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Abstract: - We present a sequential quadratic programming (SQP) filter line search method which relies on an
interior-point paradigm for solving the QP subproblems. Besides the usual step size acceptability criteria, a
nonmonotone line search approach is also implemented. A comprehensive description of the algorithm, which
also includes a feasibility restoration phase, is provided. Both monotone and nonmonotone algorithms have been
implemented in Fortran 90, and the numerical results confirm that relaxing the acceptability criteria is effective.
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1 Introduction
The proposed algorithm is a filter line search

algorithm for solving nonlinear optimization
problems of the form
min F(x) (D)

xeR"
st. b<h(x)<b+r, [ <x<u,
where #, :R" — R fork=1,...,mand F:R" > R are

nonlinear and twice continuously differentiable
functions. r is the vector of ranges on the constraints
h(x), u and [/ are the vectors of upper and lower

bounds on the variables x and b is assumed to be a
finite real vector. Elements of the vector 7, / and u are
real numbers subject to the following limitations:

0<rn <o, —0<l,u; <o for k =1,...,m, i =1,...,n.
Constraints of the form 5 < h(x)<b+r are denoted

by range constraints. Note that equality constraints
can still be treated as range constraints with » =0.

Let VF(x) denote the gradient of F(x) and Vh(x)
denote de Jacobian matrix of the constraint vector
}_z(x)T =[h(x)-b,b+7r—h(x),x—1,u—x].
A solution of (1) will be denoted by X , and we

assume that there is a finite number of solutions. We
also assume that the first order Kuhn-Tucker (KT)

conditions hold (with strict complementarity) at X
Thus, the constraints are verified and there exists a

Lagrange multiplier vector A" >0 such that
VEG ) =VEGH ARG A =o. )

Given a starting point x,, , the proposed line search
algorithm generates a sequence of improved
estimates x;, of the solution for the problem (1) using
a sequential quadratic programming (SQP) method.
At each iteration k the search direction A, is the
solution of a quadratic programming subproblem
whose objective  function approximates the
Lagrangian function L(x,4)= F(x)—/”tTﬁ (x) and
whose constraints are linear approximations to the
constraints in (1). The usual definition of the QP
subproblem is the following:

. T T
min A" H A+ VF A 3)
AeR

st. bV A+l <b+r, ISA+x, <u
where Vh(x) denotes the Jacobian matrix of the
constraint vector A(x), and VF,, h, and VA, denote
the relevant quantities evaluated at x, . The matrix

H, is a symmetric positive definite approximation to
the Hessian of the Lagrangian function. This problem
has a solution A, and a Lagrange multiplier 7z, >0
that satisfy

H A +VF =V 7 7 (VA +5)=0.

Clearly the most common approach for solving (3)
considers active set methods (see, for example, [9]).
Solving QP subproblems with equality constraints is
straightforward. However, problems that have
inequality constraints are significantly more difficult
to solve than problems in which all constraints are



equations since it is not known in advance which
inequality constraints are active at the solution.

In this paper, we describe a new SQP method that
is based on the interior-point paradigm for solving the
QP subproblems (3). To promote the global
convergence, the filter technique of Fletcher and
Leyffer [3] is used to globalize the SQP algorithm,
avoiding the use of a merit function and the updating
of the penalty parameter. The underlying concept is
that trial iterates are accepted if they improve the
objective function or improve the constraints
violation, instead of a combination of those two
measures defined by a merit function. In this context,
we also test a specific implementation of a
nonmonotone line search approach.

The paper is organized as follows. Section 2
describes the interior-point method used to solve the
QP subproblems. The filter mechanism is presented
in Section 3, Section 4 describes the nonmonotone
strategy and Section 5 contains the numerical results,
some conclusions and future work.

2 The Interior-Point Framework

This section describes an infeasible primal-dual
interior-point method for solving the quadratic
subproblem (3). We refer to [11] for details. Adding
nonnegative slack variables w, p, g, ¢, (3) becomes

min A" H,A+VF/ A (4)
st. VigA—w=b-h, ViLA+ p=b+r—h,
A-g=l-x,A+t=u-x;, w,p,g,t20.

