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Abstract—The importance of domain knowledge in the design
of effective evolutionary algorithms (EAs) is widely acknowledged
in the meta-heuristics community. In the last few decades, a
plethora of EAs has been manually designed by domain experts
for solving domain-specific problems. Specialization has been
achieved mainly by embedding available domain knowledge into
the algorithms. Although programming libraries have been made
available to construct EAs, a unifying framework for designing
specialized EAs across different problem domains and branches
of evolutionary computing does not exist yet. In this paper, we
address this issue by introducing an evolutionary computing
modeling language (ECML) which is based on the unified mod-
eling language (UML). ECML incorporates basic UML elements
and introduces new extensions that are specially needed for the
evolutionary computation domain. Subsequently, the concept of
meta evolutionary algorithms (MEAs) is introduced as a family of
EAs that is capable of interpreting ECML. MEAs are solvers that
are not restricted to a particular problem domain or branch of
evolutionary computing through the use of ECML. By separating
problem-specific domain knowledge from the EA implementation,
we show that a unified framework for evolutionary computation
can be attained. We demonstrate our approach by applying it to
a number of examples.

Index Terms—Evolutionary algorithms, high-level languages,
high-level modeling, UML.

I. Introduction

SPECIALIZATION is an important issue for solving opti-
mization problems. While general-purpose algorithms can

be applied to a larger variety of problems, they are generally
outperformed by algorithms that have been specifically de-
signed to solve a particular problem. However, an algorithm
that outperforms another algorithm for solving a particular
class of problems will perform worse for solving at least
one other class of problems. This insight is known as the
no free lunch theorems [1]. Essentially these theorems state
that the average performance of an algorithm over all classes
of problems remains constant. A performance advantage for
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a particular class of problems can only be achieved by ac-
cepting a degraded performance for at least one other class of
problems. Although it has been shown that the no free lunch
theorems do not necessarily apply under certain circumstances
[2], [3], their implications on the design of problem solving
algorithms are well recognized.

The importance of using domain knowledge in the de-
sign of effective evolutionary algorithms (EAs) is widely
acknowledged, not only as a consequence of the no free lunch
theorems, but also as a result of experience with practical
applications in this area. Specialization is achieved mainly
by embedding (i.e., hard-coding) available knowledge about a
problem into the algorithms. An overview on the various ways
to incorporate domain knowledge into EAs was described by
Bonissone et al. [4]. Domain experts use their knowledge
about a problem to choose a representation that ideally cap-
tures all the important features of the problem. In addition,
they design specialized operators and choose parameters that
are known to suit the problem at hand. This has led to
a large variety of (sometimes highly) specialized EAs and
meta-heuristics that have been developed to solve a particular
problem.

Adapting a specialized EA to another problem may be
difficult and thus not desirable in many cases. For ex-
ample, different problems may require different operators
and/or genotype representations. In the last few decades, a
plethora of EAs has been manually designed by domain
experts for solving specific problems. Many noteworthy EA
libraries have been made freely available and used to construct
problem-specific EAs. For example, this includes the GAlib,1

EOlib2 [5], and EASEA3 [6]. The presence of EA libraries
helps to reduce the amount of programming efforts and
time required by providing commonly used genotype repre-
sentations and evolutionary operators for rapid development
of EAs.

Although EA libraries can be used to construct different
algorithms, they do not provide the means to describe EAs
on an abstract level, i.e., to create blue-prints that highlight
the characteristic features of EAs. Domain knowledge used
to design an EA is reflected by its implementation (i.e.,
source code) and thus inseparably embedded into the EA. A

1Available at http://lancet.mit.edu/ga.
2Available at http://eodev.sourceforege.net.
3Available at http://sourceforge.net/projects/easea.
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different approach would be to separate domain knowledge
from the implementation of the EA. Given: 1) a high-level
description language to specify relevant problem-specific meta
information, and 2) an appropriate algorithm that is capable
of interpreting the language, EAs can be constructed that are
not a priori specialized for a particular problem but capable of
exhibiting specialized behavior based on the meta information
provided about the problem at hand.

An example for high-level approaches is grammar-based
approaches, such as grammar-based genetic programming
[7] or grammatical evolution [8]. Different problems can
be supported by providing problem-specific grammars.
For example, Jung and Reggia [9] presented a descriptive
encoding language that makes use of a problem-specific
grammar which can be used to evolve designs of neural
networks. Their high-level descriptive language, however, is
specially designed for neural networks and is thus not directly
applicable to other domains. A more general approach is
described by Veenhuis et al. which allows specification of
EAs on an abstract level using XML [10], [11]. Although this
includes specification of genotypes and various algorithmic
aspects (e.g., operators), it has several shortcomings. For
example, it does not support grammars and constraints.

Existing approaches either do not consider any form of
high-level specification or have been designed for a particular
problem or branch of evolutionary computing. Although ex-
isting approaches, most notably grammar-based approaches,
address some of these issues, a unified approach remains
an open issue. For example, grammar-based approaches have
been mostly used for genetic programming and it is not clear
how applicable they are to problems from other domains. A
formal general-purpose language that can be used across all
branches of evolutionary computing to model problems across
different domains would thus be a first step toward a unifying
framework.

We present a general-purpose approach that can be used
across the different branches of evolutionary computing and
address some of the limitations of existing approaches. For
this purpose, we propose a formal evolutionary computing
modeling language (ECML), based on the unified modeling
language (UML) [12], that allows the design of problem-
specific genotypes. This includes specification of the structure
and encoding of genotypes as well as relevant details regarding
the processing of genotypes. In addition to the proposed
ECML, we introduce the concept of meta evolutionary algo-
rithms (MEAs) as a class of EAs that is capable of interpret-
ing ECML-based genotype models and processing genotypes
accordingly. MEAs are meta algorithms because their search
mechanisms and behavior are defined by the meta information
specified in the genotype model. Furthermore, MEAs can be
designed as interpreters which allow them to dynamically
adapt their behavior as the meta information is changing.

The remainder of this paper is structured as follows. In
Section II, we give an overview of different kinds of meta
information that is considered by ECML. In Section III,
we introduce ECML which can be used to formally specify
problem-specific genotype models. In Section IV, we describe
the concept of MEAs and introduce our proof-of-concept

implementation MEAα. Subsequently, we apply ECML and
MEAα to several complex optimization problems, including
a dynamic optimization problem to demonstrate the flexibility
and efficacy of the proposed approach in Section V. This is
followed by a discussion and our conclusions in Sections VI
and VII, respectively.

II. Meta Information: Genotype Representations,

Operators, and Constraints

An important issue for improving the performance of an
EA is the selection of an appropriate genotype representation
[13]. A good representation captures important features of the
problem domain that are necessary to effectively solve the
problem [39]. To date, there exist a large variety of geno-
type representations. For example, string and matrix structures
are commonly found in the context of genetic algorithms, evo-
lutionary programming, evolutionary strategies, and learning
classifier systems. In genetic programming, on the other hand,
tree structured genotypes are used. Encoding of genotypes
includes binary-, integer-, real-, and mixed coding. More
recently, some work has encoded information regarding the
logical structure as part of the genotype. For example, analog
genetic encoding [14], used to evolve analog circuits and
networks (hence the name), incorporates special tags into the
genotype to indicate the type of information that follows.
Nevertheless, meta information regarding the structure and
encoding of the genotype is usually not provided.

Most components of an EA require knowledge about the
genotype and its representation. For example, this includes
variation operators, i.e., recombination and mutation operators.
In addition to selecting an appropriate representation it is also
important to select appropriate operators that suit the problem
and the chosen genotype representation. Some variation oper-
ators are more generally applicable than others. For example,
a uniform crossover operator can be applied regardless of
how genotypes are encoded. In contrast, arithmetic crossover
operators are only useful for integer-coding or real-coding
genotypes. There are also EA components that generally do
not require any knowledge about the genotype. For example,
selection operators are concerned with the quality of individ-
uals (in terms of some fitness metric) and thus do not require
knowledge about the genotype representation.

