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Abstract

Communication is a fundamental aspect of any Swarm Robotics (SR) system, enabling robots
to interact and coordinate to solve complex tasks collectively. Traditionally, communication
mechanisms in SR have been designed either manually or through evolutionary algorithms.
However, research on the evolution of communication has reached a stagnation point due
to two key challenges. First, there is a lack of standardized frameworks that facilitate the
usage of the same emerged communication across multiple tasks, a property defined in this
Thesis as transferability. This property is absent in most SR studies devoted to the evolution
of communication, where solutions are generally evolved ad-hoc for specific tasks. Second,
there have only been few reports on the successful evolution of communication beyond simple
signaling in the SR literature. Moreover, the emerged signaling communications are ultimately
grounded on behaviors specifically evolved or designed for given task. Thus, there is a
significant barrier that hinders the emergence of more complex forms of communication (i.e.
language based communications).

This PhD Thesis addresses both of these challenges: the lack of transferability and the
barrier to language-based communication. Firstly, transferability is addressed using a minimal
communication system that robots can use to solve primitive tasks. This system was used to
solve three different primitives (election of a leader, identification of the swarm border, and
alignment of the robots), obtaining the emergence of effective communications, and exhibiting
good scalability and robustness. Moreover, it only needed minor modifications in the design of
the communication and robot controller. However, the communication semantics still required
a full re-evolution of the system for each task in order to emerge. Surprisingly, even though
signaling communications were evolved for all the primitives, the emerged semantics notably
diverged depending on the aim of the task. In addition, the transferability of communication
in SR systems was further explored during this PhD Thesis. A novel communication module
that achieves self-organized and distributed communication, coordination, and robot planning
is proposed. Furthermore, this module was successfully applied to three popular SR tasks
(aggregation, formation control, and foraging) using the exact same evolved communication
and requiring minor and task-specific design updates. The proposed communication module
is based on wvirtual state spaces that are partitioned into regions. These regions are linked to
meanings grounded on physical behaviors of the robots. Robots communicate their coordinates
(states) in this virtual space to other neighbors in range, and they wvirtually navigate across
the regions in order to plan and coordinate their physical behavior.

Lastly, this PhD Thesis also explores new solutions to cross the barrier that hinders the
emergence of language-based communications. It sheds some light on this open problem
by tackling the emergence and self-acquistion of a common lexicon that is shared across all
the robots in the swarm. Robots started with no prior knowledge about the environment,
explored the environment, and, ultimately, converged to a unique lexicon that is perceptually
grounded on geometric objects with diverse properties. For this aim, language games, cultural
transmission, and semiotics techniques were used. Furthermore, the emerged lexicons exhibited
several complex properties that are characteristic of human language, such as compositionality,
displaced communication, duality of patterning, and arbitrariness.
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Resumen

La comunicacion es un aspecto fundamental de cualquier sistema de robética de enjambre,
permitiendo la interaccién y coordinacién entre robots con el fin de resolver tareas complejas
de forma colectiva. Tradicionalmente, la comunicacién en robotica de enjambre ha sido
disenada manualmente o mediante algoritmos evolutivos. No obstante, la investigacion sobre
la evoluciéon de la comunicaciéon ha alcanzado un punto de estancamiento, debido a dos
desafios fundamentales. En primer lugar, existe una falta de marcos estandarizados que
permitan reutilizar la misma comunicacién emergente en multiples tareas, una propiedad
definida en esta tesis como transferibilidad. Esta propiedad estd ausente en la mayoria de
sistemas de robotica de enjambre dedicados a la evolucién de la comunicacion, con soluciones
generalmente evolucionadas ad-hoc para tareas concretas. En segundo lugar, existen muy pocos
estudios sobre robotica de enjambre que reporten la evolucion de sistemas de comunicacion
mas alla de senalizaciones. Ademas, la senalizacién emergente esta generalmente anclada a
comportamientos robdticos especificamente evolucionados o disenados para la tarea concreta
a resolver. Por lo tanto, existe una barrera considerable que dificulta la emergencia de formas
de comunicacién complejas.

Esta Tesis aborda estos dos desafios: la falta de transferabilidad y la barrera que impide
alcanzar comunicaciones basadas en lenguaje. Primeramente, la adquisicion de la transferabil-
idad ha sido abordada usando un sistema de comunicacion minimalista que los robots pueden
emplear para resolver primitivas. Este sistema ha sido aplicado en tres tareas diferentes
(eleccién de un lider, identificacién del borde del enjambre y alineacién de los robots), obte-
niendo la emergencia de comunicaciones efectivas y mostrando soluciones estables y robustas.
Ademas, el sistema solo requiere modificaciones menores en el disefio de la comunicacion y
controlador robodtico. No obstante, la emergencia de la semantica de la comunicacion necesita
una re-evolucién completa para cada tarea. Sorprendentemente, aunque se evolucionaron
senalizaciones en todas las primitivas, la semantica emergente divergié notablemente en
funcién del objetivo de la tarea. Adicionalmente, en esta Tesis se profundiz6 en la trans-
feribilidad de la comunicacién en robdtica de enjambre. Se ha propuesto un nuevo médulo
de comunicacién que permite una coordinaciéon y planificacion robodtica auto-organizadas y
distribuidas. Asimismo, el médulo de comunicacién se aplicé correctamente en tres tareas
de robética colectiva populares (agregaciéon, formacién, y recoleccion) usando exactamente
la misma comunicaciéon previamente evolucionada. El modulo de comunicacion esta basado
en espacios de estados virtuales, divididos en regiones. Estas regiones estan ancladas en
comportamientos fisicos de los robots. Los robots comunican sus coordenadas (estados) en el
espacio virtual a otros vecinos, y navegan virtualmente a través de las regiones con el fin de
coordinar y planificar su comportamiento.

Finalmente, esta Tesis también explora nuevas soluciones que permitan cruzar la barrera
hacia la emergencia de lenguaje. Arroja algo de luz sobre este problema abierto mediante la
emergencia y auto-adquisicion de un léxico comin y compartido por todos los robots en el
enjambre. Los robots comenzaron sin conocimiento previo del entorno y, trds un proceso de
exploracion, convergieron a un léxico Uinico y perceptualmente basado en objetos geométricos
con propiedades diversas. Para ello, se emplearon juegos de lenguaje, transmision cultural



y técnicas semiodticas. Ademads, los léxicos emergentes mostraron propiedades complejas
caracteristicas del lenguaje humano, como la composicionalidad, la comunicacion desplazada,
la dualidad de patrones y la arbitrariedad.
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Chapter 1

Introduction

1.1 Motivation and problem statement

The cooperation and collaboration of multiple robots to achieve a common goal is of essence
in many real-world applications. With this goal in mind, Swarm Robotics (SR) [3, 4] has
emerged as a field of research that treats societies of robots as a single entity (the swarm). In
SR, the robots that compose a swarm are simple and homogeneous, yet self-sufficient agents
that interact among them through local rules, with the ultimate goal of solving a common
task. SR takes direct inspiration from diverse collective behaviors in nature, such as flocks
of birds, fish schools, or ant foraging, among many others. Such biological inspiration is
clearly displayed in the global behaviors, the local rules, and overall computation paradigm
of SR. Moreover, some of the most popular SR tasks, e.g. flocking, foraging, and formation
control, resemble actual behaviors of societies of animals in nature. As an example, Figure 1.1

Figure 1.1: Example of a flock of birds in nature (A), and a swarm of mobile robots (B). Image
(A) was generated using Al from https://deepai.org/machine-learning-model/text2img
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illustrates a flock of birds (biological swarm), and a formation of mobile robots (robot swarm).

Communication is one of the pillars in SR systems, that must be carefully designed in order
to achieve effective collective behaviors. However, SR communication is a broad term that
encompasses a wide range of technologies, mechanics, semantics, and communication channels.
An act of communication between two individuals can be as simple and indirect as plainly
being aware of each other’s presence. Additionally, communication can be achieved through
the direct exchange of messages, or by means of the deposit of virtual pheromone trails
within the environment (stigmergy), see e.g. [5, 6]. Moreover, communication in SR can be
either manually designed by the researcher or, alternatively, it can emerge as a result of an
optimization algorithm. In the former case, the researcher entirely defines the semantics and
rules of the communication, usually with the aim of solving some specific task. In contrast,
the latter scenario considers automatically designed communications, so that it is said that
the semantics and rules of the communication emerge. The optimization processes that are
generally used in SR to achieve the emergence of communication are evolutionary algorithms.

However, the emergence and evolution of communication presents several important problems
that have not been sufficiently addressed in the SR research field:

- Lack of generalization and standardization: the evolution of communication has been used
in multiple SR tasks, employing a wide range of robot controllers, sensors, actuators, and
communication technologies (see e.g., [7, 8, 9, 10]). However, the emerged communication
semantics, rules and mechanics are evolved ad-hoc for specific tasks or use cases.
This task specialization is useful from a theoretical perspective to assess the limits of
evolutionary computation, and study the origins and conditions for the emergence of
communication. Nonetheless, this lack of generalization is a problem from an engineering
perspective, because robot swarms with evolved communication systems cannot be
straightforwardly used in different tasks and contexts apart from the one in which they
were originally conceived. Cambier et al. discussed this issue in [1 1], stating that direct
communication semantics and rules are usually designed and constructed for solving
specific SR problems. The task generalization is also refered in this PhD Thesis as
transferability, as the capability of an evolved robot swarm to be used in multiple tasks,
with minor modifications. The following levels of transferability are considered:

(1) No transferability: the robot swarm has been designed ad-hoc for a specific task and
it cannot be used in a different one without its complete re-desing and re-evolution.

(2) Weak transferability: the system can be used in multiple tasks with minor or
no design mofication. Specifically, the same unoptimized communication system
can be used across many tasks, without requiring its re-design. Nonetheless, an
independent re-evolution of the system is required for every new task being solved.

(3) Strong transferability: the system can be used in multiple independent tasks
without the need to re-design and re-evolve the system. It may require minor
and task-specific modifications on the robot controller, sensors and actuators. In
contrast to weak transferability, the emerged communication semantics and rules
resulting from previous evolutionary runs can be indistinctly re-used without the
need to re-optimize the system.
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Most of the SR studies dealing with the evolution of communication lie under the first
category, i.e. no transferability. Thus, there is a lack of a design and evolution paradigm
that allows transferable (both weak and strong) commmunications in robot swarms. In
line with the lack of generalization, the evolution of communication in the SR field also
suffers from a lack of standardized frameworks that hinder its replicability and use in
real-world scenarios [12]. In fact, it is a necessary condition to enable weak transferability
in robot swarms, as unified and standardized design and evolution frameworks are of
essence to allow the use of the same SR design principles across a wide range of tasks.

- Signaling and the barrier to language-like communications: most of the SR studies
targeting the evolution of communication result in simple signaling communications,
which essentially consist of a series of signals that are transmitted under certain conditions
and that trigger specific behavioral responses upon receival [11]. Therefore, it can be
considered that the SR research has reached an stagnant point in the evolution of
communication, that must be bypassed in order to, ultimately, achieve the emergence of
complex language-based communications. With the necessary distinctions, it is analogous
to the considerable barrier between signaling-based animal communications and human
language. To overcome this stagnation, the theoretical bases of language and its evolution
should be deeply analysed. The evolved communication must be based on symbols,
and their manipulation through grammar rules. However, such symbols must overpass
the Symbol Grounding Problem (SGP) [13] and be physically grounded on external
entities in the environment [14]. Furthermore, other optimization techniques apart from
evolutionary algorithms, such as cultural transmission and language games [! 1], should
be also considered. In order to approach to a language, the emerged communication
should desirably satisfy some of its most distinctive features: symbolic communication
and compositionality, duality of patterning, arbitrariness, cultural transmission, and
displaced communication (see [15, 16] and Chapter 3 for more details).

This PhD Thesis is related to the emergence of communication using artificial evolution,
either mimicking biological evolution or cultural transmission. The main motivation behind
this Thesis is to address these SR concerns, allowing future SR studies to reach the emergence
and evolution of more complex and transferable communications. Instead of tackling all these
issues simulaneously, a divide-and-conquer strategy is followed along this document: firstly, the
emergence of basic signaling communications in weakly transferable robot swarms is considered.
Secondly, a unified communication framework that allows strong transferability is proposed and
assessed in three completely different SR tasks. Artificial Neural Networks (ANNS), specificially
Continuous-Time Recurrent Neural Networks (CTRNNs), and evolutionary algorithms (EAs)
are used to achieve the proposed goals. In third place, the emergence of communication
in robot swarms that narrow gap between signaling and language-like communications is
proposed. In this last part of the PhD Thesis, the application of language games and semiotics
is considered, which, as far as I am concerned, have not been sufficiently explored in SR
systems.
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1.2 Thesis aim

The aim of this PhD Thesis is twofold, resulting from the problems stated in Section 1.1.

On the one hand, it is to obtain the emergence of communication in SR systems that can
be straightforwardly applied to multiple tasks with minor changes. This objective is also
divided into two subgoals, addressing weak and strong transferability, respectively. Firstly,
to obtain weak transferability, a minimal and highly constrained communication system is
proposed and assessed in three different primitive tasks, namely, the election of a leader,
the identification of the frontier of the swarm, and the heading orientation consensus. The
resulting communication system exhibits weak transferability properties provided that it
can be used for all the three SR tasks with very minor design changes. However, the robot
controller still requires to be re-evolved separately for each of the tasks. To fulfill this goal,
CTRNNSs are the chosen as the main candidate for the robot controllers, that are, in turn,
evolved using a Genetic Algorithm (GA). Secondly, to obtain strong transferability, a novel
communication framework based on wvirtual state spaces is proposed. Once evolved, the
communication can be transferred to multiple independent tasks without any modifications
to the communication and with minor design changes in the robot controller. This strong
transferability should be assessed in three different SR tasks, being aggregation in groups,
formation control, and foraging the main candidates.

On the other hand, the emergence of a compositional lexicon, as a first step towards language-
like communications is proposed. To fulfill this aim, cultural evolution, language games,
and hebbian learning are considered. The experiment is based on a simulation in which
a robot swarm navigates and explores an arena with multiple geometric objects of diverse
colors and shapes. The agents must self-organize an initially empty lexicon to refer to the
diverse objects and referents in the environment. To reach this aim, the acquired symbols
of the communication must overcome the SGP, being physically grounded based on the
external world based each robot’s experience and sensory perceptions. Moreover, the emerged
communication should desirably acquire, at some extent, the most distinguishable properties
of language. These properties are: symbolic communication and compositionality, duality of
patterning, arbitrariness, cultural transmission, and displaced communication.

The following features are considered in the experiments and simulations of this PhD Thesis:

- Decentralization: the robot control and communication are fully decentralized, implying
that there is not a central server or robot that controls and commands the swarm.

- Scalability: the robot swarm and the evolved communication must considerably preserve
its performance as the number of robots (swarm size) increase.

- Robustness: the robot swarm and the communication system are fault tolerant, so that
the loss or failure of a robot does not have an impact on the overall swarm performance.

- Transferability: the robot swarm and the communication system must be transferable
to more than one task, either weakly or strongly.

- Local sensing and actuation: a robot can only observe and perceive the nearby environ-
ment through its sensor channels. Additionally, its actuation can only have a direct and
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immediate influence on the robot itself and on its close surroundings.

Local communication: the interactions and communication among the robots must be
local.

Simplicity and homogeneity: each robot in the swarm must be simple by its own.
Moreover, all the robots must be homogeneous, endowed with the same sensors and
actuators, and controlled by equivalent robot controllers.

1.3 Thesis structure

This

PhD Thesis is divided into the following chapters:

Chapter 2 provides a detailed background on the SR field, emphasising its essential
features, main control techniques, and some of the most relevant tasks commonly
addressed in SR.

Chapter 3 reviews the topic of the emergence and evolution of communication in multi-
agent systems. Firstly, it defines the concept of communication, its types, and some of
its properties. Thereafter, it reviews some of the state of the art studies tackling the
evolution of communication in SR, focusing on the origins and evolutionary conditions
for the emergence of signaling. Finally, a theoretical background on the emergence and
pillars of language in artificial life systems is presented.

Chapter 4 tackles the emergence of basic signaling communications in three different
primitive collective tasks. This chapter focuses on the acquistion of weak transferability
communications in SR, proposing a mininal communication system that can be used for
SR tasks without its re-design.

Chapter 5 focuses on the acquistion of evolved communications with strong transferability,
so that the exact same evolved system can be used in multiple SR tasks. For that aim,
a novel communication module that SR systems can use to coordinate and interact is
presented. It is based on virtual state spaces, where the communication among the
robots occur. The correct functioning of the communication module and its strong
transferability is assessed in three popular SR tasks, namely, the physical aggregation of
the robots in groups of a desired size, the formation of target swarm geometries, and a
basic foraging task with temporal role allocation.

Chapter 6 presents a new SR system that addresses one of the main challenges of
communication systems in SR, as it is the transition from signaling to language-like
communications. The aim of the chapter is the self-organization of a common lexicon
shared by all the robots in the swarm, to refer to different geometric objects scattered in
the environment. Moreover, compositionality, that is one of the fundamental properties
of complex languages, is also addressed and obtained.

Chapter 7 provodes a general discussion of the Thesis and a synthesis of the main results
achieved.

Chapter 8 presents the conclusions and future lines of research of this PhD Thesis. It
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reviews and discusses the work done. It also details all the author contributions and
publications resulting from the development of the PhD Thesis.

Finally, Appendices A and B provide a detailed description of some of the mathematical
models and algorithms used in the chapters of the PhD Thesis. Specifically, Appendix A
provides a theoretical background of the Genetic Algorithms (GA) and the NeuroEvolution
of Augmenting Topologies (NEAT) algorithm, whereas Continuous-Time Recurrent Neural
Networks (CTRNN) are described in Appendix B.



Chapter 2

Swarm Robotics

2.1 Definitions and properties

Swarm Robotics (SR) [, 3] is a research field, resulting from the intersection of Artificial
Intelligence (Al), robotics and Multi-Agent Systems (MAS). It studies the use of multiple
simple and self-sufficient robots that cooperate to solve common complex problems. The term
swarm robotics was initially defined with the aim to redirect the already established discipline
of Swarm Intelligence (SI) to the robotics systems [3]. In turn, the term swarm was originally
a replacement for the not so appealing terminology of cellular robots and cellular automaton.
One of the most important aspects of SR is its decentralized paradigm, implying the lack of a
central computing or intelligent agent that coordinates the others. All the robots have the
same a priori importance within the swarm, so that the failure or loss of a member is readily
absorbed by its neighbors.

The concept behind a swarm in Al is also highly tied to the emergence of behavior and
the self-organization. Emergence is the phenomenon leading to the arising of novel macro-
level patterns, properties and structures in complex dynamical systems, resulting from the
interactions of their local micro-level components [17, 18]. In contrast, Dempster defines
self-organisation as “(...) the systems that organise themselves without external direction,
manipulation, or control” [19]. The authors in [18] complement this definition as follows:

“Self-organisation is a dynamical and adaptive process where systems acquire
and maintain structure themselves, without external control.” [1]

Even though emergence and self-organisation share some similarities, such as time depen-
dence or robustness, they are separate concepts that describe different parts of a dynamical
system [18]. Consequently, a system can display self-organisation without emergence and
vice versa. Nonetheless, inspired by self-organising systems that exhibit emergent collec-
tive behaviors in nature [20], in SR systems both self-organisation and emergence coexist
simultaneously.

In SR, collective behaviors emerge globally, at the swarm level, from the local and simple
interactions among the robots. Sahin defines the SR field as follows:
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“Swarm robotics is the study of how large number of relatively simple phys-
ically embodied agents can be designed such that a desired collective behavior
emerges from the local interactions among agents and between the agents and the
environment.” [1]

According to this definition, the concept of embodied agents is also highly relevant to properly
characterize SR systems. Embodied agents can be defined as individuals that are situated
and capable of interacting with the environment and modifying it.

In addition to the former definition, Sahin describes in [1] a set of characteristics that SR
systems require in order to be distinguished from other similar terms, such as collective
robotics or robot colonies:

- Autonomous robots. The robots that compose the swarm are self-sufficient, situated and
embodied. Although they require interactions with other neighbors to achieve collective
behaviors, the agents can behave and interact with the physical environment in isolation.
As stated in [1], a sensor network or a metamorphic robot system are not categorized as
robot swarms. For instance, under this terminology, a modular centipede robot [21, 22],
or an hexapod robot where each leg is seen as an independent agent, are not strictly
considered SR systems. The reasoning is that each agent cannot exist as an autonomous
unit without being seen as a whole.

- Large number of robots. The swarm size or number of robots is an important character-
istic of SR systems. It is difficult to establish a lower boundary for the number of robots
in SR, as there are published studies ranging from tens to thousands of robots [23].
In [1], Sahin clarifies that the relevant characteristic is rather related to the scalability
of the system. That is, the invariance and low degradation in collective behavior and
emergent features as the swarm size increases.

- Homogeneous robots. The robots should be identical or very similar in terms of capabil-
ities, resources and “intelligence”. Generally, the agents are equipped with the same
sensors and actuators, and they are governed by the same robot controller logic and
local rules. However, it should be differentiated between two types of heterogeneity:
(i) innate and programmed heterogeneity, and (ii) the one that arises as a result of
self-organisation, starting from the same initial conditions. For instance, a leader of
the swarm may be manually selected by a human researcher (innate heterogeneity), or
elected through distributed negotiation and self-organization [24, 25] (emerged hetero-
geneity). A relaxation to the homogeneity property would be that swarms of few groups
or clusters of homogeneous agents can also be considered as SR systems, provided that
the number of members of each group is relatively large.

- Simplicity and inefficiency. In spite of being self-sufficient, the robots are notably simple,
inefficient and unable to tackle the SR task individually. It is the coordination and
interaction among simple units the process that gives rise to complex behaviors and
features. In general terms, this characteristic is met when the aggregation of robots
clearly leads to a higher performance in the problem being addressed, when compared
to the results provided by a single agent.
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- Local sensing and communication. The robots can perceive the environment via the
equipped sensors. Nonetheless, perception is local and constrained to its nearby sur-
roundings. Robots should not have access to global information or references, nor
perceiving a global picture of the whole swarm state. Additionally, the action of the
robots should only influence the environment surroundings and should only influence
on local neighbors.

Other similar characteristics are also provided in [20] and [3]. In case of not fulfilling some of
these properties, a MAS can be categorized as a collective robotics system or as a Multi-Robot
System (MRS), among other possible terminology.

2.2 Relevant properties

In addition to decentralization and self-organisation, that are inherent characteristics of SR
systems, there are three additional properties that robot swarms desirably should fulfill in
most SR tasks and aplications. These properties, that are defined and explained below in this
section, are scalability, robustness, and flexibility [].

Scalability

A robot swarm is scalable when its performance and efficiency in solving some collective
task is not considerably affected by the number of robots in the swarm, i.e. the swarm size.
The local and decentralized rules that govern the robots’ behavior should not be affected by
the total number of individuals. However, there is an unavoidanble degradadation resulting
from the increase of the swarm size. The degree of such performance deterioration is highly
dependent on the task being addressed, and it is mostly produced in terms of convergence
time. For instance, a formation control behavior, in which the robots have to aggregate in
certain patterns or shapes, would converge much faster and more accurately with fewer robots.
On the contrary, a collective exploration, patrolling, and surveillance tasks are generally
solved faster and more efficiently as the swarm size grows, up to a certain level. This issue
was precisely addressed Kwa et al. in [27] in a collective tracking task.

Robustness

A SR system is said to be robust if it can overcome and respond successfully to some unexpected
external perturbation during the accomplishment of some task. Such perturbation is normally
related to the loss or failure of individuals belonging to the swarm (fault tolerance) [20],
although, more generally, it can be any type of disruption (e.g. increse of noise, unexpected
behavior of some robots, or unforeseen changes in the environment). Robustness and fault
tolerance is in line with SR control paradigm because of the following reasons [1]:

(a) the high redundancy caused by large swarm sizes and homogeneous behaviors,
(b) the distributed control that is essential in any robot swarm, and

(c) the small contribution that each individual provides to the global emergent behavior.
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Flexibility

A robot swarm is flexible if it can successfully perform its required behavior under diverse
environments, and tasks [1, 26]. The former implies that the robot swarm behavior is not
biased to a certain type of environment or scenario. For instance, a flexible collective motion
behavior should perform similarly with and without obstacles, and regardless of their shape
and dimensions. The latter form of flexibility is more challenging and less common in SR
studies. It states that a flexible robot swarm should be composed of individuals capable of
assuming different roles and performing multiple tasks. A representative behavior of this
condition is foraging [28], in which robots can assume different roles, such as exploring the
environment, foraging from known areas, or waiting in the nest. However, most SR behaviors
in which robots can perform different tasks can be categorized as division of labour, so that
a complex problem is divided into lower-level primitives. Finally, even though these two
concepts are not typically associated, flexibility can be also related to the capacity of a robot
swarm to behave similarly both in simulations and in real-world missions (minimization of
the reality gap).

2.3 Sources of inspiration

The research field of SR is utterly inspired and influenced by diverse collective behaviors in
nature and biological systems. Some of these social behaviors are the following:

- Ants (Figure 3.1A): Swarm robotics and swarm intelligence have been vastly inspired
by the social behavior of ants. Ants exhibit an extraordinary variety of collective and
swarming behaviors. For instance, ants perform division of labor and allocation of
different roles within the colony [29] based on multiple factors, such as their age, size,
morphology, or caste (e.g. queens and workers). Additionally, ants perform collective
foraging behaviors mediated by stigmergic communication, using pheromone trails.
Specifically, ants leverage this communication through the environment to create chain
formations that connect colony nests with areas that are rich in food and resources.
During their foraging round trips, ants deposit pheromones that can be perceived by
other colony members. Furthermore, ant foragers tend to follow the trails with highest
density of pheromones. It has been observed that through this stigmergic process ants
can create chemical trails that connect to the richest food source through the shortest
path [30, 31, 32].

- Honey bees (Figure 3.1B): The honey bees perform a complex waggle dance to notify
others about the location of resources [33]. It is a signaling process in which honey bee
workers communicate the location of a resource or target spot, namely, pollen, nectar
or water source, through an intricate dancing. In [33], Karl von Frisch observed two
different motion patterns: the round dance and the waggle dance. Both dances are
engaged inside the hive, and encode information about the distance and orientation of
the target areas. The round dance is performed by worker bees when the resource is
close to the hive. In contrast, the waggle dance is accomplished when the resource spot
is farther than 150 meters from the hive. The waggle dance is, moreover, composed by
two main stages that are interleaved. Firstly, there is a waggle phase in which the honey
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Figure 2.1: Collective behaviors in nature. (A) Chain of ants guided by pheromone trails.
(B) Honey bee waggle dance. (C) Vervet monkey. (D) Flock of birds. (E) Fish school. All the
images were generated using Al from https://deepai.org/machine-learning-model/text2img

bee describes a tail-wagging movement. Thereafter, it is followed by a return phase,
that returns the dancing movements to its initial state. The sequencing between waggle
and return stages occurs periodically. Karl von Frisch believed that the dance language
of honey bees was composed by these two discrete and differentiated motion patterns.
Nonetheless, in [34], the authors showed evidence that rather than two discrete states,
the round and waggle dances are two extremes of a continuum.

- Vervet monkeys (Figure 3.1C): another interesting example of social behaviors in
nature is shown in communities of vervet monkeys, that warn others about the presence of
predators through different alarm calls. Futhermore, diverse calls are produced depending
on the context and the detected threat, so that hearing monkeys can distinguish the
predator approaching and respond accordingly [35]. For example, three accoustically
different alarm calls are generated when either leopards, snakes, or eagles are sighted,
and, upon receival, listening monkeys react by either climbing a tree, looking down to
the floor, or looking up to the sky, respectively.

- Flocks of birds (Figure 3.1D): groups of birds from many species show social behaviors,
characterized by an impressive and intricate collective motion. Such coordinated avian
flight is commonly refered as flocking [36] (term not restricted to bird species, but rather
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to any group organisms that describes a gregarious collective motion), and it is generally
produced during migratory flights, foraging, and protection from predators. The most
common flocking formations are line formation (or V-shape), and cluster formation [37],
which depend on the species and the number of birds, among other factors. Flocking
has been typically modeled as a fully decentralized process that is characterized by
three simple rules: cohesion, separation, and velocity matching. The former ones are two
complementary behaviors that aggregate birds together while preserving a minimum
separation to close neighbors. Through the latter behavioral rule, velocity matching,
the flocking individuals tend to converge to the same direction of motion.

- Fish schools (Figure 3.1E): is another example of a fully decentralized collective
behavior in nature. Flocking behaviors are also present in many fish species, exhibiting
swarm behaviors of aggregation, three dimensional pattern formation, and coordinated
motion, in the absence of a leader. Similar to flocks of birds, the individuals in the fish
school tend to approach to other nearby fishes while preserving a minimum separation
distance, and mimimicking their direction of movement with high precision. When
observed from the distance, the aggregated fish school, that may be composed of up to
few millions of fishes (depending on the species), can be mistaken for a large animal [35].
Collective behaviors of fish schools have been observed in a wide variety of activities such
as traveling and migration, energy preservation, chasing away and evading predators,
resting, and feeding on placton or preys [35].

2.4 Methods and algorithms

2.4.1 Manual design methods

As suggested by its name, in manual design methods the overall logic, mechanics, and
functioning of the robot controllers are handcrafted by a human expert. In other words, a
human engineers the behavior of the robots in the swarm. In most scenarios, manual design
paradigm follows a bottom-up approach, so that the designer figures out the low-level local
rules of each individual that give rise to the desired global behavior of the robot swarm. The
bottom-up approach is generally based on a combination of trial-and-error and expertice in
the field [20].

Physics-based approaches

In physics-based SR systems, robots are seen as particles that are attracted or repelled among
them based on physics-based virtual forces. In 1998, J. H. Reif and H. Wang [39] proposed the
social potential fields as a distributed control method for Very Large Scale Robotics (VLSR)
systems, which is a similar and prior concept to SR. The robots are abstracted as particles in
molecular systems, interacting based on inverse-power law virtual forces. Nonetheless, social
potential fields differ from molecular systems in two major aspects: (i) they allow different
force laws for each pair of particles, and (ii) virtual forces are not necessarily symmetric.

The force applied by robot j to robot ¢, with positions X; and Xj, is computed as in
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Equation 2.1

L (k)

Er—21%<j“2> (2.1)
k=1 rjji’j Tij

where r;; is the Euclidean distance between the robots, and C,E? and (T,E”;) are coefficients

that define independent laws between each pair of robots ¢ and j. Notice that the first term

corresponds to the magnitude of the virtual force, while the second term is the direction of

the force vector.

The total force applied to some robot ¢ is defined in Eq. 2.2,

Fy =) Fi(ry). (2.2)

JF#i

Additionally, they also defined virtual force laws between groups of robots, motivated by the
idea that robots inside each group are expected to perform common tasks or similar behaviors.
Therefore, the emergent formations and self-organized behavior generally diverges from other
agents engaging in some other tasks. In such cases, the final force applied to a particle is
computed as a two step process. Firstly, the intra-group virtual forces are computed, and,
subsequently, inter-group social forces are added to obtain the final force vector.

In addition to the inverse-power law model, they extended social potential fields using virtual
spring laws. Spring laws differ from the inverse-power law model because forces between
robots are necessarily symmetric. They abstracted this model as a undirected graph where
the nodes are the robots and the edges represent the pairwise interactions between the robots
using the spring laws. They defined a spring graph which is rigid in some d-dimensional
space, so that the local-minima problem is avoided when having multiple minimum-energy
embeddings. The social potential fields allow the convergence to predefined structures and
patterns and dynamically transition between them via the distributed control of few robots
in the swarm.

One of the most relevant and early works under the frame of virtual physics in SR is [10]. The
authors introduced an artificial physics framework called “physicomimetics” for formation and
motion control. The agents are represented as physical particles that sense other particles in
the form of virtual forces, that are used to modify their positions accordingly. Depending
on the type and source of the interaction, forces can be either attractive or repulsive. The
framework behaves based on simulated molecular dynamics in order to minimize the overall
system potential energy. The authors highlighted some key features and advantages resulting
from using physics-based approaches, namely, self-organization, fault-tolerance, and self-repair
(essential properties of SR systems, as described in Section 2.2).

In this framework, every particle has a position 7 and a velocity . Positions are modified
according to the current velocity of the particle (see Eq. 2.3), while the velocity of the particles
is updated based on the resultant applied force (see Eq. 2.4).

7 = UAt (2.3)
T = FAt/m (2.4)
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In addition to virtual forces from other particles there is an additive frictional force. The
module of the virtual force ?ij between two particles ¢ and 7 is computed as in Eq. 2.5,
m;m;

where m; and m; are the masses of the two interacting particles, G is a gravitational constant
and p is a parameter defined by the user that establishes the relation between distance and
force module. There is a maximum force, F),,., that a particle can apply to another. A
virtual force ?ij is attractive if the distance between particles ¢ and j is greater than some
radius R. Alternatively, the force is repulsive provided that the distance is less than R. The
physicomimetics framework also considers obstacles as repelers that apply repulsion forces to
particles to avoid collisions. Goal or target spots are treated as attractors in the virtual force
field, so that particles tend to converge to them.

Many authors have proposed other physicomimetics systems inspired by other physics phe-

nomena and dynamics beyond molecular systems, such as gas particles [11], viscoelastic forces
based on the Voigt model [12, 13, 11], Active Elastic Sheets (AES) [15, 16, 17], and liquid
spheres [15].

Probabilistic finite state machines

Probabilistic Finite State Machines (PFSM) are composed by a fixed set of states (51, ..., Sy),
and stochastic transitions between states. The state transitions, 7;;, have one origin state S;
and one destination state S;, and such transition may occur with some probability p;;. In
some cases, stochastic transitions can be combined or replaced by deterministic conditions,
so that in this PhD. Thesis a PFSM is undestood as a finite state machine with at least
one stochastic transition. PFSM states are associated to robot behaviors, such as random
walk, explore, or stay (in most studies the name of the state self-explains the associated
behavior). Moreover, transition probabilities can be fixed from the beginning of the execution
or dynamically modified based on some external variable, such as the number of neighbors
(see e.g. [19]). PFSMs have been mostly used to solve aggregation [0, 51, 52, 19, 53] and

foraging [51, 6, 55, 506, 57] tasks.

Approach

Dieave

Figure 2.2: Example of a PFSM used in an aggregation task, adapted from [50].

The PFSM used in an aggregation task [50] is provided as representative example (see
Figure 2.2). It has three states corresponding to the robot behaviors (i) approach to other
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robots, (ii) move away from nearby robots, and (iii) wait. It has two stochastic state transition
probabilities, preave and preturn, and a deterministic transition when another robot is detected
very closely.

2.4.2 Automatic design methods

In contrast to manually designed controllers, automatic desing methods rely on optimization
algorithms to find a suitable and effective robot controller solutions. The optimization
mechanism operates on some parametrized model that is commonly based on artificial neural
networks. However, optimized robot controllers based on artificial physics models [58, 59]

and PFSM architectures [0, 55] also fall into this category. The most used optimization
algorithms in SR are evolutionary algorithms (e.g. [60, 61, 62, 58, 63, 60, 64, 65, 66, 55, 67]),
reinforcement learning (e.g. [08, 69, 59]), and swarm intelligence algorithms (e.g. [70, 71, 47]).

In contrast to the manual design methods, the automatic design of robot controllers follows
a top-down approach. Specifically, the researcher establishes the loss or fitness functions
that describe the behavior of the robots globally (swarm level), and it is the optimization
algorithm the mechanism responsible for finding the appropriate behavior of each individual
(robot level). In most cases, furthermore, the optimized solution is seen as a black box, and,
in the best case scenarios, researchers can only gain some insight about the resulting robot
behaviors after an exhaustive analysis and deciphering.

Evolutionary robotics

Evolutionary Robotics (ER) [72] refers to the use of evolutionary computation to optimize the
parameters of some robotic controller. Tt is also closely related to the term neuroevolution [73],
which is strictly used when the evolutionary algorithm is applied to neural controllers (based
on ANNs). In such case, the ANN acts as the robot controller, being fed by the sensor mea-
surements and returning actions that directly operate on the robot’s actuators. Initially, the
neural controller is an arbitrary and randomly initialized model, so that it is the evolutionary
algorithm the process that is responsible for defining the final individual behavior of the
robots. ER has been successfully applied to most SR tasks, such as aggregation [71, 60, 61],
flocking [63, 62, 58, 60, 65, 64, 66], or foraging [55, 75, 76, 67]. Moreover, it will be described
in subsequent chapters that ER is a fundamental optimization technique for reaching the
emergence of communication in robot swarms from initially non-communicative behaviors
(see e.g. [77, 78, 79, 80, 81, 1, 82], and Chapter 3 for more details).

Within the family of evolutionary computation algorithms, the most widely explored in SR
are standard Evolutionary Algorithms (EA) [741, 60, 61], Genetic Agorithms (GA) [7, 55, 75,

|, NeuroEvolution of Augmenting Topologies (NEAT) [61, (7], and Evolution Strategies
(ES) [63, 62]. In all of these methods, a population of candidate solutions (genotypes) is
iteratively evolved in order to reach a final robot controller that satisfies the requirements of
the SR task. The genotypes encode the parameters of the robotic controller being optimized,
which can be the weights of an ANN, the transition probabilities of a PFSM, or the weights
of artificial physics models. Depending on the optimized model, the number of parameters,
and the task constrains, such coding can be binary-coded (e.g. in [74, 60]) or real-coded (e.g.

in [7, 61]).
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Figure 2.3: General diagram of a genetic algorithm.

Most evolutionary algorithms can be characterized by the following stages (see also Figure 2.3):

- Evaluation: each genotype is evaluated in the corresponding task, and the overall robot
swarm performance is quantified with a fitness score. The evaluation process requires
an sufficient number of large duration robot executions, which is not a feasible option in
most is experiments with real robots. Therefore, it is generally performed using realistic
robotic simulations, which are transferred to the real robots after the artificial evolution
is ended.

- Evolutionary operators: Every generation, a set of operators is applied to the population
of candidate solutions in order to give rise to the next generation. Even though each
algortihm uses a specific operator pool, the most common ones are selection, that filters
out the fittest individuals to be preserved, recombination, that merges pairs of genotypes
(parents) to create new combined solutions (offspring), and mutation, that slightly alters
some genes of the population to trigger the exploration of unseen areas of the search
space.

- Stopping criteria: the evolution typically ends when (i) the evolution reaches a pre-
defined number of total generations, (ii) a sufficiently good average or maximum fitness
score of the population is reached, or (iii) the average fitness score of the population
becomes stagnant or consistently decreases.
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- Deployment: in some studies, the evolved robot controller is finally tested in real
environments with real robots. In these cases, the simulations used during the evolution
process must be sufficiently realistic in order to minimize the reality gap.

A highly relevant evolutionary algortihm for this PhD. Thesis is NEAT [23]. NEAT is an
extension of standard GAs exclusively oriented to the evolution of neural controllers. Its most
outstanding feature is that it evolves both the parameters and the topology of the ANN itself.
Among many other characteristics, it proposes novel recombination operators to combine the
neurons and synapses from two different ANNs. The reader is redirected to Appendix A for
further theoretical details on GA and NEAT, which will be repeatedly used during this PhD
Thesis.

Reinforcement learning

Reinforcement Learning (RL) [31] is a learning paradigm in which agents learn a desired
behavior through trial and error and interaction with the environment.

, Robot

St+1| [Tt+1 Qy

Tt

A

-1

z Environment |—

St

Figure 2.4: General diagram of RL algorithms.

Figure 2.4 shows the general diagram of RL learning paradigm. Its most simplified version
contains two building blocks, the robot, and the environment where it is embodied. The
current state of the robot (s;) refers to its current situatedness within the envirnoment (e.g.
its position, orientation, ...). Such state can be a holistic view of the whole environment, or a
partial observation biased by the agent’s location and perception capabilities (which is the
most frequent scenario in SR). In RL terms, the agent is defined by some policy (), that
transforms the current state into actions to interact with the environment. In essence, the
policy is analogous to the robot controller and defines the behavior of the agent. At each
control cycle (t), the autonomous agent interacts with the environment via some action (ay).
The influence that such action has on the environment leads to modifications on the agent’s
state (e.g. changing its location), producing a next state (s;+1). Moreover, the performed
action potentially produces some future reward (r;y1). Such state-reward pair (s¢y1,711) will
be perceived by the robot the next control cycle, influencing subsequent actions.

The last aim of the agent is to maximize the total discounted return (G;) at any time instant
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of an episode (task execution). The computation of G, is shown in Eq. 2.6,

T
Ge =Y Tk, (2.6)

k=t

where v € [0, 1] is a discount factor, and it is assumed that episodes have a finite duration 7'

In order to learn a policy that maximizes the long-term discounted return, it is further
extended to the value function V™ (s) (see Eq.2.7a), and to the action-value function Q7 (s,a)
(see Eq.2.7b),

V7™(s) = E[Gy|st = s] (2.7a) Q" (s,a) = E[Gi|s; = s,a; = a (2.7b)

Considering an agent that follows policy 7, V™(s) is the expected discounted return that
results from being in state s at time step ¢ and following policy 7 thereafter. Similarly, Q™ (s, a)
is the expected discounted return resulting from being in state s at time step ¢, performing
action a and, subsequently, following policy 7.

Reinforcement learning algortithms are generalized to the multi-agent scenario as Multi-Agent
Reinforcement Learning (MARL), which is the variant that is normally used in SR. In MARL,
rewards are typically computed at the swarm level, so that robot policies have to consider
states and actions both from itself and from the other agents [35]. Moreover, other examples of
additional challenges are the communication among the robots, or whether the robot policies
are homogeneous or heterogeneous (see also [85]). MARL has been used to optimize the
robot controller of SR systems in flocking [68, 69, 59], formation [0, 87], foraging [38], and
path planning [39]. These studies employed diverse RL algorithms, such as SARSA [87, 89],
Q-learning [68, 86, 88], and DDPG [59], among others.

