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Abstract

Behavioural diversity has been shown to be beneficial in biological social sys-
tems, such as insect colonies and human societies, as well as artificial systems
such as large-scale swarm robotics applications. Evolutionary swarm robotics
is a popular experimental platform for demonstrating the emergence of various
social phenomena and collective behaviour, including behavioural diversity and
specialisation. However, from an automated design perspective, the evolutionary
conditions necessary to synthesise optimal collective behaviours that function
across increasingly complex environments remains unclear. Thus, we introduce a
comparative study of behavioural diversity maintenance methods (based on the
MAP-Elites algorithm) versus those without behavioural diversity mechanisms
(based on the steady-state genetic algorithm), as a means to evolve suitable de-
grees of behavioural diversity over increasingly difficult collective behaviour tasks.
For this purpose, a collective sheep-dog herding task is simulated which requires
the evolved robots (dogs) to capture a dispersed flock of agents (sheep) in a tar-
get zone. Different methods for evolving both homogeneous and heterogeneous
swarms are investigated, including a novel approach for optimising swarm allo-
cations of pre-evolved, behaviourally diverse controllers. In support of previous
work, experiment results demonstrate that behavioural diversity can be gener-
ated without specific speciation mechanisms or geographical isolation in the task
environment. Furthermore, we exhibit significantly improved task performance
for heterogeneous swarms generated by our novel allocation evolution approach,
when compared with separate homogeneous swarms using identical controllers.
The introduction of this multi-step method for evolving swarm-controller alloca-
tions represents the major contribution of this work.
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Chapter 1

Introduction

The eld of swarm robotics(SR) has progressed greatly since its inception approximately

30 years ago [11, 12]. Research in this area is primarily focused on the development of
arti cial, multi-agent systems [27] which can e ectively collaborate to achieve a common
goal. It has been de ned asthe study of how large numbers of relatively simple physically
embodied agents can be designed such that a desired collective behaviour emerges from
the local interactions among agents and between the agents and the environm§hi8].
Inspiration for these behaviour models traditionally come from natural collective systems,
such as ant and other insect colonies.

Developing such systems requires careful consideration of the controller algorithms em-
ployed for individual robots to interact cohesively.Arti cial neural networks (ANNS) are
commonly used for this purpose, which attempt to emulate the functioning of biological
brains [137]. A graph of nodes is structured in sequential layers whereby sensory informa-
tion is passed into the rst layer of input nodes and propagated through several so-called
\hidden" layers, nally resulting in behaviour directives being passed out the nal layer
of output nodes. The transformation from input values to output values is chiey gov-
erned by weighted connections between nodes. Rather than programming these manually,
a popular approach is to use evolutionary techniques. This is implemented by simulating a
task environment where, through the process of natural selection over multiple repetitions,
robots have their ANN connection weights adjusted (by mutation and crossover events)
and gradually improve at achieving their assigned goals.

Successful swarm robotic systems should also be designed to cope with the unpre-
dictable nature of real-world environments and to adapt accordingly. Recent research has
highlighted the potential of evolving behaviourally diverse populations which demonstrate
robustness [15, 61]. This approach is intuitive to understand in the context of biological
populations, where groups of similar individuals are more susceptible to environmental
pressures and catastrophic events than diverse groups of individuals. In the latter case,
it is likely that subsets of a diverse population will display the ability to adapt to new
circumstances even if the remainder of the population cannot. It has also been shown
that diverse groups of individuals tend to perform better at solving problems and collec-
tive tasks than homogeneous groups [63, 65, 87]. As a result of these purported bene ts,



research interest has grown surrounding di erent approaches for evolving behavioural (or
functional) diversity in robot swarms.

