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Abstract

In this paper, an SQP type algorithm with a new nonmonotone line search
technique for general constrained optimization problems is presented. The new
algorithm does not have to solve the second order correction subproblems for each
iterations, but still can circumvent the so-called Maratos effect. The algorithm’s
global convergence and superlinear convergent rate have been proved. In addition,
we can prove that, after a few iterations, correction subproblems need not be solved,
so computation amount of the algorithm will be decreased much more. Numerical
experiments show that the new algorithm is effective.

1. Introduction

In this paper, we consider the following optimization problem (P):

min  f(x)
where x = (21,---,2,)T € E", f(2), g;(x) (j = 1,---,m) are all real-valued smooth
functions.

In recent years, Sequential Quadratic Programming (SQP) algorithms have been ex-
tensively used for the solution of such problems, and they have been widely investigated
by many authors (see, e.g. [1-5]).

An attractive feature of the SQP method is that, under some suitable conditions,
a superlinear convergence can be obtained, provided that the unit stepsize is even-
tually accepted along the direction computed by solving the quadratic programming
subproblem. In order to enforce global convergence towards Kuhn-Tucker points of
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the original problem, a general approach is to define a merit function that measures
progress towards the solution, and to choose a stepsize that yields a sufficient decrease
in the merit function.

A standard merit function is following nondifferentiable penalty function:

®(x) = f(a)+rY_lgj(@)+r > max(0,g;(x)), (L.1)
Jj=1 j=m/+1

where r is a positive penalty parameter.

The main difficulty encountered in SQP methods with this merit function is that the
line search can truncate the steplength near a solution, thus destroying the superlinear
convergence. This is so-called Maratos effect. Two types of techniques have been
proposed to overcome this undesirable problem. One method is the so called watchdog
technique [6] in which the step of one is tentatively accepted if sufficient decrease was
achieved at the previous iteration, compared to the lowest value of the merit function
obtained so far. If this lowest value is not improved upon within a given finite number
of iterations, the algorithm restarts from the iterate at which this value was achieved.
Under some conditions it is shown that a step of one is always accepted in the vicinity
of a local solution of (P). However, in the early iterations, numerous function and
gradient evaluations may be wasted due to ”backtracking”. Another approach is that
of modifying the search direction when near to a solution to avoid the Maratos effect.
In this type approach, a correction subproblem must be solved at each iteration and an
arc search is performed. Many additional function or gradient evaluations of constraints
at auxiliary points are also needed to be performed per iteration (see, e.g., Ref. [7-8]).

In Ref.[9], by combining the arc search technique with nonmonotone line search
scheme [10], Panier and Tits presented an algorithm for avoiding the Maratos effect.
Their algorithm has an advantage that, after a few iterations, function evaluations
are no longer performed at any auxiliary point. For early iterations, however, this
algorithm still has to solve two quadratic programming subproblems to determine a
search direction per step. This is not necessary for most of optimization problems.

The aim of this paper is to propose a new algorithm for improving the work of
Ref.[9]. This algorithm uses a linear search scheme which is different from that of
Ref.[9], and only needs to solve a quadratic programming subproblem and, if sometimes
necessary, a system of linear equations at each iteration. The advantage mentioned
above for the algorithm of Ref.[9] still can be preserved by the new algorithm, but the
total computation amounts of new algorithm is less than that of the algorithm of Ref.[9]
per iteration. Numerical experiments show that the new algorithm is very effective.

This paper is organized as follows. Algorithm A is stated in Section 2. In Section 3,
under some mild assumptions, we prove that Algorithm A is global convergent. Rate of
convergence is analyzed in Section 4. In Section 5, some numerical results are reported.

2. Algorithm

In the following, we let L = {1,---,m'}, M = {m’ +1,---,m}. For any iteration
point x, in order to compute a search direction, we will make use of a quadratic
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programming @ Py(zk, Hy) defined for a symmetric positive definite matrix Hy € E™*"
by
1oy T
min §d Hid+ V f(xg)' d
(QPo) st gj(an) + Va(an)Td =0, (j € L),
gi(xk) + Vgj(ap)'d <0, (j € M).

