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Abstract. Memetic algorithms are population-based metaheuristics
aimed to solve hard optimization problems. These techniqus are explic-
itly concerned with exploiting available knowledge in orde to achieve

the most e ective resolution of the target problem. The rationale be-
hind this optimization philosophy, namely the intrinsic th eoretical limi-

tations of problem-unaware optimization techniques, is pesented in this
work. A glimpse of the main features of memetic algorithms, ad a brief

overview of the numerous applications of these techniquessiprovided

as well.
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1. Introduction

Finding optimal solutions is in general computationally intractable for
many combinatorial optimization problems, e.g., those knavn as NP -hard
[45]. The classical approach for dealing with this fact was lhe use of approxi-
mation algorithms, i.e. relaxing the goal from nding the op timal solution to
obtaining solutions within some bounded distance from the érmer. Unfortu-
nately, it turns out that attainable bounds in practice (tha t is, at a tenable
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computational cost) are in general too far from the optimum to be useful in
many problems.

Currently, two new alternative lines of attack are being usel to treat
these di culties. On one hand, a new corpus of theory is beingbuilt around
the notion of xed-parameter tractability that emanates fr om the eld of
parameterized complexity [37, 38]. This approach aims to declope e cient
exact techniques for solving hard problems, once a certain qrtion of the
input is factored out and kept bounded by a constant (this portion is the
so-called parameter of the problem). Parameterized complexity thus super-
sedes the old-fashioned unidimensional analysis of compi¢y by taking into
account the structure of a problem, and the fact that its hardness can be
isolated within some part of the input. On the other hand, metaheuristics
approaches are being increasingly used nowadays. In essenthey trade per-
formance guarantees for quality, i.e., they produce tentaive solutions that
will be probably near-optimal, but no guarantee that these slutions are ac-
tually optimal or that some distance from the optimal is provided. See also
[26, 85] for some prospects on the intersection of both eldsmetaheuristics
and parameterized complexity.

This work will focus on metaheuristic approaches. Among thee, memetic
algorithms deserve special attention due to the impressivesuccess record
they have shown in their application to di erent hard optimi zation problems.
This work will provide an overview of these techniques, thei rationale and
justi cation, and their numerous applications.

2. Optimization problems at a glance

Let us begin by giving precise de nitions of some basic notias on opti-
mization. First of all, let us de ne an optimization problem P as a class of
algorithmic tasks, comprising a set of instanced p, and such that for each
instance x 2 |p, there exists a set of answeransp(x). Among all possi-
ble answers for a certain instance, a subsetolp (x) can be identi ed as the
collection of feasible answers, osolutions. Thus, a feasibility function

p:lp ansp! B Q)

can be de ned, indicating whether a certain answer is feasike or not. In
general, not all solutions in solp (x) are indistinguishable or equally useful;
hence, it makes sense de ning ajoodnessfunction

mp :lp solp! Z (2)
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indicating the quality of a certain feasible answer as solubn of the problem
instance considered- This goodness function can be used to de ne a partial
order on solp (X):

8y1;¥22 s0lp(X): y1 xY2, Mp(X;y1) >mp(X;y2): (3

An optimal solution for a certain problem instance x 2 |p is thus a solution
y 2 solp(x), such that no other solution y° 2 solp(x), y©  y , exists.
If we can de ne an algorithmic procedure for nding an optimal solution

given any instance of an optimization problem, we have e ecively solvedthe

corresponding optimization problem. It turns out that this is an exceedingly
hard task in general, though.

Optimization problems can be tackled in two major ways: analytically,
and numerically. The rst approach essentially consists of deploying our
calculus arsenal on the target problem. Needless to say, thirequires that we
have a perfect (or at least very extensive) knowledge of thigarget problem,
and indeed that it is mathematically amenable. Should not this be the case,
numerical approaches are in order. These are typically baskon the iterative
generation of solutions for the target problem, and can be usd in the absence
of very detailed knowledge about the target problem (althowgh they will
greatly benet from the availability of such knowledge, as it will be shown
later). We will thus focus on iterative optimization algori thms.

