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ABSTRACT
METAMERIC REPRESENTATIONS IN EVOLUTIONARY ALGORITHMS
By
Matthew Lee Ryerkerk
Optimization problems traditionally involve fixed-length representations to specify a description of a solution.
Every solution defines the same number of design variables, resulting in a search space of fixed dimensionality.
However, there also exist a large number of variable-length problems, many of which share a common
representation. A set of design variables is repeatedly defined, giving the solution vector a segmented
structure. Each segment encodes a portion, frequently a single component, of the solution. For example, in
a wind farm design problem each segment may encode the position of a single turbine.

We have proposed that such optimization problems, and their solution representation, be described as
metameric. In biology this term describes anatomies that are composed of structurally similar, but not
necessarily identical, segments. The term metavariable is used to describe a single segment of the encoded
solution. Solution length, or the number of defined metavariables, can vary. Finding optimal solutions
requires determining both the optimal length and metavariable composition.

Using standard approaches to solve these problems requires an assumption of a fixed number of metavari-
ables, in fact, no theory exists to define optimality for metameric problems. If the optimal number of
metavariables is not known a priori, this will lead to a sub-optimal solution. A better method is to allow the
number of metavariables to vary. As the number varies, so does the dimensionality of the search space, mak-
ing the use of gradient-based methods difficult. Evolutionary algorithms, using segmented variable-length
genomes, are viable and frequently applied to such problems.

This dissertation contributes in the following ways. First, specific definitions for metameric representa-
tions and problems are proposed, followed by an extensive survey of metameric problems in literature. It is
demonstrated that many practical optimization problems have already been approached using evolutionary
algorithms with metameric representations. While there is little cross-referencing among the cited articles,
it is demonstrated that there is already a strong overlap in their methodologies. We propose that by consid-
ering problems using a metameric representation as a single class, greater recognition of commonalities and
differences among these works can be achieved. A greater level of knowledge dissemination would increase
the overall quality of the studies.

This is followed by a study of the modifications required to adapt traditional evolutionary algorithms
to metameric problems. A set of 6 benchmark metameric problems are created to assess the effectiveness
of the new algorithms. First, several specific metameric representations observed in literature are explored.

Variable-length genomes, where metavariables can be freely added or removed, are found to provide the



greatest level of flexibility to the other evolutionary operators. Second, several crossover operators, used to
generate new candidate solutions, are compared. The best operators are those which minimize the amount of
disruption that occurs. Finally, length niching selection is proposed to guarantee diversity of solution lengths
in the population. This increases the ability of the algorithm to identify optimal solution lengths. A new
selection operator is also developed to be used in conjunction with length niching. It significantly improves
the overall algorithm performance and has also been found to be effective on non-metameric optimization
problems.

The findings of these studies are used to create a general metameric evolutionary algorithm. This al-
gorithm uses no problem-specific heuristics and can be applied to a broad range of metameric problems.
Compared to traditional, fixed-length algorithms this is expected to provide a much better starting point
for studies of metameric problems. It is applied to the design of an object with a lattice microstructure and

found to improve on the results from the initial studies.
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Chapter 1

Introduction

The task of determining the optimal solution to a particular system or model is known as an optimization
problem and can be found in nearly every discipline. Structural design problems may seek to optimize the
shape and size of a mechanical structure. Inverse problems might use optimization to determine underlying
system information from observations. Businesses must decide how to allocate their resources, financial or
otherwise, to maximize their utility.

Each optimization problem is defined by several parts. First, the goals or requirements of the optimization
problem are detailed. This takes the form of one or more objectives and constraints that are used to assess
the quality of a solution. Second, the aspects of the solution that can be controlled or altered are identified
as the design variables. Finally, a model, or an evaluation function, is required to calculate the measures of
performance (i.e., objective and constraint values) for a particular design. Once the optimization problem
is defined an optimization algorithm can be applied to search the design space.

Solutions to optimization problems are often represented as vectors containing the design variables. In
most optimization problems the number of design variables is fixed. As a result most optimization algorithms
were designed to operate on a fixed-dimensional design space.

In variable-length optimization problems the number of design variables can vary among solutions. The
representations used to encode the solutions and the algorithms applied to the resulting design space can differ
radically. Some representations, such as the tree-based structures traditionally used by genetic programming
[10], are specialized for that particular approach. Further, many lessons from specialized representations are
difficult to generalize to a broader class of variable-length optimization problems.

There also exist a large number of variable-length optimization problems that share a common represen-

tation. These problems frequently have solutions that are formed by a number of analogous components.



Examples include turbines in a wind farm, plies in a composite laminate, or nodes in a coverage problem.
Each of these components is defined using the same set of design variables (e.g., each turbine might require an
x- and y-position). As a result, the vectors defining the solution take on a segmented structure, where each
segment contains the design variables necessary to define a single component. The number of components
can vary among solutions, resulting in a variable-length problem.

This work proposes the term metameric to describe such variable-length problems and their represen-
tations. In biology, the term metameric is used to describe anatomies that are composed of structurally
similar, but not necessarily identical, segments. Examples include a vertebrate spine or the segments of an
arthropod.

Most standard, fixed-length optimization algorithms may not be easily applied to metameric problems.
For example, it is unclear how gradient-based approaches might be applied when the dimensionality of the
design space is changing. Evolutionary algorithms have been successfully applied to a very broad range
of optimization problems and are viable candidates for metameric problems. Efficient application of such

algorithms to metameric problems requires modifications to the evolutionary operators.

1.1 Purpose

This work has two primary purposes. First, it seeks to bring recognition to the proposed class of metameric
problems. It is shown that metameric representations have already been applied to a broad range of op-
timization problems. Many of the studies approach these problems by modifying traditional, fixed-length
algorithms. Despite a frequent overlap in methodologies, there is little cross-referencing in the literature,
particularly among studies of different problems. As a result, no commonly accepted algorithm or operators
have emerged. Bringing recognition to the proposed class of metameric problems would allow for a greater
level of knowledge dissemination.

The second purpose of this work is to develop an effective metameric evolutionary algorithm that can
be applied to a wide range of metameric problems. Several aspects of the algorithm are explored in detail,
including the solution encoding, variational operators, and selection operators. A set of metameric benchmark
problems are used to demonstrate the effectiveness of the various encodings and operators.

We expect that the proposed algorithm will prove useful to studies of metameric problems. It would
provide a much better starting point for these studies compared to standard, fixed-length algorithms. This
would allow for a reduced focus on the adaptation of the algorithm, in favor of the other contributions of the
paper. The proposed algorithm includes no problem-specific heuristics, however these could be incorporated

into the algorithm if desired.



1.2 Dissertation Outline

Chapter 2 gives detailed definitions for the metameric representation, problems, algorithms, and related
terms. Some key characteristics and challenges that must be considered when applying metameric represen-
tations are discussed.

Chapter 3 performs an extensive survey of literature that have applied representations that fit the pro-
posed definition of metameric. Nearly all the cited literature applies evolutionary algorithms to these repre-
sentations. General descriptions of the problems, representation, variational operators, and selection operator
are provided. It is found that metameric representations have been applied to a wide range of problems.
While no common methodology has emerged, many of the studies have used similar approaches to handling
the metameric representation.

The remainder of the dissertation describes our efforts towards the development of a general and effi-
cient metameric evolutionary algorithm. Chapter 4 gives an overview of the proposed algorithm. Several
metameric benchmark problems for demonstrating the algorithm and its operators are also defined.

Chapter 5 investigates several types of metameric representations that were observed in the literature
survey. The benchmark problems are used to demonstrate the effectiveness of the representations. Variable-
length genomes are found to be the most flexible and result in better algorithm performance compared to
representations using a fixed-length genome.

Chapter 6 discusses the variational operators that are used to produce child solutions, with a focus on
the crossover operators. It is found that the most efficient operators are those which minimize disruption
when forming child solutions.

Chapter 7 proposes several new selection operators for metameric problems. A length niching step
partitions the parent solutions into a number of niches based on solution length. Local selection is then
applied independently to each niche when forming the new parent population, ensuring diversity of solution
lengths. Score selection is proposed as an improved local selection operator. It is not exclusive to metameric
problems and its effectiveness is also demonstrated on non-metameric optimization problems.

Chapter 8 introduces recent work related to the design of objects formed by lattice microstructures.
Results are improved by approaching this as a metameric problem using a variable-length genome.

Conclusions and suggestions for future work are given in Chapter 9.



Chapter 2

Metameric Definitions

This chapter gives detailed definitions of metameric representations, problems, algorithms, and other asso-
ciated terms. Some of the challenges and considerations that must be made when approaching metameric
problems are also discussed in each section. The following sections are adapted from the survey submitted
to Genetic Programming and Evolvable Machines: A Survey of Fvolutionary Algorithms using Metameric

Representations [117].

2.1 Metameric Representations

A metameric representation is one in which the genome is at least partially segmented into a number of
metavariables [118]. Each metavariable contains a set of design variables as defined by a template. Other
names observed in literature to describe a metavariable include “gene” [40, 55, 149, 7, 81, 132, 13, 48, 26,
130, 131, 120, 135, 133, 32], “chromosome” [58], “substring” [134], or “subsolution” [129].
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Figure 2.1: A generic template and genotype for metameric problems. This example uses one metavariable
type and no global variables.



A generic template and genotype are shown in Figure 2.1. Each metavariable defines v design variables,
where x; ; is the 4t design variable of the i*" metavariable in the genotype x. The bounds for a particular
design variable, xJLB and acg.]B7 apply to all metavariables. The length of the genotype L(x) is equal to the
number of metavariables it defines. Length is not fixed, metavariables can be added or removed from a
genotype while still being interpretable by the evaluation function.

The template in Figure 2.1 uses only real-valued design variables, however a mix of variable types could
be used (Section 4.1.1). It is possible that the genome is composed entirely of metavariables, or the problem
may also require a fixed number of global variables—ones that are not part of the metavariable template. For
example, studies investigating gene regulatory networks may include global variables that control protein
dynamics [143, 119, 24]. Studies designing optical fibers may use an indirect representation that results in
fibers with a radially symmetric cross-section; a global variable is used to control the degree of symmetry
[87, 107]. When global variables are present the genome can be considered as two separate parts, a fixed-
length portion of global variables and a variable-length portion of metavariables. Different search operators
could be applied to each part of the genome.

Most metameric problems use a single metavariable template. Multiple templates can also be used, this
is more common for problems with graph-based solutions such as neural networks or truss structures. For
example, one template may be used by metavariables defining nodes, and another for the edges (or members,
connections) between nodes. Alternatively, studies of such problems may use a metameric representation

that only encodes nodes, with the edges then being inferred when mapping the genotype to the phenotype.

2.1.1 Variable-Length

Metameric representations are considered to be inherently variable-length. Their segmented nature allows
metavariables to be easily added or removed from the genotype while remaining easily interpreted by the
evaluation function. There are several reasons why it might seem to be desirable to use a fixed number of

metavariables:

1. Standard algorithms are fixed-length and it is easier to adapt the problem to the algorithm than vice

versa. It is possible to run the algorithm several times at different lengths to determine the optimum.
2. Previous experience or heuristics may be used to predict the optimum number of metavariables.

3. There is an equality constraint acting on solution length. For example, a wind farm may have an

allocated budget that specifies how many turbines are to be used.

This work hopes to help alleviate the first point by promoting the development of efficient metameric



algorithms that can be applied to a broad range of problems. Such algorithms would be a better option than
adapting existing fixed-length ones.

Regarding the second and third points: in previous work, we found that variable-length algorithms
may outperform fixed-length ones even if the optimal length is known a priori [118]. This may be due to
the additional diversity that a population of varying lengths provides, or because the expanded search space
allows new and easier paths to optimal solutions. If necessary, a metameric algorithm could easily be tailored

such that the final population includes solutions of the required length.

2.1.2 Solution Encoding

A direct encoding is one in which the genotypic space (i.e., the metavariables) is identical to the phenotypic
space (i.e., the evaluated solution) [114]. An indirect encoding requires one or more additional steps when
mapping the genotype to the phenotype.

Representations where each metavariable encodes multiple components in the phenotype are indirect
encodings. For example, in composite laminate design problems, each metavariable may be expressed as
a stack of several plies to ensure that certain constraints (e.g., symmetry) are satisfied. Studies to design
the microstructure of an optical fiber repeat each encoded component (e.g., holes) in a radially symmetric
fashion when forming the phenotype [87, 107]. Problems with graph-based solutions might only encode the
nodes; the edges are then inferred during the genotype-phenotype mapping.

Most studies cited in this work use a one-to-one metavariable-to-component encoding; however, very few
require many (>100) components in the optimal solutions. Problems that require hundreds or thousands of
components may be extremely expensive to solve using a direct encoding. Indirect encodings can greatly
reduce the search space size but require problem-specific heuristics. If the genotype of an indirect encoding
fits the definition of metameric representations, as the above examples do, then the problem is metameric.
Note that this work considers the length of a solution to be the number of metavariables in the genotype,
regardless of the number of components in the solution.

Another form of indirect encoding occurs when the metameric representation uses a fixed-length genome.
In this case only a subset of the genotype is used to form the phenotype, as discussed in more detail in

Sections 3.2.2 and 5.2.

2.2 Metameric Problems

An optimization problem can be decomposed into two parts: a problem and an approach. The problem is the

system to which a solution is being sought. For example, the design of a wind farm or a neural network. The



approach establishes the specifics of how a solution is defined (i.e., the design variables, the representation)
and how solution quality is measured (i.e., objectives and constraints). Changing any aspect of the problem
or the approach will alter the search space and be considered a different optimization problem.

A single problem can be solved by a number of different approaches. Some result in a metameric op-
timization problem while others do not. This distinction depends only on the representation used for the
design variables, as shown in Figure 2.2. Problems whose solutions are formed by a varying number of
structurally similar components are well suited for metameric representations. Examples of such problems
are given in Table 2.1. However, no problem can be classified as metameric, only the problem-approach

combination (i.e., the optimization problem) can.
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Metameric Non-metameric Metameric
optimization problem optimization problem optimization problem
Approach 1 Approach 2 Approach 3
Metameric representation Non-metameric representation Metameric representation
Objectives: ... Objectives: ... Objectives: ... e
Constraints: ... Constraints: ... Constraints: ...

Figure 2.2: An optimization problem is formed by the combination of a problem and approach. Approaches
that use a metameric representation result in metameric optimization problems.

For example, consider a wind farm problem seeking to position a variable number of turbines. One
approach may use a metameric representation with each metavariable defining a turbine, resulting in a
metameric optimization problem. An alternate, non-metameric approach may position the turbines in a
geometric pattern controlled by a fixed number of design variables.

This distinction is similar to the one made for multi-objective optimization problems. Problems are not
inherently single- or multi-objective. Depending on the approach, specifically the objectives, a problem can
be cast as either a single- or multi-objective optimization problem.

In evolutionary terms, an optimization problem is metameric if the genotype uses a metameric repre-
sentation. Frequently the phenotype will also be metameric, however this is not necessary. If a metameric
genotype is mapped onto a non-metameric phenotypic space the optimization problem is still considered
metameric. A non-metameric genotype mapped onto a metameric phenotype gives a non-metameric opti-

mization problem.



Table 2.1: Examples of problems well suited for metameric representations. Note that some problems
use multiple types of metavariables. Other metameric representations, where each metavariable encodes
something other than what is listed here, are possible for each problem.

Problem: Metavariables represent: Template design variables:
Wind farm Turbines Position, turbine type, height
Coverage Nodes Position, type, radius
Composite laminate design Plies Material, thickness, orientation
Clustering Cluster centers Point in data space
Control Rules State-space conditions, resulting action
Microstructure optical fibers Holes Position, radius
Portfolio Assets Type, amount
Truss Nodes Position
Members Connected nodes, area, shape
Neural network Neurons Activation function, threshold
Connections Connected neurons, weight
Electronic circuit Electronic component Connected nodes, type, characteristic value

The generic optimization statement of a metameric optimization problem is given in (2.1). This example
can also be modified to include multiple metavariable types, non-real-valued design variables, and global

design variables while remaining metameric.

Minimize f(x)

x
Subject to  ¢;(x) <0 7 ,2, .
hj(x) =0 i=1,2..4q (2.1)
k=1,2,...,v
N A 1)

It is worth noting that non-metameric variable-length representations exist for many optimization prob-
lems. Examples include tree-based, grammatical, or other problem-specific encodings. Such representations
are not considered by this survey. Generative, or developmental, encodings are only considered by this work
if the genotype uses a metameric representation.

For brevity, outside of this section the term metameric problem is considered to be synonymous with

metameric optimization problem.

2.2.1 Ordered Problems

An ordered metameric problem is one with a fitness that is sensitive to the ordering of metavariables in
the genotype. This is common in composite laminate problems, wherein the layup is determined by the
ordering of plies in the genotype. Classification problems that encode a rule in each metavariable may give
priority to rules based on order of appearance [5, 4]. Some indirect representations also rely on the ordering

of metavariables when forming the phenotype [84, 64, 107].



A permutation operator, capable of rearranging metavariables in the genotype, may be beneficial for
ordered problems. When performing crossover the relative ordering of metavariables should be considered.
Some operators, such as the cut and splice crossover (Section 3.2.1.1 and 6.1.2) or those used by represen-
tations with fixed-length genomes (Section 3.2.2 and 5.2), are also sensitive to the ordering metavariables in

the genotype. This is true even if the problem is a non-ordered one.

2.2.2 Solution Validity

A walid solution is one to which the evaluation function can assign a meaningful fitness value; one which is
directly pushing toward a goal, without artificially added penalty or regularization terms. Valid solutions
may be feasible or infeasible, based on constraint satisfaction. An inwvalid solution, either created initially
or by evolutionary operators, cannot be evaluated and the fitness values will be arbitrary. If the algorithm
cannot distinguish the better of two invalid solutions based on their fitness there may be no pressure toward
valid regions of the search space.

For many metameric problems the entire search space will be valid. Regardless of the number of metavari-
ables, or their design variable values, the evaluation function will provide meaningful fitness values. Some
problems, such as those with graph-based solutions, may have invalid regions of the search space. For ex-
ample, a truss may be defined as a mechanism rather than a structure, or a neural network may have no
connections to its output nodes. Such solutions are undesirable, and the resulting fitness values may contain
no useful information.

Modifications to the evolutionary operators can help guide algorithms toward valid solutions, these are
discussed in more detail in Section 3.2.5. These changes are not strictly necessary but may improve overall
performance of the algorithm. Problem-specific heuristics are used to design these operators, making them
difficult to generalize. A general metameric algorithm might be designed to take advantage of a user-defined

repair operator or measure of validity, when available.

2.3 Metameric Algorithms

A metameric algorithm is one designed to take advantage of the metameric representation. Gradient-based
algorithms are difficult to apply to metameric problems due to the changing dimensionality of the search
space. The gradients are not defined as the dimensionality changes. Metaheuristics, such as evolutionary
algorithms (EAs), are a better choice due to their lack of dependence on the existence of derivatives. The
survey in Chapter 3 only considers the application of metaheuristics to metameric problems, with nearly all

the cited studies using EAs.



Non-metameric algorithms can sometimes be applied to metameric problems. It is trivial to apply most
EAs to the fixed-length genomes (Section 3.2.2 and 5.2) used by some metameric representations. However,
the effectiveness of the search may be greatly improved by considering the representation when designing
operators. We expect that the metameric representation shared by these problems will allow for efficient,
general metameric algorithms. Such algorithms would not include problem-specific heuristics beyond the
segmented, variable-length nature of the genome.

For example, the effectiveness of the crossover operators used in many EAs relies on their ability to
preserve building blocks present in the parent solutions. In traditional EAs a building block is a short
subsequence of the genome that has a positive effect on fitness. In metameric problems a building block may
be a subset of metavariables. Disruptive crossovers are ones which fail to preserve the building blocks in child
solutions. Traditional EAs applied to metameric problems may be restricted to exchanging metavariables
based on their position in the genotype, this is likely to be disruptive. Specialized metameric crossovers
might instead exchange metavariables based on their commonalities (Section 6.1).

Changing the length of a solution, either through crossover or mutation, is typically deleterious to solution
fitness. As the length changes, so does the entire fitness landscape. Building blocks in the genotype may
no longer be optimal for the new solution length. The deleterious effect can result in such solutions being
quickly discarded by traditional selection operators. However, if given a chance to refine and improve, these
solutions may emerge as more optimal than those found at previous lengths. Specialized metameric selection
operators may facilitate this process by ensuring diversity among the selected solution lengths. Chapter 7

gives further discussion of metameric selection operators.
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Chapter 3

Metameric Representations,
Problems, and Algorithms in

Literature

This chapter provides a survey of metameric representations in literature. A description of the problems
solved and the general methodologies used to solve them are provided. It is observed that no commonly
accepted metameric algorithms have emerged, despite the common representation. The following sections
are adapted from the survey submitted to Genetic Programming and Evolvable Machines: A Survey of
FEvolutionary Algorithms using Metameric Representations [117]. Later chapters compare the performance
of several of the representations and operators presented here. When detailing the implementation of these

some of the background information from this chapter may be repeated.

3.1 Metameric Problems

This section will give a brief description of some problems that have been solved using EAs with a metameric
representation. Of primary interest is how the representations employed fit the proposed metameric structure
(i.e., what does each metavariable encode).

The representations used vary among the cited studies. Many employ a representation that matches the
one given in Section 2.1. Some representations appear considerably different, however we believe that these
could be mapped to the proposed format without significant changes to the study. It is also worth noting

that the variable-length nature of these representations is not always a primary focus of these studies.

11



This list is certainly not exhaustive, however we believe it is sufficient to demonstrate that a large number
of problems can be, and have already been, solved using metameric representations. Details on the algorithms
used are given in Section 3.2.

This survey does not provide any of the detailed fitness models or nuances of the problem that each piece
of literature introduces. Additionally, studies using a metameric representation constitute a small fraction
of the literature available for these problems. Readers are referred to reviews or surveys focused on each of
these problems, when available, if additional information is desired. The wind farm, coverage, and laminate

composite problems described here are adapted as metameric benchmark problems in Section 4.3.

3.1.1 Wind Farm Design

Wind farm design focuses on the placement of wind turbines on a specified site with a defined wind profile.
The power produced by an individual turbine is a function of the local wind speed. Each turbine creates
a downstream wake which reduces the power produced by any turbine on which it impinges. The overall
efficiency of the wind farm can be improved by limiting the downstream interactions between turbines. If the
number of turbines is fixed, the objective might be simply to maximize the power produced. If the number
of turbines is allowed to vary, then the objective is usually to minimize the cost per unit of power produced,
either subject to a constraint on minimum power or with a second objective of maximizing power produced.
Several reviews of the wind farm design problem are available [75, 61, 53].

Each metavariable might encode an x- and y-position for each turbine [98, 52, 118, 116]. Alternatively,
the domain can be partitioned into a number of rectangular elements a priori; potential turbine locations
are then limited to the center of each element [99, 54, 35, 126, 19]. This results in a static-metavariable
representation, as described in Section 3.2.2.2. Some studies might also define a hub height [98, 52, 19]

and/or generator type [98, 52] for each turbine.

3.1.2 Coverage

We use the term coverage to encompass a few different problems. Each focuses on the placement of a number
of nodes that provide coverage to a domain. Examples include sensors used for detection or transmitters
used for network coverage. Evaluation models vary, but each implementation typically seeks to minimize
cost while maximizing the coverage and/or reliability of the system. Cost is primarily a function of the
number and type of nodes used and may focus on the initial network cost or upkeep costs, such as energy
consumption. Luna et al. provide a survey of evolutionary algorithms used in cellular system planning [85],

and surveys on wireless sensor networks are available in [1, 37].
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The studies discussed here focus on the deployment of such systems. Each metavariable represents one
node, defined by a position and possibly a few auxiliary variables such as node type or range [58, 141, 70,
15, 96, 134, 118, 116]. Some studies consider nodes that are already deployed, with positions that cannot
be changed. Only a subset of nodes are then activated to achieve the desired coverage for minimal energy

usage [38, 69].

3.1.3 Clustering

Clustering is an example of unsupervised learning [65]. A set of items, each defined by a number of attributes,
is partitioned into a number of clusters based on similarities among the items. For example, the pixels of an
image may be clustered based on their intensities. The fitness measures vary, but are usually a measure of
the trade-off between minimizing the intra-cluster and maximizing the inter-cluster distances. Clustering has
been studied extensively in the literature; Hruschka et al. [65] and Nanda and Panda [100] perform surveys
of evolutionary clustering algorithms while Jain et al. [66] provide a wide review of clustering techniques
and applications. The survey by Hruschka et al. [65] contains a section focused on variable-length clustering
algorithms.

The method of partitioning the data into clusters varies. Each metavariable might encode a cluster
center in the attribute-space, with items then being assigned to clusters based on proximity to the centers
[6, 7, 81, 27, 17]. Other studies might only allow for a limited number of potential cluster centers, either
based on the location of items or a heuristic applied prior to optimization. A subset of these centers are then
chosen to form clusters [137, 102, 104]. Ghozeil and Fogel [47] use an alternative representation in which

each metavariable defines a hyperbox used to determine partitioning of the attribute-space.

3.1.4 Classification

Classification is a form of supervised learning. A set of potential classes and a set of items, each defined by
a number of attributes, are provided. The correct class membership of each item is assumed to be known.
The algorithm creates a classifier that acts as a mapping function from the attribute-space to the class-space
[39]. For example, a dataset may describe several attributes for a number of tumors, and whether each
tumor is benign or malignant. The classifier would be trained to identify the tumor type from a given set of
attributes. Fitness is typically a function of the number of correctly classified items. Classification measures
may be used as fitness functions for neural networks [147, 103, 148].

In some studies each metavariable defines a rule [28, 5, 4]. Each rule contains conditions acting on

one or more attributes, and commonly the consequent class to which items are assigned if they satisfy the
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conditions. Pulkkinen and Koivisto [109] use a decision tree heuristic to create an initial set of rules which
are then refined. Alternatively, Fidelis et al. [40] represent each condition with a metavariable, where each
individual represents a single rule determining whether or not an item belongs to a particular class. They
repeat the optimization algorithm once for each possible class to form a complete set of rules.
Bandyopadhyay et al. [8] and Srikanth et al. [129] encode a hyperplane and ellipsoid, respectively, in
each metavariable which are then used to partition the attribute space. Ferndndez et al. [39] performed
a taxonomy of evolutionary algorithms applied to classification problems, including the representation of

solutions.

3.1.5 Control Systems

Control system problems optimize a model that directs the behavior of one or more agents or systems in
response to some input. Frequently control systems are used as evaluation functions for neural networks
[86, 132, 33, 131, 74] and gene regulatory networks [101, 119, 24]. These studies explicitly define a different
metameric problem (e.g., a neural network) and have been categorized as such. Fleming and Purshouse
surveyed the applications of evolutionary algorithms to control systems [41].