2.5 Swarm robotics behaviors

Inspired by collective behaviors in nature, the SR paradigm has been used to solve a wide
variety of problems and tasks. The collective behaviors exhibited by the swarm to solve
the target tasks can be divided into primitives and composed behaviors (hereafter, the term
primitive is indistinctly used for both the robot behavior and the task that it tackles). Firstly,
primitives are basic tasks that are generally solved by means of simple and specific behaviors.
The concept of primitive is based on the levels of competence in [90] and on the behavior
primitives in [91] or in [92]. Representative examples of primitive behaviors are obstacle
avoidance, phototazis (approach to a light source), explore the environment, or approach to
other robots. Secondly, composed tasks are broader problems that require the composition of
multiple primitive behaviors in order to be solved. A clear exponent of this category are the
Reynolds’ rules [93] designed to model flocking behaviors of birds and fish schools in nature.
Reynolds proposed three primitive behaviors, (i) cohesion, (ii) separation, and (iii) alignment,
that when combined together give rise to efficient flocking movement patterns in swarms of
robots.
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2.5.1 Primitive tasks
Aggregation

Swarm aggregation is a basic SR primitive behavior in which robots reunite in a common
location (either arbitrary or agreed). Aggregation is a fundamental primitive in SR as it
can be used in most complex behaviors, such as formation, flocking, or foraging, among
others. It essentially avoids swarm disconnection and dispersion, which is a fundamental
initial requirement in most of tasks.

Probabilistic models, mainly based on PFSM architectures, have been widely explored in
the context of aggregation behaviors. These studies normally combine the microscopic
and macroscopic aspects of the aggregation primitive. Microscopic behaviors refers to the
control of a single robot in the swarm, whereas macroscopic analysis refers to predictive
models that estimate the final outcome and evolution of the overall aggregation dynamics.
Probabilistic robot controllers are mostly inspired by cockroach aggregation behaviors in the
real world [94, 95].

The authors of [50] used a probabilistic behavior-based approach to tackle aggregation of
mobile robots. Their controller was a subsumption architecture with two levels of competence
and a total of four behaviors: obstacle avoidance, approach, repel, and wait. The lower level
of the subsumption model was uniquely defined by the obstacle avoidance routine, whereas
the higher level was a PFSM with remaining three behaviors (see Figure 2.2). The robots
were equipped with sound sensors, that provide an estimate of the direction with highest
concentration of robots. Robots in the approach state tend to navigate towards the direction
of loadest sound, expecting to aggregate with other swarm members. A transition to the
wait state occurs when the distance to a neighboring robot is estimated to be lower than
some threshold. In such case, agent becomes static until, with some probability piave, a
transition to the repel state is produced. Robots executing the repel behavior move in the
opposite direction of the highest measured sound. Finally, robots can randomly return to
the approach state with some probability p,eturn. Soysal and Sahin also studied probabilistic
aggregation in [51]. The aggregation controller was a PFSM with three states corresponding
to the behaviors random walk, approach, and wait. The general structure of the PFSM was
similar to the one previously proposed in [50]. The main differences were using a random walk,
instead of the repel behavior, that is accomplished with some proability pjeqve. Additionally,
robots transition from random walk state to either approach state, if some robot is perceived,
or to the wait state, when some time was elapsed without perceiving other robots. Moreover,
they proposed a macroscopic model used to estimate the final outcome and evolution of the
aggregation behaviors.

A PFSM-based controller was also proposed in [52] to reach emergent aggregation behaviors
in physics-based simulations. The authors used a very simple aggregation PFSM with two
states and behaviors, random walk and wait. They also included a guard period when a robot
transitions to the random walk state, so that the next transition cannot occur before such
period is elapsed. An important contribution of this study was that, unlike many probabilistic
aggregation models, the robots lack of sensing capabilities to detect the number of aggregated
robots. In [19], the authors addressed the aggregation task using a subset of informed robots
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in the swarm. The only difference between the informed robots and the remaining agents
was that the former ones know the target aggregation locations. Specifically, there were two
types of aggregation areas, in white and black, and the informed robots were capable of
distinguishing in which type of area the swarm should agregate to correctly solve the task. As
in previously reviewed aggregation studies, the robot controllers were based on PFSMs with
three states, namely, random walk (RW), stay (S), and leave (£). The probabilities pg, and
Dreave iNVOlved in the stochastic transitions RW — S and S — L, respectively, were not fixed.
Instead, these probabilities depended on the number of other robots in the surroundings. The
PFSM used by the informed robots was extended using the privileged information about
the target location. The authors did not only assess whether it was possible for a subset
of informed robots to guide a complete swarm towards desired aggregation zones, but they
also studied the minimum proportion of informed agents required to accomplish such task.
Their results revealed that successful aggregation in the correct spot was achieved when (i) at
least 20% of the robots were informed in symmetric scenarios (same amount of black and
white areas), and (ii) between 20% to 30% of the robots (depending on the swarm size) were
informed in assymmetric experiments (more number of white areas).

An aggregation study that is highly relevant for this PhD Thesis is one published by Cambier
et al. in [53]. The authors used a minimal naming game to discover and propagate suitable
sets of parameters of PFSM models. The PFSM had two states, walk and stay, and dynamic
transition probabilities that depend on the number of neighbors. Candidate parameters of
the PFSM were stored as words in the robots’ lexicon. Words were negotiated and culturally
shared along the swarm through the engagement in language games, until all the lexicons
contain only one (and the same) set of parameters. Moreover, the aggregation dynamics also
influenced the course of the language games in order to obtain high quality solutions. For
instance, only agents in the stay state were allowed to act as speakers during the minimal
naming games. This paper will be revisited in Chapter 3, under the frame of language
evolution and emergence of communication.

In addition to probabilistic approaches, several authors have also applied virtual physics to
the design of aggregation controllers. The study in [96] explored the use of Lagrangian-based
models in a swarm of point masses, in the absence of obstacles. Agents were attracted to
the Center of Mass (CoM) of the swarm, while being repelled by other individuals. Their
simulations revealed that different behaviors arise from their proposed dynamics when the
model parameters are adjusted. One of these behaviors was an aggregation of the swarm
while preserving the location of the CoM. Gasparri et al. proposed in [97] a physics-based
approach in which robots aggregate through their interaction via attraction and repulsion
forces. The authors also included obstacle avoidance by treating nearby obstacles as virtual
robots, and including additional repulsion forces when required. In [11], the authors used the
k-nearest neighbors algorithms to detect the neighbors that contribute to the computation
of attraction and repulsion forces dictated by physics-based dynamics. They expored three
different machine learning distance metrics (i.e. cosine, angular and Minkowski distances) to
compute the k nearest neighbors. Physics-based dynamics among the computed k nearest
neighbors were based on the Voigt model, using virtual viscoelastic connections.

Finally, evolutionary robotics have been also used to obtain aggregation behaviors. Trianni et
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al. used in [71] a generational EA that optimzed the weights of a simple perceptron ANN.
The weights were enconded as binary numbers in the genotypes of the evolutionary algorithm.
The fitness function was computed using the distances of the robots to the CoM of the swarm.
Specifically, the fitness was higher with the increase of the average distance to the CoM.
Robots were equipped with a speaker that generated a constant sound during the entire
execution time. Therefore, a robot could perceive neighbors either from the emitted sound
using microphones, or through proximity sensors. After the evolution processes, the authors
found two different aggregation behaviors: a static aggregation in clusters, and aggregation in
dynamic clusters, that resulted in a collective motion after aggregation was accomplished.
One of the tasks addressed in [60] was the aggregation of s-bots. They used an evolutionary
algorithm with binary-coded genotypes that encode the weights of a simple ANN (phenotype).
The ANN inputs were sensory information from eight proximity sensors and three sound
sensors, whereas the outputs of the neural controller were responsible for controlling the motor
wheels. The fitness function that guided evolution towards the desired aggregation behaviors
was a trade-off between an aggregation quality term, and a motion quality component. The
authors of [01] evolved aggregation behaviors using the NEAT algorithm and novelty search.
Unlike most evolutionary algorithms, that use the fitness score to guide the evolutionary
process, novelty search allows the guidance of artificial evolution also through the discovery
of new behaviors. Novelty search is a highly powerful evolution method to deal with local
optima, deceptive solution, and stagnation during the evolution process. They separately used
three measures of the novelty of behaviors in novelty search: (i) a vector with the average
of distances to the CoM at different time steps, (ii) a vector with the number of clusters at
different time steps, and (iii) a concatenation of the two previous vectors.

Leader election

The leader election is an interesting primitive in swarm robotics as it can be used in a wide
variety of tasks, such as aggregation, formation, or foraging, among others. The problem can
be formulated with either one or many leaders of the robot swarm. However, the selection of
the leader must be decentralized, and all the robots must initially have the same opportunities
to assume the leadership. The leader election is a fundamental primitive that can be used to
solve much more complex SR tasks, such as flocking [98] or goal navigation [99], among others.
In [24], the authors designed a voting algorithm based on local communication in a static
swarm for the leader election, among other cooperative tasks. The results of their experiments
successfully showed consensus in the selection in most cases. The leader selection procedure
in [100] avoided the usage of direct communication among robots as it only employed the
positions of other agents in the neighborhood. A robot became leader whenever all the other
robots in its vicinity lied on the same quadrant, considering the robot’s position as the origin
of coordinates. Alternatively, one of the multiple experiments in [01] was the leader election.
They employed Wave Oriented Swarm Paradigm (WOSP) techniques in order to trigger
the emergence of collective behaviors, such as leader election, with local binary information
exchange. The controllers were also handcrafted as outstandingly simple and compact finite
state machines. Neither evolution nor neural controllers were explored in these papers. On
the contrary, in [101], the leader selection and role allocation problems were faced using
neural controllers and evolutionary computation. The swarm members communicated locally
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through a communication system and a robot could assume the role of leader by directly
maximizing its communication output.

Heading orientation consensus

Heading orientation consensus or, simply, robot alignment, is a primitive task in which all
the robots in the swarm have to point to the same direction. That is, upon convergence, all
their heading orientations must tend to the same consensus value. It is one of the pillars
of flocking behaviors (see Chapter 2.5.2), according to Reynolds’ rules [93]. Consequently,
most of the related SR studies have addressed the problem of heading orientation alignment
in the context of the emergence of flocking. In [102], the alignment task was addressed with
the aim of solving a self-organized flocking in mobile robot swarms. In their experiment, the
robots used a virtual heading sensor through a digital compass, so that they were able to
perceive and broadcast their own global orientation relative to a north reference. Similarly,
heading alignment behavior was also addressed in [103]. There, within the swarm, there was
a subset of informed robots that could directly access the direction of a common and global
objective, using a light source as the global reference. The goal was that all the robots must
alter their headings and point to the objective. The informed robots broadcast the acquired
object direction, while the uninformed agents play the role of communication relays. The
swarm members knew an absolute reference throughout measuring the light intensity emitted
by a light source. The orientation consensus was evolved in [7], where an EA and a recurrent
neural network were used. They focused on the emerged communication, showing that a
situated communication emerged as a result of evolution. It was situated because only the
physical information and the context about the environment attached to the message was
relevant and communicative.

2.5.2 Composed tasks
Formation control

The formation control is a collective behavior in which robots have to self-organize themselves
spatially in order to create a target swarm topology. Such goal topology can be a specific
geometric structure (e.g. a triangle, square, or circle), or a repeating pattern. In both cases,
robots are not associated (initially) to specific positions in the formation, and the convergence
to the target geometry is purely obtained using a decentralized control of the robots.

The most widely explored family of robot controllers are based on physics-based approaches
(see Section 2.4.1). Spears et al. [10] assessed their physicomimetics framework in formation
tasks. However, due to the nature of the virtual physics approach, their formations were
mainly based on regular patterns such as hexagonal and square lattices. In [104], robots
were aggregated inside a specific geometric shape. An attraction force was applied to the
agents outside the shape, while robots already gathered inside the target area were affected
by repulsion forces. Both attraction and repulsion forces were nullified when an agent was
in the shape boundary. Moreover, inter-robot repulsion forces avoided collisions among
the robots, while maintaing a proper swarm diffusion inside the target shape. In [105],
the authors also addressed formation control based on potential fields. They extended the
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study in [104], so that the robots had to fit inside the perimeter of a goal shape in order to
fulfill the desired formation. Qin et al. improved the similar formation control in [101] by
fixing some of its limitations. For that, all their forces were based on exponential functions
with two controllable parameters. Moreover, the authors dealt with some important issues
such as navigation preserving the formation, collision avoidance, narrowing of the shapes
to bypass complex obstacles like corridors, or formation change. Barnes et al. proposed
in [106] a swarm formation in parametrized ellipse shapes. They used artificial potential
fields combined with limiting functions to attract the robots towards a target elliptical
band. In addition to the ellipse formation control itself, the authors also tackled obstacle
avoidance, scalability, and heterogeneous swarms. In [12], formation control based on virtual
spring-damper meshes was applied to Spacecraft swarms. Their virtual physics approach
was a Virtual Spring-Damper Mesh (VSDM), subject to the effect of a gravitational field.
Additionally, the authors of [13], obtained decentralized swarm formations circumscribed in a
circle using virtual viscoelastic forces based on the Voigt model. Consequently, particles in
the Voigt model (representing each robot) were located along the perimeter of a circle. Links
between robots were modeled as virtual Hookean elastic spring and virtual Newtonian damper
connected in parallel. They assessed the performance of the formation in real environments,
using e-puck robots [107] equipped with eight IR proximity sensors and range and bearing
technology [108]. A physicomimetics model based on liquid spheres was proposed in [15] to
address formation control. In order to emulate liquid sphere phenomena, the authors used
virtual spring networks and physicomimetics, so that robots were seen as point masses that
interact among them through spring connections. Formations were not restricted to circular
topologies, allowing arbitrary shaped formations through parameter variations. Moreover,
they addressed collective navigation in formation, through tracking of a virtual target, and
liquid-inspired obstacle avoidance. Their proposed formation control was scalable and flexible,
so that new robots could be easily attached to the formation. Elkilany et al. [109] addressed
formation control with collision avoidance and trajectory tracking. They used artificial
potential field to accomplish this task, so that attraction forces were applied to the robots to
converge to the target formation, and to navigate towards the goal location dictated by the
trajectory being tracked. Complementarily, repulsion forces were applied to avoid obstacles
and to guarantee a minimum separation between the robots. Moreover, an ANN with two
hidden layers was optimized using the backpropagation algorithm with the aim of finding a
suitable set of parameters of the potential field method.

Some authors have also faced the formation control using behavior-based approaches. In
behavior-based approaches, multiple primitive behaviors (such as avoid obstacles, move
towards goal, and so on) were implemented separately and combined using motor schemas
or subsumption models. Balch and Arkin proposed in [110] a behavior-based approach
to formation control and collective motion. Their model was based on several primitives
(i.e. avoid static obstacles, avoid other robots, move towards goal, and maintain formation)
that were combined using motor schemas. They tackled line, column, diamond and wedge
(V-shaped) formations, that were preserved while agents performed collective motion and
avoid obstacles. In [111], the authors also obtained formation behaviors using behavior-based
approaches that make use of motor schemas. They implemented similar primitives as in [110],
with the addition of a wall-following behavior that was required to bypass complex and large
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obstacles. Moreover, the authors adressed the convergence to an initial target formation
in large scale robot swarms, using classification-based searching algorithms. This method
allowed the mapping between positions in any arbitrary target shape and robots of the swarm.

Another relevant method to solve formation control is through virtual structures [112, 113].
In [113], the authors used a virtual structure for moving multi-robot systems in formation
with a high-precision. Agents formed a rigid geometric relationship with each other with
respect to a common reference frame. In order to achieve the desired formation, the positions
in the virtual structure and the physical positions of the robots influenced each other. In [114],
the authors proposed a virtual rigid body scheme for achieving multi-robot coordination
and formation. Specifically, they constructed a virtual space with its basis, boundaries, and
constraints defined by real-world state variables. Moreover, they defined the goal that the
robots must achieve as some coordinates in the virtual construct. Thereafter, they simplified
multi-robot tasks to finding a possible path that connects the initial robot coordinates with
the goal coordinates without entering into the constraint regions. In [115, , |, the
virtual path planning procedure with constraints as virtual obstacles was extended, and
referred to as motion planning on a Representation Space (RS), for solving diverse problems.
Askari et al. proposed in [115] a formation control for swarms of UAVs, based on virtual
structures, classical control theory, and inverse dynamics.

Flocking

Flocking is a fundamental behavior in SR that is based on the collective and coordinated
motion of the individuals that compose the swarm (see e.g. [119]). The robotic controllers that
generate flocking movement patterns are highly influenced by multiple collective behaviors
in nature, such as flocks of birds, or fish schools. One of the earliest models of flocking was
proposed by Reynolds in [93], called boids model. 1t was composed by three local and simple
rules:

- Cohesion: the individuals tend to be as compact as possible, by moving towards the
CoM of their neighbors.

- Separation: collisions between the individuals are avoided, and a minimum security
distance is maintained.

- Alignment: the agents modify their heading orientation or direction of movement to
match the orientation of their neighbors.

Reynolds showed that these three rules are sufficient to generate stable flocking behaviors.
Additionally, Couzin et al. [120] defined three distinct circular zones centered at each individual
(B

- Repulsion zone: is the area immediately close to agent ¢. Other individuals in this zone
get repelled by the influence of i.

- Orientation zone: is an intermediate area in which the distance to agent ¢ has reached a
stable point (neither close nor distant). Therefore, agents in this zone tend to converge
to the same heading orientation.
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- Attraction zone: agents in this area are too far away from 4, so an attraction mechanism
is applied to reduce such distance.

An alternative family of flocking models is considered under the field of distributed control over
graphs, being the Cucker-Smale model [121] the greatest representative. The Cucker-Smale
flocking model considers a group of N self-propelled particles with three-dimensional positions
x; and velocities v;. Thereafter, for some agent i, it proposes the continuous-time distributed
control system in Equation 2.8,
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where N is the neighborhood of agent i, and 1 is a positive decreasing function as in

Equation 2.9,
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They mathematically showed that convergence to a consensus velocity is guaranteed when
f < 1/2; and dependent on the initial conditions (x;(0), v;(0)) when g > 1/2.

The Cucker-Smale model has been extended by multiple authors to consider collision avoid-
ance [122, 123], finite-time control [124], noisy environments [125, 126], and hybrid models with
swarms where continuous-time dynamic agents and discrete-time dynamic agents coexist [127].

Even though the Cucker-Smale flocking model and its extensions propose a mathematical
formalism and guaranteed convergence, it may be limiting when real robots with constrained
sensing, computing and communication capabilities are considered. Therefore, in the field of
SR, other modeling paradigms, such as physics-based approaches or optimization techniques,
have been more popularized to implement flocking behaviors (see e.g. [128] for a recent survey
on the topic). Considering Reynolds’ model [93] as the initial point, many authors have
modeled the flocking behavior in artificial robots by means of physics-based approaches (see
Section 2.4.1).

The coordinated motion of a group of robots using social potentials was addressed in [129].
Each agent was simultaneously influenced by repulsion from obstacles and attraction to
goal coordinates, aggregated using a motor schemas approach. Moreover, they modeled
flocking using a variety of possible geometric formations (e.g. line, or diamond). In [130],
the authors performed decentralized control to model flocking and formation behaviors using
Artificial Potential Functions (APF). They allowed flexible migratory coordinated movements
with obstacle avoidance, based on the application of attraction and repulsion forces. The
authors of [131] also addressed the emergence of flocking using APF, so that collective flocking
movement, obstacle avoidance, and motion towards a defined goal position were simultaneously
accomplished by the robot swarm. In order to compute the repulsion and attraction forces,
the authors considered the three behavioral zones of [120], described above. Stranieri et al.
proposed in [132] an approach to self-organized flocking in swarms of mobile robots based
on artificial physics. A key aspect of their research lied on the behavioral heterogeneity of
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their robot swarms, so that the swarm was split into two sub-groups with distinct behaviors.
More precisely, the agents of one group, called aligning robots, were controlled using all the
three Reynolds’ rules of flocking, whereas the members other group, denoted as non-aligning
robots, did not use the alignment rule. Their results revealed that, even though flocking
is still possible with the behaviorally heterogeneous robot swarm, the overall performance
was affected by the proportion of aligning robots. Several authors have used Active Elastic
Sheet (AES) model to obtain the flocking motion [15, 16, 47]. The model proposed in [17]
treated the robot swarm as a semi-rigid formation of particles joined by linear springs. In
this way, they reached flocking without the explicit application of any alignment or velocity
matching rule. In [10], the authors implemented collective goal-oriented motion behaviors
with AES models in simple robots with limited sensing capacities. In line with [15], they
showed that, with this setup, an autonomous flocking can emerge without using alignment
rules. Bahaidarah et al. [17] also used AES models to tackle the flocking task. However,
they used optimization techniques, based on Particle Swarm Optimization (PSO), on the
viscoelastic links between robots, to mitigate undesirable swarm fluctuation, slow alignment,
and excessive energy consumption.

In addition to the physics-based approaches, the use of optimization techniques to fine-tune the
parameters of flocking models has been drastically popularized in the recent years. Specifically,

algorithms from the fields of SI [70, 71], evolutionary computation [63, 62, 58, 60, 65, 64, 66],
and RL [08, 69, 59] are the ones that stand out the most.
The authors of [70] used an noise-resistant extension of PSO to optimize the parameters of

an ANN with one hidden layer. The ANN model received the range and bearing readings
and the average heading orientation, and its outputs were used to directly control the two
wheels of the robots. They compared two learning scenarios: (i) a homogeneous swarm with
centralized learning, and (ii) a heterogeneous swarm with distributed learning. In both cases,
Reynolds’ rules were used to define the fitness scores that guided the learning process. They
showed that flocking behaviors can successfully emerge in both scenarios. Additionally, [71]
proposed a multi-objective pigeon-inspired optimization algorithm, improved with hierarchical
learning, which was applied to a swarm of UAVs. The resulting optimized model allowed a
coordinated motion with obstacle avoidance through complex environments.

In [63], the work in [102] was extended, obtaining self-organized flocking behaviors in a swarm
of mobile robots using evolution strategies. They used the robotic platform Kobot [133], that
was specifically created for SR research. The authors of [(2] used evolutionary optimization
to generate a tunable flocking model for real aerial robot swarms. Specifically, they used the
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) to fine-tune the parameters that
maximize flocking rules while minimizing the number of collisions. In [58], a GA was combined
with a physics-based approach, with the aim of optimizing an AES model. Consequently, the
GA directly found three parameters of the AES, so that virtual forces among robots were
minimized and alignment was maximized. Dorigo and et al. addressed in [60] flocking as
one of the tasks to test the swarm-bot system, a swarm of mobile robots (sbots) that can
either attach to each other to give rise to more complex robotic structures. They used a
standard EA that optimizes the parameters of a simple ANN in both an aggregation task
and a coordinated motion task. In contrast to other reviewed studies, the authors of [67]
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studied flocking behaviors in an ecosystem of plants, predators, and herbivores. More precisely,
predators were fed on herbivores and herbivores fed on plants. Each agent (both predators
and herbivores) were controlled by ANNs optimized using a GA. However, no explicit fitness
function was given to the GA, so that evolution was purely driven by survival of the fittest and
reproduction. The authors of [64] successfully evolved neural controllers for the emergence of
flocking behaviors. They designed the fitness function of the EA based on the Reynolds’ rules,
namely, cohesion, separation and alignment terms. The robots had access to an alignment
sensor, responsible for measuring their orientation relative to the average orientation of the
neighbors. In [60] a flocking model was also evolved using genetic optimization. It was capable
of preserving the swarm formation, the robot alignment and the avoidance of collisions with
convex and non-convex obstacles.

RL has been also recurrently used to optimize flocking controllers. In [68], the authors used
the Q-learning algorithm to obtain flocking controllers that operate in discrete time. Each
agent perceives one neighbor ¢ at each control cycle and, consequently, executes one discrete
action among a set of four possible options (e.g. be either attracted or repelled by the
perceived agent). They accomplished the learning process in multiple scenarios, with and
without predators that should be avoided. The study in [69] applied a tabular Q-learning
algorithm to a multi-agent system in order to achieve flocking behaviors. Each agent perceived
its environment in the form of a normalized average velocity of its neighborhood. Such
information was used to generate an action that either maintains the current direction of
motion or performs a rotation movement. They assessed their system in two scenarios: (i) one
with a learning agent assisted by a group of teachers (whose flocking controller is handcrafted),
and (ii) a second scenario without teachers. The authors showed that, in both cases, flocking
behaviors based on polar velocity alignment strategies emerged. Additionally, in [59] deep
RL was applied on an AES model to obtain flocking controllers in a swarm of homogeneous
robots. Specifically, the deep RL algorithm that they used was the Deep Deterministic
Policy Gradient (DDPG) algorithm, which is a suitable option for continuous action spaces.
Under the frame of their DDPG implementation, the authors employed an actor network
that generates three parameters used in the AES model. However, they accomplished two
experiments, considering individual and collective learning, respectively. Firstly, during the
individual learning each agent was responsible for its own discovery of the parameters of the
AES, so that multiple learning processes coexisted within the same robot swarm. Secondly,
collective learning implied that the same parameters were shared by all the agents.

Foraging

Foraging [28] is a fundamental task in the SR field that takes direct inspiration from the
foraging processes of ant colonies in nature [134, 31]. Its most basic description poses a scenario
with a nest area, and one or multiple resource areas scattered across the environment. The
aim of the task is that the swarm individuals, with no prior knowledge about the environment
or the food location, must

(1) explore their surroundings and discover the location of the food sources,
(2) navigate towards the known food areas and transport the obtained resources back to

the nest, and
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(3) repeat (2) until there is no more food in the known sources, while some of the swarm
agents continue to explore the surroundings for unknown and potentially richer food
locations.

On top of its most basic definitions there are multiple extensions or concepts that have been
included to the foraging task to make it more complex and realistic. Some recurring examples
are battery consumption [135], physical transportation of the resources [136], or “poisonous’
areas [¢1], among many others.

Y

One of the most popular and well-consolidated approaches to tackle the foraging problem is
stigmergy, which is the indirect communication through the environment. In the context of
foraging in SR, stigmergy is commonly implemented using artificial pheromones, taking direct
inspiration from chemical pheromones emitted by ants to communicate. It has been observed
in nature that through the deposit of pheromones in the environment, ants can create chemical
trails that connect to the richest food source through the shortest path [30, 31, 32].

Some authors have implemented artificial pheromones in real robots using emission and
sensing of actual chemical compounds [137], or through its emulation [138, 139, 1410]. In [137],
a fully autonomous foraging based on chemical pheromones was proposed. The robots used
ethanol to physically generate the pheromones, that can be perceived by other near robots
using alcohol sensors. The agents deposit the chemical compound during its way to the nest,
when a food source is detected.

Nonetheless, the emission and sensing of chemical substances in real robots is a challenging
problem and, therefore, some studies have emulated chemical pheromones using other physical
communication methods, such as light, heat, and odor. In [135], heat trails were considered
as means to emulate the chemical pheromones. They used heater actuators and pyroelectric
sensors for laying and tracking the pheromone trails. The authors of [139] emulated pheromones
in a foraging task using graphics projected on the floor through a LC projector. They used a
CCD camera, located above the arena, that can detect the positions of the robots, so that
colored graphics can be projected accordingly. Robots can sense the color and brightness
of graphics projected on their top. Additionally, Garnier et al. [110] implemented artificial
pheromones using light trails projected on the environment. They assessed the system with
ant-like robots that aimed at finding the best route between a nest area and a target area
inside a network of corridors with multiple configurations (e.g. symmetrical and asymmetrical
bifurcations).

The simplest, yet most used, method to implement artificial pheromones in robot swarms
is using explicit exchanges of messages between robots (decentralized) or with a central
computing node (centralized). Campo et al. [5] used virtual pheromones for the path selection
between food sources and a central nest in a foraging task. Their experiments assumed that
the chain formation that joins the nest with the food sources was already established, so that
the focus of the study lied on the selection of a common route. For that, they introduced
the concept of virtual ant, messages that are spread across the chain of robots that joins
the nest with the food areas. Therefore, the density of virtual pheromones would be higher
in the route that joins the nest with the closest food location. In order to amplify this
process, the authors included a relaying mechanism that preferably transmits the virtual
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ants towards the node with highest density of artificial pheromones, when a bifurcation
in the route is produced. The authors of [(] addressed foraging using virtual pheromones
in groups of three robots, both in simulation and real environments. The food sources to
be foraged were Radio-Frequency IDentification (RFID) tags scattered in the arena. The
robots’ behavior was based on an agent-based model optimized using a GA. They used virtual
pheromones to communicate others about known locations of RFID tags through a central
server. Specifically, when a tag is found the robot deposits virtual pheromones during its
return to the nest. In [51], foraging behaviors were obtained using virtual pheromones in
large-scale robot swarms of up to 100 memoryless kilobots [23], making use of the Augmented
Reality for Kilobots (ARK) framework [111]. The robots were controlled using FSM models,
with (i) states such as random walk, turn back, go to depot, or follow pheromone trail, and
(ii) state transitions with conditions such as detecting a pheromone, finding a source area,
or being within the nest. Their kilobots were unable to engage in a direct communication
with other agents and, furthermore, they could not even sense their presence. Thus, their
only way to communicate and become aware of other neighbors was via the deposit and
sensing of virtual pheromones. The virtual pheromones were completely handled by the ARK
system. Robots notified to the ARK system when they want to deposit a new pheromone
trail, and, conversely, the ARK system informed those kilobots with a pheromone in their
current location. In [1412], the authors used an ANN to model pheromone diffusion. The ANN
was a one-layer perceptron connected in a lattice-like topology, so that each neuron uniquely
represents a specific area in a two-dimensional arena. Thus, the activation of each neuron
represented the density of pheromones in the corresponding zone of the environment. The
input of each neuron was composed by the weighted average of output activities from “nearby”
neurons, and from an external input current that depended on the agents’ perception of the
environment. Specifically, the agent could produce two types of virtual pheromones: (i) an
attracting pheromone (positive injected current) when a food source is found, (ii) a repellent
pheromone (negative injected current) when either obstacles or previously explored areas
are encountered. Robots used indirect communication to gain holistic access to the virtual
pheromone field.

Hecker and Moses proposed in [55] the Central-Place Foraging Algorithm (CPFA), for obtaining
foraging behaviors with a unique central nest and multiple resource areas. CPFA is based on
a FSM model with the following states (see Figure 2.5):

- Set search location. Robots are initialized inside the nest area, and, in order to start the
foraging process, each one randomly generates a preferred direction 6 to start searching
for resources.

- Travel to search site. The robots navigate away from the nest towards the search
direction . Transitions from this state lead to either Search with uninformed walk or to
Search with informed walk. The former transitioning may occur at any time with a fixed
probability. Alternatively, the latter transition is performed when one of the following
conditions is met: (i) a pheromone trail is found, or (ii) with some probability the robot
decides to return to some location where food was previously found (site fidelity).

- Search with uninformed walk. The agent is not aware of the food location and randomly
patrols around the vicinity of some search area. The navigation is based on a correlated
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Figure 2.5: Diagram of the CPFA. The figure was adapted from [55].

random walk, so that Gaussian noise is dynamically added to the search direction at
every control cycle (6; ~ N (0;_1,0). At any time, with some predefined probability, the
robot may abort its search mission and return to the nest.

- Search with informed walk. The robots in this state know the location of potential
resources and perform an informed search. It is similar to the correlated random walk
described above, but directed towards the estimated food location. At any time, with
some predefined probability, the robot may abort its search mission and return to the
nest.

- Sense local resource density. When a robot finds a resource the following actions are
taken: (1) the food is collected, (2) it is added to a list of collected items (memory),
and (3) the density of food in the current location is estimated.

- Return to mest. Finally, the robots that found resources return to the nest. The
whole process is initiated again. During its route to the nest, the robot can deposit a
pheromone indicating the original resource location. The emission of such pheromone is
randomly determined using a Poisson cumulative distribution function.

The authors evolved the parameters of the CPFA using a GA with a population of 100
homogeneous robot swarms and 100 generations.

In [56], the Distributed Deterministic Spiral Search (DDSA) was proposed. It is a foraging
algorithm with a central nest that implements a resource search strategy based on spiral
trajectories. This spiral-based search guarantees a complete search of the whole arena, avoiding
redundancy during the resource search process. Its performance, efficiency, robustness, and
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scalability were assessed and compared with the CPFA. They showed that DDSA can solve
the foraging problem (collect all the resources) in much less time than CPFA, mainly due to
the stochastic search of the latter one. However, they also found some strengths of CPFA,
such as its better performance for large robot swarms (more than 20 robots). The improved
scalability properties of CPFA are associated to its better ability to deal with high congestion
and accumulation of robots in the around nest. Lu et al. [113] also compared CPFA and
DDSA, both in simulation and real robots. Surprisingly, they showed that DDSA performed
better in simulations, but CPFA outperformed DDSA in experiments with real robots. The
authors of [75, 76] proposed an extension of CPFA| called Multiple-Place Foraging Algorithm
(MPFA), to mitigate its main limitations, namely, the high travel time and the collisions
near the central place due to high accumulation of robots. In MPFA there are multiple nests
scattered across the arena, so that robots return to the nearest nest when some resource is
collected. Robots are uniformly initialized in the different nests for an efficient and balanced
search. Moreover, they used a GA to optimize the parameters of the algorithm. MPFA was
compared with CPFA, showing better overall performance, less number of collisions, and
decreased forage time.

In contrast, several authors have applied Lévy search strategies, which has been used to explain
and model foraging behaviors of some species in nature [111, |, to robotic foraging. Lévy
search is a stochastic search pattern that uses Lévy distributions to model the step size of the
random walks. Consequently, smaller steps are more likely to occur, whereas the probability of
larger steps decreases exponentially with the size of the step. Generally, the Lévy search itself
defines only the size of the step, while the direction of the motion is randomly determined
according to a uniform distribution in [0, 27). Lévy search strategies have been used in swarms
of robot foragers with genetic algorithms to define some of its parameters [116], with Gaussian
mixture models that incrementally learn the spatial distribution of the environment to
sample resource locations [147], and combined with artificial pheromones and the Keller—Segel
model [118].

Social odometry was proposed in [119, , O7] to address collective foraging and localization
problems. Each robot in the swarm has its own estimate of its own position in the environment.
Moreover, the robots also stored a confidence level associated to the position estimate. Such
confidence level decreases as time and distance navigated grow, due to odometry errors.
Therefore, social odometry is a distributed online learning algorithm that uses the estimates
of other neighboring robots to reinforce their confidence levels, and improve their estimations
about self and goal locations. Social odometry was applied to central-place foraging tasks
with a single resource area [1419, |, and with multiple resource areas so that robots have to
find the path to the closest one [57].

In addition to manually designed robot controllers, optimization algorithms have been also
widely explored in foraging. Genetic algorithms have been used to evolve the parameters of
the CPFA [55], the MPFA [75, 70], and Lévy search strategies [110]. Besides, Ferrante et
al. [151] addressed foraging from a task partitioning perspective. Their experiments consisted
of a group of mobile robots that had to collect resources and deposit them in a nest area, in
both flat and sloped environments. Therefore, they proposed to partition the overall problem
into a set of sub-tasks or primitives: (i) dropper robots that collect the resources and deposit
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them in a temporary depot, and (ii) collectors that transport the stored items from the
temporary depot to the central nest. They compared scenarios in which sub-tasks were either
pre-defined or evolved from zero, using only very low-level behaviors (e.g. phototaxis and
random walk). In the latter case, they used grammatical evolution to evolve grammar rules
that define compositions of the basic primitives. Additionally, in [67] the authors used the
NEAT algorithm to evolve the parameters and topology of the ANN that defined the foraging
behavior of the robots. They compared the results using NEAT to the CPFA and the DDSA,
showing equivalent performance of their evolved model.
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Chapter 3

Emergence of Communication

3.1 Definitions

C. E.

Shannon proposed in 1948 a mathematical formulation of a communication system [152].

Its model relied on three fundamental parts: the transmitter, the communication channel,
and the receiver.

(1)

Transmission: the transmitting entity (i.e. a person, an animal, or a machine) aims
to forward some message with an associated meaning grounded on some information
source (e.g. an external or internal event, or a previously received message). The
message is converted into a signal and transmitted via some actuation mechanism, such
as vocalization, gesturing, locomotion, or radiofrequency transmission.

Communication channel: the signal in which the message is encoded is transmitted
through a physical medium (e.g. air in the case of sound-based communication, or
radiofrequency spectrum in the case of RF communication), and it is corrupted by
some noise source associated to the communication channel. Here, one can consider a
wide variety of sources of noise, depending on the communication system itself. Some
examples are RF or sound interferences, distractions of different kinds if the agents
involved in the communication are living beings, or distortions due to darkness or
because of the observer’s perspective in non-verbal communications.

Reception: the receiver perceives the noisy version of the emitted signal, that has to be
decoded into the correct message. Such decoding is ideally the inverse of the encoding
message-to-signal mapping at the transmission side. The decoded message is fed to the
destination (i.e. person, animal, or machine) who interprets and actuates accodingly.

In this PhD. Thesis, this formulation is adapted to the diagram shown in Figure 3.1A,
where the organisms involved in the communication are the speaker and hearer, and the
communication channel is more broadly refered as environment. The environment not only
encompasses the communication medium, but it is also where agents perceive external events
(such as threats or resources), and materialize their actions as behaviors. Moreover, agents
perform the encoding and decoding of messages and signals through a cognition module (e.g.

33



Rafael Sendra Arranz

Behavior

Perception |» Cognition [

— Cognition »| Actuation

Hearer

Figure 3.1: Basic definition of a communication system. (A) Generic diagram of a
communication system between embodied and situated agents. (B) Diagram of the communication
mechanics of vervet monkeys. All the images of animals were generated using Al from https:
//deepai.org/machine-learning-model/text2img

a biological or artificial neural network), which may also encompass working memory, decision
making, or reasoning.

Oliphant also provided a basic formalism of a communication system in [153, 154]. There,
the mapping between a meaning g and a signal ¢ is modeled as a probability function
s(, o). Similary, the decoding of some signal ¢ into a meaning p is modeled as the probability
function r (o, pt). Therefore, encoding and decoding probabilities can be arranged as probability
matrices S and R, that map M meanings onto N signals, and viceversa (see Equations 3.1a

and 3.1b).

s(pr,00) - s(par, 01) r(oy, ) oo r(ow, par)
S = : : (3.1a) R : - :

s(pr,on) o+ s, oN) r(on, 1) oo r(oN, par)

(3.1b)

A representative example of a communication system in nature is presented in societies
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of vervet monkeys, that warn other individuals about the presence of predators through
alarm calls. Moreover, such calls differ depending on the type of predator sighted, and other
listening monkeys react with differentiated response behaviors accordingly [35]. A simplified
representation of this animal communication system is depicted in Figure 3.1B, where vervet
monkeys perceive three different threats (leopards, snakes, and eagles), produce three alarm
calls (signals) specific to each predator, and accordingly respond with three different behaviors
(climb, look down, or look up).

Under the frame of communication systems in nature, Wilson provided in [38] the following
general definition of biological communication:

“Biological communication is the action on the part of one organism (or cell)
that alters the probability pattern of behavior in another organism (or cell) in a
fashion adaptive to either one or both of the participants. By adaptive I mean
that the signaling, or the response, or both, have been genetically programmed to
some extent by natural selection. Communication is neither the signal by itself
nor the response; it is instead the relation between the two.” ( [38], p. 253)

Additionally, some authors have distinguished three types of social interactions depend-
ing on the purpose of the communication and the agent or agents that benefit from such
interaction [155, 153]:

- Ezxploitation: the hearer exploits some signal or behavior produced by some unconscious
speaker, so that the listening organism is the only individual that benefits from the
interaction.

- Manipulation: the speaker intentionally generates some signal or behavior that triggers
some desired response or behavior in an unconscious hearer. The speaker is the only
individual that benefits from the interaction through manipulation.

- Communication: “true” communication is produced when both agents involved in the
communication, the speaker and the hearer, knowlingly benefit from the interaction.

With this taxonomy in mind, Oliphant[!53] defined communication as follows:

“An act of communication is a causal chain of events, whereby one individual,
the sender, exhibits a behavior in response to a particular situation, and a
second individual, the receiver, responds to this behavior. Such an interaction is
communicative if it involves manipulation on the part of the sender and exploitation
on the part of the receiver.” ( [153] p. 14).

In the context of SR and AI, communication systems in societies of artificial organisms are
divided into three categories [156]:

- Indirect communication: is characterized by a communication through physical contact,
via the sensor readings [77, , , 64].

- Stigmergy: denotes indirect communication that uses the environment as the communi-
cation medium [159, 140, 55].

- Direct communication: requires explicit transmission and processing of signals and
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symbols whose meaning is correlated to the specific task. There are multiple works in
the literature that employ direct communication to solve a wide variety of SR tasks,
with diverse communication technologies and completely different emergent or designed
communication semantics (see, e.g., [50, 8, 7,9, 10, 25]).

3.2 From signaling to language

What are the main differences between signaling-based interactions, common in most animal
communications, and complex languages like human language? Before diving into the more
intricate language-based communications, the most basic form of communication, namely,
signaling, is defined. A signaling-based communication is understood in this PhD Thesis
as an interaction between one signaler (or speaker) and one or more receivers (or hearers),
so that the signaler notifies the receivers about some event, or condition ocurring in the
environment where all of them are embodied and situated. Such transmitted signal must,
moreover, trigger some response or behavior on the individuals listening. Broadly speaking, a
signaling communication can be manipulative, explotative, or both.

In contrast, a language is a much more complex an elaborated symbolic communication process
that is characterized by the following characteristics that signaling systems lack [15, 16]:

- Symbolic communication and compositionality: language is based on symbols, commonly
refered as words or morphemes, that are collected as a lexicon or vocabulary. Moreover,
symbols can be manipulated and combined through rules, i.e. grammar, to give rise to
other symbols with different or modified meanings. As a part of grammar, words are
divided into syntactic categories (e.g. nouns and verbs) that, when combined, give rise
to properties such as predication, deixis, or referential communication.

- Duality of patterning: meaningful symbols (e.g. words) are composed by other lower-level
units (e.g. phonemes or syllables) that lack of meaning by their own.

- Arbitrariness: the relation between the words in a language and the external referent
on which they are grounded is arbitrary. This implies that words do not resemble or
correlate with the entity that they represent.

- Cultural transmission: even though there can be a strong evolutionary component
that gives rise to language pre-adaptations; language, lexicons, and grammar rules are
culturally transmitted among language users.

- Displaced communication: language can be used to refer to entities or events that are
currently not observable (neither in time nor in space). That is, it is possible to speak
about an elephant even though no elephant is visible by the speaker at that moment
(and in some cases the speaker has never seen an elephant in the past).

