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Abstract In the paper, we consider a class of nonsmooth multiobjective programming
problems in which involved functions are locally Lipschitz. A new concept of invexity for
locally Lipschitz vector-valued functions is introduced, called V -r-invexity. The generalized
Karush—Kuhn-Tuker necessary and sufficient optimality conditions are established and dual-
ity theorems are derived for nonsmooth multiobjective programming problems involving
V-r-invex functions (with respect to the same function 7).
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1 Introduction

In the recent years, considerable amount of research has been done in the field of multiobjec-
tive programming (see, for example, [1,2,5,7,10,13,19,22]). But in most of the studies, an
assumption of convexity on the problems was made (see, for example, [11,23,24]). Recently,
several new concepts concerning a generalized convex function have been proposed. Among
these, the concept of an invex function has received more attention.

The class of invex functions was introduced by Hanson [8] as a broad generalization of
convexity for differentiable real-valued functions defined on R". Hanson proved that both
Karush—Kuhn-Tucker sufficiency results and Wolfe weak duality, in differentiable mathe-
matical programming problems, hold with the invexity assumption.

Recently, a few authors extended the relevant results in the theory of multiobjective opti-
mization with invexity notion.
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Jeyakumar and Mond [10] generalized Hanson’s definition to the vectorial case. They
defined V-invexity of differentiable vector-valued functions which preserve the sufficient
optimality conditions and duality results as in the scalar case and avoid the major diffi-
culty of verifying that the inequality holds for the same function n for invex functions in
multiobjective programming problems.

Later, Antczak [2] introduced the concept of V-r-invexity for differentiable multiobjec-
tive programming problems, which is a generalization of the idea of V-invex functions [10]
and the concept of differentiable r-invex functions [3].

For the most part, the study of invexity has been in the context of differentiable functions.
However, in the recent years, the concept invexity, previously introduced for differentia-
ble functions, was generalized to the case of nonsmooth functions. Jeyakumar [9] defined
generalized invexity for nonsmooth scalar-valued functions, established an equivalence of
saddle points and optima, and studied duality results for nonsmooth problems.

Reiland [21] extended invexity to the nondifferentiable setting by defining invexity for
Lipschitz real-valued functions. His principal analytic tool was the generalized gradient of
Clarke [4]. Along the same lines, Kaul et al. [12] established optimality and duality results in
nondifferentiable mathematical programming problems involving Lipschitz functions under
generalized invexity assumption.

In [6], Egudo and Hanson extended the concept of V-r-invexity of Jeyakumar and Mond
[10] to the nonsmooth case. Mishra and Mukherjee [17] extended the concepts of V-pseud-
oinvexity and V-quasi-invexity to the nonsmooth case. Later, Mishra and Mukherjee [16]
extended the work of Jeyakumar and Mond [10] to the class of composite nonsmooth func-
tions with a more general efficient solution, namely conditional proper efficiency.

In [1], in terms of the Clarke subdifferential, Antczak defined a new class of Lipschitz
functions and he called it (Lipschitz) r-invex functions. This class of Lipschitz functions con-
tains the class of Lipschitz invex functions defined by Reiland and generalizes the definition
of differentiable r-invex functions [3] to the case of (nondifferentiable) Lipschitz functions.

In this paper, we consider a class of nonsmooth multiobjective programming problems
in which functions are locally Lipschitz. The purpose of this paper is to use the introduced
notion of V-r-invex functions (with respect to the same function 1) to establish sufficient
optimality conditions and duality results for such a class of nonsmooth multiobjective pro-
gramming problems. The concept of efficiency is used to state optimality theorems and some
duality results.

2 Locally Lipschitz V-r-invex functions

Let R" be the n-dimensional Euclidean space. For any x = (x1, x2, ..., X,), ¥y = (b1, y2,
..y Yn), we define:

(i) x=y ifandonlyifx; =y; forall i=1,2,...,n;
(i) x <y ifandonlyifx; <y; forall i=1,2,...,n;
(iii)) x <y ifandonlyifx; <y forall i=1,2,...,n;

(iv) x <y ifandonlyifx <y and x #y.

Throughout the paper, we will use the same notation for row and column vectors when the
interpretation is obvious.

