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Abstract. Recently, Fletcher and Leyffer proposed using filter
methods instead of a merit function to control steplengths in a
sequential quadratic programming algorithm. In this paper, we
analyze possible ways to implement a filter-based approach in an
interior-point algorithm. Extensive numerical testing shows that
such an approach is more efficient than using a merit function
alone.

1. Introduction

In three recent papers, [10], [8], and [1], the authors have described an
infeasible-primal-dual interior-point algorithm for nonconvex nonlinear
programming and provided numerical results using the code LOQO
which implements the algorithm. Here, the problem considered is

(1) minimize f(x)

subject to hi(x) ≥ 0, i = 1, · · · , m,
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where f(x) and the hi(x)’s are assumed to be twice continuously dif-
ferentiable and x is an n-vector of free (i.e., unbounded) variables.

Adding slacks, (1) becomes

(2) minimize f(x)

subject to h(x)− w = 0, w ≥ 0,

where h(x) and w are vectors representing the hi(x)’s and wi’s, re-
spectively. The inequality constraints are then eliminated by incorpo-
rating them in a logarithmic barrier term in the objective function,
bµ(x, w) = f(x)− µ

∑m
i=1 log(wi), transforming (2) to

(3) minimize bµ(x, w)

subject to h(x)− w = 0.

Denoting the Lagrange multipliers for the system (3) by y, the first
order conditions for the problem are

∇f(x)−∇h(x)T y = 0

−µW−1e + y = 0(4)

h(x)− w = 0

where W is the diagonal matrix with the wi’s as diagonal elements, e is
the vector of all ones, and ∇h(x) is the Jacobian matrix of the vector
h(x). The primal-dual system is obtained from (4) by multiplying the
second equation by W , giving the system

∇f(x)−∇h(x)T y = 0

−µe + WY e = 0(5)

h(x)− w = 0

where again Y is the diagonal matrix with the yi’s on the diagonal.
Newton’s method is employed to iterate to a triple (x, w, y) satisfying

(5). Denoting

H(x, y) = ∇2f(x)−
m∑

i=1

yi∇2hi(x)

and

A(x) = ∇h(x)

the Newton system for (5) is then H(x, y) 0 −A(x)T

0 Y W
A(x) −I 0

 ∆x
∆w
∆y

 =

 −∇f(x) + A(x)T y
µe−WY e
−h(x) + w

 .
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This system is not symmetric, but can be symmetrized by negating the
first equation and multiplying the second by −W−1, giving the system

(6)

 −H(x, y) 0 A(x)T

0 −W−1Y −I
A(x) −I 0

 ∆x
∆w
∆y

 =

 σ
−γ
ρ

 ,

where

σ = ∇f − A(x)T y,

γ = µW−1e− y,

ρ = w − h(x).

LOQO generally solves a modification of (6) in which λI is added
to H(x, y) to ensure that H(x, y) + A(x)T W−1Y A(x) + λI is positive
definite (see [10]).

LOQO then proceeds to a new point by

x(k+1) = x(k) + α(k)∆x(k),

w(k+1) = w(k) + α(k)∆w(k),(7)

y(k+1) = y(k) + α(k)∆y(k),

where α(k) is chosen to ensure that w(k+1) > 0, y(k+1) > 0, and either
the barrier function or the infeasibility is reduced. To obtain such
a reduction in bµ or ‖ρ‖, we use a linear combination of these two
quantities, that is, a the merit function:

(8) Ψβ,µ(x, w) = bµ(x, w) +
β

2
‖ρ(x, w)‖2.

(Here, and throughout the paper, all norms are Euclidean). It is shown
in [10] that, at each step, there exists a β such that the solution of (6)
is a descent direction for this merit function.

Recently, Fletcher and Leyffer [5] have studied solving problem (1)
using a sequential-quadratic-programming algorithm. Here slack vari-
ables are not added to the problem, but rather the search directions
∆x and the Lagrange multiplier y are determined as the solution to
the quadratic programming approximation to (1)

min
1

2
∆xT Q∆x +∇f(x)T ∆x

s.t. A(x)∆x + h(x) ≥ 0,(9)

‖∆x‖2 ≤ r2,
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where Q is some positive definite approximation to the Hessian matrix
of f(x), typically a quasi-Newton approximation, and r is a trust re-
gion radius. Sequential-quadratic-programming algorithms also require
a merit function to ensure a balance between reducing the objective
function and reducing infeasibility. A merit function akin to (8) for
this problem is

(10) Ψβ(x) = f(x) +
β

2
‖ρ−(x)‖2

where ρ−(x) is the vector with elements ρ−i (x) = min(hi(x), 0). Here,
reducing Ψβ(x) clearly ensures that either the objective function or the
infeasibility is reduced.