Language-based communications should include all or most of these complex features in order
to be clearly differentiated from lower-level forms of communication, such as signaling. Some
communication systems in the animal realm present some of these properties in isolation,
and, however, we clearly classify them as signaling communications that are utterly simpler
and less intricate than human language. Two interesting examples are the waggle dance
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of honey bees and the alarm calls of vervet monkeys (see Section 2.3). In the former case,
the dance-based signaling of honey bees exhibits some features of displaced communication,
because workers signal infomation about distant resources that are not observable from the
hive, neither temporally nor spatially. However, the communicated signals of the waggle dance
are not arbitrary because the signal explicitly encodes the meaning being communicated.
Specifically, the distance and direction from the hive to the resource are encoded in the length
and orientation of the straight run of the waggle dance. In contrast, the mapping of meanings
and signals of the vervet monkeys can be conceived as an arbitrary relation. That is, the
alarm call is not correlated to the sighted predator. Nonetheless, the signaling of vervet
monkeys is not a displaced communication (it cannot express “There was a snake yesterday”),
and it is mostly innately defined.

3.3 Origins and conditions for the emergence of com-
munication

M. H. Christiansen and S. Kirby suggest and categorize the origins of language and communi-
cation as one of the hardest problems of science [160]. It is an unsolved and open problem
that requires the interdisciplinary collaboration from many fields of knowledge [161, 16], such
as linguists, cognitive scientists, roboticists, or biologists, among others. However, in order to
unveil the origins of human language it is crucial to focus firstly on the origins of the most
basic forms of communication, i.e. signaling.

In [162], it is distinguished between evolution of communication, related to simple and usually
signaling-based communication systems in animals, and evolution of language, understood as
human-like language. Moreover, they state that “the study of language is inherently connected
to the evolution of animal communication”. The focus of this subsection lies on the evolution
of animal-like signaling communications, as the basis for Chapter 3.5 where the pillars of
language are revisited.

Phylogenetic problem of communication

One of the main issues and open questions when studying the emergence and evolutionary
origins of signaling (and communication in general) is the phylogenetic problem of commu-
nication (see [103]). Essentially, it states that the emergence of communication requires
the co-evolution of both signal emission by an agent and its corresponding response (in
terms of behavior or communication) of listener agents. This paradoz has been mentioned in
many studies about the origins of communication (see e.g. [77, 164, 81, 163, 2]) and can be
summarized by the words of Maynard Smith in [165]:

“It’s no good making a signal unless it is understood, and a signal will not be
understood the first time it is made” ( [165] p. 208).

Nonetheless, from an evolutionary point of view, it is utterly unlikely that simultaneous
mutations give rise to both speaker and hearer roles at the same time. And, furthermore, if
either speaker or hearer roles are evolved first, it is also improbable that these traits persist
long enoungh through the evolution history. The reasoning behind this statement is that
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the evolution of only one of the communication roles would not result in a fitness increase
or higher survival chances until the complementary skill is present too. As explained in [77],
there are two possible hypotheses to solve this paradoz:

(1) some agents tend to “unintentionally” produce signals collaterally to their non-
communicative behaviors. The collateral signal can be the behavior itself, that is
potentially observed by other individuals, or some dedicated signal generated through
common neural activity patterns. In any of these scenarios, other observers are evolved
with the ability to interpret and react to the pre-existing signals.

(2) some individuals develop the tendency to react to many incoming stimuli from the
environment and from other organisms. Therefore, evolution can use these arbitrary
and initially non-communicative responses to elaborate proper signals that elicit the
expected behaviors on the reception side.

Similarly, Mirolli and Parisi define in [163] two different types of emerging communications:

- Ezploitation of a receiver bias: some individuals are sensitive and responsive to certain
environmental stimuli that causes behavioral effects. Thus, other organisms exploit this
reaction to “consciously” emit a similar signal that evokes the desired behavior of the
listener. In other words, the communication is based on manipulation strategies, where
only the speaker benefits from the communication.

- Eaxploitation of a producer bias: some individuals develop and repeat behaviors that
“unintentionally” correlate with some information or event of the environment. Conse-
quently, observers exploit this bias and interpret it as a communicative signal. As it
was discussed in [163] and reviewed further in this section, this kind of exploitation can
explain the emergence of altruistic communications in biological and artificial societies,
where only the hearers benefit from the communication.

Ritualization

There is a general consensus about the origins of basic communication, suggesting that it
may have evolved on the basis of pre-existing non-communicative behaviors. This statement
has been observed and studied under the frame of both animal communication [166, 167] and
simulated artificial systems [77, 82]. In [38], this semanticization process in evolution is called
ritualization. Wilson defines the concept of ritualization as follows:

“(...) ritualization, the evolutionary process by which a behavior pattern
changes to become increasingly effective as a signal. Commonly and perhaps
invariably, the process begins when some movement, anatomical feature or physio-
logical trait that is functional in quite another context acquires a secondary value
as a signal” ( [38], p. 317).

Ritualization has been used to explain the origins of multiple communicative behaviors in
nature. For instance, Scott et al. showed in [160] that the vibratory signals that are generated
by caterpillars to communicate their ownership of some territory may have originated from
previous locomotion behaviors. Ritualization is also a plausible hypothesis to explain the
evolutionary origins of waggle dance communication in honey bees [165], which resembles
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a miniaturized version of their actual foraging, and stigmergic communication in ants via
pheromones [167].

Altruism

Another important issue that arises is the emergence of altruistic communication. A com-
munication system is said to be altruistic if only one of the communicating individuals, the
hearer, is benefited from the interaction. Such altruistic communication is not only observed in
humans, but also in animal communication systems such as the alarm calls of vervet monkeys
to warn about the presence and type of predators to other monkeys, at the cost of exposing
the caller [35]. How is it possible that altruistic signaling traits are preserved and developed
when the signaler has no direct increase of fitness, survival chances, or reproduction success?
One possible explanation is, indeed, ritualization, because the listener could potentially be
exploiting some non-communicative behavior of an unconscious speaker (exploitation of a
producer bias). However, this phenomenum is only plausible either in very simplistic signaling
communications, and only to explain the origins of the altruistic communication (not its
preservation). Recalling the example of the vervet monkeys, the alarm calls not only warn
about the presence of predators, but also encode the type of predator detected (e.g. pythons,
leopards, and eagles), so that listeners can react accordingly [35]. Such altruistic signaling
may have originated through ritualization, but it has clearly not evolved into an unconscious
call. Another powerful explanation is the kin relatedness between speaker and hearer, so
that both individuals involved in the communication are genetically similar. The reasoning
behind this hypothesis is that both speaker’s call and hearer’s response traits are enconded in
the same genome, which is shared in both communicating individuals due to their kinship.
The importance of kin relatedness to explain the origins of communication has been widely
explored using computer simulations (see e.g. [169, 80, , , 817).

Artificial life and computer simulations

Studying the evolutionary origins of communication is an utterly complex task due to the large
amount of theories and scarce, or even non-existent, empirical basis [162]. More importantly,
the evolutionary and cultural origins of a communication system is a non-repeated event
that cannot be observed directly [171]. In order to figure out the origins and evolutionary
trajectories of communication, researchers can barely rely on archaeological evidence and
fossil records [162, 172], and on other species that share a common ancestor in the evolution
history. Computer simulations and the evolution of artificial life is a relatively novel tool that
can bring some light to the study of the origins of communication.

Artificial life presents many limitations, and it cannot be used to demonstrate and unify the
origins of animal communicaiton or human language. However, it can be used to partly assess
certain hypothesis and ideas in a virtual scenario with a fully customized and controllable
artificial evolution. In other words, it can be used to complement and reinforce other disciplines
devoted to language evolution (e.g. phylogenetics, linguistics, biology, or paleoanthropology).
In [161], the authors collected three main roles and use cases of computational models and
simulations in the field of evolution of language and communication:
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e Fuvaluation: due to its rigurosity, computational models and simulations can be used to
assess whether or not some event or condition is the cause of some phenomenum (in
this case the emergence of communication), at least in the simulated world.

o FExploration: computer simulations can guide researchers to elaborate new theories and
hypotheses.

o FExemplification: computational simulations can be also used to explain more easily
some aspects of the evolution of communication.

M. H. Christiansen and S. Kirby also highlight in [I61] that computational simulations
should not be used in isolation. They should be used jointly with theoretical considerations,
mathematical modeling, experimentation and data collection.

3.4 Emergence of signaling in swarm robotics

The emergence of low-level signaling communications in societies of robots is mostly addressed
from the paradigm of evolutionary robotics. That is, communication semantics emerges as a
result of an evolutionary process. Before delving into the extensive literature review, it is
important to define the following types of evolved communications, depending on the emerged
semantics [173]:

- Abstract communication: only the abstract message transmitted between the agents is
communicative. That is, all the semantics lie on the message content, and it can be
understood and processed in the abscence of its context within the environment.

- Situated communication: both the message and its context and situatedness within the
environment are communicative. The message content cannot be understood without
the associated environmental context. A great example of situated semantics would be
the stigmergic communication through pheromones, because the pheromone trail cannot
be interpreted without the location where it was deposited in the environment.

In [77], Quinn studied the origins of communication from a group of initially non-communicative
agents. He explored the hypothesis that communication emerges during the evolution process
from previous non-communicative behaviors. Moreover, he stated that to properly study the
origins and evolutionary paths of communication using artificial life simulations, dedicated
communication channels should be discarded. His main arguments were that dedicated com-
munication channels are specific and functionally isolated to send and receive communication
signals, that are only potentially useful in a strictly communicative context. The sole act of
designing dedicated communication channels and deciding the potential signals or symbols
that can be transmitted is an indirect imposition to communication. Furthermore, the use of
dedicated communication channels precludes the incremental evolution of communication from
non-communicative behaviors. Quinn proposed a proof-of-concept experiment to demonstrate
that communication can be successfully evolved without using dedicated channels. The
featured task was a collective navigation in which two mobile robots had to move away from
their initial positions while keeping in sight (staying within sensor range). Each experiment
simulation lasted 10 seconds and the initial positions and orientations of the robots were
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selected randomly among a set of possible configurations. In order to succeed in the task,
some sort of communication was required between the pair of robots. However, his robots did
not have access to dedicated channels, so that they could only communicate through motion
patters via motor wheel control and using eight IR sensors. Quinn’s results revealed that it is
possible to evolve communication without dedicated and functionally isolated communication
channels. The evolved behavior was the following: (1) An agent rotates counter-clockwise
until it faces the partner. (2) Once both agents face each other, one of them moves away
(backwards) from the other, resulting in the latter moving towards the former (forward) as a
consequence. (3) This coordinated back and forth “dancing” is repeated until the experiment
concludes. Notice that not only the robots communicate in the form of a non-trivial “dancing”
that was evolved from zero, but also they autonomously allocate the leader and follower roles
in the “dancing” without any bias or predisposition towards none of these roles. Moreover,
the author also analyses the evolution history, showing an incremental evolution starting
from very basic non-communicative behaviors, such as straight line navigation and collision
avoidance, up to the previously described evolved role-based communication.

In [78] and [79], the authors investigated the origins and emergence of communication in
artificial evolution in a collective navigation task. In their experiment, there were two goal
ground areas and a team of four homogeneous robots, so that the aim of the agents was
to aggregate in groups of equal size in the two areas (i.e. two robots in each target area).
In contrast to [77], robots used dedicated channels to communicate with other neighbors.
After the evolution of the robot neurocontrollers, in [79], the authors discovered that the
emerged communication was an interesting signaling process with a zoo of non-trivial signals.
They also verified that the signals properly triggered important modifications in the listener
robots, not only in terms of motor behavior but in the communication itself. For instance,
one of the evolved signals, signal B, was produced when a robot was located alone inside a
goal area. In turn, the reception of signal B caused both a tendency to approach the source
of the signal and the production of a second signal, signal D. The semantics of the signals
were grounded both on the current states of the robot and its team mates, and on their
situation within the environment. As an example, the emerged signal C' caused different
motor reactions depending on the location of the agent listening (i.e. inside or outside the
target area). The work in [78] deepened more into the origins and evolutionary pathways of
the emerged signaling. By exploring the different behaviors of the robots across generations,
they found out that the evolution of communication can be characterized as a co-evolution
of motor and communicative behaviors. In other words, motor behaviors are the basis to
evolve new communicative and signaling skills and, in turn, the new communicative are used
to produce novel and more complex motor actions. Therefore, they highlighted that the
semantics of the evolved signals are not only grounded on sensorimotor signal, but also on
previously acquired robot behaviors.

In an earlier work, Marocco et al. [30] studied the emergence and origins of communication in
a completely different task. They proposed a collective categorization of objects of different
shapes. Agents, modelled as three-link arms with six degrees of freedom, could sense the
objects through touch sensors. The robots were controlled by ANNs whose parameters were
evolved using a GA. Even though the experiments involved a single robot, the agents could
communicate with other individuals of the GA population (e.g. with the parents) in order to
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share information about the categorized objects and actions. They studied the emergence of
communication in two separate experiments devoted to: (¢) the emergence of basic signaling
and signals grounded to nouns, and (7) the evolution and emergence of verbs. In the first
experiment, they assessed the emerged communication under the following specific conditions
and constrains:

Parent_Speaker: Communication is only possible with parents in the GA population.

A11 Speaker: Communication is possible with any individual in the GA population.

From_0: Communication is available from the first generation of GA evolution.

From_500: Communication is only available from generation 500 of GA evolution.

Comparing the results of the evolved solutions under conditions Parent Speaker and
A1l _Speaker, the authors found that communication between kin individuals (i.e. com-
munication with parents) led to clear benefits and improvements in the emerged signaling.
According to their findings, one of the main reasons for this cause was the use of stable
and reliable signals in the communication between the two relatives. Furthermore, the sole
action of transmitting a meaningful and useful signal to other agents did not imply a fitness
increase. Thus, there was an altruistic behavior in the communication, up to some degree.
According to the authors, this altruistic behavior can be owed to the kinship relationship and
genetic similarity between the sender and the listener (see also [169]). They observed another
important finding resulting from the comparison between From_0 and From_500 evolution
results. Specifically, they concluded that the evolved communication is more efficient and
superior when the communication is enabled from generation 500 (From_500). This finding
suggests that the emergence of signaling communication is more likely after the evolution of
more basic non-communicative behaviors, that pave the way for more complex and specific
cognitive behaviors such as communication. These conclusions match with the previously
described results observed in [77] and in [78] (posterior work).

The authors of [31] studied the conditions for the evolution and emergence of communication
and signaling in populations of initially naive and non-communicative robots. They proposed
a foraging task with one food area and one poison area, both of them emitting a red light.
Thus, even though the robots were able to perceive the areas from the distance, they could
only distinguish the type of area in the short range. Robots could potentially emit blue light
to communicate with other robots, and their behavior was determined by a feed-forward
neural network subject to artificial evolution. Their results revealed two main conditions for
the emergence of a beneficial and cooperating communication:

- Kin structure: the robots are genetically similar and related,
- Level of selection: selection during the evolutionary process applied at the colony level.

They repeated the evolution of communication in scenarios that fulfill the previous conditions
in 20 different trials. Beneficial signaling emerged in all of the experiments. Nonetheless, they
observed two types of signal semantics: (i) senders signal the presence of nearby food and
listeners react by approaching the food area (in 12 out of 20 experiments), and (ii) senders
signal the presence of nearby poison and listeners react by escaping from the poison area (in
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8 out of 20 experiments). In the experiments where any of these conditions were not met,
the emerged communication was deceptive (e.g. the robots emitted signals when they are
far away from both food and poison zones). Moreover, they surprisingly found that listeners
navigated towards the source of the signals instead of ignoring or avoiding them. Another
finding was that once an stable signaling communication emerges it becomes stagnant, with
no evolutionary improvements. They hypothesized that such stagnation was because any
alteration of the signaling, meaning or motor response, would result in a noticeable fitness
decrease before finding another fitness maximum with a more complex communication system
(similar to the analogy of “a needle in a haystack” posed in [171]).

Mirolli and Parisi also studied in [170] the emergence of altruistic communication and the
importance of kin relatedness of the agents. They proposed a task with simulated agents
in which communication only favours the hearer, bringing no benefit to the signal producer.
The robots were controlled by ANNs evolved using a GA, and the environment where
the experimients took place was a corridor with discrete positions (tiles or cells). In each
simulation, the speaker was positioned on the leftmost cell and the hearer was located on the
right side of the corridor. Moreover, a “mushroom”, that can be either edible or poisonous, is
instantiated nearby the speaker. Agents can only perceive mushrooms that are located in
their immediate surroundings (within one cell), but they can communicate with the other
agent in the long range. More precisely, the speaker, that is initially close to the mushroom
can potentially signal its type (edible or poisonous) to the distant hearer. However, eating
a mushroom implies benefits or consequences depending on its edibility: eating an edible
mushroom increases the individual’s fitness score, whereas a poisonous mushroom implies a
decrease of the fitness value. Therefore, signaling the type of mushroom to the other robot
is an altruist act because only the hearers benefits from the communication. The results
revealed that efficient and stable altruist communication could not be evolved successfully.
They found that unstable evolution of communication was caused by the existence of mutant
speakers, that generated bad signals that misled the hearer agents. The authors overcame
this problem using two important hypotheses of the emergence of altruistic communication:
(1) kin relatedness between the communicating agents, and (2) cultural transmission. For the
former case, they included an additional parameter that determines the probability that both
speaker and hearer are genetically similar. The results in terms population average fitness
and language quality revealed that, indeed, kin relatedness increases the success of altruistic
communications. The authors also assessed the importance of cultural transmission, exploring
the concept of docility [175]. In this context, it refers to the willingness of an individual
(mostly infant) to learn the communication semantics and mechanics from others, through
cultural evolution. In order to accomplish this experiment, Mirolli and Parisi completely
reduced the genotype of the agents to a single gene that encodes the individual’s docility.
Weights of the ANN controllers were randomly initialized at the beginning of each simulation,
and were culturally optimized through a back propagation algorithm using the agents’ parents
as teachers. The docility value represented the number of learning loops in which each agent
engages during its infancy period.

In [1], a sound signaling was evolved in a task that does not necessarily require communication
to be solved. The task was a categorization task in which mobile robots were requested to
discriminate between two possible environments, and act accordingly. The environment was
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composed by a light source surrounded by 3 different circular crown areas of different colors.
The colors of the circular crowns corresponded to different tones of grey, being the innermost
area colored in black. The black circular crown was a danger area that cannot be crossed by
a robot, while the grey tone of the outermost areas indicated to the agents proximity to the
danger zone.

Figure 3.2: Environments in the categorization task in [1]. (a) Env A: the target area can
be accessed through a way-in zone safe area. (b) Env B: the target area cannot be accessed by the
agents. The source of the figure is [1].

The two possible environments, namely, Fnv A and Env B, are depicted in Figure 3.2. Env A
presents an entrance to the target light source without danger area, referred by the authors
as way-in zone. Alternatively, the danger circular crown in Env B completely surrounds
the target area, so that robots can by no means access the light source. The aim of the
task was that robots seek the light source in Env A while avoiding it in Fnv B. After the
evolution of the CTRNN controllers, the results disclosed that the robots were able to correctly
solve the task in 13 out of 20 evolutionary runs. Moreover, the authors also observed that,
among those 13 successful evolutions, sound signaling emerged in 9 runs. They verified that
signaling is more relevant and notable when Fnv B is shown to the agents, whereas it is
almost negligible in EFnv A. Furthermore, when signaling did emerge it produced clear effects
and alterations on the behavior of the robot listening, and an increse in the overall group
performance. Specifically, they found out that the perception of a sound signal led to a switch
from phototazis to antiphototaxis behaviors. In accordance with previous works studying
the origins of communication [77, 80, 78], in [!] it was also found that the most basic forms
of communication, i.e. signaling, seem to arise after the acquisition of non-communicative
behaviors. In their experiment, Ampatzis et al. observed that the first emitted signals in
the evolution history carried no apparent meaning and produced no effect at the reception
side. Actual communication, understood as the combination of an emitted signal and its
behavioral or communicative response, started to emerge only after the first individual and
non-communicative categorization behaviors.

E. Tuci studied in [2] the phylogenetic problem of communication (see Section 3.3) in a
categorization task that requires the communication between two robots. The robots were
endowed with a simple sound-based communication system, although their initial behavior was
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Figure 3.3: Environments considered in [2] for the emergence of reciprocal communication. The
source of the figure is [2].

non-communicative. It was an ER algorithm the building block that guided a CTRNN-based
robot controller towards effecive communicative behaviors. The author proposed the following
task (see Figure 3.3 for a graphical illustration of the task setup): Two robots were placed on
each side of a rectangular arena constrained by walls. The arena was divided into two equiareal
portions by a revolving door, that can be rotated either clockwise or counter clockwise by
the robots to cross to the opposite side. Notheless, the door can only be rotated if both
agents simulatenously push it in opposite directions from each arena side. A ground area
is located in the outermost section of each side of the arena. Tuci establishes four different
variations of the environment (E%, E% E1° and E'!), depending on the colors (gray or black)
of the ground areas. Moreover, each specific environment dictates the forces that the robots
should apply to the door in order to rotate it (see Figure 3.3). Each robot only knows the
color of one of the ground areas and, therefore, some sort of communication is compulsory
to categorize the type of environment. The results of this study revealed that rewarding
the categorization capabilities of the robots in the fitness function had a possitive impact
on the evolution of signaling. Specifically, it was relevant for preserving early and simple
non-communicative behaviors related to categorization, that eventually could give rise to
effective reciprocal signaling.

Wischmann et al. studied in [176] how historical contingency can notably affect the evolution
of different signaling communications under the same selective pressure. They addressed this
problem using simulated robots, controlled by neural controllers, devoted to solve a foraging
task. Specifically, the agents must discover and aggregate inside an initially unknown food
area. Robots could potentially emit blue and green lights, so that communication can emerge
either across one or two communication channels. They repeated the evolution process in
20 independent runs and, surprisingly, they showed that two different kinds of signaling
behaviors emerged. In some cases, the robots only used one of the colors to notify the presence
of food, whereas in the other evolutionary runs the robots exploited both signals (green
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and blue) in their communication process. When comparing both emerged communications,
they authors discovered that the (less complex) signaling that uses only one color leads to
higher performance than its more elaborate counterpart. They also highlighted that the
first important traits characterizing each signaling, and leading to its emergence, occurred at
the early stages of the artificial evolution, having a high impact on the whole evolutionary
path traced. They reasoned that the emergence of these different signaling systems under
the same environment and selective pressure is due to historical contingencies. That is, the
evolutionary divergences are caused by the stochasticity in the evolutionary process and due
to the randomness of historical events and genetic operators. Moreover, the authors also
pointed out that, once emerged, the signaling becomes stable and stagnant, unable to optimize
to other more refined and better performing communication systems. In a second experiment
in [176], the impact of historical contingency in competitive skills was studied. Instead of
setting a fully cooperative group of foragers, as in the first experiment, two groups of robots
from different populations competed for accessing limited food resources. In contrast to the
first experiment, they showed that the group whose communication was based on the two
colors performed better. They attributed this performance swap to the high robustness of the
more complex signal.

The authors of [32] explore the emergence of displaced communication in an abstract foraging
task. Displaced communication refers to communication systems and signaling processes
where the subject of the communication is not immediately present or visible. Displaced
communication not only is always part of human communication but it has also been observed
in animals (being the honeybee waggle dance one of its main exponents). In order to study this
complex type of communication, Bernard et al. proposed in [32] a simple abstract foraging task
with multiple food areas an a nest located along a circumference (world is one-dimensional).
The agents can visit the different areas by moving along the circumference, and food is only
present in one of the food areas simultaneously, so that agents can use communication to
notify others about the location of food. Nonetheless, owing to the fact that robots can only
communicate inside the nest, some sort of displaced communication is required for an effective
signaling. The results of the evolution revealed that the information and semantics of the
communication were not modulated by the amplitude of the signals. Instead, the information
about the food location lied on either the timing of onset-delay, the duration of the signal, or
both. Amplitude modulation did also emerge in some evolutionary runs in which encoding
via onset-delay and duration was prohibited. Surprisingly, they experimentally verified that
onset-delay and duration encoding did emerge over amplitude encoding regardless of the
fact that the latter resulted in a better performance. Their confirmed hypothesis was that
signaling encoding food location via amplitude of the signal was much more difficult and
takes more generations to evolve. Bernard et al. argue about the findings of [77], stating
that evolutionary origins of communication should be effectively studied with the use of
dedicated and functionally isolated channels. They explain the evolutionary predilection of
onset-delay and duration encondings because amplitude encoding cannot be easily evolved
from previous a priori non-communicative behaviors. Instead, the signaling via duration or
onset-delay can be incrementally evolved from previously acquired behaviors. For instance,
the distance to the target correlates with the time taken by an agent to return to the nest from
the correct food source. This behavior, that was not initially interpreted and communicative,
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did evolve into a transmitted signal and its corresponding behavior response at the reception
side. In general, they associated this incremental evolution of signaling with the concept of
ritualization [177, , |, in which previously established behaviors in an organism lose
or extend its functionality to develop new communicative skills. Besides, another finding
in [32] that matches with the observations of [$1] and [170] is that once some sort of effective
communication system has emerged, it is highly improbable that evolution is guided towards
a novel and improved communication. As Floreano et al. [31] also hypothesised, this is
likely caused by the immediate abrupt decrease in fitness that results from leaving one
communication system to develop a new one.

3.5 Emergence of Language

Human language is the greatest exponent of an utterly complex emergent communication
system that exhibits intricate properties such as compositionality, arbitrariness, recusiveness,
or displaced communication, among many others [15, 16]. Most of these properties have not
been clearly observed in any other communication mechanism in the animal realm. The
transition from signaling-based communication mechanics to symbolic and language-like
communication is a complex mystery yet to be solved and understood. A traditional line of
research and current of thought, which greatest exponent being Noam Chomsky, proposes that
language is mostly innate and acquired through biological evolution [179, |. This claim
is motivated by the poverty of stimulus and the fast learning of new languages by children.
Chomsky’s nativism suggests that there is a cognitive module, genetically determined and
transmitted, called the Language Acquisition Device (LAD) [180]. The LAD encodes the
set of invariant and universal language rules, known as Universal Grammar. Therefore,
children’s language learning starts from this innate initial state and it is further specialized
to the taught language in a process of parameter setting. Additionally, Fodor’s Language
of Thought [131] proposes a distinction between the natural language used to communicate
and the mental language, or Mentalese, where thinking and cognition takes place. Words,
sentences, and, compositional semantics of natural language are associated with an equivalent
in the mentalese. In line with Chomsky’s nativism, Fodor argues that the language of thought
is innate and genetically determined.

The nativist thought school drastically diverges from the behaviorist theory of language
acquisition, being B. F. Skinner and his book Verbal Behavior [182] the most important
representative. The behaviorist theory claims that the language acquisition is mainly produced
through a process of learning, reinforcement, and imitation, rather than being genetically
determined. Nonetheless, Skinner’s work was heavily criticized by Chomsky in [183].

More recently, several authors have proposed an intermediate hypothesis, stating that the
emergence, origins and acquisition of language derives from three interacting and interfering
processes, namely, (7) individual learning, (7i) biological evolution, (7i7) cultural transmis-
sion [181, , ]. These three dynamic processes and their main interactions, depicted in
Figure 3.4, are the following:

- Biological evolution (phylogeny) conditions the individual’s cognitive and linguistic
capabilities. Evolution imposes a learning bias that affects the language acquisition and
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comprehension of individuals.

- Individual learning (ontogeny) involves the acquisition and comprehension of language
at the agent’s lifetime scale. Learning is conditioned by the individual’s environment
and the cognitive resources genetically determined by the biological evolution. The
learning causes a great impact on language transmission to new generations and on the
language change through cultural dynamics.

- Cultural transmission (glossogeny) refers to the propagation, cultural evolution, and
language change across generations (at a historical time scale). Cultural transmission
in turn affects biological evolution through an indirect fitness increase and alteration of
the fitness landscape.

Alteration of fitness

landscape —» P hylogeny

Learning
bias

Glossogeny[¢————— Ontogeny

Language
adaptation

Figure 3.4: Processes involved in the emergence of language. Figure adapted from [181].

According to this decomposition, the three processes occur at different time scales and affect
each other in a closed loop. Therefore, it seems reasonable to believe that all of them are
of essence to fully unveil the origins of language. In contrast to the previous section that
reviewed the artificial evolution of communication, this section is focused mainly on the
cultural substrate of language emergence.

3.5.1 The Symbol Grounding Problem

Cognition, human thinking and intelligent systems have been traditionally hypothesized to be
based on symbols, composition of symbols, and rules to manipulate those symbols [131, ].
However, symbols, instead of being purely abstract representations, must be somehow linked
to entities, events, or experiences about the real world. Far from being trivial, this requisite
is know as the Symbol Grounding Problem (SGP) [13], usually considered as one of the
fundamental problems in AI, robotics and, more abstractly, philosophy. The SGP poses the
question on how symbols are grounded on physical and external referents in the world, and
how they acquire meaning. Harnad distinguishes three main phases that should be satisfied
in the grounding of symbols (see [13, 14]):

- Iconisation: or categorization is the process of transforming analog sensory signals, which
are projections of the external world perceived by the agents via a sensory apparatus,
into iconic representations. These icons are sub-symbolic representations that generally
resemble sensor stimuli (belonging to the same input space).
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- Discrimination: is a process characterized by the ability to determine whether two
input signals are the same or not, and, in the latter case, how different the signals
are. Discrimination is highly related to the iconisation process, because the formation
of solid iconic representations, that reflect invariant and distinctive properties of the
external object on which they are grounded, is of essence for an efficient discrimination.

- Identification: is a complex process that implies the assignment of a symbol or meaning
that uniquely abstracts a given iconic representation. Discrimination and identification
should not be understood as the same operation, as the outcome of the former are
categories that are non-symbolic representations. In the words of Harnad, “I could be
discriminating things without knowing what they were” [13]. Besides, as pointed out
in [187], there is a major distinction between an icon and a symbol. Specifically, an
icon resembles and looks like the object it represents, whereas a symbol shares no direct
or indirect relation with such object. The meanings resulting from the identification
should be symbolic and agents should be able to operate with them systematically.
Moreover, the associations among iconic representations and meanings are commonly
considered as an arbitrary mapping [13, 11], which is learnt from experience or by
convention. Even though the identification is an arbitrary process, the out-coming
meanings should be symbolic and exhibit systematic properties, such as recursiveness
and compositionality. Harnad mentions in [13] the example of the word zebra, which
results from the combination of the words horse and stripes.

3.5.2 The Physical Symbol Grounding Problem in embodied and
situated agents

The Principle of Embodiment [188, | states that the meaning of external objects and
symbols is defined by the physical interactions of the agent with the environment. It has been,
moreover, argued that intelligence cannot be considered without embodiment and physical
interaction [189]. In contrast to symbol systems [186, 13], Brooks suggested in [190] that
assuming that the Physical Grounding Hypothesis is met, there is no longer a requirement to
define intelligence as a symbol system. He claims that, provided that an agent is embodied
and situated (i.e. it is endowed with a set of sensors to perceive the real world and a set
of actuators to interact with it), intelligent systems can be designed and understood as
purely reactive behavioral patterns ultimately based on sensorimotor control. Under Brook’s
hypothesis the SGP is effectively and readily solved, due to the absence of symbols.

In [11], Vogt combines Newel’s Physical Symbol Grounding Hypothesis [136] and Brook’s
Physical Grounding Hypothesis [190], stating the Physical Symbol Grounding Problem. Vogt
hypothesizes that even though purely reactive systems can fully define specific low-level
behaviors (e.g. phototaxis, or obstacle avoidance), symbol systems are required to reach
higher-level cognitive and linguistic abilities. The Physical Symbol Grounding Problem converts
the SGP into a technical problem instead of a fundamental one by defining the concept of
semiotic symbol. Similar to signs in Peirce’s semiotics [191], a semiotic symbol is composed
by three fundamental parts, referent, meaning and form, and their interactions.

These three elements compose the Semiotic Triad or Semiotic Triangle, and they are defined
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as follows:

- Referent is the entity, event or circumstance of the world (external to the agent) on
which the meaning and form are grounded.

- Meaning is the internal representation grounded on the external referents or objects
inside agent’s cognitive system. The meaning is a private representation of each agent
that is shaped by its own experience and interaction with the world.

- Form refers to the linguistic symbol or word used to refer to external referents and
private meanings in a communication among multiple agents. In contrast to the meaning,
it is a public representation, and it is negotiated and shared across the societies of
cognitive agents.

Meaning

(Prlvate)

/\

¢ s Red

Referent Form

(External) (Shared)

Figure 3.5: Interacting parts of a semiotic symbol.

As an example of a semiotic symbol, the red color present in the real world would be the
referent, the meaning associated to such referent can be understood as the neural activity
elicited by the perception and processing of the referent. Finally, the form, i.e. the name in a
language lexicon to refer to the referent, would be the word red (considering a hypothetical
English-speaking agent). Figure 3.5 depicts the concept of a semiotic symbol, considering
also the mentioned illustrative example.

The distinction between meaning and form and the dichotomy between natural and mental
symbols is clearly in line with the language of thought proposed by Fodor [I&1]. It also
resembles the I-Language (internal to the individual) and the E-Language (externalized to
others) defined by Chomsky.

The referent, meaning and form terminology is defined in [192] as an alternative terminology to
the representamen, interpretant and object defined by Pierce. Pierce’s terminology is, in turn,
an extension of the signified (meaning) and signifier (form) of De Saussure’s semiotics [193].
As pointed out by Vogt [14], a semiotic symbol is, by definition, grounded on entities in
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the real world. Therefore, the SGP reduces to the technical problem of finding the meaning
and form for a given referent, and establishing the interactions among the three (semiosis).
According to Vogt, the process of semiosis still requires the categorization, discrimination, and
identification processes [13]. The processes of categorization, discrimination have been tackled
in the literature using a wide variety of techniques and algorithms, most of them related
to the topics of pattern detection, unsupervised learning and clustering. One of the most
popular approaches are discrimination games [191, 11, , |. During a discrimination
game, agents aim to find distinctive categories or prototypes that belong to a conceptual
space [197, ] and solidly and ubiquitously capture invariant properties of external objects.
The obtained prototypes are used to create a partition of the conceptual space, so that new
analog sensory inputs are categorized using the closest prototype in such space. The word
“game” in the algorithm name denotes the conversational games played by two agents to share
their knowledge and experience. In addition to discrimination games, other studies have used
category games [199, 200], Self-Organising Maps (SOM) [201, 202], extensions SOM such as
Evolving SOM [203], or Hopfield networks [201], among others.

3.5.3 Social Grounding and language games

In addition to solving the SGP at the individual level by means of creating solid and properly
grounded associations among referents and meanings, there is a much broader problem to be
tackled when societies of agents are considered. In these scenarios, in order to fully address
the process of semiosis, the agents should collectively negotiate and agree a common lexicon,
or set of forms, that is shared across the entire population. As pointed out in [205], the
meaning or internal representation is private to the agent through a private grounding process.
This private grounding, which is the same as the physical grounding, is highly conditioned by
the experience of the agent with the external world. Therefore, two embodied and situated
agents would generally end up with different sets of meanings of the exact same referents in
the real world. These discrepancies are even present in the scenarios where the two agents
are homogeneous and share a kin-relationship. Thus, a new dimension is added to the SGP
when societies of interacting agents enter into the scene. In short, the following new questions
arise. How is it possible that a group of agents ground the same symbols on the same physical
entities? What are the social dynamics that lead to the sharing of the same symbols grounded
to the same objects to reach an effective communication? Returning to the concept of semiotic
symbol, the meaning can be compared to the internal or mental representation of external
entities in the individual’s brain or cognitive system. Alternatively, the form is related to word
in a lexicon that is used to name the corresponding referent and to externalize the associated
private meaning. Therefore, the problem can be regarded as finding the bidirectional mapping
among established meanings and words. The solution to this issue is non-trivial because
meanings are private and relative to agents and, by extension, so are their mappings to
words. It implies a proper production, comprehension and sharing of language based on these
previously acquired meanings. Cangelosi proposes in [200] the division of the SGP into two
parts: an individual component that corresponds to the Physical Symbol Grounding Problem
(how a physical object acquires its meaning), and a social part referred as the Social Symbol
Grounding.
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In the literature, the most common approach to deal with the social symbol grounding are
language games [207]. Language games encompass a family of algorithms in which populations
of communicating agents interact and exchange parts of their vocabularies, according to
some cultural dynamics, with the last aim of converging to a common lexicon. Each game
is usually regarded as a conversation between two agents, namely, a speaker and a hearer,
that negotiate on some word in the speaker’s lexicon. The cultural dynamics that lead to the
desired lexicon convergence depend on the specific language game being used. One of the
most widely used language game is the naming game [203], that has been the most popular
in the context of embodied and situated agents [209, , , , , 196]. During naming
games, the speaker transmits a word in its lexicon, associated to some context or referent,
which is received by some hearer. The hearer responds to the incoming message stating
whether the word is already stored in its lexicon to refer to the same context or not. Each
agent stores a list of word candidates to name a given referent. Depending on the response,
the outcome of the game can be either success or failure. The precise strategy applied by the
interacting agents depends on the particular implementation of the naming game (see [212]
for a complete overview). Some of the most common strategies are the Minimal Naming
Game (MNG) [200, 53, 213] and the lateral inhibition strategy [209, , 203]. Upon success,
applying the minimal strategy implies removing all the words from the list, except the received
one. Alternatively, the lateral inhibition proposes a less strict strategy by increasing the
importance of the given word while diminishing the relevance of the competing ones. Another
highly relevant language game in the context of social and physical symbol grounding is the
Iterated Learning Model (ILM) [211, , , |, in which the speaker and hearer roles
are engaged by adult and learner agents, mimicking cultural evolution of language. Learner
agents are inexperienced language users that acquire new vocabulary and grammar by means
of being instructed by adults, which are in turn expert language users. The cycle repeats by
replacing the adults with the learners of the previous generation, and substituting the previous
learners by completely novice individuals. In addition to language games, other studies have
used hybrid models that combine artificial evolution and cultural transmission [210, ],
MARL [217], and, combinations between MARL and language games [215].

The mentioned language games by their own can be exclusively used to spread and agree a
common lexicon. However, it does not address the broader issue of using the same words
associated to the same private meanings and, by extension, grounded on the same external
referents. A traditional solution to this problem is the co-optimization of transmission and
reception matrices that encode Saussurean one-to-one mappings among meanings and words. It
may be argued that agents should firstly develop a solid basis of meanings and, subsequently,
perform the Saussurean mapping among the meanings and some words in a lexicon. It
is, nonetheless, important to create meaning-word associations in parallel to the lexicon

and language formation and propagation [219, , , , ], which results from the
combination of cultural evolution and individual learning [184, 161]. Recalling the definition
of semiosis and semiotic symbols in [11], it can be summarized as simultaneously finding all

the three components of the semiotic triad. Notice that the co-evolution of meanings and
forms is positioned against innateness of the internal language (I-Language or mentalese) of
Chomsky and Fodor. As pointed out by Steels:

“Thus language and cognition co-evolve. Each one pushes the other up towards
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more complexity and they become tightly co-ordinated with neither a central
co-ordinator nor prior innate design.” [190]

Steels and Loetzsch proposed in [211] the Grounded Naming Game, an extension of the
naming game with situated and embodied humanoid robots aimed at developing a shared
lexicon about geometric objects of diverse colors. The robots create a lexicon from scratch by
discovering new categories (or prototypes in their terminology), associating them with words,
and communicating those words to reach a shared lexicon. In order to properly associate
the words, meanings and referents correctly, the speaker robots should somehow be able to
draw the attention of the hearers (typically in a non-verbal way) to the referent object on
which the transmitted word is grounded. That is, both agents involved in the communication
should be aware of the subject of the communication. These attention-based language games
are usually called observational games [153, 195, 221]. In [211], the speaker humanoid robot
draws the attention of the hearer by directly pointing to the targeted geometric object
with its finger. Joint attention through direct pointing is not possible or practical in most
robotic scenarios, specifically in SR because of the large number of robots and their simplicity.
In these cases, a simplified joint attention can be implemented by directly communicating
some additional information (e.g. the iconic representation) to the hearer. It results in

the previously mentioned discrimination games [191, 14, , |, that combine individual
learning and categorization with language games. In addition to observational games, joint
attention can be also implemented through guessing games [192, ]. In a guessing game,

the speaker produces an utterance that should be used by the hearer to guess the topic of
the communication. Thereafter, the speaker receives this guess and provides feedback to the
hearer, which updates its lexicon and meaning-word mappings accordingly.

One of the earliest and most relevant experiments addressing the physical and social symbol
grounding problems as a whole is the Talking Heads Experiment [196, , ]. The talking
heads experiment consists of two pan-tilted cameras oriented towards a whiteboard with
multiple geometric shapes of varying sizes and colors (see Figure 3.6). The robots can sense
and process the environment and the objects in it principally via computer vision. Agents in a
population are selected to play roles of hearer and speaker in naming games, being embodied
in each of the cameras. Only two agents can engage in a language game by “teleporting” and
being instantiated in the robots’ body during the game time span. The agents are initialized
with an empty vocabulary and category set, so that they emerge as the robots participate in
the language games and interact with the environment.

The overall experiment combined discrimination games, for categorization and discrimination
of sensory stimuli, naming games, for lexicon formation and propagation, and guessing games,
with joint attention based on pointing to the referent figure in the whiteboard. As explained
in [196], some of the main hypotheses addressed alongside the Talking Heads research line are
the origins and emergence of language through decentralized self-organisation, the co-evolution
and incremental complexification of forms and meanings, or the non-innateness nature of
grammar (as opposed to Chomsky’s LAD and universal grammar). In order to tackle these
great concerns, the talking heads experiment was divided into the following layers or levels of
abstraction:

- Perceptual layer: involves all the low-level processing, segmentation and feature extrac-
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Figure 3.6: The Talking Heads Experiment. The source of the figure is [196].

tion of sensory stimuli.

- Conceptual layer: is responsible for the categorization and discrimination of the processed
stimuli with the aim to create solid prototypes or categorical representations that capture
invariant and distinctive features of external objects.

- Lexical layer: devoted to the lexicon management and storage, mappings among
meanings and forms, and utterance production.

- Syntactic layer: is a more abstract layer concerned with the syntactic categories of
words, grammar rules and schemas, and the compositionality of language.

- Pragmatic layer: is related to the mechanics and interactions among the robots engaging
in the language games.

The concept of semiotic triad was also of essence in the talking heads experiment.

In [192], the authors proposed the concept of Semiotic Landscape, which has been highly
influential in multiple posterior works [14, 195, 196, 221]. The semiotic landscape (see
Figure 3.7) or semiotic square provides a complete picture of the dynamics involved in a
grounded language game during a process of semiosis. It depicts the speaker on one side and
the hearer on the opposite side, showing the referents, meanings and words (communicated as
some utterances) of both agents. It also depicts the diverse processes that take place in order
to coordinately build the different mappings (and their inverses) among the components of
the semiotic symbol of each agent.