Denote its solution by dj, and associated multiplier vector by A\¥. Then dj, and A\* satisfy
the following K-T conditions:

Vf(a:k) + Hdy, + i )\?ng(a:k) =0, (2.1&)
j=1

gi(zr) + Vg;(xp) dp =0, (j € L), (2.1b)

g5(zx) + Vgj(zr) dy, <0, (j € M), (2.1c)

Nilgi (k) + Vs () di] = 0, (j € M), (2.1d)

AF >0, (j € M). (2.1e)

In the early iterations, for x4, a correction direction dj may be computed by solving
following system of linear equations LS(xy,dy) defined by

(LS) Hyd+V f(xy) + ; AiVygi(xy) =0,

Vgi(ze)'d+ gj(zr) = By, (j€M={je M|\ >0}UL),

where (; = —g;(zk + di) + ||di||”, (j € M), 7 > 2 is a constant.
Now, we define a function ¥(zy + d) for =) and d € E™ by

m/

U(zy, +d) =f(zp) + V(zp)Td+ %dTde +1r Y lgi(zk) + V()" d]
i=1

+r Y, max(0,g;(zx) + Vg;(xr)d) (2.2)
i=m’+1

The line search test involves a maximum past value ®; defined over the last four
iteration points by ®; = ln%ax3 ®(xj_;), where negative indices that may appear in the

)

early iterations are discarded.

Algorithm A.

Parameters. r >0, uj,ps € (0,1) and pg < 1, ap =1, 7 > 2.

Data. zy € E", Hy € E™*" is a symmetric positive definite matrix.

Step 0. [Initialization. Set k = 0.

Step 1. Compute dj, solution of the quadratic programming QPy(zy, Hy). Asso-
ciated multiplier vector is A*. If d,,=0, stop.



182 G.P. HE, B.Q. DIAO AND Z.Y. GAO
Step 2. Let Tp+1 = z + ardg, and compute

OB D (Tp41)
W) — Y (Tpga)

Step 3. If p,(;) < 1, then go to Step 4; Otherwise, set oy, = @, Tpr1 = Tp + ardy,

o 20%, if 20% < 1,
(87 =
MR it 20y > 1,

then go to Step 6.
Step 4. Compute di and A\*, solution of LS(xy,dy). If there is no solution or
ldx — di|| > ||dk]|, set dy = dg. Let x(ay) = zy + Qrdy + @z (dy — di), and compute

o = Op, — @(x(a))
() - U (Thg)

Step 5. If p](f) > 1o, then set ay = @, T, = (), and let

_ dap,  if 205,<1 and pP > g,
Af+1 = .
g, otherwise,

go to Step 6; If ,o,(f)

< o, then set oy, = %ak, return back to Step 2.

Step 6. Updates. Compute a new symmetric positive definite approximation
Hy. 11 to the Hessian of the Lagrangian. Set k = k + 1, go back to Step 1.

In next part of this paper, we make the following assumptions:

A1l. The functions f, g; (j = 1,---,m) are all continuously differentiable.
A2. The feasible sets of quadratic programming subproblems QPy(x, H) are always
nonempty.

Now we can easily prove following two lemmas:

Lemma 2.1. If d, is a K-T point of (QPy) and dj, # 0, \* is associated mul-
tiplier vector satisfying r > ]Af\, (1 < j < m), then functions ®(x) and ¥(z) all
have directional derivatives along dy, at point xi, and they are equal to each other, i.e.,
Dy, ®(x) = Dg, V(xy) < 0, where

@(mk + Oédk) — @(mk)

)

de @(mk) = lin%]

a
v dp) — W
D W(ag) = lim LEn T adk) = W(@y)
a—0 (&%
Lemma 2.2. If dy, is a K-T point of (QPy) and dj, # 0, N\F is associated

multiplier vector satisfying r > \)\?], (1 <j<m), then, for Va € (0,1), we have

1
U(zg) — V(xg +di) > §dngdk and  V(zg) — ¥(xg + ady) > %dngdk.
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With these lemmas, we know that

i 2(@k) — (ap + ady)

=1.
a—0 U(xg) — U (zk + ady)

In addition, we have ®) — ®(xp + ady) > ®(zr) — (v + ady). Hence, if @y is small
enough, we always have p,il) > p1. This means that the algorithm does not cycle
between Step 2 and Step 5, and it is well defined.