Another important issue that has to be considered is con-
straint handling. There are various methods that are commonly
used for constraint handling. For example, this includes penal-
izing or repairing genotypes that do not satisfy constraints.
Another constraint handling method is to use an indirect
encoding of solutions to the problem. Moreover, it is also
possible to make use of knowledge about constraints to design
operators that prevent the generation of genotypes that do not
satisfy the constraints altogether. This method requires the
EA to be aware of constraints. For example, in the context
of high-level approaches, attribute grammars can be used to
specify semantic information that is exploited by the EA when
evolving the genotypes [15].

Domain knowledge that has been used at design time
to construct an EA is reflected by the choice of genotype
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representation, operators, and constraint handling methods. As
explained above, we aim at separating this kind of knowledge
from the actual implementation. We believe that the genotype
representation is essential in this regard as many components
of an EA rely on knowledge about the genotype. For this
reason, we have chosen a genotype-centric approach and focus
on the specification of genotype models using ECML. This
not only includes meta information regarding the structure and
encoding of genotypes but also meta information regarding the
various processing aspects and constraints.

III. Genotype Specification

We aim at proposing a formal modeling language which can
be widely accepted within the community. UML is a general-
purpose modeling language and has been chosen as the basis
for ECML because it is a formal language (all elements have
a well-defined meaning), it is an industry standard, extensible,
and supports constraints. In addition, UML is neutral because
it is not associated with a specific problem or branch of
evolutionary computing. An introduction to UML, including
references to the corresponding literature, can be found in [16].

UML provides a formalism that allows the modeling of
the various artifacts of a system. This formalism includes
various standardized modeling elements and a well-defined
notation. Although its original purpose is to model software
systems, UML can also be used to model non-software sys-
tems. For example, the systems modeling language (SysML)
is a general-purpose language that uses a subset of UML
elements to support the specification, analysis, design, and
verification of complex systems [17]. Similarly, ECML is a
general-purpose language that is used to model genotypes and
related processing aspects of an EA. For this purpose, ECML
uses basic UML elements and introduces extensions that are
specially needed in the context of evolutionary computing.

Two important advantages of UML are the support of
constraints and its extensibility by means of stereotypes and
profiles.

1) Constraints may be expressed as plain text or by for-
mal means. For example, the object constraint lan-
guage [18], which supplements UML, can be used for
this purpose. Constraints are enclosed by braces (i.e.,
{constraint}) and attached to the corresponding
modeling element.

2) Stereotypes are used to extend the core semantics of
UML with semantics that are needed in the context
of a particular domain. A stereotype is enclosed by
guillemets (i.e., «stereotype») and is attached to
the corresponding modeling element. By doing so, the
modeling element is marked as the one that has a specific
meaning in the domain context.

3) Profiles are specifications of common model elements
within a specific domain context. For example, SysML
is defined as a profile which extends UML by a set
of elements that are specifically needed for modeling
complex systems.

In the remainder of this section, we will describe the various
modeling elements that are specially needed in the context

of evolutionary computing. We also introduce a number of
semantic extensions using corresponding stereotypes.

A. Genotype Encoding and Structure

A genotype model defines the structure and encoding of
genotypes in the context of a particular problem. ECML
provides two kinds of modeling elements that can be used
to specify genotype models: entities and relationships.

1) Entities: Entities are used to define the various building
blocks, such as genes, that are needed to model genotypes for
a particular problem.

A gene is defined as “a locatable region of genomic
sequence, corresponding to a unit of inheritance, which is
associated with regulatory regions, transcribed regions, and/or
other functional sequence regions” [19]. Alleles are the dif-
ferent possible forms of a gene. Phenotypic traits depend on
how corresponding genes are expressed, i.e., which alleles
are present at the particular locations of the genome that are
associated with the corresponding genes. For example, the eye
color in humans is a phenotypic trait and depends on how the
genes, that are associated with encoding the eye color, are
expressed by corresponding alleles (e.g., blue or green). A
genome is the complete genetic information of an individual.

Similarly, in the context of evolutionary computing, we
consider genes as the basic building blocks that constitute
the genotype of an individual. In addition, alleles are used
for coding purposes. A genotype consists of a number of
genes that, depending on their location in the genotype, are
associated with different problem-specific features. They are
identified by the «gene» stereotype. The notation for genes
is illustrated in Fig. 1(a). For example, consider the family of
knapsack problems [20]. This kind of problem is concerned
with the optimal selection of items, each being associated
with a profit and a weight, in order to maximize the overall
profit while not exceeding a total weight limit. Genotypes
for the knapsack problem can be modeled by using genes to
encode the selection of items. Each gene is expressed by an
allele that indicates whether a particular item is selected or not.
The genotype is thus a sequence of “yes” and “no” alleles in
which the ith allele corresponds to the ith item.

We distinguish between two types of alleles: symbolic
alleles and numerical alleles. For example, in the knapsack
problem described above, symbolic alleles are used to indicate
selection. Unlike symbolic alleles, numerical alleles can be
used to perform arithmetic operations. Valid numerical values
for expressing a particular gene are modeled by an interval
with lower bound lb, upper bound ub, and resolution r. The
resolution is used to specify the accuracy of the numerical
values. An interval thus represents a set of numerical values
{lb, lb+r, lb+2r, . . . , ub−2r, ub−r, ub}. We further distinguish
between integer-value and real-value numerical alleles, iden-
tified by the «int(lb,ub,r)» and the «real(lb,ub,r)»
stereotypes, respectively. Symbolic alleles are considered as
default type and thus not explicitly marked as such. The
notations for the various types of alleles are illustrated in
Fig. 1(b)–(d).

Multiple building blocks can be grouped together and
treated as a higher-order building block. For this purpose,
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Fig. 1. Notation of modeling elements used for (a) genes, (b) symbolic
alleles, (c) integer-value alleles, (d) real-value alleles, (e) cluster entities, and
(f) root entities.

the concept of clusters is introduced. Unlike genes, cluster
entities are not used for coding purposes, i.e., they are not
expressed by alleles. Instead, they are used to represent higher-
order building blocks. Cluster entities play an important role
for structuring genotypes. For example, later in Section V-A
we discuss a representation for a job-shop scheduling problem
that makes use of cluster entities to structure the genotype. A
cluster entity is identified by the «cluster» stereotype. A
cluster with a special meaning is the root entity which indicates
the starting point for interpreting the genotype model. It has
to appear exactly once in a genotype model and is identified
by the «root» stereotype. The notations for cluster and root
entities are illustrated in Fig. 1(e) and (f), respectively.

2) Relationships: ECML defines three kinds of relation-
ships: expression, association, and activation relationships.

a) Expression relationships: When specifying the geno-
type model for a particular problem, it is necessary to indicate
which alleles can be used to express a certain gene. For this
purpose, the expression relationship is used. It connects an
allele with a gene. Depending on the problem, there might be
several alternative alleles for expressing a gene. For example,
in the knapsack example above, a gene can be expressed by
either one of two possible alleles. In such a case, there can
be multiple expression relationships, involving the same gene
and different alleles, to define the possible alternatives for
expressing the gene. The notation for expression relationships
is illustrated in Fig. 2(a). This example illustrates a gene G

which can be expressed by a symbolic allele a.
b) Association and activation relationships: Many prob-

lems require the definition of multiple genes of the same kind.
For example, consider the knapsack problem described above.
Depending on the number of selectable items, there has to
be a corresponding number of genes in the genotype. For
this purpose, association relationships are used. They establish
one-to-many relationships between two building block entities
(i.e., gene or cluster entity). This allows us to specify the
multiplicity of a building block relative to another. The exact
multiplicity is an attribute of the relationship. The notation
for association relationships is illustrated in Fig. 2(b). This
example illustrates two genes G1 and G2 which are associated
with each other. For each instance of gene G1 there are
exactly m instances of gene G2. The naming convention for
association relationships is Rname, where name is the name of
the relationship.