Traditional evolutionary algorithms, however, do not explicitly promote the evolution
of behavioural diversity. One example is the collection of \steady state" approaches, which
was originally introduced by Whitley and Kauth with the GENITOR algorithm in 1988
[135]. The key factor with steady-state genetic algorithms (SSGAS) is that the popula-
tion size remains constant over time, with tter o spring individuals replacing others in
the parent population. Another example is the minimal Environment-driven Distributed
Evolutionary Adaptation (mMEDEA) algorithm which was introduced in the 2010 study by
Bredeche and Montanier [19]. This is an embodied (or distributed) evolutionary algorithm
[57] which functions based solely on local interactions between robots, as opposed to a
centralised approach in which there is a global coordination of reproduction and evolution.
The mEDEA algorithm aims to provide long-term adaptation to a robot population in the
face of unpredictable environment changes and operates via genome broadcasting between
nearby robots which, at the end of their lifetime, randomly select one of their received
genomes, mutate it and use it for the next generation.

Since focus has shifted towards heterogeneous robot swarms in recent years, a number
of evolutionary algorithms have been developed which optimise evolved populations for
both high task performance and greater behavioural diversity. These are often referred to
as \illumination algorithms" because of their ability to illuminate the search space de ned
by speci ¢ behavioural features of solutions [129]. Multi-dimensional Archive of Pheno-
typic Elites (MAP-Elites) is a popular approach which underlies many of these algorithms.
Introduced in 2015 by Mouret and Clune [94], MAP-Elites operates by storing solutions in
an archive which is apportioned into bins along multiple feature dimensions. For example,
designs of a robot body evolved for a walking task might placed in an archive based on
the solution features of leg length and body weight. As evolution proceeds, novel solu-
tions which fall into bins containing existing solutions are only stored if they demonstrate
superior tness, resulting in an archive of elite solutions being produced.

Some extensions to MAP-Elites include the Embodied Distributed Quality Diversity
(EDQD) and Quality-Environment Diversity (QED) algorithms. EDQD was introduced
in 2018 by Hart, Steyven and Paechter [61] and presents a hybrid approach incorporat-
ing both MAP-Elites and mEDEA. This involves the transmission of a local MAP-Elites
archive between robots rather than just a single genome. QED was introduced in 2020
by Bossens and Tarapore [15] and makes use of feature dimensions which describe the
solution's evaluation environment rather than the solution itself.

The simulation environments used in the evolution of SR systems are usually task-
speci ¢ and can be either static or dynamic in nature. Static environments are those
in which changes are only brought about through the direct manipulation by robots of
objects in the arena. In other words, the absence of robots would result in an unchanging
environment over time. For example, collective construction tasks [110] are often simulated
in static environments where the position of objects (or building blocks) are only a ected
by robots directly moving them. Dynamic environments, on the other hand, are those in
which changes occur independent of robot interaction. For example, a collective herding



task [84] is inherently dynamic due to the presence of non-robot agents which move freely
through the environment, thereby changing the complexity of the task over time.

Our aim, in this thesis, is to investigate methods for generating behavioural diversity in

a collective herding task with the end goal of creating a heterogeneous robot swarm. This is
approached using extensions of the SSGA and MAP-Elites evolutionary algorithms. Both
are implemented in a centralised manner (as opposed to distributed) with the key di erence
being that MAP-Elites explicitly promotes diversity, whereas SSGA does not. We compare
the e ectiveness of these algorithms from the two perspectives of either evolving behaviours
for a homogeneous swarm (that could be combined in future to make a heterogeneous
swarm) or directly evolving a heterogeneous swarm. We then investigate the potential of
a novel, multi-step procedure in which the pre-evolved solutions for a homogeneous swarm
are used for evolving an optimal allocation in a heterogeneous swarm.

1.1 Research Questions

This research focuses on the evolution of behavioural diversity for SR systems in dynamic
task environments. Therefore, we are concerned with algorithms capable of evolving both
high-performing robot controllers and e ective allocations of these controllers to individuals
within a behaviourally diverse swarm. We aim to investigate and compare the purported
performance bene ts of heterogeneous swarms with those of homogeneous swarms, as well
as di erent methods for generating heterogeneous swarms.

There are three primary approaches which are implemented and analysed for the above
purposes. Firstly, we look at standard evolutionary algorithms (EAs), including SSGA
and MAP-Elites, which produce a homogeneous swarm by evolving the same controller
for each robot (Method 1). Secondly, we look at variations of these EAs which produce a
heterogeneous swarm by simultaneously evolving di erent controllers (as part of a single
swarm genome) for each robot (Method 2). Finally, we look at a novel approach which pro-
duces a heterogeneous swarm by evolving an allocation of behaviourally diverse controllers
(generated by Method 1) for each robot (Method 3).