Aside from the talking heads experiment, the authors of [205] addressed the problem of
grounding a lexicon on geographic and spatial areas, and sharing it across a population of
mobile robots. They applied cognitive maps and language games to achieve this complex
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Figure 3.7: Semiotic landscape. The source of the figure is [221].

problem, calling it Lingodroids. They used a semiotic triangle similar to Vogt’s semiotic
symbols, with their own terminology: referent, internal representation (meaning), and symbol
(form). Using this triad, robots individually learn private internal representations that are
grounded on spatial objects or zones. These internal representations were modeled as cognitive
maps, that are graphs that interconnect agent’s experiences based on locomotion data. In
order to negotiate a common lexicon based on the privately grounded internal representations,
the mobile robots played language games composed of two types of interactions, namely,
where-we-are conversations, and go-to games. Furthermore, in order to perform the mapping
between internal representations an social symbols, they proposed a novel distributed lexicon
table to tie cognitive map experiences (nodes in the cognitive maps) to words in a lexicon.

Additionally, in [203], the authors evolved a grounded lexicon using a language game. They
combined conceptual spaces (see [197, 198]) and a mental simulation framework. Conceptual
spaces were used to dynamically cluster and categorize sensorimotor experiences into a set of
initially unknown prototypes. The conceptual space was partitioned into a set of semantic
regions using Evolving Self-Organizing Maps (ESOM) and Voronoi tessellations. A name
was assigned by the agents to each of the emerged prototypes in the form of an arbitrary
three syllable word. The aim of the language game was that all the agents in the population
converge to the same lexicon grounded to the same referent objects. During the language
game, a manager orchestrates the iterative process by randomly selecting pairs of agents to
engage in the game. The agents “dialog” in order to converge to the same name to refer to
the context object proposed by the manager. They assessed the cultural evolution process
with three alternative naming strategies, namely, the minimal naming game, the basic lateral
inhibition, and the interpolated lateral inhibition. Even though the interpolated lateral
inhibition provided the fastest convergence, all the three strategies resulted in communicative
success.

Cangelosi, Harnad and colleges addressed the physical and social symbol grounding from a
different perspective, away from semiotic symbols and language games [221, , , ,
, 201, 228, 223]. They tackled the SGP using connectionist models (see [228]). In their
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Figure 3.8: Artificial neural network to address the SGP. Figure adapted from [223].

various studies they used ANNs as the unique model for categorization, meaning creation, and
language formation and production. Fig. 3.8 illustrates a representative example of the ANN
used in [223], where it can be observed that both vision stimuli and received symbols or words
are combined and encoded in an internal hidden layer. It is this latent representation what
they interpreted as meaning. Similarly, the meaning was used to define both the behavior of
the agent (its actions) and its language production (its utterances).

3.5.4 Compositionality and the emergence of grammar

Compositionality is a distinctive feature of complex languages, such as human languages,
that has not been clearly observed in animal communication [229, , ]. There are
multiple definitions of compositionality that reflect different aspects of language. In [232],
compositionality is understood as the property of mapping similar signals into similar meanings.
Besides, we can also consider compositionality from the point of view of grammar and the
combination of different syntactic categories (e.g. nouns, verbs, adjectives, etc) to generate
new meanings [216, 201]. Cangelosi addressed in [216] the problem of compositionality using
a combination of genetic algorithms, artificial neural networks and cultural transmission in a
foraging task. Robots were first evolved using a GA and a Multi-Layer Perceptron (MLP)
to forage some food items while avoiding others, based on some properties such as edibility
and color. After some generations, the agents were allowed to communicate and propagate a
lexicon using parent-child interactions. In addition to aiding the foraging task itself, the aim
was to develop a compositional lexicon with simple verb-noun syntactic combinations. The
naming and compositionality of words was based on an imitation process where children’s
neural controllers were trained to replicate the words produced by the parents. The artificial
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evolution successfully achieved verb-noun rules, albeit there were still some limitations in
Cangelosi’s work. Firstly, the compositionality performed by means of two clusters of winner-
take-all neurons, one for verbs and the other for nouns. Thus, the maximum number of nouns,
verbs and compositions constrained by this structure. In addition, it only considers two-word
compositions, instead of hierarchical and multi-layered compositional lexicon.

This PhD. Thesis is more concerned with the following definition provided by Vogt (which is
similar to the definitions considered in [233, 234, 184]):

“ Compositionality refers to a representation (e.g. an utterance) where the
meaning of the whole is a function of the meaning of its parts and the way they
are combined. 7 [235].

An example of compositionality under this premise is the word zebra, which can be interpreted
as the combination of the words horse and stripes (see [13]). An important aspect of such
word composition is that the agents should first develop a solid basis of elementary symbols
that acquire meaning holistically, and that are directly grounded on the real wold. Built on
top of this basic set of symbols, new composed and increasingly more complex symbols arise
from the composition of the others. Then, these composed symbols inherit the perceptual
grounding of the elementary ones [13].

In [234], the author proposed a computational model to study compositionality and syntax
under a cultural evolution basis. In the experiment, an initially non-communicative population
of agents obtained a compositional grammar based on the (Agent,Patient,Predicate)
combinations. These three basic components had different syntactic categories, corresponding
to nouns in the cases of Agent and Patient, and verbs in the Predicate. The combination of
these three terms gave rise to composed expressions, such as the following example provided
by the author:
(Agent=Zoltan,Patient=Mary, Predicate=Knows).

The grammar emerged through a process of cultural transmission and observation of other’s
utterances. Based on these observations, agents developed new linguistic knowledge by means
invention and induction mechanisms.

One of the lines of research of Vogt [230, , , , , | has addressed the emergence
of compositionality in language through cultural evolution. The agents solved the social and
physical symbol grounding using discrimination games, observation games, and guessing games
combined with the ILM to produce a shared lexicon perceptually grounded on a simulated
Talking Heads world. Compositionality was addressed using private grammar rules or schemas
(holistic and compositional) that were combined to produce complex expressions and new
meanings. The grammar rules were learnt incrementally from scratch through sophisticated
mechanisms such as induction, invention, generalization, interpretation, or exploitation, among
many others. For instance, if an agent receives a compositional expression R; o Ry o R3 and
it is only capable of understanding some of its parts (say rules Ry and Rs), then the hearer
invents a new rule to fill the gap of the unknown component R3. Alternatively, compositional
expressions that are completely unknown for the hearer agent result in the exploitation and
invention of a new holistic rule.

In [215], Brighton studied the role and importance of the cultural evolution and transmission
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of language in the emergence of structural languages, specifically the compositionality of
language. He hypothesized that, even though biological evolution of the LAD [180] is relevant
up to a certain degree, compositionality in a language arises as a result of cultural evolution
mechanisms. In his work, he supported this claim by means of the ILM. Abstract objects in
an environment were conceptualized as meanings, which were in turn mapped onto signals
in a dictionary by means of agent hypotheses. It was shown that the evolution of language
occurs when there is a transmission bottleneck, so that agents are not completely exposed to
the whole language from previous iteration. Moreover, it was also found that the structural
complexity of the meaning space, used to conceptualize the objects, also plays a crucial role
when determining the advantages of compositional languages over holistic ones.

Riga et al. [201] extended the work in [225, 227] to address the symbol grounding transfer
and the compositionality of symbols to create new concepts. A single agent firstly learns
to categorize and name basic concepts directly tied to elemental properties of the referent
objects, such as shape and color. Subsequently, new words were learnt in a supervised way
by connecting previously formed concepts (e.g. '"Red & Square = DAX'). Their system was
composed by two neural networks and two coexisting learning algorithms. Firstly, a SOM was
optimized through unsupervised learning to categorize the input stimuli and build a feature
map. Thereafter, supervised learning, based on the standard backpropagation algorithm,
optimized a MLP by showing the agents the new abstract symbols and the list of previously
acquired concepts.

3.5.5 Emergence of language in Swarm Robotics

In the field of SR, studies are limited either to using language games as an optimization tool

to solve certain SR tasks (e.g. aggregation) [210), , 53], or to the convergence of lexicons of
few words [213].
In [53], the authors explored the application of MNG to solve an aggregation task in a swarm

of kilobots. They proposed a combination of probabilistic aggregation and cultural evolution
of language games to efficiently achieve an adaptive aggregation behavior. The aim of the
MNG was to dynamically find a proper tuple of parameters of the PFSM that defines the
robots’ control. When convergence was reached in the cultural evolution process, all the
agents ended with the same word to refer to the same set of PFSM parameters. Moreover,
they proposed a variant of the MNG in which only listeners update their lexicon and robots
can only engage in the speaker role when their PFSM is in a specific state correlated with a
correct behavior.

Miletitch et al. proposed in [213] one of the few applications of language games in large
scale SR, for uniquely naming relevant parts of the environment. In thier work, language
games were executed on top of a foraging task. The robot foraging behavior was based on
the Nest-Site Selection (NSS) algorithm, while the MNG was the language game that they
used. Robots enganged in the foraging task while they played the MNG in parallel with
nearby neighbors, with the objective of naming two food areas in the arena with the same
words, upon convergence. The authors applied two variants of the MNG for SR, namely, the
classic game and the spatial name. These two variants differ on the way that robots create

o8



CHAPTER 3. EMERGENCE OF COMMUNICATION

new words, being the former the regular word creation process in the MNG, and the latter a
creation of new words based on food source discovery through exploration. As it is common
in works combining SR and language games [211, 53], the speaker broadcasts a word of its
lexicon to all its neighbors in communication range, that act as listeners. Moreover, only the
listeners update their lexicons on the basis of the received word depending on the outcome of
the game.

Lexicon formation and sharing has not been sufficiently addressed in SR from the perspective
of semiotics, making a distinction between private meanings and shared forms. Moreover,
compositionality has not been addressed with swarms of minimal, situated and embodied
robots with limited communication and perception coverage. Therefore, we believe that there
is a considerable research path to be explored in SR, to pave the way for more complex and
elaborate language-based communications beyond signaling [11].
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Chapter 4

Evolution of communication in swarm
robotics primitives

The evolution of communication is one of the most challenging problems in multi-agent systems
and artificial life. It requires the co-evolution of both signal emission and its corresponding
response, processing, and identification (see Chapter 3 for more details). Put simply, it is
like searching for a needle in a haystack. This problem becomes significantly more complex if
the aim of the evolution of communication is to solve complex and intricate tasks. Therefore,
dividing the whole problem into low-level primitive behaviors may be essential to substantially
simplify the evolutionary process. In a context of evolution of communication in the animal
realm, it has been widely hypothesized that communication mechanics and semantics originate
from pre-existing non-communicative primitive behaviors (see e.g.[166, 167]). Furthermore,
the division into basic primitives is also a recurring factor when modeling complex collective
behaviors. For instance, flocking behaviors are commonly decomposed into three low-level
rules, (i) cohesion, (ii) separation, and (iii) alignment, that are combined in a motor schema to
produce the desired collective motion (see Chapter 2.5.2). Additionally, foraging behaviors can
be decomposed into low-level primitives (e.g. explore, stay in nest, forage from known area,
or deposit pheromones) that can be combined using subsumption or FSM models. Therefore,
this chapter is mainly focused on the evolution of low-level SR primitives that are the basis of
many high-level behaviors.

Besides, an important question when designing communication systems in SR, guided by an
evolutionary process, is whether or not it is possible to solve remarkably different tasks using
the same robot controller. In Chapter 1, this feature was introduced as transferability, which
can be either weak or strong. In this Chapter, the investigation focuses on SR systems with
weak transferability properties, so that the same robot controllers and communication systems
can be used in multiple tasks with minor re-design. However, in this level of transferability, the
systems must be re-evolved for every task being addressed. Another driving motivation was to
assess whether or not artificial evolution can lead to the emergence of different communication
semantics depending on the task to be solved, using the same robot controller.

In this chapter, these concerns are addressed. For this aim, a minimal IR-based communication
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system is proposed, and CTRNN-based robot controllers that can harness such communications
are optimized using GAs. The system is evaluated in three different SR primitive behaviors.
In all of them, robots are endowed with the same communication capabilities, dictated by a
highly constrained and minimal communication. The communication system establishes the
communication mechanics (e.g. the communication range, morphology of the message, and
context variables that can be received), but the communication semantics and the way in
which the robots communicate are purely guided by the artificial evolution. The same robot
neuro-controller is separately evolved in three low-level SR primitives, assessing whether weak
transferability is fulfilled.

4.1 Methodology

4.1.1 The robots and the environment

In all the experiments of this chapter a simulated environment is used. Specifically, the robots
can move within a 10mx10m square area without any obstacle other than the boundary
walls. The robot swarm is denoted as R and, hereafter, we refer to a generic robot as
r € R. A robot r is abstractly represented with a position x, and a heading orientation 6,.
Additionally, even though the environment is a three-dimensional world, the motion of the
robots is restricted to the XY plane. Therefore, the formulation of the positions and heading
orientation is conveniently simplified to x, € [—5, 5] and 6, € [0, 27). The simulated robots
take inspiration from the e-puck robot [107], and are modeled as simple mobile robots with a
differential drive system, a set of sensors, and a set of actuators. Figure 4.1 illustrates the
most basic arena used in the experiments, which can be subject to some variations depending
on the specific requirements of each task. Moreover, the figure also shows a zoom to one of
the simulated robots.

4.1.2 The communication system

In all the experiments and SR tasks of this chapter a simplistic IR-based communication
system is used. Such communication system is based on the range and bearing technology [103],
that operates on top of the IR transmitters and receivers of the simulated mobile robot.
The range and bearing module allows the robots to acquire information about (i) messages
modulated on the transmitted IR signal, (ii) the estimated distance of the transmitting robot,
and (iii) an estimation of the relative orientation from where the message was received. In
this chapter, the emergence of communication is evaluated under constrained and difficult
communication conditions, and, therefore, a minimal and simplistic communication system is
proposed. Its main characteristics are the following:

- The communication is local, with a small communication range, which implies that two
robots can communicate if their distance is lower than a threshold. The communication
range is fixed to 80 cm (see [L08]).

- A robot can only receive and process a single simultaneous message, regardless of
the number of concurrent transmitters in range. Consequently, in order to process
multiple messages from many simultaneous senders, some message selection mechanism
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Figure 4.1: Basic configuration of the arena used in the experiments of Chapter 4.

is designed to pick one messages according to some established criteria. A detailed
description of the message selection mechanism is provided below in this subsection.
Receiving a single message also entails that the robot is only aware of one neighbor at
each control cycle.

- Even though the robot is equipped with eight IR devices positioned along its perimeter,
the number of IR sectors are deliberately restricted to four. This is a hard constrain
that makes the communication mechanics and the task solving much more challenging.
Specifically, the increased complexity lies on the fact that most of the tasks proposed in
this chapter require the emergence of a situated communication that makes use of the
relative orientation from where messages are received.

- The context of the communication that is received and processed corresponds uniquely
to the current perceived message.

Transmission

The communication system endows the robots with the capability to encode a potentially
meaningful signal a;,. This signal is broadcasted simultaneously by all of the four IR
communication transmitters.

The signal ay, is constrained to the hypercube [0, 1]*, being M its dimension to be specifically
designed for each task. ay is originally produced by the robot controller and, subsequently, it
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Figure 4.2: Illustration of the constellations in C for different values of M and K. The symbols
are depicted as black dots.

is subject to a quantization process Q. The function Q is defined in Equation 4.1,

Q: [0, — ¢

(4.1)
Ay > 1My,

where C is the set of possible symbols. The set C is designed as a hypercubic lattice constrained
in [0,1]™ (although it is not the only feasible constellation). Equation 4.2 formalizes the
definition of C (see Figure 4.2),

1 2 1 M
= oy l=—=1 4.
C {07 K_17 K—l’ ) K_17 } ) ( 2)

considering K as the number of rows in the lattice.

Algorithm 1 Message Quantization

1: procedure Q(ay)

2 for c; € C do

3 dz<— ||a,m—ci||2
4: Z; < 1-—- di/Dmax
5: end for

6 p < Softmax(z;), Vi
7 m, ~ Cat(C, p)

8: end procedure

The dimension of C (M) and the number of rows (K) can be used to compute the total
number of symbols in the constellation (K™). Figure 4.2 illustrates the set of symbols in C
for different combinations of M and K.
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Algorithm 1 summarizes the list of operations that take place during the quantization process.
Firstly, the distances from a; to every possible symbol in C are computed and collected in a
vector d. Thereafter, the distances in d are transformed to the vector z, which takes values
in the interval (—oo, 1]. This transformation assigns smaller distances to higher values of z.
The vector z is used as the input of a Softmax function (see Equation 4.3), which assigns a
probability to each component of the input vector.

Bzi
Softmax(z); = Z‘Jeeﬁzi’ Vied{l,...,J} (4.3)
j=1

Therefore, the softmax operation results in a probability vector p € [0, 1] " that represents
the probability of transmitting each symbol in C. Clearly, those symbols that are closer to the
raw message a, would have higher probability of being sent. Finally, a specific symbol my, is
selected using the categorical distribution (Cat) using the probabilities in p on the set C. The
parameter 3 in Equation 4.3 is a temperature constant that controls the balance among the
element probabilities. When § — 0 then the probabilities tend to the same value (random
communication), whereas as [ grows the communication becomes increasingly more sparse
and less random (concluding in a purely deterministic message selection when 5 — 00).

Reception

In addition to the four IR communication transmitters, each robot is equipped with four IR
communication receivers that can be used to perceive the messages broadcasted by others
neighbors in communication range. Specifically, the IR devices of each sector are positioned
at the orientations in {0,7/2, 7,37 /2} relative to the heading orientation 6,. Each sector
can perceive an incoming message only from the closest neighbor inside its coverage area.
We denote m(®) as the message received by the IR device located at sector with orientation
0, + a, being a € {0,7/2,m,37/2}.

Even though each communication sector receives information independently, only one message
is ultimately processed and provided as input to the robot controller. The final message, m,,,
is the result of some selection mechanism, and it is one of the messages received each IR
device. In this PhD Thesis, the message selection mechanism is formulated as in Equation 4.4,

m,, = Selection (mg), m(™/? m(™, mg’“m) , (4.4)
(Prz,Dyz)

where m,,, is the final message after the selection process and m{® is the message received from
the sector positioned at 6, + « radians. The selection mechanism is based on a Probabilistic
Finite State Machine (PFSM) with time delays, with four states corresponding with each
sector. The transition probability matrix is denoted as P,,, and the time delays of each
transition are gathered as the matrix D,,. The components p;; (see Equation 4.5a) represent
the probability of being in state i (listening to messages of sector i) and transitioning to state
J (selecting messages from sector j). Similarly the time delays 7;; (see Equation 4.5b) are the
time elapsed to transition from state ¢ to state j.
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Figure 4.3: Diagram of the message selection mechanism. (A) General diagram of the
message selection process. The blue circles represent the PFSM states, corresponding to each
communication sector and the arrows illustrate the state transitions, with their corresponding
transition probabilities. The white squares attached to each arrow depict the time delays of the state
transitions. (B) Random selection with time delays and uniform probabilities. (C) Cyclic selection
with time delays.

Poo Po1 Po2 DPo3 Too To1 To2 703
10 11 12 13 Ti0 711 T12 T13
p, = | Do Pu Pz P (4.52) D,, = (4.5b)
D20 P21 P22 P23 Too Ti2 T22 T23
P30 P31 P32 P33 T30 T31 732 733

Figure 4.3A illustrates the diagram of the PSFM, showing the states as the blue circles, the
probabilities p;; attached to each transition arrow, and the time delays of each transition as
white squares.

It is important to notice that time delays do not alter the destination of the transition and
they are only effective after the next state is determined. The reason behind including the
delays in D,, is to avoid constant switching of the selected messages, and to allow the robots
to listen to the same sources for a guaranteed duration. Besides, in the case that no message
is received from some sector i positioned at 6, 4 o radians, then we fix m(® = () and assign
p;i =0, Vje{0,...,3}.

In this PhD Thesis, the following selection schemes are considered:

- Random selection with time delays: the communication sector is selected randomly
among the four possible alternatives, with equal probability. Moreover, each connection
has some fixed delay 7,, in order to guarantee that the robot listens to a sector before
randomly switching to another one. Figure 4.3B shows the diagram of the random
selection with time delays. Additionally, the matrices P,, and D,, are shown in
Equations 4.6a and 4.6b,
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1/4 1/4 1/4 1/4 Te Tw Tw Tw
1/4 1/4 1/4 1/4 T Tz T T
1/4 1/4 1/4 1/4 (4.62) De T T T T (4.6b)
1/4 1/4 1/4 1/4 Te Tre Tre Trw

- Cyclic selection with delay: Alternative to the random selection scheme, the cyclic
selection method follows a cyclic transitioning pattern, starting at communication sector
a = 0 and, thereafter, endlessly following the sequence {0,7/2,7,37/2,0,7/2,...}. To
ensure a minimal listening duration in each sector, each transition adds a time delay
of 7, seconds. Figure 4.3C illustrates the diagram of the random selection with time
delays. Additionally, the matrices P,, and D,, of the cyclic selection are shown in
Equations 4.7a and 4.7b,

0
0
0 (4.7b)

O = OO
_ o O O

0 Tre

Tre 0
(4.7a) D, = 0 0

0 0

OO = O
o O O
Og] o O

Trx

In addition to the listed ones, the proposed communication system admits many other selection
schemes. For example, an “intelligent” scheme may consider some communicative value of
each sector, computed as the likelihood of receiving messages that are more relevant for
solving the task. Nonetheless, these advanced selection schemes are left as future work, and
in this PhD Thesis only the random and cyclic selection mechanics are considered in the
experiments of this chapter.

The range and bearing technology [108] allows the acquisition of not only the abstract message
but also the estimated distance relative orientation of the sender. Thus, in addition to m,,, the
robot also perceives the environmental context associated to such message and, consequently,
the artificial evolution is endowed with the opportunity to obtain either abstract or situated
emerged communications. In this chapter, the context variables are

(1) the estimated distance, p,., to the transmitting robot,
(2) the relative orientation, 0,,, from where the message was received, and,

(3) the relative orientation, 0y, from where the message was transmitted by the sender
robot.

Notice that 6, and 6, are computed relative to the heading orientation 6, of the receiving
and transmitting robots, respectively. Essentially, 6, is the orientation of the sector receiving
the message (m,, = m$, = 6, = «a), whereas 0,, is the orientation of the sector from
where the message was originally transmitted. Consequently, ,,, 0, belong to the finite set
{0, 7/2, m, 31/2}.

For the estimation of p,, (distance estimation), a similar computation as in the IR proximity
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Figure 4.4: Overall diagram of the communication system

sensor is used. In short, the values of p,,, ranging in [0, 1], decay exponentially with the
distance to the target object, so that a value of one indicates that the transmitting robot is
very close to the IR receiver.

Communication state

We propose the incorporation of a communication state that alters the transmitted message
of each agent depending on its value. The state of the communication is defined as a binary
variable MODE, that can can equal to the values relay (0), or send (1). Send mode implies
that the communication transmitter broadcasts the new message generated by the robot
controller, based on the incoming message from its neighborhood. On the contrary, in relay
mode, the transmitter ignores the message elaborated by the robot controller and, instead,
transmits the input message perceived by the receiver (acts as a communication relay). The
commutation between these states will be performed by the robot controller logic. Moreover,
a maximum number of hops is established so that old messages eventually are discarded,
avoiding information overflow. Each message has an associated identifier of its original sender,
which is used to filter out incoming messages with its own identifier.

Overall communication system

After the selection process explained above, the robot controller receives as input the tuple in
Equation 4.8,
m’l”.l?
pm
O
MODE

that gathers the abstract message, its associated context, and the current communication
state. In addition to other sensor readings, these variables are used to generate the next
message to be transmitted, and the next value of the communication state (MODE) of the
receiver robot. Figure 4.4 illustrates the overall diagram of the communication system showing
the transmitting robot on the left side and the receiving robot on the right side.
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Figure 4.5: Generic diagram of the robot controller used in the experiments of Chapter 4

4.1.3 The robot controller

A robot controller can be described as a black box that maps the measurements read by the
robot’s sensors into the actions used to control the robot’s actuators. Its logic entirely defines
the behavior of the robots, and it can be implemented using multiple algorithms and models.
In general terms, the robot controller of this Chapter is defined as in Equation 4.9,

a, acomm = Controller (¢s, ¢) , (4.9)

which is fed with the sensor readings, ¢, (e.g. measurements of the proximity sensor), and with
the information received by the communication receiver, ¢, (see Equation 4.8). Additionally,
its output is composed by the actions that control the robot actuators (e.g. the motor wheels),
a, and the actions that control the communication transmitter (e.g. the message to be
transmitted), acomm-

In all the experiments of this chapter we use neural controllers based on CTRNN models,
which is a type of ANN with feedback connections that operates in continuous time (see
Appendix B for detailed theoretical background). Moreover, the parameters of the CTRNN
controller (i.e. synapse weights, neuron biases, and membrane time constants) are evolved
using a standard genetic algorithm (see Appendix A). The robot swarm is homogeneous, so
that a copy of the same evolved CTRNN is used in all the robot controllers. Nonetheless, the
evolution process is independent for each of the treated primitives of this chapter. Figure 4.5
illustrates the general diagram of the robot controller, which is a generic architecture used as
the basis for the primitive tasks.

4.2 Leader election

4.2.1 Description

The leader election primitive is a negotiation and coordination process among the robots
with the final aim of selecting a unique leader of the whole swarm. The robot swarm is fully
homogeneous and decentralized, so that, at the beginning of a simulation, all the robots have
the same opportunities to claim the leadership. A robot becomes a potential leader when it
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turns its LED on. The control of the LED actuator is accomplished by the robot controller of
each agent. The leader election primitive is depicted in Figure 4.6, showing how the robot
swarm converges to a unique leader of the group.

A B
Og . © 0,° o
() @ 0O )
°ee_ o 00 o
®e _ o0 °o0 " "o
@ ONN @) o O

Figure 4.6: Illustration of the leader election primitive. (A) Initial state. (B) Correct final
behavior. Red circles represent the robots claiming leadership, while white circles represent the
follower robots.

In order to avoid excessive leadership switching between two or more robots, behaviors leading
to the convergence of the same stable leader are highly rewarded. However, it is also critical
that the robots develop the ability of reacting to unexpected events or perturbations during
the execution time. Specifically, the robot swarm must be robust enough to detect and react
to the failure of the current leader by selecting a new candidate. To guide artificial evolution
towards this behavioral feature, any robot becomes faulty when it has been the unique leader
for 50 consecutive time steps. Furthermore, a faulty robot is defined as an agent that can no
longer become the leader, and that it is only capable of relaying incoming messages but not to
elaborate new ones. Robots are static, so that they cannot alter neither their positions, x,., nor
their orientations, 6,. Consequently, the initial conditions of x, and 6,, determined randomly,
are the same during the entire simulation episode. Moreover, the random initialization of the
positions ensures that there are not isolated robots in the swarm.

4.2.2 Robot controller

The CTRNN architecture used as the robot controller of the leader election task is depicted
in Figure 4.7, showing a topology with two hidden layers of 10 neurons each (colored in
blue). There are five input nodes (green circles), that are fed with the received message m,,,
the associated value of 6,,, and the current communication state MODE. Additionally, the
architecture is composed by 4 output neurons, colored in red. Specifically, the output aj,
controls the LED actuator, to either claim or reject leadership, the ay is the new raw message
to be posteriorly quantized and transmitted, and MODE is the next communication state of
the robot. Notice that there is a post processing stage that transforms a;, and MODE, which
belong to the set [0, 1], to binary values using a step function. The weights of all the synapses,
and biases and time constants of all the neurons are evolved using a GA. All the neurons use
a sigmoid activation function.
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Figure 4.7: Artificial neural network architecture used in the leader election and frontier identifica-
tion tasks.

4.2.3 Fitness function

The fitness function used in the leader election task is denoted as f4, and it is formulated in
Equation 4.10,

min (fA<t — At) + 01, 5) s If||aL(t)||1 =1 and aL(t) = aL(t — At)

fa(t) =140.1, If la, ()]s = 1 and ag,(t) # a,(t — At)  (4.10)
0, Otherwise
where || - ||; is the L' norm of some vector, and At is the period of the control cycle. Moreover,

ar, € {0, 1} is a binary vector that collects the LED actions of all the agents in the robot
swarm. Thus, the i-th component of aj, is the action that turns either on or off the LED of
the i-th robot. For instance, in a group of three robots with aj, = (0,1,0)", the first and third
agents have their LED turned off whereas the LED of the second robot is turned on. The
first case of the equation is met when there is only one leader (||ay(t)||; = 1), and such leader
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is exactly the same as in the previous control cycle (ar,(t) = a,(t — At)). In case of fulfilling
this condition, the value of the fitness is increased by 0.1, up to a maximum value of 5. Thus,
the fitness grows proportionally to the number of consecutive time steps with a unique and
stable leader. Alternatively, the condition in the second case of Equation 4.10 is also met
when there is only one leader. Nonetheless, it differs from the previous condition because it
is only fulfilled when the current leader is not the same as the one at t — At, implying that
there is a new leader. Finally, the third case is fulfilled when there is either zero or more than
one leader, resulting on a fitness of zero.

The fitness score of a whole trial is computed as the temporal average of the instantaneous
fitness value of each evaluation time step (see Equation 4.11),

T
PR, - ;Z Fa(kAD), (4.11)
k=0

where T is the number of control cycles of an episode, and At is sampling period of the robot
control. It means that the robot controller, and thus the fitness calculation, is executed every
At seconds. In this experiment we fixed At as 50 ms and T as 500 cycles. Finally, each
individual is evaluated in five independent trials, so that multiple fitness samples are used to
construct the final expected fitness estimate. The final estimate is the sample mean of the
fitness values obtained in each trial.

4.2.4 Results

Behavior and overall performance
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Figure 4.8: Results of the leader election task during a single simulation, showing the leaders at
different time instants. Red circles represent leader robots, and blue circles represent follower robots.

Figure 4.8 illustrates the evolved behavior during a simulation of 5 seconds. It shows six

frames of the trial at different time instants of the simulation, highlighting the robots that
claim leadership as red circles. It can be observed that at the early time instants of the

72



CHAPTER 4. EVOLUTION OF COMMUNICATION IN SR PRIMITIVES

simulation most of the robots claim the leadership of the swarm. However, as time elapses,
the robots communicate and engage in a negotiation process that results in a decrease of the
number of leaders. Such negotiation ultimately converges to a unique leader of the group.
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Figure 4.9: Results of the leader election task during a single simulation, showing the LED actions
of each robot across simulation time. For each robot (X axis), it is shown the LED binary action
either in black (LED turned on) or in white (LED turned off).

The negotiation process can be observed in Figure 4.9, that shows the evolution of the LED
actions of the robots in a swarm of size 20. The horizontal black bars indicate that the LED
of the corresponding robot in the ordinate axis is turned on. The negotiation phase, starting
at time step 0 and concluding approximately at control cycle 40, is a winner-take-all process
until only a single robot has its LED turned on. Figure 4.9 additionally shows a short time
window (between time steps 16 and 30) in which all the robots have their LED are turned
off and, thus, there is no leader of the swarm. Nonetheless, this unsuccessful negotiation is
rapidly solved by a much shorter second negotiation process, involving only four robots, that
successfully concludes with a unique leader. Such elected leader is stable and preserved along
the rest of the simulation.

Scalability

The scalability of the solution is assessed by simulating the experiment with different swarm
sizes. Moreover, instead of depicting the results for a single trial, the results are collected
among 50 independent simulations, with random initialization, to provide a statistically
significant number of observations. Figure 4.10 shows the impact that the swarm size has
on the performance in the leader election task. It is a box plot that illustrates, for each
swarm size, the percentage of the total simulation time in which just a single robot claims
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Figure 4.10: Scalability assessment of the leader election primitive. It shows different box plots
indicating the percentage of the total simulation time in which just a single robot claims leadership.
Each box plot is constructed using data from 50 independent simulations.

leadership, across 50 independent trials. Even though there is not a significant degradation up
to swarm sizes of 30, the percentage of time with a unique leader drastically decreases for 40
and 50 robots. Such worsening is not only in terms of median value but also in interquartile
range growth. However, in the box plots corresponding to swarm sizes of 40 and 50, it was
observed that in more than 96% of the simulations there was a leader elected at some point
of the simulation. However, there is a high variability in the time elapsed before leadership
allocation.

Robustness

In order to assess the robustness of the robot swarm, any robot that has been the unique
leader for fifty consecutive control cycles immediately becomes faulty. More precisely, a faulty
robot is no longer able to become the leader of the swarm and, consequently, the rest of agents
have to be robust enough in order to overcome such erroneous behavior. Moreover, a defective
agent cannot claim leadership nor send its own messages. It can only relay incoming messages
from its neighborhood, to preserve graph compactness and avoid isolated robots. Figure 4.11A
shows the evolution of the LED actions with faulty robots. Black bars denote activated LEDs
while blank spaces mean that the LED is turned off. Red bars indicate that the given robot
is faulty during the corresponding time window. It can be observed that robots successfully
react against the leader failure, overcoming the undesired scenario by electing a new leader.
Specifically, a new negotiation process of short duration is accomplished after the previous
leader becomes faulty. It should be noticed that in Figure 4.11A there are a total five robots
that become faulty at different time cycles of the simulation. Thus, the robot swarm correctly
overcomes robot failure in five consecutive times, demonstrating good robustness.
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Figure 4.11: Results of the robustness assessment. (A) Evolution of the LED actions of the
robots in a swarm 20 robots as time elapses. Horizontal black bars denote that the corresponding
robot’s LED is turned on, and the red bars indicate the given robot is faulty during the corresponding
time window. (B) Box plot indicating the percentage of the total simulation time with a single leader
in simulations with faulty robots. Each box plot is constructed using data from 50 independent
simulations.

Figure 4.11B depicts, for multiple swarm sizes, the percentage of the total simulation time
with a unique leader, when the robot swarm is subject to the leader failure constrain. It
can be observed that there is a overall performance degradation with respect to the scenario
without leader failure (see Figure 4.10). However, such performance decrease is unavoidable
because of the multiple negotiation phases that are caused by the failure of the leader robots
(Figure 4.11A serves as a good example of this issue).
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Figure 4.12: Temporal evolution of the number of robots claiming leadership for a trajectory in

normal conditions and with leader failure.
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Additionally, Figure 4.12 illustrates the temporal evolution of the number of leaders with and
without leader failure (in blue and orange, respectively). In the trial without leader fault
(under normal conditions), the robot swarm converges to one stable leader at about control
cycle 30, which is preserved for the whole duration of the simulation. Alternatively, when
leader fault is included the robot swarm is correctly capable to converge to a unique leader
(after a negotiation stage) every time that failure is produced.

Communication

To complement the overall behavior, scalability, and robustness of the system, the commu-
nication that emerged from the artificial evolution is shown and analyzed. Firstly, a single
simulation with 20 robots using the evolved robot controller is studied in detail (Figure 4.13).
Moreover, the results displayed in the figure corresponds to the same simulation previously
shown in Figure 4.9. Figure 4.13A illustrates the undirected graph that represents the static
robot swarm, where the graph nodes correspond to each robot and the graph edges indicate
that there is a communication channel between two robots. Notice that the positions of the
robots are randomly defined at the beginning of each simulation and, therefore, the depicted
graph is only representative in the specific trial under study. Figure 4.13B shows the evolution
of the communication state, MODE, of each robot (relay in white and send in black). A
clear correlation between the LED action (ar) and the communication state (MODE) stands
out when Figures 4.13B and 4.9 are compared. Specifically, it can be observed that only
those robots that are leaders enter the send state, while the others remain in relay state.
Figure 4.13C details the messages that are transmitted by each robot at each control cycle of
the simulation, where the values of each symbol S; are obtained according to Equation 4.12.

S; = 0.33 - < m(if/(if) ) (4.12)

Provided that Figure 4.13B and C are analyzed jointly, the following communication mechanics
can be highlighted:

If an agent claims leadership, its communication state settles as send state. On the
contrary, non leader robots enter into relay mode.

Agents in send mode mostly emit symbol Sy5, corresponding to m = (1, 1).

The message sent by the potential leaders is spread around the entire swarm, resembling
a wave-like propagation. In fact, Figure 4.13A shows that the agents sending symbol
S15 more frequently are those with less number of hops to the leader (node 7).

Other symbols apart from Sy and Si5 are transmitted only during the negotiation.

In order to validate the previous statements, Figures 4.14 and 4.15 show the results using
50 independent simulations with random initial values. Figure 4.14 shows a boxplot of the
percentage of the simulation that there was a unique leader, when different communication
variables are inhibited. More precisely, it compares simulations under the following conditions:

(i) normal conditions without inhibition,
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Figure 4.13: Evolved communication in the leader election primitive in a single simula-
tion with 20 robots. (A) Spatial graph of the static robot swarm. Nodes represent the robots
and edges indicate that two robots can communicate. (B) Evolution of the communication state
(MODE) of the robots. Horizontal black bars denote that the robot in send state, and blank spaces
correspond to the relay state. (C) Evolution of the messages transmitted by each robot at each
control cycle of the simulation. The colors indicate the transmitted message S;, according to the
color codes in the rightmost legend and to Equation 4.12.
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Figure 4.14: Box plot of the percentage of the total simulation time with a single leader in
simulations when different variables are inhibited. Each box plot is constructed using data from 50
independent simulations.

(ii) with the received message, m,,, inhibited, and

(iii) with the relative orientation from where the message was received, 6,,, inhibited.
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Figure 4.15: Semantics of the transmited message and the communication state in the
evolved communication in the leader election. (A) Estimated proportion of control cycles
that a robot had the LED turned on or off, conditioned to the value of the communication state.
(B) Estimated proportion of control cycles that a robot had the LED turned on or off, conditioned
to the transmitted message.

Inhibition implies that the robot controller (and, thus, the CTRNN), does not have access to
the values of the corresponding variable during the whole duration of the simulation.

The results of Figure 4.14, revealed that the content of m,, plays a crucial role in the emerged
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communication, so that its inhibition results a drastic performance decrease. On the contrary,
the results also suggest that variable 6, is not relevant in the emerged communication, because
there is no statistically significant difference with the simulation under normal conditions.
Moreover, the emerged communication is an abstract communication because only the abstract
message is communicative.

Finally, Figure 4.15 focuses on the importance of each symbol in the evolved communication,
and demonstrates the strong correlation between MODE and ay. Figure 4.15A illustrates
the estimated proportion of control cycles that a robot had its LED turned off or on, while
the communication state was either send or relay (four combinations). It can be clearly
observed that the robots that had their LED turned off are always in relay state. Besides, the
robots that claim leadership (LED turned on) are in send state with an estimated probability
of 0.752. Figure 4.15B shows the estimated proportion of times that robots transmit each
of the available symbols. It was found that the other symbols apart from Sy, and S5 are
rarely used and, therefore, we grouped them all in the same category. It can be noticed that
the symbols transmitted are highly segregated, so that leaders mostly send the symbol S5
whereas followers transmit symbol Sy more frequently.

4.3 Frontier identification

4.3.1 Description

The frontier identification is the problem of detecting the set of robots that are positioned in
the perimeter of the swarm topology (the border or frontier). Formally, let P € R? be a set
of points, and Pz, Pr C P two subsets of P. Moreover, Pz and Pr form a partition of P, so
that P = Pg U Pr. Consequently, the frontier identification problem is defined as finding the
subset of points P that creates a closed polygon whose area contains all the points in Pr.
The sets Pg and Pr are illustrated in Figure 4.16 colored in red and blue, respectively, for a
randomly generated set of points P. The points Pg correspond to the positions of the robots
in the border of the swarm, whereas the points in Pr are associated to the positions of the
robots in the interior part of the group. Moreover, B and Z are defined as the sets of robots
belonging to the border and to the interior, respectively.

®r;

Figure 4.16: Representation of the sets of points Pg and Pr in the frontier identification primitive.
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During the execution of the experiment, at each control cycle, each robot individually
determines whether it belongs to B (the border) or to Z (the interior). The task is optimally
solved for a given t provided that the following conditions are met:

(a) all the robots in the border of the swarm correctly classify themselves as part of B
(b) all the robots in the interior area correctly classify themselves as part of Z.

Therefore, for some t and for a given robot, the task can be seen as a distributed binary
classification problem. The robots can classify themselves as border or interior members by
respectively turning on or off their LED actuator.

Provided the set of points P, the perimeter points in Pg are computed using the alpha shape
algorithm [212], which is a generalization of the convex hull. The alpha shape algorithm is
controlled by the parameter «, which effect is depicted in Figure 4.17 for a set of 100 points.
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Figure 4.17: Alpha shape of a set of points P for multiple values of the control parameter a.

A value of @ = 0 generates an alpha shape that is equivalent to the convex hull, which is
not sufficiently accurate for the requirements of the frontier identification task. Additionally,
an increment of a leads to increasingly more intricate and well defined shapes of the swarm
border. However, excessively large values can lead to an overfitted solution, as shown in the
case of a = 20 in Figure 4.17. After an exhaustive heuristic search with many different sets of
points, it was found that an « of 15 is solid and suitable for the swarm robotics task of this
section.

The robot swarm used to solve this task is static, and the agents cannot move or rotate.
During the artificial evolution process, the positions and orientations of the robots in the
swarm are initialized randomly, ensuring that there are not isolated robots in the swarm.
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4.3.2 Robot controller

The robot controller used in this experiment is exactly the same CTRNN architecture with
two hidden layers (ten neurons each) used in the leader election task (see Figure 4.7). The
input stimuli, composed by the received message m,,, the associated value of 6,,, and the
current communication state MODE, remains the same as in Section 4.2. Similarly, the output
actions correspond to the new message, a;, the new communication state, and the action that
controls the LED actuator, ay. Although it does not affect the robot controller architecture,
it is worth mentioning that the action aj, is no longer devoted to claim leadership, but to
classify each robot as either border or interior member.

4.3.3 Fitness function

The fitness function contribution of each robot at each control cycle ¢ is higher as the number
of correct classifications, from both border and interior agents, increase. A correct decision
implies that either a border member activates its LED (true positive) or that an interior robot
turns off its LED (true negative). Equation 4.13 defines the overall swarm fitness function for
a given time instant ¢,

Falt) = 5 <ZaL(t, r)) - (1 - ZaL(t,r)> , (4.13)
reB rel

where B and Z are the sets of robots truly belonging to the border and interior areas (based
on the alpha shape algorithm), and B, I correspond to the cardinality of such sets B and Z,
respectively. The variable ar(t,7) € {0, 1} is the action that turns either on or off the LED of
a given robot r at some time instant ¢. The function has two terms that are combined as a
product. The first term corresponds to the number of robots in B that successfully identified
themselves as border members, divided by the total number of robots that are actually in the
border. Alternatively, the second part is the number of correct classifications of agents in Z,
divided by the total number of robots that are actually in the interior area.