Each metavariable might encode a rule, defining certain conditions for the state space (e.g., sensor data)
and a resulting response [14, 144, 11, 133]. Typically the rule that best matches the current state space is
used. Chang and Sim [16] optimize a control lookup table for a train, with each metavariable defining a

position along the track, which is used to determine if the train should coast or motor.

3.1.6 Composite Laminate Design

Composite laminates are meta-materials formed by stacking and bonding a number of thin laminae, or plies.
Each composite lamina is made of a matrix material (e.g., a polymer, such as epoxy) with embedded high
strength fibers (e.g., graphite fiber). Through control of the fiber direction of each lamina, the mechanical
properties of a composite laminate can be tailored as needed. As the number of laminae changes so does the
thickness of the composite laminate. A typical goal of the optimization is to minimize mass (equivalently,
thickness) while supporting a defined load. Analysis is usually performed using classical laminate theory [25],
or in more complex cases, finite element analysis (FEA) may be employed. Ghiasi et al. [46, 45] performed
reviews of the optimization techniques used for composite laminates.

There are frequently other constraints on the layup to ensure manufacturability or proper mechanical
behavior. For example, symmetry about the mid-plane may be desirable, as it uncouples the membrane and

bending response of the laminate [25]. In most studies, an indirect encoding is used (see Section 2.1.2). Each
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metavariable is expressed as several plies in the phenotype; such an encoding helps ensure that the design
constraints are met.

Each metavariable might encode, for example, a fiber orientation; some studies also encode material type,
fiber volume fraction and/or lamina thickness. The layup is determined by the ordering of metavariables in
the genotype. Frequently, studies only consider a single composite laminate panel [80, 127, 106, 105, 112, 78,
118]. Giger [48] simultaneously designs several laminate composite panels. Alternatively, each metavariable
might represent a patch that covers one or more segments of the object [48, 73]. The layup of each segment

is determined by the patches that cover it.

3.1.7 Analog Electronic Circuits

In analog electronic circuit design a number of components, such as resistors, inductors, and capacitors, are
used to form a circuit that provides the desired output for a given input. The solutions to these problems
are graph-based, and the connectivity of the components must be determined. Frequently, passive filters are
designed [84, 55, 149, 3, 26, 77], with the fitness being measured as the difference between a desired and
actual frequency response. Other analog applications include transistor amplifiers [84, 149] or computational
circuits [120]. Design of digital circuits is also possible; examples are included in Section 3.1.11.

In most studies, each metavariable defines an electronic component type (e.g., resistor, inductor, etc.),
a characteristic value (e.g., resistance, inductance, etc.), and the connectivity of that component. Node
numbers might be encoded for each component’s terminals to determine connectivity [55, 149, 3, 26, 77, 120].
Lohn and Colombano [84] proposed an alternative, ordered representation in which each metavariable encodes
a single instruction for assembling the circuit. This representation was also adapted by Hollinger and

Gwaltney [64].

3.1.8 Truss

A truss is a mechanical structure designed to support a given load. The solutions are graph-based, with
a set of nodes and a set of members connecting them being defined. Optimization of trusses can typically
be broken into three parts. Size optimization considers the cross-sectional areas of the members, shape
optimization considers the positions of the nodes, and topology optimization allows members to be added
or removed. Most frequently, the truss is optimized to minimize its mass while safely supporting the given
load. A survey of evolutionary algorithms used for structural design, including design of trusses, is available
in [76].

For this to be a variable-length problem, topology optimization needs to be considered. This is commonly
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done by first defining a ground structure, as shown in Figure 3.1. This is an example of a static-metavariable
representation (Section 3.2.2.2), with a metavariable encoding each member in the ground structure [113].
Other studies also include a metavariable to encode the position of each node, allowing for simultaneous
optimization of truss topology, size, and shape [110, 30, 49, 48, 2]. Lee [81] does not use a ground structure;

each metavariable encodes a node and includes additional design variables used to infer the members.

Figure 3.1: An example truss ground structure containing 10 nodes and 20 members.

3.1.9 Neural Networks

Artificial neural networks are directed graphs consisting of a set of neurons, or nodes, connected by a set of
synapses, or connections. Fach network has a number of input and output nodes, determined by the problem
definition. The number of hidden nodes, which act as intermediaries between the input and output nodes,
can vary. Each connection between nodes typically has an associated weight. Each hidden node typically
applies an activation function to the weighted sum of its inputs to determine its output. These outputs are
passed along to the subsequent hidden nodes and eventually to the output nodes.

Studies might define a base network topology, similar to the ground structure commonly used in truss
problems. Each metavariable then encodes a connection in the base topology [142, 86, 147, 83, 103, 148].

Alternatively each metavariable might encode a node. Khan et al. [74] include a list of nodes in each
metavariable to be used as inputs. Several studies encode additional information in each metavariable that
can be used to infer the connections between nodes [81].

Stanley and Miikkulainen [132] developed the NEAT algorithm in which separate metavariables are used
to represent nodes and connections. They proposed several methods to better handle the variable-length
nature of the problem, discussed in Sections 3.2.1.3, 3.2.4.4, and 3.2.6. NEAT was extended to produce
compositional pattern producing networks (CPPNs), as discussed in Section 3.1.11.

When large networks are required, a direct encoding may result in an intractable search space. In
such cases indirect methods of encoding are a valid alternative. For example, Stanley adapted CPPNs as

an indirect encoding for large neural networks in HyperNEAT [131]. Surveys of neuroevolution, including
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Figure 3.2: A sample artificial neural network using 3 input nodes, 6 hidden nodes, and 2 output nodes.
Line width is proportional to connection weight.

indirect methods of encoding, are available in [146, 42].

3.1.10 Gene Regulatory Networks

Artificial Gene Regulatory Networks (GRNs) are an abstraction of the biological processes used by a cell to
regulate the expression levels of gene products (e.g., proteins). The level of abstraction can vary significantly
among studies of GRNs [128]. In the simplest models the expression levels of one protein may either signal,
inhibit, or have no effect on the expression levels of a second protein. This can be represented as a graph, with
each node representing a particular protein (or gene, metabolite) and each edge representing an interaction
between proteins [59].

Each metavariable might encode for one protein, including information that can be used to infer its
interactions with other proteins in the model. Several studies [143, 119, 24] use a protein interaction model
similar to the one proposed by Banzhaf [9]. Each protein is defined using an identification, enhancer, and
inhibitory tag. Protein interactions are determined based on the tags. Bentley [13] uses a fractal pattern
defined by each protein to model interactions.

Trefzer et al. [135] investigate and compare several variable-length representations for GRNs, several of
which fit our definition of metameric. Dinh et al. [32] adapt the NEAT algorithm, originally designed for
neural networks, for GRNs. Two sets of metavariables are used, one defining proteins and one defining their
interactions.

The studies cited here frequently evolve GRNs to match synthetic data or functions (e.g., low-pass filters,
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oscillatory behavior, etc.) [13, 24, 32]. A GRN may also be used as a control system [101, 119, 24], or used
to produce desired spatial patterns [135, 24]. Wilson et al. [143] use a GRN as an indirect encoding method
for the wind farm design problem.

It is also possible to infer information or network information from biological data, however this was not
an application of the cited metameric algorithms. Spirov and Holloway survey the models used to represent
GRNSs in evolutionary computation [128], Sirbu et al. [125] compare several EAs for GRN inference, and

Hecker et al. [59] give a more general review of GRN inference.

3.1.11 Other Metameric Problems

Optical fibers can be fabricated with an arrangement of wavelength-scale air holes through the length of
the fiber. The size and arrangement of the holes can be adjusted to tailor the transmission characteristics.
Each metavariable could encode the position and size of a hole in the fiber [87, 107]. Typically an indirect
encoding is used where the holes encoded in the genotype are repeated in a radially symmetric pattern to
form the phenotype.

Multilayer optical coatings are formed by layering a number of materials with varying optical proper-
ties. Each metavariable defines a material type and thickness; the coating is optimized to match a target
transmission spectrum [56].

Lee and Antonsson [82, 81] use a 2-D shape-matching problem to demonstrate a variable-length algorithm.
Each metavariable represents a segment angle and length, drawn from the end of the previous segment.

Chen et al. [20] use a metameric representation for reconfiguring satellite orbits in response to a new
ground target for observation. Each metavariable represents the reconfiguration parameters for a particular
satellite.

Metameric representations can also be used to create evolutionary art. Stanley augmented his NEAT
algorithm, originally designed for neural networks, to produce compositional pattern producing networks
(CPPNs) with outputs that could be used to form images [130]. Interactive evolution is employed, in which
the user manually picks which images will form the next parent population.

Montemurro et al. [97] optimize the structure of a wing-box. Each metavariable represents a stiffener
in the wing-box, defining its geometrical size as well as its desired mechanical properties. A second, non-
metameric step is then used to determine a composite layup for each stiffener based on its thickness and
desired mechanical properties as determined by the first step.

Gad and Abdelkhalik [44] optimize multi-gravity-assist space trajectories to minimize fuel expenditure.

A variable number of planetary swing-bys are defined, as well as any deep space maneuvers that should
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occur during the travel time between planets.

de Lucena et al. [29] design a submarine pipeline route, each metavariable representing a curved pipeline
segment. The curved segments are then joined together by straight segments to form the complete route.
Fitness is largely based on the total length of the pipeline, with some fitness penalties and constraints based
on design criteria (e.g., avoiding obstacles, declivity, etc.).

Schoenauer [123] uses various representations for topology optimization, determining a structure’s shape
to optimally support a given load. In one representation, each metavariable defines a Voronoi point and
a label. The resulting Voronoi diagram is used to partition the structure; the labels indicate the presence
or absence of material in each cell. Two alternate representations use metavariables to define rectangular
shapes. Depending on the representation used, each rectangle may represent the presence or absence of
material. Schoenauer et al. [124] use these representations, along with an additional representation defining
triangular shapes, to identify mechanical inclusions in a structure. Hamda et al. [57] propose a few alternative
Voronoi-based representations for topology optimization.

Digital circuits can be approached as a metameric problem, but the representation can vary greatly
among studies. Kajitana et al. [71] use a metameric representation to encode a programmable logic device.
Zebelum et al. [149] define a boolean function, each metavariable encoding a single product term. The
resulting function could then be used to design a digital circuit. Miller et al. [93, 94] encode in each
metavariable a logic cell (e.g., AND, OR, XOR, etc.) and specification of which other cells are used as

inputs.

3.2 Metameric Evolutionary Algorithms

The studies cited here typically adapt a traditional, fixed-length EA for the metameric representation. The
particular type of EA used is not of particular importance for this survey. This section focuses on the changes
to the representation, crossover, and selection operators.

Metameric algorithms can be broadly sorted into two categories, based on whether they use a variable-
length or fixed-length genome. Section 3.2.1 discusses algorithms using variable-length genomes, which
are then grouped based on the type of crossover operator used. Algorithms using a fixed-length genome,
described in Section 3.2.2; are grouped based on the specifics of their representations. Table 3.1 shows which
methodologies have been observed for each metameric problem. Some studies fall into multiple categories,
because they either compared multiple methods or implemented a blend of operators into a single algorithm.

Changes to the mutation operator, discussed in Section 3.2.3, are relatively straightforward for most

metameric algorithms. The selection operator, an important but often neglected part of metameric algo-
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Table 3.1: A list of methodologies that have been used to solve each metameric problem.
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rithms, is discussed in Section 3.2.4. Section 3.2.5 discusses the adaptations made for handling invalid
solutions (see also Section 2.2.2); including repair operators, and Section 3.2.6 discusses population initial-
ization.

It is worth noting that not all algorithms cited here may be metameric. Section 2.3 defined a metameric
algorithm as one that gives special consideration to the metameric representation. Most of the cited studies
make at least one modification to the algorithm to better handle the representation, resulting in a metameric
algorithm. When using a fixed-length genome it is also possible that traditional, non-metameric algorithms

can be blindly applied. We have not made special note of such studies here.

3.2.1 Variable-Length Genomes

A variable-length genome changes its length to accommodate more, or fewer, metavariables. In most cases
the length of a genotype is equal to the number of metavariables in the evaluated solution. The mutation

and crossover operators may both be used to alter solution length. Modifications to the mutation operator
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are typically straightforward, as discussed in Section 3.2.3. Several types of crossover operators capable of

handling parents of differing lengths are described in the following subsections.

3.2.1.1 Cut and Splice Crossover

A cut and splice crossover is the simplest and most frequently used crossover operator in the studies using
a variable-length genome. It is an adaptation of the n-point (most commonly, one- or two-point) crossover
often used in EAs, the difference being that the crossover points in the parents do not have to match. As a
result, the length of the children may differ from that of either parent. Kajitani et al. [71] use an alternative
operator where either a single parent is cut into two shorter children, or two parents are spliced into a single,
longer child solution.

Most implementations only exchange metavariables in their entirety, restricting the crossover points to the
metavariable boundaries. Some studies allow for intra-metavariable crossover points [28, 129, 11, 5,87, 17]. In
this case the crossover points in both parents must be chosen such that the partially exchanged metavariables
will form a complete metavariable in the child.

While simple, the cut and splice crossover is also very disruptive to the solution. The exchanged metavari-
ables are effectively random, depending largely on their positions in the genotype, making it a relatively poor

choice of operator for many metameric problems.

3.2.1.2 Spatial Crossover

Spatial crossover operators partition the parent genomes based on one or more chosen design variables. For
example, suppose each metavariable defines a location on a plane. A random line could be used to divide that
plane into two parts; each parent would then be partitioned into two sets of metavariables that lie on either
side of the line. Children are formed by inheriting one set of metavariables from each parent. Other terms
used to describe this operator include “geometric(al)” [123, 124, 57, 48], “geographical” [85], and “ordered”
[14] crossover.

Since the resulting partitions may not be the same length in both parents this is a length-varying operator.
The user is required to identify the design variables used to partition the genomes. Typically, spatial
coordinates are used; other variables could be considered but may not result in an effective crossover. For
example, a coverage problem may allow each node to have either a small or large coverage radius. Two
parent solutions may each have a node at the same location but with different radii. It would be redundant
for a child to inherit both of these nodes, while a child inheriting neither node would leave a gap in coverage.

Such a result is a possibility if node radius is considered when partitioning the parent solutions.
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The advantage of the spatial crossover is that, when properly employed, there is a meaningful relationship
between the sets of metavariables exchanged. Building blocks present in the parents are likely to be preserved
in the children. Disruption of building blocks can still occur, but the region of disruption is limited to the
line or boundary used to partition the solution [21]. Our example divides the solution using a straight line,
however any line or shape could be used. One disadvantage of this method is its inability to easily generalize
to problems with metavariables that do not define spatial locations or other design variables that allow for

a meaningful partitioning.

3.2.1.3 Similarity Crossover

Frequently both parent solutions will share some common, or very similar, metavariables between them. It
is expected that these metavariables are functionally similar. It would be redundant for a child solution to
receive a copy of a common metavariable from both parents, and a child that doesn’t receive either copy will
suffer a loss of function. This is a possibility with some crossover operators—the random nature of the cut
and splice operator could easily result in a child with multiple copies of the same metavariable. It is also
possible with a spatial crossover if two very similar metavariables lie on either side of the dividing line.

Similarity crossovers attempt to avoid this problem by identifying pairs, or groups, of similar metavari-
ables between the parents. Doing so allows the operator to preserve similar structures, or building blocks, in
the parents while exchanging dissimilar structures to form new, unique children. Similarity among metavari-
ables is typically a measure of the differences in each design variable. The NEAT algorithm [132], and
several studies based on NEAT [130, 131, 32], assign a unique identifying number to each metavariable as it
is created. These numbers are used to pair similar metavariables when performing crossover.

Typically, only one-to-one metavariable pairs are allowed, with each child randomly inheriting one
metavariable of each pair. Depending on the implementation, some metavariables may remain disjoint
if a sufficiently similar metavariable doesn’t exist in the other parent. Whether or not this crossover can
vary solution length frequently depends on how the disjoint metavariables are handled. If one child inherits
all the disjoint metavariables from one parent, then the solution length will not change [13, 24]. In several of
the NEAT-based algorithms, all the disjoint metavariables in the fitter parent will be inherited by the child.
However, the length can vary if both parents have the same fitness.

We have previously proposed an operator that forms a linkage between each metavariable and its most
similar counterpart in the other parent [118]. Crossover is then performed in such a way that ensures that no
child inherits a pair of linked metavariables. The pairings are not always one-to-one—a single metavariable
may be linked to multiple metavariables in the other parent. As a result, changes in length are possible

during crossover.
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3.2.1.4 Mutation Only

Metameric algorithms may rely entirely on mutation as the length-varying operator. Such algorithms may
not use any form of crossover [47, 77, 120, 118], or the implemented crossover is not length-varying. For
example, studies might use an n-point crossover where the crossover points match in each parent [16, 96, 133],
or a similarity crossover that handles the disjoint metavariables in a way that does not allow for changes in

length [13, 24].

3.2.1.5 Other Variable-Length Genome Methods

Das and Vemuri [26] use a specialized crossover for electronic circuit design that ensures that the exchanged
subcircuits of two parents will produce valid children.

Ang et al. [4] use a crossover that pools all metavariables from the two parents and randomly distributes
them to the child solutions.

When solving a 2-D shape matching problem, Lee and Antonsson [82, 81] assign monotonically increasing
index values to each line segment based on length. Crossover is then performed by exchanging metavariables
with an index value within a randomly determined range.

Bandyopadhyay et al. [8] use variable-length strings to encode solutions but allow for some bits to be
non-coding. Prior to crossover and mutation, solutions are padded using non-coding bits such that they are
all the same length. Fixed-length operators are then employed.

Ando et al. [3] use a variable-length genome but do not provide a description of the crossover or mutation

operators.

3.2.2 Fixed-Length Genomes

Fixed-length genomes are often used to represent metameric problems. Solution length can be varied by
allowing metavariables in the genotype to remain unexpressed in the phenotype. Table 3.2 provides a
description of the mechanisms used to accomplish this, along with a list of studies that have employed them.
The non-coding portions of the genotype are often referred to as introns in the literature.

Despite their frequent use, there is no commonly agreed upon terminology or methodology for fixed-
length genomes in metameric problems. Observed terms used to describe this representation include “hidden
gene” [44], “active/inactive gene or flag” [149, 135], “control gene” [15], “filtering mask” [104], “activation
threshold” [27, 29], “activation mask” [149], “boolean representation” [48], and “don’t care symbol” [7].

Each of the methods described in this section requires that the length of the genome be defined a priori,

creating an upper bound on effective solution length. Care should be taken to ensure the genome is long
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Table 3.2: Observed mechanisms for controlling metavariable expression in algorithms using a fixed-length
genome.

Methodology Citations
[142, 86, 99, 110, 147,
149, 137, 54, 48, 102, 15,
104, 148, 69, 35, 126, 113,
19, 74, 135, 20, 2, 118]

A binary flag is included in each metavariable. The value
of the flag controls whether or not that metavariable is ex-
pressed.

A real-valued flag is included in each metavariable, the
value of the flag relative to a defined threshold determines [40, 83, 27, 29]
whether or not a metavariable is expressed.

A single integer mask controls which metavariables are
expressed. This may be as simple as using the first N [44, 97]
metavariables.

An existing design variable is adapted such that certain val-
ues signal that the metavariable should not be expressed.
Integer, discrete, or enumerated variables might include an
additional “do not express” value. Some real-valued vari-

80, 55, 30, 127, 56, 70,
103, 49, 48, 106, 38, 105,

ables, such as connection weights in a neural network, could 109, 112, 78]
be set to 0 to effectively remove them from the solution.
The inclusion of a do not care or null symbol that replaces 58, 7]

the entire metavariable at that position in the genome.

A stop metavariable or sequence is defined. Once this is
encountered the decoding of the genotype terminates and [64]
the remaining metavariables are unexpressed.

Some graph-based problems use a representation based on

Cartesian Genetic Programming [92]. Each metavariable

encodes a node, including which other nodes are used as [93, 94, 135, 74]
inputs. Nodes that are not used as inputs by any other

nodes will remain unexpressed.

enough to represent solutions of the optimal length. An algorithm could be designed to increase the genome
length of the entire population if the upper bound is approached, however no such methodology has been
observed.

One of the primary benefits of using a fixed-length genome is the ease of implementation. It is possible
that traditional, fixed-length operators might be applied, such as n-point crossover. Despite this, many
studies will modify one or more operators to increase their effectiveness for metameric representations.

This survey proposes that metameric algorithms using a fixed-length genome can be divided into two
classes: the hidden-metavariable representation and the static-metavariable representation. The difference
between the two is that the static-metavariable representation incorporates some problem-specific, underlying

structural information into the representation, while the hidden-metavariable representation does not.
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3.2.2.1 Hidden-Metavariable Representation

The hidden-metavariable representation is the more general form of using fixed-length genomes. While the
genotype is of a fixed-length, the phenotype remains variable-length. Whether or not a metavariable is
expressed in the phenotype is determined by one of the mechanisms described in Table 3.2. An example of

a hidden-metavariable genotype and resulting phenotype is shown in Figure 3.3.

=06 T=2 xr =28 r=1 =9 r=3 =17
Genotype y=2 y=>5 y=1 y="1 y=2 y=2 y=28
flag=0|flag=1|flag=1|flag=0 |flag=0 | flag=0 | flag=1

Phenotype

Figure 3.3: An example of a hidden-metavariable representation using a binary flag to control metavariable
expression.

Studies apply traditional crossover and mutation operators. The performance of the crossover operator
is highly dependent on the distribution of the expressed metavariables in the genome. Metavariables can
usually only be exchanged if they occupy the same position in the genotype of each parent, however there
may be no meaningful relationship between the two. If the distributions of metavariables in two parent
genomes are drastically different, then the exchange of metavariables to form children is effectively random.
Over time, it is likely that the population will converge toward a common distribution of metavariables in
the genome, allowing for a less destructive crossover.

The interaction of the mutation operator and the mechanism for controlling metavariable expression
should be considered. It might be desirable that different mutation rules be applied to these design vari-
ables. If the algorithm requires a measure of distance between solutions, perhaps for a niching operator

(Section 3.2.4.4), it is unclear if it should be based on the phenotypic or genotypic distance.

3.2.2.2 Static-Metavariable Representation

The static-metavariable representation includes some underlying structural information of the solution in
the representation. Each genotype has two parts: a static-genotype and a free-genotype. Each is defined
using the same number of metavariables, but contain different sets of design variables. The static-genotype
contains design variables describing the underlying structure that are defined a priori, either by the user
or by an initial computational step. The free-genotype contains the design variables that are subject to

optimization, including those that control metavariable expression as described in Table 3.2. To form the
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Static-Genotype

Free-Genotype

=1 =206 =06 r=1
Phenotype y=3 y=9 y=4 y=38
r=3 r=25 r=4 r=4.5

Figure 3.4: An example of a static-metavariable representation using a binary flag to control metavariable
expression.

phenotype, the free-genotype is combined with the static-genotype, as demonstrated in Figure 3.4.

Due to their similarities, it can sometimes be difficult to distinguish between the hidden- and static-
metavariable representations. The primary difference is that in the static-metavariable representation the
phenotype is dependent on the position of each expressed metavariable in the free-genotype. Changing
the position of a metavariable in the free genotype will also alter the static design variables associated
with that metavariable, resulting in a different phenotype. In the hidden-metavariable representation the
positioning of the expressed metavariables does not affect the phenotype. If the problem is an ordered
one (see Section 2.2.1), then the relative ordering of metavariables is important for a hidden-metavariable
representation, but not their particular positions.

An efficient metameric algorithm may function differently for hidden- or static-metavariable representa-
tions. It is possible that the static-genotype is visible to the optimization algorithm. In this case certain
operators may be improved by considering both the free- and static-genotypes. Even if the problem is con-
sidered black box, where the static genotype is not visible, knowing that there is an underlying solution
structure can be beneficial when designing operators.

The static- and free-genotypes are terms proposed by this survey. Most studies cited here propose a
particular solution structure a priori; the genotype is then mapped onto this structure to form the phenotype.
The information required to define this structure is what we consider the static-genotype. This does require
some problem-specific heuristics—the static-genotype used for one problem is unlikely to be applicable to
other metameric problems.

This representation might be used when there is a limited number of permissible components in the

solution—for example, there may be a limited number of acceptable sites to place a cell phone tower. The
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acceptable sites could be encoded into the static-genotype and the free-genotype would then control which
sites contain a tower. Alternatively, this representation may be used to reduce the size of the search space
if the general structure of an optimal solution is known a priori. This information could be included in the
static-genotype, rather than requiring the algorithm to discover this structure.

For the remainder of this section we will describe the various implementations of a static-metavariable
representation in the cited literature.

Wind farm problems commonly limit the potential positions of turbines to points on a grid; these points
are then used to define the static-genotype [99, 54, 126, 35, 19]. A similar representation has been applied
to several coverage problems where sensors are considered to be pre-deployed. The location of each sensor is
contained in the static-genotype; the optimization then determines a subset of sensors to activate [38, 69].

Clustering problems may define a set of potential cluster centroids, determined by a heuristic method, in
the static-genotype [137, 104]. Pulkkinen and Koivisto [109] use a heuristic to construct an initial set of rules
in a classification problem. These rules are then refined using a metameric algorithm; certain portions of each
rule are not subject to optimization and form the static-genotype. Fidelis et al. [40] solve a classification
problem by having each metavariable represent a condition; the location of the metavariable in the genome
determines which attribute the condition acts on.

Giger [48] designs several composite laminates in a part simultaneously. Each metavariable defines a ply;
the laminate that the ply belongs to is dependent on the position of the metavariable in the genome. Chen
et al. [20] solve a satellite orbit reconfiguration problem; each metavariable position in the free-genotype
is associated with a particular satellite. In de Lucena et al. [29], they define each curved segment of a
submarine pipeline route as a metavariable; each curve is positioned relative to base points that are encoded
in the static-genotype.

Problems with a graph-based solution may define a highly connected ground structure or network a
priori—for example, the truss shown in Figure 3.1. The static-genotype defines the potential edges between
nodes, and the free-genotype controls which edges are present in the phenotype. Such a representation is
common when designing neural networks [142; 86, 147, 83, 103, 148] and trusses [110, 30, 49, 48, 113, 2].
The free-genotype may also define problem-specific design variables for particular edges. For example, each
metavariable might also define the cross-sectional area of each member in a truss, or connection weights
in a neural network. Studies may also include additional metavariables for each node; these might define
positions of nodes in a truss or the biases of nodes in a neural network.

Cartesian genetic programming (CGP) [92] may also be used to represent graph-based solutions. Each
metavariable encodes a node, including which other nodes are connected as inputs. This is considered a

static-metavariable representation since the connections are encoded using node labels, and the node labels
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are assigned based on the position of that node’s metavariable in the genotype. Studies in this survey have
applied a CGP representation to neural networks [74], gene regulatory networks [135], and digital circuit

design [93, 94].

3.2.2.3 Other Fixed-Length Genomes

Omran et al. [102] use a representation that closely resembles static-metavariables for a clustering problem.
The static-genotype initially contains a random subset of data points that can be used as cluster centroids.
Occasionally this static-genotype is updated using the best solution in the population and a random subset

of the data points.

