Suppose also that S(D) # 0. Then:

(i) The dual sequence {z;} converges to a dual solution.

(ii) The sequence of dual values {Hy} converges to an optimal dual value.

(iii) All accumulation points of the primal sequence {%;} are solutions of
Problem (P).

Proof. By Theorem 5 and the fact that S(D) # 0, we conclude that {z; } is bounded.
Using now the left-hand side of (13) and Theorem 4, we conclude that statements
(i)—(iii) hold.

The following simple result is useful for an implementation of the algorithm.

Proposition 2. Assume that one of the following conditions holds:

(i) The step-size sy, satisfies (6) and {z;} is bounded.
(ii) The step-size sy satisfies (13) and S(D) # 0.

Then there exists a dual solution (ii,¢) such that ¢ > cy for all k.

Proof. Under assumption (i), by Theorem 3 it holds that S(D) # @. So under either
assumption, we must have S(D) # 0. Now fix a dual solution (i,¢). Under assump-
tion (ii), and using Theorem 5, we conclude that the sequence {z; } is bounded. So
again under either assumption, we must have {z; } bounded. Thus there exists ¢ > ¢
for all k. Using Lemma 1(b), we have that (iz,¢ + ¢) is also a dual solution, and this
dual solution is as in the statement of the proposition.

6 Numerical Implementation

In Sect. 6.1, we select practical step-size parameters for a numerical implementation
of the deflected subgradient method. In Sect. 6.2, we list the functional forms we use
for the augmenting function ¢, and in Sect. 6.3 point to the special case of a penalty
function method. In Sect. 6.4, we demonstrate the method with the proposed step-
sizes and example choices of o and A on test problems.
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6.1 Step-Size Selection

We assume that the dual sequence {z;} generated by the deflected subgradient
method is bounded. Although a wide range of step-sizes can be chosen using (11),
we will restrict our attention to the estimate given in Lemma 4 in deriving a step-
size, because it reflects the structure of the problem.

For simplicity let s; and & be related through s; = a &, where o > 0. Since the
hypotheses of Proposition 2(i) are satisfied, there exists a dual solution (i, ¢) such
that ¢ > ¢y for all k. Now, Lemma 4 for z := (i1, ¢) and & = ausy, yields, after trivial
manipulations,

(H—Hy) +a(c—c)o(fi) di — dii
2 — < . 18
PR G areti? S TaR T (raret P
Taking now sy, such that
5o = (H_Hk)‘f'a(f_ck)o—(fk)? 0<5<2, (19)

[1+(1+a)?o(fi)?

and recalling o(f;) > ||A f¢|| in Assumption (L1), we see that the left-hand side of
the expression in (18) is nonnegative, and therefore the sequence {d; } is nonincreas-
ing, and hence convergent. This choice of s; forces convergence of the dual values
towards the optimal value H.

The value of the cost function at any point satisfying the constraints constitutes
an upper bound H for H. In the numerical experiments in this chapter, we use H
in the place of H to illustrate the behaviour of the deflected subgradient method.
In some problems, H is known exactly, for example, in some formulations of the
problem of solving a nonlinear system of equations H = 0. Because in general H is
not known but is necessary to use for a relatively more efficient implementation of
subgradient methods, methods are proposed in the nonlinear programming literature
for getting around this difficulty [2,33].

Recall that any ¢ > ¢ is also a dual solution. So we can replace ¢ in (19) by an
upper bound ¢ for ¢. So we set the step-size s as

(H—Hy) + o (€—cx) o(fi)
1+ (1+a)?o(fi)?

It must be noted that when H is replaced by H > H the right-hand inequality
in (13) does not hold. Therefore, Theorems 5 and 6 cannot be stated. However, the
main convergence theorems 3—4 would still hold.

Substitution of the step-size in (20) into the dual variable update formulas in
Step k.2 of the DSG algorithm gives

Sk = , 0<d6<2, a>0. (20)

(1+a)o
14+ (1 + o)?

H—H,
o (fi)

Cr+1 = Ck+

to(e— ck)] , 1)
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uk+1:uk—(c"“_c" Afi, 0<8<2, a>0. 22)

1+a)o(fi)

6.2 Augmenting Functional Forms

For testing the proposed method, the following seven functional forms for ¢ have

been chosen: .
Norm functional forms: ||+ |l2, || - |l1, vVm| - ||«

Exponential functional forms: el'l2 — 1 el'lli — 1 Vm (eH'H‘” — 1)
Hybrid functional form : max(|| - [|2, | - |3)

In these forms, m is the number of constraints (i.e., m is the dimension of the
codomain of the constraint function f : R” — R™ in problem (P)). All of these forms
satisfy the requirement that

o(z) > ||Azll, z€R",

where two particular choices of A are considered: A = I, the identity matrix, and
A =0, the zero matrix. Many other functional forms can be shown to satisfy the
above condition. However, we restrict our implementation and comparison to the
forms we have chosen above. A much wider choice of functional forms for ¢ and
different choices of matrices for A should be the subject of a comprehensive com-
parison study.

6.3 A Special Case: Penalty Methods

One should note that the choice of A = 0 makes the augmented Lagrangian a penalty
function with the penalty term ¢ (). In this case, any nonnegative function o () can
be used. The deflected subgradient method then reduces to a penalty method, with
the attractive feature that the penalty parameter c is updated automatically.

It is not common in the nonlinear programming literature to find an update rule
for the penalty parameter ¢, which is derived from the structure of the problem. The
authors presented an update rule in [10] for ¢ in the penalty function

fe(x) = folx) +cllf()ll,

using the sharp Lagrangian (i.e., when o(z) = ||z|| and A = I). The setting we have
for the deflected subgradient method prescribes the update rule (21) for the penalty
parameter c¢ in the much more general penalty function

fe(x) = fo(x) +co(f(x)).
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Table 1 Parameters and initial guesses used for the deflected subgradient method

Problem X0 co U H ¢ o &6
PQR-TI-7 (.55 5 OLLLLLD 0 0 105
GLR-P1-1 (0,0,0) 50 (0,0,0,0) —20,000 10,000 1 0.5
PPR-P1-3 (5.5,5,5) 05 (LL,1,1,I,I,1,1,1,1) 20 5 101
PGR-P1-3 (0,0,0,0,0)  0.0001 (0,0) 0.5 1101
GQR-T1-5 (1,1,1) 15 (0,0) 2 20 101
QIP [8,11] ~(2.2,2,2) 1 ~(1,1,1,1,1) “19 20 301
Mur-Sau [8,11]  0.5(1,1,1,1,1) 0.5 (0,1,1) 005 2 1005
Control [8,11,17] 0.5(1,1,1,1,1) L5 —(1,1,4) 4 4 201
SQR-P1-1 (0,0) 0.2 (0,0,0) 2 5 101
GQR-P1-1 (90, 10) 1 (1,1,1,1,1,1,1) 0 5 101
QQR-PI-1 (0,0,0) 0.1 (1,1) 0 5 101
QQR-P1-2 (2,2,2) 0.1 (1,1,1,1,1) 1000 5 101
PPR-P1-2 (1,1,1) 0.1 (1,1,1,1) 10,000 200 1 0.1
LGR-P1-1 (1,1,1) 0.1  (0,0,0,0,0,0,0,0) 1 2 101
LPR-P1-1 (1,1,1,1) 1 (0,0,0,0,0,0,0,0,0,0) 1,000 50,000 1 0.1
GPRPI2  (-2,2,2,—1,-1) 07 (1,1,1,1,1,1,1,1,1,1,1) 0.1 30101

6.4 Example Applications

We have tested the deflected subgradient method on 16 test problems from the liter-
ature [8, 11, 16]. For each problem, a different set of parameters and initial guesses
have been used. These are shown in Table 1. All those test problems listed without
a citation are from the Hock and Schittkowski collection [16]. We report the results
in Tables 2 and 3.

For solving the subproblem we have used MATLAB’s fminsearch, which
implements the Nelder—-Mead downhill simplex method. We have replaced the in-
equality constraints of the form

g(x) <0

in the test problems by their nonsmooth equivalent
max{g(x),0} =0,

so that all problems were converted into an equality constrained optimization
problem.

‘We ran the numerical experiments under two major cases, namely (1) A = I, that
is, an augmented Lagrangian case, and (2) A = 0, that is, a penalty function case.
Under each case, we report the number of iterations and function evaluations it took
for the deflected subgradient method to find a solution. The cases when a solution
could not be found are indicated by a dash. For each test problem, the least number
of function evaluations have been framed by a box.
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Observations

In order to draw statistical, far reaching, conclusions regarding the augmented
Lagrangian and penalty function cases with a sample of augmenting functional
forms, one might need a much wider range of problems than the number we have in-
cluded in this chapter. However, at least for the small-scale problems we have listed,
it is worthwhile to make the following observations:

e Overall, 224 (2 x 7 x 16) experiments have been conducted using the deflected
subgradient method with the parameters and initial guesses listed in Table 1.
In the augmented Lagrangian case (A = I), no solution could be found in 18
experiments (16%). In the penalty function case, 29 of the experiments failed to
find a solution (26%). If one does not discriminate amongst the functional forms
of o, then it might be fair to say that overall it is more advantageous to use an
augmented Lagrangian function formulation rather than a penalty function one.

e Next we look at the overall failure rates for the three separate groups of aug-
menting functional forms, in both of the A =7 and A = 0 cases. The group of
norm augmenting functions has a failure rate of 33/96, that is, 34%. The failure
rate for the exponential group is only 9/96, that is, 9.4%. The hybrid functional
form has failed at the rate 3/16, that is, 19%. One might argue that the number of
experiments for the hybrid group may not be large enough to draw conclusions.
Nevertheless, the overall percentage failure rates point to the fact that the expo-
nential augmenting functions we have chosen are more successful compared to
the norm augmenting functions.

e How efficient are each of the three groups, when they happen to be success-
ful, with respect to one another? In the experiments, the exponential augmenting
function group is the winner in 11 of the 16 problems, as opposed to the five times
winner norm augmenting function group. The hybrid group has never achieved
the least number of function evaluations in any of the problems.

e It is interesting to note that the sharp augmented Lagrangian formulation (where
o(-) =] and A = I) seems to be amongst the least successful of all of the
augmented Lagrangian formulations considered in the experiments. The classical
¢y-penalty function (where o(-) = || -||; and A = 0) also seems to be the least
successful amongst all of the penalty function formulations here.

We should note that a majority of these test problems come originally from dif-
ferentiable problems and that in their original form they can be solved by simply
applying Newton-type methods with far fewer function evaluations. We often re-
formulated these differentiable problems in a way that the resulting problem was
nondifferentiable. In this sense, these problems only serve to test the performance
of the different augmented Lagrangian formulations that we have introduced in our
chapter.
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On Weak Multifunction Equilibrium Problems

Adela Capitd, Gabor Kassay, and Boglarka Mosoni

Abstract This chapter deals with an extended form of the scalar equilibrium
problem called the weak multifunction equilibrium problem. New existence results
are obtained in the general setting using a well-known separation theorem in infi-
nite dimensional spaces. These results are applied for the particular case of real-
valued multifunctions. Furthermore, two gap functions associated with the studied
problems are constructed, where, for one of them, the Fenchel duality theory of
optimization is used.

1 Introduction

In the last 15 years, the so-called scalar equilibrium problem has been extensively
studied within nonlinear analysis especially due to its important particular cases
such as scalar and vector optimization problems, saddle point/minimax problems,
variational and hemivariational inequalities (see, for instance, [3-5,7-9,14,23-25]).
These problems are useful models of many practical situations arising in economics,
engineering, physics, chemistry, etc. (see [2]).

In recent years the vector and multifunction form of the equilibrium problem
has been studied (see, e.g., [7, 13]). In this chapter, we extend the results from [7],
obtained for the vector equilibrium problems, to the so-called weak multifunction
equilibrium problems. These problems can be formulated as follows. Recall that a
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subset C of a topological vector space is called cone if AC C C for every A > 0. The
cone C is said to be:

1. solid, if intC # 0;
2. pointed, if CN(—C) ={0}.

Let A be a nonempty subset of a topological vector space X, B a nonempty set, Z
a topological vector space, C C Z a convex and solid cone, and ¢ :AX B — Zbe a
vector-valued function.

The weak vector equilibrium problem is

(WVEP)  find a € A such that ¢(a,b) ¢ —intC for all b € B.

Now, if @ : A x B — 27, the weak multifunction equilibrium problem can be
defined in two ways:

(WWMEP)  find a € A such that ¢(a,b) ¢ —intC for all b € B,

(SWMEP)  find a € A such that ¢(a,b) N (—intC) = 0 for all b € B.

Observe that both problems reduce to (WVEP) when ¢ is single valued. It is obvi-
ous that each solution of (SWMEP) is a solution of (WWMEP), but not vice versa.

Indeed, let A =R, B=[0,00),C =RZ and ¢ : A x B — 2%, defined by

¢(a,b) = {(a,y)|y € [=b,b]}.

Take @ = —1. It is easy to see that a is a solution of (WWMEP), but not a solution
of (SWMEP).

The chapter is organized as follows. In the remaining part of the introduction, we
recall some notions and properties considered in the past necessary for our investi-
gations.

In Sect. 2, we state existence theorems for (WWMEP), by applying a separation
result of two convex sets in infinite dimensional spaces. The first one (Lemma 4)
is very general, but rather technical; we use it to obtain an existence result (Theo-
rem 1) where the technical assumptions of Lemma 4 are replaced by more familiar
(generalized) convexity and continuity hypothesis. In the last part of this section, we
consider (WWMEP) for a multifunction whose values are subsets of the real line,
denoted by (MEP).

Since gap (or merit) functions help us to detect if a point is solution of the
problem (WWMEP), in Sect.3 we introduce a new gap function for multifunc-
tion equilibrium problems in infinite dimensional spaces. For a particular form of
the multifunction ¢, our results recover some of the results of [13]. It turns out that
(MEP) is equivalent to a scalar equilibrium problem, therefore using the Fenchel
duality theory of optimization we are able to give another gap function for it. Fi-
nally, we conclude this section dealing with gap functions associated to (MEP).
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Next we recall the following definitions needed in the sequel.

Definition 1 ([20]). Let 7 : X — 2% be a multifunction. 7 is said to be upper
C-continuous at xo € X if for every open set V in Z, containing T (xq) there ex-
ists an open neighborhood U of xg such that 7(x) CV+C forall x e U. If T is
upper C-continuous at each point xo € X we say that T is upper C-continuous on X.

The next continuity type definition for multifunctions in metric spaces can be
found in [12] and [22].

Definition 2. Let (Z,d) be a metric space, T : X — 2Z a multifunction and xg €
X. T is said to be d-upper semicontinuous at xp if, for any € > 0O there exists a
neighborhood U of x( such that

T(x) C B(T (xp),e) forallxe U,

where B(T (xo), €) is defined as
{y €Z| inf d(y,z) < 8}.
ZGT()C())

If T is d-upper semicontinuous at each point xy € X we say that T is d-upper semi-
continuous on X.

A neighborhood U of zero is said to be balanced, if AU C U for each scalar with
A<,
Let us recall the following convexity concepts for multifunctions.

Definition 3. Let 7 : X — 2Z be a multifunction, C C Z a convex and solid cone.
T is said to be:
(i) C-convex if for all x;,x, € X and ¢ € (0,1)

tT(x1))+(1=0)T(x) CT(tx1+ (1 —1)x2) +C;
(i) C-convexlike on X if for all x;,x, € X and 7 € (0,1)
tT(x))+ (1 =0T (x) CT(X)+C,;

(iii) C-subconvexlike on X if there exists 6 € intC such that for all x;, x, € X,
t€(0,1)and e >0

€0 +1tT(x1)+(1—1)T(x) CT(X)+C.
We say that T is C-subconcavelike on X if —T is C-subconvexlike on X.

The first definition has been considered by S.X. Li in [18]. For the vector case
(ii) has been introduced by Paeck in [26] and (iii) by Jeyakumar in [16]. These
notions have been considered for multifunctions by Z.F. Li in [19].

The next characterizations of C-subconvexlikeness can be found in [19].
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Lemma 1. For the multifunction T : X — 2%, the following properties are
equivalent:

(i) T is C-subconvexlike on X.

(ii) For all x;,xy € X, t € (0,1) there exists 0 € C such that for each € > 0

€0 +1tT(x1)+(1—1)T(x) CT(X)+C.
(iii) Forall 8 € intC, x;, x; € X and 1 € (0,1)
0 +1T(x))+ (1—1)T(x2) C T(X) +intC.

Lemma 2. A multifunction T : X — 27 is C-subconvexlike (respectively C-
convexlike) on X if and only if the set T (X) +intC (respectively T(X)+C) is convex.

Example 1. For showing that the concept of C-subconvexlike multifunction is more
general than that of C-convexlike multifunction we consider X = {(x1,x2) | x; > 0,
x> 0,x1+x> 1} Z=R% C=R% and F : X — 2%, defined by

F(x1,x2) = {(x1,x2),(0,1),(1,0)}.

It is easy to see that F(X) + intRi is a convex set, but the set F(X)+R2 is not
convex.

Definition 4. Let A be a nonempty convex subset of the space X, T : A — 2% and
t € (0,1). The multifunction T is said to be (see [11]):
(i) t-Convex if for any a,as € A:

tT(ar)+ (1 —1)T(az) C T(ta; + (1 —t)az);
(ii) t-Concave if for any aj,as € A:
T(ta;+ (1 —1)ap) CtT(ar)+ (1 —1)T(az).

We denote by X* the topological dual of X, which is the set of all continuous and
linear real functionals, and by x*(x) the value of x* € X* at x € X. Recall that the
dual cone of C, denoted by C* is the set

C'={z"€Z"| 7*(c) >0forall c € C}.
In the sequel, we shall need the following simple property.

Lemma 3. If 7" € C* is a nonzero functional, then z*(c) > 0 for all ¢ € intC.

We shall conclude this section by recalling some well-known results from the
Fenchel-Moreau duality theory.

Definition 5. Let the functions f; : X — RU {4}, i € {1,...,k}, be given. The
function f100---Of} : X — RU {40} defined by
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k
Silxi) in :x}
1 i=1

k

AD---Of () :inf{

i=

is called the infimal convolution function of fi,..., f;. The infimal convolution
£10---0Of; is said to be exact at x € X if there exist some x; € X, i € {1,...,k},
such that ¥, x; = x and

A0 Ofi(x) = fi(e) + -+ fiela).

For a function f : X — RU{+eo}, we denote by dom f = {x € X : f(x) < oo} its
effective domain. The function f is called proper if dom f £ 0.

Definition 6. The Fenchel-Moreau conjugate function of a function f: X — RU
{+e0}, where X is a real locally convex space, is f* : X* — RU {40} defined by

ST (&) = sup[x* (x) = f (x)].

xeX

We recall, that for a nonempty subset A C X, the indicator function is defined by

0, ifx€A;
oa(x) = { +oo,  otherwise;

while the support function is 04 (x*) = sup,c, x*(x).
Let f,g: X — RU{+-oo} be proper, convex and lower semicontinuous functions
such that dom f Ndom g # @ and consider the following optimization problem

(P)  inf{f(x)+g(x)}.
xeX
The Fenchel dual problem for (P) is

(D) sup{—f"(=p)—g"(P)}

peEX*

The existence of strong duality between a convex optimization problem and its
Fenchel dual [the optimal value of (P) equals the optimal value of (D) and (D)
admits a solution] was established in [6], under the following (weak) regularity
condition:

(FRC) f*0Og" is a lower semicontinuous function and exact at 0.

Theorem 1. Let (FRC) be fulfilled. Then the value of (P) equals the value of (D)
and (D) admits an optimal solution.
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2 Existence Results

By € (Z) we denote the set of all compact subsets of the space Z.
We need the following technical result whose proof is based on a separation
theorem in infinite dimensional spaces.

Lemma 4. Let ¢ : A X B— € (Z) be a multifunction. For each b € B and ¢ € intC
define the set Uy = {a € Al@(a,b) +k C —intC}. Suppose that the following as-
sumptions hold:

(i) If the system {Upx | b € B, k € intC} covers A, then it contains a finite sub-
cover.

(ii) For each ay,...,am €A, Ay..., 4 > O with 32 A; =1, by,...,b, € B, for
all d’] € ¢(a;,bj) wherei € {1,...,m} and j € {1,...,n} there exists u* € C*\ {0}
such that

m
12;1”; A" (df) < sup, min max u*(p(a,b))),
where max u*(@(a,b;)) is the greatest element of the compact set u*(¢(a,b;)) CR.
(iii) For each by,...,by € Band 7},...,z, € C* not all zero

n
sup ) max Zj(¢(a,bj)) > 0.
acA j=1

Then the equilibrium problem (WWMEP) admits a solution.

Proof. Suppose by contradiction that (WWMEP) has no solution, that is, for each
a € A there exists b € B with the property ¢(a,b) C —intC. Since ¢ takes compact
values, this means that for each a € A there exist b € B and k € intC such that

¢(a,b) +k C —intC.

Hence the family {Uj 4} covers the set A, and by assumption (i) there exists a fi-
nite subcover which covers the same set A, that is, there exist by,...,b, € B and
ki,...,k, € intC such that

n
AC UUbj,kj- (D
Jj=1

For these k1, ... ,k, € intC, we have that there exist V1, ..., V), balanced neighbor-
hoods of the origin of Z such that k;+V; C Cforall j € {1,...,n}.

Define V :=V;N---NV,, thus V is a balanced neighborhood of the origin of the
space Z. Let kg € V NintC, so we have —ky € V. Hence,

ki—koekj+V Ck;j+V;CC forall je{l,...,n},

which gives
ki—koeC forall je{1,...,n}. 2)
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Now we define the set-valued mapping F : A — 2% by
F(a):=[@(a,by)+ko| X --- x [@(a,by) + ko).

Assert that
coF(A)N (intC)" =0, 3)

where co F'(A) denotes the convex hull of the set F(A). Supposing the contrary, there
existzy,...,zm € F(A) and Aq,..., 4, > 0 with 372 | A; = 1 such that

2 Aizi € (intC)" 4)

Let ay,...,a, € A such that z; € [@(a;,b1) + ko] X -+ x [@(ai, by) —@—ko], where
i € {1,...,m}. This, together with (4) imply the existence of some dj € ¢(ai,bj)
such that '

m
Z?Lid}—f—koeintc foreach j € {1,...,n}. 5)
i=1

Now, let u* € C* be a nonzero functional for which (ii) holds. Applying u* to the
above relation and taking into account Lemma 3 we obtain that

m
> A (d) +u*(ko) >0 foreach j€{l,...,n}.
i=1

Passing to the minimum over j yields

min Z/'Lu d’ > —u*(ko), (6)

l<j<n
thus, assumption (i) and relation (6) imply

sup min maxu*(¢(a,b;)) > —u* (ko). (7

acA 1<j<n

For each a € A, by relation (1) we have that there exists jo € {1,...,n} such that
a € Uy, ;- thatis, ¢(a, bj,) +kj, € —intC. This, together with (2) give

go(a7bj0) +ko € —kj, +ko —intC C —intC.