3. Global Convergence

In order to establish the global convergence of Algorithm A, in addition to Al and
A2 we need the following three assumptions furthermore.
A3. There exists a positive constant « > 0 such that, for all £ and for all y € E",

1
~lyll* <y Hyy < syl
A4. The penalty parameter r satisfies the following condition:

k
r > sgp max, A7)

A5. The sequences {dy}, {dy}, {zx} are all bounded.
Lemma 3.1. (1) limk_)oo[\l’(l‘k) — \If(:Ek + dk)] =0y (li) limy_. o Hidp = 0.
Proof. (i) Suppose by contradiction the assertion is false. Then, without loss of
any generality, we can suppose that there exists a small enough constant € > 0 and an
integer constant K such that, for all £k > Kj, we have

U(zg) — Wz + di) > €. (3.1)
By the definition of p,(f) and the convex property of ¥ (zy + d) for d, we always have
Dy — D(wpy1) > p2V(wg) — U(Tpy1)] > poar[V(zg) — V(wg + di)] (3.2)
So, for all kK > Kj, we obtain
Dy — O(wp11) > podye. (3.3)

Now, without loss of generality, we assume that k > 3 and define a positive integer
constant by (k) such that

k—3<I(k) <k, (3.4)
and
P(zy)) = Olgj‘c}gg[q’(ﬂfk—j)]- (3.5)

Since ®(zg+1) < ®(zy(1)), we have following relation

D(i(hg1)) = Olgjf.igg[q’(wkﬂ—j)] < max [Ol;l%g[q’(wk—j)]v D(241)]
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= max|® (7)), P(rrr1)] = @(Ti1)), (3.6)
and we know that

(k) < Pury—1 + 12V (Fyr)—141) — V(Tir)-1)]
< @) -1)) + M2y -1 [V (Tir)—1 + dir)—1) — V(i) —1)]- (3.7)

Since the sequence {®(z;()) is monotone decrease and bounded, it must have limit, so

Jim ey -1[Y(Tyr)—1 + diey—1) — Y(Ti0)-1)] = 0, (3.8)
that is .
kh—>H<;lo O‘l(k)—lHl?k)_ldl(k)—l =0. (39)

By assumption A3, we have klim Oél(k)—1Hdl(k)—1H2 = 0. Hence
—00

a1 [l iy || = 0- (3.10)
Now, we prove that
khm ak”dkH = 0. (3.11)

Let i(kz) = I(k+4). Then, using a induction scheme, we can prove that, for vVj > 1,
if k> j—1, we always have

kh—>nc30 ai(k)_j”di(k)_ju = 0, (3.12)
and
klin;o @(mi(k)_j) = kh_)ngo D(zy(1))- (3.13)

First assume j = 1. Since {I(k)} c {l(k)}, by (3.10), (3.12) is obviously correct.
In addition, notting that ||dy — di|| < ||dg]||, we have H:Ei(k) - :Ei(k)_lH — 0. Hence we
have kh_}rgo q>(xi(k)—1) = kh_}rgo @(xi(k)) = klggo ®(zy(ry). This means (3.13) holds.

Now suppose that (3.12) and (3.13) hold for some j > 1. Then, we prove that these

formulas are still correct for j + 1.
Obviously, we have

Q@) —5) < (@5 —j-1)) + H20 52 Y @iy + gy 1) = Vg 5]
Let k— o0, by (3.13), we obtain

dm o5 Y@+ digy ) — W@ 50)] = 0.
1
- R 2
That is kh_)ngo al(k)—j—lHi(k)—j—l
we have

di(k)—j—l = 0, hence kILn;O ai(k)—j—1|’di(k)—j—1|’ =0. And

17505 = Tigy - — 0
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kh—>Holo(I)($l(k) i )= 11_{{.10 (I)(‘/El(k) ) = h—>Holo (1)
This shows that (3.12) and (3.13) are correct for j + 1.
For VEk, we know

