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Abstract.

Memetic algorithms (MAs) are, at present, amongst the most successful approx-
imate methods for combinatorial optimization. In this paper, a memetic algorithm
framework for problems involving two or more distinct objectives is presented. The new
framework specifies the use of Pareto selection in both the local-search and population-
based phases, in contrast to current MAs for multiobjective optimization, which use
objective aggregation. A simple memetic algorithm based on the framework, called M-
PAES, is also described. Verification of M-PAES is carried out by testing it on a suite
of 0/1 knapsack problems, involving two, three and four objectives. On each problem
instance, comparison is made between M-PAES, the strength Pareto evolutionary al-
gorithm (SPEA) of Zitzler and Thiele, and another memetic algorithm, the random
directions multiple objective genetic local searcher (RD-MOGLS) of Jaszkiewicz. The
results indicate that the new memetic algorithm framework has significant potential;
M-PAES performs well compared to both SPEA and RD-MOGLS on the knapsack
problems.
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1. Introduction

In many problem domains, including operations research, machine learning, task
planning and design or engineering, it is common practice to formulate problems
so that a single, scalar measure, or objective function, must be maximized. In
reality, however, many problems are not adequately represented in this way,
and instead there are really multiple (often conflicting) goals. In multiobjective
optimization [5, 7] the different attributes to be optimized are viewed as distinct
from one another, so that the the quality of solutions is described by a vector of
objective values. Thus, multiobjective optimization problems (MOPSs) represent
a more general class than single-objective problems, and one which applies to a
broad range of applications.

In most multiobjective problems it is not possible to find solutions that are
simultaneously optimal on all attributes, and one must accept a solution that
represents an acceptable trade-off of the different goals. In fact, if we could a
priori quantify the relative importance of each of the goals then we could weight
each of them accordingly and aggregate them to give a single, scalar objective
function. This would allow traditional optimization methods to be applied, and
a solution or solutions that optimize the scalarized objective function could be
found. But another (and increasingly popular) possibility is to perform Pareto
optimization [9], in which the different objectives are maintained as separate and
incommensurable measures of quality. Pareto optimization implies not one but
a set of optimal points in objective space, the Pareto front, each representing a
different trade-off of the objectives. In possession of the Pareto front, solutions
can be selected in light of the knowledge of the different trade-offs possible,
leading to a more informed choice.

Of course, many optimization problems cannot be solved exactly, and instead
an approximate method — one that does not guarantee to find all optimal solu-
tions — must be used. One such method is evolutionary computing — now a very
well-established and popular technique. The basic idea is to evolve a population
of potential solutions to a problem by repeated phases of evaluation, selection
and variation. The range of applications of this general approach is vast, and in
recent years, evolutionary algorithms (EAs) have been applied more and more
to multiobjective problems. In particular, the possession of a population, seems
to make EAs very attractive for use in multiobjective problems, where a number
of solutions approximating the Pareto set are often required.

As a whole, some of the most influential algorithms [8, 15, 20, 30, 32, 34, 44]
put forward in evolutionary multiobjective optimization (EMOO) [3] indicate
the progression in selection schemes, diversity-preserving mechanisms, and the
proper use of elitism that has occurred in the field since it began in the eighties.
But evolutionary methods are not the only approximate methods that have been
applied to multiobjective problem solving.

In recent years, in parallel to the development of multiobjective EAs (MOEAs)
there has been a growing research effort in the use of metaheuristics within the
field of multiple criteria decision making (MCDM) — a branch of operations
research. Algorithms based on both tabu search and simulated annealing have
been put forward [4, 13, 14, 17, 33, 37]. Most of these algorithms do not have a
population but store the best solutions discovered during a local search process.
Rather than using Pareto ranking, weighted metrics are used to aggregate the
objectives into a single score to be used in the acceptance function [39).

Whether the algorithms devised and investigated in the MCDM field are
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more or less effective than MOEAs remains an open question: Very few studies
that attempt to directly measure and compare the performance of MOEAs with
algorithms based on tabu search [13, 14, 17] or simulated annealing [4, 33, 37],
on problems of sufficient variety, have been carried out. But, despite the lack
of communication between the two fields, there does seem to be some conver-
gence of the approaches taken by them. For example, our own work on (1+1)-
PAES [23, 25, 26] shows that an algorithm that employs only local search moves
may be competitive with many of the most respected MOEAs, on a range of
problems. PAES goes some way to bridging the gap between local search and
population based methods, and is unique amongst local search algorithms in its
direct use of the partial ordering of solutions in its selection mechanism. Similarly,
work by Czyzak and Jaszkiewicz [4] also takes inspiration from both multiobjec-
tive camps, with a novel population-based approach to multiobjective simulated
annealing. Their algorithm uses utility functions to obtain a single score from
the vector of objective values, but exploits population information to adjust the
direction of the utility function to direct progress in a direction approximately
perpendicular to the current Pareto front. The technique inherently encourages
an even spread of solutions, as well.

Memetic algorithms (MAs) (also called genetic local search algorithms or hy-
brid genetic algorithms) provide a further framework in which to combine and
improve on the population-based MOEAs and the local-search algorithms in the
multiobjective domain. Proposals for multiobjective MAs have already been put
forward. The first of these, was devised by Ishibuchi and Murata [21], and the
basic idea was extended by Jaszkiewicz [22], who introduced a variant based on
simulated annealing, and another variant in which mating was restricted. These
approaches all use randomly selected weight vectors to aggregate the objectives,
and combine this with a standard selection function, rather than performing se-
lection based directly on the partial ordering of solutions induced by the so-called
Pareto methods. The use of local-search heuristics within a population-based ap-
proach has also been applied to the optimization of spacecraft trajectories for
Mars missions [18].

In this paper, a general framework for a multiobjective MA, is put forward.
Its selection mechanism is based directly on the partial ordering of solutions, in
contrast to the other multiobjective MAs put forward to date. Then, a simple
MA based on the framework, using a modified version of (1+1)-PAES as the
local improvement heuristic, is presented. Other possible instantiations of the
general framework are also discussed. The simple MA, M-PAES, is then tested
using a suite of 0/1 knapsack problems possessing 2, 3 and 4 objectives. A direct
comparison is then made between the performance of the new memetic algorithm
proposed, and three existing approaches: Our own local search method, (1+1)-
PAES; the strength Pareto evolutionary algorithm (SPEA) [41, 43, 44]; and, the
RD-MOGLS algorithm of Jaszkiewicz. To make the comparison, each algorithm
is run 30 times on each instance of the 0/1 knapsack problem. Statistical methods
are then used to give a single measure of relative quality as judged between pairs
of algorithms.

