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Abstract

Robots diffusion is constantly increasing, yet their applications remain largely confined to in-
dustries and other highly controlled environments; the cause is their inability to address unex-
pected situations that can occur in the open world. We argue that endowing robots with the
ability to adjust their own behavior can improve their operational efficacy in uncontrolled en-
vironments. In this dissertation, we investigate factors enabling the runtime modification of
robot behaviors. The proposed operative approach consists in the systematic investigation and
resolution of increasingly complex conditions. During the exploration, we employ robots with
minimal computational capabilities, so as to investigate the factors enabling adaptation with-
out them being obscured by the complexity of the control system employed; this also permits
providing adaptive capabilities to simple robots, which might not be able to operate complex
control software.

The principal contributions of this dissertation include the identification of factors essential
for adapting systems, among which stand out the need for self-evaluation, re-evaluation, and
time- and intensity-modulated adaptation. Additionally, we highlight the importance of well-
devised evaluation criteria and of their inherent characteristics, mainly the evaluation time and
whether they tend to induce the emergence of a specific behavior or permit a broad spectrum
of outcomes. We propose adaptive mechanisms capable of operating on various robot control
architectures, including one designed offline by an automatic system with the explicit intent of
optimizing its runtime adaptive capabilities. Finally, we present, define, and propose solutions
to the problem of “situationality”, a condition in which external factors determine the perfor-

mance of the robot regardless of its capabilities.



II ABSTRACT

Overall, this dissertation aims to contribute to the literature on online adaptation in robotics,
shedding light on some frequently underestimated issues. We expect that the proposed solu-

tions and considerations will support the future advancement of this discipline.

Keywords: robotics, online adaptation, autonomous robots, minimal cognitive systems.
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Introduction

Complex machines able to operate in the world with minimal human supervision: this is what
most people think about after hearing the word “robot”. This picture originates from science fic-
tion novels of the previous century, which depicted (semi-)humanoid artifacts coexisting along-
side humans in everyday life. Nonetheless, current robotics falls short of this definition: robots
are generally complex machines engineered for highly specific and constrained operational con-
ditions. The primary example of their successful application is indeed in the industrial sector,
where the conditions can be precisely controlled and the missions arranged in a clear sequence
of tasks; in all the remaining physical operational domains, humans still remain virtually neces-
sary. Nevertheless, a change may be in progress, driven by the artificial intelligence promise to
create systems capable of operating through intrinsic knowledge acquisition and learning. The
long-term goal is to finally produce entities that perceive, understand, and act autonomously,
that is, without human supervision. Achieving this necessitates robots that exhibit flexibility in
the face of unexpected changes occurring in the world around them.

Despite technological advancements, however, most robotic solutions still consider only
static design-time conditions, meaning that the system is optimized for performance under the
circumstances present during its creation. This approach has several limitations. First, the con-
ditions considered at design time must be representative of those encountered during operation.
Second, the operational conditions must remain overall constant. Failing to satisfy these requi-
sites introduces significant risks of underperformance during operation. For instance, a robot
might be trained to perform a mission in an environment containing specific perceptual cues;

if said cues are absent or differ significantly in the operational setting, the ability of the robot
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to complete the mission may be compromised. Similarly, if the cues exist but disappear during
operation, the system would face the same type of risk. One could then argue that robots are
intended to work solely in the environment for which they are explicitly designed. Nevertheless,
this assertion contains two crucial fallacies: (i) we employ robots in specific known contexts be-
cause of necessity, not because it is necessarily the optimal course of action, and (ii) unexpected
changes are not limited to the environment, but also extend to the robot itself. The degradation
of perception and action due to consumption and age clearly exemplifies this latter scenario.
In such cases, the ideal outcome is for the robot to sustain its operational functionality and to
prevent further damage by adjusting its control strategy; nevertheless, the typical result is a
progressive decrease in performance culminating in the early failure of the assigned task.

To address the variety of events that may occur during operation, the robotics community
has recently begun investigating mechanisms to enable the runtime modification of the control
strategy. The goal is to dynamically alter the robot behavior to better fit the operational condi-
tions. With reference to the earlier example of missing environmental cues, the robot could find
an alternative strategy to complete the mission despite the missing signals. Similarly, with ref-
erence to the second example of degraded hardware, the robot could simply act more carefully
or perceive for a longer period so as to mitigate noise. Furthermore, the ability to adapt can even
foster the creation of novel and more effective operative strategies, for instance, exploiting tools
to complete tasks more efficiently. These examples clearly highlight the potential effectiveness
of robots capable of situational adaptation, a capability that would greatly facilitate their pro-
liferation in everyday life. Nevertheless, despite their potential, these mechanisms are still in
their infancy and thus necessitate further research and development to achieve the robustness
required for real-world implementation.

To conclude, while current robotics fulfills many human requirements, its widespread in-
tegration into everyday life still requires an essential addition: the ability to adapt. This lies
at the end of a path strewn with challenges, which we nevertheless believe must be addressed
in order to advance the field. In this dissertation, we will proceed towards this goal by begin-
ning an exploration into online adaptation, a domain that has been initiated but not yet fully
elucidated. Specifically, we will investigate the factors enabling embodied adaptation and its

limitations. Throughout, we will continue to propose new strategies to address them, focusing
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on the generalizability of the approaches. To these ends, the investigations will employ robots

with minimal computational capabilities. This serves a dual goal: on the one hand, it prevents

these enabling factors from being obscured by the complexity and power of sophisticated com-

putational systems; on the other hand, it enables the use of the proposed methodologies even in

computationally limited robots.

Research questions

Having discussed the context and the general goals of this work, we will now proceed to detail

the corresponding research questions; these should help the reader navigate this dissertation

and rationalize the logical sequence of empirical investigations performed.

RQ1

RQ2

RQ3

What operational conditions and properties are essential to embodied online adaptation?

What hinders its efficacy?

Identifying the operational conditions and the properties of the adaptation mechanism
that enable the robot to adapt is of primary importance and a key goal of this dissertation.
Conversely, identifying the factors that complicate and limit its applicability permits to

avoid them whenever possible and to focus research endeavors towards their solution.

How to assess online adaptation mechanisms?

Robots adapting online may have additional constraints during the adaptation process,
and, therefore, they may require different evaluation approaches than those commonly

used in robotics. It is thus important to discuss how to properly evaluate such mechanisms.

What are the abstract, general characteristics that enable the adaptation of diverse control

architectures?

In this dissertation, we are interested in identifying general characteristics of adaptation
mechanisms that enable adaptation regardless of the control system employed. The goal is

to provide a body of knowledge that can be easily generalized to different control systems.

RQ4 Can robots adapt to changes in internal and external conditions?
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The ability to adapt to changes is the primary characteristic supporting the development
of adaptive mechanisms in robots; therefore, understanding which types of situations it
permits to overcome is a fundamental aspect of this investigation. Specifically, we consider
the influence of internal and external changes, where the former include damages and the

latter environmental variations.

RQ5 Is it possible to co-adapt different robots to collaborate? What does it require?

The adapting robots of the future will likely have to operate in groups; this requires com-
prehending the difficulties that this adaptation context presents and how we can overcome
them. Therefore, this dissertation will consider the problem of co-adaptation as a repre-

sentative investigation scenario.

RQ6 How can we combine online adaptation with currently existing design techniques?

Online adaptation is not intended as a standalone approach but rather as an additional
mechanism to improve the robots capabilities. Therefore, herein, we investigate its com-

bination with an offline design approach as a representative investigation scenario.

Structure of the dissertation

This dissertation investigates the use of online adaptation methodologies in robotics. It com-
mences by establishing the fundamental principles of adaptation in Chapter 1. This part cov-
ers the biological facets of natural adaptation alongside their underlying enabling mechanisms.
Subsequently, the focus shifts to a thorough review of (semi-)automatic design approaches in
robotics, encompassing both classical design methodologies operating before deployment and
novel mechanisms enabling adaptation.

After laying the scientific groundwork in the background chapter, the dissertation proceeds
to the experimental part, detailing the investigations conducted to move towards the desired
goal. Specifically, Chapter 2 investigates the efficacy of an adaptive mechanism devised for
minimal robots operating in static environmental conditions. The aim is twofold: (i) determine
whether the proposed mechanism possesses the capacity to enable online adaptation by testing

its ability to discover effective behaviors during runtime, and (ii) utilize the experiment as a
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test-ground for selecting the most appropriate evaluation metrics. Following, Chapter 3 begins
investigating online adaptation to address a problem truly necessitating the runtime variation
of the control strategy: internal system faults. This application context entails increased com-
plexity, necessitating particular operational characteristics for successful execution. Chapter 4
investigates, instead, external changes by assessing adaptation within a dynamic environment;
the goal is to understand its capability to manage also this type of situation and to identify the
required characteristics for success in such scenarios. Chapter 5 presents further investigations
on this topic through the proxy of co-adaptation, which can be regarded as the adaptation to
a specific instance of rapid external variations: the behavior of other robots. We investigate
whether this requires techniques and approaches different from the ones used in the previous
chapters. We conclude the experimental part of the dissertation in Chapter 6 by observing the
effects of combining offline design and online adaptation. The goal is to investigate whether
this combination supports overcoming the individual limitations inherent in each approach.
After the core experimental part of this dissertation, we devote Chapter 7 to summarize the
characteristics of the created adaptive controllers and the important parameters and strategies
for their functioning. Following, we reserve Chapter 8 to discuss ancillary works by this dis-
sertation author that are related to, but not directly within the scope of, online adaptation and
robotics. Subsequently, Chapter 9 discusses ongoing and future research directions that the
author of this dissertation intends to pursue, all of which are pertinent to the topic of online
adaptation in robotics. Finally, Chapter Conclusion provides a comprehensive synthesis and

articulates the final conclusions of this dissertation.
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Part I

On the nature of adaptation






Background

This chapter discusses the background theory that inspired the investigations presented in this
dissertation. It begins by describing the biological concept of adaptation in all its facets, di-
verting later on to biological-inspired adaptive systems; however, due to the vast amount of
literature on the topic, we will focus only on adaptation in robotics. This should help to un-
derstand some choices and decisions presented in the next chapters and to justify the logical

sequence of empirical investigations detailed therein.

1.1 Biological inspiration

Before adventuring into the realm of robotic adaptation, we devote this section to the broad
topic of changes in biological organisms. The goal is to briefly describe the concepts fostering
and inspiring our investigations. The main idea is that life is not static, but relies on continuous
changes. This permits it to persist despite the chaos revolving in the world around. Indeed,
changes are the motor for adaptation, that is, the ability to vary so as to better fit a continuously
changing environment. Differently, if organisms or populations remained static, they would
likely not survive in the world for long. In order to face different types of unpredictable changes,
adaptation operates at different timescales (Lasker, 1969; Kuzawa et al., 2011) affecting organ-
isms in multiple ways (see Figure 1.1). The most famous is probably evolutionary adaptation,

that affects the characteristics of organisms across generations. In a shorter time, developmen-
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Figure 1.1: Timescales of human adaptation. Of the lines above the scale, the top indicates the
adaptation process, while the bottom indicates the type of change.

tal plasticity affects the characteristics of an individual mostly during development. At an even
shorter interval, learning and short-term adaptation enable changing the way organisms oper-
ate in different moments of their lifetime. For instance, human populations living on the Andes
mountains, Peru, adapted during generations so as to develop a larger thorax and greater lung
capacity so as to mitigate the reduced amount of oxygen (Lasker, 1969). Humans growing up
there but coming from a different environment were more subject to issues compared to natives,
but their bodies adapted during growth to mitigate them. Finally, humans visiting the area pre-
sented noticeable difficulties in the first days, requiring a higher heart-beat rate to compensate
for the lack of oxygen, and then slightly adapting by increasing hemoglobin levels.

The occurrence of changes at different timescales thus enables increasing the survival rate
of individuals and better fitting the environment. Nevertheless, not all changes are necessarily
advantageous to the organism: some might be deleterious. Life implicitly manages the retention
of changes according to how they affect the fitness of the individual in its environment (Katju
etal., 2018). If a change decreases the fit of the organism, it will likely be reverted or eliminated
in future generations. If it improves the synergy of the organism with its environment, then the
change tends to be fostered and replicated. Finally, if it does not affect the fitness, its persistence
will depend on other factors, such as its frequency in a population. Overall, the main factor
determining the retention of changes is their utility to the organism. In the following sections,

we will discuss adaptation at different timescales and the role of fitness in the process.
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1.1.1 Evolutionary adaptation

Discussing long-term adaptation requires introducing evolutionary adaptation, which is based
on selection (G. Williams, 2019). This acts over many generations, and it is the main source of
changes in most species. The core idea is that, over multiple generations, organisms begin to
differ so as to fit their environment better. What drives this change is the ability to reproduce and
procreate, preserving advantageous variations (Darwin, 1859). This means that, in the general
framework of evolutionary adaptation, the metric used to understand how useful a change is
depends on the reproductive capability of its host. The idea is that disadvantageous variations
lead to a sexually unappealing individual or to its premature death. For instance, the thickness
of the fur on animals living in cold environments could make the difference between life and
death in extreme situations (Blix, 2016). Individuals with thicker fur would thus have higher
chances of surviving and reproducing, increasing their ratio among the population and leading
to the diffusion of their trait at the expense of the other.

In most organisms, we can identify two processes causing variations with respect to previous
generations: recombination and mutation (Fisher, 1930); both occur during the organism’s re-
production. The former requires more than one individual to mate (e.g., sexual reproduction);
the latter could theoretically involve just one individual (i.e., asexual reproduction). During
recombination, the offspring inherits a combination of the parents’ genomes. This collage of
genetic material permits expressing different combinations of traits, potentially affecting the
fitness of the progeny. During mutation, the genetic material undergoes random changes that
possibly affect the expression of traits and the fitness of the individual. This type of variation
is not frequent (Sanjuén et al., 2010), but it can lead to novel characteristics that neither par-
ent had. Most of the time, mutations are deleterious, but sometimes they can also be neutral
or advantageous (Nei, 2013). In the former case, the organism presenting them experiences a
decrease in fitness that, if too drastic, hinders mating and thus the propagation of the mutation.
In the latter cases, the increase in fitness facilitates the propagation of the mutation to offspring.

The described process of evolutionary adaptation is the most common; nevertheless, some
organisms use different strategies. For instance, in asexual replicating organisms, changes hap-

pen mainly thanks to mutation (Meets et al., 2007). This is because the lack of mating pre-
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vents the occurrence of recombination. Interestingly, asexual bacteria replace this mechanism
by exchanging genetic material with other individuals in a process known as horizontal trans-
mission (Bell, 2007). The result is that a relatively large amount of their genome comes from

different evolutionary lines, increasing the diversity within the species.

1.1.2 Exaptation

Until now, we assumed that a trait is selected if it performs a function that is advantageous in
the specific environment in which the organism operates. This is overall true, but it is not the
only way it can happen. A trait can evolve for a specific purpose but end up being useful for
another function later. In this case, talking about selection would be misleading, as it would
suggest that the trait has been selected for that specific role. To solve this semantic issue, Gould
et al. (1982) propose the term exaptation. The aim is to more clearly refer to a trait that was
adapted for a specific purpose and then co-opted for a new, different one. An example is that
of birds’ feathers, that were initially selected for thermal control and only later became a tool
enabling flight. This idea breaks the traditional view of evolutionary adaptation as a linear
process, showing that changes depend on a long evolutionary history that could select traits for

unimagined reasons.

1.1.3 Developmental plasticity

Genetic selection operates over many generations. This implies that it cannot directly respond
to overly rapid changes in the environment or in external conditions such as those occurring
during the individual’s lifetime. Therefore, life developed other strategies to attain fast adap-
tation. For long-term changes, developmental plasticity is the reference process (Kuzawa et al.,
2011). This affects the characteristics of an individual (i.e., its phenotype) so that they do not
only depend on the genotype, but also on the specific conditions encountered during growth.
For instance, plastic phenotypes have been shown to depend on the level of stress of mothers
before birth (Crespi et al., 2005; Kuzawa et al., 2011). Meanwhile, colony insects specialize in
their role according to nutrition (Hartfelder et al., 1998). This process guarantees some flexi-

bility to the individual, permitting to fit to a variety of conditions and increasing its (and its
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population) chances of survival. Nevertheless, this flexibility comes at a cost; indeed, plasticity
requires additional complexity and energy to operate (DeWitt et al., 1998). The genome must en-
compass the possibility for the trait to exhibit plasticity for it to actually occur (Bradshaw, 1965;
Lema, 2008). This is supposedly made possible by switch genes, that sense the environment and
then control the expression of alternative phenotypes (Sommer, 2020). For this motivation, in-
dividuals or species usually display a limited number of plastic traits that develop when several
conditions are met (Ghalambor et al., 2010). Specifically, the populations must be exposed to
variable environments easily identifiable by environmental cues, and each environment should
favor a specific phenotype, with no phenotype exhibiting a good fit globally.

Developmental plasticity is thus a powerful tool permitting organisms to adapt to conditions
present during their lifetime. Nevertheless, as for evolutionary traits, it is not guaranteed that
all these environmentally-driven changes are advantageous: sometimes a change can also be
disadvantageous (Ghalambor et al., 2007). To discriminate between these two cases, biologists
often refer to adaptive and maladaptive traits. The former refers to positive changes, while the
latter refers to negative changes that can also have been induced by factors such as stress'. The
risk of maladaptation is the result of the way plastic processes operate. As previously said, the
genome itself enables plasticity to a varying degree; however, if the adaptive process is flawed
to begin with, the result might be disadvantageous. In these cases, we expect evolutionary adap-
tation to take over, filtering out genes causing maladaptation in subsequent generations. The
result is that, usually, only adaptive plasticity is present with relatively high frequency.

The phenotype on which plasticity operates can be morphological and physiological, with
some studies even including behavioral (Sommer, 2020). Plasticity operating on morphology
modifies the visible aspects of the organism. For instance, Levis et al. (2018) report dietary-
induced morphological changes in tadpoles. When fed with shrimps, the subjects of the ex-
periment developed larger jaw muscles, more notched mouthparts, and shorter guts. Instead,
when fed with detritus, they developed more denticle rows. Another example is the ability of
some aquatic invertebrates to alter their body shape based on the flow of water, developing a
more streamlined shape in fast-moving currents to reduce drag (Langerhans, 2008). This latter

example, however, is only partially ascribable to phenotypic plasticity, with part of the vari-

n this case, we refer to this kind of change as nonadaptive (Sommer, 2020).
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ation due to genetic differentiation (i.e., the hereditary differences between populations of a
species). Meanwhile, Lema (2008) reports that changes in temperature and nutrients induce
changes in the morphology (particularly in the size) and in the development time of the in-
dividuals involved in the study (i.e., Amargosa River pupfish). Phenotypic plasticity can also
modify the physiology of individuals, that is, the way the organism works. For instance, Car-
roll (2003) reports that prolonged pre- and post-natal exposure to elements such as drugs or
toxins can affect the long-term structure or function of the respiratory control neural network.
Additionally, nutrition and stress during growth influence the adult risk of developing cardio-
vascular diseases (Barker, 1995). Finally, developmental plasticity is also sometimes associated
with changes in the behavior. For instance, it has been reported that drug consumption during
development can affect brain plasticity and behavior in adulthood (Kolb et al., 2011). Alter-
natively, Lema (2008) observes that temperature and salinity in the environment influence the
aggressiveness of pupfish. Nevertheless, it is also common to ascribe changes in the behavior
of humans and animals to learning, which is more dependent on experience than developmen-
tal plasticity operating on the behavior (Galvan, 2010). The different terminology for referring
to the underlying process of behavioral adaptation stems from an ongoing debate about the
use of “phenotypic plasticity”, that is sometimes regarded as a process causing only perma-
nent (i.e., non-reversible) changes (Ghalambor et al., 2010). For this reason, later we will also
discuss behavioral changes from the point of view of learning, which can operate even on shorter

timescales.

1.1.4 Homeostasis

Developmental plasticity enables organisms to adapt to variable conditions after birth; never-
theless, it is not useful in the case of fast changes occurring during life. For this motivation,
organisms use a different process to maintain their physiologic parameters in a satisfactory
range: homeostasis (Cannon, 1929). This process regulates the physiological reaction of the
organism so as to tackle perturbations. An example is that of the core-body temperature, that
can be maintained in a survival range with processes such as vasoconstriction and vasodilation.

The former reduces thermal loss by reducing the blood-flow to peripheral areas of the body;
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the latter reduces internal temperature by increasing the blood-flow to skin, thus increasing
its thermal dispersion (Benzinger, 1969). Obviously, the thermal homeostatic process is much
more complex, including metabolic changes, sweating, hormonal regulation, etc.; still, it is a
clear example of biological self-regulation.

An important characteristic of homeostasis is that it is reversible, meaning that the changes
it induces are not permanent (Kuzawa et al., 2011). This permits the flexible response to pertur-
bations by temporarily changing the organism’s functioning. Nevertheless, this comes at a cost:
the process requires energy and can put the body under stress. For instance, the modulation of
the heartbeat is part of many homeostatic processes. However, peculiar conditions could con-
currently require low and high heartbeats. This could be impossible to achieve, requiring the
modification of other parameters. In the same way, the frequency at which the heart can operate
is limited, meaning that regulation in extreme situations might not be possible. Kuzawa et al.
(2011) propose the example of increasing the heartbeat to overcome the lack of oxygen at high
elevation; in this situation, further increasing the heartbeat to increase the performance while
escaping from a predator might not be possible. The body is thus limited in its self-regulatory
processes, risking reaching its limit when multiple challenges are at stake, and possibly not
being able to sustain them for long.

Finally, as for developmental plasticity, homeostasis is also enabled by the genome, which

must codify the structures enabling this adaptive process (Rothman et al., 2021).

1.1.5 Learning

Until now, we have discussed adaptive changes operating on limited boundaries and occurring
during the lifetime of individuals. For instance, developmental plasticity usually has a limited
number of possible physical outcomes that depend on the genome. Similarly, homeostasis reg-
ulates physiological parameters in a limited, suitable range of values. However, these types of
changes are not able to produce a suitable response to every possible variation; actually, they
tackle a limited set of scenarios. To enable a greater level of survivability, intelligent organisms
can vary their behavior so as to overcome a broader range of issues. They do so by changing

their mental representations and associations according to experience. This process is usually
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called behavioral plasticity or learning.

Intelligent living beings are able to learn thanks to their complex and plastic brain (Jancke,
2009). The idea is that a huge number of neurons interact so as to produce a response to specific
situations. This interaction is made possible by means of synapses, that interconnect different
neurons. Learning is believed to be mainly the formation, strengthening, or weakening of these
connections (Hebb, 1949). Neurons produce axons that grow to connect to other neurons across
the brain. When an axon encounters another neuron, it forms a connection. This connection
can then strengthen if the synapses are stimulated at high frequency for a brief time, or due to
the pairing of presynaptic activity with postsynaptic depolarization (Martin et al., 2000). Dif-
ferently, the connection can weaken if it is stimulated at low frequency for long periods (Purves
et al., 2012). Eventually, weak synapses can be pruned so as to improve the computational ef-
ficiency of the brain without altering its functioning (Chechik et al., 1999). This main learning
process is not, however, the only possible one. Recently, researchers discovered that neuroge-
nesis (i.e., the creation of new neurons), which was thought to terminate during development,
continues instead in some part of the brain, supporting synaptic plasticity in learning (Ormrod,

2018).

1.2 Robotics

Most technology in the current world is heavily inspired by natural solutions; indeed, eons
of evolution have permitted to identify effective strategies to face a broad spectrum of prob-
lems and difficulties that we encounter also during the design of artificial systems. This is
especially true for robotics, that operates in the same environment as other biological beings,
and could thus benefit from inspiration when considering morphology and control. Neverthe-
less, in this section, we will focus on biologically inspired approaches to the automatic design
of robots rather than discussing biologically inspired solutions to problems. Specifically, we
focus on control software design and adaptation techniques, which somehow reproduce evolu-
tionary and learning processes in silico. Mainly, we can distinguish two macro-categories of
approaches (Eiben et al., 2010a): (i) offline, acting before the robot deployment, and (ii) online,

acting during its operation. In the literature, this distinction is often nuanced; nevertheless, we
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Robot design approaches

offline offline / online online
dataset-based learning reinforcement learning continual learning
. . unconventional
evolutionary robotics
approaches

Figure 1.2: Automatic approaches to the design of robot morphology and control.

can notice that the former generally relies on external systems that are then severed away from
the working robot once deployed (or at least, they are not supposed to be used further). Instead,
in the latter, the adaptive process is a core part of the system and continues operating at need
during the lifetime of the robot (or at least, it theoretically could). In the following sections, we
will discuss prominent examples of both approaches (see Figure 1.2).

During our dive into design approaches for robotics, we will often distinguish between
single- and multi-robot systems. Those are two different engineering fields that, although shar-
ing some common characteristics, exhibit significant differences. Operationally, the latter lever-
ages distributed computation and capabilities to address a broader set of missions with respect
to the former (Parker et al., 2016); specifically, it permits addressing distributed tasks that are in-
herently impossible for single robots. This advantage comes, however, at a cost: designing multi-
robot systems requires considering the complex dynamics that emerge from the interaction of
many agents, which notably complicates the process. Engineering single-robot systems is thus
typically considered easier than engineering multi-robot ones (Parker et al., 2016), leading to
their faster adoption in production environments. Nonetheless, also some types of multi-robot
systems are employed in real-world scenarios, generally, those characterized by a centralized
architecture, which simplifies deployment and control (decentralized systems such as swarms
of autonomous robots are instead still rarely used in production; Schranz et al. (2020)). In the

following sections, we will discuss designing approaches for single- and multi-robot systems.
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1.2.1 Offline approaches

Offline approaches to robot design have been applied both to control software and body mor-
phology. Mainly, we can distinguish two different strategies: (i) evolutionary-, and (ii) learn-
ing-based. The former draws inspiration from biological evolution, testing and combining popu-
lations of solutions to discover one that properly fits the environment (i.e., produces the desired
outcome). The latter produces a desired output by learning input-output mappings?®. In the fol-
lowing sections, we explore the uses of these two approaches, presenting notable experimental
works employing them. Additionally, we discuss a few more strategies that do not fall under

these two classes.

Evolutionary robotics

Evolutionary robotics is a prominent approach for the design of robot control software and, as
we will see, morphology. This leverages the evaluation of multiple solutions so as to identify
the ones possessing the characteristics useful for the robot to succeed in the selected task. Then,
it proceeds by combining (i.e., crossover) and varying (i.e., mutation) all these selected solutions
with the aim to find a more effective one. The process is clearly inspired by evolutionary adap-
tation, in which more fit individuals reproduce and less fit die. In the long term, the expected
result is offspring behaving better than their parents and ancestors. The process stops when a
desired threshold of performance is reached or when a search budget (e.g., time or iterations) is
consumed. In the macro-context of offline design and learning, evolutionary robotics has been
applied both to the design of single- or multi-robot systems. In this section, we present works
approaching both these different research tracks.