By Lemma 3 and the fact that u* € C*\ {0} we obtain for all a € A that there
exists jo € {1,...,n} such that for each d € ¢(a,bj,)

w* (d) + u* (ko) < 0.
Using this, we deduce

maxu”(@(a,bj,)) < —u*(ko).
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Passing to minimum over j € {1,...,n} and then to supremum over a € A the
previous relation becomes

sup min maxu*(¢(a,b;)) < —u*(ko), (8)

acA1<j<n

which is a contradiction to (7). Thus, (3) is true.

By the well-known Hahn-Banach separation theorem (see, e.g., [15, p.74] or
[27, p. 58]), we obtain that there exists a nonzero linear and continuous functional,
7" € (Z")* such that

Z"(u) <0, forall uecoF(A), 9)
Z(c) >0, forall c€ (intC)". (10)
Assert that z*(c) > 0, for all ¢ € (intC)", implies z; € C* for all j € {1,...,n}.

Observe that, by the continuity of z*, (10) holds for every ¢ € C". Suppose the con-
trary, that is, there exist jo € {1,...,n} and wy € C such that

Zj'O(W()) <0.
FixX c1,...,Cjy—1,Cjy+1,---,cn € C. Then (c1,...,Cjy—1,1W0,Cjy+1;---,¢n) € C" for
any ¢ > 0 and by (10) we have that

n

2 Zj (Cj) +th~0(W0) >0.

J=Lj#jo

Passing with 7 to infinity within the upper relation we obtain —eo > 0, which is
false. So, zj € C* forall j € {1,...,n}.

In particular, by (9), we have z*(u) < 0 for all u € F(A). This means that for
every a € A and h := (d{ +ko,...,d; + ko) € F(a), where d§ € ¢(a,b;) for each
j€{1,...,n}, we have z*(h*) < 0, or equivalently,

n
2 (d§ + ko) <O0.

As not all z; are zero, this implies by Lemma 3 that

zz, (@) < = X35 (n

In particular, this takes place for those d for which z* attains its maximal value on
the compact set ¢(a,b;) for every j € {1,...,n}. Passing to supremum over a € A
in (11), we deduce

n n
sup 2 maxzj((p(a,bj)) < - Z z;‘-(ko) <0,
aeAj:1 j=1

which is a contradiction to assumption (iii). This completes the proof.
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Following the definition of C-subconvexlikeness (Definition 3(iii) and Lemma 1)
we introduce a new convexity notion.

Definition 7. Let Y be a topological space, T : X x Y — 27 be a multifunction and
C C Z be a convex and solid cone. T is said to be C-subconvexlike in its first variable
if for each 0 € intC, x1,x, € X and ¢ € (0, 1) there exists an x3 € X such that

0 +1T(x1,y)+ (1 —1)T(x2,y) C T(x3,y) +intC forally € Y.

We say that T is C-subconcavelike in its first variable if —T is C-subconvexlike
in its first variable.

The next result provides sufficient conditions for the existence of (WWMEP) by
means of convexity and continuity assumptions.

Theorem 1. Let A be a compact set and ¢ : A X B— €(Z) such that:
(i) @(-,b) is upper —C-continuous for all b € B.
(ii) @ is C-subconcavelike in its first variable.
(iii) For each by,...,by € Band 7},...,z;, € C* not all zero yields

n
sup Y max z;(@(a,b;)) > 0.
acA j—|

Then the equilibrium problem (WWMEP) admits a solution.

Proof. We shall verify the assumptions of Lemma 4. Let b € B, k € intC and ag €
Up k. This implies

®(ag,b) +k C —intC.

Since V := —intC — k is an open set with the property ¢(ag,b) CV and @(-,b) is
upper —C-continuous, then there exists an open neighborhood U of ag such that

¢o(a,b) CV—-C forallaeU.

Hence, Uy, is an open set in the space X. This implies that if the family {Up}
where b € B and k € intC covers the compact set A, then it is an open covering of it,
thus there exists a finite subcover of the set A. By this, assumption (i) of Lemma 4
is verified.

Now, let 6 € intC, ay,....am € A, A1,..., Ay > 0 with ¥, A4; = 1 and
by,...,b, € B. By the definition of the C-subconcavelikeness in the first variable,
we have that there is an element ay € A such that

—0+ Y Aig(ai,b;) C ¢(ag,b;) —intC  forall j € {1,...,n}.
i=1

Let dj. € ¢(ai,bj), where i € {1,...,m} and j € {1,...,n}. Then there are d;-"’ €
¢(ap,bj) and c; € intC with
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—6+2Ad‘— d®—c; forall je{l,...,n}. (12)

i=

For any u* € C*\ {0}, by relation (12), we obtain

—|—Z7Lu d' <u(d°) foreach j € {1,...,n}.

This implies

0) +2liu*(d§) <maxu*(@(ag,bj)) foreach je{l,...,n},

i=1

where passing to minimum over j and then to supremum over a we get

u*(0) +1I£11121n27tu ) < 1r<nj1nnmaxu “(¢(ao,b;))

< sup min maxu*(¢(a,b;)).
acA 1<j<n

Since this holds for every 6 € intC we deduce

min ZAM d’) <sup min maxu*(¢(a,b;)),

I<j<n= acalsjzn

which is nothing else than assumption (ii) of Lemma 4. Thus the assertion follows
from this lemma.

Now, let us consider the particular case Z=R and C =R, . Then ¢ : A x B — 28
and (WWMEP) becomes

(MEP) find @ € A such that ¢(a,b) ¢ — intR,  forall b € B.

For this particular case, using the previous results we obtain the following.

Corollary 1. Let ¢ : A x B— € (R) be a multifunction. For each b € B and k > 0
define the set Uy = {a € Alp(a,b) +k C —intR, }. Suppose that the following
assumptions hold:
(i) If the system {Upx | b € B, k > 0} covers A, then it contains a finite subcover.
(if) For each ay,...,am €A, A1,..., A > 0with 3" A =1, by,...,by € B, for
alld; € ¢(ai,bj), wherei€ {1,....m} and j € {1,...,n}

min 7Ld < sup min max ¢(a,b;
1<j<n z J ae}: <j<n (P( )
(iii) For each by,...,b, € Band z},...,z; > 0 not all zero

sup Z max z;(¢(a,b;)) > 0.
acA j=1|



On Weak Multifunction Equilibrium Problems 143
Then the equilibrium problem (MEP) admits a solution.

Corollary 2. Let A be a compact set and @ : A x B— € (R) such that:
(i) @(-,b) is upper —R . -continuous for all b € B.
(ii) @ is Ry -subconcavelike in its first variable.
(iii) For each by,...,by, € Band z},...,z;, > 0 not all zero yields

n
sup Y maxz;(@(a,bj)) > 0.
acA j—|

Then the equilibrium problem (MEP) admits a solution.

3 Gap Functions

In connection with the scalar equilibrium problem and its particular cases (e.g.,
variational inequalities) the so-called gap functions play an important role. Namely,
they help to analyze if a point is a solution of these problems, by reducing them to
an optimization problem (see [1, 10,21]).

3.1 Gap Functions for (WWMEP)

Definition 8 ([13]). A multifunction 7 : A — 27 is a gap function for (WWMEP) if:
(i) T(a) C —C forall a € A.
(if) 0 € T(a) if and only if a is a solution of (WWMEP).

In what follows, we give an example of gap function for this problem. In this way,
we extend a result from [13] to a multifunction that takes values in a topological
vector space.

Let A = B and consider the following assumption:

Assumption A.

If a € A is a solution of (WWMEP), then ﬂ {p(a,b)NC} #0.
beA

Theorem 1. Suppose that C is a pointed cone, @(a,a) C —C for all a € A
and Assumption A holds. Then the multifunction T : A — 2%, defined by
T(a) = Npea ©(a,b) for each a € A is a gap function for ( WWMEP).

Proof. Leta € A. Since T (a) = (pea ¢ (a,b), by the assumptions of the theorem we
deduce
T(a) € ¢(a,a) € —C. (13)

Hence, the condition (i) of Definition 8 is verified.
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To verify condition (ii) of Definition 8, let 0 € T'(a). This is equivalent to
0 € Npea @(a,b), or 0 € @(a,b) for all b € A. By this, we deduce

¢(a,b) ¢ —intC for each b € A.

Thus, a € A is a solution of (WWMEP).
For the reverse implication, take a € A a solution of (WWMEP). Hence, by As-
sumption A we deduce that

T(a)NC=(1{¢(a,b)NC} #0. (14)
becA

By relations (13) and (14), we obtain 0 € T (a), and condition (ii) of Definition 8 is
satisfied.

Now let us consider a particular case of (WWMEP), which has been studied in
[13. Forne N,N={1,...,n} and ; : AxXA — 2R 1 € N, consider the problem
(WWMEP) for the multifunction defined by F(a,b) = F(a,b) X --- X F,(a,b), that
is, (see [13]):

(GFVEP1) find a € A such that F(a,b) ¢ — intR} forall b € A.
Define a multifunction 7j : A — 2% as follows:

Ti(a) = () |J Fi(a,b) foralla € A (15)
beAleN

and consider the following assumption [13]:

Assumption B. Let a € A be given. If for any b € A the relation |,y Fi(a,b)N
R4 # 0 holds, then Npep Usen{Fi(a,b) "R} #0.

Corollary 3 (Theorem 4.4 [13]). If for any a € A and each | € N,F;(a,a) C —R,
and Assumption B holds, then the multifunction Ty defined by (15) is a gap function
for (GFVEP1) in the same sense of Definition 8 where C = R..

Proof. We show that the assumptions of Theorem 1 are satisfied for ¢ : A x A — 2F,
defined by
¢(a,b)=|JFi(a,b) foralla,beA.
IEN

Indeed, by the hypothesis ¢(a,a) = U Fi(a,a) C —R; foreach a € A.
leN
Suppose that «a is a solution for (GFVEP1), or equivalently

U Fi(a,b)nRy #0  forall b € A.
leEN
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Therefore, by Assumption B
m (p(aab)m]RJr = m U{Fl(aab)mRJr} 7& 0.

beA beAleN

Hence, by Theorem 1 the multifunction 7j is a gap function for (GFVEP1). This
completes the proof.

3.2 Gap Functions for (MEP)

In what follows, A = B is a nonempty, closed, and convex subset of a real locally
convex space and suppose that ¢(a,b) is a compact subset of R for each a,b € A.
We observe that (MEP) is equivalent to the problem:

find a € A such that max @(a@,b) >0 forall b € A,
or, in order words:
(EP) find a € A such that y(a,b) >0 forall b € A,

where Y : X X X — RU {+eo}, with A x A C domf, defined by y(a,b) =
max ¢(a,b) for all a,b € A. Further, suppose that max @(a,a) = 0 for all a € A.
Let a € X. According to [1], (EP) can be reduced to the optimization problem

P(a) infy(a,b).

Is easy to check that @ € A is a solution of (EP) if and only if it is a solution of
P(a).

The next definition is a particular case of Definition 8, when C = —R_.. A func-
tion y: X — RU{+eo} is said to be a gap function for (EP) (see [21]), if it satisfies
the properties:

(i) y(a) > O for all a € A.

(ii) y(a) =0 and a € A if and only if a is a solution for (EP).

In what follows, we will give a gap function using the duality theory of optimization.
Considering the indicator function d4, we can rewrite the optimization problem as

P(a) inf {y/(a,b) + 64(b)}-
bex
Proposition 1. If, for each a € A the multifunction b— @(a,b) is t-concave for each

t € (0,1) and d-upper semicontinuous, where d is the euclidian metric on R, then
the function b — y(a,b) is convex and lower semicontinuous on A.
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Proof. Take by,by € A and t € (0,1). Since b — ¢(a,b) is t-concave in its second
variable on A we have

¢(a,tby+ (1 —1t)by) Cto(a,b))+ (1 —t)p(a,by) foralla € A.
By this, we obtain

y(a,1by + (1 —1)by) < max{t@(a,b1) + (1 -1)¢(a,b2)}
<rty(a,by)+ (1 —t)y(a,by) foranya €A,

which is nothing else than the convexity of the function b — y(a,b).
Take € > 0, a € A and by € A. By the d-upper semicontinuity of the multifunction
b+ ¢(a,b), there exists a neighborhood U of by such that

0(a,b) € p(abo) + (~5.5)

forall b € U. So,

w(a,bo) < w(a,b) +§ forall b € U.

Hence, b — y(a,b) is convex and lower semicontinuous on A.

Let the assumptions of the previous proposition be satisfied. The Fenchel dual of

P(a)is
D) sup{-w;(a,p)—oa(~p)}.
peX*

where v (a,p) = sup,cx[(p,b) — y(a,b)]. By v(P(a)) and v(D(a)), we denote the
optimal value of P(a) and D(a), respectively.

The regularity condition (FRC) introduced in [6] (see Sect.2 before), for our
problem becomes

(FRC;a) v, 0oy is a lower semicontinuous function and exact at 0,

where (y;0oy)(p) = inf{y; (p1) + 0a(p2) | p1+p2=p}-
Using Theorem 3.1 from [1], we are able to give gap functions for (MEP) (which

is equivalent to (EP)).

Theorem 2 ([6]). Assume that for all a € A the regularity condition (FRC;a) be
fulfilled. For each a € A, let b — y/(a,b) be convex and lower semicontinuous. Then
Y(ep), defined by

YEP) (a) = —v(D(a))

is a gap function for (EP).
Theorem 3. Let the regularity condition (FRC;a) be fulfilled for each a € A and

b ¢(a,b) is t-convex for each t € (0,1) and d-upper semicontinuous on A. Then
Yep) is a gap function for (MEP).
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Proof. By Proposition 1, the function b — w(a,b) is convex and lower
semicontinuous. By the weak duality, which always holds we have

v(D(a)) <v(P(a)) < y(a,a) =0.

This implies that
Yep)(a) >0 foralla € A.

Further suppose that a is a solution for P(a). Since the regularity condition
(FRC;a) is fulfilled, the strong duality holds. Hence, by Theorem 2 we obtain that
Y&p) is a gap function for (EP) and therefore for (MEP).
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Optimality Conditions for a Simple Convex
Bilevel Programming Problem

S. Dempe, N. Dinh, and J. Dutta

Abstract The problem to find a best solution within the set of optimal solutions
of a convex optimization problem is modeled as a bilevel programming problem.
It is shown that regularity conditions like Slater’s constraint qualification are never
satisfied for this problem. If the lower-level problem is replaced with its (necessary
and sufficient) optimality conditions, it is possible to derive a necessary optimality
condition for the resulting problem. An example is used to show that this condition
in not sufficient even if the initial problem is a convex one. If the lower-level problem
is replaced using its optimal value, it is possible to obtain an optimality condition
that is both necessary and sufficient in the convex case.

1 Introduction

In this chapter, we are interested in studying optimality conditions for the following
bilevel problem (BP)

min f(x) subjectto x€S,
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where S is given as
S = argmin{A(x) : x € O}.

Here f and & are real-valued convex functions on R” and © is a convex subset of
R”". Thus it is clear that S is a convex set and, hence, problem (BP) is a convex
programming problem. We refer to (BP) as a simple convex bilevel programming
problem. This problem was first studied by Solodov [15], who developed a nice
algorithm for the problem and also gave a convergence criterium for the algorithm.
In this paper, Solodov also shows that as a special case the problem (BP) contains
the standard differentiable convex optimization problem of the form

min f(x) subjectto g(x) <0,Ax=0b,

where f : R” — R is a differentiable convex function, g : R” — R is a differentiable
convex function, A is a  x n matrix and b € R’. This problem can be posed as the
problem (BP) by simply assuming that the lower-level function % is given as

h(x) = [|Ax — b|[* + || max{0, g (x) }||

and the lower-level problem is to minimize the function # over R". It is important to
note that in the above expression the maximum is taken coordinate-wise.

In this chapter, we want to analyze optimality conditions for the problem (BP).
Given the inherent bilevel structure of the problem, it appears that it seems not be
straightforward to write down the optimality conditions for (BP). To motivate our
study, it might be a good idea to take a brief tour of the usual bilevel programming
problem. In general, a bilevel programming problem is given as follows

minF(x,y), subjectto x€X,y€ ¥(x),
X

where F : R" x R" — R, X is a closed subset of R” and ¥ is a set-valued map
denoting the solution set mapping of the following parametric optimization problem,

min f(x,y), subjectto y€ O(x),
)7

where f: R" x R" — R and O (x) is a set depending on the parameter x. The bilevel
programming problem has been often referred to as an optimization formulation of
the Stackelberg game [16]. The leaders problem is the so-called upper-level problem
where the minimization is carried out on the variable x while the followers prob-
lem is called the lower-level problem where for each of the input x by the leader
the follower optimizes his objective function f(x,y) using the variable y depending
on some constraints that depend on the input provided. It must be now apparent
why we call the problem at hand a simple bilevel programming problem. However,
an important point is that, unless for each x the lower-level problem or the fol-
lower’s problem has an unique solution, the upper-level objective is a set-valued
map. So in the general scenario a bilevel programming problem can be viewed as
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a mathematical programming problem with set-valued maps. In order to avoid the
set-valued objective, two different approaches, namely the optimistic approach and
the pessimistic approach, have been introduced mainly to have the final objective
function as a single-valued one. For details on these approaches see, for example,
Dempe [2], Dutta and Dempe [10], Dempe et al. [3,4] and the references there in.

Let us note that the overall bilevel programming problem is in general a non-
convex problem even if the problem data are convex. Further, a major drawback is
that for a bilevel programming problem most standard constraint qualification con-
ditions like the Mangasarian—Fromovitz constraint qualification are never satisfied.
Let us note that our problem (BP), which is a convex problem, is also not free from
such a drawback. If we assume that the set S is non-empty and put o = inf,cg A,
then the problem (BP) is equivalent to the reformulated problem (RP)

min f(x), subjectto h(x) <o,x€0.

It is simple to notice that the Slater’s constraint qualification does not hold for
this problem, and since the Slater’s constraint qualification is equivalent to the
Mangasarian—Fromovitz constraint qualification for a convex programming prob-
lem, thus even for this simple bilevel problem we are faced with the same issues of
the usual bilevel programming problem. As we had stated earlier, our main aim is
to study optimality conditions for the problem (BP). In fact, our main aim would
be to develop a necessary and sufficient optimality condition. In our first approach,
we will consider the problem data to be smooth and in fact we will assume that
the lower-level function 4 is twice continuously differentiable while the upper-level
objective f is just differentiable and hence continuously differentiable since f is
convex. In this setting, we will take the approach as considered for a bilevel pro-
gramming problem with convex lower-level problems in Dutta and Dempe [10].
However, the optimality condition that we will get is a necessary one and not suffi-
cient even though the problem (BP) is a convex problem. In fact, using this approach
we will see that the Lagrange multipliers are related to the coderivative of the normal
cone map to the set ©. This co-derivative appears to be quiet difficult to compute
though very recently some advances have been made by Henrion et al. [11]. This ap-
proach will be demonstrated in Sect. 2. The natural question is whether it is possible
to develop an optimality condition that is both necessary and sufficient for problem
(BP). This will be achieved through an alternative approach of reformulating the
bilevel program (BP) as the convex programming problem (RP) that never satisfies
Slater’s constraint qualification. We use very recent results in convex optimization to
develop a simple necessary and sufficient optimality condition for the problem (BP)
using this reformulation. Our notations are standard. Further, instead of collecting
all the preliminary definitions and results in one section, we present the basic tools
in the main sections as and when needed.
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2 Optimality Conditions: The Bilevel Approach

In this section, we will use techniques from variational analysis to develop a neces-
sary optimality condition for the problem (BP). Assume that the convex function f
is differentiable and the convex function % is twice continuously differentiable. We
will show through an example that the optimality condition that we develop in this
section is necessary but not sufficient. We begin our study by observing that the set
S can equivalently be written as

S={x€0:0e€ Vh(x)+Nox)}.

Let us denote by F(x) = (x,—Vh(x))T, where T denotes transpose. Then we can
write S as
S={x€O©:F(x) € gphNo}, (1)

where gphNg is the graph of the normal cone map Ng, which is given as
No(x)={veR": (vyy—x) <0,forally € O}

if x € © and Ng(x) = 0 if x € ©. In what follows, we also need to consider the
limiting normal cone or the Mordukhovich normal cone to the graph of the normal
cone map to the feasible set @ of the lower-level problem. Hence, we now briefly
describe the limiting normal cone. For more details, see Rockafellar and Wets [14].

Given a set C C R” and an element X € C an element v € R” is called a regular
normal vector or a Frechét normal vector to C at & if

vENc(®) = {veR": (vx—%) <o(||x—x]|), VYxeC},

where O(I—” — 0 as t — 0. The set of all regular or Frechét normal vectors to C at ¥ is
denoted by N¢ (%) and forms a cone which is known as the regular of Frechét normal
cone to C at x. This cone is a closed and convex but suffers from the drawback that
it can reduce to the trivial cone containing only the zero element at some points of
the boundary of C. This problem is eliminated by defining the limiting normal cone
or the Mordukhovich normal cone.

Givenaset C CR" and X € C a vector v € R” is said to be a limiting normal vector
or a Mordukhovich normal vector to C at x if there exist sequences vy — v and x; — X
with x; € C and v, € Nc(xk). The set of all limiting normal vectors to the set C at
X forms a cone and is denoted by Né(i), which is known as the limiting normal
cone or the Mordukhovich normal cone. This cone is not convex in general but it is
always closed in our finite dimensional setting. Moreover, the limiting normal cone
never reduces to the trivial cone containing only the zero element at the boundary
points of C. Of course, if X is an interior point of C then N4 (%) = {0}. We will now

state the main result of this section.

Theorem 1. Let us consider the bilevel programming problem (BP) where the
upper-level objective function f is convex and differentiable, the lower-level ob-
Jective function is convex and twice continuously differentiable and O is a convex
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set. Let X be a solution of the problem (BP). Assume that the following qualification

condition holds at %: (w,v) € Néth@ (%, —Vh(x)) satisfying the condition

0ew— V(@) w+Ng (%),
implies that w = 0,v = 0. Then there exists (W,V) € nghNO (%, —Vh(X)) such that
0€ VF(FE) +w— V2h(E) W+ No(F).

