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tIf the optimization problem is dynami
, thegoal is no longer to �nd the extrema, butto tra
k their progression through the spa
eas 
losely as possible. This paper surveys anumber of te
hniques that have been pub-lished in the literature in order to make evolu-tionary algorithms suitable for 
hanging op-timization problems.1 Introdu
tionMost resear
h in evolutionary 
omputation fo
uses onoptimization of stati
, non-
hanging problems. Manyreal world optimization problems however are a
tuallydynami
, and optimization methods 
apable of 
on-tinuously adapting the solution to a 
hanging environ-ment are needed.The main problem with standard evolutionary algo-rithms used for dynami
 optimization problems ap-pears to be that EAs eventually 
onverge to an op-timum and thereby loose their diversity ne
essary foreÆ
iently exploring the sear
h spa
e and 
onsequentlyalso their ability to adapt to a 
hange in the environ-ment when su
h a 
hange o

urs.Over the past few years, a number of authors haveaddressed this problem in many di�erent ways, mostof those 
ould be grouped into one of the following
ategories:1. the EA is run in standard fashion, but as soon asa 
hange in the environment has been dete
ted,expli
it a
tions are taken to in
rease diversity andthus to fa
ilitate the shift to the new optimum.2. 
onvergen
e is avoided all the time and it is hopedthat a spread-out population 
an adapt to 
hangesmore easily.

3. the EA is supplied with a memory to be able tore
all useful information from past generations,whi
h seems espe
ially useful when the optimumrepeatedly returns to previous lo
ations.4. multiple subpopulations are used, some to tra
kknown lo
al optima, some to sear
h for new op-tima.The following se
tions will present typi
al examplesfor ea
h of the above mentioned 
ategories. Due to thetight spa
e restri
tions however, this survey is ne
es-sarily in
omplete and restri
ted to few important as-pe
ts.2 In
reasind Diversity After a ChangeA simple restart of the EA after a 
hange in the en-vironment has been dete
ted would of 
ourse be thesimplest option to deal with 
hanges. However, if oneassumes that the 
hanges of the problem are relativelysmall, it is likely that the new optimum will be in somesense related to the old one. In that 
ase one should beable to do better than simple restart by transferringknowledge from the old population to the new initialpopulation, e.g. by transferring individuals.Hypermutation [8℄, for example, keeps the whole pop-ulation after a 
hange, but in
reases population di-versity by drasti
ally in
reasing the mutation rate forsome number of generations.A variant thereof, 
alled Variable Lo
al Sear
h(VLS)[30℄, in
reases mutation gradually after a 
hangein the environment has been dete
ted. In [31℄ a learn-ing strategy to adapt the range of mutation is sug-gested.If the dynami
s of the optimization problem a�e
t thegeneti
 representation, it is not possible to simply keepold individuals, the individuals have to be adapted.



For example in job shop s
heduling, when new ad-ditional jobs arrive, they have to be represented inthe genotype. However the adaptation of the individ-uals is usually rather straightforward and introdu
esadditional varian
e that automati
ally stimulates ex-ploration. Overall, signi�
ant improvements in 
on-vergen
e speed and solution quality have been foundwhen the altered (old) individuals are reused (see e.g.[3, 4, 17, 25℄).3 Maintaining Diversity Throughoutthe RunGrefenstette [14℄ introdu
ed the method of random im-migrants where in every generation, the population ispartly repla
ed by randomly generated individuals. Asopposed to strong mutations, random immigrants onlya�e
ts part of the population. Thus it introdu
es di-versity without disrupting the ongoing sear
h pro
ess.Andersen [1℄ examines the e�e
t of genotypi
 and phe-notypi
 sharing on the GA's ability to tra
k movingoptima. The idea is that, sin
e these methods try tospread out the population over multiple peaks, theyshould maintain diversity in the population. Andindeed Andersen 
on
ludes that sharing remarkablyenhan
es the GA's ability to tra
k optima in slowly
hanging environments.Cedeno and Vemuri [7℄ use a 
rowding-like repla
ements
heme, 
alled \Worst among Most Similar", togetherwith a sele
tion s
heme that 
hooses the se
ond par-ent with respe
t to similarity to the �rst parent. Theauthors show that this approa
h is 
apable of main-taining a number of di�erent solutions and to adaptto new peaks appearing in the lands
ape.In [12℄, it is suggested to modify the �tness fun
tionby taking the individual's age into a