In this section, we provide some definitions and some results that we shall use in the
sequel.
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Definition 1 Let X be an open subset of R”. The function f : X — R is said to be locally
Lipschitz (of rank K) at x € X if there exist a positive constant K and a neighborhood N of
x such that, for any y,z € N,

lf ) = f@I=Kly =zl

If the inequality above is satisfied for any x € X, thenf is said to be locally Lipschitz (of
rank K)on X.

Definition 2 [4] If f : X — R is locally Lipschitz at x € X, the generalized derivative (in
the sense of Clarke) f at x € X in the direction v € R", denoted f °(x; v), is given by

) —
fOx;v) = lim Supw.
y—=>x A
210
Definition 3 [4] The generalized gradient of f at x € X, denoted 9f (x), is defined as
follows:

af(x) ={ € R": fO%%x;v) = (§;v) forallv € R"}. 1)

On the basis of the definition of invexity for Lipschitz functions [21] and the definition of
differentiable r-invex functions, Antczak [1] introduced a class of (scalar) Lipschitz r-invex
functions.

Later, Antczak [2] generalized a concept of (scalar) differentiable r-invex functions to
the vectorial case and he defined a class of V-r-invex functions. In this paper, the notion of
r-invexity is further generalized and we introduce now a class of locally Lipschitz V-r-invex
functions.

Definition 4 Let f : X — R¥ be a locally Lipschitz function on a nonempty set X C R”,
and let r be an arbitrary real number. If there exist functions n : X x X — R" ande; :
X x X — R\{0} such that forany i = 1, ..., k, and for all x € X, the inequality

%efff(x) > ;e’f"(“)[l + rai(x, u) (& n(x, w)] (> withx #u) forr #0
fi) = fitw) Z o (x, w){&is n(x, u)) (> withx #u) forr=20 )

holds for any & € dfi(u), then f is said to be a (locally Lipschitz) V-r-invex (strictly
V-r-invex) with respect to n atu on X.

If the relation (2) is satisfied at any point u € X, then fis said to be V-r-invex (strictly
V-r-invex) with respect to n on X.

The class of vector-valued locally Lipschitz V-r-invex functions is defined by a natural
way in the paper. As it follows from Definition 4, the vector-valued function f : X — R¥
is a locally Lipschitz V-r-invex function if each component f;,i = 1, ..., k, is a locally
Lipschitz «;-r-invex function, that is, the inequalities (2) hold.

Remark 5 In the case when r = 0, we obtain that f is (locally Lipschitz) V-invex with
respect to n on X.

Remark 6 In order to define an analogous class of (strictly) locally Lipschitz V-r-incave
functions with respect to 1, the direction of the inequalities in (2) should be changed to the
opposite one.

Now, we give a useful lemma whose a simple proof is omitted in the paper.
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Lemma 7 If fis aV-r-invex (V-r-incave) function with respect to non X, and if k is any
positive real number, then the function kf is V-g-invex (V-g-incave) with respect to the
same function n on, X.

3 Nonsmooth multiobjective programming

In this paper, we consider the following nonsmooth multiobjective programming problem
f) = (fitx),..., fr(x)) — min
gjx)=0, j=1,....m, (VP

where fi : X — R,iel =1{l,...,k},g;: X - R,i € J ={1,...,m}, are locally
Lipschitz functions on a nonempty set X C R".
Let

D={xeX: gix)<0,jeJ}
and
J(x):={jeJ: gj(x) =0} forsomex € D,

denote the set of all feasible solutions for (VP) and the active constraint index set at x € D,
respectively.
We also define the sets

Ix):={iel: ) #0} forsomex € D,
Jreo 1 =A{fi i € I(x)},
i 1 =1{gj:jel}.

For such optimization problems minimization means obtaining of efficient solutions (Pareto
optimal solutions) in the following sense [20].

Definition 8 A pointx € D is said to be an efficient (Pareto optimal) point for (VP) if and
only if there does not exist x € D such that

f@x) = f&).

Definition 9 A point x € D is said to be a weak efficient (weak Pareto optimal) point for
(VP) if and only if there does not exist x € D such that

f@x) < f).