These methods are each divided into sub-methods based on the underlying EA used for
controller evolution, where the rst sub-method uses SSGA and the second sub-method
uses MAP-Elites. In this report, both Method 1 and Method 2 will be referred to as the
behaviour evolutionexperiments (since the robot controllers themselves are being evolved)
and Method 3 will be referred to as theallocation evolution experiments (since the alloca-
tion of robot controllers is being evolved).

The speci ¢ questions which this research seeks to answer are therefore:

1. Does the use of MAP-Elites for the evolution of Aomogeneouswarm (Method 1.2)
result in higher task performance compared with SSGA (Method 1.1)?

2. Does the use of MAP-Elites for the evolution of &eterogeneouswarm (Method 2.2
and Method 3.2) result in higher task performance compared with SSGA (Method
2.1 and Method 3.1)?



3. Does aheterogeneousswarm (Method 2 and Method 3) elicit any advantage over
standard homogeneouswarm-behaviour evolution (Method 1) for a collective herding
task, given increasing task complexity?

4. When evolving aheterogeneouswarm for a collective herding task with increasing
task complexity, does a multi-step evolutionary process which optimises the allocation
of pre-evolved controllers to robots (Method 3) produce higher-performing swarms
than the single-step direct evolution of a diverse swarm (Method 2)?

In answering these questions, several standard metrics are measured to evaluate swarm
performance and behavioural diversity. These include archive size, maximum tness and
guality diversity score. Details of each metric are provided in section 3.4.

1.2 Motivation

These questions were motivated by previous results and research in the literature, as de-
scribed in chapter 2. Speci cally, we aim to extend on the results presented in the 2018
study by Hart, Steyven and Paechter [61].

In ecology, there are hypotheses which suggest that behavioural diversity amongst indi-
vidual organisms is positively related to the robustness of the overall population to changes
in the environment [26, 131]. It is proposed that this same principle can be applied to the
design of SR systems, thereby providing similar bene ts to population performance and
adaptability [61]. This research seeks to investigate and yield further evidence for this
theory.

Moreover, a collective herding task has been selected as it represents a uniquely dynamic
interaction between swarm, task and environment. This task not only encourages robots
to adapt to a changing environment with moving entities, but also to an unpredictable
task with di ering solutions. Since the herd's movement is randomly generated for each
simulation, the task environment promotes the evolution of robots equipped with more
general herding approaches rather than specialised robots attuned to a few speci ¢ herd
con gurations. Additionally, this task environment allows us to investigate the general
applicability of previous hypotheses in di erent environments.

The two underlying evolutionary algorithms, SSGA and MAP-Elites, have been chosen
for this investigation since they both represent popular, elementary algorithms. SSGA
is a standard approach which maintains a regularly-sized population throughout the evo-
lutionary process but only seeks to optimise task performance rather than behavioural
diversity. MAP-Elites, on the other hand, is a recently introduced approach which seeks
to optimise both task performance and behavioural diversity in a variable-sized population
during evolution.

Finally, the implementation of our novel approach for generating heterogeneous swarms
via the evolution of behaviour allocations o ers the opportunity to compare performance
with previous approaches from the literature, such as Embodied Distributed Quality Di-
versity (EDQD) [61] and Quality-Environment Diversity (QED) [15].
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1.3 Contributions

In addressing the questions stated above, this research provides the following contributions:

1. Replication of previous research investigating swarm behavioural diversity in a dif-
ferent, dynamic environment for a collective herding task.

2. A novel evolutionary approach based on the SSGA and MAP-Elites algorithms for
e ciently generating heterogeneous swarms via the allocation of pre-evolved, be-
haviourally diverse robot controllers.

3. An extended simulation framework which enables the simultaneous control of multi-
ple agent types as well as parallelised performance evaluation.