Let us rstly consider a set Sp(Xx) associated with an instancex 2 Ip.
This set is the so-calledsearch spaceand constitutes the arena in which the
optimization algorithm will perform. The search space is rdated to the set
of answersansp (x) via a growth function

g:Sp(x)! ansp(x): 4)

Note that elements of the search space (termedon gurations ) will in general
be associated not just with feasible answers, but also withrifeasible answers.
We do require that somes 2 Sp(x) exists such that g(s) = y for some
optimal solution y 2 solp(x), though. We also consider a setFp(x) of
tness values. This tness space and the search space are related avia
guiding function

F:Sp(X)!F p(X): (5)
These tness values will be used by the optimization algorihm to guide its

search. Notice that we have made an explicit distinction betveen the guiding
function and the goodness function, two objects that are frguently disguised

LWe are restricted here to mono-objective optimization. In g eneral, the goodness func-
tion could be dened as mp : Ip solp | ZX, for some k > 0. Whenever k > 1,
multi-objective optimization arises. The interested read er may check [19].
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(see [85] for a more detailed discussion of the di erences beeen these two
objects).

Now, we can de ne an optimization algorithm as a (possibly sbchastic)
function

S: 2% PP s L(x) (6)

such that
So = S¢(hi;hi) = s; for somes 2 Sp(x); @)
Si«1 = S(MSjij=0; ;i;F (S))ij=0; ;i): (8)

i.e., the algorithm starts from a certain point in the search space, and uses
its historical record of visited points (and tness values thereof) to generate
the next point to be visited. A simple { yet extremely powerful { example of
such an algorithm is obtained when we require that

Siva = S(I5ij=0; ;i F (§))ij=0; i) 2N (S); €©)
where N () is a neighborhood function:
N :Sp(x)! 25°0): (10)

This function de nes a neighborhood structure on Sp (x) (and indirectly on
ansp (X)) by associating with each points 2 Sp (x) a set of neighboring points
in Sp (x). An algorithm verifying Equation (9) is termed a local search (LS)
algorithm, or a trajectory-based algorithm. A prime example of such LS
algorithms is steepest ascentde ned as

Si+1 =argmaxfF(s) js2N (S))g: (11)

Other examples of LS algorithms are rst ascend, threshold acepting [40],
simulated annealing [64], and tabu search [47] among others

3. Evolutionary algorithms

The combination of a search space, a guiding function, and aeighbor-
ing function allows de ning a tness landscape [60]. Essentially, a tness
landscape can be de ned as a weighted digraph, in which the véces are
con gurations of the search spaceSp (x), and the arcs connect neighboring
con gurations. The weights are the di erence of the guiding function of the
endpoint con gurations. The search can thus be seen as the prcess of \nav-
igating" the tness landscape using the information provided by the guiding
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function. This is a very powerful metaphor; it allows interpreting the search
in terms of well-known topographical objects such agpeaks valleys mesas
etc., of great utility to visualize the behavior of the searc. In this sense,
one of the problems of LS algorithms as de ned before is the fa that they
make rather strong assumptions on the tness landscape: inmer to nd the
optimal solution, it requires that the resulting tness lan dscape be unimodal
(i.e. a single peak in the landscape), or that the starting pint of the search
manages to be in the basin of attraction of this optimal soluion.?

This di culty is usually treated upgrading LS algorithms to  population-
basedalgorithms or evolutionary algorithms (EAs). Actually, the latter can
be argued to be a contrived term, since not all population-baed algorithms
are evolutionary stricto sensu Let us anyway stick with the term EA to refer
to population-based algorithms in general.