The nonnegativity constraints are then eliminated by
incorporating them in logarithmic barrier terms in the
objective function transforming (4) into

. T T m m
min A" H A+VF_A- yjél ln(wj) - y]{jl ln(wj) _

~u3In(g;) = 43 n(r)

subject to the same set of equality constraints,
where ¢ is a positive barrier parameter. Optimality

conditions for this subproblem produce the standard
primal-dual system

HA+VE, -Vl y—z+5=0, y+q-v=0,

WVe, = ue, , PQe = pe, ,GZe, = ue, , TSe, = ue,,

Vi A+h, —b-w=0,r—w—p=0, (5)
At+x, —1-g=0,u~A-x, —t=0,

Vzdiag(vj)a Q=dlag(q]), Z =diag(zi),
Szdiag(si):W=diag(wj),P=diag(pj),

where

G =diag(g;) and T =diag(t;) are diagonal matrices,

y=v-q, = (1,...,1)T and e, = (1,...,1)T are m and n

vectors respectively. This is a nonlinear system of
Sn+5m equations in Snt+5m unknowns. It has a
unique solution in the strict interior of an appropriate
orthant in primal-dual space {(A,w,g,tp,y,zV,s,q):
w,g,t,p,z,v,s,q 20}.

The central path is an arc of strictly feasible
points. It is parameterized by the scalar x, and each

point on the central path solves the primal-dual
system (5). As u tends to zero, the central path

converges to an optimal solution to both primal and
dual problems. For a value of x4 let (Awg,....q)

denote the current point in the orthant. Our aim is to
find the direction vectors (AA,Aw, ..., Ag) such that
the new point (A+AAwW+Aw, .., gtAq) lies
approximately on the primal-dual central path at the

point (A#,wy,...,qﬂ). We see that the new point

(A+AA, wHAw, ..., g+Agq), if it were to lie exactly on
the central path at x, would be defined by

~H AA+VH Ay +Az—As = &
“Ay-Ag+Av=y+q-v=p
VWA Aw = Ve —w—V T AVAW =y,
P™'OAp +Aq = uP" e, —q-P"'APAg =y,
G 'ZAg+ Az = G ey 2~ G 'AGAz = 5, (6)
T 'SAt+As = uT e, —s—T 'ATAs =y,
Vi AA—Aw=w+b-VhA—h =p
Aw+Ap=r-w-p=a
AA-Ag=l-A-x, +g=v
AA+At=u—-A-x, —t=71

notations
B, p,a, t,v,
Vws Vgs Vz» Vs as short-hands for the right-hand side

where we have introduced

o=HA+VF, -Vh y-z+s and

expressions. This is almost a linear system for the
direction vectors (AAAw, .., Ag). The only
nonlinearities appear on the right-side hand of the

complementarity equations (i.e., in y,,, Ygr ¥z Vo the
y-vectors).
The algorithm implements a predictor-corrector

[8] approach to find a good approximation solution to
the equations (6). First, a predictor direction

(AAP  AwP .. Ag") is computed from (6) ignoring
the u# and A-terms of the y-vectors. Then an estimate
of an appropriate target value for x is made using

y:S(zTg+§Tf+va+ﬁTq)/(anzn) with

z=z+al’AP,g=g+alAg’,...7=q+a’ Aq" and



5=((§p—1)/(&p+10))2 where @’ is the longest

step length that can be taken along this direction
before violating the nonnegative conditions w, g, ¢, p,
z, v, 8, ¢ > 0 with an upper bound of 1. The corrector
step (AA,Aw, ..., Ag) is then obtained by reinstalling
the x and the A-terms on the y-vectors in (6). This
step is used to move to a new point in primal-dual
space. Again we calculate the maximum step & that
can be taken along this direction before violating the

nonnegativity conditions, yielding the new point

A=A+ aAA,w=w+alw,....q = q + al\q.
Implementation details to provide initial values for

all the variables in this interior-point paradigm as

well as to solve system (6) are described in [2].

A solution of the quadratic subproblem is declared

primal/dual feasible if the relative measures of primal

and dual infeasibilities are less than 107 . Thus, the
QP subproblem has a solution (A,,7;) with A, =A

T
and 7, =(v,q,z,5).