The necessary optimality conditions of Fritz John and Karush-Kuhn-Tucker type for
nondifferentiable convex multiobjective programming problems were established by Kan-
niappan [11]. Later, Craven [5] proved these conditions for nondifferentiable multiobjective
programming problems involving locally Lipschitz functions. Also, under some constraint
qualification, Lee [14] proved the Karush—Kuhn—Tucker necessary optimality conditions for
multiobjective programming problems involving Lipschitz functions.

Theorem 10 (Fritz John necessary optimality conditions). Let X € D be a (weak) Pareto
optimal solution in (VP). Then there exist A € R¥, 7t € R™, not all zero, such that the
following conditions are satisfied
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k m
0€ > Rdfi(5)+ D 108, 3)
i=1 j=1
mjgi(X) =0, jel, Q)
20, B20, (k1) #(0,0). )

Now, we define the Lagrange function or the Lagrangian for the problem (VP) as follows

L(x, %, 8) = Af(x) + &g (x),

where 1 € R% £ € R

The Karush—Kuhn-Tucker necessary optimality conditions for x to be (weak) Pareto
optimal are obtained from the above Fritz John necessary optimality conditions under some
constraint qualification.

Now, we give a generalized Slater type constraint qualification and under this regularity
constraints qualification we establish the Karush-Kuhn-Tucker necessary optimality condi-
tions for the considered nonsmooth multiobjective programming problem (VP).

Definition 11 The program (VP) is said to satisfy the generalized Slater type constraint
qualification at X € D if there exists ¥ € D such that g;)(X) < 0, and gz is V-r-invex
with respect to n at X on D.

Theorem 12 (Karush-Kuhn-Tucker necessary optimality conditions). Let x € D be a
(weak) Pareto optimal solution for (VP). Assume that the generalized Slater type constraint
qualification is satisfied at %. Then, there exist .. € R¥ and Tt € R™ such that, the following
Karush—Kuhn—Tucker conditions are satisfied:

k m
0 D Xidfi(®) + > ;08 (%), 6)
i=1 j=1
mjgi(x) =0, jel, (N
%>0, m20. ®)

Proof Since x € D is a (weak) Pareto optimal in (VP), then the necessary optimality condi-
tions of Fritz John type (3)—(5) for a nondifferentiable multiobjective programming problem
are fulfilled. Let us suppose that A = 0. Then by (4) we have that & j =0forall j ¢ J(x),
and there exists at least one j € J(x) such that & j > 0. Then from (6) and subdifferential
calculus (see [4]), it follows that

m
0ed > mpgi@ | =0 D mgi@ | c D mwog@.
j=l1 JjeJ(x) Jjed(x)

Thus, there exist £; € dg; (x), j € J (X), such that

> mig =0. Q)

jel®

By assumption, g z) is assumed to be V -r-invex with respect to the same function n at x on D.
Therefore, by Lemma 7, we have that any function (&t ;g;) jes &) isV—ﬁLj—invex with respect
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to the same function n at x on D. Then, using Definition 4 together with (7), we get that the
following inequality

R e Wi (g (0—T8(®)
T (er8i™ 1) = T 7 —1
> = By p

JjeJ(x) jeJ(x)
> D> e, B, X)) = 0. (10)
jeJ @
holds for all x € D.
On other hand, it follows from the generalized Slater type constraint qualification that

there exists X € D such that g;(x) < 0, j € J (). Since ;> 0 atleast for one j € J(x),
then we obtain the following inequality

> e - <o
jerwm "
which contradicts (10). ]

It turns out that to prove that the Lagrange multiplier A is not equal to O it can be assumed
also the following Slater type constraint qualification.

Remark 13 We assume g (x) is V-r-invex with respect to the function 7 at X, but there exist
at least one g;, j € J(x) which is strictly V-r-invex with respect to the same function 7 at
X on the set of all feasible solutions D. Then the Lagrange multiplier X is not equal to 0.

Now, under the assumption of V-r-invexity, we establish sufficient optimality conditions
for nonsmooth multiobjective programming problems involving locally Lipschitz functions.

Theorem 14 (Sufficient optimality conditions). Let X € D. Assume that Karush—Kuhn—
Tucker conditions (6)—( 8) are satisfied at X. If fi(z) and g () are (V-r-invex) strictly V-r-in-
vex with respect to the same function n at x on D, then X is a (weak) Pareto optimal solution
in (VP).