The total fitness function of an entire episode of duration T'At seconds is shown in Equa-
tion 4.14,

T
FFp = ;Z fr(kAt), (4.14)
k=0

as the temporal average of the instantaneous function fg at each control cycle t = kAt. In
this experiment we fixed At as 50 ms and T as 500 cycles. Finally, each individual is evaluated
in five independent trials, so that multiple fitness samples are used to construct the final
expected fitness estimate. The final estimate is the sample mean of the fitness values obtained
in each trial.

4.3.4 Results

Behavior and overall performance

Figure 4.18 shows the behavior of the robots in a single simulation with a swarm of 30 robots.
Figure 4.18A, sketches the spatial graph of the swarm, showing the ground truth LED values
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Figure 4.18: Results of a single simulation of the border identification primitive. (A)
Spatial graph of the swarm showing the ground truth actions according to the alpha shape algorithm.
(B) Ground truth actions depicted across simulation time (to be compared to the actual actions
in (D)). (C) Spatial graph of the swarm showing the actual actions of the robots at the end of the
simulation. Red nodes are erroneous classifications. (D) Evolution of the LED actions of the robots.
Black bars correspond to LEDs turned on, while blank spaces are LEDs turned off.

that the robots should take according to the alpha shape algorithm (using a@ = 15). Red
circles indicate that the corresponding robot is in the perimeter of the group, whereas the
blue circles are the robots in the interior area. Complementarily, Figure 4.18C highlights the
actual LED actions of the robots at the last time step of the trial. It stands out the LEDs
that are turned on in green and the LEDs that are deactivated in blue. Moreover, errors in
the robot classifications, corresponding to robots 24 and 29, are highlighted in red. These
two robots classified themselves as interior points while they belong to the border of the
swarm according to the alpha shape algorithm (see Figure 4.18A). Nonetheless, observing the
position of robots 24 and 29, one can notice that the decision is not as clear as in other nodes
such as 10, 20, or 19. Figure 4.18B shows the target LED actions that the robots should
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Figure 4.19: Evolution of the True Positive Rate (TPR) and the True Negative Rate (TNR) during
the frontier identification primitive. In both cases, samples of fifty independent simulations are used
to compute the evolution of the median values (darker curves) and the first and third quartiles
(boundaries of the light contours).

perform during the entire simulation, according to the alpha shape algorithm. In contrast,
Figure 4.18D illustrates the time evolution of the actual LED actions of each robot. The
results show good classification accuracy, although, sporadically, there are some robots with
wrong actions. Specifically, the classification accuracy oscillates between 86.6%, for instants
near time step 80, and 93.3%, for the last control cycles of the simulation. It can be observed
that there are some agents whose LED actions are remarkably stable (e.g. robots 2, 3 or
10) while the decisions of other robots are much more undefined (e.g. nodes 9, 26 or 28).
A common observable feature is that agents with a robust decision generally have only few
neighbors (one or two). On the contrary, undecided robots mainly belong to a dense part of
the graph, with many neighbors (three, four or five). Thereafter, the errors principally occur
when the agents have many neighboring robots, leading to the naive classification of being
interior node (which is an incorrect assumption in some cases).

The problem is treated as a multi-agent binary classification problem and, therefore, Figure 4.19
plots the temporal evolution of the True Positive Rate (TPR) and the True Negative Rate
(TNR), considering the robots of 50 independent simulations.

The TPR and the TNR are computed according to Equations 4.15a and 4.15b,

TP TN
TPR= —— 41 TNR= ——— 41
R=Tp N (4.152) R=fprmv (4.15b)

where TP, FN, FP, and TN are the true positives, false negatives, false positives, and true
negatives, respectively. Figure 4.19 reveals that errors are more likely to occur as false negatives
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(predicted interior but it is actually frontier). Notice that the initial values of the TPR and
the TNR are one and zero, respectively, because all the robots initially identify themselves
as robots in the border (see Figure 4.18D). Subsequently, the robot swarm progressively
converges to the stable values of TPR and TNR of about 0.85 and 0.92.

Scalability

Figure 4.20 shows the scalability of the robot swarm in the frontier identification task. It
depicts the temporal evolution of the accuracy for different swarm sizes, each composed by 50
independent simulations. The accuracy is computed as in Equation 4.16,

TP + TN

T (4.16)

Accuracy =

being R the number of robots in the swarm.
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Figure 4.20: Scalability assessment in the frontier identification task. It shows the temporal
evolution of the accuracy for different swarm sizes. The darker curves represent dependent median
value of the accuracy, and the shadow areas indicate the first and third quartiles of the accuracy.
Fifty independent simulations are used for each swarm size.

Figure 4.20 shows that, upon convergence, there is not a statistically significant difference
between the results for each swarm size, suggesting that system is scalable up to 50 robots.

Robustness

In order to assess the robustness of the system, the topology of the robot swarm is changed
every 200 control cycles. This perturbation causes an abrupt change in the swarm distribution,
so that the robots are forced to reconsider whether they are in the border of the swarm.

Figure 4.21 shows both ground truth LED actions according alpha shape (A), and the actual
LED actions of the robots (B) during a single simulation. Even though there are some errors,
the robots are able to solidly react to the topology changes.
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Figure 4.21: Robustness assessment in the frontier identification task. The topology of
the robot swarm is drastically changed every 200 control cycles. (A) Ground truth LED actions
according to the alpha shape algorithm. (B) Evolution of the actual LED actions of the robots.
Black bars indicate that the LED is turned on and blank spaces represent LEDs turned off.
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Figure 4.22: Robustness assessment of the frontier identification task. It shows the
temporal evolution of the accuracy for different swarm sizes. Every 200 control cycles the topology
of the robot swarm is changed. The darker curves represent the median value of the accuracy, and
the shadow areas indicate the first and third quartiles of the accuracy. Fifty independent simulations
are used for each swarm size.
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Additionally, Figure 4.22 illustrates the temporal evolution of the accuracy metric under
the periodic changes of the swarm topology. It can be observed that the robots react and
overcome successfully two abrupt swarm topology changes. The figure, moreover, shows the
accuracy results of multiple swarm sizes, demonstrating both scalability and robustness at
the same time.

Communication

With the aim of studying the communication that emerges as a result of evolution, Figure 4.23
analyzes the importance of the communication variables in solving the task. Specifically,
it shows a comparison of the evolution of the accuracy metric among a scenario with no
inhibition (normal conditions) and when different communication variables, m,, and 6,,, are
inhibited. Each inhibition is performed independently, and implies that the robot controller
no longer has access to the corresponding input.

The comparison of the figure reveals that 6, is a highly relevant context variable, whose
deletion causes system breakdown (drastic accuracy drop). On the contrary, the figure does
not reflect a significant accuracy decrease when the message m,, is inhibited. Therefore, this
finding indicates that the message is not a highly relevant communication variable to solve this
task. This leads to a solution to the task with purely situated communication, because only
the context underlying the message (0,, specifically) is communicative. The communication
state was not included in this analysis because it was found that the CTRNN of the robots
always fix its value to send state.
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Figure 4.23: Evolution of the accuracy metric when different variables are inhibited in the frontier
identification task.
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4.4 Heading orientation consensus

4.4.1 Description

The heading orientation consensus is a SR task which aim is that all the robots in the swarm
must point to the same direction. Consequently, an optimal solution to the problem implies
that the heading orientation (6,(t)) of every robot r would converge to the same value. In
this experiment, the robots cannot alter their positions x,. Nonetheless, to achieve the sought
solution, the robots can alter their heading orientations by means of either clockwise or
counterclockwise rotation movements. Both magnitude and sense of the rotation are set by
the robot controller through the action a,,, that takes values between -1 and 1. An important
remark is that robots cannot acquire absolute sensing references, such a light source or a
compass, to solve the task. Instead, the agents can only infer the current relative orientation
of their neighbors using the communication system in Section 4.1.2. Figure 4.24 illustrates a
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Figure 4.24: Illustrative example of the heading orientation consensus task. (A) Initial
conditions, and (B) desired behavior.

hypothetical example of the heading orientation consensus task. It shows in Figure 4.24A
some initial conditions where the heading orientations of the robots are highly different, and
in Figure 4.24B the desired behavior in which all robots have approximately the same value
of 0,.

4.4.2 Robot controller

The robot controller that defines the behavior of the agents in this experiment is also based
on a CTRNN model, that directly maps sensor readings to actuator actions. Specifically,
Figure 4.25 shows the diagram of the CTRNN architecture. As in previous tasks, there
are two hidden layers with ten hidden neurons each. The input layer, with seven nodes in
green, is placed at the leftmost side of the diagram. It is fed with the information received
and processed by the communication system (see Section 4.1.2), which are: (i) the received
two-dimensional message, m,,, (ii) the current state of the MODE state, and (iii) the relative
orientations 0, and 6,, from where the message was transmitted and received (see Figure 4.4).
The output layer, with four neurons in red, is responsible for generating the following actions:
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Figure 4.25: Artificial neural network architecture used in the heading orientation consensus
primitive.

- The next value of the communication state MODE. The neuron output is injected to a
step function to constrain its value to either zero or one.

- The two-dimensional message a, that will be broadcasted to the neighborhood, provided
that the condition MODE = 1 is met.

- The rotation speed and sense of the robot, a,,. A hyperbolic tangent function is applied
to the neuron activation to transform its values to [—1, 1].

4.4.3 Fitness function

For solving the heading orientation consensus task, a fitness function composed by two terms
is proposed. These two terms account for different aspects of the task and are aggregated as
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a product. Equation 4.17 defines the fitness function at a given time instant ¢,

folt) =3 > (1 _ min{2m — [8:(8) = (0)}, 10: () _6@)'}) - (1 - !aw(t,r)\>7 (4.17)

r=1 ™

where R is the number of robots, 6, is the heading orientation of some robot r, and a,(t,r) €
[—1,1] is the action that controls the rotation speed of the robot r at time ¢. The first term of
fo considers the deviation or misalignment of the heading orientations of each robot, relative
to the mean orientation of the whole swarm, @ (defined in Equation 4.18).

0(t) = arg (ieﬁ’”(t)> (4.18)

r=1

The first term in Equation 4.17 grows linearly as the heading orientation of the robot r
approaches the value of §. Similarly, it decreases when such deviation with respect to 6
increases. The optimal scenario of the first part of fo, in which the orientation consensus is
reached, is achieved when 6, = 0, Vr. In contrast, the second term in Equation 4.17 rewards
the robots for reducing their rotation speed, a,. The reason behind including such second
term of fo is to avoid that the robots rotate with the same phase and at a constant angular
speed once the heading orientation matching is fulfilled.

The total fitness function of an entire episode of duration T'At seconds is shown in Equa-
tion 4.19,

T
FFo = ;Z fo(kAt), (4.19)
k=0

as the temporal average of the instantaneous function fo at each control cycle t = kEAt. In
this experiment we fixed At as 50 ms and 7" as 1000 control cycles. Finally, each individual is
evaluated in five independent trials, so that multiple fitness samples are used to construct the
final expected fitness estimate. The final estimate is the sample mean of the fitness values
obtained in each trial.

4.4.4 Results

Behavior and overall performance

Figure 4.26 shows six frames of at different control cycles of a simulation, using the best
performing individual. The blue circles represent the positions of the robots, and the red
arrows indicate their heading orientations. It can be observed how the robot swarm achieves
the orientation consensus in about 100 simulation cycles. Moreover, for time steps greater
than 100, the heading orientation consensus is successfully preserved, although there are some
small variations in the converged value.

Figure 4.27 represents the time evolution of the heading orientations of the robots in a
simulation with 20 agents. The first 100 time instants comprise a transient period before
the robot swarm converges to a common heading orientation. After the transient period,
the robots successfully achieve the consensus up to a certain degree. Nonetheless, it can be
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Figure 4.26: Snapshots of different control cycles during a simulation of the orientation consensus
experiment. Each circle represents a robot and the arrows indicate the heading orientations. The
variable k indicates the time step of the corresponding frame.

noticed that there is a very slight rotation to maintain the orientation consensus along time.

In the figure, this residual rotation can be appreciated in the slope of the bean of curves,
which is only about 0.01 radians per control cycle.

Orientation (rad)

0 200 400 600 800
Time

Figure 4.27: Evolution of the heading orientation of the robots during a simulation with 20 robots.

Each curve corresponds to the orientation of one robot. The orientation range [0, 27) is extended to
the real set for visualization purposes.

Scalability

To assess the scalability of the system in this task, the misalignment metric in Equation 4.20
is used,

My(t) = ]1% >~ min {[0,(t) = (1), 2 — 0,(£) — O(1)] } - (4.20)

reR

90



CHAPTER 4. EVOLUTION OF COMMUNICATION IN SR PRIMITIVES

Swarm Size
ams 3
5

ame 10

eame 15
amm» 30
-

50

0 200 400 600 800
Time

Figure 4.28: Scalability assessment in the orientation consensus primitive. Evolution of
the misalignment metric (Mpy) for different swarm sizes. The darker curves represent the median
value of My, and the boundaries of the shadow areas indicate the first and third quartiles. Fifty
independent simulations are used for each swarm size.

It computes the mean deviation of the heading orientation of each robot in relation to the mean
orientation of the swarm. The optimal value of Mp is zero, and it is met when the orientation
consensus is reached. The mean orientation 6 was previously defined in Equation 4.18.

Figure 4.28 shows the temporal evolution of the My as simulation time elapses. The results
are illustrated for multiple swarm sizes, and each curve shows the median value (darker curves)
and the first and third quartiles (upper and lower shadow contours) of the misalignment
metric using 50 independent simulations. The growth in the number of robots results in a
degradation of both the time to convergence and the steady state value of the My. Nonetheless,
even for large swarm sizes, the robot swarm is capable of reaching the orientation consensus.
Therefore, these results demonstrate good scalability of the evolved system.

Robustness

The unexpected perturbation introduced during the evaluation simulation, with the aim
of testing the robustness, is the following. At control cycle 200, a subset of the robots
becomes uncontrollable, implying that their wheels are no longer controlled by the robots’
CTRNN. Specifically, uncontrollable agents rotate at constant angular velocity until a precise
orientation is reached. All the uncontrollable robots tend to the same orientation value, which
is randomly chosen. It is, furthermore, imposed that at time step 600, the goal orientation of
the uncontrollable robots is switched to a different one (also randomly sampled).

Figure 4.29 illustrates the evolution of the orientation of all the robots during a single
simulation that implements the previously described mechanic. In the depicted trial there
are four uncontrollable robots in a swarm of ten robots. The corresponding robots become
uncontrollable at control cycle 200, and switch their goal orientation at control cycle 600. The
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Figure 4.29: Results of the robustness analysis in the orientation consensus primitive.
It shows the evolution of the orientations provided that four of the robots are uncontrollable since
control cycle 200. The orientations are represented in radians in the range (—oo,00) in order to
simplify the figure.

orientations are represented in radians in the range (—o00, 00) in order to simplify the figure,
so that any pair of values separated by 27 radians correspond to the same orientation. The
figure reveals that the robots successfully react to the drastic orientation switch of the leaders,
progressively converging to the target orientation of the uncontrollable agents.

Communication

In order to analyze the evolved communication, Figure 4.30A illustrates the temporal evolution
of My in four different scenarios with different communication variables inhibited. Specifically,
it compares simulations with the inhibition of the received message (m,,) in orange, the
reception and transmission relative orientations (6,, and 6) in green and red, and without
inhibition (normal conditions). The variable MODE is not included in the analysis because it
was found that it always remains in the send state. The results in the figure show that the
variables 6,, and 6, are essential for correctly solving the task. In contrast, simulations with
the inhibition of the message m,, lead to a successful minimization of My, equivalent to the
one under normal conditions. Thus, the results suggest that the message itself is not relevant
for reaching the orientation consensus.

However, complementary results that highly contrast with the previous statement are shown
in Figures 4.30B and C. In Figure 4.30C, the evolution across time of the heading orientations
of the robots is compared when, (i) no variable inhibition is produced, and (ii) when the
received message (m,,;) is inhibited. Although the restriction of the message to the agents
is not relevant for reaching the consensus value, it is clearly used for the reduction of the
rotation speed of the robots when consensus is reached. This property is not reflected
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Figure 4.30: Analysis of the evolved communication in the orientation consensus
primitive. (A) Evolution of My when different communication variables are inhibited. The darker
curves represent the corresponding median value of My, and the contours of the lighter shadows
are the first and third quartiles. Each curve is built using data from fifty independent simulations.
(B) Proportion estimates and 95 % confidence intervals of the times each symbol is transmitted
conditioned to the status of pairwise consensus. (C) Evolution of the heading orientations of two
separate robot swarms in two independent simulations. The black curves are the orientations of the
robots in a simulation under normal conditions, while the red curves correspond to the swarm of a
simulation with the received message inhibited.

in the misalignment metric and, thus, Figure 4.30A incorrectly categorizes m,, as a non-
communicative signal. Additionally, Figure 4.30B deepens into the semantics of the symbols.
The figure shows the estimate values of the proportion of times that robots send each symbol
when the orientation consensus between the sender and listener robots is achieved. The
estimates are computed using the results from 50 independent trials. Only the messages
So = (0,0) and S5 = (0.33,0.33) are included because the remaining 14 symbols are never used
in the evolved communication. The symbol 0.33 is mainly used once the heading orientation
consensus is achieved between two communicating robots. In contrast, in the complementary
scenario in which the robots are not aligned yet there is not a statistically significant difference
in the proportion of times that each symbol is generated. This observation verifies the previous
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hypothesis about the importance of the message once the consensus is reached.

4.5 Summary and discussion

In this Chapter, three different primitive SR behaviors (leader election, frontier identification,
and orientation consensus) were separately evolved based on the same robot controller and
communication system. These primitive behaviors are the basis to create increasingly more
complex and advanced robot controllers, through composition and incremental evolution.

A minimal and highly constrained communication system was presented and used in all of
the primitive behaviors. Such communication system defines the rules and mechanics of the
communication, but the semantics emerged as a result of the artificial evolution. Some sort
of communication emerged at the end of the artificial evolution in all the primitive tasks.
However, the evolved communication semantics greatly diverged depending on the resulting
behavior, even though all the evolutionary processes landed from an equivalent starting
point. Specifically, the following communication semantics were evolved in each of the tackled
primitives:

(1) Leader election: an abstract communication, in which only the message is commu-
nicative, emerged in the leader election.

(2) Fromtier identification: a purely situated communication, in which the message was
not relevant and all the communicative value lied on the associated environmental
context, was evolved in the frontier identificiation primitive.

(3) Heading orientation consensus: a situated communication, as a hybrid scenario
in which both the abstract message and the associated context are relevant in the
communication, emerged in the frontier identification primitive.

In addition to the analysis of the emerged communication, all the evolved behaviors are
subject to scalability and robustness assessments, which are two essential properties of SR
systems. The results revealed that the optimized robot controllers achieve good scalability in
all the tasks, up to swarm sizes of 50 agents. Additionally, the robot swarms are also robust
against strong perturbations that highly alter the converged solution, imposing a complete
reorganization.

The divergences in the evolved communication shed some light on one of the main problems
of communication systems in SR, the lack of a standarized framework. Many SR studies,
in which the emerged communication is the main focus, are specifically designed ad hoc
for the task or problem studied [11]. Although different communications emerged from the
same initial setup in this chapter, the robot controller of each task still required some ad hoc
variations in the input and ouput spaces, and a complete redefinition of the fitness function.
Moreover, the system was evolved separately and independently to obtain each of the goal
behaviors. Therefore, the experiments of this chapter revealed that it is possible to obtain SR
and communication systems with weak transferability, requiring minor design modification
among the different tasks. Ideally, it would be desirable to obtain an evolutionary framework
that can be applied to multiple distinguishable tasks without the need to re-evolve the robot
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controllers and the communication (strong transferability).
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Chapter 5

Evolution of transferable and
self-organized communication modules

In the previous chapter, it was shown that diverse communication semantics can emerge when
the same neuro-controller, that uses the same communication system, is evolved in different
primitive tasks. However, the communication mechanics and semantics were specifically
evolved ad-hoc for each SR task. That is, the SR system used in the experiments of the
previous chapter showed weak transferability, because although the same system can be
applied to multiple tasks with minor design modifications, a complete re-evolution of the
system was required for each experiment. This Chapter goes a step beyond and tackles the
strong transferability in SR, with the aim of using the exact same evolved communications
in multiple tasks. As stated in [11], direct communication semantics and rules are generally
designed and constructed for solving specific problems. This represents a significant challenge
in the SR field, as there is a lack of standardized communication frameworks or methods
that can be implemented across a wide variety of problems. This important concern is also
discussed in [12], highlighting the relation between the lack of standardization and real-world
applicability in the swarm robotics field. Additionally, a highly relevant line of research that
emerges from Chapter 4 concerns how basic primitive behaviors can be combined and reused
to produce more complex collective behaviors.

These issues are attacked in this chapter using a self-organized and decentralized communi-
cation module, whose logic is evolved only once and can be transferred to tackle multiple
independent SR tasks and with varying swarm sizes. Its performance is demonstrated using the
exact same evolved communication in three well-known SR problems, namely, (i) aggregation
of the robots into groups of desired sizes, (ii) formation control, and (iii) a basic foraging task
involving dynamic role allocation. It is shown that these distinct tasks can be successfully
solved using the proposed system. The communication module relies on a virtual state space,
namely the communication space, which is constructed so that each robot is viewed as a point
or particle within this space (in addition to and independently of their coordinates in the
physical world). The coordinates of the agents within the communication space are defined as
the communication state. The communication space is partitioned into a set of virtual regions,
and each region is linked to a physical behavior, such as seeking resources, phototaxis, or
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recharging the battery. The individual behavior of a robots in the swarm is given by the region
to which its current communication state belongs. Robots are able to dynamically change
their communication state by virtually navigating in the communication space. Furthermore,
at each control cycle, every robot communicates its communication state to other neighbors in
range. The received states can be used by other robots to coordinate their virtual navigation
in order to solve SR tasks. Thereafter, robot swarms can effectively coordinate their behavior
in a self-organized manner using the proposed communication module.

There have been previous approaches of SR systems that make use of virtual structures
in the literature. The authors of [113] proposed the use of a virtual structure for moving
multi-robot systems in formation with a high-precision. In this virtual structure, robots
form a rigid geometric relationship among them and a reference frame. Moreover, the
formation control is bidirectional, meaning that in order to achieve the desired formation, the
positions in the virtual structure and the physical positions of the robots are influenced in
both directions. In [114], the authors considered a virtual rigid body scheme for achieving
multi-robot coordination. Specifically, they constructed a virtual space with its basis and
boundaries defined by real-world state variables. They also transformed physical and task
constraints into regions in the virtual space. Moreover, they defined the goal scenario that
the robots must achieve as another coordinate in the virtual construct. Thereafter, they
simplified multi-robot tasks as the problem of finding a possible path that connects the initial
robot coordinates with the goal coordinates without entering into the constraint regions.
In [115, , |, this virtual path planning procedure with constraints as virtual obstacles
was extended, and referred to as motion planning on a Representation Space (RS), for solving
diverse problems. Nonetheless, these works used a representation space as a tool for planning
the motion of the robots, rather than as a virtual communication medium.

A study that shares more similarities with the approach of this chapter can be found in [243],
and in [244]. In these works, the authors proposed a self-organized division of labor among
the members of the swarm inspired by the division of labor of honeybees based on age. They
denoted this framework as partitioning social inhibition, which is relies on a density-based
distribution of the robots along a virtual segment, that analogously represents the honeybee
age. They split this segment into multiple smaller segments, each representing a different
labour or task. Thereafter, the robots can move along the segment to engage in the different
roles based on the target density. While this approach shares similarities with the work
presented in this chapter, there are several major differences: firstly, the communication
module proposed here explores the self-organization concept at the agent level instead of at
the group level. This means that the system is inherently specialized to allocate different
roles to each individual in the swarm, allowing personalized roles such as the positions to be
occupied in a swarm formation task (see Section 5.3). Moreover, the focus of this chapter is on
the capability of using the communication module in multiple different SR tasks. Additionally,
the authors of [213, | constrained the virtual space to a segment, which is convenient for
low swarm sizes but it can decrease performance as swarm size and the number of roles grow.
In contrast, here, both a one-dimensional and a two-dimensional spaces are proposed, and,
furthermore, the one-dimensional space was improved by virtually connecting both endpoints
as an unfolded circle. This modification drastically decreases the time required to travel
between two tasks and enhances the convergence of the overall system. Lastly, in Section 5.4
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it is experimentally demonstrated that the system presented in this chapter provides a much
faster convergence time in the self-organization process, which is a critical feature in SR
systems like the ones proposed here and in [244].

5.1 The Communication Module

Inspired by the fields of cooperative control [245] and graph neural networks [2416], a transfer-
able decentralized communication module for solving SR tasks is proposed. It is based on
a virtual communication state space, or simply communication space, where each robot has
its own communication state. The communication space is a purely abstract construct with
no direct physical counterpart—it does not represent a spatial mapping, topology, or replica
of the real world in any way. The communication states are the only pieces of information
communicated between the robots.

The communication module is categorized as the combination the following components:

(1) the communication space, and the communication states of the robots within such
virtual space,

(2) the virtual dynamics of the communication states of the robots, that defines their virtual
navigation,

(3) the transmission of the communication state, and its perception by the neighbors in the
surroundings,

(4) the bidirectional influence and data flow between the communication module and the
robot controller.

5.1.1 Communication state space

Let & be the communication space. In addition, let R be the partition of S introduced in
Equation 5.1.

R={Ri,....,Ru}, | S=R{URyU---URy (5.1)

Moreover, each region R;, with j € {1,..., M}, is represented by a centroid or virtual
landmark I; € R;. Using these virtual landmarks, a convenient way to define the regions is
shown in Equation 5.2,

R;={seS|ds(s, ;) <ds(s,lx), Yk #j}, (5.2)
where ds(s,s') refers to some distance metric within S. In the special case in which ds(s, l;) =

ds(s, i), the region is determined randomly between the candidate regions.

The vector s; € S is defined as the communication state of the i-th robot, considering
i€{l,...,N}, where N is the number of robots (swarm size). Additionally, each robot has a
virtual orientation, 6;(t), that defines the direction of virtual movement in S. An agent i is in
region R; at time instant ¢ provided that s;(t) € R;.
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Figure 5.1: Hypothetical communication spaces and primitive selector. (A) Hypothetical
one-dimensional communication space with six virtual regions (R;) and their respective landmarks
l; (denoted as stars). (B) Hypothetical two-dimensional communication space with six virtual
regions and six virtual landmarks as in (A). In both (A) and (B), there are eight robots, whose
communication states are represented as white circles. (C) Example of a primitive selector that
maps virtual regions in S to primitive functions f; to be executed by the robots. (D) Screenshot of
the eight robots executing their corresponding primitive. The geometric shape displayed on top of
each robot represents the primitive being executed, while the color of the robot’s LED indicates its
current virtual region (according to the colors of (A and B)).

Equation 5.3 defines the function fr that determines the virtual region to which a given
robot’s state belongs.

fr(si) =Ry <= s; € Ry (5.3)

Each virtual region corresponds to a physical behavior. Moreover, robots communicate their
individual communication state to neighbors in range.

In this PhD Thesis, one-dimensional and two-dimensional communication spaces are considered.
Nonetheless, all the definitions and building blocks related to the proposed communication
module can be readily generalized to the n-dimensional scenario. Figure 5.1A shows a hypo-
thetical one-dimensional communication space with six virtual regions {R;}_; represented by
their associated virtual landmarks {l;}$_,. Moreover, in this hypothetical example, there are
eight robots whose communication states are represented by white circles. In this figure, there
is one robot in Ry, two robots in R, two robots in Rg3, two robots in R4, a single robots in
Re and no robot in R5. Additionally, Figure 5.1B illustrates the analogous two-dimensional
communication space with the same number of virtual regions and landmarks.

In order to make the communication module effective, some information must be shared
between agents. At each control cycle, every robot i broadcasts its own communication state
s;, which is, in turn, received by every other agent within its communication range.
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5.1.2 Connection between virtual regions and robot behaviors

Similarly to the levels of competence in [90] and the behavior primitives in [92], a primitive
pool, F = {f1,..., fr}, is defined. It is a set of primitive behaviors designed to solve specific
and simple tasks. Some examples of primitives are “explore the arena”, “approach a light
source” (phototazis), “move away from a light source”, “follow another target robot”, “stay in
a nest ground area” or “forage from a resource area”, among many other possible options.
These primitives have access to the robot sensor readings and can modify the state of the
robot actuators. In this PhD Thesis, only handcrafted or manually designed primitives are

considered, but the set could also include evolved, learned, or hybrid primitives.

Each virtual region is associated with exactly one behavior primitive. Therefore, a mapping
between the virtual regions in R and the primitives in F is defined. It implies that a robot
whose communication state belongs to a virtual region executes the primitive for that region.
This mapping between the sets R and F is refered as the primitive selector.

An example of a primitive selector is illustrated in Figure 5.1C, where six virtual regions of
either Figure 5.1A or B are mapped onto four primitives { f1, fo, f3, fa} (represented graphically
as different geometric shapes). Figure 5.1D shows a small swarm of eight robots that are
solving a certain task. The primitive that each robot of the figure is executing is graphically
represented with a 3D geometry according to the robot’s communication state in Figure 5.1A
and B and the primitive selector in Figure 5.1C.

5.1.3 Virtual navigation in the communication space

The communication state of each robot is subject to some dynamics that modify its coordinates
in §. The communication state dynamics in S are denoted as virtual navigation. Furthermore,
a navigation policy decides the virtual navigation rules and dynamics, driven by some goal
or convergence criteria. In order to be effective, such navigation policy should take into
consideration the virtual landmarks and the communication states of the neighbors. In this
chapter, the navigation policy goal is established in Equation 5.4,

Vs;,s; € {s1,...,8n}, Si #8; = fr(si) # fr(s)). (5.4)

This target goal condition is met when the communication state of each robot belongs to a
different virtual region of R, that is not occupied by any other member of the swarm. Note,
moreover, that the convergence of each agent to a distinct virtual region also implies that,
upon convergence, each robot is controlled by a different primitive behavior (division of labor).
To complement Equation 5.4, notice that the virtual regions form a partition of S, so that
any communication state always belongs to one and only one virtual region, regardless the
navigation policy.

To fulfill the imposed policy, the virtual navigation is controlled by the communication
controller, feomm. The communication controller is a completely different unit that must not
be confused with the traditional robot controller. The latter maps sensor readings to actuator
actions and defines the robot behavior in the physical world, while the former defines the
virtual navigation of the robots in the communication space. The communication controller
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of the ¢-th robot is generically defined in Equation 5.5,

a;, etar,i = fcomm (Si7 Scsts lcsty ltar)a (55)

where the outputs are the normalized navigation speed a; € [0, 1] and the target virtual
orientation 6y, of robot ¢ in the communication space S. Alternatively, the communication
controller receives as inputs four vectors, namely, the closest communication state among
the neighbors in S, s., the closest landmark, l.,; (which is in turn the landmark associated
to the virtual region fr(s;)), a target landmark /.., and its own communication state s;.
Before explaining the computation of the target landmark ly,,, let p; € N} (Ny = NUO0) be a
vector of priorities, where is 0 is the highest priority and the priority decreases as the number
grows. The priorities in p; are associated to each of the virtual landmarks as a one-to-one
mapping, so that p;(m) is the priority of landmark [,, for all m € {1,... M} according to
robot 7. The sub-index i of p; is used to highlight that the priorities are subjective to each
robot i € {1,..., N}, so that each robot can have different landmark priorities.

The target landmark I, is selected according to three criteria:
(1) whether the virtual region Ry, of [y, is already occupied by other neighbors,
(2) the priority of the landmark, and
(3) the distance from the robot’s communication state to the landmark.

Each of the three criteria are also listed according to their importance in the selection, meaning
that finding a virtual region that is unoccupied is more important than finding the highest
priority and, in turn, selecting the highest priority is more relevant than distance.

The communication controller is responsible for generating a virtual navigation velocity
and direction. The dynamics of the virtual orientation of a robot ¢ are characterized by

Equation 5.6,
00;(t
Tgai) = Qtar,i(t) — Qz(t), (56)

while the dynamics of the communication state are defined in Equation 5.7,

Js;(t) cos(6;(t))
Ts ot = ai(t> : < Sin(ei(t)) ) . (5'7)

The fixed time constants 7y and 7, also influence the linear and angular speeds of the virtual
navigation, and they are settled to 20 - 9t in both cases. Preliminary studies revealed that
they are a good trade-off between smoothness and fast response in the virtual navigation.

Equations 5.6 and 5.7 represent a dynamical system specifically designed for two-dimensional
communication spaces. Thus, in the case of one-dimensional communication spaces, the
dynamics simplify to Equation 5.8, as there is no longer a need to include dynamics for the
orientation. osi(1)

S;i (T

Gzt = a;(t) - Opari(t) (5.8)
In Equation 5.8, the variable 60;,,, € {—1, 1} has two possible values, so that each one
represents one of the two navigation directions in the single dimension of the communication
space.

Ts
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Figure 5.2: Diagram of the overall system. (A) Communication module. (B) Robot controller.

Figure 5.2A summarizes the stages of the virtual navigation process of a robot in the
communication space. Firstly, s.s, les and li,. are computed using all the landmarks
({ln}M_)), and all the communication states of other robots in communication range ({s;};en; ).
Subsequently, these vectors are fed to the communication controller f.,,.n, that generates
the desired navigation speed and virtual orientation. Finally, the communication state of the
robot is updated based on Equations 5.6 and 5.7.

5.1.4 Robot controller

The robot controller, illustrated in Figure 5.2B, is responsible for the physical behavior of
a robot. In each control cycle, the primitive selector is used to pick one of the primitives
available in a primitive pool, based on the current region of the robot in the communication
space. Moreover, the selected primitive is executed using the current sensory readings, denoted
as ¢(t). In addition, the robot controller is also composed by the priority selector. A virtual
region’s priority determines its relative importance for a given robot and is considered when
the robot performs virtual navigation. The priority selector is defined as in Equation 5.9,

pi(t) = PrioritySelector (¢(t)), (5.9)
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so that its outcome is the vector p;, resulting from the concatenation of the priorities of all
the primitives of the i-th robot. The priorities can be set to fixed values, for instance, as in
the aggregation and formation tasks (see Section 5.3.1 and 5.3.2). However, priorities can
also be dynamically updated using conditional rules and the current sensor readings, ¢(t). As
an example, a change in the priority of a primitive can happen when a robot runs low on
battery and needs to critically prioritize a “recharge battery” behavior. In this scenario, the
priority selector would simply check whether some battery level threshold was crossed, and
modify the “recharge battery” priority accordingly.

5.1.5 Interactions between the communication module and the
robot controller

Figure 5.2 shows an overview of the communication module, the robot controller, and the
data flow between them. The bidirectional interactions between these two components are
the following:

o Influence of the communication module on the robot controller: the communi-
cation module modifies the behavior of the robots in the physical environment through
the primitive selector and the communication state. Specifically, the communication
state of a robot and the virtual region to which it belongs determine the physical
behavior primitive executed by a robot. Similarly, transitioning from one virtual region
to another also causes a change in the robot’s physical behavior.

e Influence of the robot controller on the communication module: the robot
controller can alter the virtual navigation that characterizes the communication module
by means of the priority vector p;(¢) local to each robot i. Consequently, p;(t) of a robot
t determines the virtual regions that this robot should occupy with highest priority at
time instant t. The robot controller can modify the values of p; at each control cycle
based on the sensor readings.

5.1.6 Evolution and deployment phases

The parameters of the ANN that define the communication controller (feomm) are optimized
with the ultimate aim of fulfilling Equation 5.4. The evolution of the communication controller
is completely decoupled from the physical robot controller. Therefore, two complementary
stages can be considered: (i) an evolution phase and (ii) a deployment phase.

e The evolution phase is devoted to the optimization of the communication controller, in
isolation, where robots learn to navigate in the communication space. In this study,
the communication controller is agnostic to the SR task taking place in the physical
environment. Therefore, no primitive behaviors are assigned to the virtual regions at
this stage.

o The deployment phase occurs after the communication controller is evolved. In this
phase, the communication module is configured for a specific SR task, namely, assigning
primitive behaviors to virtual regions and defining the primitive selector and the priority
selector. Even though manually designed primitives and selectors are considered in this
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Chapter, these components could also be evolved or learned according to the specific
task requirements.

One of the main strengths of the proposed communication module is that it is task-agnostic
and can be used in diverse tasks without the need to re-design, re-evolve, or re-train it.
This property of the module is refered as strong transferability in this Thesis. To use the
communication module in a new task, it is only necessary to configure the module as described
above in the deployment phase.

5.1.7 Illustrative example

A simple foraging task can be conveniently used as an example to explain the way in which
the communication module is used to solve SR tasks. Such foraging problem, which also
serves as an introduction to one of the three experiments defined and solved in subsequent
sections, is composed by a nest zone and two food areas. The aim of the robots is to find
the food areas and, thereafter, transport as many food elements as possible to the nest by
performing round trips between the corresponding resource area and the nest. Additionally,
the goal in a multi-agent scenario is to perform a temporal task allocation so that each robot
seeks and forages from a different food area.

This example with two robots is shown in Figure 5.3. Figure 5.3A depicts the communication
space and the virtual navigation of each of the two robots (as white and black curves,
respectively). There are five virtual regions (Ry,...,R5), each linked to a distinct primitive
behavior (fi,..., f5) according to the primitive selector shown in Figure 5.3B. The callouts
show the five-dimensional priority vectors with their values set to either OFF or ON for each
of the five regions. The style of the curve (dotted, dashed, or solid) depicts the part of the
trajectories in which the priorities of the callouts are used by each robot. The value OFF
means that the robot’s virtual navigation will not be attracted towards it. For example, the
vector (OFF, OFF, OFF, OFF, ON) indicates that only region R has priority, while the rest can
be neglected. Consequently, the robot should navigate towards R5 with the aim of executing
behavior f5 (“Return to nest”).

Focusing on the trajectory of robot 1 (in white), the virtual navigation is the sequence
{R1,R3,R5,R3, Rs, ...}, so that the primitives executed by this robot are { f1, f3, fs5, f3, f5- - - }
In terms of robot behaviors, this sequence is as follows: (i) the robot searches for a food area
by exploring the environment, and once food area 1 is found, (ii) it continually transports
resources from that food area to the nest. The virtual navigation of robot 2 (in black) is the se-
ries {Ra, R4, R5, R4, R5, ... } and the sequence of robot 2 primitives are { fa, f4, fs5, fa, f5,- - }.
In this case, robot 2 starts executing the primitive “Find food area 2”, because robot 1 is
already looking for the other food source. Subsequently, robot 2 performs a round trip foraging
from the food area 2 and the nest. The values of the priority vectors play a crucial role in
this example. For instance, the round trips between R3 and R5 are produced because when a
robot acquires food, the robot controller updates the priority vector to (OFF, OFF, OFF, OFF, ON),
indicating that only region Rj5 is active, and the new target behavior of the robot is returning
to the nest (primitive f5).
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Figure 5.3: Example showing how the communication module and robot controller
can solve a simple foraging. (A) Communication space showing example trajectories of two
cooperating robots solving a simple foraging. (B) Primitive selector showing five primitive behaviors
(fi) and how they are associated to the regions of the communication space. It also provides a short
description of each goal of each primitive. (A) also shows multiple callouts with the values of the
priorities of the robots during specific parts of the trajectories (illustrated with the style of the
curves, being either solid, dashed, or dotted). For the sake of clarity, in this example, either ON and
OFF priority values are considered, so that ON means that the corresponding region has priority and
the robot is attracted to it, and OFF implies that the corresponding region can be neglected. For
example, the vector (OFF, OFF, OFF, OFF, ON) indicates that only region R has priority, and, thus, the
robot’s target behavior would be f5 (“Return to nest”).

5.2 Evolution of the communication controller

5.2.1 Description of the evolutionary process

In order to obtain a virtual navigation of robots in the communication space that satisfies the
desired goals defined in Equation 5.4, an ANN is used as the communication controller f.,mm-
Moreover, the parameters and topology of f.mm are evolved using the NeuroEvolution of
Augmenting Topologies (NEAT) algorithm [23]. The reader is redirected to Appendix A for a
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detailed theoretical description of NEAT.

During each generation of NEAT, each individual is evaluated using a robotics simulation
software (see Section 5.3). Each simulation is accomplished using a swarm of ten robots
and a communication space composed of ten virtual landmarks. The evolution process is
task-agnostic and is decoupled from any physical behavior. Therefore, the evaluations are
done using static robots that do not tackle any specific SR task. Instead of the physical robot
behavior, the focus of the simulations during this evolution stage lies on the dynamics of the
communication states and on the convergence of the virtual navigation of the robots. At
each control cycle, each robot transmits its communication state, s;, to its neighborhood.
Thereafter, one iteration of the communication module (with its control flow and main stages
depicted in Figure 5.2A) is computed, resulting in the next communication state of each robot.
In this chapter, the last aim of the artificial evolution is that the communication state of each
robot converges to a different virtual region that is not occupied by any other agent (thus
satisfying Equation 5.4). The final result of each evaluation is a fitness score that evaluates
the performance of the NEAT’s individuals, using the fitness function defined in Section 5.2.4.
Once evolved, the optimized communication module can be transferred to multiple tasks in
the deployment stage without the need to re-evolve the communication controller.

The physical positions and virtual communication states of the robots are initialized randomly,
ensuring the compactness of the robot swarm and avoiding isolated robots. The initialization of
the communication states of the robots is uniform along the entire communication space. The
coordinates of the virtual landmarks in the communication space is also randomly determined,
guaranteeing a minimum distance between any two landmarks. This minimum distance is a
hyper-parameter that depends on the total number of landmarks. For ten landmarks, it is
fixed to 0.3.

5.2.2 Topology of the communication space

The communication framework is assessed in experiments with both 1D and 2D communication
spaces. The one-dimensional communication space is defined as the line segment &; =
[—L/2, L/2) with an additional property that allows a direct connection between the endpoints
—L/2 and L/2 (virtually the same point in the communication space). This one-dimensional
communication space can be also seen as a circle embed in a higher dimensional space.