When it comes to individual robots, evolutionary robotics has mostly been used as an unbi-
ased search process® potentially producing solutions that perform better than those generated
by humans (Doncieux et al., 2015). Among the first works on the topic, there is that of Dorigo et
al. (1991), in which the authors propose genetic programming (Holland, 1992) to automatically

generate robot control strategies by combining low-level behaviors. Nevertheless, the authors do

2Input-output mappings can be passed explicitly to the system or learned implicitly.
3Techrlically, human biases can influence even evolutionary robotics, for instance, when devising evaluation func-
tions; nevertheless, the bias is surely reduced during the design itself.
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not test the said process, but rather discuss its potential applicability. In its discussion, Brooks
(1992) proposes something similar: a system able to organize multiple low-level behaviors by
means of genetic programming applied to custom code; nevertheless, he also does not provide
experimental results in his work. Meanwhile, Lewis et al. (1992) work on using genetic pro-
gramming to create a neural network based controller able to make a legged robot walk. The
generated motion is quite simple, consisting only of forward and backward movements, but it
is the first example of a functioning controller created by means of genetic programming that
the author of this dissertation could find. After this preliminary work, also Cliff et al. (1993)
proposed to evolve a neural network to control a robot; specifically, one with recurrent architec-
ture. Nevertheless, also in this case, the task that they select to test the system is rather simple:
moving to the center of an arena and staying there. Just one year later, however, Miglino et al.
(1994) propose a more advanced wandering behavior by using evolved neural networks. From
there on, many works started to investigate evolutionary robotics in more complex tasks. For
instance, in Nolfi et al. (1995) and Nolfi (1997), the authors propose the evolution of a feed-
forward neural network controller for the localization, identification, and grasping of a target.
Meanwhile, Jakobi et al. (1995) start to notice that controllers evolved in simulation present is-
sues when used in the real world. The cause is the difference between the simulated and real
world, with the controller overfitting the former; since the result is a performance drop when
deployed to the real robot, the authors call this problem reality gap. From that moment on,
tackling the reality gap will be the target of a significant research effort from the robotics com-
munity.

After these foundational investigations, evolutionary robotics continued to develop, with
many works trying to investigate its application in different areas. As the literature in the
field is too broad to be fully described, following, we just discuss those investigations provid-
ing novel perspectives or approaches. For instance, in Nolfi et al. (2002), the authors describe
the evolution of feedforward and recurrent neural networks to visually discriminate and reach
the largest of two targets. Interestingly, the authors report the emergence of different strate-
gies in static and variable environments, with the latter being characterized by targets of dif-
ferent sizes and positions. This highlights a level of specialization that is typically attributed

to evolutionary robotics, but at the time of the study, this implication had not yet been explic-
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itly described. Slightly later, Bianco et al. (2004a) move away from the use of movable robots,
investigating the use of evolutionary robotics to develop the controller of a robotic arm that
pushes objects. This work proposes an alternative to the classical inverse-kinematic approach
commonly used to control robotic arms, showing that evolutionary robotics could be effective
even in such cases. In 2005, Harding et al. propose an interesting application of evolutionary
strategies in robotics: modifying the computational properties of a hardware component used
to control a robot according to some inputs (Harding et al., 2005); the authors call this approach
evolution in materio. In Lipson et al. (2006), the authors make a comprehensive discussion
about the difficulties of crossing the reality gap, proposing several alternatives. Mainly, they
propose using (i) noisy simulator, (ii) simulators evolved to mimic the real-robot peculiarities,
(iii) plastic controllers. Among those, the former two are offline approaches, while the latter
operates online. Taking a further inspiration from biology, some works started to consider the
use of evolved gene regulatory network models to control robots (Quick et al., 2003; Roli et al.,
2011). Those simulate the structures that determine gene expression and thus the functioning of
cells (Karlebach et al., 2008). These works demonstrate that these biologically inspired models
can be successfully used to control robots, with the further advantage of being computationally
simple to implement and operate. More recently, Nygaard et al. (2018) use multi-objective evo-
lutionary optimization to optimize morphology and control of a four-legged robot in different
conditions. However, the considered changes in morphology are limited to minor adjustments
in component lengths. Husbands et al. (2021) report the evolution of hardware circuits based
on FP*A (i.e., Field-Programmable Gate / Transistor / Analog Array) for controlling robots, en-
abling leveraging even the potential of analog processing. Furthermore, in the same article, the
authors report recent investigations on the use of chaotic systems? for robot control. Nadizar
etal. (2021) and Nadizar et al. (2022) imitate biological pruning of neural connections with the
aim of reducing the complexity of evolved artificial neural networks used to control soft-robots.
They find that the effectiveness of pruned individuals does not decrease, while the complex-
ity of their networks obviously does. Some of these authors also investigate the difference in
performance while using different types of biologically inspired neural networks: perceptron,

recurrent, and spiking (Nadizar et al., 2023). They find that recurrent neural networks usually

4A chaotic system is characterized by a dynamic that is unpredictable in the long term.
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attain higher performance, but spiking neural networks sometimes generalize more. Recently,
the field of evolutionary robotics has enlarged to encompass even aquatic and aerial robots. For
instance, Corucci et al. (2018) investigate the evolution of rigid and soft robots for aquatic en-
vironments and the possibility of evolving a morphology and control enabling operations in
both. Meanwhile, Bergonti et al. (2024) propose evolving morphology and control of a drone,
resulting in an optimized number of active joints and energy consumption.

After the first single-robot investigations, the research community of evolutionary robotics
started to consider also the automatic creation of control software for groups of robots. This spe-
cific field of investigation is usually regarded as particularly complex, having to organize and
coordinate multiple robots to complete a common mission. Therefore, the use of automatic de-
sign approaches has been seen as a potentially powerful way to explore the emergence of more
effective coordination than that achievable by human programmers. Among the first works in-
vestigating automatic robot controllers design by means of evolutionary approaches are those
of Quinn (2000) and Quinn (2001), in which the authors compare two different approaches for
the evolution of control software for a co-operative task: (i) shared controller among robots (i.e.,
homogeneous), and (ii) unique controller per robot (i.e., heterogeneous). While they found that
the latter performs better, it must be noted that their task favored the emergence of two different
roles among the robots. Later, different works started considering the evolution of neural net-
work controllers for a variety of different tasks: aggregation (Trianni et al., 2003), co-operative
transportation (Grof et al., 2004), coordinated movement (Quinn et al., 2003; Baldassarre et al.,
2003a; Baldassarre et al., 2003b), etc. Notable is the work of Tuci et al. (2008), that coordinated
movement in a group of physically heterogeneous robots communicating via an evolved acous-
tic signals protocol. Nevertheless, all these early works considered only small groups of robots:
generally fewer than five. The question arises, then, as to whether these techniques also work for
larger groups of robots. Dorigo et al. (2004) try to answer this question by investigating the scal-
ability of controllers designed by means of evolutionary robotics so as to perform coordinated
motion. They observe that the evolved controllers work even with larger groups with respect to
the ones considered during design, confirming the potential of these techniques. Recently, evo-
lutionary robotics applied to swarms and groups of robots has advanced rapidly. Many works

considered the problem of collective decision-making (Morlino et al., 2012; Almansoori et al.,
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2024). Duarte et al. (2016) propose evolved aquatic swarms for homing, dispersion, cluster-
ing, and area monitoring. Others considered the evolution of controllers different from neural
networks, such as behavior trees (Jones et al., 2018). In this line of work, Ligot et al. (2020) pro-
pose the evolution of neural networks to be used as modules in finite state machine controllers.
Meanwhile, Gomes et al. (2018) evolve a repertoire of task-agnostic controllers using quality
diversity evolutionary algorithms, showing that, among them, lie behaviors with performance
comparable to that of behaviors optimized for specific missions. Even heterogeneous swarms
have been proposed; for instance, Gomes et al. (2019) evolve co-operation between an aerial and
a ground robot to complete a simulated foraging task.

Evolutionary approaches have also been used to evolve the morphology of agents. One of
the first works on this field has been that of Sims (1994), that co-evolved morphology and con-
trol of simulated agents. However, in order to see the first physical implementations of similar
entities, we have to wait until 2000, when Lipson et al. (2000) present a system able to design
the morphology and the controller of a robot in simulation so as to then implement it in the real
world. Later, in Hiller et al. (2012), the authors expand the investigations so as to produce soft-
robots, discussing the complexity of this particular type of co-evolution (Cheney et al., 2016).
Haller et al. (2005) co-evolve morphology and control of an underwater robot in simulation so
as to increase its effectiveness. More recently, it is notable the work of Kriegman et al. (2020), in
which the authors take a step further, recreating the evolved morphologies with biological cells.
Other interesting works on the topic are J.C. Bongard et al. (2003) and Auerbach et al. (2014).
In the former, the authors evolve virtual structures with the idea of physical implementation;
in the latter, the authors propose a tool for the co-evolution of morphology and control, also

re-implementing one resulting creature in hardware.

Learning

Machine learning has traditionally been a prominent approach for the creation of robot con-
trollers. This can usually be divided into three main categories: supervised, unsupervised, and
reinforcement learning. The former two use sets of collected data (i.e., datasets) to train the
robot offline; the latter uses experience to do it. In this section, we introduce briefly all these

methods.
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Supervised learning uses training data associated with a desired solution; this makes it clear
to the robot what outcome it has to produce. Usually, supervised learning in robotics is applied
to regression and classification problems (Rybczak et al., 2024). The former involves learning
mappings between data, such as motor responses to inputs or control commands, and also per-
mits predicting events such as collision and slippage (Uriot et al., 2022; Gonzalez et al., 2018).
The latter is used in navigation, localization, and terrain classification (Gonzalez et al., 2018;
H. Li et al.,, 2023; Zheng et al., 2024). For example, regression has been used to predict future
soft-robot states according to actuation (Z. Chen et al., 2025). Furthermore, supervised learn-
ing has also been used in what is commonly called reservoir computing. Reservoir computing
is a framework in which the inputs of the computing system pass through a “reservoir” that
projects them into a high-dimensional space, permitting the training of a simple linear readout
layer (Nakajima et al., 2021); this approach has also been used to control robots (Baldini, 2022).
For instance, Antonelo et al. (2008) use reservoir computing in a robot navigating a maze so as to
detect locations and complex events occurring in time. In that work, the authors employed a ded-
icated recurrent neural network as a reservoir; nevertheless, later works demonstrated that even
the robot body itself can be involved in the computation. This is the case, for instance, of Naka-
jima et al. (2013), in which the authors use a robot soft-body as a reservoir. Later, also Bhovad
et al. (2021) propose using the body of an origami-based robot as a reservoir to perform pattern
generation for movement.

Unsupervised learning attempts instead to extract knowledge from large amounts of data
without any indication of relationships or expected output. It is typically employed to solve
classification tasks by identifying groups of similar samples, such as in localization and anomaly
detection (T. Chen et al., 2020). For instance, Balaska et al. (2020) use unsupervised learning in
the former case to achieve autonomous localization during navigation. Instead, Hiussermann
et al. (2015) use it in the latter case for their anomaly detection framework for robot behaviors
considering spatial-temporal data. Meanwhile, Samuel et al. (2021) train autoencoders to iden-
tify anomalous situations in robotic-assisted surgery. Finally, Khatib et al. (2024) implement
leader-following in a group of simulated robots equipped with a (unsupervised trained) system
for filtering out anomalous sensory data.

Supervised and unsupervised learning techniques have their place in robotics; nevertheless,
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reinforcement learning is significantly more commonly used to train robot behaviors. Rein-
forcement learning is a specific class of machine learning that uses direct experience to learn
how to operate in an environment (Sutton et al., 2018). The process revolves around the use of
rewards, which are bestowed upon the agent each time it achieves a goal or reaches a desired
state. When this happens, a model records which action was successfully used in each state,
so as to increase its chance of being used again in the same conditions. Sometimes, in order
to discourage the system from performing specific actions, designers also use negative rewards,
reducing the probability of using specific actions in specific states. Usually, the system starts
by exploring random actions so as to start collecting data; then, once it has reached a sufficient
level of knowledge, it begins exploiting the gained knowledge.

Reinforcement learning is now a well-established approach that benefits from ongoing ef-
forts aimed at increasing its effectiveness. For instance, the first reinforcement learning strate-
gies, such as Q-learning, depended on discrete states and actions to operate (Watkins et al.,
1992), making them impractical when the state-action space increases or becomes continu-
ous (Jang et al., 2019). The current state-of-the-art in reinforcement learning employs (deep)
neural networks to approximate expected rewards in a given state and to select appropriate
actions (Silver et al., 2016), permitting operations even in the continuous domain.

The literature contains large evidence of the use of reinforcement learning in robotics. Singh
et al. (2022) report that it has been used for learning (i) navigation, (ii) grasping, (iii) vision,
(iv) human-robot interactions, and (v) multi-robot coordination tasks. For instance, D. Li et al.
(2024) propose a framework for overcoming issues while moving from simulation to real-world
operations in the context of autonomous driving (i.e., navigation). Similarly, Cheng et al. (2018)
propose collision avoidance in an underwater environment subject to disturbances such as cur-
rents. Joshi et al. (2020) perform objects grasping with an actuated arm; and later, Liang et
al. (2022) perform a similar task using a multi-finger robotic arm with tactile fingerprint sens-
ing, which increases the perception and thus the difficulty of the control. Kalashnikov et al.
(2018) enhance grasping tasks by introducing control based on vision. Practically, they contin-
uously update the grasping plan and strategy based on the most recent observations. In the
scope of human-robot interaction, Ghadirzadeh et al. (2021) propose a framework for deep re-

inforcement learning to assist humans in packaging operations: a motion capture suite captures
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the operator’s position and passes it to the robot so as to produce a coherent behavior. Mean-
while, C. Chen et al. (2019) train a system capable of interpreting human motion in a crowd,
so as to enable the seamless navigation of robots. Finally, in the scope of multi-robot coordi-
nation, D. Wang et al. (2020) propose a system trained to overcome resource competition and
perform obstacle avoidance between robots in real time. Gharbi et al. (2023) and Szpirer et al.
(2024) propose inverse reinforcement learning to train a swarm of robots to complete a mission
starting from examples of desired behavior.

Since its introduction, reinforcement learning brought significant advancements in robotics,
enabling the learning of complex tasks. Nevertheless, it remains a surprisingly difficult topic to
work on (Schaal, 2002). Despite the proposal of successful approaches and solutions, tackling
high-dimensional spaces, the reality gap, and data collection still hinder its adoption in many

contexts.

Other approaches

Evolutionary algorithms are commonly used for the exploration of search spaces. Neverthe-
less, they are not the only way to find effective solutions. An alternative approach is sampling
different solutions from reasonable distributions and discarding poor ones in a process called
racing (Birattari et al., 2002). The remaining solutions can then be used to select the section
of the space in which to search (i.e., the sampling distributions) so as to iteratively converge to
the area of the solution space containing the best solutions (Balaprakash et al., 2007). Therefore,
racing and evolutionary strategies share the idea that suitable solutions have common character-
istics and that testing highlights the best-performing ones. The difference resides rather in the
way they select candidate solutions to evaluate: the former by sampling, the latter by crossover
and mutation.

In robotics, racing approaches have been successfully used in AutoMoDe (Birattari et al.,
2021), a tool that generates controllers suitable for completing a target mission with swarms of
robots. The generated controllers are usually finite state machines (Francesca et al., 2015), but
different versions of the tool also considered behavior trees (Kuckling et al., 2018) and artificial
neural networks (Ligot et al., 2020). Racing algorithms have demonstrated to be very reliable

and effective for designing robot controllers that successfully complete selected missions. For
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instance, they have produced solutions for aggregation, foraging (Francesca et al., 2015), de-
cision (Hasselmann et al., 2018a), sheltering, and coverage (Francesca et al., 2014) tasks. Fur-
thermore, racing algorithms operating by composing low-level behaviors have been shown to
outperform both human programmers and evolutionary generated neural networks (Francesca

et al., 2014; Hasselmann et al., 2021).

1.2.2 Online approaches

Most artificial systems in our world are primarily static and lack adaptive capabilities. There-
fore, it is intuitive that researchers in the field of adaptive robotics take inspiration from biolog-
ical systems to propose novel solutions. Among the most investigated is neuroplasticity, which
enables adaptation through the variation of weights, nodes, or architecture of neural networks.
Alternative approaches used learning paradigms to continuously train the system during oper-
ation. Practically, these solutions are implemented by means of different approaches: (i) evolu-
tionary-based, (ii) learning-based, and (iii) other unconventional approaches. The evolutionary
approach is classical evolutionary robotics operating at runtime on the robot itself (and thus
with reduced resources). This changes the architecture and operative strategy of the controller
iteratively. Alternatively, evolutionary algorithms can also be used offline to obtain plastic sys-
tems that adapt online. Learning-based approaches modify, instead, the behavior by appre-
hending suitable input-output mappings or strengthening successful actions at runtime, with
obviously increased difficulties with respect to offline approaches. Finally, the diversity of ex-
isting approaches requires a separate category consisting of everything not belonging to the pre-
vious two. In the following subsections, we briefly introduce and discuss the main use of these
approaches (some of which might even include a bootstrap phase offline), presenting notable

experimental works employing them.

Evolutionary robotics

As introduced in Section 1.2.1, evolutionary-inspired approaches are largely used in robotics.
Nevertheless, in that section, we focused on the design of a static controller able to operate in

the conditions considered during the offline learning phase. In this section, instead, we consider
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two different applications of evolutionary robotics: (i) to design adaptive control systems, and
(ii) to operate at runtime on the robot itself.

Until now, a widespread solution for the design of adaptive control systems has been the
creation of plastic neural networks. Those enable behavioral variability thanks to the dynamic
modulation of network weights according to activation (Floreano et al., 2000a) or interferences
from other neurons (Soltoggio et al., 2008). For instance, in Floreano et al. (1999) and Floreano et
al. (2000b), the authors evolve a set of local weight modification rules that control the plasticity
of a neural controller so as to adapt online to solve a task. The task requires the robot to stay
under a light source positioned in the environment and to turn it on whenever it (automatically)
turns off. The same authors also propose a similar approach where the architecture of the neural
network is evolved as well (Floreano et al., 2001a; Floreano et al., 2001b). In these works, the
authors report a much better performance for the adaptive controller when compared against a
controller with fixed weights. Interestingly, they also notice that the increase in performance is
due to the plastic controller memorizing the two different behaviors required to complete the
task, dynamically switching between them (Urzelai et al., 2001). Niv et al. (2002) also evolve
rules modulating the synaptic weight of a neural network, modelling bees’ foraging behaviors.
While the previous works considered the evolution of the network architecture and the synapses
modification rules, Soltoggio et al. (2008) and Diirr et al. (2008) introduce a new concept: the
modulatory neuron, which influences the synaptic plasticity of neurons it connects to. They
find that this approach performs better than controllers with local adaptation rules, attaining
higher performance in a T-maze task.

In addition to creating plastic controllers, evolutionary robotics has also been used for the
optimization of control software runtime, on the robot itself (Eiben et al., 2012). Among the
first to propose this approach, we report Floreano et al. (1994) and Floreano et al. (1996), in
which the authors train a robot to perform collision avoidance and homing, respectively. Their
experiment is just explorative, without aiming at any real-world application scenario. Mah-
davi et al. (2006) use an evolutionary algorithm for a worm-like robot that undergoes actuation
faults; when the damage occurs, the process finds new movement strategies that work with the
current state of the robot. Bredeche et al. (2010) discuss some possible problems of online evolu-

tion of control software, such as noisy evaluations and limited computational power, proposing
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some solutions (e.g., re-evaluation) and assessing them in a simulated collision avoidance task.
Later, Eiben et al. (2010b) investigate the factors that most influence the outcome of the adaptive
process, identifying the mutation as the main driver of change. Specifically, they highlight that
automatically deciding the mutation intensity leads to better performance with respect to using
a fixed mutation intensity. In Haasdijk et al. (2010), the authors perform similar experiments
proposing even to re-evaluate the solutions previously tested; the goal is to face noise, which
can affect the evaluation of the controllers. Finally, in Haasdijk et al. (2011) they propose dis-
carding clearly inferior models early without re-evaluating them. Silva et al. (2012a) and Silva
et al. (2014b) investigate the combination of neuroevolution and neuromodulation in a foraging
task, reporting that this improves the performance with respect to neuroevolution only. Some of
these authors later propose incorporating behavioral building blocks and early discarding poor
solutions to decrease the adaptation time of the system (Silva et al., 2014a; Silva et al., 2016).
Meanwhile, Silva et al. (2017) propose an embedded evolutionary algorithm, odNEAT (Silva
et al., 2012b; Silva et al., 2015b), so as to simultaneously optimize topology and weights of a
neural network controller with the aim to perform three different tasks: (i) navigation with col-
lision avoidance, (ii) homing, and (iii) aggregation in less than one hour. More recent works
include Braccini et al. (2020), Braccini et al. (2022c), Braccini et al. (2022b), and Braccini et
al. (2023), in which the authors use a mechanism maintaining the best controller found (i.e.,
individual, in the context of evolutionary robotics) and performing small changes so as to pro-
duce the desired behavior. Later, they explore attaining active homeostasis in a virtual agent,
whereby it modifies the environment so as to make it more comfortable for itself (Braccini et al.,
2024b). The novelty of these works resides in the use of an unconventional computing medium,
the Boolean network, and in the clear biological inspiration, constituting a fundamental part of
the investigation.

In the context of groups of robots, evolutionary strategies have been used in various ways.
Floreano et al. (1997), Nolfi et al. (1998b), and Nolfi et al. (1998a) co-evolve a prey and predator
in simulation; therefore, the emerging behaviors are adversarial. Despite being in simulation,
we present these works in this section because the adaptation is not intended to end, work-
ing in a continuous loop. Later, to complete the investigation, the authors try the task also on

real robots (Floreano et al., 1998). Bianco et al. (2004b) propose, among other goals, to adapt
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the control software in groups of robots by sharing their genotype with mutations; their goal
is to move towards open-ended, in hardware, robotic evolution. Baele et al. (2009) propose a
similar approach, aiming to create swarms of robots able to self-assemble and evolve their be-
havior at runtime; they conduct a demonstrative experiment in which robots endowed with two
different evolution strategies interact, investigating which strategy is more efficient. An inter-
esting use of evolutionary strategies in multi-robot systems is proposed in Pini et al. (2008),
where the authors make a learner robot apprehend a behavior from a demonstrator. Ferrante
et al. (2015) evolve a controller selecting different behaviors at runtime in a swarm of foraging
robots; then, they proceed by assessing the automatic emergence of such behaviors starting from
lower-level ones. They find that the resulting strategy is optimized for the environmental char-
acteristics present during adaptation. In Silva et al. (2015a), the authors show that distributed
online evolution and subsequent sharing of robot controllers speed up learning selected tasks.
Heinerman et al. (2016) follow a similar approach, achieving a foraging behavior in a group
of robots by sharing their genome. E. Hansen et al. (2018) attempt to use neuroevolution in
a task requiring some robots to spread across two targets so as to create a virtual connectivity
line. Their results show that, as the group size increases, neuroevolution attains better perfor-
mance than pre-programmed robots. Jones et al. (2019) evolve foraging behavior for a swarm;
their approach is quite interesting, as each robot is a node of a distributed evolutionary process
performing onboard simulations and selecting the most promising outcome. Obviously, this
approach requires a great amount of computational power (the authors report that it reaches
1 teraflop when considering all the robots), but it permits learning the task in around 15 min-
utes. Finally, recently Ferigo et al. (2025) propose co-designing body and brain of robots that
can change behavior online by means of plastic synapses. Their approach is to use evolutionary
robotics to select the organization of composable soft-robots, the voxels, and their controlling

artificial neural network.

Learning

In recent years, the need to tackle dynamic contexts has started to arise, especially from the field
of machine learning. One of the proposals to face changing situations has been online reinforce-

ment learning. Unlike the approach presented in Section 1.2.1, online reinforcement learning
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considers the possibility of never-ending the model update, or, at least, of performing some sort
of fine-tuning on the robot itself. Nair et al. (2021) explores, for instance, this latter case, train-
ing a robotic arm offline and fine-tuning it online, improving the performance noticeably with
respect to the non-tuned system. Even Wen et al. (2020) propose to fine-tune a control system
online by means of reinforcement learning, but they do so on a robotic knee prosthesis to en-
hance walking capabilities. In Zhang et al. (2020), the authors take one step more, proposing
to continuously train the robot online so as to improve its navigation capabilities in a dynamic
environment. Bakker et al. (2006) employ a robot that builds a model of the environment on
the fly and concurrently trains the action policy on it so as to perform a localization and ap-
proaching task. Despite interesting results, the literature on online reinforcement learning is
not particularly developed, with research effort having focused on different approaches.

Many significant results on adaptation come from the research area known as continual
learning (L. Wang et al., 2024). Continual learning is a branch of machine learning that con-
siders the possibility of performing additional training so as to enhance the capability of the
system after deployment. This usually considers three possible fundamental types of learn-
ing (Ven et al., 2022): (i) learning new, different tasks, (ii) learning the same task in different
conditions, and (iii) learning to distinguish different classes. Currently, we can identify five
approaches that have been used to reach these goals (L. Wang et al., 2024): (i) regularization,
penalizing the change of important parameters during subsequent training phases, (ii) replay,
including old representative samples during new training phases, (iii) optimization, finding pa-
rameter updates that prevent interference between old and new tasks, (iv) representation, trying
to learn the common patterns among tasks, and (v) architectural, using task-specific parameters
or network parts. Nevertheless, what holds back continual learning is the risk of forgetting pre-
viously acquired knowledge during subsequent training iterations, a process called catastrophic
forgetting. This is indeed the main target of the research effort on the topic.

As for what concerns robotics, continual learning has been extensively used recently. Au-
ddy et al. (2023) use it to learn motion skills from demonstrations. Liu et al. (2024) use it for a
similar goal: learning grasping from a teacher. Their system includes, indeed, a module select-
ing informative knowledge to feed to the control system for further training. Churamani et al.

(2022) use it to “fine-tune” the robot behavior on human preferences so as to improve interac-



1.2. ROBOTICS 31

tion. Piqué et al. (2022) use continual learning so as to face changes in soft-robots undergoing
degradation. It is also common to use continual learning to enable robots to recognize more
and more classes of objects. For instance, Ayub et al. (2022) propose a system for few-shot class
learning, in which the incoming data are unlabeled. Nie et al. (2024) also propose continual
learning to identify new object classes for recognition tasks, but they additionally permit the
robot to query the name of the new classes. Hajizada et al. (2024) propose continuous learning
to distinguish different classes in the world with a few collected samples, labeled or unlabeled.
Finally, Ye et al. (2024) propose continual learning to better discriminate the target during a
human following task.

What differentiates continual learning from the approaches we will propose in this disserta-
tion is that, in its classical setting, it requires the system to learn contents in a sequence as if they
were presented simultaneously, thus without forgetting previous ones. For this motivation, this
approach ends up being computationally demanding (Shaheen et al., 2022). In this work, we do
not impose this constraint, permitting the robot to forget previous information that is no longer
relevant or useful. The idea is that this will permit even low-end robots to adapt in a much less
computationally intensive way. Furthermore, continual learning requires collecting data, often
annotated, to be used to train the system (Lesort et al., 2020; Shaheen et al., 2022), while our

approach considers data only implicitly through the proxy of performance.

Other approaches

In addition to the previously described approaches, we identify further strategies used to pro-
vide adaptive capabilities to robots; since we are unable to include them in the previous sections,
we describe them here. One of them is proposed in Ram et al. (1997), in which the authors
fine-tune low-level behaviors online by randomly varying their current parameters. Another
is proposed in Urzelai et al. (1998), in which the authors propose a compound system capable
of self-adapting some low-level behavioral modules by means of reinforcement learning and of
combining them by means of evolutionary strategies. They test the system in a task requiring
moving in an environment while avoiding obstacles and periodically recharging the batteries.
Later, they also require the robot to move objects outside the arena while maintaining the pre-

viously evolved abilities. In Urzelai et al. (1999), the authors use an algorithm inspired by evo-



32 CHAPTER 1. BACKGROUND

lutionary strategies, but computationally simpler, identifying the probability of a parameter to
belong to a successful solution. Notably, they propose the use of a “decay” factor resetting the
aforementioned probability so as to tackle changing environments. Lipson et al. (2006) propose
that the robot estimate its own structure so as to use it to synthesize new opportune behaviors at
runtime. The idea is to leverage the perception resulting from an action so as to identify morpho-
logical changes. The authors validate the idea on both simulated (J.C. Bongard et al., 2004) and
real robots (J. Bongard et al., 2006), succeeding in creating a resilient machine capable of over-
coming faults. Cully et al. (2015) use, instead, a different approach, proposing to pre-process
the expected performance of different behaviors, so as to select the most promising for a specific
condition online in a few trials. The system then updates the prediction of behaviors similar to
the one tried on the real robot. The authors validate their approach on a real robot, confirming
its efficacy.

