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Abstract

If the optimization problem is dynamic, the
goal is no longer to find the extrema, but
to track their progression through the space
as closely as possible. This paper surveys a
number of techniques that have been pub-
lished in the literature in order to make evolu-
tionary algorithms suitable for changing op-
timization problems.

1 Introduction

Most, research in evolutionary computation focuses on
optimization of static, non-changing problems. Many
real world optimization problems however are actually
dynamic, and optimization methods capable of con-
tinuously adapting the solution to a changing environ-
ment are needed.

The main problem with standard evolutionary algo-
rithms used for dynamic optimization problems ap-
pears to be that EAs eventually converge to an op-
timum and thereby loose their diversity necessary for
efficiently exploring the search space and consequently
also their ability to adapt to a change in the environ-
ment when such a change occurs.

Over the past few years, a number of authors have
addressed this problem in many different ways, most
of those could be grouped into one of the following
categories:

1. the EA is run in standard fashion, but as soon as
a change in the environment has been detected,
explicit actions are taken to increase diversity and
thus to facilitate the shift to the new optimum.

2. convergence is avoided all the time and it is hoped
that a spread-out population can adapt to changes
more easily.

3. the EA is supplied with a memory to be able to
recall useful information from past generations,
which seems especially useful when the optimum
repeatedly returns to previous locations.

4. multiple subpopulations are used, some to track
known local optima, some to search for new op-
tima.

The following sections will present typical examples
for each of the above mentioned categories. Due to the
tight space restrictions however, this survey is neces-
sarily incomplete and restricted to few important as-
pects.

2 Increasind Diversity After a Change

A simple restart of the EA after a change in the en-
vironment has been detected would of course be the
simplest option to deal with changes. However, if one
assumes that the changes of the problem are relatively
small, it is likely that the new optimum will be in some
sense related to the old one. In that case one should be
able to do better than simple restart by transferring
knowledge from the old population to the new initial
population, e.g. by transferring individuals.

Hypermutation [8], for example, keeps the whole pop-
ulation after a change, but increases population di-
versity by drastically increasing the mutation rate for
some number of generations.

A wvariant thereof, called Variable Local Search
(VLS)[30], increases mutation gradually after a change
in the environment has been detected. In [31] a learn-
ing strategy to adapt the range of mutation is sug-
gested.

If the dynamics of the optimization problem affect the
genetic representation, it is not possible to simply keep
old individuals, the individuals have to be adapted.



For example in job shop scheduling, when new ad-
ditional jobs arrive, they have to be represented in
the genotype. However the adaptation of the individ-
uals is usually rather straightforward and introduces
additional variance that automatically stimulates ex-
ploration. Overall, significant improvements in con-
vergence speed and solution quality have been found
when the altered (old) individuals are reused (see e.g.
[3, 4, 17, 25]).

3 Maintaining Diversity Throughout
the Run

Grefenstette [14] introduced the method of random im-
migrants where in every generation, the population is
partly replaced by randomly generated individuals. As
opposed to strong mutations, random immigrants only
affects part of the population. Thus it introduces di-
versity without disrupting the ongoing search process.

Andersen [1] examines the effect of genotypic and phe-
notypic sharing on the GA’s ability to track moving
optima. The idea is that, since these methods try to
spread out the population over multiple peaks, they
should maintain diversity in the population. And
indeed Andersen concludes that sharing remarkably
enhances the GA’s ability to track optima in slowly
changing environments.

Cedeno and Vemuri [7] use a crowding-like replacement
scheme, called “Worst among Most Similar”, together
with a selection scheme that chooses the second par-
ent, with respect to similarity to the first parent. The
authors show that this approach is capable of main-
taining a number of different solutions and to adapt
to new peaks appearing in the landscape.

In [12], it is suggested to modify the fitness function
by taking the individual’s age into account, i.e. f0q =
9(fora; age). Interestingly, g is chosen in a way that
middle-aged individuals are favoured. As the authors
show, this approach also helps maintaining diversity.