Proof. Once we have expressed S as in (1) the result follows easily by an appli-
cation Theorem 6.14 in Rockafellar and Wets [14]. Observe that the qualification
condition given in the above theorem is the same as the one given in Theorem 6.14
of Rockafellar and Wets [14].

It is important to note that the above optimality condition is just necessary and
not sufficient. We demonstrate this fact through the following example.

Example 1. Consider the problem (BP) with the function f: R — R given by
f(x) =x? and the lower-level objective & : R — R given as follows: h(x) = x°

when x > 0 and h(x) = 0, x < 0. The lower-level constraint set is @ = [—1,+1].
Observe that S = [—1,0]. Thus x = 0 is the only solution to the problem. How-
ever, the optimality condition given in Theorem 1 is satisfied at the point x = —1

which we know is not a solution of the problem. This fact can be seen by noting

that (—1,0)” € gphNg and also observing that Vf(—1) = —2, V2h(—1) = 0 and

4,007 € Néth (—1,0). Now the optimality condition is satisfied by choosing the
(€]

element —2 from Ng (—1) = (—0,0].

However, observe that (BP) is overall a convex optimization problem. So nat-
urally one would like to develop necessary and sufficient optimality conditions for
the problem (BP). As we have seen in this section that formulation of the problem as
done above only produces a necessary optimality condition. In the next section, we
demonstrate how we can develop a necessary and sufficient optimality condition.

3 Optimality Conditions: An Alternative Approach

In this section, we proceed to develop necessary and sufficient optimality conditions
for the bilevel problem (BP) by reformulating it as the single-level convex optimiza-
tion problem (RP). We have mentioned that the reformulated problem never satisfies
Slater’s constraint qualification and, hence, we need modern tools of convex opti-
mization to address this issue. We shall divide this section into three subsections.
In the first, one we will describe the tools from convex optimization needed for our
study. In the second subsection, we show how this can be used to develop necessary
and sufficient optimality conditions for the problem (BP) while in the last one we
consider the case where the feasible set © of the lower-level problem is described
through cone constraints and an abstract constraint.
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3.1 Recent Tools from Convex Optimization

We deal with a class of cone-convex programs given as
mind(x) subjectto g(x) € —D, and x € C, (2)

where 9: R" - R := (—oo,00] is a proper, convex, lower semicontinuous (1.s.c.)
function with values in the extended real line R, g: R" — R™ is a continuous
D-convex mapping with D is a closed convex cone in R” and C C R" is a closed
and convex subset.

For a set C C R”, the indicator function ¢ is defined as d¢(x) =0 if x € C and
Oc(x) = +eo if x ¢ D. Let us recall that if C is nonempty, closed and convex, then
dc is a proper Ls.c. convex function. Let A = {x € C | g(x) € —D}. Further, let D"
be the positive dual cone of D, i.e.,

D= {s"€R" | (s*,5) >0, Vs € D}.

Assume that dom f NA # 0.

Considering further an extended-real-valued function ¢: R” — R with the do-
main dom@ := {x € R"| ¢(x) < o}, we always assume that it is proper, i.e.,
@(x) # oo on R". The conjugate function ¢*: R" — R to ¢ is defined by

0" (") = sup { (x* x) — 9 (x) | x € R"} 5
= sup { (x*,x) — @(x)| x € dom ¢ }.

Definition 1 (Farkas—Minkowski (FM) constraint qualification). We say that
problem (2) satisfies the Farkas—Minkowski constraint qualification, (FM) in brief,
if the cone

K:= U epi(Ag)* + epidf 4)
AeDt
is closed in the space R" x R.

It is important to note that the set (J; cp+ epi(Ag)* is a closed convex cone. This
was shown in [13].

Definition 2 ((CC) constraint qualification). We say that problem (2) satisfies the
(CC) constraint qualification, if the

epi(9)" +K 5)
is closed in the space R" x R, where K is given in (4).

Remark 1. The constraint qualification conditions (CC) and (FM) are often known
as closedness conditions and closed cone constraint qualification. The first one was
introduced in [1] for the first time and the second one was proposed in the un-
published manuscript [12] (it is called (CCCQ) condition), all for dealing with the
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problem of model (2) in Banach space setting. They have been used extensively in
[6,8,9], and others (see the references in the papers listed above) to establish opti-
mality conditions, duality results for DC programs subject to cone constraints, and
extended to infinite convex and DC problems (infinitely many convex constraints,
in infinite dimensional spaces) in [5, 7]. These are also used to establish necessary
conditions for bilevel programs in [6]. It was shown in the papers mentioned above
that (FM) condition [(CC) condition] is much weaker than the classical constraint
qualification of Slater-type (weaker than many combinations of Slater-type condi-
tions and qualification conditions such as the requirement that the cost functional f
must be continuous at some point in the feasible set of the problem in consideration,
respectively). As we will see below, when reformulated the simple bilevel program
as an optimization problem, the new problems never satisfies the Slater’s condition
while the (CC) and (FM) may hold.

Remark 2. 1t is worth noting that if f is continuous at one point in A then [5]
epi(f+8a)" =cl{epif* +epidi} =epif* +epid; =epif  +clK,

where clA denotes the closure of the set A C R”. So, if (FM) holds (i.e., K is closed),
then (CC) holds.

The following optimality condition for (2) was established in [8].

Theorem 2 ([8] Necessary and sufficient optimality conditions for cone-convex
programs). Let the qualification condition (CC) hold for the convex program (2).
Then ¥ € ANdom?d is a (global) solution to (2) if and only if there is A € Dt
such that

0 € 99 (x) + I (Ag)(X) + Nc(%), (6)
Ag(x)=0. (7

Remark 3. It is worth noting that the above necessary and sufficient optimality was
also proved in the infinite dimensional setting by Burachik and Jeyakumar [1] pro-
vided that both the conditions (FM) and (CC) hold. It can be shown [9] that (CC)
is not the same as both (CC) and (FM). Note also that in the case where (¥)* is
continuous at one point in A then (CC) is equivalent to both (CC) and (FM).

3.2 Applications to the Simple Bilevel Problem

Let us consider the simple bilevel programming problem (BP) given in Sect. 1. We
have already stated in Sect. 1 that the problem (BP) is equivalent to the following
convex optimization problem (RP)

minf(x) subjectto h(x)—a<0,xe€0.
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We would just like to recall that oo = inf,cg h and further we also assume that « is
a finite real number.

It is worth noting that Slater’s constraint qualification (and other interior-types of
constraint qualification conditions) never hold for the problem (RP).

We now give an optimality condition for (RP) [which is an optimality condition
for problem (BP) as well] that is a consequence of Theorem 2.

Theorem 3. For the problem (RP), assume that
{cone{(0,1)} Ucone [(0, o) +epih*]} +epidy

is closed. Then X € O is a (global) solution to (RP) if and only if there is A € Ry
such that

0 € f(F) + AIh(Z) + No (), )
AT(R) — o] = 0. )

Proof. We observe firstly that problem (RP) is of the type (2) with D =D =R,
and C = 0. Secondly, for each u* € R”, and p € R

(u(h(.) = 0))"(u") = proe+ (ph)*(u”).
It then follows that
epi (1 (h(.) — 0))* = (0, tex) +epi (h)".
Now observe that when y = 0 we have
epi (th)” = cone {(0,1)},
and when 1 > 0 we have
epi(uh)* = uepih®.

Thus we have

epi(u(h(.) —a))* =cone{(0,1)} U { U ul[(0,e) —|—epih*]} .

u>0
Noting that cone{(0,1)} U{(0,0)} = cone{(0,1)} we have
epi(u(h(.) — a))* =cone{(0,1)} Ucone[(0, o) + epih*].
Now from the hypothesis of the theorem it is clear that the problem (RP) satisfies

(FM) and hence, it satisfies (CC) since f is continuous (see Remark 2). It now
follows from Theorem 2 that there is A € R, such that
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0€ df () +Ad[h(.) — o] (%) + Ne (%), (10)
Ah(®) — o] = 0.

Since d[A(.) — o] (¥) = dh(X), the conclusion follows.

Example 2. Let us consider the bilevel problem of the model (2) where f(x) =
x*+1,0 =[~1,1], and h(x) = max{0,x}.

It is easy to see that epi 8}, = epi|.|, S = [—1,0], and oc = 0. The optimization
problem reformulated from this bilevel problem is

min f(x) := x>+ 1 subject to ~(x) = max{0,x} <0, x€ [-1,1]. (11
Note that for each u € R,

I (1) = 4o if u<0 or u>1,
Y0 it uelo,1].

We have
epih* = {(u,r) |u€0,1],r >0} =[0,1] x Ry,

and
cone {epin*} +epidy =RE U{(u,r) |u <0, r>—u}

is a closed subset of R?. This shows that for the problem (11), (FM) holds since
cone{(0,1)} C epih*. Since f is continuous, (CC) holds as well [note that the
Slater’s condition fails to hold for (11)]. It is easy to see that ¥ = 0 is a solu-
tion of the bilevel problem. Since Ng(0) = {0}, df(0) = {0}, and dh(0) = [0,1],
(8)—(9) are satisfied with A = 0.

3.3 Lower-Level Problem with Explicit Constraints

We now consider the bilevel problem of the type (2),

inf £(x), (12)

xes

where S is the solution set of the lower-level problem:
minh(x) subjectto g;(x) € =Dy, x€C. (13)

Here the data are as in Sect.3.1. Concretely, h: R" — R:= (—oo, 0] is a proper,
convex, lower semicontinuous (1.s.c.) function, and g;: R" — R™ is a D|-convex
mapping with D is a closed convex cone in R™ and C C R” is a closed and convex
set. Further, assume that the mapping g; is continuous on R”".

Suppose that

o= inf  h(x) < e
g1(x)e—=DyxeC
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For the sake of simplicity, assume that & = 0. This can be achieved by setting
h(x) := h(x) — o. Then the bilevel program (12) is equivalent to the following opti-
mization problem:

min f(x) subjectto h(x) <0, g1(x) € =D, x€C. (14)

Now let
D:=RyxDy, g:R'=R™  ¢(x)=(h(x)g1(x)).

Then, problem (14) can be reformulated as
min f(x) subjectto g(x) € —D, x€C, (15)

which is of the type (2).
The next theorem gives necessary and sufficient conditions for optimality of the
bilevel programming problem (12).

Theorem 4. For the problem (12), assume that

coneepii® + | J epi(Ag1)* +epid¢
reDf

is closed. Then x € g~'(—D)NC is a (global) solution to (12) if and only if there is
reRyand A € Dfr such that

0 € df(X) +roh(x) + d(Ag1)(X) + Nc(X), (16)
rh(x) =0and Ag;(x) =0. (17)

Proof. Observe that D™ =R x D} and for any A= (r,A) e D",

(Ag)(x) = rh(x) + (Agr)(x).

Moreover,
epi (ig)* = cl{epi(rh)* +epi(Ag1)*}
=epi(rh)* +epi(Lg)*
= r-epih” +epi(Agy)*.
Therefore,

U epi (Ag)* + epi & = coneepih® + UJ epi(Agi)*+epids.
reD+ reD}

By assumption, this set is closed. Hence, (FM) holds for the problem (15). Since f
is continuous, (CC) holds for (15) as well (see Remark 2). Since the problem (12) is
equivalent to (15) [also (14)], by Theorem 2, X € A is an optimal solution of (12) if

and only if there exists A = (r,A) € D" such that
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0€ Jf(%)+ d(Ag)(X) + Ne(%), (18)
(Ag)(x) =0. (19)

It is obvious that

I(Ag)(%) = roh(z) + d(Ag1)(%).
On the other hand, B
(A8)(X) = rh(x) + Ag)(3) =0.

Since r > 0, h(x) <0, Ag; (X) <0, we get rh(x) = 0 and A g1 (X) = 0. It then follows
from (18)—(19) that

0 € df (%) + roh(x) + d(Ag1)(X) + Nc(F),
rh(¥)=0 and Ag;(%)=0,

which is desired.

It will be interesting to revisit Example 1 in the light of the above theorem. This is
what we present below.

Example 3 (Example I revisited). Recall that in Example 1 we consider the problem
(BP) with the function f : R — R given by f(x) = x> and the lower-level objective
h:R — R given as follows: i(x) = x> when x > 0 and h(x) = 0, x < 0. The lower-
level constraint set is C = [—1,+1]. This problem is of the model (12)—(13), where
81 = 0.

A direct calculation gives epi 6 = epi| - | while for u € R,

sy e if u<O,
h(”)_{o if u>0.

Therefore, epih* = coneepih* = Ri and hence,
coneepih” +epidi = Ri ~+epi| - |

is closed in R? which shows that the closedness condition in Theorem 4 holds for
(BP). It is easy the see that the system (16) [applies to (BP)] leads to the unique
solution x = 0. So, by Theorem 4, x = 0 is the solution of (BP).

4 Conclusion

The problem (BP) of finding a “best” optimal solution of a convex optimization
problem
min{Aa(x) : x € O}, (20)
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where © is a convex set and / a convex function defined on © with respect to a
convex function f is modeled as a bilevel programming problem. Using the neces-
sary and sufficient optimality conditions

0 € Vh(x) + No(x)

for the lower-level problem, optimality conditions for problem (BP) can be derived.
An example shows that these optimality conditions are necessary but not sufficient
in general, even if problem (BP) is a convex optimization problem.

To formulate necessary and sufficient optimality conditions for problem (BP),
this needs to be transformed using the optimal function value of problem (20).
Then, using tools from cone-convex optimization optimality conditions of Karush—
Kuhn-Tucker type can be developed provided some weak constraint qualification is
satisfied.

The results presented again show that the reformulation of the bilevel program-
ming problem using the optimal value function for the lower-level problem is more
promising than using the (necessary and sufficient) optimality conditions of the
lower-level problem itself, see also [4, 10].
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Smooth Representations of Optimal Solution
Sets of Piecewise Linear Parametric
Multiobjective Programs

Ya Ping Fang and Xiao Qi Yang

Abstract In this chapter, we investigate the smooth representation of the (weakly)
efficient solution set of a piecewise linear parametric multiobjective program. We
show that if the data of a piecewise linear multiobjective program are smooth func-
tions of a parameter then the (weakly) efficient solution set of the problem can be
locally represented as a union of finitely many polyhedra whose vertices and direc-
tions are smooth functions of the parameter.

1 Introduction

Multiobjective programs have been extensively studied and applied to various
decision-making problems in economics, management science, and engineering
(see, e.g., [1,2,5-7, 10, 13, 14, 24, 25,27-29]). One of the most important topics
in multiobjective programs is the study of the structure of optimal solution sets (see,
e.g., [1,5,10, 14,25-27,29]). Arrow, Barankin, and Blackwell, in their pioneering
paper [1], proved that if the feasible set and the ordering cone are polyhedral, re-
spectively, then the (weakly) efficient solution set of a linear multiobjective program
in the setting of finite-dimensional spaces is connected and the union of finitely
many polyhedra. This result has been known as the ABB Theorem. Recently, the
ABB Theorem has been generalized to the piecewise linear case. Zheng and Yang
[27] proved that if the objective function is a piecewise linear function between two
normed spaces and if the ordering cone and feasible set are polyhedral then the set
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of all weak Pareto solutions is the union of finitely many polyhedra and that if the
objective function is a convex piecewise linear function, the feasible set is polyhe-
dral and the ordering cone is a convex and closed cone, not necessarily a polyhedra
one, then the set of all weak Pareto solutions is connected and the union of finitely
many polyhedra. Yang and Yen [25] further generalized Zheng and Yang’s result
to the efficient solution set case. Yang and Yen also [25] showed that the set of all
efficient solutions of a nonconvex piecewise linear multiobjective program is not
necessarily the union of finitely many polyhedra, but the union of finitely many
semiclosed polyhedra. Very recently, Fang and Yang [8] showed that the (weakly)
efficient solution set of a discontinuously piecewise linear multiobjective program is
the union of finitely many semiclosed polyhedra. For more works on the extensions
on the ABB Theorem, we refer the reader to [29] and the references therein.

Another important topic in multiobjective programs is the study of stability.
When the data of a multiobjective program depends on a parameter, we obtain a
parametric multiobjective program. The stability problem of multiobjective pro-
grams deals with the continuity properties of their solution maps. There exists an
extensive literature devoted to the study of stability in multiobjective programs. For
details, we refer the reader to [2,13,17,18,20,23] and the references therein. Sensi-
tivity analysis arising in single-objective programs deals with the differentiability of
the solution map and has been extensively studied (see, e.g., [4,9, 11, 12]). Different
from the single-objective case, the study of sensitivity in multiobjective programs
is very limited because its solution map is set-valued in general. The techniques
developed for single-objective programs cannot be applied to the study of the sen-
sitivity of multiobjective programs. Up to now, there exist two approaches to study
the sensitivity of multiobjective programs. The first approach is based on the use of
generalized derivatives for set-valued maps (see, e.g., [3, 12, 19, 21]). The second
approach, developed for the linear case in the works [15, 16], is based on the smooth
representation of a parametric polyhedron by vertices and recession directions. Us-
ing the second approach, Thuan and Luc [24] proved that if the data of a linear
multiobjective program are smooth functions of a parameter then the (weakly) ef-
ficient solution set of the problem can be locally represented as a union of finitely
many polyhedra whose vertices and directions are smooth functions of the parame-
ter. Thuan and Luc’s result is an interesting extension of the ABB Theorem.

The purpose of this chapter is to extend Thuan and Luc’s result to the piecewise
linear case. We shall show that if the data of a convex piecewise linear multiobjective
program are smooth functions of a parameter then the (weakly) efficient solution set
of the problem can be locally represented as a union of finitely many polyhedra
whose vertices and directions are smooth functions of the parameter. The convexity
requirement plays an important role here as the establishment of the main results
will use a linear scalarization approach. Our results can be regarded as extensions
of the corresponding results in [24,25,27].
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2 Preliminaries

Let C be a closed, convex and pointed cone of R with int C # (), where int C denotes
the topological interior of C. Denote by C* the dual cone of C, i.e.,

C*={ECR": (£,x) >0, VxeC).

Given a nonempty set A C R™, a point a € A is called an efficient point of A (with
respect to C) if there is no @’ € A such that @ —a’ € C\{0}. Similarly, a pointa € A
is called a weakly efficient point of A (with respect to C) if there is no a’ € A such
that a —a’ € int C. The sets of all efficient points and all weakly efficient points of A
are denoted by MinA and WMinA, respectively.

Definition 1. A subset P of R” is called a polyhedron if it is the intersection of
finitely many closed half-spaces, i.e., 3{x},x},...,x } CR"and {cy,c2,...,¢;} CR
such that

P={xeR": (xf,x) <cyi=1,2,...,1}.

For the definitions of face, extreme point and extreme direction of a polyhedron,
please refer to [22].

The following lemma is important to establish our main results, whose proof can
be found in [13,29].

Lemma 1. Let A = UleAi with A; being a polyhedron in R™ and C be a pointed,
closed, and convex cone of R™ with int C # 0. If A+ C is convex, then the following
conclusions hold:

(i) x € MinA (resp. WMinA) if and only if there exists & € int C* (resp. C*\{0})
such that

veLgl)i={yea:60) = ming ()}

YeA

(ii) There exist Ay, Ay, ..., Ay with A; C int C* (resp. C*\{0}) being a finite set such
that
MinA (resp. WMinA) = UL_; [Ugep,AiNLe (A)] .

(iii) MinA (resp. WMinA) is a union of a finite family consisting of some faces of
A i=1,2,....L

Lemma 2. LetA = UleAi with A; being a polyhedron in R™, C be a pointed, closed,
and convex cone of R™ with int C # 0 and A + C be convex. Suppose that F; is a face
of A;. Then, F; C MinA if and only if there exists X € ri F; such that £ € MinA, where
ri denotes the relative interior of a set.

Proof. If F; C MinA, then every point of its relative interior is an efficient one of A
by definition.
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Conversely, suppose that there exists X € riF; such that £ € MinA. By (i) of
Lemma 1, there exists § € int C* such that £ € Lg (A). Then,

E(x) > E(R), VxeF.

It is clear that £ belongs to the face of the convex set A 4+ C, which is determined by
the hyperplane & (x) = & (). As £ is a relative interior point of F; C A+ C, we deduce
that F; lies in that hyperplane too. In other words, every point of F; minimizes & (-)
on A+ C, hence on A as well. By Lemma 1, it is efficient. O

Given a nonempty set X C R” and a vector-valued function f : R” — R™, the
multiobjective program,
(MP) C —min f(x)
xeX

consists of finding a point xo € X such that f(x) is an efficient point or a weakly
efficient point of f(X) (with respect to C). Such x is called an efficient solution or
a weakly efficient solution of (MP). The sets of all efficient solutions and all weakly
efficient solutions of (MP) are denoted by S(f,X) and WS(f,X), respectively.

Definition 2. See [25,27,28]. A function f : R" — R™ is said to be piecewise lin-
ear if there exist polyhedra Py, Py, ..., P, in R”, matrices T1,T,...,T; in R”™*" and
vectors by, by,...,b; in R™ such that

R"=Ul_,P and f(x)=Tix+b;, YxecPandl<i<lL. (1)

Definition 3. Let C be a pointed, closed, and convex cone of R” and f: R" — R™.
f is said to be C-convex if

flxi+(1=0)x) —tf(x1) — (1 —1)f(x2) € =C, Vt €][0,1] and x1,x, € R".

3 Sensitivity Analysis

In this section, we study the sensitivity of piecewise linear multiobjective programs
by using the approach developed in [15, 16, 24]. First we recall some results on
parametric polyhedra.

Set the parametric polyhedron as follows:

N(ow)={xeR": (ai(w),x) <ci(w),i=1,2,...,T}, (2)

where a; and c¢; are functions of the parameter w on R”. For convenience, we always
say that N(®) defined by (2) is of class C? if a; and ¢; are of class C¢ for all .

Lemma 3 ([15]). Let N(®) be a parametric polyhedron of class C¢. Then, for any
open set W C R, there exists an open nonempty set Wo C W such that either

N(w)=0, YoeW,
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or there exist functions vy, v, ... ,vs of class C? and integer 0 < k < s such that, for
anyw € Wy,

i=1 i=1

K k
N(w) = {xeRm tx= Y Avi(w), Y, Li=1,4>0,i= 1,2,...,s}.