The remainder of the paper is organised as follows: The general multiob-
jective optimization problem is defined in Section 2. Terminology relating to
partial ordering relationships and scalarizing functions are also given. In Sec-
tion 3, methods for selection in multiobjective metaheuristics are reviewed, and
we briefly describe the SPEA and RD-MOGLS algorithms. The framework for
a new multiobjective memetic algorithm is put forward in Section 4. Then, in
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Section 5 the M-PAES algorithm is described. The experimental method used
for verifying the algorithm, and comparing its performance is discussed in Sec-
tion 6. The parameter choices made for each algorithm, including two versions
of SPEA, RD-MOGLS, and a benchmark single objective EA, are given in this
section. Results are presented and analysed in Section 7. Finally, we summarize
the paper and draw conclusions in the last section.

2. Multiobjective optimization terminology

A general (unconstrained) multiobjective optimization problem (MOP) can be
defined as

“mazimize” Z = f(Z) = (f1(2), fo(2),-.., fr(Z))
subject to  €(Z) = (e1(X), ea(L),- .., en(Z)) <0 (1)
and = (x1,T2,...,2,) € X
7= (2’1,22, ,Zk)EZ

where # is a decision vector or solution, and X is the decision space i.e. the set
of all expressible solutions. The objective function f (%) maps X into R*, where
k > 2 is the number of objectives. The vector Z = f| (Z) is the objective vector
or point. The image of X in objective space is the set of all attainable points,
Z. The constraints €(Z) < 0 determine the set of feasible solutions. The term
maximize appears in quotation marks because, in general, there does not exist
a single solution that is maximal on all objectives. Therefore, one may seek to
find a set of solutions X* C X, the Pareto optimal set, with the property that:

Va* € X* 4% € X such that T > «*
where & = 7% <= Vi€ {l,...,k} zi = f(z;) > 2 = f(z}) (2)
ANFie{l,...,k}: 2> 2

where Z > z* is read as 7 is superior to z*, and the correspondlng obJectlve vector
(or point) 7 is said to dominate z*. Conversely, & < z* is read as F is inferior to
#*, and the corresponding point Z is said to be dominated by z*. Similarly, a pair
of mutually nondominated points are defined as x ~ x' <= x ¥ x' Ax' ¥ x.
Solutions in the Pareto optimal set are also known as efficient, admissible or
non-inferior solutions. Their corresponding points in objective space are termed
nondominated and when plotted in objective space, form the Pareto front.
A set of solutions A C X is said to be an internally efficient set if

Vae A Abe Asuchthatb>a (3)

We can see from this definition that if A = X then the internally efficient set
is the Pareto optimal set defined in (2). However, with A C X the set need not
be the Pareto optimal set. Approximations to the Pareto optimal set, generated
by a search process will be such internally efficient sets (since there is no point
in returning solutions that are known to be dominated), but will usually not be
Pareto optimal.
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supported

(b)

Fig. 1. Supported and non-supported solutions in the Pareto front.

It is possible to convert the original MOP into a parameterized SOP by
performing a weighted sum of the objectives, thus:

mazimize Sys(Z,X) = Ele i -2
subject to 7€ Z,

Zle Az = 17
and Vi,ie {1,k} A >0

(4)

Every point in objective space that is a maximum of Sy, given a weight
vector X, is a nondominated point. The corresponding solution is, therefore,
Pareto optimal and is called a supported efficient solution. However, there can
exist nondominated points that are not a maximum of S, for any possible
weight vector X. These points necessarily lie in a concave region of the Pareto
front (Figure 1). The corresponding solutions are termed, non-supported efficient
solutions. To make it possible to obtain every Pareto-optimal solution, including
the non-supported efficient solutions, a non-linear scalarizing function can be
employed. One such function is the A-weighted Tchebycheff metric defined as:

minimize Sr(Z,X) = max(\; - z;),i € {1,k}
subject to Z € Z,

Zf:l Ai = ]-7
and Vi,ie {1k} \; >0

(5)

It is clear that both methods given above, can be used when the relative impor-
tance weights of the various objectives are known a priori, and the goal is to find
one or more solutions that maximize the particular weight vector, X However,
it is now common to use these scalarizing functions to approximate the whole
Pareto front (in a single algorithm run) by systematically varying the parameters
during the search process. For more information on scalarizing functions see [39].
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In this paper, only methods for approximating the entire Pareto front are
considered. However, it is noted that there are many other methods for perform-
ing multiobjective optimization, and the interested reader is referred to [3, 38]
for further information.

3. Acceptance functions and selection mechanisms in
multiobjective metaheuristics

Algorithms for finding approximate solutions to intractable optimization prob-
lems rely on very general properties of search spaces in order to work. These
methods are thus termed metaheuristics because they are more generally appli-
cable than heuristics; the latter being any method helpful in searching a specific
problem space. The general form of a search metaheuristic such as an evolu-
tionary algorithm or simulated annealer is very simple: solutions are initially
generated randomly, evaluated, and stored. Following this, new solutions are
constructed using the stored solution(s). The new solutions are used to update
the store, and the process is repeated until some stopping criterion is met [36].

What makes the difference between the particular metaheuristics is: 1. The
methods used to construct new solutions from those already stored; and 2. The
criteria for solutions to be placed into the store (acceptance function), or for
using particular solutions already stored (selection mechanism). Usually, 2. is
based on measuring the relative quality of solutions as judged by the (scalar)
objective function. Solutions with higher relative quality are preferred. However,
in Pareto optimization, only a partial ordering of solutions is available, resulting
in three alternative methods for carrying out selection [19]: 1. Consider just
one objective in isolation, each time a solution is evaluated for selection. This
method is known as criterion selection. 2. Utilise the partial ordering directly to
perform selection. This is Pareto selection. 3. Scalarize the different objectives,
using a parameterized function, and vary the parameters such that a diverse set
of solutions may be found. This is called scalarizing selection.