Tht1l = Tjgy — Z k) ]al(k)_J
j=0

Wbere E[(k) = djyy_; or dl(k) = digy_; T Qg (di(k)—j - df(k)—j)’ they are deter-
mined respectlvely by Step 1 and Step 4 of Algorlthm A.
Since Hdl(k || — 0, and . Hdl(k di(k)—j” — 0 so we have

kh—>nolo k41 — Zik) | =0.

and
kh—>Holo O(xpq1) = klggo <1>(xi(k))'

But since
P(t1) < P(myr)) + p2[V (Tpt1) — V(2k)]s

we know klim [¥(T11)—V(x)] = 0. Therefore, for k large enough, ¥(xy)—V(rg+di) <

%€, which contradicts to (3.1).

(ii) The proof is obvious.

Theorem 3.2. Algorithm A either stops at a K-T point of (P) or generates a
sequence {xy} for which each limit point is a K-T point of (P).

Proof.  Algorithm A can stop only at Step 1 and the conclusion is trivial in this
case. Now we suppose that {z}} is an infinite sequence and {xy}x — x*. By the
boundedness of {)\k }, without loss of any generality, we can suppose that the sequence
{\¥} i has a limit, say A*. Considering (2.1a) and (2.1e), by Lemma 3.1 (ii), we have

Vf(z*) + Z A Vg (z*) =0, (3.14)
i=1
and
Xi>0, (jeM). (3.15)

In addition, from following relation

1
U(zp) — U(zp +di) > V() — Uz + di) — —d;{dek

/

m m
:TZ]gj(xk)] +r Z max(0, g;(zx)) Z)\ gj(xk)
j—l j=m/+1

Z r— IND)lg; ()| + oo r=Mlgi)l— > Ngila) >0
7=1

JEM, gj(zx)>0 JEM,g;(z1)<0
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and Lemma 3.1 (i), we have

i

(r=XDlgi )+ > =Myl = Y Ng@) =0

1 JjEM,gj(z*)>0 JjeM, gj(z*)<0

3

<.
Il

So, we obtain g;(z*) =0, (j € L), g;(z*) <0, (j € M), and X;g;(z*) = 0. This shows
that z* is a K-T point of (P).

4. Superlinear Convergence

In this section, we will prove superlinear convergence of Algorithm A. First, we
assume some more conditions on the functions involved. Assumption (A1) is replaced
by the following.

A1’. The functions f, g;(j = 1,---,m) are at least twice continuously differentiable.

We also make the following assumptions:

A6. The sequence {z\} generated by Algorithm A possesses a limit point z* (in view
of Theorem 3.2, a K-T point of (P)) at which the gradients of active constraints are
linearly independent, and second order sufficient conditions and strict complementary
slackness hold, i.e., the Lagrange multiplier vector A* € E™ at 2™ satisfies \] > 0 (V5 €
Jo(z*) ={jlgj(z*) =0, j =m'+1,---,m}), \f #0 (Vj € L) and the Hessian matrix

V2, L(z*, \*) of the Lagrangian function L(z,\) = f(z) + Z Ajgi(z) of (P) is positive
j=1

definite on the subspace {y |y? Vg;(x*) =0, (Vj € Jo(z*) U L)}.

By Lemma 3.1 (ii) and Assumption A3, we know that ||dg|| — 0. So with a similar
method as that of Ref.[9], we can easily show the following lemma.

Lemma 4.1. The entire sequence {x}} converges to x*, ||di|| — 0 and \* — \*.

Now suppose that the active set of constraints at x* is already determined, without
loss of generality, we denote it by I* = {1,2,---,m/,;m' +1,---,1}. By assumption AG,
when we turn our attention to the convergence rate of the algorithm, we only need to
consider the following problem with equality constraints:

(EP) min f(x)
s.t. gi(lx)=0 (j=1,---,1).