Lemma 4 ([24]). Let N(®) be of class C. Then, for any open set W C R, there
exist an open nonempty set Wy C W, an integer k¥ > 1 and 2x finite index sets
L,... .0 and Jy,...,J, 2K families %,..., % and D\, ..., D with U = {uy €
Cl:kel} and D = {dy € C? : k' € J;} such that for any ® € W,

N((D) = Ut"(:llvl'(a))7

where

Ni(®) = co{uy(®) : k € I} + cone{dy(®) : k' € J;}

is the face of N(®), ux(®) is the vertex of N(®) and dy (®) is the extreme direction

of N(w).
As a direct consequence of Lemma 4, we have

Lemma 5. Let A(w) = UL_ A;(®) with A;(w) being a parametric polyhedron of
class C%. Then, for any set W C R, there exist an open nonempty subset Wy C
W, index sets Ij» and J;», j=1,...,K (each K; is a natural number); i =1,...,1
and families 02/; and @; with 02/; ={uy(w)ecC?: ke I;} and @j‘: = {dp(w) €C?:
K e J;} such that for any @ € Wy,

A(0) = Uiy UL Fj(o),
where

Fl(0) = co{ux(w) : k € I} + cone {dy(w) : K € Ji}

is the face of Aj(®), ui(@) with k € Ij» is the vertex of A;(®), and dy (@) with k' € J;

is the extreme direction of A;(®).

Lemma 6. Let A(®), Wy and F;(w) be as in Lemma 5. Suppose that A(w) + C is

convex for all w € R" and Fj’(wo) C MinA(ay) for some axy € Wy. Then there exists
an open neighborhood Wi C Wy of wy such that

Fi(w) C MinA(®), VYo €W.

Proof. Let %o € riF}(ay). Then £y € MinA(ay) since F}(@y) C MinA(ay). By the
Minkowski’s theorem [7], there exist {A; > 0:k € Ij} with ¥, ;i & = 1 and {t >
J

0: k' € Ji} such that

)?() = Z )ykuk((l)()) + Z [kldkl((l)o).
ke1}i k'eJ;
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Define
) (O) = 2 lkuk(a)) + z tk/dk/((x)).

kel kel

Clearly, £(®) is of class C¢ and £(awy) = %o.

Set ,

I—U/ lU/ 1 j, and J:Uflzlu;cflzl ;/.
By Lemma 1, there exists &y € int C* such that
fo € Ai(ap) NLg, (A(@))-

Take

I={kel: (.um(m)) = (&%)} and J={KeJ: (&,dy(an))=0}.

Clearly, I} i C I and J; i J. Consider the following two systems for w € R”:

(& um(w) —%(w)) =0, kel &)
(§,dy(w)) =0, K el,
and
(&, m(0) —%(w)) >0, kel\l @
(§,du(w)) >0, K eJ\J.

Then systems (3) and (4) have a common solution &, when @ = @y. By Lemma 3,
there exist an open neighborhood Wy C Wy of @y, and functions & (@), k=1,...,p,
of C? such that every solution of system (3) can be written in the form

iﬁk&k ) B0,

forall @ € Wj. Since & = & (ap) € int C*, E(®) € int C* when o is sufficiently near

to .
Since

{ (€ (@), ux(o) —F(ap)) >0, kel\l,
(€ (@), dy (@) >0, K e\,

and &, u;,%,dp are continuous, & (®) is a solution of system (4) when @ is suffi-
ciently near to @y.

So, without loss of generality, we can suppose that & (@) is a common solution
of systems (3) and (4), and & () € int C* for all @ € W;.

Next we prove that for any ®w € Wy,

)’C\((D) S L[’:(w) (A((x)))
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Assume to the contrary that there exists x € A(®) such that

(E(w),x) < (§(w) X))
By the Minkowski’s theorem [7], there exist index sets I;‘(’) and J;.‘(’), {M>0:ke Ij‘(’)}

with %, o A =1land {f > 0:K €J°} such that
0

X = 2 kkuk(a))-i- z tk/dk/(a)).

i() i()
kel o kel o
It follows that

E(w).x) = X hl&(o)um(@)+ Y (o) du(w)

ke[jg k/er.g
> Y, l(w).2(w) = (§(0),2(w)),
ke[}?}

a contradiction. So #(®) € Lg(y)(A(®)) for all ® € W;. By Lemma 1, #(w) €
MinA(). Since £(w) € riF]?(a)), it follows from Lemma 2 that Fj’(w) C MinA(w)
forall w € W;. ' O
Lemma 7. Let A(w), Wy C W and F;(w) be as in Lemma 5. Suppose that A(w) 4+ C

is convex for all ® € R" and Fj’(a)o) ¢ WMinA(wy) for some oy € Wy. Then there
exists an open neighborhood Wy C Wy of @y such that

Fi(w) ¢ WMinA(w), Yo €W.

Proof. Since F;(wo) ¢ WMinA(ay), there exists xo € Fjl(wo) and x € A(my) such
that xy — x € int C. By Lemma 5, there exists an open neighborhood W| C W of @y
such that for any @ € W/,

Fi(w) = co{ux(w) : k € I} + cone {dy(w) : K € Ji}

and
K. o
Alw) = Uf’:l Uj'l,:l F;/(w)»

where u(®) and dy (o) are functions defined as in Lemma 5. Since xg € Fj’(a)o),
there exist {4y > 0: k € I} with 3, A = 1 and {y > 0: k" € J4} such that
. ! .

X0 = 2 )ykuk((l)o)—f— 2 tk/dk/((l)o>.
kel kel

Define
xo(@) =Y hay(w)+ Y, tvdy(®), Yo R
kelj. k'eJ;'.
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Then xo(®) is of class C? such that for any @ € Wi,
xo(w) € E;(a)) and xo(@o) = xp.

Since x € A(ay) and

A(@)=Us_ UY | Fii(o),

by same arguments we can find a function x() of class C¢ such that for any @ € Wy,
x(w) € A(w) and x(op)=ax.

It follows that limg ., Xo(®@) = X0 and limg_q, x(®) = x. Since xy —x € intC,
xo(®) — x(®) € intC when o is sufficiently near to ay. Therefore, there exists
an open neighborhood Wi C Wy of @y such that F}(w) ¢ WMinA(w) for all
e W. . O

Remark 1. The conclusion of Lemma 6 is not true for the weakly efficient point set,
while the conclusion of Lemma 7 is not true for the efficient point set. This has been
pointed out by Thuan and Luc [24] in the linear case.

With the above lemmas in hand, we are ready to establish the main results of this
chapter. In the case where the feasible set X and the objective function f of (MP)
depend on a parameter @ in R”, we obtain the following parametric multiobjective
program:

(MP),, C- min f(o,x).
xeX (o)
In the sequel we need the following assumption.
Hypothesis (H): Let f: R” x R” — R" be such that:

(i) There exist parametric polyhedra P;(w),i = 1,...,, of class C? such that
U_P(0)=R", YoecR

and
flo,x) =T (0)x+bi(w), VxeP(w)andie{1,2,...,i},

where T;(®) € R"™*" is a matrix with its entries being of class C?, and b;(@) € R™
is of class C¢.

(i) f(o,-):R"— R™is C-convex for all ® € R".

(iii) X(w) C R" is a parametric polyhedron of class C¢ on R”.

Remark 2. Assume that Hypothesis (H) holds. It follows from Lemma 2.2 of [27]
that (MP),, is equivalent to the following program:

C-min y
st x € X(w),
T(o)x+bi(w)—ye—C, 1<i<l.



Smooth Representations of Optimal Solution Sets of PLPMP 171

In addition, if C is a polyhedral cone, i.e., C = {y € R" : Dy € —Rk} for some
k x m-matrix D, then (MP), collapses to the following linear parametric
multiobjective program:

C-min y
st xeX(w),
D(Ti(w)x+bi(®))—Dye —RK 1<i<l.

The sensitivity analysis of the above linear parametric multiobjective program has
been investigated in [24].

Theorem 1. Assume that Hypothesis (H) holds and V(@) = Min f(®,X (®)). Then,
for any open nonempty set W C R, there exist an open set Wy C W, two finite index
sets I and J, and two families {u () € C? : k € I} and {dy(w) € C? : k' € J} such
that:

(i) Either V(w) = 0 for all ® € Wy,
(ii) Or there exist an integer I, > 1 and 21, index sets,
L,....,,cCI, J,....,J;,CJ
such that for any ® € Wy,
Ly
V((D) = Uj:lN](w)v
where
Nj(®) = co{ux(w) : k € I;} + cone{dp(w) : kK € J;}

is a face of the set T;(®)(X (®) N Pi(®)) + bi(®) for some i € {1,...,1}.

Proof. Set
Alo) = f(0.X(0), Ai(®)=T(w)(X(0)NP(0)+biw),i=1,...,1
Then each A;(®) is a parametric polyhedron of class C¢ and
A(w) = UL Ai().

By Lemma 5, there exist an open set W; C W, index sets I; and J;, j=1,...,K;
i=1,...,[ and families %]-i and .@j with %ji ={um(w) € C?: ke Ij} and .@j =
{dv(w)eC?: K € Jj} such that for any @ € Wy,

A(0) = U, UL Fj(o),
where

Fj’(a)) =co{u(w):ke I;} +cone{dy(w) : k' € J}}

is the face of A;(®), ux (@) with k € I; is the vertex of A;(®), and dy (®) with k' € J;
is the extreme direction of A;(®).
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If V(w) = 0 for all @ € Wy, the proof is completed. Now we suppose that
V() #0, forsome wy € W).

Since f(ay,) is C-convex, A(mp) + C is convex. By (iii) of Lemma 1, V(ay) is a
union of a finite family consisting of some faces of A;(@yp),i=1,...,l. By Lemma 6,
there exists an open neighborhood W, C W) of wy such that

V(o) #0, Yo cW,.

For any @ € Wy, let /(@) be the number of the sets Fj’(a)) with F]’(a)) CV(w).Itis
easy to see that there exists @, € W, such that '

l.:=1(w,) = max [(®).

wcW,
Let Ny (wy),...,N, (o) be the sets Ff(a)*) which are contained in V(@,), i.e.,
l*
V(o) = U Nj(.).

By Lemma 6, there exists an open neighborhood Wy C W, of w, such that

Ulll.*lej(w) cV(ow), YoeW.
By the definition of I,

U INj(0) =V(0), Yo e W,

O

Corollary 1. Assume that Hypothesis (H) holds and S(0) = {x € X(0) : f(w,x) €
V(w)}. Then, for any open set W C R, there exist an open set Wy C W, two index
sets I and J, and two families {vi(w) € C? : k € I} and {hy(w) € C* : k' € J} such
that:

(i) Either S(®w) = 0 for all ® € Wy,
(ii) Or there exist an integer I* > 1 and 21" index sets,

L, ....)D» CI_, Ji,oo I cJ
such that for any @ € Wy,
S(w):Uj:le(a))v

where
Fj(®) = co{v(®) : k € I;} + cone{hy(w) : K € J;}.

Proof. By Theorem 1, there exist an open set Wy C W, two index sets / and J, and
two families {u (@) € C? : k € I'} and {dy(w) € C? : k' € J} such that:
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(a) Either V() = 0 for all ® € Wp;
(b) Or there exist a number /, > 1 and 2/, index sets,

L,....,,cCI, J,....,J;,CJ
such that for any @ € W,
Ly
V((D) :szlNJ(w)v

where
N;j(0) = co{ux(®) 1k € I;} + cone{up(w) : k' € J;}.

Conclusion (i) holds trivially if («) holds. So we suppose that (b) holds. By Hypoth-
esis (H),

S(o)

X(@)n /" (0,)(V(0))

X(@)N (w,'><u§f;1Nj<w>>

X(@)n [ P(@)N 1 (0,) (U Nj(@))]

oLy u;l[xwmmww; (0.)(Nj(0) ~ bi(@))]. Yo € Wo. (5)

It is easy to verify that each X (@) NP(@)NT; ' (w,-)(Nj(@) — bi(®)) is a paramet-
ric polyhedron of class C?. Therefore, the conclusion follows directly from (5) and
Lemma 5. O

Theorem 2. Assume that Hypothesis (H) holds and V" (®) = WMin f(0,X (®)).
Then, for any open set W C R, there exist an open set Wy C W, two index sets
I and J, and two families {u(w) € C* : k € I'} and {dy () € C? : k' € J} such that:

(i) Either V¥ () = 0 for all ® € Wy;
(ii) Or there exist a number 1, > 1 and 2, index sets,
L,....,,cCI, J,....,J;,CJ
such that for any @ € Wy,
L
V(o) = Ui Nj(w),
where
Nj(®) = co{ux(®) : k € I;} + cone {uy(w) : k' € J;}

is a face of the set T;(®)(X (®) N Pi(®)) + bi(®) for some i € {1,...,1}.
Proof. Let A(w) and A;(®) be the same as in the proof of Theorem 1. By the same
arguments, we can find an open set W; C W, index sets I} i and J’ j=1,.
i=1,...,/ and families %j’ and Qj’ with %j’ ={u(w) € Cd ke I’} and 9’ =
{di(@) € C? : k € J}} such that for any @ € W),

A(0) =U_ UL, Fj(o), (6)
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where

Fj’(a)) =co{u(w):ke I;} +cone{dy(w) : k' € J}}

is the face of A;(®), ux (@) with k € I; is the vertex of A;(®), and dy (w) with k' € J;
is the extreme direction of A;(®).

If V¥ () = 0 for some awy € Wy, then V¥ (w) = 0 for all w sufficiently near to
. So we can suppose that

V¥ () #0, YoeW,.

Since f(®,-) is C-convex, A(®) + C is convex. By (iii) of Lemma 1, V" (ay) is a
union of a finite family consisting of some faces Fj(wy) of A;(ap),i=1,...,1. Let
s« denote the number of the sets Fj’(a)) presented in the right set of (6). For any
o € Wi, let /(@) be the number of all the sets Fj(®) contained in V" (®). Then
there exists @, € W, such that

Sx — L i= s — (@) = max{s, — (w) : @ € W, }.

Let Ny (o,),...,N;, ; (o.) be the sets Fj’(a)*) which are not contained in V" (@),
ie.,
Ni() ¢ V¥(@), j=1,2,...,5.— L.

By Lemma 7, there exists an open neighborhood Wy C W of . such that for any
[ORS Wo,

Ni(@) V¥ (o), j=1,2,...,5.— L.
By the definition of s, — L., V" (®) is a union of a family consisting of /. faces of

Ai(w),i=1,2,...1. O

Corollary 2. Assume that Hypothesis (H) holds and S* (w) = {x € X (o) : f(®,x) €
VY (w)}. Then, for any open set W C R, there exist an open set Wy C W, two index
sets I and J, and two families {vi(®) € C? : k € I} and {hy(w) € C¢ : k' € J} such
that:

(i) Either S* () = 0 for all 0 € Wy;

(ii) Or there exist an integer I > 1 and 21" index set,

Il,...,I[*Cl_, Jiyoo I cJ

such that for any ® € Wy,

s

$¥(0) = Ui Fj(),

where
Fj(®) = co{v(®) : k € I;} + cone{hy(w) : K € J;}.

Proof. The conclusion follows from Theorem 2 and the same argument as in the
proof of Corollary 1. O
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Global Optimality Conditions for Classes
of Non-convex Multi-objective Quadratic
Optimization Problems

V. Jeyakumar, G.M. Lee, and G. Li

Abstract We present necessary and sufficient conditions for identifying global
weak minimizers of non-convex multi-objective quadratic optimization problems.
We derive these results by exploiting the hidden convexity of the joint range of
(non-convex) quadratic functions. We also present numerical examples to illustrate
our results.

1 Introduction

Consider the following multi-objective non-convex quadratic optimization problem

(MP) min (fi(x),...,fp(x))
st. gj(x) <0,j=1,...,m,

where f;(x) = 3x"Aix+al x, gj(x) = 3x" Bjx+ bl x+cj, A;,B; € S", the space of
all (n x n) symmetric matrices, a;,b; € R" and ¢; € R.

One of the fundamental studies in the area of multi-objective optimization is to
develop dual conditions for identifying global (weak) minimizers of (MP) in terms
of Lagrange multipliers. Such results in multi-objective optimization have useful
economic interpretations (e.g., see Arrow [1]) and hence have attracted a great deal
of researchers (see [4] for a comprehensive and excellent survey).

Over the years, significant advances have been made in identifying solutions of
multi-objective convex optimization problems. However, the development of global
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optimality conditions for non-convex quadratic optimization problems has so far
been limited to some classes of single-objective quadratic optimization problems
(see, e.g., [3,7-9, 11] and the references therein). Notably, one of the main ingredi-
ent in developing such global optimality conditions for single-objective non-convex
quadratic optimization problems has been the hidden convexity of the joint range of
quadratic functions.

The purpose of this chapter is to derive Lagrange multiplier conditions for global
weak minimizers of multi-objective optimization problems (MP). We derive neces-
sary as well as sufficient Lagrange multiplier conditions for global weak minimizers
of (MP) by first establishing joint range convexity results for systems of quadratic
functions.

2 Joint-Range Convexity Conditions

We begin this section by fixing the notation and definitions that will be used through-
out this chapter. The real line is denoted by R and the n-dimensional Euclidean space
is denoted by R". The set of all non-negative vectors of R" is denoted by R} , and the
interior of R’} is denoted by intR” . The space of all (n x n) symmetric matrices is
denoted by S”. The notation A > B means that the matrix A — B is positive semidef-
inite. Moreover, the notation A > B means the matrix A — B is positive definite. The
positive semidefinite cone is defined by S} := {M € §" : M = 0}. The n-simplex
{(x1,...,x0) €ER" :x; > 0,27 | x; = 1} is denoted by A,,.

Let us give the following generalized Gordan alternative theorem, which can be
established by following a similar argument as in [6, Theorem 2.1]. For the reader’s
convenience, we also provide the proof here. This alternative theorem plays a key
role in deriving dual global optimality conditions.

Theorem 1. Let hj, i=1,..., p, be real-valued functions on R" such that (hy, ... ,h,)
(R")+intR” is convex where (hy,...,h,)(R") = {(h1(x),...,hy(x)) : x € R"}. Then,
exactly one of the following two statements holds:

(i) IxeR", hi(x) <0,i=1,...,p.
(i) (34 € RE\{0}) (Vx € R") 3, Aihi(x) > 0.

Proof. Tt suffices to show Noz(i) = (ii) as the converse implication holds always.
Suppose that (i) does not hold. Then we have

0¢ (hi,...,hy)(R") +intR?.

As (hy,...,h,)(R")+intR” is a convex set, by the convex separation theorem, there
exists A = (A1,...,4,) € RP\{0} such that

P
Y Aia; >0, foralla=(ai,...,an) € (hi,...,h,)(R")+intRY. (1)
i=1
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In particular, we have each 4, > 0,i=1,...,p,and so, A = (41,...,4,) € Ri\{O}
Moreover, fix an arbitrary x € R". Then, for any € > 0, we have

(M (x) +&, ..., hp(x)+€) € (hy,....hy)(R") +intR",

and (1) implies that
p
Z li(hi(x) + 8) >0.

i=1

Letting € — 0, we have Y| A;h;(x) > 0. Hence, (ii) holds. 0

It is clear that if each h;, i = 1,..., p is convex, then (hy,...,h,)(R") +intRY is a
convex set.

Now, we give some sufficient conditions ensuring the convexity of
(h1,...,hp)(R") +intRY when h;, i =1,..., p are non-convex quadratic functions.

Proposition 1. The set (hy,...,h,)(R") +intR" is convex if any one of the following
conditions holds:

(1) p=2, hi(x) = 32T Aix, i = 1,2, where A; € S".
2)n>2p=2 hix)= %xTAix—i-biTx—i—ci, i=1,2, where A; € §" and there exists
(W1, 12) € R* such that
AL+ tAs - 0.

B)n>3 p=3 hkx) = %xTAix, i =1,2,3, where A; € 8" and there exists
(U1, o, u3) € R? such that

WA+ U2As + U3Az = 0.

4) pEN, hi(x) = %xTA,-x, i=1,...,p, where A; € S" and the matrices Ay, ...,A)

commute.

(5) pEN, hi(x) = %xTAix—i—biTx—i—ci, i=1,...,p, where A;c §",i=1,....p—1,
A, €8", b € R", ci € R and there exists v € ﬂf;ll{d ER":Aid=0,bTd <0}
such that vTApv < 0.

Proof.

Proof of (1): By Dine’s Theorem (cf. [5]), (h1,h2)(R") is convex in R and hence
(h1,h2)(R™) +intR? is also convex.

Proof of (2): By [12, Theorem 2.2], (h,h)(R") is convex in R? and hence
(h1,h2)(R") +intR? is also convex.

Proof of (3): By [12, Theorem 2.1], (h1,h,h3)(R") is convex in R® and hence
(h1,ha,h3)(R") +intR3 is also convex.

Proof of (4): By [12, Proposition 3.71, (hy,...,h,)(R") is convex in R” and hence
(hy,...,hp)(R") +intRY is also convex.

Proof of (5): Let M := (hy,...,hp—1)(R") —|—intR<’fl. Since by, i=1,....,p—1,
are convex (by the fact that A; = 0,i=1,...,p— 1), M is a convex set. Indeed, let
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(X15..sxp—1) €M, (y1,...,yp—1) € M and A € (0,1). Then, there exist u,v € R"
such that
hi(u) <x; and  R(v) <y, i=1,....,p—1.

Thus, by the convexity of h; i=1,...,p—1,foralli=1,...,p—1
hi(Au+ (1—=2)) < Ahi(u) + (1 — A)hi(v) < Axi+ (1 = A)y;.
Thus A (x1,...,xp—1) + (1 = A)(1,...,¥p—1) € M and hence M is convex in RP~!.

Now we verify that N := (hy,...,hp)(R") +intR” is convex in R”. Let (x1,...,x,) €
N, (y1,--.,yp) € Nand A € (0,1). From the above argument,

(Axi 4+ (1= )y1,-. s Axy 1+ (1 =A)yp1) € M := (hy,...,h, 1 )(R") +intR? .
Thus, there exists ug € R" such thatforalli=1,...,p—1
h,’(uo) < Ax;i+ (1 — )L)yi.

Consider u; := ug + tv, where v is defined as in the assumption in (5) and ¢ > 0.
Then, fori=1,...,p—landz >0,

1
hi(u) = EutTAiu, + bl-Tu, +c

1
= E(MQ—FZ‘V)TAI'(MQ—FZ‘V) +b,»T(uo+tv) +ci

IN

1
EugA,'uo + b,Tuo +c;

= h,’(uo) < Ax;+ (1 — )L)yi.
Moreover, note that
1 7 T
hy(uy) = St Apus +byu +cp
1 T T
= §(u0+tv) Ap(uo+1v) +b,(uo+1v) +cp
1 1
= <§vTA,,V> 2+ (vTApuo—l-bIT,v)t—l- <§ugApuo+bIT,uo+c,,> .