3.1. Criterion selection

The first, pioneering work in the EMOO field was Schaffer’s vector evaluated GA
(VEGA) [32]. Its selection scheme worked by building up the intermediate pop-
ulation in fractions. Each fraction of the intermediate population was selected
from the current generation using a different component of the objective vector
to assign fitness. VEGA worked well, although it has a tendency to favour ex-
treme solutions to the detriment of solutions that represent a compromise of the
different objective attributes, particularly when the shape of the Pareto front
is concave. Two other EAs that used criterion selection: a tournament selection
method based on comparing pairs of individuals on one chosen objective was pro-
posed by Fourman in 1985 [11], and, in 1991, Kursawe devised a method based
on deleting the worst-performing fraction of the population according to one ob-
jective at a time [27]. Both methods are discussed in more detail in [9]. Criterion
selection has not gained much popularity since these early algorithms because
other methods of selection seemed to exhibit better behaviour. However, some
new methods based on different forms of criterion selection have been recently
devised [12, 35].
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Initialize: P=0
Generate x € X randomly
P+ PUx

Main Loop: x' € X +— mutate(x)
if (x' > x)

P+—PUX, x+—x
else if (x ~x'){
i =0, replace = TRUE
while (i < |P|){
if (x’ > x; € P)
P+— PUX',P+— P\x
else if (x; > x)
replace = FALSE,i = |P|
i++ }
if(replace == TRUE)
x+— x'}

Fig. 2. PAES-like Pareto ranking local search. P is the set of internally efficient solutions.

3.2. Pareto selection

Selection mechanisms based on Pareto dominance relationships have been the
most prevalent in the population-based algorithms used in the EMOO com-
munity. In 1989, Goldberg [15] first suggested an elegant method of ranking a
population of solutions, based on their mutual dominance relations. His non-
dominated sorting method effectively ‘peeled off’ Pareto fronts one at a time
from the population, assigning maximum fitness to all those solutions in the first
layer, and progressively less fitness to successive layers. The nondominated sort-
ing method was implemented in an algorithm, NSGA, by Srinivas and Deb [34] in
1994. The NSGA has since been one of the most popular and successful methods
in EMOO and fuelled interest in the field. Similar methods of selection, based
on Pareto ordering of solutions, have been devised by Fonseca and Fleming [§],
Horn and Nafpliotis [20], and others. More recently, Zitzler and Thiele [44] pro-
posed a method of exploiting co-evolution to perform fitness assignment in an
elitist EA.

These population-based algorithms all exploit the knowledge in the whole (or
a sample) of the population in order to perform selection. This is achieved by
performing many dominance comparisons between solutions in order to compute
fitness. The advantage of such an approach is that the current store of solutions is
being used efficiently to drive the search towards the Pareto front in all directions
simultaneously. This is because newly generated solutions are judged by their
dominance relationships with all other solutions. Commonly, speciation methods
are also used to ensure that an even and diverse spread of points across the
internal Pareto front is achieved, further increasing the efficiency and efficacy
of these methods. The disadvantage of this approach is the high computational
cost of performing so many comparisons, particularly when large populations are
involved, or there are many objectives. However, this criticism is often dismissed
using arguments that, in most real-world applications, the cost of comparisons
is irrelevant compared to the time expended in evaluating solutions.

In single-point search methods, there has been little use of Pareto selection.
This is because only two solutions, the current and candidate (mutant) solution,
are compared at each step. Frequently, pairs of solutions (x,x' € X) will be
nondominated with respect to each other. That is, neither is better than the
other on all objectives. Thus, it is not possible to judge accurately which of the
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— Initialization - Repeat S times:

-

Generate a random weight vector A.

From a randomly generated solution z, perform local search,
using a scalarizing function S(%,)), to obtain z'.

Add z' to the current set of solutions, CS.

Update the potentially efficient set PE with z'.

— Main Loop - Repeat until some stopping criterion is met:

-

Generate a random weight vector A.

Select the N < S best solutions from CS, using the measure

S(Z,)), to form a temporary population TP.

Repeat N times:

* Do crossover on a pair of uniformly randomly selected
parents from TP.

x Do local search from the offspring z to form z' using
S(Z,)), and update PE with z'.

x+ If z' is better than worst member of TP, then add to CS
and TP, deleting worst member of TP.

x Update set PE with z'.

Fig. 3. RD-MOGLS

current and mutant solutions is better, and much of the selection pressure is
lost. However, if a comparison set of the best (nondominated) solutions found
during the search is maintained, and used to aid in judging solution quality in
these undecidable cases, then a very high selection pressure can result. This is
the basis of the local search method, (141)-PAES, introduced by Knowles and
Corne [25, 26]. The PAES technique has the advantage that one particular search
direction is not favoured in the local search, so solutions spread across the whole
Pareto front can be found from a single search. Pseudocode for a very simple,
PAES-like local searcher is given in Figure 2. In fact, in (1+1)-PAES, efficiency
is ensured by storing only a limited number of internally efficient solutions in P,
and a technique for encouraging diversity is also employed.

3.3. Scalarizing selection

The advantage of using scalarizing functions is that standard selection or accep-
tance mechanisms can be used unchanged. This has led to the great popularity
of the approach in the operations research and multi-criteria decision making
(MCDM) community. Adaptations of both tabu search [13, 14, 17], and simu-
lated annealing [4, 33, 37] have used these methods. Most of the methods store
the internally efficient solutions found but they are not used further in the search.
In most of the algorithms, a random weighting of the scalarizing function is sim-
ply chosen at each step, and the new solution generated is accepted or rejected
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according to its utility on this measure compared with the current solution. This
method does not take advantage of the information from the previously found
solutions, nor does it direct the search in any particular direction. These factors
seem to suggest that such an approach would be inefficient compared to the lat-
est elitist Pareto MOEAs, but there is little empirical evidence of this fact, to
date.

Some researchers argue that the use of such scalarizing vectors more naturally
allows the preferences of the decision maker to be used to guide the direction(s)
of the search towards the region(s) of interest (see for example [4]). This may be
true, although good methods for directing the search towards desirable regions
of the moving Pareto front within Pareto ranking methods are now available [6,
31]. Also, the use of randomly selected utility functions in the absence of such
preference information, as used in many of the MCDM algorithms, seems wholly
unsatisfactory.

Examples of the use of scalarizing functions are few in population-based
Pareto optimization approaches. Hajela and Lin’s [16] proposed a GA using
weighted-sum aggregation of objectives. In their method, the parameters of the
weight vector were encoded on the chromosome, thus cleverly providing an im-
plicit mechanism for maintaining diversity in objective space. Later, Bentley and
Wakefield [1] put forward and tested a number of different weighting schemes
for providing a sub-set of Pareto-optimal solutions. But these methods have not
caught on, and in the case of [16], there is now some evidence that this ap-
proach is less efficient than some pure Pareto GAs [42]. More recently, however,
memetic algorithms for multiobjective optimization put forward by Ishibuchi
and Murata [21] and Jaszkiewicz [22], have also used linear scalarizing func-
tions. The latter, the random directions multiple objective genetic local search
(RD-MOGLS) is described next.