Another relationship, which is similar to an association
relationship, is the activation relationship. It indicates whether
a particular building block is present in the genotype or not,

Fig. 2. Notation of relationships used in the genotype model for (a) expres-
sion, (b) association, and (c) activation.

depending on the expression of a particular gene. Unlike an
association relationship, which connects two gene or cluster
entities with each other, an activation relationship connects
an allele with a gene or cluster entity. Similarly to association
relationships, it is possible to specify the multiplicity of an ac-
tivation relationship. The notation for activation relationships
is illustrated in Fig. 2(c). This example illustrates an allele a

which activates m instances of gene G. For each appearance
of allele a there are m instances of gene G in the genotype.
The naming convention for activation relationships is the same
as for association relationships.

3) Example Genotype Models M1 and M2: The genotype
model M1, illustrated in Fig. 3(a), consists of two genes G1

and G2. Corresponding expression relationships indicate that
gene G1 can be expressed by the symbolic alleles a or b.
Furthermore, it is indicated that gene G2 can be expressed
by the symbolic alleles c or d. There are three instances of
gene G1 in every genotype instance created, based on this
model. This is indicated by the association relationship R1

which connects the root entity M1 with gene G1. Whether or
not there will be any instances of gene G2 in the genotype
instance depends on how the various instances of gene G1 are
expressed. For each instance of gene G1 which is expressed
by symbolic allele b, there are two more instances of gene G2.
This is indicated by the activation relationship R2.

Although the size of genotype instances for genotype model
M1 is not fixed, it is limited to a maximum of three G1 and six
G2 instances. In contrast, the genotype model M2, illustrated in
Fig. 3(b), can grow arbitrarily large during the process of evo-
lution. Genotype instances based on genotype model M2 have
at least three G1 instances (because of association relationship
R1). For each G1 instance there is a G2 instance (because of
association relationship R2) and depending on how this gene is
expressed (either y or n), there are more G1 instances (because
of activation relationship R3). Circular relationships, such as in
genotype model M2, effectively allow the genotype structure to
grow during the process of evolution. This makes it possible to
apply our approach in genetic programming and grammatical
evolution (see Section V-C for details).

The actual genotype representation depends on the EA
implementation. Later in Section IV-A we discuss our proof-
of-concept MEA implementation and explain how these two
examples are represented.

B. Genotype Processing Meta Information

The various entities and relationships described above can
be used to model the problem-specific genotype structure
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Fig. 3. Example for genotype models using (a) non-circular relationships and (b) circular relationships.

Fig. 4. Notation of extensions for specification of meta information re-
garding processing aspects: “var” stereotypes assigned to an (a) association
relationship and an (b) activation relationship, a (c) “ls” stereotype assigned
to an entity, an (d) “ap” stereotype assigned to an expression relationship, and
a (e) “pdf” stereotype assigned to an entity.

and its encoding. In addition, a number of extensions are
introduced in order to specify meta information regarding the
various processing aspects of an EA.

1) Variation Operators: An important aspect of an EA is
the creation of new individuals. This is done by applying vari-
ation operators (i.e., recombination and mutation) to selected
individuals of the population. What kind of variation opera-
tions to use depends on the problem. ECML allows to assign
variation operators to association and activation relationships
by using a corresponding stereotype. The “var” stereotype
is defined as «vartype:method(pvar, v0, . . . , vn−1)», where
method indicates the particular kind of variation operator,
pvar is the probability that the method is performed, and
v0, . . . , vn−1 are optional parameters that might be required by
the method. With type we further distinguish between “var”
stereotypes for recombination «varrc:...» and mutation

«varmt:...».
Multiple variation operators might be applicable to the same

relationship. For this purpose, it is possible to attach multiple
“var” stereotypes to the same relationship. In addition, it
is possible to specify different recombination operators for
different association or activation relationship. Effectively this
means that different variation operations are performed for
different parts of the genotype. This applies to recombination
operators and mutation operators likewise. If no variation

operator is specified along a particular relationship, then there
will be no such operation performed for the corresponding part
of the genotype. The notation of the “var” stereotype, attached
to an association relationship and an activation relationship, is
illustrated in Fig. 4(a) and (b), respectively.

2) Local Search: EAs are sometimes used in combina-
tion with a local search method in order to improve the
performance. These so-called memetic algorithms [21] have
become popular because their performance is often signifi-
cantly better as compared to EAs that do not perform local
search. Depending on the problem, different kinds of local
search methods have to be used. For this purpose, we in-
troduce the “ls” stereotype which indicates that a specific
local search method is applied. This stereotype is defined as
«ls:method(pls, v0, . . . , vn−1)», where method indicates the
particular kind of local search method, pls is the probability
that the method is performed, and v0, . . . , vn−1 are optional
parameters that might be required by the method. The notation
of the “ls” stereotype is illustrated in Fig. 4(c).

3) Allele Probability Distribution: When creating or mu-
tating genotypes, alleles are often chosen randomly according
to some probability distribution. Usually, these probabilities
are uniformly distributed among all possible alleles. It is
possible to specify a non-uniform allele probability distribution
by using domain knowledge. For this purpose, we introduce
the “ap” stereotype which is attached to any expression rela-
tionship and allows the specification of a non-uniform allele
probability distribution. It is defined as «ap=pa», where pa

is the probability of the specific allele to be selected. As a
result, some alleles are selected more frequently than others.
This effectively causes the search to be biased toward a certain
region in the search space. The notation of the “ap” stereotype
is illustrated in Fig. 4(d).

In case there are multiple numerical alleles for a gene,
then one allele is selected with a corresponding probabil-
ity pa. Effectively, this means that a particular interval is
selected with a probability pa. However, for the selected
interval, all possible values are equally likely. This means
that a uniform probability distribution function is implicitly
assumed for selecting a specific value within a particular value
range. Alternatively, it is possible to specify a customized
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Fig. 5. General genotype model MKS,G of the knapsack problem, defining
the structure and encoding of the genotype.

probability distribution function using the “pdf” stereotype.
It is defined as «pdf:type(v0, . . . , vn−1)», where type is the
particular distribution function to be used and v0, . . . , vn−1 are
optional parameters that might be required by the probability
distribution function. The notation of the “pdf” stereotype is
illustrated in Fig. 4(e). Note that the use of the “pdf” stereotype
is only meaningful for numerical alleles.

C. Modeling Example

We illustrate the use of ECML for specifying genotype
models for a particular problem by using the knapsack problem
as example. The genotype structure of the knapsack problem
is rather simple. Items are represented by corresponding Item

genes, of which each of them can be expressed by either a
yes or no allele. Symbolic alleles have been chosen because
selecting items is a discrete decision which does not require
numerical encoding. Each of the possible outcomes of this
decision is represented by a unique symbolic allele. The choice
of symbols is irrelevant as long as the decoding mechanism is
able to distinguish between them. A single association relation-
ship Ritems is used to connect the root element with the Item

gene. This relationship allows us to specify the multiplicity m,
i.e., the number of items considered for a particular problem
instance. The general genotype model MKS,G for the knapsack
problem is illustrated in Fig. 5.

In addition to specifying the structure and encoding of
genotypes, it is necessary to add meta information regarding
the processing aspects. For example, we need to specify
information regarding the various variation operators. In case
of the knapsack problem, a standard operator such as the one-
point crossover, indicated by «varrc:onepoint(0.6)»,
works well. The probability that this operator is applied when
processing genotypes is pvar = 0.6. The operator does not
require any additional parameters. Similarly, we specify that
a random mutation operator is applied with a probability
of pvar = 1.0 using the «varmt:rand(1.0, 1/m)»

stereotype. This mutation operator has an additional parameter
v0 = 1/m that indicates the mutation rate used by the operator.

Domain knowledge can be used to improve the performance
for solving particular problem instances. For this purpose, it is
sometimes useful to bias the selection of alleles during gen-
eration of individuals or performing mutation. For example,
Khuri et al. bias their genetic algorithm to a particular problem
instance by specifying a probability of 5% that an item is
selected [22]. By doing so, they are able to achieve better
results as compared to an unbiased version of their genetic
algorithm. Such a bias can be specified in the genotype model
by using the “ap” stereotype. The specialized genotype model
MKS,S , illustrated in Fig. 6, reflects this improvement.