While holding all the previous works in high regard, we devote a separate discussion to the
so-called free energy principle (Friston et al., 2006), which is recently arousing interest in the
research community. The free energy principle aims to model learning as the minimization of
the surprise an agent experiences in the world; this can be done in two ways: (i) adjusting its
model of the environment, and (ii) adjusting its actions so as to minimize surprise about the
effects they have on the environment. We refer to the former as perceptual inference and to the
latter as active inference (Friston, 2009). Despite the hype surrounding this framework, we find
the literature involving its application in robotics quite lacking. Hamann (2014) starts from
swarm robotic considerations to propose an investigation about the emergence of different be-
haviors in virtual agents when trying to minimize surprise in future-state predictions. Annabi
et al. (2020) use active inference to induce a system to learn motor primitives for a robotic arm.
Hu et al. (2020) try to learn the optimal control policy for a robotic arm with uncertain param-
eters and noise by minimizing the free energy. Oliver et al. (2022) do something similar, using
active inference to correct the motion of a robot in space according to its expected trajectory in
conditions of noise. Meanwhile, multiple works attempted to use active inference to achieve
active vision, which is the ability to manipulate viewpoints so as to create an internal model
of the world (Van de Maele et al., 2021; Haddon-Hill et al., 2024); in these experiments, this is

done with a robotic arm holding a camera. Bos et al. (2022) propose a system to estimate the
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robot state and inputs, updating the free energy principle prior expectation about the world
in different conditions. Finally, despite involving virtual agents, we find interesting the work
of Berseth et al. (2021), in which the authors effectively update both the internal model of the
world and the actions to execute so as to minimize surprise.

While the free energy principle is currently a hot topic, we believe that some work is still
required to clearly demonstrate its advantage in adaptive robotics. Therefore, we have decided

not to investigate this aspect in this dissertation.
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Static conditions

Online adaptation is a relatively new methodology for the creation of robot control software
that has not yet received significant validation. In order to understand its potential utility, we
first need to assess whether or not it is a suitable approach to learn desired behaviors. There-
fore, we start our investigation by proposing an adaptive system able to work on minimalistic
robots with reduced computational power and memory. This permits focusing on fundamental
properties of adaptation, that could be shrouded by too advanced computational capabilities.
Additionally, we need to start formalizing some characteristics and requirements related to the
use and analysis of online adaptation. With this goal in mind, we start focusing on a relatively
simple case: the adaptation of control software to perform missions in static, unknown con-
ditions. This type of situation occurs when we know the task we want to achieve but not the
environment in which the robot will act. For simplicity, in this case, we assume the environment
to be static.

This chapter leverages the results obtained in Baldini et al. (2023a) and Baldini et al. (2023b),
comparing the effectiveness of adaptation with respect to a random search algorithm. We begin
by describing the system used to control the robots, the adaptation mechanism, the evaluation
tasks, and the experimental setting. Then, we present and discuss the results, drawing some

considerations for subsequent explorations on online adaptation.
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Nanowire network and its working principle
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(a) Nanowire network microscopy picture (b) Silver bridge formation

Figure 2.1: (a) picture of a nanowire network and (b) formation of an ion-silver bridge. Pic-
ture (a) is taken from Milano et al. (2020) by courtesy of the authors.

2.1 Controller and adaptive mechanism

In this chapter, we start exploring the properties of online adaptation; we do so by experiment-
ing with minimalistic robots. Drawing inspiration from in materia computing (Ricciardi et al.,
2022; J.F. Miller et al., 2002; J. Miller et al., 2014), we opt to use control systems based on physi-
cal materials, that can be computationally powerful, small, run on low energy, and even cheap
to produce. Specifically, the controller we use in these experiments leverages a nanowire net-
work, a promising device for all the contexts that require complex computations and have strict
consumption constraints, like edge computing and robotics (Milano et al., 2020).

Nanowire networks are a novel kind of nanoscale electrical circuits composed of nanometric
silver wires (see Figure 2.1a) that display neuromorphic behavior (Jo et al., 2010; Milano et al.,
2023). This is given by their self-organizing property and intrinsic structural and functional
plasticity, mimicking biological networks (Milano et al., 2020; Milano et al., 2022). The simi-
larity resides in what is known as Hebbian theory (Hebb, 1949), a property that is commonly
summarized as “neurons wire together if they fire together” (Lowel et al., 1992; Milano et al.,
2019). The artificial equivalent of synaptic strengthening is here represented by the behavior of

the ion-silver bridges connecting the wires of the network (see Figure 2.1b). When subject to a
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Scheme of the control architecture
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Figure 2.2: Schematic representation of the control architecture. [Sy, ..., S,] represent robot sen-
sors; My, Mg represent left and right motors. [ag, ..., ;] are the weighting factors, different for

each sensor signal. f represents the influence of the motor resistance in the electrical equivalent
system.

voltage difference, the ions aggregate in the junction increasing its conductance. When the stim-
ulus is removed, the network slowly returns to its stable state. This dynamic rules the network
plasticity and can be seen as a short-term memory useful to process spatio-temporal data (Demis
et al., 2016; Fu et al., 2020; Christensen et al., 2022). In this investigation, we consider the volt-
age stimulation to be the only way to modify the internal state of the nanowire network.

The controller we propose works by perturbing the nanowire network state and by extracting
output signals to control the motion of the robot. To do so, we connect the sensors and actua-
tors to different nanowires of the network (see Figure 2.2). The sensors perturb the nanowire
network state with a signal proportional to the perception, inducing a voltage change on output
nanowires. We refer to the sensor-to-nanowire and nanowire-to-actuator connections as cou-
plings. No coupling insists on the same nanowire, so that inputs do not overwrite each other
signal and outputs consist of distinct values. Additionally, we force all the inputs to be at least
two nanowires away from the outputs, so as to avoid control without processing!. We assign a
weight to each input coupling, possibly enhancing or reducing the signal strength. This enables
discriminating sensors, enhancing or reducing their influence in the computation without the
need to affect the nanowire network directly. An example is that of the frontal sensors in a

collision avoidance task, that are more important than the back ones in achieving the desired

1As it happens, for instance, in Braitenberg architectures (Braitenberg, 1986).
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task | initialization update threshold epoch  epochs replicas
2 o n o duration  count count
area avoidance | 1 2.50 0 1.0 70 100s 300 250
collision avoidance | 1 5.00 0 25 40 20s 300 250
T-maze | 1 2.50 0 15 15 50s 300 150
foraging | 1 2.50 0 25 0 150s 500 150

Table 2.1: Configuration parameters of each experiment.

behavior. Alternatively, this might help to balance the influence of different types of perceived
properties (e.g., proximity, light intensity, temperature, etc.). The weights are selected from a
normal distribution with ¢ = 1 and o depending on the task (see Table 2.1). We also assign a
weight to each motor representing its load, and thus its influence, on the equivalent electrical
circuit of the control system. This means that this weight is not used to enhance or reduce the
output value directly, but instead it modifies the voltage distribution across the network. This
value can be set by adding a resistance in series to the motor; however, it is realistic that it re-
mains unchanged after being set at the start of the experiment. We use a value of 1 kQ in area
avoidance and T-maze tasks, and of 10 kQ in collision avoidance and foraging tasks.

The initial controller consists of a set of couplings connected to randomly selected nanowires
with corresponding random input weights. The robot runs the controller and collects a perfor-
mance measure, representing how well it behaved during the evaluation epoch. Subsequently,
the robot undergoes an adaptation process affecting the couplings. In this investigation, we
consider two different adaptation strategies: (i) random and (ii) local. The random adaptation
generates a new set of input couplings and weights at each epoch. This means that it does not
take advantage of previously discovered controllers, but instead it searches stochastically in the
entire solution space. The local adaptation searches instead for a solution similar to that of the
best controller found since the start of the experiment, if greater than a minimum threshold,
otherwise the strategy generates a completely new controller. The threshold avoids wasting
adaptation cycles over poorly behaving controllers, and its value depends on the task and cor-
responding evaluation function (see Table 2.1). This delay in local adaptation caused by the
threshold can be seen as a bootstrap phase employing random adaptation.

In order to search for a behavior similar to that of the best controller, the robot selects 10 to
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40 percent of its total input couplings and reconnects them to different points of the nanowire
network. Additionally, it modifies their weights, potentially enhancing or reducing the input
signal strength and thus balancing the influence of specific sensors in the computation. This
is done by adding to the selected weight a random value sampled from a normal distribution
with 4 = 0 and o depending on the task (see Table 2.1). This procedure is possible because
the robot memorizes the set of couplings and weights of the best controller found since the start
of the experiment, according to the evaluation function. The proposed strategy is a variant of a
methodology used for the adaptation of robots controlled by Boolean networks (Braccini et al.,
2022c). The novelty resides in the weighting of the input signals, in the use of thresholds to
postpone the adaptation, and in the use of nanowire networks. Additionally, this variant takes
advantage of the analogic functioning of the nanowire network, that adds both complexity and

potential compared to Boolean networks.

2.2 Experimental setting

In order to evaluate the ability to produce suitable behaviors, we test the adaptive system on mul-
tiple tasks: (i) collision avoidance; (ii) area avoidance; (iii) T-maze; (iv) foraging. Each task takes
place in a specific arena (see Figure 2.3). The robot used for the experiments is an e-puck (Mon-
dadaetal., 2009). All the experiments run within the Webots simulator, version R2021b (Michel,
1998; Michel, 2004), and consist in the adaptation of multiple unique nanowire networks: the
experimental replicas. Each experiment uses a different configuration of parameters depend-
ing on the task complexity, on the arena size, and on qualitative analyzes (see Table 2.1 and Ta-
ble 2.2). Specifically, we select the distributions from which to sample and modify the weights of
the input couplings, the number and duration of adaptation epochs, and the size of the nanowire
network. The idea is that more complex or harder-to-evaluate tasks require more adaptation
time and greater computational power (i.e., larger nanowire networks). Finally, we limit the
number of replicas in computationally expensive tasks.

We define an evaluation function for each task, indicating how well the robot performs at it:
the higher, the better. This drives the adaptation and permits selecting the best controllers to

adapt. In the following, we describe each task and the corresponding evaluation function.
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Arenas of the experiments

(a) Collision avoidance (b) Area avoidance

(c) T-maze (d) Foraging

Figure 2.3: The corresponding arena of each task: (a) collision avoidance, (b) area avoid-
ance, (c) T-maze, and (d) foraging. The T-maze arena presents a dual version in which the colored
area at the beginning of the maze is white rather than black.

task | package size mean nanowire length network density
area avoidance 50 10.00 5.00
collision avoidance 50 10.00 7.50
T-maze 125 14.00 5.00
foraging 125 14.00 5.00

Table 2.2: Parameters of the nanowire networks used to control the robots. The number of
nanowires and junctions depends on the size of the package, the mean length of the nanowires,
and the network density.

2.2.1 Collision avoidance

In the collision avoidance task, the robot navigates the arena as fast and straight as possible

while avoiding collisions with obstacles. To fulfil this goal, the robot needs to perceive and
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react in the environment. It does so by relying on 8 proximity sensors and 2 wheeled motors.
The evaluation function also relies on this information to evaluate the behavior, according to

the following formula:

k
1
PG, = 100 - < S PG (2.1)
i=1
CA. _ v+ v
P = (1 = VPmax) - (L — |v — v]) - Y (2.2)

where:

* kis the number of steps per epoch;

* iis the index of the step under consideration;

* pmax € [0, 1] is the normalized obstacle proximity, with 0 indicating a far object, and 1
indicating a near one;

* v, v, € [0, 1] are respectively the normalized left and right motor speeds, with 0 repre-

senting an anticlockwise revolution, 0.5 a still state, and 1 a clockwise revolution.

Equation 2.2 considers the speed, the direction, and the proximity to obstacles of the robot.
The former two promote a fast movement in a straight trajectory, avoiding excessive turns. The
latter penalizes robots staying near to obstacles. We try to give more importance to this latter
goal by putting the proximity value under the square root, so as to increase its weight in the
equation®.

The arena of the collision avoidance task consists of a central obstacle and a set of external
walls (see Figure 2.3a). The result is a circuit in which the robot has to run while avoiding
collisions. The passages on the left and right are stricter than the top and bottom ones, adding

a small complexity to the task.

2.2.2 Area avoidance

The area avoidance task is similar to the collision avoidance, but requires the robot to avoid
virtual forbidden areas identified only by the ground color. The obstacles stop being physical
and become instead intangible. This complicates the tasks because the robot has to react faster.

A slow response pushes the robot indeed deep into the forbidden area, collecting a considerable

2The square root “increases” values in the range [0, 1], such as those produced by proximity sensors.
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step penalty and reducing the performance attainable during the epoch. In this task, the robot
moves by means of two wheeled motors and perceives the environment by means of a single
ground sensor, attempting to show that it is possible to obtain a wandering behavior and still
avoid obstacles with a computationally limited system. The evaluation function for the area

avoidance task is the following:

k
1 1
AA. A.A.
PePOCh - 1.01 ’ <1OO + % Z IDSl’EP7 i) (23)
i=1

v+ v

PAA — (1 — o — v - — 100 - ¢ (2.4)

step

where:

* kis the number of steps per epoch;

* iis the index of the step under consideration;

* ¢ € {0, 1}is 1 if the robot is on the illegal area, 0 otherwise;

* v, v, € [0, 1] are respectively the normalized left and right motor speeds, with 0 repre-

senting an anticlockwise revolution, 0.5 a still state, and 1 a clockwise revolution.

Equation 2.4 strongly penalizes a robot hovering an illegal area. This is independent of
the direction of the robot or its speed. The goal is mainly to promote behaviors that avoid
illegal areas, with its quality depending on the speed and direction of the movement. Due to
the presence of the penalty factor, the range of performance per step is [-100, 1]. In order to
put it back in [0, 100], Equation 2.3 sums 100 to the average performance and then divides the
result by 1.01.

The arena for the area avoidance task consists of a few illegal areas that the robot should not
hover (see white blocks in Figure 2.3b). Additionally, it is limited by the presence of virtual and
physical borders, assigning a deserter robot negative scores while preventing it from going too
distant. The goal is to permit every configuration to reach the legal area, even if it starts in a
disadvantageous position. Finally, every illegal area is surrounded by a neutral zone that does

not give any penalty but informs the robot that it is approaching a forbidden space.
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2.2.3 T-maze

In the T-maze task, the robot navigates a T-shaped maze to reach the correct end-point (see Fig-
ure 2.3c). The goal destination depends on the color of the floor at the start of the run: right for
black, left for white. Nevertheless, after leaving the starting area, the robot loses track of the
indication of direction. Therefore, the controller should use the cue to bias the behavior to cor-
rectly navigate the maze. This could be achieved by exploiting the nanowire network plasticity
to memorize the initial input and to behave accordingly also when it stops being perceived. In
order to test the behavior, the robot is periodically kidnapped and placed back at the start of
the maze. In this task, the robot perceives the environment through 8 proximity sensors and 1
ground sensor, and acts by means of 2 wheeled motors. The evaluation function for the T-maze

task is the following:

k
1 1
PIM =100 - [14+ 2> PLM, (2.5)
3 k i=1
P =2-(1—a)-(1—-8) —a (2.6)

where:

* k is the number of steps per epoch;
* iis the index of the step under consideration;
* a € {0, 1} is 1 if the ground color is the same as the starting one;

* B € {0, 1} is 1 if the ground is gray.

Equation 2.6 considers the presence in the correct and wrong areas to bestow prices and
penalties. The performance decreases if the robot remains in the starting area or if it reaches
the wrong endpoint. Instead, if the robot reaches the correct endpoint, its score increases by 2 at
each step of permanence. This helps in slightly reducing the simulation time. Additionally, the
evaluation function also highlights the presence of a gray color. This is the color of the ground
outside the starting and ending points. In this region, the fitness of the robot does not change.
Equation 2.6 does not explicitly consider the speed of the robot. Nevertheless, the design of the
task in combination with the epoch duration implicitly requires the robot to move fast: in the

opposite case, it would not have enough time to reach the end point and to balance the penalty
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collected at the start of the epoch. The range of performance per step in the T-maze task is
[—1, 2]. In order to put it in [0, 100], Equation 2.5 sums 1 to the average performance, divides

the result by 3, and then multiplies it by 100.

2.2.4 Foraging

Foraging is a classical robotic task that requires the agent to find and bring prey to the nest.
Thin white plates homogeneously distributed in the arena represent the prey that the robot has
to collect. They are passive, meaning that they do not have any active behavior and can be
moved only by other entities. The robot perceives the environment through 8 light sensors and
2 ground sensors, one of which is negated. It acts in the environment by means of 2 wheeled
motors and 1 virtual gripper. The former are controlled by continuous values, while the state of
the latter changes if the control signal from the nanowire network exceeds a given threshold?.
The evaluation function drives the adaptation in order to select behaviors that capture prey
in the hunt field and subsequently release them on the nest. This has access to the same percep-
tion of the robot and to the control output that it uses to command the actuators. We define the

evaluation function for the foraging task as follows:
k
P oo = > Pl (2.7)
i=1

50  if AA-O;Aflp)
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—50 if A A O; Af(h) A gp)

0 otherwise

where:

* kis the number of steps per epoch;
* iis the index of the step under consideration;

o A € {False, True} is True if the gripper state changed, False otherwise;

3We choose a threshold of 0.5 for an output in the range [0, 1].
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* © € {False, True} is True if the gripper is currently open, False otherwise;

* f(x) is a function that returns True if the color of the ground before the gripper action was
equal to the parameter x, False otherwise;

* g(x) is a function that returns True if the color of the ground after the gripper action is
equal to the parameter x, False otherwise;

* p, h, n are respectively the colors perceived when hovering a prey, hunt field, and nest.

The given policy defines a capture as the closure of the gripper while the robot is on a white
ground (i.e., the prey). Differently, it identifies a release by looking at the color of the floor before
and after the gripper opens. If, after the release, the color is different from white, then there has
not been any release. It is important to underline that the robot (and therefore the evaluation
function) does not know if the gripper is open or close, nor if it is carrying a prey. Indeed, there
is no feedback from the actuators to the control system, and assumptions can be made only by
looking at how actions influence the environment.

Another aspect that emerges from the evaluation function is that a release in the hunt field
is penalized by the same amount used to reward a capture. This prevents both increments
and decrements of the performance in case of a capture-release sequence outside the nest. Di-
rect and interleaved prey deliveries will therefore have the same final evaluation. The only
difference may consist in the total delivery time, possibly permitting additional captures to the
fastest behavior. This choice prevents discarding acceptable solutions, despite permitting the
perpetuation of possibly inefficient ones. In the long run, the expected result is the reduction
of inefficient sequences in order to increase the delivery speed.

It isimportant to highlight that a capture in the nest is not possible; indeed, the prey vanishes
almost immediately after the release. The permanence time before disappearing is just sufficient
for performance calculation and does not permit a second capture.

The arena of the foraging task is composed of two areas: (i) the nest; (ii) the hunt field. The
nest is where the captured prey shall be brought, while the hunt field is where the prey are
initially located. In our implementation, we use a circular arena with an external hunt field
and an internal nest (see Figure 2.3d). Each area is characterized by a different color that the

robot can distinguish through its ground sensors. A light source is positioned at the center of
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Figure 2.4: Distribution of the maximum performance attained by each replica in the four tasks.
The performance for (a), (b), and (c) is expressed as the percentage of the maximum performance
attainable. The performance for (d) does not have an easily computable and informative upper
bound, and it is thus displayed raw.

the arena, providing a landmark that the robot can perceive through its light sensors.

Finally, in the foraging task, the local adaptation strategy does not make use of the threshold.
Indeed, preliminary analyzes did not show any advantage in using this bootstrap phase in this
task. We claim that this is because intermediate scores are difficult to obtain, and good and bad
behaviors are too clearly separated. This also complicates the adaptation, that can hardly follow

a gradient of performance to improve the behavior.

2.3 Results

As this chapter investigates the use of online adaptation to create flexible controllers for un-
known static environments, we begin analyzing the maximum performance attained by the
robot throughout the experiment. Figure 2.4 shows the results in the collision avoidance, area
avoidance, T-maze, and foraging tasks. It is visible that the random and local adaptation attain
similar performance distributions, with the latter performing just slightly better. The moti-
vation is that they both explore the landscape of solutions similarly: the former tests random
controllers at each iteration, while the bootstrap phase of the latter permits exploring until a
good enough solution is found. Additionally, this suggests that many possible solutions to the

problem exist. Indeed, in the opposite case, we would expect the random adaptation to have
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Figure 2.5: Distribution of the average performance attained by each replica in the four tasks.
The performance for (a), (b), and (c) is expressed as the percentage of the maximum performance
attainable. The performance for (d) does not have an easily computable and informative upper
bound, and it is thus displayed raw.

more trouble finding them, as it cannot exploit the gradient of the landscape during the search.
Overall, we can say that online adaptation seems to be capable of often finding effective solu-
tions, frequently attaining 50% or more of the maximum performance, which, based on direct
observations, already indicates an acceptable behavior.

The maximum performance attained is useful to understand how effectively the mechanism
explores the landscape of solutions. Nevertheless, this does not tell us how well it maintains and
improves discovered controllers during the experiment. Indeed, the best performance could be
a unique achievement in the life of the robot, not indicating systematic effectiveness. To in-
vestigate this aspect, we examine the distribution of the average performance during the run
of each replica (see Figure 2.5). From this analysis, we observe some interesting results that
differ from task to task. The performance in collision avoidance halves, but still remains at a
mean level representing the ability to perform some basic obstacle avoidance* (see Figure 2.5a).
Additionally, the top performing solutions (i.e., the best behaving ones) experience just a mini-
mal decrease. Comparing random and local adaptation, we observe that the difference increases
slightly in favor of the latter, causing the distributions to differ statistically (p-value < 0.05 with
the Wilcoxon test). Meanwhile, in the area avoidance, the performance decreases significantly,

dropping from an almost perfect behavior to a barely decent one even with local adaptation (see

4Usually, a performance around 30% of the maximum indicates an overall decent behavior.
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Figure 2.5b). This clearly shows the difficulty of the task, that requires relying on just one input
sensor to control the motion. Nevertheless, the local adaptation succeeds in maintaining some
replicas working, completely outperforming the random adaptation (p-value < 0.05 with the
Wilcoxon test). This trend is similar also in the T-maze task (see Figure 2.5¢). In this case, the
mean performance attained by local adaptation throughout the experiment halves, with the one
attained by the random adaptation almost zeroing. Notably, the top performances of the latter
are lower than the third quartile of the former. Also in this case, the distributions differ signif-
icantly (p-value < 0.05 with the Wilcoxon test). Finally, in the foraging task, we notice a very
substantial drop, hidden by the change in scale of the plot (see Figure 2.5d). Overall, the perfor-
mances seem to decrease by more than 90%. We claim that this is due to the complexity of the
task, that requires a long exploration time in order to find a suitable solution. Consequently,
the initial epochs of the search contribute almost negligibly to the overall performance. Still,
the two distributions are statistically different (p-value < 0.05 with the Wilcoxon test), with the
local adaptation dropping less than the random one.

In order to verify our claim about the drop between the maximum and average performance
of the experiment, especially in the foraging task, we decide to investigate the average perfor-
mance throughout the experiment. To do so, we average the performance of all the replicas at
each epoch, so as to produce a curve displaying the overall trend of performance over time. Addi-
tionally, we smooth the curve by averaging it over a 25-epoch window: this helps in understand-
ing the general trend while ignoring noise. In this analysis, due to computational constraints,
we consider only the T-maze and foraging tasks. The results clearly highlight the difference be-
tween random and local adaptation, with the latter trend often increasing and performing better
than the former (see Figure 2.6). This is clear in the foraging task, in which the local adapta-
tion displays a growing trend while the random adaptation does not improve at all. Instead,
the trend of the T-maze task is peculiar: here, the local adaptation increases the performance
in the first few epochs and then stagnates. We hypothesize that this is due to the difficulty of
the task, with many controllers succeeding in reaching one of the correct destinations but very
few reaching both. Additionally, working controllers are probably sensitive to changes, as even
successful epochs are not often replicated (i.e., the local adaptation does not find other valid

derived controllers). Overall, analyzing the performance over time gives us additional infor-



2.3. RESULTS 67

Average performance trend throughout the experiment
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Figure 2.6: Average performance trend throughout the experiment in the (a) T-maze and (b) for-
aging tasks. We smooth away the noise by substituting each epoch-value with its average with
the 24 subsequent epochs.

mation about the behavior of the two methods, permitting to explain the previously witnessed
distributions better.

We noticed that the trend of the T-maze performance over time is quite peculiar. In order
to better understand this type of behavior, we propose a different way to analyze the results.
Specifically, we propose to evaluate the controllers and the adaptation in function of achieve-
ments, and not of the performance itself. This means counting how many “goals” the replica
attains in its life. Nevertheless, this type of analysis cannot be done for every type of task. For
instance, classifying goals in a collision avoidance task is quite pretentious. Therefore, we just
focus on the T-maze and foraging tasks, that have the most straightforward way to calculate
achievements. For the former, we consider an achievement reaching both correct destinations
in one epoch. For the latter, we consider an achievement the foraging of at least one prey. Fig-
ure 2.7 shows the “empirical cumulative distribution function” (eCDF), indicating the ratio of
replicas achieving a number of successes lower than or equal to a certain value of the x-axis.
Both mechanisms have almost the same share of replicas completely failing (i.e., attaining 0 suc-
cesses), indicating a possible difficulty of the tasks or the impossibility of producing the desired

behavior with some nanowire networks. Of the remaining, only a few are able to find multiple
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1.0 1.0 -

0.8 A 0.8

0.6 0.6
Qo i)
T T
o o

0.4 - 0.4

0.2 1 0.2

0.0 0.0 1

0 5 10 15 20 25 0 20 40 60 80 100
Achievements Achievements
(a) T-maze (b) Foraging
— local adaptation — random adaptation

Figure 2.7: Empirical cumulative distribution function. It indicates the ratio of replicas finding
anumber of effective controllers lower than or equal to the value indicated by the x-axis in (a) the
T-maze and (b) the foraging tasks. In the T-maze, a successful controller is one that succeeds
in reaching both endpoints of the maze. In the foraging, a successful controller is one bringing
back to the nest at least one prey.

working controllers (indicated by values greater than 1 on the x-axis), supporting the thesis of
task complexity. Overall, we can see that, once it finds a working controller, local adaptation
is able to produce working variations more frequently than random adaptation. This is visible
from the gap between the blue and orange trends, with lower values indicating a larger share of
replicas attaining a number of successes greater than that indicated on the x-axis. Furthermore,
since the random adaptation reaches 1 “earlier” than the local one, we can state that the former
finds a much more limited number of working controllers (e.g., the maximum found in one of
its replicas of the T-maze task is 5). We conclude that modifying the best controller helps to
improve and maintain the performance, but also that random search is not effective enough as

a bootstrap strategy’, permitting to find only around 50% successful controllers.