An EA can be de ned as a stochastic iterative procedure for gaerating
tentative solutions for a certain problem instance. The algrithm manipulates
a collection P of individuals (the population), each of which comprises one or
more chromosomes These chromosomes allow each individual to represent a
potential answer for the problem instance under considerdabn. Chromosomes
are divided into smaller units termed genes The di erent values a certain
gene can take are called thealleles for that gene.

Initially, the population is generated at random or by means of some
heuristic seeding procedure, e.g., [100, 108]. This initlgpopulation is in fact
a pool of solutions onto which the EA will subsequently work, iteratively
applying some evolutionary operators to modify its contents. More precisely,
the process comprises three major stageselection (promising solutions are
picked form the population by using a selection function ), reproduction
(new solutions are created by modifying selected solutionsising some repro-
ductive operators! ;), and replacement (the population is updated by replac-
ing some existing solutions by the newly created ones, using replacement
function ). This process is repeated until a certain termination criterion
(usually reaching a maximum number of iterations) is satis ed. Each itera-
tion of this process is commonly termed ageneration. The whole process is
sketched in Fig. 1.

Reproduction is accomplished in EAs by using two major mechaisms:
recombination and mutation. Recombination is a process th& models in-
formation exchange among several individuals (typically tvo of them, but a
higher number is possible [41]). This is done by constructig new solutions
using the information contained in a number of selectedparents. If it is the
case that the resulting individuals (the o spring ) are entirely composed of

2Notice that LS algorithms are still very competitive even if these requirements cannot
be met. As a matter of fact, this is one of the reasons why LS algorithms are a key
ingredient in memetic algorithms.
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Fig. 1. lllustration of the evolutionary approach to optimization

information taken from the parents, then the recombination is said to be
transmitting [31, 96]. This property captures the a priori role of recom-
bination: combining good parts of solutions that have been mdependently
discovered. It can be di cult to achieve for certain problem domains, though
(the Traveling Salesman Problem{TSP{ is a typical example). In those sit-
uations, it is possible to consider other properties of inteest such asrespect
or assortment The former refers to the fact that the recombination operator
generates descendants carrying all features common to allapents; thus, this
property can be seen as a part of theexploitative side of the search. On the
other hand, assortment represents the exploratory side of recombination.

As to mutation, the classical view (at least in the GA arena [48]) consid-
ered it a secondary operator whose mission is tkeep the pot boiling continu-
ously injecting new material into the population at a low rat e (otherwise the
search would degrade to a random walk in the solution space)Evolutionary-
programming practitioners [43] would disagree with this characterization,
claiming a central role for mutation. Actually, it is consid ered the crucial
part of the search engine in this context. Nowadays, this later vision has
partly propagated to most EC researchers, in the sense of caidering muta-
tion as important as recombination.

It is important to note that both recombination and mutation operators
have to take into account the particulars of the problem beirg tackled, and
acknowledging this fact will be our entry point into memetic algorithms.

4. Problem knowledge is essential

The dominant view of the optimization process via EAs in the 1980s was
one of overall superiority of these techniques with respecto other special-
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ized algorithms. The discussions in classical textbooks (& certainly the

avor of papers published in those years) indicated that while specialized al-
gorithms could provide peak performance on very speci ¢ prblem domains,
their performance was very poor otherwise; on the contraryEAs were robust
technigues that would be probably outperformed by specialited algorithms
in the latter's domain but would perform rather well on pract ically the whole

spectrum of problem domains. The corollary was that relyingon EAs ensured
a better average performance.