The basic idea behind the Thermodynamical Genetic
Algorithm (TDGA) [21], is to control the diversity in
the population explicitly by controlling a measure of so
called “free energy” F. For a minimization problem,
this term is calculated as:

F=(E)—-TH

where (E) stands for the average population fitness
and TH is a measure for the diversity in the popu-
lation. The temperature T is a parameter of the al-
gorithm and reflects the emphasis on diversity (the

problem of adjusting the parameter T', especially in
dynamic environments, has been addressed in [22]). In
every generation, the best individual is preserved as an
elite, then the n individuals are paired to produce n
offsprings. Next, mutation is applied to all parents and
offspring. From the resulting pool of 2n + 1 individ-
uals, individuals are selected one by one for the next
generation. For this selection, in each step the energy
F' of the slowly forming new population is calculated
assuming that individual ¢ (i = 1,...,2n + 1) would
be added to the new population. The individual that
minimizes F' is then actually added and the process
is started anew until the new population consists of n
members.

4 Memory-based approaches

Supplying the EA with some sort of memory might al-
low it to store good (partial) solutions and reuse them
later as necessary. Obviously, strategies with a mem-
ory may be especially beneficial in periodically chang-
ing environments, when there are repeated occurrences
of a small set of situations. Additionally, redundant
representations may slow down convergence and favor
diversity.

Memory may be provided in two general ways: im-
plicitly by using redundant representations, or ezplic-
itly by introducing an extra memory and formulating
strategies to store in and retrieve solutions from it.

The most prominent approach to redundant represen-
tations seems to be multiploidy, with different im-
plementations of the dominance mechanism (see e.g.
[13, 15, 23, 27]).

Ryan [26] uses additive multiploidy, where the genes
determining one trait are added in order to determine
the phenotypic trait. The phenotypic trait becomes 1
when a certain threshold b; is exceeded, 0 if the value
is below a smaller threshold by, and is determined at
random if the value is between b; and bs.

An interesting comparative study on multiploidy has
been performed by Lewis et al. [16]. They observed
that a simple dominance scheme is not sufficient to
track the optimum reasonably well. If the diploid
approaches are extended with a dominance change
mechanism (reversing the dominance relation after a
change), much better results can be obtained. Still
however, a simple haploid GA with a hypermutation
rate similar to the number of bits flipped by a dom-
inance change performed comparably. FExperiments
with an environment of two alternating states as well
as a larger number of states revealed that the diploid



approach is able to learn two solutions and switch be-
tween them almost instantaneously. If more than two
targets were used however, the approach failed com-
pletely.

A quite different redundant representation scheme us-
ing a multi-level structured gene-representation has
been suggested by Dasgupta and McGregor [10]. In
this representation, each level can activate or deacti-
vate genes at the next lower level, allowing complex
hierarchically structured genes and more redundant
information than in the diploid scheme. However, in
the experiments on the time-varying knapsack problem
[10] and a moving parabola [9], relatively simple rep-
resentations were chosen. Nevertheless, improvements
over simple GAs were found.

While redundant representations allow the EA to im-
plicitly store some useful information during the run,
it is not clear that the algorithm actually uses this
memory in an efficient way. As an alternative, the
following approaches use an explicit memory in which
specific information is stored and reintroduced into the
population at later generations.

Louis and Xu [19], for example, look at re-scheduling
an open shop problem after a machine has broken
down and has been replaced by a faster machine. The
memory is used to transfer individuals from one EA
run to seed the initial population after a single change.
A fixed number of generations between changes is as-
sumed, and the population’s best individual is stored
at regular intervals. For example, when the maximum
number of generations is 300, every 50 generations
the best individual is stored, resulting in a total of
6 stored individuals. After a change, the GA is seeded
partially (5-10%) with individuals from the old run,
while all other individuals are initialized randomly.
The authors report significant improvements over a to-
tally random initialization, particularly in early gener-
ations. However, when carrying over more individuals
from the old run (50-100%), or for problems where the
environment changes more significantly (deletion of a
job), the method reportedly failed. Further experi-
ments on the effect of the number and quality of the
inserted solutions are reported in [18].