3 A Line Search Filter Method in SQP

After a search direction A, has been computed, we

consider a backtracking line search procedure, where
a  decreasing  sequence of  step sizes

., €(0,11(1=0,1,..), with lim ey, =0, is tried

until an acceptance criterion is satisfied. The
procedure that decides which trial step is accepted is

a “filter method”. Traditionally, a trial step size «a;
is accepted if the
Nl ) =X v oy Dy Yoy ) =4 +ay 6

corresponding trial point
ss () =ss, +ay &, , provides sufficient reduction

of a merit function, such as the augmented
Lagrangian function [4], which has the form

L(x,A,ss;m) = F(x)—/IT (}_z(x)—ss)+g§(x, ss)2 (7

where the infeasibility measure @(x,ss) is given by

0 (x,ss) = H(}T(x) - SS)H2
and 7 is a positive penalty parameter. Here, ss is a

vector of nonnegative slack variables that are used
only in the line search procedure and at the beginning

of iteration k is taken as ss, = max (O, h (x; )) . We treat
the elements of A as additional variables so that 7 is
used to define a “search direction”, &, for the

multiplier estimate A, and the line search is
performed with respect to x, 4 and ss. At iteration £,

a vector triple dkT =(A;.&,.¢;) 1s computed to serve
as direction of search for the variables (x;,4;,ss;).
The vectorsA, and m are found from the QP
subproblem (3). The &, is defined as &, =4, — 7,
and the vector ¢, satisfies Vi A, +h =&, +ss,,

from which we can see that ¢, +ss, is simply the

residual of the inequality constraints from problem
(3). In order to avoid the determination of an
appropriate value of the penalty parameter 7,

Fletcher and Leyffer [3] proposed the concept of a
filter method in the context of a trust region SQP
algorithm. The basic idea behind this approach is to
interpret the optimization problem (1) as a biobjective
optimization problem with two goals: minimizing the

constraints  violation 9(x)=||min(0,7t(x))”2 and

minimizing the objective function F(x). A certain

emphasis is placed on the first measure, since a point
has to be feasible in order to be an optimal solution of

(D.

Following this paradigm, we propose an approach
based on the two components of the augmented
Lagrangian function (7):

L(x,A,s5) = F(x)—/IT (E(x)—ss) ®)

and @(x,ss) (or, equivalently, H_(x,ss)z) rather than
on fA(x) and F(x).(Recently, in [10] a related

approach using the Lagrangian function in a filter
trust region based method is proposed.) The trial

point (x; (e ), A4 (e )55, (e 1)) s accepted by the
filter if it feasibility, i.e., if
§(xk(ak,l),ssk(ak1))<é(xk,ssk), or if it improves

improves

the Lagrangian
Z(xk(ak’l),lk(ak’l),ssk(ak’l))<l_,(xk,lk,ssk). Note

function (8), ie., if

that this criterion is less demanding than the
enforcement of decrease in the penalty function (7)
and might in general allow larger steps.

3.1 Sufficient reduction

Line search methods that use a merit function ensure
sufficient progress toward the solution by enforcing
an Armijo condition for the augmented Lagrangian
function (7). Following this idea, we might consider
the trial point (x (e ), 4 (e ), ss;(a; ;) during

the backtracking line search to be acceptable, if the
next iterate provides at least as much progress in one
of the measures & or L that corresponds to a small
fraction of the current constraints violation,

é(xk,ssk) ,1.e, if



0(x; (g ) ss; () < (1—y§)§(xk,ssk) (9a)

or

L(xi (@ s Ay (g ) 553 (@ ) < Ly, Ay 550770 055,
(9b)

holds for fixed constants 7g.vt €(0,1). However, we

change to a different sufficient reduction criterion
whenever, for the current iterate, we have

§(xk,ssk)s§min, for some ™" e (0,0], and the

following “switching conditions”
VI(x;,A85,) d, <0 and

— S+ — _
g | VI Ayss) dy [P > 8005507
(10)
hold with fixed constants ¢ >0, sy >1, 57 >2s5. If