Maybe the rstimportant, theoretically-grounded attack t o this view was
the 1990's paper of Hart and Belew [54] in which they showed tat optimizing
an arbitrary function was a hard problem for an EA. However, the work of
Wolpert and Macready [114] was de nitely the one to provoke amajor shift
in the understanding of the robustness vs e ectiveness trado. Known as
the No Free Lunch Theorem (NFL), one of Wolpert and Macready's main
results was the following: letA and B be any two optimization algorithms;
let Sx (x; m) be the sequence om (non-repeated) points in Sp (Xx) visited by
algorithm X; then,

X
E [Sa(x;m)] = E [Ss(x;m)]; (12)

X X

where E[ ] represents expectation, and the sum ranges over all probie in-
stances of certain xed size. The theorem states that the segence of points
visited by an algorithm (and hence any performance measure dsed on it)
is in fact independent of average of the algorithm itself. The reader may
grasp the amazing meaning of this statement if she considerthat A can be
a sophisticated EA, and B can be random enumerative search.

The NFL provoked an intense debate in the optimization community,
and its implications are still being actively discussed. Itseems clear that the
assumptions upon which the NFL rests are not completely reastic (e.g., see
[39]), but the morale that emanates from the theorem, namelythat single
algorithms cannot be e ective general-purpose solvers, ahthat gains in a
certain domain are losses in the remaining domains (see Fi@), has deeply
permeated our current understanding of the optimization process.

It is worth revisiting the NFL from the point of view of comput ational
adversaries as it has been done by Culberson [32]. Let us imagine that the
optimization algorithm and the problem instance are two human adversaries
separated by a high wall; the human representing the algorihm can pass
points of the search space to her adversary, and receive inttgn a tness
value. She can then use this information to generate the nexpoint to be
queried. From the point of view of the human representing the problem
instance, we can place dierent constraints on the way she daulates the
tness values. Conversely, these constraints can be regasadi as the amount
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Fig. 2. Comparison of Hill Climbing (HC), Hill Descending (HD), and Random
Search (RS) on functionsF : Sp(X) ! F p(X), with jSp (x)j = 10 and jFp (x)j = 4.
(Left) HC (solid line) vs RS (dotted line). (Right) HD (solid line) vs RS (dotted
line). All algorithms visit m = 4 points. Each horizontal segment represents the set
of functions with the same number of local optima

of knowledge the rst human has about the problem instance r@resented by
her adversary. If no constraint exists on the problem side, hen the algorithm

knows nothing about the problem, her adversary can compute tness values
as she desires, and the sequence of tness values is in factdgpendent of
whatever mechanism the algorithm was using to generate pois in the search
space. This is precisely the NFL scenario. A more realisticenario is that
in which the adversary is required to produce tness values m short time

(i.e. polynomial time), and some partial knowledge on how sk does this is
available. It turns out that as long as we use this knowledgethe complexity

barrier we are facing is that of NP-hardness. This is certainly a tough barrier,
but ignoring the knowledge we may have about the problem wou lead us
straight to the suburbs of the NFL region, a much worse place ¢ stay.

5. Memetic Algorithms

As a rst approximation, a memetic algorithm (MA) is a proble m-aware
EA. Indeed, MAs are speci cally concerned with exploiting available knowl-
edge about the target problem. This is perfectly illustrated by the term
memetic. Coined by R. Dawkins [33], the word meme denotes an analogous
to the gene in the context of cultural evolution [83]. In Dawkins' words:
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Examples of memes are tunes, ideas, catch-phrases, clothiash-
ions, ways of making pots or of building arches. Just as genes
propagate themselves in the gene pool by leaping from body to
body via sperms or eggs, so memes propagate themselves in the
meme pool by leaping from brain to brain via a process whichni
the broad sense, can be called imitation.

This characterization of a meme suggest that in cultural evdution proces-
ses, information is not simply transmitted unaltered between individuals. In
contrast, it is processed and enhanced by the communicatingarts. This
enhancement is accomplished in MAs by incorporating heuridcs, approxi-
mation algorithms, local search techniques, specializedecombination opera-
tors, truncated exact methods, etc. According to these idea, a more careful
de nition would tell us that a MA is a population of agents that alternate
periods of self-improvement (via local search) with period of cooperation
(via recombination), and competition (via selection).