5We recall that the local adaptation searches randomly until it finds a controller that attains a performance greater
than the selected threshold.
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2.4 Discussion

In this chapter, we propose two adaptation mechanisms and use them for adapting to static un-
known environments. This application scenario is the simplest, requiring only the development
of a controller for a specific task in a specific arena. The optimal behavior and its performance
thus remain fix throughout the experiment, permitting the adaptive mechanism to simply max-
imize the performance. Differently, it should consider the performance attainable in a specific
instance of time and space, and adapt accordingly. This assumption is perfect to investigate
whether the mechanisms we propose have the potential to effectively adapt the system to com-
plete a specific task. Therefore, in this chapter, we focus on how these mechanisms explore the
solution space, discussing their effectiveness and the best way to evaluate them.

The first measure we propose for assessing the exploratory capabilities of the adaptive mech-
anisms is the maximum performance attained. As a general consideration, we can state that at-
taining high values in this measure suggests an effective exploration, while attaining low values
suggests an ineffective exploration. Our results show high distributions for both the local and
random adaptation, indicating that they explore the solution space quite effectively. Neverthe-
less, we also observe that the former is higher than the latter in three out of four tasks (i.e., area
avoidance, T-maze, and foraging; p-value < 0.05 with the Wilcoxon test). This indicates that the
way the local adaptation explores the solution space is more effective than the way the random
adaptation does it. Considering that the local adaptation can follow a gradient of performance
thanks to the modification to the best controller, we can assume, therefore, that the landscape
of solutions in the tasks is smooth but not flat. We claim that this is due to the fact that, in most
of these tasks, the perception of the robot is highly correlated, permitting different sensors to be
used for the same role. Furthermore, the working principles of nanowire networks (Caravelli et
al., 2023) suggest that small changes in the couplings cause small changes in the network state.
We claim that these characteristics of the solution space are reasonably common in many tasks,
and thus that the local adaptation should generally have an advantage over the random one.

Despite being informative, considering only the maximum performance attained is mislead-
ing. Our application scenario is that of a robot continuously modifying its controller in produc-

tion, and thus needing to maintain overall good performance. For this motivation, we propose to
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analyze the average performance during the run, so as to understand how effectively it behaves
and how many duties it can complete. Both mechanisms display a significant drop in perfor-
mance when compared to the maximum one. This is because they focus on exploring possible
solutions with the goal of finding the best one in a limited amount of time. Nevertheless, this ap-
proach causes the use of many suboptimal controllers. A more realistic approach would instead
frequently use the best controller so as to maintain an acceptable overall performance, adapt-
ing as needed to attempt improving it. Alternatively, it could modulate the variation of the best
controller according to the performance, so as to explore aggressively with a poor behavior and
gently with a better one. Another motivation for the drop is related to the number of epochs con-
sidered. Indeed, in a static scenario, we expect the average performance to increase over time as
the controllers get refined, until stabilizing to a plateau. Considering a long experiment permits
the average performance to approach the value of the plateau, decreasing the influence of initial
epochs displaying poor behaviors. Differently, in a short experiment, the average performance
during the run can be misleading. For this motivation, we propose to consider also the aver-
age performance throughout the run. This provides additional information, such as the time
to reach the plateau, its value, and the potential decrease in performance in case of catastrophic
forgetting. With this measure, we observe that the drop in the average performance is due to the
low number of epochs considered and not necessarily to a weakness of the adaptive mechanism.
Indeed, the trend of the local adaptation keeps increasing in almost every task, while that of
the random adaptation remains stable. We conclude that the average performance of a period
of time is a powerful tool to rapidly understand the quality of an adaptive mechanism, but it re-
quires attention to avoid misinterpretation. Instead, the average performance over time conveys
more information, resulting more difficult to misunderstand but more demanding to interpret.

The final measure we propose considers achievements during the run. This means counting
the number of times the robot completed a desired action or achieved a desired result. From
the point of view of mere effectiveness, this measure is the most informative. Indeed, while the
performance can sometimes be hardly interpretable, counting goals is more straightforward.
Nevertheless, this measure is not applicable in every situation. An example is that of collision
avoidance, whether the definition of success is blurred: is turning on itself considered a suc-

cess? Many questions such as this complicate defining achievements. Therefore, we apply this
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measure only to the T-maze and foraging tasks. This shows that the local adaptation performs
better than the random one, supporting the previous considerations on its effectiveness.

From the previous considerations, we can outline the utility of the measures we propose
while considering online adaptation. We find it useful to consider the maximum performance
attained, but only with the aim to estimate if the mechanism is effective in producing working
solutions. Indeed, this metric does not permit understanding if the adaptive mechanism sus-
tains the performance over time, nor if the score depends on a single fortuitous situation. For
instance, the robot might be in a favorable position to earn a high evaluation without having
really performed the desired way. Imagine a robot navigating the area avoidance arena (see
Figure 2.3b). The robot could just find itself in a position suitable to go straight without ever
encountering a forbidden area. This would give it a perfect score without having really learned
how to behave from the perspective of the designer. Instead of the maximum performance, we
consider more important the average performance of and throughout life. The former indicates
how effective our robot is in the environment, while the latter informs about the stability of
the behavior and the time required to find a good solution. Indeed, while the average perfor-
mance of life depends on the evaluation time®, the performance throughout life tells how the
adaptation is going. Seeing a plateau in the performance trend would, for instance, indicate a
stagnation in the improvement, and thus suggest what the long-term performance of the robot
could be. Finally, we also analyze the performance of the controllers in terms of achievements,
that indicate the completion of desired goals. This approach is more straightforward and could
be used even during runtime operations to drive the adaptation, similarly to what happens in
reinforcement learning. Nevertheless, evaluating the behavior in terms of achievements is not
always possible. Additionally, this evaluation is less general, depending on a very specific defi-
nition of “goal”. These limits affect its applicability both to drive the adaptation and to analyze
the results. Still, we believe it could be useful in some specific cases.

Towards the end of this chapter, we want to discuss some technical details. In these exper-
iments, we used a threshold to control when to adapt locally and when to explore the solution

space extensively. Even though the idea seems to be working, it requires a non-negligible num-

5We expect the performance of the robot to improve over time, and thus its average performance to increase with
the number of epochs.
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ber of trials to find a good threshold value. Additionally, this strongly depends on the task, on
the environment, and on the characteristics of the evaluation function. Since its only goal is to
speed up the adaptation, we believe its use is not justified. Rather, we suggest allocating more
computational resources or performing the bootstrap phase offline. We face a similar problem
while deciding the duration of an epoch (i.e., the evaluation time of a solution). Indeed, this
strongly influences the computed performance and the exploration of the search space. Obvi-
ously, the longer the trial, the more accurate the evaluation, but also the time required to adapt.
In a real-world scenario where time is a crucial factor, we need to balance the accuracy of the
evaluation and the time it requires. Therefore, also the evaluation time is an important param-
eter requiring careful tuning, but, unlike the threshold, it cannot be avoided.

In this chapter, we performed some preliminary investigations to understand whether a sim-
ple online adaptation mechanism could be used to adapt a controller to perform a specific task
in a static environment. Therefore, we mainly concentrated on the attainable results rather than
proposing a system suitable for real-world applications. This permitted us to understand some
important aspects and requirements of robotic adaptation. In the next chapter, we will try to
improve our approach by addressing a more realistic dynamic scenario. Specifically, we will
consider a system with the goal of improving and maintaining the overall performance rather
than just searching for better behaviors constantly. This should also consider the possibility
that the “best controller” loses effectiveness over time, and thus needs to be replaced. We will
explore all of that in a scenario in which we expect online adaptation to have great potential:

fault recovery.

2.5 Chapter highlights

* Online adaptation seems a valid approach for finding effective behaviors for many robotic
tasks.

* Constantly exploring new solutions could not be suitable for real-world operations, that
require maintaining an acceptable performance over time.

* Classical metrics for the evaluation of design mechanisms are not sufficient to assess adap-

tive mechanisms operating at runtime.
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* The maximum performance is useful to evaluate the capability to explore the solution
space.

* The average performance permits to simply consider the overall effectiveness of the robot,
also during exploration of alternative behaviors.

* The performance over time provides clearer insights into the adaptation process, high-
lighting increase, stagnation, and decrease of the trend.

* Considering achievements can be effective to assess the quality of a behavior, but it is not

always applicable.
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Internal changes

Online adaptation is a technique used to modify the behavior at runtime. Technically, it could
be used to develop a suitable behavior for a task from scratch, as we did in Chapter 2. However,
its strength relies on its ability to adapt an existing behavior to a new situation. One of the
circumstances in which online adaptation could prove useful is facing individual changes. In
this chapter, we explore the use of online adaptation to address exactly one of these triggers:
faults. We initially investigate the level of performance that the robot can attain while damaged.
Then, we explore the performance attainable while adapting to overcome runtime faults (i.e.,
how effective is the induced fault recovery).

This chapter builds on the results obtained in Braccini et al. (2024a) and Baldini et al. (2025a).
We begin by describing the system used to control the robots, the adaptation mechanism, and the
tasks. Then, we present and discuss the results, collecting some considerations for subsequent

explorations on online adaptation.

3.1 Controller and adaptive mechanism

The controller used in these experiments leverages a Boolean network to perform computation.
Boolean networks are an abstract model of gene regulatory networks (Kauffman, 1969) that cap-
tures significant biological phenomena such as cell differentiation (Braccini et al., 2019; Brac-

cini et al., 2021; Huang et al., 2005; Huang et al., 2009; Montagna et al., 2021; Serra et al., 2007;
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Villani et al., 2011). Many works investigated their computational capabilities and dynamical
properties, suggesting that they could be effectively used as a computational substrate. One in-
teresting application is in the robotics domain, where they have been used to develop adapting
and evolving! robot controllers (Braccini et al., 2022c; Roli et al., 2011).

A Boolean network is technically represented as a discrete set of Boolean variables and func-
tions. The state of a variable depends on the state of the neighbors and on the transition function
that controls it. A specific class is that of random Boolean networks, that are created randomly
according to some rules, such as the (possibly average) number of neighbors K of each node.
Even the transition functions are randomly generated, usually creating a mapping from the
state of the neighbors to the resulting state of the variable. This can be done by creating a ta-
ble enumerating the possible input states and by randomly setting the corresponding output.
The setup can be influenced by a bias p representing the probability of an output being set to
1. Different combinations of values for p and K change the dynamics of the network towards
different dynamical regimes (Luque et al., 1997). Specifically, we consider two main regimes:
ordered and chaotic. In the ordered region, a usually short sequence of states periodically re-
peats, defining an attractor. When perturbed, the dynamics of the network deviates from the
attractor, but often returns to it in a short time. Indeed, the ordered region is characterized by
a short propagation of the signals and by the tendency of the system to return to a stable state.
The chaotic regime really exists only for asynchronous Boolean networks, but we can often refer
to pseudo-chaotic dynamics also when talking about synchronous Boolean networks. In the for-
mer, the state changes erratically, making it impossible to predict the system state some steps
later. In the latter, the attractor is long enough to make it often incomputable. When subject to
perturbations, the chaotic network enhances and favors their spread, often permanently chang-
ing the future evolution of the system over time. At the boundary between the two regimes lies
the critical region, characterized by an interesting combination of the two. In this condition,
the attractors are usually longer than those of the ordered regime and shorter than those of the
chaotic regime. Additionally, the perturbations propagate more than in the ordered region, but
fade away faster than in the chaotic one. Many works suggest that critical Boolean networks

favor computation, and indeed have been successfully used to complete different tasks, such as

I This is mostly thanks to their simple encoding and mutation.
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Example of adaptation step

ADAPTATION

© " o

SENSORS BOOLEAN NETWORK ACTUATORS SENSORS BOOLEAN NETWORK ACTUATORS

Figure 3.1: Example of an adaptation step. The coupling to reconnect is indicated by a red
dashed line on the left. The reconnected coupling is represented by a blue dashed line on the
right. As is visible, the adaptation affects only the node to which a sensor connects, and leaves
unchanged the topology of the Boolean network.

classification, filtering, and control (Roli et al., 2018). Even Boolean networks evolved to solve
specific tasks were often found to be critical (Benedettini et al., 2013).

The controller we propose works by perturbing the Boolean network state and by extracting
outputs to control the motion of the robot. To do so, we connect the sensors and actuators to dif-
ferent nodes of the network. We refer to the sensor-to-node and node-to-actuator connections
as couplings. The sensors perturb the Boolean network state with a value depending on the
perception. Specifically, to match the Boolean network computing domain, we convert every
sensory signal to a binary value. The output value to control the motors is instead multiplied
by the selected motor speed. The initial controller consists of a set of couplings insisting on
different Boolean network nodes. This avoids inputs from overwriting each other and outputs
from receiving direct input cues or the same values. The robot runs the controller and collects
a performance measure, representing how well it behaved during the evaluation epoch. Subse-
quently, the robot undergoes an adaptation process affecting the couplings of the best known
controller so as to produce a variant to test (see Figure 3.1). It does so by selecting 1 to 6 input
couplings® and reconnecting them to different points of the Boolean network. The idea is that
it is possible to perturb the state of the network in order to generate a desired response, that
is, a desired output which is used to properly control the actuators. Interestingly, the adaptive
process we propose modifies the response of the robot without affecting the Boolean network

structure (i.e., its topology and transition functions).

2The total number of input couplings is 24.
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In this chapter, we present two variants of the adaptive mechanism, that we respectively
call a and b. Variant a permits multiple couplings to connect to the same node. Additionally,
it continuously tries new solutions so as to investigate a pure exploratory strategy. Variant b
forces each sensor to connect to a “free” node, that is, a node not connected with any other
sensor or actuator. Additionally, variant b alternates the exploration of a new solution with
the exploitation of the best one. This has a double goal: (i) re-evaluating the best controller
in possibly changed conditions, (ii) improving the performance during life. The re-evaluation

simply averages between the old and the new performance attained by the best controller.

3.2 Experimental setting

We evaluate the ability of the adaptive system to overcome damage on two tasks taking place in

different simulated environments:

¢ Phototaxis;

¢ Collision avoidance.

Specifically, we perform some preliminary experiments with the adaptive mechanism a on the
phototaxis task alone. Then, we extend the investigation by verifying the effect of faults occur-
ring halfway through the experiment with the adaptive mechanism b. We also explore this last
scenario in the collision avoidance task.

The robot used in the experiments is a foot-bot, simulated in ARGoS3 (Bonani et al., 2010;
Pinciroli et al., 2012). The foot-bot is equipped with 24 light sensors placed in a circular ring
around the chassis of the robot, and can move by means of two wheeled motors. Before being
passed to the Boolean network, the values of the sensors are encoded in binary form according
to a threshold of 0.2. Values greater than the threshold become 1, while lower values become 0.
The outputs are either 0 or 1, converted respectively into fixed linear velocity of 0 and 2 cm/s to
control the motors. Modulating the speed is possible by controlling the frequency of 1s in the
sequence of output values over time.

For each type and intensity of damage, we test multiple robot controllers that represent our

replicas of the experiment. The controllers are all different inside the same experiment, but
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task & adapt. mechanism | Boolean network  epoch  epochs replicas
size duration  count count
phototaxis a 100 60s 1200 300
phototaxis b 500 45s 960 2500%
collision avoidance b 500 150s 960 2500%

Table 3.1: Configuration parameters of each experiment. The second experiment (i.e., the one
employing adaptive mechanism b) considers only replicas attaining a performance that indicates
an effective behavior. Therefore, out of the 2500 executed replicas, only a subset is considered
in the results.

are the same across different ones. For instance, replica 3 from the experiment with 6 missing
inputs has the same starting controller as replica 3 from the experiment with 24 fixed inputs.
This guarantees that the experiments are comparable. Each experiment consists of a number of
adaptation epochs that depends on the task difficulty. Additionally, also the size of the Boolean
network depends on the task complexity. The duration of each epoch depends instead on the
task and on the size of the arena. Table 3.1 reports all the parameter configurations for each
experiment.

In the first set of experiments involving robots starting already damaged, we consider all the
replicas. In the second set of experiments involving robots that undergo faults halfway through
the run, we consider only robots that learned the behavior without damage. Indeed, being able
to complete the task is a necessary condition to talk about fault recovery, and since the con-
troller of the robot uses a random Boolean network with fixed output couplings, it is possible
that for some replicas a working controller does not exist at all. This might be due to topolog-
ical pathologies or to the connection of the motors to fixed output nodes. The result is that
for these pathological cases, the adaptive mechanism that we employ is hopeless. In order to
avoid considering these ill situations, we set a threshold for each task, discriminating between
robots that learned the behavior and robots that did not. We select the thresholds considering
the characteristics of the evaluation functions and empirically observing multiple runs. Specif-
ically, in the collision avoidance, a performance greater than 500 indicates robots capable of
avoiding obstacles, even though not necessarily efficiently. In the phototaxis task, we select 0
as the threshold, identifying robots that, on average, move towards the light during the exper-

iment. Higher performances just indicate more effective behaviors. We consider only replicas
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whose average performance during exploitation epochs? in the first phase of the experiment (i.e.,

without damages) is higher than the threshold.

3.2.1 Phototaxis

In the phototaxis task, the robot moves as fast as possible towards a light source, and stays
close to it once reached. The effectiveness of the behavior depends on the distance travelled
towards the light since the start of the evaluation epoch. Specifically, for simplicity, we consider
directly the distance from the light obtained by the simulator. This is a proxy to the equivalent
local evaluation function employing the light sensors to understand the distance. Indeed, the
robot can understand if it is moving in the correct direction and the distance from the light
thanks to changes in its perception. An increase in the maximum perceived intensity indicates
a movement towards the light, while a decrease indicates that it is going away from it. Similarly,
the change in the radiation intensity between the start and the end of an epoch indicates the
distance travelled towards the light. The mathematical formulation of the evaluation function
for the phototaxis task is the following:

Pf;och = 6start - 6end (31)

where:

* Osre 1s the distance of the robot from the light at the start of the epoch;

* Oenq is the distance of the robot from the light at the end of the epoch.

The arena of the phototaxis task consists of a square arena. The robot starts in the bottom-left
corner and moves towards the light. In the first set of experiments using the adaptive mecha-
nism a, the light is at the center of an arena having an edge equal to 100 m (see Figure 3.2a).
In the second set of experiments using the adaptive mechanism b, the light is in the top-right

corner of an arena having an edge equal to 1000 m (see Figure 3.2b).

3An exploitation epoch uses the best behavior discovered by the robot until that moment.
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Arenas of the experiments
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(a) Phototaxis a (b) Phototaxis b (c) Collision avoidance

Figure 3.2: Representation of the arenas used in the experiment. (a) and (b) represent the arenas
for the phototaxis task. The yellow circle represents the light source, and the concentric lines
starting from it represent the gradient of luminous radiation. As the arena is too big to be fully
represented, here we just show its main parts. (a) is the arena used in the task using the adaptive
mechanism g; (b) is the arena used in the task using the adaptive mechanism b. The difference
consists in the position of the light source and in the size of the arena. (c) represents the arena
for the collision avoidance task. The block in the center represents an obstacle to be avoided.
All arenas contain a green entity representing the robot.

3.2.2 Collision avoidance

In the collision avoidance task, the robot moves as fast and straight as possible while avoiding
collisions. The evaluation function must therefore consider the maximum proximity of per-
ceived obstacles, and the speed and direction of the movement. The function evaluating the

performance of the robot performing collision avoidance is the following:
k
PoA =Y PSa (3.2)
i=1
PG = <1 - proxmax) X <al;a’> x (1 - \/m> (3.3)

where:

* k is the number of steps in the epoch;
* iis the index of the step under consideration;

* DroXmgy is the maximum proximity perceived by the robot, in [0, 1];
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Points of failure
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Figure 3.3: Representation of the points of occurrence of the damages considered in the experi-
ments.

* g;and a, indicate whether the left and right motors of the robot are active, with 0 indicating

a still motor and 1 indicating a turning one.

We experiment with the collision avoidance task in a square arena with a central block (see
Figure 3.2c). The robot starts in a random position of the arena, and has to travel the circuit as
fast as possible in a straight line. The best strategy consists in going straight through the side

corridors and turning as fast as possible at the corners.

3.2.3 Damages

A real robot may undergo many types of faults. Here, we analyze how the performance changes
in different situations. Specifically, we focus on damages happening on the couplings connect-
ing sensors and actuators to the Boolean network (see Figure 3.3). The motivation is that, in or-
der to operate, online adaptation needs to be able to evaluate the robot behavior. In our scenario,
the evaluation function uses the readings of the sensor and the control values of the actuators
to compute the performance value. If the damage occurs on the sensors themselves, then the
evaluation function itself might have difficulties evaluating the behavior and thus guiding the
adaptation to the desired outcome. Considering faults on the couplings permits to start explor-
ing the potential of online adaptation for fault recovery in a clear and controlled scenario.

The first type of damage that we explore considers missing inputs to the Boolean network
controller. This may be due to the breaking of the sensor or the disconnection of a cable. In

this chapter, we consider the latter case. The result is that the sensor does not perturb the
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internal state of the Boolean network anymore, making it blind to the corresponding cue. For
this motivation, we refer to this type of damage as missing input. The second scenario considers
the input of the Boolean network to block to a fixed random value. This simulates the case of a
short circuit in which the output connection touches the source voltage or the ground. Unlike
before, those still perturb the Boolean network internal state, but presumably in a detrimental
way. We refer to this type of damage as fixed input. The third case is that of inputs consisting
of random values, simulating the presence of noise masking the signal. Also in this case, those
still perturb the Boolean network internal state. However, their signal can be considered noise
and is therefore expected to be detrimental. We call this type of damage noisy input. Finally,
only in the second set of experiments (i.e., those using adaptive mechanism b), we investigate
the effect of damages on the actuators. Specifically, we consider that a motor might slow down
due to consumption or reduced grip, affecting the trajectory of the robot. We refer to this type
of damage as slowed actuator.

In the set of experiments using adaptive mechanism 4, the damages can affect randomly
picked sensors or a contiguous set of sensors. The aim is to represent both random and corre-
lated faults. For instance, a short circuit could affect a near set of couplings causing localized
damage. Differently, a fault due to consumption or age could affect random sensors.

We tested the working conditions with 0, 3, 6, 9, . . ., 24 faulty sensors. In the set of experi-
ments using adaptive mechanism a, those are chosen at random at the beginning of each replica.
In the set of experiments using adaptive mechanism b, those happen halfway through the run.
We collected results on multiple replicas for each type of damage (see Table 3.1).

In this investigation, we are also interested in the recovery time of the performance when
adapting a previously working controller. To this goal, we decide to compare the results with
those of a controller designed from scratch for the damaged robot. We do so in the second set of
experiments using the adaptive mechanism b. We refer to experiments in which the robot starts
without damage as informed, and to the others as clueless. This is to represent the ability of the
robot when the damage occurs. Clueless robots start with the same Boolean network topology
and in the same position as the informed ones when the damage occurred, but not with the same

Boolean network state and couplings*. When discarding replicas that did not learn the behavior

“We do not save the state of the Boolean network but only its creation seed. Therefore, we can restore only the
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in the first half of the informed experiment, we also discard the corresponding clueless repli-
cas. This is to compare the adaptation on the same controllers in these two different scenarios.
We give clueless robots the same time to adapt to the damage as informed ones. Specifically,
informed robots have 480 epochs to learn the behavior and another 480 to adapt it to overcome
the faults. Clueless robots have 480 epochs to develop a controller from scratch considering the

damage.

3.3 Results

In this chapter, we investigate the results with different metrics. We begin by considering the
average distance of the robots from the light at the end of the run. Then, we consider the run
length distribution (RLD), indicating how the percentage of replicas attaining a minimum level
of performance that we consider good changes throughout the run. We continue by considering
the distance from the light in the epochs. We analyze these three metrics in the phototaxis task
with the adaptive mechanism a. Following, we discuss the performance in life, the time required
to recover the performance, and whether informed robots have any advantage in recovering
the performance with respect to clueless ones (i.e., does starting from a previously working
controller have any benefit on the recovery?). We analyze these three metrics in the phototaxis

and collision avoidance tasks with the adaptive mechanism b.

3.3.1 Attainable performance

We expect online adaptation to induce a graceful degradation of performance with the increase
in damage. Specifically, we can use the final distance to the light source to directly understand
the impact of faults. This estimates the capability of the robot to overcome damages in the long
run. Overall, the results support the hypothesis that the attainable performance decreases grace-
fully as the damages increase (see Figure 3.4). Apart from some fluctuations due to variance in
the experiments, the higher the number of faulty sensors, the greater the final distance from the
light source. Notably, the performance decreases sensibly when the number of faulty sensors is

high, following a non-linear trend.

Boolean network but not its state.
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Average final distance from the light
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Figure 3.4: Final distance from the light, averaged across 300 replicas. Figure (a), (b), and (c)
represent damages happening on contiguous sensors. Figure (d), (e), and (f) represent damages
happening on random sensors.

In order to investigate the difficulty and time to reach a desired result, we compute the
run length distribution. Given a target distance from the light, this tells us how many replicas
got nearer since the start of the experiment. This provides an estimation of the efficiency of the
adaptive process to exploit the (limited) resources the robots can use: the steeper and higher the
curve, the more effective the adaptation. We compute the run length distribution with thresh-
olds equal to 1 m and 5 cm. The trends are depicted in Figure 3.5 and Figure 3.6, respectively.
Also in this case, we observe a gradual decrease in the ratio of successful robots as the number
of defective sensors increases. Nevertheless, a striking difference emerges between the cases in-
volving damages to random sensors and to contiguous ones: the run length distribution of the

latter does not decrease until a large fraction of sensors is touched. In some cases, it seems even
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Rates of robots reaching 1 m from light over time
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Figure 3.5: Run length distribution for target distance equal to 1 m. A point in the plot rep-
resents the fraction of replicas that achieved a distance less than or equal to 1 m in any epoch
between the start of the experiment and the considered epoch. Figure (a), (b), and (c) represent
damages happening on contiguous sensors. Figure (d), (e), and (f) represent damages happen-
ing on random sensors.

better to have a few damaged sensors. A possible explanation for this phenomenon depends
on the way the controller perceives the environment. Due to the similarity of near sensorial
perceptions and the binarization threshold, the Boolean network mainly discriminates between
sensors facing or not facing the light source. Specifically, the robot can produce the best be-
havior by adjusting the direction when sensors that should be facing the light source no longer
perceive it (or vice versa). This makes sensors about the sides of the robot the most important

for navigation, as they permit detecting any deviation from the desired trajectory early on. Con-
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Rates of robots reaching 5 cm from light over time
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Figure 3.6: Run length distribution for target distance equal to 5cm. A point in the plot rep-
resents the fraction of replicas that achieved a distance less than or equal to 5cm in any epoch
between the start of the experiment and the considered epoch. Figure (a), (b), and (c) represent
damages happening on contiguous sensors. Figure (d), (e), and (f) represent damages happen-
ing on random sensors.

tiguous damages can affect both sides of the robot only when the number of faults increases
notably. Differently, random faults can affect both sides of the robot even with a few damages,
potentially reducing the effectiveness of the action more frequently. Therefore, it seems that
having at least one important side of the robot still behaving correctly permits the generation
of more effective behaviors. We thus conclude that, in our specific case, contiguous damages
affect the performance less than random ones when considering a few faults (no more than 9),

losing then their advantage as the damage increases.
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Distance from light over time
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Figure 3.7: Distance from the light along adaptation epochs, averaged across 300 replicas. Fig-
ure (a), (b), and (c) represent damages happening on contiguous sensors. Figure (d), (e), and (f)
represent damages happening on random sensors.