3.2.3 Mutation Operators

Modifications to the mutation operator should consider the representation. When a variable-length genome
is used, most studies include a small chance to add or remove a metavariable. If a fixed representation is used
then the interaction of the mutation operator with the design variables that control metavariable expression,
described in Table 3.2, is important.

It may also be beneficial to adapt the rate of mutation to solution length, which may vary considerably
during a single trial. A fixed rate of mutation may result in too many or too few mutations, depending on
solution length.

Some studies also introduce a permutation operator to alter the ordering of metavariables in a genome
[80, 127, 15, 87, 105]. This may be done if the problem is an ordered one, as described in Section 2.2.1. In
unordered problems, the permutation operator does not directly affect solution fitness but may improve the
effectiveness of certain crossover operators.

More specialized mutation operators have been observed, but these are generally problem-specific and

considered to be outside the scope of this survey.

3.2.4 Selection Operator

The selection operator is an important, and oftentimes neglected, aspect of metameric algorithms. Even
though the number of metavariables can vary, the number of constraints and objectives remains fixed. This
leads many studies to employ the standard selection operators that have been developed for fixed-length
EAs. However, there are two reasons why more specialized selection operators may be necessary: bloat and
premature convergence.

Bloat, a common issue in genetic programming, is the uncontrolled growth of solution length without

28



Table 3.3: A list of adaptations to the selection operator used in metameric problems.
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a significant return in fitness [108]. Bloat lowers the comprehensibility of the solution while increasing the
computational resources required to evaluate it. This is possible, in part, because solution fitness is not
generally considered to be a function of length. In genetic programming, it is possible that larger programs
are favored since they tend to produce children more similar to the parents than do smaller programs [79, 108].

Some metameric problems discussed in this survey may also be susceptible to bloat. This is more likely to
be an issue in classification, control system, electronic circuit, neural network, and gene regulatory network
problems. In each of these, fitness is frequently not treated as a function of length; some minimal level of
complexity may be required, but there is not an inherit penalty for very large solutions.

Whether or not bloat can occur also depends heavily on the crossover and mutation operators used.
A cut-and-splice operator can produce children significantly longer than either parent, this may make the
algorithm more susceptible to bloat. Other operators, such as a spatial or similarity crossover, generally
produce children closer to the length of either parent. Although bloat may still occur, this can help limit
the rate at which it occurs.

In other metameric problems, fitness is already a function of solution length. Longer solutions tend to
have a higher costs in terms of mass, finances, power consumption, or thickness, for example. Typically this
cost is weighed against some other constraint or objective that produces a pressure toward longer solutions.
For example, a coverage problem may seek to minimize cost while requiring a certain level of coverage, or
a laminate composite problem will minimize mass or thickness while safely supporting a given load. These
competing objectives and constraints will result in an optimal solution length and limit the risk of bloat.

Premature convergence describes the tendency for some metameric algorithms to get stuck at a sub-
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optimal solution length. As discussed in Section 2.3, length-varying operators tend to become more de-
structive to solution fitness as an algorithm progresses. Eventually the algorithm may converge to a single
solution length. Solutions of other lengths may still be produced, but if they are not given a chance to
survive and refine themselves the algorithm may never reach more optimal lengths. Increasing the diversity
of the population—in particular, the diversity of solution lengths—can help to avoid premature convergence.

The following subsections describe several of the modifications to the selection operator that have been
observed in the surveyed literature. An overview of the types of modifications used for each metameric

problem is given in Table 3.3.

3.2.4.1 Multi-Objective Selection

Multi-objective EAs, such as NSGA-II [31], have been extensively used for optimization. One goal of these
is to maintain a level of diversity among the solutions of the Pareto-optimal set [31].

A level of length-based diversity can be maintained in metameric problems through multi-objective
optimization. This can be a result of using solution length as an objective, or of using several objectives that
apply competing pressures on length. Suppose one objective creates a pressure toward longer solutions and
a second objective creates a pressure toward shorter solutions; the resulting Pareto-optimal set will likely

contain solutions of different lengths. An example of this is shown in Figure 3.5.

Strength

Mass

Figure 3.5: An example Pareto-optimal set for a multi-objective composite laminate problem. Arrows
indicate direction of optimization, numbers indicate the number of metavariables in each solution.

Care should be taken such that the size of the Pareto-optimal set does not become so large that the
computational resources are stretched too thin. In our previous work we proposed limiting the selection of

solutions to only those that are near the best-so-far length [118].
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3.2.4.2 Parsimony Pressure

Parsimony pressure is applied by modifying the fitness function to penalize for solution length. This can
prevent bloat from occurring—any increase in length must be accompanied by an increase in fitness to offset
the parsimony penalty. Including this penalty distorts the entire fitness landscape, so care should be taken
when determining the weight of the penalty term.

As mentioned in Section 3.2.4, many metameric problems have objectives or constraints that are already
a function of length. This is generally true for the coverage, clustering, composite laminate, wind farm, and
truss problems. While the fitness functions used might be considered similar to a parsimony pressure, we
have not included these studies in Table 3.3. The fitness functions for gene regulatory networks are not
generally a function of length; however, no such studies in this survey were observed to apply a parsimony
pressure.

Whitley et al. [142] apply an indirect method of parsimony pressure when evolving neural networks. The
connection weights of each network are determined by backpropagation, less complex solutions are afforded

a greater number of cycles in this process.

3.2.4.3 Constraints on Solution Length

Applying constraints to solution length is a simple method of preventing uncontrolled bloat. However, bloat
may still result in populations that are at or near the maximum allowed length. Length constraints might also
alleviate some issues caused by premature convergence. If the optimal length is known a priori, constraints
can be used to restrict the population to this region of the search space.

Any metameric algorithm that uses a fixed-length genome will have an upper bound on solution length.
These studies are not included in the Table 3.3 unless there is an additional constraint that further limits

allowable lengths.

3.2.4.4 Niching

We use the term niching to describe selection methods that consider additional criteria, besides fitness,
when forming the parent population. This is typically done to maintain a greater level of diversity in the
population.

To avoid premature convergence in metameric problems, it is important to maintain a population that has
solutions of several different lengths. However, very few studies use a niching step that explicitly considers
length. Chang and Sim [16] ensure that the fittest solution with a length different from the best-so-far

solution is selected. Chen et al. [20] select several of the fittest individuals at each solution length; a
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fixed-length genome of only several metavariables is used.

Studies that use NEAT, or an adaptation of NEAT, divide the population into species based on genetic
similarity [132, 130, 131, 32, 24]. The selection operator can then help ensure that one species does not come
to dominate the population, allowing for diversity to be maintained. These studies do not explicitly include
solution length in the measures of similarity; however, a change in solution length most likely makes it more
distinct from its current species. Lee [81] uses speciation to restrict potential mating pairs.

We have recently proposed a length niching selection operator for metameric algorithms. Each niche is
composed of solutions of the same length; this operator selects solutions from several niches with lengths
near to the current-best when forming the parent population. An improved local selection operator has also
been proposed to maintain a higher level of diversity within each niche. These operators are discussed in
more detail in Chapter 7.

It should be noted that other methods exist for increasing diversity in populations. Small tournament
sizes can help maintain diversity when a tournament selection operator is used. Multi-objective EAs may
introduce mechanisms to achieve a more uniform distribution of solutions on the Pareto-optimal front, such
as crowding in NSGA-II [31]. Larger population sizes, or using multiple subpopulations, generally results in

greater diversity. Examples of these have not been included in Table 3.3.

3.2.5 Solution Validity and Repair

As discussed in Section 2.2.2, some graph-based solutions may be invalid and cannot be meaningfully evalu-
ated. In such cases the algorithm may have difficulty reaching the valid regions of the search space. Several
methods for handling invalid solutions have been observed.

A measure of validity may be used as a constraint [30] to apply a pressure toward valid solutions. Lohn
and Colombano [84] propose a representation for analog electronic circuits that ensures virtually all solutions
remain valid; this representation is also used by Hollinger and Gwaltney [64]. Alternatively, the population
might simply be initialized with valid solutions [55, 26, 77]. NEAT-based algorithms start with minimally
complex, but valid, solutions [132, 130, 131, 32, 24]. Studies using a static-metavariable representation may
start with fully connected, and valid, solutions [142, 148].

Crossover and mutation operators that frequently produce invalid solutions may also be detrimental to
algorithm performance. It is expected that some operators, such as the similarity or spatial crossovers,
will produce fewer invalid solutions compared to more destructive operators. More specialized crossover or
mutation operators might be employed to help maintain solution validity [147, 132, 26, 130, 131, 77, 24, 32].

Studies may use a repair operator for invalid solutions [49, 48, 113] or simply discard such solutions [2] prior
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to evaluation. However, these specialized operators utilize problem-specific heuristics.

All of the repair operator literature cited above investigates problems with graph-based solutions, however
some studies of other metameric problems also employ repair operators [80, 141, 15, 87, 98, 104, 27, 52, 19].
Validity may not be a concern for these studies; these repair operators typically attempt to correct constraint
violations, addressing feasibility rather than representation validity.

Several studies propose a solution simplification step [56, 5, 77]. Metavariables are combined or removed

such that the new, shorter solution is functionally equivalent to the original.

3.2.6 Population Initialization

The initialization step, used to form the initial parent population, can help control bloat (see Section 3.2.4).
NEAT, proposed by Stanley and Miikkulainen [132], begins with a minimally complex population of neural
networks. Initially, no hidden nodes are used, minimizing the size of the initial search space. Nodes and
connections can be added by the genetic operators, leading to more complex solutions. The authors of NEAT
note that a minimally complex initial population will have very little topological diversity [132]. Niching,
described in Section 3.2.4.4, is applied to counteract this.

Several other studies have adapted the NEAT algorithm, including its minimally complex initial solutions,
for other problems. Stanley [130] uses it to produce compositional pattern producing networks which are
then used as an indirect encoding for large scale neural networks [131]. Dinh et al. [32] and Cussat-Blanc et
al. [24] adapt NEAT for gene regulatory networks.

Non-NEAT studies include Zebulum et al. [149], which uses a hidden-metavariable representation for
electronic circuits. Only a few genes are set to be initially active. Palmes et al. [103] use a static-metavariable
representation for a neural network, with all values initialized at zero, effectively removing all connections.

The initial population may also be generated in a way that ensures solution validity, as discussed in

Section 3.2.5.

3.3 Summary

Metameric representations are ones in which the genome is composed of a number of metavariables, resulting
in a segmented structure. This survey has identified a large number of studies, investigating a variety of
optimization problems, that have been solved using such a representation. Evolutionary algorithms are
frequently adapted to this representation, and despite little cross-referencing among the studies, there is a

large overlap in the methodologies employed.
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A fixed-length or variable-length genome can be used in a metameric representation. Fixed-length
genomes require a mechanism that is able to control metavariable expression when forming the pheno-
type. This allows traditional crossover and mutation operators to be employed, however these may not be
ideal for metameric problems. Many studies use a static-metavariable representation which incorporates a
problem-specific underlying structure into the solution.

Variable-length genomes require new crossover operators; most commonly a basic cut-and-splice oper-
ator is implemented. However, this is a destructive operator due to the effectively random distribution of
metavariables when forming children. Better options include spatial and similarity crossovers, which are
more likely to preserve building blocks present in the parents. Spatial crossover is not applicable to all
metameric problems, and similarity crossovers are relatively rare in the literature.

Most algorithms use traditional selection operators that do not consider solution length when comparing
individuals. Due to the destructiveness of the length-varying operators, this may cause an algorithm to
stagnate at suboptimal lengths. New selection operators need to be developed that maintain a range of
solution lengths in the population in a sensible manner.

The existing overlap in methodologies suggests that more efficient, general metameric EAs could be devel-
oped. Such algorithms would require further work, primarily on the crossover and selection operators. The
application of metameric EAs to problems with graph-based solutions may require additional considerations,
such as allowing for the inclusion of a user-defined measure of validity or a repair operator.

The development of a general metameric EA would be a great resource for studies focused on metameric
problems. This would provide a much better starting point compared to adapting a traditional fixed-length

EA. More focus could then be given to the other contributions of the study.
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Chapter 4

Metameric Evolutionary Algorithm

and Benchmark Problems

This chapter describes the proposed metameric evolutionary algorithm (MEA), including the framework and
set of default operators. The choice of these operators is justified in subsequent chapters which investigate
the performance of various metameric representations and operators. Section 4.2 proposes a measure of
distance between pairs of metavariables or metameric genotypes, this measure is used by certain crossover
and selection operators. Section 4.3 presents several benchmark metameric problems that are used to evaluate
the effectiveness of the explored representations and operators. Section 4.4 gives a normalized measure of

algorithm performance.

4.1 Metameric Evolutionary Algorithm

A flowchart of the proposed MEA is shown in Figure 4.1. An initial parent population P; is randomly
generated, the length of each solution is randomly determined from bounds provided by the user. Each
generation G crossover and mutation are applied to the parent population to produce a child population Qg,
which is then evaluated. Next generation’s parent population Pg41 is then selected from the combined child
and parent population Rs. This process then repeats iteratively for a fixed number of generations G4
The proposed MEA and all benchmark evaluation functions in this study are coded in MATLAB!. For
each study the user provides a setup file defining the algorithm parameters to be used. Included in this file

are the function handles of the desired genetic operators. Substituting operators is accomplished by altering

ISource code, along with some documentation, is available at https://github.com/ryerkerk/metameric. The provided code
only handles variable-length representations.
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Set G=1
Create and evaluate initial population Pg

'

( Apply crossover to Pg to create child population Qg )
D It: al imil jabl
L efault: spatial or similar-metavariable crossover )
Apply mutation to Qg
Default: random mutation
A4
[ Evaluate Q¢ j

\ 4
{ Select Pg41 from Rg = Po U Q¢ }

Default: biased window niching with score selection

'

[ Set G=G+1 J

false IsG Z anax? true »[ end J

Figure 4.1: A flowchart for the proposed metameric evolutionary algorithm with the default operators.

the function handles in the setup file and requires no further changes to the remaining code.

A number of different metameric representations and operators are explored in the subsequent chapters.
Each chapter compares the performance of these using the benchmark problems given in Section 4.3. It is
not practical to perform a study for every possible combination of representations and operators that are
proposed. Instead, a default set of operators for the MEA is defined here and listed below. The justifications
for using each operator can be found in the appropriate chapters.

Representation: A variable-length genome is used. Chapter 5 compares the use of variable-length and
fixed-length genomes.

Crossover: Spatial crossover is used for all problems with the exception of the portfolio problem (Section
4.3.4). Instead, the portfolio problem employs a similar-metavariable crossover. Chapter 6 compares the
performance of several crossover operators.

Mutation: Only one mutation operator is demonstrated in this work, detailed in Section 6.2.
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Table 4.1: Default parameters used by the metameric evolutionary algorithm.

Population size 20
Total evaluations 100,000
Minimum initial length 10
Maximum initial length 50
Crossover rate 0.80
Mutation rate (L(x) x v)~!
Mutation magnitude 0.05(zY B — zLB)
Add metavariable rate 0.05
Remove metavariable rate 0.05
Metavariable permutation rate 0.05

Selection: Length niching is employed along with a biased window function. Local selection is performed
using the score selection operator. Chapter 7 details the methodology for this operator and compares its
performance to several alternatives.

Unless mentioned otherwise these operators will be used by the MEA. It is certainly possible that these
operators will not always give the best results for all benchmark problems. However, compared to the other
operators proposed, they are expected to give the best average performance over a range of metameric

problems.

4.1.1 Design Variable Types

Sections 2.1 and 2.2 gave generic definitions for metameric representations and problems respectively. In
each of these it was assumed that all design variables were real values, however the MEA is not restricted
to only real variable types. Design variables can also be integer, discrete, or enumerated.

Only a few modifications are required to handle each design variable type. The mutation operator handles
each type differently, details are given in Section 6.2. The metavariable distance measure functions the same
for real, integer, and discrete types. Enumerated variables must be handled differently since the difference

between two unequal values cannot be easily quantified, this is discussed in Section 4.2.

4.1.2 Ordered Problems

Ordered problems are ones in which a solution’s fitness is affected by the relative ordering of metavariables in
the genotype (Section 2.2.1). Among the benchmark metameric problems considered here, only the composite
laminate problem is ordered. The layup order of the plies is determined by the sequence of ply stacks in the
genotype.

The proposed MEA operators generally do not consider order. Rather than modifying the operators it

is possible to modify the genotype such that their order is accounted for. This is done by adding an index
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value z to each metavariable. A set of linearly spaced index values between 0 and 1 is assigned to each

metavariable, as shown in Figure 4.2.

T1,1 = 2 T21 = 6 xr3,1 = 1 T4a1 = 7 5,1 = 7 Te,1 = 2 71 = 3

GenOtype T12 = 9 T22 = 3 xr3,2 = 6 Ty2 = 1 T5,2 = 8 T6,2 = 1 T72 = 2

110 =221 =6 w31 =1 241 =T |51 =7|T61=2|x71 =3
Modified genotype 2110 =9|222=3|232=6|a42=1|250=8|wg2=1|w72=2
z=0 |2=017{2=033|2=050|2=067|2=083| z=1

Figure 4.2: An index value z is added to each metavariable for an ordered problem. This allows the proposed
MEA operators to consider metavariable ordering without further modification.

By applying the MEA operators to the modified genotype the ordering of metavariables will be considered.
The spatial crossover operator (6.1.3) will partition solutions based on z for the composite laminate problem.
Measures of solution distance (Section 4.2) will now take order into account, affecting the functionality of
certain crossover and selection operators. After crossover is performed, the child genotypes will be reordered
based on the z values of their inherited metavariables. The index values are then removed from the genotypes
prior to calling the next operator.

Among ordered problems the relative importance of the genotype composition and its ordering will vary.
For example, if order was thought to be of critical importance then the index value could be given more
weight when measuring solution distance. However, quantifying the relative importance is a difficult question
and analogous to determining the relative importance of each design variable. This is an area of future work,

discussed in Section 9.2.

4.2 Metavariable and Genotypic Distance

Similar-metavariable crossover (Section 6.1.4) and score selection (Section 7.3.2) rely on measures of distance
between metavariables and solutions. Equation (4.1) calculates the distance between two metavariables as
the average absolute difference between design variables, normalized by the range of each variable. This
equation can be applied to real, integer, or discrete valued variables. Enumerated variables can only be
compared to determine whether or not they have the same value. If two enumerated variables contain the
same value, their normalized difference is set as 0, otherwise it is set to 1. The distance between any two

metavariables will be in the range [0,1], where a distance of 0 indicates identical metavariables.

1~ |21k — w2
d(X1,X2) = *Zﬁ (41)

Gl xy;
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The distance between two genotypes is given in (4.2). First, the distance between every pair of metavari-
ables in the two solutions is calculated. For each metavariable in both parents, its most similar (i.e., lowest
distance) pair is identified in the opposite parent. The distance between two parents is then calculated as
the average distance between every metavariable and its most similar counterpart. The distance between

two solutions will be in the range of [0,1].

1 L(x(l)) L(x(z))
Dix) x@) — : (1) (2)) : ((_1) )
) = T | & 1Bl () X i (477

(4.2)

When hidden-metavariable representations (Section 5.2.1) are used, these measures of distance are applied

to the set of expressed metavariables. The introns, or unexpressed metavariables, will not affect the calculated
distance. The static-metavariable representations demonstrated in this work are considered to be black-box
(Section 5.2.2). That is, the static-genotype is not considered visible to the algorithm. For these problems
an alternate measure of solution distance is used where only metavariables occupying the same locus of
the parent genotypes are compared. This is given in (4.3), where L is the number of metavariables in the

fixed-length genome.

L L 0 if both Xgl) and x§2) are unexpressed
D(xW, x@) = 7 Z d (xgl), XEQ)) if both xgl) and XZ(-2) are expressed (4.3)
=1 otherwise

4.3 Benchmark Problems

Several benchmark metameric problems are used to demonstrate the effectiveness of the proposed metameric
evolutionary algorithm and associated operators. Many variations of these problems exist, but the nuances
of each are considered outside the scope of this paper. Only basic implementations of each problem are
considered here, however the search spaces remain considerably complex.

Many of these problems are subject to a constraint. Equation (4.4) gives a measure of the total constraint
violation. A solution is considered feasible if ¢(x) = 0, otherwise it is infeasible. Note that the equality
constraint has been transformed into an inequality constraint and relaxed by o, this is a common method
for handling such constraints. For the metameric benchmark problems o = 0.

P(x) = Z max (0, gi(x)) + »_ max(0, |h;(x)| - o) (4.4)

j=1
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4.3.1 Constrained and Unconstrained Coverage

The term coverage can be used to encompass several different problems. The common characteristic of these
problems is their attempt to position a number of nodes such that they are able to cover a specified domain
as efficiently as possible. Common examples include sensor coverage or wireless transmitter networks, such
as radio or cellular networks.

Metameric representations have frequently been applied to coverage problems in literature [58, 141, 70,
15, 38, 96, 69, 134, 118]. The fitness models for these problems vary considerably, readers are referred to
surveys on cellular planning [85] and wireless sensor networks [1, 37] for additional information.

Two coverage problems are used as metameric benchmarks: a constrained and an unconstrained for-
mulation. Both problems use relatively simple fitness models where each node covers a circular area. A
2x2 square domain is to be covered. Each metavariable represents a single node defined by an x-position,
y-position, and radius. Cost is measured as the sum of all node radii in the solution. Large sensors are more
expensive but also more cost efficient. Coverage is approximated using a square point lattice covering the
domain, with a spacing of 0.01 between points. The calculated value will be in the range of [0, 1], where 1
would indicate a fully covered domain.

The constrained version of this problem seeks to cover at least 98% of the domain while minimizing cost.
The coverage requirement is enforced through a constraint. Equation (4.5) gives the optimization statement
for this problem. Figure 4.3 shows a sample solution to this problem. The best known solutions use 25 nodes

with a total cost of approximately 6.03.
L(x)
Minimize  f(x) = Z:pmg x € REKIXv [(x) e Z*+
=1

Subject to  coverage(x) > 0.98 (4.5)
(x-position) 0 <z, <2

(y-position) 0< zpo <2 n=12..Lx)

(radius) 0.10 <z, 3 <0.25

The unconstrained coverage uses a weighted sum of cost and uncovered area as the objective function.
The weights used here result in a strong pressure toward solutions that cover most (> 99%) of the domain.
The best obtained solution uses 27 nodes to cover 99.65% of the domain, achieving an objective function

value of 6.811. Equation (4.6) gives the optimization statement.

L(x)
Minimize f(x) = an,g + 50 % (1 — coverage(x)) x € RECIXY [(x) e Z+
n=1
Subject to  (unconstrained) (4.6)
(x-position) 0<z,1 <2
(y-position) 0<zp2 <2 n=12, .. L(x)
(radius) 0.10 <z, 3 <0.25

40



Figure 4.3: Sample solution to the constrained coverage problem. Solution uses 25 nodes, with a total cost
of 6.198, to cover 98% of the domain.

4.3.2 Packing

There are many practical applications for packing problems. For example, minimizing unused space in
storage or shipping, or minimizing waste when cutting stock material into smaller pieces. Optimization
algorithms for such problems may employ a constructive heuristic to position the objects. When dissimilar
objects are packed, the order in which they are placed by the constructive heuristic will affect the result. In
this case, the best packing may be found by optimizing the order of objects in the genome [62].

This benchmark problem seeks to pack circular objects into a 2x2 square domain without the use of any
constructive or other problem-specific heuristics. Each metavariable defines the position and size of a circle,
either large with a radius of 0.25 or small with a radius of 0.15. The objective function scores solutions
based on the number of large and small circles used. Large circles are considered worth 3 points, and small
circles worth 1. The total overlap of a solution is the sum of all overlaps between two circles and the overlap
between a circle and the region outside the square domain. The optimization statement is given in (4.7).

The best solutions found in this study had a score of 46, an example of which is shown in Figure 4.4. This
score was achieved by solutions using 16, 18, and 20 circles. Scores of 45 were also observed at solution lengths
of 15, 17, 19, and 21. For the given domain, a score of 48 could be achieved by arranging 16 large circles in
a 4x4 array. However, the position of each circle would have to be exact such that no overlap exists. It is
extremely unlikely that such a solution could be achieved through the Gaussian mutation operator used in

this work. The inclusion of a constructive heuristic in the evaluation function could allow for such solutions.
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Minimize f(x) = score(x) x € RECOXV [(x) € ZF

Subject to  total overlap(x) = 0

(x-position) 0 <z, 1 <2 (4.7)
(y-position) 0 < x,0 <2 n=12..Lx)

(radius) Tn3 € {0.15,0.25}

N /

Figure 4.4: Sample solution to the packing problem. The domain contains 16 circles, achieving a score of
46, with no overlap.

4.3.3 Wind farm

Wind farm design focuses on the placement of wind turbines on a specified site with a defined wind profile.
The power produced by an individual turbine is a function of the local wind speed. Each turbine creates
a downstream wake which reduces the power produced by any turbine on which it impinges. The overall
efficiency of the wind farm can be improved by limiting the downstream interactions between turbines. A
minimum spacing distance between turbines must be considered. Equation (4.8) calculates the sum of all

spacing violations, a value of 0 indicates a feasible solution.
L(x) L(x)
spacing violations(x) = Z Z max (O, 200 — \/(x“ —xj1)? 4 (22— xj’2)2> (4.8)
i=1 j=i+1

Metameric representations have been used for wind farm design [99, 54, 98, 35, 126, 52, 19, 118]. These

studies frequently partition the wind farm domain into a number of rectangular elements a priori; potential
turbine locations are then limited to the center of each element. Chapter 5 demonstrates this type of
encoding. Several reviews of the wind farm design problem are available [75, 61, 53].

This benchmark uses continuous design variables, allowing turbines to be placed at any point in the
domain. The turbine data and wake model used in this paper are the same as those used by Mosetti et al.
[99], and Grady et al. [54]. These are based on a turbine wake decay model developed by Jensen [67, 43].

Readers are referred to these papers for the methodology of calculating the power produced by a wind farm.
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This study uses the environmental wind data from the second case considered by Grady et al. [54], which
assumes a uniform wind speed of 12m/s occurring at an equal rate from all directions. Turbines are placed
on a 2000 m*2000 m domain, however turbines must be located at least 100 m from the domain boundaries.

The cost model of the wind farm, which considers economies of scale, is given in (4.9). This model gives
a non-dimensionalized cost/year value for the wind farm and was originally proposed by Mosetti et al. [99].
Solution fitness is then measured as the cost per unit power produced (cost/(kW xyear)). The optimization

problem statement is given in (4.10).