Ramsey and Grefenstette [24] incorporate case-based
reasoning into an EA. They use a knowledge base to
memorize successful individuals in a permanent mem-
ory. The system assumes that the environmental con-
ditions can be measured. In regular intervals, the best
individual is stored in the knowledge base and indexed
with data characterizing the environment at that time.
Whenever a new environment is encountered (the envi-
ronmental variables changed), the EA is restarted. For

restart, half of the population is initialized with indi-
viduals from the knowledge base that have been suc-
cessful in a similar environment. Experiments proved
that the knowledge base allows the EA to build upon
the knowledge gained in the past. Unfortunately this
approach is only applicable when the similarity of en-
vironments can be measured.

Yet another storage strategy has been added to the
Thermodynamical Genetic Algorithm (TDGA, c.f.
[20, 21]). There, every generation‘s best individ-
ual is stored in the memory, and another individ-
ual is deleted from the memory depending on its age
and contribution to the memory population’s diver-
sity (measured as variance over bit positions). The
individuals from the memory then serve as additional
potential candidates in the process of selecting a par-
ent generation (in addition to the usual population).
However, so far it has been defined for binary repre-
sentation only and has never been evaluated per se.

In a similar setting, Branke [5] compares a number
of replacement strategies for inserting new individuals
into the memory. A simple replacement of the most
similar individual performed almost equivalent to a
strategy that replaces the worse of the two individuals
in the memory closest to each other. Both strategies
performed significantly better than a variance maxi-
mation scheme. Also in that paper, the importance
of diversity for memory-based approaches is stressed.
To allow a simple balance between exploitation and
exploration, the paper suggests to divide the popu-
lation into two, a “memory-based” population and a
“search” population. The first uses the memory and
is responsible for remembering good old solutions and
maintaining a minimum quality. The other population
constantly searches for new peaks and is submitting
these to the memory, but will not retrieve any informa-
tion from it. In order to force exploration, this second
population is re-initialized after every change. The re-
ported experiments also indicate that the advantage
of a memory vanishes when the optimum does not re-
peatedly return to the exact previous location but to
a slightly different one.

5 Multi-Population Approaches

A general problem with memory is that the stored in-
formation, like the location of peaks found, becomes
obsolete as the environment changes. One possibility
to reduce this problem is to maintain small subpopu-
lations in several promising areas of the serach space
which can track the peaks as they move and change,
thus acting as a self-adaptive memory.



In the Self-Organizing-Scouts approach [6, ?], when-
ever a new promising peak has been detected, a small
scout subpopulation is assigned exclusively to the area
around that peak, i.e. the search space is explicitly di-
vided into sub-regions similar to the way used in the
Forking GA [28] for static problems. The scout in-
dividuals are continuously redistributed to the most
promising areas. A larger base population is kept off
the already discovered scout population areas, its task
being to constantly search for new peaks.

A similar idea is pursued in the Multinational GAs
as presented in [29], except that subpopulations are
formed based on a so called “hill valley detection pro-
cedure” in which the fitness landscape is specifically
probed at several locations between the best indi-
viduals of two subpopulations in order to determine
whether they may be separated by a valley and thus
should form different subpopulations.

The approach by Ronnewinkel and Martinez, pre-
sented in the subsequent chapter of the workshop pro-
ceedings, also falls into the category “Multi-Population
Approaches”.

6 Conclusion

This paper surveyed and categorized a number of dif-
ferent approaches to adapt standard evolutionary al-
gorithms to handle dynamic optimization problems.

Since only very few comparisons between different ap-
proaches have been published so far, it is difficult
to draw conclusions about the superiority of one ap-
proach over the other.
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