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Abstract. Evolutionary algorithms are often successfully applied to hard optimization problems.
However, besides rules of thumb and experience, trial and error is still the leading design technique
for evolutionary algorithms. A profound theoretical foundation guiding those applications is still
missing. This article outlines a networked understanding of evolutionary algorithms. As a first step
towards that goal, it reviews and interrelates major theoretical results and working principles in order
to give an extensive insight into the internal processing of evolutionary algorithms. This not only
helps to understand success and failure of evolutionary algorithms in applications but, in addition,
could lead to a theory-guided design process enrichening and relieving today’s heuristic techniques.
Keywords: evolutionary algorithm, optimization, theory, working principles, schema theory

1. Introduction
“Evolutionary algorithm” is a generic term for a wide number of algorithms mimicking the Darwinian
principles of evolution for the purpose of optimization or problem solving. The basic components of
these algorithms are populations of individuals, i.e. competing candidate solutions, the notion of quality
or fitness to assess each individual, reproduction of candidate solutions using mechanisms of inheritance,
and selective pressure which can take place in the parental selection or the survival competition. The

1002

K. Weicker, N. Weicker / Basic Principles for Understanding Evolutionary Algorithms

initialization

evaluation

Output
result

yes
no

termination
criterion

environmental
selection

evaluation

parental
selection

recombination

mutation

Figure 1. Schematic description of an evolutionary algorithm

basic algorithm is sketched in Figure 1. Contrary to other algorithms, they do not have any additional
memory but the current set of individuals in the population. The idea of evolutionary algorithms has
been discovered several times independently resulting in three main paradigms: genetic algorithms (GA)
[21, 23, 18], evolution strategies (ES) [33, 38], and evolutionary programming (EP) [17, 15]. In its
most general form an evolutionary algorithm works on a coded genotype space G which can be decoded
into the search space S by a decoding function dec : G → S. Note, that for certain algorithms
G = S. The evolutionary operators, mutation and recombination, are defined on the genotype space
and the evaluation of individuals is defined on the search space (F : S → R). Selection introduces no
new individuals but only changes the frequencies of the individuals for serving as parents or possible
parents in the next generation. This article is not concerned with specific problem classes like constraint
or multiobjective optimization.
Evolutionary algorithms have demonstrated their potential in numberless projects since they are easy
to use. They are problem independent, i.e. they neither need a special representation for candidate
solutions nor put any other restricting requirements on the problems to be tackled. Thus they can be
viewed as universally applicable. However, practice shows that they are not general problem solvers
since any successful application relies on careful tuning of operators, parameters, and problem-dependent
techniques. This observation is supported by the “No Free Lunch” theorems [45, 9, 13, 37] which have
shown that, on average, any deterministic or stochastic optimization algorithm is as good as any other
algorithm on sets of problems that are closed under the permutation of fitness values. This implies that,
on the one hand, each algorithm has a niche within the space of all problems and, on the other hand, for
each optimization problem the algorithm must be tailored to the problem.
Today, designing evolutionary algorithms is primarily governed by certain rules of thumb, experience, and trial and error. However, without a theoretical foundation an algorithm’s successful application
remains a pure heuristic craft. Instead, foundations on how and why evolutionary algorithms work are
necessary.
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Current theoretical approaches either isolate single operators or parameters or the algorithm is analyzed from a global perspective. In the existing literature, often the single paradigms are analyzed and
examined in depth on simple exemplary problems resulting in certain rules. But those rules are only in a
restricted manner transferable to other problems or algorithms – especially problem-specific algorithms.
Concerning the global perspective, theory in evolutionary computing tries to describe and analyze the
processing as a whole, but the natural laws of evolutionary computing seem to be more complex and
can probably better be understood as decentralized reciprocal actions. The “natural” representation for
such an understanding is a network of interactions and interdependencies. Especially indirect quantities
like the diversity of the population or characteristics of problems seem to play an outstanding role in
such a network. Also the network must not be developed for one specific paradigm but should rather
be formulated for a general evolutionary algorithm. Such a network of intra-process relations cannot be
developed in one step and presumably today’s theory is not suited to answer all possible questions. But
as a first step the existing theoretical results are reviewed in this article and evaluated to what extend they
make a statement that fits into a networked understanding.
The next section provides an example for the dynamics and interactions in evolutionary algorithms.
It shows that the single components of evolutionary algorithms depend on each other in order to motivate
the network of interdependencies. Sections 3 and 4 consider the selection methods and the evolutionary
operators and sketches their interactions. The classical schema and forma theory is examined in Section 5
in respect of its contribution to such a network. Section 6 gives an overview on models of the complete
search process and Section 7 concludes.

