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We apply the quadratic penalization technique to derive strong Lagrangian duality property for an
inequality constrained invex program. Our results extend and improve the corresponding results
in the literature.

1. Introduction

It is known that Lagrangian duality theory is an important issue in optimization theory
and methodology. What is of special interest in Lagrangian duality theory is the so-called
strong duality property, that is, there exists no duality gap between the primal problem and
its Lagrangian dual problem. More specifically, the optimal value of the primal problem is
equal to that of its Lagrangian dual problem. For a constrained convex program, a number
of conditions have been obtained for its strong duality property, see, for example, [1-3] and
the references therein. It is also well known that penalty method is a very popular method
in constrained nonlinear programming [4]. In [5], a quadratic penalization technique was
applied to establish strong Lagrangian duality property for an invex program under the
assumption that the objective function is coercive. In this paper, we will derive the same
results under weaker conditions. So our results improve those of [5].
Consider the following inequality constrained optimization problem:

min f(x)

, (P)
st. xeR", gj(x)<0, j=1,...,m,

where f,gi(j=1,...,m) : R* — R" are continuously differentiable.
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The Lagrangian function for (P) is

L(x,p) = f(x) + D pygi(x), x €R", p=(p,..., pm) € R (1.1)
j=1

The Lagrangian dual function for (P) is
h(p) = inf L(x,u), VpeR!. (1.2)

The Lagrangian dual problem for (P) is

suph(u). (D)

ueRry

Denote by Mp and Mp the optimal values of (P) and (D), respectively. It is known that
weak duality Mp > Mp holds. However, there is usually a duality gap, that is, Mp > Mp.
If Mp = Mp, we say that strong Lagrangian duality property holds (or zero duality gap
property holds).

Recall that a differentiable function u : R* — R! is invex if there exists a vector-valued
function 77 : R" x R" — R" such that u(x) — u(y) > n' (x,y)Vu(y), for all x,y € R". Clearly,
a differentiable convex function u is invex with 7(x, y) = x — y. It is known from [6] that a
differentiable convex function u is invex if and only if each stationary point of u is a global
optimal solution of u on R".

Let X C R" be nonempty. u : R* — R! is said to be level bounded on X if for any real
number ¢, the set {x € X : u(x) <t} is bounded.

It is easily checked that u is level bounded, on X if and only if X is bounded or u is
coercive on X if X is unbounded (i.e., limyex x| - +oo#(x) = +00).

2. Main Results

In this section, we present the main results of this paper.
Consider the following quadratic penalty function and the corresponding penalty
problem for (P):

Pi(x) = f(x) + kigf(x), x €R", (2.1)
j=1
min Py (x), (Pr)

where the integer k > 0 is the penalty parameter.
For any t € R!, denote that

X(t)={xeR"':gi(x)<t, j=1,...,m}. (2.2)

It is obvious that X (0) is the feasible set of (P). In the sequel, we always assume that X (0) # 0.
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We need the following lemma.

Lemma 2.1. Assume that f is level bounded on X(0), then the solution set of (P) is nonempty and
compact.

Proof. It is obvious that problem (P) and the following unconstrained optimization problem
have the same optimal value and the same solution set,
min ?(x), (P)

where

B f(x), xeX,
f(x)= (2.3)

+o0, otherwise.

Itis obvious that f : R — R'U{+oo} is proper, lower semicontinuous, and level bounded. By
[7, Theorem 1.9], the solution set of (P) is nonempty and compact. Consequently, the solution
set of (P) is nonempty and compact. O

Now we establish the next lemma.

Lemma 2.2. Suppose that there exists ty > 0 such that f is level bounded on X(to), and there exists
k* > 0 and my € R" such that

P (x) >my, VYx e R (2.4)

Then

(i) the optimal set of (P) is nonempty and compact;

(ii) there exists k* > O such that for each k > k* , the penalty problem (Py) has an optimal
solution xy; the sequence {xy} is bounded and all of its limiting points are optimal solutions of (P).