Finally, the distance from light at each epoch provides a complementary view of robot perfor-
mance. This captures the performance over time, taking into account also unsuccessful adapta-
tion attempts. Indeed, while the run length distribution considers only the best values attained
until that moment, the distance over time permits identifying even non-monotonic trends. Fig-
ure 3.7 depicts the trend of the average distance from the light. We can observe a qualitative
behavior analogous to the previous cases. It is remarkable that, also under this evaluation, the
performance with a few damaged sensors is still equivalent to, or even better than, that in which

all sensors are working. This observation reinforces our previous hypothesis, as it provides an
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online view of the impact of having less information. We conclude by observing that with all 24
sensors damaged, the distance from the light decreases anyway. This is due to the fact that the
faults we consider happen on the couplings between the sensors and the Boolean network, allow-
ing the evaluation function to still evaluate the performance. The result is that the adaptation
exploits even the erroneous perceptions, perturbing the Boolean network so as to control the
motors appropriately. This also explains why robots with 24 missing inputs do not statistically

move, as their absence cannot perturb the network properly.

3.3.2 Performance recovery

After investigating the attainable performance, here we assess the capability of online adapta-
tion to recover the behavior after a fault. In our analysis, we consider only exploitation epochs,
that are those using the best solution, and we ignore the exploration ones. The motivation is that,
in this analysis, we are not interested in the exploration of solutions, but in the improvement
in different conditions. The results show that online adaptation is generally able to recover the
robot performance after undergoing faults (see Figure 3.8). Nevertheless, we can distinguish the
impact on the maximum recovered performance caused by different types of damage in each
of the two tasks. In the collision avoidance, having a damaged actuator seems to improve the
performance (see Figure 3.9). The difference in the two wheels speed tends indeed to curve
the trajectory of the robot, inducing a turn. Since the arena is a circuit, a turning behavior ef-
fectively navigates the environment. Normally, this is discouraged by the evaluation function,
that penalizes unnecessary turns. However, this considers only if the motors are active, and
not their effective rotation speed. The result is that the evaluation function we employ is not
able to discriminate a turn due to a slowed motor from a straight movement, and thus cannot
penalize it. This allows the robot to attain a higher performance despite showing a suboptimal
behavior. This hypothesis holds when considering two faulted actuators. In this case, the robot
does not display the turning behavior anymore. Instead, all its movements slow down by half.
This increases the time to perform a turn and move away whenever it encounters an obstacle,
decreasing the performance with respect to the undamaged scenario. Additionally, online adap-

tation does not recover the performance in the two-damages scenario. Instead, this decreases
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Figure 3.8: Average recovered performance, calculated as the difference between the average
performance at the end of the experiment and that of the exploitation epoch immediately after
the occurrence of damage. Figures (a), (b), (c), and (d) show the recovery in the collision avoid-
ance task. Figures (e), (f), (g), and (h) shows the recovery in the phototaxis task.

slowly until it stabilizes.

Still in the collision avoidance, the occurrence of sensorial faults causes a sudden drop in the
performance (see Figures 3.10 to 3.12). Nevertheless, online adaptation recovers the behavior
in a short time regardless of the type of damage incurred. The differences consist in the inten-
sity of the performance drop immediately after the damage and in the recovered performance.
Specifically, a robot with missing inputs experiences a substantial decrease with the slowest re-
covery (see Figure 3.10). Fixed inputs cause a comparable drop of performance after damage,
but recover faster (see Figure 3.11). Additionally, the performance attained after adaptation
is slightly higher than that of robots with missing inputs, indicating a more manageable fault.

Finally, noisy inputs cause a reduced drop in performance with respect to the two other types of
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Figure 3.9: Performance according to the intensity of the damage to the actuators in the collision
avoidance task. The trend is the average of the replicas that learned the behavior. Overall, a
performance greater than 500 indicates a successful robot.

damage (see Figure 3.12). Additionally, the recovery is faster and leads to a performance similar
to that of the undamaged robot.

In the phototaxis task, the peculiar trend displayed in presence of actuator damage did not
replicate (see Figure 3.13). Indeed, the performance decreases gracefully according to the inten-
sity of the fault. This is because, unlike the collision avoidance task, the phototaxis arena does
not favor turning behaviors, but instead requires a straight trajectory towards the light to attain
the highest evaluation. In the same way, a slower movement decreases the maximum travelled
distance. This also limits the performance that the robot can attain, as it is now bound to half
of the maximum without damage. The results show a relatively good recovery of performance
in the case of just one damage, with a slight decrease in the case of two damages.

The performance trend in the phototaxis task with faulty sensors differs slightly from that
of the collision avoidance (see Figures 3.14 to 3.16). When damages occur, we still observe
a drop in performance. However, this recovers more slowly throughout the entire duration
of the experiment, often without stabilizing. Interestingly, with some degree of damage, the

recovery seems even enhanced. Indeed, slightly and heavily damaged robots recover less and
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Performance with missing inputs
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Figure 3.10: Performance according to the number of missing inputs in the collision avoidance
task. The trend is the average of the replicas that learned the behavior. Overall, a performance
greater than 500 indicates a successful robot.
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Figure 3.11: Performance according to the number of fixed inputs in the collision avoidance
task. The trend is the average of the replicas that learned the behavior. Overall, a performance
greater than 500 indicates a successful robot.
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Performance with noisy inputs
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Figure 3.12: Performance according to the number of noisy inputs in the collision avoidance
task. The trend is the average of the replicas that learned the behavior. Overall, a performance
greater than 500 indicates a successful robot.
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Figure 3.13: Performance according to the intensity of the damage on the actuators in the pho-
totaxis task. The trend is the average of the replicas that learned the behavior. Overall, a per-
formance greater than 0 indicates a successful robot.
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Performance with missing inputs
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Figure 3.14: Performance according to the number of missing inputs in the phototaxis task. The
trend is the average of the replicas that learned the behavior. Overall, a performance greater
than 0 indicates a successful robot.

more slowly than moderately damaged ones. For instance, the recovery when subject to 12 or 15
missing inputs is much greater than that with 3 or 24 faulted sensors. This trend is robust across
all the different experiments. The motivation is probably that few damages cause a negligible
drop in performance and therefore a limited possible recovery. Differently, with many damages,
recovering the performance becomes harder. A mean amount of damage causes a sensible drop,
but still permits recovering the performance to a great extent.

Also in this case, we can distinguish the effect of different types of damage on the perfor-
mance. With missing inputs, the performance drop is significant and does not recover notably
for slightly or heavily damaged robots (see Figure 3.14). Differently, the recovery seems to be
at its maximum with about half the sensors faulted. The experiments with fixed inputs show
a similar trend, but even highly damaged robots are able to recover their performance (see Fig-
ure 3.15). Additionally, the recovered performance is greater than that of robots with missing
inputs, indicating a more manageable fault. Finally, with noisy inputs, the drop in performance
is the greatest and recovery is minimal (see Figure 3.16). Indeed, online adaptation seems to be

able to recover the performance only for slightly faulted robots. This differs from the results
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Performance with fixed inputs
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Figure 3.15: Performance according to the number of fixed inputs in the phototaxis task. The
trend is the average of the replicas that learned the behavior. Overall, a performance greater
than 0 indicates a successful robot.
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Figure 3.16: Performance according to the number of noisy inputs in the phototaxis task. The
trend is the average of the replicas that learned the behavior. Overall, a performance greater
than 0 indicates a successful robot.
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obtained in the collision avoidance task, in which noisy inputs are the type of fault affecting the
behavior less.

In addition to the trends just analyzed, we also investigate the effects of adaptation in clue-
less robots, that start damaged and with a completely random input couplings (see Figures 3.9
to 3.16). This permits comparing the recovery time of informed robots that start with a previ-
ously working behavior, and to verify that this does not trap the controller into an ill solution.
All experiments show that the performance attained starting from a working controller (i.e., in-
formed) is similar to that attained starting from a clueless robot. This suggests that adapting a
working controller does not prevent a successful exploration of alternative solutions. Instead,
it speeds up their search, attaining better performance soon after the damage. This is especially
true for limited faults that affect the performance less and thus require fewer modifications to
become effective again. Also, this is especially true for the collision avoidance task, as in the

phototaxis task the recovery speed-up is reduced.

3.4 Discussion

In this chapter, we investigate the performance of a robot subject to damage, and how it can
recover from it. We do so by employing two different adaptive mechanisms: “a” always trying
new solutions, and “b” periodically reusing its best one. Each permits focusing on a specific
aspect of the investigation. The former considers only exploration, permitting investigating the
effect of different types of damage with a purely exploratory adaptive mechanism. The latter
permits identifying a decrease in performance, and thus adapting to it. Indeed, preliminary
experiments highlighted that fixing the best evaluation as done by mechanism a does not work in
changing conditions such as the ones considered in the experiments with adaptive mechanism b.
A “best controller” at time ¢; might not be the best at time f,, and if the maximum performance
attainable in ¢, is lower than that attained in #;, then the adaptation will keep searching for
an impossible improvement. Re-evaluating the best controller makes it possible, therefore, to
identify when it loses effectiveness, and thus allows replacing it with a better one. Calibrating

the re-evaluation weight (i.e., how much our evaluation of the controller depends on its last
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assessment) finally determines the repulsion to change of the robot®.

The final performance and its trend show that online adaptation induces graceful degrada-
tion, meaning that the performance decreases as the number of faults increases. This suggests
that the lost perception is indeed useful for the robot to behave properly. Nevertheless, this has
some notable exceptions. In fact, the results also show that, in some conditions, the lack of a few
sensors increases the performance of the robot, or the reduction is negligible. Our hypothesis
is that removing some cues to the Boolean network simplifies the correct use of the remaining.
In other words, removing some irrelevant signals may help the controller to focus on more rel-
evant ones. Additionally, some specific types of damage, such as the fixed input, may be used
to modify the dynamics of the network advantageously. These aspects address another crucial
point in online adaptation: the contingent optimization of the resources available to the robot.

Online adaptation seems, therefore, effective in finding some working solutions in the pres-
ence of damage. Nevertheless, the main interest resides in using online adaptation to enable
fault recovery. This means starting from a working solution and then adapting so as to over-
come damages. Investigating this aspect raises some additional questions. Can online adapta-
tion really recover the performance of a damaged robot? To what degree can the performance
recover? Is it faster to develop a new solution from scratch or to adapt an existing one? Does
starting from a previously working solution bias or limit the adaptation? We find that online
adaptation is a valid strategy to overcome damages in most situations. It permits the recovery
of the performance by an amount proportional to the intensity of the fault. Indeed, limited
damages cause an almost negligible drop in performance, which is soon recovered to a slightly
better value. Differently, more faults induce a greater drop in performance, which is usually
followed by a recovery proportionally greater than that of fewer damages. In the phototaxis
task, this trend is slightly different, with heavily damaged robots recovering their performance
less. We also observe that different types of damage produce different effects in the recovery.
Specifically, we notice that the fixed input is the type of damage that affects the robot less in
the two tasks (i.e., the drop is limited and the recovery is fast). This is somewhat surprising,

as we would expect missing inputs to do so. The motivation is probably that the former per-

5In our experiments, the re-evaluation weight is 0.5, meaning that we perform the average between the previous and
new evaluation.
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mits modifying the dynamics of the Boolean network in favor of the robot, eliciting the desired
behavior in a specific environment. Not modifying the controller, the missing inputs lose the
possibility to influence its dynamics, and therefore to modify the intrinsic behavior of the robot.
Noisy inputs produce different results in the collision avoidance and phototaxis tasks. Specifi-
cally, in the former, they permit attaining the highest recovered performance, while in the latter,
they produce the worst behavior. The motivation for this difference remains unclear. Finally,
damages to the actuation are generally the hardest to recover, but can enhance the performance
by exploiting peculiarities of the evaluation function. While this does not actually imply an ef-
fective improvement in the generated behavior, it is still an interesting point to consider while
devising the function itself. Interestingly, this peculiar trend has been observed even in other
works (Silva et al., 2017).

The aforementioned differences in the impact of different types of damage are not universal,
but depend on the environment in which the robot is acting. Clearly, a robot with all faulty sen-
sors should not be able to act properly. Nevertheless, it succeeds in doing so thanks to online
adaptation, that exploits peculiarities of the environment to select a suitable behavior. Similarly,
when a robot is just partially damaged, online adaptation permits using both sensory percep-
tion and peculiarities of the environment to improve the performance. This can be seen as a
sort of overfitting of the behavior to a specific environment and to a specific type of damage.
Usually, this would be considered negative, but due to the characteristics of online adaptation,
this is not particularly problematic. Indeed, the ability to generalize is useful to face unexpected
challenges, but it decreases in importance when we can directly adapt to them. Obviously, gen-
eralizing remains important, but it is no longer fundamental to succeed. All these considera-
tions suggest that the difference in the performance with different types of damage could arise
from their synergy with the environment and by how easily online adaptation exploits them.
Notable example is that of one faulted actuator in collision avoidance, that curves the trajectory
simplifying the navigation of the circuit arena.

A further interesting result is in the analysis of the time to recover the performance after
the occurrence of damage. Indeed, trying to fix an already known controller might slow down
the recovery, or even trap it in an unfavorable section of the search space. If that possibility

actually existed, searching from scratch for a controller might attain better performance faster.
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Instead, our results show that modifying a known solution to fix the behavior leads to a faster
performance recovery with respect to learning from scratch. This even suggests that starting
from known behaviors might speed up the discovery of controllers for different tasks.

Finally, one aspect that we believe is important to highlight is the peculiar condition that we
investigate and its consequences. With the adaptive mechanism b, we consider faults occurring
on the couplings connecting the sensors to the Boolean network nodes, and the Boolean network
nodes to the actuators. Despite realistic, this type of damage is not the only one that might occur.
For instance, the damage might affect the sensors and actuators themselves. In this case, the
evaluation function that we employed would also be affected by the fault. Indeed, it also relies
on the robot perception and control commands, meaning that it is also sensitive to faults. Since
online adaptation relies on the evaluation function to work properly, this situation is potentially
detrimental. We believe that in order to create more robust systems, there is a need to use more
general evaluation functions relying on multiple sensors, on external evaluation, and / or on
an abstract measure of “well-being” (e.g., maintaining essential variables in survival range as
proposed by Ashby, 1962). We expect that these would drive the adaptation remaining more
tolerant to faults. Additionally, the latter option could even enable the emergence of different
behaviors in different environmental conditions.

In this chapter, we performed some investigations to understand whether online adaptation
could be used to adapt a controller to overcome faults. We found positive results, suggesting
that online adaptation is indeed suitable to adapt the behavior so as to tackle internal changes.
Nevertheless, internal changes are not the only type of variation that the robot can experience.
Of primary importance are also external changes, and the way online adaptation addresses them.
In the next chapter, we will investigate the use of online adaptation in a dynamic environment
where the conditions change unexpectedly. Specifically, we will propose an evaluation function
based on a measure of “well-being”, demonstrating that this leads to the emergence of two

opposite types of behavior in different conditions.

3.5 Chapter highlights

* Online adaptation is a valid approach to overcome performance drops due to faults.
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* Adapting to internal changes requires re-evaluating the best behavior of the robot, so as
to forget it if it loses effectiveness.

* Periodically using the best behavior increases the overall performance of the robot, making
it more valuable for real-world operations.

* It is faster to recover the performance of a controller than to find a new one from scratch.

* The characteristics of online adaptation potentially even permit exploiting faults to the
robot advantage.

* If the faults affect the self-evaluation of the robot, the ability of online adaptation to recover

the performance is hindered.
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External changes

In the previous chapter, we explored the use of online adaptation to face unexpected changes
happening inside the robot. Nevertheless, it is likely that most of the changes the robot will
face are not internal, but rather external. The environment and, in general, all external con-
ditions follow complex dynamics and are a source of uncertainty that we cannot fully prepare
for. Therefore, in this chapter, we investigate the use of online adaptation to face changes in the
environment. We do so by considering a simple task requiring the maintenance of a variable
at a desired value, in a process akin to homeostasis. Additionally, we structure the arena so
as to require the use of two different behaviors when the environment changes. This makes it
possible to investigate whether online adaptation permits to find the best strategy for a specific
environmental condition (or niche).

This chapter begins by describing the system used to control the robots, the adaptation mech-
anism, and the task. Then, we present and discuss the results, collecting some considerations

for subsequent explorations on online adaptation.

4.1 Controller and adaptive mechanism

For this experiment, we propose to use a controller leveraging an Elman network, also called
simple recurrent neural network, to control the robot (Elman, 1990). An Elman network is one

of the simplest recurrent neural network architectures, consisting of a single hidden layer and
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Elman network architecture
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Figure 4.1: The Elman network architecture. Specifically, the version used in this investigation
consists of 3 input nodes, 6 hidden nodes, and 2 output nodes. Each hidden node has a context
unit copying its value. The hidden node computation considers, therefore, the inputs and the
context unit containing its value at the previous iteration.

some context units acting as a memory (see Figure 4.1). Specifically, a context node is associated
with a specific hidden node, of which it copies the value. During output generation, each hidden
node receives as input the values from the input layer and from its context unit. The value of
the hidden nodes is then used to compute the output of the network and to update the context

layer. Mathematically, we can express the output of an Elman network as follows:

0; = tanh (W, - B (h;))

h; =tanh (Wy -B(i;) + wg © c;) (4.1)

where:

* 0 ; is the column vector of the output layer values at time i;

* h;and h ;_; are the column vectors of the hidden layer values, respectively, at time i and
i— 1;

* i;is the column vector of the input layer values at time i;

* ¢ ;is the column vector of the context layer values at time i;
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* W, is the weight matrix connecting the hidden layer to the output layer;

* W, is the weight matrix connecting the input layer to the hidden layer;

* w is the weight column vector connecting the context layer to the hidden layer (each
hidden node considers only its corresponding context node);

* Bis a function that appends a bias to a given vector;

* tanh applies the hyperbolic tangent activation function to each element of a vector or ma-

trix.

We generate the initial controller by randomly setting its weights to a value in [-2, 2]. Excep-
tions are the context- and output-layer weights, which are respectively set to one and zero. The
former are due to the original architecture proposed by Elman, that directly copies the weight
of the hidden node to its context unit. The latter are due to preliminary investigations revealing
that the mechanism we propose adapts zeroed weights more easily. Finally, the initial state of
the context units is set to zero. In this experiment, we create six hidden and context nodes. The
input and output layers contain, instead, a node for each sensor and actuator, respectively.

After creation, the initial controller is evaluated in the task and dynamic environment that
we present later. The robot records the performance, that represents its first “best” score. Then,
the robot starts alternating between exploitation and exploration phases. During exploitation,
the robot uses the best controller found so far, updating its evaluation by averaging the new and
old performance. During exploration, the robot tests a new controller created by changing some
weights of the best one. If the new controller is better than the previous one, then it becomes
the new “best” and its performance is recorded. Specifically, the adaptive mechanism modifies
a weight with a 20% probability, changing its value according to the performance attained by
the best controller: the lower the performance, the greater the weight change. This enables
the exploration of distant solutions of the search space when the performance is low, and near

solutions when it is high. The update rule of a selected weight w is the following:

w = min(2, max(—2, w + e >t . rand(—1.0, 1.0))) (4.2)

where:

* w is the weight to update;
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* P s is the performance of the best controller.

This function ensures that the weight is always in the range [—2, 2]. Additionally, due to the
multiplicative factor given by the exponential, it adds greater values with lower performance.
For instance, with a performance of 1, the multiplicative factor is almost 0; with 0.5, it is about
0.08; and with 0, it is 1. As is visible, the multiplicative factor greatly modifies the intensity of
the variation, affecting poorly behaving robots more. It is important to notice that the update
procedure does not affect the hidden-to-context layer weights, that again just copy the value of

the hidden nodes to their corresponding context unit.

4.2 Experimental setting

We assess the ability of the online adaptation mechanism to adapt to external changes in a simple
task taking place in a dynamic environment. Specifically, we imagine a planet with significant
thermal excursion between seasons and a robot having to remain in the warm area of the world
to avoid freezing. For this motivation, we call this task “migration”. We do not specify how the
robot should achieve the goal (i.e., the behavior it displays), but only what it should achieve (i.e.,
remaining at the desired temperature). Despite some differences (e.g., self-regulation vs behav-
ioral adaptation), the process of adapting in order to maintain an internal variable in a desirable
range recalls the concept of homeostasis; therefore, we decide to refer to the evaluation function
permitting this sort of response to changes as “homeostatic”. To enable the operations, we per-
mit the robot to perceive the surrounding temperature and the light in the environment. We
use the light sensors to simulate a positioning system indicating the north of the planet!. This
enables the robot to navigate the arena consciously, without relying on the gradient of tempera-
ture only, which in real life might change due to local conditions (e.g., altitude). The evaluation

function used to assess the quality of a behavior is the following:
P epoch = T ¢nd (43)

where:

IThe light sources are all located at the top of the arena.
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Figure 4.2: The arena of the migration task. The yellow bar at the top represents the light
sources. The lighter yellow bands with dashed borders represent the luminous gradient, de-
creasing as the distance from the source increases. The green entity in the environment repre-
sents the robot, that is not in scale with the environment: it would be too small. Finally, the
colored arrows on the right represent the temperature according to the season. Red indicates a
high temperature, blue indicates a low temperature.

* T .nais the temperature at the last step of the epoch.

This function only considers the temperature reached by the robot at the end of the epoch. As
this changes automatically due to the intrinsic dynamics of the environment, we can keep the
evaluation function extremely simple. Although rather uncomplicated, this task is potentially
relevant to enable more complex missions. For instance, we could require the robot to forage ma-
terials on an alien planet while seeking the best working conditions. Additionally, it highlights
the optimal usage of an evaluation function, which should abstract away from the low-level
characteristics of the task and/or environment, focusing only on the final goal. Unfortunately,
this is often difficult to achieve, and it is currently possible only in very simple scenarios such
as the one presented here.

The arena for the migration task is a square with edges equal to 100 m (see Figure 4.2). We
refer to its top half as Northern Hemisphere (NE), and to the bottom half as Southern Hemi-
sphere (SE). A series of multiple light sources indicates the “north of the world”. We avoid

using just one light source in order not to bias the robot necessarily towards a specific area of
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the arena. For the remaining, the arena is completely empty, allowing the robot to move freely
in it. Nevertheless, due to the duration of the experiment, the robot cannot move more than 2 m
away or towards the light during an epoch.

The robot used in the experiments is a foot-bot (Bonani et al., 2010), simulated in ARGoS3,
beta 59 (Pinciroli et al., 2012). We give the robot access to one virtual temperature sensor and
two light sensors: the front and back ones. The robot moves by means of two wheeled motors
that permit a maximum speed of 10 cm/s. Modulating the speed is possible by controlling the
output of the Elman network controller at each step. An entire experiment consists of 1000
replicas, each composed of 1440 epochs lasting 20 s each. At half experiment, the seasons in the
environment switch, reversing the temperature gradient. We experiment starting from both the
summer and winter seasons, so as to avoid biases. Following, Equation 4.4 reports the temper-

ature value T at a virtual latitude y according to the season:

( v+ 50) /100 if season(i) = summer ng
T, = (4.4)

(—y + 50) / 100 if season(i) = winter ng

where:

* iis the index of the evaluation step of the experiment;

* y € [-50, 50] is a vertical position in the arena, representing a latitude;
* season is a function returning the season at step i;

» summer ng indicates the summer season in the Northern Hemisphere;

» winter yg indicates the winter season in the Northern Hemisphere.

4.3 Results

As this chapter investigates whether online adaptation is suitable to tackle external changes,
we begin by analyzing the performance attained by the robot before and after the variation
of the environmental conditions. This makes it possible to understand if the robot is able to
adapt to the change, or if it instead remains anchored to the previous behavior that is now likely

ineffective. To do so, we consider the distribution of the replica performances at the end of the
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Performance distribution at the end of each season
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Figure 4.3: Performance distribution at the end of each season. (a) shows the experiment start-
ing from the summer season in the Northern Hemisphere. (b) shows the experiment starting
from the winter season in the Northern Hemisphere.

first and second seasons of the experiment (see Figure 4.3). The results show that the robot is
generally able to reconfigure its behavior so as to attain good performances also in the changed
environment. Nevertheless, it is also clear that the two distributions differ. Specifically, the
behavior adapted to the summer yg phase attains a higher performance distribution than that
adapted to the winter yg phase. This indicates that learning the phototaxis behavior (i.e., the
best in the summer ng season) is easier than learning the anti-phototaxis behavior (i.e., the best
in the winter yg season).

Comparing the performance distributions gives us a good idea of the effectiveness of the
adaptive mechanism. Nevertheless, it is possible that some replicas behave well in one part
of the experiment and not in the other. To consider this possibility, we create a scatter plot
representing on one axis the final performance of a replica in the first season of the experiment,
and on the other axis the final performance of the same replica in the second season of the
experiment (see Figure 4.4). The results show that a reasonably large fraction of the robots
is able to adapt their behavior to both seasons. However, this is slightly more marked in the
winter Ng to summer yg experiment, where the replicas distribute around the top-right part of
the plot more. This suggests that passing from the anti-phototaxis behavior to the phototaxis

one is easier than the other way around.
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Performance of each replica per season
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Figure 4.4: Performance at the end of each season per replica. (a) shows the experiment starting
from the summer season in the Northern Hemisphere. (b) shows the experiment starting from
the winter season in the Northern Hemisphere.

The previous analyses permit us to understand how effective the adaptation mechanism is
in the case we consider. Nevertheless, it is also interesting to analyze the average performance
over time. Indeed, this gives us additional information on the effectiveness of online adaptation.
Specifically, it shows how fast the adaptation process operates, that is, how long it takes to
modify the behavior so as to improve the performance. Starting from scratch might indeed
change the adaptation time with respect to starting from an already known controller; indeed,
this seems to be the case, as the performance increase in the former case is less than that in
the latter (see Figure 4.5). This suggests that starting from an agnostic controller requires more
work than changing an already adapted one, even if it displays an antipodal behavior.

Finally, since the evaluation function employed in this investigation produces a performance
value strongly depending on past epochs, we find it reasonable to consider also the performance
variation in a specific epoch. Basically, this considers if the robot moves towards a point of
higher or lower performance during the epoch. We compute this value by simply subtracting
the performance at the start of an epoch from the performance at the end. The results show

that the performance increases rapidly at the beginning of a season, decreasing later as time
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Average performance over time
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Figure 4.5: Average performance over time. (a) shows the experiment starting from the summer
season in the Northern Hemisphere. (b) shows the experiment starting from the winter season
in the Northern Hemisphere.

Average performance variation over time
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Figure 4.6: Average performance variation over time, calculated as the difference of perfor-
mance between the end and the start of an epoch. (a) shows the experiment starting from the
summer season in the Northern Hemisphere. (b) shows the experiment starting from the winter
season in the Northern Hemisphere.

advances (see Figure 4.6). This trend is due to some robots reaching the end of the arena, thus
maintaining the performance rather than increasing it. Interestingly, this highlights a disad-
vantage of evaluation functions considering a performance variation during the epoch: if, such

as in this case, performance improvements are unattainable, the evaluation becomes unrepre-
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sentative of the real capabilities of the robot. Consequently, due to a progressive decrease in
performance over time, the learned behavior could be forgotten, even if it is still the best for
the current circumstances. These types of situations are more likely to occur when using task-
oriented evaluation functions, which typically consider the performance variation from the start
of the epoch. Conversely, with an evaluation function such as the one proposed herein, the robot
is more likely to retain the performance and the discovered behavior without forgetting it. The
risk of this simplification, however, is to have less control over the resulting behavior, potentially
inducing the emergence of unintended ones. Finally, it is interesting to note that the increase
in performance in the plots is always positive, except for immediately after the seasonal change,
when the robot still displays the behavior effective in the first season; however, even in this case,

the performance recovers soon, indicating a rapid behavioral change.