2. Balancing evolutionary algorithms
Evolutionary algorithms are characterized by many parameters which may be used for tuning an algorithm for a specific problem. Those parameters cannot be understood in isolation but rather as an
interweaved, tangled network. Changing one parameter has significant impact on the effect of other parameters. Good parameter settings differ from problem to problem and cannot be transfered to algorithms
using operators with different characteristics.
Theoretical examinations are primarily available for isolated single parameters and specific problems (e.g. an optimal mutation rate for genetic algorithms maximizing the number of ones in a binary
string) which are of little help in general. Most knowledge is of heuristic nature and result of empirical
examinations.
With a simple experiment the necessity of a networked representation is illustrated. In the CountingOnes problem the number of “1”s in a 32 bit string must be maximized. A genetic algorithm with 2point crossover with crossover rate 0.9, bit-flipping mutation and tournament selection of size 2 is used.
The population size and the mutation rate are varied according to Figure 2 and in each optimization
run the number of evaluations of the objective function was restricted to 512. Figure 2 shows the best
fitness averaged over 200 independent experiments for each parameter combination. Even in this simple
problem the two parameters are not separable and sequential tuning of population size and mutation rate
(or vice versa) may lead to suboptimal performance. This experiment, which is a variant of the results
in [10], shows that there exist local interactions among parameters that should be recorded. But it still
leaves open the question how the parameters affect the processing and what quantities could be used to
describe those effects.

1004

K. Weicker, N. Weicker / Basic Principles for Understanding Evolutionary Algorithms

average fitness
32
30
28
26
24

64

32
16
population size

8

4

2

0.065
0.05
0.035
0.02 mutation rate
0.005

Figure 2. Interdependence between mutation rate and population size: The graph shows the average fitness with
respect to the optimization of the Counting-Ones problem

Basically an algorithm should maintain a balance between certain aspects concerning the search process that might help in defining the proposed network. Two important aspects are the exploration of the
search space and the exploitation of promising regions [12]. Mutation, recombination, and selection must
hold the balance between both aspects. The operators define all possible search paths and must guarantee that there are individuals sufficing either aspect. This is the basis for a balance but selection has to
focus the search process in a balanced way and should also preserve the acquisitions of past generations.
Because of the dynamics of the evolutionary search process the emphasis on exploration and exploitation
changes during search. Exploration could be more important at the beginning to find a tolerable solution,
but towards the end of search exploitation should fine-tune the so-far best candidate solution. In addition, the algorithm’s parameters determine two additional aspects that play also an important role during
the search process: diversity in the population [3] and progress rate [4]. Exploration, exploitation, and
diversity are examined more closely with respect to their impact in the following sections on selection
and evolutionary operators.