The use of the term \agent” tries to emphasize the fact that population
members are no longempassive individuals as in classical EAs, but are now
active entities, that explore the search space, and are capable aftelligent
cooperation. As a matter of fact, it is possible for an agent b carry more
than one answer for the problem being tackled, using these amformation
repository for further use (e.g., this is the underlying idea of current and
pocket solutions, used for example in [6]).

We can trace some similarities of MAs with approaches such ago with
the winners algorithms [2, 94], and more signi cantly with scatter search (SS)
[46, 69]. The latter is a population-based metaheuristic wlose foundations
can be traced back to the 1970s in the context of combining désion rules and
problem constraints. Despite some methodological di ereces (e.g., SS relies
more on deterministic strategies rather than on randomizaton), SS shares
some crucial elements with MAs: both techniques are explitly concerned
with using all problem-knowledge available, and this is tygcally implemented
by means of heuristic combination procedures and local-imgvement strate-
gies.

The embedding of LS strategies within a MA just mentioned is awide-
spread feature of MA. In a very abstract sense, applying lodaimprove-
ment to a certain solution bears some similarity to the evoldionary the-
ory of Lamarck, whereby changes acquired during an individal's lifetime
were transmitted to the o spring. For this reason, LS is somdimes termed
Lamarckian learning, and MAs appear sometimes disguised under the name
Lamarckian EA .3 LS strategies can be used at the end of each generational

3The application of LS admits an interesting variant: the imp roved solution is only used
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loop, or several times after the application of a reproductve operator. At this
point, it is important to stress some points: rst of all, the local search need
not be performed until a local optimum is found (this can be exeedingly
hard in some cases). Hence, the characterization of MAs as EAworking in
the space of local optima is far from adequate. Secondly, itsi possible to
use more than a single LS algorithm. Actually, a collection @ LS algorithms
could be de ned and adaptively used during the run of the MA. This idea is
at the core of the so-calledmulti-meme algorithms (see, e.g., [66]).

Several additional considerations must be done regardinghte use of LS
strategies. From a methodological point of view, it is impotant to empha-
size that a memetic algorithm does not reduce to the embeddig of LS within
an otherwise standard EA. Certainly, there may be situations in which such
an algorithm will perform satisfactorily, but this is not ge nerally the case.
Indeed, MAs go further by introducing knowledge in many othe algorithmic
components, e.g., the representation, recombination opeators, etc., and by
exploiting their synergy. Some remarks on this will be provided henceforth.
From a more practical point of view, the success of a MA with repect to
the particular LS strategy used is very dependent on themodularity of local
search steps. Here, modularity is used to denote the abilityof computing the
tness F(x) of a new solution x by just calculating some F(x) (in other
words, without having to re-evaluate the whole solution, bu just the frac-
tion of it in which the portion of x that has been modi ed is involved). For
example, a very common LS strategy for the TSP is to select a ption of
the sequence of cities and reversing it (a so-called 2-opt me). By doing
so, two edges are removed, and two new edges are introduced tioe solu-
tion. F(x) can thus be calculated by summing the cost of added edges and
subtracting the cost of removed edges. This is not only esséal to alleviate
the computational cost of the algorithm (for many problems, LS may be re-
sponsible for over 90% of the total computation time), but also supports the
appropriateness of the representation, as discussed below

Focusing on the representation, a successful MA must be capée of cap-
turing in it the relevant properties of solutions. This means that a mere
linear encoding of solutions using some prede ned alphabefas it is done
in classical, problem-unaware EAS), is not the right way to act when using
MAs. On the contrary, it is important to identify such releva nt properties,
i.e. those to which tness is more correlated, and de ne repoductive op-
erators on their basis. In this sense, Forma Analysis [96] mvides a useful
theoretical framework to analyse the representation. It rdies on the notion
of forma (pl. formae), roughly de nable as a set of solutions carryirg a