The RD-MOGLS algorithm is based heavily on the genetic local search al-
gorithm put forward by Ishibuchi and Murata. In both approaches a weighted
scalarizing function u is drawn at random at each iteration. After selection and
recombination, the offspring produced is improved with respect to the same util-
ity function u, using a local search. A set of potentially efficient solutions is
updated at the end of the local search phases, and in both approaches all po-
tentially efficient solutions can take part in future iterations of the algorithm.
However, there are differences between the algorithms, too. The key difference is
that RD-MOGLS uses a small temporary population T'P that is used to restrict
mating at the selection stage. Also, the main population, C'S, has variable size,
and is organised as a queue, with older solutions being eventually discarded.
An outline of the RD-MOGLS algorithm is given in Figure 3. The algorithm
uses either weighted linear (Equation 4) or weighted Tchebycheff (Equation 5)
scalarizing functions. Ishibuchi and Murata specified the use of a weighted linear
function only.

4. A new framework for a multiobjective MA

It is clear from the previous section that many methods for performing Pareto
optimization are already available. However, the most recently developed MAs
have used scalarizing methods rather than Pareto selection for identifying and
exploiting the solutions already found. However, there are a number of argu-
ments against this approach. In the schemes put forward [21, 22] the weighting
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Pareto selection

Linear aggregation

Advantages Proven to be efficient Fast and easy method
as selection mechanism for use in local search.
in GA populations.
Searches all directions Easily parallelizable.
simultaneously.
Can find non-supported
solutions.
Disadvantages Less suited to Not well-suited as
parallelization. selection mechanism

in GA populations.

More difficult to
use with local search.

Efficient use of information
in the current population?

Cannot easily find
non-supported solutions.

Table 1. Advantages and disadvantages of Pareto selection versus Linear aggregation

parameters specifying the direction of search are chosen at random without re-
gard to the solutions that have already been found. In many cases, it will not
be sufficient to select weights in all directions with equal probability. Rather,
because some areas of the Pareto front are easier to obtain than others, some
form of adaptive scheme is required. This is well catered for in Pareto selection
methods that invariably use some form of diversity maintenance technique aimed
at giving more opportunity to solutions whose corresponding points in objective
space exist in unpopulated areas of the nondominated front.

Also, the current MA schemes perform local search on the offspring in the
same direction as was used for selecting the parents. This unidirectional searching
means that a solution generated during the local search phase may be immedi-
ately rejected even though it dominates one or more of the best solutions already
found, and may be an excellent solution when evaluated according to a different
weighting vector. In Pareto selection methods, there is more efficiency because
solutions are not usually discarded if they dominate solutions in the discovered
Pareto front. Effectively, Pareto selection methods search in all directions at
once. More comparisons are required in Pareto selection methods, but in many
optimization problems minimizing the number of objective function evaluations
necessary to achieve a certain level of result is more important than minimizing
the overhead of the algorithm.

Some empirical evidence is also given in [42] that weighted aggregation meth-
ods do not seem as effective as Pareto selection, in population-based approaches.
This result relates to both the ability to maintain a spread of good solutions,
in both convex and concave Pareto fronts, and the proximity of the discovered
Pareto front to the global Pareto front that the algorithms achieve, given equal
numbers of function evaluations. While it is not obvious how Pareto selection
can be used with single point local-search methods, our algorithm, PAES [25],
is a simple solution to this problem that has been shown to work well [23, 26].
Scalarizing methods may yet have an advantage in parallel MA implementations,
however, because local search phases could be independently run on different
processors with no need for communication betweeen them.

We give a summary of the possible advantages and disadvantages of Pareto
selection compared with linear aggregation in Table 1.
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The new framework for a memetic algorithm, based entirely on Pareto selec-
tion, is given below.

1. Generate a population P of solutions using some method.
2. Store the internally efficient solutions from P in a global archive G.
3. Repeat until a stopping criteria is satisfied:

(a) For each candidate solution ¢ in P:
i Initialize a local archive of solutions H.

ii Perform a local search from c¢. At each step of the local search:
Generate ¢’ from c.
Compare ¢ with one or more solutions from H to determine whether
to accept ¢ (¢ < ¢') or maintain c.
Update H with ¢ if applicable.
Update G with ¢ if applicable.

iii Place improved solution ¢ back in P.
(b) Perform recombination of solutions in P to obtain P’:
i Select parents from P UG.
ii Recombine to form offspring c.

iii Compare ¢ with one or more solutions from G to determine whether to
accept ¢ (P’ + P'Uc), or reject it.

iv Update G with c if applicable.
(c) Update population: P + P’.
4. Return global archive G of unique internally efficient solutions.

This framework is deliberately loosely-specified. The key defining features of
the framework are: There are separate single-point (local search) and population-
based search phases; all comparisons to determine acceptance/rejection of solu-
tions are Pareto comparisons; the archives G and H store internally efficient
solutions; H is initialized for each local search phase; H is used to determine
the acceptance of local-search moves; G is updated for every new solution gen-
erated; in the population-based phase, G is used to determine acceptance of the
offspring.

The method used to generate solutions in the local search phase can be any
operator based on perturbing a single solution. The recombination method can be
any operator based on generating solutions using information from two or more
solutions. The initialization of the archive H can be achieved using any solution
already stored in P or G and should encourage an effective local improvement
of the current solution c.

No particular form of diversity maintenance has been specified, either. How-
ever, it would necessary to use some form of ‘niching’ or ‘crowding’ in either
objective space or parameter space to ensure a good spread of points/solutions.
In our MA, M-PAES, an adaptive grid algorithm described in [26] is used.

Elitism is inherent in the framework, and it can be controlled in several
ways. Each time a solution is compared with either the local archive H, or the
global archive G, to determine whether to accept it or not, a sample of solutions
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from the archive is used. By adjusting the size of the sample, the degree of
elitism can be controlled. The acceptance function used is not defined in the
framework, either. What is specified is that the comparisons used to accept or
reject solutions are Pareto comparisons. Possible acceptance functions include
some form of tournament acceptance method, or a simulated annealing style
acceptance function where solutions may be accepted even if dominated by a
small number of members of the archive, depending on a temperature parameter.
It is expected that the multiobjective MA framework will be most effective
when very good local search heuristics are available for the particular multiobjec-
tive problem. For example, the Lin-Kernighan method for solving TSP problems
could be used within this framework, quite easily. However, to test its general
applicability we will first use the framework to define a very generally applicable
memetic algorithm: M-PAES, that does not incorporate any special operators.

