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Abstract. In this paper, we interest with deriving the sufficient and necessary conditions for optimal
solution of special classes of Programming. These classes involve generalized E-[0,1] convex functions.
Characterization of efficient solutions for E-[0,1] convex multi-objective Programming are obtained. Finally,
sufficient and necessary conditions for a feasible solution to be an efficient or properly efficient solution are
derived.

1. Introduction

The study of multi-objective Programming was very active in recent years. The weak minimum (weakly
efficient, weak Pareto) solution is an important concept in mathematical models, economics, decision theory,
optimal control and game theory (see, for example, [4, 12]). In most works, an assumption of convexity
was made for the objective functions. The extension of convexity is an area of active current research in the
field of optimization theory. Various relaxations of convexity were possible, and were called generalized
convex functions. The definition of generalized convex functions has occupied the attention of a number
of mathematicians, for an overview of generalized convex functions we refer to [3, 8]. A significant
generalization of convexity is the concept of E-[0,1] convexity [10]. E-[0,1] convexity depends on the effect
of an operator E on the range of the function and the closed unit interval [0.1]. Inspired and motivated by
above reasons, the purpose of this paper is to formulate the problems which involve generalized E-[0,1]
convex functions. The paper is organized as follows. In section 2, we define generalized E-[0,1] convex
functions, which are called pseudo E-[0,1] convex functions, and obtain sufficient and necessary conditions
for optimal solution of E-[0,1] convex Programming. In section 3, we consider the Mond-Weir type dual
problem and generalized its results under the E-[0,1] convexity assumption. In section 4, we formulate
the multi-objective programming which involves E-[0,1] convex functions. An efficient solution for the
considered problem is characterized by weighting, and e-constraint approaches. At the end of this paper,
we obtain sufficient and necessary conditions for a feasible solution to be an efficient or properly efficient
solution for problems involving generalized E-[0,1] convex functions. Let us survey, briefly, the definitions
and some results of E-[0,1] convexity.
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Definition 1.1. [10] A real valued function f : M C R" — Ris said to be E-[0,1] convex function on M, with respect
to E: Rx[0,1] = R, if M is convex set and, for each x,y € M and A1,A, €[0,1], A1 +A, =1,

f(Aix + Azy) < E(f(x), A1) + E(f(y) , A2).

If f(Mx+Ay) = E(f(x), A1) +E(f(y) , A2),thenf is called E-[0,1] concave function on M. If the inequality
signs in the previous two inequalities are strict, then f is called strictly E-[0,1] convex and strictly E-[0,1]
concave, respectively.

Every E-[0,1] convex function, with respect to E : R X [0, 1] — R is convex function if E(f(x),A) = A f(x).
Let E : Rx [0,1] = R be a mapping such that E(t, A) = (1 + A)t, t € R, A € [0,1], then the function h(x) =
Z‘Ile a;fi(x) is E-[0,1] convex on M fora; > 0, i = 1,2, ..., k if the functions f; : R" — R are all E-[0,1] convex
on a convex set M C R". Let E : R x [0, 1] — R be a mapping such that E(f, A) = min{A¢,t},t € R, A €[0,1]
then a numerical function f : M € R" — R* defined on convex set M C R" is E-[0,1] convex if and only
if its epi(f) is convex. Let B be an open convex subset of R" and let E : R X [0,1] — R be a mapping
such that E(t,A) = min{A,t},t € R, A € [0,1], then f is continuous on B if f is E-[0,1] convex on B. If
f : R" — Ris a differentiable E-[0,1] convex function at y € M with respect to E : R X [0,1] — R such that
E(t,A) = min{At,t}, t € R, A €[0,1], then, for each x € M we have (x — y)Vf(y) < f(x) — f(y). For more
details about E-[0,1] convex functions, see[10].

Definition 1.2. [11] A real valued function f : M C R" — R is said to be quasi E-[0,1] convex function on M, with
respect to E : R X [0,1] — R, if M is convex set and, for each x,y € M and A1,A, €[0,1], A1 + A, =1,

fAix + Aay) < max{E(f(x), A1), E(f(y) , A2)}.

If f(Aix+ Ary) > min{E(f(x), A1), E(f(y) , A2)}, then f is called quasi E-[0,1] concave function on M. If the
inequality signs in the previous two inequalities are strict, then f is called strictly quasi E-[0,1] convex and
strictly quasi E-[0,1] concave respectively.