Fig. 6. Specialized genotype model MKS,S of the knapsack problem featur-
ing stereotypes that indicate the choice of variation operators and a customized
allele probability distribution.

IV. A Meta Evolutionary Algorithm: MEAα

Meta evolutionary algorithms (MEAs) refer to a family of
EAs that is capable of interpreting high-level specifications
(i.e., genotype models presented in ECML) and behaving
accordingly. The behavior of a MEA can thus change dur-
ing runtime if the information provided by the genotype
model changes. This includes changes regarding operators
(e.g., recombination, mutation, and local search) as well as
changes in the genotype structure or its encoding. Different
problems require different operators. Therefore, a MEA has
to be equipped with a repository of supported operators. For
example, EA libraries such as the ones mentioned above can be
used for this purpose. During runtime, corresponding operators
are selected on demand. Selection of operators is based on
the meta information provided by the genotype model, which
specifies what operators can be applied to a particular part of
the genotype.

We have developed MEAα, a proof-of-concept Java im-
plementation of MEA. MEAα is designed to be an inter-
preter that adapts its behavior dynamically depending on the
meta information provided by the genotype model. While
the schematic outline of MEAα follows that of standard
EAs, its exact behavior depends entirely on the information
specified in the genotype model. For example, whether or not a
particular local search operator is applied depends on whether
the corresponding “ls” stereotype is specified in the genotype
model. Similarly, what kind of variation operation is applied to
a particular part of the genotype depends on the corresponding
“var” stereotype associated with a particular relationship.

MEAα is designed to be a solver which can be applied
to any problem for which there is a suitable genotype model
available. However, the algorithm itself cannot evaluate the
individuals of a population (i.e., genotype instances) regarding
their fitness. Neither can it compare two genotype instances
and determine which one is better. These functions are inher-
ently application-specific. We therefore assume that for every
problem there is an application-specific evaluation function
fE : g → y which maps a genotype instance g to a
performance value y. In addition, we assume that there is
an application-specific comparison function fC : yi, yj →
{true, false} which indicates whether a performance value yi

is better than or equal to another performance value yj . An
outline of MEAα is illustrated in Fig. 7.

The binary relation � is used to determine the partial order
of individuals in the search space X based on their associated
performances by using the comparison function fC. It holds
that gi � gj if and only if fC(yi, yj) = true (i.e., if performance
yi is better than or equal to performance yj). It is assumed
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Fig. 7. Outline of MEAα. Corresponding local search and variation operators are provided by a repository and chosen during runtime. Initialization, local
search, and reproduction make use of information provided by a genotype model �.

that for each problem, there is a non-empty set of optimal
individuals XO ⊂ X for which the following holds:

∀gi, gj ∈ XO : gi � gj ∧ gj � gi (1)

∀gi ∈ XO, gj ∈ X\XO : gi ≺ gj. (2)

This means that all individuals in XO are equal in terms of
their performance (1) and the individuals in XO are better than
the remaining individuals in X (2). The objective of the search
performed by MEAα is to find XO.

Some aspects of an EA are not covered by ECML in its cur-
rent form. For example, parent selection and termination con-
ditions are not specified by ECML. For our proof-of-concept
implementation MEAα we make use of a tournament operator
to perform parent selection. In addition, a fixed number of gen-
erations are used as termination condition. The functions fE

and fC are provided externally in the form of problem-specific
classes that implement corresponding interfaces. MEAα does
not impose any restrictions or requirements regarding how
fitness evaluation is actually done. This can be done by solving
mathematical equations, using discrete event simulation, or
any other process that is appropriate for the particular problem
at hand. Later, in Section V, we will describe application
examples and explain fE and fC used for these applications.

A. Genotype Generation

The genotype instances generated by MEAα are hierar-
chically structured as a direct result of the one-to-many
relationships in the genotype model, i.e., genotype instances
are tree structures. The various entities and relationships in the
genotype model are reflected by nodes and links in genotype
instances, respectively.

The initial population is created by generating a number of
random genotype instances. A random genotype instance is
created by parsing the genotype model and creating a corre-
sponding number of nodes for each entity that is encountered.
The exact number of nodes that are created depends on the
multiplicity m of the corresponding association or activation
relationship. Each of the created nodes is child nodes that are
connected to their parent node by a corresponding link set.
Parent and child nodes are nodes that correspond to the entities
indicated on the left-hand side (from entity) and the right-
hand side (to entity) of a one-to-many association/activation

relationship, respectively. Each child node will be assigned a
node index 0 . . . m−1 which allows to identify nodes that are
connected by the same link set.

Parsing of the genotype model is done in a depth-first
fashion by following outgoing association and activation re-
lationships of all entities in the genotype model, starting
with the root entity. Once an entity instance is created, all
outgoing relationships and connected entities are processed in
a recursive fashion. If a gene is encountered, then a random
allele is selected from the set of possible alleles (determined by
considering the various expression relationships for that partic-
ular gene). A uniform allele probability distribution is assumed
unless specified otherwise by using the “ap” stereotype. In case
of a numerical allele, a specific value is generated with respect
to the given interval and “pdf” stereotype (if applicable).

For presentation purposes, we use a tree representation
of genotype instances. Nodes that reflect gene entities are
represented by rounded rectangles and named by the al-
lele and the name of the gene, separated by a colon (i.e.,
allele−name:gene−name). For numerical alleles the actual
value of the allele is included as well (i.e., allele−name =
value:gene−name). Nodes that reflect cluster entities are rep-
resented by circles named after the cluster. An exception are
nodes reflecting root entities which are named by the name
of the genotype instance. Each node (except root nodes) has
a node index assigned to it. In our notation of nodes, we
indicate the node index for nodes that reflect genes or clusters
in the upper right corner or at the top, respectively. Link sets
are named according to the relationship they reflect: Lname,i,
where name is the name of the corresponding relationship in
the genotype model and i the index of the link set in case there
are multiple link sets that correspond to the same relationship.

For example, consider the genotype model M1 illustrated
in Fig. 3(a). A random genotype instance is created by
starting with the root entity M1. A corresponding root node
which reflects the name of the genotype instance is created.
Association relationship R1 connects root entity M1 with gene
entity G1. In addition, R1 has a multiplicity of 3. Therefore,
three nodes are created by selecting random alleles (i.e., either
a or b). These nodes are connected to the root node by
a set of links L1,0. Entity G1 has no outgoing association
relationships. If the selected allele does not have any outgoing
activation relationships either, then no further processing has
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Fig. 8. Examples of possible genotype instances (a) g1 and (b) g2 for
genotype model M1 and a possible genotype instance (c) g3 for genotype
model M2.

to be done. However, in case of a b allele, there is one outgoing
activation relationship (i.e., R2). This relationship is processed
in the same recursive way as just described for relationship R1.
This process continues until the genotype of the individual is
complete, i.e., if all entities and relationships in the genotype
model have been processed. Fig. 8 illustrates examples of
valid genotype instances for the genotype models M1 and M2,
illustrated in Fig. 3.

B. Genotype Processing

Genotype processing in MEAα is concerned with perform-
ing local search and reproduction by means of corresponding
operators. The meta information provided by the genotype
model determines which operator is used for processing geno-
type instances. More precisely, the various “ls” and “var”
stereotypes are used for this purpose. Operators are selected
with a certain probability, specified by the corresponding
stereotype (i.e., pls and pvar). As explained above, different
operators can be applied to different parts of the genotype. In
general, MEAα performs recombination by sub-tree swapping.
The multiplicity of an association or activation relationship
indicates that there are a number of corresponding nodes in
the genotype instances. If recombination is performed, then
these nodes represent the root nodes of the sub-tree structures
that are subject for swapping. The exact way in which sub-tree
structures are swapped between two parent genotype instance
depends on the recombination operator.