5. M-PAES

The memetic-PAES algorithm (M-PAES) is shown in pseudocode in Figure 4. It
is based on the local search multiobjective algorithm, (141)-PAES [25], and the
framework given above. The archiving of solutions in M-PAES is a little more
complicated than in (1+1)-PAES. Recall that at the heart of PAES is a proce-
dure for maintaining a finite sized archive of internally efficient solutions. The
solutions in the archive are representative of the best nondominated solutions
found by the algorithm as it searches the space. The solutions in the archive
serve a dual purpose in (1+1)-PAES: as a memory of the solutions found during
the run for presentation at the end; and as a comparison set to aid in estimat-
ing the dominance rank of new candidate solutions. In order that these same
jobs are performed in M-PAES, two archives are required. This is because each
local search phase needs to be partially independent of the global search being
performed by the algorithm as a whole. Thus we have a global archive G that
maintains a finite set of internally efficient solutions found, and a local archive
H that is used as the comparison set in each of the local search phases. At the
beginning of a local search phase, H is cleared and filled with solutions from G
which do not dominate the candidate solution c¢. The archive H is then used as
in (141)-PAES to improve ¢, i.e. H is maintained and used as a comparison set,
while G is continually updated but plays no part in the estimation of the quality
of new solutions.

The PAES local search procedure used by M-PAES to improve solutions in
P is almost the same as the basic (1+1)-PAES algorithm. However, it differs in
the way that termination of the procedure is determined. Termination may be
invoked when either of two conditions are fulfilled: (1) If the maximum number
of local search moves [_opt is exceeded. (2) If the maximum number of local
search fails I_fails is exceeded. To achieve (2), the variable #fails, initially zero,
is incremented every time the mutant is dominated by the current solution. It is
reset to zero every time a move occurs i.e. when the mutant is accepted as the
new current solution. Hence, #fails effectively counts the number of potentially
detrimental moves between improving moves. If this number exceeds the thresh-
old [_fails, the local search is stopped. The local search procedure PAES(c, G, H)
is shown in Figure 5.

In the recombination phase, parents are randomly selected from the union
of the post-local search population, and the global archive. The resultant child
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Generate initial population P of n random solutions and evaluate
Place each nondominated member of P in a global archive G
Do
For(each candidate solution ¢ € P) %% local search phase
Set the current local archive H =
Fill H with any solutions from G that do not dominate c¢
Copy the solution ¢ from P into H
Perform local search using procedure PAES(c,G,H)
Replace improved solution ¢ back into population P

End For

Set intermediate population empty: n; =0, P’/ =

Do %% recombination phase
Set # recombination trials r =20
Do

Randomly choose two parents from P UG and recombine to form c
Compare ¢ with the solutions in G
Update G with c as necessary
T+
While (((c is dominated by G)V(c is in more crowded grid
location than both parents))A (r < recomb_trials_maz))
If (¢ is dominated by G)
Discard ¢ and use binary tournament to select a new solution ¢ from G
Endif
Place offspring ¢ into intermediate population P/, n;++
While (n; < n)
Update population: P <« P’
While (stopping criterion is not satisfied)
Return global archive G of unique internally efficient solutions

Fig. 4. The M-PAES Algorithm.

While ((#fails < l_fails) A(#Fmoves < l_opt))
Mutate ¢ to produce m and evaluate m
If (c dominates m) discard m, F#fails++
Else if (m dominates c¢)
Replace ¢ with m, add m to H, #fails =0
Else if (m is dominated by any member of H) discard m
Else apply test(c,m,H) to determine which becomes the new
current solution and whether to add m to the archive
Archive m in G as necessary
F#moves++
End while

Fig. 5. The PAES(c, G, H) procedure.

is accepted only if it is nondominated with respect to the entire global archive,
and it resides in a less crowded region (grid location [26]) than at least one
of its parents. If it dominates any member of G it is naturally accepted too.
However, solutions that are dominated by member(s) of G, or that reside in
crowded regions are rejected. In this case two new parents are selected again
and recombination is applied once more. The procedure is repeated until either
a child is accepted or a threshold number of recombinations recomb_trials_max
is exceeded. In the latter case, a solution is selected by binary tournament, from
the global archive, to join the intermediate population P’. The recombination
strategy is, as a whole, extremely elitist, following the general form of the (1+1)-
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If the archive is not full
Add m to the archive
If (m is in a less crowded region of the archive than c)
Accept ™m as the new current solution
Else maintain ¢ as the current solution
Else
If (m is in a less crowded region of the archive than z for
some member x on the archive)
Add m to the archive, and remove a member of the archive from
the most crowded region
If (m is in a less crowded region of the archive than c)
Accept m as the new current solution
Else maintain c¢ as the current solution
Else
If (m is in a less crowded region of the archive than c)
Accept m as the new current solution
Else maintain ¢ as the current solution

Fig. 6. Pseudocode for test(c, m, archive).

PAES algorithm employed in the local search phase. In the development of M-
PAES, early versions did not have the facility of repeatedly rejecting children
of recombination. However, we found that this weakened the effectiveness of the
elitism inherent in (141)-PAES and so the recombination phase was made more
stringent in later versions.

6. Experimental Method

The M-PAES algorithm is tested on a suite of multiobjective 0/1 knapsack prob-
lems. The problems are taken from a recent paper [44] by Zitzler and Thiele
(ZT), in which the general ability of their strength Pareto evolutionary algo-
rithm (SPEA) was demonstrated. In [44], the performance of SPEA on these
problems was compared with eight other evolutionary algorithms (EAs). Four of
the algorithms, each a well-known multiobjective EA, as well as two versions of
SPEA, were run 30 times with different random seeds on each of the problems,
for 500 generations using the same population sizes!. The nondominated sets
generated from each of the runs were used to make a statistical comparison of
the algorithms tested.

The findings of the ZT study are that SPEA is superior to each of the other
MOEASs on all of the knapsack problems. However, also included in the set of
eight algorithms tested in [44], are two single-objective EAs that use weighted-
sum aggregation of the objectives. The relative performance of SPEA and these
algorithms is not clear-cut. Hence, in the first part of our comparative study we
select as benchmarks, the data sets from the SPEA runs and those of the more
powerful of the two single-objective algorithms, SO-5. The other algorithms are
not considered. As additional comparators, we generated our own data sets for
the (14+1)-PAES algorithm, and an enhanced setup of SPEA, on the knapsack
problems.

1 In the case of SPEA, an internal and an external population exist. The sizes of these were
chosen to provide a fair comparison with the other MOEASs in the study.
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The second part of the study is a comparison with the memetic algorithm,
RD-MOGLS. The same problem instances are used, and once again we also com-
pare performance with (1+1)-PAES acting as a benchmark indicating a basic,
good level of performance. The parameter settings for all of the six algorithms
that we compared are described in Section 6.2.