2 1
cost(x) = L(x) X (3 + 36—0.00174L2(x)> (4.9)
Minimize f(x) = %&W x € REKIXv [(x) € Z*F
Subject to  spacing violations(x) = 0 (4.10)
(x-position) 100 < ;1 < 1900 '
(y-position) 100 < z,, 2 < 1900 n=12,..,Lx)

A sample wind farm solution is shown in Figure 4.5. The best solution found in this work uses 40 turbines
to achieve an objective function value of 1.469. It has been observed that the optimal solutions found by

variable-length studies typically use between 39 and 41 turbines with little difference in performance.
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Figure 4.5: Sample solution found to the wind farm problem, using 40 turbines to achieve a fitness value of
1.484. Each turbine location is denoted by an z, the dashed box represents the closest point that turbines
can be placed to the boundary.

4.3.4 Portfolio

Portfolio optimization seeks to find a set of assets that balance the expected returns and risk as desired.
This benchmark was run using data available in the OR-library [12]2. Historical weekly price data from the
S&P 100 was used to create the dataset [18]. There are N = 98 assets (i.e., stocks) available, the expected

return of each asset ¢ is denoted by p; and the covariance between two assets by o;;.

2The data can be found in port4.txt downloaded from http://people.brunel.ac.uk/~mastjjb/jeb/orlib/portinfo.html
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Each metavariable x; defines an asset type z;; and amount x;2. Asset type is an enumerated variable
(see Section 4.1.1) and amount is real-valued. Let w;(x) represent the proportion of asset ¢ in the portfolio,
calculated by (4.11) such that 3> w;(x) = 1. The set of metavariables y(*) is formed by all metavariables in

x that define asset i. If this asset is not represented by any metavariables in x, then w;(x) = 0.
y;€y® (1) .
wi(x) = ——=——— where y\ = {x; e x: 2,1 =i} (4.11)

The expected return and risk (i.e., variance) of a particular portfolio can be calculated by (4.12) and
(4.13) respectively [18]. This work assumes a transaction cost of T' = 2e-5 for each asset. It is possible for
two metavariables in a solution to define the same asset type, in this case both metavariables are considered

as separate transactions. Efficient solutions will only use one metavariable for each asset type.

N
return(x) = —TL(x) + Z w; (X) i (4.12)

N N
risk(x) = > Y wi(x)w; (x)o3; (4.13)

i=1 j=1
The full optimization statement is given in (4.14). The best portfolio obtained contains 9 assets and has

an expected weekly return of 6.533e-3.

Maximize f(x) =return(x) x € ZL®) x RE®) | [(x) € Z+
Subject to risk(x) < 5e-4
(asset type) T €4{1,2,..,N}
(asset amount) 0<zp2 <1

(4.14)
n=12 .. Lx)

4.3.5 Composite Laminate

The benchmark composite laminate problem considered here optimizes a single panel made up of a number
of plies. The objective is to minimize the mass of the laminate with a load factor A of at least 5 for the given
geometry and load conditions. The optimization problem statement is given in (4.15). Each metavariable
encodes a fiber orientation and fiber volume fraction (i.e., the amount of fiber in each ply). This is an ordered
problem, the layup order of the plies is determined by the order of metavariables in the genotype. The best

obtained solution uses 17 ply stacks (i.e., metavariables) to define a laminate with a mass of 0.5258 kg.

Minimize f(x) = mass(x) x € ZF) x REX) | [(x) € Z*
Subject to A(x) > 5 (4.15)
(fiber orientation) xn1 €1{1,2,3,4,5,6,7} n=1,2 . Lx)

(fiber volume fraction) =2 € {0.3,0.4,0.5,0.6,0.7}
Fiber orientations are restricted to angles corresponding to 15° increments, starting with 0°. To ensure
a balanced design, each integer is expressed as a 46 pair of plies. Specifically, the values {1, 2, 3, 4, 5, 6,

7} are interpreted as {035, £15°, +£30°, £45°, £60°, £75°,9035} ply stacks. To ensure symmetry, only the top
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half of the laminate is encoded in the genotype; the bottom half is formed by mirroring the top half over
the mid-plane. For example, the laminate [+75°,£30°,0°], is encoded by the fiber orientation values [6 3
1]. As a result, each metavariable encodes a stack of 4 plies in the phenotype.

Fiber volume fraction is defined using a discrete variable, its permissible values are {0.3, 0.4, 0.5, 0.6,
0.7}. Increasing fiber volume fraction results in a stiffer, but denser, ply. All 4 plies encoded by a single
metavariable will have the same volume fraction.

Analysis of each laminate design is performed using Classical Laminate Theory [25]. The laminate is
considered to be simply supported on all four edges. The global coordinate system is denoted by (x,y,z),
and the material coordinates by (1,2,3), as shown in Figure 4.6. The relationship between the force/moment

resultants and laminate strain/curvature responses are given in (4.16).

A /*

Figure 4.6: Simply supported laminate. (x,y,z) denote global coordinates, (1,2,3) denote material coordinates.

RN RIN )

The vector N contains the normal and shear forces per unit length (N, Ny, Ny, ), and the vector M

-

A

contains the bending and twisting moments per unit length (M, M,, M,,). Only in-plane normal and shear
force loads are considered in this work. A, B, and D are each 3 X 3 matrices containing the extensional,
coupling, and bending stiffnesses, respectively. As our laminates in this paper are symmetric, the coupling
stiffness matrix B will always be zero. The vector € contains the in-plane mid-surface strains (€2, eg,ygy)
and the vector k contains the curvatures of the laminate (kz, Ky, Kzy)-

The material properties, obtained from [25], and loading conditions used in this paper are shown in Table

4.2. The stiffness of each ply will depend on its fiber volume fraction.

The ability of a laminate to support a load is measured by its load factor A. For a baseline compressive
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Table 4.2: Composite laminate plate geometry, material properties, and loading conditions.

Carbon fibers (AS-4) Epoxy (3501-6) Maximum allowed strain
Ef 235 GPa Eim 4.3 GPa €f 0.0117
Eof 15 GPa Eom 4.3 GPa €5 0.0221
Gy 27 GPa Gm 1.6 GPa Vs 0.0109
vy 0.20 Um 0.35

Py 1.810 g/m? Pm 1.270 g/m3

Plate dimensions Loads

a 500 mm N, 900 kN/m

b 100 mm Ny 450 kN/m

t (per ply) 0.1 mm Ny, My, My, My, 0

in-plane loading (N, Ny, Ny, ), the load factor is the largest scaling factor that can be applied to the loads
(ANz, ANy, AN, ) without the laminate failing. Therefore, a load factor greater than 1 indicates the laminate
can support the baseline load. A laminate can fail either through compressive material failure or buckling.
Each mode of failure has its own load factor, A, for failure by buckling and A,, for material failure. The load
factor for the laminate is the minimum of these two values.

To determine \,,, the strain response calculated by (4.16) is used to find the in-plane material strains
(€9, eg,fygy) for each ply. The material load factor A, is the smallest value that results in at least one ply
failing in at least one direction. The allowable strains (e}, €5, v{,) are listed in Table 4.2. All plies assume
the same maximum allowed strains regardless of fiber volume fraction.

The buckling load factor A, is approximated by (4.17) [111, 139]. When the laminate buckles, it will do

so in m and n half-waves in the x and y directions, respectively. The buckling load factor is determined by

the combination of m and n half-waves that produces the minimum factor.

As — min ( Dar (2)' +2(Day +2D0) ()° (£)° + Dy <2)4> i
Ny (2)7 4+ Ny (3)7+ Noy (23)

a

m,n

4.4 Normalized Performance

When presenting results in subsequent chapters a normalized measure of performance is used. Each algorithm
demonstrated is run for 200 independent trials. The best solution from each trial is identified as the feasible
solution with the best objective function value, or if no feasible solutions exist then the solution with the
smallest total constraint violation. The average objective value of the best solution from each trial is denoted
5 fang-

The normalized performance f,orm of each algorithm is calculated using (4.18) at several points through-
out the study. The baseline objective value fyqsetine is equal to the final fq,4 of the metameric evolutionary

algorithm using the default operators described in Section 4.1. Table 4.3 gives fpuseiine for each problem.
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Table 4.3: Baseline objective values fpgserine used to normalize algorithm performance for each problem.

Constrained coverage 6.1802
Unconstrained coverage 7.0143

Wind farm 1.4783 #;tear
Packing 42.870
Portfolio 6.5311e-3
Composite laminate 0.5259 kg

Normalized performance is calculated differently depending on whether the problem is minimizing or maxi-
mizing the objective value. This is done such that higher f, .. values always indicate better performance,
regardless of the optimization problem statement. The metameric evolutionary algorithm with the default
operators will always have f,on, = 1 at the final generation. Note that, due to faster rates of convergence,
only results for the first 50k function evaluations are shown for the composite laminate and portfolio prob-
lems. However, fpaseiine iS still based on the results after 100k evaluations. As a result the final f,,,.n, values
shown for these problems may be below 1.

| Javg = Joaseline

for minimization problems
|fbaseline ‘

favg - fbaseline

(4.18)

fnorm =

1+ for maximizaton problems

|fbaseline‘

Note that the normalized performance does not consider any constraints. The default operators were
able to find feasible solutions in every trial, but some trials of other algorithms fail to find feasible solutions.
When this occurs, the portion of trials with feasible solutions is provided alongside f,orm. Algorithms that
fail to find a feasible solution in every trial are considered to have a worse performance compared to the

baseline algorithm, regardless of the f,orm values.
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Chapter 5

Genome Encoding

Section 2.1 defines a metameric representation as one where the genome is at least partially segmented
into a number of metavariables. The representation must also allow for changes to solution length during
optimization. Both wvariable-length and fized-length genomes are able to satisfy this definition of metameric.
Chapter 3 found that both genome types were frequently used to solve metameric problems in literature.

This chapter explores the differences between these representations. Variable-length genomes are dis-
cussed in Section 5.1. Section 5.2 introduces fixed-length genomes, these can be categorized as either using a
hidden-metavariable or static-metavariable representation, discussed in Sections 5.2.1 and 5.2.2 respectively.
The performance of these representations is then compared in Section 5.3. Variable-length genomes are
generally found to give best performance due to the flexibility they afford the variational operators.

Earlier work comparing variable-length genomes to the hidden-metavariable representation appears in
an article published in Genetic Programming and Evolvable Machines: Solving metameric variable-length

optimization problems using genetic algorithms [118].

5.1 Variable-Length Genomes

If the representation allows for metavariables to be wholly added or removed from the genotype, it is said to
be a variable-length genome. Typically all metavariables in the genotype will be used to form the phenotype.
Several examples of variable-length genotypes are given in Figure 5.1.

Variable-length genomes are preferred in this work due to the flexibility provided when implementing
variational operators. Children can be formed from any combination of the metavariables in the parent
solutions. This allows the crossover operator to be unrestricted in how it partitions parent solutions. Various

crossover operators are detailed and compared in Chapter 6. Fixed-length genomes allow much less flexibility
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0< 2 <500
Template 0 <y <500
10m < h < 50m

100 300 200 50 450
Example genotype 1 200 100 200 400 150
40m 10m 50m 25m 35m

200 200 100
Example genotype 2 300 100 500
30m 15m 10m

500 250 500 200 150 400
Example genotype 3 400 350 200 400 350 150
25m 15m 35m 25m 20m 50m

Figure 5.1: Examples of variable-length genotypes for a given template.

in exchanging metavariables, as discussed in the following sections.

For ordered problems, the arrangement of metavariables in the phenotype is typically the same as in
the genotype. In this case, the variational operators should take the relative ordering of metavariables into
account. One method for doing so is discussed in Section 4.1.2. For non-ordered problems, the fitness of the

solution will remain the same for any permutation of the genotype.

5.2 Fixed-Length Genomes

A fixed-length genome is one that contains a fixed number of metavariables, but allows for certain metavari-
ables to remain unexpressed in the phenotype. This results in an indirect encoding since the genotype does
not map directly to the phenotype. The genotype-phenotype mapping must determine which metavariables
in the genotype will be expressed. A number of mechanisms have been used in literature to control metavari-
able expression, examples of these are given in Section 3.2.2. Oftentimes the expressed metavariables will be
copied unaltered from the genotype to the phenotype, a static-metavariable representation will also insert
additional underlying structural information. More complex mappings are also possible (Section 2.1.2).

Solution length is determined by the number of expressed metavariables in the genotype. The term
introns is frequently used, when applicable, in evolutionary computing to describe the parts of the genotype
that are unexpressed in the phenotype. While the introns do not affect the phenotype, it is possible that they
contain useful information. Introns in a parent solution may become expressed in child solutions through
the mutation operator (Section 6.2).

Fixed-length genomes allow for the application of traditional, fixed-length optimization algorithms to
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metameric representations. However, the effectiveness of the algorithm may be negatively impacted if it
does not account for the representation. For example, it is possible that traditional variational operators
may produce children whose only differences from their parents are found in the introns. Since the phenotypes
of the children are identical to the parents, it may be wasteful to evaluate them.

There are two types of metameric representations that use a fixed-length genome: hidden-metavariable
and static-metavariable representations. The hidden-metavariable representation is a generic implementa-
tion, while the static-metavariable representation utilizes problem-specific information when mapping from

the genotype to phenotype.

5.2.1 Hidden-Metavariable Representation

A hidden-metavariable representation is the more generic implementation of a fixed-length genome. It
requires no problem-specific information to implement, only a mechanism through which metavariables may
remain unexpressed. In this chapter this is accomplished by adding a binary flag to every metavariable in
the genome. Only metavariables with a flag set to 1, or true, will be expressed in the phenotype. An example

of a hidden-metavariable representation is given in Figure 5.2.

r=26 T =2 x =38 r=1 r=9 r=3 =17
Genotype y=2 y=>5 y=1 y=71 y=2 y=2 y=38
flag=0|flag=1|flag=1|flag=0 |flag=0 | flag=0 | flag=1

=2 r=28 x=7

Phenotype y=5 y=1 y=38

Figure 5.2: A fixed-length genome with a hidden-metavariable representation. The number of metavariables
in the phenotype can be varied by changing the values of the flags in the genotype.

When using a hidden-metavariable representation, the crossover operator is generally restricted to only
exchanging metavariables that occupy the same locus (e.g., position) in the genome. The n-point crossover
(Section 6.1.1) can be, and frequently is, used. Other crossover operators discussed in Section 6.1 may
partition solutions such that an unequal number of metavariables may be exchanged, or the exchanged
metavariables may not occupy the same loci. Rather than modifying the crossover operator, allowing it to
function on a hidden-metavariable representation, it is recommended to use a variable-length genome.

As with the variable-length genome, if the metameric problem is not ordered then the permutation of
metavariables in the genotype will not affect the fitness. However, the arrangement of metavariables in the

genotype may affect certain operators, such as n-point crossover.
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5.2.2 Static-Metavariable Representation

In the static-metavariable representation, each genotype has two parts: a static-genotype and a free-genotype.
Each is defined using the same number of metavariables, but contain different sets of design variables. The
free-genotype contains the design variables that are subject to optimization, including those that control
metavariable expression. The static-genotype encodes some underlying structural information used to form
the phenotype. The design variables it contains are defined a priori, either by the user or by an initial
computational step, and are not subject to optimization. To form the phenotype, the free-genotype is

combined with the static-genotype, as demonstrated in Figure 5.3.

Static-Genotype

Free-Genotype

r=1 =26 =26 r=1
Phenotype y=3 y=9 y=4 y=28
r=3 |r=25| r=4 | r=45

Figure 5.3: An example of the static-metavariable representation. When forming the phenotype, the free-
genotype is combined with the static-genotype. In this example, metavariable expression is controlled by
the binary flag in the free-genotype.

The contents of the static-genotype may or may not be visible to the optimization algorithm. If it is
available, this information might be used to improve the variational and selection operators. Crossover
operators that could not be used with the hidden-metavariable representation could be used with a static-
metavariable representation. For example, spatial crossover could be used to partition solutions based on
the static-genotype. Since all solutions share the same static-genotype, the exchanged metavariables in the
free-genotype will share the same loci.

If the static-genotype is not available to the algorithm, then the representation will resemble that of the
hidden-metavariable. However, despite the similarities, the two representations are not functionally equiva-
lent. Static-metavariable is sensitive to the locus of each expressed metavariable, while hidden-metavariable
is not. This difference should be accounted for by the genetic operators.

Even if the metameric problem is considered black-box (i.e., the static-genotype is not visible to the

algorithm), it is usually possible to determine the type of representation in only three function evaluations.
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Genotype x(1) y=2 y=>5 y=1 y=71 y=2 y=2

r =2 r=3 r=2_8 r=1 =0 r=9
Gcnotypc x(2) y:5 ’y: y: y:7 y: y:
flag = 1| flag = 0| flag = 1| flag = 0| flag = 0| flag = 1

r=1 =38 r =06 =2 r=9 r=3
flag=0|flag =1|flag =0| flag = 1| flag = 1| flag=0

Figure 5.4: Three fixed-length genotypes that all contain different permutations of the same metavariables.
This is an example of a set of genotypes that, once evaluated, can usually determine the type of fixed-length
representation used.

Consider the three genotypes that have the same set of metavariables, but in different permutations. Geno-
types x(1) and x(?) maintain the same relative ordering of expressed metavariables, while x®) does not. An
example of this is in Figure 5.4. The following cases may be used to determine the type of representation

being used.

1. If any objective or constraint values are different for x(*) and x(®) then the problem uses a static-

metavariable representation.

2. If the above case is not true, but any differences in performance exist for x(*) and x®), then the problem

is ordered and uses a hidden-metavariable representation.

3. If both of the above cases are not true then the problem is non-ordered and uses a hidden-metavariable

representation.

It should be noted that it is possible two different solutions map to the same objective and constraint
values. For example, there is a chance x() and x(2) map to the same performance values even for a static-
metavariable representation. If the first case is false that doesn’t necessarily mean the problem does not
use a static-metavariable representation. However, any example where the first case is true is sufficient to
determine that a static-metavariable representation is used. Similar examples may exist for the second case
above. As a result, the three function evaluations may not always be sufficient.

Static-metavariable representations might be used when there are a limited number of permissible com-
ponents in the solution—for example, there may be a limited number of acceptable sites to place a cell
phone tower. The acceptable sites could be encoded into the static-genotype and the free-genotype would

then control which sites contain a tower. Alternatively, this representation may be used to reduce the size
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of the search space if the general structure of an optimal solution is known a priori. This information could
be included in the static-genotype, rather than requiring the algorithm to discover this structure. Section
3.2.2.2 discusses a number of examples of a static-metavariable representation found in literature. Forming
the static-genotype does require problem-specific heuristics—the static-genotype used for one problem is

most likely not applicable to most other metameric problems.

5.2.2.1 Static-Metavariable Benchmark Implementations

A static-metavariable representation is demonstrated for several of the benchmark problems. For each
problem some, or all, of the design variables normally subject to optimization will be placed into the static-
genotype. Whether or not each metavariable is expressed is controlled by a binary flag. The objectives and
constraints are the same as those presented in Section 4.3. Due to the reduced number of design variables in
these problems, the default mutation operator parameters were found to be insufficient to explore the design
space. To improve performance, the rates of metavariable addition, deletion, and permutation mutations
(Section 6.2) were increased to 0.20 when using a static-metavariable representation.

For certain coverage problems the nodes may be randomly deployed on the domain (e.g., from an airdrop).
The optimization problem may then be to determine the subset of nodes that can be activated to provide
efficient coverage while minimizing energy usage of the system [68]. Only the unconstrained coverage problem
is considered here. The static-genotype defines the x- and y-position of each node, these are randomly
determined at the start of the algorithm. Several studies are performed using 50, 100, or 200 randomly
placed nodes. The distribution of nodes will be the same for all studies using a particular number of nodes.
The distribution when considering 100 nodes is shown in Figure 5.5. Each metavariable in the free-genotype
contains an expression flag and a node radius.

Literature solving the wind farm problem using a metameric representation frequently use a grid to
partition the domain. Turbine locations are then restricted to the center of each grid. This is a static-
metavariable representation, where the static-genotype contains the allowed turbine locations. In this study,
the free-genotype contains only the binary expression flag, a true value indicates the presence of a turbine
at the associated position. Several partitions are demonstrated, the domain is divided into a 10x10, 20x20,
or 40x40 grid. This results in genotypes of lengths 100, 400, and 1600 respectively. The grid is formed such
that the minimum and maximum x- and y-positions are 100 and 1900 respectively, matching the bounds
defined in Section 4.3.3. The 10x10 grid and its permissible turbine locations are shown in Figure 5.6

In the portfolio problem each metavariable defines an asset type and the amount of that asset present
in the portfolio. There are 98 potential assets in the data used for the benchmark problem. In the static-

metavariable representation of this problem the static-genotype defines the asset type. A genome of 98
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Figure 5.5: Each ’.” represents a potential node location for the unconstrained coverage problem when using
the proposed static-metavariable representation.

Figure 5.6: Each ’." represents a potential turbine location for the wind farm problem when using the
proposed static-metavariable representation.

metavariables is used, with one metavariable for each asset. Each metavariable in the free-genotype contains
a binary expression flag and the asset amount.

Static-metavariable representation is not applied to the constrained coverage, packing, or laminate com-
posite problems. The first two problems could potentially use the same representation as the unconstrained
coverage example. It is unclear how a static-metavariable representation could be applied to the laminate

composite problem.

5.3 Results

Representations using a variable-length and a fixed-length genome are applied to each benchmark problem.
Hidden-metavariable representation is demonstrated on each problem using several different genome lengths
L. Static-metavariable representations are only applied to the unconstrained coverage, wind farm, and
portfolio problems. Several different static-genotypes are tested for the unconstrained coverage and wind

farm problems; these are distinguished by their genotype length L. This length is equal to the number of
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permissible node or turbine locations.

When using a hidden-metavariable or static-metavariable representation, an n-point crossover is used
(Section 6.1.1). The mutation operator takes the fixed-length genome into account (Section 6.2). Addition-
ally, certain mutation rates are increased for the static-metavariable representation, as mentioned in Section
5.2.2.1. Length niching with the biased window function and score selection is applied to all representations.
Section 4.2 discusses how the measures of distance between solutions handle the fixed-length representations.
In this work, static-metavariable representations are considered to be black-box (i.e., the static-genotype is
not visible to the crossover or selection operators).

The results for each problem are given in Tables 5.1-5.6. The best results, and those not significantly
different (p > 0.05) from the best, for each generation are shown in bold. Algorithms using a variable-length
genome outperform those using a hidden-metavariable representation for all problems. The difference in
performance is most notable during the earlier generations. Hidden-metavariable representation using longer
genomes perform slightly better than those using shorter genomes. The static-metavariable representation
performs poorly for the coverage and wind farm problems; the representations using longer genomes (i.e.,
a greater number of permissible node or turbine locations) give better results. The static-metavariable

representation gives slightly better results than the variable-length genome for the portfolio problem.

5.4 Discussion

The difference in performance between using a variable-length genome and hidden-metavariable representa-
tion is primarily due to the crossovers applied. All fixed-length genomes in this study use an n-point crossover
(Section 6.1.1). Metavariables can only be exchanged if they occupy the same locus in both parents. This
is very restrictive and the exchanged metavariables may have little to no commonalities. Variable-length
genomes allow much more flexibility to the crossover operator. Spatial crossover (Section 6.1.3) is used by
the variable-length genomes in this chapter for all except the portfolio problem.

The poor performance of the static-metavariable representations is unsurprising for the unconstrained
coverage and wind farm problems. Restricting the locations of the nodes and turbines dramatically decreases
the size of the search space. The new search spaces are unlikely to contain the optimal solutions that are found
using the variable-length or hidden-metavariable representations. When applied to the portfolio problem,
the static-metavariable representation performs slightly better than the variable-length genome. For this
problem, the static-metavariable representation does not restrict the search space: any optimal solution can

be represented by both the variable-length genome or static-metavariable representation.
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Table 5.1: Normalized performance for the constrained coverage problem using different representations.

Fitness function evaluations

20k

50k

100k

Variable-length genome

Hidden-metavariable (L=30)
Hidden-metavariable (L=60)
Hidden-metavariable (L=100)
Hidden-metavariable (L=200)

0.7850 + 0.0429 0.9749 + 0.0157 1.0000 + 0.0129

(0.99) 0.9092 + 0.0186
0.6982 £ 0.0484
0.6516 & 0.0728
0.6549 & 0.0670

0.9622 £+ 0.0190
0.9107 £ 0.0271
0.9010 £ 0.0407
0.9176 + 0.0304

0.9847 £+ 0.0191
0.9850 £+ 0.0167
0.9842 £+ 0.0189
0.9893 £ 0.0167

Table 5.2: Normalized performance for the unconstrained coverage problem using different representations.

Fitness function evaluations

20k

50k

100k

Variable-length genome

Hidden-metavariable (L=30)
Hidden-metavariable (L=60)
Hidden-metavariable (L=100)
Hidden-metavariable (L=200)

Static-metavariable (L=50)
Static-metavariable (L=100)
Static-metavariable (L=200)

0.9138 £ 0.0231

0.7582 £ 0.0639
0.8056 £ 0.0581
0.8197 £ 0.0450
0.8359 £ 0.0424

0.1088 £ 0.0074
0.5954 £ 0.0369
0.6923 £ 0.0333

0.9883 + 0.0135

0.9561 £ 0.0206
0.9580 £ 0.0216
0.9660 £+ 0.0213
0.9688 + 0.0181

0.1172 £ 0.0021
0.6478 £ 0.0250
0.7523 £ 0.0251

1.0000 + 0.0114

0.9866 £ 0.0152
0.9845 £ 0.0159
0.9895 £ 0.0176
0.9894 + 0.0140

0.1178 £+ 0.0018
0.6605 & 0.0183
0.7706 & 0.0239

Table 5.3: Normalized performance for the packing problem using different representations.

Fitness function evaluations

20k

50k

100k

Variable-length genome

Hidden-metavariable (L=20)
Hidden-metavariable (L=40)
Hidden-metavariable (L=60)
Hidden-metavariable (L=100)

0.8792 £+ 0.0311

0.8101 £ 0.0343
0.8246 £ 0.0342
0.8380 & 0.0336
0.8366 £ 0.0348

0.9607 £+ 0.0256

0.9086 £ 0.0298
0.9250 £ 0.0324
0.9328 £ 0.0302
0.9350 £ 0.0289

1.0000 + 0.0260

0.9584 £ 0.0259
0.9684 £ 0.0282
0.9795 £ 0.0271
0.9819 £ 0.0256

Table 5.4: Normalized performance for the wind farm problem using different representations.

Fitness function evaluations

20k

50k

100k

Variable-length genome

Hidden-metavariable (L=50)
Hidden-metavariable (L=70)
Hidden-metavariable (L=100)
Hidden-metavariable (L=200)
Static-metavariable (L=100)

Static-metavariable (L=400)
Static-metavariable (L=1600)

0.9890 £+ 0.0025 0.9976 + 0.0018

0.9768 £ 0.0041
0.9785 £ 0.0040
0.9791 £ 0.0037
0.9805 £ 0.0035

0.9640 £ 0.0009
0.9740 £ 0.0030
0.9742 £ 0.0041

0.9939 £ 0.0022
0.9942 £ 0.0022
0.9948 £ 0.0023
0.9954 £ 0.0020

0.9642 £ 0.0008
0.9822 £ 0.0039
0.9893 £ 0.0048

1.0000 + 0.0015

0.9976 £+ 0.0018
0.9979 £ 0.0018
0.9985 £ 0.0018
0.9988 £ 0.0018

0.9642 £ 0.0008
0.9846 £ 0.0041
0.9957 £+ 0.0049

56



Table 5.5: Normalized performance for the portfolio problem using different representations.