Thus since v A pV <0, limy o h,(u) = —oo, and hence there exists fo > 0 such
that
hyp(ugy) < Axp+(1—=21)yp.

Therefore, hi(uy,) < Axi+ (1 —A)y;, i =1,...,p. It follows that A (xq,...,xp) +
(1—A)(»1,...,yp) € N. Hence N is convex in R”. O

It is worth noting that, in our condition (5), we require the existence of a vector v
suchthath;,i=1,..., p—1,is non-increasing along this direction and 4, approaches
—oo along this direction. As we will see later (e.g., Example 4), the condition (5) can
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be used as a sufficient condition to verify the convexity of (hy,...,h,)(R") 4+ intR’
when hy, ..., h, are not all convex, and so, plays an important role in verifying the
global optimality condition for the corresponding non-convex quadratic optimiza-
tion problem.

To end this section, we give an example showing that the set (hy,...,h,)(R") +
intR" may not be convex when &;,i = 1,..., p are general quadratic functions.
Example 1. Let hi(x1,x) = x1, ha(x1,%2) = —x% +x% and h3(xp,x) = —x;. Let

M = (hy,hy, h3)(R?) +intR3.. Since hy(0,0) = 1(0,0) = h3(0 0)=0,h(1,0)=1
and hy(1,0) =h3(1,0) = —1,a: —(110,10,10)€Mandb = (L =2 =2) e M. Con-

10° 10 10
ta+h (12 -8 =

sider the poin 367 30 > %) Note that the following system has no solution:

8 8
—x%+x%<—— X < ===

x < 12
! 20° 20

20’

Thus “2ib ¢ M. So, M is not convex in this example.

3 Necessary and Sufficient Optimality Conditions

Recall the multi-objective non-convex quadratic optimization problem

(MP) min (fi(x),...,fp(x))
st. gi(x)<0,j=1,....m

where fi(x) = 3x" Aix+al x, gj(x) = 35" Bjx+blx+cj, A;,Bj € ", the space of all
(n x n) symmetric matrices, a;,b; € R" and c; € R. Denote Fp = {x € R" : g(x) <0,
j=1,...,m}. ApointX € Fp is called a weak minimizer of (MP) if there do not exist
X € Fp such that f;(x) < fi(x), i=1,...,p

In this section, we derive Lagrange multiplier conditions for a weak minimizer
of (MP).

Theorem 2 (Necessary optimality theorem). Suppose that (fi,...,fp.81,.--,8m)
(R™) + intRffm is convex in RP™ and there exists xo € R™ such that gj(xo) < 0

J=1,....,m. Assume that X € Fp is a weak minimizer of (MP). Then there exists
(1, ,L_L) € A X R such that for all x € R"

P _ m
D Ailfix) = fi®) + X H;8(x) > 0. 2)
i=1 Jj=1
In particular, we have
P m
Y AVAE) + Y H, Ve =0, )
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p m
> AiAi+ Y, T;B; = 0. (5)

i=1 j=1

Proof. Let X be a weak minimizer of (MP). Then the following system has no
solution:

fix)—fi(x) <0,i=1,....,p, gj(x)<0,j=1,....m

Hence the following system also has no solution:
filx)—fix) <0,i=1,...,p, gj(x)<0,j=1,....m

So, by Theorem 1, there exists (A1, ..., Ay, {1, .-, i) € RE ™\ {0} such that for all
XER"

14 m

D Aifi(x) = fi(X)) + D mjgj(x) > 0.

i=1 j=1
If (A1,...,4,) = (0,...,0), then Zleujgj(x) > 0 for all x € R". Since there
exists xo € R" such that g;(xo) < 0, j = 1,...,m this is impossible. Thus

(A, JL ) # (0,...,0) and hence 37, A; > 0. Therefore, define A; = __Z’L — and
i=1

I, = . Then A = (A1,...,A,) € Ap, B = (Hy,---,H,,) € R7 and (2) holds.
From (25 one has 3L 1/,L]gj( x) > 0. Slncexer,/J :2j(x¥) <0.Thus it ;g;(x) =0,
j=1,...,m. Define L(x,A, 1) = X7 | A fi(x )+ X0 1 g(x). 1t follows from (2)
that V,L(x,A, 1) = 0 and V2 L(x, A, 1I) > 0. Thus (3)=(5) hold. o

Theorem 3 (Sufficient optimality theorem). Ler X € Fp.

(1) If there exists (I,ﬁ) € Ap X R such that for all x € R" (2) holds, then X is a
weak minimizer of (MP).

(2) If there exists (A, L) € Ap X R such that (3)—(5) hold, then X is a weak minimizer
of (MP).

Proof.
Proof of (1): Suppose that there exist A € A, and [l € R"} such that for all x € R”
(2) holds. Then for any x € Fp,

Aifi(x) = X Aifi(3). (6)

1 i

M'c
Mm

1

I

Now, suppose on the contrary that X is not a weak minimizer of (MP). Then, there
exists £ € Fp such that

fil®) < filx),i=1,....p.
Thus, from A € A, one has
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This contradicts the inequality (6).
Proof of (2): Note that (3)—(5) hold if and only if (2) holds. Thus (2) follows. O

The following example shows that our sufficient optimality condition in the pre-
ceding theorem can be used for finding weak minimizer even when the range con-
dition “(hy,...,h,)(R") +intR" is convex” does not hold.

Example 2. Consider the following multi-objective non-convex quadratic optimiza-
tion problem
(MP) min (x1,—x3+x3)
s.t. —x; <0.

Let f (xl ,X2) =X, f2(X1,X2) = —X% —|—x% and gl(xl ,X2) = —x;.Let Fp = {(xl ,X2) S
R?: gl(xl,xz) < 0} Then Fp = {(xl,X2) 1X] > 0} and M := (fl,f2,g1)(R2) —|—intR1
is not convex (see Example 1). Thus our necessary optimality theorem cannot be
applied to this example. However, our sufficient optimality theorem still can be
applied. Let ()_61,)_62) S {(O,xz) Xy € R}. Then Vf; ()_61,)_62) = (1,0), Yfzgl,fz) =
(0,2x,), Vgi(x1,%2) = (—1,0) and hence the following holds with (11,4,,1;) =
(1,0,1):

MVF(ELT) + A VA (ELT) + 1, Vel (F1,52) =0 and 1,81 (%1,%2) = 0.

LetA; = V2f1 (fl,)_CQ), Ay = V2f2()_61,)_62) and B} = V2g1()_61,)_62). Then, one has

00 -20 00
A1—<00), A2—<02> and Bl—<00>,
and hence 14| + 1,4, +UB1 =A; + B; = 0. Hence, it follows from our suffi-

cient optimality theorem that (X1,X,) is a weak minimizer of (MP). In fact, since
(f1,/2)(Fp) = {(x1,x2) € R? : x; > 0,x, > —x3}, the set of all weak minimizers is

{(O,X2) X2 GR}U{(xl,O) X > 0}

Now, we define a Karush—-Kuhn—Tucker (KKT) point of (MP) as follows.

Definition 1. A point X € Fp is called a KKT point of (MP) if there exists (I,E) €
Ap x R such that (3)-(4) hold.

Next, we present an example showing that a KKT point of (MP) need not be a weak
minimizer of (MP).

Example 3. Consider the following quadratic multi-objective optimization problem
(MP) min (x;,—x} —x3)
s.t. x%—i—x% <1
2

Let fi(x1,x2) = x1, fa(x1,x2) = —x3 —x% and gq(x1,x) = x% +x% — 1. Then the
feasible setis Fp = {(x1,%2) € R? : x} +x3 < 1}. Since (f1, £2) (Fp) = {(x1,%2) : =1 <
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x2 < —x3}, the set consisting of all the weak minimizer is {(x1,x2) : 3 +x3 = 1}.
Let (X1,%2) = (0,0) and (A1,42,1;) = (0,1,0). Then, one has 1, g(x;,%2) = 0 and

M Vfi(F1,%) + A2V o (%1,%2) + 1, Ve (F1,%) =0.
Thus (X,%,) is a KKT point but not a weak minimizer of (MP).

Now, we consider a special case of multi-objective non-convex quadratic opti-
mization problem in which any non-zero KKT point is a weak minimizer.

Consider the following multi-objective non-convex quadratic problem with ho-
mogeneous quadratic objective functions and convex quadratic constraint functions:

1 1
(HMP) min <§xTA1x, s szA ,,x)

)

1
s.t. szBjxg 1,j=1,....m

where A; € §", i=1,...,p, B; € 8%, j=1,...,m. We denote the feasible set of
(HMP) by Fyp. Let A € S". We denote the ith eigenvalue of A by 0;(A). The eigen-
values are ordered as follows 61(4) < 02(A)--- < 6, (A).

Theorem 4. Assume that X € Fyp is a non-zero KKT point of (HMP) with (A, ) €
Ap X R If 02(30_ AiAi) > O, then 37, AiAi+ 201 1B = 0 and so, X is a weak
minimizer of (HMP).

Proof. Since X € Fyp is a KKT point of (HMP), one has

P m
(2{/1,-A,-+ _Zl/jij> =
= J=

Note that X # 0. It follows that 0 is an eigenvalue of ¥/ /'L Ai + 20 ,ujB On the
other hand, note that Zm ﬁ B =0 (since B; € §} and uj>0j=1,...,m)and

ou(XP AiA;) > 62 (3P AiA;) k=2,...,n. Thus, for all k =2,...,n we have

() (g5 o ()

Mw
V
2
™M=

where the first inequality follows from [10, Lemma 2] and [2, II1.2.2]. Therefore,
we have forallk=1,...,n
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and so, 2{’:1 LiA; + 2;": | H;Bj = 0. Thus, it follows from Theorem 3(2) that X is a
weak minimizer of (HMP). O

Finally, we give an example illustrating Proposition 1(5) and Theorems 2 and 3.

Example 4. Consider the following multi-objective indefinite quadratic optimization
problem:

(MP) min (x;,x3 —x3)

S.t. x% —x1 <0.

Let f1(x1,x2) = x1, fo(x1,%) = x% —x% and g1 (x1,x) = x% — x1. The feasible set
is Fp = {(x1,x2) : a7 —x; < 0}. Then fi(x) = 3xTAix+alx, i=1,2 and g (x) =
IxTBix+blx, where x = (x1,x) € R?, a; = (1,0), a» = (0,0), b; = (—1,0) and

00 20 20
A1=<00), A2=<0_2>, and Blz<00).

(1) Note that A; = 0 and By > 0. Since

Q:={d=(d,d)) €R*:A1d =0,ald <0,B,d =0,bTd <0}
= {(O,dz) tdy GR},

v:=(0,1) € Q. Tt can be verified that v/ Ayv = —2 < 0. Thus, all the assumptions
in Proposition 1(5) are satisfied. Thus (f1, f>,81)(R?) +intR3. is convex.

(2) Tt can be verified that {(x;,x;) € Fp : H(I,E) € Ay x Ry such that (x1,x7)
is a KKT point of (MP) with Y2 | A;A; + 11, By = 0} = {(0,x2) : x € R}. It
follows from Theorems 2 and 3 that the set consisting of all weak minimizers is
{(0,x2) : x, €R}.
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Application of Variational Analysis and Control
Theory to Nonparametric Maximum Likelihood
Estimation of a Density Function

Ilya Shvartsman

Abstract In this chapter, we propose a new approach to the estimation of the
probability density function based on the maximum likelihood method if it is known
that the underlying density function is Lipschitz. We treat this problem as an opti-
mal control problem and prove convergence results using techniques of variational
analysis.

1 Introduction and Preliminaries

The probability density function is a fundamental concept in probability and statis-
tics. Consider a random variable X that has a probability density function f. Then
probabilities associated with X can be found from the relation

B
P(a<x<[3):/ F)dx foro < B

Letxy,xs,...,x, be independent realizations of the random variable X with unknown
density function f. Density estimation is the construction of an estimate of the den-
sity function from the observed data.

An overview of methods of density estimation can be found, for example, in
[16]. The simplest method of density estimation is by means of a histogram, which
is widely used in applied statistical problems. The price paid for simplicity of this
method is discontinuity of the histogram and its dependence on the choice of the
bin width. In 1957, the so-called kernel method was introduced in [12] and has been
thoroughly investigated since then (see, e.g., [13, 14,20] and references therein).
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A kernel density estimator for f at an arbitrary fixed x is
o 1 & X —X;
- 1
) nhgw( - ) e

where the kernel ¢ is such that [~_ ¢(x) dx = 1 determines the shape of the “bumps”
centered at each data point, and / is the smoothing parameter: as / tends to zero, f
tends to a sum of Dirac delta functions with spikes at the observations, while as i
becomes large, the features of the distribution become obscured. A histogram is a
special case of a kernel estimator with  equal to the bin width and

L k<12,
(p(x)_{o, | > 1/2.

If ¢ is smooth, a kernel estimator for f can be viewed as a smoothed version of a
histogram.

Both the histogram and the kernel methods are derived in an ad hoc way from the
definition of density. The maximum likelihood method is a commonly used statistical
technique, which we describe below. Assume for illustration purposes that f belongs
to a parametric family f = f(x, 0), where 6 is a finite-dimensional parameter to be
estimated. The likelihood of 6 as a function of x;,x3,...,x, is defined as

lik (6) = f!f(xi, 0).

The maximum likelihood estimator (mle) of 6 is a value of 0 that maximizes the
likelihood — that is, makes the observed data “most probable.” Rather than maxi-
mizing the likelihood itself, it is usually easier to maximize its natural logarithm,
(the so-called log-likelihood)

n

1(6) = Y. In[f(x;, 0)].

i=1
Assume, for example, that the sample is taken from the normal distribution with
mean U and variance o

e 202 —oo L X < oo,

flx,u,0) = T

where the parameters ¢ and ¢ are to be estimated. In this case, the log-likelihood is

n

n 1 )
l(/,L,O') = —nlno — §1n27t— ﬁl;(x’_“) .

Setting the partial derivatives with respect to ¢ and ¢ equal to zero and solving the
resulting equations, we obtain

S |=
M=
=

I
Rall
(o}

()

|
S| =
—~
=

|

=1
N—

)

ﬂ:

Il
=
Il
=
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Finding parameters of interest is not always possible in a closed form (e.g., for
gamma distribution), but there are numerical algorithms for finding the maximum
likelihood estimator built in a lot of statistical software.

What makes the maximum likelihood method very common and useful in para-
metric density estimation is its asymptotic property: Under certain smoothness as-
sumptions on f, maximum likelihood estimator @ converges to the true parameter
6 in probability. Moreover, the probability distribution of /nI(8)(8 — 6) tends to
standard normal as n — oo, where I(0) = E[% Inf(X|6)]? is the so-called Fisher
information (e.g., [2]), that is, asymptotically,

. 1
9—9~N<0,W>. )

Can the maximum likelihood method be similarly applied to problems of non-
parametric density estimation? It is easy to see that the likelihood

lik (xp,.. 205 f) =[] £(x)
i=1

has no finite maximum over the class of all (even continuous) densities because by
taking f to be the sum of Dirac-type spikes at the observations, the likelihood can
be made arbitrarily large, while still satisfying the constraint [ f(x)dx = 1. To get
around this difficulty, a method of penalized likelihood was originally introduced
in [5] and developed in a series of works (see, e.g., [1, 3, 9]). The essence of this
method is that a penalized likelihood function

lu(f) =3 In flx;) — aR(f) 3)
i=1

is maximized. Here « is the smoothing parameter and R(f) is the roughness penalty.
The penalized likelihood is a way of quantifying the trade-off between smoothness
and goodness-of-fit to the data. Possible choices of R(f) suggested in [5] are, for

Y=v7
R(P)= [Podx and R = [YR()ax

or a linear combination of those. The first choice penalizes for the slope, while the
second choice penalizes for the curvature.

To apply the maximum likelihood method directly (without penalization), the
class of potential estimators must be large enough to be of interest, and, at the same
time, small enough so that the maximum likelihood estimator exists. To the best
of the author’s knowledge, direct maximum likelihood method has been applied
in the context of monotone densities (e.g., [7]), densities with monotone hazard
rate r(x) := f(x)/(1 — [*_ f(¢)dr) [8], unimodal densities (e.g., [4, 18]) (a density
function is said to be unimodal if it has exactly one local maximum), and to densities
which are finite linear combinations of indicator functions of disjoint intervals [19].
In this chapter, we suggest application of this method to Lipschitz functions with a
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known bound on the Lipschitz constant. This is a natural assumption because we
often do not expect the underlying density function to change much on a small
interval, and it seems to be less restrictive than, say, unimodality.

In what follows, we will denote the true unknown density by fy : [a,b] — R, the
maximum likelihood estimator by f or f, to emphasize its dependence on n where
relevant. We assume that f; and f, belong to the class . of density functions with
Lipschitz constant /:

b
Fie {f:[a,b]—>R|f20,/a FOdxe=1,17(n) — f()]

<ln—-plvVnre [a,b]}- “4)

We consider the following two problems:

(P;) Find a maximum likelihood estimator f,, of fy
(P) Investigate asymptotic properties of f,, as n — oo

Although these problems are statistical in nature, problem (P)), as we will see in
Sect. 2, can be reduced to and analysed as an optimal control problem. Problem (P»)
will be dealt with in Sect. 3 applying methodology typical to variational analysis —
by introducing approximations and passing to the limit.

The main result of this chapter is the following theorem.

Theorem 1.

(a) The sequence of maximum likelihood estimators f, converges to fo uniformly
in probability on |a,b]. This means that for any positive € and O there exists a
number N such that for alln > N

P(max |f,,(x)—f0(x)| >£> < 0. 5)
x€[a,b]
(Here, and below, P(A) stands for the probability of event A.)

(b) There exists a constant K > 0 such that for any x € [a,b] where fy(x) > 0, for
any z > 0, the following estimate holds asymptotically:

lq,<f<_m£>] ©

P(|/n(x) = fox)] >2) <2 I[(I+1)3 Inn

where

1 y 2
‘D@):—Tﬁ/, e dr

is the cumulative standard normal distribution.
(c) For any x € [a,b] such that fy is equal to zero on some open interval contain-
ing x, the confidence interval is narrower for 0 < z < 1:

P(|fu(x) = fox)] > 2) g2[1—¢a<5ﬁzz)]. 7

[ Inn
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Note that @(y) 2 1 for y > 3 and @(0) = 1/2. It is natural to observe that the
convergence slows down as [ increases.

Convergence of the estimator to the true density (consistency) is essential for any
useful estimator. It is shown in [15] that the kernel estimator (1) is consistent in the
sense that

sup | Ful®) = fo (x)| — 0 in probability as n — oo
X

under very mild assumptions of uniform continuity of f; and the following relation-
ship between & and n:

1
h— 0 and EHO as n — oo,
nh

The rate of this convergence was shown in [6] to be of the order O((Inn/nh)!/?).
This estimate was obtained under the assumption of integrability of f/, which is
a standard assumption for kernel estimators, although it does not hold for simplest
nonsmooth functions. For the penalized maximum likelihood estimator, under a
rather restrictive assumption on integrability of £ and f(’)2 / fo the convergence rate
was shown to be of the order O(n~2/) if the smoothing parameter (n) in (3) is of
the order O(n~'/?). Theorem 1 establishes convergence at the much quicker normal
convergence rate, generalizing, to some extend, the finite-dimensional convergence
result (2).

The structure of the chapter is as follows. In Sect. 2, we show that the estimator
can be found as a solution of a finite-dimensional mathematical program, and we
consider a few simple examples. Section 3 is devoted to the proof of Theorem 1. In
this manuscript, we are not suggesting a numerical method for finding the estimator
— this may be addressed in future work. At the same time, it iS common in vari-
ational analysis (in mathematical programming and optimal control in particular)
to establish certain desirable properties of optimizers (like Lipschitz continuity or
differentiability) only from the conditions of optimality, without finding optimizers
explicitly.

2 Problem (P;) as an Optimal Control Problem

The problem (P;) can be stated as

Maximize ¢(f) := ilnf(xi)
i=1

over f € Wh![a, b] satisfying
fx) =0, ®)

b
fx)dx =1,

|f'(x)| <1 fora.a.x€ [a,b].
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Denote

yi(x) := 'fo(s)ds,
y2(x) := f(x), x€la,bl,

and introduce the control function u as u(x) := f’(x) = y5(x). Then system (8) can
be represented as

n
Minimize ¢ (u) := —» Inys(x;)
i=1

over measurable u : [a,h] — R subject to contraints

Yo =i, )

lu(x)| <1 fora.a.x € [a,b].

This is an optimal control problem where the objective function includes interior
points and this problem also contains a state constraint. Such problems are studied,
in a more general nonsmooth framework, in [10], [11], and [17].

Set xg := a and x,11 := b. The necessary optimality conditions for x imply the
following on each of the intervals (x;,x;+1), i =0,...,n where y2(x) > 0.

There exist adjoint functions py, ps : [a,b] — R satisfying the equations

/
P1= 07
/ (10)
P> = —D1-
Furthermore, the function p, may have jumps at the points x;, i = 1,...,n satisfying

p2(xi +0) — pa(x; — 0) < 0, while the function p; is continuous on [a, b]. It follows
from (9) that the function p, is linear on each of the intervals (x;,x;1) (if the state
constraint is inactive), hence it changes its sign at most once on these intervals. The
optimal control # must maximize the function H(pa,u) = pu for a.a. x € [a,b], i.e.,
is given by

u(x) = Isgnpa(x).

Therefore, the optimal control u is bang-bang with at most one point of switch on
(xi,xi+1)- A typical graph of y;(x) = f(x) corresponding to an optimal control  is
shown below.

s

a Xx Xy X, b



Application of Variational Analysis and Control Theory to Density Estimation 193

Thus the infinite-dimensional problem (P;) is reduced to a finite-dimensional
mathematical program of maximizing > In f(x;) (with f(x;),i = 1,... ,n being the
parameters) with a constraint that the area below the curve (broken line) is a one.
Below we consider simple examples with just two and three sample points and show
that the solution is not intuitively obvious.

Examples.
Two-point problem. We have the data x;,x;. Denote

T= |XQ —X1|.

If x; and x2 are sufficiently far from each other and the interval endpomts (precisely,
if 7> 4/2/1), then the graph of the maximum likelihood estimator f contains two

“triangles,” each with area 1/2 and height /1/2.
7

”2/\ /\
@ 5 b

If these points are close to each other (T < \/ /1), then the graph of f contains
“clustered triangles” with common height / := f(x;) = f(x3), whose total area can
be shown to be equal to h? /1 + th — 1% /4.

f
h

a X X b
Therefore, 4 is the solution of the quadratic equation

h? 172
—+Tth——=1.
[ 4
Three-point problem It may seem natural to conjecture that the maximum like-
lihood estimator f, is such that each data pomt x; contributes equally 1/ to the
cumulative distribution (that is, £,(x;y1) — Fy(x;) = 1/n), which is the case for the
empirical cumulative distribution function

N 1
F, = —(#x; <x).
n

Howeyver, it turns out not to be the case as we will see.
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Consider the situation when two of the three points are close to each other (so that
the corresponding triangles overlap) and the third one is far from them, as shown in
Fig. 1.