For example, consider genotype model M1 and the two
possible genotype instances g1 and g2. Assume that a one-
point crossover operation can be performed along relationship
R1. Since this relationship has a multiplicity of m = 3,
there are three nodes, each reflecting an instance of a G1

gene, in the genotype instance. These nodes represent the root
nodes of the sub-tree structures used for swapping. Since a
one-point crossover operation is performed, a crossover point
0 < k < m is randomly chosen. This means that all sub-tree
structures with root nodes that have an index j ≥ k will be
swapped between the two parent genotype instances g1 and
g2. Fig. 9 illustrates how MEAα performs recombination for
this example.

Mutation is performed in a similar fashion as recombination
except that genotype instances are processed by completely

replacing randomly selected sub-trees rather than by swapping
them. For this purpose, randomly selected nodes (and all their
child nodes) are removed from the genotype instance and
replaced by new nodes. This node and all its child nodes (if
any) are generated in the same fashion as discussed above in
the context of genotype generation.

V. Application Examples

MEAα can be applied to problems across different domains
and branches of evolutionary computing. We demonstrate this
by applying our approach to the following three problems.

1) Job-shop scheduling problem: a well-known standard
optimization problem. In this example, we show how
different representations of the same problem can be
described in ECML. In addition, we show how cluster
entities can be used to structure the genotype and how
ECML can be used to specify constraints.

2) Dynamic radiation detection problem: a problem with
a real-world background where domain knowledge is
changing over time. In this example, we demonstrate
how the behavior of MEAα can adapt to changing do-
main knowledge by performing genotype model updates.
In addition, we show how mixed coding genotypes can
be modeled in ECML.

3) Grammatical evolution and genetic programming prob-
lem: we show how our approach can be applied to
grammatical evolution and genetic programming. In this
example, we discuss the general genotype model for
genetic programming and explain how grammars in
grammatical evolution can be modeled in ECML. We
apply our approach to a symbolic regression problem
and show that a more complex genotype model can lead
to improved performance.

A. Job-Shop Scheduling Problem

The job-shop scheduling problem (JSP) is a well-known
problem, where n jobs have to be scheduled on m machines.
Each job has to be processed sequentially by each machine
in a particular order, i.e., there are a total of m operations
which have to be performed on each job. The kth operation
of the ith job has a processing time tpi,k. The problem is to
find an optimal schedule for which the makespan, i.e., the
total time to process all jobs, is minimized. Two constraints
have to be considered. First, operations have to be performed
in a specific sequence, i.e., a job has to be scheduled on all
machines in a specific order. This is also referred to as the
precedence constraint which states that a particular operation
can only be performed if all preceding operations have already
been performed. Second, a machine can only process one job
at a time. Formally, the JSP can be stated as

minimize C(g) = tfi,m−1 	 ∃j : tfj,m−1 > tfi,m−1 (3)

subject to ∀i, k : tfi,k−1 < tsi,k (4)

and ∀0 ≤ l < m : max(al(t)) = 1 t ≥ 0 (5)
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Fig. 9. Example for recombination of genotype instances g1 and g2 by performing sub-tree swapping. In this example, it is assumed that a one-point
crossover operation is performed along relationship R1. The corresponding link sets L1,0 for relationship R1 and the root nodes of the sub-tree structures are
highlighted. A crossover point k = 1 is indicated by a dashed line that separates nodes with index j ≥ k from the node with index j = 0. In addition, the
sub-tree structures that have been swapped during recombination are indicated by dashed lines in the resulting genotype instance g3 and g4.

where C(g) is the makespan of a schedule obtained from a
genotype g and tsi,k and tfi,k = tsi,k + tpi,k are the starting
and finishing times of the kth operation of the ith job. In
addition, al(t) indicates the number of jobs that are processed
by the lth machine at a given time t. The first constraint is
expressed in (4) which asserts that the starting time tsi,k of the
kth operation of the ith job is after the finishing time of the
previous operation of the same job. The second constraint is
expressed in (5) which asserts that for any machine l, there is
at most one job processed at any given time t ≥ 0.

There are various possible representations for the JSP. In
general, there are two approaches to model the problem. It is
distinguished between a direct representation and an indirect
representation, depending on whether the schedule itself is
represented by a solution [23]. If the schedule is not directly
represented in the genotype, then it is necessary to decode
the genotype in order to obtain the actual schedule. For
example, an indirect representation may only specify the order
in which jobs are being processed on a particular machine.
However, the exact starting and finishing times of jobs, i.e.,
the schedule, is not directly specified. In addition, indirect
representation may be ambiguous as there might be multiple
feasible schedules which can be derived from it. Nevertheless,
indirect representations are sometimes preferred over direct
representations because of their simplicity. Here, we describe
and compare two possible indirect representations for the JSP.

1) Representation 1: The first JSP representation and its
corresponding decoding scheme follow the one discussed in
[24]. A rank, ranging from 1 . . . m, is assigned to the m

operations of each of the n jobs. This rank is unique among the

operations of a single job, i.e., there can be only one operation
within a job which is assigned a specific rank. Operations are
decoded into schedules based on their ranks. Lower ranking
operations are preferred over higher ranking operations and
scheduled first. An operation is scheduled so that none of the
constraints is violated. Depending on how ranks are assigned
to operations, the resulting schedule is different. The problem
is thus to find the optimal assignment of ranks to operations
so that the makespan C is minimized.

The genotype model is partitioned into n job clusters. Each
job in the genotype is associated with a sequence of m ranks,
i.e., for each job there are m rank alleles. Each rank allele is
associated with a particular operation. For example, the kth
allele in the sequence encodes the rank of the kth operation.
Within the context of a job, each rank must appear exactly
once, i.e., a particular allele must appear only once within a job
cluster. For this purpose, we introduce the “limited” constraint
{limited(lb,ub)}. This constraint indicates how often a
particular allele may appear within the scope of a cluster. For
example, in the context of this JSP genotype representation,
a {limited(1, 1)} constraint is assigned to the various
rank alleles, indicating that a particular rank allele must appear
exactly once within the scope of a job cluster. However, since
there are n job clusters, the same rank appears exactly n

times within the genotype. Fig. 10 illustrates the genotype
model MJSP1 and example genotype instance g5 of the first
JSP representation.

In addition to structural information, domain knowledge is
reflected by the different kinds of crossover operators used
for the two relationships in the genotype model. The order
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Fig. 10. (a) Genotype model MJSP1 and (b) a possible genotype instance g5
for n = 3 jobs and m = 4 machines.

in which the operations of a particular job are ranked is
important. Therefore, a corresponding order crossover [25] is
used: «varrc:order(pvar)». This operator transmits in-
formation about the relative order of alleles when recombining
segments from two different parents. While preserving the
order of alleles within job clusters is important, this is not the
case for job clusters. Therefore, a common uniform crossover
operation can be applied: «varrc:uniform(pvar, v0)»,
where parameter v0 is the probability that a crossover op-
eration is performed for a particular gene. The order and
uniform crossover operations are associated with relationships
Rops and Rjobs, respectively. In addition, a mutation operator
is associated with relationship Rops: «varmt:rand(pvar,

v0)», where v0 is the probability that a particular gene is
randomly mutated. The probabilities for the various operators
indicated in the genotype model have been chosen based on
experimental experience.

2) Representation 2: The second JSP representation has
originally been introduced by Bierwirth [26]. In this repre-
sentation, a solution is encoded as an unpartitioned string in
which each gene represents a job. Each job appears exactly
m times which is ensured by using a {limited(m, m)}
constraint. By scanning a genotype instance from left to right,
the kth appearance of job j refers to the kth operation of this
job. The order in which operations are performed is important.
For this purpose, an order crossover operation is used along
relationship Rops. The probabilities for the various operators
indicated in the genotype model have been chosen based on
experimental experience. Like the previous JSP representation,
this representation is an indirect representation and has to be
decoded into a schedule. The advantage of this representation
is that it never violates the precedence constraint. Fig. 11 illus-
trates the corresponding genotype model MJSP2 and example
genotype instance g6 of the second JSP representation.