4.4 Discussion

In this chapter, we consider adaptation to face changing environments. We do so by employing
an adaptive mechanism alternating exploration and exploitation. Indeed, as in the case of inter-
nal changes investigated in Chapter 3, the robot needs to be able to recognize when an adopted
behavior stops being effective. As before, this is done by averaging the old and new perfor-
mance of the best behavior known. This allows the behavior to be replaced if its performance
decreases too much, indicating that it does not perform well in all situations. Alternatively, this
can happen if the behavior is no longer effective due to changes in external conditions.

In this chapter, we also propose to modulate the intensity of the adaptation according to
the performance. We do so by reducing the intensity of the weights perturbation when the per-
formance is high. Practically, this helps to modulate the variability of solutions that the adap-
tive mechanism can produce starting from the best one, a la Variable Neighborhood Search (P.
Hansen et al., 2001). The good results we obtain seem to support the utility of the mechanism,
but further investigations are needed to confirm it. Nevertheless, here we would like to high-
light a limitation of modulating the perturbation that we noticed during its use. Specifically,

we highlight that it requires knowing the boundaries of the performance®. Indeed, with an un-

2In this experiment, respectively set to 0 and 1.
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bounded performance, we would not be able to tell how the robot is behaving, and thus we
would not be able to modulate the adaptation. This limitation can be overcome by specifying
the thresholds of bad and desired performances, but this is not always possible. A clear exam-
ple presenting this issue is the foraging task presented in Chapter 2, in which the maximum
amount of captured prey is practically unknown® and a desired amount does not really exist.
Therefore, we claim that modulating the perturbation can be a powerful mechanism to adapt
better, but its applicability depends on multiple factors such as the environment, the task, and
the evaluation function.

Our results show that the proposed online adaptation mechanism is able to adapt the behav-
ior of the robot to changing conditions. After a sudden drop due to the variation, the adaptation
rediscovers a suitable behavior for the new situation. The procedure seems quite fast in the prob-
lem we explore, leading to a recovery in a few hundred epochs. At the same time, we observe a
difference in the recovery speed and intensity, probably due to the complexity of the behavior
required in each environmental condition. Furthermore, the results highlight that passing from
one behavior to another is not equivalent to the opposite transition.

The investigation we performed in this chapter also highlights some interesting aspects of the
evaluation function. Indeed, using a homeostatic evaluation function shows some advantages
and disadvantages with respect to task-oriented ones. Specifically, a task-oriented alternative
of this evaluation function could consider seeking or fleeing the light source in the two environ-
mental conditions, as it is directly related to the temperature in the environment. This could
push the robot to increase the delta of luminous intensity from the beginning to the end of the
epoch. On the one hand, this approach pushes the robot to improve its motion capabilities. On
the other hand, this causes a problem when the robot effectively reaches the light, where the
delta cannot improve anymore. When we consider the homeostatic evaluation function we pro-
pose for this task, we notice that the issues are opposite. It is harder to push the robot to improve
its performance, as it does not consider any improvement during the epoch, but it also leaves it
freedom in choosing its behavior. This simplifies the management when the robot reaches the
light. Moreover, this type of homeostatic evaluation function enables a less constrained adapta-

tion, for instance, making it possible to employ peculiar strategies or components not intended

30r at least, it is very hard to compute and depends on the environment.
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for a specific goal, akin to biological degeneracy and affordances. We claim that both types of
evaluation function are reasonable, and that what to use depends on the situation we expect to
face. Nevertheless, we also believe that future explorations should consider a way to improve
the evaluation of the robot so as to drive the adaptation more generally but effectively.

In this chapter, we consider adaptation to an environment that changes at a relatively low
rate. Considering that we aim to simulate migration, and that this usually begins after many
months from the arrival in a specific area, this claim is reasonable. In the same way, this is
common in many other situations in which the agent update rate is higher than that of its sur-
roundings. Nevertheless, the rates of change of the robot and environment are crucial for the
adaptation to be effective. If the latter changes faster than the former, the adaptation will not
be able to keep pace. The result is a suboptimal performance, possibly even lower than keeping
a fixed behavior. Therefore, we can state that the adaptation time is a fundamental point to con-
sider in order to understand if online adaptation is a viable solution in our expected situation.
Additionally, finding always faster algorithms should be a central point of effort in research
focusing on online adaptation.

In this chapter, we considered online adaptation to adapt to a slowly changing environment.
Nevertheless, related to external changes is also co-adaptation. Indeed, other individuals can
be considered a part of the environment changing at a very fast rate. The main peculiarity is
that they could act in favor, against, or neutral with respect to our actions and goals. In the next
chapter, we will investigate the requirements for co-adaptation to succeed, assuming that all the

entities involved support each other.

4.5 Chapter highlights

* Online adaptation seems to be a valid approach to adapt the behavior to changing external
situations.

* Adapting to external changes requires re-evaluating the best behavior of the robot, so as
to forget it if it loses effectiveness.

* In order to be effective, a successful adaptation must be faster than the rate of external

changes.
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* Modulating the adaptation intensity according to the performance can better drive the
search for good solutions.

* Modulating the adaptation intensity according to the performance is possible only if “bad”
and “good” performance thresholds can be defined.

* Homeostatic and task-oriented evaluation functions can generate completely different
robot behaviors.

» Task-oriented evaluation functions tend to induce the emergence of specific behaviors, po-
tentially limiting the adaptation.

* Homeostatic evaluation functions leave the adaptation free to operate, permitting the gen-
eration of different behaviors in different contexts and therefore potentially increasing the
overall flexibility and effectiveness of the system.

* Switching from one behavior a to another behavior b is not necessarily equivalent as switch-
ing from the behavior b to the behavior a: the difficulty might change.

* Switching from one behavior to another can be faster than finding the latter from scratch.
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Co-adaptation

Adapting to internal and external changes is a fundamental capability of humans and other
living beings. Nevertheless, in our everyday life, we have to deal also with other agents. Adapt-
ing to others’ behavior is technically similar to adapting to changing external conditions, but
at the same time, it presents some differences. Specifically, others’ behavior can be adversarial
and detrimental, supportive and beneficial, or disinterested and unaffecting. Moreover, others’
behavior can change as fast as ours, complicating our reaction.

In order to start exploring this context, in this chapter, we investigate co-adaptation. This
is the problem of finding a behavior enhancing both the collective and our own performance.
This is supposedly easier than adapting to adversarial robots and permits to understand the
requirements to use online adaptation for decentralized multi-robot operations.

This chapter builds on the results obtained in Baldini et al. (2026b). We begin by describing
the system used to control the robots, the adaptation mechanism, and the task. Then, we present

and discuss the results.

5.1 Controller and adaptive mechanism

The control system of our robot consists of a simple artificial neural network composed of a
single layer of 2 neurons (see Figure 5.1). The network takes in input the perception values of 8

sensors and outputs the control values of 2 motors. Each neuron averages the weighted inputs
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Artificial neural network scheme

bias
input

Figure 5.1: Schematic representation of the artificial neural network used as the controller of
the robots. 11,12, ..., I8 represent the input values from the sensors (i.e., their perception). The
bias input is fixed to 1. The adaptation mechanism modifies the weights W1 — 1, W1 — 2,
W2 —1,..W8 — 2, Wb — 1, Wb — 2 that multiply the correspondent input values. LM and
RM represent, respectively, the left and right motor control values.

and bias value. The resulting value passes through a custom activation function F based on the

sigmoid function S:

(5.1)

F mirrors the result of the sigmoid on the abscissa axis, and multiplies the input by an arbitrary
value of 3 to increase the slope of the curve. We set the neural network initial weights by ran-
domly sampling from a normal distribution centered at 0 and with a variance of 0.3. Therefore,
each robot initial weights are different from those of the other robots in the group and replicas'.
This permits to assert that the robots are heterogeneous since the beginning of the experiment.

The proposed adaptation mechanism is based on the idea of iteratively improving the best
behavior known by the robot (Braccini et al., 2022a). This requires memorizing the best con-
troller and its performance so as to be used as a starting point for the adaptation and to enable
the robot to roll back in case the adapted configuration performs worse. If an adapted con-

figuration performs better than the former best one, it becomes the new best. The search for

!We keep the same initial weights only across different experiment configurations. This is to ensure the comparability
of the results with different parameters.
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improved behaviors consists of stochastically modifying the weights of the best neural network
controller and in testing them online (i.e., on the running robot; Baldini et al., 2023a). Modifying
a weight consists in probabilistically adding a value sampled from a normal distribution with
mean ¢ = 0and variance o left as a parameter of the experiment. Specifically, we propose two
different approaches: (i) using a fixed variance o f, (ii) using a dynamic variance o p depending
on the performance. The former is the simplest approach; the latter builds on the idea that a
controller accountable for a good behavior can be improved by minimally adjusting its weights,
while a poor behavior requires a larger perturbation to improve. The result is that the dynamic
variance causes the robot to adapt aggressively when its performance is low, and gently when
its performance is high. Specifically, the dynamic variance o p depends on the performance at

the previous evaluation according to the following equation:

0D = Omax * (1 - \/Pepoch) (5.2)

where 04 is the maximum variance and P .5, € [0, 1] is the performance value at the pre-
vious evaluation. We apply the root function to P .y, in order to moderate the perturbation
intensity for non-extreme values. For simplicity, from now on, when talking about the value of
perturbation intensity, we will always refer to a generic parameter o. This indicates o r in the
case of the fixed approach and o, in the case of the dynamic approach, as they are the values
directly in our control (i.e., that we can set as parameters of the experiment).

Adapting a single robot is different from adapting a swarm. A single robot can often assume
that its actions have a direct impact on the evaluation that it obtains®. Differently, by concur-
rently adapting the robots of a swarm, we introduce situationality. The robot cannot distinguish
anymore whether its evaluation depends on the effective quality of its behavior, or if it is instead
affected by the interference of other robots. For instance, a robot with a behavior suitable for
an aggregation task might still receive a poor evaluation if all its neighbors keep fleeing. Con-
versely, if the robot did not discover a good behavior but its neighbors block its movements, it
will receive a high evaluation, perpetuating the poor behavior only thanks to the group. This

issue is even worse in the case of very dynamic environments, where the external conditions do

2We assume the existence of a relatively static environment.
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not depend only on other robots but also on the environment itself. To limit this problem, we
propose two different countermeasures: (i) normally using the best controller, deciding whether
to adapt stochastically, (ii) using a discount factor to forget situationally good behaviors.

The normal use of the best behavior known has a dual goal. First, it helps to sustain the life-
long performance of the robot by avoiding constant adaptation. Continuously adapting would
indeed prevent exploiting the found solution, focusing only on trying possibly ineffective vari-
ants of the controller. Second, a probabilistic and therefore asynchronous adaptation decreases
the chance of detrimental interferences from other robots. Indeed, if most of the robots are
using their best behavior, the adapting ones can tune their behavior to enhance, sustain, or at
least avoid affecting the collective one. We test two different types of probabilistic adaptation:
(i) with fixed probability p , (ii) with a probability p p depending on the last evaluation. The
former simply uses a fixed probability p r to decide at each epoch whether to adapt. The lat-
ter dynamically modifies the adaptation probability p p in function of the performance at the

previous epoch, according to the following formula:

Pp = P max - (1 - Pepoch) (5.3)

where p . is an experiment parameter specifying the upper bound of the adaptation proba-
bility, and P ;poes € [0, 1] is the performance value at the previous evaluation. For simplicity,
from now on, when talking about the value of adaptation probability, we will always refer to a
generic parameter p. This indicates p r in the case of the fixed approach and p ,,, in the case
of the dynamic approach, as they are the values directly in our control (i.e., that we can set as
parameters of the experiment).

A discount factor 6 continuously “ruins” the evaluation of the best controller in order to
replace it if its performance does not persist. This is done by updating its performance P p,
multiplying it by a value 6 € [0, 1]

Piest =6-P (54)

best

This permits a new controller with a performance lower than the original P j. but higher than
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the discounted P . to replace the best controller. However, iteratively discounting the best per-
formance would eventually cause forgetting the best controller. We avoid this problem by up-
dating its performance whenever it obtains a new higher evaluation®. This permits resetting the
performance every time the best behavior obtains a new evaluation higher than its discounted
performance. We propose the discount to tackle the problem of memorizing situationally good
controllers; nevertheless, it also supports the adaptability of the robot to important changes
in the environment requiring the discovery of completely different behaviors. For instance, if
a controller loses effectiveness due to changes in the environment, its performance would not
be confirmed and neither updated during re-evaluation; in this situation, the iterative discount
would eventually decrease the controller evaluation enough for another, more effective behavior

to take the title of “best” (assuming a better one exists).

5.2 Experimental setting

The task considered in this investigation aims at assessing the ability of the online adaptation
mechanism to discover suitable collective behaviors in varying conditions. We imagine changes
in the environment to affect the performance of the robots, requiring the emergence of novel
collective behaviors. For simplicity, we abstract the problem to the discovery of two opposite
collective behaviors: aggregation and isolation. The former requires the robots to gather and
stay together. The latter requires each robot to avoid encounters. These two phases follow each
other, requiring the group to behave differently during the course of the experiment.

To drive the adaptation, we endow each robot with an evaluation function that depends on
the phase of the task. This considers the number of robots within the perception range (i.e.,
10 cm). Since two robots do not need to be in physical contact to be considered neighbors, the
theoretical maximum number of neighbors a robot can perceive at the same time is eight, as the
number of its sensors. This has some implications for the definition of the evaluation function.
Indeed, maximizing the number of neighbors hinders the formation of compact clusters. This
follows from the circle packaging problem, stating that the most dense way of packing “circles”

is by hexagonal packing, that is, having six touching neighbors (Fukshansky, 2011). Addition-

3 As previously said, the best controller is used by default.
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ally, managing eight neighbors would require introducing non-linearity and asymmetry in the
evaluation function, with six neighbors being the best value in the aggregation phase, and hav-
ing six or more neighbors being the worst in the isolation phase. Therefore, we arbitrarily decide
to relax the constraints, considering only up to four neighbors*.

During the aggregation phase, each robot increases its performance by maximizing the num-
ber of neighbors over time, up to four. To calculate the performance value P ., at a specific
instant, we compute the ratio between the perceived neighbors n and the maximum number of

considered neighbors N (i.e., four). Finally, we limit P ., to a maximum value of one:
a
Py = mm(K], 1) (5.5)

During the isolation phase, each robot increases its performance by minimizing the num-
ber of perceived neighbors. In this latter scenario, the robot gets the minimum performance
when it is surrounded by four or more neighbors. The performance calculation in this phase is
therefore exactly the opposite of the one in the aggregation phase. This permits calculating the
performance value P ., for the isolation phase as the dual of the performance in the aggregation
phase:

. [
Pgep = 1 — mln(N, l) (5.6)

This dual evaluation function considers the performance of the robot in a specific instant of
time: a step. However, the evaluation of a controller spans across multiple instants: an epoch. To
evaluate a controller, the robot averages the performance over k multiple steps (see Equation 5.7).
This means that a controller is evaluated for its overall behavior, and that the occurrence of lucky

or unlucky step-evaluations is minimized.

k
1
Pepoch = E § Pstep,i (57)
i=0

The arena of the experiment is a dodecagon that approximates a circle of radius 2 m (see

Figure 5.2). We chose an almost round shape to simplify the exit of the robots from corners, and

4Four neighbors are 2/3 of the maximum number of neighbors touching the round chassis of the robot at the same
time (i.e., six).
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Arena of the experiments

[ |
L ol |

Figure 5.2: Representation of the arena of the experiment with the 25 robots inside. The blue
dashed lines represent clusters of robots as computed during the simulation. Note that the walls
are not considered while calculating the number of neighbors, and only prevent the robots from
dispersing.

thus to avoid them blocking while trying new behaviors. The diameter is decided according
to the epoch duration and the number of robots. Specifically, the robots have enough time to
travel from one side of the arena to the other within the epoch duration. Additionally, this size
permits the robots to find each other during the aggregation phase, while still being able to flee
from encounters during the isolation phase.

We test the proposed model in the described task using a swarm of 25 foot-bot robots (Bo-
nani et al., 2010; Bonani et al., 2013). Although relatively powerful, we constrain their sensing
and acting capabilities in order to generalize to different types of robots and to simplify the
adaptation. Specifically, the neural controller requires as input the values read by 8 proximity
sensors placed homogeneously around the chassis of the robot, and outputs the control values
of 2 differential steering wheel actuators. We set the perception range of the sensors to 10 cm,
and the maximum motor speed to 6.28 cm/s. Additionally, we prevent the robots from commu-
nicating, avoiding the emergence of advanced adaptation protocols. We simulate the swarm in

the ARGo0S3 simulator, beta 59 (Pinciroli et al., 2012).
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Perturbation Intensity o

Fixed Dynamic

0.1 0.3 0.5 0.1 0.3 0.5
0.1 p=01 p=01 p=01 p=01 p=201 p=201
) c0=01 0=03 0=05 0=01 0=03 o0=0.5
Fixed 03 P = 03 p=03 p=03 p=03 p=03 p=203
) 0c0=01 0=03 0=05 0=01 o0=03 o0 =05
Adaptation 05 P = 05 p=05 p=05 p=05 p=205 p=205
Probability ' c0=01 0=03 0=05 0=01 0=03 o0=0205
p 0.1 p=01 p=01 p=01 p=01 p=201 p=0201
’ 0=01 0=03 0=05 0=01 0=03 o0=20.5
Dynamic 03 P = 03 p=03 p=03 p=03 p=03 p=203
’ 0=01 0=03 0=05 0=01 0=03 o0=20.5
0.5 p=05 p=05 p=05 p=05 p=05 p=205
’ c=01 06=03 o0=05 0=01 0=03 o0=205

Table 5.1: The table with the 36 tested parameter configurations.

We are interested in comprehending the effect of different values of adaptation probability
p and perturbation intensity ¢ in the proposed model. Additionally, we want to understand
if fixed values are enough to lead the swarm to the desired behavior, or if dynamic values are
needed. Therefore, we set up a grid search to evaluate the effect of the two types of adapta-
tion probability and perturbation intensity, initialized with different values. Specifically, we
test Fixed and Dynamic Adaptation Probability (APF and APD, respectively) and Fixed and Dy-
namic Perturbation Intensity (PIF and PID, respectively). We select the adaptation probability
p € 0.1, 0.3, 0.5 and the perturbation intensity o € 0.1, 0.3, 0.5. We set the discount factor
of the best performance 6 = 0.95. Overall, we test 36 different configurations of the model (see
Table 5.1).

Finally, from the results presented in Chapter 4, we consider the possibility that switching
from the aggregation to the isolation phase is different from the other way around. To avoid
an unfair analysis, we set our experiment as the sequence of aggregation, isolation, and again
aggregation. This requires the swarm to find the antipodal collective behavior starting from
both situations.

To collect stable results, we run 31 replicas of the experiment with different seeds. Each

replica is composed of 30’000 epochs, each lasting 500 steps (i.e., 50s).
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5.3 Results

To correctly analyze the effectiveness of the adaptation, we consider the performance of the
robots throughout the experiment. We confirm the compliance with the desired goal by veri-
fying the size of the largest cluster formed. Additionally, we evaluate the heterogeneity of the
robot controllers over time to understand if they tend to uniformize. This should help to un-
derstand if a unique solution to the problem exists, or if the desired behavior emerges from the
interaction of heterogeneous individuals.

The first consideration that we can derive from the results is that some parameters permit
the swarm to succeed in both the aggregation and isolation tasks (see Figure 5.3). The degree of
success clearly varies according to the parameters used. Specifically, the parameter that seems
to impact the most is the type of perturbation intensity: fixed or dynamic (see Figure 5.4). With
a fixed perturbation intensity, we observe mostly stagnating or even decreasing performance.
Conversely, with a dynamic perturbation intensity, the performance is always increasing. The
presence of a dynamic adaptation probability also improves the performance and positively
affects the trend driven by the perturbation intensity. Indeed, we obtain the best performance
when both parameters are dynamic (see the bottom-right area of Figure 5.3). Even the upper
bounds of adaptation probability and perturbation intensity seem to affect the performance of
the swarm (see Figure 5.5). Overall, increasing the upper bounds seems to increase the average
performance. This is accentuated in the perturbation intensity, while the adaptation probability
shows differences mostly comparing 0.1 with 0.3 and 0.5. Another effect of selecting different
upper bound values is the speed of the adaptation: 0.3 and 0.5 present indeed a faster increase
in performance compared with 0.1.

To better appreciate the improvement of dynamic adaptation probability and perturbation
intensity with upper bound 0.5, we need to look at their performance distribution (see Fig-
ure 5.6). Specifically, we focus on the performance at the beginning of the experiment and
at the end of each task phase (i.e., aggregation and isolation). As is visible, the performance
distribution of this configuration is overall better than all the others. Only upper bound values
of 0.3 for both adaptation probability and perturbation intensity generate similar distributions,

that are, however, worse when considering their median. This is somehow counterintuitive, as
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Average performance of the swarm over time
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Figure 5.3: The average performance of the swarm over time according to the parameter settings.
The columns contain the type and intensity of the perturbation: fixed 0.1, 0.3, 0.5 and dynamic
0.1, 0.3, 0.5, respectively. The rows contain the type and probability of the adaptation: fixed
0.1, 0.3, 0.5 and dynamic 0.1, 0.3, 0.5, respectively. All the plots have the same axes range and
meaning, indicated on the left- and bottom-most plots.

we would expect a more gentle adaptation to perform better. The reason is probably that the

dynamic adaptation probability p p and perturbation intensity o p decrease with the increase

in performance. For instance, with a dynamic adaptation probability with upper bound value
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over the 18 different experimental configurations sharing the corresponding value: fixed and
dynamic.

Performance with parameter values 0.1, 0.3, 0.5

0.8 0.8
— 0.1

0.7 0.7
— 0.3

0.6 — 0.5 0.6

Performance
o
(6)]
Performance
o
(6]

0.4 0.4
0.3 0.3
0.2 T - T 0.2 T - T
agg. iso. agg. agg. iso. agg.
Epoch Epoch
(a) Adaptation Probability (b) Perturbation Intensity

Figure 5.5: Performance comparison according to the upper bound values 0.1, 0.3, 0.5 of
(a) adaptation probability and (b) perturbation intensity. The three trends in each plot are the
result of averaging over the 12 different experimental configurations sharing the corresponding
value: 0.1, 0.3, 0.5.

P max = 0.3, a performance of 0.5 corresponds to a probability to adapt pp = 0.15. Con-

versely, the same performance with dynamic adaptation probability with upper bound value
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Performance distribution in different experimental phases
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Figure 5.6: The distribution of robots performance at the beginning and end of the task phases,
according to the various parameter settings. The columns contain the type and intensity of the
perturbation: fixed 0.1, 0.3, 0.5 and dynamic 0.1, 0.3, 0.5, respectively. The rows contain the
type and probability of the adaptation: fixed 0.1, 0.3, 0.5 and dynamic 0.1, 0.3, 0.5, respectively.
All the plots have the same axes range and meaning, indicated on the left and bottom plots.

P max = 0.5 corresponds to a probability to adapt p p = 0.25. The former may end up being

too low for not yet good behaviors, slowing down the adaptation and preventing the discovery
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of better behaviors.

Analyzing the performance permits comparing different parametrizations of the experiment.
Nevertheless, it does not provide a clear indication of whether the adaptation produces the ex-
pected results at the group level: aggregation and isolation. Therefore, we propose analyzing the
size of the largest cluster at each epoch of the experiments. This is computed by finding groups
of connected robots, whereby connected indicates robots that are in the perception range, +10%
to face noise and accept temporary oscillations®. The results clearly confirm the previous results
on the performance (see Figure 5.7). Additionally, they highlight a faster and more effective re-
covery in cluster size with perturbation intensity ¢ = 0.5 compared to the results obtained by
using a value 0 = 0.3. This supports the idea that a higher value of the perturbation intensity
upper bound produces better results.

One claim of this investigation is that the robots composing the swarm are heterogeneous.
This is undeniable at the start of the experiment, as each robot has a different, randomly created
controller. Nevertheless, it is interesting to understand if the adaptation tends to homogenize
the controllers or if it instead enhances their differences. We therefore analyze the difference
among the controllers in each swarm at the beginning and at the end of the experiment (see
Figure 5.8). We calculate the difference as the Euclidean distance between the weight vectors
of each couple of neural networks in a swarm. Finally, we calculate the difference between the
final distance and the initial distance of each couple. The distribution of the distance variation
clearly shows that the heterogeneity within the same swarm increases during the experiment.
Indeed, just a few deltas are negative, indicating two controllers that became more similar dur-
ing the experiment. Interestingly, all those cases belong to experiments involving a dynamic
perturbation intensity equal to 0.1, again suggesting that this value is too low to produce any in-
teresting outcome. Finally, these results indicate that the adaptation tends to discover a unique

controller for each robot, still permitting the emergence of complex collective behaviors.

5The cluster measure is more permissive than the performance measure.
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Ratio of robots in the largest cluster over time
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Figure 5.7: Average ratio of robots belonging to the largest cluster at each epoch, according to
the various parameter settings. The columns contain the type and intensity of the perturbation:
fixed 0.1, 0.3, 0.5 and dynamic 0.1, 0.3, 0.5, respectively. The rows contain the type and proba-
bility of the adaptation: fixed 0.1, 0.3, 0.5 and dynamic 0.1, 0.3, 0.5, respectively. All the plots
have the same axes range and meaning, indicated on the left and bottom plots.

5.4 Discussion

The goal of this investigation is to devise an adaptive mechanism for the co-adaptation of robots

belonging to a heterogeneous swarm. Reaching this goal required identifying and solving some
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Variation of controllers heterogeneity during the experiment
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Figure 5.8: Difference in the heterogeneity of the robots controllers between the end and the
start of the experiment. Given two robots r, and rj, we take their respective controllers ¢, and
cp at the start of the experiment, and the controllers ¢} and ¢ at the end. We then calculate the
euclidean distance d between ¢, and ¢;, and d’ between c; and ¢;. We computeavalueA = d’' —d
to evaluate the change in the degree of heterogeneity between the two controllers. Finally, we
plot the distribution of the As for each of the experiment configurations.

general issues and difficulties. We immediately noticed that a constant adaptation is not an
indicated approach. This is undesirable already for single robots, as it does not balance explo-
ration and exploitation of the discovered behavior, focusing only on the former. In a swarm of
concurrently adapting robots, it also prevents understanding what the collective performance is.
Different individuals might have discovered a suitable behavior in different epochs, preventing
to observe the collective one®. This complicates even the adaptation process itself, as adapting
an individual behavior to a continuously changing collective behavior becomes more complex.
To tackle these problems, we propose to systematically reuse the best behavior found by each

robot, permitting to identify the emerging collective behavior. However, reusing the best be-

®During a constant adaptation, the best behavior found is never used again.
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havior does not necessarily imply an effective adaptation. This also needs to be asynchronous
to permit evaluating the new behaviors in a swarm mostly using its best ones. The goal is to
mitigate the effect of situationality, that complicates the evaluation of the individual robot per-
formance when neighbors interfere, especially in a disruptive way. We tackle this problem by
introducing a probability to adapt, inducing just some individuals to adapt in a specific instant.
The desired case is that of most of the swarm using its best behavior, and a few weaker individ-
uals trying to adapt to it. This also suggests that well-performing robots should reuse their best
behavior more often than their poorly behaving counterparts, which should instead focus on
improving themselves. Intuitively, this links the probability to adapt to the performance, with
the former decreasing when the latter increases. Our experiments confirm that this dependency
improves the developed collective behavior with respect to a fixed value. Additionally, we argue
that effective controllers should be modified mildly and weak controllers aggressively. The idea
is that the formers are already close to a good solution and thus require smaller adjustments to
improve, while the latter are potentially far from it and might benefit from a wider exploration.
Also, this approach might permit maintaining the stability of the system even when essential
individuals adapt, potentially further reducing the effect of disruptive situationality. We im-
plement this by modulating the perturbation intensity of the controller of the robot according
to its performance. The results support our thesis, showing some improvement in the collective
performance.