6.1. Multiobjective 0/1 Knapsack Problems

An excellent general text on knapsack problems is [28]. In it, the standard 0/1

knapsack problem is described, including the history of methods for solving it,

its numerous applications, and its links with fundamental integer programming

problems. The multiobjective version of the problem is not described, but it

has become a favourite problem in multiobjective combinatorial optimization

(see [13]). The following text taken directly from [40] defines the problem:
Given a set of n items and a set of k£ knapsacks, with

pij = profitof item j according to knapsack i,
w;; = weight of item j according to knapsack i,
¢; = capacity of knapsack i,
find a vector x = (z1,%2,...,%,) € {0,1}", such that the capacity constraints
n
ei(x) = Zwi,j x; <o (1<i<k) (6)
i=1
are satisfied and for which f(x) = (f1(x),. .., fr(x)) is maximum, where
n
fix) = pij-x; (7)
i=1

and z; = 1if and only if item j is selected.

Zitzler and Thiele generated nine instances of the problem altogether, of dif-
fering combinations of size (number of items), and number of objectives (knap-
sacks). At the time of writing, the problems are available from an Internet web-
site?. In the following experiments, we employ the same chromosome encoding
and constraint handling techniques as described in [44], and no additional heuris-
tics for use with the knapsack problems are employed. This allows for a direct
comparison between our results and those published by Zitzler and Thiele.

6.2. Parameter Choices

The problem of setting parameters in comparative studies of algorithm perfor-
mance is a serious one. Qur philosophy in this study is that each algorithm be run
with settings, found through some experimentation, to provide near-best perfor-
mance for that algorithm. It is not possible, or even desirable, to use exactly the
same parameter settings for each algorithm, as they differ considerably.

The study comprises two different sets of data, one where M-PAES is com-
pared with the results from the ZT study, and the other, where we implemented

2 http:/www.tik.ee.ethz.ch/~zitzler
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an algorithm, RD-MOGLS, ran it, and collected the results ourselves. In the
former, parameter control is obviously not possible, although we did supplement
the results from the ZT study with two further algorithms: an SPEA implemen-
tation of our own; and (1+1)-PAES. The parameters of these algorithms, like
those of RD-MOGLS, were set empirically to give good performance.

To reduce some of the burden of testing different parameter settings, we
do keep core parameters/conditions constant across those algorithms that we
have control over. Further details of the parameter choices made for each of the
algorithms tested are given below. The data from the setup of SPEA used in [44]
is referred to as SPEA(ZT). Our own setup of SPEA is labelled SPEA(KC).

SO-5

The SO-5 data comes from one of two single-objective EAs used in [44]. Unlike
the other algorithms considered, these single-objective EAs were run 100 times
per test problem, each run optimizing toward a different randomly chosen linear
combination of the objectives. The resultant internally efficient solutions among
all those generated in the runs form the tradeoff front achieved by the algorithm.
The two algorithms both employed equal population sizes to their multiobjective
rivals, and differed only in that one (SO-1) was run for 100 generations, and the
other (SO-5) was run for 500 generations in every single of the 100 runs used
to form the nondominated front. Thus, in the case of SO-5, one hundred times
as many function evaluations as in the other MOEAs in the ZT study were
performed in order to generate the (single) set of internally efficient solutions.
Zitzler and Thiele did not perform the whole process thirty times to give thirty
different data sets, but instead just used the same set repeatedly in the statistical
analysis carried out. We follow this approach, using ZT’s data sets. Hence, where
statistical information is given in relation to the SO-5 algorithm, it should be
noted that, in fact only one data set for this algorithm is being used, in contrast
to all the other algorithms in this study for which 30 runs were performed.

As with the other algorithms in the ZT study, one-point crossover was used.
The mutation probability and crossover rate were fixed at 0.01 and 0.8 respec-
tively, as for SPEA(ZT).

SPEA(ZT)

The setup of SPEA is described fully in [44]. The study was designed to show
that SPEA could clearly outperform the other MOEAs tested, even with very
conservative choices of parameters. Thus the authors kept the external popula-
tion quite small - 1/5 of the population size of the other MOEAs in the study.
It is important to note that the data sets for SPEA(ZT) record the off-line
performance of the algorithm. That is, all of the internally efficient solutions
returned in a run were recorded. With the exception of SO-5 the other algorithms
in this study are judged using the on-line performance. That is, only solutions
stored in the external population (or archive) at the end of the run are recorded.

SPEA(KC)

In [44], the authors chose to run the algorithms for a fixed number of gener-
ations and increase population size with the size and number of objectives of
the knapsack problem being tackled. To make direct comparison possible, we
choose to use the same number of function evaluations as ZT, but do not deem
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it necessary to employ equal population sizes. In fact, the total number of eval-
uations maz_evals used by each of the algorithms in this study is the same for a
given knapsack problem. Table 2 lists the value of maz_evals for each knapsack
problem.

SPEA requires two population sizes, N and N’ to be set. ZT selected to use
N =4/5 and N' = 1/4 of the size of population used by the other GAs in their
study. Experiments performed by us show that the performance of SPEA on these
knapsack problems is improved significantly when population sizes of N = 1/5
and N' = 4/5 are used, for the same total number of function evaluations.

Our experiments also indicate that changing the crossover type from one-
point to uniform improves the performance of SPEA on the knapsack problems.
Thus, SPEA(KC) employs uniform crossover. A fixed per-bit mutation rate p,, =
0.01 is used, as in [44]. No experiments in which p,, was varied were undertaken
by us. Since no other parameters need to be set for SPEA, we believe that
SPEA(KC) is close to the best setup of SPEA possible for the problems tackled.

(1+1)-PAES

With (1+1)-PAES, very few parameters must be set. The archive size was set
equal to the external population size N’ of SPEA, so that the same number of
solutions is returned by each algorithm. Similarly, the number of evaluations is
set in accordance with the total number performed by SPEA.

The mutation rate p,, was set to 4/L (where L is the number of bits in the
chromosome) for all problems. This setting follows our principle of using the best
setting for the particular algorithm.

The number of bisections of the objective space I used in the adaptive grid
algorithm for maintaining diversity [26] was set according to the number of ob-
jectives of the problem. The values I = 5,1 =4, = 3 were used for the 2, 3, and
4 objective multiple knapsack problems, respectively.

M-PAES

The total number of evaluations, number of bisections of objective space, I, and
per-bit mutation rate used in M-PAES are as for (14+1)-PAES. The population
size N, was set equal to the internal population of SPEA(KC). The two archives
were sized equally, to match the external population of our setup of SPEA.
Thus, the same number of solutions are returned by SPEA(KC), M-PAES and
(141)-PAES. The recombination operator was uniform crossover, in line with
SPEA(KC), and the mutation rate was set to 4/L, as with PAES.