1.4 Overview

This thesis is divided into ve chapters: Related Work (chapter 2), Methods (chapter 3),
Experiments (chapter 4), Results and Discussion (chapter 5) and Conclusion (chapter 6).

Chapter 2 reviews related work in the elds of swarm robotics and neuro-evolution
covering, inter alia, collective behaviour, arti cial neural networks, evolutionary algorithms,
behavioural diversity and population adaptability.

Chapter 3 describes the various aspects of the methodology implemented in this re-
search. This includes the simulation framework, task environment, agent types, controller
design, evolutionary algorithms and solution evaluation.

Chapter 4 outlines the experimental design used to evaluate the various evolutionary
strategies being investigated in this research. The simulator con guration and parameter
tuning for these experiments are also presented here.

Chapter 5 presents the experimental results and discusses performance di erences be-
tween alternative methods. There is a specic focus on reviewing and addressing our
research questions, as described in section 1.1.

Finally, chapter 6 distils the key conclusions from the discussion, summarises the con-
tributions of this research and provides suggestions for future work.



Chapter 2

Related Work

This chapter reviews the literature covering the elds of collective robotics and neuro-
evolution, as well as work investigating the incorporation of behavioural diversity into
the evolution of adaptable populations. Firstly, a high-level explanation is given for how
collective robotics systems are simulated and evolved. Thereafter, an in-depth analysis of
the strategy and process of neuro-evolution is provided. This includes an introduction to
the concepts of arti cial neural networks and evolutionary algorithms. Finally, the concept
of population adaptability in changing environments is outlined and previous work on state-
of-the-art algorithms for evolving behavioural diversity is reviewed.

2.1 Swarm Robotics

Swarm robotics (SR), a sub- eld of collective robotics is the problem-solving approach
whereby a homogeneous, multi-robot system accomplishes speci ¢ task goals through col-
laborative, collective behaviour{79]. In this context, the term \homogeneous" is referring

to groups of robots with highly similar, if not identical, neural controllers and/or body
plans. There are many real-world applications for SR systems, such as hazardous waste
clean-up and oceanic environmental monitoring [118]. This section reviews previous work
in the SR eld and explores the connection withevolutionary robotics

2.1.1 Collective Behaviour

The 1990s saw a surge of interest in the application of social insect group behaviour patterns
to the eld of robotics [36, 78, 79, 88]. Similar to how ant colonies consisting of many simple
individuals can achieve tasks far beyond the capabilities of any single ant, it was envisaged
that simple robot controllers could collectively produce complex behaviour. The successful
implementation of such a SR system requires a form of decentralised control similar to that
employed by social insects [79]. This requires robot controllers to be designed in such a way
that the local interactions produced by their behaviour result in global coordination [18].
Modelling such control architectures is not an elementary computational task and so the

6



Figure 2.1: Taxonomy for collective behaviours [98]. Diagram representing classes
of collective behaviours relevant to swarm robotics applications, as proposed by Brambilla
et al. [17].

use ofarti cial neural networks and evolutionary algorithms (elucidated in section 2.2),
both inspired by biological systems, has been adopted as a standard approach [79, 88, 128].

Several classes of collective behaviour have been previously de ned, including spatially
organising behaviours, navigation behaviours and collective decision-making (see Figure
2.1). The following subsections review each of these behaviour classes and the related
work in the literature.

2.1.1.1 Spatially Organising Behaviours

This class of behaviours is related to tasks in which robots and objects are arranged
and distributed in space. Such behaviours include aggregation, pattern formation, chain
formation, self-assembly and object clustering.

Aggregationrepresents a simple form of collective behaviour whereby robots gather in
a speci c region of the environment, allowing for nearby interaction. Implementation is
usually achieved through the use of either probabilistic nite state machines (PFSMs) or
arti cial evolution [17]. A popular probabilistic approach is based on the aggregation dy-
namics of cockroach populations, as originally proposed in 2007 [33]. Similar approaches
using slightly altered PFSMs have also been successfully demonstrated [10, 120]. Alterna-
tively, evolutionary methods have been applied to evolving suitable robot controllers for
aggregation tasks [50, 127].