é(xk,ssk)sémin and (10) is true for the current
iterate, the trial point(x, (a; ), 4, (o ;). 55, (o)),

has to satisfy the Armijo condition

L (@ ) A (g )5 853 (0 ) < LOxg, Ay 8 +

+qzak’1VZ(xk,/1k,ssk)Tdk,

(In
instead of (9), in order to be acceptable. Here,
ny €(0,0.5) is a constant. According to previous
publications on filter methods we call a trial step
sizea; ; for which (10) holds, a “L-step size”.
Similarly, if an L -step size is accepted as the final
step size ¢, in iteration k, we refer to k as an “L -

type iteration”. At each iteration k, the algorithm also
maintains a  “filter”, here denoted by

F, c {(5,2) cR*:0> 0} . Following the ideas in
[12, 13, 14], the filter here is not defined by a list but
as a set 7/, that contains those combinations of

constraints violation values @ and Lagrangian

function values L, that are prohibited for a
successful trial point in iteration k. So, during the line

search, a trial point CACTNACIRCA 7)) is
rejected, if

(é(xk (g 1) 555 (1)), L(x (g DA (g ) ssp (g ))) €
Fy . The authors in [12, 13, 14] apply this simplified

notation to active set SQP and barrier interior-point
line search based algorithms. At the beginning of the
optimization, the filter is initialized to

F - {(é,Z)eRzzézémx} (12)

for some 6™, so that the algorithm will never

allow trial points to be accepted that have a constraint
7~ max

violation larger than & Later, the filter is
augmented, using the update formula

(13)

after every iteration in which the accepted trial step
size does not satisfy the switching conditions (10).
This ensures that the iterates cannot return to the
neighborhood ofx; . On the other hand, if both (10)
and (11) hold for the accepted step size, the filter
remains unchanged.

Overall, this procedure ensures that the algorithm
cannot cycle, for example between two points that
alternatively decrease the constraints violation and

the Lagrangian function L . Finally, in some cases it
is not possible to find a trial step size «;,; that

satisfies the above criteria. We define a minimum
desired step size using linear models of the involved
functions

70 8[8]°
Vi [vild,]"

if VI;d, <0andg, <§™"

min . 70 }
ap =Y, mm{)/g,_T (14)
—VId,

min 77>

if VI'd, <0andd, >0™"

Y5 otherwise

with a safety factor y, € (0,1]. If the backtracking

n

, the

algorithm reverts to a feasibility restoration phase.
Here, the algorithm tries to find a new iterate (x;_;.

line search finds a trial step size o« <a£1 '

Ak415554) Which is acceptable to the current filter

and for which (9) holds, by reducing the constraints
violation within an iterative process.

Our interior-point SQP filter line search algorithm
for solving inequality constrained optimization
problems is as follows:

Algorithm 1

Given: Starting  point (EANZANCY with

ssp = max(OJ_z(xO)) ; constants 0™ e (é(xo,sso), oo],



S min
12

>05 7577 €05 6>05 7, €(0,1]; 55 >1;
sp > 2s§; ’7Z"7§2 €(0,1)

1. Initialize. Initialize the filter (using (12)) and the
iteration counter k < 0.

2. Check convergence. Stop if x; is a stationary point

if it satisfies the KT

conditions (2) for some 1€ R"™.
3.Compute search direction. Compute the search
direction A, and the Lagrange multiplier z, from

of the problem (1), i.e.,

the linear system (6) (using the interior-point
strategy presented in Section 2).
4. Backtracking line search.

4.1 Initialize line search. Set ss; :max(O,}_z(xk)),
E = —mp, $ =V A +hy —ss,, =1, 1<0.
4.2 Compute new trial point. If the trial step size
min

becomes too small, ie., a,,<ea] " with a]

defined by (14), go to feasibility restoration phase in

step 8. Otherwise, compute the trial points
Nl ) =Xt oy Dy Y (g ) = A + oy 16

ssk(ak’l) = s5;, +ak,l§k-

4.3  Check acceptability to the filter. If

(é(xk (ak,l ), S8y (ak,l ), Z(xk (ak,z )lk (ak,g ), S8y (ak,l ))) €
I, , reject the trial step size and go to step 4.5.
4.4 Check sufficient decrease with respect to current

iterate.
CaseI: a;  is an L -step size (i.e., (10) holds): If the

Armijo condition (11) for the L function holds,
accept the trial step and go to step 5. Otherwise, go to
step 4.5.