Proof Letx be feasible in (VP) and the Karush—Kuhn-Tucker conditions (6)—(8) be satisfied
atx. We proceed by contradiction. Suppose that X is not a weak Pareto optimal in (VP). Then,
by Definition 9, there exists X € D such that

f&) < f(x). )
Since fj(z)is V-r-invex with respect to the function n atx on D, then by Definition 4, for

i €I (x), the following inequality

1
i) > Lo + ra;(x, X) (&3 n(x, X))]
r r

holds for each & € 9f;(x)and for allx € D. Hence, it is also satisfied for x = X. Then,
by (11),

o (X, X)(&; n(x, X)) <O.
By definition, we have o;(x,x) > 0,i € [. By the Karush-Kuhn-Tucker necessary
optimality condition (8), it follows that there exists A € RX % > 0. Hence,

k
ZX (&; (%, %)) (12)
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By assumption, g ) is V-r-invex with respect to the function n at x on D. Then, by Defini-
tion 4, there exist n : D x D — R"and B : D x D — R, {0} such that, for j € J(x), the
following inequality

1 1
;e’gﬂ“ > ;e’g@[l + 1B (x, X)(¢)3 n(x, X))

holds for each ¢; € dg;(X) and for all x € D. Hence, it is also satisfied for x = X. Then, by
Lemma 7, it follows that any function (&£ ;g;) jeJ () is V-%-invex with respect to the same
VETRS ;

function n atx on D. Thus,

&eﬁﬁ;gi(f) > ﬂeﬁﬁj&i@)
r Tor

[1+ru,-ﬁ,»(f, %) (;,-;n@,x))] (13)
Hj
From the feasibility of X in (VP) together with the Karush—Kuhn-Tucker optimality con-
dition (7), we have
igi(xX) = wjgj(x). (14
Thus, by (13) and (14), we get, for j € J (x),
wiBj(E. %) (&:n(X. D)) £ 0.
Since by definition 8;(x,X) > 0, j € J, and wj=0,j ¢ J(x), then the inequality
mi{gin@E )0

holds for all j € J. Thus,
m
> m{gnE D) 0. (15)
j=1
Adding both sides of (12) and (15), we obtain that the inequality
k B m
D RilEin@E D)+ D min(F X)) <0
i=1 j=1

holds for each §; € 0f;(¥)and ¢; € dg;(x), which is a contradiction to the Karush-Kuhn—
Tucker optimality condition (6). This means that X is a weak Pareto optimal solution in (VP).
Proof for efficiency is similar. O

Remark 15 It turns out that if we assume in Theorem 14 that at least one of the functions
f1() is strictly V-r-invex with respect to the function n at X on D, then X is Pareto optimal
solution in (VP).

Now, we prove sufficient optimality conditions under V-r-invexity imposed on the
Lagrangian.

Theorem 16 (Sufficient optimality conditions) Let X € D. Assume that Karush—Kuhn—

Tucker conditions (6)—(8) are satisfied at x. If the Lagrange function is (V-r-invex) strictly
V-r -invex with respect to n at X on D, then X is a (weak) Pareto optimal solution in (VP).

@ Springer



326 J Glob Optim (2009) 45:319-334

Proof Let X be a feasible solution in (VP). By assumption, there exist A € R, 2 > 0,71 €
R™, 7t = 0, such that the Karush—Kuhn-Tucker optimality conditions (6)—(8) are fulfilled
at x. We proceed by contradiction. Suppose that X is not a weak Pareto optimal in (VP).
Then, by Definition 9, there exists X € D such that the inequality (11 ) is satisfied. Since the
Lagrange function is V-r-invex with respect to n on at x on D, then, by Definition 4 , there
existn: D x D — R"and y : D x D — R4\{0} such that, the inequality

L r(E R e ®
"

r

k m
1 K S e )& —
2 76”(2[:1 Mfz+2/:1/"/5/)(x) 1+I")/ (;’f)< E )‘-igi + E ﬁ]gj’ n(f, x)>
i=1 j=1

holds for each § € df;(x) and¢; € dg;(x). Then, using (11) and (14) together with
y (x,Xx) > 0, we have that the inequality

k m
<fosz- + D g @&, x)> <0
i=1 j=1

holds for each & € df;(x),i = 1,...,k, and¢; € dg;(X), j = 1,...,m, which is a con-
tradiction to the Karush-Kuhn—Tucker optimality condition (6). This means that x is a weak
Pareto optimal solution in (VP). The proof of efficiency is similar. O

To illustrate the considered in the paper approach to optimality, we give an example of
a nonsmooth multiobjective programming problem involving (locally Lipschitz) V-r-invex
functions with respect to the same function 7.