Fitness function evaluations

10k 25k 50k

Variable-length genome 0.9846 £+ 0.0063  0.9973 £ 0.0015 0.9996 £ 0.0006

Hidden-metavariable (L=10) 0.9823 £ 0.0068 0.9960 £ 0.0022 0.9983 £+ 0.0011
Hidden-metavariable (L=20) 0.9794 £ 0.0080 0.9957 £+ 0.0022 0.9984 £+ 0.0013
Hidden-metavariable (L=40) 0.9744 £+ 0.0143 0.9955 £ 0.0029 0.9986 + 0.0014
Hidden-metavariable (L=100)  0.9765 4+ 0.0115 0.9948 £ 0.0033 0.9986 & 0.0014

Static-metavariable (L=98) 0.9856 £+ 0.0078 0.9978 £ 0.0018 0.9997 + 0.0008

Table 5.6: Normalized performance for the laminate problem using different representations.

Fitness function evaluations
10k 25k 50k

Variable-length genome 0.9886 £+ 0.0042 0.9975 + 0.0014 0.9998 + 0.0009

Hidden-metavariable (L=20)  0.9889 + 0.0032  0.9973 + 0.0014 0.9994 + 0.0011
Hidden-metavariable (L=40) 0.9858 £ 0.0039 0.9955 £ 0.0018 0.9989 + 0.0012
Hidden-metavariable (L=60) 0.9855 £ 0.0042 0.9953 £ 0.0022 0.9989 £ 0.0011
Hidden-metavariable (L=100) 0.9850 £ 0.0042 0.9950 £ 0.0025 0.9989 £ 0.0012
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Chapter 6

Variational Operators

Variational operators are used to produce child solutions from parent solutions. The use of a metameric
representation requires modifications to the traditional, fixed-length variational operators. This chapter
presents several crossover operators, as well as a modified mutation operator, and compares their perfor-
mance. The best crossover operators are found to be the spatial and similar-metavariable crossover, which
minimize disruption. Earlier work on this topic appears in the article published in Genetic Programming
and Evolvable Machines: Solving metameric variable-length optimization problems using genetic algorithms

118].

6.1 Crossover

Crossover operators create child solutions by exchanging genotypic information between parent solutions.
Each operator discussed here uses two parents for each crossover, however it is possible to use more. The
simplex crossover, a non-metameric operator used in Section 7.6, can be applied to two or more parents.

Effective crossover operators for metameric problems differ considerably from those typically used by
traditional evolutionary algorithms. In standard, fixed-length problems, each solution is defined by the
same set of design variables. For example, each genotype might define a length, height, and radius. The
representation of these variables in the genotype remains fixed (e.g., length is defined at the same locus in
all solutions). It’s clear that crossover must result in children that follow the same representation as the
parents. Frequently the crossover exchanges information at a randomly determined set of loci (e.g., n-point
crossover).

In metameric problems it isn’t clear how parent solutions should be partitioned. Each metavariable must

define the same set of design variables, but there are generally no restrictions on the overall composition of

58



metavariables in a solution. Two parents may contain the same metavariable but at different loci, or they
may contain functionally dissimilar metavariables at the same locus. With this in mind, it doesn’t make
sense to exchange metavariables based on their location in the parent genotypes'. The crossover operators
proposed in this chapter can only exchange whole metavariables, the contents of which are not modified.
While such an operator is possible for metameric problems, it is not considered here.

A key to the success of a genetic algorithm is its ability to form building blocks, short subsequences
(or schemata) of the genome that have a positive influence on the fitness of an individual. The crossover
operator must be able to perform respectful recombination [50] and minimize the risk of disruption [95]. A
respectful crossover operator is one that produces children containing any schemata shared by both parents.
Disruption occurs when a building block is not fully inherited from a parent by a child. Metameric crossover
operators should be designed with these properties in mind.

The following subsections define several different crossovers that are used with metameric representations.
The n-point crossover (Section 6.1.1) can only be applied to metameric representations using a fixed-length
genome. Cut and splice is a modified n-point crossover that is frequently used for variable-length genomes
in literature. The spatial and similar-metavariable crossovers (Sections 6.1.3 and 6.1.4) are specialized for
metameric representations and try to minimize the chance of disruption. Details on the application of these

operators to ordered problems is discussed in Section 4.1.2.

6.1.1 N-point

The n-point crossover is one of the most common operators found in traditional, fixed-length genetic algo-
rithms. Parent genotypes are divided at n randomly placed crossover points, typically 1 or 2 points are used.
Genotypic information is then swapped between the parents based on the crossover points to create the child
genotypes. Since this is applied to fixed-length problems the location of the crossover points must match
between the parents. This ensures that the representation of variables in the child genotypes matches those
of the parent genotypes.

In this work the n-point crossover is only applied to metameric problems using a fixed-length genome,
this includes the hidden-metavariable representation (Section 5.2.1) and static-metavariable representation
(Section 5.2.2). The locations of the crossover points are limited to the boundaries between metavariables in
the genotype, individual metavariables are considered to be indivisible. An example of an n-point crossover

applied to a fixed-length metameric genome is given in Figure 6.1.

1This is not true for the static-metavariable representation. Also, if the problem is ordered then the relative positioning of
metavariables should be taken into considering, but not necessarily their precise loci.
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Parent 1 X3 xgl) x:gl) xfll) x5’ | Xg | Xy

Parent 2 x§2) ng) X§2) xf) xf) Xé2) xg)
Child 1 xgl) xél) Xgl) xf) xéz) XéQ) X(71)

Child 2 x(12) xf) x:(f) xfll) Xél) xél) x(72)

Figure 6.1: An example of n-point crossover applied to a fixed-length metameric genome. Dashed red lines
represent crossover points.

6.1.2 Cut and Splice

Cut and splice crossover, demonstrated in Figure 6.2, is an n-point crossover where the crossover points do
not have to match between the two parents. Parents may exchange an unequal number of metavariables

during crossover, resulting in children of lengths different from either parent.

Parent 1 xgl) xgl) xgl) xfll) xél) xél) x(71)
Parent 2 x§2) xéQ) ng) Xf) xé2)

Child 1 | x| =V | x| %)

Child 2 x§2) ng) X;(f) Xgl) xfll) xél) xél) xg)

Figure 6.2: An example of cut and splice crossover. Dashed red lines represent crossover points.

Metavariables are exchanged only based on their locus and the chosen crossover points, no consideration
is given to the design variables contained within. As a result, the cut and splice crossover is extremely
disruptive. For non-ordered metameric problems the permutation of metavariables in the genotype is in-
consequential. The distribution of metavariables from the parents to the children is almost random. Most
frequently, the child solutions will have a length in the range bounded by the two parent lengths. However,
it is also possible that one child will inherit almost all metavariables from both parents, while the other

child inherits only a few. In ordered problems this operator maintains the relative order of metavariables in

60



the parent solutions. This is desirable for such problems, but the crossover remains considerably disruptive.
Despite these drawbacks, the cut and splice operator has been applied frequently in literature, as shown by

Table 3.1 in Chapter 3.

6.1.3 Spatial

Spatial crossover operators partition the parent genomes based on one or more chosen design variables. For
example, suppose each metavariable defines a location on a plane. A random line could be used to divide
that plane into two parts; each parent would then be partitioned into two sets of metavariables that lie on
either side of the line. Children are formed by inheriting one set of metavariables from each parent. An

example of this is shown in Figure 6.3.

Parent 1 Parent 2
0
X b'e
o o
X o o
o)
X _—"' (0] o ,—'--
X =" s
-'-- -"'
S Be X -
-'-- - o (0]
X X
Child 1 Child 2
0
X X
o 0
X
o) o o
< X 0 0
X
X
0
o X X

Figure 6.3: An example of spatial crossover. Each metavariable in this example is assumed to include an x-
and y-position.

The effectiveness of spatial crossover depends partly on which design variables are considered when
partitioning solutions. For example, partitioning solutions to the coverage problem based primarily on node
radius is more likely to be disruptive compared to partitioning based on node location. The user must
identify which design variables are used for spatial crossover. In this work, the x- and y-location variables
are used for the coverage, packing, and wind farm problems. The order index variable (Section 4.1.2) is used
for the laminate composite problem. Spatial crossover is not applied to the portfolio problem.

Any shape could be used to partition solutions. This work uses randomly generated hyperplanes defined

in the normalized design space of a single metavariable. A vector n normal to the hyperplane is generated
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from a normal distribution A'(0,1). The vector values for variables not considered by the spatial crossover
are set to 0, as given in (6.1). A point y is randomly generated in the normalized metavariable design space,

given by (6.2).

N(0,1) if design variable i is used in spatial crossover )
n; = i fori=1,..,v (6.1)
0 otherwise
yi =U(0,1) fori=1,..,v (6.2)

A value s(x;) can be calculated for each metavariable x; € x using (6.3). If n is a unit vector then this
value would be the signed distance to the plane in the normalized space, however for the purposes of this
crossover only the sign matters. A positive value of s(x;) indicates that x; lies on the same side of the plane
as vector n. The parent solutions are partitioned into two sets of metavariables, those with s(x;) > 0 and

those with s(x;) < 0. The partitions are then exchanged to form child solutions.

v
T

; xP P — s

j=1 J J
When this operator is properly employed, there is a meaningful relationship between the sets of metavari-
ables exchanged. Building blocks present in the parents are likely to be preserved in the children. Disruption
of building blocks can still occur, but the region of disruption is limited to the hyperplane used to partition
the solution [21]. The drawback of spatial crossover is its inability to easily generalize to all metameric
problems. It may not be applicable to certain problems, such as the portfolio problem, and when it can be

applied the user must determine which design variables are used.

6.1.4 Similar-Metavariable

Similar-metavariable crossover operates by identifying common subsets of metavariables in each parent. The
distance of every metavariable pair between the two parents is calculated using the measures proposed in
Section 4.2. Each metavariable is then linked to its most similar (i.e., smallest distance) counterpart in
the other parent. Oftentimes, two metavariables will form a mutual linkage, however this is not always the
case. A metavariable in parent 1 may link itself to a metavariable in parent 2, but there may exist a better
match for that metavariable. When this happens, all metavariables in a parent that are connected through
a pathway of linkages will form a subset, or building block, of metavariables. Figure 6.4 gives an example of
forming the linkages and subsequent subsets of metavariables.

The parent genomes will segment themselves into paired subsets of one or more metavariables based on
the formed linkages. The number of subsets N in each parent will match, but the number of metavariables
in each subset do not have to match. A random number of paired subsets, chosen between 1 and NN, are

exchanged between the parents to form child solutions.
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x=2.0 | x=3.0 | x=4.0 | x=2.0 | x=5.0 | x=1.0 | x=0.8
y=3.5 | y=1.0 | y=5.0 | y=1.0 | y=3.0 | y=1.0 | y=2.0

Parent 1

x=1.0 | x=3.5 | x=3.3 | x=4.0 | x=4.9 | x=1.1

Parent 2
y=4 .0| y=1.0 | y=0.6 | y=4.0 | y=3.2 | y=2.0
x=2.0 x=0.8
y=1.0 y=2.0
x=2.0 x=3.0 x=4.0 x=5.0 x=1.0
Parent 1

y=3.5 y=1.0 y=5.0 y=3.0 y=1.0

x=1.0 x=3.5 x=4.0 x=4.9 x=1.1

Parent 2
y=4.0 y=1.0 y=4.0 y=3.2 y=2.0

x=3.3
y=0.6

x=1.0 [ x=3.0 | x=2.0 | x=4.0 | x=4.9 | x=1.1

Child 1
y=4.0 | y=1.0 | y=1.0 | y=5.0 | y=3.2 | y=2.0

()

x=2.0 [ x=3.5 | x=3.3 | x=4.0 | x=5.0 | x=1.0 | x=0.8

Child 2
y=3.5 | y=1.0 | y=0.6 | y=4.0 | y=3.0 | y=1.0 | y=2.0

Figure 6.4: Similar-metavariable crossover. (a) Each metavariable identifies its most similar counterpart in
the other parent and forms a link. Solid lines show linkages formed by the metavariables in parent 1, and
dashed lines for those in parent 2. (b) All metavariables connected by these linkages are grouped together
to form a subset. (¢) A random number of these subsets are exchanged to form child solutions.

Compared to spatial crossover, similar-metavariable is a more generic operator. It can be applied to all
of the benchmark problems, and the user is not required to identify the set of design variables considered
during crossover. However, there is also a greater risk of disruption occurring when using this operator.
Spatial crossover partitions the parent solutions into two large sets, while similar-metavariable crossover
partitions the parent solutions into many smaller sets. Section 6.4 shows how exchanging many small sets

of metavariables can result in a disruptive crossover.

6.2 Mutation

Several types of mutation have a chance to be applied to each solution: design variable mutation, metavariable
addition, metavariable deletion, and permutation. These types of mutation are not mutually exclusive, each
type has an independent chance of being applied during a single mutation operator call. Every type of

mutation might be applied to some solutions, or no mutation may occur during a single call. It is possible
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that some child solutions will remain identical to their parent solution after both crossover and mutation.
When this occurs the mutation operator is repeatedly applied to the solution until a change occurs.
Design variable mutation is applied to the design variables within each metavariable. The mutation rate,
given by (6.4), is set such that an average of 1 design variable is mutated per call. When applied to fixed-
length genomes (Section 5.2), the mutation rate is calculated based on the number of expressed metavariables.

The binary flag that controls metavariable expression is not subject to design variable mutation.

1
~ wL(x)

design variable mutation rate (x) (6.4)

Gaussian mutation, given in (6.5), is applied to the design variables marked for mutation. In this study
the mutation magnitude is set to 0.05 of the design variable’s range. When applied to integer or discrete
design variables the new value is rounded to the nearest permissible value, other than the previous value,
in the direction of mutation. When enumerated variables are mutated a random value from the set of
permissible values is chosen.

2?6 = max (min (2% + N(0,0.05) (257 — zFP), 2VP) | 2FP) (6.5)

Metavariable addition and metavariable deletion each have a 5% chance of occurring during mutation.
During metavariable addition, a randomly generated metavariable is inserted at a random location in the
genotype. Metavariable deletion will remove a randomly chosen metavariable from the genotype. When
applied to fixed-length genomes these types of mutations act on the binary expression flag.

Permutation also has a 5% chance of occurring. Two metavariables are chosen at random and their posi-
tions swapped in the genotype. Note that if a problem is unordered, and a static-metavariable representation

is not used, then this operator will have no effect on the solution’s objective or constraint values.

6.3 Results

Each crossover operator was applied to each benchmark problem, with the exception that spatial crossover
is not applied to the portfolio problem. Additionally, a mutation only algorithm is tested for each problem.
The remaining operators are the default ones described in Section 4.1. Tables 6.1-6.6 contain the normalized
performance (Section 4.4) for each algorithm at several different points. The best results, and those not
significantly different (p > 0.05) from the best, for each generation are shown in bold. Figures 6.5-6.10 give
plots of normalized performance f,,» and the average best solution length for each algorithm.

Spatial crossover gave the best results across all problems where it was applied. Similar-metavariable
crossover had a slightly worse performance on all problems except the wind farm problem. Algorithms using

only mutation had weaker performances compared to the spatial and similar-metavariable crossovers. Cut
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and splice crossover consistently gave the worst performance of all tested algorithms. The differences in

performance are less notable on the portfolio and laminate problems.

6.4 Discussion

There are two potential explanations for the performance difference between the spatial and similar-metavariable
crossovers. First, spatial crossover only considers a subset of the design variables for most problems, while
similar-metavariable crossover considers all design variables. It may be that using only the defined subset
of variables allows for a more reliable crossover operator. Alternatively, it may be that the spatial crossover

is generally less disruptive. Similar-metavariable crossover partitions each parent into many small subsets
of metavariables, which are then randomly exchanged to form children. As a result, the metavariables from
each parent might be highly interspersed, providing many opportunities for disruption to occur. This is
demonstrated in Figure 6.11.

The cut and splice crossover is extremely disruptive and its poor performance is unsurprising. The effec-
tively random exchange of metavariables between parents is unlikely to produce well-formed child solutions.
Its performance on the portfolio and laminate composite problems is closer to, but still worse than, that of
the other operators. These problems have relatively small search spaces, it is possible that the algorithm
remains able to sufficiently explore such spaces without an efficient crossover.

Despite their destructive tendencies, crossover operators do improve overall algorithm performance. This
is demonstrated by the superior performance of algorithms using a spatial or similar-metavariable crossover

compared to the mutation only algorithms.
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Table 6.1: Normalized performance of crossovers on the constrained coverage problem.

Fitness function evaluations

20k 50k 100k
Mutation only 0.5135 £ 0.0702 0.8557 £+ 0.0323 0.9753 £+ 0.0131
Cut and splice -0.7591 £ 0.2175 -0.0455 £ 0.1404 0.4519 £ 0.0889
Spatial 0.7850 £+ 0.0429 0.9749 + 0.0157 1.0000 + 0.0129

Similar-metavariable 0.7575 £ 0.0522 0.9667 £+ 0.0159 0.9955 + 0.0144

Table 6.2: Normalized performance of crossovers on the unconstrained coverage problem.

Fitness function evaluations

20k 50k 100k
Mutation only 0.6573 £ 0.0531 0.8917 £+ 0.0324 0.9688 £+ 0.0178
Cut and splice 0.2469 £ 0.0733 0.5964 £ 0.0576 0.7949 £ 0.0406
Spatial 0.9138 £+ 0.0231 0.9883 £+ 0.0135 1.0000 £ 0.0114

Similar-metavariable  0.8903 £ 0.0285 0.9779 £+ 0.0173 0.9933 £+ 0.0129

Table 6.3: Normalized performance of crossovers on the packing problem.

Fitness function evaluations

20k 50k 100k
Mutation only 0.7638 £+ 0.0332 0.8795 £+ 0.0241 0.9412 £+ 0.0184
Cut and splice 0.6621 £ 0.0333 0.7531 £ 0.0314 0.8231 £ 0.0297
Spatial 0.8792 £ 0.0311 0.9607 £ 0.0256 1.0000 £ 0.0260

Similar-metavariable  0.8308 £ 0.0371 0.9293 £ 0.0280 0.9803 £ 0.0280

Table 6.4: Normalized performance of crossovers on the wind farm problem.

Fitness function evaluations

20k 50k 100k
Mutation only 0.9719 £ 0.0029 0.9889 £ 0.0020 0.9960 £ 0.0018
Cut and splice 0.9320 £+ 0.0071 0.9643 £ 0.0036 0.9806 £ 0.0027
Spatial 0.9890 £ 0.0025  0.9976 £+ 0.0018 1.0000 £ 0.0015

Similar-metavariable 0.9898 £+ 0.0025 0.9977 + 0.0019 1.0000 + 0.0017

Table 6.5: Normalized performance of crossovers on the portfolio problem.

Fitness function evaluations

10k 25k 50k
Mutation only 0.9608 £+ 0.0157 0.9860 £ 0.0050 0.9952 £ 0.0031
Cut and splice 0.9760 £+ 0.0074 0.9886 £ 0.0040 0.9953 £ 0.0022

Similar-metavariable 0.9846 + 0.0063 0.9973 + 0.0015 0.9996 + 0.0006

Table 6.6: Normalized performance of crossovers on the laminate problem.

Fitness function evaluations

10k 25k 50k
Mutation only 0.9816 £ 0.0049 0.9926 £ 0.0026 0.9978 £+ 0.0011
Cut and splice 0.9786 £ 0.0046 0.9900 £ 0.0032 0.9960 + 0.0017
Spatial 0.9886 + 0.0042 0.9975 + 0.0014 0.9998 + 0.0009

Similar-metavariable  0.9840 £ 0.0040 0.9948 £+ 0.0019 0.9984 £+ 0.0011
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Figure 6.5: Normalized performance and average best solution length for the constrained coverage problem
using different crossover operators. Performance lines are not shown if any infeasible solution exist.
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Figure 6.6: Normalized performance and average best solution length for the unconstrained coverage problem
using different crossover operators.
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Figure 6.7: Normalized performance and average best solution length for the packing problem using different
crossover operators. Performance lines are not shown if any infeasible solution exist.
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Figure 6.8: Normalized performance and average best solution length for the wind farm problem using
different crossover operators.
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Figure 6.11: Comparison of children produced by different crossover operators on the constrained coverage
problem. (a) Parent solutions used to produce children through (b) cut and splice, (c) spatial, or (d) similar-
metavariable crossover. The line style of each node, either dashed blue or solid red, indicates from which
parent each metavariable was inherited.
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Chapter 7

Selection Operators

Among the literature cited in Chapter 3, the selection operator is commonly overlooked. While the dimen-
sionality of the genotypic space can vary, the dimensionality of the fitness landscape remains fixed, allowing
for traditional operators to be employed. However, such operators may be insufficient when used with
metameric representations. Notably, they may preserve little to no diversity of solution length, which may
result in convergence to sub-optimal lengths.

This chapter proposes and compares the performance of new selection operators for metameric problems.
Length niching is proposed, in which the population is partitioned based on length. Local selection is then
applied to each niche independently, guaranteeing a new population of diverse solution lengths. A new local
selection operator, score selection, is found to significantly improve results compared to tournament selection.

This chapter is largely adapted from two articles in preparation: A length niching operator for metameric
problems [116], and Improved local selection for metameric problems [115]. Note that these titles may change

prior to publication.

7.1 Background

In Chapter 3 it was found that studies of metameric problems frequently do not consider solution length
when performing selection. Instead, traditional selection operators were applied. Depending on the problem
this may lead to bloat or premature convergence. Bloat is the uncontrolled growth of solution length without
a significant return in fitness [108]. The benchmark problems considered here are not susceptible to bloat
since their fitnesses are, at least in part, functions of solution length. Unnecessary or uncontrolled increases
in length will be detrimental to fitness. Parsimony pressure (Section 3.2.4.2) can be applied to alleviate the

effects of bloat when needed.
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Figure 7.1: Two most similar solutions from 5000 independent trials of the wind farm problem.

Premature convergence occurs when the metameric algorithm converges to a suboptimal length. Once
converged, the deleterious effect of the length-varying operators may prevent any diversity of solution lengths
from persisting in the population. Maintaining diversity of solution lengths can help avoid premature conver-
gence. Some literature of metameric problems have used niching (Section 3.2.4.4) or multi-objective selection
operators (Section 3.2.4.1) that are expected to result in more diverse populations.

The search spaces of metameric problems are extremely multimodal, as evidenced by the variety of
solutions obtained for each problem. As a demonstration, the wind farm problem was solved 5000 times
using the selection operators proposed here. A fixed-length selection window (Section 7.2.1) was used to
ensure that all trials found a solution using 40 turbines. All the best solutions from each trial were compared
to one another using the distance measure given in Section 4.2. No two trials produced the same solution,
the two most similar solutions are shown in Figure 7.1. While these solutions share certain commonalities
they are clearly two different solutions.

We have previously proposed a helper objective, acting on solution length, for metameric problems [118].
While the results were promising, there are two drawbacks to this approach. First, the user must decide
whether the helper objective minimizes or maximizes solution length. The correct choice is not always
apparent without testing both options. Second, premature convergence could occur if the length-varying
operators fail to produce feasible solutions at new lengths. Feasible solutions may exist at these lengths,
but the algorithm may only find them if given a chance to refine the initially infeasible solutions. This may
never occur since feasible solutions are considered to dominate infeasible ones.

Section 7.2 proposes length niching selection to be used with metameric representations. First, the
population is partitioned into a number of niches based on solution length. It is inefficient to create a

niche for every possible length, the computational resources available to the algorithm would be spread too
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Figure 7.2: A flowchart for the length niching selection operator.

thin. To prevent this, a window function determines the set of lengths at which niches will be formed.
Several window functions are proposed and demonstrated in this study. A local selection operator is then
applied independently to each niche, selecting the solutions that will constitute the next generation’s parent

population. Section 7.3 discusses the local selection operators used in this work.

7.2 Length Niching Selection

This section presents the procedure of the length niching selection operator. A flowchart and pseudocode
for this operator are available in Figure 7.2 and Algorithm 7.1 respectively.

At each generation G, the parent population Pg is used to generate a child population Qg through
crossover and mutation. These populations are combined to form Rg = Pg U Qg. The objective func-
tion value and length of the best solution in Rg are denoted as f& and L{ respectively. Rg is then
partitioned into a number of niches such that each niche contains all solutions of a particular length:
Rl*" = {x € Rg : L(x) = len}.

Niches are not created at every length present in Rs. The subset of lengths used to form niches is
determined by a window function. This function determines the lower and upper bounds, LéB and LgB,
of a selection window W such that W = [LéB , LéB +1,..., LgB]. A niche will be formed for every solution

length in W. Several window functions are proposed in Sections 7.2.1-7.2.4.
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Algorithm 7.1: Pseudocode for length niching selection.
Input: G current generation

R combined parent and child population
N population size

Output: Pgy1 new parent population

f& < Objective function value of best solution in Rg

L < Length of best solution in R¢

LEB LYP + Bounds from window function

W « [LEBLEB +1,..., LEP)

r < N mod size(W)

Pai1 <0

for i := 1 to size( W) do

N; ﬂoor(ﬁ)

if W; is among r closest lengths to L, — 0.1 then

| N; < N;+1

RYi « {x € Rg : L(x)=W;}

PWi + Local Selection(RV+, N;)

| Pgi1 4 PoaupPW

f size(Pg+1) < N then

Nfiller «— N — SiZC(Pg+1)

R™™ + Ra N Pay1

pfiller « Tocal Selection(R"*™, Nyitier)

Pgiq < Pgiq U PTter

e

Once formed, each niche is subject to a local selection operator, choosing a subset of solutions to include
in the next parent population: P'" C R!*". The selected solutions from each niche are combined to form
the new parent population: Py = ), PW:. By performing local selection on each niche independently,
Pg is ensured to remain diverse in terms of solution length.

Length niching selection will try to select the same number of solutions from each niche. This is not
always possible since the number of niches may not divide cleanly into the population size. In such cases, the
niches nearest to L, are allocated an extra selection until the population is full. If two niches are equidistant
from L, then the niche with shorter solution is preferred.

Some niches may not contain enough solutions to fill their allocation, in which case the entire niche
is selected: P'*" = R'". Once local selection has been performed on each niche, a set of the remaining,
unselected solutions is created: R™™ = Rg N Pg41. This includes the solutions with lengths not in the

selection window. Local selection is applied to R in order to fill Pg4.
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7.2.1 Fixed-Length Window

The fixed-length window function assumes that the optimum solution length is known a priori. The window
bounds are both equal to this length (i.e., LEP = LZP). Children produced by crossover or mutation with
lengths other than the window length are discarded and replaced prior to evaluation. No length niching

occurs when using this window since only a single niche is formed during each generation.

