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Introducing EMOO to MOPGP

The principal aim of this talk is to stimulate dialogue and potential for collaboration between
researchers working on evolutionary multiobjective optimization (EMOOQ) and the audience,
who are members of the multiobjective programming and goal programming (MOPGP) com-
munity. This venture is pursued predominantly through the explication of the origins and the
current state of EMOQ, rather than by placing it in the context of the many other techniques
available for multiple objective optimization. We begin by first recalling the history of ‘plain’
evolutionary algorithms and what the principal concerns of the field are, before going on to
visit some of the key trends and perennial issues in EMOOQO. Finally, drawing on this back-
ground, we reflect on some of the ways in which EMOO researchers might present their work
better to a more general audience, and on the other hand encourage MOPGP folk to try out
EMOO too. The theme is: ‘cross-fertilization is good!” (to use an evolutionary analogy!)

Evolutionary algorithms have been around since at least the 1960s in the various forms
of evolution strategies (ESs), evolutionary programming (EP), and, much later, genetic algo-
rithms (GAs) and genetic programming (GP) [17]. These methods were developed indepen-
dently several times in Germany and the US and there was initially no communication between
the pioneering researchers reponsible for them. It was not until the 1980s when the first in-
ternational conferences on these methods began that the basic similarities of the methods was
recognized and the general terms, ‘evolutionary algorithm’ or ‘evolutionary computation’, was
introduced. Of course, more recently, the term ‘evolutionary computation’ is often used in an
even more blanket fashion to cover any Nature-inspired method of search or optimization [11]
(e.g. ant colony optimization, memetic algorithms, artificial immune systems), or indeed even
any stochastic ‘metaheuristic’ (e.g. tabu search).

Leaving aside that broadest blanket for the moment, let us dwell on evolutionary algo-
rithms that (still broadly) model populations of entities undergoing reproduction, variation
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and selection (either sexual for mating opportunity or environmental). It is worth noting that
Evolution itself does not strictly optimize — species rather adapt — and hence evolutionary
algorithms, while often today being designed as function optimizers, are more fundamentally
systems of adaptation in a changing and resource-limited environment. Remembering this fact
immediately opens our minds to some of the deepest questions impinging on the evolution-
ary algorithms field: namely how Nature achieves evolvability [1, 15] (i.e. how populations
of entities can continue to adapt over very long periods of time, usually in a dynamically-
changing, noisy and hostile environment) and the related issues of how to design open-ended
systems [4] that continue to grow in complexity and self-regulation, how co-evolving popu-
lations affect each other’s environment and adapt to each other [24], and so on. Recalling
these rather grand themes gives a clue as to some of the things EAs do, quite naturally, which
other function optimizers do not (normally) do, for example: work on dynamically changing
optimization problems [6]; realize solutions/systems that are robust in a well-defined sense
(rather than strictly optimal) [5, 8]; self-adapt their own parameters [19] and co-evolve solu-
tions by allowing fitness to be governed by interactions between entities, rather than defined
by an exogenous environment [47]. This background leads to a huge diversity in EA research
— with themes touching on population-genetics, ecology, developmental biology, artificial life,
machine learning and several other areas.

However, it must also be recognized that much EA research is about developing methods
for ‘plain’ optimization. In this regard, EAs are perhaps most appropriate for problems that
cannot be tackled easily by the more traditional mathematical methods, particularly non-
convex optimization problems involving many variables, possibly with (linear or non-linear)
constraints, and non-differentiable or combinatorial problems. It is widely held today that
EAs usually need to be hybridized with existing heuristics in order to be competitive with the
very best methods on any specific problem, but it is also true that a simple EA will often give
a very reasonable result on a difficult problem, even after minimal development time. Thus, in
essence, KAs are generalists that can be made to work well on an enormous range of problems,
provided a few simple principles are followed in their design [36]. Naturally, it has been, and
remains a major concern of the field to uncover these principles — general principles (not
specific to a problem type) — and to build predictive and prescriptive mathematical theories
from them. This is not an easy task and it must be said that for all the models that the
EA community now has at its disposal, theory still lags some way behind practice in terms of
designing the most effective EAs, but theory, nonetheless, does underpin the use of EAs for
optimization (e.g. see [2, 25, 40, 44, 48]).

The first use of EAs for the simultaneous optimization of multiple objective functions is
usually attributed to David Schaffer and his work in the mid 1980s [43]. His idea was to
use the different members of the population to cover the Pareto optimal set, and his algo-
rithm VEGA went about this by selecting subpopulations separately for each objective. This
implementation — specifically, the method of selection — has a number of weaknesses it
turns out [21], but Schaffer’s idea of evolving an approximation to the Pareto front from a
single run, with the members of the population covering the tradeoffs became a mainstay of
EMOO. Other approaches have been investigated for sure: combining objectives with different
weighting methods (e.g. see [3]), lexicographic ordering and so on, but to a first approxima-
tion EMOO methods are concerned with evolving the whole Pareto front. Given this, and
the EAs-as-generalists view alluded to above, a main concern of EMOO is how EAs should
best be designed to give good general performance in terms of finding a whole Pareto front
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approximation. As well as several major developments in algorithm design (see [10] for an
up-to-date review), this has led to the introduction of test function suites for testing MOEAs
(which are gradually becoming more diverse) [18, 37, 27|, and a growing concern with the-
oretical issues relating to characterising MOEA performance [22, 14, 30, 38, 49]. EMOO
is also concerned with general theoretical performance limitations and guarantees, and here
again, these must somehow be written in terms of the approximation of a Pareto front as a
whole [13, 12, 31, 32, 34, 35, 42, 45].

Of course, it is a legitimate question to ask whether Pareto front approximation is really
a valid approach to all problems, or even some problems, or merely one step in the problem-
solving process, and what alternatives there are. The EMOO field has considered this point
from time to time and methods for preference articulation, constraint-satisfaction, and steering
of the optimization to more focused regions of the Pareto front have been investigated [3,
39, 23, 7], but it is an area where the concerns and expertise of the MOPGP community
might well help EMOO explore other avenues in future. On the other hand, the focus of
EMOO on finding Pareto fronts has led us recently to see a number of new problems (or
multiobjective formulations) in which the Pareto front, or the process of finding it, seems
to offer a genuine advantage over and above merely providing alternatives to be given to a
decision-maker (e.g. [9, 16, 20, 26, 28, 29, 33, 41, 46]). This is an exciting area of development
but one which only future successes or failures can judge the importance of.

In summary, EMOO is fighting-fit: it has a wonderfully rich background in the EA field to
draw on, it has its own niche and philosophy and has begun to develop some sound theoretical
underpinnings. It is also innovating new ways of making use of multiobjective optimization.
On the flip side of the coin, there are several ways in which EMOO could make itself more
mainstream and make more reference to results and methods in MOPGP and MCDA /M. In
particular, when reporting results (particularly on well-known problems) EMOO practitioners
should more often consider appropriate alternatives such as approximation algorithms, fast
exact approaches like dynamic programming and branch-and-bound, and alternative multiob-
jective problem formulations. EMOO as a field must also be careful not to get too caught
up in developing algorithms specifically for achieving the best results according to a number
of favoured performance measures and on a limited number of favourite test functions: this
reduces our appeal to the mainstream and does not often lead to significant insights. Are
there other things we could be doing? — we shall be asking the audience, so watch this space.
With these caveats accepted, we hope, nevertheless, that you agree EMOO can act as a valu-
able source for new ideas in multiple objective problem solving in the future. We also look
forward to seeing more of each other at all of the conferences that deal with multiobjective
optimization.
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