Example 17 We consider the following nonsmooth multiobjective programming problem
(VP)

f&x) = (f1(x), fa(x)) — min
g(x) =0,

where

Inle™+1) ifx<0,
fInlE +1) ifx >0,

o ifx <O,
g(x)=[

fi) =@+ x|+ 1), flx) = [

x—1
IlnGx2—x+1) ifx>0.

It is not difficult to see that fi, f>, g are locally Lipschitz functions and, moreover, the set
of all feasible solutions D = {x € R : g(x) < 0} = [0, 1]. Note also that a feasible
solution X = 0 is Pareto optimal in the considered nonsmooth vector optimization prob-
lem. By Definition 3 (also by Theorem 2.5.1 [4]), 31 (X) = [—1, 1], 3f>(X) = [—5, ;] and
agx) = [—1, —%]. Further, we set
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¢ +2
aj(x,x) =1, 00(x,X) =
Jie+ 1+ i+
B0 7) 2Vx2 —x +1
X,X) = .
Vil —x+1+/3i -3 +1
n(x,x) = lx| —Ix]. (16)

Then, it follows by Definition 4 that f and g are V-1-invex at X on D with respect to the
same function n and with respect to o and 3, respectively, defined above. What is more, f}
is strictly V-1-invex at X on D with respect to the same function 7 and with respect to «;
defined above. Moreover, the generalized Slater type constraint qualification is satisfied at
X. Also, it can be established that the Karush—Kuhn—Tucker necessary optimality conditions
(6)—(8) are satisfied at x. Since all hypotheses of Theorem 14 are fulfilled, then X is a Pareto
optimal in the considered multiobjective programming problem.

Further, we note that the optimality conditions introduced by Jeyakumar and Mond [10]
for differentiable vector optimization problems are not applicable for the considered non-
differentiable multiobjective programming problem. Also we cannot use a method proposed
in [7], since the functions involved in the considered vector optimization problem are not
V-invex with respect to the same function n defined in (16).

4 Mond Weir duality

Following the approaches of Mond and Weir [18], we formulate the following dual problem
for (VP):

f(y) - max

k m
such that 0 € 9 Zkifi + Zujgj » (MWD)
i=1 j=1

D g z0

j=1
AeERK, A>0, weR™ =0
Let W denote the set of all feasible solutions in dual problem (MWD). Further, we denote

by YthesetY ={ye X :(y,A, n) € W}
Now, we give some useful lemma whose a simple proof is omitted in the paper.

Lemma 18 Let (y, A, u) be a certain feasible solution for (MWD). Assume that gy is
V -r-invex with respect to n at y on D U Y. Then, the following inequality

D wifgint, »)£0 (17)

j=1
holds for each ¢; € dg;(y) and for all x € D.

Theorem 19 (Weak duality). Let x and (y, A, jt) be feasible solutions for (VP) and (MWD),
respectively. Moreover, we assume that fi ) and g j(y) are V-r-invexwith respect to the same
functionnatyonD UY. Then f(x) £ f(y).
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Proof Let x and (y, A, ) be feasible solutions in (VP) and (MWD), respectively. Then,
there exist §; € df;(y),i € I,and {; € dg;(y), j € J, such that

k m
> hiki+ > njt;=0. (18)
i=1 j=1
We proceed by contradiction. Suppose that
Fx) < f). (19)

Since fj(y)is V-r-invex with respectto n at yon DU Y and A; > O fori € I(y), then, by
Lemma 7, it follows that any function (4; fi)ies(y) is V-fi-invex with respect to 1 at y on
D U Y. Thus, by Definition 4, the following inequality

i f LG f () —
= (B HIOTHION 1) 2 gy, y) (55 n )
,

holds for all §; € df;(y). Hence, by (19),

Aiai(x, ) (&isn(x, y)) <0.
Since by definition «; (x, y) > 0, then, taking into account also i ¢ 1(y), we get
k