The goal of Fletcher and Leyffer’s work was to replace the use of a
merit function in sequential-quadratic-programming with its two com-
ponents: (a) a measure of objective progress and (b) a measure of
progress toward feasibility. So, Fletcher and Leyffer define a filter to
be a set of pairs of points f(x(k)) and ‖ρ−i (x(k))‖. A new point x(k+1)

is admitted to the filter if no point x(j) already in the filter satisfies

‖ρ−i (x(j))‖ ≤ ‖ρ−i (x(k+1))‖,(11)

f(x(j)) ≤ f(x(k+1)).

If there is a point x(j) in the filter such that (11) is satisfied, an ac-
ceptable point x(k+1) is determined either by reducing the trust region
radius r or by a feasibility step. Readers interested in the details are
referred to [5].

The purpose of this paper is to study replacing the merit function (8)
in the interior-point algorithm of LOQO with a filter of the Fletcher-
Leyffer type. The next section discusses how to implement a filter for
an interior-point algorithm, and suggests several alternative methods.
The final section test the variants on a large suite of problems, compar-
ing the variants to each other and to the standard LOQO algorithm.
Numerical results show that a properly designed filter algortihm im-
proves the performance of an interior-point algorithm.

2. Filter algorithms for interior-point methods

As noted in the previous section, there exists a β at each iteration
such that the search direction which solves (6) is a descent direction
for the merit function Ψβ,µ(x, w) given by (10). This implies that a
steplength α can be found at each iteration to reduce Ψβ,µ(x, w), which,
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Figure 1. The filter shown incorporates the barrier ob-
jective. It consists of four points, and two possible cases
for what might happen in iteration 5 are shown. In Case

1, b
(4)

µ(4) < b
(4)

µ(3) and we are guaranteed to find a steplength

to give a point acceptable to the filter in iteration 5. In

Case 2, however, b
(4)

µ(4) > b
(4)

µ(3) , and we cannot find such a

steplength.

in turn, implies that either the barrier objective function

(12) bµ(x, w) = f(x)− µ

m∑
i=1

log(wi)

or the norm of the infeasibility ‖ρ(x, w)‖ will be reduced at each iter-
ation. This immediately suggests using a filter consisting of pairs of

points b
(k)
µ and ‖ρ(k)‖, where

b(k)
µ = bµ(x(k), w(k)) and ‖ρ(k)‖ = ‖ρ(x(k), w(k))‖.

An example of such a filter consisting of four points is shown in Figure
1.

However, in interior-point methods, the barrier parameter changes
from one iteration to the next. We will denote by µ(k−1) the barrier
parameter used in iteration k, since it is computed from (x(k−1), w(k−1)).
As discussed above, a steplength, α, exists at iteration k that reduces
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either b
(k)

µ(k) or ‖ρ(k)‖. But, since b
(k)

µ(k) is different from the b
(k)

µ(k−1) that

was accepted into the filter, we might not find a steplength that will
give a point acceptable to the filter at iteration k. In fact, Figure 1

depicts two possible locations for (b
(k)

µ(k) , ‖ρ(k)‖), where k = 4. In Case 1,

we have b
(4)

µ(4) < b
(4)

µ(3) , and we are guaranteed to find a point acceptable

to the filter in iteration 5. However, in Case 2, it is impossible to find
a steplength that will give us such a point.

In general, in order to guarantee that we can find a point(
b
(k+1)

µ(k) , ‖ρ(k+1)‖
)

that is acceptable to the filter, it is sufficient to have

(13) b
(k)

µ(k) < b
(k)

µ(k−1) .

This inequality holds if

µ(k) < µ(k−1)

and

−
m∑

i=1

log(w
(k+1)
i ) ≥ 0.