Every quasi E-[0,1] convex function, with respect to E : R X [0,1] — R is convex function if E(f(x), A) =
A f(x). Let E: Rx[0,1] — R be a mapping such that E(f(x),A) = f(Ax) for each x € M, A € [0,1], then
FOL Axg) < §r<11a<ﬁ E(f(xi), Aj) for each x; € M, A; > 0,7, A; = 1,if f : R" = R is E-[0,1] convex on a
convex set M € R". Let E : R x[0,1] — R be a mapping such that E(f, A) = min{A,t},t € R, A € [0,1],
then the level set LE_[O’H is convex set for each & € Rif f : R" — R is quasi E-[0,1] convex on a convex

set M € R". Let E : Rx[0,1] — R be a mapping such that E(f, A) = max{A,t}, ¢t € R, A € [0,1] and let

L§*[0,1]

a = min rr}‘in E(f(x),A), then the level set is convex set If and only if f is quasi E-[0,1] convex . If
X

f : R" — Ris a differentiable quasi E-[0,1] convex function at ¥ € M with respect to E : R X [0,1] — R such
that E(t, A) = min{A,t}, t € R, A € [0, 1], then, for each x € M we have (x — y)Vf(y) < 0. For more details
about quasi E-[0,1] convex functions, see [11].

2. E-[0,1] Convex Programming

In this section, we define generalized E-[0,1] convex functions, which are called pseudo strongly E-
convex functions, and obtain sufficient and necessary conditions for optimal solution for problems involving
generalized E-[0,1] convex functions.

Definition 2.1. A real valued function f : M € R* — R is said to be pseudo E-[0,1] convex function on a convex
set M C R" if there exists a strictly positive function b : R* X R" — R such that

E(f(x), M) < E(f(y) ,A2) = f(hx+ Ay) < E(f(y) ,A2) — Aidab(x, ),
forallx,ye Mand A, A €0, 1], Ay + A2 = 1.
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Remark 2.2. Every pseudo E-[0,1] convex function with respect to E : R X [0,1] — R is convex function if
E(t,A) =min{t, A}, t €R, A €]0,1].

Proposition 2.3. Let E : R X [0,1] — R be a map such that E(t,A) = max{t, A}, t € R, A € [0,1]. A convex
function f : R* — R on a convex set M C R", is pseudo E-[0,1] convex function on M.

Proof. Let E(f(x),A1) < E(f(y) ,A2). Since f is a convex function on a convex set M € R", then for all
x,yeMand Ay,Ar€[0,1], Ay + A, = 1, we have

fhix + Aay) < Af(x) + Ao f(y) < ME(f(x), A1) + AE(f(y) , A2).
That is

fhx + A2y) E(f(y) , A2) + MIE(f(x) , A1) — E(f(y) , A2)]
E(f(y) , A2) + MA[E(f(x) , A1) — E(f(y) , A2)]
E(f(y) , A2) — MAAE(f(y) , A2) — E(f(x) , A1)]
= E(f(y) ,A2) — Midab(x, y),

since b(x,y) = E(f(y) ,A2) — E(f(x) , A1) > 0. The required result.

IA A

Theorem 2.4. Let E : R X [0,1] — R be a map such that E(t, \) = min{t,A},t € R, A € [0,1]and M C R" be a
convex set. If f : R" — Ris a differentiable pseudo E-[0,1] convex function at y € M, then (x — y)Vf(y) <0, for
each x € M.

Proof. Since f : R” — R be a differentiable pseudo E-[0,1] convex function at y € M, then
E(f(x), A1) < E(f(y) , A2)
= fhx+day) < E(f(y) ,A2) = Mdab(x, y) < f(y) = Midab(x, y),
foreachx € M and A1,A, €0, 1], A1 + A, = 1. Thatis
E(f(x), M) < E(f(y) , A2)
= fly+Mx-y) < f(y) - Ad2b(x, y)
= fy) + Ml = PVF(Y) + O(A7) < f(y) = AA2b(x, y)
Dividing the above inequality by A; > 0 and letting A; — 0, we get
(x=yVfly) <-blx,y) <0,
for each x € M.

Remark 2.5. Let E : R X [0,1] — R be a map such that E(t, A) = min{t,A}, t € R,A € [0,1] and M C R" be a
convex set. If f : R" — R is a differentiable pseudo E-[0,1] convex function at y € M, then (x — y)Vf(y) 20 =
E(f(x), A1) = E(f(y) , A2), foreach x € Mand Ay,A, €0, 1], Ay + A, = 1.

Lemma 2.6. Let E : R X [0,1] — R be a mapping such that E(f, A) = Amin{t,A}, te R, A €[0,1]. Ifg; : R*" = R
is an E-[0,1] convex functionon R",i =1,2,...,m, then the set M = {x € R" : g;(x) <0,i =1,2,...,m} is convex set.