D hilEsnx, ) <0. (20)

i=1
By assumption, gy isV-r-invex with respect to the same function natyon D U Y. Then,
by Lemma 18, we have

m
> wjigintey) £0. 1)
j=1

Adding both sides of (20) and (21), we obtain that the inequality

k m

D kit )+ D wilgin(e.y) <0

i=1 j=1
holds for each §; € 9f;(y),i =1,...,k, and¢; € dg;(y), j =1, ..., m, which contradicts
(18). O

Remark 20 If we assume that the Lagrangian is V-r-invex with respecttonat yon DUY,
then weak duality also holds between problems (VP) and (MWD).

Theorem 21 (Strong duality). Let X be a (weak) Pareto optimal solution in (VP). Then there
exist A€ RF,. A > 0,1t € R, 1w 2 0, such that (X, A, ) is feasible in (MWD). If. also weak
duality holds between problems (VP) and (MWD), then (X, A, it) is a (weak) maximum in
(MWD) and the optimal values in both problems are the same.

Proof Let X be a (weak) Pareto optimal in (VP). Then there exist A € R > 0,1 €
R™, 1t = 0, such that the Karush-Kuhn-Tucker optimality conditions (6)—(8) are fulfilled
at X. Thus, by the Karush—Kuhn-Tucker optimality conditions (6)—(8), we conclude that
(x, A, i) is feasible in dual problem (MWD). Suppose that (X, A, [x) is not a weak maximum
in (MWD). Then, there exists (7, A, &) € W such that

F&® < fO).
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But the above inequality above is a contradiction to weak duality. Thus, (¥, A, z) is a weak
maximum in (MWD), and hence the optimal values in both problem are the same. O

Theorem 22 (Converse duality). Let (7, A, it) be a (weak) efficient solution for (MWD) such
that’y € D. Moreover, we assume that fi) and g;c) are (V-r-invex) strictly V-r-invex

with respect to the same function n at’y on D UY. Then'y is a (weak) efficient solution in
(VP).

Proof Since (¥, A, 1) is a weak efficient point in (MWD), then it is feasible in (MWD).
Hence, by the second constraint of (MWD), we have

m
> Higimz0
j=1

By assumption, y € D. Then, by & = 0,

m

> w3 0.

Combining two inequalities above, we get that

> g3 =0.

j=1

We proceed by contradiction. Suppose that y is not a weak efficient point in (MWD). Then,
by Definition 9, there exists X € D such that

f&) < fO). (22)
Since fj ) is V-r-invex with respect to n at y on D U Y and A > O0fori € I(y), then, by

Lemma 7, it follows that (A; f;);e 13) 18 V-/\Li-invex with respect to the same function  aty
on D U Y. Thus, by Definition 4, the following inequality

M f LG fGO—Ti i) - _ -
- (eﬂi —1) 2 hioi (x, )& n(x, ).

;
holds for any & € df;(y),i € I(y), and for all x € D . Hence, it is also satisfied for x = x.
Thus, by (22), fori € 1(y),
hii (x, V) (&5 (X, 5)) <0
Since by definition «; (X, y) > 0,7 € I, and 2 =0, ¢ 1(y), then
k
Z (E:nE ) < (23)

By assumption, g;y) is V-r-invex with respect to the same function naty on D U Y. Then,
by Lemma 18, we have

3

D Wi nE M) £0. (24)
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Adding both sides of (23) and (24), we obtain that the inequality
k m
D hilEn@E W)+ D minE Y) <0
i=1 j=1

holds for each &; € aﬁ(y),i =1,...,k, and¢; € 9g;(y), j =1, ..., m, which contradicts
the feasibility of (}, A, ﬁ) in MWD). ]

Remark 23 To prove that y is an efficient solution in (VP), it should be assumed in Theorem
22 that at least one of the functions f; ) is strictly V-r-invex with respectto nat yon DUY .

The Mond—Weir converse duality theorem can be proved also when the Lagrange function
is V-r-invex with respectton at yon D U Y.

Theorem 24 (Converse duality). Let (7, A, 1) be a (weak) efficient solution in (MWD) such
thaty € D. Moreover, we assume that the Lagrange function is (V -r-invex) strictly V -r-invex
with respect to n at’y on DU Y. Then'y is a (weak) efficient solution in (VP).