We argued that situationality can slow down adaptation by affecting the performance of ef-
fective behaviors. We, therefore, proposed to introduce an asynchronous performance-dependent
adaptation to mitigate the problem. Nevertheless, situationality can have the same detrimen-
tal effect also by enhancing the performance of poor behaviors. To mitigate this problem, we
propose to continuously discount the performance of the best-known behavior if it is not re-
confirmed. The idea is to penalize behaviors that are good only in specific and rare situations.
Dually, the discount also permits forgetting obsolete behaviors when the task, the environmen-
tal conditions, or the robot itself change. Additionally, the discount factor avoids a possible
problem related to averaging old and new performances as proposed in Chapter 3 and Chap-
ter 4, that is, the risk to over-consider unlucky epochs attaining a low performance. Preliminary

experiments shown that discounting is essential for the emergence of the collective behavior of



5.4. DISCUSSION 133

the swarm. The success of the mechanism in the proposed dual-task also seems to confirm this
need.

In our experiments, we assessed the need for all the aforementioned factors in order to use
online adaptation with swarm robotics. We confirm that all contribute to the emergence of
the desired swarm behaviors, albeit to varying degrees. Additionally, we argue that our con-
siderations and strategies are applicable to a broad spectrum of missions, and thus, they are
not limited to a specific condition. Still, some difficulties in combining online adaptation and
swarm robotics remain. Specifically, we expect the evaluation function of the robots to play an
important role. In our task, improving each robot performance has a positive impact on the per-
formance of the swarm. Nevertheless, we can identify a class of missions for which enhancing
the collective performance requires hindering the individual one. An example is that of task
partitioning, in which some robots do not have any direct or immediate reward but are essential
for the group to operate effectively. This type of relationship is difficult to capture with local
evaluation functions and currently limits the applicability of online adaptation in some swarm
robotics tasks (Birattari, 2024). Even considering addressable tasks, we still might encounter
some difficulties. Most of the mechanisms we propose assume a performance in [0, 1], but this
assumption is not valid in every situation. Some tasks might not have any known upper or lower
bound of performance, complicating the choice of when to adapt and with what intensity. A
possible solution might be using communication to share information about upper and lower
bounds encountered by different robots. Currently, however, this is a problem yet to be solved.

An additional difficulty of using online adaptation in swarm robotics is connected to the
intrinsic emergence of heterogeneity among robots. Indeed, as each robot modifies its own con-
troller according to its own performance, the difference among the resulting behaviors poten-
tially increases with time. This introduces additional complexity in the swarm interactions,
complicating the emergence of a desired collective behavior with respect to homogeneous or
partially heterogeneous systems. Yet, this might be extremely important to solve complex tasks
with simple robots. Additionally, recent works suggest that heterogeneity enhances the perfor-
mance, stability, and robustness of the whole system (Kengyel et al., 2015). Our investigation
does not explicitly focus on those aspects, but instead demonstrates that obtaining a collective

behavior online with heterogeneous controllers is possible.
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An interesting aspect of our investigation is that it can be generalized to a variety of different
situations. Specifically, we envision the evaluation function of the robots to consider the internal
variables needed for surviving (Ashby, 1962; Braccini et al., 2024b; see Chapter 4). The robots
would then change their behavior so as to maximize the chances of survival. Let’s consider, for
instance, a group of robots in a harsh environment with great thermal excursion, such as the
moon. There, the variation between daytime and nighttime temperature ranges from ~ 150°C
at the poles to ~ 300°C at the equator (J.-P. Williams et al., 2017). Additionally, let’s imagine
that each robot recharges its battery with solar panels. We could formulate our task in function
of the battery level and the survival temperature. This pushes the robots to search for a strategy
that makes it possible to maintain a good battery level and to avoid freezing. During the night,
the robots would aggregate, minimizing the thermal dispersion and thus the battery consump-
tion, trying to resist until daytime. During the day, the robots would isolate to capture as much
thermal radiation as possible while carrying on their duties. Similar results can also arise from
different conditions, such as environments with great thermal excursion in space rather than in
time. It follows that the two collective behaviors that we present in this investigation can also
result from different types of evaluation functions, and can be used to solve practical issues that
cannot always be foreseen.

As a final point of this discussion, we want to highlight the simplicity and technical mini-
malism of the mechanism that we propose. Our robots use only local perception and cannot
communicate. The controller is a minimal artificial neural network, and the evaluator simply
averages instantaneous performances. The adaptation module consists of a stochastic weights
modifier and a memory to store the best performance recorded and the best weights. We claim
that this setup can be realistically implemented even in cheap miniaturized robots, keeping the
option for mass production of these adaptive systems open.

In this chapter, we investigate the use of online adaptation in swarm robotics. Specifically,
each robot adapts so that a collective behavior at the swarm level can emerge. Additionally,
the task we investigate permits to assess the adaptation to different environmental conditions
throughout the experiment. The results are promising, but the experiment itself is long. This is
because finding multiple individual behaviors composing a collective one is not trivial. There-

fore, one of the next investigations should consider increasing the speed of adaptation, even
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at the expense of flexibility. In the next chapter, we will propose a system combining offline
design and online adaptation of robot controllers with the aim of reducing the adaptation time

when some information about the environment is known or can be assumed.

5.5 Chapter highlights

* With some precautions and enough time, online adaptation enables co-adaptation.

» Asynchronous adaptation is essential to enable each robot to adapt to the best behavior of
the group.

* Well-behaving robots should adapt less frequently and aggressively than poorly-behaving
ones.

* We coin the term situationality to indicate factors that affect the self-evaluation of robots,
leading to a wrong estimate of controller effectiveness.

* Independently adapting while favoring the group performance requires being able to es-

timate the impact of one’s own actions on the group.
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Enhancing offline design

In the previous chapters, we proposed situations in which online adaptation is of primary im-
portance. The characteristic that all share is the unavailability of information. A system able
to autonomously change its own behavior to fulfill a goal is therefore very effective in this case.
Nevertheless, there are situations in which we have a very good knowledge and expect it to be
stable over time. For these specific instances, it would be desirable to have a reliable system
able to adapt only to the little information that we do not know.

In this chapter, we investigate the combination of offline design with online adaptation (Bal-
dini et al., 2026a). The aim is to produce a reliable and predictable system able to perform
minimal behavioral adjustments in a partially known environment or mission. We begin by de-
scribing the system used to control the robot, the adaptation mechanism, and the task. Then,

we present and discuss the results.

6.1 Controller, adaptive mechanism, and design system

In this section, we discuss the tools used in our experiments. We first describe the characteristics
of the robot employed. Following, we describe the tool used for the offline design of the robot
control software. This step also dictates how the control software adapts at runtime. Finally, we

describe the strategy used to drive the adaptation online.

137
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6.1.1 Robotic platform

The robot we use in the experiments is the e-puck (Mondada et al., 2009). It possesses several
sensors, a communication system, and two motor actuators. However, some of its capabilities
are superfluous for the class of tasks that we aim to solve, while others cannot technically be
used concurrentlyl. Therefore, we decide to work on a subset of functionalities that are useful
for our goals and that can be properly used together. We define this set of functionalities in a
new reference model (Hasselmann et al., 2018b). A reference model is a formal specification
of the robot platform for which an automatic design method can produce control software. It
defines the inputs and outputs of the control architecture and how they map to the hardware.
This means that the reference model can even re-elaborate different types of sensorial input
to produce the same type of information (e.g., interpreting LIDAR or proximity data as recog-
nizable obstacles). In the same way, it can use output commands to control different types of
actuators (e.g., direction to motor or leg actuation). It follows that different types of robots hav-
ing different hardware capabilities can share the same abstract inputs and outputs thanks to
their reference model mapping (Kegeleirs et al., 2024).

The reference model we propose for this investigation is RM3.S, a variation of RM3 used
in Garzén Ramos et al. (2020). Both use the omnidirectional camera and the RGB-LEDs to share
and capture information. This disables the use of light sensors, leaving proximity and ground
as the only remaining types of perception. Also, RM3.S uses the Range and Bearing (RAB) to
communicate and receive some basic information, such as the will to perform an action and its
resulting feedback. Finally, RM3 pre-processes some sensory cues to produce abstract, summa-
rized inputs, while RM3.S uses less processed signals. For instance, while RM3.S returns the
instantaneous ground color, RM3 returns the average ground color in the previous 5 computa-
tion steps. Conceptually, the main difference between the two reference models is that RM3 is
intended to work with swarms of robots, while we design RM3.S to work with a single robot?.

Going into details, Table 6.1 describes RM3.S. The data prox;c; 5 from the proximity sensors

consists of the angle a of the sensor direction with respect to the front of the robot, and the

For instance, the light sensors, the LEDs, and the camera all use the same type of physical signal: light, and thus
can interfere with each other if not used consciously.
2The “S” in “RM3.S” stands indeed for “Single”.
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Input Value Description

proxicng v € [0, 1] The value v perceived by proximity sensor i and
a € [-m, m its position a w.r.t. the front of the robot.

ghdicizy v € [0, 1] The value v perceived by ground sensor i.

cam ce€ {R,G,B,C, MY} The color c of the blob perceived by the camera,
a € [-m, m its position a w.r.t. the front of the robot, and
6 € [0, 35] its distance 6 in cm. Finally, the blob area s in
s € (0, 95] pixels.

msg a € [-m, 7 The information D received as a message from
D € |0, 2% other robots and / or entities at distance ¢ in cm
6 € [0, 10] and angle a w.r.t. the front of the robot.

Output Value Description

veljey,y v € [—12,12] The linear velocity v in cm/s of the wheel d.

ledic1 ) c € {g,R,G,B,C, M, Y} Thecolorcof LEDi.

msg D € [0, 2% The message D to broadcast.

Table 6.1: Inputs and outputs of the Reference Model 3.S.

normalized distance v of the perception. Perceiving an object at distance greater or equal than
~ 5cmresults in a value v = 0, while an object at distance 0 cm results in a value v = 13. The
ground data gnd;c 3) contains the value perceived below the robot, in shades of gray normalized
in [0, 1] where 1 indicates white and 0 indicates black. Whenever the camera perceives a color,
the reference model produces an input containing the color of the blob, its angle with respect to
the front of the robot, its distance, and its area. We limit the perception range of the camera to
35 cm. The maximum area of the perceived blob depends on its distance, from 1 for extremely
far colors to ~95 for near ones*. The robot receives 4-byte messages through the RAB from a
maximum distance of 10cm. Those contain a payload, plus the distance and position of the
sender. We reserve the first byte of the payload to identify the sender, and use the 3 remaining
bytes for the message data. The output of the reference model is the wheels linear velocity, the

LEDs color, and a potential message to broadcast.

3https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/
epuck_proximity_default_sensor.cpp#L137

4https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/
epuck_omnidirectional_camera_sensor.cpp#L77


https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/epuck_proximity_default_sensor.cpp#L137
https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/epuck_proximity_default_sensor.cpp#L137
https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/epuck_omnidirectional_camera_sensor.cpp#L77
https://github.com/demiurge-project/argos3-epuck/blob/v48/src/plugins/robots/e-puck/simulator/epuck_omnidirectional_camera_sensor.cpp#L77
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6.1.2 AutoMoDe-Lahmacun

AutoMoDe is a framework for the automatic design of control software for robots. It uses an au-
tomatic configuration algorithm to compose and parametrize simple modules so as to produce
complex behaviors. It is known for its use in swarm robotics, where it managed to overtake
human developers in the design of effective control software. Here we present AutoMoDe-
Lahmacun, an implementation that permits the creation of control software able to adapt to
different situations. Indeed, in addition to designing the control software of the robot, it also
selects some parameters to be adapted online. The selected parameters are those that permit,
according to offline simulations, the adaptation to the variety of missions that the robot will
encounter during operation.

AutoMoDe-Lahmacun operates by composing a set of software modules into a probabilistic
finite state machine (FSM). Two types of modules exist: behaviors and transitions. A behavior
controls the actuation of the robot according to its perception, following a predefined logic de-
cided by the programmer. The control logic of a behavior is minimal and simply not sufficient
to complete complex tasks or missions. Only one behavior is active at any time. A transition
controls, instead, the change in the active behavior according to some conditions. It does not
affect the actuation of the robot, but only dictates the change in the active behavior according to
perception. AutoMoDe-Lahmacun uses 3 behaviors and 6 transitions to compose the finite state
machine, for a total of 9 software modules (see Table 6.2). This version of AutoMoDe uses fewer
modules than some of its predecessors. The motivation is that we remove all the behaviors and
transitions intended for a swarm and combine others together.

The three low-level behaviors used in Lahmacun are (i) EXPLORATION, (ii) REACT-TO-COLOR,
and (iii) STOP. In EXPLORATION, the robot moves randomly according to a pre-defined strategy.
The first strategy consists in always going straight and turning whenever it detects an obsta-
cle. The second strategy makes the robot move straight for a number of steps sampled from
a Lévy distribution (Codling et al., 2008; Feola et al., 2022), performing a turn at the end or
when it encounters an obstacle. We select the strategy to use, the maximum number of turn-
ing steps, and the parameters controlling the Lévy distribution, respectively with ¢, 6, u, and

0. In REACT-TO-COLOR, the robot reacts to blobs of color it perceives. The parameter ¢ decides
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Low-level behavior =~ Parameter Description

EXPLORATION t,0,u,0 Movement with different random walk strategies.

REACT-TO-COLOR t, i, c Flee or approach a perceived color.

STOP No actuation.

Transition Parameter Description

FIXED-PROBABILITY p Probabilistic transition.

FLOOR-COLOR p,tv Probabilistic transition enabled by a specific floor color
beneath the robot.

BLACK-FLOOR p Probabilistic transition enabled by a black floor color
beneath the robot.

GRAY-FLOOR P Probabilistic transition enabled by a gray floor color
beneath the robot.

WHITE-FLOOR p Probabilistic transition enabled by a white floor color
beneath the robot.

COLOR-PERCEPTION p,t,c Probabilistic transition enabled by a specific color

perceived by the camera.

Table 6.2: Behavior and transition modules used in AutoMoDe-Lahmacun.

whether to flee or approach a specific color c or any color among those defined in RM3.S. When
reacting, the robot still has to avoid obstacles. The parameter i decides how intensely the robot
wants to reach or flee the color, and thus how near it can get to an obstacle before significantly
changing trajectory. In STOP, the robot simply stands still without moving. This behavior has
no parameters.

AutoMoDe-Lahmacun uses six different transition modules: (i) FIXED-PROBABILITY, (ii)
FLOOR-COLOR, (iii) BLACK-FLOOR, (iv) GRAY-FLOOR, (v) WHITE-FLOOR, and (vi) COLOR-PERCEPTION.
FIXED-PROBABILITY permits a transition between behaviors with a fixed probability p. This tran-
sition does not depend on the robot state or perception, being simply stochastic. In BLACK-FLOOR,
GRAY-FLOOR, WHITE-FLOOR, and FLOOR-COLOR the transition depends on the floor color. The first
three respectively depend on black, gray, and white colors. The latter combines the formers
in a single behavior that reacts to the color v specified as a parameter. The parameter ¢ deter-
mines whether perceiving or not the color enables the transition. When the color condition
holds, the transition becomes active according to the probability p specified as a parameter. Fi-
nally, COLOR-PERCEPTION enables the transition if the camera (i) does not perceive any color,

(ii) perceives any color, (iii) perceives a specific color ¢, (iv) does not perceive a specific color c.



142 CHAPTER 6. ENHANCING OFFLINE DESIGN

Probabilistic FSM and corresponding macro-behavior
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Figure 6.1: Example of a probabilistic finite state machine and corresponding macro-behavior
when controlling an e-puck. The robot starts in position 1 with the EXPLORATION behavior. When
it perceives a color in position 3, the transition enables the switch to behavior REACT-TO-COLOR.
The parameter t of the behavior makes the robot approach the color source. At position 4, the
white ground enables the transition to the second REACT-TO-COLOR behavior. The parameter ¢
of this behavior makes the robot flee the color. The robot continues distancing the color source
until perceiving the black floor at position 7, which enables the transition to the EXPLORATION
behavior.

Even in this case, t decides which of the aforementioned strategies to employ, and p controls the
probability of transitioning when the condition is verified.

AutoMoDe-Lahmacun internally uses IRace for the design of the finite state machines (Birat-
tari et al., 2002). This selects and combines the modules to use, as well as their parameters (Bi-
rattari et al., 2021). The result is a probabilistic finite state machine designed for a specific
environment and mission (see Figure 6.1). However, with AutoMoDe-Lahmacun, we want to
produce finite state machines for just partially known environments. We approach this goal by
presenting the robot with multiple instances of the environment and requiring the design of
a finite state machine that performs well in all of them (Garzén Ramos et al., 2025). For this,

we use a new setting of IRace that permits to evaluate the controller on multiple conditions®.

5See blockSize parameter at https://mlopez-ibanez.github.io/irace/news/index.html#irace-40.


https://mlopez-ibanez.github.io/irace/news/index.html#irace-40
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Specifically, it produces a ranking in each of the different instances and selects the solution
with the best overall rank. This approach is very robust and permits presenting instances of the
environment that grant different maximum performances.

AutoMoDe-Lahmacun presents a novel approach to the offline design of control software
for robots. Aware of the flexibility that online adaptation provides, we allow the design process
to select some parameters to be tuned online. We call these parameters dynamic, as their value
changes at runtime. Currently, the offline design even selects the set of values that each dynamic
parameter can assume at runtime. This is done in order to simplify and stabilize the adaptation,
but it can be easily extended to use ranges of values. Online adaptation selects the optimal
value for a parameter according to its performance in a specific instance of the environment.
Assuming that the best parameter does not change over time, we can use a Multi-Armed Bandit
algorithm for its selection (Slivkins, 2019). Specifically, we select the algorithm UCB1, proposed
by Auer et al. (2002).

6.2 Experimental setting

We test our proposed approach on a task only partially known. Specifically, we clarify the goal
of the mission, but we present the robot with conflicting training instances (i.e., in which sup-
portive signals differ). The design method should produce a finite state machine that performs
the best in the given cases. The desired outcome is a robot that adapts to the specific instance
of the environment.

In order to provide a clear example, we devise a task illustrating the idea at its core. The task
requires the robot to navigate an environment and to interact with some colored entities (see
Figure 6.2). Some entities provide the robot with a prize, others waste its time. The color of the
prizing entities is decided at the beginning of the experiment. The difficulty resides in deciding
which entities to approach and which to ignore. This task represents a type of choice common
in many contexts: doing or not doing. For instance, a robot acting in a wild and unknown en-
vironment might learn to avoid possibly dangerous situations. Differently, a robot supervising
a factory might have to understand when to try solving a new problem by itself or instead call

for help based on its experience.
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Figure 6.2: Representation of one instance of the arena of the experiment. In addition to the
robot (A), it contains three different types of colored entities: blue (B), red (C), and black (D).
Just one among the three colored entities prizes the robot upon interaction.

As previously stated, online adaptation requires the robot to know its performance at run-
time. For the selected task, the robot considers the prizes bestowed by the colored entities. The
communication of a prize happens by means of the RAB. The more prizes received in a specific
amount of time, decided during design, the better the behavior. As we do not consider penalties,
this makes the performance of the robot monotonically increasing in time. Mathematically, we

can describe the performance function as follows:

k
Popoch = Y Pl (6.1)
i=1

1 if prize € M
Pstep = (62)

0 otherwise
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where:

* k is the number of steps in an epoch;

* iis the step under consideration;

* P cpoch is the performance at a given epoch;
* P gp is the performance at a given step;

* M is the set of unread messages received through the RAB.

To statistically evaluate our approach, we start multiple design processes and test the pro-
duced controllers. Each design process presents the candidate controllers with multiple arenas
characterized by the color of the prizing entities: in these experiments, blue or red.

In order to assess the utility of online adaptation, we run the design process for both static (i.e.,
non-adaptable) and dynamic (i.e., adaptable) controllers. Specifically, for the latter, we permit
the selection of just one dynamic parameter with two possible values. This limitation is both
to assess the impact of this minimum change and to reduce the search space of possible solu-
tions. Indeed, permitting multiple dynamic parameters and values increases the search space
of possible controllers.

In order to assess the range of achievable performances, we additionally design static con-
trollers for each of the two arenas. This means that we produce controllers that do not aim to
generalize, but just try to overfit to their presented environment. This gives us an indication
of what a controller could achieve in a specific known situation. Conversely, testing these con-
trollers on the arena they were not designed for permits to obtain an indication of a sort of lower
bound of performance. We refer to controllers generated for the blue arena as blue oracles, and
to those generated for the red arena as red oracles.

Each controller can be composed of a maximum of 4 behaviors, each with a maximum of 4
output transitions. For each experiment configuration (i.e., static, dynamic, blue oracles, and
red oracles), we run 30 design processes. We select (randomly, one of) the best controller(s)
produced by each process, and run it in each of the two considered arenas for 2500s. This way,
we obtain a distribution of 30 performance trends that permit to compare the four different

experiment configurations in a given arena.
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6.3 Results

As described in the previous section, we obtain 30 performance trends for static, dynamic, blue
oracle, and red oracle controllers in each of the two arenas. We compare the results in order to
assess whether combining offline design and online adaptation has any advantage with respect
to designing controllers only offline.

The first analysis we perform aims at comparing the distribution of the final performance
of static and dynamic controllers, and how they perform with respect to the lower and upper
bounds attainable by using AutoMoDe. To do so, we first test the blue oracles and the red oracles
in the arena they have been designed for, so as to obtain the upper bound of performance. We
refer to this distribution as oracle. Then, we test them again on the arena they have not been
designed for, so as to calculate the lower bound of performance. We refer to this distribution as
anti-oracle. Finally, we obtain the static and dynamic distributions by testing their controllers
in the two arenas. The results show that both static and dynamic final performances are higher
than those of anti-oracles, and lower than those of oracles (see Figure 6.3). Moreover, between
the static and dynamic distributions, the former contains the highest score(s), while the latter
contains averagely better performances. Indeed, only about the best 25% static controllers can
compare with the best 75% dynamic ones.

Nevertheless, this distinction in the shape of the distributions hides the performance in sin-
gle arenas, that might explain the data differently. Therefore, we additionally consider the
performance of the controllers in each of the two arenas separately (see Figure 6.4). The results
show that the relative similarity of the staticand dynamic distributions depends only on the spe-
cialization of static controllers. Indeed, most of them succeed in obtaining good performance
in one arena at the expense of their effectiveness in the other. Controllers trying to balance
their performance on both perform instead statistically worse than their dynamic counterpart.
Finally, as expected, the blue and red oracles fully specialize in the arena they have been trained
on, obtaining poor results in the other.

The result in the two arenas clearly shows that the initial similarity in the distributions is
due to “specialization” of static controllers. In order to analyze the performance distribution

more fairly, we compare the average performance of static, dynamic, blue oracle, and red oracle
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Figure 6.3: Overall performance of different types of finite state machines. Static and dynamic
finite state machines are evaluated in both arenas of the experiment. Oracles represent the
maximum performance we can expect to achieve using AutoMoDe in a specific arena. Finally,
anti-oracles represent the minimum performance we can expect to attain.

controllers on the two arenas (see Figure 6.5). This means testing every controller in both arenas
and then performing the average of the two resulting performances. The results show that the
average performance attained by dynamic controllers is much higher than all the others. No-
tably, it completely dominates the static one. Interestingly, the static distribution is even lower
than the blue oracle and red oracle ones, indicating that on average designing a static controller
for two arenas is worse than specializing.

Another interesting aspect to analyze is the performance over time. Due to the intrinsic
characteristics of online adaptation, we expect the performance to improve slightly as the ex-
periment advances. This is because the robot initially wastes time trying to understand the best
state in which to operate, exploiting this gained advantage only later on. The results confirm
this expectation, with the average performance trend of dynamic controllers being similar to
that of static ones in the first 10% of the experiment (i.e., about 4 minutes), and increasing in
slope from there on (see Figure 6.6). We can clearly see that, as the time advances, the gain of

dynamic controllers with respect to static ones increases. Nevertheless, the slope of dynamic
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Figure 6.4: Efficacy of different types of finite state machines in a specific arena. Since oracles
are normally evaluated on the arena they have been trained for, when tested on the other arena,
they attain the performance of an anti-oracle, usually around 0.

controllers seems still less than that of the oracles. This might be due to the need for the online

adaptation to periodically assess the dynamic values in search of a change in their effectiveness.

Finally, we explore the complexity of the produced solutions. We do so by analyzing the

number of behaviors and transitions in each controller (see Table 6.3). We find that, on average,

dynamic finite state machines are simpler than static and oracle ones. This is because adapting
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Figure 6.5: Average performance of different types of finite state machines on the two arenas.
The distribution of blue oracle, red oracle, and static is low due to specialization of the con-
trollers on a single arena. Differently, the dynamic distribution is high because its controllers
adapt to the specific scenario.

Controller  Average behaviors count Average transitions count

dynamic 2.27 4.00
static 3.97 9.77
blue oracle 3.87 9.50
red oracle 3.94 10.13

Table 6.3: Average number of behaviors and transitions per finite state machine, according to
the type of controller.

a key parameter permits exploiting similar strategies in the two arenas, varying only what is
needed. Obviously, part of this simplification is due to the transfer of complexity from the

finite state machine to the adaptive algorithm, but this still remains an interesting result.

6.4 Discussion

In this chapter, we investigate whether combining offline design and online adaptation is a

valid strategy to improve the capabilities of robots. We find that the produced controllers are
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Figure 6.6: Cumulative performance over time for different types of finite state machines. On
the left, the trend throughout the whole experiment. On the right, a zoom of the trend in the
first 25% of the experiment. The performance of dynamic finite state machines starts with a soft
slope that increases with time, gaining advantage over static finite state machines after about
10% of the experiment length (i.e., about 4 minutes). This is due to the time required to discover
the best dynamic value.

indeed more flexible, permitting to obtain more stable performance in different environments.
The improvement is due to the ability to modify the key aspects of the controller automatically,
adapting to the peculiarities of the surroundings. Specifically, we notice that even a single pa-
rameter can be enough to start behaving effectively in simple contexts. We expect, however, that
more complex situations will require more dynamic parameters, so as to increase the variability
of the behavior. By itself, this is not a problem, as the system can easily select more dynamic pa-
rameters. Nevertheless, we need to consider the size of the search space we will have to explore.
Increasing the number of parameters enlarges the search space notably, possibly becoming a
problem quickly. On the other hand, dynamic controllers are averagely simpler, possibly per-
mitting to force searching in a reduced solution space. We will perform further investigations
in this regard in the future.

The system we propose is effective for the class of tasks we consider. Indeed, it permits

the robot to perform well in each of the conditions it might encounter, while maintaining a rel-



6.4. DISCUSSION 151

atively simple control logic. Nevertheless, we believe it is important to discuss its application
scenarios more clearly. We consider a user desiring the automatic generation of control software
for a partially known environment. Specifically, it wants the robot to display good performance
in each possible situation. Let’s imagine now a different user not interested in obtaining a good
performance in any situation, but instead in obtaining the highest average performance. Ac-
cording to the probability of occurrence of each instance of the environment, this user might
still opt for a static controller. Indeed, it could decide to maximize the performance for the most
frequent instance of the environment, in order to increase the average one. In other words, it
could decide to use one of the static control software that we call oracles, which are specialized
for a specific environmental instance. The system we propose is obviously not designed to take
these types of decisions, which instead depend on the user and on their knowledge of the pos-
sible environment the robot can face. Instead, it aims to generate a solution that performs well
in most of the possible cases, without assumptions on their frequencies.