Proof. Since gi(x),i = 1,2,...,m are E-[0,1] convex functions with respect to E(t, \) = Amin{t, A}, then, for
eachx,yeMand A ,A,€[0,1], Ay + A, =1,
gillix + Aay) < E(gi(x), A1) + E(gi(y) , A2)
= Aymin{gi(x), A1} + A2 min{gi(y), A2}
Agi(x) + Aagi(y) <0, i=1,2,..,m,

IA

hence A1x + Ay € M forall Ay,A; €0, 1], Ay + Ay = 1. This means that M is convex set.
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Lemma 2.7. Let E : R x[0,1] — R be a mapping such that E(t, A\) = min{t,A},t e R, A €[0,1]. Ifg; : R" = Riisa
quasi E-[0,1] convex functionon R",i =1,2, ...,m, then the set M = {x € R" : gi(x) <0,i =1,2,...,m} is convex set.

Proof. Since g;(x),i = 1,2, ...,m are quasi E-[0,1] convex functions with respect to E(t, A\) = min{t, A}, then,
foreachx,ye Mand A,A2€[0,1], Ay + A2 =1,
max[E(gi(x), A1), E(gi(y) , A2)]

<
< max[gi(x), gi(y)]
< 0, i=1,2,..,m,

gi(Mx + A2y)

hence A1x + Ay € M forall Aq,A; €[0, 1], Ay + A2 = 1. This means that M is convex set.
Now, we discuss the necessary and sufficient conditions for a feasible solution to be an optimal solution
for E-[0,1] convex Programming. Consider the following E-[0,1] convex programming
Min f(x),
(P) subiect to
xeM={xeR": gi(x)<0,i=1,2,...,m}.
Where f : R” - Randyg; : R" = R, i=1,2,..., mare E-[0,1] convex functions with respectto E : RX[0,1] — R.

Theorem 2.8. Let E : R X [0,1] — R be a mapping such that E(t, A) = Amin{t, A}, t € R, A € [0,1]. Suppose that
there exists a feasible solution x* for (P) and f, g are differentiable E-[0,1] convex functions with respect to the same E
at x*. If there is u € R™ and u > 0 such that (x*, u) satisfies the following conditions:

VF(x) + Vulg(x?) =0, 1)
ulg(x) =0, g(x*) <0,

then x* is an optimal solution for problem (P).

Proof. For each x € M, we have

fl) = f(x) (x = X)WVf(x) = —(x = x)Vu'g(x")

>
> —ul(g(x) - g(x") = —u'g(x) 20,
where the above inequalities hold because f, g are E-[0,1] convex at x* with respect to the same E (see

Theorem (4.1) in [10]). Thus, x* is the minimizer of f(x) under the constraint g(x) < 0 which implies that x*
is an optimal solution for problem (P).

Remark 2.9. [5] In Theorem (2.8) above, since u > 0, g(x*) < 0, and u"Vg(x*) = 0, we have that
u;g;(x)=0,i1=1,2,...,m. 2)

Iflxy={i: gi(x*)=0land ] ={i: gi(x*) <0}, then IIU] = {1,2,...,m} and (2) gives that u; = 0 fori € J. It is
obvious then, from the proof of Theorem (2.8), that E-[0,1] convexity of g at x* is all that is needed instead of E-[0,1]
convexity of g at x* as was assumed in the theorem above.

Theorem 2.10. Let E : R X [0,1] — R be a mapping such that E(t, A) = min{t, A}, t € R, A € [0,1]. Suppose that
there exists a feasible solution x* for (P), and scalars, u; > 0, i € I(x*), such that (1) of Theorem (2.8) holds. If f
is pseudo E-[0,1] convex and g; are quasi E-[0,1] convex at x* € M. Then, E(f(x*), A2), A2 € [0,1] is an optimal
solution in objective space of problem (P).

Proof. Since E(g1(x), A1) < E(g1(x*), A2) = 0,u; =2 0,A1, A2 € [0,1], A1 + A, = 1, and g; are quasi E-[0,1] convex
at x*, we have

(x=x) ) Vg ()" <0,¥xeM, 3)

iel(x*)
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by using the above inequality in (1) and pseudo E-[0,1] convexity of f at x*, we obtain
@=VF " 20 = E(f(x), ) 2 E(f(x), d2) = f(x) > E(f(x"), Aa).

Hence, E(f(x*), A,) is an optimal solution in objective space of problem (P).
The next two theorems use the idea proposed by Mahajan and Vartak [6].

Theorem 2.11. Let E : R X [0,1] — R be a mapping such that E(t,A\) = min{t,A}, t € R,A € [0,1]. Suppose
that there exists a feasible solution x* for (P) and scalars u; > 0, i € I(x*) such that (1) of Theorem (2.8) holds. If
fis pseudo E-[0,1] convex, and ul g; is quasi E-[0,1] convex at x* € M, then E(f(x"), A2), A2 € [0,1] is an optimal
solution in objective space of problem (P).