In fact, it is usually the case that the barrier parameter, µ, is monoton-
ically decreasing, and always so as the optimum is approached. Also, in
loqo, the treatment of free variables and equality constraints, as de-
scribed in [10] and [1], ensures that slack variables will approach zero.
Thus, (13) will hold as the algorithm approaches the optimum, and the
suggested filter is plausible.

However, (13) may not always hold, as LOQO does not reduce the
barrier parameter µ monotonically, and at early iterations it can in-
crease from one iteration to the next. Thus we have instead created a
filter saving three values at each point:(

f(x(k)),
m∑

i=1

log(w
(k)
i ), ‖ρ(x(k), w(k))‖

)
.

Each time a new µ(k) is calculated, each barrier objective function is
calculated using this new value, and a new filter is constructed. A new
point x(k+1), w(k+1) is admitted to the filter if there is no point in the
filter satisfying

(14) bµ(k)(x(j), w(j)) ≤ bµ(k)(x(k+1), w(k+1))

and

‖ρ(x(j), w(j))‖ ≤ ‖ρ(x(k+1), w(k+1))‖.
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Figure 2. The filter shown incorporates the barrier ob-
jective and is updated with the barrier parameter µ at
each iteration. The old filter has been updated when the
barrier parameter changed from µ(3) to µ(4). During the
update, some b(k)’s may increase and some may decrease,
and, in fact, we may get a different group of points in the

filter. In this case, (b
(4)

µ(4) , ‖ρ(4)‖) is no longer in the filter,

and in the fifth iteration, we will not be able to find a
steplength to give a point that is acceptable to the filter.

This filter is shown in Figure 2. Note that requiring that condition
(14) is satisfied imposes the stronger condition that if the new point is
reducing the current objective barrier function, it must reduce it over all
previous points for this same value of the barrier parameter. However,
there is no guarantee that a new point acceptable to the filter can be
found at each iteration. In Figure 2, we depict one possible scenario,
where b(1) is reduced by such an amount that b(4) is no longer in the
filter. In that situation, we cannot find a steplength that will give a
point acceptable to the filter.

A third possibility for a filter algorithm is simply to keep the pairs
f(x(k)) and ‖ρ(x(k), w(k))‖, and admit a new point to the filter if there
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is no point (x(j), w(j)) with

f(x(j)) ≤ f(x(k+1)),

‖ρ(x(j), w(j))‖ ≤ ‖ρ(x(k+1), w(k+1))‖.

The justification for this approach follows from the fact that if the pair
(x(k+1), w(k+1)) is feasible and minimizes b(x, w, µ(k)), then f(x(k+1)) ≤
f(x(k)) (see Fiacco and McCormick [4]). The proof of this also requires
that µ(k) ≤ µ(k−1). If the new point is not feasible, then it may be
admitted to the filter for reducing infeasibility. If infeasibility is not
reduced, then the barrier objective must be, and a sufficient reduction
should reduce the objective function. The following section contains
numerical results using both the barrier objective with the current µ
and the objective function.

The question then arises as to what to do when a new trial point
(x(k+1), w(k+1)) is not acceptable to the filter. Since we know that there
exists β such that the search vector ∆x, ∆w, ∆y is a descent vector for
Ψβ,µ(x, w), one strategy is to compute the β as in standard LOQO
[10] and do a linear search to reduce Ψβ,µ(x, w). While the new point
must improve either the infeasibility or the barrier objective over the
previous point, it need not be acceptable to the filter. Nonetheless, we
accept the new point as the current point and continue.

Another possibility is simply to backtrack by reducing the step size
until either infeasibility or the barrier objective function are sufficiently
reduced from the previous iteration. Clearly, if Ψβ,µ(x, w) can be re-
duced, then this must be satisfied for some α(k+1), and no penalty
parameter β need be computed. Early success with the strategy of
backtracking using Ψβ,µ(x, w) even if the new point was not necessarily
acceptable to the filter led us to try one more strategy, one that uses
no filter whatsoever. Instead, at each iteration we simply backtrack
until a sufficient reduction in either the infeasibility or the barrier ob-
jective at the previous point is achieved. This approach clearly avoids
the need for the penalty parameter in the merit function, and is in the
spirit of the filter, but is less complex. Results on this method are also
contained in the next section.