Case 1. a;; is not an L-step size: If (9) holds,
accept the trial step and go to step 5. Otherwise, go to
step 4.5.

4.5. Choose new trial step size. Set a; ;| < ak’,/2 ,

[ < 1+1, and go back to step 4.2.

5. Accept trial point. Set a; <o Yy —x (),
and 4, <« 4 ().

6. Augment filter if necessary . If k is not an L -type
iteration, augment the filter using (13). Otherwise,
leave the filter unchanged.

7. Continue with next iteration. Increase the iteration
counter k < k+1 and go back to step 2.

8. Feasibility restoration phase. Use a restoration
algorithm to produce a point (x;_;,4; 11055,,) that

is acceptable to the filter, i.e.,

(«§()ck+1,mk+1 ),Z(xk+1, Aoy Sk & £ - Augment the

filter using (13) and continue with the regular
iteration in step 7.

3.2 Feasibility restoration phase

In this section we present a restoration algorithm. The
task of the restoration phase is to compute a new
iterate acceptable to the filter by decreasing the
infeasibility, whenever the regular backtracking line
search procedure cannot make sufficient progress and
the step size becomes too small. To compute a trial
point that sufficiently decreases infeasibility, we

introduce the function &, (x, ss) = %”(7[ (x)— ss)”i . The
restoration algorithm herein presented works with the
step framework d' = (A,¢) that should be a descent
direction for 52 (x,ss) . In fact,
d"V0, = (h—ss) VhEA—(h—ss) ¢

= (h=s9) (VA=)

= —(h—ss)" (i —s5) = =28, <.

Additionally, we also ensure that the new iterate
x;,, does not deviate too much from the current

iterate x, (see step 5 in Algorithm 2).

Several other restoration algorithms are plausible
but we chose the following one because it is
consistent with the step calculation of our interior-
point SQP filter line search method:

Algorithm 2 (restoration algorithm)

0. Set X0 = Xps }“k,o =4, $S;0 =55 5 /=0 and start
with step 4.

1. If (xk’l,/ik’l,ssk’l) is acceptable to the filter
(conditions (9)) then set x;,; =x;,, 4, = /1“, and

stop restoration.
2. Compute A;, and 7., by solving the QP

subproblem (3), with (xk,/lk) = (xk l,/lk D

3. Compute ss; ;, & ;, ¢, and define the vector

(dkl)T =7, ¢, ) which is used as direction of

k0’

search for the variables (X, 585, ,)-

4. Set a, =1.
5.1f

= = =T
Hz(xk’l (@ )85y (o)) < 0, (xk,l ’Ssk,l)+0‘k77§ VQZ dkl,
) ,

and ka,l(ak) - X |I< 552 I+ Xp 1 () 1D



then  set

X1 = % () sk 11 = 55k 1 () 5

a1 =X (@), I=1+1, and return to step 1.

Otherwise a; < a; / 2, and repeat step 5.

4 Nonmonotone Line Search

Nonmonotone line search methods that use a merit
function ensure sufficient progress toward the
solution by imposing that the merit function value of
each new iterate satisfies an Armijo condition with
respect to the maximum merit function value of a
prefixed number of previous iterates, see for example
[6]. Thus, the condition which implies a monotonic
decrease of the merit function is relaxed without
affecting the global convergence. Transposing this
idea to this interior-point SQP filter line search
framework, we now should consider the trial

point (xk(ak,l),lk(ak,l),ssk(ak,l)), during the

backtracking line search technique, to be acceptable
if it leads to sufficient progress in one of the two

measures (& or L) compared to a previous iterate
that yields the maximum value of the corresponding
measure within the last m(k) iterates, where

m(0)=0 and O0<m(k)<min{m(k-1)+1,M},
k >1 (M is a nonnegative integer). So, the conditions
(9a) and (9b) are now rewritten as follows:

max

o O(x,_-,s5,_-)
0<j<m(ky  K7TR

O(x; (ay ), s5(ap ) < (1=75)