/

hy

A

a X1 R%) X3 b

Fig. 1 Graph of f for three observation points

Set hy := f(x1), hy := f(x2) = f(x3) and T = |x3 — x,|. The total area under the
curve of f is h2 /14 h3/1+ thy — 172 /4, which implies the constraint on sy and /i
n 3 17
T“l‘T“rThz—T—l. (11)
The log-likelihood to be maximized is £ (h1,hy) = Inh; + 21Inhy, therefore the
Lagrangian is
h2

1, It
L=Inh;+2Inh,— A T+T+rh2_T_1 ’

where A is the Lagrange multiplier.
Setting the partial derivatives Ly, , Ly, equal to zero we get a system

1 24 o,

hy [

2 2Ahy

h_2_ ] —A71=0.

From the first equation, we obtain A = //(2h?). Substituting it into the second equa-
tion, we get
2 h 1l

hy h2 2

)

or, equivalently,
4h? —2h3 — hatl =0,

which, together with constraint (11) gives a system with respect to 4 and A if 7 is
sufficiently small (precise range can be shown to be 7 <2/ V3I).
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The solution of this system is
hy = - (\/491212 961 — 511)
12 ’
1 Il
=P S /491272 1 9%l

3 72

The graph of h% /1 (the area of the single triangle in Fig. 1) as a function of 7 is
shown in the case [ = 1.

0.3

0.28

T

1 1
L 2

V3 V3

We can see that the “single” point x| contributes less than a third of what the “clus-
tered” points x, and x3 do to the cumulative distribution, and the minimum of this
contribution occurs close to the mid-interval. This is a very nonintuitive result.

If we have more than three data points, the problem of finding the maximum
likelihood estimator, in general, can no longer be solved analytically; numerical
algorithms have to be developed.

3 Asymptotic Properties of the Maximum Likelihood Estimators

In this section, we will prove Theorem 1. Below, unless stated otherwise, by con-
vergence a, — a we mean convergence in probability, that is, if P(|a, —a| > €) — 0
forany € > 0 asn — oo.

Proof of Theorem 1. Recall that f,, is a maximizer of the log-likelihood functional
> Inf(x;) or, equivalently, of the averaged log-likelihood functional

n

2(f) = 3 Inf(x)

i=1
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over the class .# given by (4). For fixed f € .#, the expected value of .Z,(f) with
respect to the realization of xy,...,x, is given by the functional

J(f) = ElInf(X / Inf(x) folx (12)

where fy € .Z is the true unknown density function.
Set

[:={xeab]|fox) >0} and /[ o) dx =0

even if f is zero at some points in [a,b] \ I. Then

= /I In £(x) fo (x) dx

and the domain of J consists of all f for which this integral is finite (in particular,
for positive f bounded above and separated below from zero).
Our idea is to carry out the proof along the following lines. First, we would want
to show that
L(f) = I(f)  asn—eo (13)

uniformly over a class of functions that contains all possible estimators f,. Then we
would consider the identity

T(fo) = I(fu) = U (fo) = Lalfo)] + [La(fo) = Lu(f)] + [La(fa) =T (fn)] - (14)

The second difference on the right side of (14) is nonpositive, and if (13) is true, then
the first and the third differences on the right side converge to zero in probability.
On the other hand, it is possible to show that fj is the unique maximizer of the
functional J over .#, therefore the left side of (14) is nonnegative. This would imply
that J(f,) — J(fo) and we would be able to deduce uniform convergence f,, — fy
and other assertions of Theorem 1.

There is, however, an obstacle on this way: if it happens that £}, is equal to zero on
a set where fy # 0 (which is possible), then J(f,) = [;1n £, (x) fo (x) dx is undefined,
so we cannot talk about the convergence (13). To get around this difficulty, for ¢ > 0
(to be specified later) we define

f; = max{f,,,c}.

Since f¢ is separated from zero and bounded, the value of J(f¢) is finite.
Let .%, be the class of nonnegative functions with Lipschitz constant
I(14c¢(b— a)) and whose integral over [a,b] does not exceed 1+ ¢(b — a), that is,

Z, e {f: [ab] = RIF >0, |£(11) — f()] < 11 +c(b—a) V.72 € [a.B)],

/abf(x)dxﬁl—i—c(b—a)}
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and set
fo == (1 +c(b—a))fo. (15)

By construction, f,ﬁ and f§ belong to .%.. Let us show that the functional J is
maximized over .%, by f§. Note that

I(5) = (1 +c(b-a))+ [Info(0)fo(x)dr > =

since the product ylny is bounded for bounded positive y.
Take any f € .%, such that J(f) > —eo. Since for any y,yy > 0

y=yo _ (y—y0)?
Y0 282

for some & between y and yg due to Taylor’s Theorem, we have
I =90 = [Infs ) = nf (ol fo()ds
_ / [fS(X) — ) () f5(x)?
o

Iny—Inyy =

} fo(x)dx (16)

282(x)
i) = fx) (f(x) = f5 (x))?
-/ 10+C(b_—a)dx+ /1 —252(2) o) dx.

It is obvious that the second integral on the right side is nonnegative; the first in-
tegral is also nonnegative because [; f5(x)dx = 14 c(b—a), while [; f(x)dx <
1+ ¢(b — a). Moreover, the right side in (16) is equal to zero if and only if f = f§
on / and, hence, on all of [a,b] (otherwise, if f = f on 1, but not on [a,b] \ 1, then
fab f(x)dx > 14 ¢(b — a)). Therefore, f = f is the unique global maximizer of J
over .Z,.

Take f € %, such that f(x) > ¢ for all x € [a,b]. We have

J(f5) = 1) =V (f5) = L)) + [Za(f5) — Za(N)] + (L () = I ()]
Y (fo) = L)l + [Za(f6) = Za(N)] + [Za(f) = I (S)]-

(Here we used the fact that J(f§) = In[l + ¢(b —a)] + J(fo) and Z,(f5) =
In[1 4 ¢(b — a)] + %, (fo).) The first and the third differences on the right side
are differences between the averages of independent identically distributed random
variables .%,(fy) and .Z,(f), and their corresponding mathematical expectations.
Due to the Central Limit Theorem, [.Z,(f) — J(f)] is asymptotically normally
distributed with zero mean and variance

GZZ%VM[IHJC(X)] rll [/(mf( (/lnf x) fo(x ) ]

- sup (Inf(x) /fo == sup(lnf( ))

n xerl n xer

(7)
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Since f is Lipschitz with Lipschitz constant /(1 + ¢(b — a)) and bounded below by
¢ > 0, we have an estimate

1 1
0% < —sup(Inf(x))? < =K1 ((Inc)> + (Inl)> + 1)
n xer n
with some constant K| independent of f.
The value of ¢ does not have to be independent of n, so we set ¢ = n~% with some
o > 0 to be specified later. Thus we have asymptotic estimate of variance

-2 2 2
(72 < Kl(lnn ) _ o Kl(lnn) 00 asn — oo, (18)
n n

Therefore, for any z > 0 and any f € .%, f > ¢, we have, asymptotically,
z N

PN - > =1-0(Z)<1-( L
()1 >2) Hei-o( )

where

1 2
D(y) = e /ﬁwe 7 dx

is the cumulative standard normal distribution.
In what follows, we will use the following fact: If Y := Y| 4+ Y; is a sum of two
(not necessarily independent) random variables, then for any 8 > 0

P(Y > B) <P(\1>B/2)+P(Y»> B/2). (19)

Indeed, for Y > 3 it is necessary that either ¥; > f3/2 or ¥, > 3 /2. Further, if events
A and B are such that A implies B, then P(A) < P(B). Therefore

P(Y > B) <P(Y; > B/2or ¥y > B/2) < P(¥i > B/2) + P(Y > B/2),
which proves (19).

Taking (19) into account, for the sum of the first and the third differences on the
right side of (17) we have the estimate

PIU(fo) = Zal o)) + (L) =) > < PJ(fo) = Zalfo) > 5
+PI(f) - (h) > 3]

2
/A
SZ{I—Q(mZ)]. (20)

Set f = f,, in (17) and notice that, for the second difference,

Z(f§) — Zu(f) <In[1+c(b—a)). @21
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Indeed,

Zo(f5) = Za(f) ={In[l +c(b— a)] + Z(fo)} — [Lal ) = Lal /)]
- [fn(fn) _gn(fo)] - fn(f0>
=In[l +c(b—a)] = L /y) = La(fa)] = L (f) — Za(fo)].
The difference [Z,(fS) — %,(f,)] on the right side is nonnegative because
f¢ > f,, the difference [Z,(f,) — Z,(fo)] is nonnegative because f, maximizes

the log-likelihood .%;,, whence (21) follows. Combining now (16), (17), and (21),
we obtain

Cx_ACx Acx_cx2
Ifcfi)c(bf_"i))dx+/l(f”(2)§2£))( ) e < ¥, 4 nfl +e(b—a)), 22

where Y, is a random variable (as a function of realization of xy,...,x;,) defined by
Y= (fo) = Zulfo)l + [L(fy) =T (F)] =0 asn— e

due to (20).
Taking into account that fS(x) = fu(x) + O(c) and [f$(x) — fS(x)]*> =
[7u(x) = fo(x)]? 4 O(c), we can write (22) as

p [fu(x) = fox)]?
/I[fo(x)—fn(x)]dx+/lT(x)

The right side of (23) converges to zero in probability as n — oo; therefore, so does
each term on the left side since both integrals are necessarily nonnegative. From the
convergence

fo(x)dx <Y, +0(n"%). (23)

Jio = Fr0]ds =0 asn—w,

it follows that [, f,(x)dx — 1 as n — oo, hence, for any x € [a,b]\ I, f,(x) —
0= f() (x)

To prove the convergence f,(x) — fo(x) on the set I, consider the estimate

~ ) — 1R

which follows from (23). Since & is a function between f§ and f,g , we have
0<&< r;lg}{fé(y),f,f(y)} =Ky (1+1)+0(c),

with some uniform constant K,. Therefore

/I[fn(X) — fo@)? fox) dx < 2[Ka (1 + DY+ O(n~%)]. 24)
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The remainder of the proof of Theorem 1 is based on the following propositions.

Proposition 1. Let Q = | J;[a;, b;] be a union of finitely or countably many nonover-
lapping intervals with a < a; < b; < b for all i. Further, let @, : 2 — R be a sequence
of uniformly bounded nonnegative Lipschitz functions with a common Lipschitz con-
stant £ > 0, y :  — R be continuous and positive on € except at the endpoints c;

and d; (where y(c;) = y(d;) =0), and let

/ Pu(X)y(x)dx < a,
Q

for some sequence a, — 0 (deterministically). Then the sequence @, converges uni-
Sormly to zero on Q, and, for any x € Q such that y(x) > 0, we have the estimate

[ 160
@n(x) < Ty (25)

Proposition 2. Let ¢, : [c,d] — R be a sequence of uniformly bounded nonnegative
Lipschitz functions with a common Lipschitz constant £ > 0 and let

d
[ ewax<a

Sfor some sequence a, — 0 (deterministically). Then for any x € [c,d], we have the

estimate
On(x) <4/ S?Ea,,. (26)

The proof of these propositions can be found in the Appendix.

Since the closure of / has the same structure as €2 in Proposition 1, the right
side of (24) tends to zero in probability as n — < and the difference ( fn — fo)? is
Lipschitz with Lipschitz constant K3/(/ + 1), we conclude that f, — fp uniformly in
probability on [a, b]. Estimate (25) implies that

16 x 2K31(1+ 1)K3 (14 1)?

1/2
) = o) < { ot o<n“>1}

3f()(x)
or, equivalently,
» 32K3K21(141)3 oM
lfn(X)—fo(X)lé{W[Yn+0(n )]} |
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Therefore, for any z > 0

A [32K:3K51(1+1)3
P(|fa(x) = folx)| >2) <P W

[ - 3fo(x) 4
—P|Y,+0m %) > 0
O > ek 1

(Y, +0(n"%) > 14}

R O
<PlY,>-—2"
=T 2RI 13

oy 1 3fo(x) 4
P [0(" )> 232K:K2(I+1)3° ] ’

where the last inequality is due to (19).

Since & in O(n~%*) can be set arbitrarily large, we can assume without loss of
generality that the second probability on the right side of the formula above is zero.
Due to (20), we arrive at the estimate

zﬂmm<MM>ASzﬁ—¢{KM”V@ﬂ},

I0+1)>nn°

where K = [(3/128)o/K1K3K3] 1. This proves (6).
The proof (7) similarly follows from Proposition 2 and the estimate

o) = (0] dx < ¥, + 0 ),

which is equivalent to

/ @A <Y+ ().
[a,b]\]

Appendix

In this section, we prove Propositions 1 and 2.

Proof of Proposition 1. Let us notice first that for any x € Q such that y(x) > 0
we have @,(x) — 0. Indeed, take a sufficiently small interval I, containing x such
that v > ¥ > 0 on I,. If, arguing by the contrary, we assume @,(x) > 7 > 0 for
all n, then, from Lipschitz continuity of ¢,, we can show that [; @,(x)y/(x)dx does
not converge to zero as n — o, which is not possible. Convergence @,(x) — 0 at
the points where w(x) = 0 (the set of such points has measure zero by assumption)
follows from Lipschitz continuity of ¢,. Hence, ¢,(x) — 0 pointwise on 2.

It is not difficult to establish that the convergence ¢, — 0 on £ is, actually, uni-
form. Indeed, if it was not the case, there would exist € > 0 and a subsequence from
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n=1,2,... (we do not relabel) such that sup,.q |@,(x)| > €. However, since the
sequence @,, n = 1,2, ... is uniformly bounded and equicontinuous, it must contain
a uniformly convergent subsequence converging to the pointwise limit, which we
excluded by the assumption sup, .o |@a(x)| > €.

Let us prove estimate (25). Take x* € Q such that y(x*) > 0. Then on the interval
[x*,x* 4+ 0] for sufficiently small § we have y(x) > @ (if x* happens to coincide
with the right endpoint of the set €2, consider the interval [x* — §,x*] instead). For n
sufficiently large we have & > @, (x*)/(2¢) and, since @, is Lipschitz with Lipschitz
constant ¢, we have

Therefore

) s XY )20
e ou(x)dx

X+ *

%zé%mwmmz
y(x

2

G e/ . y(x') 3¢5(x")

> j— —_ =
> [ [gn(a") = =) dv = 52 S,

which implies the required estimate

16¢
3y (x*)

@a(x") <

an

Proof of Proposition 2. Similarly to the proof of Proposition 1, we have

X*+6 X+ (x*)/(20)
a,,Z/ go,,(x)de/ @n(x) dx

X+ (x*)/(20) 20
> / [ _3¢i(x )’
x* 8(

which implies the required estimate (26).
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Parametric Variational System
with a Smooth-Boundary Constraint Set

J.-C. Yao and N.D. Yen

Abstract Solution stability of parametric variational systems with smooth-boundary
constraint sets is investigated. Sufficient conditions for the lower semicontinuity,
Lipschitz-like property, and local metric regularity in Robinson’s sense of the so-
lution map are obtained by using a calculus rule for the normal second-order sub-
differential from B.S. Mordukhovich (Variational Analysis and Generalized Dif-
ferentiation, Vol. I: Basic Theory, Vol. II: Applications, Springer, Berlin, 2006) and
the implicit function theorems for multifunctions from G.M. Lee, N.N. Tam and
N.D. Yen (J Math Anal Appl 338:11-22,2008).

1 Introduction

Let X be a Banach space with the dual X* and the second dual X**. The canonical
pairing between a Banach space and its dual is denoted by (,). Given a C>-smooth
function y : X — R, we put

C={xeX:yk) <0} (1)

Let there be given also a single-valued map f : X x P — X*, where P is a subset of
a normed space and f(-,p) is a C'-smooth function for each p € P. Consider the
variational system

0€ f(x,p) +N(xC) 2)
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with p € P being a parameter. Here N(x;C) denotes the normal cone in the sense of
Mordukhovich to a C at x (see [12, Definition 1.1] and a definition given below),
which coincides with the Clarke normal cone to a C at x (see [4, Corollary 2,
pp- 56-57] and Lemma 3.7 in Sect. 3). Since the boundary dC of C is given by

dIC={xeX : ykx)=0}

and y is a C2-smooth function, we will call (2) a parametric variational system with
a smooth-boundary constraint set. The solution set of (2) will be denoted by S(p).

Since it is not assumed that the function y is convex, C can be convex or non-
convex as well. If C is convex, then

Nx;C)={x"eX": (x",u—x) <0 forallu e C}
and (2) can be rewritten equivalently as a variational inequality in the classical form
xeC, (f(x,p),u—x)>0, VYuecC. 3)

Thus (2) is a generalization of (3).

Stability of the solution map of parametric variational systems in general,
and of parametric variational inequalities in particular, has attracted attention
of many researchers. We refer to Robinson [17] for a pioneering paper and to
Mordukhovich [12, Chap.4] (see also a recent paper by Aragén Artacho and
Mordukhovich [1]) for significant results together with fresh and comprehensive
information on the subject.

Our aim in this chapter is to investigate a new way of deriving verifiable sufficient
conditions for the lower semicontinuity, Lipschitz-like property, and local metric
regularity in Robinson’s sense of the solution map of (2). We will combine a calculus
rule for the normal second-order subdifferential from [12, Theorem 1.127] with the
implicit function theorems for multifunctions from [9]. This approach allows us
to avoid computing coderivative of f(x,p) on both variables; thus it is somewhat
different from the one used in [12, Chap. 4] (see also [21] and the references therein).
Some technical difficulties related to the appearance of a metric projection operator
in the implicit function theorems of [9] will be overcome by employing the specific
structure of (2) and the generalized differentiation theory from [12].

It is well known that (1) lower semicontinuity of the solution map is an important
stability sign of a parametric system, (2) the Lipschitz-like property of multifunc-
tions (called also the pseudo-Lipschitz property, the Aubin property, the Aubin con-
tinuity property) was introduced by Aubin [2], and (3) the local metric regularity in
Robinson’s sense of implicit multifunction (called also the Robinson robust stability
[3]) has the origin in the classical paper of Robinson [16]. The interested reader is
referred to [3] for a recent study on the relationships between the Robinson robust
stability and the Aubin continuity property of implicit multifunctions. (Note that the
solution map S(-) of (2) is an implicit multifunction of a special type.)

Concerning the special constraint set in (1), we would like to make some remarks.
If C is the solution set of a system of finitely many inequalities or, more generally,
C is the solution set of a generalized inequality system of the form
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C={xeX:¥Ykx) ek}, 4)

where W : X — Z is a map between Banach spaces and K C Z is a closed con-
vex cone, then dC may have many “corners” (roughly speaking, a corner is a point
where the contingent cone — see for example [12, Definition 1.8] — to dC is not a
linear subspace of X). In this case, the stability analysis of (2) is rather complicated.
Various index sets are needed to describe the normal and Fréchet coderivatives of
the normal-cone mapping N(-;C) : X = X*. The case where ¥ is an affine operator
and K is a polyhedral convex set have been considered, e.g., by Dontchev and Rock-
afellar [5], Henrion and Romisch [8], Yao and Yen [18,19] (X is a finite dimensional
Euclidean space), Henrion, Mordukhovich, and Nam [6] (X is a finite or infinite di-
mensional Banach space). The case where ¥ is a nonlinear mapping and X is finite
dimensional has been considered by Mordukhovich and Outrata [13], Henrion, Out-
rata, and Surowiec [7]. In contrast to the case of the generalized inequality system
(4), in (1) there is only one inequality given by a C2-smooth function. If ¥ € dC and
Vy(X) # 0, then the contingent cone to JC is a linear subspace of codimension 1
in X. The differentiability analysis of the normal-cone operator N(-;C) is simpler
than that in the just mentioned papers: no index set is needed. Meanwhile, many
mechanical bodies can be represented in the form (1). Hence (2) can model cer-
tain equilibrium problems in mechanics. Since we have studied [18, 19] the solution
stability of variational inequalities with a polyhedral convex constraint set, here we
will focus our attention on the behavior of the solution maps of parametric varia-
tional systems with smooth-boundary constraint sets. The obtained results help us
to understand deeper the value of the central result of the second-order subdifferen-
tial calculus in general Banach spaces [12, Theorem 1.127]. The interested reader
is referred to [12, pp. 167-170] for detailed comments on the development of the
second-order generalized differentiation theory.

After some preliminaries, we derive formulae for computing the normal
coderivative of the multifunction f(-,p) + N(-;C) in Sect.2. Stability of the so-
lution map S(-) is studied in Sect. 3. An analysis of Theorem 3.1, the main result of
this chapter, is given in Sect. 4.

We now present several notations and notions that will be needed in the sequel.

For a subset Q C X, the symbols © and int €2, respectively, denote the closure of
€ and the interior of 2. The distance from x € X to Q is

dist(x, Q) :=inf{||x —u|| : u € Q},

where inf() := +-c0. Denote by B, (x) and By, respectively, the closed ball centered
at x with radius p and the closed unit ball in X. If A : X — Y is a bounded linear
operator, then A* denotes the adjoint of A. The symbol .Z(X,Y) stands for the set
of bounded linear operators mapping X into Y. Let R = [—oo, o0].

A multifunction @ : X =2 Y between Banach spaces is said to be lower semicon-
tinuous at x € dom® := {x € X : @(x) # 0} if for any open set V C Y satisfying
VN ®(x) # 0 there exists a neighborhood U of x such that V N @(u) # 0 for all
u € U. One says that @ is lower semicompact on its effective domain around x € X
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if there exists a neighborhood U of x such that for any x € U and any sequence

dom @ . .
X o, x, there is a sequence y; € @(x;), k = 1,2,..., which contains a subse-

quence convergent in the norm topology of Y. Here the notation x; dom®,  means
X — x and x; € dom @ for all k € N.

A Banach space X is called Asplund if every convex continuous function ¢ : U —
R defined on an open convex subset U of X is Fréchet differentiable on a dense
subset of U; see [12, Definition 2.17]. The class of Asplund spaces is large. For
instance, any reflexive Banach space is an Asplund space. The calculus of normal
cones, coderivatives, and subdifferentials in Asplund spaces is simpler than that in
general Banach spaces [12, Chap. 3].