ount, i.e. fmod =g(fold; age). Interestingly, g is 
hosen in a way thatmiddle-aged individuals are favoured. As the authorsshow, this approa
h also helps maintaining diversity.The basi
 idea behind the Thermodynami
al Geneti
Algorithm (TDGA) [21℄, is to 
ontrol the diversity inthe population expli
itly by 
ontrolling a measure of so
alled \free energy" F . For a minimization problem,this term is 
al
ulated as:F = hEi � THwhere hEi stands for the average population �tnessand TH is a measure for the diversity in the popu-lation. The temperature T is a parameter of the al-gorithm and re
e
ts the emphasis on diversity (the

problem of adjusting the parameter T , espe
ially indynami
 environments, has been addressed in [22℄). Inevery generation, the best individual is preserved as anelite, then the n individuals are paired to produ
e no�springs. Next, mutation is applied to all parents ando�spring. From the resulting pool of 2n + 1 individ-uals, individuals are sele
ted one by one for the nextgeneration. For this sele
tion, in ea
h step the energyF of the slowly forming new population is 
al
ulatedassuming that individual i (i = 1; :::; 2n + 1) wouldbe added to the new population. The individual thatminimizes F is then a
tually added and the pro
essis started anew until the new population 
onsists of nmembers.4 Memory-based approa
hesSupplying the EA with some sort of memory might al-low it to store good (partial) solutions and reuse themlater as ne
essary. Obviously, strategies with a mem-ory may be espe
ially bene�
ial in periodi
ally 
hang-ing environments, when there are repeated o

urren
esof a small set of situations. Additionally, redundantrepresentations may slow down 
onvergen
e and favordiversity.Memory may be provided in two general ways: im-pli
itly by using redundant representations, or expli
-itly by introdu
ing an extra memory and formulatingstrategies to store in and retrieve solutions from it.The most prominent approa
h to redundant represen-tations seems to be multiploidy, with di�erent im-plementations of the dominan
e me
hanism (see e.g.[13, 15, 23, 27℄).Ryan [26℄ uses additive multiploidy, where the genesdetermining one trait are added in order to determinethe phenotypi
 trait. The phenotypi
 trait be
omes 1when a 
ertain threshold b1 is ex
eeded, 0 if the valueis below a smaller threshold b2, and is determined atrandom if the value is between b1 and b2.An interesting 
omparative study on multiploidy hasbeen performed by Lewis et al. [16℄. They observedthat a simple dominan
e s
heme is not suÆ
ient totra
k the optimum reasonably well. If the diploidapproa
hes are extended with a dominan
e 
hangeme
hanism (reversing the dominan
e relation after a
hange), mu
h better results 
an be obtained. Stillhowever, a simple haploid GA with a hypermutationrate similar to the number of bits 
ipped by a dom-inan
e 
hange performed 
omparably. Experimentswith an environment of two alternating states as wellas a larger number of states revealed that the diploid



approa
h is able to learn two solutions and swit
h be-tween them almost instantaneously. If more than twotargets were used however, the approa
h failed 
om-pletely.A quite di�erent redundant representation s
heme us-ing a multi-level stru
tured gene-representation hasbeen suggested by Dasgupta and M
Gregor [10℄. Inthis representation, ea
h level 
an a
tivate or dea
ti-vate genes at the next lower level, allowing 
omplexhierar
hi
ally stru
tured genes and more redundantinformation than in the diploid s
heme. However, inthe experiments on the time-varying knapsa
k problem[10℄ and a moving parabola [9℄, relatively simple rep-resentations were 
hosen. Nevertheless, improvementsover simple GAs were found.While redundant representations allow the EA to im-pli
itly store some useful information during the run,it is not 
lear that the algorithm a
tually uses thismemory in an eÆ
ient way. As an alternative, thefollowing approa
hes use an expli
it memory in whi
hspe
i�
 information is stored and reintrodu
ed into thepopulation at later generations.Louis and Xu [19℄, for example, look at re-s
hedulingan open shop problem after a ma
hine has brokendown and has been repla
ed by a faster ma
hine. Thememory is used to transfer individuals from one EArun to seed the initial population after a single 
hange.A �xed number of generations between 
hanges is as-sumed, and the population's best individual is storedat regular intervals. For example, when the maximumnumber of generations is 300, every 50 generationsthe best individual is stored, resulting in a total of6 stored individuals. After a 
hange, the GA is seededpartially (5-10%) with individuals from the old run,while all other individuals are initialized randomly.The authors report signi�
ant improvements over a to-tally random initialization, parti
ularly in early gener-ations. However, when 
arrying over more individualsfrom the old run (50-100%), or for problems where theenvironment 
hanges more signi�
antly (deletion of ajob), the method reportedly failed. Further experi-ments on the e�e
t of the number and quality of theinserted solutions are reported in [18℄.Ramsey and Grefenstette [24℄ in
orporate 
ase-basedreasoning into an EA. They use a knowledge base tomemorize su