In all of the above, we required a sufficient decrease in either the
infeasibility and or the barrier objective. Here we impose an Armijo-
type condition on the decrease. Specifically, we require that either

(15) b
(k+1)

µ(k) ≤ b
(j)

µ(k) + εα

([
∇xb

(k)

µ(k)

∇wb
(k)

µ(k)

])T [
∆x(k)

∆w(k)

]
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or

(16) ‖ρ(k+1)‖2 ≤ ‖ρ(j)‖2 + 2εα

([
∇xρ

(k)

∇wρ(k)

]T

ρ(k)

)T [
∆x(k)

∆w(k)

]
for all (x(j), w(j)) in the filter.

Note that the Armijo condition imposed on the barrier objective and
the infeasibility are different from the standard Armijo condition. In its
standard form, a measure of sufficient decrease from the jth iteration

would be based on ∇b
(j)

µ(k) , ∇ρ(j), ∆x(j), and ∆w(j). However, in the

context of a filter, it is very costly to save those vectors for each entry
in the filter. Since the aim of the Armijo condition is to create an
“envelope” around the filter, it would be sufficient to note that ∆x(k)

and ∆w(k) are descent directions for b
(k)

µ(k) and ρ(k).

We have thus shown that we can guarantee the existence of an en-
velope around the filter simply by using information from the previous
iteration. Furthermore, we are guaranteed that we can always find an
α that will give us a sufficient decrease over the previous iteration.
This allows us to obtain a sufficient decrease at each iteration without
saving large amounts of data in the filter.

For the filter algorithm that uses the objective function, (15) is re-
placed with

(17) f (k+1) ≤ f (j) + εα
(
∇f (k)

)T
∆x(k)

For the third filter-based algorithm, we only compare against the
last iterate, so (15) is replaced with

(18) b
(k+1)

µ(k) ≤ b
(k)

µ(k) + εα

([
∇xb

(k)

µ(k)

∇wb
(k)

µ(k)

])T [
∆x(k)

∆w(k)

]
,

and (16) is replaced with

(19) ‖ρ(k+1)‖2 ≤ ‖ρ(k)‖2 + 2εα

([
∇xρ

(k)

∇wρ(k)

]T

ρ(k)

)T [
∆x(k)

∆w(k)

]
Note that these expressions correspond to the standard Armijo condi-
tion.

We have also incorporated measures to avoid a large increase in either
the barrier objective (or objective) or the infeasibility in exchange for a
small decrease in the other. If we have a solution which is numerically
feasible such that

‖ρ(x(k), w(k))‖ < 10−13,
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we insist on a sufficient decrease in the barrier objective (or objective)
function for the next iteration. Also, if we have a numerically primal
feasible solution but

‖ρ(x(k), w(k))‖ ≥ 10−13,

then either the barrier objective (or objective) has to decrease subject
to an Armijo condition or the infeasibility has to decrease by at least
one order of magnitude in the next iteration.

3. Numerical Testing: Comparison of Algorithms

Fletcher and Leyffer [5] report encouraging numerical results for the
performance of the filter method sequential quadratic programming
code, filterSQP, as compared to their original code, sl1QP, and to the
Conn, Gould, Toint trust-region code, Lancelot [3]. In this study, it
is our goal to ascertain the effects of using filter-based methods and
merit function in an interior-point method setting. To the best of
our knowledge, no such previous study exists that compares the two
approaches as implemented within the framework of the same interior-
point algorithm.

We have tried many variants of the filter-based approach, and, in this
section, we will discuss numerical results for the three best versions
which were also discussed in the previous sections. We will provide
pairwise comparisons between these methods and the current version
of loqo and also among each other. Thus, the four implementations

• No filter, with merit function (LOQO)
• Filter using the barrier objective function, with merit function

(FB)
• Filter using objective function, with merit function (FO)
• Filter on previous iteration only, no merit function (FP)

As any code using Newton’s method requires second partial deriva-
tives, we have chosen to formulate the models in AMPL [6], a modelling
language that provides analytic first and second partial derivatives. In
order to construct a meaningful test suite, we have been engaged in
reformulating from standard input format (SIF) to AMPL all models
in the CUTE [2] (constrained and unconstrained testing environment)
test suite. To date, we have converted and validated 699 models. For
those problems with variable size, we have used the largest reported
number of variables and constraints, except in the case of the ncvxqp

family of problems and fminsurf, where the largest possible size were
beyond the capabilities of the solvers. In addition, we have expressed
the entire Schittkowski [7] test suite in AMPL. Together, this comprises
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a test suite of 889 AMPL models, which form the test set for this paper.
These models vary greatly in size and difficulty and have proved useful
in drawing meaningful conclusions. All of the AMPL models used in
our testing are available at [9].