For a multifunction @ : X = X*, the expression Limsup, . ®(x) denotes the
sequential Kuratowski—Painlevé upper limit of @(x) as x — X with respect to the
norm topology of X and the weak* topology of X*, i.e.,

. _ w*
Limsup D(x) = {x* € X* : dsequences x; — X, x; — x*,
X—X

with x; € @ (x;) for all k = 1,2,...}.

Let us recall some basic concepts of variational analysis from [12].
The set Ne (x; Q) of the Fréchet e-normals to  at x € Q is given by

Ne(x;Q) =< x* € X* : limsup Fu—x)
o  |lu—x
u—x

<eo. (&)

One puts Ne (x; ) = 0 for all & > 0 whenever x ¢ Q. The set

N(%Q) := Limsup N (x; Q)

x—x, €10

is the normal cone in the sense of Mordukhovich to Q at %. If & ¢ Q, then one puts
N(x;Q2)=0.

Let @ : X 3 Y be a set-valued map between Banach spaces. The multifunction
D}, @(%,7) : Y* = X* defined by

Dy@(x,37)(y") :={x" € X" : (x",—y") e N((x,y);gph @)}, Yy €Y", (6)

where gph® := {(x,y) € X xY : y € ®(x)} denotes the graph of @, is said to be
the normal coderivative (called also the limiting coderivative and the coderivative
in the sense of Mordukhovich) of @ at (%,5). We put Dy @ (%,5)(y*) = 0 whenever

(%,7) & gph . _
Suppose that ¢ : X — R is finite at ¥ € X. The set

de(X) == {x" € X" : (x",—1) € N((%¥,9(X));epi )},
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where epi@ :={(x,0) € X xR : o > ¢(x)} denotes the epigraph of ¢, is said to be
the basic subdifferential (or the limiting subdifferential) of @ at X. Let v € d (%), i.e.,
(%, V) belongs to the graph of the subdifferential mapping d¢ : X = X*, x — Jd¢(x).
The map 93 @(%,7) : X** = X* with the values

Iy P(E,7)(u) := (DYIP) (T, W) (u), ueEX™,

is called the normal second-order subdifferential of ¢ at X relative to v; see [12,
Definition 1.118].

As it will be seen in the next sections, normal second-order subdifferentials are
very useful for studying solution stability/sensitivity of (2).

2 Formulae for Coderivative

Using some results from [12, Chap. 1], we will compute the coderivative of the
multifunction

F(-,p):X=X", F(x,p):=f(x,p)+N(xC), (7)

where f(x,p) and N(x;C) are as in (2).

Consider the normal-cone operator N(-;C) : X = X*, where C is given by (1).
Formulae for computing the normal coderivative of N(-;C) and a point (%,7v) €
gphN(+;C) will be obtained by using the central result of the second-order subdif-
ferential calculus in general Banach spaces which is stated as follows. (We mention
only the formula for computing the normal second-order subdifferential of the com-
posite function, omitting the formula for the mixed second-order subdifferential.)

Theorem 2.1. (see [12, Theorem 1.127]). Letve d(@og)(X)withg: X —Y and ¢ :
Y — R. Assume that g is C'-smooth around X with the surjective derivative Vg(%) :
X — Y and the derivative mapping Vg : X — £ (X,Y) is strictly differentiable at .
Let y* € Y* be a unique element satisfying

v=Vg(X)*y* and y* €do(y) withy:=g(x).
Then for all u € X** one has

In(@og)(®7)(u) C VA(y*,g) (%) u+ Vg(x) e (3,y") (Ve(x) u).

Moreover, the latter becomes an equality if the range of Vg(X)* is w*-extensible [12,
Definition 1.122] in X*. This is true under one of the following conditions:

(a) The range of Vg(X)* is complemented in X* (it occurs, in particular, when the
kernel of Vg(X) is complemented in X ).

(b) The closed unit ball of X** is weak* sequentially compact (it occurs, in par-
ticular, when either X is reflexive or X* is separable).
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Let X € Cand v € X" be such that v € N(¥;C), that is (¥,7V) € gphN(-;C). Setting
Y=R, g=wy,and ¢(y) =0if y <0, ¢o(y) = +ooif y >0 (ie, ¢ : ¥ — R is the
indicator function of the half-line R_), we remark that ¢ o y coincides with the
indicator function of C. Hence

N(x;C)=d(poy)(x), VxeX.
It follows that
DRN(5C)(%.5)(u) = (9o y) (% 7)), VueX™.
If y(x) < 0, then § < 0 and @(¥) = {0}. This implies ¥ = 0. Besides, since
d(poy)(x) =N(x;C)={0}, VxeintC,

we have

R (9o y)(E7)(w) = (Dxd(@o ) (%)) = {0}, VueX™.

Suppose now that w(x¥) = 0 and Vy(x) # 0. By the chain rule in
[12, Proposition 1.112],

d(poy)(¥) = Vy(x)"d0(y)
with y := y(%). Since v € N(%;C), we infer that there is y* € d@(7) such that
v=Vy(x)y". (®)
As Vy(x) #0, Vy(%) : X — R is surjective, hence Vy/(X)* : R — X* is injective
according to [12, Lemma 1.18]. In this case, for each v € N(x;C) there is a unique
y* € do(y) satisfying (8). Since
kerVy(x) :={he X : Vy(x)(h) =0}

is a closed linear subspace of X with codimension 1, kerVy (%) is complemented in
X, i.e., there exists a closed linear subspace L C X such that X = (keer//(X)) @ L.
By virtue of Theorem 2.1, for all u € X** one has

AN (@ow)(%,7)(u) = V2 ) (B) u+ V(D) e,y ) (Vw(E)u). (9

{0} ify <0,
9¢(y) = { [0,+e) ify=0,
0 ify>0,
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forevery oo € R and y = y(¥) = 0, we find that

e (,y) (@)
= {;3 ER: (B, —a) EN((y',y*);gPha"’)}

{B:(B,—a) eRx{0}} ify* >0
= {B: (B.—a) € (Ry xRIU(R_ x {0} U({0} xRy} ify* =0
0 ify* <0

R ify*>0,aa=0
0 ify*>0,00#0
Ry ify"=0,aa>0
R ify*=0,a=0
{0} ify*=0,0<0
0 if y* < 0.

Consequently, for o := Vy/()*u = (u, Vy(X)) (the value of u € X** at Vy (%) €
X*)and y =0,

RVy(x) ify*>0,00=0
0 ify">0,a#0
RiVy(x) ify*=0,a>0
RVy(x) ify*=0,0=0
{0} ify"=0,a<0
0 if y* <0.

Vy (@) ReF,y" ) (Vy(E) " u) =

Combining this with (9) gives

V' V2 () u+RVy(®) ify* >0, u,Vy(x) =0
0 if y* >0<uVl//( X)) #0
Ry ify" = 0, (u, Vy() >0
I (@ o y)(E,7)(u) = RVy(E) iy = 0. (1. V(e = 0
{0} ify* =0, (u, Vy(x)) <0

0 if y* < 0.

Setting
A =Dy (£(-,p) +N(50)) (% f(%, p) +7) (u) (10)

and invoking the sum rule in [12, Theorem 1.62(ii)] we have

A = V. f(x p)u+DyN(-C)(x,7)(u)
= Vo f (%, p) u+5(@o w) (& 7)(u),
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where V., f(%, p) is the Fréchet derivative of f(-, p) at &. Therefore, if y(¥) < 0 then

Ao Vf(x,p)u forﬁ:.O an
0 otherwise
and, in the case where y(¥) =0,
Vof (%, p) u+y V2y(R) u+RVy(x) ify* >0, (u, Vy () =0
0 i3 > 0, (u, Vy(%) £0
Vif(x,p) u+RVy(x) ify*=0,(u,Vy(x)) =0
Vif (& p)u if y* =0, (u,Vy(%)) <0
0 if y* < 0.

Theorem 2.2. Let (%,7) € gphN(+;C). If w(x) < 0 then v =0, and for all u € X**
one has (11) where A is given by (10). If y(X) = 0 and Vy(X) # 0, then for all
u € X** one has (12) where A is given by (10) and y* is defined uniquely via X and
v by (8).

3 Stability of the Solution Map

The main result of this chapter can be stated as follows.

Theorem 3.1. Assume that both X and X* are Asplund spaces. Let X be a solution
of the parametric variational system with a smooth-boundary constraint set (2) at a
given parameter p = p € P, i.e., X € S(p), where C is defined by (1) with y being
C?-smooth. Suppose that f(-,p) is a C'-smooth function for each p € P, the deriva-
tive mapping Vyf : X X P — X* is continuous in the norm topology of X*, and the
following conditions hold:

(al) There is & > O such that (u,Vf (%, p)*u) > o||u||? for every u € X**.

(a2) There exists a neighborhood Vyy of % such that for any x € Vy N dC one has
Vy(x) # 0 and (u, V>y(x)*u) > 0 for all u € X** satisfying (u,Vy/(x)) = 0.

(a3) There are neighborhoods U of p and'V of % such that for every (x,p) €V xU
the map f(x,-) is lower semicontinuous at p.

Then there exist a neighborhood Uy C U of p, an open convex neighborhood
Vi CV of x such that:

(i) S(p) := S(p) NV is nonempty for every p € Uy.

(i) The multifunction S is lower semicontinuous on Uy.

(iii) S(-) is locally metrically regular in Robinson’s sense around (%,p,0), i.e.,
there exist neighborhoods U, of p, V2 of X, and constants y > 0, i > 0 such that

dist(x,S(p)) < v dist(0,F (x,p))
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for every (x,p) € Vo x Up with dist(0, F (x,p)) < U, where F(x, p) is defined by (7).
In addition, if
(ad) f(x,-) is locally Lipschitz at p uniformly with respect to x in a neighborhood
of %, i.e., there exist neighborhoods Us of p, V3 of X, and a constant { > 0 such that

£ (e, p") = fle.p)| < p" = pll forallx € Vs and p,p’ € Us,

then the following property is valid:
(iv) S(-) is Lipschitz-like around (p,X), i.e., exist neighborhoods Uy of p, V4 of %,
and a constant £ > 0 such that

S(p)NVaC S(p)+Lp" - plBx  Vp,p' € Us.

Let X,P be as above, Y a Banach space, F' : X x P =2 Y a multifunction. Let
(%,p) € X x P be such that 0 € F (%, p). The set-valued map G : P = X given by

G(p)={xeX:0€F(x,p)} (13)

is called the implicit multifunction defined by the inclusion 0 € F(x, p).
To obtain Theorem 3.1, we will rely on Theorem 2.2 and the implicit function
theorems from [9], which are grouped in the forthcoming statement.

Theorem 3.2. Let X,Y be Asplund spaces, P a subset of a normed space, F : X X
P =Y a multifunction, (X,p) € X x P a pair such that 0 € F(X,p). Let F,(-) :=
F(-,p). Suppose that there exists p > 0 such that for each p € P the sets [gph Fp,(-)]N
[Bs (%) x Y] and domF,(-) N B (%) are closed. Besides, suppose that there exist open
neighborhoods U of p, V of X, W of 0 € Y such that

(A1) There is a constant ¢ > 0 satisfying ||y*|| < c||x*|| for all (x,y,p) € V x
WxU,yé€F,(x),y €Y* x* € D'F,(x,y)(y*).

(A2) For any p € U and x € V, the multifunction IT1(0, F,(-)) defined by

II1(0,F,(x)) :={v e F(x,p) : ||v]| =dist(0,F (x,p))} (x€domF,(-))

has nonempty values and is lower semicompact on its effective domain around x.

(A3) For every (x,p) € V x U, the map F(x,-) is lower semicontinuous at p
whenever p € domF (x,-).

Then the implicit multifunction (13) has the following properties:

(i) There exist a neighborhood U, of p and an open convex neighborhood Vy of
% such that G(p) := G(p) NV} is nonempty for every p € Uj.

(ii) The multifunction G is lower semicontinuous on U\.

(iii) G is locally metrically regular in Robinson’s sense around (%, p,0) with the
constant Y = c, i.e., there exist neighborhoods U, of p, V> of %, and a constant L > 0
such that

dist(x,G(p)) < vy dist(0,F (x,p))

for every (x,p) € Vo x Up with dist(0, F (x,p)) < .
In addition, if
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(A4) F(x,-) is locally Lipschitz at p uniformly with respect to x in a
neighborhood of , i.e., there exist neighborhoods Uz of p, V3 of X, and a constant
41 > 0 such that

F(x,p') CF(x,p)+1|p —pl|By Vx€ V3, Vp,p' €Us,

then
(iv) G is Lipschitz-like around (p,x) with the constant £ := 2{c, i.e., there exist
neighborhoods Uy of p, Vy of X such that

G(p' ) NVacC G(p)+L|p'—p||Bx Vp,p' € Us.

Remark 3.3. In the formulation of the implicit function theorems in [9], there is an
requirement that F is nonempty-valued around (%, p), but the proofs remain valid
if one requires that domF (-, p) N Bg(%) is closed for every p € P and applies the
Ekeland principle for v, (-) :=dist(0,F (-, p)) on the set B, (X) N (dom F (-, p)) with a
sufficiently small p € (0, 8], where 6 is prescribed in the formulation of the theorem.

Remark 3.4. Under the additional condition that F is lower semicontinuous at (%, p),
Theorem 3.2 of [9] asserts a property stronger than (iii) in the above Theorem 3.2.
Namely, in the notation of this chapter, that theorem infers that G is metrically reg-
ular near (%, p) with the constant y := ¢, i.e., there exist neighborhoods U, of p and
V> of X such that

dist(x,G(p)) < ydist(0,F (x,p)) V(p,x) € Uy X V5.

As observed in [21], for obtaining the local metric regularity (iii), it suffices to use
(A3) and some assumptions on the family of multifunctions F(-,p), p € P.

Remark 3.5. In the implicit function theorems of [9], (A2) was formulated in a
stronger form: For any p € U and x € V, the multifunction I1(0, Fy(-)) is lower semi-
compact around x. The latter means that there exists a neighborhood U, of x such
that for any u € U, and any sequence u; — u, there is a sequence y € IT(0,F),(u)),
k=1,2,..., which contains a subsequence convergent in the norm topology of Y.
Note that the proofs of Theorems 3.1-3.3 in [9] are valid under our (A2). This is
because the proof of Theorem 6.1 in [14] (which was recalled in [9, Theorem 2.3])
works well under the assumption that the solution map in question is lower semi-
compact on its effective domain around the given point. The interested reader is
referred to [14,21] for more details.

The proof of Theorem 3.1 requires another auxiliary result that is an easy conse-
quence of the following theorem.

Theorem 3.6. (see [12, Corollary 1.15 and Theorem 1.17]). Let f : X — Y be a
mapping between Banach spaces and Q C Y be a subset withy = f(X) € Q. If f is
strictly differentiable at X with surjective derivative, then

N(®f1(Q)) = (Vf(%) NF:Q).
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Lemma 3.7. If y(X) <0, then N(x;C) = {0}. If (%) = 0 and Vy/(X) # 0, then
NEC) =R, V(%) = {AVy(3) : 4 >0}. (14)

Proof. Setting Q = (—oo,0], we see that C = y~!(Q). If w(¥) < 0, then N(¥;C) =
{0} because ¥ € intC. Suppose that y(x) =0, i.e., ¥ € dC. For j := y/(X), we have
N(7;Q) =Ry. If Vi (x) # 0 then, according to Theorem 3.6,

NEC) ={Vy@)"y" : y" e Ry}

(Vy()y",x) = " Vy(R)x) = y" (Vo))

for every x € X, we get
NF®C)={y"Vy(x) : y" e Ry } =R, Vy(),

as claimed in (14). O

Proof of Theorem 3.1.

We set ¥ = X* and define F(x, p) by formula (7). Due to the assumptions of the
theorem, X and Y are Asplund spaces. It is clear that each claim of the theorem
follows from the corresponding one in the set of assertions (i)—(iv) of Theorem 3.6.
Thus, we only have to check the fulfillment of the conditions (A1)—(A4) and verify
the existence of § > 0 such that, for every p € P, the sets [gphF),(-)] N [Bg(X) x Y]
and domF,(-) N Bs (%) are closed. The latter is satisfied with any choice of § > 0
because dom F),(-) = C by Lemma 3.7.

If % € intC, then we choose 0 > 0 as small as Bg(X) C intC. It is easy to see that

[gph Fp(-)] N [Bs(X) x Y] = [gph f (-, p)] N [Bs (%) x Y7,

and the set on the right-hand side is closed. If ¥ € JC then Vy/(X) # 0 by (a2). In
this case, we choose 6 > 0 as small as Vy/(x) # 0 for every x € Bg(X). For any

p € P and sequences xi kN x, x; — x* with x} € f(xg, p) +N(xi;C) forall k € N,
we have (x,x*) € gphF (-, p), i.e.,, x* € f(x,p) + N(x;C). Indeed, if there exists a
subsequence {xi; } of {x} such that x;; € intC for all j, then x;:j = f(x;,p) for
all j. Hence, letting j — oo yields

X' =flxp) € f(x,p) + N(x;C).

If there is a subsequence {x; } of {x;} such thatx;, € JC for all j, then

X, = fxp) + M V() (15)
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where, in agreement with Lemma 3.7, Akj > 0 is uniquely defined by the last equal-
ity. Since Vy/(x) # 0 by the choice of § and the inclusion x € Bs(¥), the sequence
/'ij must be bounded; otherwise the estimates

HxZ]” = ”f(xkjvp) +)’ijW(xkj)H > )’ijvW(xkj)H - ||f(xkj7p)H

would lead to a contradiction. Thus, we may suppose that lkj — A. Passing (15) to
the limit as j — oo, we get

x" € flx,p) + AVy(x) € f(x,p) + N(x;C),

which shows that [gph F},(-)] N [Bs(X) x Y] is closed.
To see that (A1) is fulfilled, we invoke (al) and the assumed continuity of V. f(+)
on X x Pto find o € (0, ) and neighborhoods U of j and V of ¥ such that

(, Vif (x,p)*u) > aflul® V(x,p) €V x T, VuecX*™. (16)

There is no loss of generality in assuming that V C Vj, where V, is prescribed
by (a2). Put ¢ = 1/c. Given any (x,y,p) € VxY x U, y € Fy(x), u € X**, x* €
D*F),(x,y)(u), let us show that

[Jull < eflx]. (17)

Since D*F,(x,y)(u) # 0 we infer that x € domF, = C. If x € intC, then apply-
ing Theorem 2.2 for (%,v) := (x,y — f(x,p)), from (11) we derive ¥ = 0 and
x* =V, f(x, p)*u. Then, due to (16),

orjull® < {u, Vo (x, p) ) < ]| [l

Hence (17) is valid. Suppose now that x € JC, i.e., y(x) = 0. Using Theorem 2.2
once more for (¥,7) := (x,y — f(x,p)), we obtain (12). As x* € A, only four cases
can occur:

Case 1. One has x* € V. f(x,p)*u+y*V2y(x)*u +RVy(x) with y* > 0 and
(0, Vyr(x)) = 0.

Case 2. One has x* € V, f(x, p)*u+ R Vy(x) with (u, Vy(x)) > 0.

Case 3. One has x* € V. f(x, p)*u+RVy(x) with (u, Vy(x)) =0.

Case 4. One has x* = V. f(x, p)*u with {u, Vy(x)) <0.

In Case 1, we find an 8 € R such that

)*
)*

X =Vof (x,p) uty V2y(x) u+ BVy(x).
Then, taking account of (16) and (a2), we get

e[l > G, x*) = (1, Vif (x, p) u+y* VA (x) u+ BV (x)
= {1, Vif (5, p) ) + ", V2 (x) )
or|lul]?,

Y
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establishing (17). Cases 2—4 can be treated in the same manner. We have seen that
assumption (A1) of Theorem 3.2 is satisfied with ¢ = 1/a, V = V,W =Y, and
U=U.

We now check (A2) with V, W, and U being selected as above. Without loss of
generality, we may assume that V C Bg(x), where § > 0 was chosen at the begin-
ning of the proof. First, let us show that domII(0,F,(-)) N Bs(X) = CNBs(%) for
every p € U. Of course, domI1(0,F,(-)) NBs(X) C CNBg(%). To obtain the reverse
inclusion, fix any x € CNBg(%). If x € intC, then I1(0,F,(x)) = {f(x, p)} because
N(x;C) ={0}.If x € dC and Vy(x) #0, then IT(0, F,(x)) # 0. Indeed, observe that
dist(0, F (x,p)) < ||f(x,p)|| and let

xp=f(x,p)+ 4Vy(x) € Fx,p) = f(x,p) + Ry Vy(x) (kEN, 4 >0)

be such that limy_... ||xj || = dist(0, F (x, p)). Since the sequence {x; } is bounded and
Vy(x) # 0, we may assume that Az — A € R. Then

x:= limxp = flx, p) +AVy(x) € F(x, p).

From what which has already been said it follows that x* € I1(0,F,(x)). We have
thus shown that dom IT(0, F,,(-)) NBg (X) = CNBgs(%). Next, to check the lower semi-

compactness of IT1(0, F,(-)) on C around any x € VNC, we fix any sequence xi Sx.
For each k € N, select a vector

X = f Ok, p) + MV () € T1(0,Fp(xi)) (18)

with 24 > 0. Since [o|| < |[f (e, p)l| and limy oo | £ (et p) | = IS Ces P Lz}
is a bounded sequence. Hence the estimates

il = [1f Cees ) + 2V () [| = Al Ve = [1f s p)| - (K= 1,2,...)

and the property limy_... Vy/(x;) = Vy(x) # 0 guarantee that the sequence {A;} is
bounded. Consequently, the latter has a subsequence lkj converging to some A > 0.
From the equality in (18) it follows that

x,tj —x" = f(x,p) + AVy(x) € Fy(x)
as j — oo, If x* ¢ I1(0, F),(x)), then we would find A > 0 such that

X = f(x,p) + AV (x) € Fy(x)

satisfies the inequality
[ < 1"l (19)

Putting B
X, = S p) +AVY (),
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we note that )?*kj € Fp(x;) and )?*kj — X*. By the choice ofx,’;j, we have ||x,’;j I < ||3c‘,*cj Il
Passing to the limit as j — o, from the last inequality we get ||x*|| < ||X*||, contrary
to (19). We have obtained the inclusion x* € I1(0, F,,(x)), which justifies the lower
semicompactness of IT(0,F,(-)) on C around x and completes the proof, because
(a3) certainly implies (A3) and (a4) yields (A4). O

4 An Analysis of Theorem 3.1

The assumption “X and X* are Asplund spaces” in Theorem 3.1 is satisfied if X is
a reflexive Banach space. Assumptions of this kind had appeared in the literature;
see, e.g., [12, Theorems 4.54 and 4.65(ii)]. In general, X* is not necessarily Asplund,
when X is an Asplund space. Indeed, X = ¢ is an Asplund space because X* = [}
is a separable Banach space (see [15, Theorem 2.12]). However, X* = [; is not an
Asplund space [15, p. 13]. Thus, the assumption “X and X* are Asplund spaces”
specifies a class of Asplund spaces to which Theorem 3.1 can be applied to.