Proof. The proof of this theorem is similar to the proof of Theorem (2.10) except that the argument to get
the inequality (3) is as follows:
Since E(g1(x), A1) < E(g1(x*), A2), ur =0, A1, A2 €[0,1], A1 + Ay =1, we obtain

ul E(g1(x), A1) < 0 = u] E(g1(x"), A2)
for all x € M. Quasi E-[0,1] convexity of uITgI at x*, yields
(x— x*)V(uITgI(x*)) <0, VxeM.

We can proceed as in the above theorem to prove that E(f(x*), A,) is an optimal solution in objective space
of problem (P).

Theorem 2.12. Let E : R X [0,1] — R be a mapping such that E(t, A) = min{t, A}, t € R, A € [0,1]. Suppose that
there exists a feasible point x* for (P) and the numerical function f + ul g; is pseudo E-[0,1] convex at x*. If there
is scalars u € R™ such that (x*, u) satisfies the conditions (1) of Theorem (2.8), then E(f(x*), A2), A, € [0,1] is an
optimal solution in objective space of problem (P).

Proof. The proof of this theorem is similar to the proof of Theorem (2.11) except that the arguments are as
follows: (1) can be written as

VF(x™) + V(u,TgI(x*)) =0.
This can be rewritten in the form
(x = xX)V((f +ul g)(x") <0,VxeM,
which gives that
E((f + ] g1)(x), A2) < E((f + u] g1)(x), Aa), Yx € M,
because, f + u] gris pseudo E-[0,1] convex at x*, i.e.,
E((f +ufg)(x"), A2) < f(x) + (u] gn)(x), Yx € M.
It follows, by using the definition of I, that
E(f(x"), A2) < f(x),Vx e M.
Hence, E(f(x*), A,) is an optimal solution in objective space of problem (P).

Theorem 2.13. (necessary optimality criteria) Let E : R X [0, 1] — R be a mapping such that E(t, A) = A min{t, A},
t € R, A €[0,1]. Assume that x* is an optimal solution for problem (P) and there exist a feasible point x for (P) such
that gi(x) <0, i =1,2,..,m. If g;, i € I(x*) is E-[0,1] convex at x* € M, then there exists scalars u; > 0,i € I(x")
such that (x*, u;) satisfies

VFQ) + Z 1 Vgi(x') = 0. (4)

iel(x)



T. Emam / Filomat 31:3 (2017), 529-541 534
Proof. If we can show that
(x =x)Vgr(x") < 0= (x —x")Vf(x") = 0. (5)

The result will follow as in [1] by applying Farkas’ Lemma. Assume (5) does not hold, i.e, there exists x € R"
such that

(x =x")Vgi(x") < 0= (x —x")Vf(x") <O0. (6)
Since by the assumed Slater-type condition,

gi(%) — gi(x") < 0, € I(x),
and from E-[0,1] convexity of g; at x*,we get

(& - x)"Vgi(x*) < 0,i € I(x"). 7)
Therefore from (6) and (7)

[(x —x) + p(% - x*)]TVgl-(x*) <0, iel(x"), Vp>0.
Hence for some positive  small enough

gi(x* + Bl(x — x*) + p(& — x7)]) < gi(x") = 0,1 € I(x").
Similarly, for i ¢ I(x*), gi(x*) < 0 and for p > 0 small enough

gi(x" + Bl(x —x") + p(& —x")]) < 0,1 ¢ I(x").

Thus, for B sufficiently small and all p > 0, x* + B[(x —x*) + p(X — x*)]is feasible for problem (P). For sufficiently
small p > 0 (6) gives

O+ Bl(x = x7) + p(& = x)]) < f(x), (8)

which contradicts the optimality of x* for (P). Hence, the system (6) has no solution. The result then follows
from an application of the Farkas Lemma, namely

Vi) + Z uVgi(x') =0, u; > 0,i € I(x").

iel(x*)

3. Duality in E-[0,1] Convexity

We consider the Mond-Weir type dual and generalized its results under the E-[0,1] convexity assumptions.
Consider the following Mond-Weir type dual of problem (P).

o f),

~ subiect to
BV, f ) +uTVagy) = 0,

ulVvg(y) >0, u >0,
wheref, g are differentiable functions defined on R”. We now prove the following duality theorems relating
problem (P) and (D).