3. Selection
This section examines the effects of selection. Selective pressure is essential for successful optimization since it focuses search on better candidate solutions. Selection does not introduce new candidate
solutions and is usually a diversity diminishing and contracting operation. Essentially, it changes the
frequencies of the individuals in the population (or of their inheritable genetic information) on the basis
of evaluations using the objective function.
Selection is primarily responsible for the dynamics in the evolutionary search process. However the
complex systems emerging by those dynamics and the resulting flow of genes is barely understood. This
is even more true since there are many manifold selection operators in evolutionary algorithms. In the
bottom line, it is known that high selective pressure increases the exploitation within the evolutionary
search process and low selective pressure stresses the exploration.
Selection may occur in an evolutionary algorithm as parental selection or as environmental selection.
Parental selection determines the number of offspring for each individual and environmental selection
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determines those individuals that may be considered as parents in the next generation. Often it is sensible
to create selective pressure only at one position in the algorithm. Then, the other position may be replaced
by an identity mapping or selection with uniform probability. In the case of environmental selection,
overlapping generations are an additional common theme in evolutionary algorithms. There, the next
pool of possible parents is determined from the last parental population as well as the created offspring.
Possible parameters are the selection or replacement strategy and the degree of overlap [36, 39].
Selection mechanisms may be distinguished by the usage of random influence. On the one hand there
is probabilistic selection, where each individual is selected according to a certain probability, and on the
other hand there is deterministic selection, where the fitness values define clearly which individuals
will be selected. However if probabilistic techniques are used for parental selection each individual
may be chosen more than once, i.e. the selection introduces duplicates. This is usually not the case in
deterministic selection. Note, that duplicate-free probabilistic selection methods [14] behave rather like
deterministic methods.
environmental
↓
parental →
identity

uniform

identity

no selective pressure

probab.
GA

dupl. free probab.
(overlap.)

?
?

×
EP (new)

?
?

probabilistic
(overlap.)

Lemma 3.1
(Lemma 3.1)

≡ GA
SA, TA, . . .

?
stdstGA

deterministic
(overlap.)

ES
ES

×
EP (old)

?
stdstGA

Table 1. Possible combinations of selection operators: SA = simulated annealing, TA = threshold algorithm,
stdstGA = steady state GA, × = inconstant population size. Lemma 3.1 makes a statement on uniform parental
selection. Those combinations marked as restrictive use only a fraction of the parental population.

Table 1 shows the possible setups to create selective pressure. Since duplicate free probabilistic
selection and deterministic selection reduce the number of individuals and the identity mapping keeps the
number constant, certain combinations are not possible with a constant population size. They are marked
by the symbol “×”. Also the selection schemes of prominent evolutionary algorithms are included.
If an identity mapping is used at either position there is no difference where we use the other selection
method (shown in the entry of “≡ GA”). Also, uniform environmental selection seems to make no sense
since this simply means that with a considerable probability some newly created individuals are not
considered independent of their fitness. There are no findings on the combinations marked by a “?”
– probably two true selection operators create too much selective pressure, but those techniques are
sometimes used with constraint and multiobjective optimization or in steady-state algorithms. The usage
of uniform selection is examined in the following lemma.
Lemma 3.1. A population of size 3 (with no duplicates) is given. Then, a probabilistic selection inducing duplicates as parental selection has a smaller probability to choose two equal individuals than

1006

K. Weicker, N. Weicker / Basic Principles for Understanding Evolutionary Algorithms

uniform selection from a population of size 3 created by the same probabilistic selection as environmental selection.
Proof:
Let prA , prB , and prc be the probabilities to choose the individuals (pr A + prB + prC = 1.0). Then, for
2 +pr 2 +
mere parental selection the probability to choose two identical individuals equals P parent = prA
B
2
prC . If used as environmental selection, the probability to get a new population containing three identical
3 , for a population with two individuals A it is pr
2
individuals A is prAAA = prA
AA = 3prA (1 − prA ),
and analogously for individuals B and C. The total probability to choose two identical individual results
in
prAAA + prBBB + prCCC +


1
22 11
(prAA + prBB + prCC ) + prABC
+
33 33
3

1
2
3
2
3
2
3
5prA
− 2prA
+ 5prB
− 2prB
+ 5prC
− 2prC
≥
3
2
2
≥ prA
+ prB
+ prc2 = Pparent .
The latter transformation holds since for all x ∈ {A, B, C}: 0 ≤ pr x ≤ 1.