Now let

gk = (g1(@), -, q(@)",  Ne= (Vai(zr), -, Valzr)),
N, = (Vgi(z*), -, Va(x¥), Py=1I— N[N/ N 'N/,

where I € E™*" is a unit matrix. From assumptions A3 and A6, we know that, for k
large enough, the matrices NNy are of full rank, and we have
Lemma 4.2. The matrices
5o

NI 0

are uniformly nonsingular.
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Lemma 4.3. For k large enough, we have B; = O(||dx|?), (j = 1,---,1).

Lemma 4.4. For k large enough, we have ||dy — di|| = O(||di||?) and [|XF — \F|| =
O(lldl?)-

Proof.  Since \¥ — \*, by A6, we know M = {1, 2,---,1}. From (2.1) and the
definition of (LS), we have

(3 0 G230 -(5):

from Lemma 4.2 and 4.3, we can easily know the result is correct.
In order to obtain superlinear convergence, we furthermore assume
A7. The matrices Hy are positive definite and satisfy

_ 2 * *
HPk(Hk VmL(x ;A )dkH —0. (4,1)

lim
k—o00 [ d||

Theorem 4.5. For k large enough, the step size ay, = 1.

Proof. We denote the first trial value of o for every iteration by @,. In the
following proof, the iteration index k is generally dropped to simplify the notation.

Since z(a@) = & + a(d + a(d — d)) and the definition of ¥(z 4 d), we have

| (x 4+ ad) — P(z(@))] < wi +wa + ws, (4.2)
where

wy = |f(x) +aVf(z)Td+ %aszHd — flz+a(d+a(d — d))),

w2 =13 lgi(@) + Vg ()T d - gilo + a(d+ ald - D)),
=1

l
wy=r 3 |max(0, gi(x) + &Vg()7d) — max(0, gi(e +a(d+a(d - d)))].
i=m’+1

First, since
lgi(x) +aVgi(z)"d — gi(z + a(d + a(d - d)))|
=lgi(z) + aVgi(x)"d — [gi(x) + aVgi(2)" (d + @(d — d))
+ %az(d +a(d - d)"V2gi(x)(d +a(d — d))]| + o(|ld + a(d — d)|*)
=[a*Vgi(z)"(d - d) + %@z(d +a(d — d)"Vgi(x)(d + a(d — d)| + o(||d]|*)
=a’|Vgi(z)"(d - d) + %dTV29i($)d| +o(||d|*),

we have

wy =1y (@|Vgi(z)"(d —d) + %dTVQgi(w)dl +o([ld]*)).
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Now from (LS) and K-T conditions of (EP), we can know that

A

Vgi(x)T(d —d)=—gi(x+d)+||d|, (4.3)
and since

gi(z +d) = gi(x +d+d — d) = gi(x + d) + Vgi(z + d)" (d - d) + O(/|d[|*)
= gi(z +d) + Vgi(2)" (d — d) + O(|ld]*), (4.4)
so we obtain A
gi(z +d) = O(lld||"). (4.5)
In addition, it is obvious that

A

~ 1 . R
gi +d) = gi(x) + Voi(2)"d + 5d"V2gi(w)d + o(||d|[*)

A 1

= gi(z) + Vgi(x) d+ Vgi(z)" (d — d) + §dTV29i($)d +o(lld[*), (4.6)

hence we have ]
Vgi(z)"(d - d) + §dTV29i(<E)d = o([|d||*). (4.7)

So it follows that
wy =@ - of||d||?). (4.8)
. ) ls| + s .
Similarly, notting that max(0, s) = — — Wecan easily prove that

wy =a’-o(||d|*). (4.9)

Now we make an estimation of wi. First we have
o = | (@) + 3V (@) d 4 S@dT H ~ () -7 (@) (d+ (-~ d)
— @A+ a(d — )TV f(@)(d+a(d — )] +32 - o(d +a(d — )
= [§@d Ha @V () (d — ) @ f(a)d] + 3 - o(d]?)