Theorem 3.1. (Weak Duality) Let E : R X [0,1] — R be a map such that E(t, A) = Amin{t,A}, t € R, A € [0,1]
and let that there exists a feasible solution x for (P) and (y,u) a feasible solution for (D). If f, g are E-[0,1] convex
functions at y, then y is an optimal solution for problem (P).
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Proof. Sincef is E-[0,1] convex at y then

f@) = f(y) = @=y'Vef(y),
and by using (1) and E-[0,1] convexity of g; Viat y, we have

fO-fy) = x-)'Vif(y) == -y u'Vgu(y)
> —u'(g(x) - g(y)) = —u"g(x) > 0,

Thus, f(x) > f(y), for all x € M, which implies that y is the minimizer of f(x) under the constraint g(x) < 0.
Hence, y is an optimal solution for (P).

Theorem 3.2. (Strong Duality) Let E : R X [0,1] — R be a map such that E(t, A) = Amin{t,A}, t € R, A €[0,1]
and let that x* be an optimal solutionfor (P) and let g satisfy the Kuhn-Tucker constraint qualification at x*. Then,
there exists u* € R™ such that (x*,u*) be a feasible solution for (D) and the (P)-objective at x* equal to the (D)-
objective at (x*,u*). If f,g are E-[0,1] convex functions at x* with respect to E : R X [0,1] — R be a map such that
E(t,A) = Amin{t,A}, t € R, A €[0,1], then (x*,u*) is an optimal solution for problem (D).

Proof. Since g satisfy the Kuhn-Tucker constraint qualification at x*, then there exists u* € R™, such that the
following Kuhn-Tucker conditions are satisfied:

Vo f(x) + u'V,eg(x) = 0, 9)
W) =0, (10
g(x") <0, 11
u* > 0. (12)

Equations (9),(10), (11) yield that (x*, u*) is a feasible solution for (D). Also (10) yield that the (P)-objective
at x*equal to the (D)-objective at (x*, u*). Now, if (x*, u*) is not optimal solution for problem (D), then there
exists a feasible solution for (D) (%, i1) such that f(%) > f(x*). This contradicts Theorem (7). Hence (x*, u*) is
an optimal solution for problem (D).

4. E-[0,1] Convex Multi-Objective Programming

In this section, we formulate a multi-objective programming which it involves E-[0,1] convex functions.
An efficient solution for the considered problem is characterized by weighting, and e-constraint approaches.
At the end of this section, we obtain sufficient and necessary conditions for a feasible solution to be
an efficient or properly efficient solution for this kind of problems. An E-[0,1] convex multi-objective
programming is formulated as follows:

Min fi(x),
(P) subiect to
xeM={xeR": gi(x)<0,i=1,2,...,m},
where f; : R" - R, j=1,2,..,k,and g; : R" —> R, i =1,2,...,m are E-[0,1] convex functions with respect to
E:Rx[0,1] - R.

Definition 4.1. [2] A feasible solution x* for (P) is said to be an efficient solution for (P) if and only if there is no
other feasible x for (P) such that, for somei € {1,2, ...k},

filx) < filx"), fi(x) < fi(x"),  forall j#i.

Definition 4.2. [2] An efficient solution x* € M for (P) is a properly efficient solution for (P) if there exists a scalar
u > 0 such that for each i, i =1,2,...,k and each x € M satisfying fi(x) < fi(x"), there exists at least one j # i with

fiC0) > fi(x*) and [fi(x) = i)/ [fi(x) = fi(0)] < .
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Lemma 4.3. Let E : R X [0,1] — R be a mapping such that E(t, A) = Amin{t,A},t € R, A €[0,1]. If f : R" — R
is an E-[0,1] convex function on a convex set M C R", then the set A = |J A(x) is convex set such that

xeM
Ax) ={z:z€RKz> f(x) - f(x')}, xe M.
Proof. Letz!,z?> € A, thenforall x!,x> e Mand A1, A, € [0, 1], A1 + A, = 1, we have

Mzl + 228 > M[f() = fO] + Al f (%) = f(x)]
MO + A f() = f(x)

> Ay min(f(x!), A1) + A min(f(x?) , A2) — f(x)
= E(f(x"), M) + E(f(x?) , A2) — f(x)
> f(Ax! + Aox?) — f(x),

since f is E-[0,1] convex function on a convex set M. Then, A1zl + 122 € A, and hence A is convex set.

4.1. Characterizing Efficient Solutions by Weighting Approach

To characterizing an efficient solution for problem (P) by weighting approach [2] let us scalar problem (P)
to become in the form.

k
P,  Min Zw]-f,-(x), subiect to x € M,
=1

where w; >0, j =1,2,...,k, Zlle wj=1and f;, j =1,2,..,k are E-[0,1] convex functions with respect to
E:Rx[0,1] —» R such that E(f, A) = Amin{t, A}, t € R, A €[0,1] on convex set M.