Figure 5.4A shows the one-dimensional communication space as a circle in a 2D space, while
Figure 5.4B illustrates the unfolding of such circle that leads to the mentioned line segment.
Notice that both representations depict the exact same communication space. The distance
metric that characterizes S is defined in Equation 5.10,

b (5.10)

ds,(s,s) = min{‘s —s/},L— ’s—sl

/
where s, € S;.

Besides, the two-dimensional communication space is defined as an unfolded torus in Sy =
[—W/2, W/2) x [-H/2, H/2). The upper and lower boundaries of S, are connected and the
left and right sides are also connected. Figure 5.4C shows S, as a torus in a 3D space, while
Figure 5.4D illustrates the unfolded torus. As in the one-dimensional case, the communication
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Figure 5.4: Communication space topologies used in the experiments. (A) Circle
communication space embedded in a three-dimensional space. Remark: the thickness of the circle
is only represented for visualization purposes, albeit the structure is a compact one-dimensional
manifold. (B) Unfolded circle communication space. (C) Torus communication space embedded in a
three-dimensional space. (D) Unfolded torus communication space.

space represented in both figures is equivalent. The distance metric of S, is formulated in

Equation 5.11,
min{‘sl —s |, W— ‘sl — s }
ds,(s,s) = (5.11)
min{‘s2—s/2,H—‘sg—s/2} )

where s = (s1, s5) ' and s’ = (s}, s,)" and s,s" € Sy.

5.2.3 Evolved communication controller

The ANN model used in feomm is @ CTRNN [247], which is an ANN with feedback connections
that operates in continuous time. The use of a recurrent neural network is motivated by the
dynamic nature of the virtual navigation in the communication space, which poses a scenario
where a feed-forward model without any sort of memory may not be sufficient. A detailed
description of the CTRNN model and the firing rate neurons that compose it is provided in
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Appendix B. The precise choice of the CTRNN model instead of a simpler recurrent neural
network that operates in discrete time is justified by the continuous dynamics of the mentioned
virtual navigation.

The membrane time constants of the neurons are fixed to the value of 7,,, = 1 and the Euler
time step used in the simulations is At = 0.1. A ratio of 32 = 10 is a good trade-off value that
allows the neurons to react quickly to input changes. Smaller values of this ratio would be too
close to the time discretization At used by Euler integration. On the contrary, large values of
Tm would result in an undesired slow virtual movement in the communication space. The
activation function of the neurons is the sigmoid function for all the neurons in the CTRNN.

etam' a;

dS(Si-,Scst) dS(Si:lcst) d8<sislmr) @S(Siascst) ¢S(Si:lcst) '»‘QS(Sialm‘r)

Figure 5.5: Architecture of the CTRNN model used to control the virtual navigation of the robots
in the communication space.

Figure 5.5 shows the diagram of the CTRNN architecture used in the experiments. The
bottom circles of the figure denote the input nodes of the neural network and the top nodes
represent the output neurons. Recall from Section 5.1.3 that f.,., receives as input the closest
neighbor’s communication state, s.y, the closest landmark, [.y, and the target landmark
liar- The CTRNN execution is preceded by a pre-processing stage in which these vectors
are converted to the distance and angle between the robot communication state and the
corresponding vector. For instance, ds(s;, Sest) and ¢s(s;, Ses¢) are the distance and angle
between s; and s.y in S. On the contrary, the outputs of the CTRNN are the virtual
navigation velocity and target orientation for robot ¢, as defined in Section 5.1.3.

5.2.4 Evolutionary Setup

The fitness function FF', defined in this subsection, is used to guide the artificial evolution
towards a solution that fulfills the objective in Equation 5.4. The individual fitness score of a
robot increases while the distance to a virtual landmark is decreased, if and only if that robot

109



Rafael Sendra Arranz

is the only individual in the surroundings of the landmark. This fitness function imposes that
there should only be one robot inside each virtual region to reach the goal of Equation 5.4.
The instantaneous fitness function of a single robot i, FF;(t), used by the NEAT algorithm to
optimize the CTRNN model is shown in Equation 5.12,

exp {—a- ds(si(t), (E)}, ifs;(t) ¢ RI(1),V) # 1
FE(t) = (5.12)
0, otherwise,

where R} (t) is the virtual region to which the communication state of agent i currently belongs
(i.e. s; € Rf at time step t). Additionally, [} refers to the virtual landmark corresponding
to region R;. The value of FF; will exponentially increase as the distance to [} is reduced,
provided that agent ¢ is the only robot whose communication state is inside virtual region
Ry (ie. sj(t) &€ Ri(t),Vj # i). The value of @ modulates the decay rate of the fitness as
the distance to [* rises. In the experiments, it is established o = 8 to avoid sparse fitness
landscapes while not rewarding too much the robots for being on the borders of the virtual
regions.

The final fitness score of a NEAT individual is computed as the average of FF;(t) across
robots ¢ € {1,..., N} and simulation control cycles k € {1,...,T} considering a sampling
period At (see Equation 5.13).

1 T N
FF = N7 > > FE(kAY) (5.13)

k=0i=1

Additionally the fitness function is evaluated 10 different times for each individual, with
random and independent initialization.

The NEAT population is composed of 100 individuals, among which the best two are preserved
each generation as elites. The number of elites is fixed to two individuals as a good trade-off
between exploitation of the best-performing candidates and the exploration of new solutions.
Increasing the number of elites further would incrementally result in a high selective pressure
of the evolutionary algorithm (and thus increasing the possibilities of finding a local optima
that does not satisfy the problem requirements). Each parameter of the CTRNN model
(i.e. synapse weights and neuron biases) is mutated with a probability of pg = 0.1, using a
Gaussian mutation with a mutation power of 0.05. Moreover, there is a probability of 0.05
to add a new node, and a probability of 0.2 to generate a new connection to the CTRNN
topology. The rest of the hyper-parameters are based on the proposed configuration by the
authors of NEAT [83] and on previous studies of NEAT applied to SR [248, 249]. Specifically,
the values ¢; =1, ¢ = 1, and ¢3 = 0.4 are used as the compatibility coefficients, and ¢, = 3
for the compatibility threshold. These parameters are used during the speciation process to
select the most compatible species for each genotype. The weights and biases are constrained
to the range [—10, 10] and are initialized using a Gaussian distribution with zero mean and a
o=1.
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Figure 5.6: Illustration of the proposed SR experiments. (A) Aggregation in groups of
desired sizes. (B) Formation of target swarm geometries. (C) Basic foraging with a nest area (black),
two food areas (grey) and three red light sources where the robots can recharge their batteries. The
aim is to perform a temporal role allocation so that there are always N/4 robots foraging from

each of the resources (N/2 foragers in total), while the remainder of the swarm members are either
charging their batteries or waiting inside the nest.

5.3 Experiments

To assess the communication framework, three widely known SR tasks are addressed: (i) an
aggregation of the robots in groups of fixed sizes, (ii) a formation of target swarm geometries,
and (iii) a basic foraging with robot battery dependence. The exact same communication
module, previously evolved according to the details and hyper-parameters discussed in
Section 5.2, is used. For all the experiments, different primitives are defined to suitably fulfill
the requirements imposed by the corresponding task. Moreover, simulations are accomplished
using the pybullet library [250] for real-time collision detection and multi-physics simulations.
The robots are equipped with 8 IR-based proximity sensors distributed along their perimeter,
a GPS in order to know their absolute position in the arena and communication transmitters
and receivers that share their communication states along their neighborhood. In the case of
the foraging experiment, the robots are also equipped with 8 light sensors positioned along
its perimeter and a ground sensor that detects the color of the floor below the robot.

5.3.1 Aggregation in groups

The aggregation in groups is a highly important task that goes beyond simple aggregation,
as it can be used to conveniently divide the labor of the swarm across teams in real-world
geographically distributed tasks [251, |, such as firefighting or search and rescue. The
reader is redirected to Chapter 2.5.1 for a review of SR studies in the literature that have
addressed the aggregation task using different algorithms and robot controllers.

A clustered aggregation task, in which the robots have to form a desired number of groups
with a target number of members in each group, is considered. Moreover, the robots of
each group have to aggregate as closely as possible with the other members of their group,
while avoiding collisions. G is defined as the number of groups and G;,i € {1,...,G}, as the
number of target members of each group. Thereafter, there are G primitive behaviors with

111



Rafael Sendra Arranz

the following meanings:

£ —» “Go to the center of mass coordinates

! of the neighbors also belonging to group 7"
Furthermore, the number of virtual regions of the communication space equals the swarm size
and, for each i € {1,..., G}, the primitive selector maps G; different virtual regions to the
primitive function f;. Figure 5.6A illustrates an example of the aggregation in groups with 21
robots, G = 3 groups, three primitives { f1, f2, f3}, and G; = Gy = G3 = 7. Consequently, in
this example, {Ry,...,R7} are all mapped onto fi, {Rs,...,Ris} are mapped onto fo and
{R15,...,Ro1} are associated to fs.

All the target groups of this task have the same importance and, therefore, all the virtual
region priorities are fixed to the same value of 1. Therefore, the priority selector used in this
experiment is simply:

pi(t)=(1,...,1), V¢t, Vi€ {1,...,N} (5.14)

At the beginning of the task execution, the target number of groups and robots per group
are established by the researcher. Moreover, robots’ positions are initialized randomly within
a square area of either 2 x 2 meters for swarms with less than 20 robots, and 3 x 3 meters
for swarm sizes greater than 20. The orientations of the robots are also randomly initialized
between 0 and 27.

5.3.2 Formation control

The second experiment is a formation of desired swarm geometries (see e.g. [253, 254]).
Formation control is one of the fundamental behaviors in SR, and it is the pillar of many
real-world applications, such as collective motion, coordinated patrolling, area coverage, or
surveillance, among others. The reader is redirected to Chapter 2.5.2 for a review of SR
studies in the literature that have addressed the formation control using different algorithms
and robot controllers.

The proposed formation is relative to the center of mass of the robots, implying that it can
be established in any area of the arena. The only requirement is that the distances between
robots are approximately preserved according to the geometry. As an example, Figure 5.6B
illustrates a target formation with 9 robots.

Let the target formation of N points be formulated as in Equation 5.15,
{x7(t),....,xxy(@)} ={ct) + Ay,...,c(t) + An}, (5.15)

where ¢ € R? is the center of mass of the swarm and, Vi € {1,..., N}, A; € R% is the offset
vector that defines the coordinates of the point x; relative to c in the formation.

In this experiment, the primitive selector is an injective mapping between R = {Ry,..., Ry}
and F = {f1,..., fn}, so that each primitive behavior has the following meaning,

fi — “Go to coordinates x(t) = c(t) + A;”.
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All the spots of the target formation have the same importance and, therefore, all the virtual
region priorities are fixed to the same value of 1 (see Equation 5.14). At the beginning of the
task execution, the target formation geometry is manually set. Moreover, robots’ physical
positions and orientations are randomly initialized as in the aggregation task (Section 5.3.1).

5.3.3 Foraging

The third experiment is a basic multi-place foraging with a nest area and two resource areas
located at opposites sides of the nest (see Figure 5.6C). Foraging [28] is a highly important
SR task that can be applied to multiple real-world problems, such as garbage recolection
and warehouse logistics and automation, among many others. The reader is redirected to
Chapter 2.5.2 for a review of SR studies in the literature that have addressed the foraging
task using different algorithms and robot controllers.

The robots are equipped with a battery that is discharged when the robot is outside the nest
and can be recharged in the proximity of a light source. The aim is to maintain a 25% of the
robots foraging form food 1 and other 25% that forage from food 2. The remaining 50% of
the robots either wait inside the nest or recharge their batteries. Thus, there are four roles
engaged by the robots, namely, stay in nest, forage food 1, forage food 2 and recharge battery.
Notice that it is a temporal or dynamic role allocation because when forager robot runs out
of battery, another robot staying at the nest has to update its role to cover the absence of the
first agent. Figure 5.6C depicts the foraging experiment with N = 12 robots accomplishing
the task with the optimal distribution of roles. The figure also illustrates the locations of the
nest (black ground area), the food areas (grey ground areas) and the red light sources where
the robots can recharge their battery level.

The battery level of each robot i is denoted as b;(t) € [0,1] and is subject to the dynamics in
Equations 5.16 and 5.17 for its charge and discharge, respectively,

P 1~ by, (5.16)

b(t)
5 = Ab, (5.17)

where v and Ab are the charge and discharge coeflicients and b(0) = 1 is the initial condition.
In this experiment, there are N + 1 virtual regions and four primitive behaviors { f1, f2, f3, f1}

with the following meanings:

fi1 — “Stay in the nest area”,

fo — “Forage from food area 17,

f3 — “Forage from food area 27,

fs — “Recharge battery (phototazis)”.

Additionally, the primitive selector performs the following mapping between virtual regions
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and primitives:
Rpest = {Ri,...,Rn} — fi
Riood1 = {R%_H,...,R%} — fo
Rfoodz = {R%H, RN} — f3
Reat = Rn+1 — Ja

By default, the priorities of each virtual region are 2 for the regions in R,.s, 1 in the case
of Rfooar and R feeq1, and 3 for Ry Consequently, foraging from one of the food areas has
highest priority, staying in the nest has medium priority, and recharging the battery is a low
priority primitive. Nonetheless, when the condition b;(t) < 0.4 is met, the priority of Ry is
updated to 0, turning battery recovery into the primitive with highest priority. When the
battery level is again above 0.9, the priorities for the corresponding robot return to their
default values. Specifically, the following priority selector is used in the foraging task:

(1,...,1,2,...,2,3), if battery recharged
—_——— ——
N/2 N/2
pi(t) =
(1,...,1,2,...,2,0), if battery depleted
—— ——
N/2 N/2

The environment is composed of a nest area (circular black ground area), two food areas
(circular gray ground areas) of equal radius, and three red light sources that can be sensed
from every point in the environment, see Figure 5.6. The nest area is always located at the
center of the arena and has a radius twice as large as the food areas. Specifically, the nest
radius is fixed to 1 meter for swarm sizes smaller than 40 and 2 meters for swarms with more
than 40 robots. The food areas are located symmetrically at either sides of the nest, being
the nest-to-food distance: 3 meters for swarms up to 40 robots, and 5 meters for swarm sizes
greater than 40. The robot positions are initialized randomly within a square centered at
the nest’s origin, of either 2 x 2 and 3 x 3 for swarm sizes in the ranges [1,40) and [40, 60],
respectively. The battery is always fully charged at the beginning of every simulation, and ~
and Ab are always fixed to 0.01 and 0.001.

5.4 Results

5.4.1 Communication module in isolation

First, the results of the evolved communication module are presented in isolation (evolution
stage described in Section 5.1.6). Thus, it describes the results of the virtual navigation of the
robots in §; and S, without a specific real-world task, assessing whether the navigation goal in
Equation 5.4 is fulfilled or not. Focusing on the one-dimensional communication space & first,
Figure 5.7A shows the results of the virtual navigation with ten virtual landmarks (red stars)
and robots (white circles), and in three different and independent executions (horizontal lines).
In this case, the virtual navigation is perfectly accomplished according to the convergence
criterion in Equation 5.4. In addition, Figure 5.7B depicts the results in Ss using 20 virtual
regions and 20 robots.
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Figure 5.7: Results of communication module in isolation, considering a single trial.
(A) Results of three independent simulations of the virtual navigation in the one-dimensional
communication space S; with 10 virtual landmarks and robots. (B) Results of the virtual navigation
in the two-dimensional communication space Se with 20 virtual landmarks and robots. Red stars
indicate the coordinates of the virtual landmarks and circles represent the communication states of
the robots.
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Figure 5.8: Time evolution of errors of the communication module in isolation, con-
sidering multiple trials. Boxplot showing the evolution of the number of errors in the virtual
navigation as simulation time marches. An error occurs when a robot goes to a virtual region that
is already occupied by others.

Figure 5.8 shows the evolution of the number errors as the simulation time steps increase,
in a swarm of 30 robots, and using S; as the communication space. Every 100 time steps,
the distribution of errors is summarized as a box plot using 50 independent trials. The
convergence time to reach a median error (red segments) of 5 is about 700 time steps and
to obtain a median error of 0 is around 2400 iterations. Moreover, the steady state solution
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presents an stable median value of 0 and low dispersion.

5.4.2 Aggregation in groups

To assess the performance of the swarm in the aggregation in groups task, Figure 5.9 shows
the positions of the robots in the last frame of four simulations with 20 robots and with
diverse number of groups.
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Figure 5.9: Results of the aggregation in groups with swarms of 20 robots. (A)
Aggregation in two groups of ten robots in each group. (B) Aggregation in three groups with
irregular sizes of 5, 6 and 9 robots. (C) Aggregation in four groups of five robots. (D) Aggregation
in five groups of four robots.

In all of the depicted simulations, the aggregation in groups is correctly solved. It should be
highlighted that the robot swarm is capable of allocating and distributing its members to
the different groups to fit the target group sizes. Robots aggregate as near as possible to the
center of mass of the corresponding cluster. Moreover, agents also tend to escape from robots
in other groups to avoid cluster fusion. The swarms of all the simulations of Figure 5.9 were
initialized randomly as a unique group. It is the communication through the virtual space
the mechanism that is responsible for converging to the final solution.

5.4.3 Formation control

The swarm formation task is also solved with promising results. Figure 5.10A-E illustrates
the convergence process to four different formation geometries, showing the trajectories and
the initial and final formations. In all the representations, the colors of the circles indicate
the time instant of the corresponding formation according to the time line in the color bar of
Figure 5.10G.

Additionally, the short black lines denote the heading orientation of the robot. All the
formations are reached with high accuracy, starting from randomly selected robot positions.
Moreover, Figure 5.10F goes an step beyond by presenting a simulation in which the swarm
formation is switched in real time thrice. The desired formation geometry is fixed by explicitly
updating the A; vectors of the primitive functions (see Section 5.3.2). In real-world use cases,
this primitive update can be tele-operated or programmed. In addition to the formation
switching, Figure 5.10F also shows the coordinated movement of the swarm, while preserving
the converged formation. Recall from Section 5.3.2, that the aim of the primitive functions is
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Figure 5.10: Results of the swarm formation task. (A to E) Results for five different
formation geometries, showing the trajectories of the robots (left), a zoom on the initial positions of
the robots (upper right) and a zoom of the final formation results (bottom right). (F) Swarm switches
among three different formations in the same simulation. Moreover, it also shows a coordinated
navigation preserving the desired formation. (G) Color bar of the simulation time line. In all the
figures, the colors of the circles denote the time when the robot was in that position, according to
the color bar.

to drive the robots towards the formation points {c(t) + Ay, ..., c(t) + Ax}. Thus, provided
that the swarm has successfully converged to the desired formation, the entire swarm can be
controlled by simply adding some offset or bias to the estimated center of mass. In the case
of the coordinated navigation of Figure 5.10F, the primitive functions are modified as follows:

fi — “Go to coordinates x;(t) = c(t) + < S > + A7

5.4.4 Foraging

The results of the foraging experiment are presented in this section with a swarm of 40 robots
using four different graphics with complementary information.

Firstly, Figure 5.11 illustrates the distribution of roles using a ternary plot. The three axes
are the proportion of robots foraging from food 1, food 2 and the proportion of agents either
recharging battery or in the nest. The size of the points indicates the number of samples
corresponding to the given proportions. Even though there is some dispersion, the larger
points are gathered around the optimal solution:

(Food 1, Food 2, Nest+Battery) = (0.25,0.25,0.5).
On the right side, Figure 5.11 also shows a zoom of the points inside the highlighted rectangle
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Figure 5.11: Ternary plot showing the frequency of the proportions of robots engaging
in the different foraging roles. The three axes, left, right and bottom, correspond to the
proportions of robots foraging from food area 1 (right), food area 2 (left), and the proportion of
the agents either recharging their batteries or staying in the nest. The size of the circles indicates
the number of times that the given proportion of robots engaging in each role is repeated across
simulations. For instance, the most repeated division of labor (highlighted in the figure with dashed
lines) corresponds to the optimal solution of 25% of robots foraging from food 1 and another 25%
foraging from food 2.

of the ternary plot, depicting the proportion of robots waiting inside the nest versus charging
the battery. In the most common scenario, 50% of the swarm is waiting in the nest, while
there are no robots running out of battery. As the number of robots recharging the battery
increases, the individuals in the nest is diminished in order to keep the other 50% of foragers
constant.

Figure 5.12 shows a three-dimensional representation of the foraging experiment. The
horizontal plane at the bottom represents the flat arena where robots can move. Additionally,
the surfaces illustrate the density of robots that have visited the (z,y) coordinates of the plane
underneath at any time step of the simulation. There are four density surfaces with colors,
blue, green, orange and red, corresponding to the primitives fi, fo, f3 and f4, respectively
(see Section 5.3.3). Notice that the density surfaces perfectly adjust to the desired behavior
of the robots (see also Figure 5.6C for the location of the different parts of the arena). For
example, the blue surface corresponds to the positions of the robots that are staying in the
nest, while the green surface illustrates the round trips of the robots foraging from one of the
food sources.

The results presented in Figure 5.11 show that the robots are able to successfully self-organize
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Figure 5.12: Surface illustrating the arena zones (XY plane) visited more frequently by the robots
depending on their role (see legend).

[N Food 1 [ Food 2 NI Nest I Recharge Battery

Proportion of swarm

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750
Simulation time

Figure 5.13: Evolution of the proportion of robots engaging in each role as simulation
time elapses. The two types of time windows, green and red, represent the absence or presence of
at least one robot charging its battery.

and allocate the different roles of the experiment using the communication module. However,
there was no temporal information in order to assess the timings of the role allocation.
Therefore, Figure 5.13 depicts several time series showing the proportion of robots executing
each role as the time elapses. There are two different types of time windows that alternate
during the simulation, corresponding to the scenarios with all the robots with recharged
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battery (green) and at least one robot running out of battery (red). Notice that in the green
time windows the green and orange curves, representing the proportion of robots foraging from
each food source, converge to the optimal value of 0.25. When the number or robots without
battery increases, the proportion of robots foraging fluctuate more notably. Nonetheless,
the robots in the nest (blue curve) are able to absorb the loss of foragers, with the aim of
preserving the blue and orange curves with the constant value of 0.25.

Food ¢1 Fuy

003
??e,y

P4
<y

T

\
Food 2 pul

Figure 5.14: Circular plot showing the transitions among the roles engaged by the
robots in the foraging task. Specifically, it shows the transitions between the roles Nest and
Charge battery and foraging each of the food sources. The width of the transition arrows indicate
the number of times that a robot switched between the corresponding roles. Additionally, it is also
included the distinction between transitioning to the role “Forage from area 1 or 2” when there are
enough robots already engaging in that role (“Food full”) or when there are still foragers needed
(“Food not full”). The target scenario is the one where robots switch to a foraging role that is not
full.

Finally, Figure 5.14 complements the previous figures by showing the role transitions during
the experiment simulations. Essentially, the graphic shows the percentage of robots that
transition from waiting in the nest (blue) or from recharging their batteries (green) to foraging
from each food source. In each case, a differentiation is made between the transitions to a
foraging role that does not require any other worker (“Food 1 or 2 full”), and that requires
new foragers (“Food 1 or 2 not full”) to reach the target proportion of 0.25. The percentage of
the former transitions, that are undesired and in most cases spurious, are negligible compared
to the latter ones when the previous role is “stay in nest” and zero when the previous role is
“recharge battery”.
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5.4.5 Scalability assessment

One of the most important aspects of SR systems is their scalability property or their capacity
to maintain the performance as the swarm size increases. This subsection concludes the
experimental results by assessing that the robot swarm fulfills this property in the three
experiments.
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Figure 5.15: Scalability results for the three experiments. (A) Boxplot showing the
scalability in the aggregation in groups, as the evolution of the errors metrics Fage and Egroups as the
swarm size increases. (B) Scalability results in the formation task, each box shows the distribution of
the errors Ffoy for a given swarm size. (C) Scalability results in the foraging task. For each swarm
size, the green and orange boxes summarize the distributions of the proportion of robots foraging
from each food source. All the boxes in (A to C) are constructed using samples of 50 independent
simulations. (D) Target formations for each swarm size in (B).

121



Rafael Sendra Arranz

In the aggregation in groups, the error metrics in Equation 5.18 are considered,

Eogg = Z |x:(T) — )||2

(5.18)

B = Ym0 (”g )

so that they separately evaluate the aggregation and the formation of groups of correct sizes,
respectively. E,q, is the average distance between the robot physical positions x; and the
center of mass of their group c;, at the last time step of the simulation 7T". Besides, Egoups
measures the average number of robots that wrongly aggregated in a group that already has
the target size G7.

Figure 5.15A summarizes the results of both error metrics for swarm sizes up to 40 robots. In
all the cases, the robots aggregate in four groups of N/4 robots each. In the case of Egoups,
the number of errors for all swarm sizes tend to gather near zero, demonstrating the correct
performance of the communication module. Even though a slight degradation of F,g4, is
visible, the errors are still low for the highest swarm sizes. This increase in E,g, is elevated
because the avoidance of obstacles is prioritized over the aggregation, which is more noticeable
in the large swarms.

For the second experiment, the formation of geometries, the error metric is defined in
Equation 5.19,

Brorm = 57 Z min  {[[x7(T) =x;(T) (5.19)

i—1 J€{l,- N}

which essentially averages the distances between the target points in the formation x; and
the positions of the closest robot, x;, to the formation points, at the last simulation time
instant T'. Figure 5.15B collects different box plots summarizing the error Ei,.,, for diverse
swarm sizes. Each swarm size corresponds to the target formation depicted in Figure 5.15D.
An increment in the swarm size causes a increase in the median value and dispersion of the
error samples. However, such error growth is significantly low, demonstrating the scalability
of the system.

Lastly, Figure 5.15C illustrates the scalability in the foraging experiment. In this task, the
results are directly evaluated based on the proportion of robots foraging from each food source,
which optimal values are 0.25. The summary of statistics shown by the box plots reveals that
the proportions of foragers from both food areas is highly close to the target proportion of
0.25.

5.5 Discussion

The results presented in Section 5.4 showed that the proposed communication module can be
used to solve three notably different SR tasks in an efficient and scalable way. Moreover, exactly
the same evolved communication controller, that leads to some desired virtual navigation in
the communication space, was transferred and employed in all the tasks. The only part of the
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entire SR system that was reconfigured in each task was the robot controller set of primitives,
primitive selector and, in the case of the foraging task, the virtual region priorities. In all the
tasks, promising results were obtained both in terms of performance and scalability, which
goes an step further towards standarized and task agnostic communication systems in SR.

In Figure 5.8, the distribution of errors and convergence time was assessed in a division of
labor or role allocation using a swarm of 30 robots, and using the proposed communication
module. It was demonstrated that the system can achieve a median error of 0 in about 2700
time steps and a median error around 5 in 700 iterations. These results outperform the
convergence time shown in [244], which is about 10,000 time steps. It was verified that the
framework is scalable in the three proposed SR tasks. Specifically, it was shown that the
aggregation in groups, the formation control, and the foraging tasks can be solved by robot
swarms up to 40, 40, and 60 robots, respectively. In addition to the flexibility and scalability
analyses, robustness is mostly evaluated in this work in the formation experiment, in which
the formation architecture is changed at runtime, using three different formations along the
same simulation (see Figure 5.10F). It was demonstrated that the swarm is capable of reacting
to this unexpected change and adapt to the new formation topology. This experiment is a
first approach to assess the robustness of the system in real-world missions (e.g. search and
rescue) that demand formation changes due to unexpected perturbations (such as changes in
the terrain or in the mission goal). However, as it is out of scope in this PhD Thesis, a deeper
analysis of the robustness of the system in real robots and in a wide-range of unexpected
scenarios is left as future work. The same previously evolved communication module was
successfully applied to all proposed tasks.

A single CTRNN-based communication controller was evolved only once, and successfully used
across all three tasks. This flexibility was possible because of the task-agnostic evolution and
the high degree of decoupling between the communication module and the robot controller.
Nonetheless, a task-specific configuration of the robot controller (particularly the set of
primitives, the primitive selector, and the priority selector) was required for each experiment.
The evolution of a communication controller that generates a virtual navigation that, upon
convergence, satisfies Equation 5.4 provides a highly suitable solution for SR tasks that
require a precise division of labor and dynamic role allocation. In the aggregation task, the
division of labor is produced through the allocation of robots to groups desired sizes. In
addition, the roles that are distributed through the communicative process in the formation
task are the positions in target formation geometries. That is, the robots negotiate using the
communication module on the spots of the formation that each one should occupy. Finally,
foraging, inherently linked to division of labor, also demonstrates the effectiveness of the
evolved communication module. Specifically, the robots dynamically allocate the required
foraging roles (foraging from different food sources or staying in the nest) among the swarm
members. The evolved communication enables an optimal convergence to the specific number
of robots engaging in each role. Moreover, it allows role switching to cover the absence of
other robots whose battery was unexpectedly depleted.

The main limitations of the overall proposed system are twofold. First, the performance and
robustness of the communication module would be potentially limited in constrained and
low-range communications. In such constrained scenarios, the control and communication
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are produced locally, and if the swarm is too large or the distances between robots grow, it
would result in the generation of clusters of robots. For example, a formation control of 30
robots can result in three different smaller swarms of 10 robots each, that would behave as
separate swarms from each other group. Clearly, once the robot swarm is split into clusters, it
is impossible to deliberately aggregate and re-unite the whole swarm unless some long-range
communication is used. Constrained communications are specifically critical in tasks similar
to the proposed foraging, in which robots need to know the communication states of other
robots that may be too far away (e.g. one robot in the nest and another robot in a food
area). In this case, this limitation is not considered in depth in this PhD Thesis and it should
be revisited in future works. Besides, scenarios with noisy communications with significant
signal interference can be an issue specifically when some robot’s communication state being
transmitted is near to a boundary between two virtual regions (e.g. the robot is inside virtual
region R4 but close to Rp). Such noisy transmission could potentially cause that other
hearer robots wrongly receive Rp as the virtual region of the speaker agent. However, this
limitation is very specific and, when produced, can be rapidly solved as the communication
state of the speaker robot converges to the inner area of the corresponding virtual region.
The second limitation to be highlighted is related to the robot primitives of the proposed
experiments. Essentially, it concerns the use of high-level sensors that provide the robots with
information related to their global positions in the environment. A solution to this problem
could be addressed by means of using multi-agent localization and social odometry [150, 57]
to estimate the positions, at the cost of losing some accuracy due to the estimations.

5.6 Summary and conclusions

This chapter proposes a self-organized and distributed communication module that is evolved
only once and that can be transferred and used in many independent SR tasks. Therefore,
this represents a first approach to SR communication with strong transferability, an important
challenge in the evolution of communication in SR. The pillar of the proposed system is
the use of a virtual state space, denoted as the communication space where the robots,
represented as particles in this virtual space, can freely alter their communication states.
The communication space is composed of a fixed number of virtual regions whose limits are
defined by centroid points called landmarks. Each virtual region is mapped into a primitive
function that defines some basic behavior in the physical space (e.g. explore the surroundings
or approach a light source). Consequently, robots perform a collective virtual navigation
in the communication space in order to reach certain regions and execute the associated
primitives. It should be noted that communication among robots is produced because, by
acknowledging the communication states of its neighbors, a robot can know their current
primitives and, thus, their roles and plans in the physical environment. This is the pillar for
solving, for instance, distributed role allocation problems. The flexibility and transferability
of the communication module are demonstrated in three different SR tasks: (i) aggregation in
groups, (ii) formation of swarm geometries, and (iii) foraging. Moreover, it was shown that
the communication module, which was evolved in isolation and only once, could be used to
successfully address all the proposed applications in a scalable way:.

There are several extensions of this study that should be addressed in the future. Firstly, the
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communication module should be revisited to tackle tasks with very constrained and low-range
communications. Additionally, the SR tasks proposed in this Chapter can be improved by
estimating the relative positions of the robots using techniques, such as multi-agent localization
or SLAM. Finally, the number of virtual landmarks, their coordinates, and the semantics and
grounding associated to them (i.e. the primitives) are defined by the researcher beforehand.
It can be viewed as some innately acquired semantics and lexicon. Therefore, a highly
promising extension of this work would consider the emergence and self-organization of such
semantics and lexicon through some cultural evolution and learning processes. Specifically,
these techniques can be potentially used to learn from zero the communication space topology,
the virtual landmarks, and the primitive associated to each virtual region. The communication
space would be initialized with a single virtual landmark with no associated behavior primitive.
Thereafter, new virtual regions would incrementally emerge, with an associated set of primitive
behaviors being automatically designed for the target task.
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Chapter 6

Emergence of perceptually grounded
compositional lexicons

6.1 Introduction

Communication, as a fundamental aspect of any SR system, has been traditionally considered
from the ER perspective. Nonetheless, cultural evolution, that is one of the main properties
of complex human-like languages [15, 10], has not beed sufficiently explored in SR [I1].
Cultural evolution allows the preservation and growth of communication across generations
via cultural transmission and learning. Moreover, it has been hypothesized that the emergence
of language is possible when biological evolution, individual learning, and, very importantly,
cultural transmission processes, that operate at different time scales, are intertwined in
a closed loop [181, , . In previous chapters, different communication systems of
diverse complexities, semantics, and mechanics were obtained using evolutionary computation.
However, all of them fall under the category of signaling communication, because most of the
essential properties of complex language-like communications are missing (see Chapter 3.2).
In this chapter, cultural evolution, language games, semiotics, and lifetime learning are
considered as the basic processes to reach communications with higher levels of complexity.
Under this frame, the self-organization and sharing of a common lexicon to refer to relevant
objects, events, or concepts in the environment, which is of essence to achieve language-like
communications, is addressed. The emerged common lexicon exhibits most of the required
properties of human-like languages, namely, arbitrariness, compositionality, and duality
patterning.

The proposed experiment is the following: the robots are embodied and situated in an
environment with multiple geometric objects of different types scattered around. The robots
navigate and explore the environment, eventually discovering the referents on which symbols
will be grounded based on their own experience. The perceptual grounding process can only
be accomplished through individual exploration, and through local communication with other
robots in the swarm. In the latter case, neighbors engage in language games to negotiate on
the social component of the semiotic symbols (the forms). This greatly diverges with most
similar works reviewed in Chapter 3, because language games are generally played by pairs of

127



Rafael Sendra Arranz

robots in the population regardless of their distance and, in some cases, without exploration of
the environment and discovery of the referents. Even though there have been previous studies
with simulated and real mobile robots that attack the SGP as a whole, the number of agents
is typically restricted to two mobile robots [14, 221, 205]. Studies with more robots and larger
lexicons are generally either based on the Talking Heads Experiment [190, , ] (robots
are static and there are only two simultaneous agents embodied in the same environment)
or on abstract environments with a lack of agent embodiment [201, ]. In the field of SR,
studies are limited either to using language games as an optimization tool to solve certain SR
tasks (e.g. aggregation) [240, 241, 53], or to the convergence of lexicons of few words [213].
Lexicon formation and sharing has not been sufficiently addressed in SR from the perspective
of semiotics, making a distinction between private meanings and shared forms. For a detailed
review on the emergence of language and the acquisition and self-organisation of a shared
and perceptually grounded lexicon the reader is redirected to Section 3.5.

6.2 The experiment

6.2.1 Description of the experiment

A simulated swarm of two-wheeled mobile robots is situated and embodied in a 10 m x 10 m
square arena (Figure 6.1). In addition to the simulated robot swarm, multiple geometric
objects of diverse colors and shapes are scattered along the arena. The color of the objects
can be either red, blue, or green (of different tones and saturations), whereas the possible
shapes are cubes, spheres, and pyramids. In addition to color and shape, the objects are
also characterized by a quality score, in the range [0, 1]. The quality score can be associated
with the level of imperfection of the given shape, e.g. due to roughness, distorted shape, and
asymmetry. A quality score near one indicates that the corresponding geometric object is
nearly perfect.

The aim of the experiment is to reach the emergence of a common compositional lexicon
along the robot swarm to name the different geometric objects. Semiotics and language games
(see Chapter 3 for more details) are used to achieve this task, so that robots self-organize
a set of solid and perceptually grounded semiotic symbols. The grounding and sharing of
symbols co-operates with the main robot control, which is a basic obstacle avoidance module
that allows the robots to explore the arena without colliding with objects or other robots.
Agents can only ground their meanings on the nearby objects perceived by their sensors.
Furthermore, robots can only negotiate the forms (words) of their semiotic symbols with
other neighbors in the short range. Consequently, a proper exploration and embodiment in
the environment is of essence.

Robot simulations are done using the pybullet library [250] for real-time collision detection
and multi-physics simulations. The simulated robots mimic the epuck robot [107], which is a
two-wheeled mobile robot whose kinematics are based on a differential drive system. The
main robot controller is a simple obstacle avoidance routine that navigates straight forward
until an obstacle is detected. Upon obstacle detection, the robot rotates either clockwise or
counter-clockwise depending on the direction of the obstacle. Obstacles can be either walls,
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Figure 6.1: Representation of the arena where the experiment takes place. It is
composed by a square arena, a swarm of simulated e-puck robots, and multiple geometric objects
of different colors, shapes, and qualities (quality represented as the glossiness of the objects in the
rendered image).

objects, or other robots, and they can be detected using eight IR proximity sensors positioned
along the robot’s perimeter. As it is not the focus of this chapter, the sensors that perceive
color, shape, and quality score of the objects in the arena are abstracted by means of the front
camera. These sensors simplify the corresponding sensing and processing phases by providing
noisy estimates of the readings. The initialization of the robots and geometric objects in each
simulation is random and uniform along the entire arena (constraining the sampling space to
non-overlapping positions). Orientations are also initialized randomly in the the range [0, 27).

6.2.2 Sensing of the environment

Each robot perceives the local environment by means of a set of sensor channels. Each sensor
captures different properties of external objects, i.e. color, shape, and quality. These properties
are perceived by means of a frontal camera and a subsequent image processing stage to extract
the color, shape and quality features (Figure 6.2). The overall feature vector, resulting from
the aggregation of all the sensor readings, is represented as the tuple in Equation 6.1,

x = (r, g, b, po, PO, P2y Q), (6.1)

where r, g, and b reflect the amount of red, green and blue present in the target object, and
po, PO, and pa are probability estimates of such object being either a cube, a sphere, or a
pyramid, respectively. The component Q is the quality score associated with the targeted
object. All the components of x are constrained to the range [0, 1]. Color, shape and quality
are projected into the robot’s sensory apparatus with a high degree of variability. For instance,
the exact same red sphere is perceived in an slightly different way (both in color and shape)
by multiple robots due to their divergences in their sensors, and their positioning relative to
the object, among other factors. Similarly, the same agent measures differently two objects of
the same color and shape (equivalent in theory).
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Figure 6.2: Sensing of the geometric objects scattered in the arena. A robot can sense
external objects located in its close surroundings via a front camera. A computer vision pre-processing
module extracts several features of such object to produce the final stimuli vectors. The extracted
features are the RGB color, the shape encoded as a three-dimensional probability vector, and a
quality scalar.

6.2.3 Iconization and discrimination

A discrimination game is used as the method to implement the discrimination and iconization
of each robot. Specifically, the sensory space of each robot is incrementally partitioned
into a set of regions, based on the agent’s interaction with the environment. Each of these
regions are associated to a single point, which is usually called prototype or pattern, used as a
representative for the whole region. These prototypes are, in turn, directly associated to the
iconic representations of the categorization process. Under this premise, the categorization
and discrimination of continuous stimuli reduces to finding the region of the partitioned space
where it lies, and selecting the representative prototype as the resulting icon. Moreover, a
process of adaptation is applied to modify the location of the prototypes based on newly
acquired information about the external world. This adaptive improvement eventually leads to
the acquisition of the sought invariant and distinctive properties of the underlying categories,
provided that the agents exploration of the real world is sufficient.

A holistic input space is defined as X', so that the perceived sensory stimuli, x, belongs to
this space. Similar to the conceptual spaces used in [195, , |, the holistic space X is
decomposed into partial spaces X, each one corresponding to one sensory unit (e.g. Xeppor Of
dimension three corresponds to the color sensor). Thus, the holistic input space is formulated
as the union of all the partial input spaces as in Equation 6.2,

X =|Jx. (6.2)
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Figure 6.3: Decomposition of the holistic input space into partial input spaces. The
holistic input space, X, results from the union of multiple partial input spaces, each one corresponding
to a separate sensor channel. Thus, the figure depicts the decomposition of X into three independent
partial spaces (Xeolor, Xshape, and Xg) corresponding to the color, shape, and quality sensor units.

Likewise, x5 € X is defined as the feature vector read from sensor s (e.g. the color sensor),
and x € X as the holistic feature vector resulting from the concatenation of all the partial
vectors X,. Figure 6.3 depicts the decomposition of X', of dimension seven, into three partial
spaces, Xeoior; Xshape, and Xo.

Let &, k € {1,..., K} be the prototypes or patterns that result from the iconization and
discrimination processes. Upon convergence, these prototypes desirably represent invariant
and unique properties of distal objects. The prototypes & can exist both in the holistic input
space X or in the partial subspaces X;. Each partial input vector x,, perceived by each sensor,
is compared to each of the stored prototypes of the corresponding partial subspace X. This
comparison can be observed in Equation 6.3,
§M = argmin {|[x, — &lly} (6.3)
ELEXs
where the closest prototype ™" € X, to the perceived stimuli x, is calculated. Additionally,
the distance between ™" and x, is defined in Equation 6.4,

min __ min
dr = |

x5 — &L (6.4)

5"

If the computed distance to the closest prototype is greater than a fixed threshold 6 (which
implies that d™" > @), then the perceived stimuli is not sufficiently similar to any of the
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stored prototypes, and a new prototype {2V is created with the current value of x,(t).
Alternatively, if d™™ < 0, then x; is associated to the closest stored prototype because of its
similarity. Nonetheless, the selected prototype is subject to an adaptation process to update
its coordinates, based on the new perceived information about the world (Equation 6.5).

€94 N (x(8) — €9), if d < 0
£ = | (6.5)
x, (), if dmin > 6,

The first case in Equation 6.5 shows the adaption of some stored prototype &4 based on the
newly acquired information about the world. This update essentially moves the location of
the prototype towards the new stimuli x,(¢), and based on some fixed constant \¢ that defines
the length of the steps.