3) Evaluation Function fE and Comparison Function fC:
A genotype g is decoded into a valid schedule and used to
determine the makespan C(g). The actual decoding process

Fig. 11. (a) Genotype model MJSP2 and (b) a possible genotype instance g6
for n = 3 jobs and m = 4 machines.

depends on the representation used. For the two representa-
tions the corresponding decoding processes have already been
explained in [24] and [26], respectively. The result y of the
evaluation function fE(g), i.e., the performance of a genotype
g, is

y = C(g). (6)

Since the objective is to minimize the makespan, compari-
son of two JSP genotypes is simple. A genotype ga is better
than another genotype gb if it results in a schedule that has a
shorter makespan

ga � gb ⇐⇒ C(ga) ≤ C(gb). (7)

4) Experimental Evaluation: Evaluation is concerned with
the comparison of the two representations. For this purpose,
a standard problem instance from the literature has been
used (“la32” [27]). A population size of 100 genotypes has
been used and the evolutionary process is limited to 500
generations. We use the ability of MEAα to find the known
optimum makespan Copt over a set of 50 runs as performance
metric. For the kth run the performance is measured in terms
of relative deviation of the best makespan Cbest

k found to the
known optimum makespan Copt

δk =
Cbest

k − Copt

Copt
. (8)

For comparison, we consider the mean deviation δ over
the entire set of experiments. Fig. 12 illustrates the conver-
gence behavior for both representations, using genotype model
MJSP1 and MJSP2.

Both representations are indirect representations and need to
be decoded into a schedule before the makespan can be deter-
mined. The decoding process can influence the performance.
ECML is a flexible approach and allows designers to specify
different genotype structures that can be used in combination
with different decoding methods, i.e., a designer is not limited
to a specific pre-defined representation but free to specify a
representation that suits the problem best. In our example, we
have described two possible genotype models for the JSP. Our
results indicate that the more complex structure specified by
genotype model MJSP1 is more suitable than MJSP2.
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Fig. 12. Convergence behavior in terms of mean deviation δ using genotype models MJSP1 and MJSP2.

B. Dynamic Radiation Detection Problem

A dynamic model identification problem in the context of a
radiation detection application is considered. This application
problem is concerned with the detection of a moving radiolog-
ical dispersal device by static sensors. It has been originally
discussed in [28]. Here, we briefly introduce the optimization
problem and focus on the representation issues rather than on
the application itself.

Detection devices, such as Geiger counters, can be used to
measure the intensity of radioactivity at a particular location.
However, this information is not enough to pinpoint a radiation
source or classify its characteristics (i.e., type of radioactive
substance and amount). A model identification approach can
be used for classifying and localizing a radiation source. This
approach is based on a model which accurately reflects the
radiation absorbing properties of the environment and is used
to estimate radiation intensities at any given location.

An estimation depends on a hypothesis regarding the as-
sumed radiation source and its location, i.e., a hypothesis is
concerned with the type of radiation substance j, its amount
(i.e., total radioactivity) a, and its location posx, posy in a 2-D
space. The radiation intensity at a specific location i can be
estimated, based on a model RAMj which accurately reflects
the radiation absorbing properties depending on the type of
radioactive substance

Îi = RAMj(a, posx, posy, i). (9)

Different hypotheses are evaluated (assuming different val-
ues for j, a, posx, and posy) in order to estimate the radiation
intensity Îi at reference location i. Sensor data is used to
compare this estimated radiation intensity with the measured
radiation intensity Ĩi at the same reference location. Estimated
and measured values from k reference locations are consid-
ered. The objective of the radiation detection problem is to find
the optimal parameters of the model so that the error ε between
the estimated and measured intensity values is minimized

ε =
k∑

i=1

|Ĩi − Îi|
Ĩi

. (10)

In a real-world application this optimization problem would
have to be solved under real-time conditions, where the radi-

ation source is expected to move. Therefore, the optimization
problem has to be solved repeatedly in order to keep track
of the current location of the radiation source. It is possible
to simplify the optimization problem by significantly reducing
the size of the search space using a priori knowledge about
the radiation source—once available. We consider a multi-
stage detection approach. At each stage, different kind of
domain knowledge is available and can be incorporated in
order to improve the optimization process. This has to be done
dynamically as the domain knowledge becomes available.

In the first stage, no a priori information regarding the
radiation source and its location is available. The goal in
the first stage is to determine the characteristics (i.e., the
isotope and the radioactivity) of the radiation source. Once
this information is available, the optimization process of the
second stage can make use of this information and focus
on localization of the radiation source as it moves. For the
second stage it is possible to further distinguish between
determination of the initial location and the continuous track-
ing of the radiation source. For the initial localization it is
necessary to consider the entire environment as a potential
location. However, once the location has been determined,
only a small area has to be considered in order to track the
movement. The size of this area depends on the speed of the
movement.

1) Representation for the Classification Step: Initially
there is no a priori knowledge available, i.e., neither the
characteristics nor the location of the radiation source is
known. Therefore, all possible isotopes, radioactivity levels,
and locations have to be considered, i.e., the entire search
space. The genotype model MRDP,G for this general case is
illustrated in Fig. 13.

The genotype model for the RDP imposes a genotype
structure consisting of four genes. Four possible kinds of
radioactive isotopes are considered in this example: Caesium-
137, Cobalt-60, Iridium-192, and Radium-226. Each of them
is represented as corresponding allele in the genotype model.
Another gene encodes the radioactivity of the radiation source
as an integer value ranging from 10 to 10 000 GBq (Bq =
Becquerel) with a resolution of 1 GBq. Two genes are used
to encode the x and y positions of the radiation source as
integer values ranging from 0 to 199 units with a resolution
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Fig. 13. RDP genotype model for the general case using no a priori
information about the radiation source.

Fig. 14. Specialized genotype model MRDP,S1 for the case that a priori
information regarding the radiation substance and the radioactivity is known.

of 1 unit. This results in a search space with a size of
4 × 9991 × 200 × 200 ≈ 1.6 × 109 solutions.

In this example, the bee algorithm [29] is used to per-
form local search for a, posx, posy alleles that encode the
radioactivity and the position of the radiation source. The
bee algorithm needs to know the size of the neighborhood
in order to perform a local search. The neighborhood size
is indicated by a parameter. For example, the stereotype
«ls:bee(500)» attached to the allele a indicates that a
bee algorithm with a neighborhood size of 500 GBq is used.

2) Representation for the Localization Step: Once the
radiation substance and the amount of its radioactivity (i.e., j

and a) have been determined, the detection process only needs
to be concerned with the location. Localization is concerned
with solving the same optimization problem. However, for lo-
calization it is possible to re-use knowledge from the preceding
classification step. Since the type of radioactive substance and
its radioactivity has been determined in the preceding step, it
is possible to re-use this a priori information for subsequent
tracking of the radiation source. This domain knowledge can
be incorporated into the genotype model accordingly, i.e., the
isotope can be removed and the activity range can be limited to
a small range. The first specialized genotype model MRDP,S1

for this optimization scenario is illustrated in Fig. 14.
The first detection stage using genotype model MRDP,G

considers the entire search space and uses local search. As
mentioned above, real-time constraints have to be considered.
In order to track a moving radiation source, the problem has
to be solved in a timely manner. This is achieved by reducing

Fig. 15. Specialized genotype models MRDP,S2 for the case that a priori
information regarding the radiation substance, the radioactivity, and the
approximate location of the source is known.

the size of the search space. Genotype model MRDP,S1 is
incorporating knowledge about the radiation source which is
available after the first detection stage. As illustrated in Fig. 14,
genotype model MRDP,S1 reflects the case where a = 784 (the
isotope has been determined previously and is thus removed
from the genotype model). The resulting search space has a
size of 201 × 200 × 200 ≈ 8 × 106 solutions. Compared with
the search space of the general case, this is much smaller. In
addition, local search is no longer applied to allele a. Instead,
a normal distribution function with µ = 784 and σ = 33.3
is assumed using a corresponding «pdf:N(784, 33.3)»
stereotype.