Theorem 4.4. If X € M is an efficient solution for problem (P), then there exist w; >0, j=1,2,..,k, Z’;zl wj=1
such that X is an optimal solution for problem (P,).

Proof. Letx € M be an efficient solution for problem (P), then the system f;(x) — fi(X) <0, j =1,2,...,k
has no solution x € M. Upon Lemma (4.3) and applying the generalized Gordan theorem [7], there exist

pj =0, j=1,2,.. ksuchthat pj[fi(x) - f;(®x)] 20, j=1,2,...,k, and kafp_jfi(x) > ka"p‘fj(a‘c).
j=1Pi j=1Pj
Denote w; = ﬁ, thenw; >0, j=1,2,..k, Z’;zl w; =1, and Z’;zl w;fi(X) < 21;21 w;fi(x). Hence X is
an optimal solution for problem(P,,).

Theorem 4.5. If x € M is an optimal solution for (Py) corresponding to @; , then X is an efficient solution for problem
(P) if either one of the following two conditions holds:
(i)w; >0, Vj=1,2,..k or (ii) X is the unique solution of (Py).

Proof. To proof see V. Chankong, Y. Y. Haimes [2].

4.2. Characterizing Efficient Solutions by e-Constraint Approach

An e-constraint approach is one of the common approaches for characterizing efficient solutions of multi-
objective Programming [2]. In the following we shall characterizing an efficient solution for multi-objective
E-[0,1] convex programming (P) in term of an optimal solution of the following scalar problem.

Min fQ(x)/
Py(¢,E) subiect to x € M,
f](x) < E(S]‘, Aj), ] =1,2,..k, ] #q.

Where f;, j =1,2,..., k are E-[0,1] convex functions with respect to E : R x [0,1] — R such that E(t,A) =
min{{,A}, t € R, A €]0,1] on convex set M.
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Theorem 4.6. If X € M is an efficient solution for problem (P), then % is an optimal solution for problem P,(&,E)
and &; = fi(%).
i=Ji

Proof. Let ¥ be not optimal solution for Pq(é_‘,E) where &; = f;(%), j = 1,2,...,k. So there exists x € M such
that

fa(x) < f4(®),
fix) <E@Ej,A) <& =fi(x), j=1,2,..,k j#q,

since E(g, 7t]-) = min(&;, )_\j) and convexity of M. This implies that the system f;(x) — fj(¥) <0, j=1,2,...,.k
has a solution x € M. Thus, ¥ is inefficient solution for problem (P) which is a contradiction. Hence is ¥ an
optimal solution for problem P, (¢, E).

Theorem 4.7. Let X € M be an optimal solution, for all q oqu(é,E ), where & = fi(%), j=1,2,...,k. Then % is an
efficient solution for problem (P).

Proof. Since X € M is an optimal solution for Py(¢, E), where & i =fi®, j=1,2,..k then, for each x € M,
we get

fq(x) < fq(x)r
where E(¢j,A;) = min(&j, A;). This implies the system f;(x) — fj(X) < 0, j = 1,2,...,k has no solution x € M,

i.e. X is an efficient solution for problem (P).

4.3. Sufficient and Necessary Conditions for Efficiency
In this section, we discuss the sufficient and necessary conditions for a feasible solution x* to be efficient
or properly efficient for problem (P) in the form of the following theorems.

Theorem 4.8. Let E : R X [0,1] — R be a mapping such that E(t, A) = Amin{t, A}, t € R, A € [0,1]. Suppose that
there exist a feasible solution x* for (P) and scalars y; >0, i=1,2,..,k, u; >0, i € I(x*) such that

k
Y VA + Y uVgix) =0, (13)
i=1 iel(x')

If fi, i =1,2,..,k, and g; ,i € I(x*) are differentiable E-[0,1] convex functions at x* € M, then x* is a properly
efficient solution for problem (P).

Proof. Since f;, i=1,2,...,k, and g;, i € I(x") are differentiable E-[0,1] convex functions at x* € M, so for any
x € M, we have

k k k
Y i@ =Y yifi) = (=) Y plVACOT
i=1 i=1 i=1
= —(x=x) ) wlVaie)l”

iel(x*)
k k
> Z u;gi(x") — Z u;g;(x)
iel(x*) iel(x7)
= =) ugx) 20,

iel(x")

Thus, Y5, yifi(x) = T, yifi(x"), for all x € M, which implies that x* is the minimizer of Y'%_, y; fi(x) under
the constraint g(x) < 0. Hence, from Theorem (4.11) of [2], x* is a properly efficient solution for problem (P).
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Theorem 4.9. Let E : R X [0,1] — R be a mapping such that E(t, A\) = Amin{t, A}, t € R, A € [0,1]. Suppose that
there exist a feasible solution x* for (P) and scalars y; > 0,i = 1,2,...,k, Z;{:l vi=1,u; > 0,i € I(x*), such that the
triplet (x*,yi,u;) satisfies (13) of Theorem (4.8). If Y.X_, vif; is strictly E-[0,1] convex, and g; is E-[0,1] convex at
x* € M, then x* is an efficient solution for problem (P).