As an illustrative example, Figure 6.4 considers the partial input space corresponding to
the color sensor, X ,,r. In such figure, three prototypes, {rea; green, and &pive, corresponding
to the referent colors red, blue, and green are depicted. Surrounding each prototype, the
associated discrimination region is also plotted. Such region implies, for example, that any
new color stimuli perceived by the robot that lies on the red volume is categorized as &;eq.
The volume of the discriminating regions is determined by the threshold 6. Algorithm 2
summarizes the complete discrimination process acomplished by each robot for each sensor

gblue

Figure 6.4: Discrimination process in the color partial space X_.,,-. The figure shows
three prototypes, {red; green, and p1ue that were previously acquired through interaction with the
environment and discrimnation games. It also shows the discrimination volumes for each prototype,
with boundaries defined by a distance of f¢ with the respect to the corresponding prototype.
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Algorithm 2 Discrimination process for a given sensor s

1: procedure D(x;)

2 Es &, ¢k} > List of previously acquired prototypes from sensor s
3 dcst <— OO

4: fcst — @

5: for & € =25 do > Compute the most similar prototype to x,
6 di < |[xs = &l

7 if d;, < d.s then

8 dcst = dk

9: gcst = gk
10: end if

11: end for

12: if d.st > 0 then > X, is not similar enough to any stored prototype
13: Enew — Xs > Create new prototype
14: Add e to =
15: else > X, is associated to some stored prototype
16: Enew < Eest + e - (X5 — Eest) > Update stored prototype with x;
17: Replace old prototype &t € =5 With &pew

18: end if
19: end procedure

channel s.

6.2.4 The semiotic symbols

Semiotics and semiotic symbols are considered as one of the pillars to achieve the emergence
of a shared and perceptually grounded lexicon in the robot swarm. Recall from Chapter 3, a
semiotic symbol is a triad composed by a referent, a meaning, and a form. However, in this
chapter, the notion of semiotic triad is complemented by semiotic tetrad, which augments
the constituent parts of a semiotic symbol to four. Specifically, a semiotic symbol is now
defined as the combination of a referent, a form, a meaning, and a prototype. The referents
are the geometric objects scattered in the arena, and forms are arbitrary three syllable words
agreed by the swarm during the semiosis process. Formally, the set of objects (referents) is

denoted as O = {oy,...,0n}, and the set of words (forms) or lexicon as £ = {wy,...,wn}.
The third piece of a semiotic symbol is the meaning, which is defined as an n-dimensional
vector m that belongs to some vector space M. Finally, the prototypes = = {&;,...,&y} are

iconic representations of the referents (as defined in Chapter 6.2.3), prior to their arbitrary
transformation to meanings (through the identification process).

In this PhD Thesis two types of semiotic symbols are distinguished: elementary, and composed
semiotic symbols. FElementary semiotic symbols are directly grounded on the most basic
external referents, i.e. red, green, blue, cube, sphere, pyramid, high quality, and low quality.
Conversely, composed semiotic symbols are built on top of the elementary ones using composi-
tional rules (see Chapters 6.2.5 and 6.2.6 for more details). Composed symbols are grounded
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Figure 6.5: Comparison between elementary and composed semiotic symbols. (A)
Semiotic tetrad of elementary semiotic symbols, showing the referent, the prototype, the meaning,
and the form. It depicts an example grounded on the color red. (B) Semiotic triad of composed
semiotic symbols, showing the referent, the meaning, and the form. It depicts an example grounded
on a red cube.

on more complex external referents, such as red squares, green pyramids, or high quality
blue spheres. The composed symbols, furthermore, inherit the grounding of the most basic
ones that are used for its creation (e.g. the symbol corresponding to red squares, indirectly
inherits the physical grounding of the previously developed semiotic symbols of red, and
square). Additionally, the concept of the semiotic tetrad presented above is considered only for
elementary semiotic symbols, whose direct grounding compulsorily requires the discrimination
and iconization of referents as prototypes. Alternatively, a semiotic triad (referent, meaning,
and form) is used to represent composed semiotic symbols (see Figure 6.5). The prototype
component is no longer required in composed semiotic symbols, that inherit their grounding
from the lower-level symbols.

In this PhD Thesis, the reader can also find the terms elementary or composed words,
elementary or composed meanings, and elementary or composed referents to respectively
denote these constituent parts of elementary or composed semiotic symbols. However, only
elementary prototypes are considered because, in this work, compositionality only occurs in
the meaning space.

A clear distinction is made between prototypes and meanings, so that the former ones
are preliminary iconic representations that originate the latter ones through the process of
identification. Prototypes are similar and resemble the referents on which they are grounded.
In contrast, meanings are arbitrary, in the sense that there is no correlation with the external
referents being represented. That is, the identification is a bijection that transforms each of the
stored prototypes onto a different meaning through an arbitrary mapping (see e.g. [13, 14]).
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Figure 6.6: Example of a meaning space M with color and shape dimensions.

Each prototype has an associated meaning, and, when a new prototype is learnt, a new
meaning is also created by sampling a random point in the meaning space M. Notice that
the prototype-meaning mapping is private to each robot and, therefore, it is not negotiated
and shared using language games. An important property of the meaning space is that its
dimension is fixed to the number of sensor channels (e.g. if the sensory apparatus is composed
by color, shape, and quality channels then the dimension of M is three). All these dimensions
or axes are orthogonal and form a basis of M. This structural constrain is similar to the
quality dimensions of the conceptual spaces in [197, |, and they are included with the aim
of enabling some features of compositionality of semiotic symbols. Additionally, prototypes
are genetically determined, so that kin-related individuals would generally converge to highly
comparable sets of protypes, because of their similar sensory apparatus. Conversely, even
though there is still a genetic component, meanings are private and learnt by each agent
through their experience and interaction with the environment.

A new meaning created by an agent is randomly generated, but can only be embedded
inside the corresponding dimension of M. This correspondence is dictated by the sensor
that was used to perceive the referent on which the new meaning is grounded. That is,
elementary meanings grounded on colors are constrained to the color axis, while elementary
meanings grounded on shapes will always lie along shape dimension of M. Likewise, a
composed meaning grounded on both color and shape (e.g. red cubes) will always belong to
the color-shape plane (see Figure 6.6).

Figure 6.7 provides a general diagram of the complete semiosis process (i.e. creation of
semiotic symbols). Only the semiosis of elementary semiotic symbols is represented using
as an example four different geometric objects (blue cube, red sphere, blue sphere, and red
pyramid). Moreover, for the sake of clarity, all the objects are assumed to be of high quality.
In the figure, one can observe four different sets (i.e. referents, prototypes, meanings, and
lexicon) that are cyclically mapped through a series of biyective mappings. The union of all
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Figure 6.7: General diagram of the complete semiosis process of elementary semiotic
symbols. It shows the different sets that constitute the tetrad of a elementary semiotic symbols
(referents, meanings, forms, and prototypes), in blue, and the mapping between them, in red. The
diagram shows an example with four different geometric objects: blue cube, red sphere, blue sphere
and red pyramid. Furthermore, for the sake of clarity, all the objects are assumed to be of high
quality.

these sets and mappings is what gives rise to semiotic symbols. The type of mapping from
each set is highlighted in red, showing that, for instance, referents are mapped onto prototypes
through the discrimination and iconization procedures (Section 6.2.3), whereas the mapping
between prototypes and meanings is what Harnad defined as identification [13]. Additionally,
the meaning-word and word-referent mappings strongly rely on a social component based on
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cultural transmission (see Section 6.2.7).

6.2.5 Compositionality of the lexicon

Two complementary mechanics that promote the emergence of a compositional lexicon, namely,
the meaning space and the Meaning Association Network (MAN), are implemented. The MAN
is formally introduced as a directed graph G(N, £) that associates and connects meanings to
create new semiotic symbols. Each node in the set A/ corresponds to a meaning, and edges
in £ are associations between nodes to give rise to new meanings. Input nodes correspond
to elementary meanings that are directly grounded on objects in the real world, rather than
resulting from composition of other meanings. In contrast, deeper layers in the MAN contain
more abstract meanings produced from the cascading of multiple compositions. In this PhD
Thesis, the constrain stating that meanings can only result from the combination of two other
meanings is imposed, so that the in-degree of a node can only be zero (elementary meanings)
or two (composed meanings). Besides, the creation of self-connections (composition a meaning
with itself) and feed-back connections is avoided. Therefore, the pair of in-nodes or parent
nodes, if any, define the meanings that are composed to create any semiotic symbol.

Figure 6.8 depicts an example of a fully developed MAN with six elementary meanings (in
green), and six composed meanings (in orange and red). Among the composed meanings,
four result from the combination of two previously acquired elementary meanings (level
1 composition), and two are created through the combination of one composed and one
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Lot cube .--" L4 sphere . _SPhere ..
o‘ ‘ . “ High
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.
.
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Figure 6.8: Meaning Association Network (MAN) in a hypothetical scenario. The
depicted MAN is composed by six elementary symbols (in green) that are grounded on the colors red
and green, the shapes cubes and spheres, and high and low qualities. These elementary symbols are
combined to create six composed symbols, either resulting from a level 1 composition (in orange), or
from a level 2 composition (in red).
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elementary meanings (level 2 composition). The text attached to each node denotes the
external referent on which the corresponding meaning is grounded. Additionally, the dashed
ellipses represent the level of complexity and abstraction of the meanings lying on its perimeters.

The MAN is embedded in the meaning space M, so that every node in G has an associated
coordinate in M. With this embedding in mind, the notation of the MAN can be extended to
a spatial directed graph G(N, &, M). As it was previously mentioned, elementary meanings
are positioned in M as random points in the corresponding axis or dimension. Composed
meanings, rather than being explicitly random, are computed as the vector sum of the
meanings of the in-nodes in G. When some new meaning a is created from the composition of
other meanings b and ¢, its meaning vector m, is calculated as the sum of the meanings of its
parents m;, + m,.. More formally, the condition in Equation 6.6 must be always fulfilled,

m, =m;, +m, < (b,a),(c,a) €&, (6.6)

where a,b,c € N are nodes in G, and m,, m; and m, are the meaning vectors associated
to the nodes a, b and ¢, respectively. This property can be clearly observed in the example
of Figure 6.9. The figure illustrates an example in which three elementary meanings, m,,
m, and m,, grounded on some arbitrary referents a, b, and ¢, are composed to give rise to
complex meanings. Specifically, the figure shows how the new meanings are computed as the
sum of the states of the two previous nodes in the MAN. It can be interpreted as the forward
propagation of the directed graph G, so that m,, m; and m,. are the inputs of the system.

The main reason for embedding G in the meaning space M is that the agents can harness
the topology of M to rapidly query certain properties of meanings without the need to
back-propagate the MAN. For instance, imagine a certain complex meaning m’ that results
from the cascading of multiple compositions, so that m" = mge + (mg + myo,, ). Then,
an agent can directly extract the color component of the composed meaning by projecting

mp=11,+111y

‘ Mg pe=1M,+10y, +1M,

mg,.=m,;+in,

Figure 6.9: Example of the creation of composed meanings. The figure shows a MAN with
three aribitrary elementary meanings (m,, m; and m.), and all the possible complex meanings that
can be derived from them. It also illustrates the process of calculating the meaning vectors as a
forward propagation of G.
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Figure 6.10: General diagram of the complete semiosis process of composed semiotic
symbols. It shows the different sets that constitute the triad of a composed semiotic symbols
(referents, meanings, and forms), in blue. The diagram shows an example with two different geometric
objects: high quality blue cube, and high quality red sphere. Furthermore, the MAN is shown
alongside the meanings, indicating how compositionality is defined.

m’ onto the color dimension, whose outcome would be the meaning red myeq. Similarly, by
means of the operation m" — mg, a robot can verify whether the meaning mg grounded on
cubic shapes is part of the holistic meaning m'.

Figure 6.10 illustrates the general diagram of the complete semiosis process of composed
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semiotic symbols. It shows the three interacting sets, namely, referents, meanings and forms,
that gives rise to the semiotic triad of composed symbols, as opposed to the semiotic tetrad
of the elementary ones depicted in Figure 6.7. For the sake of clarity, an example with two
different geometric objects (high quality blue cube and high quality red sphere) is considered.
The MAN graph is shown alongside the meaning space, so that the combination of both
elements provides a complete representation of meaning compositionality.

6.2.6 Learning of compositionality

Robots acquire new meanings and expand their MAN via interaction with the environment.
During the early stages of the robots’ lifetime, only elementary meanings are created through-
out direct grounding. After the acquisition of a solid basis of elementary meanings, agents
start the learning of more complex composed meanings. This learning process is based on
Hebbian learning [255], which is a biologically plausible learning and adaptive process of
synaptic plasticity that operates under the premise of connecting more strongly those neurons
that are fired together. In our scenario, instead of wiring neurons through synapses, the
learning is produced through the association of unconnected nodes (meanings) in G. New
associations are created based on the co-occurrence of previously acquired meanings. As an
example, lets imagine that an agent has previously learnt the elementary meanings mgeq
and mp grounded on the red color and the cubic shape. The agent further explores the
environment and encounters red cubes, that evoke the activation of both m,.q and mp at
the same time, that are not yet associated. The Hebbian learning algorithm will use such
co-ocurrence to create a new composed meaning Myeqi = Mg + Mo in M and a new
association in G.

Each meaning m; has an associated trace [3;, that acts as a short-term memory indicating
how much time has elapsed since the referent on which the meaning is grounded was last seen.
Specifically, traces are subject to the dynamics in Equation 6.7,

Bi(t) — AgotBi(t), if not m; activated
Bi(t + 0t) = (6.7)

1, if m; activated

where \g is some fixed forgetting rate. A meaning m; is activated only if one of the following
conditions is met:

(1) it is an elementary meaning, and the robot is currently observing the external
referent on which it is grounded (e.g. the meaning my.q is activated when the agent
observes red objects).

(2) it is a composed meaning, and both of its constituent parent meanings are activated
(e.g. the meaning my.q.0 is activated when the agent observes a cube that is red).

In addition to f3;, some learning weights o;; are defined between every pair of meanings m; and
m;. These weights represent the level of association between two meanings, and they are used
to determine whether there should exist an association between them or not. Equation 6.8
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Figure 6.11: Example of the creation of a new association between meanings grounded
on red color and cubic shape. The figure shows the temporal evolution of 3; and 3; that are
activated and set to a value of 1 when the robot observes the red and cubic objects, respectively.
It also plots the evolution of ;; that results in the creation of the new association when its value
surpassess a threshold 6,. In all the graphics, the horizontal axis is the simulation time. The
uppermost part of the figure shows the objects that the robot perceives at each time instant of the
example.

describes the dynamics of the weights a;,

1

2 A 0)5,0) = Ta0) (6.9
where A\, can be viewed as a learning rate, whereas 7, is the decay time constant of the
long-term memory. The weight dynamics in Equation 6.8 are based on the unsupervised
Hebbian learning of the synapses’ weights of artificial neural networks. Using this equation,
a new association between two existing meanings m; and m; is created in the case that
the value of a;; exceeds some predefined threshold 6, (hyper-parameter established by the
researcher). The values of A\, and 7, determine the ease of the creation of new associations.
Before the creation, it is verified that the new meaning does not already exits in the semiotic
symbol set. Additionally, redundancy with existing meanings is also checked (e.g. to avoid
having meanings grounded on red cubes that have low quality and low quality cubes that
are red at the same time). When a new composed meaning resulting from m; and m; is
finally created, its value is fixed to m;; = m; + m; and its form is created randomly as a
three syllable word. Finally its, referent is inherited from the referents of its parent meanings.
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Formally, the creation of a new composed meaning is defined as in Equation 6.9

m;; = m; + m;

a;j > 6, and (i, j) # € = Create new association (6.9)

/
p
Add edge (i,j) to €

Figure 6.11 shows an example of the creation of a new association between the meanings
grounded on red color and cubic shape. It plots the temporal evolution of some ; corresponding
to the red color, §3; related to the cubic shape meaning, and «;; representing their level of
association. The values of 3; and f3; are set to 1 when the robot observes red, and a cubic
objects, respectively (the objects being perceived by the agent at each time are shown in
uppermost part of the figure). Thereafter, §; and /; decay exponentially until the referents
are observed again. The spikes in ; and j3; contribute to the growth of «;;, which leads to
the creation of the new association when its value surpasses the threshold 6,,.

6.2.7 Language games and cultural transmission

A custom variation of a naming game is used as the cultural transmission mechanism in which
the robots participate to converge to a common lexicon. Such language game is defined by
the following rules:

- Robots are initialized in the world with an empty lexicon. New words that are acquired
through social interactions are coupled to existing or new semiotic symbols. That
is, they are properly associated to meanings and grounded (directly or inherited) on
external objects.

- Periodically and with some predefined probability, each agent acts as the speaker by
broadcasting a random word in its lexicon. The transmitted message is received by all
the robots on its local surroundings (closer than 1 meter).

- If the chosen word is elementary (i.e. associated with an elementary meaning), then
it broadcasts the tuple (&;,w;), where ; is the prototype associated to the word w;
(Figure 6.12). Such transmission of prototypes is used in this PhD Thesis as the joint
attention mechanism, that allows hearers to acknowledge the topic or referent of the
communication.

- Alternatively, in case of selecting a composed word (i.e. associated to a composed
meaning) to be broadcasted, the robot would transmit the tuple (wp1, wpe, w;), where wy
and wyy are the parent words that are composed to produce w; (see also Figure 6.12). In
this scenario, the speaker acts as a teacher, showing the hearer the new word through
its definition and decomposition.

- When a hearer receives a new word (either elementary or composed), it updates its
lexicon. This operation diverges depending on whether or not the word already exists
in its own lexicon. If the word is unknown, then the hearer adds it to its lexicon and
creates a new semiotic symbol:
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Figure 6.12: Overview of the customized naming game used in the experiment.

Transmission of elementary words

Speaker @il » Hearers

Transmission of composed words

Speaker @i » Hearers

Unidi-

rectional interactions among a single speaker and multiple hearers during language games. It shows
two possible types of transmissions with elementary and composed words.

(a) Unknown elementary words: the semiotic symbol is created using the received
prototype &;, creating a new associated meaning in M, and adding a new input

(b)

(unconnected) node to the MAN G.

Unknown composed words: the new word w; is only added if the lexicon already
contains both wy,; and wyy, that are composed to create w;. A new composed
meaning m, is created as the vector sum m,; + m,,, and through the creation
of the new node and edges in the MAN. Very importantly, the meaning vectors
m,,; and m,,, that are used to create m;, are the ones internally developed by
the hearer. In fact, owing to the fact that meanings are private, the values of m;,
m,;, and myy of speaker and hearer are different and share no correlation between

them.

Alternatively, if the hearer does have the new word already stored in its lexicon, the
semiotic symbol corresponding to the stored word is properly updated:

(a) Known elementary words: the robot changes the form of the semiotic symbol
whose prototype is closest to the received &; (joint attention). Because of its private
nature, the corresponding meaning is not altered.

(b) Known composed words: the lexicon, meaning space, and MAN are updated with

the new information.

- Fach language game is played by a single speaker and multiple hearers. The number of
hearers depends on the number of neighbors of the speaker.

- The conversations during the languages games are unidirectional, so that, upon reception
of a message, the hearer is the only agent that updates its lexicon. This modification
with respect to most naming games in the literature is required in SR because of limiting

factors such as the large number of agents and the existence of multiple hearers |
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6.3 Results

6.3.1 Assessment metrics

The Lexicon Sharing Score (LSS) is defined as the assessment metric that indicates the degree
of lexicon overlapping and sharing along the robot swarm. The LSS metric is defined in
Equation 6.10 as,

LSS = ————— A1) Z > J(Li L) (6.10)

R- i=1i<j<R

where R is the number of robots in the swarm, £; and £; are the lexicons of the i-th and
j-th agents. J(L;, L;) is the Jaccard similarity between the two sets [250], as showed in
Equation 6.11,

|£1 N £2| Uz‘j

J(L1,Ly) = £, U L] = [ (6.11)

where | - | is the cardinal of a set, v;; = |[£; N £;|, and L; and L; are the sizes of the lexicons
L; and £;. An optimal value of LSS = 1 is obtained when all the agents share exactly the
same words in their lexicons.

LSS does not reveal information about the size of the lexicon, therefore, this metric is combined
with the total number of words in all the lexicons, v (Equation 6.12).

(6.12)

Furthermore, vUejen, and veem, are used to refer to the total lexicon size considering only
elementary and composed words, respectively (such that v = Ugem + Veomp)-

Additionally, the Compositionality Sharing Score (CSS) is defined as a metric to assess the
degree of consensus along the robot swarm in terms of compositionality in their lexicons.
Before the formal definition of the CSS, the set of associations A; of the i-th agent in the
swarm is introduced. An association belonging to some A is defined as the tuple (w1, wp2, w),
where w is some word in a lexicon and w,; and wyy are the parent words that give rise to w.
Thus, let a;; = |A; N A;j| be the number of associations that two agents share, so that an
association is shared provided that the following conditions are met:

(1) w,wpr,wpe € L,
(2) w,wpr,wpe € L;, and
(3) w results from the combination of wy; and wy, for both agents.

With these definitions in mind, the CSS is formulated in Equation 6.13,

i=1i<j<R i=1i1<j<R

where A; and A; are the number of elements in the sets A; and A;.
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Figure 6.13: Results for 3 referents and 20 robots (focus on single robot). (A) Prototypes
learnt by one of the robots in the swarm. (B) Meaning association network developed by the same
robot, showing how symbols interconnect to give rise to incrementally more complex meanings. (C)
Set of semiotic symbols of the agent, showing the referent (bottom left), the meaning (top), and the
form (bottom right). In (B) and (C), the semiotic symbols are distinguished by color: the elementary
symbols in green, and the composed symbols either in orange and red for combinations of two or
three symbols, respectively.

6.3.2 Results with three referents

Firstly, the results of the experiment are assessed using three different types of objects:
low quality red cubes, high quality blue spheres, and high quality blue cubes. These three
composed referents ideally give rise to six elementary words, veem = 6 (blue color, red color,
cubic shape, spherical shape, high quality, and low quality), and veem, = 11 composed words
resulting from the referents: blue cube, red cube, blue sphere, high quality blue color, low
quality red color, low quality cube, high quality cube, high quality sphere, low quality red
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cube, high quality blue sphere, and high quality blue cube. Consequently, the ideal size of the
total lexicon is 17 (U = Uetem + Vcomp)- Four objects of each kind were randomly scattered in
the arena at the beginning of each simulation. In this first experiment, the robot swarm is
composed by 20 robots that are randomly positioned in the arena.

Figure 6.13 shows the results of the experiment with these three external objects, focusing
on a single agent at the end of a simulation. Figure 6.13A illustrates the six prototypes
learnt by the depicted agent, corresponding to the referents: cubic shape, blue color, high
quality object, spherical shape, low quality object, and red color. Figure 6.13C depicts all the
semiotic symbols developed by the robot, so that:

the referent is sketched in the lower-right side of the square,

the meaning is shown in the upper side as a three-dimensional vector,

the form is shown as the three syllable word in the lower-left side,

the color of the semiotic symbol denotes whether it is elementary, or composed,

a tag inside semiotic symbol (e.g. «) is used for clarity to refer to each semiotic symbol.

For instance, the semiotic symbol tagged as a3 corresponds to the external object blue+cube,
the word hoxhuna, and the meaning m,s = (1.86,—0.99,0.0). Moreover, notice that the
meaning m,g is the vector sum of m, and mg. The prototypes (see the rows in Figure 6.13A)
are not shown alongside the corresponding elementary semiotic symbol to ease the readability
of the figure. However, the reader can easily associate prototypes and elemtary semiotic
symbols by means of the tags a-C.

Additionally, Figure 6.13B shows the learnt MAN, showing how the semiotic symbols in
Figure 6.13C are associated to create new concepts. The six prototypes of Figure 6.13A
give rise to six elementary semiotic symbols (tagged as a-¢ and colored in green). Moreover,
the elementary symbols are combined and associated to create eleven composed semiotic
symbols according to the MAN in Figure 6.13B: eight resulting from the composition of two
elementary semiotic symbols (tagged as af-a¢ and colored in orange), and three from the
composition of one elementary and one composed semiotic symbol (tagged as a7y, ae and
p~d, and colored in red).

Figure 6.14 illustrates the results considering the whole robot swarm, instead of focussing on a
single agent. Specifically, Figure 6.14A plots the temporal evolution of the LSS metric across
the simulations, whereas Figure 6.14B depicts the evolution of the CSS. Upon convergence,
both metrics reach nearly optimal values, suggesting that the emergence of a common lexicon
is correctly reached. The steady state results in Figure 6.14B indicate that compositionality is
also achieved and shared across swarms. Moreover, notice that the transient of the CSS metric
is unstable at the early time instants of simulations. The main reason for this phenomenon is
that agents first negotiate on elementary words, that are non-compositional. Compositionality
only emerges when a solid basis of the elementary symbols is learnt.

Finally, Figure 6.14C shows the time evolution of v, Vejem, and Ueomyp in red, green, and blue,
respectively. The steady state value of v correctly reaches, on average, the value of 17 shared
words, which is the correct number of possible words resulting from the three objects of the
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Figure 6.14: Results for 3 referents and 20 robots (focus on the whole robot swarm).
(A) Time evolution of the LSS metric along the duration of a simulation. (B) Time evolution of the
CSS metric along the duration of a simulation. (C) Time evolution of the number of elementary
(Vetem ), composed (Ucomp) and total (v) words shared by all the members of the swarm. In (A to C)
50 independent simulations are used to represent statistically significant results, showing the sample
mean of the corresponding metric in darker colors and the standard deviations as the clear shadows.

experiment. Additionally, the steady state value of v, reaches, on average, the value of 6,
which is the exact number of elementary referents observable by the robots in the environment
(which are red, blue, cube, sphere, high quality, and low quality). The average
value of veom, = 11 is also correctly reached.

6.3.3 Results with five referents

In this section, the lexicon production, sharing and compositionality are assessed with five
composed referents, and robot swarms ranging from 10 to 100 individuals. The geometric
objects scattered in the arena are low quality red cubes, high quality green cubes, high quality
green spheres, low quality red spheres, and low quality red pyramids. Following a similar
decomposition as in the results with three objects, these five composed referents ideally give
rise t0 Velem = 7, Ucomp = 19, and v = 26.

Figure 6.15 collects the results of this experiment using robot swarms of 10, 20, 50, 75, and 100
individuals. Figure 6.15A depicts the sensory space X of dimension seven, that contains all
the prototypes, visualized as a two-dimensional space using t-distributed Stochastic Neighbor
Embedding (t-SNE) algorithm [257]. It plots the distribution of the learnt prototypes using a
heatmap as the representation tool, and considering the sets of prototypes of all the robots in
swarms of 50 robots along 50 independent trials (2500 data points in total). The aim of this
figure is to show that the discrimination process is able to correctly and ubiquitously capture
invariant properties of distal objects, regardless of the high randomness and variability in the
way agents perceive the objects. The acquisition of such solid prototypes can be observed in
Figure 6.15A in the number of data clusters, that correctly matches the number of different
elementary referents (red, green, cube, sphere, pyramid, high quality, and low quality).

Figures 6.15B and C show the time evolution of the LSS and the CSS metrics. These metrics
are illustrated for swarm sizes ranging from 10 to 100, shown in different colors, to assess the
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Figure 6.15: Results for 5 referents and swarm sizes ranging from 10 to 100 robots.
(A) Sensory space X visualized in two dimensions using t-SNE algorithm. It depicts the heatmap
of the distribution of prototypes learnt by all the robots in the swarms of 50 robots and using 50
independent simulations (2500 data points in total). (B and C) Time evolution of the LSS (B) and
CSS (C) metrics along simulations of 2500 second duration. (D to F) Time evolution of v (D), vejem
(E), and vcomp (F), that assess the number of words (total, elementary and composed) that are
shared by all the members of the robot swarm. In (B to F), the results are shown for swarm sizes
of 10, 20, 50, 75, and 100 robots, and 50 independent simulations with random initialization are
collected and used to create the estimate of each metric. Specifically, each of the darker curves are
the sample mean estimates of the corresponding metric, whereas the light contours are bounded by
the standard deviation of the metric estimate.

scalability of the system. For each swarm size, 50 independent simulations are used to compute
the sample mean estimates (darker curves) and standard deviations (light contours). Focusing
on the steady state values, robots swarms with sizes of 10 and 20 achieve nearly optimal LSS
and CSS results in about 1500 seconds of a simulation (corresponding to 30000 simulation
cycles with a sampling period of 0.05 seconds). It implies a correct convergence to a common
lexicon in most of the trials. Moreover, CSS values near 1.0 indicate that compositionality in
the lexicon is also reached and spread across swarms. Increasing the number of robots results
in a slight decrease of the steady state values of LSS and CSS. However, this degradation is
notably low, with average LSS of 0.99, 0.95, and 0.92 for swarms of 50, 75, and 100 robots.
The decrease of CSS is also minimal, being 0.97 for 50 robots and 0.86 for swarm sizes of
75 and 100. Regarding the transient periods, there is also a degradation of the convergence
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time as the number of robots scale, being around 1500 seconds for swarms of 50 robots and
between 2000 and 2500 seconds for swarm sizes of 75 and 100. The growth of the time elapsed
to reach convergence is highly reasonable, compared to the 1500 seconds of lower swarm sizes,
and, to some extent, unavoidable due to the large number of individuals and language games
required to reach a common lexicon.

Figures 6.15D to F depict the time evolution of v, Uejem, and Veomp, used to assess the sizes of
the shared compositional lexicons. The optimal value of v (corresponding to the number of
possible words in the experiment) is 26, which is exactly reached on average by swarms of
10 and 20 robots (Figure 6.15D). In the case of 50, 75 and 100 individuals, the degradation
with respect to the optimal value is, on average, of one, two, and four words, respectively.
Figures 6.15E and F decompose the total size of the shared lexicon (v) into total elementary
words (Uezem ), and total composed words (Ueomp). The optimal values of Uejer, and Ueom, are 7
and 19, because of the number of elementary referents and possible compositions among them
in this experiment. It can be observed that most of the errors and differences in the lexicons
come from divergences in the composed words (Figure 6.15F). Steady state values of v, are
optimal, on average, for swarm sizes of 10 and 20 robots, and nearly optimal (with one or two
different words) for swarms of 50, 75, and 100 agents. Finally, some interesting phenomena
can be observed in Figures 6.15FE and F regarding the transient period and the early stages
of the simulations. During the initial seconds, the robot swarms generate a huge amount
of elementary words (Figure 6.15E), because agents assign random words to new semiotic
symbols learnt from their early experience. After some maximum value of v, is reached,
the great disparity of words is rapidly diminished because of the inter-robot interactions and
engagement in language games. On the contrary, this scenario is completely different in the
case of the transient period of veem, (Figure 6.15F), where the initial growth of the lexicon is
notably slower, and the overshot is greatly reduced. This different behavior is caused because
the creation of composed words requires a solid basis of elementary semiotic symbols to be
produced.

6.4 Discussion

Addressing the SGP in SR with semiotics

The self-organization of a shared lexicon in societies of cognitive agents, tightly related
to the Symbol Grounding Problem (SGP) [13, 14, ], has been deeply addressed using
semiotics |11, , , , |. The spotlight of most of these studies is to specifically
address the SGP and to explore the origins, nature, and evolution of language and com-
munication using Artificial Life. Here, an engineering perspective is considered, borrowing
some of the concepts of semiotics and language games to apply them to the field of SR. As
proposed by Cambier et al. [I 1], language games can be key element to overcome the stagnant
state of emerged communication in SR systems (which generally results in signaling-based
communications designed ad hoc for specific tasks), and pave the way for more complex
language-like communications. Some studies have already applied minimal naming games
to SR [240, , 53, |. However, these studies only tackle the problem considering the
social substrate. In this PhD Thesis, the problem was attacked both from the social and

149



Rafael Sendra Arranz

physical perspectives, creating perceptually grounded semiotic symbols, distinguishing be-
tween meanings and forms, and considering the main stages (iconization, discrimination, and
identification) proposed by Harnad to solve the SGP [13, 11]. It was assessed that semiotics
and language games can be successfully applied to SR, and that robot swarms can self-organize
a common lexicon of an optimal size (considering the number of referents). Specifically, it
was shown that an optimal lexicon size of 17 words is reached, on average, in swarms of 20
robots. Moreover, as a key property of SR systems, it was demonstrated that the system
scales properly up to swarms of 100 robots. The results reveal a slight degradation of the
mean value of the LSS score of 0.03 in swarms of 50 robots and of 0.14 in swarm sizes of 100,
with respect to the optimal results reached on average in the smallest robot swarms.

Embodiment, exploration, and limited communication

A key feature to solve the SGP is that agents should be embodied and situated in the
environment on which meanings and forms are grounded. In other words, the semiotic
symbols should be grounded based on the individual experience and interaction with the
external world. In SR, this feature is clearly compulsory, as robots are necessarily embodied
and explore their local environment without the need of a central control. In the experiments
of this chapter, mobile robots navigate and explore the arena in order to build their own and
private set of meanings. However, meanings can only be grounded on objects detected by
the robot’s camera in its local surroundings. And this grounding is uniquely and subjectively
built based on their experience and situation with the respect to the target object. The
prototypes and the meaning spaces of each robot are, therefore, unique and diverge from the
ones created by any other robot in the swarm.

A non-trivial problem arises when robots have to converge to the exact same set of words
provided that the meanings of those words are private and internal. This problem becomes
more complex when the number of agents increases drastically (as in SR), because the amount
of different private meanings and subjective groundings grow likewise. It was proved that it is
possible to address this problem using language games and semiotics, showing convergence to
lexicons of 26 different words in swarms of up to 100 robots.

Emergence of compositionality

It was demonstrated that compositionality can emerge and be perceptually grounded in swarm
robotics systems. My proposal of compositionality and its acquisition from zero is based on
three main elements: the MAN, the meaning space, and the hebbian learning. As far as I am
concerned, compositionality in a lexicon has not been addressed before in the SR field and
using large swarms.

In line with the grounding of the semiotic symbols, robots create and define compositions
between learnt meanings based on their own experience. Firstly, robots build a solid basis of
elementary semiotic symbols, that are directly grounded on referents (e.g. red, cube, or low
quality). Subsequently, these symbols are incrementally combined to create increasingly more
complex composed meanings, that inherit the grounding of the basic ones. This is a highly
relevant step to properly create symbolic representations [13]. A new meaning is created as
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the composition of two prior symbols provided that the referents used in the composition are
perceived at the same time by the robot. Furthermore, the new meaning is only created when
co-occurrence of referents is repeatedly produced across time. More specifically, Hebbian
learning is proposed as the building block that robots internally use to create compositionality.
Alternatively, compositionality can be also produced through social interactions and language
games, in which a robot shares a new word and the “parent” words that were used to compose
it. It resembles the teaching of a new word by defining it (e.g. an individual teaches the word
zebra by describing it as a horse with stripes [13]). Very importantly, this teaching process
does not fall into the Searle’s Chinese room argument [259] because an agent only learns a
new word provided that the constituent parts of its definition are already known and properly
grounded (i.e. the new word zebra can only be learnt once the words horse and stripes have
been already assimilated and grounded).

Towards language-like communications

Communication systems that emerge in most SR studies fall under the category of signaling
communication, being typically far removed from language-like communications. Moreover,
such stagnation in the evolution of communication resembles some aspects of animal com-
munication. More precisely, even though some animal communication systems exhibit some
specific properties of human language in isolation, all of them are considered as signaling
systems (with a wide spectrum of complexity in their mechanics, semantics and evolutionary
history). In Chapter 3.2, it was reviewed that some of the most relevant and representative
characteristics of language are symbolic communication and compositionality, duality of pat-
terning, arbitrariness, displaced communication and cultural transmission. In this chapter, the
creation of a shared lexicon, which is one of the fundamentals of language-like communication,
was addressed. The emerged lexicon fulfills, at some extent, all of the language properties
enumerated above:

(1) Cultural transmission: in the experiments of this chapter, the robots negotiate and
converge to a common lexicon through a cultural transmission process based on language
games.

(2) Duality of patterning: the words in the robots’ lexicons are created as the combination of
three randomly chosen syllables. Such syllables lack of meaning and physical grounding
by their own. It is their combination what creates a word, which has an associated
meaning grouded on external geometric objects.

(3) Arbitrariness: the process of identification, proposed by Harnad in [13] as one of the
fundamental steps to solve the SGP, is considered in this chapter as the mechanism that
maps prototypes and meanings. On the one hand, prototypes are iconic representations
that belong to the same vector space as the input signals measured by the sensors. On
the other hand, meanings are symbolic representations that have no direct relation
with the associated prototype or referent on which they are grounded. Therefore, the
meaning component of the semiotic symbols fulfills the arbitrariness property. Similarly,
words are also arbitrary, because they are created randomly and share no relation with
meanings and referents.
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(4) Symbolic communication and compositionality: the obtained lexicon clearly exhibits
compositionality in terms of word compositions to create new terms. Moreover, such
compositionality is acquired from zero through lifetime learning and cultural transmission.
However, even though it is a noticeable milestone towards language-like communications,
the level of compositionality tackled in this chapter only considers adjective-noun
syntactic relations. Therefore, there are still many (and more complex) aspects of
compositionality and grammar to be explored, opening up an important line of future
research.

(5) Displaced communication: the type of communication presented in this chapter exhibits
some characteristics of displaced communication. Robots engaged in language games
learn and negotiate new vocabulary whose grounding referent is potentially not present
neither in space nor in time. For example, two robots may agree upon the word used to
refer to the shape cube when there is no cubic object nearby.

Even though these properties are displayed, only the acquisition, negotiation, and production
of the compositional lexicon is addressed in this PhD Thesis. In order to truly approach to a
language-like comunication, robots must use the acquired vocabulary and semiotic symbols
to communicate relevant information during the execution of some task. Moreover, more
complex aspects of grammar, such as new syntactic categories, predication, or deixis, among
many others, have to be addressed.

6.5 Summary and conclusions

In this chapter, a robot swarm that, without any prior knowledge, can self-organize and
converge to a common compositional lexicon to name different geometrical objects scattered
along the environment was proposed. Moreover, the perceptually grounded symbol grounding
problem in embodied agents is considered. During their lifetime, the robots develop semiotic
symbols, which are tetyrads composed by a referent (external object), a meaning (inner
representation), a form (word in lexicon), and a prototype. Semiotics is used for the creation
of private meanings, while cultural evolution, based on language games, tackles the spreading
of the lexicon along the robot swarm. Furthermore, it was shown that compositionality (the
meaning of a word is created based on the meaning of its constituent parts) can emerge in
perceptually grounded lexicons shared in robot swarms. The performance and scalability of
the proposed system were assessed with swarms up to 100 robots, revealing that convergence
to common compositional lexicon of 26 different words can be achieved with high accuracy.

Several future lines of research can be considered from the work of this chapter. Firstly,
it can be extended to real robot swarms and non-simulated environments. Secondly, other
forms of compositionality, such as grammar rules or syntactical relations, can be considered.
Finally, in this chapter, words are perceptually grounded on physical objects and concepts in
the environment. An interesting extension of this process would be to ground symbols on
actions and behaviors of the robots. A semiotic symbol could be grounded, for instance, on
the behaviors “ Ezplore the environment” or “ Approach to a light source”.
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Chapter 7

Discussion and synthesis of results

This PhD Thesis has addressed two of the main challenges of the evolution of communication in
SR systems: (1) the transferability of the same communication system in multiple independent
tasks, and (2) the emergence of complex communications beyond signaling. Problem (1) is, in
turn, splited into two levels and addressed separately using a divide-and-conquer strategy.
Specifically, two levels of transferability are defined: (a) weak transferability and (b) strong
transferability. The former refers to SR systems that can be used in multiple tasks without
its re-design, but requiring re-evolving the system for each task. In contrast, the latter one
goes a step beyond, being defined as the capability to transfer the same previously evolved
communication to multiple tasks.

Chapter 4 sheds some light to the problem of weak transferability, presenting a minimal
communication system that can be used in (at least) three independent SR tasks with very
minor desing changes. The robots were endowed with a minimal communication system based
on IR technology, that uses symbolic messages to encode the information being transmitted.
Moreover, the robots were controlled by the same CTRNN-based architecture, that was
evolved independently for each task using a GA. The communication system of this Chapter
was assessed in three different SR primitives, namely, the election of a leader of the group,
the identification of the swarm perimeter, and the heading orientation consensus. Even
though these tasks can be defined as low-level behaviors, all of them required some degree
of communication to be successfully solved. In line with most evolutionary SR research, an
exhaustive statistical analysis of the evolved communication revealed that a signaling-based
communication emerged in all the tasks. However, it was surprisingly shown that opposite
communication semantics were evolved for each task:

o Abstract semantics, in which only the abstract message was important in the communi-
cation, evolved in the leader election task.

o Situated semantics, in which only the context information rather than the abstract
message were communicative, did emerge in the identification of the swarm perimeter.

o Purely situated semantics, in which both the abstract message and the associated context
were communicative, were evolved in the heading orientation consensus task.
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This zoo of emerged semantics reinforced the weak transferability of the system, showing a
tight adaptation of the evolutionary trajectories to the target task, using the same robot
controller’s architecture and design. Furthermore, it was demonstrated that the SR system
and the operation of the evolved communication are scalable and robust in all of the three
tasks. The scalability was assessed separately in each task using the best-performing GA
individual of the evolved population and swarms of up to 50 robots.