t
u

This lemma shows that uniform parental selection should be avoided. Deterministic environmental selection combined with uniform parental selection (like in ES) makes sense if a recombination is
used and the uniform sampling generates various different pairs of individuals. However, the number
of chosen individuals must be considerably high to consider all available individuals. Otherwise the
unconsidered individuals should have an opportunity to survive as is usually the case in overlapping
populations.
The different selection schemes may further be compared by their selection pressure. One appropriate
measure is the selection intensity which is defined as the selection differential defined by the average
population fitness of two successive generations, normalized by the fitness standard deviation before
¯t+1 ¯t
selection: I = f σt−f . The following lemma compares the fitness proportional selection, a ranking
selection where the best individual has probability 2−
µ (µ is the population size) and the probabilities are

decreasing linearly to the worst probability µ , and deterministic selection where the population shrinks
from λ individuals to µ individuals.
Lemma 3.2. The following selection intensities hold.
Iprop. =
Iranking

=

Ideterm. ≈

σ
¯
f(t)
1−
√
π

µ
λ
φ(Φ−1 1 −
)
µ
λ

(1)
(2)
(3)

Rx
2
where φ(x) = √12π exp(− x2 ) and Φ = −∞ φ(t)dt. In addition, (2) and (3) require a distribution of
the fitness values according to a Gaussian pdf.
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For the proof of Lemma 3.2 refer to [26] for (1), to [8] for (2), and to [2] for (3).
This shows in particular that selection proportional to the individuals’ fitness depends directly on
the constitution of the population. This may lead to comparable little selection pressure if the diversity
in the population decreases or the average fitness gets rather high towards the end of an optimization.
This is not the case with both other selection schemes: here the selection pressure is independent of the
current population. In the case of linear ranking, the parameter  may be used to adjust the selection
intensity and, in the case of deterministic selection, the pressure depends directly on the sizes of parent
and offspring populations. Note, that depending on the selection mechanism different interdependencies
are active in the required network.
Because of its contracting character the selection operator is usually not able to maintain a large
number of individuals with similar good fitness values. To prevent the concentration of the population in
one point of the search space, additional techniques are necessary, e.g. fitness sharing [20, 24] where the
fitness of individuals in clusters is decreased. In addition recombination may be restricted to individuals
within one cluster. In [20] the similarity of individuals is based on a distance metric leading to an
expensive operation. Alternatively the assignment of an individual to a cluster can be attached to each
individual as additional information [40]. This enables the algorithm to self-adapt the technique to the
characteristics of the problem landscape.

4. Evolutionary Operators
This section examines the evolutionary operators with respect to the network of interdependencies. Evolutionary operators are the counterpart to selection – they create new individuals and, as a consequence,
determine the possible directions search can take. Most evolutionary algorithms use two different kinds
of operators for the production of new individuals: unary and binary (or more general k-ary) operators,
namely mutation and recombination. The different responsibilities of an ensemble of operators are exploration and exploitation as already mentioned above, but also the reachability of all points in the search
space and the maintenance of the diversity.
A mutation operator takes one already existing individual and varies it. Bigger changes to the phenotype support the exploration, small (local) changes to the phenotype promote exploitation.
The interplay of mutation and selection is the foundation of Darwinism and is supposed to lead
to continual improvement. How well a mutation operator supports such a local search process can be
examined for finite search spaces by the analysis of operator-induced neighborhood landscapes [25], i.e.
a graph structure on the search space where connections between candidate solutions are induced by
the variation of the operator. On such a landscape the adaptedness of the operator to a problem can
be measured by the number of mutation-induced local optima. The number of these optima can often
be reduced by mutations making little changes concerning the specific problem (cf. [15]). But often
the landscape is determined by a solution encoding, i.e. a mapping from a genotype space to the search
space, and the mutation operator is working on the genotype. Such an approach may introduce even more
local optima. However, smart choices of decoder functions can preserve properties of the search space
and thus induce less new local optima, e.g. Rana and Whitley examined standard binary encodings and
Gray encoding for three problems and found that Gray encodings can be expected to introduce less local
optima [32]. In particular, Gray encodings embed phenotypic neighborhood relations into the genotypic
neighborhood landscape.
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Where the interaction of small changes and selection leads to local search, an operator with a very
local behavior might be trapped in local optima such that the potential reachability of all points in the
search space gets lost. However, a high diversity of the individuals in a population counteracts those
effects. Also the recombination requires often a certain degree of diversity which is discussed in the
next paragraph. As a consequence, diversity must be maintained by one of the operators – if there is
no other specific operator available for this task (e.g. the hypermutation in dynamic optimization) the
normal mutation operator has to maintain the diversity. Usually, sucessfully applied mutation operators
like ES mutation or GA mutation balance small and large changes to a certain degree.
Recombination operators get two (or more) individuals to produce at least one new offspring. Their
intuitive working principle is the recombination of different parts of various individuals. This does
not only enable the formation of new innovative combinations of existing individuals but can also be
understood as a parallel search in hyperplanes of the search space according to early genetic algorithm
theory [23, 18]. This issue is discussed in more detail in Section 5. However, recombination depends
on a high degree of diversity in the population such that the parallel search is based on sufficient distinct
samples in the search space. If diversity is lacking, many individuals are very similar to each other. Then,
another possible aspect of recombination operators can become active: operators with a rather contracting
behavior may remove single huge mutation errors towards the end of optimization by stochastic effects
(genetic repair principle) – an effect that has been discovered for intermediate recombination on real
valued search spaces by Beyer who also transfered it to discrete search spaces [6].
Lemma 4.1. Let S = Rn be a real valued search space with optimum 0 ∈ S. Then, a mutation of
−→