Proof. (i) Since X(0) C X(to) is nonempty and f is level bounded on X(t), we see that f is
level bounded on X (0). By Lemma 2.1, we conclude that the solution set of (P) is nonempty

and compact.
(ii) Let xp € X(0) and k* > k* + 1 satisfy

ol 2 g 25)

Note that when k > k*,

Pe(x) = f(x) + k" D,877(0) + (k= k) D g (x) 2mo + (k= k) Y g/ * (%) (26)
j=1 j=1 j=1
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Consequently, Px(x) is bounded below by my on R". For any fixed k > k* + 1, suppose that
{y1) satisfies Pc(y;) — infyegePi(x). Then, when [ is sufficiently large,

f(x0) +1=De(x0) +12p(y) = f(v1) + ng]-*Z(yz) >mo + (k- k*)ngz (v1)-  (7)

j=1 =1
Thus,
f(’COIii*‘_mo > igf(y,) > (), j=1...,m (2.8)
p=
It follows that
g; () < [f(xoli J_r i— mO] 1/2 . f(xliszr_lk: mo] 1/2 b ielom 29)

That is, y; € X(t), when [ is sufficiently large. From (2.7), we have
f(y) € f(xo) +1, (2.10)

when [ is sufficiently large. By the level boundedness of f on X(ty), we see that {y;} is
bounded. Thus, there exists a subsequence { ]/l,,} of {yi} such that Y, — Xpasp — +oo.
Then

Py <ylp> — Pi(xi) = inf P (). (2.11)

Moreover, xi € X(tp). Thus, {xk} is bounded. Let {x,} be a subsequence which converges to
x*. Then, for any feasible solution x of (P), we have

Flor) + ki g2 (xk) < f(x). (2.12)
j=1
That is,
mo + (ki - k*)igf(xki) < f(oxk) + k*igf(xk» + (ki - k*)igﬁ(xk,.) <f(x),  (213)
j=1 j=1 j=1

namely,

fx) —mo.

m »
! ) <
]Z:;g] (k) € (2.14)
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Passing to the limit as i — +oo0 and noting that xx, — x*, we have

m
>.8%(x") <0. (2.15)
i=1
Hence,
g;(x*) =0, j=1,...,m. (2.16)
It follows that
gi(x")<0, j=1,..., m (2.17)

Consequently, x* € X(0). Moreover, from (2.12), we have f(xk,) < f(x). Passing to the limit
asi — +oo, we obtain f(x*) < f(x). By the arbitrariness of x € X(0), we conclude that x* is
an optimal solution of (P). O

Remark 2.3. If f(x) is bounded below on R", then for any k > 0, P¢(x) is bounded below on
R".

The next proposition presents sufficient conditions that guarantee all the conditions of
Lemma 2.2.

Proposition 2.4. Any one of the following conditions ensures the validity of the conditions of
Lemma 2.2

(i) f(x) is coercive on R";

(ii) the function max{f(x),g]ff(x),j =1,...,m} is coercive on R" and there exist k* > 0 and
mg € R such that

P (x) >my, VYx e R™ (2.18)

Proof. We need only to show that if (ii) holds, then the conditions of Lemma 2.1 hold, since
condition (i) is stronger than condition (ii). Let £y > 0. We need only to show that f is coercive
on X (ty). Otherwise, there exists o > 0 and {yx} C X(tp) with ||yx|| — +oo satisfying

f(yx) <o (2.19)
From {yx} C X(ty), we deduce
gi(yx) <to, j=1,...,m (2.20)
It follows from (2.19) and (2.20) that
max{ f(yi), 8] (W), j=1,...,m} <max{o,to}, (2.21)

contradicting the coercivity of max{f(x),g]fr(x), j =1,...,m} since |yk|| — +oc as k —
+00. O
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The next proposition follows immediately from Lemma 2.2 and Proposition 2.4.

Proposition 2.5. If one of the two conditions (i) and (ii) of Proposition 2.4 holds, then the conclusions
of Lemma 2.2 hold.

The following theorem can be established similarly to [5, Theorem 4] by using Lemma
2.2.

Theorem 2.6. Suppose that f,gi(j = 1,...,m) are all invex with the same 1 and the conditions of
Lemma 2.2 hold, then, Mp = Mp.

Corollary 2.7. Suppose that f,gi(j = 1,...,m) are all invex with the same 1 and one of the
conditions (i) and (ii) of Proposition 2.4 holds, then, Mp = Mp.

Example 2.8. Consider the following optimization problem

min x

(P)

st. xe€ Rl, x> <0.

It is easy to see that both the objective function and the constraint function are convex
and thus invex. Note that the objective function f(x) = x — —o0 as x — —oo. It follows that
limjx - 400 f (x) = +0o does not hold. Consequently, all the results in [5] are not applicable.
However, it is easily checked that the conditions of our Corollary 2.7 hold and, hence, Mp =
Mp.
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