7.2.2 Static Window

The static window function also assumes some knowledge of the optimal length a priori. Window bounds
are chosen such that the window is believed to contain this length, along with one or more adjacent lengths
(ie., LEP < LYP).

This window allows for the simultaneous exploration of several lengths. Even if the optimal length is
known for certain it may be beneficial to use a static window rather than a fixed-length window. Selecting
solutions from several length niches will maintain a greater level of diversity in the population compared to
selecting from only a single niche. As with the fixed-length window, child solutions are discarded prior to

evaluation if their length is not within the static window.

7.2.3 Moving Window

Rather than defining the window bounds a priori this function uses a window that is centered at each
generation’s best solution length L7,. No knowledge of the optimal length is required, but the user must
define a window width w. Equation (7.1) defines the window bounds for the moving window function. Note
that, due to the floor and ceiling functions, a range of w values will result in the same window bounds.
For example, all values in the interval (2,4) are functionally equivalent. Unlike the fixed-length and static
windows, child solutions are not discarded should they fall outside of the current window bounds.

In the study which proposed the helper objective, a selection window was also used to limit the size of

the resulting Pareto front [118]. This window was functionally equivalent to the moving window.

. W
L = L~ 5|
LYP = {Lg + %J

7.2.4 Biased Window

The biased window also follows L¢,, however unlike the moving window it is not simply centered on the best

solution length. Instead, the window bounds are shifted based on the history of the best known solution
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length. A bias factor B is initially set to 0 and updated each generation using (7.2).
Bg =L — LY | + Bg_je MVIBel (7.2)

The bias factor is increased or decreased whenever a change in the best solution length is detected,
represented by L¢ — LE_;. An increase in the best length will result in a positive change in the bias factor
value. The exponential term in (7.2) will decay the bias factor toward 0 over time. Note that the rate of
decay is itself a function of the current bias factor. This work uses a decay factor A = 0.004.

The bias factor is an approximation of the current trend in best solution length. Positive values indicate
a general trend toward longer solutions, while negative values show a trend toward shorter solutions. Bg
is used to adjust the bounds of the niching window using (7.3). Note that the window bounds cannot be
shifted past L.

LLP = min ([Lg - % + BG] ,Lg)

LZE = mazx QLE + % + B(;J ,L’C‘;)

(7.3)

Small Bg magnitudes will simply shift the window toward shorter or longer solutions, while large mag-
nitudes will also stretch the total window width. Examples of this are given in Figure 7.3.

Odd-valued window widths w are used in this study. As a result, the window will only shift if |Bg| > 0.5.
For smaller |Bg| values this window will be functionally equivalent to the moving window until a change in
best solution length occurs.

A demonstration of how the bias factor reacts to changes in the best solution length is shown in Figure
7.4. Rapid increases and decreases in L, result in large positive and negative values of By respectively. This
demonstration is performed using the constrained coverage problem (Section 4.3.1). In early generations,
the best solutions use many nodes in order to satisfy the constraint on minimum coverage. As the algorithm
progresses, the excess nodes are removed and solution length decreases. Eventually, best solution length
settles into its optimal value and the bias factor decays toward 0. At small Bg values the niching window
will center back onto L, allowing the algorithm to simultaneously search solutions shorter and longer than

the current best.

7.3 Local Selection

In the following sections there is no mention of solution length, the operators are applied to a combined
parent and child population R. Neither of the described local selection operators are specific to metameric
problems. When applied along with length niching, the population R is assumed to be equivalent to one of

the length niches R'*” described in Section 7.2.
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Figure 7.3: Biased windows, visualized using the dashed box, for various Bg values assuming a window
width of w = 5. The thicker tick marks indicate solution lengths at which a niche will be formed.
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Figure 7.4: An example of how the bias factor reacts in response to changes in the best solution length.

7.3.1 Tournament Selection

Deterministic tournament selection [34] is demonstrated as one option for local selection in metameric algo-
rithms. In standard implementations a tournament size k needs to be defined. Smaller tournament sizes will
result in a smaller selection pressure acting on the population. This can help the population remain diverse

for a longer period compared to larger tournament sizes.
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When using length niching selection, the number of solutions in each niche can vary. For this reason,
an adaptive tournament size is used. k is chosen as the smallest size that allows every solution in the niche
to participate in at least one tournament. For example, if 5 solutions are to be selected from a niche of 12

solutions then k£ = 3. In this case, several randomly selected solutions will participate in two tournaments.

7.3.2 Score Selection

Score selection is proposed as an improved local selection operator for metameric problems. Scores are cal-
culated for each solution based on their objective value, constraint violation, and distance to other solutions.
A weighted sum of these scores is used to compare candidate solutions.

Standard selection schemes, such as tournament selection, apply a strong pressure toward feasible solu-
tions over infeasible ones. Even solutions with minimal constraint violations are unlikely to survive more
than a few generations, if any, when feasible solutions are also present. This can impede exploration of the
search space. Better feasible solutions may exist, but the variational operators may require several inter-
mediate steps through the search space to reach them. If the intermediate solutions are infeasible then the
algorithm may stagnate.

Performance might be improved by handling constraints in such a way that a mix of feasible and infeasible
solutions are selected each generation. Several comprehensive reviews of constraint handling in evolutionary
algorithms are available [91, 22, 90]. These reviews classify constraint handling techniques into a number of
categories. The technique used by score selection is best described as an adaptive penalty function.

Frequently, the term exploration is used to describe the act of visiting new regions of the search space,
while exploitation describes locating new solutions in the vicinity of already visited regions [23]. Successful
optimization algorithms should seek a good balance between exploration and exploitation. Algorithms that
do not perform sufficient exploration are more likely to get stuck in local optima. This is a concern in many
metameric problems since the fitness landscapes can be extremely multimodal (Section 7.1).

Maintaining diversity in the population can help increase the level of exploration. Score selection cal-
culates a score for each solution based in part on their genotypic distance to other solutions. Those that
are more similar (i.e., smaller distance) to others are less likely to be selected. This is comparable to fit-
ness sharing [121, 23], although the implementation is notably different than the traditional fitness sharing
formulations [51, 63].

It is worth noting that studies of multimodal problems frequently seek to identify more than one optimal
solution. This is not the case in this work, the proposed operator only explores the search space in order to

find a more optimal solution.
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7.3.2.1 Methodology

This section gives a detailed explanation of score selection. Pseudocode is given in Algorithm 7.2.

Let R be a set of candidate solutions, formed from the combined parent and child populations: R = PUQ.
The selection operator is to select NV solutions from R to form the next generation’s parent population. Score
selection is an iterative process, requiring one iteration for each solution in R.

Let X be the candidate set of selected solutions. This set is initially empty. Each iteration a solution r
is removed from R and added to X, forming a new set X’ = X Ur. Any parent solutions that exist in R
will be chosen as r prior to any child solutions. If |X’| < N, then the new set becomes the candidate set
X = X', and the next iteration begins.

Eventually, enough solutions will be added to the new candidate set such that |X'| = N + 1. Once this
occurs, the operator must determine one solution in X’ that will not be included in X. Each solution in X'
is given a score for its objective value, constraint violation, and distance to other solutions in X’. A final
score is calculated as a weighted sum of the individual scores, the score functions are given in Section 7.3.2.2.

worst - This solution is removed from

The solution with the worst (i.e., highest) score in X’ is identified as x
X' to form the new candidate set of selected solutions: X = X’ N x¥orst, If any solutions remain in R then
the next iteration begins, otherwise X becomes next generation’s parent population.

It is important to discuss the reason this is performed as an iterative process, rather than scoring all
solutions in R simultaneously and selecting the N best scores. The objective, constraint, and distance scores
must all be normalized values such that a final score can be calculated as a weighted sum. This study uses
adaptive normalization factors that are determined using the solutions in X. Every time X is updated the
normalization factors are recalculated.

Suppose instead the normalization factors are determined using the entire population R. A child with
significantly worse objective values or constraint violations, compared to the parent solutions, is unlikely to
be selected. However, this child could still affect the normalization factors. Certain methods of calculating
these factors may be very sensitive to outliers, resulting in nearly meaningless values. This impedes the
operator’s ability to select solutions in a worthwhile manner. Instead, the selected set of solutions will be
heavily influenced by the worst performing solutions in R.

A similar concern arises when calculating scores based on distance to other solutions. A child solution
may be nearly identical to a parent solution, both having good objective and constraint values. Calculating
distance scores by comparing all solutions in R simultaneously will result in a poor score for both solutions.
This might lead to neither solution being selected.

The described iterative process helps alleviate these concerns. The normalization factors are calculated
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Algorithm 7.2: Pseudocode for the score selection operator.

Input: R candidate solutions

N number of solutions to select

Fg trend in fitness values at current generation
Output: X selected solutions
R <+ Rearrange R such that parent solutions appear first
X<«0

for each rin R do
X'« XUr

if size(X’) < N then
L X+ X
continue
f% < Fitness of best solution in X’

Calculate D,yeqn using (7.7)
Calculate ~y using (7.11)

for each  in X’ do
Calculate s¢(x) using (7.5)

Calculate s4(x) using (7.6)
Calculate sp(x) using (7.8)
Calculate S(x) using (7.9)
xworst « arg min S(x)
x€X'

L X+ X' nxworst

using only solutions in X. Recall that the parent solutions in R are the first ones added to X', and subse-
quently X. This helps ensure some continuity in the normalization factors from generation to generation.
If X is initially set to a random set of solutions in R, then the normalization factors may be meaningless,
as described above. X’ is not used to calculate the normalization factors as it includes the newly added
candidate solution r. Doing so would make it possible for certain solutions r to skew the normalization

factors for their own benefit.

7.3.2.2 Score Calculation

Let x € X', the objective value and constraint violation scores of x are denoted as sy(x) and sy(x) re-
spectively. These scores are normalized by the minimum and maximum objective and constraint violation
values in X, as given in (7.4). Equations (7.5) and (7.6) are used to calculate sf(x) and s¢(x). Note that
all solutions in X will have scores in the range [0, 1]. It is possible that the newly added candidate solution

r has a value outside this range.
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)
)
| (7.4)
)

X
Pmaz = r}{lea)rgqﬁ be
f(X) - fmin .
- r f max min
Sf(X) = fmaz - fmzn ' f 7& f (75)
0 otherwise
¢(X) - ¢min .
- I f max min
S¢(X) = (bmaz - (bmzn ' ¢ 7& d) (76)
0 otherwise

The function D(xM),;x(?), defined in Section 4.2, is a measure of genotypic distance between two solu-
tions. Equation (7.7) calculates the average distance Di,cqn between all solutions in X. The distance score,
sp(x), is calculated by (7.8). Calculating this score requires a pairwise calculation of distance between x

and all other solutions in X’. Each calculated distance is normalized by D,,can.

1 pP#X

Dyoayy = D(x,p) (7.7)
mean = (RT3 ] );@;(
1 B 1.6875

sp(x) = + > o (7.8)

peEX (% + 0.5) ’

It is clear that the distance score is nonlinear, it increases rapidly as the normalized distance between two
solutions approaches zero. This nonlinearity affects the potential trade-off between distance and objective
value, or constraint violation, when selecting solutions. Consider a subset of solutions in X’ that have a very
small normalized distance between them, resulting in high sp(x) scores. There will be a greater pressure to
improve sp(x) compared to their s;(x) or sg(x) scores. In a subset of solutions that have large normalized
distance between them the opposite is true.

Given the above, there must also be a subset of solutions where the trade-offs between distance, objective,
and constraint violation scores are equal. This should occur when the distance between all solutions in that
subset is equal to Dyyeqn. For all solutions, the rate of change between normalized objective values and s7(x)
is simply 1, the two values are the same. This is also true for the constraint violation score. To achieve an
even trade-off, sp(x) can be scaled such that its rate of change is equal to -1 when the distance between
solutions is equal t0 D,,eqn- The sign is negative since higher normalized distances result in smaller sp(x)
values.

Suppose we have an equation t(y) = (y + 0.5) "2, this function is similar to the summed function in (7.8)

where y = D(X,P)/Dmean- If the distance between solutions is equal to Diyeqn then y = 1. The rate of
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change at this point is calculated as t'(y = 1) = —2 % (1 + 0.5) =3 = 16/27. Scaling t(y) by 27/16, or 1.6875,
results in t/(y = 1) = —1. By including this coefficient in the distance score, an even trade-off between
distance, objective value, and constraint violation is achieved for a set of solutions that are all spaced by
Dipean from one another.

Final scores are calculated as a weighted sum of the individual scores using (7.9). Three different weighted
sums can be used. If all solutions in X’ are infeasible, then the final score applies only a small weight to

sf5(x). This results in a strong pressure toward solutions with small constraint violations.

¥ ok (%Sf(X) + S¢(X)) if Gmin > 0
S(x) = sp(x) + Qv+ (557(%) +56(x) — 5) if f(x) < % (7.9)
vk (55(X) + 54(x)) otherwise

If any feasible solutions exist in X', then the second two cases are used. The objective value of the best
feasible solution in X' is identified as f%,. Any solution with an objective function value better than f%.,
uses a smaller weighting for sy and has its final score reduced by 0.5y. Note that any solutions that fit this
criteria must be infeasible. Any other solutions, feasible or infeasible, use the third case. A balancing term -~y

is used to help maintain a reasonable level of diversity in X, more details are given in the following section.

7.3.2.3 Balancing Diversity

Each of the scores use adaptive normalization factors, calculated from the solutions in X. There is a general
pressure toward solutions with better objective values, constraint violations, or distance to other solutions.
However, since they are adaptive, the scores provide no information regarding the level of diversity present
in the population. There is a possibility the population becomes highly converged, containing almost no
diversity, or the population diverges to the point where local refinement of solutions (i.e., exploitation) is
hindered.

It would be possible to apply pressure toward a specific level of diversity by setting a fixed value for
Dipean- It is unclear what an optimal value would be, a value that works well for one problem may not for
others. The optimal level of diversity may also vary through the course of a trial. A high level of diversity
in early generations may help to fully explore the design space, while a lower level in later generations may
help to further refine the obtained solutions.

To maintain the correct level of diversity this work proposes a measure of general objective value trend
Fg, calculated using (7.10). This factor is similar to the bias factor used for the biased window function
(Section 7.2.4). Rapid changes in f& will lead to larger Fg magnitudes. If no feasible solutions exist! then

F¢ is set to 0. As f converges the value of F will decay toward 0.

1If length niching is used, then this includes all solutions in the parent population, not just the niche population. The same
Fg value is used by all niches at any given generation.
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f& = fé,ll + Fg_1 xe™ ™ if any feasible solutions have been found

Fr = 7.10
¢ {0 otherwise ( )

The range of objective values in X can be compared to Fg to approximate the current level of diversity.
This is quantified as the balance term =, given in (7.11). If Fiz is much larger than the range of objective
values, then the relative level of diversity is considered too low, resulting in v < 1. If F is much smaller,
then the relatively level of diversity is considered too high, resulting in 4 > 1. The weighting of sp(x),
relative to syp(x) and se(x), is affected by . Larger or smaller values of v will respectively decrease or

increase the pressure toward a more diverse population.

y = (f’rnaa: - fmin)m lf (FG 3& O) V (fma;c 7é fmin)
1 otherwise

(7.11)

It is expected that the greatest changes in f& will occur during the early stages of the algorithm. This
results in larger F values and more pressure towards diverse populations. As the algorithm progresses, and
F¢ approaches zero, the algorithm is more likely to converge, allowing for a greater level of exploitation to

occur.

7.4 Results

A number of different selection schemes were tested for each benchmark problem. Length niching selection
was applied using each of the window functions, several different window bounds or widths were used for
each function. A non-niching selection operator was tested in which the entire population is considered a
single niche, with no consideration given to length. FEach of these setups was tested using tournament and
score selection as the local selection operator. The helper objective [118] was also tested for each problem.

Tables 7.1-7.6 contain the normalized performance (Section 4.4) for each algorithm at several different
points. The best results, and those not significantly different (p > 0.05) from the best, for each generation
are shown in bold. Figures 7.5-7.10 give plots of normalized performance and the average best solution
length for a subset of the algorithms.

When using tournament selection, the length niching selection operator with a biased window or a static
window were always among the top performing operators. The moving window function performed well
but had worse performances on both coverage problems. The fixed-length window performed poorly on all
problems except the portfolio and laminate problems. Non-niching selection performed very poorly on the
laminate and both coverage problems.

All algorithms performed significantly better when using the score selection operator, and frequently

resulted in similar performances. The biased window performs best on the constrained coverage problem,
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but is outperformed by several other algorithms on the packing problem. The packing problem performance
may be explained by its tendency to converge to longer solutions, as shown in Figure 7.7. The moving
window function and non-niching selection algorithms give poor results on both coverage problems, Figures
7.5 and 7.6 show them slow, or failing, to converge to optimal lengths. Non-niching performs well on the
remaining problems when score selection is used. Generally, the biased and moving windows perform better
when using a narrower window width w.

The fixed-length and static-window functions generally perform well, but they require that the optimal
solution length is known a priori. Even when the optimal length is known the performance can vary based
on the exact bounds used. These functions tend to outperform the other algorithms early on since they are
not required to locate optimal solution lengths.

The results using the helper objective were generally poor. On some problems its performance was
comparable to algorithms using tournament selection. However, it was not competitive with algorithms

using the score selection.

7.5 Discussion

The results demonstrate the effectiveness of both length niching and score selection. Both result in a greater
level of diversity in the populations, resulting in a more efficient exploration of the search space.

Length niching selection preserves diversity based on solution length. Tournament selection will eventu-
ally, and sometimes quickly, converge to a single solution. Forming niches at several lengths and applying
tournament selection to each niche independently results in much greater population diversity. Each niche
will converge toward solutions that are optimal for that particular length. An example of solutions from
several niches in a single population is given in Figure 7.11. Note that when applying tournament selection,
there may be very little diversity within each niche.

Score selection maintains diversity by considering each solution’s objective value, constraint violations,
and distance to other solutions. When used with length niching this results in increased diversity within
each niche. This is demonstrated in Figure 7.12. Compared to tournament selection, algorithms using score
selection are less likely to prematurely converge to less optimal solutions.

In the early stages of the algorithm, tournament selection may outperform score selection. While score
selection will maintain a diverse population, tournament selection will quickly converge toward the best-so-
far solution. Since tournament selection primarily searches the space near to a single solution it is able to
quickly improve the fitness of that solution. However, once converged the algorithm may fail to escape local

optima.
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Table 7.1: Normalized performance for the constrained coverage problem using various selection operators.
Values in parentheses indicate the fraction of trials with feasible solutions, fractions are not shown if all trials
have found feasible solutions.

Fitness function evaluations
20k 50k
Tournament Selection

100k

Fixed-length (L=24) (0.00) 1.0362 & 0.0071  (0.00) 1.0296 4+ 0.0019  (0.00) 1.0293 + 0.0011
Fixed-length (L=25) (0.00) 0.9998 + 0.0092  (0.17) 0.9912 + 0.0049  (0.23) 0.9919 = 0.0065
Fixed-length (L=26) (0.10) 0.9656 & 0.0100  (0.74) 0.9655 + 0.0136  (0.91) 0.9728 = 0.0145
Fixed-length (L=27) (0.39) 0.9383 £ 0.0119  (0.93) 0.9529 + 0.0171  (0.98) 0.9613 = 0.0157
Fixed-length (L=28) (0.68) 0.9186 + 0.0160  (0.99) 0.9443 + 0.0150 0.9520 + 0.0137
Static window (L=23-25) (0.04) 0.9922 & 0.0043  (0.40) 0.9921 + 0.0055  (0.57) 0.9945 = 0.0072
Static window (L=24-25) (0.08) 0.9913 & 0.0038  (0.44) 0.9923 + 0.0057  (0.56) 0.9950 & 0.0076
Static window (L=24-26) (0.64) 0.9613 + 0.0115  (0.96) 0.9802 + 0.0168  (0.99) 0.9892 + 0.0152
Static window (L=24-27) (0.98) 0.9546 =+ 0.0190 0.9804 + 0.0159 0.9903 + 0.0138
Static window (L=25-26) (0.68) 0.9609 & 0.0105  (0.94) 0.9762 + 0.0162  (0.97) 0.9834 + 0.0161
Static window (L=25-27) (0.96) 0.9516 + 0.0175 0.9748 + 0.0146 0.9840 + 0.0132

Moving window (w=3)
Moving window (w=>5)
Moving window (w=T7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=7)

Non-niching

Fixed-length (L=24)
Fixed-length (L=25)
Fixed-length (L=26)
Fixed-length (L=27)
Fixed-length (L=28)
Static window (L=23-25
Static window (L=24-25
Static window (L=24-26
Static window (

(

Static window (L=25-26

Static window (L=25-27

Moving window (w=3)
Moving window (w=5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=T)

Non-niching

Helper objective (w=3)
Helper objective (w=>5)
Helper objective (w=7)

L=24-27

0.7552 £ 0.0433
0.7916 £+ 0.0413
0.8091 £ 0.0388

0.8746 £+ 0.0319
0.8700 £+ 0.0343
0.8651 £ 0.0341

0.6040 £ 0.0463

0.8890 £+ 0.0414
0.9339 £ 0.0301
0.9455 £+ 0.0194

0.9696 £ 0.0181
0.9675 £+ 0.0162
0.9624 £ 0.0174

0.6641 £ 0.0404

Score Selection

0.00
0.12
0.54

(0.00) 1.0299 + 0.0027
(0.12) 0.9915 + 0.0047
(0.54) 0.9624 + 0.0116
(0.87) 0.9475 + 0.0170
(0.99) 0.9374 + 0.0150
(0.11) 0.9922 =+ 0.0040
(0.20) 0.9915 =+ 0.0046
(0.74) 0.9673 + 0.0144
(0.99) 0.9616 + 0.0166
(0.85) 0.9689 = 0.0136
(0.98) 0.9644 + 0.0154

0.7185 £ 0.0500
0.7493 £ 0.0468
0.7593 £ 0.0458

0.7850 £ 0.0429
0.7919 £ 0.0430
0.7973 £ 0.0415

0.8544 £ 0.0292

(0.00) 1.0294 =+ 0.0001
(0.33) 0.9936 = 0.0081
(0.89) 0.9769 =+ 0.0153
(0.99) 0.9670 =+ 0.0151

0.9568 =+ 0.0122

(0.53) 0.9954 =+ 0.0074
(0.56) 0.9973 = 0.0092
(0.97) 0.9897 =+ 0.0162
0.9899 + 0.0147
(0.98) 0.9889 + 0.0147
0.9877 + 0.0148

0.9200 £ 0.0298
0.9371 £ 0.0234
0.9436 £+ 0.0210

0.9749 £ 0.0157
0.9688 £ 0.0175
0.9629 £ 0.0155

0.9398 £ 0.0211

Helper Objective

0.6109 £ 0.0450
0.5995 £ 0.0504
0.6016 & 0.0479

0.6586 £+ 0.0384
0.6488 £ 0.0458
0.6488 £ 0.0431

0.9409 £ 0.0384
0.9734 £+ 0.0227
0.9757 + 0.0170

0.9841 £+ 0.0172
0.9840 £+ 0.0155
0.9813 £+ 0.0155

0.6861 £ 0.0392

(0.00) 1.0295 + 0.0002
(0.39) 0.9959 = 0.0100
(0.94) 0.9820 =+ 0.0153
(0.99) 0.9728 + 0.0142
0.9622 + 0.0118

(0.76) 1.0013 £ 0.0093
(0.71) 1.0022 £ 0.0110
(0.98) 0.9990 + 0.0145
0.9986 £+ 0.0125
(0.99) 0.9963 + 0.0133
0.9956 &+ 0.0133

0.9776 + 0.0209
0.9867 + 0.0159
0.9886 £+ 0.0146

1.0000 + 0.0129
0.9975 + 0.0122
0.9926 + 0.0126

0.9520 £+ 0.0196

0.6743 £ 0.0377
0.6649 £ 0.0446
0.6646 &= 0.0419
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Table 7.2: Normalized performance for the unconstrained coverage problem using various selection operators.

Fitness function evaluations

20k

50k

100k

Fixed-length (L=24)
Fixed-length (L=25)
Fixed-length (L=26)
Fixed-length (L=27)
Fixed-length (L=28)

Static window (L=24-26)
Static window (L=24-27)
Static window (L=25-26)
Static window (L=25-27)
Static window (L=25-28)
Static window (L=26-28)
Moving window (w=3)
Moving window (w=5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=7)

Non-niching

Fixed-length (L=24)
Fixed-length (L=25)
Fixed-length (L=26)
Fixed-length (L=27)
Fixed-length (L=28)

Static window (L=24-26)
Static window (L=24-27)
Static window (L=25-26)
Static window (L=25-27)
Static window (L=25-28)
Static window (L=26-28)
Moving window (w=3)
Moving window (w=5)
Moving window (w=T)
Biased window (w=3)
Biased window (w=>5)
Biased window (w=7)

Non-niching

Helper objective (w=3)
Helper objective (w=>5)
Helper objective (w=7)

Tournament Selection

0.7835 £ 0.0675
0.8280 £ 0.0589
0.8589 £ 0.0542
0.8722 £+ 0.0538
0.8928 £ 0.0431

0.9411 £ 0.0253
0.9479 £+ 0.0199
0.9390 £+ 0.0284

0.9529 £ 0.0214
0.9555 £+ 0.0167
0.9560 £+ 0.0193

0.8495 £ 0.0352
0.8610 £ 0.0349
0.8689 £ 0.0356

0.9157 £+ 0.0302
0.9139 £+ 0.0272
0.9107 £+ 0.0295

0.7971 £ 0.0351

0.8690 £ 0.0487
0.9024 £ 0.0481
0.9252 £ 0.0420
0.9346 £+ 0.0400
0.9440 £+ 0.0314

0.9757 + 0.0192
0.9825 £+ 0.0145
0.9709 £ 0.0243
0.9820 £+ 0.0170
0.9854 £+ 0.0126
0.9845 £+ 0.0130

0.9122 £+ 0.0332
0.9358 £+ 0.0259
0.9500 £ 0.0247

0.9767 £+ 0.0181
0.9784 £+ 0.0135
0.9744 £+ 0.0130

0.8239 £ 0.0323

Score Selection

0.8786 £+ 0.0218
0.9251 £ 0.0255
0.9435 £+ 0.0196
0.9458 £+ 0.0148
0.9463 £+ 0.0128

0.9113 £ 0.0223
0.9143 £ 0.0235
0.9278 £+ 0.0224
0.9251 £ 0.0219
0.9286 £+ 0.0198
0.9343 £+ 0.0181

0.8807 £+ 0.0319
0.8777 £ 0.0279
0.8782 £+ 0.0304

0.9138 £ 0.0231
0.9080 £ 0.0246
0.9126 + 0.0233

0.8853 £ 0.0226

0.9463 £+ 0.0131
0.9933 £+ 0.0233

0.8865 £ 0.0477
0.9177 £+ 0.0458
0.9402 £+ 0.0383
0.9485 £+ 0.0358
0.9548 £ 0.0285

0.9853 £+ 0.0187
0.9922 £+ 0.0125
0.9800 £ 0.0217
0.9910 £+ 0.0151
0.9936 + 0.0113
0.9910 £ 0.0115

0.9476 + 0.0324
0.9728 £+ 0.0194
0.9803 £ 0.0152

0.9869 £+ 0.0171
0.9896 £+ 0.0117
0.9882 £+ 0.0109

0.8322 £ 0.0309

0.9540 £+ 0.0122
1.0005 + 0.0231

1.0010 £ 0.0134 1.0078 + 0.0128

0.9993 £ 0.0098

0.9960 £+ 0.0071

0.9901 £ 0.0149
0.9860 & 0.0133
0.9973 £+ 0.0146
0.9945 £+ 0.0117
0.9908 + 0.0113
0.9955 = 0.0100

0.9628 £ 0.0212
0.9644 £+ 0.0181
0.9659 £+ 0.0162

0.9883 £+ 0.0135
0.9826 £ 0.0125
0.9804 + 0.0123

0.9460 £+ 0.0183

Helper Objective

0.8912 £ 0.0330
0.9216 £ 0.0262
0.9346 £+ 0.0215

0.9507 £+ 0.0266
0.9777 £ 0.0153
0.9812 £+ 0.0116

1.0062 + 0.0092
1.0028 + 0.0068

1.0030 = 0.0136
1.0009 £ 0.0120
1.0078 + 0.0135
1.0057 + 0.0105
1.0024 + 0.0101
1.0050 £ 0.0088

0.9823 + 0.0184
0.9883 £ 0.0132
0.9884 + 0.0113

1.0000 £+ 0.0114
0.9956 £ 0.0106
0.9950 + 0.0104

0.9550 £+ 0.0173

0.9728 £+ 0.0264
0.9883 £+ 0.0155
0.9877 £ 0.0181
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—a— Biased window (w=3) —o— Static window (L.=24-27) —— Helper objective (w=3)
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Figure 7.5: Normalized performance and average best solution length for the constrained coverage problem
using various selection operators. Studies marked "T'S’ use tournament selection, the remaining studies use
score selection with the exception of the helper objective. Performance lines are not shown if any infeasible
solution exist.
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Figure 7.6: Normalized performance and average best solution length for the unconstrained coverage problem
using various selection operators. Studies marked '"T'S’ use tournament selection, the remaining studies use
score selection with the exception of the helper objective.
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Table 7.3: Normalized performance for the packing problem using various selection operators. Values in
parentheses indicate the fraction of trials with feasible solutions, fractions are not shown if all trials have
found feasible solutions.