individual x ∈ S may be written as M (x) = x + a x0 +y where y is orthogonal to the optimal search
−→

direction x0. Then, intermediate recombination with r parents reduces the deviation from the optimal
search direction by the factor 1r .

For the proof of Lemma 4.1 refer to [5].
Sometimes recombination operators are also used to identify new, promising areas within the search
space using the current individuals’ fitness information. Those operators have an extrapolating character
and are sometimes referred to as directed recombination or implicit mutation.
The parallel processing and the local neighborhood search have been antipodal main motivations
for the different paradigms since the former requires a rather fine-scaled coding and the latter a rather
coarse-grained representation preserving a phenotypic neighborhood. However, the principles may be
understood in a more general sense. Combining those principles, interdependencies among the operators
become visible. On the one hand, rather big mutations increase the diversity and promote a more effective
sampling in parallel hyperplane search using recombination. On the other hand, small mutations decrease
diversity leading to further damping of the mutation by contracting recombinations. This illustrates the
difficulty in balancing evolutionary algorithms.
Optimal parameter settings for operators have been one focus of research for many years. However,
as the discussion above already implies, it has been shown that no mutation operator is optimal during
the complete search process with respect to a point-wise measure combining the success rate of the
offspring M (x)
operator sM (x) = ##better
all offspring M (x) and the average improvement i M (x) over all possible improving
mutations.
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Lemma 4.2. Let S be an arbitrary search space and Imp M (x) = sM (x)iM (x) be the relative expected
improvement. Consider two operators M 1 and M2 with comparable offspring distributions (cf. [42]) but
different variance in offspring fitness V [M 1 (x)] < V [M2 (x)]. Then, there exist fitness ranges R 1 close
to the optimum and R2 close to the center of the fitness values in the search space for which
Imp M1 (x) > Imp M2 (x)
Imp M2 (x) > Imp M1 (x)

if f (x) ∈ R1 and
if f (x) ∈ R2 .

For the proof of Lemma 4.2 refer to [42, 44]. This result is strongly related to the shift from exploration to exploitation during search, mentioned in Section 2. As a consequence, adaptation of the
operators during optimization is necessary. The basic techniques for such a parameter control are predetermined adaptation (i.e. a fixed schedule of parameter values), adaptation on the population level e.g.
on the basis of statistics, and self-adaptation for each candidate solution where “good” parameters are
evolved in each individual by means of the evolutionary process [11].
Where we discussed so far the two kinds of operators separately there is work which stresses rather
the similarities, e.g. theoretical findings where recombination operators emulate the behavior of selfadaptive mutation [7] and the viewpoint of recombination as little phenotypic variation [16]. These are
hints that the operators are probably more interchangeable than is assumed today.