essful individuals in a permanent mem-ory. The system assumes that the environmental 
on-ditions 
an be measured. In regular intervals, the bestindividual is stored in the knowledge base and indexedwith data 
hara
terizing the environment at that time.Whenever a new environment is en
ountered (the envi-ronmental variables 
hanged), the EA is restarted. For

restart, half of the population is initialized with indi-viduals from the knowledge base that have been su
-
essful in a similar environment. Experiments provedthat the knowledge base allows the EA to build uponthe knowledge gained in the past. Unfortunately thisapproa
h is only appli
able when the similarity of en-vironments 
an be measured.Yet another storage strategy has been added to theThermodynami
al Geneti
 Algorithm (TDGA, 
.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 ageand 
ontribution to the memory population's diver-sity (measured as varian
e over bit positions). Theindividuals from the memory then serve as additionalpotential 
andidates in the pro
ess of sele
ting a par-ent generation (in addition to the usual population).However, so far it has been de�ned for binary repre-sentation only and has never been evaluated per se.In a similar setting, Branke [5℄ 
ompares a numberof repla
ement strategies for inserting new individualsinto the memory. A simple repla
ement of the mostsimilar individual performed almost equivalent to astrategy that repla
es the worse of the two individualsin the memory 
losest to ea
h other. Both strategiesperformed signi�
antly better than a varian
e maxi-mation s
heme. Also in that paper, the importan
eof diversity for memory-based approa
hes is stressed.To allow a simple balan
e between exploitation andexploration, the paper suggests to divide the popu-lation into two, a \memory-based" population and a\sear
h" population. The �rst uses the memory andis responsible for remembering good old solutions andmaintaining a minimum quality. The other population
onstantly sear
hes for new peaks and is submittingthese to the memory, but will not retrieve any informa-tion from it. In order to for
e exploration, this se
ondpopulation is re-initialized after every 
hange. The re-ported experiments also indi
ate that the advantageof a memory vanishes when the optimum does not re-peatedly return to the exa
t previous lo
ation but toa slightly di�erent one.5 Multi-Population Approa
hesA general problem with memory is that the stored in-formation, like the lo
ation of peaks found, be
omesobsolete as the environment 
hanges. One possibilityto redu
e this problem is to maintain small subpopu-lations in several promising areas of the sera
h spa
ewhi
h 
an tra
k the peaks as they move and 
hange,thus a
ting as a self-adaptive memory.



In the Self-Organizing-S
outs approa
h [6, ?℄, when-ever a new promising peak has been dete
ted, a smalls
out subpopulation is assigned ex
lusively to the areaaround that peak, i.e. the sear
h spa
e is expli
itly di-vided into sub-regions similar to the way used in theForking GA [28℄ for stati
 problems. The s
out in-dividuals are 
ontinuously redistributed to the mostpromising areas. A larger base population is kept o�the already dis
overed s
out population areas, its taskbeing to 
onstantly sear
h for new peaks.A similar idea is pursued in the Multinational GAsas presented in [29℄, ex
ept that subpopulations areformed based on a so 
alled \hill valley dete
tion pro-
edure" in whi
h the �tness lands
ape is spe
i�
allyprobed at several lo
ations between the best indi-viduals of two subpopulations in order to determinewhether they may be separated by a valley and thusshould form di�erent subpopulations.The approa
h by Ronnewinkel and Martinez, pre-sented in the subsequent 
hapter of the workshop pro-
eedings, also falls into the 
ategory \Multi-PopulationApproa
hes".6 Con
lusionThis paper surveyed and 
ategorized a number of dif-ferent approa
hes to adapt standard evolutionary al-gorithms to handle dynami
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