Another consideration is that the tool we propose currently considers only partially-known
static environments. This means that some characteristics of the working scenario are unknown
at design time, but remain fixed during the entire run. This choice comes from the goal of this
investigation: exploring the controlled combination of offline design and online adaptation of
robot controllers. Indeed, our aim is mainly to present the potential of this approach rather than
a production-ready system. This led us to select a clear parameter-selection algorithm based on
multi-armed bandits. Alternatives considering time-varying environments are not only possi-
ble, but also very easy to implement. An example is to keep using a multi-armed bandit with a
buffer, such that old scores are continuously removed in favor of new ones. This would implic-
itly modify the distribution of the rewards according to changes in the environment, potentially
leading to a shift in the preferred parameter and thus making the robot adaptable to time vari-
ations.

In Chapter 4, we discussed issues related to the time to adapt; mainly, the robot should be
able to adapt its control system faster than the frequency of changes in the environment. The
results of this chapter present an interesting example supporting this previous consideration;
in our investigation, the adaptive finite state machine starts to gain an advantage against static

controllers about 4 minutes after the start of the experiment. Let’s imagine that a robot able to
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adapt to an environment changing in time requires more or less the same time. If the environ-
ment changes periodically in less than 4 minutes, the robot might have trouble achieving a good
average performance, potentially performing worse than static controllers. Therefore, the fre-
quency of changes in an environment remains a factor to consider when designing an adaptive
robot.

In Chapter 3, we proposed online adaptation as a strategy to overcome faults. Combining it
with offline design could be a way to increase the effectiveness of the robot in these situations.
The design tool could present different training instances in which the robot suffers different
types of damage, selecting the most tolerant adaptive controller so as to overcome them.

In this chapter, we investigate the combination of offline design and online adaptation. Specif-
ically, we build a tool for the automatic generation of adaptable control software. This produces
controllers for a specific task, for which, however, some information is unknown at design time.
The results show that the produced controllers are much more effective than controllers not able
to adapt, supporting the inclusion of this type of adaptability in offline-designed control soft-
ware. Additionally, this approach mitigates the adaptation time issue identified in the previous

chapters, permitting the robot to adapt in a few minutes only.

6.5 Chapter highlights

* Combining offline design and online adaptation makes the robot behavior more reliable,
flexible, and fast to adapt at the expense of variability.

* Combining offline design and online adaptation is reasonable when we have partial infor-
mation about the environment.

* Combining offline design and online adaptation might not always be desirable, depending
on what we want to obtain (e.g., averagely-good versus overall-good performance).

* The search space size of adaptable controllers increases with the number of dynamic pa-
rameters, and thus with the unknowns of the environment.

* The combination of offline design and online adaptation is applicable also to time-varying

environments, supposing that the initially assumed conditions do not change.
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Synopsis of adaptive controllers

In this chapter, we aim to summarize the characteristics of the adaptive controllers proposed and
employed in this dissertation. We begin by describing once more the control architectures em-
ployed, which leverage: network systems, artificial neural networks!, and finite state machines.
We also detail the adaptive mechanisms operating on these architectures, which include recou-
pling and reweighting of sensors and actuators, random weights modification, and multi-armed
bandit based parameter selection. Finally, we conclude with a discussion on general adaptation
parameters that govern the process in every situation: re-evaluation and discounting, adapta-
tion intensity, adaptation probability, evaluation time, and evaluation functions; their ability

to operate with different control architectures is evidence of their generality.

7.1 Network controllers

The first types of controller that we employed leverage Boolean and nanowire networks for com-
putation (see Chapters 2 and 3). These two dynamical systems are notably different in their
functioning, but they also present some similarities. Notably, they can be conceptualized as sets
of interconnected nodes whose state updates according to that of other nodes and to potential

external influence. Consequently, these systems do not possess predefined inputs or outputs;

1Obviously, also artificial neural networks are “network systems”. Here, we use these two terms for simplicity, so as
to distinguish Boolean and nanowire networks from artificial neural networks.
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instead, we can connect to any point of the network to either perturb or read its local state. In
order to exploit these media for computation, we therefore employed a simple strategy consist-
ing in coupling sensorial inputs and actuation outputs to network nodes. The inputs perturb
the state of the network, modifying its dynamics and causing changes in other nodes, some of
which will be used as outputs. Nevertheless, since we do not modify the network structure, the
control challenge is restricted to identifying the optimal connection points to elicit the desired
behavioral output. A consequence of this constraint is that, if the inherent complexity of a given
system is insufficient, the search for a viable control solution may be unsuccessful. Conversely,
this approach enables using even unmodifiable control systems for computation, similarly to
what happens in reservoir computing or evolution in materio.

The use of unconventional and unmodifiable control systems may require the conversion of
inputs and outputs between the sensor/actuator and the network operational domains. For in-
stance, Boolean networks operate in the binary domain, necessitating the conversion of analog
and digital values. This could involve feeding the network with the digitalized value repre-
sentation on multiple nodes, over time, or by applying a binarization threshold. Furthermore,
some systems sensitivity to input perturbations might be limited; it is the case, for instance,
of nanowire networks, which might not produce output if the input is either too weak or incor-
rectly polarized. For this sort of situation, we propose the possible negation and weighting of the
inputs (and potentially of the outputs), consisting in their multiplication by a custom weight.

Adaptation in network systems is a rather simple process: it selects some connections, and
it reweights or recouples them to other nodes of the network. Nevertheless, in order to avoid
overriding values and trivializing the control problem, we advise recoupling onto free nodes
that are not in proximity of output nodes; the goal is to force the system to process the inputs
without outputting them directly or with negligible changes. Furthermore, during reweighting,
it is important to keep in mind the operational domain of the network system, so as to avoid

saturating it with excessively multiplied values.
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7.2 Neural controllers

In our investigations, we also employed artificial neural networks to control robots (see Chap-
ters 4 and 5). These systems are classical models in artificial intelligence that can approximate,
in principle, any continuous function. This means that, given some inputs, they will compute
the corresponding output according to their model. In our case, we use two specific instances of
networks: a simple recurrent neural network and a perceptron. We do not perform traditional
training, but rather modify their values randomly in a process akin to the evolution of neural
networks in evolutionary computation. Also in this case, we suggest limiting the range of pos-
sible values that the weights can assume; the rationale for this constraint is that, in the event of
notable environmental changes, the system must be able to return to a neutral state in order to
enable further adaptations. Without this precaution, the risk is that the network will require a

long time before converging to an effective state, if it succeeds at all.

7.3 Finite state machines controllers

The last type of controller that we employed in our investigations is finite state machines (see
Chapter 6). These are coherent organizations of basic behaviors that produce the desired, more
complex, robot behavior. Despite the possibility of adapting finite state machines in their en-
tirety, we limited the scope of adaptation to the modification of their parameters. Indeed, we
design the controller offline, leaving only selected parameters free to adapt; those are the ones
producing the most effective range of behaviors for the target goal. The result is that the adap-
tation process is very rapid and safe, but less flexible.

The adaptive process employed for finite state machines leverages a multi-armed bandit algo-
rithm, which selects the parameter values that produce the behavior more statistically effective.
The only disadvantage of our implementation is that the performance distribution resulting
from using a specific parameter value must be fixed. This is usually possible only when con-
sidering static environments. Nevertheless, we propose a variation of this algorithm simply
employing a limited buffer to enable forgetting old and possibly no longer valid evaluations.

The expected result is that the system will become capable of adapting also in dynamic environ-
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ments, and not only in partially known, static ones.

7.4 Adaptation parameters

All adaptive processes discussed in the previous sections share some common high-level ap-
proaches and parameters. Among the most important in tackling dynamic scenarios is the need
to update the evaluation of already tested controllers. Indeed, this permits forgetting old so-
lutions once they stop being effective, or if their performance depended on a lucky evaluation
only (we call this problem “situationality”). The absence of this mechanism would compel the
system to persist in utilizing a temporary effective behavior (or its variations) across all subse-
quent, potentially diverse scenarios, without the possibility of forgetting it. Therefore, updating
the evaluations is of primary importance. Here, we propose to perform a weighted average of the
new and old performances, or to discount the latter by multiplication with a value lower than
1. We avoid directly overwriting the performance in order to make the system more resistant to
unlucky evaluations.

The adaptation intensity is also among the most impactful parameters: it controls how dif-
ferent a new controller can be with respect to its original version. Since we imagine similar
controllers to behave similarly, this parameter effectively controls how innovative a new behav-
ior can be. We find that the best use of adaptation intensity involves its modulation according
to the performance, so as to produce more varied controllers when the performance is low, and
more uniform ones when it is high. The goal is to modulate the difference in the resulting be-
havior according to the performance. From a practical perspective, the adaptation intensity can
modulate various aspects according to the control mechanism employed; for instance, it can
control the number of reconnected couplings or the standard deviation of a parameter change
when performing reweighting.

Another important parameter is the adaptation probability, that controls the probability of
performing an adaptation step rather than using the best behavior known. Practically, it bal-
ances exploration and exploitation of the controllers. Also in this case, we find that the best
use of this parameter involves its modulation according to the performance. The obvious mo-

tivation is to maintain the performance of the robot high, employing well-behaving controllers
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when they are known and otherwise exploring new solutions. Additionally, this permits co-
adaptation, enabling weaker individuals to adapt more often so as to learn to behave in synergy
with stronger ones.

Another aspect to select carefully when employing online adaptation is the duration of the
controller evaluation. On the one hand, this can lead to erroneous evaluations if time is insuffi-
cient. On the other hand, excessively long evaluations delay the test of new controllers. In this
dissertation, we proposed to select this parameter offline according to simulated scenarios (see
Chapter 6). However, there is a margin for improvement through the investigation of strategies
that can better balance reliability and speed.

Finally, we highlight the importance of selecting the correct evaluation functions to drive the
adaptive process (see Chapter 4). We believe that those should be as general as possible, so as to
avoid biases induced by partial knowledge of the environment. In this regard, it could be useful
to employ functions abstracting away from the task and using some general forms of evaluation.
Nevertheless, this is an issue still to be solved, and for which we propose some possible solutions

in Chapter 9.
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Ancillary explorations

This chapter provides a concise summary of all the investigations conducted alongside the main
research line of this dissertation. This includes works related to, but not aligned with, the focus
of the present dissertation.

My first investigation in the field of robotics explored the use of reservoir computing, a frame-
work that leverages the innate input separation and transformation properties of complex dy-
namical systems, referred to as reservoir (Baldini, 2022). This approach permits training a sim-
ple linear readout layer that merely discriminates different states of the reservoir, thereby sub-
stantially simplifying the learning process. Furthermore, the input processing of the reservoir
can be exceptionally rapid, approaching the speed of light in optical implementations (Larger
et al., 2017); this enables, in addition to the reduced training time, even to compute at speeds
surpassing those achievable with conventional electronic hardware circuitry. Over the years,
reservoir computing has consistently demonstrated significant computational capabilities and
has been successfully employed across numerous tasks and fields. Consequently, the work inves-
tigates its specific utility within robotics, providing a comprehensive theoretical and empirical
review. Furthermore, the paper proposes several application ideas and describes possible future
developments.

Recently, we had the opportunity to investigate self-assembly capabilities in modular soft-

robots named voxel (Baldini et al., 2025c¢). Self-assembly refers to the ability of individual units
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to aggregate in suitable structures in order to tackle complex tasks that could not be solved
individually. To achieve this capability, we evolved the artificial neural network controller of
the robots offline with CMA-ES (N. Hansen et al., 2001), so as to induce the formation of a single,
functional structure. This aggregated system must complete the task of traversing a hole in the
terrain, which is too wide for the individual robots. Experiments conducted in increasingly
complex simulated arenas demonstrate that the evolved robots are often capable of forming
a connected chain and of completing their mission. Finally, we also discuss limitations and
possible improvements of the proposed approach.

As part of robotics research, we believe it is also important to investigate the integration
and the effects of novel technologies in the field. Recently, the advent of Large Language Mod-
els (LLMs) has revolutionized many aspects of software development, yet their specific impact
on robotics has been largely overlooked. We claim that the peculiar characteristics of robotics
programming, mainly the need to operate reliably in a noisy and unpredictable world, neces-
sitate special attention. Therefore, in Baldini et al. (2025b) we begin investigating the conse-
quences of using LLMs as assistants during the programming of robot control software. We
analyze how they affect the performance of the robot in simulation and across a pseudo-reality
gap; additionally, we consider the similarity of the produced controllers, the coding experience
reported by the programmers, and the coding time. The results suggest that control software
produced with the assistance of LLMs is less robust to unseen conditions and is, overall, more
similar across different developers. Additionally, participants using LLMs reported feelings of
frustration during development, but they produced functional code faster.

On the topic of Large Language Models, we performed further investigations involving their
integration within cyberphysical systems. Specifically, in Braccini et al. (2026b), we explore the
use of generative artificial intelligence in extended reality, with a focus on the effects that can
emerge in case of errors or disturbances in the communication channel between the physical and
virtual worlds. Indeed, in systems where LLMs mediate or generate responses, these processes
can trigger novel and unexpected outputs, thereby representing affordances for creative inter-
actions. We start to explore this scenario by analyzing the robustness of LLMs to perturbations
in the form of scrambled character blocks of prompts, thus simulating a typical extended reality

chat scenario where an LLM controls a virtual avatar. As a preliminary study, we analyze the re-
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sponse behavior of two small LLMs using a limited sample size of 30 questions. We observe that
the temperature parameter and the size of the LLM jointly influence the robustness to perturba-
tions. Interestingly, in perturbed scenarios, a higher temperature increased the correctness of
the LLMs rather than their creativity in the sense of producing unexpected content.

The work on the extended reality scenario led us to imagine a robotic teacher employing
Large Language Models to output educational information; despite some concerns, we believe
that it represents a likely application of this technology in the near future. Therefore, we de-
cided to investigate the suitability of LLMs as teachers through the proxy of creativity (Braccini
et al., 2026a). The question is whether these systems can replicate the creativity and nuances of
human languages, providing students with the variability and richness of expression necessary
for effective learning and for nurturing critical and divergent thinking. This is particularly im-
portant in the pre-school or primary education context, where novel and insightful content is
crucial for effective engagement. Framing this problem from an abstract linguistic perspective,
it translates into wondering how effectively the “creativity” of LLM-generated text can be quan-
tified and how it compares to human one. So, recognizing the inherent ambiguity in defining
creativity, we investigate the variability of LLM outputs as a potential proxy and compare it
with observed text variability in a large human-authored dataset. Specifically focusing on early
childhood education, we compare the semantic and syntactic diversity of responses from LLMs
and humans prompted to answer like 5-year-olds. Our empirical results show that LLMs have
lower variability than humans, particularly on repeated questions, though the gap narrows for
different questions. This limitation raises concerns for educational suitability, where diverse ex-
planations of concepts are crucial, thereby suggesting a need to enhance LLMs expressive range
and diversity.

In Chapter 3, we employed robots controlled by Boolean networks. In a later work, we con-
sidered another use of these systems: the simulation of living tissues (Braccini et al., 2025). The
aim of the study is to understand how the interaction between biological cells influences the
emerging dynamic of a tissue; we perform such an investigation through the proxy of coupled
Boolean networks. Specifically, we focus on attractor properties and responses to perturbations.
We show that, irrespective of the dynamical regime of individual Boolean networks (i.e., ordered,

critical, or chaotic), their collective behavior tends toward criticality. This result suggests that



166 CHAPTER 8. ANCILLARY EXPLORATIONS

tissues, commonly hypothesized to exist in a critical state, may in fact be composed of cells in
different dynamic regimes, and that the collective dynamics may be modulated by cellular in-
teraction. Currently, we imagine that similar results could be observed also in robot swarms,
whereby self-organizing properties could emerge even from ordered (e.g., purely reactive) or
chaotic (e.g., pseudo-random) individual behaviors.

Also in Shrestha et al. (2025) we investigate complex dynamics, but we do so in a modi-
fied “Game of Life” (i.e., a 2D cellular automaton). The key difference with the classical Game
of Life definition resides in the added possibility of local mutations of core rules, enabling a
heterogeneous life-like cellular automaton guided by an evolutionary inner loop. Furthermore,
we introduce the concept of cell aging, permitting to observe death and replacement of cells
by means of age. We employ this model to conduct an experimental campaign so as to iden-
tify suitable parameters that produce long-term dynamics and favor genotypic innovation. To
summarize, this work explores heterogeneity induced by local interaction and external context,
and studies which factors enable innovation. We believe that this sort of investigation, despite
involving simple simulated scenarios, could prove propaedeutic to further advancements even

in the study of online adaptation in robotics.
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Research directions

All the investigations presented in this dissertation act as a foundation for further explorations.
This chapter presents an overview of ongoing and possible future works involving online adap-
tation of robots.

Current online adaptation mechanisms in robotics use evaluation functions to drive the
changes. Nevertheless, devising evaluation functions is a duty still reserved to human design-
ers, which could be biased by previous knowledge and thus implicitly constrain the formulation.
Furthermore, it is sometimes difficult to express goals in function of the robot perception. We
propose the automatic generation of evaluation functions as a strategy to overcome these issues.
A similar approach has been recently used in inverse reinforcement learning, where the reward
function is inferred from demonstrations (Arora et al., 2021); however, this reward function can
be omniscient (i.e., it can have more information than that available to the robot), and it is thus
useful only during training. What we propose is instead to generate a function employing the
robot perception and action only, enabling it to be used online to drive the adaptation.

An alternative approach to the generation of evaluation functions could attempt to employ
complex computational systems; here, we propose to assess Large Language Models, which
could synthesize them based on natural language specifications. Undertaking this line of in-
vestigation would also require validation in complex missions and scenarios, so as to evaluate

advanced reasoning capabilities and exclude that the generation relies solely on raw training
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data (i.e., that it just “remembers” an already seen function). Nevertheless, we retain a degree
of skepticism regarding the ultimate efficacy of generating evaluation functions from such sys-
tems.

The automatic generation of evaluation functions will likely necessitate a phase of design
or test offline. During this process, it could also be possible to train the controller of the robot,
thereby combining offline design and online adaptation as proposed in Chapter 6. Nevertheless,
if the operational environment is largely unknown, it could be difficult to train a controller
directly. A viable alternative is to draw inspiration from meta-learning to devise a controller
able to learn online faster (Vettoruzzo et al., 2024). This approach would offer the advantage
of pre-tuning the controller while generating the evaluation function. We hypothesize that it
could speed up the adaptation (thanks to meta-learning) and make it less subject to human
biases (thanks to the automatic design of the evaluation function).

One of the challenges in online adaptation is the substantial proportion of ineffective con-
trollers tested during runtime. In this dissertation, we address this issue by modulating the
variability of newly created controllers (i.e., the size of the search space centered on the current
best controller) according to the robot performance (see Chapters 4 and 5). Nevertheless, this ap-
proach risks blocking if the sampling process operates in the surroundings of an isolated peak
of the solution landscape. This scenario would prevent the discovery of potentially superior
peaks except by random chance, thereby trapping the search process within a locally ineffective
region of the search space. In such a situation, the capacity to evaluate highly dissimilar con-
trollers (i.e., to search in a wider solution space) would be beneficial. Nevertheless, a frequent
wide search is not sustainable online because of the limited test time and the need to maintain
a reasonable performance; therefore, it should be permitted but reduced to the bare minimum.
Here, we propose to train a network that, given perception and action, outputs a guess on the
resulting perception at the next computational step, in a process similar to that proposed in Ha
et al. (2018b) and Ha et al. (2018a). This could be used to iteratively simulate multiple steps so
as to assess the controller effectiveness in the task. The idea of this abstract strategy is depicted
in Algorithm 1. The risk is that this approach could not work in very dynamic contexts, but, in
this case, it could be possible to keep training the simulation network runtime to make reliable

guesses in the new conditions.
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Algorithm 1 Pseudocode of controller simulation.

n < param('n’) > set a parameter n indicating the maximum number of iterations
p«< 0 > create a variable accumulating the performance
¢ + new_controller > generate a new controller
p < perception > get the current robot perception
repeat
a < c(p) > select the action according to perception
p < p + evaluate(p, a) > add the current evaluation to the cumulative performance
p « simulate(p, a) > simulate the next state according to perception and action
n<+<n—1 > update the iteration counter
untiln < 0 > repeat for n iterations

Online adaptation permits the discovery of effective behaviors by trying them on the robot
itself; nevertheless, this approach brings with it some difficulties. Mainly, while testing un-
known control strategies, the robot is subject to risky situations. For instance, a poor controller
could ignore a precipice and lead the robot to a catastrophic fall, potentially damaging or de-
stroying itself. This type of situation is obviously to be avoided, but, to the best of the author’s
knowledge, the literature currently lacks ways to prevent it. The motivation is probably that
the research on online adaptation only considered “what can be achieved” rather than the asso-
ciated risks. Therefore, we propose to endow the robot with some safety modules representing
innate reflexes that could prevent catastrophic damage. An example is indeed that of a robot
moving towards a precipice and blocking just before falling. Alternatively, they could prevent
crashing at high speed against obstacles, just permitting graceful pushes. This addition, despite
its simplicity, should enable a broader applicability of online adaptation by making adaptive
robots more reliable and safe.

Besides improving the safety of adaptation, we believe it is also important to enhance the
adaptation process itself; specifically, the decision on whether to adapt or not. For instance,
if the performance is already sufficiently good, it may not be useful to search for alternative
controllers, or at least, it could not be useful in the short term. We anticipated this aspect in
Chapter 5 by introducing a probability to adapt depending on the performance, but the plan
is to improve the strategy by deciding to adapt when the performance deviates significantly
from the desired or expected one. Also, it would be interesting to improve the adaptation phase

itself, for instance by employing heuristics to decide which parameters to modify. An exam-
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ple could be assigning priorities to the reconnection of sensorial perception in network-based
control systems, or to modify specific weights in an artificial neural network.

Another possible investigation involves the use of online adaptation in swarms of robots
when the performance cannot be easily inferred locally. Indeed, as introduced in Chapter 5,
we could use online adaptation because minimizing and maximizing the number of neighbors
automatically supported the emergence of the desired collective behavior. Nevertheless, in a
mission such as, for instance, foraging, where task specialization can improve the work, this
approach becomes more difficult. Therefore, we propose the creation of a communication sys-
tem to permit each robot to infer the performance of the swarm (e.g., by sharing the number of
delivered prey in foraging). This should enable using online adaptation also to address more

complex swarm robotics tasks.
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Conclusion

The primary objective of this dissertation is to enhance the understanding of the fundamental
factors enabling online adaptation of robotic systems. This aims to fill a gap in the literature,
whereby methodologies for the embedded modification of control software are evaluated exper-
imentally with little attention paid to the elements crucial to their success. Furthermore, this
aims to overcome an issue of classic investigations: the lack of evaluations in changing condi-
tions; indeed, most investigations in the literature are limited to robots immersed in static envi-
ronments, which do not permit a full verification of the systems capabilities. We address these
problems by experimenting in changing environments with minimal control systems, which en-
able the investigation of these factors in isolation while avoiding more complicated controllers
to obscure them due to pure raw computational power. Furthermore, this approach implicitly
introduces solutions suitable for robots with limited computational capabilities, which might
not be able to run state-of-the-art mechanisms.

The first experimental chapter of this dissertation (see Chapter 2) begins investigating the
conditions under which online adaptation is possible (see RQ1) and discusses ways to assess the
proposed mechanisms (see RQ2). There, we propose a control system and corresponding adap-
tive mechanism operating on nanowire networks, a novel miniaturized hardware dynamical
system, cheap to produce and efficient to operate, suitable for implementing minimally cogni-
tive robots. The investigation demonstrates that this system is suitable for learning advanced
tasks in static conditions and that the nanowire network is a valid alternative to digital devices
for controlling miniaturized robots. Alongside these results, this preliminary investigation en-

ables us to understand how to properly analyze the performance of online adapting robots and
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the associated challenges. We conclude that considering the trend of performance over time is
the most reasonable way to assess them.

In the following chapter (see Chapter 3), we begin investigating a core application of online
adaptation: overcoming faults, which represents a fundamental instance of changing contexts.
This investigation permits to further expand our understanding of the operational requirements
and limits of online adaptation (see RQ1) and to verify whether it permits recovering the per-
formance in case of internal changes (i.e., occurring inside the robot itself; see RQ4). We test the
adaptive mechanism in different tasks, identifying that re-evaluating the controller is a neces-
sary characteristic to address changing conditions. Furthermore, we confirm that online adap-
tation enables the performance recovery after faults, up to a certain limit depending on the
intensity of the damage and contingent on the robot ability to obtain a reliable indication of its
performance. Specifically, this latter constraint represents an important limitation in adaptive
robotics, for which we do not see many realistic solutions.

Chapter 4 investigates the dual problem: addressing changes in the external environment,
expanding our knowledge on the effectiveness of online adaptation in changing conditions (see
RQ4) and about contextual requirements and difficulties (see RQ1). This investigation con-
firms the previously identified need to re-evaluate the best solution, and it additionally shows
that modulating the adaptation intensity is a viable strategy to control the search for novel so-
lutions. Furthermore, this chapter discusses other important aspects of online adaptation, such
as adaptation time, range of performance, homeostatic and task-oriented evaluation functions,
and behavior switching.

The following chapter (see Chapter 5) addresses instead a very specific instance of dynamic
environments: one in which the variability is given by other individuals. This permits enhanc-
ing our knowledge of the conditions under which online adaptation is possible and on corre-
sponding difficulties (see RQ1), simultaneously investigating adaptation in the case of multi-
robot systems and rapidly changing conditions (see RQ5 and RQ4, respectively). Specifically,
we consider the problem of co-adaptation, which encompasses previous complexities and even
adds new ones; indeed, the robot needs to adapt to others behavior and at the same time permit
others to adapt to its own. This highlights, for the first time, the need to perform asynchronous

adaptation and strengthens the argument for a modulated adaptation intensity.
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Finally, in the last chapter among the core exploratory ones (see Chapter 6), we discuss
the combination of offline design and online adaptation, along with its corresponding advan-
tages (see RQ6); indeed, these approaches possess characteristics that compensate for each other
weaknesses. Specifically, we demonstrate that this combination can produce more reliable and
fast-adapting robots, while, at the same time, add flexibility to otherwise static controllers. We
show that this solution performs exceptionally well when we have partial knowledge of the
environment but we can still predict a set of its possible instances in the real world.

After the core experimental part, we devote Chapter 7 to summarize the characteristics of
the created adaptive controllers and the important parameters and strategies for their function-
ing. This permits to show that the parameters and strategies we propose can be generalized to
operate on multiple control systems (see RQ3). Following, we describe ancillary investigations
conducted in parallel with this dissertation experiments (see Chapter 8). Those are often con-
nected with the topics of robotics and adaptation, but they do not find a place in the logical flow
of the experimental investigations presented previously. Subsequently, Chapter 9 describes on-
going and future works, thereby articulating the plan of investigations to be pursued.

This dissertation contributes to the advancement of the field of robotics, particularly in the
area of online adaptation. The hope is that the information collected herein will serve more
ambitious developments of the discipline. The long-term hope is to reach the point at which
humanity will be able to create artificial systems with a level of intellect comparable to that of

humans.
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