5. Schemata, Formae, and Price
One main motivation for and explanation of genetic algorithms has been the controversially discussed
schema theorem [22] which predicts the growth of certain genotypic characteristics within the population
by analyzing the parallel processing in the hyperplanes. The idea is that the population searches in
parallel in many different hyperplanes of the search space for useful building blocks which are used
in the further processing of the algorithm to construct competitive complex solutions. We discuss the
schema theorem within the more general formae theory [30] and examine how these findings may be
interpreted within the network of local interactions.
The complete search space may be divided into several equivalence classes by considering certain
genotypic (or phenotypic) characteristics. Such an equivalence class is called a forma. Examples are
certain bit patterns at fixed positions in a bit string – such a forma is called schema – or the occurrence
of certain edges in a candidate solution for an instance of the traveling salesman problem. The following
lemma states how the occurrence of a forma in the population is affected by one generation.
Lemma 5.1. Let P (t) = A(t,i) 1≤i≤n be a population at generation t. Let v be a forma. Then, the sequential application of parental selection Sel, recombination R, and mutation M changes the frequency
of instances of the forma in the population as follows,
E(v, t + 1) ≥ ESel (v, P (t) ) (1 − PM,v − PR,v ) ,

(4)

where ESel (v, P ) is the expected number that instances of v are chosen as parent, P M,v is the probability
that M destroys the forma property, and P R,v analogously for recombination R with an arbitrary partner.
This lemma can be directly derived from the sequential application of the operators [22].
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One instance of this lemma is the schema theorem for binary strings and standard genetic algorithms where, as property, predefined values are required at certain defining bit positions – the other
positions may be filled with arbitrary values. Then, the theorem predicts an above average growth for
those schemata with above average fitness and few defining positions that are arranged close together.
Lemma 5.1 is relatively weak since only the preservation and not the creation of schema instances is
considered. Recently, a number of schema theorems have been shown which predict the growth in the
population in a more exact way [41]. These schema theorems are exact models of the search space
dynamics.
When the schema theory came up, the conclusion was drawn that for all problems a coding using
an alphabet of low cardinality should be chosen [19] in order to maximize the number of hyperplanes
that are searched. But the “No Free Lunch” theorems, mentioned above, imply that a good encoding,
creating sensible schemata or building blocks for a set of problems, will not work for another set of problems. As a consequence the encoding or representation must be chosen problem specific. The general
notion of formae provides certain principles [30, 31] how the ensemble of representation, mutation, and
recombination should be chosen to get the positive effects of building block growth.
First of all, if redundancy in the encoding of the problem cannot be avoided, the redundant candidate
solutions with high fitness should be gathered in the same formae. Then, those characteristics responsible for high fitness are identical and may be identified by the search algorithm. Also, the fitness values
of formae with low precision, i.e. covering big fractions of the search space, should be correlated. The
reason for this principle is that low precision formae may be understood as building blocks which may
be combined to more complex candidate solutions – but only if the average fitness of instances of such
a forma is representative, which should be guaranteed by the correlation, they can spread their genes.
In order to guarantee a proper refinement within the search process and combination of the different
characteristics, the set of all considered formae should be closed under intersection. The recombination operator should respect any common forma of two parents and produce only offspring that are also
instances of this forma. This guarantees that common properties are inherited by the offspring. Furthermore, if two formae are compatible, i.e. there exists an individual which is instance of both formae,
recombination should also be possible for any pair of individuals where one individual is instance of the
first forma and the other of the second to create an individual which is element of both formae. This
last principle guarantees that it is actual possible to use the refinement of formae discussed above and
build up candidate solutions using those building blocks. In order to have a mere combining recombination it is also possible to require that each atomic forma (i.e. it cannot be split up into several formae)
within an offspring is already contained in at least one parent. Otherwise the recombination performs
implicit mutations. However, if all those design principles are fulfilled each operator gets a strict role
assigned. Recombination is supposed to be able to combine and conserve positive characteristics and
mutation guarantees that each candidate solution in the search space is reachable. Note, that this is only
one possible setup for the interaction of operators.
However, all those schema (or forma) theorems make only a meaningful statement if the above average fitness of a forma is still present in the new offspring. That means it assumes that there is a high
correlation between the parents’ and the offspring’s fitness. This correlation is made explicit as a prerequisite in Price’s Covariance and Selection Theorem introduced to evolutionary computation by Altenberg
[1]. From this theorem, not only a variant of the schema theorem may be derived but also the following theorem which gives important insight into the internal processing of evolutionary algorithms. It
quantifies the change in the fitness distribution directly using the recombination operator and the kind
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of schemata processed by this operator, the covariance concerning the fitness between parents and offspring, the frequency of the schemata in the population, and the average fitness of schemata and the total
population.
Theorem 5.1. (“Missing” schema theorem)
The change in the fitness distribution from generation t to generation t + 1 can be measured by the
percentage QuInd w of individuals better than quality threshold w. (QuInd w (A) is the indicator function
whether F (A) > w). Then, for an algorithm with fitness proportional selection, a mere combining
recombination, and no mutation the change results in
(t+1)