From (2.1) and (4.7), we obtain

Vi) '(d—d) =—-d"H(d—d)— Z)\Vgl T(d—d)

O(ld|*) ZA Vgi(x ZA d"?gi(x)d + o(|d]]*),
i=1 (4.10)

so we have

l
wi = %a?uTHd —d"V? f(x)d = Y Nd"VPgi(x)d] + o([[d]]*)
=1
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= ——2|dT(H V2£( ZA V2gi(x))d| + o([ld]|?)

1_
= §a2!dT(H = ViaL(z, X)d| + o(|ld]]*)-

If we let ' = H — V2, L(x*, \*), then from the definition of P, we have

d"Td = d"Prd +d"(I — P)T'd = d" PTd+ d" N(NTN)"'NTTd
=d"Prd — g(z)"(NTN)"'NTTd = o([|d||*) + o([lg(x)|)),

where g(z) = (g1(x), -, gi(x))T. Hence it follows that

o = 52T (H = V3L \) + V2,1, X°) = V3, L )d] + o(|d]?),
= (o) + ol lg(a) ).

This implies
¥ (a +ad) — D(z(@))] < @[o((|d]]*) + o(lg(x)])]- (4.11)
On the other hand, let

. . . k _ k
¢=min{inf[ min A7, r s%p[fg%!)\ 1},

from Lemma 3 in [8], we know the following matrices are uniformly positive definite.

H, = Hj, + aNkN,?, where 0 = # So we have
sup [|g(z) |
d"Hd >7||d||* - olg(=)|]* = 7||d||* - &llg ()| (4.12)
for some @ > 0. Therefore, it follows that
m l
U(z) —V(zx+d) —TZ\g] ) +7r Y max(0,g;(x Z)\Jg] + dTHd
7j=1 j=m/+1
m/ 1
> (r = [N gs ()| + S (= M)gjla)| - S Mg + §dTHd
]:1 jEM,gj(:vk)>0 jGM,gj({Ek)<0

el

_ Y g (z* —
2 (7’ sgp(lngl?%(l\)\]])\g](az )|+ | Z (7‘ Sl}ip(llgaé ’)‘ D1g; (zr)]
1 JE€M,g;(zr)>0

1

s k . - 4T

lgf(mﬂg<1A]), g gj(:ltk)—l—Qd Hd
JEM,gj(xk)<0

1 1 1
> Sd"Hd+ glg(@)]| = Soldl + 3¢l

<.
Il

From (3.2), we have

U(z) = U(z +ad) > a[¥(z) - V(z +d)] > sa@]d|? + &llg()]). (4.13)

N —
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Therefore it holds that

‘\I’(w +ad) - @(w(a))‘ < @(ldl?) + o(llg@)I))
V(z) - ¥(z +ad) sa(@|ldl? + €llg(@)ll)

and
) O — d(x(a)) O(x) — O(x(a)) U(x +ad) — (x(a))
P = — > —— =14+ — 1.
U(x) —V(r+ad) — ¥(z)— ¥(zr+ad) U(x) — V(x4 ad)
Thus, we know that there exists a large K such that, for any k > K, p,(f) > 1 > po.

Since @ > ap_1, for k > Ky, we always have ap = @ > ai_1, and if 2 < 1, then
Qr+1 = 20 > ag_1. Hence ap is monotonously increased, it must be equal to one in
finite steps from some k1 > K.

With a similar method as that of Ref.[9], we can prove following conclusion:

[zhv2 — 2| _

Theorem 4.6. Under the stated assumptions, we have lim = 0.

koo |l — x|
Moreover, ||xg+1 — x*|| = O(||lzk — z*])).
Finally, we show that Algorithm A can deal with Maratos effect well in such a way
that the constraints are evaluated at auxiliary points in the early iterations only.
Theorem 4.7. For k large enough, second order correction dy, is not computed.
Proof. We only need to show that, for k large enough, we always have

O(xg + di) — ul(\I/(xk +di) — Y(zp)) < @(xk_g). (4.14)

Since
g;(xr) + Vgj(z) dy, =0, (G=1,---,1), (4.15)

from the definition of ® and ¥, we get

@(mk + dk) — ,ul(\I/(a:k + dk) — \I/(xk))

m’ l

=flep+dp) +7Y_lgi(me +dp)| +7 Y max(0,g;(zx + di))
j=1 j=m/+1
1 m’ l
— (Vf(xk)Tdk + §d£dek —ry lgi@r) —r D max(0,g; (!Ek)))-
j=1 j=m/+1

For given k, if z, = x_1 + czk_l, then

9 (k) = gj(xp_1 + dp_1) = gj(zp_1) + Vgj(@p_1)Tde_1 + O(|dp_1]?)
= gj(@r—1) + Vgj(@p—1)"dp—1 + Vgj(@r-1)" (dr—1 — di—1) + O(||di-1]%)
= O(|ldk-1]1%).