A restricted version of converse duality for (VP) and (MWD) is the following.

Theorem 25 (Restricted converse duality). Let (¥, A, 1) be feasible for (MWD). Further,
assume that there exists X € D suchthat f(x) = f(3). If fi1x) and gjx) are V-r-invex with
respect to the same function n at’y on D UY, then X is weak efficient in (VP).

Proof Since all hypotheses of Theorem 19 are fulfilled, then weak duality holds between
problems (VP) and (MWD). We proceed by contradiction. Suppose that y is not a weak
efficient point in (MWD). Then, by Definition 9, there exists x € D such that

f&) < fG). (25)
By assumption, f(x) = f (). Therefore,

f&) < fO).
But the above inequality contradicts weak duality. O

Theorem 26 (Strict converse duality). Let X and (v, A, Jt) be feasible in (VP) and (MWD),
respectively, such that

k k m
D Rfi® < D i)+ D g (26)
i=1

i=1 j=1

Moreover, we assume that the Lagrangian is V -r-invex with respect to n at’y on DUY. Then
X =79, and also 'y is weak efficient in (VP).

Proof We proceed by contradiction. Suppose that x # y. Since X is feasible in (VP) and
7 2 0, then Z’;’:l 72;8;(¥) < 0. Hence, by (26),

k m k m
Dhifi+ > mg | ® < (D xfi+ D g | . 27)
i=1 j=1 i=1 j=1
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By assumption, the Lagrangian is V-r-invex with respect to n at y on D U Y. Therefore, by
Definition 4, there existn : (DUY) x (DUY) — R*andy : (DUY) x (DUY) — R \{0}
such that, the inequality

1 r(Ehmm S me)®
p

k m
1 K fibS™ iei) G _ — _ _
> ;er(zl_l Ji zj—lﬂzgj)()) 1—|—ry(x,y)<2 A&+ E /ng“j;n(x,y)>
i=1 j=1

holds for each &; € 0f;(y) and ¢; € dg;(¥). Then by (27) together with y (x,y) > 0, we get
that the inequality

k m
<Zx,~sl~ + > I, y>> <0

i=1 j=1

holds foreach&; € df;(y) and {; € dg;(y), which contradicts the first constraints of (MWD).
This means that y is a weak Pareto optimal solution in (VP) and completes the proof. O

5 Wolfe duality

Now, we prove duality results of Wolfe type between the primal vector optimization problem
(VP) and its Wolfe dual problem (WD) [25]:

o(y, ) = f(y) + ng(y)e — max

k m
suchthat 0€ 9 [ > hifi+ D 1jgj | ) (WD)
i=1 j=1

LERK, A>0, re=1, peR™ u=0

where e = (1,..., 1) € Rk,
I_~,et W denote the set. of all feasible solutions irl dual problem (WD). Further, we denote
by Y the following set Y ={y € X : (y, A, n) € W}.

Theorem 27 (Weak duality). Let x and (y, A, j1) be any feasible solutions in (VP) and (WD),
respectively. If the Lagrangian is V -r-invex at y on D U 'Y, then weak duality holds between
(VP) and (WD), that is, f(x) £ @(y, ).

Proof Let x and (y, A, ) be feasible for (VP) and (WD), respectively. We proceed by con-
tradiction. Suppose that f(x) < ¢(y, n), thatis, foreachi € I,

fitx) < fi(y) +ng(y) (28)
Using the feasibility of x in (VP) together with u = 0, we obtain
pugx) = 0. (29)

Since A € R¥, » > 0, then, using (28) together with (29), we obtain

A fi() FAipug(x) S A fi(y) + Aiug(y),
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but for the lastone i € I,

Aifi(x) +Aipg(x) < A fi (¥) + Aiug(y).