An even more compact search space can be obtained once
the location of the radiation source has been initially approx-
imated. Since the speed of the source is limited, subsequent
localization cycles only need to consider a relatively small
search area. The second specialized genotype model MRDP,S2,
which is illustrated in Fig. 15, incorporates the same a priori
knowledge as the first specialized genotype model MRDP,S1. In
addition, it incorporates knowledge regarding the approximate
location of the radiation source. Genotype model RDPS2, as
illustrated in Fig. 15, reflects the case where a position of
the radiation source is x = 40 and y = 70. The resulting
search space has a size of 1 × 201 × 41 × 41 = 337881
solutions. In addition, local search is no longer applied
to alleles posX and posY . Instead, corresponding normal
distribution functions are assumed using the «pdf:N(40,
6.6)» and «pdf:N(70, 6.6)» stereotype, respecti-
vely.

3) Evaluation Function fE and Comparison Function fC:
Evaluation is done by solving the radiation model in order to
obtain the estimated radiation intensities and calculating the
error ε between the estimated and measured intensities. The
result y of the evaluation function fE(g), i.e., the performance
of a genotype g, is

y = ε. (11)

The evaluation function fE is time-dependent because the
measured intensities depend on the position of the radiation
source, which is assumed to move.

The objective is to minimize the error ε between the
estimated and measured radiation intensities

gi � gj ⇐⇒ εi ≤ εj. (12)
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Fig. 16. Convergence behavior in terms of mean error with and without genotype model update. Each timestep represents 100 generations. The evolutionary
process is re-initialized after each timestep.

4) Experimental Evaluation: For evaluation purposes, we
consider the convergence behavior for the two cases where
genotype model update is used and not used. In case no
model update is used, the entire search space has to be
considered for all detection stages, i.e., the genotype model
for the general case is used throughout the experiment. A
set of 50 experiments has been performed. Each experiment
covers 10 timesteps during which the radiation source is
changing its position. For each timestep, the evolutionary
process is re-initialized and runs for 100 generations. Clas-
sification and initial localization is performed during the first
and second timestep, respectively. All subsequent timesteps are
concerned with localization. Population sizes of 200, 100, and
50 genotypes are used for classification, initial localization,
and all subsequent localization timesteps, respectively. Fig. 16
illustrates the convergence behavior in terms of the mean error
for two cases: with and without genotype model update.

Without dynamic model update, the entire search space has
to be considered by the search process. In contrast, dynamic
model update allows restricting the search space by using
available information about the radiation source. As a con-
sequence, the performance of MEAα is better when perform-
ing dynamic model updates. This example demonstrates the
flexibility of our approach. A MEA can dynamically adapt its
behavior if the genotype model changes. For example, geno-
type model MRDP,G specifies the use of a local search method.
Once classification and initial localization is performed, local
search is no longer required and thus not specified in genotype
model MRDP,S2. Consequently, MEAα performs local search
operations only if genotype models MRDP,G and MRDP,S1 are
used. In addition, the structure of the genotype is changing as
well. None of the specialized genotype models MRDP,S1 and
MRDP,S2 considers an isotope gene.

C. Genetic Programming and Grammatical Evolution
Problems

Genetic programming is considered as a branch of evolu-
tionary computing, next to genetic algorithms, evolution strate-
gies, and evolutionary programming, which distinguishes itself
from other branches by using tree structures as chromosomes.
Furthermore, Eiben and Smith [30] explained that genetic

Fig. 17. General genotype model of a genetic programming problem.

algorithms are typically applied to optimization problems as
compared to genetic programming which is typically used
for model identification. In genetic programming, problems
can be generally defined by a set of function symbols (i.e.,
F = {F0, F1, . . . , FnF −1}) and a set of constant symbols (i.e.,
C = {C0, C1, . . . , CnC−1}).4 Each function takes at least one
parameter. The number of parameters of the kth function Fk

is mk, where mk > 0. The general genotype model for genetic
programming is illustrated in Fig. 17.

Grammatical evolution is very similar to genetic program-
ming. Problems are specified by grammars given in Backus-
Naur form (BNF). Any syntactically correct program rep-
resents a solution. A BNF grammar can be represented by
the tuple {N, T, P, S}, where N is the set of non-terminal
symbols, T the set of terminal symbols, P the set of production
rules, and S ∈ N is a start symbol. Grammatical evolution is
therefore slightly different from traditional genetic program-
ming which only considers sets of constants and functions.
While the genotype model structure in genetic programming
is always the same (see Fig. 17), the genotype model structure
for grammatical evolution is dictated by the production rules
and is therefore different from problem to problem. However,
it is possible to obtain the standard genetic programming geno-
type model structure by simplifying a grammatical evolution
genotype model structure.

ECML is capable of specifying more complex genotype
structures such as tree structures. It is therefore possible to
use ECML to specify genetic programming and grammatical
evolution problems. In order to show this, we take an example

4Note that in genetic programming the term “terminal symbol” is used
instead of “constant symbol.” However, the same term is also used in
grammatical evolution but with a different meaning. Therefore, in order
to avoid confusion, we stick to the convention to use “constant symbol”
whenever we refer to what is usually known as “terminal symbol” in genetic
programming.
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problem from the literature which is concerned with symbolic
regression.

1) Grammatical Evolution Representation: The objective
in symbolic regression is to find a mathematical expression
in symbolic form that maps given pairs of input and output
values. For example, the target function considered by O’Neill
and Ryan [8] is

f (u) = u4 + u3 + u2 + u (13)

where u is in the range [−1, 1]. The following grammar for
this problem has been described and explained by O’Neill and
Ryan [8]:

<expr> ::= <expr><op><expr> (a.1)
| (<expr><op><expr>) (a.2)
| <pre-op>(<expr>) (a.3)
| <var> (a.4)

<op> ::= + | - | / | * (b)
<pre-op> ::= sin | cos | exp | log (c)
<var> ::= x | 1.0 (d)

This grammar consists of four derivation rules (a)–(d) and
can be translated into a genotype model as illustrated in
Fig. 18(a). Each non-terminal symbol in the grammar is repre-
sented by a corresponding gene in the genotype model, while
terminal symbols are represented by corresponding alleles.
Four additional alleles (EEOE, E(EOE), EPE, EV ) are used to
represent the four possible forms of an expression (a.1 . . . a.4).
Depending on the expression allele, there are corresponding
activation relationships to other genes in the genotype model.
For example, the form (a.1) involves two expressions and
one operator. This is acknowledged in the genotype model
by relationships RE1 and RO1 with multiplicities of 2 and 1,
respectively.

For example, consider genotype instances g7 and g8 in
Fig. 18(b) and (c), respectively. By parsing the tree struc-
ture, starting from the root node, they can be decoded into
x + sin(1.0) and (cos(1.0) − exp(x)), respectively. Notice the
outer brackets in the second example as they are important.
Derivation rules a.1 and a.2 are almost identical except for the
brackets. When decoding larger solutions, this difference has
to be acknowledged. Otherwise the equation a∗b+c = a∗(b+c)
would be correct, which is obviously not true for most cases.
The genotype model distinguishes between these rules by
using two different alleles EEOE and E(EOE). Although these
two alleles are otherwise identical, i.e., they have exactly the
same kind of activation relationships, the decoding process has
to handle them accordingly.

2) Genetic Programming Representation: Representations
of grammatical evolution problems can be simplified into
general genotype model structure for genetic programming.
Simplification of the symbolic regression problem is done
in two steps. First, the set of constant symbols has to be
identified. Constants are characterized by not having any
forthleading relationships. This includes most of the terminal
symbols in the grammar: +, −, /, ∗, x, and 1.0. Not all
terminal grammar symbols are constants, i.e., not all terminal
grammar symbols are terminal in the sense of the meaning in
the context of genetic programming. The terminal symbols sin,

Fig. 18. (a) Genotype model MSR,GE of the symbolic regression problem
based on the original set of production rules and (b), (c) genotype instances
g7 and g8 for two valid solutions.