Pattern formation behaviours involve positioning robots in relation to each other at
regular and repetitive intervals [17]. Usually, these robot models are developed using
virtual physics-based design. One of the rst studies implementing such a design was
published in 2004, where robots used virtual forces to form a hexagonal lattice [124].



Chain formation is a class of behaviours in which robots position themselves to connect
target points. The most common approaches used in this category are PFSMs [40, 104],
virtual physics-based design [89] and arti cial evolution [125].

Self assemblys a unique form of collective behaviour where robots physically connect
to each other. There are two primary, associated challenges { morphogenesis (how to
form the target structure) and control (how to command the target structure) { which are
approached di erently [17]. The former is usually addressed using PFSMs [106] with the
latter using either PFSMs or arti cial evolution [107].

Object clusteringincludes behaviours in which robots move objects in the environment.
This can result in either the gathering (non-connected) or assembling (connected) of those
objects [17]. The most common approach is to utilise PFSMs, such as in the seminal work
by Beckersel al. [13].

2.1.1.2 Navigation Behaviours

In these types of collective behaviours, the coordinated movement of robot swarms is de-
veloped and simulated. Included behaviours are collective exploration, coordinated motion
and collective transport.

Collective explorationincludes behaviours in which robots cooperate to explore and
navigate their surrounding environment. To achieve these goals, the collective behaviours
of area coverageand swarm-guided navigationare often used. Area coverage aims to
distribute robots throughout an environment forming a grid of communicating robots,
whereas swarm-guided navigation aims to have robots direct the movement of other robots.
Virtual physics-based design is usually employed to address area coverage, while swarm-
guided navigation focuses on communication protocols implemented with PFSMs [17]. One
study introduced the concept of \virtual pheromones" where, through communication,
robots created a gradient between source and destination which could be exploited for
navigation [109].

Coordinated motion also known as ocking, refers to collective behaviours in which
robots harmoniously move together in a manner similar to that of birds or sh. These
behaviour models are often based on virtual physics-based design, but arti cial evolution
has also been used successfully [17]. The rst application of coordinated motion developed
a virtual ock of birds and was published in 1987 under the computer graphics domain
[116]. In this paper, the concept of a \bird-oid" object (or \boid") was introduced which
has since come to refer to the popular ocking algorithm employed.

Collective transport tasks involve robots collaborating to move objects that are too
large or heavy to be handled by individual robots. These behaviours are obtained through
the implementation of PFSMs or arti cial evolution [17]. One of the rst studies into
distributed, collective transport was published in 1997 and proposed behaviours based on
force sensing, position sensing and orientation sensing [38].



2.1.1.3 Collective Decision-Making

These types of collective behaviour cope with the problem of how robots should in uence
other robots when deciding between di erent options. Such behaviours include consensus
achievement and task allocation.

Consensus achievement associated with achieving agreement on decisions between
all robots in a swarm. There are two subcategories of implementation based on the type of
communication model employed, namely direct and indirect communication [17]. A 2010
study used direct communication in a swarm of foraging robots to choose between two
foraging zones [59]. Indirect communication was used in a 2009 study where a swarm of
cockroach-like robots sought consensus agreement [55].

Task allocation behaviours attempt to optimise performance by delegating available
tasks between robots in a swarm. The primary approach used here is PFSMs, where
probabilities for selecting di erent tasks are altered amongst robots [17]. A 2000 study,
representing one of the rst works in task allocation, implemented a simple threshold-based
model governing how robots would either leave a nest to collect prey or remain in the nest
[77].

2.1.1.4 Other Collective Behaviours

Besides these major classes of collective behaviour described above, there are many works
in swarm robotics which do not fall neatly into this classi cation system. These include
behaviour types such as collective shepherding [84], collective fault detection [30], group
size regulation [92] and human-swarm interaction [91].

Collective shepherdingspeci cally, represents a unique form of dynamic task environ-
ment for SR applications. Unlike most of the behaviours previously described in this sec-
tion, collective shepherding (or simplycollective herding involves interactions with other
autonomous agents in the environment rather than just static objects. In 2020, Lorej al.
[84] compiled a comprehensive review of prior research in swarm shepherding behaviour.