(15a)
or

L(x () Ay (g )sssp (@ ) < max

Z(x A=, 88, - )-
0<j<m(ky kIR

-7Z§(xk,ssk ).
(15b)
Similarly in the switching conditions (10), only
the second condition is modified as follows:

5o
O (X7 »5Sk-7)

(16)
The acceptability Armijo condition (11) for the
step size is now relaxed and given by

L(x, (@ ) A (@ sy (e ) <

max

a T ST
a, ;| -VL(x,,4,,ss,) d >0
k,ll: o Mo SSk k:l Léjﬁm(k)

max L(x, -, A,_-,ss, )+
0<7<m(k) ( k=j>"k—=j ki/)

T T
+7yzakJVL(xk,/1k,ssk) dk.

(17)

The inclusion of the nonmonotone strategy also

affects the update formula to augment the filter which
has now the following form

Fa=Fuv (é,Z)eRZﬁZ(l-yg) max é(xk_j,ssk_j) and
0<j<m(k)

L[> max L (Xk—7 A~ »5Sk—] )~ VTO (X551 ) 1
0<j <m(k)

(18)
(last (14)) has

to take into account the previous relaxed conditions
and is given by

min

Finally the computation of the ¢,

IIliIl —,l_/ - ma.X Z.x —,,l —,,SS - +
KO N S R SRS

S—

0
S| max  O(x, —,ss, =)
[os G<m(k)y k=T Tk=d }

5 o
+7Z'9k)/(_VLkdk)’ T
[—vzkdk] L
if VLI d, <0andd, <6™

mln{;fé,(Lk— max L(xk_j,/ik_j,ssk_j)+

0<j <m(k)
g vTT
L0k )/(-VL d})}
if VIid, <0andd, > 6™

Y5> otherwise.

(19)
The algorithm for the interior-point SQP filter
nonmonotone line search approach is similar to
Algorithm 1. The references to equations (9), (10),
(11), (13) and (14) should now be replaced by (15),
(16), (17), (18) and (19) respectively. Further, in step
1, m(0) should be initialized to 0 and in step 7, after
the increase of the iteration counter k, the update
m(k) =min{m(k —1)+1,M} is required.
The modifications to Algorithm 2 of the feasibility
restoration phase are as follows:

replace the Armijo condition in step 5 by the
relaxed condition

_ _ 7=
Hz(xk, / (ak),ssk’ ()< Ogrjggxym ﬁz(xki S5 )+ak7792 V92 dk, ;

- include m(0)=0 in step 0 and the update
m(l) =min{m(/-1)+1,M} in step 5 before
returning to step 1.

5 Results and Conclusions

To test this SQP framework based on the interior-
point strategy with a filter line search method we
selected 32 small inequality constrained problems

}



from the Hock and Schittkowski (HS) collection [7]
and other 6 problems, usually known in the literature
as difficult problems, named PO-P5 in the Table 1.
PO-P4 are from [1] and P5 from [15]. The tests were
done in double precision arithmetic with a Pentium 4
and Fortran 90. For the successful termination of the
algorithm, the iterative sequence of x-values must
converge and the final point must satisfy the first-
order Kuhn-Tucker conditions (see (2)) with a 10
tolerance.

The chosen values for the constants are similar to
the ones used in [14]: 8™ =10" max{l, 0(xy»550)} »
—mi 4 — -5 -5
o™ =107 max{l.O(xg.s50), 7 =107, yp =107,

4

Vo =005, s§=l.l, SZ:2'3’ 77Z:10 ,
-4

and ey =01, where x, is the starting
2

o=1,

n; =10
Y,

point and ss, = max(0, 4 (x;)) .

The numerical results concerning our interior-
point SQP filter line search method are reported in
the first part of Table 1. For comparative purposes,
we include in the second part of the table the results
obtained when a line search method based on the
merit function (7) is used as in [2] instead of the
herein proposed filter method. Each set of two
columns contains the number of QP subproblems
solved (Ngp) and the number of function evaluations
(N) - L for the Filter Method and L for the Merit
Function approach.

In most problems the results are similar while in 9
of the 38 problems the filter method requires less
function evaluations than the merit function based
line search. Slightly better results were obtained with
the merit function in 5 problems.