The CUTE suite contains some problems that are excluded from our
set. We have not yet converted to AMPL any models requiring special
functions as well as some of the more complex models. We will continue
to convert the remainder of the suite to AMPL models as time allows,
but believe that the results of this section show that the current test
suite is sufficiently rich to provide meaningful information.

We have made the algorithm variants from LOQO Version 5.04,
which was called from AMPL Version 20000814. All testing was con-
ducted on a SUN SPARC Station running SunOS 5.8 with 4GB of main
memory and a 400MHz clock speed.

Since detailed results are too voluminous to present here, we pro-
vide summary statistics and pairwise comparisons of the algorithms in
Tables 1-6. Each comparison is broken down by size of the problems,
where we define the size by the number of variables plus the number
of constraints in the model. “Small” problems have size less than 100,
“Medium” problems have size 100 to less than 1000, “Large” problems
have size 1000 to less than 10000, and “Very Large” problems have
size 10000 or more. Note that the size reported may differ from the
model itself, since the presolve level in ampl was set to 10. The total
numbers of problems in each category are as follows:

Small 584
Medium 100
Large 108
Very Large 97

In Tables 1-6, we provide total iteration counts and runtimes for
those problems where one of the solvers took less iterations to reach
the optimum than the other. Since these are pairwise comparisons each
table contains information on a different group of problems, that is, the
21 problems where (FP) outperforms (FB) as reported in Table 5 and
the 21 where (FP) outperforms (FO) as reported in Table 6 are not the
same set of problems. That is why the iteration and runtime totals are
different.
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LOQO FB
Iter Time Iter Time

Small LOQO Better 66 2074 37.17 2714 47.61
FB Better 92 4998 13.24 3129 6.19

Medium LOQO Better 11 542 44.29 648 53.17
FB Better 22 2930 355.47 2236 174.66

Large LOQO Better 13 654 888.3 1048 1042.74
FB Better 16 1896 1408.03 1743 1302.05

Very Large LOQO Better 10 318 492.5 453 692.55
FB Better 18 692 604.89 570 484.66

Table 1. Comparison of LOQO to FB on commonly
solved problems.

LOQO FO
Iter Time Iter Time

Small LOQO Better 77 2484 37.88 3311 49.52
FO Better 98 5203 13.47 3246 6.25

Medium LOQO Better 10 518 43.95 608 50.48
FO Better 23 2958 356.39 2176 170.3

Large LOQO Better 12 896 240.19 1066 259.39
FO Better 19 2088 1420.02 1971 1431.1

Very Large LOQO Better 9 383 683.23 552 954.11
FO Better 19 716 742.23 593 606.47

Table 2. Comparison of LOQO to FO on commonly
solved problems.

LOQO FP
Iter Time Iter Time

Small LOQO Better 30 1319 35.32 1705 46.99
FP Better 186 7597 19.9 4475 8.06

Medium LOQO Better 7 546 44.19 637 50.14
FP Better 20 916 67.24 736 59.94

Large LOQO Better 4 161 6.82 200 8.52
FP Better 34 2712 2499.21 2478 2234.63

Very Large LOQO Better 3 99 55.19 115 56.02
FP Better 30 1083 1653.99 861 1275.29

Table 3. Comparison of LOQO to FP on commonly
solved problems.
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FB FO
Iter Time Iter Time

Small FB Better 33 1620 3.58 2092 4.55
FO Better 30 1467 3.06 1074 1.85

Medium FB Better 1 287 1.79 491 3.35
FO Better 8 815 109.17 488 42.23

Large FB Better 5 679 30.41 770 34.89
FO Better 10 1138 1064.25 841 928.41

Very Large FB Better 2 541 1231.05 562 1306.94
FO Better 2 53 228.38 43 174.73

Table 4. Comparison of FB to FO on commonly solved problems.