In M-PAES, three more parameters must be set. These are the number of
crossover trials, the maximum number of local moves [_opt, and the maximum
number of consecutive failing local moves [_fails. Choices that give good general
performance were found to be l_opt = 50, l_fails = 20, and cr_trials = 25.
However, it was found that increasing the number of crossover trials for the
3 and 4-objective problems increased performance further. A list of the best
parameter selections found is given in Table 2. The results presented in Figure 8
and Table 4 are for these settings.

RD-MOGLS

The parameters chosen for RD-MOGLS are given in Table 3. The initial and
temporary population sizes were derived empirically from a few test runs of RD-
MOGLS. The size of PE was set equal to the equivalent nondominated archive,
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Knapsack Parameter
problem I_fails | l_opt | cr_trials | maz_evals
2-250 20 100 25 75000
2-500 20 100 25 100000
2-750 20 100 25 125000
3-250 20 50 100 100000
3-500 5 20 125 125000
3-750 20 50 150 150000
4-250 20 50 125 125000
4-500 20 50 150 150000
4-750 5 20 150 175000

Table 2. Parameter settings used in the M-PAES algorithm for the various multiple objective
knapsack problems. The same total number of function evaluations maz _evals, shown for each
problem, was used in M-PAES, SPEA(KC) and (1+1)-PAES.

initial population size S: 100

temporary population size N: 20
efficient solution set size |[PE|: 100
local search fails [_fails: 5

weight vector parameter n: 100

Table 3. Parameter settings for RD-MOGLS.

used in M-PAES and (1+1)-PAES. There must also be a stopping criterion for
each of the local search phases. This detail is omitted in [22], so we choose to
end each local search phase when [_fails consecutive moves do not improve the
solution. This is similar to the method used in M-PAES. Once again, [_fails
was set empirically. As with M-PAES, the mutation rate p,, = 4/L, and the
recombination operator was uniform crossover.

To obtain solutions distributed across the whole Pareto front, RD-MOGLS
selects a weight vector at random at each step. We follow the same procedure
used by Jaszkiewicz for doing this, which was put forward in [2], and gives a
maximally dispersed set of weight vectors. A random weight vector is generated
in which each individual weight takes on one of the following values {7, m =

0,...,n}, where the fixed parameter n is any positive integer, and the value of
m is uniformly randomly distributed in 0, ...,n. The number of unique weight
vectors this results in is equal to:
k+n—-1\ _ (n+k-1) ®
n T onl(k—1)!

Following Jaszkiewicz, we use a value of n = 100, in all experiments, giving
respectively 101, 5151, and 176,851 weight vectors for the 2, 3, and 4 objective
problems.

7. Results

7.1. Performance Metrics

As in previous research, we measure the performance of the algorithms tested
using a statistical comparative assessment technique adapted from [10]. We refer

the reader to [24, 25] for a complete description of our implementation of the
technique and a discussion of its advantages and disadvantages.
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objective 2

objective 1

Fig. 7. A collection of two sets of nondominated vectors. Each set of vectors defines an
attainment surface, dividing the objective space. The attainment surfaces can be sampled
using a number of angled sampling lines, as shown.

Here, the reader need only understand the following points. 1. Any set of
objective vectors can be viewed as defining a surface (an attainment surface) in
objective space, dividing the space into a dominated region and a nondominated
region (Figure 7). 2. A collection of runs of an algorithm will thus generate a
collection of such surfaces. 3. The collection of attainment surfaces can be sam-
pled at various points using lines, angled in the direction of increasing value in
each objective, that intersect the surfaces (Figure 7). 4. The intersection points
along each of sampling lines gives a univariate distribution which can be anal-
ysed using standard non-parametric statistical tests. 5. When the collections of
attainment surfaces come from different algorithms, statistical inferences as to
which algorithm’s distribution of surfaces is ‘better’, along each sample line, can
be made. Using these points, we are able to input collections of individual runs
from each of a pair of algorithms, and from these, present results in two ways:
First, as a pair of numbers [a,b] indicating, respectively, the percentage of the
space where algorithm A outperforms algorithm B, and the percentage of the
space where algorithm B outperforms algorithm A. The percentages returned are
the result of a set of Mann-Whitney U tests [29] performed on each sample line
on the collections of data, at a given confidence level (we choose 95%). Second,
for two-objective problems, we can plot surfaces representing the median, best,
or worst surface that the algorithm returns. Here, we plot only the median sur-
face of the three algorithms tested, on the two-objective problems. In all cases
approximately 500 lines were used to sample the attainment surfaces.

7.2. Analysis - Part 1

The results of the first part of the study, where M-PAES is compared with the
algorithms in the ZT study are shown in Figure 8 and Table 4. In Figure 8 the me-
dian surfaces generated by each algorithm are plotted for the two-objective prob-
lems. A number of observations can be made from these plots. First, our setup of
(141)-PAES gives very similar levels of performance to the setup of SPEA used
by Zitzler and Thiele on the three problems. This observation is in keeping with
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Fig. 8. Median surfaces calculated from 30 runs of each algorithm, on the two-objective
knapsack problems.

Algorithm
Instance || 1+1-PAES | SPEA(ZT) | SPEA(KC) S0-5

2:250 | [87.2,0] | [61.6, 24.5] | [28.1, 21.8] | [64.3, 27.5]
2-500 100, 0 100, 0 [80.9, 7.2] | [92.8, 3.6]
2750 100, 0 100, 0 [95.5, 0] [100, 0]

3-250 100, 0 [69.1, 18.7] 53.6, 26.6 44.4, 51.8
3-500 100, 0 [93.7, 0] 67.9, 20.8 74.5, 21.7
3-750 100, 0 [100, 0] [84.2,3.9] | [94.2, 3.6]
4-250 100, 0 [46.1, 31.6] 32.9, 43.4 10.0, 85.9
4-500 100, 0 [92.5, 3.7] 63.3, 21.7 35.5, 56.6
4-750 100, 0 [100, 0] [82.9, 7.4] 71.7, 25.4

Table 4. The results of testing M-PAES against the algorithms shown, using our statistical
techniques [26]. The knapsack problems have 2, 3 or 4 objectives and 250, 500 or 750 items, as
indicated.

previous research where (14+1)-PAES was compared with SPEA [23]. Second, in
all cases SPEA(KC) outperforms SPEA(ZT). Third, M-PAES is very competi-
tive with SPEA(KC) and clearly outperforms both (1+1)-PAES and SPEA(ZT).
In the largest of the three problems, M-PAES generates a median surface that
is clearly superior to the median surface of any of the other algorithms. On the
smaller problems, M-PAES fails to generate solutions as far towards the extremes
of the objective space as either SO-5 or SPEA(KC), but has generated a median
surface that dominates these algorithms in the region where the two objectives
trade off most rapidly with each other.