The next example shows that the “positive definiteness of V. f(x, p)” in (al) can-
not be replaced by a weaker assumption on “positive semidefiniteness of V, f (¥, p)”.

Example4.1. Let X =R, P =R, y(x) =x*> — 1, f(x,p) = —px, = —1, p = 0.
It is easy to verify that, except for (al), all the other assumptions of Theorem 3.1
are satisfied. Note that we still have (u, V, f (%, p)*u) > 0 for every u € X**. For any
p >0, it holds S(p) N[—1,0) = 0. Hence all the properties (i)—(iv) in Theorem 3.1
are not valid.

Interestingly, if the assumption on “positive semidefiniteness of V>y/(x) on the
tangent space to dC at any x € dC sufficiently near to X’ in (a2) is violated then, in
general, the assertions (i)—(iv) are no longer valid. (As far as we understand, the just

mentioned assumption does not imply that C is locally convex near x.)

Example 4.2. Let X = R?, P = (—1,+), y(x) = x; —x, and f(x,p) = ((p+
1)x1,x — p) for any x = (x;,x) € X and p € P. Let ¥ = 0 and p = 0. It is easy
to verify that, except for (a2), all the other assumptions of Theorem 3.1 are satisfied.
Note that we still have V(&) # 0 and (u, V2 y(%)*u) > 0 for any u € X** satisfying
(u,Vy(x)) = 0. For any p > 0, S(p) = {(0,p)} is a singleton. For p € (—1,0), the
solution set

S(p) = {(xl,xz) cx =13 =1, p<t< O}

is a curve. Note that the properties (i) and (ii) in Theorem 3.1 are valid, but (iv)
is not. The reason is that the condition “V/(x) # 0 and (u, V>y(x)*u) > 0 for all
u € X** satisfying (u, Vy(x)) = 0” in (a2) is violated at any x = (x1,x}) € dC with
x1 <O0.

It is not difficult to show by examples that (a3) cannot be omitted if one wants to
have (iii), while (a4) is essential for the validity of (iv).
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The problem of minimizing a linear-quadratic function under a convex quadratic
constraint is known as the trust-region subproblem (see [11] and the references
therein). Several stability properties of the problem have been obtained in [10].
Theorem 3.1 asserts some facts about the stability of strongly convex linear-
quadratic minimization under a C>-smooth convex constraint. The latter corresponds
to the easiest case of the trust-region subproblem where the objective function is
strongly convex.

Example 4.3. Let ¢(x) = %(x,Ax) + (b,x), where x € R", A € R™" is a given
symmetric matrix, b € R" a given vector. Let C = {x € R" : y(x) < 0}, where
v : R" — R is a C>-smooth convex function. It is well known that if x € C is a local
minimizer of ¢ on C then the variational system (2), where p = (A,b) € R"" x R"
and f(x,p) = Ax+ b, is satisfied. If A is positive semidefinite, then the converse is
valid. In the case under consideration, assumptions (a2)—(a4) of Theorem 3.1 auto-
matically hold. Under the assumption (al), which means that A is positive matrix,
the solution set of our minimization problem is a singleton, say, S(p) = {x(p)}.
Moreover, according to Theorem 3.1, x(+) is a locally Lipschitz function. This result
is not new. For instance, it is immediate from [20, Theorem 2.1].

The next two numerical examples are designed to how Theorem 3.1 can be ap-
plied to concrete problems.

Example 4.4. Consider the system (2) with X = P =R, y(x) = x> —x, f(x,p) =
ox+ p, and o € R is a constant. Note that C = [0,1] C R. We study the local be-
havior of the solution map S(-) of (2) around the following points in its graph:

(@) (5.) = (—0B,B) with B € (0,1).

(b) (5,%) = (B,0) with > 0.

First, let (p,%) = (—af3,B) with B € (0,1). Since V. f (X, p) = ], assumption
(al) is satisfied if and only if o > 0. Other assumptions of Theorem 3.1 are ful-
filled. Hence, for o > 0, the map S(+) is Lipschitz-like around (5, %) and it is locally
metrically regular in Robinson’s sense around the point (%, ,0).

Next, suppose that (p,%) = (§,0) with B > 0. Condition (al) of Theorem 3.1 is
satisfied if and only if o > 0. As y(X) = 0, we have to verify condition (a2). Note
that Vy(x) #0. Since {u € X™* : (u,Vy(x)) =0} = {0}, (a2) is satisfied. Thus, by
Theorem 3.1, the map S(-) is Lipschitz-like around (5,%) and it is locally metrically
regular in Robinson’s sense around the point (%, p,0) for any a > 0.

Example 4.5. Consider the system (2) with X = P =R, y(x) =x3 —x1, f(x,p) =
[xl —X2+p1

2%+ s } for all x = (x1,x2) € X and p = (p1, p2) € P. Note that

C= {x: (x1,%2) @ x1 Zx%}, JC = {x: (x1,x2) : x1 :x%}.

Let ¥ = (0,0), p = (1,0). Since V,f(X,p) = assumption (al) of

1-1
02}
Theorem 3.1 is fulfilled. As y(X) = 0, we have to check condition (a2). Since
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Viy(x) = [8 g] is positive semidefinite for all x, (a2) is satisfied with V; := R?. By

Theorem 3.1, the map S(-) is Lipschitz-like around (5,%) and it is locally metrically
regular in Robinson’s sense around the point (%, ,0).
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Exact Penalty in Constrained Optimization
and the Mordukhovich Basic Subdifferential

Alexander J. Zaslavski

Abstract In this chapter, we use the penalty approach to study two constrained
minimization problems in infinite-dimensional Asplund spaces. A penalty function
is said to have the exact penalty property if there is a penalty coefficient for which
a solution of an unconstrained penalized problem is a solution of the corresponding
constrained problem. We use the notion of the Mordukhovich basic subdifferential
and show that the exact penalty property is stable under perturbations of objective
functions.

1 Introduction

Penalty methods are an important and useful tool in constrained optimization. See,
for example, [3-7,11,14,17,18,20,21] and the references mentioned there. In this
chapter, we use the penalty approach to study two constrained nonconvex mini-
mization problems with Lipschitzian (on bounded sets) objective functions. The first
problem is an equality-constrained problem in an Asplund space with a locally Lip-
schitzian constraint function and the second problem is an inequality-constrained
problem in an Asplund space with a locally Lipschitzian constraint function. Note
that a Banach space is an Asplund space if and only if every separable subspace has
a separable dual [13].

A penalty function is said to have the exact penalty property if there is a penalty
coefficient for which a solution of an unconstrained penalized problem is a solution
of the corresponding constrained problem. The notion of exact penalization was in-
troduced by Eremin [9] and Zangwill [18] for use in the development of algorithms
for nonlinear constrained optimization. For a detailed historical review of the litera-
ture on exact penalization see [3,5,7].
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In [20], it was established the existence of a penalty coefficient for which
approximate solutions of the unconstrained penalized problem are close enough to
approximate solutions of the corresponding constrained problem. This is a novel
approach in the penalty type methods.

Consider a minimization problem A(z) — min, z € X where h: X — R is a lower
semicontinuous bounded from below function on a Banach space X. If the space X
is infinite-dimensional or if the function / does not satisfy a coercivity assumption,
then the existence of solutions of the problem is not guaranteed and in this situation
we consider §-approximate solutions. Namely, x € X is a §-approximate solution of
the problem A(z) — min, z € X, where 6 > 0, if h(x) <inf{h(z): z€ X} + 6.

In [20] and [21], we consider minimization problems in a general Banach space
and in a general Asplund space, respectively. Therefore, we are interested in ap-
proximate solutions of the unconstrained penalized problem and in approximate so-
lutions of the corresponding constrained problem. Under certain mild assumptions,
we show the existence of a constant 4 > 0 such that the following property holds:

For each € > 0, there exists (&) > 0 which depends only on € such that if x is
a 6(€)-approximate solution of the unconstrained penalized problem whose penalty
coefficient is larger than A, then there exists an g-approximate solution y of the
corresponding constrained problem such that ||y — x|| < €.

This property, which will be called here as the generalized exact penalty prop-
erty, implies that any exact solution of the unconstrained penalized problem whose
penalty coefficient is larger than A is an exact solution of the corresponding con-
strained problem. Indeed, let x be a solution of the unconstrained penalized problem
whose penalty coefficient is larger than A. Then for any & > 0, the point x is also
a 0(€)-approximate solution of the same unconstrained penalized problem and in
view of the property above there is an €-approximate solution y of the correspond-
ing constrained problem such that ||x — y,|| < €. Since € is an arbitrary positive
number we can easily deduce that x is an exact solution of the corresponding con-
strained problem. Therefore, our results also include the classical penalty result as a
special case.

In [20], the existence of the constant A for the equality-constrained problem was
established under the assumption that the set of admissible points does not contain
critical points of the constraint function. The notion of critical points used in [20] is
based on Clarke’s generalized gradients [20]. It should be mentioned that there ex-
ists also the construction of Mordukhovich basic subdifferential introduced in [12]
which is intensively used in the literature. See, for example, [13, 14] and the refer-
ences mentioned there. In [21], we generalize the results of [20] for minimization
problems on Asplund spaces using the (less restrictive) notion of critical points via
Mordukhovich basic subdifferential. In this chapter, we use the Mordukhovich ba-
sic subdifferential and show the stability of the generalized exact penalty property
under perturbations of objective functions. Note that the stability of the general-
ized exact penalty property is crucial in practice. One reason is that in practice we
deal with a problem that is an approximation of the problem we wish to consider.
Another reason is that the computations introduce numerical errors.
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2 The Main Result

Let X be an Asplund space and X* its dual equipped with the weak* topology w*.
If F: X — 2X" is a set-valued mapping between the Banach space X and its dual
X*, then the notation

.
limsupF(x) := {x* € X*: there exist sequences x; — ¥ and xj % x*
x—X

as k — oo with xj € F(x;) for all natural numbers k} (1)

signifies the sequential Painleve—Kuratowski upper limit with respect to the norm
topology of X and the weak* topology of X*.
For each x* € X* and each r > 0, set

B.(x",r)={leX": ||l-x"||<r}
and for each x € X and each r > 0 set
Bx,r)={yeX: |[y—x|[<r}.

In this chapter, to obtain a sufficient condition for the existence of an exact
penalty we use the notion of Mordukhovich basic subdifferential introduced in
[12] (see also [13, p.82]). To meet this goal, we first present the notion of an &-
subdifferential (see [13, p. 87]).

Let¢ : X — R, € > 0 and let x € X. Then the set

0:0(x) := {x* € X*: liminf[(¢(x) — 0(X)— < x*,x—%>)|lx—x| '] > —¢} ()

X—X

is the analytic e-subdifferential of ¢ at .
By Theorem 1.8.9 of [13, p. 92], the set
99(x) = limsup Jeg(x) (3)
xﬂf, e—071
is Mordukhovich basic (limiting) subdifferential of the function ¢ at the point .
It should be mentioned that in view of Theorem 2.34 of [13, p.218],

9¢/(%) = limsup do (x).
(4

x—X

Here we use the notation that x % % if and only if x — ¥ with ¢ (x) — ¢ (X), where
¢ (x) — ¢ (%) is superfluous if ¢ is continuous at x.
Let f : X — R be a locally Lipschitzian function. For each x € X, set

E¢(x) =inf{[|l|]|: [ € f(x)}. 4)



226 Alexander J. Zaslavski

(We suppose that infimum of an empty set is co.) It should be mentioned that an
analogous functional, defined using the Clarke subdifferentials, was introduced in
[19] and then used in [20].

A point x € X is a critical point of fif 0 € df(x).

A real number ¢ € R is called a critical value of f if there exists a critical point x
of f such that f(x) =c.

For each function 2 : X — R and each nonempty set A C X, set

inf(h) =inf{h(z) : z€ X}, inf(h;A)=inf{h(z): z€A}.
For each x € X and each A C X, put
d(x,A) = inf{||x—y||: y €A}.

Denote by .# the set of all continuous functions f : X — R. The set .# is
equipped with the uniformity [10] determined by the following base:

UM,q,r) = {(f,g) el x A |f(x)—gx)| < rforauxeB(o,M)}

N{(fg) et s |(f=)(x)~ (/=)0
< glx—y|[ forall x,y € B(0,M) }, )

where M,q,r > 0. It is not difficult to see that this uniformity is metrizable and
complete.
Let ¢ : [0,00) — [0,0) be an increasing function such that

lim (1) = e ©)

t—o0

and let @ > 0. Denote by .# 4 the set of all functions f € ./ such that
f(x) > ¢(||x||) —aforall x € X. (7

Let fo : X — R be a function that is Lipschtzian on all bounded subsets of X and
such that

foe Mya (8)

Let g : X — R be a locally Lipschitzian function.

We say that the function g satisfies the Palais—Smale (P—S) condition on a set Z C
X if for each norm-bounded sequence {z; }?* ; C Z such that the sequence {g(z:)}7,
is bounded and liminf; ... Z,(z;) = O there exists a norm convergent subsequence of
{zi}, [1,2,15,19].

Let ¢ € R be such that g~!(c) # 0.

We consider the following constrained minimization problems

f(x) — min subjectto x € g~ '(c) (Pe)
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and
f(x) — min subject to x € g~ ((—oe,c]), (P)

where f € .4, z belongs to a neighborhood of fj in ..
We associate with these two problems the corresponding families of uncon-
strained minimization problems

f(x) +A[g(x) —¢[ — min, xeX (Pre)

and
f(x) +Amax{g(x) —¢c,0} > min, x€X, (Py)

where A > 0 and establish the existence of the exact penalty.
Fix

6cg l(c). 9)

By (6), there exists a positive number M such that
My>||6||+2 and @(My—2)> fo(60)+a+2. (10)

For each f € .# z and each A > 0, set

V() = F(D) +Alg(@) —cl, zeX, an
W;I)JL(Z) = f(z) + A max{g(z) —¢,0}, z€X. (12)

The following theorem is our main result.

Theorem 2.1. Assertion 1. Assume that there exists Y. > 0 such that the functions g
and —g satisfy the (P-S) condition on the set g~ ([c — Y., c + 7)) and the following
property holds:

Ifx € g~ Y(c) is a critical point of the function g or a critical point of the function
—g then fo(x) > inf(fo;6"(c))-

Let A= g !(c), Vi = W;(‘e/)l for each f € .My sz and each A > 0 and let g > 0.
Then there exist positive numbers A, r such that the following property holds:

(Q) for each € > 0 there exists 6 € (0,€) such that if f € .My 5 satisfies (f, fo) €
U (My,q,r), A > A and if x € X satisfies Wy ; (x) < inf(yy )+ 8, then there isy € A
such that ||y —x|| < € and f(y) < inf(f;A)+ d.

Assertion 2. Assume that there exists Y. > 0 such that the function g satisfies the
(P-S) condition on the set g~ ' ([c,c + ¥]) and the following property holds:

Ifx € g~ '(c) is a critical point of the function g, then

fo(x) > inf (fos;g " (—eoyc]) .

Let A =g '((—eo,c]), Wy2 = l//;'))L for each f € My g and each A > 0 and let
q > 0. Then there exist positive numbers A, r such that property (Q) holds.
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By Theorem 2.1, the existence of an exact penalty depends on a triplet (f,g,c¢).
For given functions f, g, it is interesting to obtain an information about the set of all
real numbers ¢ for which an exact penalty exists. If the space X is finite-dimensional
and the functions f, g are Frechet differentiable, then by Theorem 2.1 and the clas-
sical Sard theorem [16] this set has a complement with the Lebesgue measure zero.

3 Proof of Theorem 2.1

We prove Assertions 1 and 2 simultaneously. Set
A=g7'(c) and =y} VfE.MeaVA>0 (13)
in the case of Assertion 1 and
A=g Y(-wod) and ypu =)\ VfE.MyaVr>0 (14)

in the case of Assertion 2. Clearly, the function v ; is continuous for all f € .#y 5
and all A > 0.
We show that there exist A > 0 and 7 > 0 such that the following property holds:
(P1) For each £ € (0,1) there exists § € (0,¢&) such that for each f € .#} ; satis-
fying (f, fo) € % (My,q,r), each A > A and each x € X which satisfies

Yy (x) < inf(yyz) +6 (15)

the set
{z€A: |x—z||<eand y; (2) < wya(x)} (16)

is nonempty.

It is not difficult to see that the existence of 4,7 > 0 for which the property (P1)
holds implies the validity of Theorem 2.1.

Let us assume that there are no Z,r > 0 for which (P1) holds. Then for each
natural number k there exist

&€ (0,1), A >k, fké.jftpﬁ, xreX (17)
such that
(firfo) € % (Mo, g,k ™), (18)
W, 2, () < inf(yrz ) +27 k™! (19)
and
{zeA: |lz—x| < g and yy, 5, (2) < yy g, ()} = 0. (20)

Let k be a natural number. It follows from (19) and Ekeland’s variational principle
[8] that there exists y; € X such that
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Vi a 0) < W, (), (21)
e —xi|] < &/2, (22)
W %) < W, (2) + k! [z—yi| forall z € X. (23)
By (20), (21), and (22),
vi € A for all natural numbers k. 24)

In the case of Assertion 2, we obtain that
g(yx) > ¢ for all natural numbers k. (25)

In the case of Assertion 1, we obtain that for each natural number & either g(yx) > ¢

or g(y) <ec.
In the case of Assertion 1 by extracting a subsequence and re-indexing we may

assume that either g(y) > ¢ for all natural numbers k or g(y;) < ¢ for all natural
numbers k. Replacing g with —g and ¢ with —c if necessary we may assume without
loss of generality that (25) holds in the case of Assertion 1 too. Now (25) is valid in
both cases.

In view of (5), (7), (9)-(14), (17)—(19), and (21) for all natural numbers &,

Ol =@ < felve) < Wa, %) < Wy, () <inf(y 5 ) +27 ek
<y (0)+27 = fi(6) +27!
=274 fo(8) + i(8) — fo(B) < fo(8) +k ' +27". (26)
Equations (10) and (26) imply that
[lvell <My —2  for all natural numbers k. (27)

It follows from (5) and (18) that the restriction of f; to B(0, M) is Lipschitz for all
natural number k.

Let k be a natural number. Then by (25) and (27) there is an open neighborhood
Vi of y; in X such that

Vi CB(0,My—1), g(z) > cforall z € V. (28)
By (11)=(14), (23), and (28), for all 7 € Vj,
Jei) + (80 =€) = Wp 4, k) < g2, () + & |z =y
= fi(2) + M(g(z) =) + k2= yul|- (29)

Put
0(2) = fi(2) + Mg (@) +k Mz —wel], 2 € Vi (30)

In view of (28) and (30), the function ¢y : V; — R is locally Lipschitz.
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By (2), (3), (29), and (30),
0 € () (Vi) (€)9)

It follows from (28), (30), (31), and Theorem 3.36 of [13] that
0 € i (k) + Mdg(vi) + k(|- =yl [) ) (32)
By (5), (18), (28), Theorem 3.36 of [13], and Corollary 1.8.1 of [13],
dfi(i) C 9 fo(ye) +9(fi — fo) k) C 9 fo(ye) +¢B:(0,1).
Together with (32) and Corollary 1.8.1 of [13] this implies that
0 € dgyi) + A 0 folvi) + A 'gB-(0, 1) + 4 k1A(| - =l D) (33)

C Agv) + A 9 folyk) + A, B (0,1) + A k' B.(0,1).

Since the function f is Lipschitzian on bounded subsets of X it follows from (27)
and Corollary 1.8.1 of [13] that there exists L > 0 such that

dfo(yx) C B«(0,L) for all natural numbers k. (34)
By (33) and (34), for all natural numbers &,
0€ dg(yx)+A; 'Bo(0,L) + A, 'qB.(0,1)+ A, 'k 'B.(0,1)

and in view of (4) and (17),
Jim Z, (33) =0. (35)

By (7), (11)—(14), (17), (25), and (26) for all integers k > 1,
A(gvk) —¢) —a < ¢(|[vell) + A(g(ve) —¢) —a < filye) + Mg (i) —¢)

=y 06) < fo(0)+k ' +27!

and
0<gn)—c<A ' [fo(@)+a+k ' +27"] > 0ask — o. (36)

Hence there is a natural number k( such that for all integers k > ko

g0n) € (c,c+ 1] (37

By (27), (35), (37), and the (P-S) condition, there exists a strictly increasing se-
quence of natural numbers {k;}%_; such that {yi; }7_, converges in the norm topol-
ogytoy € X. In view of (36),

() =c. (38)

By (5), (7)—(14), (18), (19), (21), and (27)

fo(¥) = lim fo(yx;) = lim fi; (vk;) < limsupyy 3 (Vk;)
Joe o jeo KT
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< lim supinf( ‘kaj Ay ) < lim supinf( ‘kaj Ay ;A)

J— J—oe

= limsupinf(f;;;A) < limsupinf(fi;;ANB(0,Mo))

J—oo J—roo
= inf(fo; ANB(0,Mp)) = inf(fo;A).
Together with (13), (14), and (38), this implies that
fo(5) = inf(fo:4). (39)

Since the function f is Lipschitz on bounded subsets of X there exists Ly > 1 such
that

|fo(z1) — fo(z2)| < Lol|z1 — z2]| for all 21,22 € B(0,Mp). (40)
Let k be a natural number. By (5), (17), (18), (27)—~(29), and (40) for all z € Vi \ {yx}.

(8(z) — gz =yl " = —llz—wel | " fiw) — @A =& 'A !

> =2 Mz =yl (1fo2) = foi) |+ [ (fic — fo) (2)

— (fi=fo) o)) = A¢ k!
> 2y Mz = el I (Lolle =yl [ + gl =il ) = A 'k
>k 'Lo—klg—k' > —k N Lo+q+1).

By the relation above and the definition (2),

0 € dygx(yk)

with
%=k '(1+Lo+q).

Together with (3) and the equality y = limj ... yy; in the norm topology, this implies

that 0 € dg(¥). This contradicts to the relations (38) and (39). The contradiction we

have reached proves the existence of A > 0, > 0 for which the property (P1) holds.
This completes the proof of Theorem 2.1.
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