Fig. 19. Genotype model MSR,GP of the simplified symbolic regression
problem based on the general genotype model structure for genetic program-
ming.

cos, exp, and log are not constant (i.e., not “terminal” in ge-
netic programming) because there are forthleading activation
relationships. In the second step, the set of function symbols
have to be identified. The first group of function symbols
consists of all unary functions, i.e., functions that take one
parameter: sin, cos, exp, and log. The second group of function
symbols consists of all binary functions, i.e., functions that
take two parameters. When identifying the function symbols
it is necessary to take the derivation rules into consideration:
+, −, /, ∗, (+), (−), (/), and (∗). The genotype model of the
simplified symbolic regression model is illustrated in Fig. 19.

Note that in Fig. 19 we did not illustrate every single
relationship but instead summarized them in order to keep the
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Fig. 20. Convergence behavior in terms of mean accumulated error for genotype models MSR,GE and MSR,GP .

figure concise. The unary and binary function relationships are
substituted by single relationships RE1 and RE2, respectively.
The full genotype model should have a single relationship from
every allele that represents a function symbol to the expression
gene (e.g., sin → Expr, (+) → Expr, . . . ).

3) Evaluation Function fE and Comparison Function fC:
Evaluation of a genotype g is done by decoding it into a
candidate function h(u) and calculating the accumulated error
E(g), which is the sum of all deviations of the candidate
function to the reference function f (u) over all test values
u ∈ U = {−1.0, −0.9, . . . , 0.9, 1.0}

E(g) =
∑

u∈U

|f (u) − h(u)|. (14)

The result y of the evaluation function fE, i.e., the perfor-
mance of a genotype g, is

y = E(g). (15)

Two genotypes ga and gb are compared based on their
accumulated errors

ga � gb ⇐⇒ E(ga) ≤ E(gb). (16)

4) Experimental Evaluation: For evaluation purposes, we
consider the convergence behavior of MEAα for both genotype
models discussed above: the grammatical evolution genotype
model MSR,GE and the simplified genetic programming geno-
type model MSR,GP . The various allele probabilities have
been chosen to result in equivalent behavior of MEAα for
both models. For example, in genotype model MSR,GE the
allele probability for EV → Expr is pa = 0.58. If Expr is
expressed by EV , then an additional Var gene is activated
which can be expressed with equal likelihood by either the x

or the 1.0 allele. For each Expr gene in the genotype, there
is therefore a probability of 0.58/2 = 0.29 that allele x or
1.0 is selected. This is equivalent to the allele probabilities of
pa = 0.29 separately assigned to x → Expr and 1.0 → Expr

in genotype model MSR,GP . A set of 50 runs has been
performed for each genotype model using a population size
of 250 genotypes and a fixed number of 250 generations.
The mean accumulated error over the set of experiments has
been calculated. Fig. 20 illustrates the convergence behavior
in terms of mean accumulated error for both genotype models.

The results indicate that using the more complex MSR,GE

genotype model is more suitable to solve the problem. Both

representations used for the symbolic regression problem are
direct representations, i.e., solution are directly encoded by the
genotype. A decoding mechanism is therefore not required
and cannot influence performance. The experimental results
for this example indicate that a more complex structure, such
as the one specified by MSR,GE, can improve the performance
compared to a less complex genotype structure.

VI. Discussion

De Jong argues that one of the most important issues
that have to be addressed when applying an EA to a new
application area is how to represent the individuals that have to
be evolved [39]. He further explains that a good representation
captures important features of the application domain which
are necessary to effectively solve the problem. ECML is a
high-level modeling language and allows the capturing of
important features by providing means to model the objects
of interest for a particular problem. In addition, ECML also
allows to specify genotype structures of varying complexity.
This can be useful in cases where a more complex structure
can lead to performance improvements. For example, our
experimental results presented in Section V-C indicate that
using more complex structure improves the performance.

In comparison with existing approaches, ours is closest
to grammar-based approaches. However, there are a number
of differences. Grammars are used to map genotypes to a
syntactically correct sentence which represent the phenotype.
Although these phenotypes have a logical tree structure, this
information is not preserved in genotypes. For example, gram-
matical evolution makes use of a binary string representation.
In contrast, our approach preserves the logical tree structure
in the genotype. In addition, grammar-based approaches have
shortcomings with respect to numerical value encoding and
crossover points. For this purpose, Nicolau and Dempsey intro-
duced grammar-based extensions [31] that allow for specifica-
tion of numerical values and crossover points in grammars. Al-
though their approach works, it shows a general problem with
grammars as they are originally used for language processing
where there is no need for numerical values (i.e., numbers
are strings of symbols) or recombination. In contrast, ECML
explicitly distinguishes between symbolic and numerical alle-
les. In addition, relationships between the various entities of
a genotype model are used as possible recombination points.
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Existing approaches are concerned with compiling an EA
specification in order to obtain an actual instance of the
algorithm [5], [6], [10], [11]. An EA, which is generated in
this way, contains the code for performing specific operations
(e.g., uniform crossover) on genotypes with a specific structure
and encoding (e.g., binary string). The disadvantage of a
compiler approach is that EAs that have been generated in this
way cannot dynamically adapt to changes in the specification,
i.e., the specification is static and requires re-compilation.
For example, making use of another kind of operator or
changing the genotype structure or its encoding is not possible.
Unlike static approaches, a MEA is capable of changing its
behavior as the information provided by the genotype model
is changing. This includes changes regarding the use of certain
operators (e.g., recombination, mutation, and local search) as
well as changes in the genotype structure.

Many real-world applications need to repeatedly solve a
problem. For example, dynamic-data driven application sys-
tems [32] and symbiotic simulation systems [33], [34] are
driven by real-time sensor data obtained from a physical
system. Some of these systems employ optimization for opera-
tional decision making. In such a system, decision making de-
pends on the current operating conditions. As these conditions
may change over the course of time, problem-specific knowl-
edge may change as well. Hard-coding domain knowledge is
thus problematic as it may not be easily changed. For this kind
of application, a dynamic way of incorporating domain knowl-
edge is required. In Section V-B, we have discussed a dynamic
optimization problem in the context of a radiation detection
application and explained how MEAα adapts by updating the
genotype model if domain knowledge is changing with time.

VII. Conclusion and Future Work

We have introduced ECML, a formal modeling language for
evolutionary computing based on UML. This language can be
used to specify genotype structures and their encoding as well
as meta information regarding various processing aspects of an
EA. In addition, we have introduced the concept of MEAs and
described our proof-of-concept implementation of this con-
cept. MEAα is capable of interpreting genotype models spec-
ified in ECML and process genotypes instances accordingly.
With our approach we effectively separated domain knowledge
from the EA implementation. As a consequence, MEAα is
more flexible than existing EAs. We have demonstrated the
applicability of our approach using various kinds of problems.

Our approach is novel in several ways. First, ECML is not
a domain-specific modeling language and thus not restricted
to a particular problem or branch of evolutionary computing.
Instead, it is generally applicable. Second, the concept of
MEAs involves interpretation of genotype models rather than
compiling of a specification into an executable EA instance.

Although we have discussed the application of ECML in the
context of genetic algorithms and genetic programming, this
does not imply that ECML is limited to this kind of algorithm.
For example, ECML could be applied to differential evolution
[35] and particle swarm optimization [36] by using numerical
alleles to encode individuals. Furthermore, in the context of

compact genetic algorithms [37], ECML could be applied by
using allele probability stereotypes to realize the probability
vector needed to create individuals. We intend to investigate
further some of the above-mentioned applications of ECML
in our future work.

A common language for modeling genotypes could be a step
closer to a unified approach in evolutionary computing. Other
researchers have already made efforts toward this direction.
For example, De Jong summarized the various branches of
evolutionary computing and presented a more unified view of
the field [38]. ECML represents another step toward unifica-
tion. However, more work is needed to include EA components
that are not yet supported by ECML. For example, parent
selection and termination conditions are currently not included
in ECML. Furthermore, a formal specification of the various
operators that are used is missing. Also, well-known concepts,
such as epistasis, are currently not supported by ECML. These
issues are thus subject to future work.
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evolutionary computation,” in Proc. 6th Int. Conf. Soft Comput., 2000.
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