The statistical results for all the problems are summarised in Table 4. Com-
parisons between M-PAES and each of the algorithms are presented only. Thus,
the statistic [100, 0] in the upper left entry in the table means that M-PAES
gives a better distribution of surfaces over 100% of the combined nondominated
front than (141)-PAES on the 250 item, 2 knapsack problem. Again, several
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Fig. 9. Median surfaces calculated from 30 runs of the three algorithms, M-PAES, RD-
MOGLS, and (1+1)-PAES, on the 2-objective knapsack problems.

observations from these results can be made. First, the first three rows of the
table verify that M-PAES performs well on the two-objective problems, as sug-
gested by the plots in Figure 8. Its relative performance increases as the num-
ber of items increases. This is true, not only on the 2-objective problem but
on all the problems presented. However, as the number of objectives increases,
the performance of SPEA(KC) and SO-5 increase relative to M-PAES, so that
M-PAES is outperformed by SO-5 on the two smaller four-objective knapsack
problems. SPEA(KC) only outperforms M-PAES on one problem, the smallest
of the 4-objective knapsack problems, and only by a small margin, according to
our statistical analysis.

7.3. Analysis - Part 2

Results collected from the second part of the study are shown in Figure 9 and
Table 5. In all three of the plots in Figure 9, the median surface generated by
RD-MOGLS extends beyond the surface generated by M-PAES in at least one of
the objectives. However, the M-PAES algorithm generates a median surface that
dominates the surface of RD-MOGLS over a larger portion of the tradeoff front.
With increasing problem size (items), the M-PAES algorithm’s performance im-
proves relative to RD-MOGLS. Both M-PAES and the baseline algorithm (1+41)-
PAES give smoother, more convex median surfaces than RD-MOGLS.

The statistical results for all the problems are summarised in Table 4. Com-
parison is made between M-PAES and RD-MOGLS only. Thus, the statistic
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Knapsacks Items
250 500 750
2 65.4, 28.2] | [49.4, 0] | [61.5, 0]
3 72.7, 25.1 89.8, 0 100, 0
4 (100, 0] (100, 0] 100, O

Table 5. The results of testing M-PAES against RD-MOGLS using our statistical tech-
niques [26] and 30 independent runs of each algorithm. The knapsack problems have 2, 3
or 4 objectives and 250, 500 or 750 items, as indicated.

[65.4, 28.2] in the upper left entry in the table means that M-PAES gives a bet-
ter distribution of surfaces than RD-MOGLS over 65.4% of the tradeoff front,
and vice-versa, RD-MOGLS gives a better distribution than M-PAES on 28.2%,
on the 250 item, 2 knapsack problem. Again, several observations from these re-
sults can be made: The first row of the table verifies that M-PAES performs well
on the two-objective problems, as suggested by the plots in Figure 8. Its relative
performance increases as the number of items increases. This is true, not only
on the 2-objective problem but also the 3-objective problems. Clearly, as the
number of objectives increases, the relative performance of M-PAES increases
compared to RD-MOGLS, with the results showing that the distribution of so-
lutions found from the runs of M-PAES show statistically significant superiority
to those of RD-MOGLS on 100% of the sampling lines used to probe the Pareto
fronts.

8. Conclusion

Multiobjective combinatorial optimization (MOCQ) problems often demand the
application of approximate methods for their solution. So, memetic algorithms,
which have proved to be very effective on a number of single-objective com-
binatorial problems, may offer an ideal approach to MOCO. However, dealing
with multiple objectives is not straight forward: One must decide how to guide
selection, given a vector of objective values. In this paper, the key methods of
selection used in Pareto optimization were reviewed. Pareto selection seems to
offer certain advantages not offered by either criterion selection or aggregation
methods: it is able to efficiently use the solutions found in the multiobjective
search, in order to find new ones, and when combined with provisions for main-
taining diversity, it ensures that an even spread of solutions are found across the
whole Pareto front.

Although Pareto selection has been applied successfully in many evolution-
ary algorithms, the memetic algorithms so far proposed have used aggregation
selection. In this paper, we put forward a new memetic algorithm framework
based on Pareto selection. The key elements of the framework were identified,
and its flexibility was also indicated. The strength of the new approach may not
become apparent until it is used with local-improvement heuristics that would
give it a strong advantage over traditional genetic algorithms. However, a generic
memetic algorithm, M-PAES, based on the framework was constructed and its
performance was compared with other state-of-the-art approaches.

The efficacy of M-PAES was verified on a set of nine multiobjective 0/1 knap-
sack problems. Two separate studies were conducted. In the first, the results from
runs of M-PAES were compared with the results gathered in a published study
by Zitzler and Thiele. The results sets from the study were supplemented by also
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running our own implementation of the strength Pareto evolutionary algorithm
(SPEA), as well as (1+1)-PAES. The results indicate that M-PAES performs
better than the local-search algorithm, (1+1)-PAES (on which it is based), on
all of the problem instances. Compared with SPEA, the performance of M-PAES
is similar, for a setup of each algorithm empirically derived to give near-best per-
formance. Indeed, M-PAES appears to be superior on some problem instances,
although comparison between these very different algorithms is difficult.

In the second study, M-PAES was compared with another multiobjective MA,
the random directions multiple objective genetic local search (RD-MOGLS) al-
gorithm of Jaszkiewicz, using (141)-PAES as a baseline, once more. Both algo-
rithms work well, generating results that are better than (1+1)-PAES, produced.
However, on the experiments carried out, M-PAES, was found to be superior
overall. The RD-MOGLS algorithm seemed capable of generating solutions over
a wider range in each of the objectives on the smaller 2-objective problems, but
as the size of the problem and the number of objectives were increased, M-PAES
exhibited superior performance according to our statistical measures.

On the negative side, the setting of parameters in the M-PAES algorithm is
difficult at present. It appears to be more sensitive to them than SPEA is. Some
investigation into mechanisms for controlling the parameters would be necessary
for M-PAES to become a useful general purpose optimizer.

Nonetheless, the findings indicate that further investigation into the use of
memetic algorithms in multiobjective combinatorial optimization is warranted.
The M-PAES algorithm only represents one instance of the new memetic algo-
rithm framework put forward, and it is anticipated that when good local-search
heuristics are available for a particular problem, algorithms based on the frame-
work will have an advantage over standard evolutionary approaches.
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