Proof. Suppose that x* is not an efficient solution for (P),then, there exists a feasible x € M, and index r such
that

f"(x) < f;'(X*)r
filx) < filx*), foralli#r.
Since Y5, yif; is strictly E-[0,1] convex at x*, then the previous two inequalities lead to

k k

k
02 ) yifi®) =) yifilc) = 0>@=x)) yilViI" (14)
i=1

i=1 i=1
Also, E-[0,1] convexity of g;, i € I(x*) at x* implies
(x = x)Vgi(x") < gi(x) — g:i(x") = (x—x)Vgi(x") <0, i € I(x"),
and, for u; > 0,i € I(x*), we get
(x - x) 2 w[Vaie)T < 0. (15)
iel(x)
Adding (14) and (15), contradicts (13). Hence, x* is an efficient solution for problem (P).

Remark 4.10. Similarly as in Theorem (4.8), it can be easily seen that x* becomes properly efficient solution for (P),
in the above theorem, if y; >0, forall i=1,2,.. k.

Theorem 4.11. Let E : R X [0,1] — R be a mapping such that E(t, A) = min{t,A}, t € R, A € [0,1]. Suppose
that there exists a feasible solution x* for (P) and scalars y; > 0,i = 1,2,...,k, u; > 0,i € I(x*), such that (13)

of Theorem (4.8) holds. If YX_, vif; is pseudo E-[0,1] convex, and g; are quasi E-[0,1] convex at x* € M, then
E(f(x"), A2), Az € [0, 1] is a properly nondominated solution in objective space of problem (P).

Proof. Since E(gi(x), A1) < E(gi(x*),A2) =0, A1,A2 €0, 1], Ay + A2 = 1, and from quasi E-[0,1] convex of
gratx’, u; >0, we get

(x—x7) Z ui[Vgi(x*)]T <0,VxeM,
iel(x")

by using the above inequality in (13), and from pseudo E-[0,1] convexity of Y5, yif; at x*, we get

k k k
(c=x) Y yVACOT 20 = Y B, A1) 2 Y ViE(f(X), o).
i=1 i=1 i=1

k k
= ) iz ;%E(ﬁ(x*), 1)

i=1
Hence, E(f(x"), A2) is a properly nondominated solution in objective space of problem (P).

Theorem 4.12. Let E : R X [0,1] — R be a mapping such that E(t, A) = min{t, A}, t € R, A € [0,1]. Suppose that
there exists a feasible solution x* for (P) and scalars y; > 0,i=1,2,...,k, Zle vi=1,u; >0,i € I(x*), such that (13)
of Theorem (4.8) holds. If Y v fi is strictly pseudo E-[0,1] convex and gy is quasi E-[0,1] convex at x* € M, then
E(f(x"), A2), Az € [0, 1] is a nondominated solution in objective space of problem (P).
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Proof. Suppose that E(f(x*), A2) is dominated solution for (P),then, there exist a feasible x for (P), and index
r such that

fr(x) < E(f(x"), A2),  fi(x) < E(fi(x"), Ap), foralli#r.

Since E(t, A1) = min{t, A1}, t € R, A1 €[0,1], we have
E(f:(x), A1) < E(f:(x"), A2), E(fi(x), M) < E(fi(x"),A2), Yi#r.

Strictly pseudo E-[0,1] convexity of Z;‘:l yifi atx”implies that

k k k
Y VEF@,A) < Y VERG),A) = k-x) ) nlVAECT <o.
i=1 i=1 i=1

Also, quasi E-[0,1] convexity of g; at x* implies that
E(g1(x), A1) < E(g1(x"), A2) =0 = (x —x")Vg(x") < 0.
The proof now follows along similar to in Theorem (4.9).

Remark 4.13. Similarly as in Theorem (4.11), it can be easily seen that E(f(x"), A2), Az € [0, 1] becomes properly
nondominated solution for (P), in the above Theorem, if y; > 0, foralli=1,2,.. k.