If ¢), = 211 + di_1, it is obvious that

gj(zp—1 + dr—1) = Olldp—1]). (4.16)
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In addition, we have
gj(r + di) = O(|ldi|1?), (4.17)

therefore,

O (xp + di) — 1 (Vg + di) — V()

=f(z +di) — 1V f(z) T di + Olldr—111*) + Ol di*).
(4.18)

With the same method as that of Ref.[9], we can easily obtain
O(a + di) — (U (g, + di) — U(ay)) = f(2°) + o(|ap—z — 2*|%) < P(xg-3).
And the conclusion follows.

5. Numerical Experiments

In order to test the given algorithm, an efficient implementation of the algorithm
has been completed. In this implementation, we select u; = 0.8, uo = 0.3, 7 = 2.99,
and Hy = I (an n X n unit matrix). Hj is updated by means of the BFGS formula
with Powell’s modifications as described in Ref.[3].

Table 1.

No n mi1 me NIT NF NC Vv EPS ACT
4 2 2 0 2 2 0 2.66666666 0.1D—8 0
6 2 0 1 10 14 11 0.00000000 0.1D-8 3
8 2 0 2 4 4 10 —1.0000000 0.1D-8 1
12 2 1 0 7 10 8 —30.000000 0.1D-8 1
24 2 5 0 7 9 21 —1.0000000 0.1D-8 0
26 3 0 1 20 26 22 0.00000000 0.1D-8 2
27 3 0 1 24 28 25 0.03999999  0.1D-—8 4
32 3 4 1 3 5 6 1.00000000 0.1D-8 1
33 3 6 0 7 8 16 —4.5857864 0.1D-8 0
39 4 0 2 12 12 24 —1.0000000 0.1D-8 0
47 5 0 3 25 37 75 0.00000000 0.1D—6 14
49 5 0 2 16 20 32 0.00000000 0.1D-8 1
50 5 0 3 15 25 48 0.00000000 0.1D-8 1
60 3 6 1 9 10 10 0.03256820 0.1D-—8 0
61 3 0 2 9 14 18 —143.64614 0.1D-8 1
78 5 0 3 8 10 24 —2.9197004 0.1D-8 1
79 5 0 3 10 11 33 0.07877682  0.1D—S8 0
80 5 10 3 6 7 21 0.05394985  0.1D-—8 0
81 5 10 3 10 11 33 0.05394985 0.1D-—8 0

119 16 32 8 15 15 120 249.294724 0.1D—6 0

The stopping criterion in Step 1 is unsuitable for implementation. Instead, execution
is terminated if the norm of dj is less than a constant ¢ > 0. Generally, we take
e = 1.0D — 8. In addition, if the norm of gradient of the Lagrange function at the
current point with the multipliers obtained in solving QF, is less than € , the execution
is also terminated.

Experiments were conducted on all test problems from Ref.[12], where an initial
point is provided for each problem. The results are summarized in Table 1. In that
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table, for each test problem (No), n is the number of variables in the problem, my
the number of inequality constrains, mo the number of equality constrains, NIT the
number of iterations, NF' the number of evaluations of the objective function, NC
the number of evaluations of scalar constraint functions, F'V the final value of the
objective function, EPS the stopping criterion threshold and ACT the number of
computing second order correction steps. From Table 1 we can see that, using the
new nonmonotone line search, our algorithm do not almost compute the second order
correction steps for the most of problems, the behavior of this algorithm appears to be
competitive with that of the most effective techniques presently available.
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