for the purposes of tness computation, and therefore changes in it are not transmitted to
the o spring. This is termed Baldwinian learning , and implies the occasional usage of the
term Baldwinian EA .
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Fig. 3. Recombination can be assimilated to traversing a decisionree. Starting
with an empty (that is, fully unspecied) solution, genes are progressively given
values until a full solution is found

certain property speci ed by the user. This way, formae genealize classical
schemata by providing the means for considering groups of sations with ar-
bitrary properties, rather than groups of solutions with syntactic similarities.
Some statistical tools have been proposed in order to asseffse usefulness
of a particular representation characterized by speci c famae [27, 97]. In
essence, interesting formae are those carrying the highemaount of infor-
mation about the tness value of solutions within it. This me ans that the
variance of tness values within a relevant forma should be bwer than the
variance for irrelevant formae (i.e. formae uncorrelated o the tness value).
Notice the evident relationship of this minimum variance principle with other
well-known heuristics for representation design such as mimizing epistasis
(non-additive interdependencies among variables).

Once an appropriate representation has been de ned, repragakctive op-
erators must be de ned to operate on it. To begin with recombination, it
should resemble smart information exchange as mentioned lfi@e. This can
be accomplished by means ofd hoc procedures (e.g., theEdge Assembly
Crossover de ned by Nagata and Kobayashi [90] for the TSP), or by genera
cooperation templates. In particular, notice that recombination can be seen
as a tree-traversing procedure [31], as depicted in Fig. 3. By of the internal
nodes of the tree is a partially speci ed solution, and each banch implies
the instantiation of some unspeci ed part of the solution. Therefore, any of
the leaves of the tree constitutes a possible outcome of theecombination
process. This tree can be intelligently explored by using wé&known algo-
rithmic approaches such as Branch-and-Bound [30], dynamig@rogramming
[57], or backtracking [23].
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Tab. 1. Comparing some of the most distinctive features of probleminaware EAs

and MAs
problem-unaware EA

encoding schemata, linear strings, prede ned alphabets
individual answer to the problem

crossover blind exchange of information

mutation random injection of new information

problem-aware EA (MA)

representation formae, non-linearity, close to the problem

agent solution(s) to the problem + local search mechanism
recombination smart exchange of information

mutation sensible introduction of new information, secondary role

local improvement Lamarckian (or Baldwinian) learning

As to mutation, it is important to take into account its inter action with
local search. More precisely, mutation should be done in sinca way that it
cannot be trivially reverted by the LS strategy used. For example, if a MA
for the TSP is using a 2-opt-based LS strategy, mutation shold introduce a
larger perturbation (e.g., a 3-opt move, removing 3 edges athadding 3 new
ones), so that the local search is e ectively forced to exploe a di erent part
of the search space. At any rate, it should be noted that mutaton is much
more secondary in MAs than in classical EAs. Actually, it is ommon not
to use mutation in many situations (this is also typical in SS). One of the
reasons is the fact that LS can indeed introduce new informadbn to the pool,
so it can be regarded as arintelligent mutation operator. Additionally, MAs
are endowed with population restarting strategies as desdbed below. This
allows recovering the search after it has stagnated due to pmlation con-
vergence. Hence, the classical role of mutation as mechamisfor preserving
diversity and preventing stagnation is less relevant.

As anticipated, population restarting is a very common feature of MAs.

By monitoring population statistics (e.g., the diversity of gene values) and
tracking the improvement rate of the algorithm, stagnation states can be
detected, and a refreshing procedure can be triggered. Sugrocedures typi-
cally preserve some portion of the current population, and mject new agents
either by construction from scratch, or by shu ing the infor mation present
in the current population. This strategy is very usual in SS as well, although
the fact that deterministic procedures are usual in these tehniques makes
easier the detection of stagnation states.

A summary of the distinctive features of MAs with respect to classical
problem-unaware EAs mentioned above is provided in Table 1.
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6. Applications of Memetic Algorithms

This section will provide an overview of the numerous appliations of
MAs. In fact, new applications of MAs are being developed cotinuously so
this overview can only scratch the surface of MA applicabilty. The reader
may nonetheless nd this brief overview illustrative of the potential of the
paradigm.