(t)

− QuInd w =
#
"
X
F Hθ (A) F Hθe(A)
−
pθ Cov QuInd w (A),
2
F
θ∈P({1,...,l})

QuInd w

X

A∈G

(pA − pHθ (A) pHθe(A) )(QuInd w (A) − QuInd w )

F Hθ (A) F Hθe(A)
F

2

!

where the mask θ is an index set determining the genes from the first parent and p θ is the probability
that mask θ is used by the operator. θe = {1, . . . , l} \ θ is the index set of the genes from the second
parent. Hθ (A) and Hθe(A) are the schemata describing possible parents for the creation of A, p H denotes
the respective frequencies of instances of the schema in the population, and F Hθ (A) and F Hθe(A) are the
average fitness values of those instances.
For a proof refer to [1].
Several conclusions can be drawn from this theorem. First, contrary to the schema theorem not all
schemata are relevant to the search process but only those which are actually created by the functioning
of the recombination operator (quantified in the probability p θ of mask θ). Moreover, those schemata
occur in complementary pairs (Hθ (A) and Hθe(A)) covering all indices of the individuals. In order to
get a considerable effect on the fitness distribution, there should be a positive covariance between the
average fitness of these schemata and the quality of the created offspring. Furthermore, it makes the
coherence between the schemata’s and their offspring’s occurrence and the offsprings above or below
average quality obvious with respect to the fitness distribution change. As a consequence this theoretical
result may be used to examine recombination operators with respect to their effects on the search process
and to tune operators by increasing the probabilities of the masks θ with a positive effect on the fitness
distribution. The effect of recombination masks can be determined statistically.

6. Modeling the search process
All previous sections provide only a microscopic insight into the working principles of evolutionary
algorithms. Although these principles are important for the understanding and the design of effective
algorithms, a macroscopic view is also of interest where the complete search process is the focus of an
examination.
One common technique is the use of Markov models [34, 35]. They enable statements on the limit
behavior, e.g. the convergence to the global optimum, as well as on finite time behavior, e.g. convergence
time. However, the latter results have only been shown for rather simple problems and algorithms.
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Another technique to analyze genetic algorithms macroscopically is given by statistical mechanics
models [29]. In this model the population dynamics are described by few macroscopic quantities like
cumulants of the fitness distribution of the population assuming that the remaining microscopic degrees
of freedom can be averaged out. In formulating a genetic algorithm as a statistical mechanics model it is
possible to predict the average convergence time and the average fitness of the final population at least
for simple problems.
A third exact modeling technique are the already mentioned exact schema theorems [41, 28, 27] that
can be used to give exact predictions on how the number of schemata in the population changes.
Apparently, those techniques help to increase the understanding of evolutionary algorithms – especially for very simple algorithms and problems where interesting statements are possible. Then, their
global perspective can help to evaluate the complete algorithm. But, the omission of complex problems
and the restriction to the complete ensemble of operators and selection helps little for the development
of the proposed networked understanding. In addition, they cannot guide the design of new algorithms
which makes them also less interesting to the practitioner.
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Figure 3. Exemplary network of relations and interactions unfolded in this article. The semantic of the lines is
explained in Table 2 in detail.
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genotype