Fitness function evaluations
20k 50k
Tournament Selection

100k

Fixed-length (L=15)
Fixed-length (L=16)
Fixed-length (L=17)
Fixed-length (L=18)
Fixed-length (L=19)
Fixed-length (L=20)
Fixed-length (L=21)
Static window (L=15-17)
Static window (L=15-18)
Static window (L=17-19)
Static window (L=17-20)
Static window (L=18-21)
Moving window (w=3)
Moving window (w=>5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=7)

Non-niching

Fixed-length (L=15)
Fixed-length (L=16)
Fixed-length (L=17)
Fixed-length (L=18)
Fixed-length (L=19)
Fixed-length (L=20)
Fixed-length (L=21)
Static window (L=15-17)
Static window (L=15-18)
Static window (L=17-19)
Static window (L=17-20)
Static window (L=18-21)
Moving window (w=3)
Moving window (w=5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=T7)

Non-niching

Helper objective (w=3)
Helper objective (w=5)
Helper objective (w=7)

0.7301 = 0.0479
0.7210 =+ 0.0451
0.7187 + 0.0455
0.7110 % 0.0432
0.6986 =+ 0.0428

(0.99) 0.6947 =+ 0.0514

(0.99) 0.6874 = 0.0461

0.7523 £ 0.0376
0.7582 £ 0.0393
0.7375 £ 0.0371
0.7481 £ 0.0366
0.7301 £ 0.0401

0.7748 £+ 0.0377
0.7815 £ 0.0365
0.7826 £ 0.0362

0.7722 £ 0.0362
0.7774 £ 0.0352
0.7683 £ 0.0325

0.7655 £ 0.0361

Score Selection

0.9128 £ 0.0328
0.9160 £ 0.0341
0.9125 £ 0.0323
0.9046 £ 0.0365
0.8971 £ 0.0376
0.8873 £ 0.0368
0.8761 £ 0.0372

0.9089 £ 0.0312
0.8983 £ 0.0326
0.8955 £ 0.0278
0.8799 £ 0.0322
0.8744 £ 0.0298

0.9014 £ 0.0302
0.8883 £ 0.0306
0.8793 £ 0.0320

0.8792 £ 0.0311
0.8681 £ 0.0329
0.8575 £ 0.0325

0.7915 £ 0.0415
0.7814 + 0.0443
0.7805 £ 0.0438
0.7770 £ 0.0393
0.7644 £ 0.0386
0.7609 £ 0.0403
0.7506 £ 0.0400

0.8130 £ 0.0360
0.8211 £ 0.0368
0.8020 £ 0.0341
0.8101 £ 0.0351
0.7974 £+ 0.0342

0.8304 £ 0.0369
0.8331 £+ 0.0320
0.8380 £ 0.0286

0.8235 £+ 0.0323
0.8265 £ 0.0335
0.8237 £+ 0.0322

0.8255 £ 0.0344

0.9788 £ 0.0288
0.9855 £+ 0.0310
0.9781 £ 0.0288
0.9746 £ 0.0306
0.9662 £ 0.0298
0.9650 £ 0.0294
0.9603 £ 0.0306

0.9809 £ 0.0286
0.9722 £+ 0.0266
0.9745 £ 0.0261
0.9656 £+ 0.0270
0.9596 £ 0.0293

0.9768 £ 0.0261
0.9659 £ 0.0257
0.9532 £ 0.0257

0.9607 £ 0.0256
0.9579 £ 0.0250
0.9462 £ 0.0268

0.8314 £ 0.0379
0.8258 £ 0.0439
0.8220 £ 0.0376
0.8195 £+ 0.0379
0.8045 £ 0.0359
0.8001 £ 0.0368
0.7933 £ 0.0356

0.8508 £ 0.0367
0.8591 £ 0.0333
0.8434 £+ 0.0332
0.8479 £ 0.0331
0.8358 £ 0.0319

0.8610 £ 0.0338
0.8694 £ 0.0306
0.8751 £ 0.0276

0.8525 £ 0.0320
0.8548 £ 0.0348
0.8616 £ 0.0332

0.8625 £ 0.0309

1.0191 £ 0.0291
1.0142 £ 0.0297
1.0084 + 0.0261
1.0054 + 0.0259
0.9974 £ 0.0283
0.9977 £+ 0.0287
0.9890 & 0.0277

1.0140 + 0.0222
1.0066 + 0.0214
1.0078 £ 0.0216
1.0001 £ 0.0237
0.9990 + 0.0214

1.0134 + 0.0221
1.0016 + 0.0226
0.9889 £ 0.0234

1.0000 £ 0.0260
0.9944 + 0.0246
0.9857 £+ 0.0242

0.9265 + 0.0293 0.9925 + 0.0245 1.0253 + 0.0222
Helper Objective

0.7735 £ 0.0399
0.7747 £ 0.0357
0.7765 £+ 0.0384

0.8256 £ 0.0364
0.8294 £ 0.0357
0.8260 £ 0.0360

0.8591 £ 0.0330
0.8640 £ 0.0332
0.8620 £ 0.0302
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Table 7.4: Normalized performance for the wind farm problem using various selection operators.

Fitness function evaluations

20k

50k

100k

Fixed-length (L=38)
Fixed-length (L=39)
Fixed-length (L=40)
Fixed-length (L=41)
Fixed-length (L.=42)
Static window (L=38-40)
Static window (L=38-41)
Static window (L=39-40)
( )
( )
)

A~ N S

Static window (L=39-41
Static window (L=40-41
Static window (L=40-42
Moving window (w=3)
Moving window (w=5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=7)

Non-niching

Tournament Selection

0.9801 £ 0.0041
0.9807 £ 0.0035
0.9802 £ 0.0044
0.9794 £+ 0.0038
0.9786 £ 0.0041

0.9880 £ 0.0026
0.9881 £ 0.0029
0.9876 + 0.0033
0.9882 £ 0.0028
0.9873 £+ 0.0030
0.9881 £ 0.0033

0.9878 £+ 0.0028
0.9878 £+ 0.0029
0.9874 £+ 0.0030

0.9877 £+ 0.0029
0.9877 + 0.0029
0.9876 + 0.0027

0.9870 £ 0.0030

0.9867 £ 0.0032
0.9873 £+ 0.0029
0.9878 £+ 0.0035
0.9873 £+ 0.0031
0.9863 £ 0.0033

0.9930 £+ 0.0023
0.9935 £+ 0.0023
0.9931 £+ 0.0028
0.9935 £+ 0.0025
0.9929 £ 0.0026
0.9936 £ 0.0027

0.9936 + 0.0023
0.9933 £+ 0.0025
0.9932 £ 0.0027

0.9938 £ 0.0026
0.9937 £+ 0.0024
0.9937 + 0.0024

0.9927 £ 0.0026

0.9896 £ 0.0031
0.9904 £ 0.0027
0.9911 £ 0.0031
0.9905 £+ 0.0029
0.9899 £ 0.0031

0.9955 £+ 0.0021
0.9960 £ 0.0021
0.9955 £+ 0.0022
0.9958 £+ 0.0023
0.9955 £ 0.0025
0.9961 + 0.0024

0.9961 £ 0.0022
0.9957 + 0.0023
0.9958 £ 0.0025

0.9964 + 0.0023
0.9963 £ 0.0022
0.9963 £+ 0.0022

0.9951 £ 0.0025

Score Selection

0.9933 £+ 0.0019 0.9981 £+ 0.0015
0.9940 £+ 0.0018 0.9989 £ 0.0016

0.9935 £ 0.0020

0.9933 £+ 0.0020

Fixed-length (L=38
Fixed-length (L=39

0.9995 £+ 0.0015
1.0005 + 0.0015
0.9991 + 0.0017 1.0008 £ 0.0016

Fixed-length (L=41 0.9989 + 0.0017 1.0007 £ 0.0016

(L=38)
(L=39)
Fixed-length (L=40)
E )

Fixed-length (L.=42)

Static window (L=38-40)
Static window (L=38-41)
Static window (L=39-40)
Static window (L=39-41)
Static window (L=40-41)
Static window (L=40-42)
Moving window (w=3)
Moving window (w=5)
Moving window (w=T)
Biased window (w=3)
Biased window (w=5)
Biased window (w=T)

Non-niching

Helper objective (w=3)
Helper objective (w=>5)
Helper objective (w=7)

0.9920 £ 0.0019

0.9918 £ 0.0022
0.9912 £ 0.0022
0.9929 £ 0.0019
0.9920 £ 0.0022
0.9926 £+ 0.0021
0.9920 £ 0.0025

0.9894 £ 0.0023
0.9891 £ 0.0023
0.9888 + 0.0024

0.9890 £ 0.0025
0.9885 £ 0.0025
0.9881 £ 0.0027

0.9916 £ 0.0025

0.9980 £ 0.0016

0.9976 + 0.0018
0.9972 £+ 0.0018
0.9984 £+ 0.0017
0.9978 £+ 0.0018
0.9983 £+ 0.0019
0.9980 £ 0.0019

0.9975 £ 0.0018
0.9970 £+ 0.0019
0.9968 + 0.0020

0.9976 + 0.0018
0.9969 & 0.0019
0.9966 + 0.0021

0.9988 & 0.0019

Helper Objective

0.9888 £ 0.0029
0.9886 £+ 0.0029
0.9891 £ 0.0027

0.9936 £ 0.0027
0.9939 £ 0.0025
0.9941 £ 0.0023

1.0000 4 0.0016

0.9997 £+ 0.0016
0.9995 £ 0.0017
1.0004 + 0.0016
1.0001 + 0.0017
1.0002 £+ 0.0017
1.0000 + 0.0017

1.0001 £ 0.0016
0.9995 £+ 0.0017
0.9992 £+ 0.0017

1.0000 + 0.0015
0.9993 £ 0.0017
0.9992 £ 0.0017

1.0010 + 0.0016

0.9958 + 0.0025
0.9962 + 0.0023
0.9963 £ 0.0022
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Figure 7.7: Normalized performance and average best solution length for the packing problem using various

selection operators. Studies marked 'TS’ use tournament selection, the remaining studies use score selection
with the exception of the helper objective.
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Figure 7.8: Normalized performance and average best solution length for the wind farm problem using
various selection operators. Studies marked "T'S’ use tournament selection, the remaining studies use score
selection with the exception of the helper objective.
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Table 7.5: Normalized performance for the portfolio problem using various selection operators.

Fitness function evaluations

10k

25k

50k

Tournament Selection

Fixed-length (L=7) 0.9754 £+ 0.0139 0.9826 + 0.0107 0.9852 £ 0.0090
Fixed-length (L=8) 0.9810 £+ 0.0110 0.9886 + 0.0069 0.9913 £ 0.0041
Fixed-length (L=9) 0.9822 £ 0.0096 0.9900 £ 0.0060 0.9932 £ 0.0055

Fixed-length (L=10)

Static window (L=6-9)

Static window

Static window (L=8-10)
Static window (L=9-10)
Static window (L=9-11)

(L=7-9
Static window (L=8-9
(
(

)
)

Moving window (w=3)
Moving window (w=5)
Moving window (w=7)

Biased window (w=3)
Biased window (w=5)
Biased window (w=T)

Non-niching

0.9827 £+ 0.0070

0.9838 £ 0.0067
0.9837 £+ 0.0068
0.9838 £ 0.0070
0.9847 £ 0.0066
0.9842 £ 0.0067
0.9844 + 0.0061

0.9832 £ 0.0069
0.9827 £+ 0.0064
0.9834 £ 0.0064

0.9783 £ 0.0099
0.9780 £+ 0.0101
0.9789 £ 0.0075

0.9833 £ 0.0067

0.9903 £ 0.0054

0.9903 £ 0.0046
0.9901 £ 0.0048
0.9905 £ 0.0052
0.9918 £ 0.0046
0.9916 £ 0.0051
0.9911 & 0.0053

0.9898 £ 0.0046
0.9898 £ 0.0043
0.9903 £ 0.0041

0.9880 £ 0.0060
0.9877 £+ 0.0055
0.9876 £ 0.0056

0.9897 £ 0.0046

Score Selection

0.9935 £ 0.0046

0.9935 £ 0.0038
0.9942 £ 0.0040
0.9938 + 0.0044
0.9954 £ 0.0041
0.9950 £ 0.0045
0.9944 £ 0.0048

0.9931 £+ 0.0037
0.9930 £+ 0.0037
0.9934 £ 0.0040

0.9923 £+ 0.0043
0.9922 £ 0.0049
0.9924 £+ 0.0047

0.9930 £ 0.0037

Fixed-length (L=7) 0.9854 £ 0.0027 0.9919 £ 0.0016 0.9933 £+ 0.0011
Fixed-length (L=8) 0.9862 £ 0.0031 0.9954 £ 0.0032 0.9977 £+ 0.0022
Fixed-length (L=9) 0.9868 & 0.0035 0.9957 + 0.0027 0.9980 & 0.0026

Fixed-length (L=10)

Static window (L=6-9
L="7-9
L=8-9

Static window
Static window

)
)
)

0.9876 £+ 0.0030

0.9906 £+ 0.0036
0.9906 £+ 0.0033
0.9898 £ 0.0033

0.9949 £ 0.0022

0.9978 £+ 0.0010
0.9983 £ 0.0008
0.9984 £ 0.0008

0.9962 + 0.0017

0.9995 £ 0.0006
0.9998 £ 0.0003
1.0000 +£ 0.0003

0.9908 £ 0.0032
0.9899 £ 0.0029
0.9904 £ 0.0030

0.9987 £+ 0.0008
0.9987 £+ 0.0011
0.9989 + 0.0011

1.0000 + 0.0002
1.0000 + 0.0005
1.0000 =+ 0.0003

(

(
Static window (L=8-10)
Static window (L=9-10)
Static window (L=9-11)

Moving window (w=3)
Moving window (w=5)
Moving window (w=T)

Biased window (w=3)

0.9869 £ 0.0038
0.9882 £ 0.0040
0.9880 £ 0.0040

0.9846 £ 0.0063
0.9843 £ 0.0064

0.9979 £+ 0.0011
0.9977 £+ 0.0012
0.9974 £+ 0.0011

0.9973 £ 0.0015
0.9973 £+ 0.0011

0.9998 £ 0.0006
0.9994 + 0.0007
0.9990 £ 0.0009

0.9996 £ 0.0006
0.9992 £ 0.0008

Biased window (w=5)

Biased window (w=T7) 0.9863 £ 0.0051 0.9970 £+ 0.0013

0.9869 + 0.0032 0.9985 4+ 0.0009
Helper Objective

0.9793 £ 0.0082 0.9851 £ 0.0063
0.9776 + 0.0121 0.9830 £ 0.0091
0.9660 £+ 0.0779 0.9665 £ 0.0981

0.9990 £ 0.0008
Non-niching 1.0000 + 0.0004

0.9880 £ 0.0053
0.9862 £+ 0.0073
0.9628 + 0.1187

Helper objective (w=3)
Helper objective (w=5)
Helper objective (w=7)
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Table 7.6: Normalized performance for the laminate composite problem using various selection operators.
Values in parentheses indicate the fraction of trials with feasible solutions, fractions are not shown if all trials
have found feasible solutions.

Fitness function evaluations
10k 25k 50k
Tournament Selection

(0.00) 0.9972 £+ 0.0003  (0.00) 0.9972 + 0.0000

Fixed-length (L=16 (0.00) 0.9972 + 0.0000

(L=16)
Fixed-length (L=17)

Fixed-length (L=18)

Fixed-length (L=19)

Fixed-length (L=20)

Static window (L=15-17)
Static window (L=16-17)
Static window (L=16-18)
Static window (L=16-19)
Static window (L=17-18)
Static window (L=17-19)
Moving window (w=3)
Moving window (w=>5)
Moving window (w=T7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=7)

Non-niching

Fixed-length (L=16)

Fixed-length (L=17)

Fixed-length (L=18)

Fixed-length (L=19)

Fixed-length (L=20)

Static window (L=15-17)
Static window (L=16-17)
Static window (L=16-18)
Static window (L=16-19)
Static window (L=17-18)
Static window (L=17-19)
Moving window (w=3)
Moving window (w=5)
Moving window (w=7)
Biased window (w=3)
Biased window (w=5)
Biased window (w=T)

Non-niching

Helper objective (w=3)
Helper objective (w=>5)
Helper objective (w=7)

0.9956 £+ 0.0022
0.9723 £ 0.0022
0.9354 £+ 0.0017
0.8930 & 0.0014

0.9885 £ 0.0041
0.9908 £ 0.0039
0.9921 £ 0.0040
0.9917 £ 0.0045
0.9929 £ 0.0035
0.9902 £ 0.0046

0.9925 £ 0.0040
0.9903 £ 0.0047
0.9883 £ 0.0057

0.9874 £ 0.0050
0.9872 £+ 0.0057
0.9875 £ 0.0052

0.8915 £ 0.0304

Score Selection

(0.00) 0.9972 £+ 0.0000  (0.00)
0.9978 £+ 0.0010

0.9739 £ 0.0011
0.9359 £ 0.0011
0.8932 £+ 0.0010

0.9935 £ 0.0028
0.9956 + 0.0018
0.9949 £ 0.0022
0.9931 £ 0.0030
0.9957 £+ 0.0018
0.9925 £ 0.0029

0.9894 £ 0.0049
0.9880 £ 0.0055
0.9878 £+ 0.0053

0.9886 £ 0.0042
0.9883 £ 0.0047
0.9884 £ 0.0050

0.9919 £ 0.0034

0.9981 £ 0.0013
0.9748 £+ 0.0014
0.9373 £ 0.0011
0.8942 £ 0.0005

0.9929 £ 0.0030
0.9947 £+ 0.0025
0.9959 £ 0.0027
0.9959 £ 0.0028
0.9967 £+ 0.0021
0.9953 £ 0.0027

0.9962 £ 0.0028
0.9950 £ 0.0031
0.9932 £ 0.0041

0.9950 £ 0.0028
0.9944 £ 0.0034
0.9929 £ 0.0039

0.8934 £ 0.0305

0.9972 £ 0.0001

0.9997 £+ 0.0009

0.9765 £+ 0.0003
0.9385 £ 0.0002
0.8952 £ 0.0010

0.9974 £+ 0.0014
0.9984 £ 0.0012
0.9988 £ 0.0012
0.9978 £+ 0.0014
0.9994 £ 0.0010
0.9981 £+ 0.0013

0.9972 £ 0.0015
0.9960 £ 0.0023
0.9949 £ 0.0027

0.9975 £+ 0.0014
0.9959 £ 0.0021
0.9951 £ 0.0025

0.9981 £ 0.0016

Helper Objective

0.8906 £ 0.0362
0.8912 £ 0.0346
0.8886 & 0.0344

0.8923 £ 0.0365
0.8932 £ 0.0345
0.8902 £ 0.0347

0.9988 £+ 0.0012
0.9758 £+ 0.0011
0.9381 £ 0.0008
0.8943 £ 0.0001

0.9952 £+ 0.0023
0.9963 £+ 0.0017
0.9974 £+ 0.0018
0.9976 = 0.0018
0.9983 £+ 0.0015
0.9975 £+ 0.0017

0.9978 £+ 0.0017
0.9967 £ 0.0022
0.9958 £ 0.0026

0.9972 £+ 0.0017
0.9967 £+ 0.0021
0.9955 £+ 0.0030

0.8937 £ 0.0307

(0.00) 0.9972 £+ 0.0000

1.0000 + 0.0006
0.9765 £+ 0.0000
0.9385 £+ 0.0000
0.8961 £ 0.0007

0.9988 £ 0.0012
0.9993 £+ 0.0010
0.9999 + 0.0008
0.9997 + 0.0010
1.0000 + 0.0006
0.9998 £ 0.0008

0.9997 £+ 0.0009
0.9989 £ 0.0012
0.9981 £ 0.0015

0.9998 £ 0.0009
0.9990 + 0.0014
0.9981 £+ 0.0015

0.9999 + 0.0011

0.8926 £ 0.0367
0.8936 £ 0.0348
0.8906 & 0.0350
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—a— Biased window (w=3) —o— Static window (L=9-10) —— Helper objective (w=3)
—+— Biased window (w=3, TS) —— Moving window (w=3) —+— Non-niching
T T T T \ T T

Normalized performance f,orm
Average best solution length
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0 10k 20k 30k 40k 50k -0 10k 20k 30k 40k 50k
Fitness function evaluations Fitness function evaluations
Figure 7.9: Normalized performance and average best solution length for the portfolio problem using various

selection operators. Studies marked 'TS’ use tournament selection, the remaining studies use score selection
with the exception of the helper objective.

—a— Biased window (w=3) —o— Static window (L=17-18) —— Helper objective (w=5)

—— Biased window (w=3, T'S) —+— Moving window (w=3) —— Non-niching
T T T

L 2
L 4
L 2

20

0.9 | 8

o .
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—
Ne)
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Figure 7.10: Normalized performance and average best solution length for the laminate composite problem
using various selection operators. Studies marked "T'S’ use tournament selection, the remaining studies use
score selection with the exception of the helper objective.
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23 Nodes 24 Nodes
cost = 5.75, coverage = 0.951  cost = 6.00, coverage = 0.968

25 Nodes 26 Nodes 27 Nodes
cost = 6.21, coverage = 0.980  cost = 6.25, coverage = 0.980  cost = 6.32, coverage = 0.980

Figure 7.11: Sample solutions from all lengths present in the final population of a trial solving the coverage
problem using length niching with tournament selection.

The deleterious effect of length-varying operators differs between problems. For several problems length
niching is not necessary to reach optimal solution lengths. The non-niching, score selection algorithm per-
forms very well for the packing, wind farm, portfolio, and laminate composite problems. However it fails
to consistently reach optimal lengths for the coverage problem. While score selection does not explicitly
consider solution length it is possible that solutions of varying lengths are selected. However, it is apparent
that for some problems this is not sufficient and length niching is required.

When non-niching, score selection reaches optimal solution lengths it generally outperforms length niching
selection. This may be explained by different balances between exploration and exploitation among the
algorithms. Length niching selection is generally more exploratory, maintaining a roughly equal number of
solutions in several different niches. The non-niching score selection algorithm may maintain some diversity
in solution length, however it is likely to be less than that of length niching. By focusing primarily on
solutions of a particular length it is able to perform slightly better on some problems.

A similar observation can be made when comparing the performance of biased window functions using
various widths. The smaller widths tend to give the best performance. The wider widths are likely spreading
the computational effort too thinly across many niches, failing to fully refine solutions of the optimal length.

On the coverage problems, the moving window function performs better with wider window widths, this is

94



(b)

Figure 7.12: Sample solutions from within a single length niche using (a) tournament selection and (b) score
selection. Solutions are for the wind farm problem and sampled after 40k evaluations. Turbines that are
common to all solutions in that niche, within a small tolerance, are denoted by a ’.’; and the remaining
turbines denoted by an 'x’.

a result of the shorter window widths failing to consistently reach optimal lengths.

The fixed-length operator performed very poorly when using tournament selection. This is likely due to
the lack of diversity in the population, performance is significantly improved when using score selection. The
static window function had similar overall performance to the biased window function. With the exception
of the coverage problems the static window and fixed-length algorithms generally outperformed the biased
window function during the early stages of the algorithm. Since these algorithms assume the optimal length
is known a priori they do not have to spend the early generations searching solutions at non-optimal lengths.

The poor performance of the helper objective is due to two reasons. First, as discussed in Section
7.1, when difficult to satisfy constraints are present this operator has a strong tendency to converge to
suboptimal lengths. This is very apparent on the constrained coverage and laminate composite problems.
On problems where it does reach optimal lengths its performance is comparable to length niching selection
using tournament selection. Score selection gave significantly better results, but it is unclear how the score

selection methodology could be incorporated into the helper objective operator.
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7.6 Score Selection Applied to Non-Metameric Problems

Score selection was developed for, but not limited to, metameric problems. This section demonstrates score
selection on a set of non-metameric problems. A set of single-objective, constrained optimization benchmark
problems were used in a competition of evolutionary algorithms at the 2017 and 2018 IEEE Congress on
Evolutionary Computation [145]. There are 28 problems in this set, each using one or more equality con-
straints, inequality constraints, or both. All problems are scalable, the competition was performed for each
problem using 10, 30, 50, and 100 design variables.

The non-metameric algorithm used for this demonstration is detailed in Section 7.6.1. Section 7.6.2
discusses a few small modifications made to score selection for these problems. The results, and a comparison

to the best performing algorithms from the previous competition, are given in Section 7.6.3.