FB FP
Iter Time Iter Time

Small FB Better 19 979 43.14 1398 46.29
FP Better 151 6188 13.91 4309 8.00

Medium FB Better 4 580 10.44 632 9.54
FP Better 14 958 109.73 675 100.68

Large FB Better 3 201 13.32 272 17.32
FP Better 21 1054 1220.49 871 943.66

Very Large FB Better 1 33 9.50 34 9.08
FP Better 16 558 1318.98 381 968.24

Table 5. Comparison of FB to FP on commonly solved problems.

FO FP
Iter Time Iter Time

Small FO Better 25 1433 45.25 1784 47.21
FP Better 154 6174 12.85 4303 7.45

Medium FO Better 6 662 18.14 720 19.37
FP Better 12 1095 109.32 639 99.70

Large FO Better 4 232 15.51 298 19.76
FP Better 21 1447 1152.62 1274 959.38

Very Large FO Better 1 33 8.89 34 9.08
FP Better 17 778 1295.04 610 1009.4

Table 6. Comparison of FO to FP on commonly solved problems.
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We have included problems that were not solved with the original
settings of the loqo parameters but were able to be solved by tuning.
The parameters that we most often tune are bndpush, initial value of
of the slack variables, inftol, primal and dual infeasibility tolerance,
and sigfig, number of digits of agreement between the primal and dual
solutions. For a summary of which problems need tuning and their
respective tuning parameters, see [1]. In our pairwise comparisons, we
only include those problems that were either not tuned by either solver
or had the same tuning parameters for both.

Using a filter can allow the algorithm to take bolder steps. A step
that may otherwise have been shortened because it did not reduce a
linear combination of the barrier objective and the primal infeasibility
may be allowed through the filter by reducing either one. This behavior
is even more evident in (FP), where any type of reduction over the
previous iterate is admissible. There are four issues to consider here:

(1) Tables 1-6 show that, in general, taking bolder steps allows the
algorithm to reach the optimum quicker, as the filter algorithms
perform better than loqo more often than vice versa. In fact,
the bolder the step, the better, as (FP) seems to be superior to
the other three algorithms in the number of problems solved in
less iterations. An example of such a problem is discs: LOQO
solves it in 389 iterations, (FO) solves it in 126, (FB) solves it
in 62 and (FP) solves it in 59 iterations.

(2) On the other hand, taking a large step in the wrong direction
may make the algorithm stray and take extra iterations to reach
the optimum, or even fail. The numbers of cases where this
behavior occurs are provided in Tables 1-6. An example of such
a problem is semicon1: LOQO solves it in 137 iterations, (FO)
in 143, (FB) in 304, and (FP) fails without tuning due to a
small step to decrease the barrier objective that results in an
increase of 1070 in the dual objective.

(3) More freedom in taking steps at the beginning reduces the need
to tune the algorithm for the initialization of slack variables:
The problems that (FB), (FO), and (FP) can solve with default
parameters, but need bndpush tuning for loqo are as follows:

(FB) eigenbco, hs107, meyer3, s237, s347, s361, s374,
s376, twirism1

(FO) eigenbco, hs107, meyer3, s237, s361, s374, twirism1
(FP) eigenbco, meyer3, s237, s347, s355, s361, s374,

s376, twirism1
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(4) Taking large steps in the wrong direction may cause the algo-
rithm to fail, but maybe we can remedy it by changing the initial-
ization of the slacks: The problems that require (FB), (FO),
and (FP) to be tuned for bndpush, but can be solved by loqo
with default parameters are as follows:

(FB) ncvxqp5, oet7, trimloss
(FO) hvycrash, ncvxqp5, oet7, trimloss
(FP) cresc100, hvycrash, ncvxqp5, oet7, palmer5b, s373

Also, all three algorithms require a different bndpush of 10000
than the 1000 required by loqo for steenbrg. (FP) requires a
bndpush of 10 rather than the 100 required by the other three
for orthregd, and it also requires a bndpush of 0.01 rather than
100 as required by loqo for orthrgdm.

It can be seen from the numerical results in Tables 1-6 and the tuning
details given above that situations (1) and (3) occur more frequently
than (2) and (4), and, in general, filter-based methods outperform
loqo, with (FP) emerging as the winner.