Adding both sides of the above inequalities, we get

k m k k m k
D Mfi )+ D gD ki < DM fiD)+ D wigi () D ki (30)
i=1 j=1 i=1 i=1 j=1 i=1

From the constraints of (WD), Le = 1. Thus, (30) yields

k m k m
D hifiG)+ D ujgi(x) < D Mifi) + D mjgi ). (31)

i=1 j=I i=1 j=I

By assumption, the Lagrange function is V -r-invex with respect ton onat y on DU Y. There-
fore, by Definition 4, there existn : (DUY) x (DUY) — R"andy : (DUY) x (DUY) —
R \{0} such that, the inequality

ler(ZLl M fit Sl 18 ) () > ler(Zf-‘:l M fit ) 1ig)) )
r r

x| T+rylr, y)<zka+2u,§, n(x, y)>
i=1 j=1

holds for each &; € df;(y)and¢; € dg;(y). Then, using (31) together with y (x, y) > 0, we
obtain that the following inequality

k m
<Z)~ifi+2.uj§j§7l(xa)’)><0 (32)
i=1 j=1

holds for each & € df;(y),i =1,...,k, and¢; € ag;(y), j =1, ..., m. But (32) contra-
dicts the feasibility of (y, A, 1) in (WD). ]

Theorem 28 (Strong duality). Let X be (weak) efficient in (VP) and the generalized Slater
type constraint qualification be satisfied at X. Then there exist reRCA>0me R, 1>
0, such that (x, ©, 1) is feasible for (WD) and the objective functions of (VP) and (WD) are
equal at these points. If also weak duality between (VP) and (WD) holds, then (X, A, ) is a
(weak) maximum in (WD).

Proof By Karush-Kuhn-Tucker conditions, there existA > 0,71 € R™, 7 = Osuchthat 0 €
IS + mg)(X), nigi(x) =0 for j € J. This, in turn, implies that (x, A, 1z) is feasible for

(WD). We proceed by ~contradlctlon. Suppose, that (X, A, 1z) is not a weak maximum in (WD).
Then there exists (y, A, it) feasible in (WD) such that

J@) +rgx)e < f(y) +mg(e, (33)
From7z;g;(x) = 0 for j € J, we obtain the inequality
J&) < f) +mg(e,

which is a contradiction to the weak duality theorem. Hence, we conclude that (x, A, t) is a
weak maximum in (WD). ]
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Theorem 29 (Restricted converse duality). Let X and (y, A, it) be feasible solutions of (VP)
and (WD), respectively, such that f(x) = ¢(y, i). If the Lagrangian is a V -r-invex function
with respecttonaty on DU Y, then’ and (¥, A, ) are optimal solutions in (VP) and (WD),
respectively.

Proof We proceed by contradiction. If X is not a weak efficient solution in (VP), then there
exists X € D such that f (X) < f (x). Since (¥, A, ix) is feasible for (WD) then, using
F&X) =@, R, we get

F&) < fO) +rg(e.
Hence, using X € D together @ = 0, we get tg(x) < 0. Thus, foranyi =1, ...k,
fi®) +ng(x) < fi(y) +1g().
Since A > 0, then
[i®) + gD £ fi(3) + mg(hi,
but for the last one i € I,
Li fi(X) + mg®hi < Xi fi(7) + mg (M) hi.
Adding both sides of the above inequalities and using Ae = 1, we get
MA@+ I8 <) +T1g(). (34)

Since the Lagrangian is V-r-invex at’y on D U Y, then by (34), we obtain

k m
0¢d infi + Zﬁjgj 628

i=1 j=1
which contradicts the feasibility of (¥, A, &) in (WD). O

Now, we establish a strict converse duality theorem for problems (VP) and (WD), which
is an extension of a Mangasarian type strict converse duality theorem [15] for the nondiffer-
entiable vector case.

Theorem 30 (Strict converse duality). Let X and (7, A, 1) be efficient and maximum in (VP)
and (WD), respectively, such that f(x) < f(¥) + ng(y)e. Assume that the Lagrangian is
strictly V-r-invex with respect to n at’y on D U Y. Then X = Y, that is, y is an efficient
solution in (VP) and, moreover, f(X) = ¢(y, ).

Proof Let us suppose that X # y. In the similar way as the inequality (34) in the proof of
Theorem 29, we obtain, using the assumption of theorem, the following relation

@) +Hg® S Af) +Rg (). (35)

Since the Lagrangian is strictly V-r-invex with respect to n at’ y on D U Y, then, using the
constraint of (WD), we get the following inequality

L@ +mg®@) > Af ) +1ng().

contradicting (35). ]
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