7.6.1 Non-Metameric Evolutionary Algorithm

The framework of the non-metameric evolutionary algorithm is the same as the one given in Section 4.1.
A population size of 20 is used. Each study is run for DIM x 20,000 evaluations, where DIM is the
dimensionality of the problem. This is the number of evaluations allowed by the competition.

Simplex crossover is used [138] with a crossover rate of 0.5. Three parents are used here for each
crossover, and the expanding rate control parameter is set to 3. Random Gaussian mutation is used. When
the problem dimensionality is 10, a mutation rate of 0.1 is used, for all other dimensionalities a rate of
0.05 is used. Mutation magnitude is selected from one of several possibilities, as shown in (7.12) where r

is a randomly chosen value in the interval [0,1]. A new magnitude is selected for each solution undergoing

mutation.
Donean if0<r<045
mutation magnitude = { D,eqn * 10174(G/CGmaz)® i 0.45 < r < 0.90 (7.12)
0.05 if 090 <r <1

The first possible magnitude is based on D,,cqn, the average distance between all solutions in the parent
population. The second magnitude scales D,,cqn by values greater than 1 in early generations, promoting
exploration. In later generations it scales Dj,ecqn by values less than 1, promoting exploitation. The final
possible mutation magnitude is a fixed value, helping to promote exploration at all phases of the algorithm.
The design variables are then mutated as described in Section 6.2. It is possible that some mutations may
be small enough that they cannot be captured by a double-precision number. When this happens, the design
variables are mutated to the next double-precision number in the direction of mutation.

The feasible regions of some of the benchmark problems are extremely small and difficult to locate. To

assist the EA in locating these regions, a dynamic constraint tolerance g is calculated at each generation
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G. This is adapted from the dynamic mechanism used in [89, 140].

5w (=) e < oa
5 4 0r (%) if G < 0.7G nas

0 otherwise

(7.13)

Equation (7.14) gives the initial value 01, calculated using the average constraint violation in the initial

population P;.

1
0y =10% > b(x) (7.14)

xEP;

Equation (7.15) gives a modified constraint violation, ¢’(x), used by score selection. This is recalculated
every generation for each solution using the updated dg. Note that ¢'(x) = ¢(x) in later generations, when
d¢ is set to 0. The relaxation of the equality constraints o is set to le-4, as used in the competition.

¢'(x) = max | 0, Zmax(o,gi(x)) + Z max(0, |h;(x)| — o) — da (7.15)

i=1 j=1
7.6.2 Modifications to Score Selection

A few modifications are made to score selection. The constraint violation score is calculated using ¢’ (x).
This section also proposes modified values for the measure of objective value trend and the balance term.
These values are used in place of their standard values proposed in Section 7.3.2.3.

In metameric problems the best solution objective value f¢& will monotonically improve once a feasible
solution is found. When using the dynamic constraint tolerance this is no longer the case, feasible solutions
may become infeasible as the value of d decreases. This invalidates the measure of objective value trend
F¢ proposed in Section 7.3.2.3. Equation (7.16) proposes an alternative measure F(,, which is the range of
f& values observed over the previous 7 generations. Here we set 7 = 0.025G ,4z-

FL = * i * 7.16
6= nax Jo— i T (7.16)

Second, a modified balance term ~' is defined in (7.17). For most of the study this is simply equal to ~.
In later generations v will begin to increase in value, decreasing the pressure toward a diverse population.
This results in a greater level of exploitation in later generations, encouraging the algorithm to converge and

refine the best-so-far solution.

, 1 if G < 0.7Gmas
v =x . (7.17)
4% (G —0.7Gmaz)/(0.3Gras) otherwise

7.6.3 Results and Discussion

The non-metameric evolutionary algorithm was run 25 times for each benchmark problem at each dimen-
sionality. These results are compared to the three algorithms that were submitted to the 2018 competition:

matrix adaptation evolutionary strategy (MA-ES) [60], improved unified differential evolutionary algorithm
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(IUDE) [136], and LSHADE44 with an improved e constraint handling method (LSHADE44-IEpsilon) [36].
The following criteria are used, in the presented order, to compare algorithms. All objective and constraint

violation values are rounded to 6 significant digits when comparing.

1. The fraction of trials with a feasible solution.
2. The average constraint violation of the best solution from each trial.

3. The average objective function value of the best solution from each trial.

Table 7.7 gives the results for problems using 10 or 30 variables, and Table 7.8 for 50 or 100 variables.
The proposed algorithm using score selection was found to produce the best results, including ties, on 45 of
the problems. LSHADE44-1Epsilon, MA-ES, and IUDE respectively produced the best results for 24, 43,
and 32 problems.

On a number of problems there is not a large difference between the proposed algorithm and the best
observed results. This is the case for some dimensionalities of problems 1, 2, 5, 8, 9, 10, 19, and 23. It is
possible that improving these results may require improved crossover and mutation operators. Regardless,

the results demonstrate that score selection may have applications beyond metameric problems.
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Table 7.7: Results on non-metameric benchmarks for problem dimensonalities of 10 and 30. If all trials
produced a feasible solution then mean objective values are shown. Otherwise, the proportion of trials with
a feasible solution is shown in parenthesis. If all algorithms produced no feasible solutions then the mean
constraint violation is also shown. The best performing algorthm(s) are highlighted for each problem.

DIM = 10 DIM = 30

Score  LSHADE44-_ Score  LSHADE44-_
# Selection IEpsilon MA-ES IUDE Selection IEpsilon MA-ES IUDE
1 0.00 0.00 1.65e-30 0.00 3.07e-11  5.70e-30  3.75e-28 4.13e-29
2 0.00 0.00 0.00 0.00 2.56e-11 6.06e-30  3.76e-28 4.42e-29
3 0.00 59.3 4.73e-31 35.4 6.03e-11 7192 6.73e-28 129
4 13.7 13.6 29.8 2.90 14.3 13.6 70.3 13.6
5 1.32e-11 0.00 0.00 1.74e-30 1.10e-20  6.56e-27 0.00 5.71e-29
6 0.00 (0.60) 35.8 0.00 (0.84) (0) 180 (0.12)
7 -421 -121 -317 (0.44) -1242 =277 -701 (0.76)
8 -1.35e-3 -1.35e-3  -1.35e-3 -1.35e-3 -2.03e-4  -2.84e-4 -2.84e-4  -2.84e-4
9 -4.97e-3 -4.98e-3  -4.98e-3 -4.98e-3 -2.65e-3  -2.67e-3 -2.67e-3 -2.67e-3
10 -5.10e-4 -5.10e-4  -5.10e-4 -5.10e-4 -5.98¢-5 -1.03e-4 -1.03e-4 -1.03e-4
11 -1.69e-1 -1.69e-1 -1.68e-1  -8.01le-1 (0) (0) -9.25e-1 (0.96)
12 3.99 3.99 7.00 3.99 3.98 3.99 46.1 3.98
13 5.10e-28 2.82 1.59e-1 0.00 1.44e-6 51.6 2.89e-27 3.54
14 2.38 2.39 (0.72) 2.38 1.41 1.41 1.63 1.41
15 4.62 (0.80) (0.28) 6.38 6.00 5.00 (0.28) 5.87
16 0.00 0.00 0.00 0.00 0.00 6.28 0.00 1.57
17 (0) 4.50 (0)4.50 (0)5.85 (0)4.54 (0)15.1  (0)15.5 (0)15.5 (0)15.3
18 36.6 36.7 36.6 (0) 36.5 36.5 36.5 (0)
19 (0) 6634 (0) 6634 (0)6635 (0) 6634 (0)2.14e4 (0)2.14e4 (0)2.14e4 (0) 2.14e4
20 1.25e-1 6.18e-1 1.17 6.99e-1 9.95e-1 1.93 7.66 3.89
21 6.54 3.99 4.41 3.99 13.1 10.6 48.4 15.6
22 3.19e-1 1.12 6.38e-1 3.14 16.8 3731 2.47e-25 19.6
23 2.38 2.39 (0.96) 2.38 1.41 1.41 1.65 1.43
24 2.36 (0.84) 6.13 5.50 2.73 6.38 9.14 2.48
25 0.00 1.01 0.00 0.00 5.09 25.5 0.00 8.73
26 (0)5.02 (0)5.02 (0)542  (0)4.79 (0)15.5 (0)15.5 (0)15.5 (0)15.5
27 35.6 36.6 75.9 (0) (0.96) 38.8 36.6 (0)
28 (0) 6637 (0) 6654 (0)6640  (0) 6637 (0)2.14e4 (0)2.15e4 (0)2.14e4 (0)2.15e4
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Table 7.8: Results on non-metameric benchmarks for problem dimensonalities of 50 and 100. If all trials
produced a feasible solution then mean objective values are shown. Otherwise, the proportion of trials with
a feasible solution is shown in parenthesis. If all algorithms produced no feasible solutions then the mean
constraint violation is also shown. The best performing algorthm(s) are highlighted for each problem.

DIM = 50 DIM = 100

Score  LSHADE44-_ Score  LSHADE44-_
# Selection IEpsilon MA-ES IUDE Selection IEpsilon MA-ES IUDE
1 1.55e-6 1.62e-24  2.87e-27 3.85e-24 1.34e-1 1.90e-7 3.98e-26  9.17e-25
2 2.08e-6 6.54e-25  2.89e-27  5.09e-24 1.15e-1 1.03e-7 3.98e-26  5.28e-25
3 8.64e-8 2.43e4 4.06e-27 640 603 1.66e5 4.43e-26 (0.92)
4 15.1 13.6 119 72.1 40.2 14.4 251 283
5 2.37e-8 3.19e-1 0.00 9.19e-28 28.4 4.40 26.9 4.27
6 (0.88) (0) 287 (0.08) 541 (0) 806 (0)
7 -1927 -322 -1375 (0.60) -2993 -477 -2482 -276
8 1.82e-5 -1.10e-4 -1.35e-4  -5.57e-5 4.35e-4 1.68e-3 -4.55e-5 9.20e-5
9 -2.02e-3 -1.74e-3 6.66e-1  -2.04e-3 1.00e-6 4.18e-1 (0.92) 3.7le-1
10 2.32e-5 -4.79e-5 -4.83e-5  -4.83e-5 1.10e-4 1.53e-4 -1.16e-6 3.04e-6
11 (0) (0) (0.76) (0) (0) (0) (0.96) -4.64
12 3.98 27.4 50.6 7.14 6.11 18.8 30.1 11.8
13 4.10 11.9 295 32.1 41.0 67.9 414 177
14 1.10 1.10 1.34 1.10 7.84e-1 8.36e-1 9.58e-1 7.87e-1
15 7.89 8.76 (0.68) 8.89 5.75 16.2 (0.88) 15.2
16 0.00 16.8 0.00 6.28 1.69e-16 188 0.00 96.4
17 (0)25.3 (0)25.5 (0)25.5 (0)25.3 (0)50.5 (0)50.5 (0)50.5 (0) 50.5
18 36.5 36.8 36.6 (0) (0.08) 379 36.4 (0)
19 (0)3.61e4 (0)3.61e4 (0)3.61e4 (0)3.61ed (0)7.30e4 (0)7.30e4 (0)7.31e4  (0)7.30e4
20 2.47 3.50 15.2 8.62 7.27 8.83 35.4 17.3
21 26.9 11.4 55.3 12.0 33.6 9.34 31.6 7.32
22 40.8 (0.08) 976 929 (0.96) (0) 4231 (0)
23 1.10 1.10 1.34 1.11 7.94e-1 7.93e-1 9.67e-1 7.98e-1
24 2.98 9.27 12.2 4.37 8.76 18.1 9.39 15.7
25 18.7 78.9 0.00 7.54 60.9 503 4.24e-14 289
26 (0)25.5 (0)25.5 (0)25.5  (0)25.5 (0)50.5 (0)50.5 (0)50.5 (0) 50.5
27 (0.92) 40.3 36.5 (0) (0.80) (0.20) (0.96) (0)
28 (0)3.63e4 (0)3.63e4 (0) 3.62e4 (0)3.63e4 (0)7.33e4 (0)7.34e4 (0)7.31e4 (0)7.34ed




Chapter 8

Design of Objects with a Lattice

Microstructure

In recent work we used a static-metavariable representation, solved with the commercial software HEEDS,
to aid in the design of objects with a lattice microstructure. This chapter describes an alternate metameric
representation using a variable-length genome and applies the proposed metameric evolutionary algorithm to
the problem. Section 8.1 gives background information, and Section 8.2 describes the optimization problem.
Results are given in Section 8.3. It is found that the variable-length genome is able to produce lattices with

lower masses than those found using the previous static-metavariable representation.

8.1 Background

Advancements in additive manufacturing is allowing for the fabrication of objects not possible, or impractical,
through traditional processes. For example, an object could be made less dense if formed by a lattice
microstructure rather than a continuous material. The lattice does not need to be uniform throughout the
object. Particular regions could be made denser such that the object can satisfy the given loading conditions.
Materials formed by such microstructures can also provide desirable thermal insulation, acoustic absorption,
or vibration dampening properties [122].

As the resolution of additive manufacturing continues to improve more complex microstructures become
possible. For example, every member in a lattice microstructure may itself be a lattice. If a lattice consists of
10% members, each of which is formed by a 10 member microlattice, the overall structure will contain 102

members. The complexity of such a structure presents problems at each stage of the design process. Analysis
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(a) (b) ()

Figure 8.1: (a) Side, (b) front, (c) and isometric views of the upright suspension design envelope. The lattice
is to be trimmed to the surfaces shown. Loads will be applied to the red surfaces, support surfaces are blue,
and no material can be present within the green surface.

of the explicit structure (i.e., every member represented) is not practical. It may not even be possible to
explicitly store the complete model.

This is an ongoing project and involves a collaboration of several groups. Each group focuses on a
particular aspect of the design process (e.g., geometric representation, analysis, manufacturability). Our
group at Michigan State University has been investigating the optimization of such structures. The results
shown here are preliminary and do not incorporate all of the eventual tools for this design process. For
example, the analysis tools required to evaluate extremely complex structures are not yet available. Instead,
the structure is explicitly evaluated. Still, the early results are sufficient to demonstrate the metameric
evolutionary algorithm.

One exploratory problem considered in this project is the design of an upright suspension of a race car.
The load surfaces, support surfaces, and design envelope for the part is shown in Figure 8.1. The geometry
and loading conditions are based on those provided in [88].

Software for procedurally generating the lattice microstructure is provided by a collaborating group. A
lattice kernel is defined, formed by several nodes and connecting members. This kernel is repeated in the
x-, y-, and z-directions to create a lattice. Certain affine transformations can be applied to each instance
of the kernel, allowing for complex lattice geometries to emerge. The lattice is then trimmed to the design
envelope shown in Figure 8.1. To avoid applying loads directly to the lattice, small regions of solid material,
referred to as inserts, are placed at each load and support surface. The boundary conditions are applied to

the inner surface of the inserts, and the lattice is attached to the outer surface.
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The parameters controlling the lattice shape, topology, and inserts are not considered in this section.
These values are fixed to those found by previous, non-metameric studies of this problem. The resulting
lattice consists of approximately 25,000 members. Optimization is performed by altering the local densities
of the lattice. It is assumed that direct control over the size of every lattice member is not possible in a
procedurally generated lattice. Instead, field functions are employed that control the size of many members

in a geometric region simultaneously.

8.2 Optimization Problem

Each node in the lattice is assigned a radius. The radius of each member is calculated as the average radius
of the two nodes it connects. Field functions are used to alter the node radii. Let 1 be a field function
with a center at ( g(f), ff), 1/1;)), a radius of wifl)d, and peak value of wl(,?ak. The value of a field function at
its center is equal to its peak and linearly decays to 1 at a distance equal to its radius. A field function has
a value of 1 at all points outside of its radius.

In this problem each lattice node has a base radius rpqse 0f 0.2 mm. This radius is scaled by the maximum
field function value at the location of the node. Let P be a lattice node located at (P, P, P,). The radius of
this node P4 can be calculated by (8.1), where N is the number of field functions present. Each node has
a maximum radius 7,4, calculated such that the minimum aspect ratio (length/diameter) of any member
attached to this node will be at least 5. This can vary among nodes, for the given lattice the maximum

radius is 0.832 mm for most nodes. An example of how field functions can affect the resulting lattice is given

in Figure 8.2.

— i (2) (@)
Prad = MmN | T"maz, "base * igaXN 13 7/1peak - (qszeak - 1)

Pl + (P, — )2 + (P, — g2
Uy

(8.1)

Finite element analysis is used to evaluate each design. Each member is represented as a Timoshenko

beam element [72]. Tie constraints are used to attach the lattice to the solid material inserts. This results

in large stress concentrations in both the inserts and attached members. In the current work, the factor

of safety is calculated using only the stresses in members that are not subject to any tie constraints. Only

material failure is considered here. Other modes of failure, such as buckling, are not included in the analysis.
Both the lattice and inserts are assumed to be made of ULTEM 9085'.

Two metameric optimization problems are formed for this problem. One uses a variable-length genome

where each metavariable represents the position, peak, and radius of a single field function. The other problem

!Material properties available at https://www.stratasys.com/materials/search/ultem9085
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(c) (d)

Figure 8.2: An example of field functions applied to a 2-D lattice. (a) Location and initial radius of each
node. (b) Resulting lattice given the initial radii. (¢) Field function centers are denoted by the thick red x’,
red circles show the radius of each field function. The size of the nodes is proportional to their new radii.
(d) Resulting lattice after field function are applied.

uses a static-metavariable representation in which 90 field functions are uniformly spaced throughout the
design envelope. Their positions are fixed and contained in the static-genotype. The peak and radius of each
are considered design variables, along with the binary flags controlling metavariable expression. In addition
to the metameric evolutionary algorithm, the commercial optimization software HEEDS? is also used to
solve the problem using a static-metavariable representation.

Both optimization problems have the objective of minimizing the resulting mass while achieving a factor
of safety of at least 1. It is possible that some field functions may not affect any part of the lattice. This
can occur if no nodes are within their radius, or the nodes within their radius are more strongly affected by
another field function. As a result bloat is a concern in this problem, to mitigate this a small parsimony

pressure (Section 3.2.4.2) is applied to the objective function. The metameric optimization statement when

2Information on HEEDS available at https://www.redcedartech.com/index.php/solutions/heeds-software
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using a variable-length genome is given in (8.2).

Minimize mass(x) * (1 +0.001L(x)) x € REGIXY [(x) € Z+
Subject to  factor of safety(x) > 1.00
(x-position) O0m < z,7 <0.162m

(y-position) 0m <z, < 0.070m (8.2)
(z-position) O0m <z, 3 <0.214m n=12,..L(x)

(peak) 10 < 2,4 <100

(radius) 0.010m < 2,5 < 0.050 m

8.3 Results and Discussion

Each algorithm was only run once due to the cost of evaluating each design. Studies using the metameric
evolutionary algorithm (MEA) were run for 100,000 function evaluations, while the HEEDS study was
terminated after approximately 40,000. Results can be seen in Figure 8.3. The reported modified mass
includes the parsimony term, the actual mass will be 1-2% below these values. HEEDS occasionally reports
an increase in modified mass, this is due to small relaxations allowed in the factor of safety constraint.

The best solution was found by the MEA with a variable-length genome, achieving a mass of 0.426 kg.
When a static-metavariable representation was used the MEA and HEEDS achieved masses of 0.455 kg and
0.502 kg, respectively. The inserts have a total mass of 0.132 kg for all designs, this is included in the reported
masses.

Figure 8.4 shows the optimized field functions, and resulting relative node radii, found by the MEA

with a variable-length genome. A total of 9 field functions are used, however only 8 are clearly visible in

——MEA —— MEA, Static-Metavariable —s— HEEDS, Static-Metavariable

0.9 1
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Figure 8.3: Modified mass and average best solution length for the lattice microstructure.
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the figure. One field function is located inside of the top support insert. The field functions are located
primarily at positions between the load and support surfaces. The resulting lattice is shown in Figure 8.5.
For clarity, members with a radius under 0.4 mm are not shown in this figure. The members shown represent

approximately 87% of the total lattice mass.
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(a) (b) (c)

Figure 8.4: (a) Side, (b) front, (c) and isometric views of the relative lattice node radii optimized by the
metameric evolutionary algorithm with a variable-length genome. Green material represents the inserts of
solid material created at the load and support surfaces. Each field function center is represented by a thick,
red 'x’.

The relative node radii and optimized field functions for the MEA using a static-metavariable representa-
tion are shown in Figure 8.6. Only the field functions expressed in the phenotype are shown here. Note the
grid-like spacing of possible field function locations. The static-metavariable representation reduces the size
of the search space, but in doing so it eliminates more optimal solutions. This results in a nearly 10% increase
in mass of the lattice (i.e., not including the inserts) compared to the solutions found by the variable-length

genome.
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Figure 8.5: (a) Side, (b) front, (c¢) and isometric views of the lattice members optimized by the metameric
evolutionary algorithm with a variable-length genome. The members are not scaled to size here, only
members with a radius greater than 0.4 mm are shown.

Figure 8.6: (a) Side, (b) front, (¢) and isometric views of the relative lattice node radii optimized by the
metameric evolutionary algorithm with a static-metavariable representation. Green material represents the
inserts of solid material created at the load and support surfaces. Each field function center is represented
by a thick, red 'x’.
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Chapter 9

Summary, Conclusions, and Future

Work

9.1 Summary and Conclusions

Chapter 2 gave detailed definitions for metameric representations, problems, and algorithms. A metameric
representation is one in which the genome is segmented into a number of metavariables. Metameric problems
are optimization problems that encode their solutions using a metameric representation. It is noted that
alternative, non-metameric representations also exist for many problems. Metameric algorithms are ones
which have been designed or modified to take advantage of the metameric representation.

A survey of literature using metameric representations was performed in Chapter 3. Brief descriptions
of the application of metameric representations to a number of problems are provided. Studies are grouped
depending on their general methodology, including the encoding, variational, and selection operators. Despite
strong similarities in their approaches, no commonly accepted metameric algorithm has emerged. By bringing
greater recognition to the metameric class of problems a greater level of knowledge dissemination could be
achieved.

Chapter 4 describes the general framework of our proposed metameric evolutionary algorithm. Several
benchmark metameric problems are proposed.

Chapter 5 compared the variable-length and fixed-length encodings for metameric representations. Variable-
length genomes are found to produce the best results due to the increased flexibility they provide to the
variational operators. Static-metavariable representations, which define some underlying structural informa-

tion of the solution in a static-genotype, may be useful or even necessary for certain problems. If possible,
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they should be formulated in such a way that does not eliminate the optimal regions of the search space.

Chapter 6 presented several different crossover operators to be applied to metameric representations.
The best crossovers are those that are able to minimize disruption when exchanging metavariables. Spatial
crossover gave the best overall results, but it is less generalizable than the similar-metavariable crossover.
Cut and splice crossover, which is frequently applied in literature, is found to be highly disruptive.

Chapter 7 proposed length niching selection. Each generation the parent population is partitioned into
niches based on solution length. A window function determines the subset of lengths at which niches are
formed. A biased window function, which shifts and stretches its bounds in response to observed trends in
best solution length, generally gave the best results. Once the niches are formed, a local selection operator is
applied. Score selection is proposed as a new local selection operator and is found to significantly outperform
tournament selection. The diverse populations produced by length niching and score selection make the
algorithm more likely to reach optimal solution lengths, and less likely to converge to suboptimal solutions.
Score selection was also found to be effective for non-metameric problems.

Chapter 8 demonstrated the application of the metameric evolutionary algorithm to the design of objects
with a lattice microstructure. The use of a variable-length genome was found to be more flexible, and
produced better results, compared to a static-metavariable representation.

The proposed metameric evolutionary algorithm is expected to be a powerful tool for studies of metameric
problems. It assumes no problem-specific heuristics and, compared to a fixed-length algorithm, it will be
much easier to modify as needed. It is hoped that bringing recognition to the class of metameric algorithms

will result in the emergence of further improved metameric algorithms going forward.

9.2 Future Work

This section briefly describes several potential areas of future work. These suggestions focus primarily on
improving the utility and overall performance of the metameric evolutionary algorithm.

Global variables. Section 2.1 mentioned the possibility that metameric problems may include a fixed
number of global variables in the genome. None of the benchmark problems considered in this work use global
variables. Effectively handling global variables would require modifications to the variational operators as
well as the measures of solution distance, if required by the crossover or selection operators.

Multiple metavariable types. Several practical metameric problems define multiple types of metavari-
ables. This is most common on problems whose solutions form graphs, including neural networks and trusses.
In these examples some metavariables might represent nodes while others represent connections or members.

As with global variables this would require significant changes to the variational and selection operators. It
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is also unclear how solution length should be considered. Length may be the total number of metavariables,
regardless of type, or the length of each type may be considered separately. These problems may also require
additional considerations be made in regards to solution validity (Section 2.2.2).

Improved measures of distance. Section 4.2 proposed a measure of distance between metavariables
and a measure between metameric genotypes. These measures give equal weight to all design variables in
each metavariable, however this is not always ideal. Solution quality may be more sensitive to some design
variables than others. It is likely desirable that the distance functions are weighted accordingly. For example,
consider a problem where one design variable has little to no effect on solution quality. It’s likely that a
population would quickly emerge that is highly diverse, but only in terms of this particular variable. This
would reduce the consideration given to the diversity of other variables, which would be detrimental to
overall performance. Weighting the variables appropriately would prevent this, but it is unclear how such
weights could be identified.

Multi-objective optimization. All benchmark problems in this study are single-objective, but each of
them could also be formulated as multi-objective. Fully characterizing the Pareto-front for a multi-objective
metameric problem would likely require a population of varying solution length. An example of this was
given in Figure 3.5. Popular multi-objective algorithms, such a NSGA-II [31], use selection operators that
encourage more diverse populations in terms of the objective values. Performance of such selection operators
for metameric problems might be increased by also considering solution length.

Larger benchmark library. Six benchmark problems were used to evaluate the various metameric
representations and operators. These were sufficient for this work, however many more metameric problems
from literature were noted in Chapter 3. Some of these require global metavariables or multiple metavariable
types. Incorporating these problems into the benchmark library would assist in the development of new
metameric algorithms, and ensure the proposed algorithms perform well over a broader range of problems.

Reduced number of evaluations. Trials of the metameric evolutionary algorithm in this work gen-
erally used 100k function evaluations. This is not an unusually high amount when compared to other
evolutionary algorithms in literature. However, this may make the metameric evolutionary algorithm’s ap-
plication to certain real-world problems impractical. The benchmark problems take hundredths of a second
to evaluate. Evolutionary algorithms can be easily parallelized such that all solutions in the child popula-
tion are evaluated simultaneously. The proposed algorithm would take roughly 3 days to complete if each
evaluation took 1 minute to complete, including parallelization. High fidelity models of practical systems
may take hours, or longer, to evaluate. Further developments should aim to reduce the total number of
evaluation required. Application to expensive optimization problems may also benefit from the inclusion of

problem-specific heuristics or surrogate modeling when available.
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