Although filter-based methods seem to have the advantage of speed,
there are several other issues to consider here. First of all, an algorithm
that employs a merit function is able to achieve better accuracy levels
on some problems. Secondly, since some of the test problems are non-
convex, there are some which have alternative optima. In some cases,
the different variants of the filter algorithm and loqo may find differ-
ent optima. We will discuss these issues in the following paragraphs.

As discussed in the previous section, when the norm of the infeasi-
bility is less than 10−13, we require that the barrier objective (or the
objective value in the case of (FO)) be reduced. This requirement
works in general to prevent the algorithm from straying from its course
toward the optimum. However, it may not always be the case that we
can reduce the barrier objective (or the objective). In (FB) and (FO),
this new point would not pass through the filter, so it would be tested
for reducing the merit function, where it generally passes through. For
the algorithm without a merit function, (FP), though, this is a prob-
lem, as the iterates go superoptimal and no amount of step-shortening
may be enough to get a solution that improves the barrier objective. In
fact in the problems allinitc, concon, eigmina, heart6, hs116, mconcon,
ubh5, yao, we had to tune the algorithm to accept a solution at a worse
level of accuracy than the default of 8 digits of agreement between the
primal and dual solutions and less than 10−7 for the primal and dual
infeasibilities. We also had to tune smmpsf to accept 10−4 as accuracy
tolerance rather than 10−6, the original value of the tuning parameter
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required by loqo. (FP) algorithm also needs semicon1 tuned for accu-
racy and slack variable initialization. Even though we are able to solve
almost all of these problems using 5 digits of agreement and 10−6 as the
infeasibility tolerance, a method that employs a merit function is more
reliable if greater levels of accuracy are desired. If speed is the most
important issue, however, (FP) provides a much better performance.

A few other details about accuracy tuning are as follows: All three
filter-based algorithms require accuracy and slack variable initialization
tuning for vanderm4, and (FB) and (FO) need accuracy tuning for
bt8. In contrast, they can solve palmer7e without tuning for accuracy,
whereas loqo cannot achieve a better solution than one with 5 digits
of agreement.

The quality of the solution attained may also be different. While
all three filter-based algorithms obtain better optima for ngone and
ncvxqp6 than loqo, they also obtain worse optima for orthrege when
the same tuning as loqo is used. (FO) and (FP) algorithms also obtain
local optima for s393. Also, on some of the problems from the brainpc
and orthr families, the filter-based algorithms may reach local optima
without tuning, whereas loqo reaches the global optimum when tuned,
and fails otherwise. This is true for orthrdm2, orthrgdm, orthrgds for the
(FB), brainpc8, orthrdm2, orthrgdm for (FO), and brainpc5, brainpc7,
brainpc9 for (FP). Conversely, loqo may have reached a local optimum
on some problems, and the other algorithms reach the global optimum
with tuning and fail otherwise. These problems are brainpc3, brainpc8
for (FB), brainpc3 for (FO), and brainpc8 for (FP).

Finally, none of the filter-based algorithms are able to solve spiral.
This is a problem where a conservative steps are required to reach the
optimum, but the filter-based algorithms stray too much and cannot
come back toward the optimal solution.

4. Conclusions.

In this paper, we propose three different ways to implement a filter-
based method to control steplengths in an interior-point algorithm.
The first two use a multi-point filter as in Fletcher and Leyffer, one
with the barrier objective and the other just the objective function.
However, for nonmonotonic barrier parameter the algorithm might not
produce an acceptable new point no matter how short a step is taken.
To remedy this situation, both variants are supplemented with a tradi-
tional merit function that was is if the filter approach fails. These two
variants work equally well in practice.
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The third variant is simpler than Fletcher and Leyffer’s filter method,
imposing filter-like conditions only on the previous iteration. This ap-
proach obviates the need for a merit function, and, numerically, it
outperforms the current version of the algorithm as well as the other
two filter-based variants.

In general, the numerical results show that filter-based algorithms
are superior in terms of efficiency to ones based only on a merit func-
tion. However, a merit function, either by itself or used in conjunction
with a filter, allows for greater levels of accuracy on certain problems.
Therefore, the decision of which approach to use needs to be based on
whether speed or accuracy is the more important concern.

4.1. Dedication. This paper is dedicated to Garth McCormick on the
occasion of his 65th birthday. Without his pioneering work with his
colleague Anthony Fiacco, current interior-point algorithms would not
exist.
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