mutation

possible operating schemes of the mutation are influenced by the genotype

mutation

exploration

rather random mutations support exploration

mutation

exploitation

phenotypic local mutations support exploitation

mutation

diversity

the strength of the mutation has a direct effect on the
diversity

mutation

local optima

very local mutation operators preserve phenotypic
local optima, discontinuous operators might induce
even more local optima

recombination

exploration

extrapolating operators support exploration

recombination

exploitation

contracting operators support exploitation

div./recomb.

mutation

if diversity is low a contracting recombination operator may dampen huge mutation outliers (genetic
repair theory)

diversity

recombination

high diversity supports manifold recombination

selection

exploration

low selective pressure supports exploration

selection

exploitation

high selective pressrue supports exploitation

selection

diversity

selection decreases diversity usually

div./recomb.

exploration

combining recombination supports exploration if the
diversity is high

div./recomb.

exploitation

combining recombination supports exploitation if
the diversity is low

exploration

diversity

high exploration increases the diversity

exploitation

diversity

high exploitation decreases the diversity

diversity

selection

low diversity (implying similar fitness values) has
usually a negative effect on fitness proportional selection

recombination

formae proc.

fulfilled forma design rules support an effective formae/schemata processing

formae proc.

search progress

if forma processing works according to the schema
theorem and the missing schema theorem, positive
effects concerning the search progress can be assumed

local optima

search progress

many local optima hinder the search progress

expl./expl./sel.

search progress

good balance between exploration, exploitation, and
selective pressure is essential for the search progress

Table 2. Additional remarks to the interactions in Figure 3.
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7. Discussion
During the last years the isolated view of the paradigms has been replaced by a general understanding of
evolutionary computation. This trend continues with small steps towards a unified theory. For a long time
the major working principles, parallel search in hyperplanes by recombination and local improvement
by mutation, have been antagonistic philosophies for using evolutionary algorithms. In the first case an
encoding with an alphabet of small cardinality was postulated [19] where the latter philosophy requires
rather problem-given representations [15]. A unified theory, integrating both working principles, might
overcome those restricted viewpoints. This could also lead to a better understanding of the nuances and
trade-offs between those extremes.
This article reviews a number of prominent theoretical results and working principles with the goal
to identify local interactions. In their sum, they result in a networked understanding of evolutionary
algorithms. The identified network is shown in Figure 3 and explained in detail in Table 2. Due to the
rather superficial approach within this article, many details are missing and certain interactions are rather
vague. There are also many important factors which are still unknown – leaving certain gaps within the
network.
Although the approach of this article is rather superficial, the resulting network is a good starting
point for reasoning on how operators influence each other. The integration of different views within one
network helps to hypothesize on an abstract level on possible interactions within the search dynamics.
Recently, an approach has been proposed how the presented network may be extended to a qualitative
model of typical evolutionary algorithm dynamics [43]. This qualitative model has the valuable advantage that problem characteristics may be considered which is necessary to support the development of
problem-specific evolutionary algorithms. In [43] a representation for the qualitative model as well as
the empirical derivation of one interaction from experimental data has been shown.
The presented networked understanding of evolutionary algorithms appears to be a promising contribution to integrate both research and development of evolutionary algorithms. The next years will show
how the presented model and the qualitative model in [43] “evolve”. The goal is the establishment of a
top-down design process supported by theoretical findings and empirical investigations.
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