In Chapter 5, the strong transferability in SR communications was tackled. For this aim, a
novel communication module that, once evolved, can be used in multiple and utterly different
SR tasks without the need to re-optimize was proposed. The communication module was
based on wvirtual state spaces, denoted as communication spaces, which are independent to
the real environment where physical robots exist, and it is where swarm communication
and swarm organization takes place. The communication module was composed by wvirtual
regions, each associated with some innately defined semantics that establish the robot’s
behavior in the physical world. A communication controller, based on CTRNNs, was evolved
using a NEAT algorithm. The evolved controller defined the communication among the
robots in the virtual space. The communication module and its strong transferability were
evaluated in three popular SR tasks: an aggregation into groups of fixed sizes, a formation of
target swarm geometries, and a basic foraging with robots’ batteries. The exact same evolved
communication was successfully used in all of these tasks. The aggregation in groups of desired
sizes was correctly achieved, demonstrating the effectiveness of the communication module
across multiple number of groups and group members. In all cases, groups were correctly
formed according to the specified target size. Furthermore, distinct groups tended to repel
each other, to avoid group merging. The formation control was also successfully solved using
the previously evolved communication module. Different swarm formation geometries, i.e.
triangle, square, rhombus, circle, and pentagon formations, were obtained with high accuracy
and low distortion. It was shown that collective motion of the robot swarm while preserving
the target formation geometry can be achieved as well. Moreover, the communication module
allowed the switch of the swarm formation in real time during the same simulation. Specifically,
it is shown an execution in which the robot swarm switches its formation geometry thirce,
starting with a square formation, followed by a circle structure, and, lastly, iterating to a
rhombus geometry. The communication module was also applied successfully to the foraging
task. The results revealed that the robot swarm effectively performed a dynamic division
of labour. Specifically, using the communication module, the following target division of
labour was achieved: (i) 25% of the robots foraged from one food source, (ii) 25% of the
swarm foraged from the remaining food source, and (iii) 50% of the robots stayed idle in the
nest. Moreover, idle robots in the nest were able to correctly replace foragers that ran out
of battery, successfully ensuring the desired 25% allocation to each food source. Scalability
was also assessed in all of the three SR tasks. It was demonstrated that the proposed system
is scalable at least up to swarms of 40 robots in the group aggregation and the formation
control, with small degradations of the assessment errors. The communication module also
scales suitably when the foraging experiment is tackled, revealing a correct achievement of
the task goals with swarms up to 60 robots. All the scalability evaluations were accomplished
using a statistically significant sample of fifty independent simulations for each swarm size
and SR task.
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CHAPTER 7. DISCUSSION AND SYNTHESIS OF RESULTS

The emergence of more complex forms of communication beyond signaling in SR was treated
in Chapter 6. Specifically, it was shown that a swarm is able to self-organize and converge
to a common compositional lexicon to refer to the different geometrical objects (of diverse
shapes, colors and qualities) in the environment. The robots started with no prior knowledge
neither about the external objects nor the words that are used to name them. Instead, they
discovered them through exploration and interaction with the environment, and converged to
a common lexicon using language games, local communication, and semiotics. The acquired
words and meanings were perceptually grounded, satisfying the SGP. Moreover, the emerged
lexicon displayed compositionality properties, implying that new words were created as the
combination of previously acquired ones. Several metrics were carefully designed to fully
evaluate the effectiveness and correct acquistion of a unique lexicon that is shared by all the
robots. These metrics were the Lexicon Sharing Score (LSS), the Compositionality Sharing
Score (CSS), and the number of total words v. The LSS and the CSS measured the degree of
lexicon and compositionality overlapping and sharing along the swarm, respectively. Firstly,
an experiment using a swarm of 20 robots and with three types of external objects (low
quality red cubes, high quality blue spheres, and high quality blue cubes) was accomplished.
The results revealed that the robot swarm was perfectly capable of acquiring the shared
lexicon and set of semiotic symbols (see Section 6.2 for further details). Specifically, LSS
and CSS metrics near 1 (optimal value) were obtained on average using fifty independent
executions with random initializations of the position of robots and objects. Moreover, the
total number of words suitably converged, on average, to the correct values of 6 elementary
words (that do not emerge through compositionality) and 11 composed words (that emerge
through compositionality). A second experiment was carried out with five external objects
(low quality red cubes, high quality green cubes, high quality green spheres, low quality red
spheres, and low quality red pyramids), and with an additional focus on the scalability of the
system. Specifically, the emergence of the compositional lexicon was assessed with swarm sizes
ranging from 10 up to 100 robots. For every swarm size, fifty independent simulations with
independent initial conditions were collected and analysed. The results showed the correct
scalability of the system up to (at least) swarms of 100 robots. Nearly optimal values of LSS
and CSS were obtained for the lower swarm sizes, whereas the degradation of these metrics
was considerably small for the large robot swarms. Moreover, such deterioration was mostly
caused in terms of compositionality acquisition, so that the self-organization of elementary
words was nearly optimal even in the larger swarms.
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Chapter 8

Conclusions and Future Work

This Chapter summarizes and concludes this PhD Thesis. In Section 8.1, the main conclusions
of the Thesis are detailed. Subsequently, Section 8.2 presents the future improvement and
lines of research that result from this PhD Thesis. Finally, the author contributions are
described in Section 8.3, reviewing the journal and congress papers that were published or
submitted by the author under the scope of this PhD Thesis.

8.1 Conclusions

The SR field has reached an stagnation point in the emergence of inter-robot communication
using evolutionary algorithms. Firstly, this stagnation is caused by a lack of standardization
and generalization to multiple tasks. In other words, most of the SR studies tackling the
evolution and origins of communication in societies of robots are designed ad hoc for specific
tasks, environemnts, or communication systems. Moreover, even though many studies used
CTRNN-based robot controllers and GAs as the optimization algorithm, there are not
standaridized design and evolutionary principles that ease the evolution of communication
from an engineering perspective. For instance, there is not a consensus on the communication
technology, the size and encoding of the message (i.e. based on symbols or signals), or the
architecture of the robot controller. Moreover, most of the SR studies targeting the evolution
of communication result in simple a signaling communications. Thus, there is a strong barrier
to reach the emergence of more complex communications, such as language.

In this PhD Thesis, these challenging issues are addressed in detail. Two different SR
communication systems that use evolutionary algorithms to reach the emergence of its
mechanics and semantics were proposed. Moreover, the main focus of these communication
frameworks is to achieve transferability — a property that is defined as the capability to
use the same communication in multiple SR tasks. One of the proposed communication
systems only presented weak transferability, so that the same communication system was
applied to three different SR tasks without its re-design, but requiring re-evolving the system
for each task. In addition, a second SR framework was proposed and evolved, with the
last aim of achieving strong transferability. Strong transferability is the property of an SR
communication system to be applied to multiple tasks without requiring neither its re-design
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nor its re-evolution. We demonstrated that the proposed framework is strongly transferable
to threee popular SR tasks — aggregation, formation control, and foraging. Lastly, this
PhD Thesis also tackles the strong barrier that hinders the achievement of language-based
communications. Specifically, the problem of the self-organization of a shared lexicon in
robot swarms was addressed and solved. The proposed lexicon emergence system is in line
with the Symbol Grounding Problem, so that words and symbols are perceptually grounded
on external objects based on the robot’s experience. To address this challenging problem,
language games, hebbian learning, and semiotics techniques were used.

8.2 Future Work

Multiple lines of future research emerged from this PhD Thesis. Firstly, the following general
improvements, related to all the Thesis chapters, are considered:

o Implementation in real robots: all the experiments of this PhD Thesis were
accomplished using robotics simulation tools and techniques. Even thought these
simulations mimic the real physics, kinematics and dynamics accurately, there is still a
critical reality gap that should be considered as future work. Specifically, the experiments
should be replicated with real robots in controlled environments, to fully assess the
effectiveness of the presented models and techniques in real-world missions.

o Migration to other robots and environments: only terrestrial mobile robots that
resemble the e-puck robot [107] are considered in this work. Therefore, an extension of
this PhD Thesis would be to assess the performance of the evolved communications using
other types of terrestrial robots (e.g. hexapod or humanoid robots, among many others).
Furthermore, more complex environments that hinder the robots’ navigation and task
accomplishment can be conceived. For example, rugged or uneven terrains can provide
simulations that reflect more faithfully real-world applications. Moreover, migration to
underwater and aerial environments, using swarms of drones and Unmanned Underwater
Vehicles (UUVs), respectively, can be also an important extension of this PhD Thesis.

o New neural architectures and optimization algorithms: other neuron models
and ANN architectures can be considered in the future. In this PhD Thesis, all the
neural controllers are based on CTRNN models, which offer a low-level and simple
solution that simplify how biological neurons work. However, other less realistic yet more
computationally powerful ANNs could provide more complex emerged communications.
Specifically, deep learning models, such as Long Short-Term Mermory (LSTM) neural
networks or transformers, would be highly promising alternatives. Furthermore, the
application of more advanced evolutionary algorithms can be an important improvement
to reach more elaborate communications.

« Reinforcement learning: RL is left as future work as an alternative to evolutionary
algorithms for reaching the emergence of communication in SR. In contrast to the
evolution of communication, in RL the communication semantics are learnt during the
robots’ lifetime. Moreover, a highly primising research line to be considered in the
future would be to combine evolution and lifetime learning (EVO-DEVO), so that the
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emergence of communication can simulaneously coexist at two time scales.

The following future improvements resulting from the evolution of signaling communications
in SR primitives are considered:

o Incremental evolution and multitasking: strong transferability cannot be achieved
in the communication system of Chapter 4. However, an ambitious future extension of
this chapter would be evolve a robot’s neural controller capable of solving multiple tasks
sequentially via incremental evolution. Firstly, the robot controller would be evolved
to successfully perform a single task (as in the experiments of the Chapter). However,
once the first task has been succesfully optimized and an effective communication has
evolved, the evolutionary process would be redirected towards tackling a different task.
However, the traits and communication semantics evolved for the original task should
not be lost, and, instead, the robot swarm should ideally retain the capability to solve
both tasks.

« Assessment in more complex tasks: the tasks that are solved in Chapter 4 correspond
to primitive collective behaviors. Therefore, an extension of the proposed communication
system to more complex and elaborate SR tasks (e.g. flocking, foraging, or formation
control) should be considered as future work.

o Fitness function optimization: the fitness function is one of most important design
steps that will define the outcome of the evolutionary algorithm. It can completely
alter the evolved communication semantics. Therefore, future work can be devoted to
the improvement of the fitness functions of this chapter, using all the newly acquired
experience and knowledge acquired during the overall development of the PhD Thesis.

The following future improvements resulting from the evolution of transferable and self-
organized communication modules are considered:

e Very constrained and low-range communications: the most immediate extension
of Chapter 5 would be to assess the limits of the communication range and constrains.
Specifically, the amount of tolerable communication noise and interferences as well as
the feasibility of the communication module in very low range communicaitons should
be evaluated.

o Improvement of robot’s positioning: as it was not the focus of the PhD Thesis, the
calculations and estimations of the positioning of the robots in some of the SR tasks of
this chapter were simplified. Therefore, future improvements should be devoted to such
in-depth estimation using advanced techniques such as social odometry, multi-agent
localization, or SLAM.

e Generalization to n-dimensional communication spaces: The communication
spaces used in this PhD Thesis are restricted to one and two dimensions. The general-
ization to n dimensions requires additional mathematical development on the distance,
angle, and virtual region definitions. This extension is left as future work.

e Learning of the communication space topology: the communication spaces of
Chapter 5, either one-dimensional or two-dimensional, are manually designed by the
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researcher. That is, the number of regions and landmarks are fixed before the execution
of the experiments. Therefore, a highly promising line of future research would be to
initiate with a single virtual region, and, thereafter, acquire new ones through a process
of lifetime learning during the experiment’s execution. Owing to the fact that all the
robots should share the same virtual regions and communication space topology, this
learning could be combined with cultural transmission. It should be remarked that
NEAT would still be responsible for the evolution of the communication controller
(feomm) and the virtual navigation of the robots.

o Learning of primitive behaviors: in line with the previous improvement, the primitive
behaviors and the primitive selector could also be acquired through the lifetime learning
and cultural transmission of the robot swarm. There are two levels of complexity of
this future line of research:

(1) The primitive behaviors are handcrafted and collected in the primitive pool, and it
is only the primitive selector (the mapping between virtual regions and primitives)
the building block that is learnt.

(2) In addition to the previous level (1), the primitive behaviors themselves are also
learnt or evolved.

In both cases, the learning of behaviors should be simulateous to the learning of the
communication space topology, described above.

e Other communication controller techniques: in this Chapter, the virtual navigation
of the robots in the communication space is done using the communication controller,
which is an evolved CTRNN. Other control techniques can be considered as an alternative
method. For example, the virtual navigation can be performed using a physics-based
approach, so that robots are virtually represented as particles in the communication
space, that are attracted or repelled by landmarks and other particles.

The following future improvements resulting from the emergence and self-organization of a
shared and perceptually grounded lexicon are considered:

e Use of lexicon in robot conversations: the self-organization of a shared compo-
sitional lexicon in robot swarms was achieved in Chapter 6. However, the use of the
lexicon and its compositionality in actual conversations between robots is not explored.
This new line of research can only be assessed when a solid basis of words and, thus,
semiotic symbols, has been acquired and agreed across the swarm. Furthermore, it
requires more complex goal tasks beyond the exploration and object identification
tackled in this chapter.

« Exploration of more complex compositional rules: in this PhD Thesis, composi-
tionality is considered from the perspective of meanings that are combined to create
other, more complex, meanings. Even though this symbol composition is of essence for
the emergence of language-like communications, other forms of compositionality can be
also considered. The exploration of grammar rules and other syntactical relations are
promising line of research that should be considered in the future. Furthermore, these
new compositional rules should be also learnt and be culturally transimited across the
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robot swarm.

o Other types of external referents: words and meanings are perceptually grounded
on geometrical objects with different colors, shapes, and qualities. An interesting
extension of this process would be to ground symbols on other external referents beyond
the ones of this PhD Thesis. Semiotic symbols could be grounded on more abstract
concepts such as actions and behaviors of the robots. A new word can be created, for
example, for the motor actions “Rotate right wheel counter clockwise” or “Rotate left
wheel counter clockwise”, and, in turn, these new concepts can be combined to create a
word grounded on the behavior “Move straight forward”.

o Connection between the transferable communication module and the emer-
gence of lexicon: the same algorithms and techniques of Chapter 6, employed to
achieve the self-organization of a shared lexicon, can be used to improve the com-
munication module of Chapter 5. Specifically, it can be applied to learn from zero
the communication space topology, primitive behaviors, and primitive selector. That
is, the self-organized semiotic symbols, grounded on learnt primitive behaviors, can
be associated to virtual regions in the communication space. Such grounding and
associative process would be accomplished in an online way during the robots’ lifetime,
using language games, semiotics, and Hebbian learning.

o Large Language Models: the emergence of communication and the self-orgnanization
of a common lexicon can be combined with Large Language Models (LLMs). For instance,
LLMs can be used as the cognition behind the planning, actuation, communication, and
self-organization of the robot swarm, or to study and analyze some previously emerged
communication semantics.

8.3 Review of Contributions

This dissertation describes original research carried out by the author. It has not been
previously submitted to the Universidad Politécnica de Madrid, nor to any other university
for the awarding of any degree. In this Section, all the papers published or under review for
publication by the author (2 papers published in journals, 2 papers under review in journals,
and 2 conferences), are explained and linked with this PhD Thesis. The corresponding
publications are detailed in the following.

The early work published by the author was in 2021, entitled as Fwvolution of situated
and abstract communication in leader selection and borderline identification swarm robotics
problems [25] and published in the Applied Sciences journal. This paper studied how the
same communication system and robot controller can lead to the emergence of different kinds
of signaling communications within the robot swarm depending on the task being faced.
Specifically, the paper tackles both the leader election and the swarm frontier identification
SR tasks. In addition, a conference paper entitled as Emergence of Communication Through
Artificial Evolution in an Orientation Consensus Task in Swarm Robotics [260] was published
in 2023 in the International Conference on Artificial Intelligence Applications and Innovations.
In addition, a journal paper entitied as Emergence of flocking behaviors transferring previously
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evolved alignment robot controllers [261] was recently published in the Ewvolving Systems
journal in 2025. Both of these works, [260] and [201], extend the previously published
paper in [25]. Specifically, these publications respectively focus on different aspects of an
evolved robot alignment behavior. On the one hand, the publication in [260] is related to the
evolved communication itself and an exhaustive analysis of its emerged semantics. On the
other hand, [201] is devoted to the transferability of the evolved communication and robot
controller, assessing its connection and importance within flocking behaviors. A conference
paper was also published in 2023 in the XLIV Jornadas de Automaética [262], evaluating the
robotics simulation tool used along this PhD Thesis in two robotics tasks that are evolved
and performed by the robots sequentially. All of these four publications (two journal papers
and two conference papers) correspond to Chapter 4 of this PhD Thesis.

In October 2024, a paper entitled as Fvolution of transferable and self-organized communication
modules for solving multiple swarm robotics tasks was submitted to the IEEE Transactions
on Cybernetics journal. The submitted manuscript is under review at the moment of the
submission of this PhD dissertation. This paper corresponds to Chapter 5 and it presents a
novel communication module to be used in SR systems to plan and coordinate the robot’s
physical behavior collectively. The proposed system can be transfered to multiple independent
SR tasks without the need to re-evolve the system. It is successfully assessed in three
popular SR tasks: group aggregation, formation control, and foraging. Finally, the contents
of Chapter 6 were submitted as a journal paper in December 2024 to the IEEE Transactions
on Evolutionary Computation journal. This manuscript is entitled as Cultural evolution
of perceptually grounded compositional lexicons in swarm robotics systems, and it is also
under review at the moment of the submission of this PhD dissertation. It proposes the
self-organization and agreement of a common lexicon in a swarm of mobile robots to name
multiple geometric objects, of different colors and shapes, in the environment. The acquisition
of the emerged lexicon is fully automatic and distributed using language games and semiotics.
The words in the agent’s lexicon satisfy the Harnad’s Symbol Grounding Problem [13], as they
are physically grounded based on the robots’ own experience. Moreover, the self-organized
lexicon displays compositionality properties, that are obtained through Hebbian learning.
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A Evolutionary computation

A.1 Genetic algorithm

A Genetic Algorithm (GA) [261] is a population-based algorithm that, inspired by biological
evolution, mimics how natural selection and survival of the fittest operate, in order to address
optimization problems. The GA was originally conceived as a binary-coded algorithm, so that
the genes that compose a genotype encode the parameters being optimized as binary numbers.
In contrast, in a real-coded GA, the genes are real numbers that are generally constrained to
some search space. Real-coded GAs are a more suitable option in ER, when the parameters
being evolved are the free parameters of hyperparameters of an ANN. Such is the case of this
PhD Thesis, in which only real-coded GAs are considered.

The most basic form of a GA works as follows (see Figure A.1):

(1) Initialization: Candidate solutions are collected in a population of individuals or

Initialization P(O)

(1) 1

Fitness
Evaluation

(2)

Y A

geg+1 Selection

7y (3

Elite selection

(4)

A 4

End Crossover
Evolution (3)
—

Y
)

Mutation
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Figure A.1: General diagram of a genetic algorithm. The variable g is the generation counter, and
P(g) is the population at a specific generation g.

Stopping criterion

(5

YES
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(4)

genotypes. Such population is iteratively updated until a suitable solution is reached.

Evaluation: Each individual in the population is evaluated, and a fitness score that
quantifies its performance is computed. Under the frame of ER, the evaluation process
typically requires the execution of the corresponding robotics simulations. Moreover,
the computation of the final fitness score of an individual is refered as fitness function,
and it has to be designed ad hoc for each specific task being addressed.

Operation: The evaluated individuals are subject to a series of genetic operators that,
ultimately, give rise to the next population. The main genetic operators of a basic GA
are the following:

- Selection operator: selects the subset of individuals in the population that will be
used to produce the next generation. The selection process is driven by the fitness
scores of the genotypes, so that the fittest individuals normally have the highest
probability of being selected. Some popular selection operators are the truncation
selection, the rank selection, and, the roulette-wheel selection.

- Crossover operator: combines pairs of genotypes (parents) to create new candidate
solutions (offspring). The resulting genotypes inherit the traits of both parents as
a combination of their genes. Some popular crossover operators are the one-point,
multi-point, uniform and BLX-a crossovers.

- Mutation operator: slightly alters the genes of an individual with the aim of
exploring new areas of the search space. The mutation operator is applied with a
very low probability to the genes of each genotype. The most common mutation
operator in real-coded GAs is the Gaussian mutation, that adds some Gaussian
noise to those genes that are subject to the mutation.

Elitism: In addition to the new individuals resulting from the application of genetic
operators, the very best-performing individuals of the previous generation are directly
included in the next population. It is called elite selection, and it is purely based on the
fitness scores.

Finalization: A stopping criterion is established and assessed at the end of every
generation. The artificial evolution concludes in the case that such stopping criterion is
met. Some examples of stopping criteria are: (i) a maximum number of generations is
elapsed, (ii) a sufficiently good population fitness value (either average or maximum
fitness) is reached, or (iii) the average fitness score of the population becomes stagnant
or decreases for several generations.

Figure A.1 illustrates the data flow of a GA, highlighting the main steps accomplished in each
generation g.

Selection operator

The selection operator that is used in the GA implementations of this PhD Thesis is the
tournament selection. The tournament selection procedure is shown in Algorithm 3, and its
outcome is the set of selected genotypes, Py. This set is initially empty and, at the end
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Algorithm 3 Tournament selection

. P<«{g,...,8p} > Population of size P (g is the k-th genotype).
20 Peer < {} > Selected genotypes after the tournament selection (initially empty).
3: fori ={1,...,u} do

4: T; <+ {} > Set of genotypes of the i-th tournament (initially empty)
5: for j={1,...,K} do

6: Select randomly a genotype g; from P.

7: Add g; to T;.

8: end for

9: Winner of the tournament, g,,;,, as the genotype in 7; with highest fitness score.

10: Add g in to Pse.
11: end for

of the selection process is composed by g individuals. In addition, let, P be the current
population, of size P, that is subject to this selection operator. Moreover, each genotype in P
is denoted as gy, and, in real-coded GAs, it is generally a real vector encoding the real-valued
parameters. In the tournament selection, p tournaments are iteratively accomplished with
the aim of selecting the resulting p individuals. Each tournament is independent from each
other, and it is composed by K genotypes, that are randomly selected from the population
(with same probabilities). Among the K tournament members, the winner is the one with
highest fitness score, and it is directly included to the selection set Ps,;.

Crossover operator

BLX-« is the crossover operator that is considered in the implementations of the GA in this
PhD Thesis. BLX-a [265] is a popular crossover technique in real-coded GAs, as it reduces the
premature convergence through a random sampling of new offspring in the neighborhood of
the parent genes. In order to describe the crossover mechanics, let g, and g, be the genotypes
that are used as parent in the crossover transformation. Moreover, let g; and g/b be the
offspring genotypes that result from such recombination. All the individuals g,, g, g;, and
g, have the same number of genes, denoted as d, and the k-th gene within some genotype g
is defined as g(k).

With this notation in mind, Algorithm 4 defines the main steps that are accomplished during
the recombination of two parent genotypes, g, and g, using the BLX-a. In addition to g,
and gy, it receives the parameter «, which establishes the trade-off between exploration and
exploitation. A value of @ = 0 implies that the recombination is fully exploitaive, whereas
larger values of o imply a greater degree of exploration. In [265], the authors proposed a
value of @ = 0.5, which is also used in the experiments of this PhD Thesis. BLX-a randomly
samples the new genes of the offspring, g, (k) and g, (k), from a uniform distribution ¢(Ay, By)
in the segment [Ag, By|. This sampling segment is computed as in Algorithm 4, and it is also
illustrated in Figure A.2. It depicts the sampling segment divided into two types of zones:

- Ezploitation zone = [Gmink, Gmaz k]

- Exploration zone — [Ak, gmink) Y (Imaz ks Bil
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Ak ga(k) gb(k) Bk
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Figure A.2: Illustration of the sampling segments of new genes using the crossover operator BLX-q.
It represents the crossover process using the k-th gene of two parent genotypes, g, (k) and gy(k).
The sampling segment is split into an exploration zone, in blue, and an exploitation segment, in red.

d
o

Mutation operator

In this PhD Thesis the Gaussian mutation is considered as the main gene mutation operator.
With some low probability p,,.:, the Gaussian mutation adds some normally distributed noise
to the gene subject to the mutation. For every gene g(k), the mutation mechanism works as
in Equation 1,
2
gmut (k) = N(8(k), 731 (1)

where N (g(k), 02,,;) is the normal distribution centered at the gene value before the mutation
and with a mutation power 0,,,,. Additionally, g,...(k) is the k-th gene after the mutation.

A.2 Neuroevolution of augmenting topologies

In addition to GA, NeuroEvolution of Augmenting Topologies (NEAT) [83] is also used
in some experiments of this PhD Thesis (specifically in Chapter 5). NEAT algorithm is a
population-based neuroevolutionary algorithm that is widely used to automatically design
robot controllers in ER because it evolves not only the ANN parameters but also its neural
topology itself. In NEAT, a population (P) of P candidate solutions (genotypes) is iteratively
updated and optimized. The goal of such evolution is to maximize the fitness scores achieved

Algorithm 4 BLX-«

1. procedure BLX-a(g,, g, @)

2 for k={1,...,d} do > For every gene.
3 Gmin,k — min{ga(k)v gb(k)}

4: 9maz k — maX{ga(k)’ gb(k)}

5: di < |8a(k) — gu(k)|
6:
7
8
9

Al < Gming — oudy,
Bk — GImazx k + adk
g; — Z/[(Ak, Bk)
10: end for
11: end procedure
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Figure A.3: General diagram of a NEAT algorithm. The variable g is the generation counter, and
P(g) is the population at a specific generation g.

by the NEAT’s individuals in the task being addressed. In contrast to the GA, NEAT
genotypes are no longer real-valued vectors. Instead, the genes of an individual encode within
the same structure both the numeric parameters and the neural architecture (neurons and
synapses) of the phenotype ANN. Consequently, two types of genes can be distinguished in
NEAT genotypes:

- Node genes: encode information from the neurons of the ANN. A single node gene can
carry information about multiple parameters of a single neuron (e.g. membrane time
constants, neuron’s bias, and activation function). Additionally, it can also include
other relevant information, such as the type of neuron or its associated layer.

- Connection genes: encode information from the synapses of the ANN. It contains the
numeric weight parameter of the corresponding synapse, the pre-synptic neuron, and
the post-synaptic neuron.

Genotypes are initialized enconding a very simple ANN that directly connects the input nodes
with the output neurons. The artificial evolution is the process responsible for designing
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more complex and elaborate ANN topologies, if the goal task requires it. In contrast to
the topology initialization, all the ANN parameters subject to the evolution process are
initialized randomly. In each generation g, genotypes are evaluated in order to obtain
individual-wise fitness scores. Node and connection genes are subject to selection, crossover,
and mutation operators. Moreover, NEAT algorithm implements speciation techniques, so
that the population is divided into niches to protect innovations in the ANN topologies.
Figure A.3 shows the diagram and overall data flow of the NEAT algorithm. Note that the
selection and crossover operations are applied separately for each species. Additionally, at the
end of each generation, a speciation step is performed to reassign each individual to the most
appropriate niche, and to create new niches if necessary.

Mutation operator

Three different types of mutations can be distinguished in NEAT. One of them is a parameter
mutation, that simply alters the value of some parameter of the ANN. Conversely, two of
them are structural mutations that result in a growth of the ANN topology (see Figure A.4).
The functing of these complementary mutations is the following:

- Connection mutation: a new connection is added with a low probability to the ANN
architecture encoded in each genotype. The pre-synaptic and post-synaptic neurons
of the new connection are selected randomly among the existing neurons of the ANN.

A O O Connection O O

Mutation

—>

B QO Node Mutation

A \Wab
‘Wab
; Random

Figure A.4: Example of the NEAT mutation operator. (A) Mutation of a connection gene.
(B) Mutation of a node gene. The parts of the ANN topology that were added during the mutation
are highlighted in blue, and the parts that were disabled because of the mutation are colored in red.
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However, the candidate neurons should fulfill the following conditions: (i) there should
not be an existing connection between them and (ii) the post-synaptic node cannot be
an input node. The weight of the new synapse is initialized randomly using a normal
distribution with an standard deviation of 0.1. An illustrative example of the connection
mutation process is shown in Figure A.4A.

- Node mutation: new nodes can also be attached to the evolving ANN topologies with a
low probability (generally different from the connection mutation probability). The node
mutation works as follows: firstly, a synapse is randomly selected among the already
existing ones. To ease the explanation, let a and b be the pre-synaptic and post-synaptic
nodes of the selected synapse, respectively. Moreover, let wy, be the weight of such
synapse. Then, the selected synapse joining a and b is disabled and, instead, it is
replaced by (1) a new neuron ¢, (2) a synapse joining a and ¢, and (3) a synapse joining
c and b. The parameters of the new node c¢ are initialized randomly. Similarly, the
weight of the synapse a-c is also sampled randomly using a normal distribution centered
at zero. However, the weight of the synapse joining ¢ and b is the same as the weight of
the disabled synapse, wy,. Figure A.4B illustrates an example of a node mutation. It
highlights in red the former connection that is disabled and in blue the new node and
connections resulting from the mutation.

- Parameter mutation: apart from adding new nodes and connections, parameters of
existing neurons and synapses can be also subject to mutations. Their functioning is
very similar to the Gaussian mutation operator of a GA. Essentially, the value of a
parameter is modified, with a low probability, by adding a normally distributed noise to
it.

Competing conventions problem and innovation numbers

A complex problem that emerges in NEAT, and in other evolutionary algorithms that evolve
the topology of an ANN is the competing conventions problem. The competing conventions
problem essentially states that the same phenotype structure (i.e. an ANN) can be encoded
by multiple genotypes. NEAT solves this issue through historical markings associated to
the genes, called innovation numbers. An innovation number is attached to every gene once
it is created, either at the beginning of the artificial evolution or through a mutation. The
innovation number serves as a unique identifier of a gene, so that any two genes with the
same innovation number express the exact same trait. Moreover, the lower the innovation
number, the more time has passed since the gene was originally created. Innovation numbers
only register topological traits and, thus, node and connection parameters are not tracked
throughout the evolution history.

Crossover operator

Performing a recombination of two genotypes that encode structurally different ANNs is a
complex task. In the NEAT algorithmm, a crossover operator that uses innovation numbers
to perform efficient genotype recombinations was proposed. The authors distinguished three
types of genes during the crossover process: matching, disjoint, and excess genes. Matching
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genes are present in the genotypes of both parents involved in the crossover. Conversely,
disjoint and excess genes do only exist in the genotype of one of the parents. The type of
gene is easily identified using innovation numbers, so that genes with the same identifier are
categorized as matching genes. Therefore, the NEAT crossover works as follows:

- The genes of both parents are identified as either matching, disjoing or excess genes.

- Offspring inherit all the matching genes from the parents. The parameters of the
matching genes (i.e. weights and neuron paramters) are randomly inherited from one of
the parents, with equal probability.

- Disjoint and excess genes are inherited only from the fittest parent. If such gene is
inherited, the corresponding gene parameters are copied as well.

- Innovation numbers are always attached to inherited genes (matching, disjoint, and
excess genes).

- Disabled connection genes can be also inherited, following the same crossover rules
described above. Moreover, an inherited connection can be enabled again with some
fixed probability.

Parent 1 Parent 2 Child
FFy = 0.5 FF, =038
H1 H2 H1 H2 |::> H1 H2
Innov=1|Innov=2|Innov=3|Innov=4|Innov=5|Innov=6|Innov=7 Innov=11Tnnov=12|Innov=13|Innov=14|Innov=15| Innov=17|
Pre=Il1 | Pre=Il | Pre=I2 | Pre=I2 | Pre=I3 | Pre=I3 | Pre=H2 Pre=H1 | Pre=H1 | Pre=H2 | Pre=H2 | Pre=H3 Pre=I1
P1 Post=H1|Post=H2 |Post=H1|Post=H2 |Post=H1 | Post=H2 | Post=H3 Post=M1 | Post=M2 | Post=M1 | Post=M2 | Post=M2 Post=M1
w=0.5 W= -0.2] w=2 w=0.15| w=0.3 w=2 w=-0.35 w=0.65 |w=-0.01| w=-0.8 | w=0.12 | w=1.05 w=3
Innov=1|Innov=2|Innov=3|Innov=4 |Innov=5|Innov=6 Innov=8 | Innov=9|Innov=10Innov=11|Innov=12lInnov=13|Innov=14 Innov=16|
p2 Pre=I1 | Pre=Il | Pre=I2 | Pre=I2 | Pre=I3 | Pre=I3 Pre=H2 | Pre=I1 | Pre=H4 | Pre=H1 | Pre=H1 | Pre=H2 | Pre=H2 Pre=M1
Post=H1|Post=H2|Post=H1 | Post=H2 |Post=H1 | Post=H2 Post=H1 | Post=H4 | Post=H1 | Post=M1 | Post=M2 | Post=Ml | Post=M2 Post=H4
w=0.2 w=1 w=0.1 | w=0.25 | w=-1 w=3 w=0.05 | w=0.67 | w=-0.2 | w=1.4 | w=-0.6 | w=-1.5 | w=1.2 w=-0.85
Innov=1|Innov=2|Innov=3|1Ii 4| 1. 5|1 I 8 | Innov=9 |Innov=10|Innov=1}Innov=12|Innov=13|Innov=14 Innov=16|
CHILD | Pre=I1 | Pre=I1 | Pre=I2 | Pre=I2 | Pre=I3 | Pre=I3 Pre=H2 | Pre=I1 | Pre=H4 | Pre=H1 | Pre=H1 | Pre=H2 | Pre=H2 Pre=M1
Post=H1 |Post=H2 | Post=H1 | Post=H2 | Post=H1|Post=H2 Post=H1 | Post=H4 | Post=H1 | Post=M1| Post=M2 | Post=M1 | Post=M2 Post=H4
w=0.5 | w=-0.2 w=0.1 w=0.15 w=-1 w=3 w=0.05 | w=0.67 | w=-0.2 | w=0.65| w=-0.6 | w=-0.8 | w=0.12 w=-0.85

Figure A.5: Example of the NEAT crossover operator. (A) ANN architectures of the
parents genotypes and the child resulting from the crossover. For each parent the hypothetical
fitness score FF; is displayed, showing that the fittest parent is Parent 2. The color of the neurons
and synapses of the child ANN indicate the parent from whom the corresponding gene was inherited
(blue for Parent 1 and green for Parent 2). According to [$3], topological genes (connections and
nodes) are inherited from the parent with highest fitness score (Parent 2 in this example). (B) List
of connection genes of both parents and the resulting child.
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Figure A.5 provides an illustrative example of the crossover process in NEAT. In Figure A.5A,
the two parents’ topologies and the child ANNs that result from the recombination are shown.
In this example, the Parent 2 has a higher fitness score than Parent 1. The connections
and nodes colored in green denote that the corresponding gene was inherited from Parent 2
(the fittest). In contrast, the color green indicates that the gene was inherited from Parent
1. Figure A.5B shows the connection genes of the parents and the child. Each gene shows
the innovation number, the weight of the synapse, and the pre-synaptic and post-synaptic
neurons. The genes are aligned based on their innovation numbers, so that matching, excess
and disjoint genes are clearly identified. Moreover, note that the offspring genotype only
inherits the excess and disjoint genes from Parent 2, because its hypothetical fitness score is
greater than the one of Parent 1.

Speciation

A challenging issue that should be addressed in neuroevolutionary algorithms that evolve
the topology of the ANN is the preservation of structural mutations. That is, when a new
neuron or connection is created through some mutation, it will generally not result in an
immediate fitness growth. Such topology upgrade requires some generations to be behaviorally
effective through the fine-tuning of its parameters. NEAT algoritm implements the speciation
technique to preserve and protect new topological innovations. The individuals are grouped
into niches or species, so that the members of each niche are genetically similar.

NEAT algorithm proposes a similarity distance, §(g;,g;), between pairs of genotypes to
determine their kinship. It is described in Equation 2,

1
0(8i,8;) = a1 Bij + oDy + CBd*H@i — 65l (2)

where ©); is the vector of numeric parameters (i.e. weights and neuron parameters) of genotype
gi, || - |1 is the L; norm, and E;;, D;; are the excess and disjoint genes between genotypes i
and j. Moreover, d. is the number of matching genes and ¢y, ¢y, and c3 are hyperparameters
that adjust the importance of each term for the final similarity distance. Note that the lower
the value of §(g;, g;), the stronger the kinship between the genotypes. The authors of NEAT
proposed a compatibility threshold, d;, so that two genotypes, g;, g;, are similar enough
provided that 6(g;, g;) < d:.

Every niche has a representative genotype that is updated every generatation at the end
of the speciation process. Therefore, the speciation phase, in which every individual in the
population is assigned to a niche, operates as follows:

(1) Every genotype, gy, in the population is compared to each of the representative in-
dividuals of each niche. Such comparison is performed using the similarity metric 9.
Subsequently, the most similar representative individual (and, thus, the closest niche) is
selected as the one with minimum similarity distance.

(2) If the similarity distance to the closest niche representative is lower than J; then gy is
directly associated to that species. Conversely, if the similarity distance is higher than
0, then the genotype is not similar enough to any species, and, thus, a new niche is
created (with gy as the only member and representative genotype).
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(3) After the niche allocation process, a new representative is assigned in each species as the
niche’s genotype with lowest similarity distance to the prior representative individual.

As it was already introduced in Figure A.3, selection and crossover operators are separately
applied for each species. Moreover, each niche has a different number of individuals to
be picked during the selection operation. Specifically, Equation 3 displays the number of
individuals, nef,;, to be selected for the i-th species,

F;
Noffi = {Ft tPJ (3)

where F; is the average fitness score of the i-th species, and F,; is the total fitness score of
the population (Equation 4).

P
Ftot — Z FFk (4)
k=1
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B Continuous-time recurrent neural networks

A Recurrent Neural Network (RNN) is a type of ANN with feed back connections that allows
the past events to be retained. Continuous-Time Recurrent Neural Networks (CTRNNs) [217]
are RNNs with continuous-time dynamics. In this Appendix, CTRNNs and its constituent
components are formally described. Firstly, its most basic building block, namely, the neuron,
is introduced. Thereafter, the CTRNN is defined and formalized as a complete neural network.

B.1 The neuron model

In this PhD Thesis, the neuron dynamics that are considered in all the experiments are based
on the firing rate model. Firing rate models (see e.g. [263]) provide a simplified model of
spiking neuron models with rate coding schemes (i.e. information is encoded in the rate of
action potentials produced by neurons, rather than their precise firing timings).

Considering a rate coding, firing rate models simplify spiking neurons using a non-linear
mapping that converts the neuron’s membrane voltage (v(t)) to the firing rate of the neuron
(u(t)). Therefore, the output of the neuron is no longer a spike train, but rather a continuous
signal. The dynamics of the firing rate model is shown in Equations 5 and 6,

dv(t)
T = —v(t) +1(1), (5)
u(t) = Fg(v(t) + 8)). (6)

Firstly, I(¢) is the total input current injected to the neuron through synaptic connections.
The source of the current can be either a external stimulus (e.g. sensor readings), or it can
be produced by the activation of other connected neurons. 7 is the decaying time constant
of the neuron, that establishes how quickly the membrane voltage converges to stable fixed
points in response to the injected current. The constant 3 is the offset value of the neuron.
Additionally, g is the gain factor of the neuron, that defines how quickly the neuron can
change from being innactive to firing with maximum rate, and vice versa. u(t) is the firing
rate of the neuron (also known as activation), and F(-) is the neuron’s activation function
that maps the membrane voltage, v(t), to the neuron’s firing rate, u(¢). Two commonly
used activation functions, and the ones used in this PhD Thesis, are the sigmoid function
(Equation 7) and the hyperbolic tangent function (Equation 8).

o) = o @)
tanh(z) = Zi—i_—i—i (8)

Notice that u(t) takes values in (0,1) when a sigmoid function is applied, whereas it is
constrained to (—1,1) when a hyperbolic tangent activation is used.

Figure B.1 shows the effect that the variables 7, 3, g, and I have on the neuron dynamics.
Specifically, the figures show the time evolution of the membrane voltage (v(¢)) and the
neuron’s activation (u(t)) when different values of these variables are considered. In all the
figures, a constant input currect of 3A is injected to the neuron.
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Figure B.1: Response of a firing rate neuron’s dynamics (v(t) and u(t)) when different values of
the neuron’s parameters are used. The input in all the scenarios is an input current of 3A.

B.2 The artificial neural network

In this PhD Thesis, a CTRNN is defined as a weighted directed graph Gunn(Vann, Eann), SO
that the nodes of the graph in V,,, are firing rate point neurons, and the edges in &4, are
the synapses that connect pairs of neurons. Moreover, the neuron set is partitioned as in
Equation 9,

Nann = Tann U Nawn = Znn U (N, UNG,,) 9)

so that Z,,, are the input nodes and N,,, are the firing rate neurons of the CTRNN. For
completeness, Ny, is also split into N?, | for the hidden neurons, and N2, , for the output

neurons. The input nodes in Z,,, are not actual neurons, but they rather represent the input
signals that are used to feed the CTRNN model.

A weight is attached to every synapse in &,,,,, representing the strength of such connection. Let
wy, be the weight of the synapse connecting pre-synaptic neuron ¢ with post-synaptic neuron
k. Moreover, let wy; be the weight that connects the j-th input node to the post-synaptic
neuron k. The superindex indicates whether the pre-synaptic node is another firing rate
neuron (N) or an input node (Z). Using this notation, the total current injected to some
neuron k is defined as in Equation 10,

L(t) = Y wyw(t)+ D wi;o;(), (10)

ZENann JEI(Z’VLTL

where ¢; is the input signal injected to the j-th input node (normally originating from some
sensor reading).
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The synapse weights can be collected as matrix W, defined in Equation 11.

0O --- 0 0O --- 0
0O --- 0 0O --- 0
W_fom\ozxzv\_ (11)
=W W =
\ I‘ N} wh o wh | wl Wy
WN1 ot WRp | WRy Wiy

The matrix W is, in turn, the adjacency matrix of the directed graph G,,,.

An illustrative example of a very simple CTRNN is provided in Figure B.2, showing a neural
architecture with two input nodes (green), two hidden neurons (blue), and one output neuron
(red). The value attached to each arrow indicates the weight of the corresponding synapse,
resulting in the following CTRNN weight matrix:

0 0 0 0 0
0 0 0 0 O
W=1]-02 05 -01 =05 0
05 =025 05 01 0
0 0 0.7 07 0

Moreover, the CTRNN is fed by two sine waves of different frequencies. The execution of
such CTRNN results in the output signal depicted at the right side of Figure B.2. Figure B.3
shows the two input sine waves (upper), and the mebrane voltage of the three neurons (lower).

Figure B.2: Illustrative example of a simple CTRNN. It is composed by two input nodes,
in green, two hidden neurons, in blue, and one output neuron, in red. Two sine waves at different
frequencies are injected in each of the input nodes. The resulting output activity signal is shown on
the rightmost side of the figure. All the neurons are implemented using the firing rate neuron and
the weights of the synapses are defined next to the corresponding arrow.

198



APPENDIX . APPENDICES

1.0 — Input 1
” n ” — Input 2
0.5
2 0.0
c
-0.5
IR AR R ARV
0 2 4 6 8 10
Time
1.0 —— Hidden 1
3 A A —— Hidden 2
0.5 —— Output
¢ ool (LU UtV VY R O
©
£ oo\ 0 0 0 |WA
>
-0.5
-1.0
0 2 4 6 8 10
Time

Figure B.3: Time evolution of input signals and neuron’s membrane voltages of the illustrative
example in Figure B.2.
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