The implementation of the nonmonotone
approach, as described in Section 4, for M =5, gives
similar results for the majority of the tested problems
with the following exceptions:

HS1(N,,=73,N ,=91), HS2(N,,,=26,N ,=27),
HS5(N,,=18,N ,=28), HS17(N,,=14,N ,=15),
HS18(N,,=6,N ,=7), HS21 (N, =2,N ,=3),
HS34(N,,=7,N,,=13), P4(N,,=11,N ,=12).

Although the observed differences are not significant
a comparative analysis is possible considering the
cumulative results. In the monotone filter approach
the ratio between the number of function evaluations
and the number of QP subproblems solved is 2.8
while in the nonmonotone filter approach the ratio is
2 (Total Nyy= 379, Total N, =776). Thus a slightly
more efficient framework is achieved when the

acceptability criteria for the step size are relaxed. The
ratio for the merit function based method is 3.

Table 1: Comparative results

Problem| Filter Method| Merit Function
Nop _ Np Nor  Ng
HS1 44 59 44 59
HS2 13 16 13 16
HS3 1 2 1 2
HS4 2 3 2 10
HS5 9 31 9 31
HS15 8 9 10 61
HS16 5 6 5 6
HS17 13 15 12 15
HS18 9 43 6 67
HS19 7 8 7 8
HS20 8 9 7 9
HS21 2 13 2 13
HS23 6 7 6 7
HS24 6 7 6 7
HS30 11 12 11 12
HS31 7 8 7 68
HS32 5 6 5 6
HS33 5 6 5 6
HS34 7 17 8 31
HS35 2 3 2 3
HS36 6 7 6 29
HS37 9 10 9 10
HS38 13 14 13 14
HS41 12 13 12 13
HS44 6 7 6 16
HS45 5 6 5 6
HS53 3 4 3 4
HS55 1 2 1 2
HS60 8 9 12 52
HS63 12 15 9 12
HS64 19 173 19 173
HS65 9 10 10 54
PO 22 197 15 17
P1 5 6 5 6
P2 4 5 4 5
P3 F - F -
P4 11 145 11 96
P5 15 16 15 16
Cum. 330 919 323 962

Cum. — cumulative results; F — failure (unbounded objective)

When solving the problems HS2, HS16, HS20,
HS38 and HS44, our algorithms converged to
solutions that are different from the ones reported in
the literature [7]. Thus, we decided to run well-
known nonlinear programming solvers in order to
compare the solutions. We also included in this
analysis the set PO-P5 of the most difficult problems.
This comparative analysis includes two solvers that
are available in the NEOS Server (http:/www-
neos.mes.anl.gov/neos/). This Server provides the




possibility to run problems on powerful machines in a
user friendly manner through the internet. The chosen
solvers were:

- FILTER, which is an SQP active set trust region
algorithm with a filter to promote global
convergence [3];

- SNOPT, which is a specific SQP implementation
of an active-set method based on a smooth
augmented Lagrangian merit function [5].

Table 2 reports the results that we obtained for the
above referred problems. For the problems HS2,
HS16 and HS20, both solvers also converged to the
same solutions that we found. Comparisons with
SNOPT and FILTER are not meant to be a rigorous
assessment of the performance of our algorithms
since the termination criteria are not comparable.

Table 2: FILTER and SNOPT results

Problem SNOPT FILTER
Nor  Np Nor Ny

HS2 18 15 8 9

HS16 1 5 4 5

HS20 1 5 4 5

HS38 160 119 53 54

HS44 2 ni 1 2

PO 1 ni 23 21

P1 3 4 2 3

P2 8 5 4 5

P3 F - F -

P4 16 44 11 12

P5 2 7 33 34

F — failure (unbounded objective); ni — no information is

available on the output file sent by NEOS

Despite some similarities, our SQP monotone
filter line search method has some differences from
the SQP filter line search method proposed and
analyzed in [12, 13]. The differences are mainly on

the defined "™ and on the feasibility restoration

phase. The steps computed from the QP subproblems
are in our case obtained by an interior-point method.
The implementation of a nonmonotone strategy in a
filter line search framework is new. The obtained
results seem promising and a global convergence
analysis of the proposed method will be carried out in
the near future.
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