Theorem 4.14. Let E : R X [0,1] — R be a mapping such that E(t, A) = min{t,A}, t € R, A € [0,1]. Suppose
that there exists a feasible solution x* for (P) and scalars y; > 0,i = 1,2,...,k, u; > 0,i € I(x*) such that (13)
of Theorem (4.8) holds. If YX_, yif; is pseudo E-[0,1] convex and u; g; is quasi E-[0,1] convex at x* € M, then
E(f(x"), A2), A2 € [0, 1] is a properly nondominated solution in objective space of problem (P).

Proof. The proof is similar to the proof of Theorem (4.11).

Theorem 4.15. Let E : R X [0,1] — R be a mapping such that E(t, A\) = min{t, A}, t € R, A € [0, 1]. Suppose that
there exists a feasible solution x* for (P) and scalars y; > 0,i = 1,2,...,k, Zi;l vi =1, u; 2 0,i € I(x*), such that
(13) of Theorem (4.8) holds. If I(x*) # ¢, YX  vifi is quasi E-[0,1] convex and u; gy is strictly pseudo E-[0,1] convex
at x* € M, then E(f(x*), A2), A» € [0,1] is a nondominated solution in objective space of problem (P).

Proof. The proof is similar to the proof of Theorem (4.12).

Remark 4.16. Similarly as in Theorem (4.11), it can be easily seen that E(f(x"), A2), A2 € [0, 1] becomes properly
nondominated solution for (P), in the above Theorem, if y; > 0, foralli=1,2,.., k.

Theorem 4.17. (Necessary Efficiency Criteria) Let E : RX[0,1] — R beamapping suchthat E(t, A) = Amin{t, A}, t €
R, A € [0,1] and x* be a properly efficient solution for problem (P). Assume that there exists a feasible point x for
(P) such that gi(x) <0, i =1,2,..,m, and each g;, i € I(x") is E-[0,1] convex at x* € M. Then, there exists scalars
yi>0,i=1,2,.. kand u; >0,i € I(x*), such that the triplet (x*, y;, u;) satisfies

k
Y VA + Y uVgix) =0, (16)
i=1 iel(x’)

Proof. Let the following system

(x —x)Vfy(x) <0,
(x=x)Vfi(x)<0, foralli#gq . (17)
(x—x)Vgi(x) <0, iel(x),
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has a solution for every g = 1,2, ..., k. Since by the assumed Slater-type condition,

gi(%) = 9i(x") < 0,1 € I(x"),
and from E-[0,1] convexity of g; at x*, we get

& - x)Vgi(x’) < 0,i € I(x"). (18)
Therefore from (17) and (18)

[(x —x) + p(x - x*)]TVgi(x*) <0, Vielx"), p>0.
Hence for some positive f small enough

gi(x" + Bl(x = x) + p(X = x)]) < gi(x") = 0,1 € I(x7).
Similarly, for i ¢ I(x*), g:(x*) < 0 and for > 0 small enough

gi(x" + Bl(x —x") + p(& —x")]) < 0,1 ¢ I(x").

Thus, for § sufficiently small and all p > 0, x* + B[(x —x*) + p(& — x*)] is feasible for problem (P). For sufficiently
small p > 0 (17) gives

fox™ + Bl(x = x7) + p(x — x7)]) < f(x"). (19)
Now for all j # q such that
fitx™ + Bl(x = x7) + p(X = x7)]) > fi(x7), (20)

consider the ratio

N p) _ Lfa) — ol + Bllx — x7) + p(x — x)DI/B
D@B,p)  [fjlx +Bllx —x7) + p(x = x)]) = fi(x)I/B°

From(17), N(B, p) = —(x — x*)TVf,(x*) > 0. Similarly, D(B, p) = (x — x*)"V f;(x*) < 0; but, by (20) D(8, p) > 0,
so D(B, p) — 0. Thus, the ratio in (21) becomes unbounded, contradicting the proper efficiency of x* for (P).
Hence, for each g = 1,2, ..., k, the system (17) has no solution. The result then follows from an application
of the Farkas Lemma, namely

(21)

k
Z YiVQE) + Z uiVgi(x') = 0,u > 0.
i=1

iel(x')

Theorem 4.18. Assume that x* is an efficient solution for problem (P) at which the Kuhn-Tucker constraint qual-
ification is satisfied. Then, there exist scalars y; > 0,i = 1,2,...,k, Zle yi=1,u; 20,j=1,2,..,m, such
that

m

k m
VA + Y uVge) =0, Y ujgix) = 0.
i=1

j=1 j=1

Proof. Since every efficient solution is a weak minimum, then by applying Theorem (2.2) of Weir and Mond
[9] for x*, we get that there exists y € R, u € R" such that

yTVf(x*) + uTVg(x*) =0, uTg(x*) =0,
u=>0, y=0, yTe=O,
wheree = (1,1, ...,1) € RK.
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