Traditional NP Optimization problems constitute one of the most typi-
cal battle elds of MAs. A remarkable history of successes ha been reported
with respect to the application of MAs to NP-hard problems such as the fol-
lowing: Graph Partitioning [9, 10, 77, 79],Min Number Partitioning [6, 7],
Max Independent Set[1, 55, 106], Bin-Packing [101], Min Graph Coloring
[20, 22, 36, 42],Set Covering [4], Min Generalised Assignment [18], Mul-
tidimensional Knapsack [5, 28, 51], Nonlinear Integer Programming [109],
Quadratic Assignment [8, 15, 78], Quadratic Programming [80], Set Parti-
tioning [70], and particularly to the Min Travelling Salesman Problem and
its variants [49, 50, 56, 62, 67, 76, 87, 103].

The MA paradigm is not limited to the above mentioned classial prob-
lems. There exist additional \non-classical" combinatorial optimization prob-
lems of similar or higher complexity in whose resolution MAshave revealed
themselves as outstanding techniques. As an example of thegproblems, one
can cite those that directly or indirectly correspond to telecommunication
network problems. For example, we can cite:frequency allocation [29, 61],
network design [44, 105], degree-constrained minimum spanning tree prob-
lem [98], vertex-biconnectivity augmentation [63], design of error correcting
codes[24] and OSPF routing [11]. Also, scheduling is an area in which MAs
have been deployed with great successmaintenance scheduling[13], open
shop scheduling17, 73], owshop scheduling[16, 88], project scheduling[99],
warehouse scheduling110], production planning [35, 81],timetabling [12, 93],
rostering [34, 82], andsport games scheduling21] among others.

In addition to the application areas described above, MAs hae been
also utilized in other elds such as, for example, medicine [52, 53, 111],
economics [71, 92], oceanography[89], mathematics [102, 112, 113]jmaging
science and speech processing4, 68, 72, 75, 104, 115], and many others that
the reader can nd by checking [85, 86] or by querying any web sarch engine
with the keywords \memetic algorithm," \hybrid genetic alg orithm," \hybrid
evolutionary algorithm," or \Lamarckian genetic algorith m."4 Recall once
more that the above list is intended to be illustrative rather than exhaustive,

A Google search on October 18, 2005 produced 18 300, 37 100, 70 and 521 hits on
these keywords respectively.
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and surely there are many important applications of MAs that have been left
inadvertently out.

7. Some concluding remarks

The future looks bright for MAs. This is a combination of several factors:
on one hand, the enormous potential of these techniques foredling with new
hard problems. In e ect, the exibility of the paradigm, lac king a compressive
orthodoxy stating what a MA should be, provides the user with great levels of
freedom for adapting whatever problem knowledge she had tohte algorithm.
In this sense, MAs are closer in spirit to metaheuristics sule as SS. Of course,
this exibility hinders the development of a deep theoretical understanding
of these techniques; then again, this leaves open many reseh lines for
attaining better theoretical knowledge of di erent aspects of the paradigm.

Current trends in the evolution of MAs are manifold. On one hand,
adaptation and self-adaptation is an increasingly important aspect of MAs.
This adaptation can be done at several levels, from adaptingperator rates
[3, 74, 91] up to co-evolving solutions and LS strategies [T (multi-meme
algorithms mentioned in Section 5 would be at an intermediat level). On
the other hand, complete MAs that is, MAs eventually capable of proving
optimality of solutions are getting impetus [25, 84, 95]. These are just two
active, promising areas of research. In addition to them, MAs are steadily
gaining new elds of application, e.g., in multi-objective optimization [58, 59,
65]. The fact that there is a growing scienti c community advanced through
several of these lines is an indication of the vitality of the eld.
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