2.1.2 Environment Simulation

There are a variety of software packages available for simulating swarm robotics systems,
which have developed in terms of increasing complexity and realism over the years. These
broadly fall into the two categories of 2-dimensional (2D) and 3-dimensional (3D) simula-
tors.

2.1.2.1 2D Simulation
SimbotCity represents one of the early robot population simulators, developed by Kube

and Zhang for their related work in the 1990s [78, 79]. In their implementation, a modi ed
xed-priority subsumptionarchitecture [21] was used for managing behaviour arbitration.
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Many modern alternatives have been developed in recent years. ARGo0S was intro-
duced in 2011 with the primary objective of providing a simulation environment for large
heterogeneous robot swarms [111]. In 2013, a C++ based simulator named Roborobo!
was released which specialises in evolutionary swarm robotics [20]. In 2015, Kilombo was
announced as virtual simulator for the popular Kilobot robot [117] (traditionally used in
physical simulations) which greatly expedites development and allows for pre-screening of
potential controller algorithms [71]. Even more recently, in 2019, a paper was published
detailing a massive multi-agent simulation environment, SCRIMMAGE, for simulating col-
laborative robots [35].

2.1.2.2 3D Simulation

Gazebo was introduced in 2004 as one of the rst freely-available 3D simulators speci c to
robotics applications [75]. A major intention behind its development was to Il a gap in
simulators of the time by producing one capable of outdoor environment simulation. De-
spite representing a signi cant step forward in robotics simulation, the simulator possessed
many limitations such as a lack of physics models for pliable surfaces (e.g. soil, sand and
grass) which are prevalent in outdoor environments.

In 2006, an open source Java 3D robotics simulator named Simbad was introduced [67].
This simulator was designed to be simple and fast to adopt for projects in either research or
education. It was speci cally intended to be used in evolutionary robotics applications and
was distributed with pre-installed packages for both neural network and arti cial evolution
implementations.

The distributed robotics simulator V-REP (Virtual Robot Experimentation Platform)
was rst released in 2010 [51]. A versatile, modular architecture was incorporated which
maintains a high level of performance by only applying intensive physics models to the
necessary parts of the system. The processes of control, actuation, sensing and monitoring
are concurrently simulated, allowing for complex con gurations of di erent sensors and/or
actuators. Still under active development, this 3D simulator is widely used today and has
since been renamed to CoppeliaSim.

2.1.3 Evolutionary Robotics

Evolutionary robotics (ER) is the eld of research into the automatic design of autonomous
robot controllers and morphologies through processes which mimmatural evolution [52].
The basic premise of natural evolution is that a population of genetically similar, yet
unique, organisms compete in a common environment and, through the processatural
selection the \ ttest" individuals survive and reproduce [136]. In this manner, superior
traits are inherited over successive generations and the population as a whole tends to
become better adapted to its environment.
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2.1.3.1 Automated Robot Design

Traditionally, robotic controllers and morphologies are manually, and often laboriously,
designed by human engineers [99]. This is an expensive endeavour that has hindered
potential niche applications of robotics which are not feasible without the economies of
scale [83]. ER provides an alternative, cost-e ective approach to robot design whereby
variations are automatically assessed for functionality through simulation and iteratively
improved over multiple cycles [42]. Using this method ddrti cial evolution , new models

of cognition can be developed that, through experimental analysis, may prove better than
existing hand-designed solutions [102]. Furthermore, many real-world environments are
inaccessible (e.g. deep ocean, outer space and extraterrestrial planets) and necessitate
fully automated robot design and evaluation approaches, where it is not feasible to have
pre-engineered solutions [68, 100].

2.1.3.2 Fitness Functions

A key aspect of the arti cial evolution process used in ER is the measurement of tness for
the developing robotic components. During each cycle, generation robots (consisting of
the current state of the evolving morphology and/or controller) are tasked with engaging
in an evaluation period. Each robot morphology and/or controller (whichever is being
evolved) is then assessed based on its performance usingnass function. As the nal
step in each cycle, arevolutionary algorithm (see section 2.2.2) is applied which uses the
results from the tness function to selectively propagate the ttest robots for the next
generation [99].

There are seven broad classes of tness functions as de ned by Nelson, Barlow and
Doitsidis [99]. This classi cation system is based on the level af priori knowledge incor-
porated by the tness functions (see Figure 2.2). Firstly, there ardraining data tness
functions which use datasets for comparing behaviour and scoring tness. These are com-
monly used in mimetic learning, where a robot attempts to replicate the behaviour of a
trainer [37]. Secondly, there ardehavioural tness functionswhich assess tness based
on how a robot goes about performing its tasks rather than what it ultimately achieves
[8]. In contrast, there are alsaggregate tness functionsvhich select based only on high-
level ability to accomplish a task, without consideration of the behaviour involved [66].
Combining characteristics of both behavioural and aggregate tness functions, there are
tailored tness functions which contain behaviour-measuring terms and aggregate terms in
the tness calculation [114]. Then there ardunctional incremental tness functions which
are used to iteratively select for more complex abilities by progressively adapting the t-
ness function over the course of robot evolution [81]. Similarly, there aemvironmental
incremental tness functions which gradually increase the di culty of the environment in
which the evolving robots interact [97]. Finally, there iscompetitive and co-competitive
tness selection which involves direct intra-population competition between individuals,
where interactions in uence other robots' behaviours and their resulting tness evaluation
[23].

11






	List of Tables
	List of Figures
	List of Abbreviations
	Introduction
	Research Questions
	Motivation
	Contributions
	Overview

	Related Work
	Swarm Robotics
	Collective Behaviour
	Spatially Organising Behaviours
	Navigation Behaviours
	Collective Decision-Making
	Other Collective Behaviours

	Environment Simulation
	2D Simulation
	3D Simulation

	Evolutionary Robotics
	Automated Robot Design
	Fitness Functions
	Evolving Collective Behaviour


	Neuro-Evolution
	Artificial Neural Networks
	Classification
	Encoding
	Training Methods

	Evolutionary Algorithms
	Genetic Algorithms
	Genetic Programming
	Evolutionary Strategies
	Evolutionary Programming

	Embodied Evolution

	Behavioural Diversity
	Changing Environments
	Population Adaptability
	Optimising Task Performance
	SSGA: Steady-State Genetic Algorithm
	mEDEA: Minimal Environment-driven Distributed Evolutionary Adaptation

	Optimising Behavioural Diversity
	MAP-Elites: Multi-dimensional Archive of Phenotypic Elites
	EDQD: Embodied Distributed Quality Diversity
	QED: Quality-Environment Diversity


	Discussion

	Methods
	Simulation Task Environment
	Task Difficulty
	Framework Extensions

	Agent Representation
	Dogs
	Sheep

	Evolutionary Algorithms
	Behaviour Evolution
	SHOM: SSGA Homogeneous
	SHET: SSGA Heterogeneous
	MHOM: MAP-Elites Homogeneous
	MHET: MAP-Elites Heterogeneous

	Allocation Evolution
	ASHET: Allocate SSGA Heterogeneous
	AMHET: Allocate MAP-Elites Heterogeneous


	Solution Evaluation
	Task Performance Metrics
	Individual Fitness
	Maximum Fitness

	Behavioural Diversity Metrics
	Archive Size
	Quality Diversity Score
	Unique Behaviours in Swarm


	Summary

	Experiments
	Simulator Configuration
	Experiment Set-Up
	Behaviour Evolution
	Allocation Evolution

	Parameter Tuning
	Behavioural Characteristics
	Variation Operators

	Summary

	Results and Discussion
	Results
	Behaviour Evolution
	Metric Trends
	Solution Archives
	Statistical Tests

	Allocation Evolution
	Metric Trends
	Solution Archives
	Statistical Tests

	Algorithm Comparison
	Behaviour vs. Allocation Evolution
	Overall Algorithm Ranking


	Discussion
	Research Question 1
	Research Question 2
	Research Question 3
	Research Question 4
	Previous Work


	Conclusion
	References

